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Preface

The fast-growing need to satisfy billions of mobile subscribers calls for the
deployment of advanced wireless communication techniques to achieve the
desired quality of service. Reconfigurable intelligent surfaces (RIS) are currently
being explored to ameliorate several issues in wireless networks. RIS comprises
passive elements that require limited active antennas at the base station (BS) to
achieve energy efficiency and spectral gains. RIS, a key enabler for 6G wireless
networks, has enormous potential to address signal loss between the transmitter
and the receiver. RIS can be deployed to enhance the reliability of wireless systems
in 6G and beyond. Additionally, RIS can be employed to mitigate interference in
wireless communication systems. RIS supports simultaneous wireless informa-
tion and power transfer and enhances security at the physical layer. Compared to
relay-assisted technologies, RIS offers low cost and high efficiency. However, the
computational complexity issue in RIS-assisted wireless networks design is still an
issue that needs to be addressed holistically. In order to address this issue, among
others, there is a need for a book that investigates the characteristics, benefits,
and limitations of RIS deployment in advanced wireless communication systems.
The book analyzes the design and applications of RIS in 6G and beyond. In

particular, the book considers the application of RIS, aiding efficient wireless sig-
nal transmission from the base station to the mobile station, considering several
practical constraints. The book is a high-quality reference to practitioners, indus-
try and academic researchers, scientists, and engineers in the fields of wireless
communications and networking, information theory, signal processing, 5G and
6G networks, antennas design, sensing and localization, channel modeling and
propagation measurement, reconfigurable intelligent surfaces, ICTs, and others.
Additionally, graduate and senior undergraduate students will find the book very
useful for courses within the broad aspects of wireless communications. Finally,
the book is structured into 17 chapters collected from industry experts, world-class
academics, and researchers, resulting in a diverse and high-quality reference for
the readers.
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Introduction

The book, reconfigurable intelligent surfaces (RIS) for 6G and Beyond Wireless

Networks sheds light on the design, modeling, and deployment of energy-efficient

reconfigurable intelligent surfaces (RISs) to address several network issues, such

as interference, pathloss, delay, traffic outage, among others. The book presents

advanced signal-processing algorithms to enable RIS applications in realistic envi-

ronments. Additionally, the book introduces advanced mathematical tools and

machine learning (ML) algorithms to critically analyze RIS dynamics in evolv-

ing wireless environments. Furthermore, the book provides industry personnel,

researchers, and academics with new insights into the real-world scenarios of the

technological development, implementation, application, benefits, and challenges

of RIS deployment in advanced wireless communication systems. The book is pre-

sented in 17 chapters outlined as follows.

Chapter 1 introduces RISs as a key element in shaping future wireless com-

munication systems such as 6G and beyond. While 5G focuses on enhancing

transmitter and receiver intelligence, 6G explores RIS to customize wireless

propagation environments, offering benefits like extended coverage and improved

system performance. Passive RIS enhances indoor coverage economically, while

active RIS offers more control in outdoor settings, albeit with higher resource

requirements. However, the task of optimizing baseband processing algorithms

in wideband environments is not just a challenge but a complex task that can be

quite daunting. Overcoming these challenges is crucial to fully harnessing RIS’s

potential in diverse deployment scenarios. To this end, the chapter explores RIS

in wireless communication systems, examining both narrowband and wideband

environments. Additionally, the study establishes analytical upper bounds for bit

error rate (BER) using probability density function (PDF) andmoment generating

function (MGF) methods and validated via Monte Carlo simulations, especially in

high signal-to-noise ratio (SNR) scenarios. Last, the chapter examines the effect

of discrete phase shifters in place of ideal continuous phase shifters, owing to

practical constraints.
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Chapter 2 buttresses the fact that 6G wireless networks envision an immersive
and interactive experience for the users, with high quality of service (QoS)
demands, full-dimensional network coverage, microsecond latency, and high
spectral and energy efficiency. RIS-assisted communication is the key enabling

technology that has the potential to meet these demands, with the capability of

controlled signal reflection through which the data rate is maximized. RIS helps

to reduce multiple reflections of the signal, which leads to minimum latency. RIS

has gained significant attention in recent years due to its potential to revolution-

ize various fields, including the Internet of Things, vehicular ad-hoc networks,

device-to-device communications, simultaneous wireless information and power

transfer protocol, unmanned aerial vehicles (UAVs), and military applications.

Specifically, the chapter explores the various active and passive RIS applications

in these domains and highlights their potential use cases. RIS deployment in a

real-time environment, cost-effective fabrication, and scalability concerns are

some of the challenges that need to be addressed. In addition, the chapter reviews

RIS’s potential use cases and applications to assist 6G communication functional-

ities. Last, the chapter elaborates on recent developments, challenges, and future

research directions in RIS-empowered wireless communication systems.

Chapter 3 describes RISs as candidate enablers for the envisioned 6G technology

due to their ability to manipulate electromagnetic waves in real time, enhancing

cell coverage and prevent recurring blockages, and interference. This manipu-

lative feature of RIS is especially important for 6G, where high data rates, low

latency, and massive device connectivity are expected to be the norm. Specifically,

the chapter presents a comprehensive examination of the RIS architecture, hard-

ware design, operational modes, and frequency bands that are relevant to various

duplexing techniques. The chapter also conducts an electromagnetic analysis of

RIS-assisted networks, establishing amathematical model to characterize the gain

of both transmit and receive units. The analysis includes understanding how the

RIS surface affects the propagation, reflection, and scattering of electromagnetic

waves in its vicinity. The chapter also involves characterizing the electromagnetic

properties of the surface materials and structures, such as their impedance, phase

response, and radiation pattern. Additionally, the chapter models the channel

characteristics and reflection coefficients of individual elements within the

RIS. Furthermore, the chapter investigates the impact of spatial correlation and

mutual coupling on the performance of RIS and explores potential mitigation

approaches. Last, the expressions for average error probability under spatially

correlated conditions are derived, accounting for various diversity factors.

Chapter 4 analyzes massive MIMO (M-MIMO) systems assisted by RISs, pro-

viding insights on the performance and computational complexity via extensive

Monte-Carlo simulations, considering multiuser uplink (UL) scenarios. Such

analyses on RIS-aidedM-MIMO communication systems scenarios have potential

applications for the next generations of mobile communication systems, such
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as beyond 5G and 6G, which demand new electromagnetic spectrum under
high millimeter-wave (mmWave) frequencies. The RIS-aided M-MIMO systems
are configured with active beamforming combiners/precoders and the use of

optimization methods on the N RIS element phase shift by deploying passive

beamforming (PBF) and Naive local search (NLS) low-complexity quasi-optimal

methods to improvemetrics such as system signal-to-interference-plus-noise ratio

(SINR), spectral efficiency (SE), and outage probability (OP). The key numeric

results address metrics related to the QoS of the wireless communication system,

operating under different types of fading channels considered, such as Rayleigh,

Rice, Nakagami-m, 𝛼–𝜇, and 𝜅–𝜇. The potential relevance is to show how

these diverse channel propagation conditions impact the system performance,

providing a comprehensive understanding of network behavior in different

environments. This insight is crucial for optimizing wireless communication

systems to ensure robustness and QoS delivery across different channel and

system configurations. Additionally, the chapter strategically defines geometric

configurations with well-defined positions for mobile users, a base station (BS),

and an RIS panel. Two scenarios are explored; known and deterministic user

equipment (UEs) localization and random UE positions. Both communication

links offer insightful analyses as well as a comparison of signal reception qual-

ity between the UEs and the BS when the signal path is partially and totally

obstructed.

Chapter 5 focuses on integrating RISs into wireless communication systems

and its associated challenges. In practice, the task can be even more challenging

when dealing with multiple users connected to a system sharing spectrum,

time, or power resources. Specifically, the chapter explores the challenges of

integrating the RIS into multiuser (MU) downlink transmission systems. The

efficiency and applicability of RIS-assisted multiple-input single-output (MISO)

and multiple-input multiple-output (MIMO) schemes are analyzed in terms of

BER performance and the complexity of the algorithms and techniques utilized.

Likewise, the effects of the different wireless propagation channel models are

analyzed, and several approaches of blind RISs and optimization algorithms are

presented. Simulation results show up to 37 dB gain in BER curves using N-RIS

surfaces when the system has SE= 12 bp cu/user, 32 Tx antennas, and 8 users with

4Rx antennas. These outcomes validate an increase in performance by adopting

N-RIS surfaces and optimization techniques for adequate phase searching. In

addition, the chapter presented frameworks that apply ML algorithms to improve

the overall system performance, including estimation of channel state informa-

tion (CSI), beamforming applications, federated learning (FL), and demodulation

applications. Finally, the chapter sheds light on trends and open research areas in

this exciting domain.

Chapter 6 delves into the critical aspects of optimizing energy efficiency (EE) in

active RIS-assisted massive MIMO (M-MIMO) wireless communication systems.
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A comprehensive and unified theoretical frameworkwas developed to analyze the
boundaries of EEwithinM-MIMO systems integratedwith active RISwhile adher-

ing to practical constraints. The study focuses on a formulated EE optimization

problem aiming to maximize the EE for active RIS-assisted M-MIMO communi-

cation systems. The goal is strategically finding the number of active RIS elements

for outperforming the EE attainable by an entirely passive RIS. Besides, the pro-

posed novel solution has been tailored to the innovative EE optimization problem.

The formulation and solution design take into account analytical optimization

techniques, such as Lagrangian dual transform (LDT) and fractional programming

(FP), facilitating the effective implementation of RIS-aidedM-MIMO applications

in real-world settings. In particular, key results show that the proposed algorithm

can provide up to 120% higher EE compared to the entirely passive RIS. Besides,

it was found that the active RIS can operate with lower than half of the reflect-

ing elements for the entirely passive RIS. Finally, because active RIS achieves the

complete utilization of amplification power available, it should be equipped with

a reasonable number of reflecting elements above N = 49.

Chapter 7 beams a torchlight on an intelligent reflecting surface (IRS), an

exciting novel technology for future wireless communication networks, achieving

energy and spectrum efficiency. In particular, an IRS consists of passive ele-

ments responsible for manipulating incoming signals, introducing an additional

degree of freedom to enhance system performance, further improved with

suitable phase optimization techniques. However, channel estimation becomes

more challenging when employing an IRS, with channel estimation overhead

being a key parameter that impacts system complexity and performance, and one

way to resolve this issue is to exploit the element grouping technique. To this

end, the chapter presents IRS element grouping schemes and considers the UL

rate maximization challenge using the IRS. Specifically, the study utilizes the

grouping of IRS-reflecting elements to analyze system performance and presents

a comparative analysis between the system with and without optimization.

Numerical findings indicate that an IRS with an element grouping scheme has

tremendous potential to significantly enhance the capacity performance of the

investigated wireless communication system.

In Chapter 8, RIS-assisted wireless communication is examined as a possible

contender for next-generation networks due to its lower implementation cost

and end-to-end system performance. RIS can increase the signal-to-noise ratio

(SNR) by controlling the reflection and scattering properties of incoming sig-

nals. Non-orthogonal multiple access (NOMA), which assigns various power

levels to different users, can provide the huge connectivity and lower latency

requirements of next-generation networks. The majority of works assume RIS

in between the transmitter–receiver propagation environment. However, due

to the reduced received signal level at the RIS, it may not be possible to fully

exploit the associated benefits. As a result, the idea of RIS as an access point
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(AP) has been presented, in which the RIS is placed at the source and capable of
producing phase for both constellation mapping and channel pre-compensation.
In particular, RIS-AP-NOMA is presented, combining the benefits of both RIS

and NOMA. For both smart and blind transmissions, analytical average bit error

rate (ABER) and outage expressions are derived, assuming a two-user downlink

scenario. In addition, numerical simulations are used to validate the performance

of the system. The proposed smart RIS-AP-NOMA system for user 1 achieves the

target outage with a significant SNR gain of ∼58 dB and the target ABER with a

gain of ∼25 dB when compared with the conventional NOMA. Similarly, for user

2, the proposed system achieves the target outage with an SNR gain of ∼58 dB

and the target ABER with an SNR gain of ∼31 dB.

Chapter 9 provides detailed explanations of the combined use of RIS struc-

tures with NOMA, spatial modulation, small cells, massive multiple-input

multiple-output (MIMO), mmWave communication, visible light communica-

tion, terahertz communication, UAVs, and more. The characteristics, advantages,

and evaluations in terms of system performance of these system structures

are elaborated. Additionally, the chapter offers a comprehensive examination

of some theoretical assessment metrics in communication systems, including

OP, average bit error probability, and capacity analyses, and their valuable

applications in RIS structures.

Chapter 10 emphasizes the promise of 6G wireless networks in revolution-

izing the landscape of the Internet of Things (IoT), expanding the horizons of

wireless communication, and ushering in a new era of IoT applications with

unprecedented performance and reliability. However, a crucial requirement in

this domain is the need for precise positioning and localization of IoT devices,

which is a fundamental necessity for a plethora of applications. Nevertheless, the

existing positioning and localization methods used in 6G-IoT pose several chal-

lenges due to blockages of the line-of-sight signals, interference, and difficulties

arising from multipath propagation, which results in new requirements for posi-

tioning and localization. These fundamental necessities for precise positioning

and localization can be fulfilled with an RIS, a potential candidate technology

for future 6G wireless communication. Thus, integrating RIS in the IoT can

enhance the accuracy of positioning while offering the added benefits of being

economical and energy efficient. To this end, the chapter examines the role of

RIS-assisted 6G-IoT networks in wireless positioning and localization. Then, the

fundamental localization principles and the RIS-aided localization algorithms are

explored. Moreover, the state-of-the-art research on positioning and localization,

comprising RIS-assisted mmWave positioning systems, RIS for indoor, near-field,

outdoor, and far-field localization, and RIS for terahertz communication, is

elaborated in detail. Finally, the chapter concludes by discussing the potential

challenges and future research directions of RIS-assisted 6G-IoT for wireless

positioning and localization.
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Chapter 11 delves into the multifaceted landscape of privacy and security issues

associatedwith RIS deployments. Privacy concerns stem from themanipulation of

wireless signals, raising issues of data leakage, location privacy, user profiling, and

surveillance. In parallel, security challenges encompass unauthorized access, data

tampering, signal jamming, physical infrastructure vulnerabilities, and regulatory

compliance issues. Addressing these issues requires robust encryption, authen-

tication mechanisms, intrusion detection, rigorous privacy and security regula-

tions adherence. The chapter outlines a comprehensive strategy for various attacks

and threats, ensuring data confidentiality, integrity, and availability inRIS-enabled

networks. Additionally, the chapter covers physical layer security for RIS-assisted

networks. Incorporating physical layer security measures into RIS deployments

enhances the confidentiality and integrity of wireless communication, making

it more resilient against eavesdropping and unauthorized access. Furthermore,

the chapter identifies multiple challenges for future research to fully utilize the

benefits of the IRS in physical layer security and covert communications. Finally,

the chapter offers insights into the evolving domain of RIS, shedding light on the

imperative need to balance its transformative potential with protecting individual

privacy and system security.

Chapter 12 explores how the integration of RIS in wireless communication

systems holds tremendous promise for revolutionizing connectivity by offer-

ing scalability, cost-efficiency, and energy neutrality. However, navigating the

complexities of dynamic environments poses significant challenges for power

control in RIS-empowered wireless networks. The chapter projects a method

that involves implementing a cooperative deep reinforcement learning (DRL)

system with two interconnected networks, DRL-M and DRL-S referred to as Deep

Reinforcement Learning Master and Slave DRL (M-S), aiming to optimize system

performance and energy efficiency. RL-M optimizes system performance by

adjusting transmit beamforming and phase shift. The results show that increasing

the transmit power (from 0 dB to 10 dB to 20 dB) leads to a proportional increase

in the average reward, reaching approximately values of (2.5, 4.8, 7.8). The average

reward serves as feedback for the DRL-S network, assisting it to intelligently

manage power transmission to adapt to changing environmental conditions.

This is achieved by leveraging the reward feedback from DRL-M, facilitating

dynamic adjustment of power transmission based on variations in these rewards,

either increasing or decreasing power transmission accordingly. The chapter

contributes to advancing RIS-integrated wireless systems with enhanced power

control capabilities, offering a robust solution to address the challenges of power

control in RIS-enabled wireless systems operating in dynamic environments.

Chapter 13 examines the emergence of the IRS as a transformative technology

in a new era of intelligent and efficient wireless networks. IRS can manipulate

radio waves, which means they can help to improve communication in terms
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of coverage, capacity, and energy efficiency. IRS can overcome obstacles such as

signal blockage, pathloss, and interference, improving communication reliability

and performance. IRS can adaptively reconfigure the wireless propagation envi-

ronment according to changing conditions. IRS can adjust its reflective properties

dynamically in real time, optimizing signal propagation based on user location

and channel conditions. The work points out that propagation measurements

are essential for understanding signal propagation processes and describing

wireless channel behavior. These measurements involve collecting data on

signal strength, fading, delay spread, and other channel parameters in various

environments. Channel modeling techniques aim to represent wireless channel

behavior in mathematical models accurately. These models incorporate factors

such as pathloss, multipath fading, shadowing, and interference to simulate the

propagation of electromagnetic waves in different scenarios. Wireless channels

are inherently non-stationary, evolving unpredictably in response to environmen-

tal changes. This unpredictability poses a significant challenge for propagation

measurements, which aim to characterize the behavior of wireless channels

over time and space. Overcoming these challenges requires integrating IRS into

6G wireless communication systems, which promises to make a big difference

in performance. Thus, the chapter comprehensively reviews the propagation

measurements and channel modeling techniques in 6G wireless communication,

focusing on the concept of an IRS.

Chapter 14 describes RIS as a promising technology with the potential to enable

6G wireless networks. These metasurfaces are energy efficient, enhancing over-

all system performance, and expand signal coverage, especially in Sub-6GHz and

mmWave networks. Although RIS-based networks are proving to be a vital ele-

ment in achieving better and faster wireless systems, there are certain optimiza-

tions to be made such as enhancing energy efficiency. This required the merging

of ML to assist RIS-based techniques; specifically, deep reinforcement learning

(DRL) algorithms, to process information more effectively and accurately. The

chapter investigates the composition of DRL and presents a fewworks on its appli-

cations. The chapter closes off with a summary of the methods and future direc-

tions for the system examined.

Chapter 15 examines physical layer security (PLS) for RIS-aided wireless

communication systems. Physical layer security is an important technique that

guarantees information-theoretic security regardless of the computational capa-

bility of eavesdropping, covered security, and privacy protection, as fundamental

requirements. The NOMA as a transmission technique supports higher SE.

The RIS technology is envisioned promising due to their abilities in enhancing

communication from key aspects. The chapter presents different approaches of

RIS, NOMA securing the most favorable environment and asylum for the Internet

of Things. As a result, RIS-aided PLS design solutions appeared promising within
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various approaches and systemmodels. Furthermore, RIS-aided NOMA network,

a significant approach of RIS-aided PLS model, showed decent mathematical

statistic, and further certificated the potential of the presented design.

Chapter 16 highlights the building blocks of RIS, being metamaterials, meta-

surfaces and their control mechanisms. Specifically, the supporting technologies

for deploying RIS in terrestrial and non-terrestrial wireless communication

systems are presented. To ensure that the variables used are consistent for both

environments, the free space pathloss model is presented before detailing a

complete geometry-based system model suitable for the environments. Using

these models, the architecture for implementing RIS-empowered terrestrial

communication systems enhanced byMIMO and Orthogonal Frequency Division

Multiplexing (OFDM) techniques in the terrestrial environment is presented.

For the non-terrestrial environment, RIS-empowered aerial networks comprising

UAVs, and high-altitude platforms (HAPs) are highlighted. Additionally, archi-

tectures involving satellites are presented followed by a multi-layered integrated

RIS-empowered system involving both terrestrial and non-terrestrial compo-

nents. The chapter concludes by presenting lessons learned and discusses future

research directions.

Chapter 17 concludes the book, highlighting that energy efficiency will remain

a key criterion in order to evaluate the feasibility of deploying any wireless sys-

tem in 6G and beyond. The study shows that the expected increase in the number

of devices that use the network in the 5G and beyond underscores the critical

need for enhanced network architectures to support burgeoning demands. RIS has

emerged as promising for the next generation of wireless communication tech-

nology, and it is being well-perceived by both researchers and engineers, owing

to their considerable potential. The chapter presents a summary of existing litera-

ture, encompassing energy efficiency evaluations and optimization techniques in

RIS systems. The analysis not only deepens the understanding of methodologies

for measuring energy efficiency but also sheds light on strategies for optimizing

RIS systems. Finally, the chapter reviews the current methods of determining RIS

energy consumption and optimizing the systems. The authors conclude that the

findings could help future researchers make informed decisions when evaluating

and designing RIS-aided wireless systems.

The Editors

Agbotiname Lucky Imoize

Vinoth Babu Kumaravelu

Dinh-Thuan Do



1

1

Reconfigurable Intelligent Surfaces-Assisted Wireless

Communication Systems: Baseband Processing Perspective

Thiruvengadam Sundarrajan Jayaraman1, Velmurugan Periyakarupan
Gurusamy Sivabalan1, Vinoth Babu Kumaravelu2,
Agbotiname Lucky Imoize3,4, and Helen Sheeba John Kennedy2

1Department of Electronics and Communication Engineering, Thiagarajar College of Engineering,

Madurai, India
2Department of Communication Engineering, School of Electronics Engineering, Vellore Institute of

Technology, Vellore, India
3Department of Electrical and Electronics Engineering, Faculty of Engineering, University of Lagos, Lagos,

Nigeria
4Department of Electrical Engineering and Information Technology, Ruhr University, Bochum, Germany

1.1 Introduction

Operating within the millimeter-wave (mmWave) spectrum of frequency range

(FR2; 24.25–52.6 GHz) in 5G wireless communication encounters obstacles such

as buildings and atmospheric conditions, which can impede or scatter its signals.

A primary hurdle in utilizing 5G for data transfer lies in its limited ability to trans-

mit over extended distances. An emerging solution to address these challenges is

the implementation of reconfigurable intelligent surfaces (RISs), also known as

intelligent reflecting surfaces (IRSs), heralded as a revolutionary paradigm for the

evolution ofwireless communication in the next-generation [1–5]. Itfinds away in

shaping the future ofwireless communicationnetworks, especiallywithin the con-

text of 6G networks. RISs dynamically reorganize the propagation environment to

improve both capacity and coverage. The functioning of RIS relies on a straightfor-

ward principle: introducing a finite, adjustable time delay to the incoming wave at

the reflective elements.

RIS is a passive devicemade up ofmeta-materials that can be easily tuned. A few

commonly used meta-material structures, namely, split-ring resonator, squared

structure, single-ring structure, and bow resonator, are shown in Figure 1.1 [6].

The gap in the meta-material reflecting unit and its unique design allow the engi-

neers to control the reflection parameters of the reflected signal. RIS does not

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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(a) (b) (c) (d)

Figure 1.1 Common meta-material reflecting unit designs:. (a) split-ring resonator,
(b) squared structure, (c) single-ring structure, and (d) bow tie resonators.

require a dedicated energy source. It can be easily deployed in indoor spaces, and
any surface can be converted using RIS. Another merit of RIS is that it is neither
affected by receiver noise nor amplifies the latter due to its passive characteristics.
The principle behind RIS arrays is simple: By estimating the phases of incoming
waves, the RIS elements are adjusted to provide a suitable received signal’s phase
component [7–9]. Ideally, this operation facilitates the entire reflected wave to be
in phase, which leads to the up fade of the signal due to constructive interfer-
ence of the multiple signals reflected from each individual RIS element. As per
the theory, doubling the number of reflecting elements improves yields ∼6 dB
improvement in the received signal-to-noise ratio (SNR). The RIS-based model is
shown in Figure 1.2 [10].
Each reflecting element is controlled individually by field programmable

gate array (FPGA) controller. By altering the states of individual elements to
ON and OFF using PIN diodes, control over the reflection parameters of RIS
can be achieved as desired. In the OFF state, RIS elements behave as simple
reflectors without beamforming capabilities. However, through the manipulation
of these switches, desired amplitudes and phase shifts can be attained to optimize
multiuser communications effectively.
Fabrication of RIS and employing it to assist inwireless communication is amul-

tidisciplinary project might bridge radio frequency (RF) and wireless engineers
over a common goal. Fabrication challenges include electromagnetic (EM) func-
tionalities like absorption, steering, and control aspects of RIS. Wireless aspect
analysis of RIS includes channel sounding through RIS and data acquisition to
develop a statistical channel model. Using a software defined radio to transmit the
modulated signal, the data rate and error rate can be analyzed for the developed
statistical channel model.

1.1.1 Key Contributions

This chapter presents several noteworthy contributions, including:

● To provide a comprehensive overview of RIS in wireless communication
systems.
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● To characterize the signals that are encountered in RIS-assisted wireless com-
munication system in narrowband and wideband environments.

● To analyze bit error rate (BER) and outage performance of RIS-assisted wireless
communication systems.

● To analyze the impact of discrete phase shifters in BER performance of
RIS-aided transmissions.

1.1.2 Organization

Section 1.2 presents an overview of existing literature surveys that focus on
the analysis of outages and BER in wireless environments assisted by RIS. It
also explores the impact of discrete phase shifters and the integration of RIS
with other technologies. Section 1.3 presents the comprehensive overview on
the basic principles of RIS and its use-case scenarios. Section 1.4 describes the
characterization of RIS-assisted wireless communication systems. The BER and
outage analysis are carried out for two different configuration of RIS, namely,
narrowband and wideband. Further, trade-off in using discrete phase shifter in
the place of continuous phase shifter is also discussed. Results and discussion are
provided in Section 1.5. Conclusion and future direction of RIS is described in
Section 1.6.

1.2 Related Work

This section offers a synopsis of prior literature reviews that concentrate on BER
and outage analyses within RIS-supported wireless environments. Numerous
studies have explored the performance of RIS in wireless communication systems,
particularly in terms of outage probability and BER. These analyses are essential
for understanding the reliability and error rates associated with RIS-assisted
transmissions across various scenarios.
When evaluating the effectiveness of systems, employing practical discrete

phase shifters in RIS compared to those utilizing ideal continuous phase shifters.
Several factors contribute to the observed decline in performance. These include
quantization errors, inaccuracies in beamforming, challenges in channel esti-
mation, and increased system complexity and overhead. While discrete phase
shifters offer cost and hardware simplicity advantages over continuous ones, their
limited resolution and associated constraints lead to performance deterioration
compared to the ideal continuous phase shifter setup in RIS-based communica-
tion systems. Achieving a balance between performance, complexity, and cost
becomes crucial when deploying RIS with discrete phase shifters. Researchers
in this area investigate how discrete phase shifter degrades BER and outage
probability in RIS-enhanced setups.



1.2 Related Work 5

Furthermore, the convergence of RIS technology with other communication

technologies has garnered significant attention. Studies have examined the syner-

gies between RIS and techniques such as massive Multiple Input Multiple Output

(MIMO), beamforming, and cognitive radio. This exploration aims to harness the

combined benefits of RIS and other technologies to further enhance wireless com-

munication performance, coverage, and efficiency.

By synthesizing findings from various literature surveys, a comprehensive

understanding of the outage and BER characteristics of RIS-assisted wireless

environments is attained. These surveys shed light on the impact of utiliz-

ing discrete phase shifters in optimizing RIS deployments and advancing the

state-of-the-art in wireless communication systems. Understanding the outage

and BER behavior in RIS-enabled environments is crucial for designing efficient

communication systems. Moreover, insights into the influence of discrete phase

shifters offer valuable guidance for practitioners aiming to leverage RIS tech-

nology effectively, leading to enhanced performance and resource utilization in

wireless networks.

1.2.1 BER Analysis of RIS-aided Systems

Nemati et al. [11] suggested a novel RIS-aided ambient orthogonal frequency

division multiplexing (OFDM) subcarriers paradigm for the coverage improve-

ment of short-distance Internet of Things (IoT) applications. The suggested

model enhances BER performance compared to conventional OFDM techniques.

By using the unique spectrum structure of OFDM and compensating for phase

distortion, the RIS improves data rate and signal quality. An iterative approach

for deciding RIS element phase shifts and precoder matrix for access points

utilizing OFDM links in sub-tera hertz (THz) and mmWave bands is discussed

by Velez et al. [12]. This study evaluates the BER of the single-link performance

between the transmitter and the user. The RIS elements increase communication

efficiency by reducing BER at the user, leading to improved throughput and

expanded coverage area.

In Li et al. [13], RIS-based phase shift keying (PSK) signaling transmission strat-

egy forwidebandwireless communications systems is discussed. TheRIS elements

are adjusted based on the transmitted PSK symbols to provide distinct cyclically

delayed versions of the incident signal for multipath diversity. The BER perfor-

mance is examined, and a practical channel estimator is established. The sug-

gested model offers a reduced computational complexity and enhanced spectral

efficiency. Chapala and Zafaruddin [14] investigated the influence of RIS elements

on the performance of THz wireless transmissions. The average BER and outage

probability are used to analyze the diversity order. According to simulation results,

RIS dramatically enhances THz wireless transmission performance.
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1.2.2 Outage Analysis of RIS-aided Systems

For the RIS-assisted THz system, exact expressions for outage probability are dis-

cussed by Du et al. [15]. According to the numerical findings, RIS has the potential

to notably enhance the THz communications system’s performance by substan-

tially decreasing propagation and molecular absorption losses. Zhou et al. [16]

presented a RIS installation and beamforming design to improve system reliability

in wideband mmWave systems with random obstructions.

Du et al. [17] validated performance measures such as outage probability and

average BER for strong connections in RIS-aidedmmWave communications. They

solved an optimization problem at the RIS with robust beamforming techniques

that rely on blockage probability to reduce system outage probability. The results

show that the RIS-assisted system offers better performance than the amplify

and forward (AF) relay system even with fewer reflecting elements. Additionally,

the RIS-assisted system achieves similar performance with less transmit power.

Qin et al. [18] suggested an indoor RIS deployment method that considers

human obstruction to reduce the outage probability in indoor environments in

wideband mmWave communication. An algorithm for calculating RIS locations

is described for both single and multiple RIS installations. Properly implement-

ing RIS can considerably decrease indoor communication loss and the outage

probability.

1.2.3 Impact of Discrete Phase Shifter on RIS-aided Systems

Traditional studies use continuous phase shifters for RIS, which can be expensive

and challenging to implement due to hardware limitations. Instead, using discrete

phase shiftswithfinite resolution is suggested, as it can reduce signaling overheads

and energy consumption during channel acquisition [19]. You et al. [20] explored

the balance between spectral efficiency and energy efficiency in amultiuserMIMO

uplink (UL) system bolstered by RISwith discrete phase shifters. This study delves

into the joint optimization of precoding and beamforming matrices at users and

RIS, respectively, to maximize resource efficiency.

The discrete RIS phases are formed through an iterative mean square error min-

imization approach, as outlined in [21]. Pala et al. [22] demonstrated that the

disparity in sum rate performance between continuous and 1-bit discrete phase

shifters is minimal. Furthermore, Dai et al. [23] successfully implemented an RIS

prototype at 28 GHz using a two-bit discrete phase shifter. While several studies

have compared continuous and discrete phase shifters, there is a need for further

examination of the impact of discrete phase shifters on metrics such as BER and

outage performance. Such analysis would prove valuable for the design and prac-

tical deployment of 6G wireless communication systems.
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1.2.4 Convergence of RIS with Other Technologies

In Aziz and Girici [24], an analytical model for path loss in the THz range is
presented for RIS-aided unmanned aerial vehicle (UAV) systems. The authors
investigate the installation and configuration of UAV-based RIS in a THz band
environment, taking into account various parameters such as absorption loss,
blockage probability, far-field limitations, and RIS elements. The study provides
a detailed discussion of the design of UAV-based RIS in the THz band.
Chrysologou et al. [25] investigated the performance of RIS-aided non-

orthogonal multiple access (NOMA) in the THz band. They analyze the outage
probability and diversity order. According to the simulation results, the NOMA
technique outperforms the conventional orthogonal multiple access (OMA) tech-
niques. Li et al. [26] examined UL transmission strategy and channel estimation
design for high-mobility scenarios in RIS-assisted Orthogonal Time Frequency
Space (OTFS) systems, proposing an effective transmission strategy to minimize
channel training overhead in real-time setup. The suggested method utilizes a
low-complexity approach, which makes it suitable for effective communication
in high-Doppler channels.

1.3 Comprehensive Overview of RIS

Conventional wireless communication systems operate within frequency bands
ranging froma fewhundredMHz to a fewGHz. The preference for these bandswas
driven by their favorable propagation characteristics and the cost-effective imple-
mentation of efficient transceivers. Although the extensive spectrum within the
mmWave range (30–100 GHz) was traditionally considered unsuitable for outdoor
environments, recent extensive measurement campaigns have shed light on its
potential. Especiallywhenutilized alongside directional high-gain antenna arrays,
mmWave bands have attracted considerable attention, prompting a reassessment
of their feasibility in wireless communication systems.
All practical channels, which are either wireline (telephone and coaxial chan-

nels) or wireless (cellular and satellite), are constrained with finite bandwidth.
These finite bandwidth channels are characterized by frequency response and
impulse response. The pulse shaping filter generates pulse shapes whose spec-
trum fits into the channel frequency response. If the spectrum of the generated
pulse shapes is not fitting into the frequency response of the channel, it creates an
important impairment of digital communication called distortion or Inter Symbol
Interference (ISI) [27]. The baseband model of a digital communication system
over finite bandwidth channel is shown in Figure 1.3.
The impulse responses of the transmit filter, channel, and receive filters are gT(t),

c(t), and gR(t), respectively. 𝑤(t) is modeled as Zero Mean Circularly Symmetric
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Figure 1.3 Baseband model of digital communication system in finite bandwidth
channel.
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Figure 1.4 Baseband model of digital communication system in RIS supported wireless
medium.

Complex Gaussian (ZMCSCG) random process. It is also to be referred as Additive

White Gaussian Noise (AWGN) with power spectral density of N0. The receive

filter is a matched filter that is sampled at symbol rate to deliver the sufficient

statistic yk to the decision device. The basebandmodel of a digital communication

system over an RIS-supported wireless medium is shown in Figure 1.4.

1.3.1 RIS

The RIS-assisted wireless communication system is shown in Figure 1.5. In

a densely populated urban area, the challenge of providing consistent and

Block

BS hi gi

UE

Passive RIS

Phase

shift ϕn

Figure 1.5 RIS-supported wireless communication system.
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high-quality wireless connectivity is exacerbated by the presence of high-rise

buildings, which create signal shadows and dead zones.

Traditional solutions, such as increasing the number of base stations (BS) or
using decode and forward (DF) and AF relaying system, are often limited by prac-

tical constraints like cost, space, and regulatory issues. The deployment of RIS is a

novel and efficient solution to these challenges. An RIS is installed on the façade

of strategically chosen buildings to act as a smart reflector that can dynamically
adjust the propagation environment. The RIS panels receive signals from the

BS and intelligently reflect them toward the user equipment (UE), significantly

improving signal strength and quality in this previously shadowed area. As the
user demand fluctuates throughout the day, the RIS system dynamically adjusts,

ensuring optimal service during peak hours and conserving resources when

demand is lower. The smart reflection capabilities of the RIS help tomitigate inter-
ference, enhancing the overall network performance for users within its coverage

area. A use-case scenario of RIS in an outdoor environment is shown in Figure 1.6.

BS

UE 1

UE 2

Drone

RIS

RIS

Figure 1.6 Use-case scenario of RIS in outdoor environment.
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Figure 1.7 Use-case scenario of RIS in indoor environment.

Within a modern office building, maintaining reliable wireless connectivity

is crucial for productivity and efficiency. However, typical office layouts with

cubicles, meeting rooms, and corridors often present challenges such as signal

attenuation, interference, and dead zones. To address these issues, the deploy-

ment of RIS offers a sophisticated solution for indoor wireless optimization.

The scenario unfolds within a multistory office building occupied by various

companies and departments. The building is equipped with standard Wi-Fi

infrastructure, but users frequently encounter connectivity issues, especially in

certain areas such as conference rooms and remote corners of the building. RIS

panels are strategically placed throughout the building’s interior to enhance

wireless coverage and performance. A use-case scenario of RIS in an indoor

environment is shown in Figure 1.7.

RIS operates on a fundamental principle of introducing a finite controllable

time delay to incoming waves on the reflecting elements. This time delay in the

time domain translates to phase shifts in the frequency domain. The impact

of time delay differs between narrowband and wideband systems. The key

differences are highlighted below [28]:

Narrowband Systems

● In narrowband systems, the time delay uniformly affects the phase shift of the

signal across the entire frequency band.
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● Since the signal operateswithin a narrow frequency range, it is assumed to travel

at a constant speed regardless of frequency.

● Consequently, the signal experiences a consistent phase shift as it traverses the

channel, irrespective of its frequency.

Wideband Systems

● In wideband systems, the time delay induces varying phase shifts across the fre-

quency spectrum.

● Wideband signals span a broader frequency range, and at the subcarrier level,

different frequencies lead to disparate phase shifts.

● This phenomenon, known as dispersive propagation, results in signals experi-

encing distinct phase shifts at different subcarrier frequencies.

1.4 Characterization of RIS

In this section, the BER and outage performance of RIS-assisted wireless com-

munication systems are analyzed by developing a theoretical framework. The

analytical expressions for BER are derived in two different approaches, namely,

moment-generating function (MGF) and probability density function (PDF). The

BER analysis is also carried out for the RIS system with discrete phase shifter.

The upper bound analytical BER expressions are verified using Monte Carlo

simulations. Similarly, the analytical expressions are also derived for the outage

probability and verified using Monte Carlo simulations.

1.4.1 BER Analysis of RIS-assisted Narrowband Systems

Assume that the transmit symbol s has unit average energy and is drawn from a

scalar constellation. Let h =
[
h1, h2,… , hN

]T
represent the baseband equivalent

flat fading channel coefficients between the transmitter and ith element of RIS. In

phasor form, each element of the N × 1 channel vector h is defined as hi = 𝛼ie
j𝜃i ,

i = 1, 2,… ,N. Let g =
[
g1, g2,… , gN

]T
represent baseband equivalent flat fading

channel coefficients between the ith RIS element and the receiver. In phasor form,

each element of the N × 1 channel vector g is defined as gi = 𝛽ie
j𝜓i , i = 1, 2,… ,N.

The channel coefficients hi, i = 1, 2,… ,N and gi, i = 1, 2… ,N are modeled as

independent and identically distributed (IID) ZMCSCG random variables with

unit variance. The magnitude of channel coefficients ∣ hi ∣ = 𝛼i, i = 1, 2,… ,N and

∣ gi ∣ = 𝛽i, i = 1, 2,… ,N are IID Rayleigh distributed random variables. The 𝛼i and

𝛽i are positive real with mean
√
𝜋∕2 and variance

(
4−𝜋

2

)
[29].

The adjustable phase shifts induced at ith RIS element is represented as

𝜙i, i = 1, 2… ,N. In matrix form, it is represented as Φ = diag
[
ej𝜙1 , ej𝜙1 ,… , ej𝜙N

]
.
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The received signal is given in (1.1).

y =
√
Esg

T𝚽hs +𝑤 (1.1)

where Es is the symbol energy at the transmitter, 𝑤 is the AWGN modeled as
ZMCSCG variable with variance N0. The instantaneous SNR at the receiver is
given in (1.2).

𝜂 =
|∑N

i=1 𝛼i𝛽ie
j(𝜙i−𝜃i−𝜓i)|2Es
N0

(1.2)

It is assumed that phase shifts 𝜃i and 𝜓i between the transmitter and RIS and RIS
and receiver, respectively, are known. Then, the ith element of RIS can be con-
figured such that 𝜙i = 𝜃i + 𝜓i, i = 1, 2… ,N. The maximum instantaneous SNR is
given in (1.3).

𝜂max =
|∑N

i=1 𝛼i𝛽i|2Es
N0

(1.3)

Let the average SNRat the receiver be 𝜌 =
Es
N0
. Themaximum instantaneous SNR

is rewritten as in (1.4).

𝜂max = |
N∑
i=1

𝛼i𝛽i|2𝜌 (1.4)

Since 𝛼i and 𝛽i are independent and positive real with mean
√
𝜋∕2 and vari-

ance
(
4−𝜋

2

)
, the mean and variance of 𝛼i𝛽i, i = 1, 2,… ,N are given in (1.5)

and (1.6) [29].

E[𝛼i𝛽i] =
𝜋

2
, i = 1, 2… ,N (1.5)

Var[𝛼i𝛽i] = 4

[
1 −

𝜋2

16

]
, i = 1, 2… ,N (1.6)

When the number of reflecting elements N is large in RIS, the term |∑N
i=1 𝛼i𝛽i|

can be modeled as a Gaussian random variable with mean N𝜋

2
and variance

4N
[
1 − 𝜋2

16

]
according to the central limit theorem.

1.4.1.1 Moment-Generating Function Approach

LetX be aGaussian distributed random variable with zeromean and unit variance
and fX (x) be the PDF of X . It is defined as in (1.7).

fX (x) =
1√
(2𝜋)

e
−x2

2 (1.7)

The MGF of X is defined as in (1.8) [29].

MX (s) = MX

[
esx
]
= ∫

∞

−∞

esxfX (x)dx (1.8)
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Then,
(
X + 𝜇x

)2
has a noncentral Chi-squared distributionwith one degree of free-

dom. Now, the MGF of
(
X + 𝜇x

)2
is given in (1.9).

MX

[
es(x+𝜇x)

2
]
= ∫

∞

−∞

es(x+𝜇x)
2
fX (x)dx (1.9)

Substituting (1.7) in (1.9), the MGF of (X + 𝜇x) is written as in (1.10).

MX

[
es(x+𝜇x)

2
]
=

1√
2𝜋 ∫

∞

−∞

es(x+𝜇x)
2
e

−x2

2 dx (1.10)

Simplifying this, the MGF of
(
X + 𝜇x

)2
is derived as in (1.11).

MX

[
es(x+𝜇x)

2
]
= (1 − 2s)−

1

2 e

(
𝜇2x s

1−2s

)

(1.11)

Since the term
∑N

i=1 𝛼i𝛽i is modeled as Gaussian distributed, error probability can

be expressed in the form ofQ-function at the given channel condition. The average

error probability is expressed as in (1.12) [30].

P̃e = ∫
∞

0
Q
(
a
√
𝛾
)
f𝛾 (𝛾)d𝛾 (1.12)

where a is a constant depends on the modulation scheme. For Binary Phase

Shift Keying (BPSK), a =
√
2. f𝛾 (𝛾) is the PDF of 𝛾 . The MGF of 𝛾 is expressed

as in (1.13).

M𝛾 (s) = ∫
∞

0
e𝛾sf𝛾 (𝛾)d𝛾 (1.13)

In alternate form, for theM-PSK modulation scheme, Q
(
a
√
𝛾
)
is expressed as in

(1.14) [30].

Q
(
a
√
𝛾
)
=
1
𝜋 ∫

(M−1)𝜋

M

0

e

(
−a2𝛾

2 sin2𝜃

)
d𝜃 (1.14)

Substituting (1.14) in (1.12), the average probability of error (APE) is expressed as

in (1.15).

P̃e =
1
𝜋 ∫

∞

0 ∫
(M−1)𝜋

M

0

e

(
−a2𝛾

2 sin2𝜃

)
f𝛾 (𝛾)d𝛾d𝜃 (1.15)

Comparing (1.13) and (1.15), the APE for M-PSK modulation scheme is defined

as in (1.16).

P̃e =
1
𝜋 ∫

(M−1)𝜋

M

0

M𝛾

(
−a2𝛾

2sin2𝜃

)
d𝜃 (1.16)
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LetA = |∑N
i=1 𝛼i𝛽i|, then

(
A + 𝜇A

)
is noncentral Chi-square distributedwithmean

𝜇A and has one degree of freedom. The MGF of
(
A + 𝜇A

)2
is defined as in (1.17).

M
(A+𝜇A)

2 (s) =
1√

(1 − 2s)
e

𝜇2
A
s

1−2s (1.17)

The variance of A is N(16−𝜋2)

4
. Considering this, the MGFM𝛾

(
−a2𝛾

2 sin2𝜃

)
is written as

in (1.18).

M𝛾

(
−a2𝛾

2sin2𝜃

)
= M(A+𝜇A)

2

(
−N(16 − 𝜋2)

4sin2𝜃

)
(1.18)

substituting (1.18) in (1.16), and by using the approach in [31], the APE forM-PSK

signaling is expressed as in (1.19).

P̃e =
1
𝜋 ∫

(M−1)𝜋

M

0

⎡
⎢⎢⎢⎢⎣

1

1 +

[
N(16 − 𝜋2)𝛾

8sin2𝜃

]
⎤
⎥⎥⎥⎥⎦

1

2

e

⎛
⎜⎜⎝

−

(
N2𝜋2𝛾

16 sin2𝜃

)

1+
N(16−𝜋2 )𝛾

8 sin2𝜃

⎞
⎟⎟⎠d𝜃 (1.19)

For BPSKM = 2, then APE is expressed as in (1.20).

P̃e =
1
𝜋 ∫

𝜋

2

0

⎡⎢⎢⎢⎢⎣

1

1 +

[
N(16 − 𝜋2)𝛾

8sin2𝜃

]
⎤⎥⎥⎥⎥⎦

1

2

e

⎛
⎜⎜⎝

−N2𝜋2𝛾

16 sin2𝜃

1+
N(16−𝜋2 )𝛾

8 sin2𝜃

⎞
⎟⎟⎠d𝜃 (1.20)

In (1.20), the error probability is maximum at 𝜃 =
𝜋

2
. Hence, the upper bound of

error probability is given in (1.21). is okay as given or else it can be changed to “≤”
(globally in this chapter)

P̃e ≤ 1
2

⎡
⎢⎢⎢⎢⎣

1

1 +
N(16 − 𝜋2)Eb

8N0

⎤
⎥⎥⎥⎥⎦

1
2
e

⎛
⎜⎜⎝

−N2𝜋2Eb
16N0

1+
N(16−𝜋2 )Eb

8N0

⎞
⎟⎟⎠ (1.21)

1.4.1.2 PDF Approach

Let X = |∑N
i=1 𝛼i𝛽i|. Since X > 0, the tight approximation for the PDF of the

random variable X can be obtained using the Laguerre series. It is defined

as in (1.22) [32].

fX (x) =
∞∑
n=0

bne
−xx𝛼L𝛼n(x) (1.22)
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where Ł𝛼
n(x) is the generalized Laguerre polynomials and they are orthogonal to

each other in the interval [0,∞). It is defined as in (1.23).

L(𝛼)n (x) = ex
x−𝛼dn

n!dxn
[
e−xxn+𝛼

]
, 𝛼 > −1 (1.23)

The coefficients bn are defined as in (1.24).

bn =
1

Γ(𝛼 + 1) ∫
∞

0

L𝛼n(x)fX (x)dx (1.24)

where Γ(x) is the Gamma function. Since the higher order coefficients of bn have
more complex expressions, the values of 𝛼 and 𝛽 are chosen such that higher

order coefficients are zero. It results is 𝛼 =
(E[X])2

Var[X]
− 1 and 𝛽 =

Var[X]

E[X]
. Using (1.24),

b0 = is determined as b0 =
1

Γ(𝛼+1)
. The PDFofX is defined using the Laguerre series

as in (1.25).

fX (x) =
1

𝛽Γ(𝛼 + 1)

(
x
𝛽

)𝛼

e

(
−

x

𝛽

)
(1.25)

𝛼 =
(E[X])2

Var[X]
− 1 = (N+1)𝜋2−16

16−𝜋2
and 𝛽 =

Var[X]

E[X]
=

16−𝜋2

2𝜋
. The degrees of freedom of this

pdf is 𝛼+1

2
=

N

2

𝜋2

(16−𝜋2)
. It implies that the RIS-assisted wireless systems has the

diversity gain of N
2

𝜋2

(16−𝜋2)
compared to the diversity gain of 1 in single input single

output (SISO) link.
Assumingmaximum likelihood (ML) symbol detection at the receiver, the symbol
error probability is given in (1.26) [33].

Pe = NeQ
⎛⎜⎜⎝

√
𝜂max d

2
min

2

⎞⎟⎟⎠
(1.26)

where Ne is the number of nearest neighbors and dmin is the minimum Euclidean
distance in the scalar constellation from which the symbol s is drawn. Applying

Chernoff inequality Q (x) ≤ e

(
−

x2

2

)
, the upper bound average symbol error proba-

bility (ASEP) is given in (1.27).

Pe ≤ Nee

(
−

𝜂max d
2
min

4

)

(1.27)

Substituting for 𝜂max , the ASEP is given in (1.28).

Pe ≤ Nee

(
−
|∑N

i=1
𝛼i𝛽i |2𝜌d2min
4

)

(1.28)

The symbol error probability, averaged over |∑N
i=1 𝛼i𝛽i|2 is given in (1.29).

Pe ≤ Ne

N

2

𝜋2

(16−𝜋2 )∏
i=1

⎡
⎢⎢⎢⎢⎣

1

1 +
𝜌d2

min

4

⎤
⎥⎥⎥⎥⎦

(1.29)
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At high SNR (𝜌), it can be approximated as in (1.30).

Pe ≤ Ne

(
𝜌
d2
min

(16 − 𝜋2)

2N𝜋2

)−
N

2

𝜋2

(16−𝜋2 )

(1.30)

The array gain of the system is calculated by finding themean of the instantaneous

SNR 𝜂max is given in (1.31).

E
[
𝜂max

]
= E

[
X2𝜌

]

= 𝜌E[X2]

= 𝜌∫
∞

0
x2fX (x)dx

=
𝜌

𝛽𝛼+1Γ(𝛼 + 1) ∫
∞

0
x𝛼+2exp

(
−
x
b

)
dx (1.31)

By using [34], Eq. (1.31) can be simplified as in (1.32).

E
[
𝜂max

]
=

𝛽2Γ(𝛼 + 1)

Γ(𝛼 + 1)
𝜌 (1.32)

It implies that array gain of the system is 𝛽2Γ(𝛼+1)

Γ(𝛼+1)
, as the average SNR is enhanced

by the factor of 𝛽2Γ(𝛼+1)

Γ(𝛼+1)
over the standard SISO link.

The APE for BPSK modulation in a SISO system is given in (1.33) [35].

Pe = Q

(√
2Eb
N0

)
= Q

(√
2𝜌
)

(1.33)

The APE for BPSK modulation in single input multiple output (SIMO) with MR

receive antenna is given in (1.34) [36, 37].

Pe ≤
MR∏
i=1

1
1 + 𝜌

(1.34)

In case of RIS-assisted wireless communication system, the APE for BPSK modu-

lation with N element in RIS is given in (1.35).

Pe ≤ Ne

(
𝜌
2(16 − 𝜋2)

N𝜋2

)−
N

2

𝜋2

(16−𝜋2 )

(1.35)

As N ≫ MR, the ASEP is much lower than the SIMO environment with maximal

ratio combining (MRC).

1.4.1.3 BER Analysis of RIS-assisted Narrowband System with Discrete

Phase Shifter

In practical implementations, complete phase compensation 𝜙i = 𝜃i + 𝜓i is not

feasible due to hardware limitations. Hence, discrete phase shifters are employed
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at each element of RIS. However, the performance of the system is degraded due to

the phase quantization error. Discrete phase shifters offer easier implementation

and lower cost [38, 39].

The number of bits to represent discrete phase shift levels is represented by b.

The 2b possible discrete phase shifts that can be introduced at each element of the

RIS is listed in the set is given as in (1.36).

𝜗 =
[
e𝜗1 ,… , e𝜗i ,… , e𝜗N

]T
=

[
0,
2𝜋

2b
,… ,

2𝜋

2b
(2b − 1)

]
(1.36)

The phase shifts are equally spaced in the interval [0, 2𝜋). The variance of ideal

RIS is reduced by factor of 𝜉(b) due to discrete phase shifter in RIS, and it is given

in (1.37) [34].

𝜉(b) = 0.5
(
1 + Θ(b + 1) − 2Θ

(
𝜋

4

))
(1.37)

where

Θ(b) =

(
sin(2−b𝜋)

(2−b𝜋)

)
(1.38)

The resultant mean E[X] and variance Var[X] of the RIS system with discrete

phase shifter are given in (1.39) and (1.40).

𝜇b = E[X]Θ(b) =
N𝜋

2
Θ(b) (1.39)

𝜎2
b
= Var[X]𝜉(b) =

N(16 − 𝜋2)

4
𝜉(b) (1.40)

The values of Θ(b) and 𝜉(b) for different values of b are listed in Table 1.1. Now,

the MGF of instantaneous SNR in Eq. (1.11) is rewritten as in (1.41).

MX

[
es(x+𝜇x)

2
]
=
(
1 − 2s𝜎2

b

)− 1

2 e

(
𝜇2x s𝜇b

1−2s𝜎2
b

)

(1.41)

Table 1.1 Mean and variance factors Θ(b), 𝜉(b).

b 𝚯(b) 𝝃(b)

1 0.636 0.451

2 0.902 0.281

3 0.974 0.231

4 0.993 0.219

5 and above 0.999 0.215
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Similarly, the upper bound of APE for BPSK modulation when discrete phase

shifter is employed in RIS is given in (1.42).

P̃e ≤ 1
2

⎡
⎢⎢⎢⎢⎣

1

1 +
N(16 − 𝜋2)𝜎2

b
Eb

8N0

⎤
⎥⎥⎥⎥⎦

1

2

e

⎛
⎜⎜⎜⎝

−N2𝜋2Eb𝜇
2
b

16N0

1+
N(16−𝜋2 )𝜎2

b
Eb

8N0

⎞
⎟⎟⎟⎠ (1.42)

Whether the phase shifting is done discretely or continuously, the underlying

statistical distribution of the channel response |∑N
i=1 𝛼i𝛽i| remains unchanged.

However, the influence on the distribution parameters, such as mean and vari-

ance, of the channel response can indeed vary based on b. When a discrete phase

shifter is used, the phase of the transmitted signal is quantized into afinite number

of levels determined by b. As b increases, the resolution of the phase quantization

increases, allowing for finer adjustments in the phase of the transmitted signal.

For example, increasing b in the discrete phase shifter can lead to a narrower

distribution of the channel response around its mean, effectively reducing

variance. Similarly, it can also affect the mean value of the channel response, as

more precise phase adjustments can lead to better alignment with the receiver’s

expectations.

1.4.2 Outage Probability Analysis

The outage probability of a RIS-assisted narrowband wireless system, with the

bandwidth of B Hz, at the bit rate of Rb bits/s is defined as in (1.43) [40].

Pout(Rb) = P[C < Rb] (1.43)

where C is the capacity of the AWGN system, defined as in (1.44).

C = Blog2

(
1 +

Es
N0B

)
bits∕s (1.44)

For convenience, let us represent the rate of transmission of data in bits/s/Hz.

Then, the capacity can be represented as in (1.45).

C = log2
(
1 + 𝛾inst

)
bits∕s∕Hz (1.45)

where 𝛾inst =
|∑N

i=1 𝛼i𝛽i|2Es
N0

=
X2Es
N0

represents the instantaneous SNR of the overall

system from the transmitter to receiver. Then, the outage probability at Rb
bits/s/Hz can be written as in (1.46).

Pout(Rb) = P
[
𝛾inst < 2Rb − 1

]

= ∫
2Rb−1

0
f𝛾inst (𝛾) d𝛾

(1.46)
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where f𝛾inst (𝛾) is the pdf of 𝛾inst. The cumulative distribution function (CDF) of 𝛾inst
can be written as in (1.47).

f𝛾inst (𝛾) =
n∑
i=1

fX (xi)

|g′(xi)|
(1.47)

where xi is ith root of the transformation equation is given in (1.48).

𝛾 = g(x) =
X2Es
N0

(1.48)

In this case, only one root x1 =
√

𝛾N0

Es
is feasible. Using (1.48), the PDF of 𝛾inst is

written as in (1.49).

f𝛾inst (𝛾) =

fX

(√
𝛾N0

Es

)

2

(√
𝛾Es
N0

) (1.49)

For convenience, let 𝜌 =
Es
N0
, then it can be simply written as in (1.50).

f𝛾inst (𝛾) =

fX

(√
𝛾

𝜌

)

2
√
𝛾𝜌

(1.50)

Using (1.25), the PDF of finst(𝛾) is defined as in (1.51).

finst(𝛾) =
1

2(𝛽 + 1)Γ(𝛼 + 1)𝜌
𝛼+𝛽

2

𝛾
𝛼−1

2 e

(
−

1

𝛽

√
𝛾

𝜌

)
(1.51)

Substituting (1.51) in (1.47), the outage probability of RIS-assisted narrowband

system is given in (1.52) [41].

Pout(Rb) =

𝛾

⎛
⎜⎜⎝
𝛼 + 1,

1
𝛽

√
2Rb − 1

𝜌

⎞
⎟⎟⎠

Γ(𝛼 + 1)
(1.52)

1.4.3 BER Analysis of RIS-assisted Wideband Systems

In wideband system, the transmitter-ith RIS element-receiver channel has multi-

ple paths and frequency selectivity. Multiple carriers are employed for the higher

rate to counteract the frequency selectivity of the wideband channel. Assume that

a sequence of data symbols s
[
l
]
, l = 0, 1, 2,… drawn from a unit energy scalar

constellation is to be transmitted. Let hi (t) = gT (t) ∗ c (t) ∗ gR (t) be the overall
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impulse response as depicted in Figure 1.4. Considering that, there are L resolved

paths in the overall channel, the received signal is given in (1.53) [42].

y (t) =
N∑
i=1

[
hi(t) ∗

L−1∑
l=0

√
Ess[l]𝛿

[
t − lTs

]]
+𝑤(t) (1.53)

where ∗ represent convolution, Es is symbol energy, Ts is symbol duration and n(t)

is ZMCSCG with variance N0. After convolving, the received signal is written as

in (1.54).

y (t) =
√
Es

N∑
i=1

L−1∑
l=0

s[l]hi
(
t − lTs

)
+𝑤[t] (1.54)

If the received signal y(t) is sampled at
(
kTs + Δ

)
, then the discrete-time sampled

signal model at the kth symbol is given in (1.55).

y (k) =
√
Es

N∑
i=1

0∑
l=k−(L−1)

s[l]hi
[
k − l

]
+𝑤[k] (1.55)

Combining the effect of impulse responses over all N reflecting elements as h[k],

it is simply written as in (1.56).

y (k) =
√
Es

0∑
l=k−(L−1)

s[l]h
[
k − l

]
+𝑤[k] (1.56)

In alternate form, it is written as in (1.57).

y (k) =
√
Es

L−1∑
l=0

h[l]s
[
k − l

]
+𝑤[k] (1.57)

1.4.3.1 RIS for OFDM-based Systems

Assume that the block of data symbol sequence s[k], k = 0, 1,…K − 1 is to

be transmitted. In (N × 1) vector form, it is represented as s = [s[0], s[1],… ,

s[K − 1]]T . The N-point Inverse Discrete Fourier Transform (IDFT) of the data

symbol sequence is given in (1.58) [42].

s̃[n] =
1√
K

K−1∑
k=0

s[k]ej
2𝜋

K
nk,n = 0, 1,… ,K − 1 (1.58)

To eliminate ISI, a new sequences x[n] is formed by appending the last (L − 1)

samples of the sequence s̃[n],n = 0, 1,… ,K − 1 as prefix to the original sequence

s̃[n],n = 0, 1,… ,K − 1. The new sequence x(n) of length K + L − 1 is given in

(1.59).

x[n] = [s̃[K − L + 1],… , s̃[K − 1], s̃[0], s̃[1],… , s̃[K − 1]] (1.59)
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At the receiver, after removing cyclic prefix and computing N-point Discrete

Fourier Transform (DFT), the received signal for the kth transmitted symbol is

given in (1.60).

Y [k] =
√
EsH[k]s[k] + n[k], k = 0, 1,… ,K − 1 (1.60)

where H(k) is the frequency response of the overall channel impulse response

sequence h[0], h[1],… , h[L − 1], which is given in (1.61).

H[k] =
1√
K

K−1∑
k=0

h[n]e−j
2𝜋

K
nk,n = 0, 1,… ,K − 1 (1.61)

From (1.61), it is observed that the wideband frequency selective fading channel

can be divided into K narrowband flat fading channels. Each narrowband

channel occupies the bandwidth of B

K
Hz. Thus, in this case, K + L − 1 symbols

are transmitted in one symbol duration. L − 1 is the length of cyclic prefix. The

capacity or maximum data rate of the RIS system is expressed as in (1.62).

C = max
N−1∑
n=0

𝛾
opt
n =K

1
K + L − 1

K−1∑
n=0

log2

(
1 +

Es𝛾
opt
n |Hn|2
N0

)
bits∕s∕Hz (1.62)

where 𝛾optn is the optimal power allocated to the nth subcarrier. It is determined

as in (1.63).

𝛾
opt
n = max

(
𝜇 −

N0

Es|Hk|2
)

(1.63)

where 𝜇 is a constant and can be determined using “waterpouring” algorithm.

The major challenge is how to configure RIS in a wideband environment. As

the RIS is to be configured for K sub-carriers at the same time, this problem is

theoretically and practicably intractable. Attempts have been made to solve this

problem using heuristic techniques, namely, successive convex approximation

(SCA), semidefinite relaxation (SDR), and strongest tap maximization (STM) in

time domain. Further, with the use of In STM, the RIS configuration is optimized

for single channel tap rather than one that is optimized for single subcarrier. The

frequency selective channel with K sub-carriers is transformed to time domain

using IDFT with M taps. From the M taps, the tap contributes highest energy is

chosen as the strongest tap in configuring the RIS.

1.5 Results and Discussions

The performance metrics for the RIS-assisted wireless communication system are

evaluated by BER and outage probability. To enhance comprehension regarding
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the advantages of RIS in wireless communication systems, a foundational simu-

lation has been conducted to analyze the probability of error (PE) in an AWGN

environment for SISO and SIMO systems. This analysis is presented graphically

in Figure 1.8, illustrating the relationship between SNR and PE. The simulation

parameters are provided in Table 1.2, and the simulations were carried out using

MATLAB R2021a.
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Figure 1.8 Comparison of the PE performance of SISO, SIMO systems under flat fading
with SISO system under AWGN.

Table 1.2 Simulation parameters.

Parameters Values

Modulation BPSK

Channel Uncorrelated Rayleigh flat fading

Number of iterations 106

MT 1

MR 2, 4

N 16, 32, and 64

b 1, 2, and 3



1.5 Results and Discussions 23

It is observed that in an AWGN environment ∼3 dB SNR is sufficient to obtain

the PE of 10−2. The same error performance is achieved in a SISO system with

flat fading environment with an SNR of 14 dB. This is due to multipath fading and

destructive interference, which leads to deep fading in the system. In the SIMO

systemunder theflat fading scenario,multiple receiver antennas
(
MR = 2

)
is used,

which eventually results in diversity gain of MR. This gives an improvement of

∼8 dB SNR to achieve the same PE. AsMR increased in the SIMO system, the PE

performance is improvised at the cost of RF chains at the receiver, and it will be

closer to the performance of SISO under the AWGN channel.

In Figure 1.9, the upper bound error probability performance of SIMO flat

fading systemwithout RIS is compared with SISO flat fading systemwith RIS. The

upper bound error probability for SIMO system is evaluated for different receiver

antenna configurations of MR = 2, 4, 8, and 16. The increase in the number of

receiving antenna MR of the SIMO system results with minimum improvement

in SNR gain. But RIS-aided SISO system with smaller N, results in significant

SNR gain over increasing number of receiving antenna MR. It is observed that,

at high SNR region, upper bound analytical expression using PDF approach and

simulation results are closer to each other for N = 16. For the target PE of 10−4,

SIMOflat fading systemwithMR = 16 requires∼−1 dB of SNRwhereas RIS-aided
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Figure 1.9 Comparison of the upper bound PE performance between SIMO flat fading
system without RIS and SISO flat fading system with RIS.
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Figure 1.10 MGF approach-based APE for different values of N in RIS.

SISO system with N = 16 requires only ∼−14.76 dB of SNR results in ∼13.76 dB

gain. It is observed that lower PE can be attained at negative SNR regions. The PE

for RIS-assisted SISO system with different values of N is shown in Figure 1.10.

In this figure, analytical PE expression using MGF is compared with Monte Carlo

simulation. These two results closely match with each other. As N increases,

the SNR gain also increases. To attain the target PE of 10−4, an RIS-aided SISO

system with N = 16 requires ∼−9 dB of SNR and with N = 32 requires −17 dB

of SNR.

In Figure 1.11, the PE performance of simulated RIS-aided SISO system is com-

pared with the analytical upper bound PDF approach by varying N. From the

figure, it is observed that the increase in N decreases the PE. At low SNR, the

simulation results have deviation with the upper bound. As the SNR increases,

the simulation results match the upper bound for all N. For the target PE of 10−5,

N = 64, 32 and 8 requires ∼−6.49 dB, ∼−13.8 dB and ∼−20.17 dB of SNR. As N

doubles, ∼6.3 dB to ∼7.3 dB of gain is achieved.

The PE performance between the continuous and discrete phase shifter RIS for

N = 16 is shown in Figure 1.12. It is clear that the increase in SNR is reflected in

the enhanced PE performance. From (1.36), the increase in b increases the per-

formance and nearly meets the Pe of the continuous phase shifters. For the PE of
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Figure 1.11 PDF approach-based APE for different values of N in RIS.
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Figure 1.12 PE performance comparison between the continuous and discrete phase
shifter RIS.

10−4, a discrete phase shifter with b = 1 requires∼10 dB of SNR. As increasing the

number of bits to b = 2 and b = 3 requires only∼−6.42 dB and∼−8.13 dB of SNR.

The continuous phase shifter reached the PE of 10−4 at∼−8.52 dB of SNR. The dis-

crete phase shifter with b = 3 can reach the PE performance of continuous phase

shifter with the 0.39 dB of difference. Only with eight levels or phase angles does

the performance of discrete phase shifters reach the continuous phase shifterswith

infinite angles. The impact of b on the performance of the discrete phase shifter to

attain PE = 10−4 is presented in Table 1.3.

Table 1.3 Impact of b on the performance of the
discrete phase shifter to attain PE = 10−4.

b Required SNR (dB) Performance loss (dB)

1 ∼10 ∼18.52

2 ∼−6.42 ∼2.1

3 ∼−8.13 ∼0.39
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Figure 1.13 Outage performance of RIS-aided SISO system under varying N.

The outage performance of the RIS-assisted SISO system under varying N

is shown in Figure 1.13. RIS integration results in the enhancement of outage
performance even at the negative SNR region. From the figure, it is evident that
the increase in N results in decrease in the outage. For the target outage of 10−3,
N = 64, 32 and 16 requires ∼−16 dB, ∼−23.89 dB and ∼−31.07 dB of SNR, which
shows a significant gain in terms of SNR.

1.6 Conclusion and Future Directions

This book chapter provides a thorough examination of RIS in wireless communi-
cation systems, offering detailed insights into various aspects. It begins by delving
into the time domain signal characterization of narrowband environments
within RIS, analyzing and deriving both diversity gain and array gain achieved.
Additionally, it presents an analytical upper bound for BER in RIS, employing
two approaches: PDF and MGF. Notably, Monte Carlo simulations corroborate
the analytical findings, particularly in high-SNR regimes. This chapter also
explores the time domain signal characterization of wideband environments
in RIS. Furthermore, it investigates the practical implications of discrete phase
shifters compared to ideal continuous phase shifters.
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Looking ahead, the chapter outlines promising directions for RIS advance-

ment, emphasizing the development of sophisticated algorithms for optimizing

beamforming, channel estimation, and resource allocation. It underscores the

integration of artificial intelligence and machine learning to enhance adaptability

to dynamic wireless environments and improve energy efficiency. Additionally,

it suggests exploring RIS applications in higher frequency bands like mmWave

and THz for enhanced data transmission capabilities. Moreover, the chapter

highlights the importance of addressing practical challenges such as hardware

design, scalability, and standardization efforts to foster interoperability across

diverse systems.
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2.1 Introduction

Reconfigurable intelligent surface (RIS) or intelligent reflective surface (IRS) is

an emerging technology that enhances and manipulates electro-magnetic (EM)

waves using semi-passive or active elements in the communication chain of the

next-generation networks. The deployment of RIS in the next-generation wireless

networks results in signal strengthening, which boosts coverage, mitigates block-

age, and improves coverage in low-quality signal regions [1]. RIS is a network node

that can be configured semi-dynamically or dynamically by a controller. This turns

the wireless environment between the transmitter and user equipment (UE) from

passive to programmable, as shown in Figure 2.1.

By strategically positioning RIS, the system can greatly enhance its energy effi-

ciency (EE). The adaptive reflection ability of active RIS (ARIS) minimizes energy

consumption and maximizes spectral efficiency (SE). These features of ARIS play

a vital role in the quality of service (QoS) of different applications. The deployment

of multiple RIS provides the potential for minimizing blocking probability in chal-

lenging environments like tunnels, pipes, and other applications, where the pres-

ence of obstacles degrades the signal quality. An RIS can adjust the propagation

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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RIS
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AP BS
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Figure 2.1 RIS-a new network node in the communication chain.

angle, optimizing the signal paths and beamforming, thereby reducing the block-
ages. It ensures reliable communication even in complex scenarios like cell-free
networks, where the multiplicative fading effect (MFE) degrades the signal qual-
ity. The future network must provide seamless connectivity to vehicles with up to
1000 km/h speeds. RIS canmarginally mitigate the end-to-end transmission delay
in such systems by enhancing the performance of wireless networks.
RIS is a promising technology that can help transform the wireless environment

into a smart wireless environment, meeting the requirements of fifth-generation
(5G) and beyond (5GB) networks. RIS can be used to enhance SE, improve
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physical layer security (PLS), increase location accuracy, improve coverage, man-
age beams, and enhance EE. These use cases enable a wide range of applications
for next-generation networks.
The EE and beamforming properties of RIS can substantially support the

wide range of potential applications across various fields of next-generation
networks, such as Internet of things (IoT) applications, unmanned aerial
vehicles (UAV) communication, smart environments, PLS, simultaneous wireless
information and power transfer (SWIPT) protocols, IoT-based mobile edge
computing, device-to-device (D2D) systems, vehicular ad hoc networks (VANET)
applications, hybrid terrestrial and satellite communication, and so on [2].
These applications demonstrate the versatility and potential of RIS in various
domains, from telecommunications and networking to healthcare and beyond.

2.1.1 Key Contributions

The substantial contribution of the work is listed as follows:

● The chapter examines RIS’s application and its integration with various
advanced technologies such as IoT, UAV, PLS, D2D, VANET, and hybrid
technologies.

● The chapter discusses various use cases of RIS, such as coverage enhance-
ment, SE enhancement, improving PLS and localization accuracy, beam
management, EE enhancement, and energy-efficient cell-free network.

● A detailed study of prior works is provided in this chapter, alongside a discus-
sion of how integration improves various parameters such as EE, SE, and total
capacity.

● A detailed discussion of research challenges associated with cutting-edge tech-
nologies while integrating RIS is presented. Additionally, the work provides
insights into upcoming trends in this area.

2.1.2 Organization

RIS is considered a crucial technology in developing sixth-generation (6G)wireless
networks. In recent times, RIS has gained considerable attention as a fundamental
component, which contributes high support for data rate demands with a low cost
of implementation for next-generation wireless systems. The proposed chapter
about RIS is organized as follows: Section 2.1 provides a concise introduction to the
chapter. A thorough explanation of use cases involving RIS technology is provided
in Section 2.2. Section 2.3 of the chapter explores the application of RIS for future
networks. The challenges encountered while introducing RIS and the research
trends associated with the applications are discussed in Section 2.4. Finally, the
chapter concludes with Section 2.5.
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2.2 Use Cases of RIS

RIS emerges as a prospective technology poised to revolutionize the wireless
landscape, aligning seamlessly with the demands of 5G and 5GB networks.
Its applications extend to elevating SE, fortifying the PLS, refining localiza-
tion accuracy, expanding coverage, beam management, and augmenting EE.
These diverse applications unlock a plethora of possibilities for advanced network
functionalities, marking a significant stride toward the next era of wireless com-
munication. This section details the requirements and prior works on RIS-aided
use cases.

2.2.1 Coverage Improvement

For 6G networks, one of the essential necessities is offering users wider and
more efficient coverage. The evolution of 6G will expand coverage from 2D to
3D globally. Merely 10% of the entire planet can be covered by 5G, whereas
6G is anticipated to cover 99% of the entire planet. Space-, air-, ground-, and
marine-linked communication networks will enable 6G to acquire worldwide
coverage [3].
When the signal is transmitted through air, there may be reflection, scattering,

and diffraction of the signal due to the obstacles between the base stations (BS)
and the receiver. Therefore, propagation losses increase and the coverage reduces.
Increasing the number of BSs to enhance coverage is a costly and ineffective solu-
tion. RIS is gaining significant attention in communication because of its potential
for enhancing coverage. A smart radio environment can be created by incorporat-
ing RIS in the communication chain.
In Figure 2.2, line-of-sight (LoS) propagation is impossible due to a building

blockage between the BS and the user. By using RIS, the signal can be reflected

RIS

BS

User

Figure 2.2 RIS-assisted communication for coverage enhancement.
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RIS

BS

User

RIS

Figure 2.3 Coverage extension by cascading RIS.

to the user. Hence, blockage issues can be resolved, and coverage also increases.
The RIS can be deployed in the walls and windows of buildings, vehicles, and any-
where where the signal coverage needs to be increased. The deployment of RIS
is cost-effective compared to the BS installation. Figure 2.3 depicts a frequently
occurring variation of the blockage problem. Additional RIS can be set up in a cas-
caded way for coverage extension to prevent significant penetration loss created
by obstructions.
Sang et al. [4] fabricated RIS and conducted a field test on its effectiveness

in improving coverage in urban environments’ existing 5G commercial mobile
networks. The outcomes of field test trials reveal that there is a significant
improvement in the coverage and throughput by incorporating RIS in the
communication chain. To enhance the coverage and remove the coverage blind
spots, RIS can be placed in irregular terrains in UAV-based communication.
To maximize the coverage, Savkin et al. [5] suggested a new algorithm for
UAV-based BSs. One of the main factors enabling the 5GB cellular networks
to accomplish high data rates is the utilization of millimeter wave (mmWave)
bandwidth. However, mmWave signals suffer from large path loss, restricting
their usage. Nemati et al. [6] analyzed the coverage enhancement possibilities
of RIS in mmWave communication. The analytical results show that, regarding
mmWave coverage enhancement, installing RIS is more effective than installing
new BSs with more active antennas. Tapio et al. [7] analyzed the performance
improvement offered by RIS using a link-level simulator that adheres to 5G-new
radio (NR) standards. To optimize the orientation of RIS and maximize cell
coverage, Zeng et al. [8] suggested an algorithm for solving the RIS deployment
optimization problem with the objective of achieving optimal coverage.
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2.2.2 Beam Management

Beam management is a commonly employed technique to reduce signal propa-

gation losses during wireless transmission in wireless communication systems.

To deliver higher data rates, 5GB networks require multiple antennas. Beam-

forming techniques are becoming more complicated due to signal processing

complexity. Cellular systems are moving toward higher carrier frequencies. As a

result, the crucial tasks of beam management, such as beam alignment, tracking,

and recovery, will become difficult [9].

Beamforming is themost significant use case for RIS. By varying the phases of its

reflecting parts, RIS can beamformmessages in the direction of the intended user.

RIS can beam form signals either based on constructive reflection or destructive

reflection; based on that, it can be classified as energy-focusing and energy-nulling,

which are explained in this Section [10].

2.2.2.1 Energy-Focusing Use Cases

In Figure 2.4, the depicted scenario illustrates the energy-focusing application of

RIS. In this use case, as the signal travels from the BS to the user via the LoS path,

it undergoes reflection through the RIS. Through the manipulation of the phase

of the reflector elements, the two signals are strategically combined, leading to

constructive interference and focus toward the targeted user. Consequently, this

results in an enhancement of the received signal strength. These energy-focusing

use cases can be used in applications where signal strength needs to be increased.

2.2.2.2 Energy-Nulling Use Cases

Figure 2.5 depicts the energy-nulling use cases of RIS, which is based on

destructive reflection. If the transmitter sends a signal that is not meant for a

particular user, it is possible to adjust the phase of the reflector elements in RIS.

This adjustment allows for the addition of a LoS signal and an RIS reflected signal

to destructively interfere, effectively creating a zero signal that will be received by

the user.

BS

User

RIS

Information signal

Constructive reflection

Figure 2.4 Energy-focusing use cases of RIS.



2.2 Use Cases of RIS 39

BS
User

RIS

Information signal

Destructive reflection

Figure 2.5 Energy-nulling use cases of RIS.

The beam training issue in RIS-assisted wideband terahertz (THz) commu-
nication systems is analyzed by Chen et al. [11]. An analytical beam training
framework is suggested to increase the beam training accuracy in broadband
communication. To generate different beam patterns while considering the
hardware constraints of RIS, Rahal et al. [12] suggested an optimizing method
for the design of RIS. For RIS-aided integrated sensing systems such as radar,
reflection pattern design and transmit beamforming have a significant role in
target detection [13]. Jiang et al. [14] developed a machine learning algorithm
for RIS to select optimal beams between the user and BS based on the existing
wireless data. The suggested method can estimate the optimal beams, and the RIS
beam selection solution may achieve near-optimal attainable rates with a large
reduction in beam training overhead.

2.2.3 SE Enhancement

6G networks are poised to bring about ground-breaking breakthroughs in
wireless technology. With the increasing demands of modern connectivity,
SE has become even more crucial in the vast domain of 6G. The use of available
spectrum to transfer data at high rates is measured by a basic statistic called SE.
With ultra-high-definition content and huge data traffic supported by 6G, SE is
essential to meeting the growing need for faster and more seamless connectivity.
Higher data rates, optimal spectrum utilization, and improved user experiences
are all made possible by SE. Nevertheless, this frequently leads to increased
energy usage.
On the other hand, giving EE priority saves energy but may result in decreased

data rates. In fact, to ensure continuous connectivity, effective resource utiliza-
tion, and future-proof technology, 6G systems need creative ways to manage
this trade-off. Although 5G brought multiple input-multiple output (MIMO)
technology, 6G’s increasing performance requirements are greater than what 5G
MIMO can handle. In the realm of 6G networks, the anticipated significance of
full-duplex (FD) and MIMO capabilities at the BS is expected to be heightened.
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These capabilities are foreseen to be pivotal contributors to achieving larger data

rates, reduced latency, and enhanced SE and EE [15].

Through long-distance power loss compensation, RISs can reconfigure the

wireless propagation environment. By passively reflecting the incoming radio

signals, BSs and mobile users can establish virtual LoS relationships. Significant

throughput enhancements are observed, particularly in scenarios where obsta-

cles, like tall buildings, impede the LoS connection between BSs and users.

The strategic deployment and design of RISs have the potential to establish a

software-defined wireless environment. This intelligent setup has the capability

to enhance the signal-to-interference-plus-noise ratio (SINR) received [16].

Figure 2.6 illustrates the application of RIS in conjunction with MIMO for mul-

tiplexing and interference management. The utilization of RIS in tandem with

MIMO systems presents an innovative strategy for elevating the performance of

wireless communication. RIS can augment spatial multiplexing through intelli-

gent signal reflection and redirection, generating additional virtual channels and

enhancing overall SE. Integrating MIMO and RIS concurrently optimizes signal

coverage, mitigates dead zones, and overall improves the reliability of wireless

communication.

Strong channel correlation between the transmitter and receiver antennas in

wireless networks reduces the number of eigen-channels available for simultane-

ous data transfer. The channel correlation issue can be resolved by implementing

RIS. Multiple access using RIS is presented in Figure 2.7. Utilizing RIS involves

strategically reflecting and redirecting signals to establish separate spatial chan-

nels for individual users. This spatial multiplexing feature enables multiple

users to utilize the same frequency band, thereby improving SE simultaneously.

BS

RIS

LoS

User

RxTx

Figure 2.6 Multiplexing and interference management using RIS in conjunction with
MIMO.
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Figure 2.7 Multiple access using RIS.

The dynamic adjustment of phase and amplitude in RIS elements facilitates
adaptive beamforming, accommodating multiple users. Communication net-
works can achieve greater SE and advantages in spatial multiplexing with more
eigen-channels. Specifically, the enhanced coverage brought about by the greater
received signal power also results in an increase in SE.
The combination of RISs with FD-MIMO has the ability to completely trans-

form communication networks in the 6G future, meeting growing demand and
providing several benefits like

● Improved SE and EE: RIS-aided FD-MIMO maximizes SINR with minimum
route loss which improves SE and EE. In FD-MIMO, less energy is used, requir-
ing fewer resources overall.

● Increased coverage and capacity: By overcoming limitations, RIS enables
reflection to target sites, which enhances capacity and coverage. The same fre-
quency range of FD-MIMO further enhances capacity and allows higher data
rates.

● Flexibility and adaptability: In response to user demands and channel condi-
tions, FD-MIMOadjusts the number of antennas and transmission power, while
RIS’s reconfigurability enables beamforming.

● Improved user experience: By utilizing the advantages of both technologies,
it is possible to support several users at once, guaranteeing support for strong
user without sacrificing SE and EE.

The performance of RIS-assisted systems has been the subject of numerous
initiatives focused on improving network coverage, outage probability, SE, and
EE. A substantial amount of research was devoted to improving the system’s SE.
For instance, a study by Abeywickrama et al. [17] examined how to maximize
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the throughput of a single-user multiple input-single output (MISO) system.
Conventional orthogonal multiple access (OMA), non-OMA (NOMA), and space
division multiple access (SDMA) provide better SE and coverage capability
in RIS-aided networks, especially when direct links between communicating
nodes are absent [18, 19]. Yu et al. [20] suggested a method to maximize SE in
an RIS-assisted MISO system. Research has been conducted on improving the
SE in wireless networks with RIS-assisted FD communication. The findings
demonstrated that FD technology with the same spatial dimension quadruples
the SE compared to half-duplex [21–23].

2.2.4 EE Enhancement

The upcoming 6Gnetworks are expected to provide faster speeds and greater capa-
bilities than 5G. However, if these networks are not managed properly, they may
lead to higher energy usage. In 5G, massive MIMO (mMIMO) antennas result in
high energy consumption due to the large number of antennas and the need for
individual radio frequency (RF) chains for signal processing, which increases sys-
tem complexity. For this reason, 6G is expected to be 10 timesmore energy efficient
than 5G.
RIS, a technology that manipulates the propagation of EMwaves, has the poten-

tial to increase the EE of next-generation networks significantly. By adjusting the
phase of its elements, RIS can steer signals toward the desired user, concentrating
energy and reducing the need for higher transmission power. This beamforming
capability has a great impact on energy consumption reduction. RIS does not
require any external power source, as it consists of passive reflector elements, thus
consuming much less energy than relays. Overall, RIS is a promising technology
to improve the efficiency of wireless networks [24]. To enhance EE, RIS can be
utilized for energy harvesting, WPT, and reducing exposure to EM field (EMF).

2.2.4.1 Energy Harvesting

5G networks require more energy to function due to their high data throughput
and low latency demands. However, this energy requirement can be met sustain-
ably by using energy harvesting technologies. One such technology is RF energy
harvesting, which involves converting ambient RF signals from wireless fidelity
(Wi-Fi), cellular communications, and radio and television broadcasts into
electrical power. Devices on 5G networks that consume less energy, such as
sensor nodes and IoT devices, usually require external batteries to function.
However, energy harvesting techniques can replace these batteries, resulting in
energy-efficient transmission and reception of signals.
RIS is particularly promising for creating self-sustaining wireless networks.

RIS can improve the efficiency of both information and energy transfer, as radio
waves can carry both. By harvesting energy from ambient RF signals, RIS can
function without the need for external power sources. This is especially useful in
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Figure 2.8 Energy harvesting using RIS.

remote locations where providing an external power source is challenging and
expensive. An energy harvesting scenario using RIS is depicted in Figure 2.8,
where RIS elements reflect toward the user, while others are dedicated to energy
harvesting. In Figure 2.8, the user experiences blockage due to the building. Thus,
the user is dependent on the RIS’s reflected path. The BS sends the signal carrying
information, which is reflected off the surface of the RIS. Part of the RIS elements
harvest the energy with the simple RF circuitry, and the remaining elements
reflect the signal to the desired user.

2.2.4.2 WPT

In today’s wireless era, wireless devices are on the rise. However, their short bat-
tery life can be a problem as these devices often need to be frequently charged
or replaced. This can be costly or challenging in certain situations. WPT has the
potential to provide wireless energy to a large number of devices, thereby elimi-
nating the need for battery replacement. This, in turn, can extend the battery life
of battery-powered devices.
RIS technology has the ability to enableWPT. AWPT scenario using RIS is illus-

trated in Figure 2.9. Here, an RIS can facilitate the power transfer between the BSs

RIS User 1

User 2

User 3

User 4
BS

Figure 2.9 WPT using RIS.
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and users when the signals between the transmitters are obstructed. This means
that users can receive both the information signal and energy collected by RIS.
WPT increases the EE and reduces the transmission power.

2.2.4.3 Reducing EMF Exposure

Future wireless networks must consider the rising impact of EM pollution.
The implementation of 5G communication networks has raised health concerns
due to the exposure to EMF radiation. When many BSs are deployed for cover-
age enhancement, it generates more signals and increases the EMF radiation.
Although coverage can be enhanced by increasing the number of BSs, it also
increases EM radiation.
However, the effective use of RIS significantly reduces the emission of EM

radiation. RIS can control the EM environment and adjust the phase of the
reflecting signal toward a particular user. Therefore, the beamforming property of
RIS reduces unwanted EMF radiations, making it an excellent system for 5G com-
munication systems. Ntontin et al. [25] suggested a power consumption and
energy harvesting model for the RIS system by analyzing its power consumption.
They suggested an effective solution to themost efficient RIS deployment problem
by adjusting its components’ phase and amplitude responses to maximize the
signal-to-noise ratio (SNR) while harvesting enough energy for the system to
function. The RIS can assist backscatter transmitters to improve the efficiency of
cooperative ambient backscatter communications. In an RIS-assisted cooperative
ambient backscatter communications system, the RIS with an energy harvesting
circuit can reflect the signal and also gather wireless energy [26]. When IoT
devices require harvesting energy, they might need to collect energy from RF sig-
nals of nearby BSs. Ahmed et al. [27] suggested a solution to reduce the amount
of energy RIS panels use for the active and passive components of IoT systems.
The energy harvested by the transmissions powers RIS panels. The features of
signal reflection and amplification in ARIS require much energy, whereas passive
RIS (PRIS) uses less energy because of its signal reflection properties.
Ren et al. [28] analyzed the benefits of implementing RIS in the WPT system

and suggested an effective RIS-aided WPT strategy. RIS can significantly improve
the EE of WPT systems using many ground sensors that UAVs enable [29].
Yin et al. [30] optimized the connectivity of RIS-assisted networks by considering
EMF radiation limits and suggesting a power-efficient algorithm to reduce EMF
exposure by 14% compared to the system without the RIS and increase the
connectivity by 20%.

2.2.5 Improving PLS

The heterogeneous nodes of the 6G network range in size frommacro to nanoscale
[31]. It comprises an ultradense network (UDN) that handles applications
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requiring high data rates and extremely dense traffic. Security must be included
in the network design to use these services. Therefore, PLS can be the first
defense line for certifying wireless communications confidentiality. The research
community’s focus has shifted to 6G physical layer technologies, such as RIS. RIS
is a novel idea that offers a different transmission method and allows incident
signal amplitude, phase, and frequency to be adjusted.
The uncontrolled dissemination of private information caused by the unpre-

dictable nature of wireless propagation channels is one of the elements affecting
communication system security. Using RIS, creating a controlled and intelligent
wireless propagation environment that efficiently prevents eavesdroppers from
intercepting sensitive signals and enhanced communication system security is
possible. Without RIS, as shown in an example scenario in Figure 2.10, data
delivered to a UE can readily be leaked to listeners through reflections from
surfaces like walls and ceilings. Redirecting reflections to a “trusted region” is
one way RIS might address this issue and improve communication security by
minimizing data leakage to possible eavesdroppers.
Similar to various technologies with substantial potential for wireless appli-

cations, RIS can also be exploited for malicious purposes. For instance, an
unauthorized party might deploy an RIS with the intention of leveraging its
capability to establish a secure wireless link with a legitimate system. This could
enable the eavesdropper to intercept and decode data that has been legitimately
transmitted. In these circumstances, adopting just artificial noise (AN) broadcast
by the legitimate system might not be able to ensure confidentiality, making a
genuine RIS equally necessary.

RIS

EavesdropperDesired user

Redirected reflection

BS

Figure 2.10 RIS for secure communication.
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Secrecy capacity (SC) is a key criterion assessed in PLS; it represents the

fundamental bound of secure communications. In Zhou et al. [32], Yu et al. [33],

and Cui et al. [34], RIS-assisted secrecy communications were examined. Active

transmit and passive reflect beamforming are collaboratively developed to

improve the achievable SC, utilizing various optimization strategies. Additionally,

Guan et al. [35] and Feng et al. [36] examined AN, which may be employed in

RIS-assisted secure communication as a transmit jammer. They demonstrated

how this design enhances the network SC. The PLS can be obtained by integrat-

ing RIS with the system, and it results in better performance in the following

dimensions:

● Secure signal beamforming and reflection: RIS has the ability to modify

the environment’s signal beamforming and reflection dynamically. Adjust-

ing signal routes makes it possible to create secure communication zones

where it is more difficult for eavesdroppers to intercept or tamper with the

communication.

● Enhanced signal confidentiality: By reducing the signal strength in unde-

sired directions, RIS can be utilized to foster ideal propagation conditions for the

targeted communication channel. This aids in preserving the confidentiality of

the transmitted information.

● Decreased susceptibility to interception: Due to its ability to regulate sig-

nal pathways and reflections, RISmakes the communication environmentmore

dynamic and unpredictable,making itmore difficult for potential eavesdroppers

to intercept messages.

● Energy-e�cient security: Energy-efficient security solutions may benefit

from using RIS. RIS can assist in lowering the communication system’s overall

energy usage while preserving a high level of security by optimizing signal

pathways and reflections.

In the simple design of RIS-aided PLS, the transmitter sends signals to

the receiver through an insecure communication link. The RIS is strate-

gically placed to take advantage of the unique features of the propagation

channel. By limiting the information of the secret messages that the eavesdropper

can extract, the RIS can prevent eavesdropping. This can be achieved by

either degrading the eavesdropper or improving the SINR at the receiver.

RIS-assisted PLS solutions have proven more successful in difficult situations

than traditional MIMO techniques [37–42]. This could apply in cases where

the eavesdropper/jammer is situated closer to the transmitter, has more antenna

(or better channel conditions) than the receiver, or has a higher secrecy rate

need. Under such circumstances, both spatial beamforming and PLS with

larger antenna arrays might be unsuccessful in terms of providing enough

secrecy gain.
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2.2.6 Improving Localization Accuracy

One crucial element in ensuring smooth network connectivity is device

localization. Localization information ensures reliable multi-hop connectiv-

ity, specifically in sensor networks. Likewise, effective network design and

real-time resource distribution rely on location data to improve connection

quality. The applications like, industrial IoT (IIoT), intelligent transportation

systems (ITS), SWIPT, location-aware systems, radar, robot localization, and

extended reality, are developed based on the increasing demand and societal

advancements. Traditional wireless communication systems already offer

positioning services. Nevertheless, the location, LoS availability, and BS count

restrict the accuracy. Implementing RIS is less expensive and more versatile

than implementing BS. Employing RIS, communication networks can achieve

greater spatial precision of placement and resolution. The use of RIS can also

increase the indoor scenario’s placement accuracy. Figure 2.11 depicts the process

of attaining localization accuracy using RIS. RIS’s dynamic adaptation of the

phase and amplitude of reflected signals facilitates the creation of focused beams.

Steering these beams toward the designated device, RIS plays a key role in

enhancing signal strength and directionality, thereby contributing to heightened

precision in localization. Strategic placement of RIS can be leveraged to improve

SNR at the receiver, a critical factor for precise signal detection in localization

systems.

RIS

Area of interest

Figure 2.11 Localization accuracy using RIS.
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Numerous investigations have been carried out, and various approaches have

been proposed in recent years to enhance localization accuracy. RIS offers an

additional degree of latitude in this regard to enhance the localization data.

A platform like this can be utilized both indoors and outdoors. This encourages

the researchers to investigate RIS’s potential for localization. Elzanaty et al. [43]

have shown that using RIS can greatly enhance the position and orientation error

bounds. Additionally, it enhanced multiuser localization by utilizing IRS to boost

signal strength [44].

In addition to measuring signal intensity, time delay can also be used, as

discussed by Wymeersch and Denis [45]. By maximizing the phase distribution

for the RIS elements and their selection, the authors have successfully optimized

the position error bounds in this instance. Moreover, the RIS can be used as a

lens or reflector for localization and sensing applications. Similar reports can be

found for RIS-aided sensing [46] and RIS-aided localization [47–49]. In Hu et al.

[49], the effects of RIS size, RIS deployment tactics, and associated impairments

are covered. In Alegría and Rusek [48], it is reported how RIS quantization affects

localization performance. Abu-Shaban et al. [47] have illustrated the potential

applications of RIS in 3D localization.

2.2.7 Energy-efficient Cell-free Network

The cell-free network has become increasingly appealing in the context of

5G without cell boundaries [50]. It has much potential for use in next-generation

indoor hotspot environments, such as subways, train stations, hospitals, and retail

centers. Furthermore, cell-free networks perform especially well in high-mobility

situations without incurring changeover costs, such as automobile networks [51].

Despite the aforementioned benefits, deploying many access points (APs) in a

standard cell-free network produces high power consumption for both hardware

and transmit power, lowering EE. This is one issue that needs to be resolved in

future networks.

RIS has emerged as a potentially useful technology in recent times for

overcoming barriers, boosting channel capacity, and enhancing EE in various

situations, including secure communications [52, 53]. Cell-free networks use

PRIS to minimize power usage, but the double-fading effect limits the data rate.

To enhance the EE in cell-free networks and mitigate fading effects, hybrid RISs

with active elements that can amplify the incident signal could replace some of

the APs.

Future wireless networks will require very high data rates, so energy con-

sumption has become a major worry. Numerous energy-saving techniques

have been developed to guarantee sustainable and environmentally friendly
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wireless networks. Deploying RIS can greatly improve network performance

regarding coverage and data rates; in the RIS-assisted scenario, fewer BSs and

less transmit power from the BSs would be needed to reach a required coverage

or data rate target. Compared to relay solutions, RIS-assisted deployments can

be a compelling way to improve network efficiency and performance while con-

suming less energy. Similarly, RIS deployment can enhance user EE when

considering the uplink transfer that the RIS facilitates. The system model for the

cell-free RIS network is given in Figure 2.12. In the context of a hybrid RIS-aided

cell-free network, the deliberate deployment of RIS elements is coordinated with

cell-free APs. The integration of RIS with cell-free communication is designed to

capitalize on the unique advantages of both technologies, aiming for enhanced

overall performance. Within the cell-free framework, where multiple APs may

serve a user, the strategic use of RIS assists in alleviating inter-cell interference,

thereby contributing to improved network performance.

User 1

RIS

RIS

RIS

AP 3

AP 1

Active reflecting element

Passive reflective element

AP 2

Server

User 2

User 3

Figure 2.12 Hybrid RIS-aided cell-free network.
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RIS hardware architectures are categorized into four groups based on their

ability to control the impinging signal: hybrid, active, passive, and semi-active.
With its almost passive or passive components, a PRIS can function with-
out a dedicated power source, allowing for enormous connections with low

power consumption and lower complexity. On the other hand, power ampli-
fiers (PAs), signal processors, and RF circuits may be included in an ARIS or

semi-ARIS.
The kind and resolution of each reflective element in an RIS determines

how much power it uses in the main. The power consumption of passive and

ARIS is intended to be lower than that of conventional alternatives like micro-BSs
or relays. A novel approach for indoor and outdoor radio access networks
that incorporates RISwill aid in lowering the network’s power usage. In particular,

RIS-assisted networks require fewer BSs to cover a given region.
RIS has been employed not only to improve system capacity but also to

provide low power consumption. Additionally, RIS has been incorporated

into cell-free networks to take the position of some APs [54–56]. However,
because of the MFE, it is practically difficult to reach the optimum capacity

improvements. RIS offers extraordinarily significant path loss in the cascaded
channels. Considering this, Zhang et al. [57] have developed a novel RIS structure
called ARIS, in which RF chains and PAs are arranged in conjunction with

active reflecting parts to mitigate the severe fading impact. On the other hand,
the ARIS uses more power and produces thermal noise and non-negligible
self-interference.

HybridRIS architecture has been presented byNguyen et al. [58], Yigit et al. [59],
and Nguyen et al. [60], taking into account the trade-off between power consump-
tion and the signal amplification effect. Only a few reflecting elements in this

architecture are active, which results in less effective noise and transmit power
than in ARIS but amuch stronger signal than in full RIS.With reasonable cost and

power consumption, a hybrid RIS offers a dependable and sustainable solution for
wireless network architecture.

2.3 RIS Applications

The EE and beamforming capabilities inherent in RIS present substantial support
for a diverse array of applications within the realms of next-generation networks.

These applications span a wide range of fields, including IoT applications,
communication for UAVs, smart environments, PLS, SWIPT protocols, IoT-based
mobile edge computing, D2D systems, VANET, and hybrid terrestrial and satellite

communication. This section provides an overview of the requirements for
RIS-aided applications and prior works in this area.
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2.3.1 RIS-aided IoT Applications

The IoT revolutionizes various industries by enabling innovative applications

and services. Key uses include smart infrastructure management, industrial

automation, smart cities, healthcare monitoring and telemedicine, smart homes,

environmental monitoring and agriculture, supply chain management and

logistics, and energy management [61, 62]. IoT devices enable infrastructure

monitoring, optimizing production processes, and improving efficiency [63].

Smart cities connect urban systems, improving quality of life. Healthcare mon-

itoring and telemedicine use IoT devices for remote patient monitoring and

chronic disease management [64]. Smart homes can be controlled remotely via

smartphone apps or voice commands. Environmental monitoring and agriculture

use IoT sensors to collect data on air quality, water quality, soil moisture, weather

conditions, and crop health. Supply chain management and logistics use IoT for

real-time tracking and monitoring of goods. In conclusion, IoT plays a trans-

formative role in next-generation networks, enabling innovative applications

and services across various industries and improving efficiency, productivity,

sustainability, and quality of life.

Figure 2.13 illustrates IoT applications that are assisted by RIS. In IoT applica-

tions, current methods relying on Wi-Fi or Bluetooth have limited connections,

leading to interference, reduced throughput, and congestion when scaled up.

Inadequacy in the signal coverage can result in security threats and privacy risks.

IoT devices are vulnerable to harsh or outdoor environments with varyingweather

conditions, terrain obstacles, and EM interference. Most of the IoT devices are

battery-driven. Connectivity issues arise due to limited power consumption by

IoT devices during transmissions and receptions.

BS

RIS

IoT devices

Figure 2.13 RIS-aided IoT applications.
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2.3.1.1 Advantages of RIS in the IoT Applications

● Strong connectivity: RIS optimizes signal propagation and mitigates inter-

ference and connectivity issues, such as weak signals, dead zones, and signal

blockages, which support the reliability and coverage of IoT networks [65].

● Congestion control: RIS dynamically controls the signal reflections and

refractions, interference, and performance degradation due to congestion in

IoT applications and overcome packet loss, reduced throughput, and high

latency.

● Enhanced coverage: RIS deployment enhances signal propagation and

extends coverage in IoT applications to achieve adequate coverage in specific

locations. Also, RIS adaptively adjusts signal propagation and compensates for

environmental effects [66].

● Optimal power consumption: RIS optimizes signal transmission and

reception and maintains connectivity, leading to longer battery life in IoT

devices.

● Scalability and flexibility: RIS dynamically adapts to changing network

conditions and user requirements. Deploying and managing large-scale

IoT deployments with RIS gives IoT solutions efficient signal optimization,

scalability, and flexibility.

These highlight the importance of RIS in overcoming various challenges asso-

ciated with wireless connectivity and enhancing the performance, reliability, and

security of IoT applications.

In Niu et al. [67], researchers investigated secure communication in an IoT

network using a combination of an ARIS-based transmitter and a PRIS in order

to enhance user secrecy. This research aims to create and refine phase angle

compensations, beamforming, and power allocation to maximize the weighted

sum secrecy rate. Additionally, the researchers also extended the scheme to solve

secrecy energy maximization problems. The results of the simulation demon-

strate the effectiveness of the suggested scheme. Another work, Sagir et al. [68]

discussed the usage of RISs as cooperative relay systems to enhance wireless

communication performance in IoT networks. The paper presents novel cooper-

ative RIS (CRIS) models that use deep neural networks (DNN)-CRIS in order to

enhance cooperative communications and optimize the RIS phase. The authors

have demonstrated that the models preserve modest system complexity and

exhibit good bit error rate (BER) performance, even in high-noise conditions.

Chu et al. [69] characterized the relationship between primary and cognitive

networks using a Stackelberg game in cognitive IoT systems. The suggested

scheme demonstrated superiority in numerical results, focusing on unlocking

the potential of RISs in IoT. According to Zhang et al. [70], RIS-assisted place-

ment is recommended for numerous IoT devices in location-based IoT services.

The technique takes advantage of user-to-BS direct connection signals that
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are reflected through the RIS. Propagation delay can be estimated using the

triangulation-based positioning framework. By optimizing the multi-antenna

BS and RIS, the total transmission power can be reduced. Numerical findings

indicate that decimeter-based localization provides a considerable power gain

and precision with low power consumption when compared to unoptimized

RIS-assisted localization.

2.3.2 RIS-aided D2D Communication

RIS-aided D2D communication uses RIS to improve the efficiency and reliability

of direct communication between devices. By optimizing signal paths, mini-

mizing interference, and controlling reflections, this approach reduces energy

consumption and latency, opening up new opportunities for proximity-based

services, collaborative applications, and better connectivity in densely populated

environments [71]. It enables direct communication between nearby devices

without the need for an intermediate network infrastructure. However, D2D

applications may face several limitations, such as limitations in usability range,

poor interference, and blockage management. Most of the D2D communication

depends on LoS which is practically not realizable [72].

Figure 2.14 illustrates how RIS integration with D2D communication enhances

the coverage area. In this scenario, a device sends and receives information to

and from another device via RIS. This suppresses the limited range, interference

and signal blockage, LoS dependence, spectrum congestion, power consump-

tion, security and privacy concerns, scalability, and reliability in conventional

D2D applications. In crowded wireless environments, interference and signal

blockage due to other devices or physical obstacles can be observed in D2D com-

munication. However, enhanced RIS-aided D2D links can improve performance

and connectivity, especially in urban or outdoor environments. The RIS system

overcomes the issue of obstacles and obstructions encountered in traditional D2D

links that are dependent on LoS. Spectrum is effectively utilized in RIS-assisted

D2D links, which results in improved throughput and reduced latency.

RIS

Device 1 Device 2

Figure 2.14 RIS-aided D2D communication.
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Zhao et al. [73] use Nakagami-m fading to derive closed-form outage and data
rate expressions for RIS-assisted D2D communication. In Zhao et al. [73], the sys-
temmodel discusses both the underlay and overlaymodes. The theoretical expres-
sions derived are verified using simulations. A noval active elements selection
approach for a hybrid RIS-assisted D2D communication system is suggested by
Muet al. [74]. To connect to PAs andpassively reflect incident signals, they selected
a subset of RIS elements. The sum capacity is maximized by designing the active
elements selection (AES) matrix, beamforming matrix of RIS, and D2D transmis-
sion power.
In their study, Selim and Tomasin [75] evaluate how well an RIS-aided NOMA

system works for D2D transmissions. They provide approximate closed-form
expressions for the outage probability of devices connected to the RIS-aided
NOMA system. In addition, they calculate the ergodic data rate of each device
using a fixed power allocation and verify their expressions through simulations.
An optimized sum capacity for an RIS-assisted D2D multicast system using

a hypergraph is presented by Li and Zhu [76]. The maximum sum capacity
is obtained by optimizing channel reuse coefficients and active and passive
beamforming. A new block coordinate descent algorithm is designed, and simu-
lation results show the suggested hypergraph method can improve sum capacity
efficiently.

2.3.3 RIS-aided VANET Applications

ITS and autonomous driving are cutting-edge technologies for 6G wireless
networks, enabling improved traffic effectiveness, road safety, economy of fuel
usage, and daily travel management. However, the dynamic nature of wireless
propagation environments, especially with fast-moving vehicles, makes trans-
mission links unstable [10, 77, 78]. RIS can address this by improving channel
conditions through intelligent signal reflections and enhancing coverage and
communication efficiency. To fully utilize RISs in ITS, resource management
and vehicular scheduling must be optimized. RISs can improve VANETs’ cov-
erage area and capacity in next-generation networks. However, their dynamic
links are unreliable due to variable SNR and fading effects. Software-controlled
configuration of reflecting surfaces provides additional control of phase shifts
and reflection angles, enhancing received signal strength and removing channel
fading. In Figure 2.15, RIS placement in building walls enables vehicle-to-vehicle
(V2V) communication that results in highly directed beams and strengthens the
connection between vehicles.

2.3.3.1 Advantages of RIS-aided VANET Applications

● The limitation in coverage and connectivity inV2Vand vehicle-to-infrastructure
(V2I) due to changes in topology and shadowing effect can be overcome by
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RIS

Figure 2.15 RIS-aided VANETs.

integrating RIS in the vehicle or environment. RIS-aided V2V or V2I results in

large-range coverage with ubiquitous connectivity [77].

● RIS-aided VANETs are effective even under vulnerable fading channels [79].

It is more effective in multipath propagation, especially in urban canyons and

areas with high-rise buildings, resulting in reliable communication links and

enhanced data transmission rates.

● Effective spectrum usage is obtained with enhanced network capacity.

● RIS-aided VANETs are more flexible and scalable than the conventional

VANETs. With many vehicles and diverse applications, it is easy to maintain

reliable communication and efficient resources. Integration of RIS results in

efficient bandwidth usage and tackles mobility issues.

● Deploying and maintaining RIS-aided infrastructure for VANETs, including

roadside units (RSUs) and communication infrastructure, is cost-effective.

Integration of RIS leads to innovative solutions for VANETs, improving reli-

ability, coverage, scalability, and efficiency through network protocols, resource

management strategies, interference mitigation techniques, and security mecha-

nisms.

A recent survey conducted by Chen et al. [80] offers extensive insight into the

use of RIS technology in vehicular communication systems. The survey covers

various aspects such as RIS-enabled channel modeling, beamforming techniques,

resource allocation (RA) strategies, interference mitigation, etc. The article dis-

cusses practical considerations, such as hardware implementation, scalability, and

regulatory challenges, associated with deploying RIS in vehicular environments.

The authors also discuss the emerging applications of RIS technology, such as

cooperative sensing and localization, and highlight future research directions

for leveraging RIS in dynamic vehicular environments. Alsenwi et al. [81] have

conducted research on the use of RIS to address the limitations in mmWave
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communications. These surfaces are designed to reflect mmWave signals to
vehicles that experience obstructions in direct connections. An optimization
problem is formulated under stochastic obstructions to improvise the precoding
matrix and RIS phase angles. The authors have developed a solution by utilizing a
decomposition and relaxation-based optimization algorithm and a learning-based
method. Extensive simulations have been conducted to validate the efficacy of
the algorithms.

2.3.4 RIS-aided UAV Applications

In next-generation networks, UAVs will address the increasing demand for high
data rates and ubiquitous connectivity. UAVs are expected to serve as airborne
platforms, providing extended coverage, enhanced capacity, and faster deploy-
ment facilities in areas with limited or no existing infrastructure. With their
ability to rapidly navigate and adapt to dynamic environments, UAVs will support
various applications, including emergency communication, disaster recovery,
surveillance, and IoT connectivity [10]. Furthermore, because of their small
coverage areas, fuel efficacy, environmental vulnerabilities, and inefficient
bandwidth usage, UAVs outfitted with cutting-edge communication technolo-
gies like 5GB will find it difficult to facilitate adaptable and effective network
deployments. This will disrupt future networks’ seamless connectivity and user
experiences [82].
RIS-aided UAV applications leverage the combined capabilities of RIS and

UAVs to enable a wide range of innovative functionalities and it is illustrated
in Figure 2.16. In Figure 2.16, the direct link between the UAV and the BS may
be weak and distorted. However, the RIS-dependent link to the UAV enables
an array of reflections that provide strong and extended coverage for UAVs.

UAV

BS

RIS

Figure 2.16 RIS-aided UAVs.
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These applications encompass various domains such as wireless communication,

surveillance, disaster management, agriculture, and infrastructure inspection.

RIS surfaces are deployed strategically to manipulate EM waves, which helps to

enhance signal coverage, improve communication reliability, and enable precise

beamforming for UAVs equipped with communication or sensing payloads.

By dynamically adjusting signal propagation, RIS-aided UAVs can establish and

maintain connectivity in challenging environments, such as urban canyons

or remote areas with limited infrastructure. RIS-aided UAVs can be useful in

surveillance and monitoring tasks. They can make use of the reflective properties

of RIS surfaces to extend the sensing range, thereby facilitating data collection

in complex terrains or obstructed environments. By directing sensors to specific

areas of interest, RIS-aided UAVs can optimize data acquisition, improving the

efficiency and effectiveness of monitoring operations in agricultural applications.

In conclusion, RIS-aided UAVs have the potential to address various challenges

and create new opportunities across multiple sectors [83].

In Hu et al. [84], a deep learning (DL) framework for trajectory planning and

jamming rejection is discussed. The algorithms offer reliable resistance against

jamming and demonstrate robustness against different jammer locations. This

algorithm is used to learn UAV trajectory and RIS configuration. Yang et al. [85]

suggested an RIS-aided UAV scheme to enhance the coverage and performance

of UAV communication systems. The RIS is deployed on a building to reflect

signals from the terrestrial source to the UAV, relaying the decoded messages to

the destination. The statistical distribution of the RIS-assisted terrestrial-to-areal

links is modeled, analytical expressions for outage and BER are derived, and

simulations validate the effectiveness of RIS integration. Yang et al. [86] investi-

gated the efficiency of a UAV system assisted by RIS. In this configuration, the

RIS is situated on the UAV to reflect signals to terrestrial users, with a specific

emphasis on probability density functions (PDFs) of instantaneous SNR. The

study derived analytical expressions for outage probability, average BER, and sum

rate, supplementing the findings with numerical results to validate the analysis.

In Abualhayja’a et al. [87], the performance limits of a multi-hop RIS-aided UAV

system are analyzed. The analytical expressions for SNR, outage probability, and

BER under statistical RIS channels are given. Under various fading conditions,

the analysis shows that strategically placing required RIS elements can enhance

UAV communications performance. RIS effectively adapts to various channels

and device locations, enhancing performance in various locations.

2.3.5 RIS-aided SWIPT Protocols

SWIPT, is crucial for sustainable and energy-efficientwireless communication sys-

tems. It enables devices to decode information and collect energy from incoming
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signals, improving network efficiency and battery life. SWIPT is especially impor-

tant for powering sensor networks, IoT devices, and low-power devices, reduc-

ing dependency on conventional power sources and supporting applications like

smart infrastructure and remote sensing [88].

Due to direct communication lines, SWIPT systems have limits with regard

to power transfer, spatial coverage, and energy harvesting efficiency. Addition-

ally, they might encounter more interference and poorer signal quality, which

could undermine system dependability. Furthermore, their low adaptability

in dynamic situations impedes the simultaneous optimization of information

decoding and energy harvesting. Figure 2.17 illustrates the SWIPT-enabled RIS

communication under blockage and provides extended coverage. Figure 2.17

describes the RIS-aided SWIPT for multiuser systems. In this scenario, users

experience significant shadowing, so they rely on RIS-assisted transmission. The

users harvest a portion of the energy (𝜓) from the reflected signal from RIS, while

the remaining energy (1 − 𝜓) is used for information decoding. The harvested

energy provides extended battery usage for the users.

RIS-assisted SWIPT systems can provide advantages in wireless communication

networks. With RIS integration, enhanced signal focusing, beamforming, spatial

coverage, and energy harvesting efficiency can be observed. RIS’s configurability

allows dynamic signal reflection and refraction optimization, mitigating interfer-

ence and improving signal quality. RIS-assisted SWIPT systems also enable adapt-

ability in dynamic environments, optimizing information decoding and energy

harvesting, contributing to network efficiency and sustainability.

In Zhang et al. [89], RIS-aided SWIPT networks with rate-splitting multiple

access (RSMA) are explored. It suggests a deep reinforcement learning-based

approach for optimizing power allocation and discrete phase shifts. This approach

outperforms traditional SWIPT-only methods and enhances energy and infor-

mation transmission. Simulation results show the suggested system achieves

enhanced energy EE with RSMA. The application of RIS in SWIPT with

RIS

BS

Blockage

Power fraction

harvested

Power fraction

harvested

Power fraction

harvested

Power fraction for

information decoding

Power fraction for

information decoding

Power fraction for

information decoding

1

1

1ψ ψ

ψ ψ

ψ ψ

Figure 2.17 RIS-aided SWIPT.
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multi-antenna AP systems is discussed by Yang and Zhang [90]. By employing
sorting and iterative optimization methods to simplify the objective function, the
authors developed two solutions for optimal and nonideal channels. They effec-
tively resolve the issue under ideal boundary and Karush–Kuhn–Tucker
conditions, demonstrating a potential method for next-generation networks.
Yaswanth et al. [91] explore an ARIS framework for improving SWIPT system
performance under imperfect channel conditions. It suggests that joint beam-
forming design can reduce transmit power by ∼60% compared to PRIS while
maintaining QoS requirements, and it is validated using simulations.
The study by Yaswanth et al. [92] addressed the SWIPT-enabled RIS-assisted

MIMO communication network, emphasizing active and passive beaming
optimization matrix and power reduction. It suggests computationally efficient
algorithms and uses mean square error and alternating optimization techniques
to simplify the problem. The impact of imperfect channel conditions is also
discussed.

2.4 Challenges and Research Trends

RIS introduces several kinds of challenges that need to be addressed according
to the service demands of users. This section outlines critical prospects for future
research that are essential to realizing the full potential of RISs in 6G networks.

2.4.1 RIS-aided THz Communication

With its ultrawide bandwidth, THz communication is considered a potential
option for 6G communication. However, due to its ultrahigh frequency, THz
transmission may experience significant signal distortion and communication
disruptions, affecting coverage performance. To address this issue, RIS can be
applied to THz communication, which can help improve coverage performance.
However, significant challenges associated with RIS-assisted THz communication
need to be addressed to fully utilize the special THz propagation features in the
RIS-assisted network.

2.4.2 Aerial RIS-aided System

An airborne RIS carried by a UAV or a balloon can provide full-space reflections,
enabling it to serve a comparatively higher number of users than a ground RIS
fixed at a site [82]. The aerial RIS is less susceptible to blockages and can benefit
from LoS channel conditions. The high mobile UAVs can further expand the cov-
erage of the aerial RIS. However, the aerial RIS presents other challenges, such as
3D positioning and channel estimation, that must be addressed.
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2.4.3 RIS-assisted PLS

The RIS can improve PLS by manipulating the signal. This is done by simul-
taneously enhancing the signal beam directed toward the intended user and
suppressing the beam directed toward the undesired user. However, obtaining
accurate channel information from an interferer to the RIS and the BS in
real-world scenarios is challenging. Therefore, a complex channel information
and beamforming design is required for RIS-aided PLS under imprecise channel
state information.

2.4.4 RIS-aided Optical Wireless Communication

Optical wireless communication (OWC) is a cost-effective option for high data rate
applications in the next generation, thanks to its comparatively less hardware com-
plexity. However, it requires LoS between the transceivers to function properly. To
address this issue, RIS can be used to guide the optical beam in the right direction,
thus reducing LoS obstructions. By integrating RIS and OWC, it becomes possible
to enable a wide range of applications for both indoor and outdoor environments.

2.4.5 RIS-assisted mMIMO Network

MIMO technology has been extended to mMIMO, which helps to increase SE and
transmission gain significantly. However, themain hurdles in the practical deploy-
ment of mMIMO systems are their high power and hardware costs. To overcome
these challenges, RIS can be integratedwithmMIMO to achieve the necessary per-
formance improvements in an economical and energy-efficient way. For optimal
performance, it is essential to investigate low-complexity methods for beamform-
ing and RA for RIS-aided mMIMO systems.

2.4.6 Joint Optimization of the Number of Elements and Phase Shifts

The number of elements and the phase shifts control the beamforming of reflected
signals. Optimizing these parameters minimizes system energy consumption,
aligning with sustainable wireless concepts. Due to the larger elements, chan-
nel coefficients increase significantly. This results in path diversity, but it is
challenging to select the optimal channel and estimate it accurately in this
scenario.

2.4.7 Optimal Deployment of RIS

Deploying a meta-surface in a proper location is also considered a bottleneck,
especially in the system, where multiple obstacles are present. It is treated
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as a primary concern in mmWave applications where LoS communication

plays a major role. Placing multiple RISs in a multi-hop signal propagation

scenario increases beam-routing complexity. Most research considers this to

be a multi-objective optimization problem. The investigation of the size and

arrangement of elements within an RIS constitutes a research direction that holds

significance in communication scenarios characterized by constrained spaces,

such as pipes or tunnels. Researchers use the ray tracing method to identify the

propagation mechanism of RIS and for multi-hop beam-routing. Transparent

ARIS (TARIS) is an evolving work that boosts the aesthetics of the environment.

2.4.8 Selection of Type of RIS

The research trends in RIS show rapid advancements in every dimension. Element

with a dynamic role as either active or passive is one among them; PRIS only

reflects the signal where as ARIS amplifies and reflects the signal. This dual nature

provides the freedom of mode selection and results in an energy-efficient system

[93, 94]. Simultaneous transmission and reflection RIS (STAR–RIS) is one of the

primary research areas focusing on coverage improvement [95, 96]. Programmable

RIS is another research area where RIS can adaptively decide signals’ reflection

angle and beam-routing.

2.5 Conclusions

Emerging applications and potential use cases of RIS in wireless communi-

cation systems are explored in this chapter. Various use cases are discussed

in detail. Integration of RIS with the existing communication chain is easily

realizable and results in extended coverage; the large RIS elements on the

surface produce highly focused beams in which the phase angles are controlled.

The significance of energy-focusing and energy-nulling characteristics of RIS

is highlighted based on the desired and interfering user. The description of EE

enhancement with RIS is given, and the EMF exposure reduction using RIS is

detailed. The key features of RIS that support 6G applications, such as PLS, local-

ization accuracy, and EE cell-free networks are discussed in detail. Furthermore,

the significant applications such as IoT networks, UAV communication, D2D,

and VANET are discussed, and the significance of the integration of RIS with

the existing applications is highlighted. Finally, the chapter is directed to the

research trends and challenges associated with the various technologies, such

as mMIMO, THz communication, OWC, etc. Based on the requirements and

applications, the selection of PRIS, ARIS, and STAR–RIS deployment is suggested

in the chapter.
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3.1 Introduction

Global use of fifth-generation (5G) networks, which are engineered to satisfy

international mobile telecommunications (IMT)-2020 requirements, is increas-

ing. High-performance networks with distributed intelligence to the edge and

end-to-end automated coordination to meet individual user needs are now

possible thanks to a combination of new network capabilities associated with the

5G core, an advanced wireless system built upon the 5G-new radio (NR) interface,

and a new architecture utilizing cloud-native approach [1]. The goal of 5G’s

evolution and many of its characteristics is to make 5G networks future-proof

as the industry moves forward and research into potential sixth-generation (6G)

systems is being conducted worldwide. The key requirements for 6G are a higher

data rate of 1 TB/s with a peak spectral efficiency of 60 b/s/Hz. It also should

encompass ubiquitous 3D coverage, resilience, security, and sustainability.

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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Many interesting technologies have the potential to enable 6G. One such tech-

nology is reconfigurable intelligent surfaces (RISs), which aims to partially control

the channel for better coverage and data rate gains. RIS is a two-dimensional grid

of antennas/reflectors which are reconfigurable in nature. The RIS controller con-

trols the RIS antennas/reflectors. The RIS system is almost passive (i.e., the signal

is not amplified or regenerated); the only power consumed is the one by the RIS

controller. The RIS system increases coverage, and it can be placed on building

facades, billboards, underground ceilings, train stations, and airports [2–6].

RISs are a promising hardware-based transmission technique that has the poten-

tial to artificially alterwireless propagation environments. Several discrete, flexible

parts implanted on a flat surface, each with sub-wavelength dimensions, reflect

incident electromagnetic (EM) waves. The RIS uses an intelligent RIS controller

to modify the signal phases and/or amplitudes, increasing the degrees of freedom

(DoF) of wireless channels, improving signal propagation, and enabling sophisti-

cated wireless functions [7–9]. Section 3.2 delves into an in-depth exploration of

RIS, offering a comprehensive overview of its functionality and capabilities.

3.1.1 Related Work

RIS introduces an innovative method to enhance signal quality within tunnels

and pipes, particularly in the presence of obstacles, making it a pivotal solution

in this domain [10]. The authors suggest using RIS in tunnels to counter the

ray-blocking issue caused by obstacles. The closed-form expression of blocking

probability with single and multiple RIS is derived. The number of elements and

placement points of RIS are iteratively changed, and the corresponding blocking

probability is plotted. The results are analyzed for multiple obstacle scenarios,

showcasing the unique superiority of the suggested model over the scheme

without the RIS.

Mei and Zhang [11] suggested a distributedmodel for beam training that carries

significant practical implications. This model enhances the end-to-end gain for

active RIS (ARIS) and passive RIS (PRIS)-based systems with a multi-hop routing

approach. By strategically placing ARIS and PRIS inmultiple locations in a system

with obstacles, path diversity is provided. The suggested cooperative beamform-

ing model addresses the challenge of dealing with many channel coefficients, and

a routing control approach has been adapted to optimize the channel selection,

making it a highly relevant solution for real-world scenarios.

Zheng et al. [12] suggested a channel estimation scheme in a multiuser

multiple input-multiple output (MIMO) system embedded with two RIS arrays.

They employ a rigorous methodology where the mean squared error (MSE)

corresponding to the system’s transmit power and phase is analyzed for different

reflection models. The system’s performance is then evaluated, providing a robust
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and reliable assessment of the suggestedmodel. Addressing the hurdle of attaining

the necessary data rates for users, especially given the constraints imposed by

the quantity of RIS elements and the power levels achieved via amplification

by ARIS, presents a formidable challenge. In Fu and Zhang [13], the authors

focused on improving user rates by strategically placing ARIS and PRIS between

a single transmitter and a receiver which is particularly noteworthy. The optimal

positioning of ARIS, determined to achieve a design with minimum complexity,

yielded compelling results. The study found that even with lower power levels

of amplification (less than ∼12 dBm) placing ARIS between the transmitter and

PRIS led to superior performance.

The PRIS phenomenon causes a double path loss due to an additional reflection

point in the network. This leads toweaker signal strength, higher power consump-

tion, and lower energy efficiency (EE). Peng et al. [14] introduced anARIS solution

to mitigate this problem in a mobile edge computing (MEC) network. The sug-

gestedmethod optimizes the reflection parameter, complexity of computation, and

resource allocation scheme to improve latency. The performance improvement is

measured by comparing the usage of PRIS and ARIS.

The role of ARIS in signal amplification, while leading to a marginal increase

in energy utilization, is a crucial aspect to consider. In Ma et al. [15], the authors’

introduction of an innovative optimization approach to circumvent the adverse

effect on EE is particularly noteworthy. The derivation of a reflection matrix by

introducing ARIS in the system, where beamforming and EE are included for

forming the optimization problem, represents a novel approach. The complexity

of the suggested procedure is further reduced by introducing a quadratic trans-

formmethod in the defined fractional transform approach. The iterative approach

investigated the EE of the system corresponding to user location and power, and

the results surpassed those of conventional approaches, highlighting the potential

impact of this research.

Signal attenuation in a simultaneous wireless information and power transfer

(SWIPT) system is addressed by Gao et al. [16], and the deployment of ARIS is uti-

lized to mitigate the path loss. An optimization algorithm is introduced for sum

rate maximization through ARIS positioning and phase shift control. Chen [17]

discussed RIS-aided system, in which the elements can act either in a passive or

active mode according to user demand. The suggested work with a minimum

power budget achieves a marginal increase in EE. The phase shift, mode, and

beamforming introduced by RIS are considered together for optimization, which

uses a cross-entropy approach based on probability learning.

The introduction of RIS in millimeter wave (mmWave)-based wireless systems

for vehicular communication is discussed by Alsenwi et al. [18]. Obstacles in the

network marginally degrade the signals of this application, which can be mit-

igated by controlling the phase shifts of the reflected signals. An optimization
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framework for precoding and the dynamic tuning of phase shifts are performed

using a learning method. The suggested method improves the data rate and reli-

ability, which is analyzed using simulation results. Zeng et al. [19] introduced a

fairness-guaranteed ARIS-aided wireless power transfer (WPT) system by devel-

oping an optimization framework for sum-throughput enhancement. Different

beamforming methods are adapted to optimize the trade-off between fairness and

complexity. The suggested system gains marginal improvement in EE and cover-

age compared to PRIS-based systems.

InmmWave applications, user devices often face severe path loss in indoor envi-

ronments due to the limited available power budget. Feng and Zhao [20] suggested

a solution to this problem by using transparent ARIS (TARIS) made of glass mate-

rial in the mmWave system. TARIS can be placed as doors or windows, improving

both the aesthetics and achievable rate of the system. Results show that the TARIS

scheme provides a slight improvement in EE compared to PRIS.

The application of RIS in a cell-free network is studied by Wang and Peng [21].

The multiplicative fading effect (MFE) is a challenge faced in the network when

introducing RIS. It is resolved by replacing it with ARIS. The system enhances EE

by optimizing beamforming and power allocation. The result shows that the work

successfully enhances the EE of the user even with poor channel conditions. Mei

et al. [22] suggested a resource allocation optimization approach for multiple

RIS-based WPT systems. The dynamic method for beam routing reduces the

required power budget. In Li et al. [23], the ray tracing method is utilized to

study the propagation characteristics of RIS materials in the mmWave network.

The author suggests an optimization approach to minimize the RIS elements

corresponding to the user’s rate demands by jointly optimizing the location of

RIS, signal phase shift, and time slots in an indoor environment.

Mao et al. [24] suggested a sustainable ARIS-assisted wireless network for

low-power Internet of things (IoT) applications. ARIS enhances the simultaneous

transfer of power and information through the Dinkelbach-type optimization of

time slots, reflection parameters, and transmit power. Zou et al. [25] suggested

a machine learning (ML) approach to improve the quality of service (QoS) of

the RIS-aided nonorthogonal multiple access (NOMA)-based IoT system. Power

allocation and phase shift optimization are performed to enhance the QoS of

the system with minimum transmit power. A reinforcement learning method is

applied and comparedwith deep learning (DL) techniques in terms of throughput.

Singh et al. [26] discussed an unmanned aerial vehicle (UAV)-based relay

system in which RIS materials are mounted. Rate splitting multiple access

(RSMA) is adapted to attain the system’s spectral efficiency demand. The heuris-

tic optimization method considered UAV positioning, signal phase shifts, and

RSMA parameters. Rejection of jamming signals is considered as a use-case

of RIS. In Hu et al. [27], multiple RIS-embedded UAV-assisted IoT system is
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considered, where the trajectory and signal phase shifts are decided using the
DL approach. The hybrid domain multiple access (HDMA) for RIS-assisted
visible light communication (VLC) is discussed by Yu et al. [28]. The interference
introduced by the multiple LEDs in the system is mitigated by employing RIS,
which performs transmission and reflection. Here, phase shift optimization is
performed to improve the system’s capacity. Simultaneously transmitting and
reflecting (STAR)–RIS is the upgraded version of RIS, which provides maximum
coverage for radio signals in every direction. Maraqa et al. [29] discussed the
application of STAR–RIS in an RSMA-based VLC system to improve the sum rate.
Multiple obstacles are considered to optimize positioning and phase shift.

3.1.2 Key Contributions

The following are the significant contributions of this chapter:

● A comprehensive overview of RIS’s architecture, hardware design, operational
modes, and frequency bands suitable for different duplexing are presented.

● An EM analysis of RIS is carried out, which offers a mathematical model repre-
senting the gain of both transmit and receiving units. The channel and reflection
coefficient of each element within the RIS are also modeled.

● The effects ofmutual coupling and spatial correlation on the performance of RIS
are also examined, while also exploring mitigation strategies. The expressions
for average error probability under spatially correlated conditions are derived,
considering various diversity factors.

3.1.3 Organization

To construct 6G wireless networks, RIS is seen to be an essential technology.
In recent years, RIS has garnered much attention as a key element that helps
next-generation wireless systems support high data rate needs at an inexpensive
installation cost. The suggested structure for this chapter is as follows: The chapter
is succinctly introduced in Section 3.1. A comprehensive synopsis of the RIS is
in Section 3.2. Section 3.3 of the chapter examines the EM analysis of RIS. The
impact of mutual coupling and spatial correlation are analyzed in Sections 3.4
and 3.5, respectively. The simulation results are discussed in Section 3.6, and the
chapter concludes in Section 3.7.

3.2 Overview of RIS

This section provides an extensive examination of RIS, covering its structure, hard-
ware design, operating modes, frequency of operation, and duplexing modes.
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3.2.1 Structure

RIS is an affordable and energy-efficient technology that can be implemented

mainly with passive components. RIS can be integrated into any surface and can

take any shape. The structure of RIS can vary depending on factors such as cost,

design, integration, and form factor.

3.2.1.1 Metamaterial

A novel class of synthetic materials known as metamaterials has been developed,

with a microstructure designed to display special EM characteristics not seen in

nature and previously thought to be physically impossible [30]. Atoms make up

the periodic structure of any material that may be found in nature. An artificial

periodic structure is made and grafted onto a host material to formmetamaterials.

The constituent elements of this manufactured periodic structure are larger than

the atoms of the host material. This size difference results in overcoming the host

material’s inherent reaction to the entering EM pulse. As a result, the penetration,

reflection loss, and reflection angle that occur are unique to the artificial structure

rather than the host material’s atomic structure.

Metamaterials with artificially created periodic structures can be composed

of semiconductors, metals, or polymers. When an EM wave interacts with a

metamaterial, its wavelength must be significantly smaller than the size of the

“meta-atom,” which is a periodic structural pattern that repeats. This is required

because the incoming wave must see the periodic structure uniformly.

Each of theN pieces that make up an RIS is a tiny antenna that passively reradi-

ates after receiving information with a time delay that can be adjusted. In nar-

rowband transmissions, a phase shift is equivalent to this delay. The scattered

waves accumulate constructively at the receiver, provided that the phase shifts are

appropriately controlled. This idea is comparable to traditional beamforming, in

which a specific radiation pattern is assigned to each component. However, the

accumulation of phase shifts between the scattered waves determines the areas of

constructive interference.

3.2.1.2 Reflect Array

The most basic version of a RIS is a dynamic reflect array, which consists of

programmable omnidirectional antennas that can be modified dynamically to

backscatter/phase shift the incident signals. Using a 2D planar type of meta-

material with a dynamically tunable metasurface has demonstrated strong

abilities to manipulate EM waves, making it a more complex approach. By

utilizing the metasurface implementation, an RIS unit can scatter/phase shift

the signal, control polarization, and function as an anomalous mirror with a

programmable reflection angle. Previous designs of metasurfaces were predicated



3.2 Overview of RIS 77

on fixed, predetermined designs of meta-atoms that could not be altered after

they were fabricated.

Subsequent designs, however, rely on semiconductor components that may be

modified in practice to alter the meta-atom structure beneath the surface and,

consequently, the metasurface’s EM behavior. Integrating mechanical, electrical,

or thermally tunable components allow for this reconfigurability. Electrically

tunable metasurfaces can be produced at low cost using well-understood semi-

conductor technologies, and by adding varactor diodes or liquid crystals within

the meta-atoms, they can be tuned quickly enough to adjust to the time-varying

channel.

3.2.2 Hardware Design

The most recent RIS hardware architectures and a few suggested fabrication tech-

niques are discussed in this section. Themost notable feature of theRIS is its ability

to fully shape and control the EM response of environmental objects dispersed

throughout the network, thereby making the environment controllable compared

to the transceiver technologies currently in use in wireless networks.

3.2.2.1 Passive RIS

The PRIS is built using EM materials. RIS can be inexpensively deployed in vari-

ous locations, including buildings, movable walls, platforms, billboards, highway

poles, glasses, and pedestrian apparel [31]. By considering power losses over long

distances, the RIS can modify the conditions for wireless transmission. RIS can

create a virtual line of sight (LoS) between the base station (BS) and the user

equipment (UE) by passively reflecting the received signals. The input–output

relationship of i th element of a PRIS is given by (3.1):

yi = 𝜇i e
j𝜂isi (3.1)

where si and yi are incoming and outgoing signals, 𝜂i ∈ [0, 2𝜋) is the controllable

phase and 𝜇i ∈ [0,1] is the amplitude of ith RIS element. Figure 3.1 depicts PRIS

technology that enhanceswireless communication by reflecting andmanipulating

incident signals, improving signal quality, and coverage.

RIS does not require a power amplifier because, unlike traditional relays it may

modify the phase of input signal [32]. This indicates that using RIS is far more eco-

nomical and environmentally beneficial than using traditional relays. Full-duplex

(FD) and full-band transmission are also possible with RIS, as EM waves are only

reflected. PRIS offers a dependable reflection link alongside a direct link for signal

transfer. There is always a double fading effect on this reflection link in addi-

tion to having much large-scale fading. PRISs can only provide a limited capacity

in many cases when the direct link is strong. The corresponding path loss of a
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transmitter-RIS-receiver link is the product, as opposed to the total path losses, in
contrast to a direct link [33]. Signals from the relatively long reflection link affect
power loss more if the fading coefficient is higher than the shorter direct link.
This implies that there is little to no difference between a system with and one
without RIS.

3.2.2.2 Active RIS

One of the main performance bottlenecks of PRIS is its “multiplicative fading”
effect; as a potential remedy, ARIS was proposed by Zhang et al. [34], You and
Zhang [35], and Long et al. [36]. ARIS, like PRIS, allows for adjustable phase-shift
reflection of incident signals. Compared to PRIS, which just reflects incident sig-
nals, ARIS can further augment the reflected impulses. The ith element of an
ARIS’s input–output relationship is:

yi = 𝜇i e
j𝜂isi + 𝜇i e

j𝜂i𝜔i (3.2)

where 𝜔i ∼C𝒩 (0, 𝜎2
i
) is the input noise amplified by the ith RIS unit and 𝜇i > 1.

Figure 3.2 presents the structure of ARIS that optimizes wireless communication
through real-time control and adaptive signal modulation, enhancing perfor-
mance and efficiency. ARIS’s hardware architecture differs from PRIS’s [37]. In an
ARIS, phase shift circuits and reflection-type amplifiers are employed to increase
the received signal power. The power needs of ARIS cannot be disregarded, as
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they can be comparable to those of the amplifiers of BS, owing to the possibility
that ARIS-assisted systems may use a lot more power overall than PRIS-assisted
systems [38]. Because ARIS provides an amplification gain and converts the
multiplicative fading into an additive form, it is therefore more effective. The per-
formance may be enhanced via a hybrid architecture that combines active and
PRIS components. It may be difficult for an off-grid RIS to power its active
components. Research on an ARIS is desirable since we anticipate it to be more
economical and effective than an amplify-and-forward relay [39]. Although both
PRIS and ARIS offer 180∘ coverage, their usefulness is limited because users may
really be on both sides of the RIS.

3.2.2.3 Hybrid RIS

A hybrid RIS or STAR–RIS or intelligent omni surfaces (IOSs) may sense and
reflect a portion of its impinging signal [40, 41]. The transmitted signal from the
ith element of a hybrid RIS is

yti = 𝜇ti e
j𝜂t
i si (3.3)

The reflected signal from the ith element of a hybrid RIS is

yri = 𝜇ri e
j𝜂r
i si (3.4)

where 𝜇t
i
, 𝜇r

i
∈ [0,1], 𝜇t

2

i
+ 𝜇r

2

i
= 1, and 𝜂t

l
, 𝜂r

i
∈ [0, 2𝜋). To offer 360∘ coverage,

STAR–RIS can be installed inside a wall or in the middle of the communication
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Figure 3.3 Hybrid RIS.

space. Without substantially compromising the benefits of PRIS’s increased

coverage and EE, hybrid RIS can improve coherent communications significantly.

A hybrid RIS can be implemented by loading a surface with a varactor, which

alters the capacitance of the surface based on an external DC signal. The reflected

wave’s phase can be altered by the fluctuating capacitance. By changing the

phase, the hybrid RIS can direct the reflected wave in the desired direction. The

hybrid RIS arrangement is shown in Figure 3.3.

3.2.2.4 Contiguous RIS

Contiguous RISs combine numerous small components into a compact space

to generate a transceiver aperture that is spatially continuous [42, 43]. Utilizing

holography methodology, it becomes feasible to capture an EM field generated

by a signal source when scattered from objects. As a result, a contiguous RIS

can create a spatially continuous transceiver aperture, which is useful for

many applications. Figure 3.4 presents the internal structure of contiguous RIS,

which ensures seamless adaptability in wireless environments through ongo-

ing adjustments, fostering sustained signal enhancement and communication

optimization.
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Figure 3.4 Contiguous RIS. RIS

Metallic patches

Continuous stripVaractor

3.2.2.5 Discrete RIS

Several discrete unit cells constructed of low-power software-tunable metamateri-

als often make up a discrete RIS [43–47]. Liquid crystals, microelectromechanical

systems (MEMSs), electromechanical switches, etc., can be used to electrically

alter the EM properties of the unit cells in addition to commonly used electrical

components. Comparing this construction to a traditional multi-antenna antenna

array reveals significant differences. Liaskos et al. [48] designed a surface with

electronically adjustable reflection properties using discrete meta-atoms. As pre-

viously noted, the discrete surface is active, which is based on photonic antenna

arrays. From an implementation and hardware standpoint, discrete RISs differ sig-

nificantly from contiguous RISs [49, 50]. Figure 3.5 illustrates the layered structure

of discrete RIS.

RIS

Interface and

communication layer

Computing layer

Shielding layer

Sensing and Actuation

Metamaterial layer

Figure 3.5 Discrete RIS.
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3.2.3 Operating Modes

This section discusses about the various operating modes of RIS and its

significance.

3.2.3.1 Reflection Mode

The reflective PRIS consumes very little power [51]. Theirmain purpose is to lever-

age the surface’s ability to change the reflection properties of elements, allowing

for programmable alteration of incoming EM waves across various capabilities.

For accurate beamforming, precise control over the reflected EM field is required.

This can be accomplished with sub-wavelength meta-atoms, however, they will

unavoidably have well-defined grey-scale-tunable EM properties and significant

mutual coupling. The reflection mode with opaque RIS substrate is depicted in

Figure 3.6.

In settingswith rich scattering, wave energy is evenly distributed throughout the

wireless medium. The results from ray pandemonium suggest that the RIS can be

affected by rays coming from any direction rather than just one clearly defined

orientation. Instead of using directional beams, the goal is to manipulate as many

ray trajectories as possible. This manipulation has two goals: efficiently directing

the field and modifying those rays to produce constructive interference at a spe-

cific location. These manipulations can be efficiently performed by RIS equipped

with half-wavelength-sized meta-atoms, which permit the control of more rays

with a fixed amount of electrical components (e.g., PIN diodes). When in reflec-

tionmode, RIS can be used to enhance capacity, reduce interference, and function

as a reflector in the surrounding area.

Controller

Reflected signal

Opaque RIS substrate

UE

AP

Figure 3.6 Reflective mode of RIS.
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Figure 3.7 Refraction mode of RIS.

3.2.3.2 Refraction Mode

By changing their phase, EM waves that incident on the RIS can be refracted to

different target directions using the refraction mode. The working of RIS with

transparent substrate in refracted mode is given in Figure 3.7. A notable contrast

between the refraction and reflection modes lies in the lack of a shielding layer

within the RIS panel. This absence permits EM waves to traverse through the

panel. An example where refraction mode can be used is when transitioning from

an outdoor to an indoor environment. The RIS will be used as window glasses to

focus incident EM radiation onto various target areas, hence improving coverage

for particular locations within the building.

3.2.3.3 Absorption Mode

A radio wave with a specific center frequency and bandwidth can ideally be fully

absorbed when it is in the absorptionmode, which is characterized by the absence

of reflection waves. Since the absorption mode of RIS generates little to no out-

put waves, industries involved in information security, privacy, and interference

reduction may find value in it. Using RIS to block EM radiation on a building’s

façade is one typical use-case. By doing this, EM radiation from various interior

or exterior locations would be isolated. To prevent the incident wave from pass-

ing through building walls, the RIS plane will absorb it. The capacity of the RIS to

switch between the absorption or refraction or reflection modes is determined by

the bias voltage.
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3.2.3.4 Backscattering Mode

In the event that an RIS is in backscattering mode, its reflected wave ought to

include a broad region rather than a specific area. The effective area and gain need

to be balanced in order to provide broad-angle blind spot coverage. Backscattering

mode operation is also possible for PRIS, which is designed to reflect an incoming

EM signal in a desired direction.

3.2.3.5 Transmitting Mode

Integrating an RIS with the transmitting mode of a radio transmitter aids in shap-

ing the emitted radio wave [51]. The transmitting mode of RIS with unmodulated

carrier input along with data source is presented in Figure 3.8. Recently, dynamic

metasurface antennas (DMAs) have been suggested as an effective way to realize

extremely large antenna arrays. DMAs process both broadcast and received signals

in the analog domain and have the ability to adjust beams. They use less compli-

cated transceiver technology and operate in a dynamically programmablemanner.

Additionally, DMA-based systems require less power and cost than conventional

antenna arrays, eliminating the need for active phase shifters and/or complex cor-

porate feed.

3.2.3.6 Receiving Mode

When in receiving mode, an RIS can receive and process radio signals. To

achieve this, each RIS element or group of parts can have waveguides that steer

incoming radio signals toward reception gear. This reception gear can include

Reflected signal

with over-the-air

modulation

RIS

Controller

Data source

Unmodulated

carrier

RF source Front UE

Figure 3.8 Transmitting mode of RIS.
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Figure 3.9 Receiving mode of RIS.

an analog-to-digital converter, a mixer that down-converts the signal from radio
frequency (RF) to baseband, and a low-noise amplifier, among other things.
As depicted in Figure 3.9, a training EM signal interacts with the components of

the RIS, and the received signal in the RF domain is influenced byM phase config-
urations of the RIS, which are chosen randomly via a spatial sampling unit. With
substantially fewer RF chains-even just one-than the number of RIS elements, sig-
nal reception at the RIS is made possible by this collection of spatially random
analogmixed copies of the impinging radio signals. This facilitates the application
of channel estimate approaches based on compressive sensing.

3.2.4 Operating Frequency

RISs are devices that work on RF. Depending on the requirements and appli-
cation, RIS can be configured to operate over different frequency bands.
Generally, RIS operates within the part of the EM spectrum reserved for wireless
communication [52].

3.2.4.1 Frequency Range 1 (FR1)

The frequency range below 6GHz, also referred to as FR1, is commonly used
for 5G and previous generations of wireless communication. This range includes
various frequency bands such as 1.8GHz, 2.1GHz, 2.3GHz, 2.4GHz, 2.5GHz,
3.5GHz, and more. The use of FR1 enables wide-area coverage, making it a pop-
ular choice for cellular communication.
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3.2.4.2 Frequency Range 2 (FR2)

To support mmWave installations for 5G-NR, RIS can be engineered for mmWave

frequency bands (FR2) over 24GHz [53]. Due to their potential for directional

communication and large data rates, mmWave frequencies are highly intriguing

for RIS applications.

3.2.4.3 Terahertz (THz)

THz is a range of frequencies that spans from 100GHz to 10 THz. Researchers are

exploring the potential of THz communication for high-speed data transfer and

applications such as high-capacity wireless networks and imaging [54]. Although

it is not commonly used formainstreamwireless communication, THz technology

shows promise for the future.

3.2.4.4 Unlicensed Bands

Unlicensed bands are frequency bands that can be used without a special license

from regulatory bodies [55, 56]. The 2.4 and 5GHz bands are commonly used for

wireless-fidelity (Wi-Fi) transmission. The 60GHz frequency, also known as the

V-band, is used for high-data-rate communication applications such as Wireless

Gigabit (WiGig) and other short-range transmissions.

3.2.4.5 Custom Frequency Bands

RIS can be configured to operatewithin custom frequency bands depending on the

specific requirements and use-cases. This is particularly useful when the applica-

tion necessitates a specific frequency range for optimization.

3.2.5 Duplexing Modes

RIS plays a crucial role in facilitating communication between transmitters and

receivers using different duplexing modes. The duplexing mode determines the

division of the communication channel into downlink (DL) and uplink (UL),

thereby enabling smooth and efficient communication.

3.2.5.1 Time-Division Duplexing (TDD)

The communication channel is split into alternating time slots when using TDD

for UL and DL broadcasts. RIS can dynamically modify its reflective characteris-

tics to optimize the channel for both directions. The reciprocity-constrainedmode

and the reciprocity-non-constrained mode are the two conceivable TDD modes.

For most RIS hardware implementations, channel reciprocity can be preserved.
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Reciprocity, however, might not always be maintained depending on how the RIS

is designed.

In a reciprocity-constrained mode of operation, it is imperative to adjust

the phase shifts of the RIS units to reflect UL/DL toward BS/UE in order to

maintain channel reciprocity. Because of this, BS/UE can use the same cor-

responding beams to broadcast DL/UL and receive UL/DL. Conversely, the

reciprocity-non-constrained mode might not require channel reciprocity.

As a result, the RIS phase shifts can be configured separately from the

UE/BS UL/DL beams. The two scenarios of the reciprocity-constrained and

reciprocity-non-constrained modes are illustrated in Figures 3.10 and 3.11.

3.2.5.2 Frequency-Division Duplexing (FDD)

FDD divides UL and DL broadcasts using distinct frequency bands. RIS optimizes

reflections for efficient communication in both directions. Figure 3.12 illustrates

FDD transmission aided by RIS.

3.2.5.3 Hybrid Duplexing

Hybrid duplexing is a technique that combines elements of both TDD and FDD to

providemore flexibility in how frequency and time resources are utilized. With an

adaptive approach, the RIS in such a system can modify its characteristics accord-

ing to the particular combinations of time and frequency.

Figure 3.10 A scenario of TDD
communication employing the
same set of phase shifts for UL
and DL at RIS and a reciprocity-
constrained mode at UE.

RIS

RIS

User 1

Slot N

Slot N + 1

BS

User 1BS

DL reflection from RIS

towards UE

UL reflection from RIS

towards BS using same set

of beams
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Figure 3.11 A scenario of
TDD communication using a
separate set of phase shifts for
UL and DL at RIS and a
reciprocity-non-constrained
mode at UE.
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Figure 3.12 RIS-aided FDD transmission.

3.2.5.4 Full-Duplex (FD)

Simultaneously, transmitting and receiving are possible with FD communication

on the same frequency. In FD systems, RIS can help reduce self-interference,

which enhances simultaneous bidirectional communication performance overall

[6, 9, 57, 58]. An illustration of FD mode RIS communicating with one BS and

two UEs is shown in Figure 3.13.
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Figure 3.13 A scenario of the FD mode at RIS.

3.2.5.5 Dynamic Duplexing with RIS

RIS technology enhances duplexing’s adaptability by continuously adjusting its

reflecting properties based on communication requirements. This means that RIS
can adapt to changing channel conditions by optimizing reflections to enhance

signal quality during UL or DL transmission.

3.3 EM Analysis of RIS

Let us consider a communication system aided by RIS in which there is an

obstructed LoS path between the UE and the BS, as depicted in Figure 3.14.

Compared to sub-6GHz bands, mmWave technology has substantially fewer

multipaths because of its high transmission frequency. The RIS with N units
is positioned on the y–z plane of a Cartesian coordinate system. We assume

that the bottom left corner of the RIS aligns with the origin of the coordinate

system. A uniform planar array (UPA) with NC columns and NR rows is used to
model the RIS. Each element has an area of Au = Sr × Sc, where the horizontal

and vertical spacing between elements are denoted by Sr and Sc, respectively.

For every reflecting element, Hu is the gain and G(𝜐, 𝜙) is the radiation pattern

of normalized power. Here, 𝜐 is the zenith angle and 𝜙 is the azimuth angle,
respectively.

Gt
i
= G
(
𝜐t
i
, 𝜙t

i

)
is the radiation pattern of normalized power from the ith reflect-

ing unit of the RIS to BS andGr
i
= G
(
𝜐r
i
, 𝜙r

i

)
is the radiation pattern of normalized

power from the ith reflecting unit of the RIS to the UE. Here, 𝜐t
i
, 𝜙t

i
, 𝜐r

i
, and 𝜙r

i
are
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Figure 3.14 RIS-aided wireless transmission.

the respective zenith and azimuth angles. The vectors 𝜂 =
[
𝜂1, 𝜂2,… , 𝜂i,… , 𝜂N

]
,

𝜂i ∈ [0, 2𝜋), and 𝜇 =
[
𝜇1, 𝜇2,… , 𝜇i,… , 𝜇N

]
, 𝜇i ∈ [0, 1] denotes phase shift and

amplitude of RIS’s reflection coefficient. The reflection coefficients of the RIS,
denoted by Φ ∈ ℂ

N×1 is expressed as,

Φ =
[
𝜙1,… , 𝜙N

]T
(3.5)

= [𝜇1e
j𝜂1 ,… , 𝜇ie

j𝜂i ,… , 𝜇Ne
j𝜂N ]T

where 𝜙i = 𝜇ie
j𝜂i is the reflection co-efficient of the ith reflecting unit.

Cui et al. [59] focused predominantly on LoS connections, which are notably
more robust compared to othermultipath elementswithin themmWave spectrum,
linking the transceivers and the RIS. They posit a scenario where the UE and the
BS each possess a single antenna, maintaining broad applicability. However, the
suggested methodology readily lends itself to accommodating scenarios involving
multiple antennas for both the BS and UE. The channel between the ith reflecting
component and the BS is characterized as per (3.6) [59].

gi =

√√√√AuG
tx
i
Gt
i

4𝜋l2
t,i

e
−j2𝜋lt,i

𝜆 (3.6)

Here, 𝜆 is the wavelength, Gtx
i
= Gtx

(
𝜐tx
i
, 𝜙tx

i

)
is the transmit antenna’s radiation

pattern from the BS to the ith RIS unit. 𝜐tx
i
and 𝜙tx

i
are the respective zenith and

azimuth angles, and lt,i is the distance between the BS and the ith RIS component.
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The channel vector between BS and the RIS, g ∈ ℂ
N×1 is expressed as,

g =
[
g1,… , gN

]T

=

⎡
⎢⎢⎣

√√√√AuG
tx
1 G

t
1

4𝜋l2t,1
e

−j2𝜋lt,1
𝜆 ,…… .,

√√√√AuG
tx
NG

t
N

4𝜋l2t,N
e

−j2𝜋lt,N
𝜆

⎤
⎥⎥⎦

T

(3.7)

The channel for ith RIS unit to UE is expressed as,

hi =

√√√√Ar G
rx
i
Gr
i

4𝜋l2
r,i

e
−j2𝜋 lr,i

𝜆 (3.8)

Here, Ar is the receiving antenna aperture, G
rx
i
= Grx

(
𝜐rx
i
, 𝜙rx

i

)
is the normalized

radiation pattern of the UE antenna to the RIS’s ith reflecting unit. 𝜐rx
i
and 𝜙rx

i
are

the zenith and azimuth angles of UE, and lr,i is the distance between the UE and

RIS’s ith reflecting unit.

Based on (3.8), the LoS component between the UE and the RIS is expressed as:

h =
[
h1,… , hN

]T

=

[√
Ar G

rx
1 G

r
1

4𝜋l2r,1
e

−j2𝜋 lr,1
𝜆 ,…… ,

√
Ar G

rx
NG

r
N

4𝜋l2r,N
e

−j2𝜋 lr,N

𝜆

]T
(3.9)

From (3.7) and (3.9), the cascaded BS-RIS-UE channel is presented as:

𝜔 =
((√

Hrh
)
⊙
(√

Htg
))T (√

HuΦ
)

=
√
HrHuHt(h ⊙ g)T Φ

=

√
HrHuHtArAu

4𝜋

N∑
i=1

√
G̃𝜙i

lt,i lr,i
e

−j2𝜋(lt,i + lr,i )

𝜆 (3.10)

Here, Ht and Hr denote transmit and receive antenna gain and G̃ = Gtx
i
Gt
i
Grx
i
Gr
i

is the effect of normalized radiation pattern on the received signal.

The signal received at the UE is

y = Λs + 𝜔 (3.11)

where s is the BS’s transmitted signal and 𝜔∼C𝒩 (0,No) is the noise at the UE

with variance No.

Substituting (3.10) in (3.11) gives

= s

√
HrHuHtArAu

4𝜋

N∑
i=1

√
G̃𝜙i

lt,i lr,i
e

−j2𝜋(lt,i + lr,i )

𝜆 + 𝜔 (3.12)
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To maximize the strength of the UE’s received signal power Ps, the reflection
coefficient vector 𝚽 is generated using the estimated channel state information
(CSI). The problem can be formulated as:

𝚽̌ =
argmax

𝚽

{|(h ⊙ g)T 𝚽|2} (3.13)

For perfect CSI, the optimal reflection coefficient of the ith unit is

Φ̌i =
h∗
i
g∗
i

|higi|
, i = 1,… ,N (3.14)

The process of estimating CSI is challenging because of the numerous RIS units
and the absence of signal processing at RIS.

3.4 Impact of Mutual Coupling in RIS

This section highlights the impact of mutual coupling in the design consider-
ations for RIS. Mutual coupling refers to the unintended interactions among
individual RIS elements inherent to RIS technology. Although each component
is designed to manipulate radio waves independently, their proximity to one
another can impact their EM behavior [60]. Mutual coupling significantly affects
the performance of communication and localization systems and algorithmic
design considerations [61].
The EM emissions from one element can alter the reflection characteristics of

neighboring elements that are in close proximity. This interference disrupts the
intended reflection pattern and can also impact the directivity of the system. Fur-
thermore, signal quality deteriorates due to undesirable reflections and leakage
between elements. Designing a model becomes more complex based on factors
such as the number of radiating elements, the precision required, and the compu-
tational resources available. This coupling phenomenon results in notable energy
losses, ultimately diminishing system efficiency.
Mutual coupling links the impedance of one element with that of its neigh-

bors. To achieve more consistent and reliable RIS performance, it is crucial to
anticipate and address the effects of mutual coupling during the design phase,
employing advanced modeling and simulation tools [62]. While increasing the
spacing between elements can reduce mutual coupling, space limitations may
make this impractical. Various strategies can be implemented to mitigate mutual
coupling, such as incorporating isolation structures between elements or utilizing
metamaterial designs. Utilizing more precise models that accurately account
for mutual coupling can optimize RIS design and configuration, minimizing its
adverse impact on performance. By carefully designing the RIS layout to increase
spacing between elements and selecting appropriate metamaterials, the effects of
mutual coupling can be mitigated.
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3.5 Impact of Spatial Correlation in RIS

In the realm of wireless communication, spatial correlation refers to the similarity
in fading behaviors among different antenna elements due to their proximity to
each other in space. The correlation among the elements of the RIS can signifi-
cantly influence the overall performance of the system. Intense spatial correlation
can lead to coherent signal cancellation or merging at the receiver, potentially
affecting the signal’s amplitude and quality upon reception. Additionally, the oper-
ating frequency plays a crucial role in spatial correlation.Higher frequencies, char-
acterized by shorter wavelengths and less spatial variation, tend to exhibit higher
correlations. Spatial correlation influences various aspects of RIS performance,
including channel modeling, beamforming, diversity, and channel estimation.
Understanding spatial correlation is essential for developing effective

signal-processing techniques and configuring RIS setups. This knowledge
serves as the foundation for channel modeling in THz and mmWave commu-
nication [63]. The channel model relies on factors such as the dimensions of
the RIS surface, operating frequency, spacing between RIS elements, as well
as correlation matrices, path loss, and fading effects. Geographical correlation
enables RIS elements to concentrate and steer incoming signals. However, the
closely coupled nature of RIS elements, akin to a single large reflective surface,
can limit beamforming accuracy [64]. When RIS elements exhibit high spatial
correlation due to similar properties, the overall diversity of the received signal
is diminished (Liu et al., 2023) [65]. This reduction in signal diversity adversely
affects the system’s ability to combat channel fading [66].
Introducing randomness into the placement of RIS elements can effectively

reduce spatial correlation within signal paths, as suggested by Sun and Yan
[67]. Moreover, incorporating metamaterials and engineered materials with
specific EM properties into RIS design offers control over spatial correlation, as
suggested by Shamsuri Agus et al. [68]. Adaptive algorithms capable of correcting
reflection phase shifts can also influence spatial coherence, as noted by Tu et al.
[69]. Additionally, techniques such as geographic filtering and precoding can be
employed to mitigate the effects of correlation and further enhance RIS system
performance.

3.5.1 Performance Analysis of RIS-Assisted Wireless Communication

Systems with Spatial Correlation

The RIS-assisted communication system with spatial correlation is shown in
Figure 3.15. The N RIS elements are tightly packed and arranged in the planar
rectangular structure with R rows and C columns. There is no direct path between
the source and destination. Both the source and destination is assumed to have
single antennas. The spacing between the elements in rows and columns are
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Figure 3.15 Spatial correlation in RIS-assisted communication.

represented by Sr and Sc, respectively. It implies that the area of the planar

rectangular structure is AR = NSrSc. Assume that, the RIS structure is in y–z

plane with azimuth angle 𝜙 and elevation angle 𝜃. The RIS structure has NR meta

surface elements in each row and NC meta surface elements in each column and

N = NRNC. Then, the two dimensional position vector of ith RIS reflecting meta

surface element is given by,

ui[yi, zi] =
[
mod(i − 1,NR)Sr , ⌊(i − 1)∕NR)⌋Sc

]
(3.15)

The array response vector of the RIS structure is given by,

a(𝜙, 𝜃) =
[
1, exp

(
j
2𝜋
𝜆
[cos(𝜃) cos(𝜙), sin(𝜃)]uT2

)
,… ,

exp
(
j
2𝜋
𝜆
[cos(𝜃) cos(𝜙), sin(𝜃)]uTN

)]
. (3.16)

The spatial correlation is introduced in the RIS planar structure when the reflect-

ing elements in the RIS are tightly packed. The spatial correlation between the

array response vectors of ith and jth elements is given by,

Rij = E[a(𝜙i, 𝜃i)a
H(𝜙, 𝜃)] = sin c

(2||ui − uj||
𝜆

)
,

i = 1, 2,… ,N; j = 1, 2,… ,N. (3.17)

The spatial correlation coefficient values are shown in Figures 3.16–3.18 for

inter-element spacing of 0.04𝜆, 0.1𝜆, 0.5𝜆, respectively, between the reflecting

elements in the RIS structure. Substituting equation (3.17), the correlation matrix
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is given by,

R =

⎡⎢⎢⎢⎢⎣

1 R1,2 R1,3 · · · R1,NR

R2,1 1 R2,3 · · · R2,NR

⋮ ⋮ ⋮ · · · ⋮

RNR,1
· · · · · · · · · 1

⎤⎥⎥⎥⎥⎦
(3.18)

The level of spatial correlation in the RIS structure is determined by the diversity

factor of R, which is given by,

D(R) =
[tr(R)]2

tr(R2)
=

[tr(R)]2

||R||2F
(3.19)

If the RIS structure has no spatial correlation, then the diversity factor is maxi-

mum at N. The diversity factor is unity for full spatial correlation among the RIS

elements in the structure. The channel between the source and destination has

P resolvable independent paths and the channel coefficients hi, i = 1, 2,… ,P are

independent and identically distributed. It implies that there is no spatial correla-

tion in the channel between the source and destination. Then, the channel impulse
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Figure 3.17 Spatial correlation coefficient values of RIS with N = 64 and element
spacing of 0.1𝜆.
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response is defined as,

h =
1√
p

P∑
i=1

hia(𝜙i, 𝜃i) (3.20)

The N × 1 channel impulse response vector between the N elements of RIS struc-
ture and destination is given by,

h =
[
𝛼1e

j𝜉1 ,… , 𝛼Ne
j𝜉N
]T

(3.21)

The magnitude components 𝛼i, i = 1, 2,… ,N are modeled as Rayleigh distributed

withmean
√
ScSr𝜋

2
and variance ScSr

(
4−𝜋

4

)
. Assume that the transmit symbol s has

unit average energy and drawn from scalar constellation at the source. The receive
signal at the destination is given by,

y =
√
Esh

TΦs +𝑤 (3.22)

where Es is the symbol energy at the source. 𝚽 is a N × 1 vector represents the
phase shift introduced at the RIS elements.

𝚽 =
[
ΦT
1 ,Φ

T
2 ,… ,ΦT

NR

]T
(3.23)

Let Φi be the Nc × 1 vector represents the phase shift introduced by the RIS ele-
ments in the ith row of the RIS planar structure,

Φi =
[
e j𝜂(i−1)NR+1,… , e j𝜂(i−1)NR+NC

]T
, i = 1, 2,… ,NR (3.24)

Let 𝜌 =
Es
N0
. The instantaneous signal-to-noise ratio (SNR) is given by,

𝛾 =
Es
|||
∑N

i=1 𝛼ie
j(𝜉i−𝜂i)|||

2

N0

= 𝜌
|||
N∑
i=1

𝛼ie
j(𝜉i−𝜂i)|||

2
(3.25)

Let A = |∑N
i=1 𝛼ie

j(𝜉i−𝜂i)|. When the inter-element spacing is 𝜆

2
in the RIS structure,

the diversity factor D(R) = N if the elements are arranged as uniform linear array
(ULA). According to central limit theorem (CLT), A is modeled as Gaussian dis-

tributedwithmean 𝜇 = N
√
Sc𝜋

2
and variance 𝜎2 = NSc

(
4−𝜋

4

)
. However, in the pla-

nar structure with inter-element spacing of 𝜆

2
, the diversity factorD(R) is less than

N. In planar structure, whenN is large, A can be modeled as Gaussian distributed

random variable with mean 𝜇 = N
√
ScSr𝜋

2
and variance 𝜎2 =

(
𝟏NR𝟏

T
N

)
ScSr

(
4−𝜋

4

)
,

where 𝟏N is N × 1 ones vector. This is applicable only when the number of inde-
pendent summands or diversity factor D(R) ≥ 8.
In the presence of spatial correlation in RIS structure, the diversity factor D(R)

decreases as the correlation level increases. In Thirumavalavan et al. [70], it is
experimentally analyzed and proved that A can be modeled as Rician distributed
when 6 ≤ D(R) < 8, as log-normal distributed when 1.25 ≤ D(R) < 6 and as
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Rayleigh distributed when 1 ≤ D(R) < 1.25. The distribution density fit for

NR = NC = 4 is shown in Figure 3.19.

If the RIS phase shifts are adjusted perfectly, the maximum instantaneous SNR

is given by (3.26), with reference to (3.25).

𝛾max = 𝜌
|||
N∑
i=1

𝛼i
|||
2
= 𝜌B (3.26)

3.5.1.1 Probability of Error Analysis When Diversity Factor (D(R) > 8)

When D(R) ≥ 8, B is Gaussian distributed and hence B2 is modeled as non-central

Chi-square distribution with one degree of freedom.

Assuming maximum likelihood (ML) symbol detection at the receiver, the sym-

bol error probability is given by:

Pe = NeQ
⎛
⎜⎜⎝

√
𝛾max d

2
min

2

⎞
⎟⎟⎠

(3.27)

where Ne is the number of nearest neighbors and dmin is the minimum Euclidean

distance in the scalar constellation fromwhich the symbol s is drawn.Using (3.26),

the average error probability is given by,

P̃e = ∫
∞

0
NeQ

⎛
⎜⎜⎝

√
𝜌Bd2

min

2

⎞
⎟⎟⎠
fB(b)db (3.28)
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The moment generating function (MGF) of the random variable B with mean 𝜇

and variance 𝜎2 is given by,

MB(s) =
[

1
1 − 2s𝜎2

] 1
2
exp

(
s𝜇2

1 − 2s𝜎2

)
(3.29)

Using alternate expression for Q function and the definition of the MGF, the aver-

age error probability ofM-ary PSK system is written as,

Pe =
Ne

𝜋 ∫
(M−1)𝜋

M

0

MB

(
−d2

min
𝜌

2sin2𝜃

)
d𝜃 (3.30)

Using (3.29), the MGFMB

(
−d2

min
𝜌

2 sin2𝜃

)
is given by,

MB

(
−d2

min
𝜌

2sin2𝜃

)
=

⎡⎢⎢⎢⎢⎣

1

1 +
d2
min

𝜎2𝜌

sin2𝜃

⎤⎥⎥⎥⎥⎦

1

2

exp

⎛⎜⎜⎜⎜⎝

−d2
min

𝜇2𝜌

2sin2𝜃

1 +
d2
min

𝜎2𝜌

sin2𝜃

⎞⎟⎟⎟⎟⎠
(3.31)

Substituting for (3.31) and the values of 𝜇 and 𝜎2, the average error probability for

M-PSK system is given by,

Pe =
Ne

𝜋 ∫
(M−1)𝜋

M

0

⎡⎢⎢⎢⎢⎢⎣

1

1 +

(
2d2

min

(
𝟏NR𝟏

T
N

)
ScSr(4 − 𝜋)𝜌

4sin2𝜃

)

⎤⎥⎥⎥⎥⎥⎦

1

2

exp

⎛
⎜⎜⎜⎜⎝

−N2d2
min

ScSr𝜋𝜌

4sin2𝜃

1 +
2d2

min

(
𝟏NR𝟏

T
N

)
ScSr(4 − 𝜋)𝜌

4sin2𝜃

⎞
⎟⎟⎟⎟⎠
d𝜃 (3.32)

For BPSK, M = 2, Ne = 1, and dmin = 2. The maximum error occurs at 𝜃 =
𝜋

2
.

Hence, the upper bound average error probability of BPSK system is given by,

Pe ≤ 1
𝜋 ∫

𝜋

2

0

[
1

1 + 2
(
𝟏NR𝟏

T
N

)
ScSr(4 − 𝜋)𝜌

] 1

2

exp

(
−N2ScSr𝜋𝜌

1 + 2
(
𝟏NR𝟏

T
N

)
ScSr(4 − 𝜋)𝜌

)
d𝜃. (3.33)
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The upper bound error probability is given by,

Pe ≤ 1
2

[
1

1 + 2
(
𝟏NR𝟏

T
N

)
ScSr(4 − 𝜋)𝜌

] 1

2

exp

(
−N2ScSr𝜋𝜌

1 + 2
(
𝟏NR𝟏

T
N

)
ScSr(4 − 𝜋)𝜌

)
. (3.34)

3.5.1.2 Probability of Error Analysis When Diversity Factor (1 ≤ D(R) < 1.25)

In this case, A is fit to Rayleigh distribution. Then, the instantaneous SNR

𝛾max = 𝜌B is modeled as exponential distribution. The probability density

function (PDF) of B is defined as,

fB(b) =
1

b
exp

(
−
b

b

)
(3.35)

where b is average SNR. The MGF of B is determined as,

MB(s) = ∫
∞

0
fB(b) exp(−bs)db =

1

1 − sb
(3.36)

If the probability of error of the system isNeQ

(√
𝛾d2

min

2

)
= NeQ

(√
𝜌Bd2

min

2

)
then,

the average probability of error is given by,

Pe =
Ne

𝜋 ∫
(M−1)𝜋

M

0

MB

(
−
d2
min

𝜌

4sin2𝜃

)
d𝜃 (3.37)

Substituting (3.36), the average error probability of M-PSK system is given by,

Pe =
Ne

𝜋 ∫
(M−1)𝜋

M

0

(
1 +

bd2
min

𝜌

4sin2𝜃

)−1

d𝜃 (3.38)

For BPSK system,M = 2,Ne = 1, dmin = 2, b = N2𝜋

(𝟏NR𝟏TN)(4−𝜋)
, then the average prob-

ability of error is given by,

Pe =
1
2

(
1 −

√
N2𝜋𝜌

N2𝜋𝜌 +
(
𝟏NR𝟏

T
N

)
(4 − 𝜋)

)
(3.39)

3.5.1.3 Probability of Error Analysis When Diversity Factor (1.25 ≤ D(R) < 6)

In this case, A is log-normal distributed with mean 𝜇A =
N
√
ScSr
2

and variance

𝜎2A =
(
𝟏NR𝟏

T
N

)
ScSr

(
(4−𝜋)

4

)
. The corresponding PDF is given by,

fA(a) =
10

ln(10)
√
2𝜋a𝜎A

exp

(
−

(
10log10a − 10log10𝜇A

)2
20log10𝜎

2
A

)
(3.40)
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The instantaneous SNR is given by,

𝛾 =
Es
N0

A2 = 𝜌A2 = 𝜌B (3.41)

By probability theory,A2 = B is also log-normal distributedwithmean 𝜇B and vari-
ance 𝜎2B are as follows,

𝜇B = exp
(
2𝜇A + 𝜎2A

)

𝜎2B = exp
(
2𝜇A + 𝜎2A

) [
exp(𝜎2A) − 1

]
(3.42)

The PDF of B is given by,

fA(a) =
10

ln(10)
√
2𝜋b𝜎B

exp

(
−

(
10log10b − 10log10𝜇B

)2
20log10𝜎

2
B

)
(3.43)

If the probability of error of the system is NeQ
(
b𝜌d2

min

2

)
, then the average error

probability is given by,

Pe = Ne ∫
∞

0
Q

(
b𝜌d2

min

2

)
fB(b)db (3.44)

This integral can be expressed using Gauss–Hermite quadrature integration
[71, 72] and can be evaluated using MATLAB.

3.6 Results and Discussion

In this section, we delve into an EM analysis of RIS via simulations, probing the
influence of spatial correlation on the average probability of error performance.
Figure 3.20 represents the geometrical structure of a single RIS cell. The design

comprises a dipole antenna with a frequency of 7.125GHz (an upper 6GHz band,
which is a licensed band of 5G-NR FR1). A reflector behind the antenna can con-
trol the RIS’s periodicity by adjusting the width. The antenna tilt angle is adjusted
so the dipole becomes horizontal relative to the ground.
Figure 3.21 shows a rectangular array of RIS elements with dimensions 10 × 10.

Each cell in the meta-surface contains an antenna and reflector, with the horizon-
tal bowtie antenna functioning as an exciter and the reflector enhancing directivity
and gain. The spacing and dimensions of elements are designed based on thewave-
length of incident signals.
Figure 3.22 demonstrates the structure of infinite RIS. Instead of placing many

RIS elements, an approximation method for the infinite array concept is used for
simulation. The periodic Green’s function is used for the implementation, and the
accuracy of results depends on the number of terms. In the design, receiver direc-
tions are modified for specifying the scan angles.
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Figure 3.23 demonstrates the relation between the magnitude of the RIS reflec-

tion coefficient and the incident angle of signals. The RIS antennas are excited for

the plane waves for the simulation, and the corresponding direction and polar-

ization adjustments are performed. The incidence angle is varied between −30∘
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Figure 3.24 Reflection coefficient phase against incidence angle.

and +60∘ for the calculation. Results show that at 𝜃inc ≈ 8∘, the system has the

maximum reflection coefficient ≈ 0.5948.

Figure 3.24 demonstrates the relation between the phase of the RIS reflection

coefficient and the incident angle of signals. The result follows a parabolic shape

in which the phase of the reflection coefficient varies from ≈ −30∘ to ≈ 60∘.

The average probability of error with N = 64, 8 × 8 planar RIS with

inter-element spacing of Sc = Sr = 0.5𝜆, 0.3𝜆, 0.2𝜆, 0.1𝜆, 0.04𝜆 is shown in

Figure 3.25. It is observed that as inter-element spacing in the RIS ele-

ment decreases, the SNR requirement for achieving desired probability of

error increases. For example, the minimum SNR requirement for Pe = 10−4

are −26 dB, −21 dB, −16 dB, and −3 dB with the inter-element spacing of

Sc = Sr = 0.5𝜆, 0.3𝜆, 0.2𝜆, 0.1𝜆, respectively. The average probability of error with

N = 16, 4 × 4 and N = 64, 8 × 8 planar RIS with different diversity factors is

shown in Figure 3.26. The attainment of a BER of 10−4 necessitates an SNR of

approximately−26 dB for the planar 8 × 8 RIS setup with a diversity factor of 63.5.

Conversely, for the same planar configuration, reducing the spacing between RIS

elements leads to a reduced SNR requirement, with approximately −16 dB SNR
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needed for a diversity factor of 25.97, and a further decrease to about −3 dB SNR

for a diversity factor of 7.64. This trend is consistent across the planar 4 × 4 RIS

geometry as well.

3.7 Conclusions

This chapter offers a thorough exploration of the architecture, hardware design,

operational modes, and frequency bands pertinent to a variety of duplexing

techniques within RIS. Moreover, it delves into an EM analysis of RIS a pivotal

aspect involving the intricate study of EM wave interactions with the surface and

its constituent elements. This analysis encompasses understanding how the RIS

influences EM wave propagation, reflection, and scattering in its vicinity. It also

entails the detailed characterization of the EM properties of the surface materials

and structures, including their impedance, phase response, and radiation pattern.

Additionally, the chapter presents a mathematical model that characterizes

the gain of both transmit and receive units within the RIS setup. This model

serves to elucidate the performance capabilities of the RIS in manipulating EM

signals. Furthermore, the chapter extends its analysis to model the channel

characteristics and reflection coefficients of individual elements within the RIS,

providing insights into signal behavior and interaction dynamics.

Moreover, it investigates the effects of mutual coupling and spatial correlation

on the performance of RIS. The derived expressions for average error probability

under spatial correlation conditions demonstrate a clear trend: error rates escalate

with increasing spatial correlation. These factors are crucial in shaping signal

propagation and reception within the RIS environment. The chapter not only

identifies these potential challenges but also explores mitigation strategies to opti-

mize RIS performance under various operating conditions. By comprehensively

addressing these aspects, the chapter contributes to a deeper understanding of RIS

functionality and its implications for next-generation wireless communication

systems.

The analysis of EM waves in RISs holds great promise for advancing

our understanding and use of this transformative technology in various

domains. This includes advanced modeling, optimization algorithms, material

innovation, experimental validation, integration with artificial intelligence

and ML, identifying cross-disciplinary applications, standardization, and

regularization. Overall, the future scope of EM analysis of RISs is vast and

multifaceted, offering numerous opportunities for innovation, collaboration,

and societal impact across a wide range of applications.
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4.1 Introduction

Wireless communication has evolved rapidly over the past few decades, with new

technologies and standards aimed at improving spectral efficiency (SE), data rates,

and quality of service (QoS). With the advent of fifth-generation (5G) networks

and the beyond-5G (B5G) and sixth-generation (6G) networks, there is a need for

innovative solutions that can meet the growing demands for connectivity. One of

the promising technologies in this scenario is the reconfigurable intelligent surface

(RIS), which has the potential to transform the propagation environment into an

ally to improve the performance of the communication system.

RIS are flat surfaces composed of passive elements that can reflect radio waves

in a controlled manner, changing the phase and amplitude of the reflected

signal. This ability to shape radio waves enables the optimization of the wireless

communication scenario, improves SE, and providing significant gains in terms

of data rates and QoS. Moreover, RIS can be integrated into existing networks,

offering a low-cost solution to enhance the performance of 5G and 6G networks.

One of the main challenges in 5G and 6G networks is using millimeter-wave

(mm-Wave) frequencies and beyond, which can provide higher data rates and

capacity compared to lower frequencies. However, these higher frequencies are

more susceptible to blockage and absorption by obstacles such as buildings,

vehicles, trees, and others. This significantly degrades the signal quality and,

consequently deteriorates the communication link between users and the base
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station (BS). Additionally, electromagnetic theory establishes that an increase
in carrier frequency correlates with an enhanced attenuation of electromagnetic
waves. Consequently, this underscores that mmWave frequencies exhibit shorter
propagation ranges than those transmitted at sub-6GHz frequencies. The RIS
technology application can play a crucial role in mitigating these challenges
by intelligently reflecting and shaping the radio waves, thereby improving the
propagation environment and ensuring a reliable communication link, even in
the presence of obstacles [1, 2].

4.1.1 Related Work

Wireless communications have marked a significant leap with RIS technologies,
promising enhanced data rates and signal quality by manipulating electromag-

netic waves across N RIS elements. Thus, we review several studies exploring

optimization problems to maximize QoS, showcasing RIS technology’s broad

applicability and potential. The work [3, 4] studies applications with the passive

beamforming (PBF) optimization on the N RIS elements. de Souza Junior and

Abrao [3] presents the performance RIS-assisted cooperative non-orthogonal

multiple access (NOMA) systems. It focuses on systems where two users are

paired, with RIS phases optimized to enhance the signal for a device at the cell

center, acting as a full-duplex relay to assist a device at the cell edge. The work

[4] proposes schemes closed form solution’s performance while offering much
lower computational complexity. This makes the schemes particularly suitable
for real scenarios where the scalability and optimality of RIS configurations are
crucial. The paper’s contributions offer a general framework for configuring
RIS elements efficiently, improving the deployment of RIS in future wireless
networks to meet the increasing demand for high data rates. In contrast, the work
[5] delves into the development and evaluation of a joint optimization strategy
for beamforming RIS phases and power allocation aimed at maximizing the
minimum signal-to-interference-plus-noise ratio (SINR) in an uplink (UL) com-
munication system augmented by RIS, i.e., a conventional max–min optimization
problem. Similarly, the [6] applies max -min strategies on a system’s downlink
(DL) scenario, specifically highlighting the performance of STAR-RIS-assisted

M-MIMO systems under hardware impairments. The work [7] presents a com-

prehensive study on enhancing the performance of multiuser multiple-input

single-output (MISO) wireless communication systems by applying RIS. The

study focuses on optimizing all users’ weighted sum rate (WSR) by jointly design-

ing the beamforming at the access point and the phase adjustments of the RIS

elements. The proposed problem enables the manipulation of electromagnetic

waves, offering a promising approach to achieving a programmable wireless
environment. Table 4.1 compares recent works with the topics discussed in this
chapter, highlighting differences in channel and carrier considerations and the
proposed optimization problems.



Table 4.1 Related work that addresses current open issues in channel conditions, with optimization problems for QoS in wireless
communication systems.

References Channel Carrier

Optimization

problem Observations

de Souza Junior
and Abrao [3]

Nakagami-m Sub-6GHz PBF This work offers an insightful overview of the Nakagami-m
channel with optimal PBF on the N RIS elements within
cooperative NOMA systems.

Sun et al. [4] Generic (not
specified)

Generic (not
specified)

PBF This work presents analytical solutions to optimization
problems. However, it lacks specific carrier details, and the
channel information is described broadly without detailing
potential statistical channel conditions.

Subhash et al. [5] Rice mmWave Max–min
problem

Provide an interesting overview of RIS with mmWave
carrier and a closed-form formulations, but limited to Rice
channel.

Papazafeiropoulos
et al. [6]

Rayleigh Sub-6GHz Max–min
problem

Offers an interesting overview of STAR-RIS, including
analytical formulations, yet its scope is limited to Rayleigh
channels and sub-6GHz carrier frequencies.

Guo et al. [7] Rayleigh and Rice Generic (not
specified)

Sum rate
problem

This work aims to address the analytical formulation of the
N RIS elements to maximize the weighted sum rate (WSR)
in a MISO multiuser DL scenario. However, details
regarding carrier frequencies, as well as near-field and
far-field conditions, are not provided.

This Chapter Rayleigh, Rice,
Nakagami-m, 𝛼–𝜇,
and 𝜅–𝜇

Sub-6GHz and
mmWave

PBF, Max–min
and sum rate
problems

Our work offers a comprehensive overview of various
channel conditions, employing both sub-6GHz and
mmWave carrier conditions, and conducting a thorough
comparison among the optimization techniques discussed
in the literature, alongside the naive local search (NLS)
method, to address the max–min and sum rate problems.
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4.1.2 Contributions

This book chapter delves into the analysis of Massive MIMO (M-MIMO) sys-

tems assisted by RIS, focusing on performance and computational complexity

through extensive simulations in multiuser UL scenarios. It highlights the

potential of RIS-aided M-MIMO systems for future generations of wireless

mobile communications systems, exploring various fading channels, multiuser

combiners/precoders, and optimization methods to enhance reliability and

coverage, impacting the SINR, SE, and outage probability (OP). It also details

strategies for positioning user equipment in static and dynamic configurations

for its subsequent analysis. In this manner, we integrate several well-established

concepts from the literature to offer a thorough and valuable analysis, paving

the way for novel results, studies, and insights for the RIS-aided M-MIMO

communication systems. Table 4.2 summarizes our key findings results discussed

in Section 4.4, incorporating insights and observations.

4.1.3 Organization

This chapter is organized into five key sections that comprehensively cover

various aspects of RIS-aided M-MIMO systems. Section 4.2 related reviews

M-MIMO concepts and technologies, emphasizing their important role in current

and future wireless networks. Besides, we revisit the concepts of active beam-

forming and outline the understanding of near-field and far-field regions, their

transition, and their applications in wireless communication systems. Next, we

explore various statistical channel models applied in analyzing and designing

wireless communication systems, such as Rayleigh, Rice, Nakagami-m 𝜅–𝜇, and

𝛼–𝜇 distributions. We summarize recent studies on applying RIS to enhance

massive multiuser MIMO systems, showcasing the state-of-the-art technology in

this rapidly evolving field.

Section 4.3 describes the system setup for RIS-aided M-MIMO communication

systems, encompassing the BS, the RIS, and multiple UEs with a single antenna

sharing the channel. We then discuss performance metrics related to QoS, such as

SINR, SE, and OP, used to evaluate the RIS-aided M-MIMO systems. This section

also covers the searchmechanisms employed to identify optimal configurations of

RIS elements, aiming to maximize system performance. Furthermore, we address

the optimization problems formulated within this section, which are designed to

enhance the QoS performance.

In Section 4.4, both the dynamic and static scenarios are explored. Within such

scenarios, four analyses are conducted, offering deep insights into RIS-aided

M-MIMO channel modeling and with different carrier frequencies (including

sub-6GHz and mmWave), and the strategies employed through optimization



Table 4.2 The key summarized results and observations of this chapter, comprising channel models, optimization problems, and carrier
frequencies for RIS-Aided M-MIMO systems.

Scenario

Channel model

UEs-RIS

Optimization

problem

Carrier

frequency Description

Dynamic UEs
positions

Rayleigh PBF, NLS 1GHz An example demonstrating the efficient operation of
RIS-aided M-MIMO systems with dynamical UEs
positions, using sub-6GHz carriers and considering the
lower bound channel conditions.

Dynamic, with
different channels

Rayleigh, Rice,
Nakagami-m, 𝛼–𝜇,
and 𝜅–𝜇

PBF 1GHz The first results introducing the statistical 𝛼–𝜇 and 𝜅–𝜇
channel models for RIS-aided M-MIMO systems.

Static, with UEs
uniformly
distributed

Rayleigh PBF, NLS 60GHz A specific example illustrating enhanced QoS through
sum rate optimization compared to the max–min
optimization approach. Additionally, demonstrate how
the highest carrier damages the QoS with the distance.

Static, with UEs
equally spaced
from RIS but with
different angles

Rayleigh PBF, NLS 30GHz An example demonstrating the efficient operation of
RIS-aided M-MIMO systems with static and equally
spaced UEs positions relative to RIS, as well as using
mmWave carriers and considering the lower bound
channel conditions.
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problems to enhance the QoS performance. The analyses described include

dynamic scenarios, dynamic scenarios with different channel models, static

scenarios with UEs uniformly distributed, and static scenarios with UEs equally

spaced from RIS but with different angles. Each setup provides a unique

perspective on the system’s efficacy under varying conditions.
Finally, Section 4.5 concludes the chapter by synthesizing the findings, and

highlighting the enhancement in wireless communication systems’ performance

due to RIS deployment. This section discusses the challenges and opportunities

in optimizing RIS-aided M-MIMO systems, the adaptability of RIS technology

to various user configurations, and its potential to meet diverse communica-

tion needs efficiently. Moreover, it offers insights into the proposed model’s

limitations and outlines future research directions, including exploring new

steering vectors, addressing different multipath channels, and optimizing energy

efficiency.

4.2 Fundamental Concepts

This section delves into the core concepts, physical theories, statistical channels,

and technological properties well documented in the literature. Our presentation

of these topics will be thorough, methodically structured, and interrelated

to ensure they collectively enhance understanding. Our objective is to furnish

a holistic and valuable resource for researchers and professionals in the field,
thereby deepening theoretical and practical insights into RIS technology. The sub-

jects in this section include active beamforming techniques, the principles and

practical implementation of near-field communication channels, the examination

and utilization of statistical channel models, and an overview of RIS technology,

including its operational modes and system models.

4.2.1 MIMO

MIMO stands for multiple input multiple output, a wireless technology whose

central development was in the third generation with the promise to improve the

communication performance of wireless communications systems significantly.

Here’s a brief explanation of this technology.

The MIMO system involves multiple antennas at both the transmitter and

receiver of a wireless communication system. The core idea is to increase the

capacity of a radio link using multiple antennas in the transmitter and receiver.

Additionally, MIMO systems allow the transmission of multiple data streams

simultaneously over the same radio frequency channel. This can significantly

increase the network’s data throughput without additional bandwidth or
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BS

UE1

UE2

Figure 4.1 MIMO system. Source: The Authors.

increased transmit power. It enhances the reliability of wireless communications

by providing multiple paths for data to reach its destination, reducing the

likelihood of dropouts or signal degradation.

This technology allows the systems to utilize two main techniques: spatial

diversity and spatial multiplexing. The first improves signal robustness by sending

redundant data across different paths. On the other hand, spatial multiplexing

increases channel capacity by transmitting different data streams on different

antennas simultaneously.

Figure 4.1 illustrates twoUEs and a BSwithmultiple antennas sharing the chan-

nel in a communication system. This configuration is technically known asMIMO

systems, which involves the use of multiple antennas at both the transmitter and

receiver ends [8].

To summarize, MIMO represents a significant advancement in wireless com-

munication technology. It allowsmore data to be transmitted at higher speeds and

with greater reliability, making it a foundational technology in modern wireless

infrastructure.

4.2.1.1 Massive MIMO

The evolution to M-MIMO was an extension of MIMO, addressing new technolo-

gies and techniques. TheM-MIMO ismainly envisioned for advanced 5Gnetworks

and beyond. Its ability to handle numerous simultaneous connections robustly

makes it ideal for densely populated urban areas and applications requiring high

data throughput and capacity.

Figure 4.2 illustrates an M-MIMO system with k UEs sharing the channel with

one BS with multiple antennas.

In essence, the M-MIMO is a wireless technology that involves equipping

BS with many antennas so that multiple users can share the channel simul-

taneously. This setup increases several wireless communications systems’
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UE1

BS

UE2

UEk

Figure 4.2 M-MIMO system. Source: The Authors.

spectral and energy efficiency, significantly improving data throughput and

connection reliability.

Technical aspects of M-MIMO systems use simple linear processing techniques

like matched filter (MF) precoding and combining, which become increasingly

effective as the number of antennas grows. The technology leverages the large
number of degrees of freedom provided by themassive antenna arrays for efficient
signal processing. At the heart of M-MIMO are the large antenna arrays. Unlike
conventional MIMO, whichmay use a handful of antennas, M-MIMO can employ
hundreds of antennas at a single BS. This allows for simultaneous communication
with many users, enhancing the network’s capacity. Another critical feature of
M-MIMO is that user devices, like smartphones, tablets, or other wireless devices,
are typically equipped with a single antenna. This practical and cost-effective
setup makes it well-suited for most mobile devices. The core of this chapter is to
explore scenarios with spectrum sharing with Beamforming techniques presented
in Section 4.2.1.3.
Therefore, using many antennas increases the throughput and capacity, but the

system’s complexity also grows significantly. This leads to higher costs, power
consumption, and more sophisticated signal processing requirements [9].

4.2.1.2 Particular Cases

In this chapter, the system under simulation exemplifies a distinct category

within M-MIMO systems, emphasizing the single input multiple output (SIMO)

multiuser UL system and MISO multiuser DL system. Their respective setup is

presented below.
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In an SIMO multiuser UL system, each user (or device) has a single

antenna (single input), while the BS has multiple antennas (multiple out-

puts). This configuration is typical in UL scenarios, where multiple users transmit

signals to a single BS. The BS uses multiple antennas to receive these signals,

potentially employing techniques like diversity reception to enhance signal

quality.

Conversely, in theMISOmultiuser DL system, the BS uses its multiple antennas

(multiple inputs) to transmit signals to users, each of whom has a single antenna

(single output). This is a typical DL scenario. Here, techniques like beamform-

ing are often used to improve transmission efficiency and signal quality for each

user [9].

Additionally, it is paramount to note that the system model presented in this

paper have also the RIS added aiming to reflect the signal between the BS and

devices, and the complete setup device-RIS-BS is given in Section 4.3.1.

4.2.1.3 Beamforming

Beamforming is an advanced technique that shapes the radiation patterns of an

antenna array by effectively consolidating signals toward targeted users while

simultaneously nullifying signals from unwanted directions [10]. It involves the

intelligent combination of signals from multiple antennas to form a focused

beam toward the intended user. This process utilizes finite impulse response

(FIR) filters, which are advantageous due to their adaptive weight adjustment

capabilities, enabling optimal beamforming configurations. When applied in

extensiveMIMO systems, beamforming brings several key benefits. These include

significantly improved aspects, such as better SE and energy efficiency, height-

ened security within the system, and suitability for use in mmWave frequency

bands. These aspects are detailed as follows:

● Improving SE: In M-MIMO systems, beamforming enhances SE through

carefully controlling UL and DL signals, using training sequence information,

and improving signal quality. This is achieved by deploying large arrays of

beamforming antenna elements at BSs, combined with coherent precoding and

detector processing;

● Improving energy e�ciency: The beamforming technique applied in

M-MIMO systems can contribute to energy savings by reducing the power

needed to send signals to specific users, thus reducing power consumption.

This aspect of energy efficiency is crucial for future wireless communication

systems. Additionally, beamforming techniques can optimize the efficiency of

antenna elements in M-MIMO systems, improving power consumption and

performance. This optimization ensures that the energy efficiency remains

consistent regardless of the number of active antenna elements, leading
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to cost-effective and energy-efficient solutions. Optimizing beamforming

techniques, including power control, is essential to minimize power usage

at BSs;

● Improving systemsecurity:The application of beamforming inM-MIMOsys-

tems also enhances system security. This improvement comes from the ability of

beamforming to focus signals directly to specific users while minimizing leak-

age to other users. This focused transmission reduces the risk of eavesdropping

andmitigates the potential for interferencewith other devices. As a result, beam-

forming is a critical factor in securing wireless communication systems, partic-

ularly in environments where security and privacy are paramount;

● Suitability for mm-Wave frequencies: The applicability of beamforming

in mmWave frequency bands is a significant advantage. This technology is

particularly suited for mmWave bands because it can combat the high path

loss typically associated with these frequencies. Beamforming achieves this

by directing concentrated energy toward specific users, enhancing signal

strength and reliability. This property makes beam forming an integral part of

the deployment strategies for next-generation wireless networks operating in

mmWave bands.

4.2.1.4 Adaptive Beamforming

Adaptive beamforming techniques allow the system to dynamically adjust the

beam pattern based on user location and channel conditions, particularly in the

realms of wireless communications and radar systems. The “adaptive” aspect of

beamforming comes into play when the system automatically adjusts the phase

and amplitude of signals at each antenna element. This adjustment is based on

real-time assessments of the incoming signals in the environment.

This technique offers significant advantages, particularly in environments

where signal conditions are constantly changing. By dynamically adjusting the

array’s pattern, adaptive beamforming enhances the signal-to-noise ratio (SNR)

and signal-to-interference-plus-noise ratio (SINR), improving overall signal qual-

ity and making the systemmore efficient and reliable. This is especially beneficial

in wireless communication networks and radar systems, where maintaining

signal clarity and strength is crucial.

Certain fundamental beamforming techniques in M-MIMO systems, such as

MF, zero forcing (ZF), and minimum mean square error (MMSE), are important

for signal processing in multiuser contexts. They are crucial for BS on reception,

employing combiners, and on transmission, using precoders. These methods

enable the BS to effectively handle the intricacies of simultaneously catering to

multiple users, thereby enhancing signal quality and reducing interference. The

details of these beamforming techniques are outlined as follows [10].
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Matched Filter The MF beamforming technique utilized in receivers is maximum
ratio combining (MRC). It aims to achieve the highest attainable SNR for a
single-user setup. For multiusers setups, the MRC operates by amplifying the sig-
nal from a specific antenna while reducing interference from other antennas. This

method’s strength lies in its straightforward signal processing at the BS, coupled

with the optimization of SNR or SINR, which is particularly beneficial in systems

where prioritizing a single user is crucial. On the other hand, the disadvantage

arises in scenarios where multiple users are also crucial to the system. In such

cases, this technique falls short of adequately mitigating interference effects for
all users.
The maximum ratio transmission (MRT) share the same principle of MRC.

However, it is applied to the DL signal transmission in wireless communication
systems. Its primary goal is to maximize the SNR at the receiving device. This is
achieved by calibrating the phase and amplitude of signals transmitted from the
BS’s antennas. Such adjustments ensure that, upon reaching the receiver, these
signals combine to amplify the desired signal significantly.
In both cases, the technique employs the expression in Eq. (4.1) for

beamforming:

WMF = HH (4.1)

in which H is the channel and is a complex array, and (⋅)H is the Hermitian

operation.

Zero Forcing The ZF plays a significant role in M-MIMO systems, particularly

in the realms of combiners and precoders. The ZF technique is centered on

completely eliminating the multiuser interference. In the context of precoding,

this is achieved by estimating the orthogonal complement of interference between

users. It involves tailoring the transmitted signals so that, upon reception, the

interference among signals intended for different users is entirely eliminated.
In the realm of combiners, ZF assumes a comparable role, albeit in a reverse

manner. In this scenario, the technique processes the signals received at the
BS from various users. ZF functions to segregate these signals with the aim of
reducing or completely nullifying the interference among them. By identifying
and counteracting the interference observed across different users’ channels,
ZF facilitates the clearer extraction of each signal, free from distortion induced by
other concurrent signals. This enhancement markedly elevates the quality of the
received signal for each user in multiuser settings.
In both the ZF combiner and precoder, the expression for beamforming is

represented by the pseudo-inverse of the channel matrix, expressed in Eq. (4.2)

WZF = H (HHH)−1 (4.2)

in which (.)−1 corresponds to the inverse matrix operation.
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Minimum Mean Square Error This technique applies in combiners and precoders

andminimizes themean squared error between the transmitted and estimated sig-

nals. TheMMSEapproach considers both interference andnoise, aiming tofind an

optimal balance between them for a more accurate signal estimation. This objec-

tive is achieved using Eq. (4.3),

WMMSE = H(HHH + 𝜎2I)−1 (4.3)

in which 𝜎2 is the noise variance and I is the eye matrix. Be aware that for the

matrix operation to be valid, the dimension of I must match with a dimension

ofHHH .

4.2.2 Near-Field and Far-Field Communication

In the realm of 6G communication technologies, understanding the behavior of

electromagnetic fields around antennas becomes increasingly critical, especially

as we move towards employing larger antenna arrays and higher frequencies.

This shift necessitates a deeper exploration of the near-field and far-field regions,

concepts fundamental to antenna theory but taking on new significance in the

context of 6G’s advancements [11].

Historically, the division between near-field and far-field regions was deter-

mined by the Rayleigh distance, a formula derived from the antenna’s physical

dimensions and the wavelength of the electromagnetic waves it emits. This dis-

tance helps us predict whether the electromagnetic wavefront is located in the

near-field or far-field region. In the near-field region, the strength of electro-

magnetic interactions changes rapidly with distance, characterized by spherical

waves. In contrast, in the far-field region, the electromagnetic field becomes more

uniform and predictable, with propagation in the form of planar waves.

The Rayleigh distance (dr), calculated as dr =
2D2

𝜆
, in which D represents the

diameter of the antenna aperture or the size of the radiating element. It also serves

as a key metric for differentiating between the near-field and far-field regions,

highlighting its importance in electromagnetic wave propagation. Additionally,

the channel phase error caused by the far-field approximation can not exceed
𝜋

8
= 22.5∘.

Figure 4.3 illustrates a BS array transmitting signals represented by waves.

The spherical waves within the Rayleigh distance adheres to a power density

distribution that follows spherical coordinates. Conversely, the planar waves,

deemed far from the BS, are characterized by a simplified planar wavefront

transmission model.

The transition between the near-field and far-field regions is not abrupt but grad-

ual, complicating efforts to define where one ends and the other begins precisely.

Researchers have proposed various metrics to characterize this transition, looking
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Figure 4.3 The propagation of
spherical waves becoming planar after
the Rayleigh distance. Source: The
Authors.

Planar wavesSpherical waves

at phase and channel gain errors. These efforts reflect the growing recognition

of the near-field’s importance in 6G communication systems, where traditional

far-field models and assumptions may no longer apply. With earlier generations

of wireless technology, from 1G to 5G, the focuswas predominantly on the far-field

region. This was because the physical size of antenna arrays and the frequencies

used resulted in a near-field region thatwas relatively small, often extending only a

fewmeters or less from the antenna. Thismade far-field assumptions sufficient for

most communication system designs, as the complex interactions in the near-field

had minimal impact on the network’s overall performance.

However, the landscape changes dramatically with 6G. Using extremely large

antenna arrays and frequencies in the tens or hundreds of GHz range significantly

expand the near-field region, sometimes to hundreds of meters. This expansion is

not trivial, as the properties of the electromagnetic field in the near-field region

can drastically affect how signals are transmitted and received, introducing new

challenges and opportunities for system design.

Understanding and addressing the complexities of near-field communication in

6G networks requires a new system design and modeling approach. It calls for

innovative research to develop methods that accurately account for the unique

properties of the near-field, ensuring that the next generation of wireless networks

can fully leverage the potential of these advanced technologies.

Exploring this domain and understanding these concepts is essential in B5G

wireless communications. The differentiation between near-field and far-field,

previously considered, now holds significant practical relevance for developing

and functioning state-of-the-art networks. Therefore, this subsection delves into

the technique of near-field communication using a uniform linear array (ULA),

highlighting its technique application settings [11].
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4.2.2.1 The Steering Vector for MISO System

Consider a communication between a device and a BS with N antenna elements.

The steering vector expression describes the near-field channel model applied to

MISO systems as:

svn
(
r, sn
)
= e−i

2 𝜋

𝜆
‖r−sn‖ (4.4)

rewriting Eq. (4.4) in vector form

sv
(
sn, r

)
=
[
e−i

2 𝜋

𝜆
‖r−s−Ñ‖, e−i 2 𝜋

𝜆
‖r−s−Ñ+1‖, e−i 2 𝜋

𝜆
‖r−s−Ñ+2‖,… , e−i

2 𝜋

𝜆
‖r−sÑ‖]

(4.5)

In this context, ‖‖r − sn‖‖ represents a vector operation denoting the distance

from the device to the nth element of the array. Consequently, this value can be

accurately determined using vector operations in Cartesian coordinates as:

r − sn =
(
rx − sn, ry

)
(4.6)

where sn represents the distance from the nth element of the array to its center,

defined as sn =
𝜆

2
n, with n ∈ [−Ñ,Ñ] and N = 2Ñ + 1.

Figure 4.4 provides a geometric representation of a wireless communication

setup, in which a gray line denotes the distance between a user’s device and a

specific antenna element within a BS array. The length of this gray line symbolizes

the direct path distance, which is a crucial factor in calculating the steering vector

between a single antenna device and a BS array.

We assume that sn is aligned parallel to the x-axis. The term rx denotes the

projection of r onto the x-axis, while ry represents the projection of r onto

sn

θ

||r – sn||

r

Figure 4.4 A gray line depicting the distance between a device and an element from a
BS array. Source: The Authors.
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the y-axis, which is perpendicular to the array axis, thus

r − sn =
(
r cos(𝜃) −

𝜆n
2

, r sin(𝜃)
)

(4.7)

Applying the norm property in Eq. (4.7),

‖‖r − sn‖‖ =

√(
r cos(𝜃) −

𝜆n
2

)2
+ (r sin(𝜃))2 (4.8)

simplifying,

‖‖r − sn‖‖ =

√
𝜆2n2

4
− nr cos(𝜃) + r2 (4.9)

Thus, the near-field channel model vector for MISO systems can be generated

by distance provided in Eq. (4.9) into the vector presented in Eq. (4.5).

Additionally, it is essential to note that the far-field model is essentially a partic-

ular case of the near-field model, offering a more straightforward approximation.

However, in our simulation, we utilized the more general case of near-field

communication, representing both near-field and far-field communications.

4.2.2.2 The Steering Vector for MIMO System

Consider a communication between two arrays similar to the following figure.

Both array has M = 2M̃ + 1 and N = 2Ñ + 1 antennas elements, respectively.

Figure 4.5 provides a geometric representation of a wireless communication

setup, in which a gray line denotes the distance between a device array with N

elements and a BS array withM elements. The length of this gray line symbolizes

the direct path: the steering vector between two arrays.

sm

θ

r

sn

||r – sm – sn||

Figure 4.5 A gray line depicting the distance between two elements from parallel
arrays. Source: The Authors.
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In this case, the near-field channel model applied toMIMO systems is described

by the steering vector svm,n

(
r, sm, sn

)
∈ ℂ

M×N expression as:

svm,n

(
r, sm, sn

)
= e−i

2𝜋

𝜆
‖r−sm−sn‖ (4.10)

Rewriting Eq. (4.10) in matrix form as:

sv
(
r, sm, sn

)

=

⎡
⎢⎢⎢⎢⎢⎢⎣

e−i
2𝜋

𝜆
‖−s−M̃−s−Ñ+r‖ e−i

(2𝜋)

𝜆
‖−s−M̃−s−Ñ+1+r‖ ... e−i

2𝜋

𝜆
‖−s−M̃−sÑ+r‖

e−i
2𝜋

𝜆
‖−s−M̃+1−s−Ñ+r‖ e−i

(2𝜋)

𝜆
‖−s−M̃+1−s−Ñ+1+r‖ ... e−i

2𝜋

𝜆
‖−s−M̃+1−sÑ+r‖

e−i
2𝜋

𝜆
‖−s−M̃+2−s−Ñ+r‖ e−i

(2𝜋)

𝜆
‖−s−M̃+2−s−Ñ+1+r‖ ... e−i

2𝜋

𝜆
‖−s−M̃+2−sÑ+r‖

... ...

e−i
2𝜋

𝜆
‖−sM̃−s−Ñ+r‖ e−i

(2𝜋)

𝜆
‖−sM̃−s−Ñ+1+r‖ ... e−i

2𝜋

𝜆
‖−sM̃−sÑ+r‖

⎤
⎥⎥⎥⎥⎥⎥⎦

(4.11)

in which ‖‖r − sm − sn‖‖ represents a vector operation denoting the distance from
themth element of one array to the nth element of the other array. Consequently,

this value can be accurately determined using vector operations in Cartesian

coordinates, as demonstrated by:

r − sm − sn =
(
−sm − sn + rx, ry

)
(4.12)

where sm represents the distance from the mth element of its array to its center

array, defined as sm =
𝜆

2
m, with m ∈ [−M̃, M̃]. We assume that sm is aligned par-

allel to sn and to the x-axis. The term rx denotes the projection of r onto the x-axis,

while ry represents the projection of r onto the y-axis, which is perpendicular to

the array axis, thus

r − sm − sn =
(
−
𝜆m
2

−
𝜆n
2

+ r cos(𝜃), r sin(𝜃)
)

(4.13)

Applying the norm property in Eq. (4.13),

‖‖r − sm − sn‖‖ =

√(
−
𝜆m
2

−
𝜆n
2

+ r cos(𝜃)
)2

+ (r sin(𝜃))2 (4.14)

simplifying

‖‖r − sm − sn‖‖ =

√
1

4
𝜆2(m + n)2 − 𝜆r cos(𝜃)(m + n) + r2 (4.15)

Thus, the near-field channel model matrix for MIMO systems can be generated

by applying the distance provided in Eq. (4.15) into each element in the matrix

presented in Eq. (4.11).

4.2.3 Channel Models

This section examines various multipath fading models extensively acknowl-

edged and researched in mobile communications literature. These models play a
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crucial role in comprehending and simulating signal behavior in environments

filled with numerous obstacles and reflectors, typical of urban and indoor

settings. The discussion will highlight prominent models such as Rayleigh,

Rice, Nakagami-m, 𝜅–𝜇, and 𝛼–𝜇. Our analysis will explore their mathematical

foundations and particular scenarios.

4.2.3.1 Rayleigh

The Rayleigh fading model represents one of the simplest and most common

approaches for statistical mobile radio channel models. It characterizes the

signal envelope, which emerges from the propagation of in-phase and quadra-

ture signals. These signals follow Gaussian distributions and form clusters of

scattered signals. Such scattering results from diverse reflections, diffractions,

and interactions with various environmental objects. Consequently, the signal

undergoes random fluctuations, arriving at the receiver at distinct times with

varying amplitudes and phases. The physical representation of this model is

given by:

R = X + jY (4.16)

in which R is a random variable (RV) of the signal envelope, X and Y are RVs

mutually independent Gaussian processes with zero mean E(X) = E(Y ) = 0, the

variance is equal to Var(X) = Var(Y ) = 𝜎2, and j =
√
−1 is the imaginary unit.

Also, the complex samples of the Rayleigh distribution can be similarly derived

using a complex representation, expressed as:

R =
√
X2 + Y 2 exp( j𝜙) (4.17)

in which 𝜙 = atan2 = atan2(X ,Y ), and atan2(.,.) is the arc-tangent between two

arguments.

The Rayleigh distributionmodels the fading effect in a non-line-of-sight (NLoS)

communication channel. As a signal propagates from a transmitter to a receiver,

it may experience reflections, diffractions, and dispersions caused by various

environmental obstacles, like buildings and trees. Consequently, this leads to

multiple pathways for the radio waves to arrive at the receiver. Its probability

density function (PDF) is specified by,

fR(r) =
r
𝜎2

exp

(
−
r2

2𝜎2

)
r ≥ 0 (4.18)

Additionally, it’s crucial to note 𝜎 does not represent the variance of the Rayleigh

distribution; instead, it signifies the variance of the original Gaussian distribution,

and its value can be found by 𝜎 = r̂2∕2, with r̂ the root means square (RMS) value

of samples [12].
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4.2.3.2 Rice

Contrasting with the Rayleigh fadingmodel, which assumes a scenario withmany

indirect paths, the Rice fading or Rician distribution includes a line-of-sight (LoS)

component where the direct path is more significant and dominant than the scat-

tering signals. This distribution is particularly relevant when there is a clear direct

signal between the transmitter and receiver, common in open or semi-open envi-

ronments. The physical representation of Rice is:

R = (X + k) + jY (4.19)

in which X and Y follow Gaussian distribution and k is a constant related to the

envelope of the dominant signal. Also, the complex samples of the Rice distribu-

tion can be similarly derived using the Eq. (4.20):

R =
√
(X + k)2 + Y 2 exp( j𝜙) (4.20)

in which 𝜙 = atan2(X + k,Y ).

In the literature, an alternative method for generating samples of a Ricean

channel can be used and is presented in Eq. (4.21). This approach incorporates

both NLoS (h̃) and LoS (h) components. The Rician factor, denoted as 𝜖k,

quantifies the relative contributions of the NLoS and LoS components within the

Rician model,

h =

(√
𝜖k

𝜖k + 1
hn,k +

√
1

𝜖k + 1
h̃n,k

)
(4.21)

Both RVs in Eqs. (4.20) and (4.21) for generating Rician fading samples are align

with the PDF distribution, as presented in Eq. (4.22),

f (r) =
r
𝜎2

exp

(
−
r2 + k2

2𝜎2

)
I0

(
r𝜈
𝜎2

)
(4.22)

in which I0 (.) is the modified Bessel function of the first type and order zero [12].

4.2.3.3 Nakagami-m

First introduced by Minoru Nakagami in 1943, this model arose from experimen-

tal research on fast fading with high frequency. It characterizes an environment

with multiple multipath clusters in a setting where direct LoS is not available.

In this model, the signal components are distinguished by their random phases

and propagation delays.

The Nakagami-m distribution’s physical model is depicted by integrating

m components in phase (X) and quadrature (Y ). This is illustrated by the physical

representation given in (4.23).

R =

m∑
i=1

(
Xi + jYi

)
(4.23)
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where Xi and Yi are mutually independent Gaussian processes with zero mean

E(X) = E(Y ) = 0 and variance equal to Var(X) = Var(Y ) = 𝜎2. Additionally, the

complex samples of the Nakagami-m distribution can be similarly derived using

the complex representation

R =

√√√√ m∑
i=1

(
X2
i
+ Y 2

i

)
exp( j𝜙) (4.24)

in which 𝜙 = atan2
(∑m

i=1 Xi,
∑m

i=1 Yi
)
.

The PDF of the Nakagami-m is derived from themoment-generating function of

its in-phase and quadrature components, considering the presence ofmmultipath

clusters. Thus, the PDF of Nakagami-m corresponds to Eq. (4.25)

fR(r) =
2mm r2m−1

Γ(m)Ωm exp

(
−
mr2

Ω

)
r ≥ 0 (4.25)

in which Γ(.) is the Gamma function [[13], Eq. 6.1.1], Ω = r̂2, andm representing

the actual extent of the number of multipath clusters. Considering m = 1, the

Nakagami-m distribution reduces to the Rayleigh distribution [14].

4.2.3.4 𝜿–𝝁

The 𝜅–𝜇 distribution was introduced by Yacoub, which considered a general

fading model composed of multiple clusters of signals propagating in a non-

homogeneous environment with a dominant component. It’s assumed that the

scattered waves possess equal powers, supplemented by a dominant component.

Additionally, the phases of these scattered waves are random and exhibit similar

time delays.

Equation (4.26) provides the physical model of the signal envelope in terms of

its phase and quadrature components,

R =

n∑
i=1

(
Xi + pi

)
+ j

n∑
i=1

(
Yi + qi

)
(4.26)

in whichXi and Yi are Gaussian processes with zeromean and variance 𝜎
2, n is the

number of multipath clusters, the elements pi and qi are the mean phase values

and quadrature for each cluster. Additionally, an alternative complex representa-

tion of the signal envelope is provided as:

R =

√√√√ n∑
i=1

(
Xi + pi

)2
+

n∑
i=1

(
Yi + qi

)2
exp( j𝜙) (4.27)

in which 𝜙 = atan2
(∑m

i=1

(
Xi + pi

)
,
∑m

i=1

(
Yi + qi

))
.
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The PDF of 𝜅–𝜇 distribution is expressed by Eq. (4.28),

fR(r) =
2𝜇 (𝜅 + 1)

𝜇+1

2 r𝜇

𝜅
𝜇−1

2 exp(𝜅𝜇) r̂𝜇+1
exp

(
−
(𝜅 + 1)𝜇r2

r̂2

)
I𝜇−1

(
2𝜇

√
𝜅(𝜅 + 1)

r
r̂

)

(4.28)

in which r̂ is the RMS value of the 𝜅–𝜇 samples, 𝜅 is defined by the ratio between

the total power of the dominant components and the power of the dispersed waves

and 𝜇 represents the real extent of the number of multipath clusters propagating

in a non-homogeneous environment. This physical parameters of the distribution

are defined by:

𝜅 =
d2

2n𝜎2

𝜇 =
E2(W)

Var(W)

(2𝜅 + 1)

(𝜅 + 1)2
(4.29)

The 𝜅–𝜇 distribution is a more general fading model used in wireless com-

munications, encompassing traditional distributions like Rayleigh, Rice, and

Nakagami-m. The Nakagami-m can be represented by setting 𝜅 → 0 and 𝜇 equals

to m parameter from Nakagami-m. The Rice distribution is a particular case

of 𝜅–𝜇 when the fading environment has a dominant LoS component (𝜇 = 1).

Rayleigh is another specific case from 𝜅–𝜇 when setting 𝜇 = 1 and 𝜅 → 0. In sum-

mary, while Rayleigh, Rice, and Nakagami-m distributions are specific to certain

types of fading environments, the 𝜅–𝜇 distribution offers a unified framework

with adjustable parameters to model a broader range of scenarios, from purely

NLoS to strong LoS conditions. This adaptability makes 𝜅–𝜇 a valuable tool in the

analysis and design of wireless communication systems [15].

4.2.3.5 𝜶–𝝁

This distribution reflects a more comprehensive channel model, accounting for 𝜇

as the actual number of multipath clusters with equal powers propagating within

a non-homogeneous environment. In this model, channel nonlinearity is charac-

terized by the 𝛼 parameter. Furthermore, in any cluster of this model, the phases

of the dispersed waves are random and have similar time delays but with a relative

difference between the delay times of different clusters.

In the 𝛼–𝜇model, the signal envelope is depicted as a nonlinear function, deter-

mined by the magnitude of the aggregated multipath clusters, which are influ-

enced by environmental nonlinearity. Consequently, its physical representation

can be described by (4.30):

R𝛼 =

n∑
i=1

(
X2
i + Y 2

i

)
(4.30)
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in which n is the number of multipath clusters, Xi and Yi are Gaussian processes,

with zeromean, variance: Var(X) = Var(Y ) = r̂𝛼∕2n, and the envelopemean value

for the𝛼–𝜇 distribution, is characterized as r̂ = 𝛼
√
E(R𝛼). Also, the complex samples

of the 𝛼–𝜇 distribution can be similarly derived using the complex representation

R =

(
n∑
i=1

(
X2
i + Y 2

i

))
1

𝛼

exp( j𝜙) (4.31)

The PDF of the 𝛼–𝜇 distribution is expressed by the Eq. (4.32),

fR(r) =
𝛼𝜇𝜇 r𝛼𝜇−1

Γ(𝜇) r̂𝛼𝜇
exp

[
−𝜇

(
r
r̂

)𝛼]
(4.32)

Additionally, the 𝛼–𝜇 distribution is a versatile fading model, capturing various

channel characteristics through physical parameters 𝛼 and 𝜇 adjustments. It can

even fits traditional distributions by assigning particular values to these param-

eters. For instance, setting 𝛼 = 2 and 𝜇 = m yields the Nakagami-m distribution,

while the Rayleigh distribution emerges when 𝛼 = 2 and 𝜇 = 1 [16].

4.2.4 RIS-Aided Multiuser M-MIMO

In this section, we delve into the details of RIS technology and explore possible

application scenarios where it can be effectively integrated with M-MIMO tech-

nology. We will examine how these two advanced technologies can complement

each other, enhancing the performance and efficiency of wireless communication

systems.

4.2.4.1 RIS

The advent of RIS technology enables the programming, control, and reconfig-

uration of radio wave propagation in wireless communications. This is achieved

through cost-effective passive or active reflector units, which enhance signal

reconfiguration but may increase energy-efficient consumption. RIS is rapidly

gaining recognition as a promising technology for boosting the capacity and

coverage of wireless networks. This is particularly pertinent to developing 6G

communication networks, which hold the potential for groundbreaking applica-

tions, including ultra-massive wireless connectivity, high data rates, exceptional

reliability, and significantly reduced latency [17].

The project involves assembling metamaterials or arrangements in a format

that consists of passive or active components. These can be conveniently installed

in various structures, including building facades, internal walls, aerial platforms,

roadside billboards, and even indoor settings, as referenced in [18]. This versatility

is primarily due to its cost-effectiveness.
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Its principal function is to reconfigure the wireless propagation environment,

compensating for power loss over long distances and improving throughput,

especially in scenarios where the data link occurs in NLoS. They are more

energy-efficient and environmentally friendly than traditional relay systems, such

as amplification and relay and decoding systems [17]. Furthermore, RISs support

Full Duplex transmission without internal interference and full-band reflection

of electromagnetic waves [18].

Moreover, these devices can function in far and near-field regions, performing

tasks like anomalous reflection and beamforming. Consequently, the steering vec-

tor concepts and techniques commonly utilized inM-MIMO systems also apply to

RIS. Anomalous reflection changes the course of a plane wave in a different direc-

tion. In contrast, beamforming transforms a plane wave into a specific wavefront

by concentrating energy towards a particular direction or point.

In Section 4.2.4.2, we will discuss a RIS-aidedM-MIMO communication system

technology, focusing on configurations suitable for UL and DL operations.

4.2.4.2 Uplink and Downlink System Model

Consider a system of RIS, BS, and users as depicted in Figure 4.6. The illustra-

tion depicts a RIS-aided M-MIMO communication system in (a) ULmode and (b)

DL mode. The link between the RIS and the BS typically involves a LoS link, as

both positions are well-defined. Consequently, a Rice channel model is most com-

monly employed under these conditions. Conversely, the users’ positions may be

entirely random, and various objects and walls surrounding the UE location can

introduce different types of interference. This variability suggests that a range of

statistical channel models could be applicable to the link between the UEs and

the RIS.

Figure 4.6a shows the UL mode, the users UE1, UE2, and UE3 transmitting

signals to the RIS, characterized by an array of controllable elements which

reflected the to the BS. Such a configuration is strategically composed to intercept

and smartly reconfigure the incoming signal paths from the UEs for enhanced

reception at the BS. This advanced system design highlights using RIS to improve

signal strength and quality by optimizing the propagation environment in UL

wireless communications. Conversely, Figure 4.6b shows an RIS-aided M-MIMO

communication system in DL mode, the BS transmitting signals to RIS, char-

acterized by an array of controllable elements that reflected the signals to users

UE1, UE2, and UE3. This configuration is strategically composed to intercept

and smartly reconfigure the incoming signal paths from the BS for enhanced

reception at the UE. This advanced system design highlights the use of RIS to

improve signal strength and quality by optimizing the propagation environment

in DL wireless communications.
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Figure 4.6 Representations of RIS-aided M-MIMO communication systems. (a) operating in UL mode and (b) in DL mode. Source: The
Authors.
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It is also important to note that the direct link between users and the BS often

encounters obstructions (indicated by the block), which can partially or com-

pletely degrade the direct communication quality between them. The channels G

and hn,k are more thoroughly described in Section 4.3.1.

A general UL system can be analyzedwithUEi with i ∈ {1, 2, 3, ...,K} represents
the ith users up to K user, equipped with a single antenna. The RIS comprises N

reflecting elements, while the BS comprises M antennas. During operation, data

transmission begins simultaneously from the users; it travels through the radio

channel in the direction of the RIS, where it is then reflected toward the BS
via another radio channel. The radio channels utilized can be any of those

mentioned in Section 4.2.3. Key details of this configuration include a transmitted

signal power of approximately 0.1W, as referenced in [19]. Each RIS element is

configured to reflect the propagated signal toward the BS, aiming to maximize the

SINR and, consequently, the SE for all users simultaneously. Furthermore, the BS
employs one of the combiner techniques outlined in Section 4.2.1.4 to improve

the transmitted signals. This approach is also aimed at enhancing the system’s

SINR and SE.

A general DL configuration maintains the same setup for the user, RIS, and BS.

The critical difference lies in the direction of transmission, which originates from
the BS and passes through the channel toward the RIS, where itsN elements opti-

mize the signals. Then, the signals are directed toward the users. Additionally, in

this operational mode, the BS transmits signals with a power of approximately

10W, as detailed in [19]. At the transmission’s outset, the BS fine-tunes the phase
of each signal transmitted by its M antennas using a predefined precoder. These

signals then travel through the channel to theN elements of the RIS, reflecting the

data toward the users.

4.3 Methodology

In this section, we provide a detailed description of the methodology to set up

the system model for RIS-aided M-MIMO communication systems and provide

simulations and results using all the approach concepts outlined in this chapter.

4.3.1 System Model

In a typical UL RIS-aided communication system, similar to Figure 4.6a, we

model a BS equipped with M antennas, an RIS with N reflecting elements, and

K single-antenna UEs. We assume the RIS is strategically placed to maintain a
direct LoS connection with the BS, allowing us to calculate the path loss for this

sub-channel exclusively. For the UEs–RIS link, we consider various multipath
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fading models to account for partial obstructions, including from people, trees, or

objects that might interfere with signal propagation. Additionally, we assume a

complete obstruction scenario for the UEs–RIS communication link. Therefore,
we can express the received signal at the BS as:

y = G𝚯HHx + 𝝈
2
n (4.33)

in which G ∈ ℂ
M×N is the channel matrix for the RIS–BS link, whose matrix rep-

resentation is given in Eq. (4.34). 𝚯 ∈ ℂ
N ×N is the phase-shift of N RIS elements,

its matrix representation is given in Eq. (4.36). H = (hn,1,hn,2,hn,3, ...,hn,K)
T ∈

ℂ
K ×N is the channel matrix for UEs–RIS link, its matrix representation is given

in Eq. (4.37). The operator (.)H represents the Hermitian or conjugate transpose of

a complex matrix. Also, x ∈ ℂ
K×1 denotes the simultaneously transmitted signal

fromK users, and𝝈2∼𝒩 (0, 1) is the vector of samples of additivewhiteGaussian

noise (AWGN).

G =

⎡⎢⎢⎢⎢⎣

g1,1 g1,2 · · · g1,N
g2,1 g2,2 · · · g2,N
⋮ ⋮ ⋱ ⋮

gM,1 gM,2 · · · gM,N

⎤⎥⎥⎥⎥⎦
(4.34)

the elements gm,n of the RIS–BS LoS channel matrix G are given in Eq. (4.35)

and are described by the path loss coefficients LLOSm,n , with samples of Rice chan-
nel model (rm,n) as described in Section 4.2.3.2 and the near-field channel model

(s𝑣m,n) described in Section 4.2.2,

gm,n =

√
LLOSm,n rm,n s𝑣m,n (4.35)

in which LLOSm,n =
Gm𝜆

2

(4𝜋bm,n)
2
, with Gm representing the gain of the mth antenna, and

bm,n denoting the distance between the nth antenna on the RIS and the mth

antenna on the BS.

The matrix 𝚯 is the RIS phase shifts matrix,

𝚯 = diag
([
𝛽1e

j𝜃1 · · · 𝛽Ne
j𝜃N

])
(4.36)

in which 𝛽i ∈ [0, 1] with i = 1, 2, ...,N is the reflection amplitude of the RIS ele-
ments, representing full reflection, and 𝛽i = 0 indicates complete absorption. In

this work, we assumed 𝛽i = 1, ∀n, i.e., the RIS is assumed to be entirely passive.

The 𝛽i ∈ [0, 2𝜋] with i = 1, 2, ...,N is the phase response of ith RIS element.
The channel model between UEk and RIS is described by:

H =

⎡
⎢⎢⎢⎢⎣

h1,1 h1,2 · · · h1,K
h2,1 h2,2 · · · h2,K
⋮ ⋮ ⋱ ⋮

hN,1 hN,2 · · · hN,K

⎤
⎥⎥⎥⎥⎦

(4.37)
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the elements hk,n of the UEs–RIS channel matrixG are given in Eq. (4.38) and are

described by the path loss coefficients LLOS
n,k

, with any kind of multipath channel

model (rn,k) described in Section 4.2.3 and the near-field channel model described

in Section 4.2.2,

hn,k =
√
LLOS
n,k

rn,k s𝑣n,k (4.38)

The channel H can be generated under two distinct scenarios: (i) in the first

scenario, we consider a static position for the UEi; (ii) in the second scenario, a

dynamic position for the UEi was considered. Numerical simulation results with

respective analyses are provided in Section 4.4 for both scenarios.

In the Monte Carlo simulations, the channel matrix G samples are generated

obeying the line-of-sight (LoS) condition, with both the RIS and BS positions

being fixed and well-defined. This setup makes the Rice fading an ideal choice

for channel G. However, in the communication between UEi and the RIS

(regardless of whether the users are in a static or dynamic position), the signal

might experience blockages, multipath propagation, or nonlinear environments.

Therefore, we assume theH channel matrix is subject to various multipath fading

effects.

4.3.2 Metrics

In this section, we delve into the details to learn and calculate important QoSmet-

rics, such as SINR, SE, and OP.

4.3.2.1 Signal-to-Interference-Plus-Noise Ratio

The SINR is a fundamental concept for telecommunications systems that quanti-

fies the quality of a wireless communication link. It is a measure that compares

the level of a desired signal to the level of background noise and interference. This

concept can be address in the Eq. (4.39) [9],

SINRk =
Psignal

Pinterf + 𝜎2n
(4.39)

in which 𝜎2n is the noise power, Psignal is the desired signal power for user k and

Pinterf is the interference power. Thus, this expression can be expanded by,

SINRk =

|||
(
GH𝚯hk

)
wk

|||
2

∑K
i=1,i≠k

|||
(
GH𝚯hi

)
wi

|||
2
+ 𝜎2n

(4.40)

in which hk ∈ ℂ
1×N corresponds to the communication channel between the RIS

and the kth user andwk ∈ ℂ
1×M is the beamforming vector for user k.
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The noise power in communication systems is calculated using the fundamental

formula for a communication channel, succinctly represented in Eq. (4.41):

𝜎2n = 10
N0
10

−3BW (4.41)

in which N0 is the noise power spectral density, it is typically set at −204 dBm/Hz,

reflecting the standard thermal noise level at an ideal ambient temperature of

approximately 17 ∘C. The parameter BW denotes the bandwidth in Hertz (Hz).

The term 10−3 is used to convert the noise power from decibel-milliwatts (dBm)

to Watts, aligning with the convention in communication theory, as detailed by

Haykin [20].

4.3.2.2 Spectral Efficiency

The SE of a communication system, given in Eq. (4.42), is defined as the capacity

for data transmission per unit of bandwidth,measured in bits per second perHertz

(bits/s/Hz). This concept is closely tied to Shannon’s formula, which describes the

maximum theoretical capacity of a communication channel

SE =
C
B

= log2(1 + SINR)

[
bits∕s

Hz

]
(4.42)

in which, C is the channel capacity, B is the bandwidth [20].

Enhancing SE is a primary goal in RIS-aided systems. However, energy effi-

ciency emerges as another critical aspect closely related to SE and implementa-

tions in RIS and BS. This necessitates distinct optimization strategies, though they

can be adapted and implemented in conjunction with the providedmetrics for SE.

4.3.2.3 Outage Probability

The OP (Pout) represents the probability of service disruption due to the failure

to maintain a minimum SNR or SINR at the receiver’s input. This metric serves

as a crucial index for assessing the robustness of mobile telecommunication sys-

tems against noise and interference. It is considered an important complement

to Cumulative distribution function (CDF) and has garnered considerable atten-

tion in academic research as [12]. This metric can be measured in Eq. (4.43) and

quantified as the probability that the SINR falls below a specified threshold,

Pout = P[SINRmc,k ≤ 𝛾th] (4.43)

in which SINRmc,k denotes a sample of the SINR from the Monte Carlo simula-

tions, with mc ∈ [1, MC] whose MC represents the total number of Monte Carlo

iterations, for user k and 𝛾th is the threshold for the SINR that ensures the QoS is

maintained [21].
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4.3.3 Optimization Problems

In the context of RIS-aided M-MIMO systems communications the literature has

delved into optimization strategies tofinely tune theN phase shift elements of RIS,

targeting a holistic enhancement of the network’s communication efficiency. Key

optimization challenges in this realm include the Max–SINR, which focuses on

maximizing the SINR, theWSRmetric, and the max–min SINR, which prioritizes

equitable service across users. Typically, these optimization efforts have yielded

solutions that cater to the optimal performance for the kth individual user. The

challenge emerges when the goal shifts toward optimizing the performance for all

users concurrently. The core issue lies in the fact that an optimal solution for one

usermay fall when applied to the network collectively, thereby degrading from the

system’s overall efficiency. This limitation is frequently cited as themain gap inRIS

technology. The issue of joint optimization, considering all users simultaneously,

remains an open problem in the literature. The inherent complexity of this issue

arises from the need to balance individual gains with the collective performance

of the system, a challenge that has not yet been fully overcome and which stands

out as an active research frontier in the area of wireless communications.

Futheremore, the issues explored in this section are well formulated for

M-MIMO systems and readily adaptable to include RIS technology. We elaborate

on the methodology and practical implementation of each problem via computer

simulations. The discussed scenarios can accommodate both static and dynamic

user configurations.

4.3.3.1 Max SINRk
In this optimization challenge, we deploy an optimal approach that iteratively

evaluates the performance of three optimum combining techniques (MF, ZF, and

MMSE) alongside the optimal passive beamforming strategy within the RIS ele-

ments. Therefore, we introduce the following problem for discussion on this topic:

max
𝚯

SINRk

s.t. ||𝜃n|| = 1,∀n ∈ {1,… ,N}
(4.44)

in which pk means the transmission power assigned to user k. The UL scenar-

ios involving multiple users with different channel configurations, pk can differ

among users. The term pmax,k specifies the maximal transmission power permis-

sible for user k, serving as a ceiling determined by regulatory standards, hardware

limitations, or design criteria. This constraint aims to ensure safe and effective data

reception at the BS amid concurrent transmissions from various K users.

In this problem, the objective function is SINRk, with constraints set by ||𝜃n|| = 1.

The decision variables in question are pk, 𝚯, and wk. The desired solutions com-

prise the optimal combiners: MF, ZF, and MMSE, along with the optimal 𝚯 as
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determined by Eq. (4.47). The detailed algorithm for this approach is documented
in the code in Algorithm 4.3.

4.3.3.2 Weighted Sum Rate Metric

This problem is a conventional optimization problem within wireless communi-
cation systems [7]. The aim is to modify the RIS phase coefficients (𝚯) and the
combiners to optimize the WSR of all K users in the system, prioritizing those
deemed most important. Thus, this optimization approach is recommended for
scenarios involving stationary user positions. Therefore, we introduce the follow-
ing problem for discussion on this topic:

max
𝚯

K∑
k=1

𝜔log2(1 + SINRk)

s.t. ||𝜃n|| = 1,∀n ∈ {1,… ,N}

(4.45)

in which 𝜔 = (𝜔1, 𝜔2, ..., 𝜔K) represents the weights assigned to K users, whose
values are determined based on their respective priority levels.
We address a WSR optimization challenge within an RIS-aided M-MIMO

communication system, considering the UL scenario. The goal is to maximize the
objective function

∑K
k=1 𝜔klog2(1 +SINRk), subject to the constraint ||𝜃n|| = 1.

Additionally, we employ the NLS strategy to identify the optimal
𝚯 = (𝜃1, 𝜃2, ..., 𝜃N ) common for all users. Algorithm 4.1 presents the pseudocode
detailing the implemented methodology.
The algorithm initiates by allocating random values of exp( j𝜙), with 𝜙 ∈ (0, 2𝜋)

in all elements of𝚯. In the initial loop,we experiment onREPEAT times to achieve
an optimal search outcome by averaging the results across these iterations. A ran-
dom ordering sequence is generated inside this loop for theN elements of𝚯 in the
RIS, ensuring uniqueness in each L2 iteration. Subsequently, in loop L3, we choose
a specific position 𝜃l2

to conduct a phase sweep using exp( j l3), incrementing l3 by

small amountswithin the range from0 to 2𝜋, effectively setting 𝜃l2 = exp( j l3). This
step involves computing and updating the composite channel (comprising both
the physical channel and the RIS element phase shifts) with its optimal combiner.
Finally, loop L4 is responsible for calculating the SINR for all users based on the
current 𝚯 configuration and its corresponding combinerwk.

With these results, we can calculate the first sum of rates and obtain a value for

SRl3 (wk,𝚯). Although it’s uncertain if this is the maximum value, we arrange it

for subsequent evaluation.

In the L3 loop, we continue to adjust 𝜃l2 = exp( j l3), aiming to update𝚯,Hc, and

wk, alongside recalculating the SINR for all users and the sum rate SRl3(wk,𝚯),

arranging these values for future comparison. This process repeats until we’ve

passed through all possible increments within the L3 loop.

Completing loop L3, we return to loop L2 and we are able to analyze and find

the 𝜃l2 that has the highest value of the sum rate SRl3 (w,𝚯).
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Algorithm 4.1 Pseudocode for the weighted sum rate optimization with NLS

search method.
% Algorithm for Weighted Sum Rate Optimization

Initialize the N elements of 𝚯 by exp( j𝜙) with 𝜙 ∈ (0, 2𝜋);

for iteration l1 from 1 to REPEAT: % loop L1
Create a random sequence of N elements and store in RandomOrder vector;

for each n element index, from 1 to N: % loop L2
Select the RIS element as l2=randomOrder(n);

for phase shift l3 in increments of 0.1 radians from 0 to 2𝜋: % Phase

adjustment loop L3
Set 𝜃l2 to exp( jl3);

Updated composite channel 𝐇c as 𝐆
HDiag(𝚯)𝐇;

Optimize the combiner 𝐰k using MMSE and 𝐇c;

for each user l4 from 1 to K:% Loop L4
Calculate and record the SINRl4 over users

end

Compute and record SRl3 =
∑K

l4=1
𝜔k log2(1 + SINRl4 );

end

Identify the phase shift l3 yielding the highest SRl3 , and define 𝜃l2
as exp( jl3(optimal));

Recompute 𝐇c using the optimum 𝚯;

Recompute 𝐰k using the optimum 𝐇c;

Evaluate SINR
𝚯,i on each user i = 1, 2, 3,… ,K;

end

Compute the average SINR
𝚯,i over users: SINRΘ =mean(SINR

𝚯,i);

Compute the average SINR
𝚯
over l1 iterations: SINR=mean(SINR𝚯

);

This process ensures the selection of themost effective phase shift configuration

for the RIS element at position l2. Subsequently, we return to the L2 loop start,

which selects the next 𝚯 element in the random ordering sequence. This same

optimization process is then applied to refine the phase shift angle at this new

position of 𝜃l2 . This search and optimization cycle is repeated within the L2 loop

for all 𝚯 elements until each one is optimized. Upon completing the L2 loop, we

arrive at the optimized configuration, 𝚯opt.

4.3.3.3 Max–Min SINR

This problem is formulated in Eq. (4.46) representing a classic optimization chal-

lenge inRIS-aidedM-MIMOcommunication systems [5, 6]. The goal is to enhance

the lowest SINR ratio among the users, adopting a max–min strategy. Such an

approach guarantees equitable service quality by improving the SINR for the user
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experiencing the poorest channel.

max
𝚯

min
k

SINRk

s.t. ||𝜃n|| = 1,∀n ∈ {1,… ,N}
(4.46)

The problem is maximizing the minimum SINR for k users in an RIS-aided

M-MIMO communication system, focusing on the UL scenario. The objective

function is to maximize the minimum SINR across all users, denoted as mink
SINRk. The constraint include the phase shift condition ||𝜃n|| = 1.

For this method, we employ the NLS strategy to determine the optimal common

phase shift set𝚯 = (𝜃1, 𝜃2, ..., 𝜃N ) applicable to theN RIS elements to cover all users

simultaneously. The associated pseudocode is described in Algorithm 4.2 and is

deployed along this chapter.

Algorithm 4.2 Pseudocode for the max–min SINR optimization with NLS search

method.
% Algorithm for Max-Min SINR Optimization

Initialize the N elements of 𝚯 by exp( j𝜙) with 𝜙 ∈ (0, 2𝜋);

for iteration l1 from 1 to REPEAT: % loop L1
Create a random sequence of N elements and store in RandomOrder vector;

for each n element index, from 1 to N: % loop L2
Select the RIS element as l2=randomOrder(n);

for phase shift l3 in increments of 0.1 radians from 0 to 2𝜋: % Phase

adjustment loop L3
Set 𝜃l2 to exp( jl3);

Updated composite channel 𝐇c as 𝐆
HDiag(𝚯)𝐇;

Optimize the combiner 𝐰k using MMSE and 𝐇c;

for each user l4 from 1 to K:% Loop L4
Calculate and record the SINRl4 over users

end

Among the SINRs of users, identify which one has the lowest

value and store its value in a vector SINRmin;

end

Among the minimum SINR values stored in SINRmin vector, identify the

argument that results in the highest SINR. Once selected, store

it in 𝜃opt(l2), which is considered the optimal phase shift;

Recompute 𝐇c using the optimum 𝚯;

Recompute 𝐰k using the optimum 𝐇c;

Evaluate SINR
𝚯,i on each user i = 1, 2, 3, ...,K;

end

Compute the average SINR
𝚯,i over users: SINRΘ =mean(SINR

𝚯,i);

Compute the average SINR
𝚯
over l1 iterations: SINR=mean(SINR𝚯

);
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This algorithm initiates by assigning random phase values exp( j𝜙), whose 𝜙 ∈

(0, 2𝜋) for all 𝚯 elements. The process begins with a loop, denoted as L1, whose

experiment is conducted on REPEAT times. A random ordering sequence is gen-

erated inside this loop for the N elements of𝚯 in the RIS, ensuring uniqueness in

each L2 iteration. Subsequently, in loop L3, we choose a specific position 𝜃l2 to con-

duct a phase sweep using exp( j l3), incrementing l3 by small amounts within the

range from 0 to 2𝜋, effectively setting 𝜃l2 = exp( j l3). This step involves computing

and updating the composite channel (comprising both the physical channel and

the RIS element phase shifts) with its optimal combiner. Finally, loop L4 is respon-

sible for calculating the SINR for all users based on the current 𝚯 configuration

and its corresponding combinerwk.

Upon completing loop L4, we assess the SINR of all users to identify the onewith

the lowest SINR and store this value in the SINRmin vector for later comparison.

Moving forward, we proceed to the second iteration of loop L3, in which a slight

increase in the phase shift l3 is applied, followed by a recalculation of the composite

channel and its specific combiner. This initiates another cycle through loop L4 to

recalculate the SINR for all users based on this new configuration. Subsequently,

we once again determine the user with the lowest SINR among all and store this

value in the SINRmin vector for future comparison. This searchmechanism repeats

until all increments in loop L3 have been completed.

After completing the L3 loop, we undertake a fresh comparison to identify the

configuration of 𝜃l2 with the highest SINR from all minimum values stored in the

SINRmin vector. This process ensures the selection of the most effective phase shift

configuration for the RIS element at position l2. Subsequently, we return back

to the L2 loop start, which selects the next 𝚯 element in the random ordering

sequence. This same optimization process is then applied to refine the phase shift

angle at this new position of 𝜃l2 . This search and optimization cycle is repeated

within the L2 loop for all𝚯 elements until each one is optimized. Upon completing

the L2 loop, we arrive at the optimized configuration, 𝚯opt.

Finally, the L1 loop repeats the entire algorithm detailed previously to guarantee

the average in its iterations and ensure that the search is optimal.

4.3.4 Search Mechanisms

In this section, we present two phase-shift-searchmethodologies which have been

utilized to solve the stated optimization problems in Sections 4.3.4.1 and 4.3.4.2,

respectively referred to as PBF optimization and Naive Local Search (NLS). These

strategies are essential for addressing issues within the RIS-aided M-MIMO

communication system and boosting data communication efficiency and

performance.
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4.3.4.1 Passive Beamforming Optimization Method

This optimization approach is suitable for both static and dynamic user configura-

tions. However, for simplicity, we will focus on a static scenario. In Algorithm 4.3,

we introduce the PBF pseudocode.

In this example, we detail the pseudocode presented in Algorithm 4.3, which

utilizes the PBF optimization technique to achieve our objective. Assuming K

users are positioned statically, with the channel matrix samples G and H prede-

termined. The procedure begins with a loop, denoted L1. Then random values of

exp( j𝜙), with𝜙 ∈ (0, 2𝜋), are assigned to every element of𝚯k for allN RIS element

positions, denoted as 𝚯k = (𝜃k,1, 𝜃k,2, ..., 𝜃k,N ). Inside this loop, we iterate over 𝚯k

for k = 1, 2, ...,K, aiming to identify its optimal configuration since each user k

benefits from a unique optimal passive beamforming setup. Importantly, only one

configuration can be active at any given time for all users, meaning a unique RIS

setup with N elements must be shared among all users. This implies that while

𝚯1 may be the optimal solution for user 1, it might not be optimal for other users.

For convenience and to facilitate easy comparison of the strategies applied in this

chapter, we calculate the mean SINR over the optimal 𝚯i for all users.

In the second loop (L2), we implement the process to find the optimal passive

beamforming for user k. The loop continues until the SINR for the kth user reaches

Algorithm4.3Pseudocode for optimizing𝚯 through passive beamforming (PBF).

% Optimal search strategy through passive beamforming

for each user k from 1 to K; % Loop L1, over K users

𝚯 is initialized with a vector of N elements having random phase shifts

exp( j𝜙), with 𝜙 ∼  (0, 2𝜋);

Initialize SINRk = 0 and SINRcomp = 1;

while (|SINRk - SINRcomp| ≥ 10−3) % Convergence loop L2
SINRcomp = SINRk;

Compute the effective channel 𝐇c as 𝐆
HDiag(𝚯k)𝐇;

Update the combining vector 𝐰k based on𝐇c, using MMSE, ZF, or MRC

techniques;

Adjust 𝚯k to: 𝚯k = exp [−j arg(𝐰H
k
𝐆HDiag(𝐇k))];

Update 𝐇c and 𝐰k;

Recalculate SINRk;

end

With the optimized 𝚯k to user k:

Compute SINRi over i = 1, 2, 3, ...,K users

Calculate SINR
𝚯k
=mean(SINRi)

end

Compute the average SINR, SINRa𝑣g =mean(SINR
𝚯k
)
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a point where the absolute difference between the current SINR and the SINR

from the previous iteration (denoted as SINRcomp) falls below 10−3, serving as our

stopping criterion. This maximizes the received signal for the kth user.

During each interact in L2 loop, the 𝚯matrix containing the N elements in the

RIS with the phase shift are iteratively refined to find the optimal RIS angle for the

user k, which is described by the Eq. (4.47)

𝚯k = exp[−j arg(wH
k
GH Diag(Hk))] (4.47)

This optimal solution has been documented across numerous studies in the lit-

erature [3, 4]. The solution presented in Eq. (4.47) is justified by the fact that,

in communication between transmitting and receiving terminals, the phase shift

among signals at the receiving terminals, induced by the channels can degrade

the quality of the communication link. Therefore, to enhance the detection of the

received signal, it is necessary to adjust the signal phases across the N elements

of the RIS. This adjustment begins with channel estimation, enabling the con-

figuration of the N RIS elements to align with the estimated channels according

to the analytical result described in Eq. (4.47). Through this process, a coherent

phase shift is applied, optimizing the power received at the terminal. However,

it is important to highlight this approach is optimally suited for individual users

and less so for multiple users. Identifying an optimal configuration that benefits

all users remains an unresolved challenge in the literature.

Therefore, we utilize the Eq. (4.47) to provide combining technique to ascertain

the value of the received signal. The purpose of theL2 loop is to iteratively refine𝚯k

and its corresponding combinerwk, ensuring the iterativemaximization of SINRk.

In deploying RIS-aided M-MIMO systems, the challenge extends beyond the

theoretical formulation of determining the N optimal RIS phases for solely the

kth user. A pivotal concern is how the BS can realistically estimate the channelsG

and Hk. The accuracy of these estimations is paramount as it directly influences

the system’s robustness and overall performance. To avoid this obstacle, the BS

employs pilot sequences that are known at transmitting and receiving antennas.

The information received by the antenna is then decoded to approximate the chan-

nels. This approach necessitates not just an extra interval for the transmission of

these pilot sequences but also allocates substantial time for the data processing of

the received signals. Although this strategy facilitates the estimation of the chan-

nels, it imposes an additional operational time for processing the received pilot.

This method, despite making it possible to estimate channels, introduces an addi-

tional operational cost and delay in the system, affecting the system’s efficiency in

real-world applications.

An alternative solution to the traditional necessity for processing and decoding

channels to optimize the N elements of RIS involves the employment of the

NLS technique. Distinct from conventional PBF, the NLS focuses on directly
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identifying the optimal phase angle by comparing the achievable SINR as the RIS

elements undergo phase scanning. This method eliminates the requirement of

channel decoding, significantly reducing the complexity and time required for

optimal configuration. The technique operates on the phase sweep of the N RIS

elements and makes adjustments until the setup that maximizes the SINR for the

given scenario is in question. Once this optimal configuration is determined, it is

deemed the most suitable for the particular context.

To evaluate the complexity of the PBF code, given inAlgorithm 4.3, it is essential

to analyze the loops and operations it encompasses, which can be classified as:

● Loop L1: Iterates over each user K, ranging from 1 to K. This introduces a com-

plexity factor of 𝒪(K).

● Loop L2: Inside the loop L1, include variable initialization, operations, and an

internal convergence loop (L2), which typically converges quickly (in about

C = 3 or 4 iterations), contributing minimal complexity to the overall process.

Thus, this loop has a low complexity but must be considered and given by𝒪(C).

● Composite channel calculation: Calculating the composite channel (Hc =

GH Diag(𝚯k)H) involves matrix multiplication, which introduces a dominant

complexity term of 𝒪(MN2).

Consequently, the overall computational dominant complexity of such an algo-

rithm is expressed as𝒪(KCMN2), reflecting the interaction between the loops and

operations within the pseudocode.

4.3.4.2 Naive Local Search Method

The NLS is an optimization technique designed to find near-optimal solutions

for complex problems where computing the absolute optimum is computation-

ally impractical. Functioning as a heuristic approach, NLSmethodically enhances

an initial solution by making minor, incremental adjustments, thereby seeking a

better solution within a constrained local search area.

This technique involves iterative fine-tuning, specifically by making minor

modifications to the angles of decision variables (𝚯), to improve the optimization

outcome and identify a viable optimal solution. Beyond adjusting 𝚯, the method

further includes alterations to additional simulation parameters to ensure the

optimal adjustment of𝚯, detailed as follows.

1) The L1 loop iterates over l1, aiming to replicate the experiment and compute

the mean value;

2) The L2 loop through all N elements of Θ within the RIS, which are randomly

arranged in l2;

3) The L3 loop proceeds through l3, adjusting the phase shift in the RIS from 0 to

2𝜋; and
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4) TheL4 loop iterates over all users in l4, taskedwith calculating eachuser’s SINR.

This calculation considers the positioning of RIS elements as specified in l2 and

the phase shift defined by exp( jl3).

The full implementation of this technique, alongwith its algorithmic details, are

outlined in Sections 4.3.3.2 and 4.3.3.3.

To evaluate the complexity of theNLSmethod, it is essential to analyze the loops

and operations it encompasses.

● Loop L1 (repeat): The complexity depends on the repetition count (R), making

the loop’s execution complexity 𝒪(R).

● Loop L2 (Element selection): This loop cycles through N elements, elevating

the cumulative complexity to 𝒪(R × N).

● Loop L3 (Phase adjustment): For each element N, this loop increments in

steps of 0.1 radians from 0 to 2𝜋, resulting in ⌊ 2𝜋
0.1
⌋ iterations for each element.

Given this is a constant, denoted as P, the complexity for each iteration of L3 is

𝒪(P).

● Composite channel calculation: Calculating the composite channel (Hc =

GH Diag(𝚯k)H) involves matrix multiplication, which introduces a dominant

complexity term of 𝒪(MN2).

Consequently, the aggregate dominant complexity term in this algorithm is

𝒪(RPMN3), for both max–min and sum rate optimization problems.

When comparing these two assessments’ complexity, it becomes evident that

the complexity of the PBF method is lower than that of the NLS. This observation

aligns with other findings in the literature, as seen in references [6] and [7], which

report similar levels of numerical complexity with the dominant complexity of

𝒪(KM3) and 𝒪(I0I𝜆I𝑤KM
3) respectively, in which I0, I𝜆, and I𝑤 are loops iteration

algorithms.

4.4 Numerical Results

As explained in Section 4.2.2, the far-field model is essentially a particular case of

the near-field model, offering a more straightforward approximation. Our simula-

tionwas conducted under spherical wave propagation conditions. Therefore, there

is no need to perform far-field approximations, since the spherical wave equation

remains valid for higher distances used in the cases discussed. Furthermore, the

calculations discussed do not represent increases in computational complexity.

Additionally, in scenarioswhere signal spectrum sharing is utilized, every user is

allocated the same transmission power. Without employing any network-sharing

strategies and ignoring path loss effects, the interference power can achieve
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up to K − 1 times the power of the target user’s signal. Consequently, the

implementation of optimization and beamforming techniques becomes crucial

to ensure the system’s optimal performance. In every simulation conducted, we

illustrate the analysis of each scenario with three important graphs: SINR in dB,

SE, and OP. Those three indicators are essential in assessing the signal’s quality

and the communication’s efficacy. However, for simplicity across all simulations,

we standardize the transmission power for every user at pk = 100mW. The

combiner utilizes the optimal solutions found in the literature, such as MRC,

ZF, and MMSE, with the specific combiner used, indicated inside the figures.

Additionally, in the implementations over the sum rate strategics, we consider all

K users to hold equal priority, hence setting 𝝎i = 1 for all i = 1, 2, ...,K.

Starting with SINR in dB, it’s interesting to recognize a value around 1.2 dB

because it is sufficient for differentiating the signal of interest from the surround-

ing interference and noise. This differentiation is possible because the signal of

interest’s power significantly exceeds the combined powers of interference and

noise. For robust and dependable communication, a higher SINR is advisable to

provide an extra buffer against fluctuations in signal quality, thus ensuring unin-

terrupted communication. This buffer is vital to enhancing transmission quality

and ensuring a seamless experience for the user.

Regarding SE, this metric measures the effective use of the frequency spectrum

for information transmission. Improving SE signifies a more efficient use of the

spectrum resources, leading to more effective communication. It’s worth noting

that SE is closely linked to SINR, as presented in Eq. (4.42).

Finally, OP offers insights into the telecommunications system’s reliability

and service quality. Technically, elevated Pout values suggest a higher likelihood

of transmission errors or failures, potentially causing service interruptions or

significant drops in system performance. Hence, minimizing OP is critical for

achieving an optimal transmission rate.

4.4.1 Dynamic Scenario

The simulation parameters for the proposed scenario configuration are outlined

in Table 4.3. Additionally, a sample of 20 random UE positions from the Monte

Carlo simulations in the system is depicted in Figure 4.7.

The proposed scenario evaluates the metrics for SINR in dB, depicted in

Figure 4.8; SE shown in Figure 4.9; and OP, illustrated in Figure 4.10. Fur-

thermore, we demonstrate our work focuses on the sub 6GHz band within a

UL system, utilizing a comparatively narrow range bandwidth. This approach

emphasizes energy efficiency for users, which is particularly beneficial over long

distances where the system’s operational effectiveness is critical. Notably, users

are situated randomly and may be in motion within the delimited region.
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Table 4.3 System parameters and configurations of RIS-aided M-MIMO systems with
devices in dynamic environments.

Parameter Value

MC simulation 1000 realizations

Carrier freq. 1GHz

BW 20MHz

N 41 RIS passive elements

M 65 BS antennas

K from 1 up to 20 mobile terminals (MTs)

Transmit power per MT pk = 100 [mW]

RIS position RIS centered at (0,0) with element spacing of 𝜆∕2

BS position BS centered at (106,−106) with antennas spacing of 𝜆∕2

UEs positions Random

Cell area 150 × 120 [m]

G channel Rice, (Rice Factor 𝜖k = 3)

H channel Rayleigh
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Figure 4.7 An RIS-aided M-MIMO communication system with random user positions
and fixed BS and RIS positions. Source: The Authors.
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Figure 4.9 Comparison of different optimization techniques, revealing the average SE
against a set of users in random positions. Source: The Authors.
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Figure 4.10 Comparison of different optimization techniques, demonstrating the OP
against a set of users in random positions. Source: The Authors.

The decision to analyze this particular carrier stems from the variability of user

locations across a broad and extended region, over a hundred meters from the

BS and obstructions in the direct link. The random UEs positions are allocated

inside a square region delimited between −100 to 0m in x-axis and−100 to −15 in

y-axis. This aspect underscores the simulation’s ability to alignwith theoretical and

practical understandings of carrier frequency path loss and telecommunication

channel behaviors, consistent with electromagnetic theory, whose attenuation fac-

tor of the electromagnetic wave increases as the signal frequency becomes higher.

The simulation also demonstrates its adaptability to address the PBF optimization

and NLS with max–min and sum rate the optimization strategies introduced in

this chapter.

Our analysis further delves into various optimization methods, as evidenced by

the trends depicted in the graphs. It’s observed that, on average, the combination

of PBF at the RIS and active beamforming at the BS yields superior outcomes in

terms of capacity, SINR, and OP. This is particularly true when employing MMSE

and ZF combiners, whereas using an MF combiner is deemed optimal solely for

individual users. Moreover, the increase in the user count and a marked decline

in signal quality are noted, mirroring the simulation results.
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In this dynamic scenario, optimization through NLS on RIS elements shows

impressive results, particularly with the max–min technique, which closely

approaches the optimal model. In contrast, the sum rate technique lags in

performance compared to max–min, as it is more applicable to scenarios with

static users with different priority conditions, aiming to maximize the priority

user SINR.

We highlight that when evaluating the optimization techniques across random

configurations of RIS elements and BS antennas, it becomes apparent that the sys-

tem’s lower bounds performance (in terms of SINR, SE, and OP) is reached under

these random conditions. These observations are demonstrated by the curves in

Figures 4.8–4.10.

Figures 4.8 and 4.9 illustrate that the QoS for only one user is optimal due to

the absence of interference. However, as the number of users increases, a deterio-

rated QoS is noticeable, attributed to the rise in power interference. Despite these

challenges, the deployed techniques continue to yield satisfactory outcomes for

the collectively utilized network. Another interesting detail observed is the same

SE and SINR convergence values for a single user applying PBF (withMF, ZF, and

MMSE) and NLS with max–min strategies.

4.4.2 Dynamic Scenario with Different Channels

Figures 4.11–4.13 take into account the PBF optimization on RIS andMMSE com-

biner on the BS. The Ricean channel model from RIS to BS and feature variations

with multipath channels from the UEs to RIS, as detailed in their respective leg-

ends. In addition, Table 4.4 outlines the simulation parameters for the proposed

scenario configuration, and a sample of 20 random UEs positions from the Monte

Carlo simulations in the system can also be depicted in Figure 4.7.

Figures 4.11–4.13 demonstrate that variations in channel parameters signifi-

cantly affect the quality of the metrics. Thus, we provide a refined analysis over

those different channel conditions.

The parameter m of Nakagami-m and 𝜇 from 𝛼–𝜇 and 𝜅–𝜇 represent the exact

relationship of the number of multipath clusters. Throughout the curves shown,

we observe the variation of this parameter during signal transmission from the

user to the RIS. These statistical channels may vary randomly, particularly in

dynamic scenarios where users are located randomly, such as in urban areas filled

with buildings, vehicles, and trees, all of which contribute to multipath signal

propagation. It’s also demonstrated that increasing multipath clusters enhances

the communication system’s quality making the scenario more deterministic.

Analyzing the 𝜅–𝜇 channel, we know it is a generalized form of the Rice distri-

bution, and the ratio of the dominant signal to scattered waves in each multipath

cluster is quantified by the 𝜅 parameter. The graphs show that a higher 𝜅 correlates

with improved system quality and makes the scenario more deterministic.
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Source: The Authors.
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Table 4.4 System parameters and configurations of RIS-aided M-MIMO systems with
devices in dynamic environments and with different channel conditions.

Parameters Value

MC simulation 1000 realizations

Carrier 1GHz

BW 20MHz

N 41

M 65

K from 1 up to 20MTs

Transmit power per MT pk = 100 [mW]

RIS position RIS centered at (0,0) with element spacing of 𝜆∕2

BS position BS centered at (106,−106) with antennas spacing of 𝜆∕2

UEs positions Random

Cell area 150 × 120 [m]

G channel Rice (Rice Factor 𝜖k = 3)

H channel Multipath
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The 𝛼–𝜇 channel is analogous to the Nakagami-m channel for 𝛼 = 2. The

𝛼 parameter, although infrequently observed in practice, does manifest under

specific conditions, such as in environments with air density fluctuations or

high ionization levels. Here, variations in 𝛼 are noticeable, with the distribution

indicating that 𝛼 is affected by environmental nonlinearity and signal attenuation

levels, resulting in varied Nakagami-m conditions where 𝛼 ≠ 2. A higher 𝛼 value

indicates reduced signal attenuation during channel transmission, as seen in the

graph curves for 𝛼 > 2 and 𝛼 < 2.

In the Rayleigh distribution, the signal is scattered with a NLoS. It can be

inferred that the Rayleigh distribution represents the lower bound of quality

performance for those channel communications (except the 𝛼–𝜇 channel at a

very high 𝛼).

Thus, by simulating other scenarios with the Rayleigh channel as the lower

bound quality performance benchmark, we conclude that more deterministic sta-

tistical channel conditions enhance communication quality and improve commu-

nication outcomes.

4.4.3 Static Scenario, with UEs Uniformly Distributed

The simulation parameters for a static scenario composed by UEs uniformly dis-

tributed equally spaced on x axes are outlined in Table 4.5, and its configuration

can be depicted in Figure 4.14.

Table 4.5 System parameters and configurations of RIS-aided M-MIMO systems with
devices in static and uniformly spaced distributed.

Parameters Value

MC simulation 150 realizations

Carrier 60GHz

BW 50MHz

N 201

M 305

K 5MTs

Transmit power per MT pk = 100 [mW]

RIS position RIS centered at (0,0) with element spacing of 𝜆∕2

BS position BS centered at (7.7,6.4) with antennas spacing of 𝜆∕2

UEs positions (−10,−10), (−8,−10), (−6,−10), (−4,−10), (−2,−10)

G channel Rice (Rice Factor 𝜖k = 3)

H channel Rayleigh
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Figure 4.14 An RIS-aided M-MIMO communication system featuring fixed and
strategically placed of users, RIS and BS. Source: The Authors.

In this setup, we implement a RIS-aided M-MIMO communication system uti-

lizing amillimeterwave carrier at a frequency of 60GHz. According to electromag-

neticwave theory, the attenuation factor of awave increaseswith its frequency. The

simulations reveal that device distances are significantly shorter than those achiev-

ablewith sub 6GHz carriers. This highlights another advantage of RIS technology:

it extends communication range besides circumventing obstacles. As observed in

the provided Figures 4.15–4.17 the users positioned farther away don’t achieve the

same efficiency in SE, SINR, and OP as those nearer to the source. Nevertheless,

they are still able to maintain basic communication with the BS through the use

of active and passive beamforming techniques.

We also note that our analysis involves a Rayleigh channel (considered the upper

bound). An enhancement in SEwould be evident in channelswithmore determin-

istic properties.

An additional insight is the superior performance of sum rate in this static setup.

In such user configurations, the max–min function’s priority is to boost the SE of

the furthest user, often at the expense of quality for others. Conversely, with the

sum rate, the furthest user is deprioritized to enhance the general quality for users

closer to the source.

4.4.4 Static Scenario, with UEs Equally Spaced from RIS but

with Different Angles

In this scenario, the user positions users are equidistant from the RIS, differing

only in their departure angles while employing a uniform carrier frequency of

30GHz. The simulation parameters for a static scenario configuration are outlined

in Table 4.6, and its configuration can be depicted in Figure 4.18.
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Figure 4.15 Comparison of different optimization techniques, demonstrating the SINR
in dB against users strategically positioned in the system. Source: The Authors.
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Table 4.6 System parameters and configurations of RIS-aided M-MIMO systems with
devices in static and uniformly distributed by angle and all with the same distance from
RIS.

Parameters Value

MC simulation 150 realizations

Carrier 30GHz

BW 50MHz

N 201

M 305

K 5MTs

Transmit power per MT pk = 100 [mW]

RIS position RIS centered at (0,0) with element spacing of 𝜆∕2

BS position BS centered at (7.7,6.4) with antennas spacing of 𝜆∕2

UEs positions (−7,−34) (−16.5,−30.9) (−24.7,−24.7) (−30.9,−16.5) (−34,−7)

G channel Rice (Rice Factor 𝜖k = 3)

H channel Rayleigh
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Figure 4.18 An RIS-aided M-MIMO communication system featuring fixed and
strategically placed users, RIS and BS. Source: The Authors.

Our observations reveal that thanks to the optimization techniques applied,

capacity remains consistent across all users under reasonable conditions, given

their equal distances from the RIS.

As expected, reducing the carrier frequency to 30GHz effectively expands

the range of the telecommunications system. This is observed in the simulation

results, which show an improvement in SE as presented in Figure 4.19 and SINR

in Figure 4.20, also indicate a reduced OP, as demonstrated in Figure 4.21.

It’s pertinent to reiterate that our discussion involves a Rayleigh channel (con-

sidered the upper bound) from users to RIS. Nevertheless, transitioning to more

deterministic channels would enhance communication quality.

Across all scenarios examined in Sections 4.4.1, 4.4.2, 4.4.3, and 4.4.4, it was

found that PBF with MMSE outperformed the NLS method, leading us to regard

it as the more robust method. For the NLS technique, we conducted experiments

with progressively increasing phase swap resolution (the increments l3 → 0),

which enhanced the SINR but at the cost of significantly increased computational

demand. This implementation appears to approximate the process of an exhaus-

tive search. Despite that, the simulation with l3 = 0.1 achieved SINR values

approximately 90% similar to those found in exhaustive searches. Therefore,

employing a l3 = 0.1 not only ensures precision but also enhances robustness in

solving for results more efficiently than using a l3 → 0 reducing processing time

substantially.
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4.5 Conclusions

Based on the comprehensive analysis and numerical results discussed throughout

the chapter, it was demonstrated that deploying RIS-aided M-MIMO communi-

cations systems significantly enhances wireless communication systems’ perfor-

mance, in terms of SINR, SE, and OP. This chapter evaluates three optimization

problem challenges, precisely, the SINR maximization, the WSR maximization,

and the minimum SINR maximization across users, each demonstrating the piv-

otal role of RIS in improving channel reliability, SE, reducing OP, and ensuring

equitable QoS (fairness) across users.

The dynamic and static scenarios analyzed highlight the adaptability of RIS

technology to diverse user configurations and mobility patterns, underscoring

its potential to meet varying communication demands efficiently. The successful

application of techniques like PBF and the NLS, particularly in dynamic environ-

ments, showcases the capability of RIS to optimize the communication channel

in real time, catering to both stationary and moving users.

Furthermore, the chapter delves into the impact of different channel con-

ditions, including Rayleigh, Rice, Nakagami-m, 𝛼–𝜇, and 𝜅–𝜇 on the system’s



4.5 Conclusions 163

performance. It demonstrates how RIS can mitigate adverse effects, such as
signal fading and path loss, ensuring robust and reliable communication even in
challenging environments.

4.5.1 Limitations of the Proposed Model

The limitations of the models examined are listed as:

● The adoption of ULAs for both the RIS elements and BS antennas has con-
fined the investigation into the two-dimensional network configuration. This

approach inadvertently omits the exploration of three-dimensional systems,

thus presenting a limited analysis of network patterns.

● The study could benefit from incorporating analyses on the Weibull, 𝜂–𝜇

channel, and also a class of composite fading models. Including these models

is suggested as they offer the capability to represent a broader range of channel
conditions through adjustments to the channel parameters, thereby enhancing
the robustness of the analysis.

● It is proposed to reconsider the assumption that the obstruction of the direct
link between the BS and the UEs unequivocally precludes the direct path.
Instead, it is advised to incorporate the partially obstructed direct path into the
calculations, which could yield a more nuanced understanding of the network’s
performance under various environmental conditions.

● While the analysis concerning the communication channel between the BS and
the RIS exclusively contemplated a Rice channel, extending this examination to
include other channel models is recommended. This expansion would facilitate
a more holistic understanding of the communication dynamics and potentially
uncover additional insights into the system’s operational efficacy.

● Traditional channel estimation methods require a dedicated interval for the
transmission of pilot sequences, along with a substantial amount of time
allocated for processing the received signals. This approach introduces an addi-
tional layer of operational delay and cost. The simulation does not account for
this extension in operational timelines, which affects the system’s applicability
in real world.

● The proposed analysis considers constant power allocation for the users and
utilizes known linear precodings. The expansion for power allocation and pre-
coding optimization cover extensive potential gains.

4.5.2 Lessons Learned

The key contributions provided in this chapter are highlighted as:

● Adetailed implementation of general statistical channelmodels (Rayleigh, Rice,
Nakagami-m, 𝛼–𝜇, and 𝜅–𝜇) applied to M-MIMO systems. The models can sim-
ulate the behavior of wireless channels in these systems, withmany antennas for
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transmission and reception, thereby enhancing communication reliability and

data rates.

● The chapter provides a complete description of the implementation of steer-

ing vector channel models in conjunction with the statistical channel. This

approach allows the adaptivemodification of the antenna array’s directionality

to improve signal reception and transmission quality, particularly in diverse

environmental conditions.

● The implementation of RIS devices incorporates optimization techniques for its

elements. This involves adjusting the RIS’s elements to enhance the communi-

cation channel’s efficiency, contributing to more adaptive and efficient wireless

communication networks.

● A comprehensive analysis is conducted on applying optimization methods

to solve problems related to RIS elements, aiming to enhance the QoS. This

enhancement is achieved through using two distinct methods: PBF and NLS,

along with strategies such as the sum rate and max–min techniques. These

methods provide fine-tuning and adjust the configuration of RIS elements.

They ensure optimal signal enhancement and interference reduction by

manipulating electromagnetic waves, thus improving signal propagation and

reception.

● The simulations and analyses are conducted using a system model that accom-

modates various setups, including static or dynamic UEs positions, diverse

channel conditions, and multiple carrier frequencies. This comprehensive

examination thoroughly assesses the system’s performance across various real-

world scenarios. By exploring these different configurations, the study con-

tributes to developing more efficient and reliable systems, guiding the design of

robust wireless communication systems.

4.5.3 Future Scope

Future research directions aim to address and bridge previously identified limita-

tions and gaps. The proposed enhancements include:

● A detailed implementation of the steering vector for the uniform planar array

(UPA) to model a three-dimensional channel accurately. This approach would

also involve using planar elements in both the BS and RIS structures, thereby

enriching the dimensional analysis of the network.

● The exploration and incorporation of more comprehensive channel models.

This entails applying generalized channel models to both the communication

link between the BS and the RIS and the link between the RIS and the UEs to

ensure a more extensive examination of channel dynamics.
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● Including the direct communication link between users and the BS in the
analysis aims to provide a more holistic view of the network’s performance by
considering all possible communication pathways.

● As a proposal, including a new class of optimization problems surrounding SE
and energy efficiency (EE) to improve the QoS in RIS-aided MIMO systems.

● Addressing the unaccounted operational delays and costs associated with pilot
transmission and signal processing for enhancing the efficiency and real-world
viability of RIS-aided M-MIMO systems.

● We will consider new methodologies with lower complexity and promising
results for phase-shift optimization. Additionally, we will take into account
power allocation and precoding optimization as well.

In conclusion, the insights garnered from this chapter are invaluable to the
field, offering potential solutions and guiding principles for future research.
Future applications could explore new steering vectors in UPA and other RIS
configurations, addressing diverse multipath channels, shadowing, or composite

channels, with open issues not examined in this chapter. Additionally, further

optimization problems, including those involving energy efficiency, present
significant opportunities for advancement. Thus, as the demand for wireless

communication continues to grow, the novel perspectives and methodologies

presented here will undoubtedly inspire further innovations, paving the way

for more efficient, scalable, and flexible communication systems. This chapter
contributes to the academic community and holds significant implications for the
practical development of next-generation wireless networks.
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5.1 Introduction

The 6th generation of wireless communication systems requires high data

transmission rates to interconnect different sources efficiently. Higher speed rates

and high quality of service are two persistent claims in the design of modern

mobile communication systems. An improved throughput, latency, availability,

energy efficiency, and cost-efficiency emerged from novel mobile applications

such as Industry 4.0, vehicular communication, and the Internet of Things (IoT).

Two of the key technologies considered in 6G for higher data transmission rates

are the use of electromagnetic waves in the THz band, also known as mmWave

communications, and the increase in the number of antennas or massive multiple

input-multiple output (MIMO) [1]. One of the most promising technologies for

realizing the 6G vision is reconfigurable intelligent surfaces (RISs). The RIS is
a two-dimensional surface composed of controllable elements made of low-cost
passive components that can be designed to change the phases of the incoming
signals so that they are received coherently by the user, resulting in a channel that
can be controlled to exploit the diversity gains where the energy of the transmitted
signals is utilized more efficiently. Recent investigations have demonstrated that
RISs can improve the system performancewith significant energy savings [2]. Due
to the aforementioned properties, RIS can be exploited to assist communication
systems applications such as power transfer, physical layer security, unnamed
aerial vehicles communication, IoT, and sensor networks, among others. Based

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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on the nomenclature for MIMO systems, RIS-assisted multiuser (MU) systems

can be classified as:

● RIS-MU-single input-single output (SISO) systems: Formed by a single Tx
antenna and multiple users equipped with a single Rx antenna.

● RIS-MU-multiple input-single output (MISO) systems: Formed by a trans-
mitter with multiple antennas and multiple receiving users equipped with a
single Rx antenna.

● RIS-MU-single input-multiple output (SIMO) systems: Formed by a
transmitter with a single antenna and multiple receiving users equipped with
multiple Rx antennas.

● RIS-MU-MIMOsystems: Formed by a transmitterwithmultiple antennas and
multiple receiving users with multiple Rx antennas each.

● N-RIS-MU-MIMO systems: If multiple RISs are used working in parallel, the
system is referred to as an N-RIS.

The design of a RIS-assisted MIMO downlink transmission system can be
addressed as an optimization problem that considers the design of a precoding or
beamforming matrix at the transmitter (Tx) in the base station (BS) and the phase
shifts of the mirrors at the RIS. However, this approach can be challenging even
for systems with single-antenna users and a single RIS [3, 4]. If multiple RISs
are considered in a multiuser (MU) scenario, with single-antenna users (MISO),
the design of the phase shift vector in the RISs barely improves the bit error rate
(BER) performance of the system [5]. In this case, multiple receive (Rx) antennas
can exploit diversity to improve the system’s BER performance. Alternatively, dif-
ferent RISs can be utilized for different users [6]. The system design with a single

RIS and multiple users using multiple Rx antennas has been recently addressed

[7]. In this scenario, linear precoding can precancel the interference produced

by the MIMO broadcast channel [8]. Also, precoding techniques can be used

along with space-orthogonal schemes to improve the multi-RIS-aided MU-MIMO

system [9]. In this case, the solution is focused on a zero-interference criterion,

and the MU interference is canceled regardless of the RIS phase shifts. The most

complex scenario uses multiple parallel RIS to assist several users with multiple

Rx antennas (MU-MIMO). Due to the interference caused by multiple links in the

system, the system’s efficiency and complexity could be challenged in this case.

A promising alternative to solve the problems above in RIS-assisted MU-MIMO

systems is machine learning (ML) technology. ML methods have been proposed

as an effective alternative for optimizing RIS-assisted communication systems.

This technique is particularly applied when the computational complexity

increases due to a fast increase in the number of users and the interference

produced by its interactions [10]. Section 5.6 discusses some artificial intelligence
(AI) algorithms for RIS-assisted communication systems. Section 5.6 addresses
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some open problems and future trends in RIS-assisted communications where
ML algorithms and some learning algorithms can be applied.

5.1.1 Contributions

The integration of multiple RIS to MU-MIMO systems is expected to boost cov-
erage, connectivity, and energy efficiency. The BER performance and complexity
of several novel proposals are analyzed in this chapter. Also, we shed light on the
future challenges and opportunities in this complex system. The main contribu-
tions of this chapter are listed below:

● Exhaustive Monte Carlo simulation results for the BER performance and com-
plexity of the N-RIS-assisted MU-MIMO system are presented. Blind-RIS and
optimized-RIS approaches are considered.

● A channel with spatial correlation and channel state information (CSI) errors is
considered to show the effect of these channel impairments on the system.

● AI-based algorithms are analyzed and discussed as an alternative to deal with

the system’s high complexity. Future trends and opportunities in this novel

research topic are also discussed.

5.1.2 Organization

The rest of the chapter is organized as follows: Section 5.2 delves into the related

work. Section 5.3 introduces the N-RIS-MU-MIMO system model, including the

channel model and the optimal detection technique. Section 5.4 presents the

blind-RIS technique and an optimization procedure that can solve the system’s

interference. Section 5.5 presents the performance results of the N-RIS-assisted

MU-MIMO system. Section 5.6 introduces AI as an alternative to the optimization

problem. Section 5.7 presents future trends and opportunities in N-RIS-assisted

MU-MIMO systems. Finally, Section 5.8 concludes the chapter.

5.2 Related Work

The design of RIS-assisted wireless communication systems can be analyzed using

the classification of systems given in the introduction. From the simplest scenario
using only one RIS and an SISO scheme up to the more complex system that uses
multiple RIS and multiple users under MIMO configurations. Table 5.1 shows
a summary of related works that adopt these different schemes to optimize the
resources of RIS-aided systems. In particular, this chapter focuses on Multiple

RIS-assisted MU-MIMO systems. In Bai et al. [3] and Jiang et al. [4], algorithms

are proposed to incorporate RIS in an MU-MISO scenario.
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Table 5.1 Related approaches for optimization of RIS-aided systems using MISO, MIMO,
single-RIS, and multi-RIS configurations.

References Contributions Remarks

Bai et al. [3] Improvement of the reliability

of RIS-assisted systems by

using hybrid phase and code
modulation (HPCM)

RIS in MU-MISO
outperforms in BER

calculation applying HPCM

Jiang et al. [4] Joint design of user scheduling

and phase-shift design for

multi-RIS MU-MISO

RIS shift phase design by

an ergodic spectral sum

optimization metric

Yan et al. [5] Beamforming and information

transfer for MU-MIMO RIS

Extension from single to multi-

RIS phase optimization by

sample average approximation

Jung et al. [6] Resource allocation algorithm to

jointly consider user scheduling

and power control

Users are labeled according to

the BS connection, direct or

through the RIS

Xu et al. [7] Optimization for MU-MIMO

multi-RIS system considering

the MSE gain for each user

Use of precoders to cancel the

interference and MSE based
optimization of all users

Semmler et al.
[8]

Sum rate maximization of
RIS-aided MU-MIMO system

using linear precoding

The linear precoder cancels in

parallel the interference among

users to increase the sum-rate

Ning et al. [9] Design of space-orthogonal

scheme to eliminate interferences
in an MU-MIMOmulti-RIS system

Interference is eliminated
regardless of the RIS phase

shift design

Souto and Silva
[11]

Joint precoding optimization and

rate maximization based on the
monotone accelerated proximal

for a multi-RIS system

The use of multiple RIS
surfaces
in parallel substantially

impacts the overall system

enhancement

Yu et al. [12] Phase shift optimization based on

semidefinite relaxation and gauss

randomization for MU-MIMO
multi-RIS systems

Two optimization algorithms

proposed for both continuous

and discrete phase shift

designs
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The MISO configuration is extended to the multiple RIS cases in [5], which
shows that the design of the phase shift vector in the RISs barely improves the
BER performance of the system. Since each user is optimized with a different
combination of the phase shift vector, optimizing a group of users results in a

suboptimal solution. Different RISs can be allocated to different users [6] to over-

come this drawback. Xu et al. [7] and Semmler et al. [8] analyzes the problem of

using a single RIS in a multiuser scenario with multiple Rx antennas (MIMO). In

this case, a precoding technique can cancel the interference. Precoding schemes

can also be used with space-orthogonal coding to improve the MU-MIMO sys-

tem [9]. Souto and Silva [11] propose a monotone accelerated proximal gradient

(mAPG)method that includes an extrapolation to improve the algorithm’s conver-

gence. Souto and Silva [11] show that combining multiple RISs can be an effective

solution to improve the performance of the system. Previously proposed systems

show the effectiveness of using RIS in MU-MIMO systems. The most complex

scenario uses multiple parallel RIS to assist an MU-MIMO system. This configu-
ration increases the system’s complexity, and as shown in [5], the system’s design
needs to be approached carefully to optimize all system components. In that sense,
ML algorithms could represent a promising alternative for an effective solution
to this problem. Souto and Silva [11] introduced an iterative algorithm grounded

in the monotone accelerated proximal gradient (mAPG) method, which incorpo-

rates an extrapolation step to enhance convergence speed.Moreover, the algorithm

includes variable monitoring mechanisms to ensure adequate descent. The find-
ings in [11] indicate that amalgamating multiple RIS panels can notably enhance
achievable rates. These previously proposed systems clearly show the effectiveness
of using RIS to assist MU-MIMO systems. The RIS improves the wireless system’s

overall performance and extends the coverage area. Even when a discrete phase

shift is considered [12].

5.3 N-RIS-assisted MU-MIMO System Model

Figure 5.1 shows the N-RIS-assisted MU-MIMO general system model. The BS

is equipped with Nt Tx antennas. The reception comprises K users or mobile

stations (MSs) with Nr antennas. The system uses N RISs with Ns mirrors

to reflect the signals. The end-to-end configuration is defined as a (K ⋅ Nr) ×

(N ⋅ Ns) × Nt N-RIS-assisted MU-MIMO downlink transmission system. The
channel matrix between the nth RIS and the kth MS is defined as Hn,k ∈ ℂ

Nr ×Ns ,

n ∈ {1, 2,… ,N}, k ∈ {1, 2,… ,K}, the channel matrix between the BS and the
kth user that does not propagate through the RISs is defined as HDP

k ∈ ℂ
Nr ×Nt ,

k ∈ {1, 2,… ,K}, and the channel matrix between the BS and the nth RIS is
defined as Gn ∈ ℂ

Ns ×Nt ,n ∈ {1, 2,… ,N}.
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Figure 5.1 N-RIS assisted MU-MIMO downlink transmission system.

Let us consider a precoding matrix Wk ∈ ℂ
Nt ×Nr for the kth user. Then, the

precoded transmission vector for the kth user isWkxk,∈ ℂ
Nt ×1, k ∈ {1, 2,… ,K}.

The precoding matrixWk expands the transmission vector to a vector of size Nt.

The vector of transmitted signals considering K users is

tx =

K∑
k=1

tx
(k) (5.1)

As shown in Figure 5.1, from the BS to the MSs, the transmitted signals tx go

through N RISs and also go through a path that does not use RIS to reach their

destination.

5.3.1 Transmission/Reception

The signal received for the kth user coming from all RISs, and the direct path is:

yk =
√
𝛾kH1,kΘ1G1tx +

√
𝛾kH2,kΘ2G2tx + · · ·

+
√
𝛾kHl,kΘlGltx + · · · +

√
𝛾kHL,kΘLGLtx

+
√
𝛾kH

DP
k tx + nk (5.2)

where Θl is the lth phase shift matrix, defined as Θl = diag(e j𝜃l,1 , e j𝜃l,2 ,… , e j𝜃l,Ns ).
Here, 𝜃l,i denotes the phase shift of the ith reflecting element of the lth RIS and
nk ∈ ℂ

Nr ×1 is the noise. The noise samples are assumed to be independent
and identically distributed (i.i.d.) with 𝒩 (0, 𝜎2). Furthermore,

√
𝛾k is the
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signal-to-noise ratio (SNR). Finally, the received signal for the kth user can be

written as:

yk =
√
𝛾k

(
N∑
l=1

Hl,kΘlGl +HDP
k

)
tx + nk (5.3)

Let us consider an equivalent matrixHEq

k
∈ ℂ

Nr ×Nt defined as:

H
Eq

k
=

N∑
l=1

Hl,kΘlGl +HDP
k (5.4)

There exist K different equivalent matrices that contain the information of all the

N RISs in the system and the link that does not pass through the RISs. The signal

received by the kth user or MS is rewritten as:

yk =
√
𝛾kH

Eq

k
tx + nk (5.5)

5.3.2 Channel Model

The distance between the Tx or Rx antennas can cause a correlation effect in the

wireless channel. As a result, the systems suffer from diversity losses. The spatial

correlation also exists among the mirrors in the RIS, affecting the system’s overall

performance. In this work, the effects of the spatially correlated channel are evalu-

ated by a standardmethodknownas theKroneckermodel. The spatially correlated

MIMO channel is modeled as [13]

H[corr] = R
1∕2
r H[𝑤]R

1∕2
t (5.6)

whereH[𝑤] is defined as a quasi-static Rayleigh fading channel with i.i.d. complex
Gaussian random variables elements 𝒩 (0, 1). The matrices Rr and Rt represent
the receive and transmit correlation matrices, respectively. The correlation matri-
ces are formulated using the exponential model, as described in [13]

Rt =

⎡⎢⎢⎢⎢⎢⎢⎣

1 𝜌t 𝜌2t … 𝜌
(Nt−1)
t

𝜌t 1 𝜌t 𝜌
(Nt−2)
t

𝜌2t 𝜌t 1 ⋮

⋮ ⋱

𝜌
(Nt−1)
t 𝜌

(Nt−2)
t 1

⎤⎥⎥⎥⎥⎥⎥⎦

(5.7)

Rr =

⎡⎢⎢⎢⎢⎢⎢⎣

1 𝜌r 𝜌2r … 𝜌
(Nr−1)
r

𝜌r 1 𝜌r 𝜌
(Nr−2)
r

𝜌2r 𝜌r 1 ⋮

⋮ ⋱

𝜌
(Nr−1)
r 𝜌

(Nr−2)
r 1

⎤⎥⎥⎥⎥⎥⎥⎦

(5.8)
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where 𝜌t and 𝜌r are the correlation coefficients between adjacent antennas at the

transmitter and receiver sides, respectively. The estimated channel Ĥ in the recep-

tion is modeled as [14]

Ĥk = H[corr]
k

+ Eh (5.9)

where Eh ∈ ℂ
Nr ×Nt is the channel estimation error matrix, which is independent

ofH[corr]
k

andhas complexGaussian elements𝒩 (0, 𝜎2e ). Therefore, Ĥk has amod-

ified distribution of 𝒩 (0, 1 + 𝜎2e ).

5.3.3 Detection

The maximum likelihood criterion (MLC) is used as a reference in detection. The
MLC compares the Euclidean distance between the received signal and all possible
noiseless received signals. For the analyzed N-RIS-MU-MIMO system, the MLC is
written as [15]

x̂k = argmin
xk∈D

∥ yk −
√
𝛾kH

Eq

k
WkD∥2F (5.10)

where the matrix D ∈ ℂ
Nr×2m is the complete set of noiseless quadrature ampli-

tude modulation (QAM) signals at the reception.

5.4 Blind RISs and Optimized Transmission

RIS-assisted systems have gained significant attention due to their capacity to
enhance system performance through optimized utilization of radiated energy.
However, a notable drawback of RIS-based systems lies in the precise control
required over the phases and amplitudes of impinging signals within the RIS.
Typically, achieving this control necessitates an additional control unit within
the RIS. Nonetheless, this poses a challenge, particularly when the RIS is at a
considerable distance from the transmitter or BS.

5.4.1 Blind RISs

This section describes the precoding technique used to precancel the interference
caused by multiple users and multiple RISs under simultaneous signal transmis-
sions. Figure 5.2 shows the block diagram of a precoding technique for the ana-
lyzed RIS-assisted MU-MIMO system. The received signal by the kth user can be
rewritten as [15]:

yk =
√
𝛾kH

Eq

k

K∑
k=1

Wkxk + nk (5.11)
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Figure 5.2 Precoding for N-RIS-MU-MIMO systems.

which can be also expressed as:

yk =
√
𝛾kH

Eq

k
Wkxk +

√
𝛾kH

Eq

k

K∑
i=1,i≠k

Wixi + nk (5.12)

the first term is the signal sent to the kth user or MS, the second is the interfer-

ence produced by the other users, and the third is the noise at the reception. The

complete system has the following matrix representation:

⎡
⎢⎢⎢⎢⎢⎣

y1

y2

⋮

yK

⎤
⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎣

H
Eq
1 · · · H

Eq
1

H
Eq
2 · · · H

Eq
2

⋮ ⋱ ⋮

H
Eq
K · · · H

Eq
K

⎤
⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎢⎣

W1x1

W2x2

⋮

WKxK

⎤
⎥⎥⎥⎥⎥⎦

+

⎡
⎢⎢⎢⎢⎢⎣

n1

n2

⋮

nK

⎤
⎥⎥⎥⎥⎥⎦

, (5.13)

where
√
𝛾k = 1 for simplicity. To remove the interference term, a precoding tech-

nique based on block diagonalization (BD) is utilized [16]. The required condition

isHEq

k
Wi = 𝟎,∀i ≠ k, which can be written as:

H
Eq

k Wk = 𝟎, k = 1, 2,… ,K (5.14)

where H
Eq

k contains all user matrices in the system except that of the kth user,

which can be expressed as:

H
Eq

k =
[
(H

Eq
1 )H ,… , (H

Eq

k−1
)H , (H

Eq

k+1
)H ,… , (H

Eq
K )H

]H
(5.15)
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For example, for K = 4 users in the system, the following auxiliary matrices can
be obtained:

H
Eq

1 =
[
(H

Eq
2 )H , (H

Eq
3 )H , (H

Eq
4 )H

]H

H
Eq

2 =
[
(H

Eq
1 )H , (H

Eq
3 )H , (H

Eq
4 )H

]H

H
Eq

3 =
[
(H

Eq
1 )H , (H

Eq
2 )H , (H

Eq
4 )H

]H

H
Eq

4 =
[
(H

Eq
1 )H , (H

Eq
2 )H , (H

Eq
3 )H

]H

The precoding matrices are obtained decomposing H
Eq

k into its singular values
as [15]:

H
Eq

k = Uk

[
Σk, 𝟎

] [
V(1)
k
V(0)
k

]H
(5.16)

whereUk is a unitary matrix, Σk is a diagonal matrix containing the non-negative

singular values ofH
Eq

k , 𝟎 is an all-zero matrix, V
(0)
k
contains vectors corresponding

to the zero singular values and V(1)
k
contains vectors corresponding to the nonzero

singular values. The matrix V(0)
k
contains the last Nr columns of Vk, which form

an orthogonal basis that is in the null space ofH
Eq

k . Therefore, V
(0)
k
can be used as

the precoding matrixWk. The precoding matrices are obtained as:

Wk = Vk(∶,Nt − Nr + 1,Nt − Nr + 2,… ,Nt) (5.17)

where (∶) represents all the rows in the matrix Vk. The received signal can be
rewritten as an interference-free signal as:

yk =
√
𝛾kH

Eq

k
Wkxk + nk (5.18)

The complete system can be represented as:

⎡
⎢⎢⎢⎢⎢⎣

y1

y2

⋮

yK

⎤
⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎣

H
Eq
1 W1 · · · 𝟎

𝟎 · · · 𝟎

⋮ ⋱ ⋮

𝟎 · · · H
Eq
K WK

⎤
⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎢⎣

x1

x2

⋮

xK

⎤
⎥⎥⎥⎥⎥⎦

+

⎡
⎢⎢⎢⎢⎢⎣

n1

n2

⋮

nK

⎤
⎥⎥⎥⎥⎥⎦

. (5.19)

The blind RIS technique described here guarantees interference-free signals at
the destination regardless of the phases in the multiple RISs. In the next section, a
suboptimal optimization algorithm is investigated to improve the performance of
the system.
The matricesGl and𝚯l in Eq. (5.3) can be adjusted to control the impinging sig-

nal amplitude and phase through the RIS elements, respectively. One of the most
important RIS communications advantages is called beamforming. Beamforming
enhances RIS communications by allowing the control of the signal reflection
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toward a desired direction to improve the transmission quality. There are twomain

approaches for RIS beamforming:

● Active beamforming: Requires additional active components or circuits to

manipulate the amplitude and phase of RIS-impinging signals. Although the

signal adjustments are implemented in real time, the power consumption and

system complexity increase.

● Passive beamforming: Here, the system relies on exploiting the properties

of RIS rather than adding additional electronic circuits. These systems are less

complex than active beamforming, consuming less power.

Several approaches develop a hybrid beamforming by combining the active

and passive designs [17, 18]. In practice, RIS is usually designed to have a

large number of reflecting elements. Thus, it will be more effective to imple-

ment discrete amplitude/phase shift levels that require only a small number

of control bits for each element. For instance, reflecting-absorbing for ampli-

tude control and 0–𝜋 for phase shift control. The cost of phase shift control

is higher than amplitude control [18] since the optimal phase shift solu-

tions should align all the reflected signals by the RIS despite their strength

with the signal transmitted from the BS. The alignment produces a coher-

ent combined signal that maximizes the received signal power at the user

device.

5.4.2 Optimization

Optimization includes the search for the appropriate phases in the RIS that

lead to better system performance. The first approximation is to system-
atically change the phases of the RIS and compare the complete system’s
performance. A better solution could be based on an optimization function
such as the signal plus interference-to-noise ratio (SINR). Genetic algorithms
(GAs) and other AI-based techniques have recently been used to address this
nondeterministic polynomial time (NP-hard) problem. The optimization prob-
lem can be seen as the maximization of the SINR function for the kth user
defined as:

SINRk =
|HEq

k
Wkxk|2

|HEq

k

∑K
i=1,i≠kWixi|2 + 𝝈2n

(5.20)

where HEq

k
=
∑L

l=1Hl,kΘlGl +HDP
k , and Θl is the phase shift matrix of the lth RIS

that contains in its diagonal the phase shift vector 𝝓l = {𝜙(1), 𝜙(2),… , 𝜙(Ns)}. The
algorithm looks for the phases 𝜙l that maximize the SINR function. The optimiza-
tion procedure can be formulated as
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Φsubopt = max(SINRk)

s.t. C1 ∶ 𝜙(i) ∈ [0, 2𝜋]∀i ∈ {1, 2,… ,Ns},

C2 ∶ 𝔼[∥tx
Htx∥] = K

C3 ∶ |𝜙(i)| = 1

(5.21)

Considering several users (K > 1), the optimization algorithm seeks for

Φsubopt = max(𝝍) (5.22)

where 𝝍 = f (𝜙1, 𝜙2,… , 𝜙j), 1 < j ≤ K, is a concatenated SINR function.
Section 5.6 discusses the main AI-based strategies to deal with this complex
problem.

5.5 System Performance Results

To measure the BER system performance, we conduct exhaustive simulations.
Simulations were carried out using MATLAB. The first scenario considers
only the blind RISs where the phases in the RIS are not modified, i.e., Θ = I.
The second scenario considers an optimization procedure using a stochastic
search. The stochastic search seeks the phases in the RISs that maximize the
SINR. First a (4 ⋅ 2) × (N ⋅ 32) × 8 configuration with SE= 8 bpcu/user is utilized.
Second, a (8 ⋅ 4) × (N ⋅ 32) × 32 configuration with SE= 12 bpcu/user is used.
The N-RIS-MU-MIMO system uses 16-QAM and spatial multiplexing (SMux)
for the first configuration to get a SE= 8 bpcu/user. The second configuration
uses 8-QAM to get a SE= 12 bpcu/user. Evaluations are carried out for 1 ≤ N ≤ 8
RISs, where each RIS is equipped with 32 mirrors. A similar system that does not
use RISs is evaluated as a reference. For simulations, a normalized transmission
energy per user, i.e., 𝔼[∥tx

Htx∥] = K is considered. Table 5.2 enlists all the
different parameters to configure the different scenarios for the simulations

conducted in this work. In addition, Figure 5.3 illustrates in a flowchart the

processes involved in conducting simulations, where each level of SNR 𝛾k is

updated as well as a certain number of Monte Carlo channel realizations.

5.5.1 BER Performance Results

Figure 5.4 shows a BER performance comparison for a different number of RISs.

Blind and optimization search approaches. SE= 8 bpcu/user, 8 Tx antennas, and

4 users with 2 Rx antennas. Results show that the N-RIS system has up to 30 dB

gains compared with a similar system that does not use RIS. The optimization

procedure improves up to 8 dB the performance of the systems.

Figure 5.5 shows a BER performance comparison for a different number of RISs.

Blind and optimization search approaches. SE= 12 bpcu/user, 32 Tx antennas, and
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Table 5.2 Simulation parameters for the different RIS scenarios
considered in this work.

Parameter Value

SNR 𝛾k [−10, 30] dB

Number of Tx antennas Nt 8, 32

Number of user equipment (UE) K 4, 8

Number of UE antennas N 2, 4

Number of RIS surfaces N 1, 2, 4, 8

Number of RIS reflectors Ns 32

Modulation xk 16-QAM

Channel fadingHEq

k
Rayleigh

Channel spatial correlation 𝜌 𝜌 = 0.7

Start

Nt, K, Nr, N , Ns, xk, γk

B

Channel settings: H
Eq
k , nk, ρ

ρ = 0?

Compute H
Eq
k correlated

yes

no

A

A

A

Compute yk, Φsubopt, BER

Update γk

γk > target?

End

yes

no
B

Figure 5.3 The flowchart with all processes involved in conducting the experiments for
different RIS-aided system configurations.

8 users with 4 Rx antennas. Results show that the N-RIS system has up to 37 dB
gains compared with a similar system that does not use RIS. In this case, the opti-
mization procedure improves only 2 dB in the BER performance.
Figure 5.6 shows a BER performance comparison for a different number of RISs.

SE= 8 bpcu/user, 8 Tx antennas, and 4 users with 2 Rx antennas. A channel with
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Figure 5.4 N-RIS-MU-MIMO, BER performance comparison for a different number of
RISs. Blind and optimized approaches. SE= 8 bps/user, 8 Tx antennas, and 4 users with
2 Rx antennas.
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Figure 5.5 N-RIS-MU-MIMO, BER performance comparison for a different number of
RISs. Blind-RIS and optimized-RIS approaches. SE= 12 bpcu/user, 32 Tx antennas, and
8 users with 4 Rx antennas.
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Figure 5.6 N-RIS-MU-MIMO, BER performance comparison for a different number of
RISs considering spatial correlation and CSI errors plus correlation. SE= 8 bpcu/user, 8 Tx
antennas, and 4 users with 2 Rx antennas.

spatial correlation 𝜌 = 0.7 and CSI errors of 2% plus correlation is considered.

Results show that spatial correlation has losses of 7 dB. When spatial correlation

plus CSI errors are considered, the system presents poor BER performance since

it has a floor noticeable at 10 dB.
Figure 5.7 shows a BER performance comparison for a different number of RISs.

SE= 12 bpcu/user, 32 Tx antennas, and 8 userswith 4Rx antennas. A channelwith

spatial correlation 𝜌 = 0.7 and CSI errors of 2% plus correlation is considered. In

this case, the system with spatial correlation has losses of 20 dB. When spatial

correlation plus CSI errors are considered, the system presents very poor BER

performance. Table 5.3 summarizes all the obtained results from the conducted

simulations previously described. The first column enlists the parameters set for
each configuration scenario, and the first column compares the obtained gains
when the system includes a RIS surface. We noticed that the highest gain in BER
performance is presented in the third-row scenario, where the system achieves a
37 dB gain compared with an equivalent system that does not include an RIS sur-
face. On the other hand, theworst casewas presentedwhen a spatial correlation in
the channel of 𝜌 = 2 was considered and an SE = 12 bpcu/user, presenting 20 dB
of losses. It is important to notice that most of the frameworks in the literature
consider reporting the system performance in terms of an achievable gain like sum
rate or MSE rather than BER, which is our case.
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Figure 5.7 N-RIS-MU-MIMO, BER performance comparison for a different number of
RISs considering spatial correlation and CSI errors plus correlation. SE= 12 bpcu/user,
32 Tx antennas, and 8 users with 4 Rx antennas.

Table 5.3 Simulation results obtained from the different
multi-RIS system configurations.

Parameters Results

SE = 8 bpcu/user, Nt = 8, 30 dB gain No RIS,

K = 4, Nr = 2 8 dB gain RIS

SE = 12 bpcu/user, Nt = 32, 37 dB gain No RIS,

K = 8, Nr = 4 2 dB gain RIS

SE = 8 bpcu/user, Nt = 8, 7 dB losses,

K = 4, Nr = 2, 𝜌 = 0.7 floor: 10−2

SE = 12 bpcu/user, Nt = 32, 20 dB losses

K = 8, Nr = 4, 𝜌 = 0.7 floor: 10−1

5.5.2 Detection Complexity

To compare the proposed and the baseline systems’ detection complexity (𝜂), we
count the total number of floating-point operations (�ops) required to solve the
ML criterion. For real additions, multiplications, and comparisons, 1 �op is car-
ried out. For complex additions and multiplications, 2 and 6 �ops are carried out,
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Table 5.4 Detection complexity.

Operation Complexity

Qk = HkWk 8N2
rNs

QkD 8N2
r 2

m

Subtractions 2Nr2
m

∥ ⋅ ∥2F 3Nr2
m

Maximum ratio combining (MRC) 2Nr2
m

Ordering 2(2m)

Q = HkG 8NrNsNt

P = QZEq
k

8N2
rNt

PD 8N2
r 2

m

Source: Castillo-Soria et al. [15].

respectively, while subtractions and divisions take the same number as additions

and multiplications, respectively [15]. A complex matrix multiplication of m × n

and n × p requires 8mnp �ops. The lattice of the ML detector can be written as

Gk = H
Eq

k
WkD, where the matrix D ∈ ℂ

Nr ×2
m
is composed by all possible combi-

nations of transmitted symbols.

The multiplication ofHEq

k
Wk has a complexity cost of 8NtN

2
r �ops and generates

a square matrix of dimensions Nr × Nr . The multiplication of this matrix by

the matrix D has a complexity cost of 8N2
r 2

m�ops. Therefore, the matrix Gk

has a complexity of 8N2
r (Nt + 2m)�ops. The differences have a complexity of

2(2m)Nr�ops. Obtaining the magnitude has a complexity cost of 3Nr2
m�ops. The

combiner has a complexity cost of 2(Nr − 1)2m�ops, and finding the minimum
value has a complexity of 2(2m)�ops. Adding all these results, the detection
complexity of the N-RIS-MU-MIMO-system is (Table 5.4)

𝜂 = 8N2
rNt + 8N2

r 2
m + 7Nr2

m �ops (5.23)

5.5.3 Limitations of the Proposed Model and Alternative Solutions

Thanks to signal processing, a precoding technique can be applied to solve the
interference problem generated by multiple users and multiple RISs on the
downlink transmission system. As expected, as RISs are added, a better system
BER performance is obtained. Mainly, thanks to the precoding, considerable gains
can be obtained in the system without requiring large amounts of processing
in the RISs. However, some limitations were imposed by the model used. First,
perfect CSI knowledge is assumed. When a more realistic channel model is used,
the performance can drop abruptly. Therefore, it is necessary to extend the studies
to consider more realistic channel models. Secondly, the utilized interference
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cancellation model is based on a BD scheme. This scheme imposes some con-
ditions on the dimensions of the channels. That is, the number of transmitting
antennas required should equal the number of antennas on the receivers. This
can be a limiting factor in the design of practical systems. A possible solution
could be using strategies such as “dirty paper coding” (DPC) that relax these
restrictions and which has also shown good performance in MU systems. Finally,
the optimal design of the system must be reviewed again. Although the proposed
system shows significant gains compared to a system without RIS, effective
combining precoding and optimization techniques is still an open research area.

Results show that the addition of seeking the optimal phases in the RIS is a

complex procedure that barely improves the BER performance in a MU–MIMO

scenario. Therefore, the following questions remain unanswered: What aspects

of the system can be managed deterministically? What aspects of the system can

be conveniently optimized by artificial intelligence? How should the system be
modeled for better BER performance and greater spectral and energy efficiency?
These are some unknowns that will direct future research in the area.

5.6 Artificial Intelligence in RIS-assisted MU-MIMO
Systems

AI indeed revolutionizes technology applications and communication systems.
5G/6G systems requirements reside on lower latency, availability, energy, and
cost efficiency for novel mobile communications as well as for IoT and vehicular
network applications. More specifically, some ML and deep learning (DL)
frameworks have been developed for RIS-aided wireless communication systems,
which are presented in this section. We present a comparative analysis for AI–RIS
applications comprising the details about the ML algorithms required, the type
of network architecture in the case of DL, and the type of data source for the
training stage. We divide our comparative study according to the type of research
problem stated for each framework, having the following issues:

● Estimation of CSI applications
● Beamforming applications
● Federated learning applications
● Demodulation applications

This section also describes the source database used for training the DL
algorithms if available to the research community. Applications on signal
demodulation on RIS systems are also enlisted, where researchers explored
diverse architectures for decoding the information signal using neural network
(NN) architectures. ML applications on RIS also cover other research problems;
however, this is an evolving field with ongoing research and development.
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5.6.1 Estimation of CSI Applications

CSI estimation consists of calculating a matrix that represents the channel state

having as input a pilot signal known at the receiver at different channel realiza-

tions. Then, selecting an ML algorithm, an optimizer, an activation function, and

a mean squared error (MSE) based loss function, the CSI is obtained. Matrices

naturally give the realizations of the channel of MU systems, so DL is the princi-

pal choice among reported frameworks in literature to developML–CSI estimation

applications for RIS-aided communications. The loss function of theDL algorithm

is one of its main components and computes the distance between the actual CSI

and the estimated output. TheDL approaches for channel estimation onRIS-aided

wireless systems reported in the literature adopt the loss function according to the

MSE and its variations, such as the minimum MSE (MMSE) and the least MSE

(LMSE), among others. The optimizer is another important component of the

DL algorithm; it adjusts the model parameters (for instance, the weights of neu-

rons) and rebuilds themodel according to the neuron activation function. Channel

estimation for RIS-aided communications is one of the most challenging tasks

since there is a direct association between the channel and the transmission fail-

ure [19]; when performing channel estimation, it involves an improvement in the

phase-shift selection at RIS [20]. DL approaches can effectively reduce RIS hard-

ware’s complexity in estimating CSI. Figure 5.8 depicts a diagram for the process of

CSI estimation for wireless systems aided by multi-RIS. As mentioned before, the

matrices of pilot signals and the matrix of channel realizations are used as inputs

to feed an ML algorithm (first of the settings) and then create a model for channel
estimation. Since the ML algorithm requires certain parameters for training, the
most important settings shown in Figure 5.8 are the loss function based on MSE,
the optimizer to address the finding of the minimal value of the loss function, and
the activation of neurons. Finally, the output will be the estimatedmatrices of CSI.

Pilot signal received Matrix of channel realizations

ML Algorithm
MSE-based

loss function
Optimizer

Activation

function

Estimated CSI matrices

Inputs

ML settings

Output

Figure 5.8 ML-based CSI estimation procedure for RIS communication systems.
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Elbir et al. [21] introduced a DL approach for CIS in RIS surfaces. In this work,

theDLmodel uses pilot signals that arrive at the receiver (UE device) as input. The

training data consists of synthetic channel simulations, where RIS elements were

controlled at ON/OFF states, making pairs of input–output for several channel

realizations. The input data comes from both direct and cascaded channels, and

the deep neural network (DNN) output consists of a vectorized form of channel

matrices. This approach does not need re-training when the user changes its loca-

tion to 4∘. The network architecture consists of two convolutional neural networks

(CNNs), each composed of nine layers.

The application reported by Taha et al. [22] proposes a two-phase system con-

sisting of learning and prediction stages. The first stage consists of an exhaustive
search from the RIS to collect a dataset for the DL model; here, the model learns
the mapping between the input channel vector to output an achievable rate vector
from the beamforming with the highest rate reflected from the transmitted data.
For the second stage, the DL model makes an inference from the estimated
sampled channel to a beamforming vector. The model architecture is an adapted
neural network with a variable number of layers, ReLU as an activation function,
and training data generated from the publicly available DeepMIMO dataset [23].
Applications such as [24] consist of a DL-based CSI detector called DeepRIS. It

estimates the channel fading and phase angles from the received signal. The train-
ing stage of the model was o�ine, using synthetic channel realizations and ran-
domly generated bit streams. The output estimated by themodel is the transmitted
symbol. Its architecture consists of an artificial neural network whose number of
layers is variable and fully connected.
As seen before, MU precoding for downlink in RIS-aided communications

enhances the received signal quality by eliminating the interference caused by
users and other involved RIS surfaces transmitting simultaneously. Wu et al. [25]
propose an architecture of a reflective network with linear layers where the line
of sight (LOS) patterns between the BS and UEs are blocked. The CSI is estimated
at the BS using the NN with pilot inputs and feedback signaling overhead.

5.6.2 Beamforming Applications

Another research problem to enhance RIS communications is beamforming,
which consists of estimating the values of matrices Gl and Θl to improve the
quality of transmission according to the SINRk function defined in Eq. (5.20).
As in CSI, ML-based approaches are considered training data to send pilot signals
and channel realizations for this issue. Figure 5.9 depicts the entire process
followed in ML-based beamforming approaches for RIS-aided wireless systems.
As shown in Figure 5.9, this procedure is similar to CSI estimation since input
data for training consists of pilot signals or channel realizations. However, the ML
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Pilot signal received Matrix of channel realizations

ML Algorithm
SINR/sum rate
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Activation
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Estimated beamforming/phase shift matrices

Inputs

ML settings

Output

Figure 5.9 Scheme for ML-based beamforming estimation procedure for RIS
communication systems.

settings, such as the type of algorithm, network architecture, hyperparameters,

optimizer, and activation function, are chosen to satisfy the optimization problem

of SINRk maximization.

Most research frameworks in the literature generate synthetic channel realiza-

tions to train theML algorithms for beamforming.Most reported research uses DL

schemes. However, deep reinforcement learning (DRL) has recently been applied

to beamforming to avoid using a training dataset. In DRL-based beamforming,

the matrices of channel realizations are considered as the environment for the

state-space building. The agent is designed at the transmitter and performs actions

through the RIS surface, where each action aims to optimize the phase shift and

beamformingmatrices at each channel realization. The SINRk or sum rate1 is cho-

sen as the instant reward since the optimization problem is subject to maximize

this magnitude. Figure 5.10 illustrates the process of beamforming optimization

for RIS-aided wireless systems supported by DRL. Here, it is defined as a set called
action A(t), where matrices Gk(t) and 𝚽k(t) for each time interval t are collected.
The state stands for the collection over time t of channel matrices Hl,k(t), H

DP
k
(t),

HEQ

k
and the action in the last time intervalA(t − 1). The agent modifies the action

to maximize the instant-cumulative reward R(t), designed according to the SINR.
The application developed by Taha et al. [22] consists of a novel RIS architec-

ture, where only a few elements are active, and the remainingmajority are passive.
The RIS surface learns to interact optimally with the incident signal at the active
elements. The synthetic channel realizations dataset is Deep-MIMO [23], choos-
ing an outdoor ray-tracing scenario. The authors selected a multilayer perception

1 The sum rate is defined as Rk = 1 + log2(SINRk).
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RIS agent

State

Reward

Action

Environment

Figure 5.10 Deep-reinforcement learning scheme for beamforming in RIS-aided
communication systems.

for the DL architecture with a variable number of fully connected layers, a ReLU

activation function at the output, and MSE as a loss function.

Özdoğan and Björnson [26], developed a DL approach for the phase configura-

tion of anRIS–MIMOsystem. The authors used a two-network architecture,where

the first has the CSI estimation as a task, and the second network predicts the opti-

mumphases and beamforming vectors online. The inputs are pilot sequences. The

first neural network (NN) architecture consists of three fully connected hidden

layers, a standard scaler to preprocess units, an Adam optimizer, and a ReLU acti-

vation function. For the second NN, the architecture consists of 4 fully connected

layers: Adam optimizer and ReLU activation. The training pilot signals were syn-

thetically generated.

Gao et al. [27] developed an unsupervised learning solution to make real-time

predictions of phase shifts online, maintaining a desired rate performance. This

architecture consists of five fully connected layers with a variable number of

neurons, ReLU activation, batch normalization, and Adam optimizer. Training

data was generated by synthetic channel realizations, which had previously

normalized it.

Jiang et al. [28] developed a DL architecture of two NNs to optimize the signal

processing functions at RIS. The first NN is located at the BS and maps the

transmitted bit stream to the transmitted signal modulation and beamforming.

The second DNN is located at the user device, where the received signal is

combined and demodulated at the UE to the estimated soft bit stream. The

beamforming optimization is designed to achieve the lowest BER, so the network

is trained once. This application can simultaneously optimize the BS, RIS, and

UE device weights. The architecture of both BS and UE networks consists of

three fully connected layers with ReLU activation at the output. The UE NN uses
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a Xavier initialization and Adam optimizer. This approach suggests a kind of

transfer-learning algorithm for beamforming.

Huang et al. [29] reported a scheme based onDRL for beamforming inRIS-aided

wireless systems. Here, the authors performed the optimization using the deep

deterministic policy gradient (DDPG) algorithm for the joint design of the beam-

forming and phase shift matrices at the RIS surface. The sum-rate metric was used

as the instant reward for the agent training. The architecture consists of two NNs;

the actor and the critic networks. The number of units in each network corre-

sponds to the number of users and antennas at the BS and RIS elements.

Motivated by this approach, Saglam et al. [30] developed a beamforming opti-

mization strategy under imperfect CSI and hardware impairments. This approach

uses the DRL’s soft-actor-critic (SAC) algorithm to optimize the beamforming

design and phase shift matrices to maximize the sum rate as a reward. The SAC

architecture consists of two NNs called Q-networks and one-third of the NN

called the policy network. Adam optimization and tanh activation were used for

the output layer, and ReLU was used for the hidden layers.

The proposed framework by Wang and Zhang [31] is considered a model-free

design to configure the reflections on RIS-aided communications. This DRL
approach does not require sub-channels CSI and operates through a MIMO
scheme. The architecture consists of a double deep Q-network to perform a
real-time phase control, composed of four layers with 128 units each, Adam
optimization, and a mean-squared error loss function.
The DRL-based beamforming applications have been used for the enhancement

of the 3D trajectory and phase shift design of unnamed aerial vehicles (UAVs)
communications aided by RIS. Mei et al. [32] performed a joint optimization of
the phase shifts and UAV trajectory by applying the DDPG and deep determin-
istic Q-Network (DDQN) algorithms. Here, the optimal phase shift of the RIS is
considered according to the UAV mobility. The architecture consists of NNs with
30 neurons and two layers, applying Adam optimization and a ReLU activation
function. For the state space, the authors considered the channel realizations and
the locations of the UAVs.
Peng and Wang [33] application consists of a scheme for energy harvesting that

contributes to the resource allocation and convex optimization of phase shifts in
a UAV–RIS system. The soft-max deep double deterministic policy gradient (SD3)
was used as the algorithm for optimization. It consists of two critic networkswhere
the reward was calculated regarding the harvested energy. For the state space,
the equivalent channels from the BS to theUAV–RIS surface, the distance between
the UAV elements and meta-surface, the location of the meta-surfaces, and the
position of each UAV antenna were considered. In contrast, the action space con-
sists of the phase shifts at the RIS elements, the transmit power to each UAV, and
the scheduling variable.
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5.6.3 Federated Learning Applications

Federated learning (FL) is an approach where the training of MLmodels is decen-

tralized. The privacy-sensitive data can be stored locally on each MS device when

using FL, avoiding transmission over the wireless communication channel. Each

MS device performs local training using each local dataset. In the BS, the model

updates are joined in a global model by performing an aggregation process. The N

RIS surfaces aid the system in controlling the phase shifts and amplitude of each

element, modifying the wireless channels between the BS and theMS devices. The

RIS-aided FL system achieves better performance in terms of hardware cost and

energy consumption than traditional MIMO systems. Figure 5.11 illustrates an FL

scheme aided by N RIS surfaces. In this scheme, each device considers its local

dataset as well as the ML model trained by this dataset. Then, each UE link sends

this information to each of the K RIS surfaces, where the aggregationmodel at the

base station controls the phase shifts and amplitudes of all RIS surfaces by training

a global model.

Wang et al. [34] application consists of a joint optimization of the device selec-

tion, the aggregation beamformer at the BS, and the phase shifts at the RIS via FL.

The optimization approach aims to maximize the number of devices participat-

ing in the model aggregation under MSE requirements. The framework is divided

into two steps. For the first step, the sparsity is considered for device selection,
and then, the maximum feasible device is found by solving a series of MSE mini-
mization problems. For the second step, an alternating optimization framework is
applied to design the aggregation of beamformers at the BS efficiently. The model
is based on an over-the-air computation (AirComp) strategy [35].
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Figure 5.11 Scheme of federated learning in multiple RIS MU-MIMO communication
systems.
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The AirComp strategy can be used o�ine to enhance RIS–FL schemes. Zhao

et al. [36] propose a Lyapunov framework for the sequential decomposition of the

look-ahead information. Then, the authors use a block coordinate descent (BCD)

algorithm for the phase shift tunning decoupled at the transceiver. Finally, an RIS

with a discrete shift constraint is implemented practically with an element-wise

successive refinement algorithm with low complexity.
Zhao et al. [37] conducted research to study the computation and communica-

tion of the resource allocation of an FL in an RIS-aided communication system
to minimize the training latency. They propose a technique called block coordi-
nate descend for alternate optimization of variables. The user selection and power
allocation are optimized using a majorize–minimization algorithm. This applica-
tion obtains the RIS phase shift using semidefinite relaxation (SDR) and Gaussian
minimization.
The local training and data processing in each MS device performed by FL is

an efficient solution for IoT applications. The RIS integration to FL significantly
enhances IoT networks’ energy efficiency to avoid extra huge operating expenses
[38]. One of the approaches for FL–RIS-aided IoT applications is resource alloca-

tion. Zhang and Mao [39] addressed the energy constraint that limits the interac-

tion between the central server and each IoT device by using an iterative resource

allocation algorithm. The approach reduces energy consumption when the local

training and uploading are jointly performed.

FL has been applied in RIS-aided UAV communications. Liu et al. [40] propose

an FL solution using AirComp for ubiquitous network coverage under privacy and

low latency requirements. The goal is the minimization of the worst-case MSE

by the joint optimization of the RIS phase shifts and the noise factor for noise

suppression using the transmitted power of the UAVs and the UAV trajectory.

5.6.4 ML for Signal Decoding in RIS-assisted Communications

Due to their capacity to control the propagation environment, RIS surfaces can

improve wireless capacity and coverage. However, for the overall efficiency of

RIS-aided wireless systems, the decrease in transmission error depends on the

optimal decoding of the received signal at the MS device. Applications on signal

decoding based on ML for RIS communication have been developed to enhance

the system’s overall performance. This section presents several revised approaches

for decoding the information signals considering only one RIS surface.

Sejan et al. [41] propose the demodulation of an orthogonal frequency divi-

sion multiplexing (OFDM) signal transmitted through an RIS-aided MIMO

system. The demodulation scheme is based on a CNN. The training data is

considered the transmitted data at the BS and is also used to test the model.

Authors consider the Saleh–Valenzuela model for the generation of Rayleigh

fading channels. The network architecture considers a CNN with two hidden
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layers, an Adam optimization, and a ReLU activation function. The BER and

symbol error rate (SER) metrics calculate the performance evaluation.

Rahman et al. [42] application consists of a signal detection scheme for a

RIS-assisted wireless system. The signal is decoded using a hybrid CNN–gated

recurrent unit (GRU) architecture. The network is trained with synthetic OFDM

data o�ine. For the model evaluation, the BER and SER metrics were calculated.

The CNN architecture comprises 64 filters of size 3 × 3 and a pooling layer. The
GRU architecture consists of four layers using a tanh activation in the hidden
layers and a sigmoid activation at the output layer, which shows the probability
of belonging to one of the classes or symbols. Motivated by these results [43],
developed improvements on this DL-signal detection system for RIS commu-
nications by applying two long-short memory networks (LSTM) connected to
receive inputs in forward and backward directions. To train the bi-LSTM pro-
posed architecture, authors feed the network with Monte–Carlo simulations of
Saleh–Valenzuela channel realizations and OFDM–quadrature phase shift keying
(QPSK) modulated signals. The system performance is measured in terms of SER,
achieving a 9 dB gain compared to least squares (LS) and least mean squares
(LMS) approaches for channel estimation. In terms of DL hyperparameters, the
choice was 100 epochs, 0.01 as the learning rate, batch size of 1000, and Adam
optimizer. Figure 5.12 shows the obtained results, where CP stands for the cyclic
prefix for OFDM.
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Figure 5.12 SER performance for DL-based detection schemes in RIS communications
reported by Rahman et al. [43]. The proposed Bi-LSTM model outperforms achieving a
9 dB gain compared to LS and LMS approaches for channel estimation. Source: Adapted
from Rahman et al. [43].
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5.7 Future Trends, Challenges, and Opportunities

The use of RIS in wireless systems shows potential due to its capabilities to

enhance performance in high data rate networks, low latency, and spectral

efficiency. ML, additionally, has been presented as a promising technology for

improving RIS networks in various tasks. However, ML applications to RIS

communications are a relatively nascent research area, and consequently, several

open research issues to address can be enlisted.

● Lack of databases: The majority of the reported applications in the literature

are supervised learning approaches that require the use of labeled data for

model training, the model performance depends on data. However, we can find

a few authors that collected physical measurements to train ML algorithms for

RIS-aided wireless network enhancement [44].

● Sharing the source code: The design of MLmodels can be strengthened when

the results are open to the research community. Findings can be validated and

verified when the source code of the reported framework in the literature is

available online. Since research onML approaches for RIS communications is a

recent area, its faster progress to develop new algorithms and technologies can

be ensured by having open source initiatives.

● Deployment of ML models for RIS communications: The dynamic

conditions given by wireless communications require a constant updating of

ML models since most of them have been trained o�ine. The quick variation

of channel conditions demands the monitoring and updating of ML models.

Another critical issue for the ML model’s deployment is the hyperparameter

tuning. The effectiveness of a model is improved when the parameters have

been appropriately adjusted (such as the number of layers, neurons, optimizer

function, loss, etc.).

● Exploration of new learning approaches: Most ML applications for RIS

systems are based on DL. However, some researchers started to incorporate

reinforcement learning (RL) and FL as well. Nonetheless, other learning algo-

rithms could appropriately fit the enhancement of RIS communications, such

as transfer learning to address the data efficiency and the carbon footprint for

environmental sustainability, as well as the generalizations of models. The dis-

tributed machine learning area can also be applied to RIS-aided networks since

here is possible to exchange the model parameters and calculated gradients

among nodes without the coordination or synchronization techniques [45].

● Extreme machine learning (ELM): This paradigm offers faster training

and a reduced number of hyperparameters compared to most DL approaches.

The tuning is more uncomplicated and straightforward [46]. Due to hardware
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constraints, ELM can particularly fit RIS-based IoT applications since devices
have fewer memory resources than conventional schemes.

● Transformer architectures for 6G: transformers are the core architecture
for the emerging large language models (LLMs), popularized recently with
the release of the open AI’s Chat generative pre-training transformer (GPT)
application. Transformers have recently been applied to the design of 6G
intelligent networks due to their self-attention layers. The potential benefits of
transformers can address some challenges for 6G networks [47].

5.8 Conclusion

The implementation of RIS surfaces emerges as a promising technology for the
next generation of wireless networks due to its channel management and control
capabilities, so theML applications on RIS can conduct further research to impact
the system’s performance. In this chapter, the performance of the N-RIS-assisted
MU-MIMO downlink transmission system has been presented. The RISs improve
the wireless system’s overall performance and extend the coverage area. For
simulations, two scenarios and two configurations with different SEs were

considered. The first scenario was blind RISs where the phases in the RIS are not
modified, i.e., 𝜃 = I. For the second scenario, a stochastic search was incorporated
to seek the phases in the RISs that maximize the SINR. Results show that the
systems have important BER performance gains compared to a similar system that
does not use RISs. Results also show that the systems transmitting with higher SEs
have a better BER performance. This can be explained by the higher number of
Rx antennas utilized in the SE= 12 bpcu/user configuration. However, the spatial
correlation and CSI errors can severely affect this system. In this chapter, a review
of ML applications for RIS-aided communication systems was also provided,

most of which were solved by ML strategies. The sequel discussed several open

research problems and future trends in applying ML algorithms to RIS-assisted

MU-MIMO systems. Although ML offers potential benefits for the enhancement
that can outperform conventional RIS communication schemes, there is ongoing
research and remaining open challenges in training larger and more realistic
wireless scenarios and the interpretability of the ML-trained models. For this
reason, our future work will explore the optimal way of incorporating ML models
for the phase shift optimization of MU-MIMO communication schemes assisted
by multiple RIS surfaces.
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6.1 Introduction

The expansion of the fifth generation (5G) wireless networks has increased
worldwide incentive and development efforts in the research field, resulting in an
intensified exploration of possibilities offered by the Beyond-5G (B5G) wireless
networks. Envisioned to be denoted by its exceptional data-driven capabilities
and global connectivity, B5G is expected to provide a wide range of applications
and services that will reshape communication systems. These innovations can
be achieved across diverse domains, such as extended reality (XR), holographic
communications, etc., promising to redefine the technological scenario. The
advent of B5G will bring a high quantity of new services and elevate existing ones
to higher levels. However, given this aim, integrating such technologies becomes
essential to encourage the deployment of these services and confirm their optimal
functioning in the technological scenario. Essentially, the commercialization of
B5G will demand an intense embrace of state-of-the-art technologies, signaling
a paradigm shift in our perception of the potential of wireless communication
networks.
Among all emerging technologies, reconfigurable intelligent surface (RIS)

stands out as one of the most promising recent enabling techniques poised
to impact future communication systems, extending beyond the 5G and sixth
generation (6G). RIS has the potential to significantly enhance transmission
capabilities by establishing a “virtual” re-configurable/reprogrammable com-
munication link. Essentially, the RIS is a thin planar surface consisting of a
massive number of low-cost reflecting elements composed of meta-materials to
reconfigure and redirect the impinging signal by changing its electromagnetic
properties (phase and/or magnitude) [1], so that, the reflected signal can be

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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focused towards a specific direction with a specific gain. The electromagnetic
characteristics of incoming waves are modified by leveraging electronic compo-
nents like PIN diodes or radio frequency (RF) switches embedded within the
RIS panel. Adjusting the impedance of PIN diodes or fine-tuning the RF switch
enables manipulation of the reflection and magnitude of the impinging waves,
respectively. This dynamic fine-tuning aids in augmenting specific performance
metrics. Hence, RIS holds great promise owing to its ability to control the wireless
environment in a software-defined manner dynamically and its potential to
alleviate certain inherent challenges. The distinct advantages of RIS arrays can be
succinctly summarized as follows [2]:

● Easiness in implementation;
● Enhancement of spectral efficiency (SE) and energy efficiency (EE);
● Sustainability; and
● Compatibility.

Given these characteristics, RIS is a promising solution for addressing various
challenges. In addition, when compared to conventional relaying techniques like
Amplify-and-Forward (AF) and Decode-and-Forward (DF), RIS offers numerous
advantages. It presents a cost-effective yet highly efficient solution that optimizes
both the system’s EE and SE, aswell as othermetrics.However, aswith anynascent
technology, introducing RIS brings new applications and challenges. Particularly
in the communications and signal processing fields, issues such as optimizing
phase shifts of scattering elements and acquiring channel information for addi-
tional links introduced by RIS deployment are paramount and must be tackled
efficiently.
Various architectural variants for the RIS have been introduced to enhance its

effectiveness. These variations aim to improve performance significantly, offering
innovative solutions to overcome challenges and elevating the effectiveness of
GLSS-supported communication systems. Among them, we can mention the
active RIS structure, which is an alternative for providing better conditions for
the double-fading attenuation link. In active RIS, each resource efficiency (RE) is
bolstered by a series of active-load impedances, allowing the active RIS to function
as a dynamic reflector. In this way, it not only reflects incoming signals but also
applies power amplification to them. An exciting advantage of the active RIS
elements is their capability to estimate the channel between the transmitter-RIS
in downlink (DL) and uplink (UL) at the RIS side [3]. Besides, since the active
RIS can amplify the incident signal, fewer reflecting elements are required to
achieve the same signal-to-noise ratio (SNR) at the receiver when compared with
the conventional entirely passive RIS [4]. However, evaluating the EE for the
entirely passive RIS versus active RIS is a critical problem that should be further
investigated.
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Conversely, the proliferation of massive MIMO (M-MIMO) technology, char-

acterized by the deployment of an extensive array of transmit/receiver antennas

at the base station (BS), plays a pivotal role in enhancing the SE of the system.

This technology is instrumental in efficiently accommodating multiples user’s

equipments (UEs) by leveraging the same physical resources. This strategic uti-

lization enhances the SE and optimizes the resource utilization, exemplifying the

versatility and efficiency of M-MIMO in contemporary wireless communication

systems.

Besides the technologies mentioned above, a promising technology in future

communications networks is the millimeter-wave (mmWave) technology. It

emerges as a strategic pivotal solution in addressing the evolving connectivity

demands. Operating within the high-frequency spectrum, typically from 30 to

100GHz,mmWave technology presents a promising solution capable of supplying

characteristics such as the utilization of higher bandwidth for contemporary

communication networks. Furthermore, with the large arrays, the near-field

emerges, enabling the beam focusing instead of the traditional beam steering for

far-field communications [5–7].

However, the implementation of these higher-frequency systems, which often

entails the use of large-scale arrays at the BS or the RIS, introduces inherent com-

plexities in both passive and active beamforming, demanding low-complexity,

approximate yet efficient solutions for accurate channel estimation and RIS

configuration. The joint operation of RIS, M-MIMO, and mmWave technologies

emerges as key enablers for future communication systems. Expected to play

central roles in the upcoming generation of wireless networks, these technologies

are designed to support high data rates and accommodate a substantial number

of connected UEs, operating with expanded array sizes. In response to this

evolution, there is a fundamental growth to prioritize the system’s EE, measured

in bits-per-Joule,1 as a crucial performance metric. The focus on EE emphasizes

developing sustainable communication systems, especially as efficient energy

utilization becomes a global concern across various fields, including telecommu-

nications. In function of alarming levels of climate change, there is an urgent

need to limit global warming to 1.5∘ above the preindustrial mark [8]. Within

this context, developing the next-generation telecommunication standard, often

referred to as B5G or 6G, assumes particular importance. It aims to establish

a highly energy-efficient system that meets expected requirements, such as a

peak throughput of 1 [Tbps] and latency in the order of microseconds [9]. This

forward-looking approach aligns with the broader goal of enabling technological

advancements that meet the requirements necessary in terms of performance and

actively contribute to the sustainability challenges of our time.

1 Alternatively, Joule-per-bit.
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In light of these challenges, developing pioneering strategies that enhance EE
and facilitate the intricate processes of channel estimation and configuration for
large-scale array systems is of paramount importance. This chapter focuses on
addressing these challenges with innovative approaches and practical solutions
tailored to the modern network’s infrastructures.

6.1.1 Contributions of the Chapter

The contributions of this book chapter lie in analyzing the RIS-assisted M-MIMO
scenario, which will become essential components of future communication sys-
tems. Specifically, the aim is to devise a solution that effectively optimizes the
signal amplification of active RIS concerning the EE, envisaging the determina-
tion of the number of active RIS elements that outperforms entirely passive RIS.
To elaborate further, in this chapter, we systematically:

● Propose a comprehensive optimization methodology for system EE maximiza-
tion, focusing on the deployment of specific optimization tools, including con-
vex optimization procedures, to reduce the computational complexity and aim
the application of the algorithm in a real-world scenario;

● We have introduced an algorithm with low complexity and promising perfor-
mance. In this algorithm, we develop a way of calculating both the angle-phase
shift and the amplitude of each RIS element in a closed-form manner;

● Optimize the phase and amplitude of the active RIS in a sustainable perspective,
i.e., the phase and amplitude that result in the power consumption necessary to
obtain high-performance gains sufficient to outperform the passive RIS;

● Investigate the number of RIS active elements to be selected that surpasses the
EE performance of the entirely passive RIS within the system EE optimization
framework and different configurations/scenarios parameters.

6.1.2 Organization

The remainder of this book chapter is organized into seven sections. These sections
are meticulously structured to comprehensively explore the various aspects of the
RIS-assisted M-MIMO system. In Section 6.2, we summarize the related works;
while in Section 6.3, we present the groundwork by formulating a general system
model that effectively captures the key aspects associated with the integration
of the active RIS into the M-MIMO systems. Also, we explore the SE and EE
definitions and present the coupling power consumption model for RIS-assisted
M-MIMO systems. In Section 6.4, we review the definitions, features, and
concepts of some fundamental techniques for addressing our intended problem,
such as fractional programming (FP) techniques and sum-of-ratio techniques.
Moving forward, in Section 6.5, we meticulously present the defined problem for-
mulation, emphasizing its relevance and significance in contemporary real-world
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applications. The motivations and justifications for adopting this particular
problem are thoroughly expounded, shedding light on the challenges and
opportunities that emphasize its importance in modern communication systems.
Section 6.6 provides a complete and detailed description of our proposed solution
for the EE problem in active RIS-assisted M-MIMO systems. Section 6.7 presents
numerical results, accompanied by an extensive and in-depth discussion on the
effectiveness, efficiency, and potential of the proposed technique. The section
also includes a relevant debate about the advantages/drawbacks of the active RIS
structure in contrast to the entirely passive RIS within the context of EE.
Finally, in Section 6.8, we provide a relevant and comprehensive discussion

that encapsulates our perspective on the problem-solving approach adopted
throughout this chapter and the obtained insights. Our analysis and conclusions
are framed within the broader context of the current state of the art, aiming to
provide valuable insights and potential directions for future research.

6.2 Related Works

An extensive number of works including [10–27] have studied the RIS deploy-
ment impact inM-MIMO systems under different objectives, such as: maximizing
the weigthed sum-rate (WSR) [10, 11], maximizing the sum-rate (SR) [12], maxi-
mizing the EE [13–15], RIS-assisted sensing [16, 17], minimizing the total trans-
mit power [18], maximizing the minimum rate [19, 20], for interference nulling
[21, 22], and active RIS [23–27].
The above-cited studies demonstrate the immense potential and versatility

of RIS within wireless systems. The work in [10] investigates the weighted SR
maximization. It uses a convex optimization approach to design the BS precoding
matrix and the RIS-phase shift for the passive RIS. The paper proposes two dif-
ferent techniques for the analyzed problem. The proposed optimization method
utilizes FP techniques aiming at the problem of “convexation.” Besides, a block
coordinate descent (BCD) method is used to optimize sequentially the BS precod-
ing matrix and the RIS phase shift, where analytical methods and Riemannian
conjugate gradient have been utilized. The proposed method is available under
two scenarios: perfect and imperfect channel estimation. Numerical simulations
confirm the effectiveness and efficiency of the proposed method.
Thework in [11] suggests that by attempting to reduce intercell interference, the

weighted SR in RIS-aidedDLmulticell could bemaximized. Hence, to achieve this
aim, Pan et al. [11] jointly optimizes the active precoding matrices at BSs and the
phase shifts at the RIS subject to each BSâ’s power constraint and unit modulus
constraint, respectively. In this case, the optimization problem does not consider
any Quality of Service (QoS) restriction, e.g., a minimum rate requirement for the
users. As a result, this solution tends to maximize the rate of users with better
channel conditions.
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In [12], the authors investigated the ergodic rate of an RIS-assisted M-MIMO

system. The authors derive a closed-form lower bound expression for the system

ergodic rate by applying random matrix theory. The derived bound reveals tight-

ness over several system and channel parameters. Besides, it is promising since the

statistical channel state information (CSI) optimization can be deployed based on

this bound. It is helpful to alleviate the channel estimation burden since itmatches

the expected results very well. Besides, they provided a gradient-ascent method to

optimize the RIS angle phase-shift given maximizing the system SR.

The EEmaximization problem is addressed in [13] by considering ULmultiuser

single-antenna devices and Multiple-input single-output (MISO) RIS-aided sys-

tems. The joint optimization involves the transmit power at users, phase shift at

the RIS, and combining matrix at BS receiver. The proposed BCD iterative proce-

dure can handle one variable during each iteration while the others are held fixed.

Numerical results indicate that the proposed scheme outperforms baselines that

jointly optimize two of three variables.

In [14], the joint number of antennas, power allocation, and passive RIS

reflecting coefficients optimization for EE maximization with statistical CSI is

studied. Analytical techniques have been applied in view of maximizing the EE

with low overhead for channel estimation. EE problem has been maximized with

a low-complexity algorithm, where the power allocation, RIS phase shift, and

the number of active antennas at BS have been optimized based on closed-form

expressions, utilizing the BCD method. The method was demonstrated to be

promising, outperforming the gradient ascend methodology for passive RIS

reflecting coefficients optimization with statistical CSI.

In [15], the authors also analyzed the EE in RIS-assisted systems. In this study,

the EE maximization has been analyzed under joint optimization of power

consumption for both RIS and BS. The authors proposed an innovative power

consumption model on the RIS by considering the ON and OFF state of the RIS

unit reflecting element, matching further precisely with the real-world behavior

of physical components. The paper also proposes low-complexity and practical

algorithms, for which the simulation has proved promising results.

In [16], the authors studied the integrated sensing and communication (ISAC)

system for a double RIS-assisted system. The research primarily addresses

the challenge of mutual interference between the radar and communication

functionalities by leveraging a joint optimization approach for beamforming and

radar operations. To manage the complexity of the solution, the authors introduce

a -based approach and a BCD algorithm. These methods effectively reduce
computational complexity, offering practical and efficient solutions for real-world
implementation. Moreover, the work presented in [17] addresses the challenges

of a sensing-assisted multiuser mmWave system. The study focuses on optimizing

the channel sensing duration for each UE to enhance the overall system SR.
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By effectively managing the sensing duration, the research aims to improve the
performance of the mmWave system, offering potential advancements for future
wireless communication technologies.
In [18], the phase shift and BS beamforming optimization techniques have been

proposed given minimizing the UL transmit power in an RIS-aided Internet of
Things (IoT) network. The proposed technique was promising since it can reduce
to about half of the UL transmit power over the conventional schemewithout RIS.
The methodology exploits the product Riemannian manifold structure of the sets
of unit-modulus phase shifts and unit-norm beamforming vectors. Besides, the
manifoldmethod converts the nonconvex UL transmit power minimization prob-
lem into an unconstrained problem and then finds the optimal solution over the
product Riemannian manifold.

In [19], the focus was on the study of the maximum–minimum rate problem.

The research delved into the joint optimization of transmit and passive beamform-

ing, considering the uncertainty of UEs locations. To address this challenge, the

authors proposed an alternating optimization approach combined with sucessive

convex approximation (SCA) technique and a double loop penalty algorithm.

In the research paper [20], the authors demonstrated that the nonconvex

max –min rate problem in RIS-assisted multiuser communication systems can be

reformulated into a second order conic programming (SOCP) problem. They also

explored the application of semi-defined relaxation (SDR) and SCA techniques to

optimize the passive and active beamforming for the system under consideration.

In [21], the RIS structure is deployed aiming at interference nulling, where

an alternating projection method is utilized. This method can converge for a

solution that eliminates the interference. However, the number of elements for

achieving this goal can vary according to some parameters, such as the number

of served UEs. Besides, the authors also explored the max-min rate problem.

The numerical results are promising since the proposed procedure achieves high

performance with low complexity. Adhering to a similar approach, the authors

in [22] proposed a method to determine the angles for two distinct passive

RISs, aiming to achieve complete orthogonalization of channels between UEs

and thereby nulling interference. The investigation delves specifically into both

diagonal and beyond-diagonal RISs, employing a manifold-based algorithm to

find the angles for both RISs, adhering to the unitary matrix constraint essential

for achieving complete orthogonalization of channels between the UEs. Notably,

the study highlights that signal amplification is unnecessary for achieving

orthogonalization. Furthermore, the paper introduces an efficient channel

estimation method to complement the proposed approach.

Recent works (2022–2024) addressing RE (EE and SE trade-off optimization)
in active RIS-aided M-MIMO systems are summarized in Table 6.1. Our previous
related works and contributions on the RE optimization, EE and SE in M-MIMO



Table 6.1 Recent works addressing Resource Efficiency (EE and SE) and related open issues in active RIS-aided M-MIMO systems.

Setup (year) Contributions Problem Method References

M-MIMO and
double active
RIS (2024)

SR maximization for an ISAC
system with practical constraints is
studied. Design of the radarâ’s
beamforming vector and the active
RISsâ’ reflecting coefficient
matrices. A penalty dual
decomposition is proposed jointly
with Lagrangian and BCD
framework. Findings: double active
RIS setup achieves higher rates
than entirely passive single RIS
setup and entirely passive double
RIS setup.

SR maximization
for double active
RIS setup

By utilizing the FP technique, the
problem is decomposed in a more
feasible form; thus, the penalty
dual decomposition is applied. In
order to solve each sub-problem,
with respect to radar and
communication beamforming
and both active RIS reflecting
coefficient matrices. The BCD
method is applied jointly with the
Lagrangian dual method.

[23]

M-MIMO and
active RIS (2022)

The power saving on BS is studied
in this work, where an active RIS is
considered to assist the
communication system. The
authors consider that the UEs can
exploit the PS to decode
information and harvest energy.
Besides, a realistic piecewise
nonlinear EH model is considered.
An algorithm is proposed in view
of optimizing the beamforming at
the BS, PS ratios, and the RIS
reflecting coefficients.

Transmit power
minimization for
active RIS setup

The algorithm proposed utilized
the BCD method given
optimizing the variables. For the
BS beamforming and PS ratios,
the SDR and SCA are applied to
find a solution. For solving the
active RIS reflection coefficient,
SDP method is applied, where a
penalty-based method is applied
for achieving a rank-one solution.

[24]



M-MIMO and
active RIS (2023)

The signal model of active RIS,
considering the amplification of
the incident signal and accounting
for the non-negligible thermal
noise introduced by the active
elements has been proposed.
Besides, the SR maximization
problem for an active RIS is solved,
considering practical factors
expected to be present in practical
systems.

SR maximization
under active RIS

A low-complexity algorithm
based on FP technique is
proposed aiming at maximizing
the system SR for an active
RIS-aided M-MIMO system. The
algorithm shows promising
results in all considered
scenarios, i.e., with suppression of
self-interference and without
suppression of self-interference
imposed by the active RIS.

[25]

ISAC and active
RIS (2023)

The authors analyzed the active
RIS within an ISAC scenario. The
paper specifically investigates the
EE of the system under practical
system power budgets, considering
constraints on user communication
QoS and sensing SNR.

EE maximization
under
ISAC-assisted
active RIS

An algorithm is proposed based
on Rayleigh quotient
optimization approach, SDR, and
the MM framework. The
numerical results demonstrated
that the active RIS can
outperform the entirely passive
RIS in both SE and EE for
RIS-assisted ISAC systems.

[26]

M-MIMO and
active RIS (2023)

The deployment of an active RIS,
focusing on enhancing the security
of communication systems, is
studied. Their findings highlight
the potential of active RIS to
mitigate the double-fading effect by
amplifying the incident signal, by
increasing EE and security
compared to passive RISs.

EE maximization
and transmit
power
minimization for
active RIS

To minimize the transmit power
and maximize EE, the authors
proposed a penalty-based
alternating minimization
algorithm for optimizing the
beamforming in both the RIS and
BS.

[27]

(Continued)



Table 6.1 (Continued)

Setup (year) Contributions Problem Method References

M-MIMO and
active RIS (2024)

Consistent analysis of an active RIS
scenario considering the practical
hardware limitations of amplifiers
by providing an accurate
amplification model. Both the joint
transmit-beamforming and active
RIS reflection beamforming are
optimized in this scenario.

SR maximization
under active RIS

The FP, MM, and BCD are
applied given solving the complex
problem. The proposed algorithm
demonstrates the effectiveness
compared to the entirely passive
RIS.

[37]

M-MIMO and
active RIS (2024)

Both amplitude and phase of an
active RIS is optimized analytically
by using fractional programming
techniques. We derive closed-form
solutions differently from other
works in the literature. This
innovative approach has
significant appeal since it can
reduce complexity remarkably.
Besides, the number of elements of
active RIS is analyzed given
matching the performance of
entirely passive RIS.

EE maximization
under active RIS
setups

Based on FP optimization
technique, a low-complexity with
closed-form solutions-based
algorithm is proposed for
maximizing the EE of active RIS
operating in multiuser scenarios
under realistic constraints. The
algorithm presented a substantial
reduction in the complexity when
compared with the SDR solution.

This
work
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systems aided or not by RIS include: [14, 28–36]. In this chapter, we propose to
deploy the FP methodology to solve the phase-shift and amplification coefficients
of an active RIS aiming at EE maximization problem considering the context of
the DL RIS-aided multiuser M-MIMO systems.

6.3 General System Model for RIS-aided M-MIMO

We start the section by describing the general model for M-MIMO systems
assisted by an RIS setup considered. This system model is conceived to cover
a diverse range of practical scenarios. Subsequently, we present the models for
the DL-received baseband signals. Built such a model, we finish the section by
formulating expressions for SE and EE within the specified RIS-aided M-MIMO
scenarios. The notation deployed in this chapter is entirely outlined in Table 6.2.
Let a DL RIS-assisted M-MIMO scenario where the direct link between the BS

and UEs is entirely obstructed, Figure 6.1. In this setup, K single-antenna UEs
are served by the BS equipped with M elements through an RIS comprising N
elements, as illustrated in Figure 6.2. Additionally, we assume a dedicated con-
nection between the RIS and the BS, facilitated by a programmable controller.
This arrangement empowers theBS to oversee both the phase-shifts and amplitude
coefficients of the RIS. Moreover, we assume that the time required for RIS ampli-
tude/phase configuration is shorter than the channel coherence time. Hence, at
the onset of each time slot, the BS must appropriately configure the RIS for its
operation. Let us denote H1 the channel from the BS to the RIS and H2 as the
channel from the RIS to the UEs. The cascaded channel between the BS and UEs
via the RIS can be expressed asH =

[
h1,h2,… ,hK

]
more specifically, denoted as:

hk = H1𝚽h2,k, ∀k ∈  (6.1)

where𝚽= diag(v) ∈ℂ
N×N , with v= [𝑣∗1, 𝑣

∗
2,… , 𝑣∗

N
]H ∈ℂ

N×1, being 𝑣n = 𝛼ne
j𝜃n ∈ℂ

the phase-shift and amplitude applied by the nth element of the RIS, with

Figure 6.1 The simulated
RIS-aided K-user M-MIMO
communication scenario, with
M-antenna BS and N-element
RIS.

r = 10m

(30,30)m

Blockage1 2 • • • M

H2
H1

M elements

BS

y

x

(–10,5)m

N elements

active RIS
Origin
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Table 6.2 List of notation and symbols for the RIS-aided M-MIMO scenario.

Symbol Description

M ∈ ℤ+ Number of BS antennas

K ∈ ℤ+ Number of UEs

N ∈ ℤ+ Number of total RIS elements

Npas ∈ ℤ+ Number of total passive RIS elements

Nact ∈ ℤ+ Number of total active RIS elements

 = {1, 2,… ,K} UEs set

 = {1, 2,… ,N} RISs elements set

a = {1, 2,… ,Nact} RISs active elements set

p = {1, 2,… ,Npas} RISs passive elements set

𝜆 > 0 Carrier wavelength

𝛽1 ∈ ℝ Large-scale fading coefficient of the channel from BS to RIS

𝛽2,k ∈ ℝ Large-scale fading coefficient of the channel from RIS to kth UE

H ∈ ℂ
M×K Cascaded channel matrix of the BS and UEs through RIS

H1 ∈ ℂ
M×N Channel between the BS and RIS

H1 ∈ ℂ
M×N LoS component of the BS and RIS channel

H̃1 ∈ ℂ
M×N Multipath component of the BS and RIS channel

H2 ∈ ℂ
N×K Channel between the RIS and UEs

H2 ∈ ℂ
N×K LoS component of the RIS and UEs channel

H̃2 ∈ ℂ
N×K Multipath component of the RIS and UEs channel

v ∈ ℂ
N RIS amplitude/phase-shift vector

𝚽 ∈ ℂ
N×N RIS amplitude/phase-shift diagonal matrix

𝜅1 ∈ [0,∞) Rician 𝜅-factor for RIS and BS channel

𝜅2,k ∈ [0,∞) Rician 𝜅-factor for RIS and kth UE

pk ∈ ℝ
+ Power designated to the kth UE

W ∈ ℂ
M×K Precoding matrix

sk ∈ ℂ Information symbol intended to the kth UE

nk ∈ ℂ AWGN sample at the kth UE

z ∈ ℂ
N×1 AWGN sample vector at the RIS

𝛼n ∈ ℝ+ Amplitude value of nth element of RIS

𝜃n ∈ [0, 2𝜋) Phase-shift value of nth element of RIS

𝛼max ∈ ℝ
∗
+ Maximum amplitude provided by the RIS

PRISmax ∈ ℝ+ Maximum amplification power of RIS

Source: The Authors.
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UE 1

r = 10m
BS = (–10,5)m

RIS = (0,0)m

BS

RIS

Obstacle

UE 2
UE 3

kth UE

x

y

Figure 6.2 The adopted RIS-aided K-user M-MIMO communication simplified
two-dimensional scenario.

𝛼n ∈ [0, 𝛼max ] and 𝜃n ∈ [0, 2𝜋). The BS uses a precoding matrixW = [w1,w2,… ,

wK] ∈ ℂ
M×K , with ||wk||2 = pk ∈ ℝ

+, in view of beamforming the signal toward

the UEs, where pk is the power allocated for the kth UE served. Here, for

simplicity, we adopt maximum ratio (MR) precoding with equal power allocation

(EPA).

Utilizing the systemmodel explained above, theDL baseband transmitted signal

x ∈ ℂ
M×1 can be written as:

x =

K∑
k=1

wksk (6.2)

where sk is the symbol intended to the kthUE,with𝔼[|sk|2] = 1.While the received

signal by the kth UE is given as:

yk = wH
k
hksk +

K∑
j=1, j≠K

wH
j hksk + hH2,k𝚽z + nk (6.3)

in which nk ∈ ℂ is the AWGN sample at the kth UE, following nk ∼  (0, 𝜎2),

∀k ∈ , and z ∈ ℂ
N×1 is the AWGN at the RIS, with z ∼  (𝟎N , 𝜎

2
RIS
IN ).

6.3.1 RIS-aided M-MIMO Channel Modeling

The RIS takes the form of a thin uniform squared planar array (USPA), featuring

N = Nh × N𝑣 total elements, whereNh = N𝑣 =
√
N elements in the horizontal and

vertical directions,with
√
N being a positive integer (

√
N ∈ ℤ+). Furthermore, the

elements are vertically and horizontally equally spaced with spacing dR. Besides,

the BS is assumed to be equipped with a uniform linear array (ULA) of M total

elements disposed in the x axis, i.e., parallel to the RIS.

In the channel model for RIS-aided M-MIMO, we make the assumption of

far-field wavefront propagation regime between the BS and the RIS panels, as

well as between the RIS and the UEs, i.e., the planar wavefront is assumed in both

links.
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6.3.1.1 BS–RIS Link

To be more specific, we establish the channel between the BS and the RIS based
on the Rician-fading model, given by [38–40]:

H1 =

√
𝛽1𝜅1

𝜅1 + 1
H1 +

√
𝛽1

𝜅1 + 1
H̃1 (6.4)

where H1 ∈ ℂ
M×N corresponds to the deterministic LoS channel component,

H̃1 ∈ ℂ
M×N to the Rayleigh-fading multipath component, 𝜅1 ≥ 0 denotes the

Rician 𝜅-factor, and 𝛽1 is the large-scale fading coefficient for this link specifically.
The large-scale fading coefficient is given by:

𝛽1 =
𝛽0

d
𝜆BR
BR

(6.5)

in which 𝛽0 is the path loss at a reference distance of 1m, dBR, and 𝜆BR is the
distance and the path-loss exponent between the BS and RIS, respectively. The
deterministic LoS component can be given through the steering vector of a
two-dimensional uniform planar array (UPA). Let us consider the RIS centered
in the origin of the Cartesian coordinates; therefore, each column of LoS channel
matrixH1 is given as:

H1 = aB(𝜗B)aR(𝜗R, 𝜑R)
H (6.6)

where 𝜗B is the azimuthal angle of departure (AoD) of the signal departing from
the BS toward the RIS, and 𝜗R and 𝜑R are the azimuthal and elevation angle of
arrival (AoA) at the RIS from the BS. The array response vector of the BS ULA and
of the RIS UPA, are defined, respectively, as:

aB(𝜗B) =
[
1, e j𝜋

2dB
𝜆
sin𝜗B ,… , e j(M−1)𝜋

2dB
𝜆
sin 𝜗B

]H
(6.7)

aR(𝜗R, 𝜑R) =
[
1, e j𝜋

2dR
𝜆
sin𝜗R cos𝜑R ,… , e j(

√
N−1)𝜋

2dR
𝜆
sin𝜗R cos𝜑R

]H

⊗
[
1, e j𝜋

2dR
𝜆
sin𝜑R ,… , e j(

√
N−1)𝜋

2dR
𝜆
sin𝜑R

]H
(6.8)

with dB being the distance between the antenna elements at the BS. Moreover,
the multipath component follows an uncorrelated Rayleigh distribution such that
h̃1,i ∼  (𝟎N , IN ), ∀i ∈ {1,… ,M}, with h̃1,i being the ith column of matrix H̃1.

6.3.1.2 RIS–UE Link

The link between the RIS and UEs, H2 = [h2,1 h2,2 … h2,K], is also assumed to be
Rician fading and given as:

h2,k =

√
𝛽2,k𝜅2,k

𝜅2,k + 1
h2,k +

√
𝛽2,k

𝜅2,k + 1
h̃2,k, ∀k ∈  (6.9)
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where h2,k ∈ ℂ
N×1 corresponds to the deterministic LoS channel component

between the RIS and the kth UE, h̃2,k ∈ ℂ
N×1 to the Rayleigh-fading multipath

component between RIS and kth UE, and 𝜅2,k denotes the Rician 𝜅-factor for this
same link, with 𝜅2,k ≥ 0 ∀k ∈ . Besides, 𝛽2,k corresponds to the large-scale fading
from the RIS to the kth UE, given as:

𝛽2,k =
𝛽0

d
𝜆RU
RU,k

(6.10)

with dRU,k being the distance between the RIS and kth UE, and 𝜆RU the path loss
exponent between the RIS and UEs.

6.3.1.3 LoS Component

Similar to the BS and RIS channel model, the deterministic LoS component h2,k
can be given by the steering vector:

h2,k = aR,k(𝜗R,k, 𝜑R,k)

=
[
1, e j𝜋

2dR
𝜆
sin𝜗R cos𝜑R ,… , e j(

√
N−1)𝜋

2dR
𝜆
sin𝜗R cos𝜑R

]H

⊗
[
1, e j𝜋

2dR
𝜆
sin𝜑R ,… , e j(

√
N−1)𝜋

2dR
𝜆
sin𝜑R

]H
(6.11)

6.3.2 SE and EE Formulation in RIS-Assisted M-MIMO

In this subsection, we introduce two critical and crucial performance metrics for
analyzing the performance of communication systems. We initiate the discussion
with the concept of SE and then expand into EE.

6.3.2.1 Spectral Efficiency

To assess the wireless system performance, it is crucial to evaluate the capacity
for transmitting bits per second per Hertz, namely as SE. This fundamental met-
ric measures the efficiency of information transmission through a channel. The
SE reflects the average number of bits transmitted per channel use across vary-
ing fading conditions, serving as a standard metric for evaluating communication
system capabilities. Since for the RIS-assisted systems, the channel is a generaliza-
tion of the conventional M-MIMO systems, the SE can be equally represented as
the following:

SEk = log2(1 + SINRk),
[
bit

s ⋅Hz

]
(6.12)

where the signal-to-interference-plus-noise ratio (SINR) of the kth UE, SINRk, can
be expressed as:

SINRk =
|wH

k
hk|2∑K

j=1,j≠K |wjhk|2 + |zH𝚽h2,k|2 + |nk|2
(6.13)
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Finally, we can define the system’s normalized SR as the following:

R =

K∑
k=1

log2

(
1 +

|wH
k
hk|2∑K

j=1, j≠K |wjhk|2 + |zH𝚽h2,k|2 + |nk|2
)

(6.14)

6.3.2.2 Energy Efficiency

The metric for evaluating a system’s sustainable capacity is referred to as EE. This

metric essentially quantifies the number of bits that can be reliably transmitted

per unit of energy, expressed as:

EE =
Normalized Sum Rate [bit∕s∕Hz]

System Power Consumption [W]
=

∑
kSEk
Ptotal

[
bit

Joule ⋅Hz

]

(6.15)

where Ptotal is the total power consumed by the communication system as detailed

in Remark 6.2 and formulated in Section 6.3.2.3.

Remark 6.1 The EE optimization as a function of the amount of transmit RF

power in (6.15) involves a ratio of a convex function in the numerator and an affine

function in the denominator. Hence, one can formulate the EE optimization prob-

lem as a single-ratio problem, briefly revisited in Section 6.4.2.

Remark 6.2 The power consumption for RIS-assisted M-MIMO systems

requires more detailed consideration than traditional M-MIMO systems since

although the RIS technology achieves low power consumption, its consumption

is not entirely negligible and should be thoroughly examined. Therefore, in

Section 6.3.2.3, we further detail the adopted system power consumption model.

6.3.2.3 System’s Power Consumption Model

Different from most prior works, which mostly consider entirely passive RIS,
here, we adopt a more practical, realistic energy consumption model by taking
into account two primary components: the power consumption of the BS and
the power consumption related to the active RIS. Generically, the total power
consumption model can be written as:

Ptotal = PBS + PRIS (6.16)

The power consumption at the BS is related directly to three main factors: the
constant power required for BS operation, i.e., site-cooling, control signaling,
load-independent power of backhaul infrastructure, baseband processor, etc; the
power necessary to run the circuit components attached to each antenna, such
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as converters, mixers, filters, etc; and the RF transmit power allocated to the UEs

[41], resulting in:

PBS = P0,BS +MPM +

K∑
k=1

𝜚||wk||2 (6.17)

where 𝜚 denotes the inefficiency of the transmit power amplifier.

On the other hand, for the hybrid RIS, each passive component can redirect

the incident signal with a desired phase shift. In contrast, the active components

are implemented by both power amplifier (PA) and phase shift control (PSC),

thereby achieving simultaneous tuning over the phase and amplitude of the sig-

nal. By toggling the switches ON or OFF, the hybrid RIS elements can dynamically

switch between active and passive modes, adapting to the practical requirements

of various applications. Moreover, the RIS needs a controller,2 which is required

for receiving the external signals, processing data, and programming, as well as

configuring the RIS unit cells. Overall, the total power consumption dissipated

to operate the RIS consists of three parts; (a) one is the static power consump-

tion generated by the FPGA control board and drive circuits, namely, PCB [42, 43];

(b) the power consumption by the passive and active RIS unit cells, being, the

power necessary for controlling the impedance of each element via an amplifier

and phase turner, in order to configure the phase/amplitude of reflection; and

(c) the active power for RF signal amplification. Accordingly, the power consumed

at the active RIS can be expressed as:

PRIS = PCB + Ppas + Pact + 𝜚PoutRIS (6.18)

where Pout
RIS

is the signal RF power that departs from the RIS, given by [44]:

PoutRIS = ||𝚽z||2 +
K∑
k=1

||wH
k
H1𝚽||2 = tr

(
ZvvHZH

)
+

K∑
k=1

tr(Ukvv
HUH

k
) (6.19)

where Z ≜ diag(z) and Uk ≜ diag(HH
1 wk). Thereby, the total RF power amplifica-

tion at the active RIS can be expressed as:

PoutRIS = tr
(
ZvvHZH

)
+

K∑
k=1

tr
(
Ukvv

HUH
k

)

= tr
(
vvHZHZ

)
+ tr

(
vvH

K∑
k=1

UH
k
Uk

)

= tr
(
vvHQ

)
,

= vHQv (6.20)

2 The controller includes a field programmable gate array (FPGA) and drive circuits.
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where

Q ≜ ZHZ +

K∑
k=1

UH
k
Uk (6.21)

The power consumption of the passive elements is given by Ppas = NpasPc, where
Pc represents the switch and control circuit power consumption at each reflecting
passive element. On the other hand, the power consumption of the active elements
is given by Pact = Nact(PDC + Pc), where PDC is the DC biasing power consumption
at each active elements [4]. Therefore, Eq. (6.18) also can be written as a function
of v as following3:

PRIS = PCB + NpasPc + Nact(PDC + Pc) + 𝜚vHQv (6.22)

A detailed discussion on the static power consumption generated by the FPGA
board and drive circuits PCB is found in [42, 43].

6.4 Optimization Techniques

To fully clarify the proposed optimization strategy for tackling the EE active
RIS-aided M-MIMO optimization problem, it is crucial to delve into some
fundamental optimization techniques that act in our proposed solution. These
techniques play essential roles in our approach to addressing the investigated
problem, and an entire comprehension of their concepts is crucial for carefully
understanding the proposed solution. The following provides a detailed review
of these techniques, including lagrangian dual transform (LDT) and fractional
single and multiple-ratio problems.

6.4.1 Lagrangian Dual Transform

In addressing the challenge posed by the sum-of-logarithms problem, specific
techniques prove valuable in easing the management of the optimization prob-
lem, thereby enabling the possibility of finding a closed-form, low-complexity
solution. Given that communication system-related problems frequently involve
logarithmic function summation, finding any solution can be exceedingly chal-
lenging as the presence of logarithmic functions hinders analytical tractability
and optimization. As a result, an optimization technique introduced by Shen
and Yu [45], namely, LDT leverages the Lagrangian duality to externalize the
argument of logarithm functions to the outside, eliminating the dependence

3 Herein, we assume that the RIS is unable to absorb the incident power. However, it is possible
to utilize energy harvesting circuits embedded at the RIS. Therefore, Pout

RIS
≥ Pin

RIS
always hold,

with the equality when |𝑣n| = 1, ∀n ∈  .
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of the variable of interest with the logarithmic functions, resulting in easier

management and analytical tractability of the problem. To further understand

the LDT, let us define the following target maximization problem:

maximize
x

L∑
𝓁=1

log
(
1 +

f𝓁 (x)

g𝓁 (x)

)
(6.23)

subject to hi(x) ≤ 0, i ∈ {1,… , I} (6.23a)

where f
𝓁
(x) ∶ ℂ

N
→ ℝ+ is a non-negative function, and g

𝓁
(x) ∶ ℂ

N
→ ℝ

∗
+ is

a positive function, ∀𝓁 ∈ {1,… ,L}. It is important to observe that the ratio

f
𝓁
(x)∕g

𝓁
(x) can have a physical interpretation as SINR in our context. The prob-

lem (6.23) is assumed to be a non-convex problem, with a nonconvex constraint

(6.23a). According to [46], the problem (6.23) can be transformed in the following

equivalent problem:

maximize
x, 𝜶

L∑
𝓁=1

log(1 + 𝛾
𝓁
) −

L∑
𝓁=1

𝛾
𝓁
+

L∑
𝓁=1

(1 + 𝛾
𝓁
)

f
𝓁
(x)

f
𝓁
(x) + g

𝓁
(x)

(6.24)

subject to hi(x) ≤ 0, ∀i ∈ {1,… , I} (6.24a)

𝛾
𝓁
≥ 0, ∀𝓁 ∈ {1,… ,L} (6.24b)

where 𝜸
(t) = [𝛾

(t)
1 , 𝛾

(t)
2 ,… , 𝛾

(t)
L
]T is an auxiliary variable, which is iteratively

updated, introduced for each ratio term f
𝓁
(x(t−1))∕g

𝓁
(x(t−1)). It’s important to note

that the two problems, (6.23) and (6.24), are equivalent. In other words, at the

convergence, the solution x to (6.23) is identical to the solution to (6.24), and their

respective optimal objective values are also equal [[45], III-B]. Furthermore, it is

worth highlighting that, according to the Karush-Kuhn-Tucker (KKT) conditions,

we can obtain the following:

𝜕

⎛
⎜⎜⎜⎝

L∑
𝓁=1

log(1 + 𝛾
(t+1)
𝓁

) −

L∑
𝓁=1

𝛾
(t+1)
𝓁

+

L∑
𝓁=1

(1 + 𝛾
(t+1)
𝓁

)f
𝓁
(x(t))

f
𝓁
(x(t)) + g

𝓁
(x(t))

⎞
⎟⎟⎟⎠

𝜕𝛾
𝓁

= 0
(6.25)

𝛾
★(t+1)
𝓁

=
f
𝓁
(x(t))

g
𝓁
(x(t))

(6.26)

This equivalence allows for a seamless transition between the two problem formu-

lations while preserving the optimality.

6.4.2 Fractional Programming

Fractional programming theory is the branch of optimization theory concerned

with the properties and optimization of fractional functions, i.e., a ratio of two gen-

erally nonlinear functions. They can be found in several areas and are generically
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subdivided into two classes: single-ratio problems and multiple-ratio problems.

Below, we review techniques designed to address these classes and their respective

solution methodologies.

6.4.2.1 Single-Ratio Problems

Many transforms deal consistently with this type of problem; the most classical is

named Dinkelbach’s Transform [45–47]. For a better understanding, let us define

the following optimization problem.

maximize
x

f (x)

g(x)
(6.27)

subject to hi(x) ≤ 0, ∀i ∈ {1,… , I} (6.27a)

where f (x) ∶ ℂ
N
→ ℝ+ and g(x) ∶ ℂ

N
→ ℝ

∗
+ are nonnegative function and posi-

tive function, respectively. The conventional approach for dealing with this FP is

decoupling the numerator and denominator and treating it jointly. The Dinkel-

bach’s transform reformulates the single-ratio problem (6.27) as the following:

maximize
x,𝜂

f (x) − 𝜂g(x) (6.28)

subject to hi(x) ≤ 0, ∀i ∈ {1,… , I} (6.28a)

where 𝜂 is an auxiliary variable that is iteratively updated by:

𝜂(t) =
f (x(t−1))

g(x(t−1))
(6.29)

where t is the iteration index.

6.4.2.2 Multiple-Ratio Problems

Although the classic Dinkelbach’s transform [47] works well for single-ratio

problems, they cannot be easily extended to the multiple-ratio problems, since for

single-ratio objective functions, the optimal solution is the same for the original

FP and the transformed problem, but not the value of the objective function of

both. To solve the multi-ratio problem, several different techniques have been
proposed, such as Quadratic Transform [45] and [48]. Herein, we focus on the
technique developed by Jong [48]. Let us define the followingmulti-ratio problem:

maximize
x

L∑
𝓁=1

f𝓁 (x)

g𝓁 (x)
(6.30)

subject to hi(x) ≤ 0, i ∈ {1,… , I} (6.30a)

where f
𝓁
(x) ∶ ℂ

N
→ ℝ+ and g

𝓁
(x) ∶ ℂ

N
→ ℝ

∗
+, ∀𝓁 ∈ {1,… ,L}. In [48], the

authors proposed an iterative solution in order to solve problem (6.30), where the
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equivalent problem can be given as:

maximize
x,u,𝜷

L∑
𝓁=1

u
𝓁

(
f
𝓁
(x) − 𝛽

𝓁
g
𝓁
(x)
)

(6.31)

subject to hi(x) ≤ 0, i ∈ {1,… , I} (6.31a)

where u and 𝜷 are auxiliary variables which are iteratively updated as:

u(t+1)
𝓁

=
1

g
𝓁
(x(t))

, ∀𝓁 = 1,… ,L (6.32)

𝛽
(t+1)
𝓁

=
f
𝓁
(x(t))

g
𝓁
(x(t))

, ∀𝓁 = 1,… ,L (6.33)

6.5 Problem Formulation

Given addressing all the arguments above, regarding EE exposed in Section 6.1, we
formulate an optimization problemwhosemain objective is optimizing the reflect-
ing coefficients of an active RIS to assess the necessary number of RIS elements
that should be selected to outperform the entirely passive RIS in terms of EE. The
idea is to reduce the number of operating elements in the RIS in view of reducing
their power consumption while increasing the total SR by amplifying the incom-
ing signal intended for the UEs. Hence, such an objective can be formulated as the
following optimization problem, denoted as 0:

0∶ maximizev

K∑
k=1

log2

(
1 +

|wH
k
hk|2∑K

j=1,j≠K |wjhk|2 + |zH𝚽h2,k|2 + |nk|2
)

P0,BS + PCB +MPM + 𝜚
(∑K

k=1 ||wk||2 + vHQv
)

+Nact(PDC + Pc) + NpasPc
(6.34)

subject to vHQv ≤ PRISmax (6.34a)

|𝑣n| ≤ 𝛼max , ∀n ∈ a (6.34b)

|𝑣n| = 1, ∀n ∈ p (6.34c)

Constraint (6.34a) considers the maximum amplification of power provided by
the active RIS (forward power budget at the RIS), while constraint (6.34b) con-
siders the maximum amplitude gain imposed by each active element of the RIS,
constraint (6.34c) consider the amplitude of passive elements. One should notice
that problem 0 is more challenging and hardest to solve than the EE optimiza-
tion with entirely passive RIS since the RIS configuration vector also appears in
the denominator of the objective function of Eq. (6.35). In Section 6.6, we aim to
develop an efficient approach to handle 0.



222 6 Analytical Phase Shift and Amplitude Element Optimization

6.6 Proposed Solution

In Section 6.6.1,we introduce the proposed algorithm, namely, analytical-FP-based

active beamforming design,whichutilizes theFPoptimization technique to obtain

closed-form solutions for amplitude and phase of each active element at the RIS.

Specifically, the proposed closed-form solutions for EE optimization problems

incorporates auxiliary variables derived from Dilkelbach’s Transform, LDT, and

from the methodology outlined in [48]. This integration strategically molds

the objective function into a convex form, facilitating analytical optimization

approaches.

Subsequently, in Section 6.6.2, we conduct a comprehensive analysis of the algo-

rithm’s complexity. This examination provides valuable insights, emphasizing the

algorithm’s efficiency and suitability for real-world applications.

Finally, in Section 6.7, we present a comparative evaluation of the proposed

algorithm’s performance within typical RIS-aided M-MIMO channel and system

scenarios. This comparative analysis validates and illustrates the algorithm’s effi-

cacy across a range of practical and diverse operating conditions.

6.6.1 Analytical-FP-Based Solution Method

Before delving directly into the problem, it is useful to establish a more concise

nomenclature. Therefore, firstly, for the sake of tractability, we shall rewrite Eq.

(6.13) as follows:

SINRk =
|wH

k
hk|2∑K

j=1,j≠K |wjhk|2 + |zH𝚽h2,k|2 + |nk|2
=

vHAkv

vHBkv + |nk|2
(6.35)

where with few analytical manipulations, we obtain that

Ak ≜ HH
2,kH

H
1 wkw

H
k
H1H2,k (6.36)

Bk ≜ HH
2,kzz

HH2,k +

K∑
j=1,j≠k

HH
2,kH

H
1 wjwjH1H2,k (6.37)

with H2,k = diag(h2,k). This manipulation enables us to effortlessly address our
problem, thereby facilitating the derivation of subsequent equations. Rewriting
problem given by Eq. (6.34), we have the following:

0∶maximizev

K∑
k=1

log2

(
1 +

vHAkv

vHBkv + |nk|2
)

P̂ + 𝜚vHQv

subject to (6.34a), (6.34b) (6.38)



6.6 Proposed Solution 223

where we define P̂ ≜ ∑K
k=1 𝜚||wk||2 + P0,BS + PCB +MPM + Nact(PDC + Pc) +

NpasPc. One can see that Problem (6.38) is a nonconvex problem.

Given proposing a new solution for 0, we apply some optimization trans-

form techniques, namely, Dinkelbach transform, Lagrangian Dual transform,

and Multiple-Ratio function transform, followed by our proposed analyt-

ical optimization methodology, which will be discussed through Sections

6.6.1.1–6.6.1.4.

6.6.1.1 Dinkelbach Transform

We should observe that0, given by Eq. (6.38), is a single ratio problem. Therefore,

a pre-processing step should be applied to the objective function before solving

the optimization process due to its intractable fractional form. To decouple the

numerator and denominator of Eq. (6.38), we employ the classic Dinkelbach’s

methodology [47]. Specifically, by introducing an auxiliary variable 𝜂 ∈ ℝ, accord-

ing to Section 6.4.2, the original problem can be equivalently reformulated as:

1∶maximizev,𝜂

K∑
k=1

log2

(
1 +

vHAkv

vHBkv + |nk|2
)
− 𝜂

(
P̂ + 𝜚vHQv

)

subject to (6.34a), (6.34b) (6.39)

Thus, to solve 1, we optimize the prime variable 𝝊 and auxiliary variable 𝜂 iter-

atively. According to Eq. (6.29), given 𝝊, the optimal 𝜂 can be directly obtained

as:

𝜂★ =

∑K
k=1 log2

(
1 +

vHAkv
vHBkv+|nk|2

)

P̂ + 𝜚vHQv
(6.40)

Now, we deal with optimizing 𝝊 with a given 𝜂. In this way, we should see

that 1 is still hard to solve. Moreover, it is composed of differences between
a multiple-ratio function term and a quadratic form. Therefore, aiming to
externalize the optimization variable 𝝊 from the log function, we utilize the LDT
technique.

6.6.1.2 Lagrangian Dual Transform

Applying the LDT technique in 1, given by Eq. (6.39), as explained in
Section 6.4.1, we can introduce the auxiliary variable 𝜸, and rewrite 1 in
an equivalent way, obtaining the following optimization problem, which we
denote as 2

2∶maximizev,𝜸

K∑
k=1

log2
(
1 + 𝛾k

)
− 𝛾k +

(1 + 𝛾k)v
HAkv

vH
(
Ak + Bk

)
v + |nk|2

− 𝜂
(
P̂ + 𝜚vHQv

)

subject to (6.34a), (6.34b) (6.41)
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where the 𝛾 that maximizes 2, accordingly to Eq. (6.26), at the 𝓁th iteration is

given by:

𝛾★
k

=
vHAkv

vHBkv + |nk|2
, ∀k ∈  (6.42)

We now observe that 2, given by Eq. (6.41) is composed by a term of multiple

ratio function subtracted by a quadratic term in v. In view of linearize themultiple

ratio function in 2, we apply the method described in Section 6.4.2.

6.6.1.3 Multiple-Ratio Function Transform

Because of linearizing the multiple-ratio function in 2, we apply the

multiple-ratio function transform proposed in [48]. Therefore, by introduc-

ing the auxiliary variables, 𝜷, and u, we can recast 2 as the equivalent following

problem, denoted as 3

3∶maximize
v,u,𝜷

K∑
k=1

log2
(
1 + 𝛾k

)
− 𝛾k + uk

[
(1 + 𝛾k)v

HAkv

− 𝛽k
(
vH
(
Ak + Bk

)
v + |nk|2

)]
− 𝜂

(
P̂ + 𝜚vHQv

)
(6.43)

subject to (6.34a), (6.34b), (6.34c)

The 𝛽k and uk that maximize 3 at the 𝓁th iteration can be obtained by the KKT

conditions, and given accordingly to Eqs. (6.32) and (6.33) as:

𝛽★
k

=
(1 + 𝛾k)v

HAkv

vH
(
Ak + Bk

)
v + |nk|2

, ∀k ∈  (6.44)

u★
k
=

1

vH
(
Ak + Bk

)
v + |nk|2

, ∀k ∈  (6.45)

Reorganizing 3 in a more compact form, given 𝜂, 𝜸,𝜷, and u we arrive at the

following equivalent problem which is a quadratic problem

3∶maximizev
vHCv

subject to (6.34a), (6.34b), (6.34c) (6.46)

where the matrix C can be directly computed as the following:

C = −𝜂𝜚Q +

K∑
k=1

uk(1 + 𝛾k)Ak − uk𝛽k
(
Ak + Bk

)
(6.47)

Notice that the matrix C ≺ 𝟎, if and only if (1 + 𝛾k)Ak − 𝛽k
(
Ak − Bk

)
≺ 𝟎, given

that Ak,Bk, andQ are positive defined matrices. Therefore, one can conclude that

P3 represents a non-convex quadratically constrained quadratic programming
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(QCQP). One potential strategy to tackle 3, is utilizing the conventional SDR

methodology, as well done in [49]. Nonetheless, in this work, we proposed a

novel closed-form solution for both phase and amplitude of each active

element of RIS, which is further explained in Section 6.6.1.4.

6.6.1.4 Proposed Analytical Methodology

To solve 3 efficiently and with minimal complexity, we adopt the methodology

proposed by de Souza and Abrão [14], extending their closed-form solution for

phase and deriving a new closed-form solution for the amplitude of eachRIS active

element. This methodology optimizes the nth element of 𝝊while keeping the oth-

ers constant. The process is iterative and continues until the objective function

converges.

Initially, we observe that 3 can be equivalently transformed into the following

optimization problem:

maximize
𝝊

vHCv ≡ maximize
𝝊

tr(CV),

subject to (6.34a), (6.34b), rank(V) = 1 (6.48)

with V = vvH , where the following constraints rank(V) = 1 must be attained.

Proceeding conveniently, one can rewritten v as the following manner:

𝝊 =
[
𝝊̂Hn , 𝛼ne

−j𝜃n , 𝝊̃
H
n

]H
(6.49)

where 𝝊̂n ∈ ℂ
n−1 and 𝝊̃n ∈ ℂ

N−n are, respectively, defined as 𝝊̂n ≜ [v]1∶(n−1) and

ṽn ≜ [𝝊](n+1)∶N . This alternative notation enables us to look for the nth element of

v, 𝛼ne
j𝜃n . Therefore, by utilizing Eq. (6.49), one can rewrite V as:

V = 𝝊𝝊H =

⎡
⎢⎢⎣

𝝊̂n𝝊̂
H
n 𝛼ne

−j𝜃n 𝝊̂n 𝝊̂n𝝊̃
H
n

𝛼ne
j𝜃n 𝝊̂Hn 𝛼2n 𝛼ne

j𝜃n 𝝊̃
H
n

𝝊̃n𝝊̂
H
n 𝛼ne

−j𝜃n 𝝊̃n 𝝊̃n𝝊̃
H
n

⎤
⎥⎥⎦

(6.50)

Following the same idea, the matrix C can be equivalently decomposed in

sub-matrices and written as:

C =

⎡
⎢⎢⎣

C1 c2 C3

cH2 C4 c5
CH
3 cH5 C6

⎤
⎥⎥⎦
, with

⎧⎪⎪⎪⎨⎪⎪⎪⎩

C1 = [C]1∶(n−1),1∶(n−1) ∈ ℂ
(n−1)×(n−1)

c2 = [C]1∶(n−1),n ∈ ℂ
(n−1)×1

C3 = [C]1∶(n−1),(n+1)∶N ∈ ℂ
(n−1)×(N−n)

C4 = [C]n,n ∈ ℂ

c5 = [C]n,(n+1)∶N ∈ ℂ
1×(N−n)

C6 = [C](n+1)∶N,(n+1)∶N ∈ ℂ
(N−n)×(N−n)

(6.51)
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Therefore, realizing the product of CV and after some basic algebraic manipula-
tions, one obtains the following representation of tr(CV):

tr (CV) = tr
(
C1𝝊̂n𝝊̂

H
n + 𝛼ne

j𝜃nc2𝝊̂
H
n + C3𝝊̃n𝝊̂

H
n

)

+ tr
(
𝛼ne

−j𝜃ncH2 𝝊̂n + 𝛼2nC4 + 𝛼ne
−j𝜃nc5𝝊̃n

)

+ tr
(
CH
3 𝝊̂n𝝊̃

H
n + 𝛼ne

j𝜃ncH5 𝝊̃
H
n + C6𝝊̃n𝝊̃

H
n

)

= 𝛼2nC4 + 𝛼ne
−j𝜃n

(
cH2 𝝊̂n + c5𝝊̃n

)
+ 𝛼ne

j𝜃n tr
(
c2𝝊̂

H
n + cH5 𝝊̃

H
n

)

+ tr
(
C1𝝊̂n𝝊̂

H
n + C3𝝊̃n𝝊̂

H
n

)
+ tr

(
CH
3 𝝊̂n𝝊̃

H
n + C6𝝊̃n𝝊̃

H
n

)
(6.52)

Through careful manipulation of Eq. (6.52), one can separate and organize its
terms, thereby illuminating a critical insight: the task of maximizing the expres-
sion tr(CV) with respect to the variable 𝑣n = 𝛼ne

j𝜃n can be elegantly recast as
follows:

maximize
𝜃n ,𝛼n

𝛼2nC4 + 2𝛼nℝ{e
−j𝜃n (cH2 v̂n + c5ṽn)} + Π (6.53)

subject to 𝛼2nQ4 + 2𝛼nℝ{e
−j𝜃n (qH2 v̂n + q5ṽn)} + 𝜓 ≤ 0 (6.53a)

𝛼n ≥ 1 (6.53b)

where, Π = tr
(
C1𝝊̂n𝝊̂

H
n + C3𝝊̃n𝝊̂

H
n

)
+ tr

(
CH
3 𝝊̂n𝝊̃

H
n + C6𝝊̃n𝝊̃

H
n

)
, is a constant which

does not depend of 𝛼n, and 𝜓 = tr
(
Q1𝝊̂n𝝊̂

H
n +Q3𝝊̃n𝝊̂

H
n

)
+ tr

(
QH
3 𝝊̂n𝝊̃

H
n +Q6𝝊̃n𝝊̃

H
n

)
withQ1,q2,Q3, q5, andQ6 being defined similar to Eq. (6.51), however, for matrix
Q. It should be noted that Eq. (6.53a) denotes the constraint (6.34b) as a function
of 𝛼n and 𝜃n.
The expression (6.54) encapsulates a fundamental optimization challenge,

which is crucial to our analysis. By looking specifically for 𝑣n, we can see
that the amplitude coefficient obeys a second-order equation, while the phase
coefficient can be obtained by phase canceling. This reformulation simplifies the
problem-solving process and enables us to find closed-form solutions for both
angle and phase variables, enabling a deeper understanding of the problem at
hand. As we delve into the intricacies of this maximization task, we uncover
valuable insights that contribute to decision-making and efficient resource
allocation in practical scenarios with low complexity. Therefore, maximizing Eq.
(6.53) regarding to 𝜃n and 𝛼n can be readily obtained easily as:

𝜃★n = ∠
(
cH2 𝝊̂n + c5𝝊̃n

)
, ∀n ∈  𝛼★

n = −
2ℝ{e−j𝜃n (cH2 v̂n + c5ṽn)}

C4
, ∀n ∈ a

(6.54)

The complete process involves sweeping through each element of the vector v,
𝑣n = 𝛼ne

j𝜃n , computing its phase and amplitude coefficients using Eq. (6.54) while
keeping the others constant. This iterative process continues until the convergence
of the objective function tr(CV).
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Based on the above derivations, the overall FP-based Amplitude/Phase

Beamforming design algorithm is summarized in Algorithm 6.1. By appro-

priately initializing the variable v and the BS transmit power p, the RIS

reflection/amplification matrix𝚽 = diag(v) is iteratively updated, until the EE of

the RIS-aided M-MIMO system converges.

Algorithm 6.1: FP-based Amplitude/Phase Beamforming Design

Input: p, 𝐀k, 𝐁k, ∀k ∈ {1,… ,K}

Set 𝓁 = 1;

Set feasible value for 𝒗(𝓁−1);

Set 𝜂(𝓁−1) = 0;

repeat

Step 1: Compute 𝜂⋆(𝓁) by Eq. (6.40);

Step 2: Update 𝜸⋆(𝓁) by Eq. (6.42);

Step 3: Compute 𝜷⋆(𝓁) by Eq. (6.44);

Step 4: Update u⋆(𝓁) by Eq. (6.45);

Step 5: Compute C(𝓁) by Eq. (6.47);

while
|||tr
(
C(𝓁)V (𝓁)

)
− tr

(
C(𝓁)V (𝓁−1)

)||| < 𝜖 do

for n ∈  do

Step 6: Compute 𝑣n = 𝛼⋆
n e

j𝜃⋆n with 𝜃⋆n and 𝛼
⋆
n based on Eq. (6.54);

end for

end while

Step 7: Update 𝜂⋆(𝓁) by Eq. (6.40);

Step 8: 𝓁 = 𝓁 + 1;

until |𝜂⋆(𝓁) − 𝜂⋆(𝓁−1)| < 𝜖

Output: 𝒗⋆ = [𝛼⋆
1 e

−j𝜃⋆1 , 𝛼⋆
2 e

−j𝜃⋆2 ,… , 𝛼⋆
N
e−j𝜃

⋆

N ]H

6.6.2 Complexity

So far, we have completed the design of active RIS phase-shift matrix𝚽. To clarify

this scheme procedure, we summarize the main ideas of the proposed FP-based

amplitude/phase beamforming design algorithm as follows. First, by fixing 𝜂, we

can obtain 𝜸, 𝜷, and u, with closed-form expressions, and the RIS phase-shift

matrix v by solving 4, as illustrated in Algorithm 6.1. The alternating iterating

procedure is repeated among four variables until the termination condition is

reached. Herein, we describe the complexity of the proposed iterative algorithm.

It is known that, the complexity to update 𝜸, 𝜷, and u are(2KN2),(2KN2), and

(KN2), respectively. Besides, the 𝜂 updating and finding the angles and phases
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requires (3KN2) and (N), respectively. Therefore, the overall complexity is

given by ((8LKN2 + N
)
ln( 1

𝜖
)
)
Floating Point Operations (FLOPs), where L

denotes the number of loop iterations.

6.7 Numerical Results

Herein, in this section, we illustrate simulation results in view to demonstrate
the effectiveness of the proposed FP-based amplitude/phase beamforming design
algorithm, where the active RIS amplitude/phase vector is obtained by running
Algorithm 6.1. Given the proposed analytical optimization technique, we adopt
the method proposed in [49] where, for reference, we solve the SDR problem via
CVX solver in MATLAB.
For the simulation setup, we assume that the UEs are evenly located on the

quarter-circle centered on (x, y) = (0 m, 0 m) of radius 10m; the BS is located at
(−10 m, 5 m) and the RIS is located at the origin (0 m, 0 m). For the BS–RIS link,
we defined 𝛽BR0 = 10−3 and 𝜆BR = 2, while for the RIS–UEs link, we assume 𝛽RU0 =

1e−3 and 𝜆RU = 2.5, Figure 6.2. Unless specified otherwise, the remainder of the
parameters are listed in Table 6.3. Aiming for a fair comparison, we assume the
same power budget for entirely passive RIS and active RIS, where the maximum
power for RIS amplification, PRISmax , is given by P

RIS
max = 𝜏RISPTX , where 𝜏RIS ∈ [0, 1].

6.7.1 Efficiency of the Proposed Algorithm

Initially, in Figure 6.3, we assess and compare the EE of both active/passive RIS as
a function of transmit budget power PTX . For each point along the curve, we opti-
mize the power of reflection of the active RIS array with two different methods:
the analytical approach proposed in this study, denoted as “Active RIS – Analytical
(prop.),” and the SDRmethod proposed in [49], denoted as “Active RIS–SDR [49].”
For the passive RIS, we optimize the phase-shift angles using the conventional
algorithmproposed in [14], denoted as “PassiveRIS.”Additionally,we also include
the “RandomRIS” as the entirely passive RIS assigned randomprecoding and ran-
dom RIS reflecting coefficients matrix. Throughout this section, we denote the
SDR, proposed method, passive RIS, and random RIS with the colors blue, red,
green, and pink, respectively.
In this scenario, we consider N = 64 reflective elements for both passive and

active RISs. Specifically for the active RIS we consider Nact = 49 and Npas=15. The
elements are randomly assigned to operate in active and passive in each MCs.
We can see the importance of optimizing the phase of RIS, regardless of whether
they are passive or active. Furthermore, notably, our analytical method demon-
strates remarkable efficacy, especially in the low-power regime, where we can see
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Table 6.3 List of simulation parameters.

Parameter Description

PTX = [10 ∶ 5 ∶ 45] dBm Maximum power budget at BS

𝜎2
k
= −95 dBm Noise variance at UEs, ∀k ∈ 

𝜎2
RIS

= −80 dBm Noise variance at RIS

K = 5 Numbers of UEs

M = 128 Number of antennas at BS

N = 64 Number of reflecting meta-surfaces elements

𝜚 = 1.2 Power amplifier inefficiency

P0,BS = 9 dBW Fixed power consumption at BS

PM = 1W Power consumed by a BS transceiver chain

PCB = 4.8W Power consumed by control board

PDC = 20 dBm DC biasing power consumption at each element

Pc = 10 dBm Power of the switch and control circuit at each element

𝛼max = 10 Maximum amplitude gain

𝜅1 = 0.1 Rician coefficient for BS–RIS link

𝜅2,k = 0.01 Rician coefficient for RIS–UEs links, ∀k ∈ 

𝜏RIS = 0.2 Coefficient for RIS amplification

 = 500 Realizations MCs

Source: The Authors.
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Figure 6.3 Average EE versus the transmit budget power [dBm] at the BS (PTX).
Performance evaluation of the proposed algorithm for the active RIS analytical versus
active RIS with SDR, entirely passive RIS, and random phase shift/precoding, with N = 64.
Here we assume Nact = 49, Npas = 15, and 𝜏RIS = 0.2.
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Figure 6.4 Average EE versus the total number of reflective elements at the RIS (N).
Performance evaluation of the proposed algorithm for the active RIS analytical versus
active RIS with SDR, and entirely passive RIS. Here we assume Nact = N, for the active RIS
scenario.

that it can achieve performance very similar to the SDR method. However, as the
power level escalates, one can observe an increase in the performance difference
between the two methods, becoming further stressed, mainly under a high-power
regime. This difference in performance will be further detailed in Section 6.7.2.
Nonetheless, it is worth noticing that our analytical proposedmethod consistently
can achieve convincing performance enhancements across all power regimes com-
pared to the passive one.
In Figure 6.4, we plot the average EE versus the number of total elements at the

RIS. Here, we consider that all elements are operating in the active mode. Notice
that for low values of RIS elements, the proposed method achieves performance
very close to that of the SDRmethod. Additionally, as the number of RIS elements
increases, this performance gap widens, indicating a scenario where the proposed
method exhibits inferior performance than the SDRmethod.However, one can see
that for high RIS elements, the performance gap is interestingly decreased. This
finding indicates that in more realistic scenarios, where the RIS operates with a
high number of elements, the proposed method can achieve performance close to
that of the SDR method, making it appealing for practical implementations due
to its low complexity. Furthermore, one can see that the proposed method always
achieves performance higher than the entirely passive RIS.
The cumulative density function (CDF) for the amplitude gain of the active RIS

considering SDR and the proposed analytical method is depicted in Figure 6.5.
Both methods satisfy the constraints (6.34b) and (6.34c), as the probability of an
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Performance evaluation of the proposed algorithm for the active RIS analytical versus
active RIS with SDR, and entirely passive RIS. Here we assume N = 64, with Nact = 49,
Npas = 15, and 𝜏RIS = 0.2.

individual 𝛼n value being lower than 1 is zero, and above 𝛼max is also zero. How-

ever, it is noteworthy that the optimization policy for 𝛼n differs between the two
algorithms. While the analytical method tends to impose lower values, the SDR
method opts for higher values. This discrepancy may serve as one explanation for
the observed performance difference between the two algorithms. Finally, we can
see that the entirely passive RIS always achieves the unitary amplitude, i.e., the
probability of an amplitude gain of passive RIS being 1, is always 1 since it does
not amplify the reflected signal.
Figure 6.6 illustrates how both the analytical proposed algorithm and the SDR

benchmark utilize the total available power. It is important to note that the x-axis

represents the total power budget. Still, the power budget at the RIS depends on

the RIS amplification coefficient 𝜏RIS, meaning that P
RIS
max = PTX𝜏RIS. We observe

that the SDR method consumes more power than the analytical method, consis-

tentwith the result depicted in Figure 6.5. This differencemay partially explain the
higher performance of the SDR method. However, other factors are at play, such
as the initial solution provided for the analytical method. Here, we adopt the com-
plete solution obtained for the entirely passive RIS. Additionally, both algorithms
cannot fully utilize 100% of the available power. This limitation is due to the con-
straint on 𝛼n, which we assume as 𝛼max = 10. Therefore, this constraint restricts
the active RIS from utilizing the total available power. In practical scenarios, it
would be beneficial to optimize the 𝜏RIS factor, as it may result in unused power.
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6.7.2 Convergence and Complexity of the Proposed Algorithm

Figure 6.7 illustrates the convergence patterns of both the proposed algo-

rithm and the benchmark method under two distinct conditions, namely

PTX = {10, 40} dBm, thereby highlighting their effectiveness under each circum-
stance. Additionally, we provide insights into the average runtime of a single
CSI realization for both methodologies. It is clear that for both scenarios, in
Figure 6.7a,b, the EE initially experiences an upward trend and subsequently
stabilizes with increasing iterations, demonstrating rapid convergence within 6 to
8 iterations. Furthermore, in scenario (a), we note a marginal performance gap of
3.81% between the SDR and the analytical approach, with the latter showcasing a
notable 51% enhancement over the passive RIS.
Associate to it, within the same scenario, we can also see in Figure 6.7c that the

average running time of the analytical compared to the SDR is highly reduced,
from ≈ 5 seconds to less than 1 second constituting an 85.16% reduction. This is
significant because the reduction in computational overhead highlights its prac-

tical appeal, motivating and making it conducive for real-world implementation

scenarios, owing to its remarkably low complexity. Its complexity is directly related

to the derived closed-form solutions given by Eq. (6.54), which can accelerate and

facilitate its implementation while providing a substantial performance enhance-

ment. We also can see that for scenario (b), the performance gap between the SDR

and analytical increases, achieving 16.34%, while the obtained gain concerning

the passive RIS decreases, presenting 39.70%. Nevertheless, the analytical method
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Figure 6.7 Average EE versus number of iterations for the proposed algorithm.
Performance evaluation of the proposed algorithm for the active RIS for two different
scenarios PTX = {10, 40} dBm. (a) PTX = 10 dBm, (b) PTX = 40 dBm, and (c) average
running time. Furthermore, we also plot the average running time of one CSI realization
for the SDR technique [49] and analytical proposed.

demonstrates an appealing runtime from ≈ 6 seconds to ≈ 1.2 seconds, constitut-

ing a 77.97% reduction in computational time.

6.8 Conclusions and Perspectives

We have examined the profound implications of optimizing the EE for active RIS

scenarios, seeking to understand and find the number of elements that need to

be selected for acting in active RIS because of outperforming its entirely passive

RIS counterpart. By exploring various optimization techniques, we aim to provide

a low-complexity solution and ensure its proximity to the optimal solution. This

approach allows us to assess the effectiveness of our analytical methodology to
handle complex optimization challenges.
The numerical results show that the active RIS can easily outperform the

entirely passive RIS in terms of system EE, achieving a gain of about 120%.
Furthermore, for typical system and channel scenarios, active RIS can operate
with less than half of elements compared with the passive RIS given achieving
about the same performance, enabling an operational cost reduction for physical
arrays and lower channel estimation overhead for practical implementations.
However, to achieve better performance in signal amplification, the active RIS
needs to be equipped with a reasonable number of reflective elements, mainly in
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Table 6.4 Summary of the contributions – key quantitative results and a brief
comparison with the literature.

References Contribution Key results

This work Joint amplitude and phase
shifts analytical design for
active RIS elements, aiming to
maximize the EE in RIS-aided
M-MIMO systems
(Sections 6.5 and 6.6)

● achieved gains of 51% and 39.70%
related to the passive RIS for transmit
budget power of 10 and 40 dBm,
respectively;

● Presented lower performance related
to the active RIS with SDR method.
However, it demonstrated
significantly lower complexity,
achieving reductions of 85.16% and
77.97% in processing time.

Liter. Contribution Goal differences with this work

[23] Sum rate maximization for
double-active RIS systems

EE maximization (instead SR) for single
RIS systems with practical
implementation constraints.

[25] Sum rate maximization for
single-active RIS systems

EE maximization for single RIS systems
under practical implementation
constraints.

[27] EE maximization and transmit
power minimization for active
RIS systems

EE maximization with a focus on
assessing the number of active RIS
elements necessary for outperforming
the entirely passive RIS.

scenarios where the available power for signal amplification is high. Finally, we
show how the proposed algorithm can be promising since it has required a few

iterations for convergence. A summary of the key quantitative results obtained

and contribution by this book chapter is provided in Table 6.4.

6.8.1 Limitations and Lessons Learned

Limitations of the proposed model can be drawn as:

● The RIS-aided M-MIMO model system could aggregate the channel estimation

step, including overhead impact in both SE (numerator) and energy consump-

tion (denominator) expressions. Then, a more complex but useful max-EE opti-

mization problem can be formulated and solved.

● The precoding, power allocation for the UEs, the number of active/passive ele-

ments on theRIS, andRIS power budget factor 𝜏RIS could be aggregated in theEE

optimization problem, becoming a more intricate and hard-to-solve problem.
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Lessons learned from the investigation:

● When well configured, active RIS has the potential to impact substantially
the system performance. by improving remarkably when compared with the
entirely passive RIS with both random and optimized phases.

● The optimization of phases and amplitudes of RIS with closed-form solutions
provide significant time reduction compared with the SDR technique while
attaining reasonable performance gain related to the passive RIS.

6.8.2 Research Perspectives

In this chapter, we delved into the optimization of EE in RIS-assisted M-MIMO
systems. While significant progress has been made, several crucial aspects pose
open research challenges, offering promising avenues for exploration.
Our initial focus was on optimizing the RIS reflection coefficients within the

framework of MR precoding with EPA. However, it is noteworthy that the precod-
ing strategy at the BS also presents an opportunity for optimization. Considering
the joint optimization of RIS and BS precoding can potentially unveil enhanced
EE performance.
Moreover, our system model has assumed a far-field propagation channel.

Extending and investigating the analysis of near-field propagation channels is a
relevant topic for future works. This extension is particularly pertinent due to
the prevalence of large aperture arrays aimed at mitigating the multiplicative
path-loss effect and higher frequency operations for increased bandwidth, which
inherently increase the Rayleigh distance. Notably, this has extended the range
where near-field propagation dominates. Furthermore, new opportunities arise
in the near-field context; for instance, the beam-focusing effect becomes a promi-
nent phenomenon. This effect not only allows adjustment of the direction of the
reflected beam but also offers the intriguing capability to control the distance
within a specific angle. Developing strategies to improve the EE of RIS-assisted
M-MIMO networks leveraging the beam-focusing effect for near-field scenarios is
thus of significant relevance.
Additionally, the current investigation centered on a single activeRIS. Extending

the system model to accommodate a scenario with multiple active RIS units is a
valuable avenue for future research, offering insights into the complexities and
opportunities associated with such configurations.
Finally, the optimization scope can be broadened by considering the joint opti-

mization of BS and RIS active/passive elements. By optimizing both components
simultaneously, the overall EE of the system can be finely tuned for improved
performance and resource utilization. These avenues highlight the richness of
potential research directions in advancing the understanding and optimization of
active RIS-assisted M-MIMO systems.
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List of Acronyms

3-D three-dimensional
3GPP 3rd Generation Partnership Project
5G fifth generation
6G sixth generation
AoA angle of arrival
AoD angle of departure
AS antenna selection
AWGN additive white gaussian noise
AF Amplify-and-Forward
BS base station
BCD block coordinate descent
B5G Beyond-5G
CSI channel state information
CHEST channel estimation
CDF cumulative density function
DL downlink
D/A Diginal/Analog
DF Decode-and-Forward
EE energy efficiency
ER ergodic rate
EH enerhy harvesting
EPA equal power allocation
FP fractional programming
FET field-effect transistor
FPGA field programmable gate array
FLOPs Floating Point Operations
GA genetic algorithm
i.i.d. independent and identically distributed
ISAC integrated sensing and communication
IoT Internet of Things
KKT Karush-Kuhn-Tucker
LoS line-of-sight
LDT lagrangian dual transform
MIMO multiple-input multiple-output
M-MIMO massive MIMO
mmWave millimeter-wave
MCs Monte-Carlo Simulation
MISO Multiple-input single-output
MM majorization-minimization
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MR maximum ratio

PC pilot contamination

PDD penalty dual decomposition

PSO particle swarm optimization

PS power splitting

PA power amplifier

PSC phase shift control

QoS Quality of Service

QCQP quadratically constrained quadratic programming

RF radio frequency

RE resource efficiency

RIS reconfigurable intelligent surface

SE spectral efficiency

SINR signal-to-interference-plus-noise ratio

SNR signal-to-noise ratio

SCA sucessive convex approximation

SOCP second order conic programming

SDR semi-defined relaxation

SFP sequential fractional programming

SDP semi-definite program

SR sum-rate

TDD time-division duplex

UE user’s equipment

UL uplink

UPA uniform planar array

USPA uniform squared planar array

ULA uniform linear array

VR visibility region

WSR weigthed sum-rate

XL-MIMO extra-large scale massive MIMO

XR extended reality

ZF zero-forcing

References

1 Wu, Q. and Zhang, R. (2020). Towards smart and reconfigurable environment:

intelligent reflecting surface aided wireless network. IEEE Communications

Magazine 58 (1): 106–112. https://doi.org/10.1109/MCOM.001.1900107.

2 Gong, S., Lu, X., Hoang, D.T. et al. (2020). Toward smart wireless commu-

nications via intelligent reflecting surfaces: a contemporary survey. IEEE

https://doi.org/10.1109/MCOM.001.1900107


238 6 Analytical Phase Shift and Amplitude Element Optimization

Communications Surveys & Tutorials 22 (4): 2283–2314. https://doi.org/10.1109/

COMST.2020.3004197.

3 Taha, A., Alrabeiah, M., and Alkhateeb, A. (2021). Enabling large intelli-

gent surfaces with compressive sensing and deep learning. IEEE Access 9:

44304–44321. https://doi.org/10.1109/ACCESS.2021.3064073.

4 Long, R., Liang, Y.-C., Pei, Y., and Larsson, E.G. (2021). Active reconfigurable

intelligent surface-aided wireless communications. IEEE Transactions on Wire-

less Communications 20 (8): 4962–4975. https://doi.org/10.1109/TWC.2021

.3064024.

5 An, J., Yuen, C., Dai, L. et al. (2023). Toward beamfocusing-aided near-field

communications: research advances, potential, and challenges. arXiv preprint

arXiv:2309.09242.

6 Zhang, X. and Zhang, H. (2023). Hybrid reconfigurable intelligent surfaces-

assisted near-field localization. IEEE Communications Letters 27 (1): 135–139.

https://doi.org/10.1109/LCOMM.2022.3215253.

7 Wu, Z. and Dai, L. (2023). Multiple access for near-field communications:

SDMA or LDMA? IEEE Journal on Selected Areas in Communications 41 (6):

1918–1935. https://doi.org/10.1109/JSAC.2023.3275616.

8 Ahmed, I., Shahid, M.K., Khammari, H., and Masud, M. (2021). Machine

learning based beam selection with low complexity hybrid beamforming

design for 5G massive MIMO systems. IEEE Transactions on Green Com-

munications and Networking 5 (4): 2160–2173. https://doi.org/10.1109/TGCN

.2021.3093439.

9 Huang, T., Yang, W., Wu, J. et al. (2019). A survey on green 6G network: archi-

tecture and technologies. IEEE Access 7: 175758–175768. https://doi.org/10

.1109/ACCESS.2019.2957648.

10 Guo, H., Liang, Y.-C., Chen, J., and Larsson, E.G. (2020). Weighted sum-rate

maximization for reconfigurable intelligent surface aided wireless networks.

IEEE Transactions on Wireless Communications 19 (5): 3064–3076. https://doi

.org/10.1109/TWC.2020.2970061.

11 Pan, C., Ren, H., Wang, K. et al. (2020). Multicell MIMO communications

relying on intelligent reflecting surfaces. IEEE Transactions on Wireless Com-

munications 19 (8): 5218–5233. https://doi.org/10.1109/TWC.2020.2990766.

12 Zhi, K., Pan, C., Ren, H., and Wang, K. (2022). Ergodic rate analysis of recon-

figurable intelligent surface-aided massive MIMO systems with ZF detectors.

IEEE Communications Letters 26 (2): 264–268. https://doi.org/10.1109/LCOMM

.2021.3128904.

13 Zeng, M., Bedeer, E., Dobre, O.A. et al. (2021). Energy-efficient resource alloca-

tion for IRS-assisted multi-antenna uplink systems. IEEE Wireless Communica-

tions Letters 10 (6): 1261–1265. https://doi.org/10.1109/LWC.2021.3063554.

https://doi.org/10.1109/COMST.2020.3004197
https://doi.org/10.1109/COMST.2020.3004197
https://doi.org/10.1109/ACCESS.2021.3064073
https://doi.org/10.1109/TWC.2021.3064024
https://doi.org/10.1109/TWC.2021.3064024
https://doi.org/10.1109/LCOMM.2022.3215253
https://doi.org/10.1109/JSAC.2023.3275616
https://doi.org/10.1109/TGCN.2021.3093439
https://doi.org/10.1109/TGCN.2021.3093439
https://doi.org/10.1109/ACCESS.2019.2957648
https://doi.org/10.1109/ACCESS.2019.2957648
https://doi.org/10.1109/TWC.2020.2970061
https://doi.org/10.1109/TWC.2020.2970061
https://doi.org/10.1109/TWC.2020.2990766
https://doi.org/10.1109/LCOMM.2021.3128904
https://doi.org/10.1109/LCOMM.2021.3128904
https://doi.org/10.1109/LWC.2021.3063554


References 239

14 de Souza, W. and Abrão, T. (2023). Energy efficiency maximization for intel-

ligent surfaces-aided massive MIMO with zero forcing. IEEE Transactions on

Green Communications and Networking 8 (2): 802–814. https://doi.org/10.1109/

TGCN.2023.3346367.

15 Li, Z., Zhang, J., Zhu, J., and Dai, L. (2023). RIS energy efficiency optimization

with practical power models. 2023 International Wireless Communications and

Mobile Computing (IWCMC), 1172–1177. https://doi.org/10.1109/IWCMC58020

.2023.10183034.

16 He, Y., Cai, Y., Mao, H., and Yu, G. (2022). RIS-assisted communication radar

coexistence: joint beamforming design and analysis. IEEE Journal on Selected

Areas in Communications 40 (7): 2131–2145. https://doi.org/10.1109/JSAC.2022

.3155507.

17 Kang, J., Wymeersch, H., Fischione, C. et al. (2022). Optimized switching

between sensing and communication for mmWave MU-MISO systems. 2022

IEEE International Conference on Communications Workshops (ICC Workshops),

498–503. https://doi.org/10.1109/ICCWorkshops53468.2022.9814527.

18 Wu, J., Kim, S., and Shim, B. (2022). Energy-efficient power control and beam-

forming for reconfigurable intelligent surface-aided uplink IoT networks. IEEE

Transactions on Wireless Communications 21 (12): 10162–10176. https://doi.org/

10.1109/TWC.2022.3182773.

19 Ji, T., Hua, M., Li, C. et al. (2023). Robust max-min fairness transmission

design for IRS-aided wireless network considering user location uncertainty.

IEEE Transactions on Communications 71 (8): 4678–4693. https://doi.org/10

.1109/TCOMM.2023.3280211.

20 Xie, H., Xu, J., and Liu, Y.-F. (2021). Max-min fairness in IRS-aided multi-cell

MISO systems with joint transmit and reflective beamforming. IEEE Transac-

tions on Wireless Communications 20 (2): 1379–1393. https://doi.org/10.1109/

TWC.2020.3033332.

21 Jiang, T. and Yu, W. (2022). Interference nulling using reconfigurable intel-

ligent surface. IEEE Journal on Selected Areas in Communications 40 (5):

1392–1406. https://doi.org/10.1109/JSAC.2022.3143220.

22 Alegría, J.V. and Rusek, F. (2022). Channel orthogonalization with recon-

figurable surfaces. 2022 IEEE Globecom Workshops (GC Wkshps), 37–42.

https://doi.org/10.1109/GCWkshps56602.2022.10008751.

23 Liu, M., Ren, H., Pan, C. et al. (2024). Joint beamforming design for double

active RIS-assisted radar-communication coexistence systems. arXiv preprint

arXiv:2402.04532.

24 Zargari, S., Hakimi, A., Tellambura, C., and Herath, S. (2022). Multiuser MISO

PS-SWIPT systems: active or passive RIS? IEEE Wireless Communications

Letters 11 (9): 1920–1924. https://doi.org/10.1109/LWC.2022.3187671.

https://doi.org/10.1109/TGCN.2023.3346367
https://doi.org/10.1109/TGCN.2023.3346367
https://doi.org/10.1109/IWCMC58020.2023.10183034
https://doi.org/10.1109/IWCMC58020.2023.10183034
https://doi.org/10.1109/JSAC.2022.3155507
https://doi.org/10.1109/JSAC.2022.3155507
https://doi.org/10.1109/ICCWorkshops53468.2022.9814527
https://doi.org/10.1109/TWC.2022.3182773
https://doi.org/10.1109/TWC.2022.3182773
https://doi.org/10.1109/TCOMM.2023.3280211
https://doi.org/10.1109/TCOMM.2023.3280211
https://doi.org/10.1109/TWC.2020.3033332
https://doi.org/10.1109/TWC.2020.3033332
https://doi.org/10.1109/JSAC.2022.3143220
https://doi.org/10.1109/GCWkshps56602.2022.10008751
https://doi.org/10.1109/LWC.2022.3187671


240 6 Analytical Phase Shift and Amplitude Element Optimization

25 Zhang, Z., Dai, L., Chen, X. et al. (2023). Active RIS vs. passive RIS: which

will prevail in 6G? IEEE Transactions on Communications 71 (3): 1707–1725.

https://doi.org/10.1109/TCOMM.2022.3231893.

26 Ye, J., Rihan, M., Zhang, P. et al. (2024). Energy efficiency optimization in

active reconfigurable intelligent surface-aided integrated sensing and communi-

cation systems. IEEE Transactions on Vehicular Technology 1–16.

27 Lv, W., Bai, J., Yan, Q., and Wang, H.M. (2023). RIS-assisted green secure com-

munications: active RIS or passive RIS? IEEE Wireless Communications Letters

12 (2): 237–241. https://doi.org/10.1109/LWC.2022.3221609.

28 de Souza, J.H.I., Marinello Filho, J.C., Amiri, A., and Abrão, T. (2023).

QoS-aware user scheduling in crowded XL-MIMO systems under

non-stationary multi-state LoS/NLoS channels. IEEE Transactions on Vehicular

Technology 72 (6): 7639–7652. https://doi.org/10.1109/TVT.2023.3243488.

29 dos Santos, H.L., Marinello, J.C., Panazio, C.M., and Abrão, T. (2022). Machine

learning-aided pilot and power allocation in multi-cellular massive MIMO net-

works. Physical Communication 52: 101646. https://doi.org/10.1016/j.phycom

.2022.101646.

30 Marinello Filho, J.C., Brante, G., Souza, R.D., and Abrão, T. (2022). Explor-

ing the non-overlapping visibility regions in XL-MIMO random access and

scheduling. IEEE Transactions on Wireless Communications 21 (8): 6597–6610.

https://doi.org/10.1109/TWC.2022.3151329.

31 de Souza, J.H.I., Marinello Filho, J.C., Abrão, T., and Panazio, C. (2022).

Reconfigurable intelligent surfaces to enable energy-efficient IoT networks.

2022 Symposium on Internet of Things (SIoT), 1–4. https://doi.org/10.1109/

SIoT56383.2022.10070317.

32 Marinello, J.C., Abrão, T., Amiri, A. et al. (2020). Antenna selection for

improving energy efficiency in XL-MIMO systems. IEEE Transactions on

Vehicular Technology 69 (11): 13305–13318. https://doi.org/10.1109/TVT.2020

.3022708.

33 Taniguchi, L.M., de Souza, J.H.I., Guerra, D.W.M., and Abrão, T. (2021).

Resource efficiency and pilot decontamination in XL-MIMO double-scattering

correlated channels. Transactions on Emerging Telecommunications Technolo-

gies 32 (12): e4365. https://doi.org/10.1002/ett.4365.

34 Ubiali, G.A., Marinello, J.C., and Abrao, T. (2021). Energy-efficient flexible and

fixed antenna selection methods for XL-MIMO systems. AEU-International

Journal of Electronics and Communications 130: 153568.

35 Marinello Filho, J.C., Abrão, T., Hossain, E., and Mezghani, A. (2024). Recon-

figurable intelligent surfaces-enabled intra-cell pilot reuse in massive MIMO

systems. IEEE Transactions on Wireless Communications 23 (8): 9446–9459.

https://doi.org/10.1109/TWC.2024.3362517.

https://doi.org/10.1109/TCOMM.2022.3231893
https://doi.org/10.1109/LWC.2022.3221609
https://doi.org/10.1109/TVT.2023.3243488
https://doi.org/10.1016/j.phycom.2022.101646
https://doi.org/10.1016/j.phycom.2022.101646
https://doi.org/10.1109/TWC.2022.3151329
https://doi.org/10.1109/SIoT56383.2022.10070317
https://doi.org/10.1109/SIoT56383.2022.10070317
https://doi.org/10.1109/TVT.2020.3022708
https://doi.org/10.1109/TVT.2020.3022708
https://doi.org/10.1002/ett.4365
https://doi.org/10.1109/TWC.2024.3362517


References 241

36 Rosa, K.B. and Abrão, T. (2023). Improving the resource efficiency in massive

MIMO-NOMA systems. Journal of Network and Systems Management 31 (4):

74.

37 Yang, Y., Lu, Z., Li, M. et al. (2024). A practical beamforming design for active

RIS-assisted MU-MISO systems. arXiv preprint arXiv:2401.03873.

38 Wu, Q. and Zhang, R. (2019). Intelligent reflecting surface enhanced wireless

network via joint active and passive beamforming. IEEE Transactions on Wire-

less Communications 18 (11): 5394–5409. https://doi.org/10.1109/TWC.2019

.2936025.

39 You, C., Zheng, B., and Zhang, R. (2020). Fast beam training for IRS-assisted

multiuser communications. IEEE Wireless Communications Letters 9 (11):

1845–1849. https://doi.org/10.1109/LWC.2020.3005980.

40 Jiang, L., Li, X., Matthaiou, M., and Jin, S. (2023). Joint user scheduling and

phase shift design for RIS assisted multi-cell MISO systems. IEEE Wireless

Communications Letters 12 (3): 431–435. https://doi.org/10.1109/LWC.2022

.3229441.

41 Björnson, E., Sanguinetti, L., Hoydis, J., and Debbah, M. (2015). Optimal

design of energy-efficient multi-user MIMO systems: is massive MIMO the

answer? IEEE Transactions on Wireless Communications 14 (6): 3059–3075.

https://doi.org/10.1109/TWC.2015.2400437.

42 Wang, J., Tang, W., Liang, J.C. et al. (2024). Reconfigurable intelligent surface:

power consumption modeling and practical measurement validation. IEEE

Transactions on Communications 72 (9): 5720–5734.

43 Pei, X., Yin, H., Tan, L. et al. (2021). RIS-aided wireless communications:

prototyping, adaptive beamforming, and indoor/outdoor field trials. IEEE

Transactions on Communications 69 (12): 8627–8640. https://doi.org/10.1109/

tcomm.2021.3116151.

44 Fotock, R.K., Zappone, A., and Di Renzo, M. (2023). Energy efficiency in

RIS-aided wireless networks: active or passive RIS? ICC 2023-IEEE Interna-

tional Conference on Communications, 2704–2709. IEEE.

45 Shen, K. and Yu, W. (2018). Fractional programming for communication

systems–Part II: uplink scheduling via matching. IEEE Transactions on Signal

Processing 66 (10): 2631–2644. https://doi.org/10.1109/TSP.2018.2812748.

46 Shen, K. and Yu, W. (2018). Fractional programming for communication

systems–Part I: power control and beamforming. IEEE Transactions on Signal

Processing 66 (10): 2616–2630. https://doi.org/10.1109/TSP.2018.2812733.

47 Dinkelbach, W. (1967). On nonlinear fractional programming. Management Sci-

ence 133 (7): 492–498. https://doi.org/10.1287/MNSC.13.7.492.

https://doi.org/10.1109/TWC.2019.2936025
https://doi.org/10.1109/TWC.2019.2936025
https://doi.org/10.1109/LWC.2020.3005980
https://doi.org/10.1109/LWC.2022.3229441
https://doi.org/10.1109/LWC.2022.3229441
https://doi.org/10.1109/TWC.2015.2400437
https://doi.org/10.1109/tcomm.2021.3116151
https://doi.org/10.1109/tcomm.2021.3116151
https://doi.org/10.1109/TSP.2018.2812748
https://doi.org/10.1109/TSP.2018.2812733
https://doi.org/10.1287/MNSC.13.7.492


242 6 Analytical Phase Shift and Amplitude Element Optimization

48 Jong, Y. (2012). An Efficient Global Optimization Algorithm for Nonlinear

Sum-of-Ratios Problem. Optimization Online.

49 Souza, W. Jr., Marinello, J.C., and Abrão, T. (2024). Energy-efficient active

element selection in RIS-aided massive MIMO systems. arXiv:2402.14994v2

[cs.IT]; https://doi.org/10.48550/arXiv.2402.14994; https://arxiv.org/abs/2402

.14994.

https://doi.org/10.48550/arXiv.2402.14994
https://arxiv.org/abs/2402.14994
https://arxiv.org/abs/2402.14994


243

7

Element Grouping in IRS-Aided Wireless Communication

System

Samarendra Nath Sur1, Huu Quy Tran2, and Agbotiname Lucky Imoize3,4

1Department of Electronics and Communication Engineering, Sikkim Manipal Institute of Technology,

Majitar, Sikkim Manipal University, Gangtok, India
2Faculty of Electronics Technology, Industrial University of Ho Chi Minh City, Ho Chi Minh City, Vietnam
3Department of Electrical and Electronics Engineering, Faculty of Engineering, University of Lagos, Lagos,

Nigeria
4Department of Electrical Engineering and Information Technology, Institute of Digital Communication,

Ruhr University, Bochum, Germany

7.1 Introduction

Next-generation wireless communication systems, such as fifth-generation (5G)

and sixth-generation (6G) are essential for achieving spectral efficiency (SE) and

energy efficiency (EE) while effectively connecting billions of users. The primary

objective of 6G is to deliver faster data rates, improved reliability, lower latency,

and efficient secure transmission [1, 2]. The emergence of intelligent reflecting
surfaces (IRSs) [3–8] technology has provided researchers with an exciting oppor-
tunity to optimize the radio channel for maximum benefits. IRS is considered a

valuable tool in enhancing the energy and SE of wireless networks. The improve-

ment discussed can be achieved through intelligent configuration of the wireless

environment [9]. Each element of the IRS has a fundamental role in independently

controlling the amplitude, phase frequency, andpolarization of the incident signal.

This control enables highly directive beamforming, which has been demonstrated

to enhance signal quality and enable interference nulling. The IRS introduces a

new degree of freedom by providing additional control over the propagation envi-

ronment, resulting in performance improvements over traditional communica-

tion networks [7, 10]. Furthermore, the IRS offers several significant advantages,

including cost-effectiveness and low-energy consumption [6, 10]. While the con-

cept of active elements in an IRSs has been explored in various studies, including

the work by the authors in [11, 12], the authors have also proposed the use of

passive and active elements in IRS to enhance network performance. A basic IRS

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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architecture and equivalent circuit [13] for an individual IRS element is shown in

Figure 7.1,

The surface’s tunability, as depicted in Figure 7.1, is achieved by incorporat-

ing various components such as positive-intrinsic negative (PIN) diodes, varactor-

tuned resonators, liquid crystals, and leveraging microelectromechanical systems

(MEMS) technologies [15]. By utilizing PIN diodes as switches, the bias voltage

can establish two distinct states (ON/OFF) for the IRS. When in the OFF state,

the incident electromagnetic wave is absorbed, while the surface exhibits reflec-
tive properties in the ON state [16]. The IRS distinguishes itself from conventional
half-duplex amplify-and-forward (AF) relays by leveraging intelligent reflection to
achieve substantial beamforming gains in a full-duplex manner. Notably, the IRS
accomplishes this without the need for extra energy consumption or additional
time/frequency resources for signal regeneration and retransmission [8, 17].
Existing studies on the IRS typically make the assumption of having accu-

rate channel state information (CSI) available at the base station (BS) or IRS
[7, 12, 17–19]. This assumption allows for the optimization of various design
parameters in order to improve the overall system performance. However, in
certain scenarios, the utilization of only statistical CSI [20, 21] is sufficient for the
design problem, particularly in cases where large-scale antenna array systems are

deployed. Researchers can overcome design obstacles and improve performance

by using statistical CSI without having to have a perfect understanding of the

channel characteristics.

When it comes to IRS-aided wireless systems that require instantaneous CSI,

there are two general approaches for channel acquisition that have been explored

in existing research. The first approach involves the use of IRS elements that have

the capability to both sense the channel and reflect signals [22, 23]. This allows for
channel estimation between the IRS and the BS or users through the principles
of channel reciprocity and time division duplexing (TDD) [24, 25]. Conventional
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channel estimate techniques can therefore be used in this situation. It is important
to keep in mind that this strategy requires more energy and has higher implemen-
tation expenses. On the other hand, the second approach assumes the utilization
of purely passive IRS elements, which makes it impossible to directly obtain the
individual channels of the BS–IRS and IRS–user equipment (UE) links [22, 23].
Alternative methods must be used in this situation to estimate the channel infor-
mation. Researchers have been looking into a number of approaches to address
this issue and acquire the required CSI in deployments of completely passive IRS
units. Despite the restrictions given by the passive nature of the IRS parts, the goal
is to enable effective communication and optimize system performance.
To address these challenges, a novel approach has been proposed involving the

division of IRS elements into groups [17, 26]. Each group comprises of adjacent ele-
ments that are presumptively related by a similar reflection coefficient. In light of
this, just the aggregated channel for each group needs to be predicted, significantly
reducing the required training overhead and the complexity of the IRS coefficient
design. Importantly, this scheme eliminates the need to receive radio frequency
(RF) chains or additional sensors, resulting in a lower implementation cost and
energy consumption. This motivates the authors to analyze the performance of an
IRS-assisted wireless system with elements grouping.
To overcome these challenges, researchers have suggested a revolutionary

strategy that divides the IRS elements into groups [17, 26, 27]. A common reflec-
tion coefficient is considered to be shared by each set of neighboring elements.
By adopting this grouping strategy, it becomes possible to estimate only the
combined channel of each group, thereby significantly reducing the required
training overhead and the complexity associated with designing the IRS coef-
ficients. One of the key advantages of this approach is that it eliminates the
need for RF chains or sensors to be installed on the IRS, which leads to lower
implementation costs and reduced energy consumption. This characteristic of
the scheme inspired the authors to perform a comprehensive evaluation of the
effectiveness of an IRS-assisted wireless system with elements grouping. By
investigating the system’s behavior under these conditions, the authors aim to
provide key insights and understand the potential benefits and limitations of
utilizing grouped IRS elements in practical deployments.

7.1.1 Contributions

The chapter encompasses various key aspects, which are outlined as follows:

● A concise overview of the IRS system, introducing its purpose and functionality.
It also highlights different IRS grouping schemes.

● A comprehensive comparative analysis is presented, focusing on existing works
related to the system employing IRS grouping. A comparative table is also
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presented to highlight different approaches for the IRS element grouping, aim

for the element grouping, and related achievements, etc. This analysis aims to

focus on the necessity of IRS grouping.

● The performance analysis of the IRS system is addressed in a particular case

study that is presented. In particular, the study looks into how phase optimiza-

tion and element grouping affect system performance. Here, we have exploited

the iterative optimization technique to find out the maximum rate correspond-

ing to the IRS-assisted uplink network. And the impact of the phase discretiza-

tion of the phase on the system performance is also evaluated.

● A numerical comparison that assesses how the system with IRS element group-

ing performs in comparison to both standard IRS-aided systems with random

phase distribution and systemswithout IRS. The goal of the analysis is to identify

the benefits and drawbacks of using IRS element grouping in various contexts.

7.1.2 Chapter Organization

The remaining sections of the chapter are structured as follows: Section 7.2

explores the current state of research on IRS-grouping methods. It includes a

comparative analysis that looks at the similarities and differences between these

strategies and provides a thorough review of the various techniques adopted. The

IRS-assisted communication system is mathematically described in Section 7.3,

with an emphasis on the grouping of the IRS elements. A thorough numeri-

cal study of the proposed IRS-assisted communication system is presented in

Section 7.4.With the help of several numerical simulations, this analysis evaluates

the system’s performance and offers numerical insights into how effective it is.

The chapter is concluded with Section 7.5, which summarizes the major findings.

7.2 Element Grouping

This section briefly highlights the different grouping approaches and related

works.

7.2.1 Overview

This section highlights the signal processing aspect related to conventional IRS-

assisted communication systems and communication systems with IRS elements

grouping.

Figure 7.2 represents a downlink communication system where BS with M

antennas communication with single antenna UE via IRS with Nirs elements.

As is Figure 7.2, all the elements are directly configured to manipulate the
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Figure 7.2 IRS-assisted communication system.

incident signal by configuring the phase of the each elements. This is basically

the conventional approach without any element grouping. These phase shifts are

designed at the BS and fed back to the IRS controller via the separate limited-rate

feedback channel (HF ∈ ℂ). The IRS operates in a passive manner, it lacks

active receiving or transmitting capabilities and greatly depends on feedback bits

denoted as bF to execute the phase-shift values applied at each of itsNirs elements.

These phase shifts serve to direct the reflected signal paths toward the receiver,
ultimately generating a focused beampattern. For a given transmitted signal s, the
received signal can be expressed as in Eq. (7.1) [28–30],

y = (Hbi𝚯Hiu)s + n (7.1)

where n represents the overall noise vector corresponding to complex additive
white Gaussian noise (AWGN) at the BS. More specifically, n = [n1,… ,nM]

with ∼𝒞𝒩 (0,N0). And the channel between the UE and IRS is represented by

Hiu ∈ ℂ
Nirs×1. Furthermore, Hbi ∈ ℂ

M×Nirs be the channel between BS and IRS.

Each component at the IRS refracts the signals that have been received with

a unique reflection coefficient. Let Θ =
[
𝜃1,… , 𝜃Nirs

]T
∈ ℂ

Nirs×1 represents the

IRS reflection coefficients. More specifically, each reflection coefficient can be

expressed as 𝜃n = 𝜌ne
j𝜙n . Here, 𝜌n ∈ [0, 1] denotes the amplitude coefficient and

the corresponding phase shift is𝜙n ∈ [−𝜋, 𝜋). As in Eq. (7.1), the effective channel



248 7 Element Grouping in IRS-Aided Wireless Communication System

Heff = Hbi𝚯Hiu. More specifically, the effective channel from the mth transmit

antenna to the UE can be expressed as:

hm =

Nirs∑

n

hbinm𝜃nhiunm (7.2)

Therefore, collecting all hm, the combined channel matrix Heff can be form and

can be expressed as:

Heff = Hr𝜽 (7.3)

where, Hr = Hbi ⊙Hiu ∈ ℂ
M×Nirs . Considering the system as in Figure 7.2, the

optimization problem statement associated with the signal to noise ratio (SNR)

maximization can be expressed as:

max
𝜃

||Hr𝜽
||
2

(7.4a)

s.t. ||𝜃n|| ≤ 1 ∀n (7.4b)

The conventional method outlined above exhibits notable drawbacks, partic-

ularly in terms of challenges associated with channel estimation and feedback

costs, both of which contribute to overall system overhead. These issues, in turn,

result in a reduction in the achievable data rate. Consequently, the burden of over-

head becomes a significant concern, necessitating in-depth examination. This con-

cern prompted the exploration and development of the IRS element grouping as

a potential solution. By addressing issues related to channel estimation, feedback

costs, and overall overhead, the IRS element grouping approach aims to mitigate

these challenges and enhance the efficiency of the system. It is crucial to thor-

oughly investigate this development to better understand its implications and ben-

efits in optimizing data rates [17].

To address the trade-off issue associated with overhead, a method introduced

in [17] stands out for significantly reducing overhead while minimizing SNR loss.

The fundamental concept leverages the closely packed nature of elements in an

IRS and relies on the assumption that neighboring elements exhibit high correla-

tion. In contrast to assigning an optimized reflection coefficient to each individual
IRS element, the proposed approach involves grouping nearby elements into

evenly sized clusters. Each cluster shares a common reflection coefficient that

is optimized for the entire group. This innovative strategy results in a notable

increase in the net achievable rate, accompanied by only marginal effective SNR

loss. Importantly, this method achieves these benefits with a considerably smaller

overhead cost compared to approaches without grouping. Thorough exploration

and understanding of this approach are crucial to appreciate its potential in

mitigating overhead-related challenges while optimizing system performance. As

in [17], the IRS elements are divided into number of subgroups. It also assumed
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that it could share one reflection coefficient and thereby optimize that particular
subgroup. Therefore, one can easily realize that the requirement of the channel

estimation and associated feedback is greatly reduced. This is due to the fact that

channel estimation is required for the number channel rather thanNirs number

of channels. Therefore, the optimization problem, as in Eq. (7.4) can be rewritten

as:

max
𝜃c

||H
′′
r𝜽

c||
2

(7.5a)

s.t. |||𝜃
c
d

||| ≤ 1 ∀d (7.5b)

where 𝜃c ∈ ℂ
×1 andH′′

r are the phase-shift vector and sub-channel matrix asso-

ciated with each subchannel. In this context, the authors in [17] also addressed

one important aspect related to the grouping strategy through the section on the

best grouping ratio 𝛾 = ∕Nirs. Selecting the optimal grouping ratio is crucial for

enhancing the achievable rate whilemaintaining a delicate balance between effec-

tive SNR gain and overhead. However, determining the most suitable grouping

ratio presents a substantial challenge.

Subsequently in this chapter, the authors have discussed some of the basic

grouping approaches that are investigated and reported.

Figure 7.3 represents a uniform IRS element grouping strategy. Here,  be the

number of groups and a same number of IRS elements are associated with each

group. Thus, the objective is to exploit the individual group to estimate the chan-

nel and figure out a common reflection coefficient corresponding to each group.
The IRS reflection coefficients can be rephrased as follows by applying a common
reflection coefficient to each group’s constituents [17, 31]:

𝚯 = 𝜃c ⊗ 1G×1 (7.6)

where G is the number of elements in each groups. 𝜃c =
[
𝜃c1,… , 𝜃c



]T
∈ ℂ

×1 rep-

resents the reflection coefficients corresponding to the groups. Specifically, 𝜃c
d
indi-

cating the dth group’s common reflection coefficient. Thus, the optimization prob-
lem in Eq. (7.4) can be redefine as,

max
𝜃c

||H
′′
r(𝜃

c ⊗ 1G×1)||
2

(7.7a)

s.t. |||𝜃
c
d

||| ≤ 1 ∀d (7.7b)

Figure 7.3 IRS elements uniform phase grouping.
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Figure 7.4 IRS elements double phase grouping.

Figure 7.5 IRS elements random grouping.

In the previous strategy, it is assumed that the IRS reflection coefficients are
exactly repeated for each element in the group. In the strategy, as presented in

Figure 7.4, a new kernel, 𝛼 ∈ ℂ
G×1 is introduced and its distribution is presented

in the above figure. As the amplitude is invariance to phase rotation, these two

vectors can be implemented simultaneously through theKronecker product. Thus,

the optimization problem can be written as,

max
𝜃c ,𝛼

||H
′′
r(𝜃

c ⊗ 𝛼)||
2

(7.8a)

s.t. |||𝜃
c
d

||| ≤ 1, ∀d and |||𝛼g
||| = 1∀g(g = 1,… ,G) (7.8b)

For both strategies, it is assumed that groups are made up of nearby IRS elements

and of equally sized. But the effective SNRcanbe significantly improved by exploit-

ing random grouping as presented in Figure 7.5. Although it enhances the feed-

back overhead little bits.

As in Figure 7.5, it is apparent that each element can adopt the phase shift associ-

atedwith any groupwithout being restricted by its location or the size of the group.

Although it is acknowledged that there is a correlation among adjacent elements

within an IRS, the introduction of dynamic sizes and locations in structuring these

groups enables a flexible partitioning of elements. This approach ensures that the
grouping configuration captures the coherence of optimized phases (𝜃c) in a man-
ner that is adaptable to the inherent correlations, allowing for amore nuanced and

efficient utilization of the system’s elements [31].

7.2.2 Related Works

Accurate phase optimization relies heavily on precise channel estimation, which

becomes challenging in an IRS-assisted network due to the large number of

elements that comprise an IRS. The presence of numerous elements significantly

increases the number of links that necessitate estimation, thereby complicating

the channel estimation process. Additionally, the passive nature of the IRS
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means that channel detection at the receiver can only be achieved by probing the

channel from the transmitter [32]. To address the issue of the channel estimation,

researchers are exploited IRS element (or group) ON/OFF scheme [33] to have

sub-optimal solution for an IRS-MISO system [34]. Extending further, the authors

in [17, 26] have developed a unique transmission protocol for an orthogonal

frequency division multiplexing (OFDM)-based wireless system that incorporates

an IRS to successfully address the issues brought on by frequency-selective

channels. The protocol makes use of the idea of grouping IRS elements, whereby

nearby elements are taken to have a common reflection coefficient. As a result,
the system’s complexity is decreased because the estimation of each group’s

combined channel becomes the main focus. A practical transmission protocol

combining pilot training has been devised based on this grouping mechanism

to assure viability [17, 26]. The grouping mechanism can be beneficial for the

interference cancellation and with the same motivation, the authors in [35]

proposed IRS-based space-time block coded (STBC) transmission scheme. A

primary concern arises from the fact that the channels associated with individual

IRS elements cannot be guaranteed to be identical, resulting in limited access to

CSI within the element-grouping scheme. The impacts of channel interference

among various IRS elements have been thoroughly studied by the authors Zhang

et al. [36] in order to address this difficulty. A deep learning (DL)-based network

has been suggested as a means of minimizing this interference and obtaining

refined partial cascaded channels. The authors have effectively expanded these

fragmented cascaded channels to produce complete channels by utilizing neural

networks. Furthermore, the concept of the element grouping scheme is expanded

to introduce a practical modulation scheme known as IRS-based reflection
pattern modulation (IRS–RPM) [37] aims to improve the efficiency of the passive
beamforming and information transfer (PB IT) scheme. A subset of IRS elements

inside the IRS-RPM architecture is selectively triggered to produce a focussed

beam that is aimed at the desired location. Additionally, the active IRS elements’

combined indices are used to subtly convey additional information about the IRS.

The authors Tahir et al. [38] have exploited the idea of IRS element grouping to

support multiple users in an IRS-nonorthogonal multiple access (NOMA) uplink

system. Based on electromagnetic theory, the authors Mao et al. [39] have devel-

oped a realistic reflection coefficientmodel for the element-grouping IRS. In order
to maximize the received power at the user, this practical model concentrated on

exploring phase-shift optimization problems in wireless networks using IRS. The

authors of Hwang et al. [40] examine the potential of an IRS element grouping

scheme for intelligent beamforming optimization for an IRS-assisted full duplex

relay (FDR) system. It becomes especially crucial when there exists a large

number of links. Taking inspiration from the advantages of element grouping,

the authors of Xu et al. [41] have applied this concept to an IRS-simultaneously
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transmitting and reflecting (STAR) system. The study focuses on evaluating the
performance of the IRS–STAR system under a multiuser near-field scenario.
Two grouping strategies, namely, Selective element grouping (SEG) and random
element grouping (REG), were employed and compared. The results indicate that
SEG outperforms REG in terms of near-field channel gain in the context of an
IRS–STAR setup. A study on the effectiveness of a cyclic-prefixed single-carrier
(CPSC) transmission scheme using phase-shift keying (PSK) signaling for wireless
communication systems that leverage IRS was recently reported by Li et al. [27].
In order to make implementation less complicated, the research focuses on
using an element grouping technique. Furthermore, the authors emphasize
the importance of initiating grouping based on the statistical behavior of the
channel. In another related work by Wang et al. [42], the authors explore the
integration of IRS in dual-function radar-communication (DFRC) systems to
enhance communication capacity, sensing precision, and coverage for both radar
and communication functions. The suggestedmethod enables full-space coverage
by combining a configurable single/group/fully connected architecture with a
hybrid reflecting and transmitting mode. This system’s major goal is to increase
target detection while keeping communication quality of service (QoS) levels at
acceptable levels. A comparative analysis of the work is presented in Table 7.1.
Based on the above works and the potential of the element grouping scheme to

address the challenges involved in the channel estimation associated with IRS, the
authors have investigated the performance of the IRS-assisted systemwith element
grouping and phase optimization.

7.3 Mathematical Model

Weconsider a single-user (UE)wireless system,wherein an IRS is integrated in the
system to enhance the communication link between the BS and the user. In this
network,we consider the BS is consisting of uniformplaner arraywithM antennas
and single antenna UE. The overall IRS structure in presented in Figure 7.6. As in
figure, all the elements (Nirs) of the IRS is distributed in rectangular shape withNx

and Ny elements in each row and column respectively [Nirs = Nx × Ny].
Further we assume that Gx and Gy number of IRS elements are selected in each

row and column to form the group. It is evident that 1 ≤ Gx ≤ Nx and 1 ≤ Gy ≤ Ny.
Her, we focus on uplink communication from the UE to BS as in Figure 7.7.
Let, hd ∈ ℂ

M×1 be the direct channel between the UE and BS. The chan-
nel between the UE and IRS is represented by hu ∈ ℂ

Nirs×1. Furthermore,
hr ∈ ℂ

M×Nirs be the channel between IRS and BS. Each component at the IRS
refracts the signals that have been received with a unique reflection coefficient.

Let Θ =
[
𝜃1,… , 𝜃Nirs

]T
∈ ℂ

Nirs×1 represents the IRS reflection coefficients. More



Table 7.1 Summary: IRS element grouping related works.

References Year System

Purpose of

element

grouping Mechanism

Performance

matrices Achievement

Yang
et al.
[17]

2020 Single-user
OFDM-based
wireless system

To reduce the
training
overhead and
estimation
complexity

It proposed a mechanism to
group the adjacent IRS elements
to form a small block. Thereby
estimate the combined channel
of each group and consider a
common reflection coefficient in
the same group

Achievable
rate.

The suggested methodology
surpasses the arbitrary phase
arrangement across all SNR
ranges, even in instances of
exceptionally small coherence
time

Song
and
Guan
[35]

2021 IRS-assisted
extended
quasiorthogonal
STBC
(QO-STBC)
system.

To reduce
interference.

In the proposed IRS-aided
QO-STBC model, the authors
have divided the N IRS elements
into N∕4 groups. Each group has
four reflection elements to
modulate the phase of the
reflected signal

Bit error rate
(BER).

Improved BER performance
in comparison to
conventional STBC-aided the
IRS system

Zhang
et al.
[36]

2021 IRS-assisted
communica-
tions system
with single
antenna user
communicate
with
multi-antenna
access point

To reduce the
pilot overhead
and to reduce
the interference
among the IRS
elements

It utilizes the pilot orthogonality
to eliminate the interference
among different element groups.
After that a DL-based network is
developed to eliminate the
interference within each element
group and acquire the refined
partial cascaded channels.
Finally an neural networks based
algorithm is used to extrapolate
the full cascaded channels

Normalized
mean square
error
(NMSE).

The proposed two deep
learning based networks
provide significant gain
compared to the conventional
element-grouping method
without interference
elimination

(continued)
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References Year System

Purpose of

element

grouping Mechanism

Performance

matrices Achievement

Lin et al.
[37]

2021 IRS-assisted
downlink MISO
wireless
communication
system with
reflection
pattern
modulation
(RPM)

To maximize the
average received
signal power
and achievable
rate

The IRS adopts RPM via the
combination of the ON/OFF
states of the IRS groups. The idea
of this scheme is to activate a
subset of the IRS elements for
producing a sharp beam toward
the desired destination, while
exploiting the index combination
of the ON-state IRS elements to
implicitly convey the additional
information of the IRS

Outage rate,
average
signal power
and
achievable
rate.

The proposed joint
optimization technique with
the IRS–RPM enhanced the
instantaneous received signal
power

Mao
et al.
[39]

2022 IRS-assisted
communication
system, where a
single-antenna
access point
(AP) is
communicating
with a
single-antenna
user equipment

To maximize the
receiver power
signal at the
user

It creates the group of adjacent
IRS elements to form a
sub-surface. Thereby estimate
the combined channel of each
group and consider a common
reflection coefficient in the same
sub-surface

Received
Signal power
at the user.

It proposed a practical
reflection coefficient model
for the element-grouping IRS
from the electromagnetic
theoretic perspective. And
also proposed a
geometry-based optimal
phase control algorithm for
the IRS reflection
optimization to maximize the
received power at the user



Hwang
et al.
[40]

2022 IRS assisted
decode-and
forward (DaF)
protocol based
full duplex relay
(FDR) system

To improve the
signal-to-
interference
ratio (SINR)

The reflective components
within the IRS are thoughtfully
organized into distinct sets, each
aligning with specific criteria.
Through a dedicated phase
adjustment algorithm, the IRS
elements are arranged into a few
groups to maximize the
end-to-end throughput of the
FDR link

SINR The proposed joint optimization
technique improve the FDR
performance

Asmoro
and Shin
[43]

2022 IRS grouping
based index
modulation
(RGB-IM)
assisted single
input multiple
output (SIMO)
communication
system

To improve the
spectral
efficiency and
bit error rate
(BER).

The fundamental concept
revolves around partitioning the
IRS into a predetermined
number of distinct elements
organized into group surfaces.
Subsequently, user information
undergoes segmentation and
modulated into spatial symbol,
serving as a means to activate the
index associated with a particular
group surface

Capacity
and BER

The proposed RGB-IM
outperform the conventional
relay-assisted spatial modulation
(SM)

(continued)
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References Year System

Purpose of

element

grouping Mechanism

Performance

matrices Achievement

Xu et al.
[41]

2023 IRS-assisted
simultaneously
transmitting and
reflecting
(STAR) system

To improve the
channel gain and
the signal coverage

Selective element grouping
(SEG) and random element
grouping (REG).

Channel
gain and
sum rate.

Under near-field scenario the
SEG strategy has the best sum
rate performance. And also
under hybrid near- and far-field
scenario, the proposed STAR–IRS
significantly improved the
channel gains of users and also
improved the signal coverage

Cai et al.
[44]

2023 IRS-assisted
multiple input
multiple output
(MIMO) system.

To reduce the
optimization
complexity related
to large IRS and
maximize the rate

It propose a partitioning of
IRS into sub-surfaces, so as to
optimize the phase shifts in
sub-surface levels to reduce
complexity. Here, a linear
phase variation structure is
utilized corresponding to
each sub-surface to reflect the
incident signal to a desired
direction. And also the sizes
of sub-surfaces is adaptively
adjusted based on the channel
conditions

Achievable
rate

It proposed a joint optimization
algorithm for active and passive
beamforming for the achievable
rate maximization. Importantly,
the passive beamforming
optimization reduces to the
manipulation of the sub-surface
sizes, the phase gradients of
sub-surfaces, and the common
phase shifts of subsurfaces



Kim
et al.
[45]

2023 IRS-assisted
multiuser-
MIMO system
with
rate-splitting
multiple access

To improve the
sum rate and the
energy
efficiency. It also
aims to reduce
the complexity

The IRS elements with high
channel gain are grouped in the
order of user scheduling.
Thereafter, the scattering matrix
is optimized for each group

Sum rate The proposed system provides
high sum-rate than the
conventional IRS-assisted
spatial-division multiple access
(SDMA) system

Awais
et al.
[46]

2023 IRS-assisted
communication
system where
single antenna
BS
communication
with single
antenna user

To reduce the
training
overhead by
sharing a
reflection
coefficient
among a
subgroup of
elements at the
cost of
interference

The element grouping (EG),
where the IRS elements are
subgrouped to share a common
reflection coefficient among
subgroup elements with similar
channel responses. And
element-puncturing (EP),
random grouping of elements

Normalized
MSE.

It proposed a deep learning
(DL)-based estimators and in
collaboration with the EG. It
outperformed the conventional
grouping technique by mitigating
the interference effectively for
different noise levels

Li et al.
[47]

2023 Multiuser
multiple-input
multiple-output
(MU–MIMO)
system with
beyond diagonal
IRS

To maximize the
sum rate

It proposed a novel and unified
cell-wise dynamically
group-connected (CW-DGC)
architecture for the IRS dynamic
grouping based on the channel
state information

Sum-rate The proposed dynamically group
connected IRS system out
perform the group-connected
cases
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IRS elements grouping

Figure 7.6 IRS elements grouping.

BS
UE

IRS Figure 7.7 IRS-aided
communication network.

specifically, each reflection coefficient cab be expressed as 𝜃n = 𝜌ne
j𝜙n . Here,

𝜌n ∈ [0, 1] denotes the amplitude coefficient and the corresponding phase shift is

𝜙n ∈ [−𝜋, 𝜋). We evaluate the performance of the system under the consideration

that these phase shift is discretized (with level, say, (L)) and also we presume that

these phase shifts take one of the values that result from uniformly quantizing

the range [0, 2𝜋]. Thus, the discrete phase shifts can be expressed as,

 = {0,Δ𝜃,… , (L − 1)Δ𝜃} ; Δ𝜃 = 2𝜋∕L (7.9)

Considering the network as in Figure 7.7, the received signal at the BS can be

expressed as,

y = (hd + hr𝚯hu)s + n (7.10)

where s denotes the transmitted signal from the UE toward the BS. And n repre-

sents the overall noise vector corresponding to complex AWGN at the BS. More
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specifically, n = [n1,… ,nM] with ∼𝒞𝒩 (0,N0). For the simplicity, the authors

have considered zero forcing (ZF) to decode s. Following the formulation as in [48]

the SNR cab be expressed as,

SNR =
PT

‖‖hd + hr𝚯hu‖‖
2

N0

(7.11)

where PT represents the transmitted power. Therefore, the achievable rate

(bits/s/Hz) can be defined as follows,

R = log2

(
1 +

PT
‖‖hd + hr𝚯hu‖‖

2

N0

)
(7.12)

The achievable rate is influenced by the IRS’s reflection matrix (𝚯), as shown
in Eq. (7.12). Therefore, by carefully modifying 𝚯 matrix, higher rates ought to
be attainable. In other words, through phase optimization the rate, R, can be
improved significantly and in this chapter phase optimization problem for an

IRS-assisted network is considered. As in Eq. (7.12), 𝚯 corresponds to the entire

reflection matrix. But in this chapter we consider the grouping of the elements
(as in Figure 7.6) to reduce the overall channel estimation overheads. Let, 
be the number of groups and for simplicity we assume same size, i.e., same
number of IRS elements, for each group. Thus, the objective is to exploit the
individual group to estimate the channel and figure out a common reflection
coefficient corresponding to each group. The IRS reflection coefficients can be

rephrased as follows by applying a common reflection coefficient to each group’s
constituents [17]:

𝚯 = 𝜃c ⊗ 1Girs×1
(7.13)

where Girs = GxGy is the number of elements in each group. 𝜃
c =

[
𝜃c1,… , 𝜃c



]T
∈

ℂ
×1 represents the reflection coefficients corresponding to the groups. Specifi-

cally, 𝜃c
d
indicating the dth group’s common reflection coefficient.

Therefore, under the grouping scheme, the optimization problem can be defined

as follows,

max
𝚯

R

(
= log2

(
1 +

PT
‖‖hd + hr𝚯hu‖‖

2

N0

)
|
𝚯=𝜃c⊗1Girs×1

)
(7.14a)

s.t. |||𝜃
c
d

||| ≤ 1, ∀d ∈  (7.14b)

As presented in Eq. (7.14), we restricted our model to the phase optimization

problem at the IRS. Due to discrete phase changes, the optimization problem in

Eq. (7.14) is non-convex and can be solved using low-complex algorithm based

on successive refinement by exploiting the channel gain [17, 49]. And also, it
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is clear from Eq. (7.14) that the maximization of the channel gain leads to the
maximization ofR. Thus, themaximization problemEq. (7.14) can be redefined as,

max
𝚯

‖‖hd + hr𝚯hu‖‖
2

(7.15a)

s.t. |||𝜃
c
d

||| ≤ 1, ∀d ∈  (7.15b)

Following Wu and Zhang [49], hr𝚯hu can be expressed as v𝚽, where

v =
[
ej𝜃1 ,… , ej𝜃Nirs

]T
and 𝚽 = hrdiag

(
hu

)
∈ ℂ

Nirs×M . Let, 𝓑 = 𝚽
H
𝚽 and

h̆d = 𝚽
Hhd. Therefore, the channel gain can be expressed as,

‖‖hd + hr𝚯hu‖‖
2
= ‖‖hd + v𝚽‖‖

2
= vHv + 2Re

{
vHh̆d

}
+ ‖‖hd‖‖

2
(7.16)

The channel gain maximization can be achieved through the discrete phase
optimization using low-complex successive refinement algorithm [48, 49] as in
Algorithm 7.1.

Algorithm 7.1: Successive refinement algorithm.

Input: hd;hr;hu; 𝜀th;

Output: v;R

Initialize:𝚽 = 𝚽
0;m = 01

Calculate:𝚽 = 𝐡rdiag
(
𝐡u

)
; = 𝚽

H
𝚽;𝐡̆d = 𝚽Hhd.2

v = exp(j𝜃i)∀ i = 1,… ,Nirs; Discrete level random phases3

R0 = log2

(
1 +

PT‖𝐡d+𝐡rdiag(v)𝐡u‖2

N0

)

4

while ||Rk − Rk+1|| > 𝜀th do5

form = 1 ∶ Nirs do6

km = 𝐡̆d(m);7

for i = 1 ∶ Nirs do8

km = km + (m, i)v(i); ∀ i ≠ m9

𝜃∗m = arg min𝜃∈
||𝜃 − ∠km

||10

k=k+111

v = exp( j𝜃)12

Rk = log2

(
1 +

PT‖𝐡d+𝐡rdiag(v)𝐡u‖2

N0

)

13

7.4 Results

Wepresent numerical findings in this section to support our analysis and the effec-
tiveness of the IRS grouping technique. A uniform rectangular array (URA) at the
BS and a URA at the IRS along with a single antenna UE are considered in a 3D
plan as in Figure 7.8. For simplicity, for both the BS and IRS, the antenna/elements
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Figure 7.8 IRS-assisted network setup for
simulation.

Z

Y

X

UE
IRS

BS

[20;–15;3]

[2;2;0.3]

[0;0;2]

are arranged with same number of rows and columns. To make it more practical

oriented, both the large-scale and small-scale fadings are considered. In the case

of large scale, i.e., distance dependent fading channel, the corresponding path is

modeled as C0d
−𝛼 where d represents the distance corresponding to each path.

And also for the simulation, we consider 𝛼BS→IRS = 2.2 and 𝛼IRS→UE = 2.8. The

Rician fading model is used for realizing the small-scale fading.

The simulation is carried out on theMATLAB platform. Following an average of

more than 1000 random channel implementations, the findings are shown here.

Quantizing the phase shifts yields the effects shown in Figure 7.9. As we can

observing, existing communication without IRS scarcely offers any advantages
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Figure 7.9 Impact of bits.
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above 1-bit phase shifts. The performance of the proposed system sharply improves

as the discretization level of the phase-shift values is increased to 2 bits. The perfor-

mance improvement is not all that great when we further increase the number of

quantization bits to 3/4. As depicted,withPT = 15 dBm, the systemachievable rate

is R = 0.3023 bits/s/Hz, R = 1.182 bits/s/Hz, R = 1.315 bits/s/Hz, and R = 1.441

bits/s/Hz for the system with 1 bit, 2 bits, 3 bits, and 4 bits quantization respec-

tively. Thus, we can say that even 2-bit phase shifts in IRS are enough to increase

the performance of the communication system with much-reduced implementa-

tion complexity.

Figure 7.10 represents the impact of the number of IRS elements (Nirs) over the

system performance. For this simulation, the same networks are considered as in

Figure 7.8 with 4 × 4 antenna arrangement at the BS and full CSI. As depicted

in Figure 7.11, with (PT = 20 dBm) Nirs=36, 64, 100, 144, and 256, the achievable

rates areR = 0.9504 bits/s/Hz,R = 1.134 bits/s/Hz,R = 1.417 bits/s/Hz,R = 1.739
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Figure 7.11 Impact of grouping.

bits/s/Hz, and R = 2.663 bits/s/Hz, respectively. It clearly indicates that with the

increase in Nirs, there is a significant increase in the achievable rate (R).

The effect of IRS grouping scheme on the system performance is shown in

Figure 7.10. For this analysis, we take into account of 4 × 4 antennas at the BS and

16 × 16 elements at the IRS with variable grouping size. As in the result, one can

observe the decrease in the performance with the introduction in the grouping but

still it is providing better performance than the system without IRS. As depicted,

with PT = 20 dBm, the system achievable rate is R = 2.048 bits/s/Hz, R = 1.799

bits/s/Hz, and R = 1.575 bits/s/Hz, when grouping size is 2 × 2, 4 × 4, and 8 × 8,

respectively. And also, it depicts the importance of the optimization of phases.

For example, with PT = 20 dBm, the system with Nirs = 256 provides R = 2.596

bits/s/Hz and R = 1.152 bits/s/Hz with optimized phase and random-phase,

respectively.

Figure 7.12 represents the cumulative distribution function (CDF) and proba-

bility density function (PDF) variation with the change in received power. Both

the curves demonstrate the impact of IRS grouping over the achievable rate of the

system and also it show that there exists a significant improvement due to the

presence of the IRS.
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7.5 Conclusion and Future Scope

From the perspective of the future generation wireless communication system,

the IRS is emerging as a key player. At the same time, it comes with lots of chal-

lenges, channel estimation for a large IRS system is one of them. It becomes partic-

ularly important for phase/beamformation optimization. Therefore, considering

the tread-of between the performance gain and the implementation complexity,

the IRS element grouping technique emerges as a promising solution. Through

the numerical analysis presented in this chapter, it is clear that it improves the sys-

tem’s performance in comparison to the conventional system without IRS. At the

same time, the system performance degrades with the increase in the group size

as channels associated with individual IRS elements cannot be guaranteed to be

identical, resulting in limited access to CSI within the element-grouping scheme.

In future scope, one can explore the possibility of adaptive IRS element grouping

and also under multiuser scenario, intelligent group selection can be exploited.
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8.1 Introduction

Because sophisticated multimedia applications are rapidly evolving, next-

generation networks are required to offer improved spectral efficiency, energy

efficiency, and massive connectivity [1]. Energy consumption is a challenging

task for future networks due to higher data rates and massive connections. Some

nations began releasing fifth-generation (5G) compatible mobile devices to the
market in the first quarter of 2020 [2]. The first 5G deployment took place in
2018, and it focused on physical layer technologies such as millimeter waves and
orthogonal frequency division multiplexing (OFDM). Alternative technologies,
such as index modulation (IM), non-orthogonal multiple access (NOMA), less
costly multiple input-multiple output (MIMO) variations, and terahertz (THz)
communications have been developed by researchers all around the globe for
subsequent 5G releases. The sixth-generation (6G) network is an extension of
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the 5G network, which is projected to be operational by 2030. It should be able

to accommodate new user needs, applications, and use cases. 6G does not need

additional bandwidth; rather, it necessitates greater bandwidth efficiency [3].

8.1.1 RIS

Electromagnetic (EM) wave transmission is affected by several uncontrollable fac-

tors such as signal attenuation due to path loss, signal absorption, reflections, and

diffractions due to multipath propagation from a large number of objects [4]. As a

result of uncontrollable radio environments, quality of service (QoS) and commu-

nication efficiency are significantly degraded. Recently, with advances in recon-
figurable meta-surfaces, a new technology known as reconfigurable intelligent
surfaces (RISs) has evolved, which can enable deterministic and programmable
control over the behavior of the wireless environments.
RIS is a real-time programmable two-dimensional structure made up of meta

elements. It is used to focus the EM waves towards the intended user by changing
the properties of the surface. It has many use cases such as energy focusing and
energy nulling to support the desired user and to nullify the signal to the undesired
user, as illustrated in Figure 8.1.
The baseband signal reflected by N RIS elements is received by the user, which

is given by,

y =

[
N∑
i=1

pie
j𝜙ihi

]
x +𝑤 (8.1)

Constructive reflection User 1

User 2

Destructive reflectionBS

RIS

Information signal

Figure 8.1 Use cases of RIS.
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where pi∼C𝒩 (0, 1) is the flat fading channel between AP and RIS. hi∼C𝒩 (0, 1)
is the flat fading channel between RIS and user. When RIS performs smart reflec-
tion 𝜙i = ∠pi + ∠hi, i = 1, 2,… ,N. This smart transmission leads to diversity and
array gains, which increases with N. However, it requires accurate knowledge of
dual-hop channel. But this is not feasible every time. However, the array gain
can be attained through blind transmission, where 𝜙i = 0, i = 1, 2,… ,N. In (8.1),
𝑤∼C𝒩

(
0,N0

)
is the noise added at the user end, and x is transmitted symbol

with average energy, Es.
RIS has the potential to enhance coverage ratio, spectrum, and energy effi-

ciency [5]. It has the ability to create smart radio propagation environments. This

customizes the signal propagation from the transmitter to the receiver [6]. The

following distinctive aspects of RIS were noted by the authors of [7]: They do

not require any energy, and the components are almost passive. They are made

out of a contiguous surface that can shape an incoming wave impinging on any

point. Analog-to-digital converters (ADCs), digital-to-analog converters (DACs),

and power amplifiers are not used. As a result, no thermal noise is introduced
or amplified. They are capable of working at any operational frequency. They
are easily deployable on walls, building facades, advertisement boards, vehicle
doors, human clothing, unmanned aerial vehicles (UAVs), and other surfaces. For
effective beamforming, traditional MIMO involves extensive precoding and radio

frequency (RF) level processing, which may be readily accomplished with the aid

of RIS [7–9].

8.1.2 NOMA

Frequency division multiple access (FDMA), time division multiple access

(TDMA), code division multiple access (CDMA), and orthogonal frequency

division multiple access (OFDMA) are examples of traditional orthogonal

multiple access (OMA) methods that cannot match the expanding service

needs [10]. The notion of NOMA is introduced in 5G to overcome the massive

connectivity issue. Multiple users share resources in the power-domain (PD)

NOMA by distributing various power levels. When there are two users, the user

1 with good channel gain receives less power than the user 2 with low-channel

gain.

InNOMA, the superimposed signal is transmitted, and at reception, by perform-

ing successive interference cancellation (SIC) users decode their own information.

The superimposed signal transmitted from an AP for K number of users in the

downlink is given by,

xs =

K∑
k=1

√
𝜌kxk =

K∑
k=1

√
𝛽kEsxk (8.2)
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where
√
𝜌k is the power allocated to kth user and xk is the transmitted symbol

corresponding to kth user. NOMA recognizes the benefits of cooperative commu-
nication [11–15]. NOMA is extremely susceptible to hardware failures [16]. The
MIMO–NOMA concept is costly to implement and demands a high level of com-
putational complexity [17]. Furthermore, when there are a large number of users,
the system’s performance is limited. As a result, relying only onNOMA formassive
connectivity and broad coverage is impossible.

8.1.3 Contributions

Integration of RIS with multiple access techniques is projected to boost coverage,
connectivity, spectrum, and energy efficiency [18]. The analytical outage and aver-
age bit error rate (ABER) expressions for RIS-assisted NOMA for an access point
(AP) scenario are derived in this chapter. The proposed system has a huge impact

on energy efficiency. The important contributions of this chapter are listed below:

● A unique RIS–AP-aided downlink PD NOMA system is proposed. Based on
the availability of channel information, two transmission techniques, smart and

blind, have been devised for RIS-AP-NOMA.
● The analytical ABER and outage expressions are developed for both near and

far users.
● Numerical simulation results are used to validate the proposed systems’s

performance.

8.1.4 Organization

The following is how the rest of the chapter is organized: Section 8.2 delves into

the prior works. Section 8.3 introduces the RIS-AP-NOMA. Section 8.4 deduces
the analytical outage and ABER expressions for smart and blind RIS-AP-NOMA.
Section 8.5 simulates the analytical expressions, and Section 8.6 concludes the

chapter.

8.2 Related Works

8.2.1 Prior Works on RIS

Cui et al. [19], Di Renzo and Song [20], and Tang et al. [21] demonstrated that by
using software to control the reflecting components on RIS, physical character-
istics such as the reflection coefficient may be modified, allowing the reflected
waves to be adjusted. The use of channel state information (CSI) allows for joint
transmitter, RIS, and receiver optimization [4, 22, 23]. Basar et al. [4], Basar [24],
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and Di Renzo et al. [25] formulated an analytical framework for RIS-assisted

point-to-point communications to measure the ABER. The channel capacity of

RIS-assisted point-to-point communications is derived by Han et al. [26].

To avoid the effect of line-of-sight (LoS) blocking, a RIS-aided lightfidelity (LiFi)
system is presented by Abumarshoud et al. [27]. The significant issues that this
entails, as well as future research areas, are also discussed. RIS-assisted quadrature
reflection modulation (QRM) is suggested by Lin et al. [28], which promises to
convey information without the use of extra RF chains. RIS–QRM outperforms
traditional ON/OFF-based RIS systems in terms of error performance.
The RF chains, signal processing capabilities, noise, duplexing, hardware cost,

and power consumption of RIS are compared to those of amplify-and-forward
(AF), decode-and-forward (DF), and full-duplex (FD) relays by Pan et al. [29]. The
use of RIS in millimeter wave (mmWave) systems, multicell networks, simulta-
neous wireless information and power transfer (SWIPT) networks, mobile edge
computing networks, multicast networks, NOMA, cognitive networks, physical
layer security (PLS) networks, and other areas is described.
The recent advancements in the field of RIS, as well as notable opportunities for

future study are discussed by Basar and Poor [30]. The advantages and disadvan-
tages of active, transmitter, transmissive reflective, stand-aloneRISs over reflective
RISs are reviewed in this paper. RIS is used to aid terahertz communications [31].
The sum rate is optimized while fulfilling the rate demands of individual users by
adjusting the phase shifts of RIS.
The network-level optimization of RIS-assisted point-to-multipoint communi-

cations is investigated by Liu et al. [9]. Xu et al. [32] analyzed the PLS of RIS in
terms of secrecy outage probability and secrecy rate. RIS suppresses the informa-
tion leakage from eavesdroppers by passive beamforming toward desired direc-
tions. RIS can be used as a transmitter carrying extra information through phase
modulation, therefore it provides secure communication.

8.2.2 Prior Works on RIS-Aided NOMA

By sharing the orthogonal resource block among numerous users, NOMA can
improve the spectral efficiency of classical OMA. NOMA may not be a viable

choice if the users’ channel vectors are orthogonal. The NOMA is most effective

when all of the users’ channel vectors are pointing in the same angular direction.

The wireless channel vectors of all users can be modified with the help of RIS
to meet NOMA’s requirements [33]. A simple RIS-assisted NOMA system is
suggested in [34], where the power level of cell-edge users is enhanced to ensure
better QoS. Fu et al. [33] optimized beamforming vectors at the base station (BS)
and RIS phase shifts to reduce BS power consumption while maintaining the QoS
requirements of each user. Here, a difference of convex optimization method is
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devised that outperforms traditional methods in terms of reducing BS transmit

power.

For the RIS-aided NOMA downlink scenario, a priority of design (POD) is pro-

posed, which is capable of boosting spectral efficiency by improving the perfor-

mance of the user with the best channel condition, while the remaining users

use beamforming at RIS for reliability [35]. The performance of the RIS-assisted

NOMA system is further assessed here by deriving closed-form expressions for

outage probability, ergodic rate, spectrum efficiency, and energy efficiency. Simu-

lation results show that NOMA with RIS-assisted optimal power allocation (PA)

outperforms its OMA equivalent.

Two different RIS-aided PD NOMA systems are suggested by Chauhan

et al. [36], namely, RIS partition-assisted (RISP)-quadrature NOMA (RISP-Q-

NOMA) and RISP-PD-NOMA system. The in-phase and quadrature components

are involved to support the odd and even users of RISP-Q-NOMA’s superimposed

signal, whereas in RISP-PD-NOMA, certain elements in RIS are allocated to a

specific user in the system. The evaluation of these systems’ performance under
various scenarios reveals that RISP-Q-NOMA works better under imperfect SIC
because of lower detection latency and decoding intricacy, RISP-PD-NOMA
performs better under perfect SIC. Zheng et al. [37] suggested the multifunctional
RIS to improve the performance of the NOMA downlink multiuser network.
Multifunctional RIS can provide transmission, reflection, and amplification at
the same time.

8.2.3 Prior Works on RIS-Aided NOMA with ABER and Outage

Calculations

A deep deterministic policy gradient (DDPG) machine learning algorithm is used
to optimize user partitioning and RIS phase shifting in an RIS-aided multiuser
NOMA downlink system.When compared to a standard OMA system, simulation
results show that the devised approach provides a higher sum rate [38].
To enhance user fairness and spectrum efficiency, a NOMA method with RIS

partitioning is presented by Khaleel and Basar [39]. The precise and asymptotic

outage probability expressions are also developed. The suggested system’s perfor-

mance is compared to that of traditional benchmark systems in terms of ergodic

capacity, outage probability, and user fairness using simulations.

The ABER performance of simultaneously transmitting and reflecting
(STAR)–RIS-supported NOMA networks are examined by Aldababsa et al. [40].
Monte Carlo simulations are used to validate the closed-form ABER equations
in the circumstances of perfect and imperfect SIC. According to the results,
STAR-RIS-NOMA performs better in terms of ABER than the traditional NOMA
system, indicating that STAR–RIS may be a viable NOMA 2.0 option.
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Kumaravelu et al. [41] suggested the RIS-assisted NOMA system, which over-

comes wireless challenges in an energy efficient way. The analytical outage prob-
ability expressions for RIS-assisted NOMA are derived by considering RIS as a
smart reflector (SR) and an AP, and an optimization framework is formulated for
deciding PA factors to maximize the sum rate. RIS-assisted NOMA surpasses con-
ventional NOMA in terms of outage and sum capacity. It has a ∼62% higher sum
capacity than the conventional NOMA system.
Kumaravelu et al. [42] employed the RIS for the smart vehicular networks,

which is implemented to assist downlink fixed-NOMA (FNOMA) system. The
suggested system is evaluated for two scenarios such as RIS as SR and RIS as
roadside units (RSUs). The integration of RIS outperforms traditional NOMA
variants in terms of outage and throughput. The analytical outage expressions for
blind RIS-assisted FNOMA are derived and observed that the suggested model
outperforms the traditional NOMA variants.
Velmurugan et al. [43] suggested FD bidirectional machine-type communi-

cation (MTC) system with RIS. Instead of continuous phase shifting, discrete
phase shifting in RIS is implemented, which is realizable. The ABER and outage
performances with continuous and discrete phase shifting are analyzed. It is
observed that the outage performance in FD mode has an SNR improvement of
∼6 dB compared to half duplex mode. The ABER performance in FD mode has
an SNR improvement of ∼8 dB as the number of reflecting elements doubles in
RIS. The performance of the system is limited due to the self-interference in FD
and discrete phase shifts in RIS.
Thirumavalavan and Jayaraman [44] suggested an RIS-assisted PD NOMA that

improves reliability by integrating the benefits of both RIS and NOMA. The sug-
gested system’s analytical ABER expressions are derived considering smart RIS
with two-hop communication. The numerical simulation results are used to ana-
lyze the suggested system. It has been discovered that the suggested system out-
performs the conventional NOMA system. It is assumed in this study that RIS is
positioned between the transmitter and the receiver in the propagation environ-
ment. However, because of the propagation losses and fading, the signal obtained
at RIS is very low. As a result, it is recommended that RIS be used near the AP or
receiver. Motivated by the work of [44], we derived the ABER of RIS-AP-NOMA
system in this chapter.

8.3 RIS-AP-NOMA

The idea of RIS-AP-NOMA is illustrated in Figure 8.2. A new paradigm RIS as
an AP is introduced by Basar [24], where the information is transmitted by the
RIS itself. RIS is made up of low-cost passive reflector elements that also serve as a
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N

2 2
= + +i

= 1, 2,...,i

N
2,...,N

User 1

N
2

1,

Figure 8.2 RIS-AP-NOMA system.

source. In this configuration, RIS is linked to the network through awired connec-
tion, allowing for transmission without RF processing. RIS jointly generates the
phase shifts for modulation (information-to-constellation mapping) and channel
compensation. The unmodulated carrier is generated by the RF generator. The RF
source is positioned closer to the RIS or on the RIS so that fading does not impair
the transmission. As a result, the source-RIS channel may be omitted in this study.
In [24], two alternative RIS–AP ideas, smart and blind, are implemented based on
channel knowledge on RIS. The two-user PDNOMA is explored in this study. The
RIS elements are split evenly between the two users (N1 = N2 = N∕2). The super-
imposed signal is transmitted from RIS–AP, which contains the symbols of both
user 1 and user 2. Usually, more power is allocated to user 2 and less power is allo-
cated to user 1. This chapter does not address the optimal way to distribute power
to users.

8.4 Analytical Model

In this section, analytical closed-form outages and ABER expressions are derived
for smart and blind transmissions.

8.4.1 Smart Transmission

The channel phases between each RIS element and receiver are expected to be
available at the RIS for pre-compensation in a smart transmission system. The
superimposed symbol for a two-user scenario can be deduced from (8.2) as,

xs =
√
𝜌1x1 +

√
𝜌2x2 (8.3)

The superimposed signal contains the symbols corresponding to user 1
(
x1
)
and

user 2
(
x2
)
, which has a total power of ES. 𝜌1 = 𝛽1Es and 𝜌2 = 𝛽2Es are the powers
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allocated to user 1 and user 2, respectively. 𝛽1 and 𝛽2 are the NOMAPA coefficients
with 𝛽1 + 𝛽2 = 1, 0 ≤ 𝛽1, 𝛽2 ≤ 1.
The received signal of user 2 is given by,

y2 =

⎡
⎢⎢⎢⎣

N∑
i=
(
N

2

)
+1

hie
−j𝜙i

⎤
⎥⎥⎥⎦
xs +𝑤2 (8.4)

where𝑤2∼C𝒩
(
0,N0

)
is the noise added to the user 2’s signal. The channel gain

between ith RIS element and the user is given by,

hi = 𝛼ie
−j𝜓i (8.5)

Here, 𝛼i and𝜓i are themagnitude and phase components of hi. For AP scenario,
𝜓i = 𝜙i. The received signal expression in (8.4) becomes:

y2 =

[
N∑

i=(N∕2)+1

𝛼i

]

⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟
H

xs +𝑤2 (8.6)

The received signal at user 1 is given by,

y1 =

[
N∕2∑
i=1

hie
−j𝜙i

]
xs +𝑤1 (8.7)

where𝑤1∼C𝒩
(
0,N0

)
is the noise added to the user 1’s signal. Due to smart trans-

mission, (8.7) can be written as,

y1 =

[
N∕2∑
i=1

𝛼i

]

⏟⏞⏟⏞⏟
G

xs +𝑤1 (8.8)

8.4.1.1 Outage Probability Analysis of Smart RIS-AP-NOMA

The signal-to-interference plus noise ratio (SINR) for user 2 is:

Γ2 =
H2𝜌2

H2𝜌1 + N0

=
H2𝛽2Es

H2𝛽1Es + N0

(8.9)

The outage occurs for user 2, when

log2
(
1 + Γ2

)
< D̃2 (8.10)

Here D̃2 is the spectral efficiency demand for user 2. Substituting (8.9) in (8.10)
and simplifying gives,

H2 ≤ D2(
𝛽2 − 𝛽1D2

)
𝜅

(8.11)
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where 𝜅 =
Es
N0
is the transmit SNR. Solving (8.11) for H

H ≤
√

D2(
𝛽2 − 𝛽1D2

)
𝜅

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
r2

(8.12)

D2 = 2D̃2 − 1. According to central limit theorem (CLT) for larger,

H∼C𝒩

⎛
⎜⎜⎜⎜⎜⎝

N2

√
𝜋

2
⏟⏟⏟

mH

, N2

[
1 −

𝜋

4

]

⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟

𝜎2
H

⎞
⎟⎟⎟⎟⎟⎠

. The probability that user 2 experiences outage is

given by,

Ps2 = ∫
r2

0
fH (h) dh (8.13)

where fH (h) is the probability density function (PDF) of H. Simplifying (8.13)

results in

Ps2 =

𝜎H

{
erf

(
r2 −mH√

2𝜎H

)
+ erf

(
mH√
2𝜎H

)}

2𝜎H
(8.14)

The instantaneous SINR of detecting user 2’s symbol at user 1 is

Γ21 =
G2𝛽2ES

G2𝛽1Es + N0

=
G2𝛽2𝜅

G2𝛽1𝜅 + 1
(8.15)

After SIC, instantaneous SNR of detecting user 1’s symbol at user 1 is

Γ11 = G2𝛽1𝜅 (8.16)

The outage occurs for user 2 at user 1, when

log2(1 + Γ21) < D̃2 (8.17)

Substituting (8.15) in (8.17) and simplifying for G results in

G ≤
√

D2(
𝛽2 − 𝛽1D2

)
𝜅

(8.18)

The outage occurs for user 1 at user 1, when

log2(1 + Γ11) < D̃1 (8.19)
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Here D̃1 is the spectral efficiency demand for user 1. Substituting (8.16) in (8.19)

and simplifying for G

G ≤
√

D1

𝛽1𝜅
(8.20)

D1 = 2D̃1 − 1. Combining the conditions in (8.18) and (8.20) gives the condition

for which outage occurs at user 1

G ≤ max

{√
D2(

𝛽2 − 𝛽1D2

)
𝜅
,

√
D1

𝛽1𝜅

}

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
r1

(8.21)

As per CLT, for larger values of N, G ∼C𝒩

⎛⎜⎜⎜⎜⎜⎝

N1

√
𝜋

2
⏟⏟⏟

mG

, N1

[
1 −

𝜋

4

]

⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟

𝜎2
G

⎞⎟⎟⎟⎟⎟⎠

. The proba-

bility of outage at user 1 is obtained by,

Ps2 = ∫
r1

0
fG (g) dg (8.22)

where fG (g) is the PDF of G. Simplifying (8.22) results in,

Ps1 =

𝜎G

{
erf

(
r1 −mG√

2𝜎G

)
+ erf

(
mG√
2𝜎G

)}

2𝜎G
(8.23)

8.4.1.2 ABER Analysis of Smart RIS-AP-NOMA

For simplicity, interference terms are ignored in the ABER analysis. Hence, the

instantaneous SNR for user 2 can be calculated using:

Γ2 =

|||
∑N

i=(N∕2)+1 𝛼i
|||
2
ES

N0

= H2𝜅 (8.24)

The SNR of user 1 after SIC can be calculated using

Γ1 =

|||
∑N∕2

i=1
𝛼i
|||
2
ES

N0

= G2𝜅 (8.25)
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The moment generation function (MGF) of instantaneous SNR is expressed

as [24]:

M� (t) =

⎛
⎜⎜⎜⎝

1

1 −
t (4 − 𝜋)N𝜅

2

⎞
⎟⎟⎟⎠

1

2

exp

⎛
⎜⎜⎜⎝

t𝜋N2𝜅

4

1 −
t (4 − 𝜋)N𝜅

2

⎞
⎟⎟⎟⎠

(8.26)

The average symbol error probability (ASEP) for M-ary phase shift keying (PSK)

modulation is obtained by [44]

pse =
1
𝜋 ∫

𝜋(M−1)∕M

0
M�

(
−
sin2 (𝜋∕M)

sin2𝜇

)
d𝜇 (8.27)

For binary phase shift keying (BPSK),M = 2. Substituting (8.26) in (8.27) gives,

pse =
1
𝜋 ∫

𝜋∕2

0

⎛⎜⎜⎜⎜⎝

1

1 +
(4 − 𝜋)N𝜅

2 sin2𝜇

⎞⎟⎟⎟⎟⎠

1

2

exp

⎛⎜⎜⎜⎜⎝

−
𝜋N2𝜅

4 sin2𝜇

1 +
(4 − 𝜋)N𝜅

2 sin2𝜇

⎞⎟⎟⎟⎟⎠
d𝜇 (8.28)

The upper bound of ASEP is obtained by substituting 𝜇 = 𝜋∕2 in (8.28)

pse =
1
2

⎛
⎜⎜⎜⎝

1

1 +
(4 − 𝜋)N𝜅

2

⎞
⎟⎟⎟⎠

1

2

exp

⎛
⎜⎜⎜⎝

−
𝜋N2𝜅

4

1 +
(4 − 𝜋)N𝜅

2

⎞
⎟⎟⎟⎠

(8.29)

The ABER of conventional NOMA user 2 with BPSK modulation is given by [45],

p2 (e) =
1
2

[
Q

(√
𝜌2 +

√
𝜌1∕2√

N0∕2

)
+ Q

(√
𝜌2 −

√
𝜌1∕2√

N0∕2

)]
(8.30)

From Eqs. (8.28) and (8.30), the expression for ABER of user 2 is obtained as
in (8.31).

P s
2 (e) =

1
2𝜋

𝜋∕2

∫
0

⎛⎜⎜⎜⎜⎜⎜⎝

1

1 +
(4 − 𝜋)N2

(√
𝜌2 +

√
𝜌1∕2

)

2
√
N0sin

2𝜇

⎞⎟⎟⎟⎟⎟⎟⎠

1

2

exp

⎛⎜⎜⎜⎜⎜⎜⎝

−𝜋N2
2

(√
𝜌2 +

√
𝜌1∕2

)

4
√
N0sin

2𝜇

1 +
(4 − 𝜋)N2

(√
𝜌2 +

√
𝜌1∕2

)

2
√
N0sin

2𝜇

⎞⎟⎟⎟⎟⎟⎟⎠

d𝜇

+
1
2𝜋

𝜋∕2

∫
0

⎛
⎜⎜⎜⎜⎜⎜⎝

1

1 +
(4 − 𝜋)N2

(√
𝜌2 −

√
𝜌1∕2

)

2
√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

1

2

exp

⎛
⎜⎜⎜⎜⎜⎜⎝

−𝜋N2
2

(√
𝜌2 −

√
𝜌1∕2

)

4
√
N0sin

2𝜇

1 +
(4 − 𝜋)N2

(√
𝜌2 −

√
𝜌1∕2

)

2
√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

d𝜇

(8.31)
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The ABER of conventional NOMA user 1 after SIC is given by [45],

p1(e) =
1
4

⎡⎢⎢⎢⎢⎢⎣

Q

(√
𝜌1

N0

)
⎧⎪⎪⎨⎪⎪⎩

4 − Q

⎛⎜⎜⎜⎜⎝

√√√√√
(√

2𝜌2 +
√
𝜌1

)2

N0

⎞⎟⎟⎟⎟⎠

−Q

⎛
⎜⎜⎜⎜⎝

√√√√√
(√

2𝜌2 −
√
𝜌1

)2

N0

⎞
⎟⎟⎟⎟⎠

⎫⎪⎪⎬⎪⎪⎭

− Q

⎛
⎜⎜⎜⎜⎝

√√√√√
(√

2𝜌2 +
√
𝜌1

)2

N0

⎞
⎟⎟⎟⎟⎠

⎤⎥⎥⎥⎥⎥⎦

(8.32)

Near users are likely to employ quadrature phase shift keying (QPSK) modula-
tion due to improved channel gain. From Eqs. (8.28) and (8.32), the expression for
ABER of user 1 is obtained as in (8.33).

P s
1(e) =

1
4𝜋

[𝜉 {4 − 𝜁 − 𝜓} − 𝜁 ] (8.33)

where,

𝜉 =

𝜋∕2

∫
0

⎛⎜⎜⎜⎜⎝

1

1 +
(4 − 𝜋)N1𝜌1

2
√
N0sin

2𝜇

⎞⎟⎟⎟⎟⎠

1

2

exp

⎛
⎜⎜⎜⎜⎜⎝

−𝜋N2
2𝜌1

4
√
N0sin

2𝜇

1 +
(4 − 𝜋)N2𝜌1

2
√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎠

d𝜇 (8.34)

𝜁 =

𝜋∕2

∫
0

⎛
⎜⎜⎜⎜⎜⎜⎝

1

1 +
(4 − 𝜋)N1

(√
2𝜌2 +

√
𝜌1

)

2
√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

1

2

exp

⎛⎜⎜⎜⎜⎜⎜⎝

−𝜋N2
1

(√
2𝜌2 +

√
𝜌1

)

4
√
N0sin

2𝜇

1 +
(4 − 𝜋)N1

(√
2𝜌2 +

√
𝜌1

)

2
√
N0sin

2𝜇

⎞⎟⎟⎟⎟⎟⎟⎠

d𝜇

(8.35)

𝜓 =

𝜋∕2

∫
0

⎛⎜⎜⎜⎜⎜⎜⎝

1

1 +
(4 − 𝜋)N1

(√
2𝜌2 −

√
𝜌1

)

2
√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

1

2

exp

⎛⎜⎜⎜⎜⎜⎜⎝

−𝜋N2
1

(√
2𝜌2 −

√
𝜌1

)

4
√
N0sin

2𝜇

1 +
(4 − 𝜋)N1

(√
2𝜌2 −

√
𝜌1

)

2
√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

d𝜇

(8.36)
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8.4.2 Blind Transmission

The channel phases between each RIS element and receiver are not available at

the RIS for precompensation in a blind transmission method.

8.4.2.1 Outage Probability Analysis of Blind RIS-AP-NOMA

The detailed probability of outage expressions for blind RIS-aided NOMA user 2

and user 1 are derived by [42]

PB2 = 1 − exp

{
−

(
D2(

𝛽2 − 𝛽1D2

)
𝛿22N2𝜅

)}
(8.37)

PB1 = 1 − exp

{
−

1

𝛿21N1

(
max

{
D2(

𝛽2 − 𝛽1D2

)
𝜅
,
D1

𝛽1𝜅

})
(8.38)

where 𝛿22 and 𝛿21 are average channel gains experiences by user 2 and user 1,

respectively.

8.4.2.2 ABER Analysis of Blind RIS-AP-NOMA

The received signal of user 1 is given by,

y1 =

[
N∕2∑
i=1

hi

]

⏟⏞⏟⏞⏟
P

xs +𝑤1 (8.39)

where P∼C𝒩
(
0,N1

)
. Then Γ1 becomes

Γ1 = |P|2𝜅 (8.40)

The received signal of user 2 is given by,

y2 =

[
N∑

i=(N∕2)+1

hi

]

⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟
Q

xs +𝑤2 (8.41)

where Q∼C𝒩
(
0,N2

)
. Then Γ2 becomes

Γ2 = |Q|2𝜅 (8.42)

The MGF of received SNR is expressed by [24],

M� (t) =
(

1
1 − tN𝜅

)
(8.43)

For blind RIS–AP scheme, ASEP is obtained using [24]

pBe =
1
𝜋 ∫

𝜋∕2

0

⎛⎜⎜⎜⎝
1

1 +
N𝜅

sin2𝜇

⎞⎟⎟⎟⎠
d𝜇 (8.44)
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From (8.44) and (8.30), the expression for ABER of user 2 is obtained as

pB2 (e) =
1
2𝜋 ∫

𝜋∕2

0

⎛
⎜⎜⎜⎜⎜⎜⎝

1

1 +
N2

(√
𝜌2 +

√
𝜌1∕2

)
√
No sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

d𝜇 +
1
2𝜋 ∫

𝜋∕2

0

⎛
⎜⎜⎜⎜⎜⎜⎝

1

1 +
N2

(√
𝜌2 −

√
𝜌1∕2

)
√
No sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

d𝜇

(8.45)

From (8.44) and (8.32), the expression for ABER of user 1 is obtained as in (8.46).

PB
1 (e) =

1
4𝜋

⎡
⎢⎢⎢⎢⎣

𝜋∕2

∫
0

⎛
⎜⎜⎜⎜⎝

1

1 +
N1𝜌1√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎠
d𝜇. {4 − 𝜑 − 𝜂} − 𝜑

⎤
⎥⎥⎥⎥⎦

(8.46)

where,

𝜑 =

𝜋∕2

∫
0

⎛⎜⎜⎜⎜⎜⎜⎝

1

1 +
N1

(√
2𝜌2 +

√
𝜌1

)
√
N0sin

2𝜇

⎞⎟⎟⎟⎟⎟⎟⎠

d𝜇 (8.47)

𝜂 =

𝜋∕2

∫
0

⎛
⎜⎜⎜⎜⎜⎜⎝

1

1 +
N1

(√
2𝜌2 −

√
𝜌1

)
√
N0sin

2𝜇

⎞
⎟⎟⎟⎟⎟⎟⎠

d𝜇 (8.48)

8.5 Discussions on Simulations

The performance of the proposed system is validated using numerical simulations
in this section. Table 8.1 lists the parameters for numerical simulations.

8.5.1 Outage Analysis

Figure 8.3 shows the outage performance of smart RIS-AP-NOMA user 2 for
different values of N. The results indicate that a higher SNR leads to improved

outage performance. Moreover, increasing N reduces the SNR requirement.

Table 8.2 displays the SNR requirement for the smart RIS-AP-NOMA user 2 to

meet the target outage for various values of N. The use of smart RIS enables

perfect phase cancellation, which results in diversity and array gain in the system.

As a result, the smart RIS-AP-NOMA system can achieve the target outage even
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Table 8.1 Parameters for numerical simulations.

Parameters Values

Block length 107

Target data rate of user 2 (D̃2) 1 b/s/Hz

Target data rate of user 1 (D̃1) 1 b/s/Hz

Power fractions (𝛽1, 𝛽2) 0.1,0.9

RIS elements (N) 32, 64, 128, 256, and 512

Mean channel gain between user 1 and AP (𝛿21) 1

Mean channel gain between user 2 and AP (𝛿22) 1

Modulation orders (M) 2, 4

Target outage probability 10−4

Target ABER 10−6

Number of users 2
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Figure 8.3 Outage performance of smart RIS-AP-NOMA user 2 for different values of N.
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Table 8.2 SNR requirement (in dB) of smart and blind RIS-AP-NOMA users for various N
to attain target outage.

Smart RIS-AP- Blind RIS-AP- SNR gain of smart over

NOMA NOMA blind RIS

N User 2 User 1 User 2 User 1 User 2 User 1

32 ∼−17 ∼−8 ∼29 ∼38 ∼46 ∼46

64 ∼−25 ∼−15 ∼26 ∼35 ∼51 ∼50

128 ∼−32 ∼−23 ∼23 ∼32 ∼55 ∼55

256 ∼−39 ∼−30 ∼20 ∼29 ∼59 ∼59

512 ∼−45 ∼−36 ∼17 ∼26 ∼62 ∼62
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Figure 8.4 Outage performance of smart RIS-AP-NOMA user 1 for different values of N.

at negative SNR values. Theoretical outage curves for smart RIS-AP-NOMA user

2 are plotted based on (8.14). The accuracy of the derived closed-form outage

expressions is validated through simulations.

Figure 8.4 shows that smart RIS-AP-NOMA user 1 also exhibits a similar trend.

Theoretical outage curves for smart RIS-AP-NOMA user 1 are plotted based on
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(8.23). Compared to user 1’s outage performance, user 2’s outage performance is

superior because a higher power fraction is allocated to user 2 to maintain system

fairness.

In Figure 8.5, we see the outage performance of blind RIS-AP-NOMA user 2 at

different values of N. The results indicate that an increased SNR leads to better

outage performance. Furthermore, increasing N reduces the SNR requirement.

Table 8.2 displays the SNR requirement of blind RIS-AP-NOMA user 2 to meet the

target outage at various N values. Blind RIS does not perform phase cancellation,

only achieving array gain. Consequently, to achieve the target outage, blind

RIS-AP-NOMA user 2 requires more SNR than smart RIS-AP-NOMA user 2.

Theoretical outage curves for blind RIS-AP-NOMA user 2 are plotted based on

(8.37) and the accuracy of the derived closed-form outage expressions is validated

through simulations.

In Figure 8.6, the blind RIS-AP-NOMA user 1 trend is similar to blind

RIS-AP-NOMA user 2. Theoretical outage curves for blind RIS-AP-NOMA user

1 are plotted based on (8.38). User 2 exhibits superior outage performance com-

pared to user 1 because a higher power fraction is allocated to user 2 to maintain
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Figure 8.5 Outage performance of blind RIS-AP-NOMA user 2 for different values of N.
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Figure 8.6 Outage performance of blind RIS-AP-NOMA user 1 for different values of N.

system fairness. The SNR requirement of smart and blind RIS-AP-NOMA users

for various N is tabulated in Table 8.2.

Figure 8.7 compares user 2’s outage performance between NOMA, blind

RIS-AP-NOMA and smart RIS-AP-NOMA systems. The RIS-aided systems use

N = 32. The continuous phase cancellation in a smart RIS-AP-NOMA system

provides diversity and array gain, eventually achieving the target outage proba-

bility at ∼−17 dB. Whereas blind RIS-AP-NOMA attains only array gain, which

reaches target outage at ∼29 dB. The conventional NOMA requires ∼40 dB to

reach the target outage. It shows that smart RIS-AP-NOMA outperforms blind

RIS-AP-NOMA and conventional NOMA by ∼46 dB and ∼58 dB respectively.

And blind RIS-NOMA performs ∼12 dB than the conventional NOMA.

Figure 8.8 compares user 1’s outage performance between NOMA, blind

RIS-AP-NOMA and smart RIS-AP-NOMA systems. The RIS-aided systems use

N = 32. The continuous phase cancellation in a smart RIS-AP-NOMA system

provides diversity and array gain, eventually achieving the target outage proba-

bility at ∼−8 dB. Whereas blind RIS-AP-NOMA attains only array gain, which

reaches target outage at ∼38 dB. The conventional NOMA requires ∼50 dB to
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Figure 8.7 Comparison of outage of user 2 for NOMA, blind RIS-AP-NOMA and smart
RIS-AP-NOMA systems.
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Figure 8.8 Comparison of outage of user 1 for NOMA, blind RIS-AP-NOMA and smart
RIS-AP-NOMA systems.
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reach the target outage. It shows that smart RIS-AP-NOMA outperforms blind

RIS-AP-NOMA and conventional NOMA by ∼46 dB and ∼58 dB, respectively.

And blind RIS-NOMA performs ∼12 dB than the conventional NOMA. The

higher power fraction allocated to user 2 results in better outage performance

than user 1.

8.5.2 ABER Analysis

Figure 8.9 depicts the ABER performance of smart RIS-AP-NOMA user 2. The

RIS in a smart transmission system is aware of the channel phases. For N = 32,

N = 64,N = 128,N = 256,N = 512, an SNR gain of∼−18 dB,∼−34 dB,∼−46 dB,

∼−58 dB, ∼−71 dB is required to attain the target ABER. Smart transmission

through RIS-AP-NOMA has a superior performance than blind transmission.

For example, if N = 512, blind transmission necessitates an SNR of ∼60 dB,

but smart transmission necessitates an SNR of ∼−71 dB. The channel phases

are unknown to RIS in blind transmission. As a result, SNR maximization is
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Figure 8.9 ABER performance of a smart RIS-AP-NOMA user 2.
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Figure 8.10 ABER performance of a smart RIS-AP-NOMA user 1.

not an option. As a result, blind transmission performs poorly as compared to

smart transmission through RIS. Figure 8.10 depicts the ABER performance

of smart RIS-AP-NOMA user 1. N = 32, N = 64, N = 128, N = 256, N = 512

systems require SNRs of ∼−1 dB, ∼−15 dB, ∼−28 dB, ∼−41 dB, and ∼−53 dB,

respectively, to reach the target ABER. The SNR gain grows as N increases. We

can see from Figures 8.9 and 8.10 that the user 2’s ABER performance is better

than the user 1’s. For N = 512, user 1 and user 2 require an SNR of ∼−71 dB and

∼−53, dB respectively. It is because we allocate the user 2 more power. The SNR

requirements of smart RIS-AP-NOMA user 1 and user 2 for variedN are shown in

Table 8.3.

Figure 8.11 shows the ABER performance of a blind RIS-AP-NOMA

user 2. The channel phases are unknown to RIS in a blind transmission

system. N = 32, N = 64, N = 128, N = 256, N = 512 systems require SNR of

∼84 dB, ∼78 dB, ∼72 dB, ∼66 dB, ∼60 dB, respectively, to reach the target ABER.

There is a rise in SNR gain as N grows. Figure 8.12 shows the ABER performance

of a blind RIS-AP-NOMA user 1. N = 32, N = 64, N = 128, N = 256, N = 512 sys-

tems require SNRs of ∼103 dB, ∼97 dB, ∼91 dB, ∼85 dB, and ∼79 dB, respectively,
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Table 8.3 SNR requirement (in dB) of smart and blind RIS-AP-NOMA users for various N
to attain target ABER.

Smart RIS-AP- Blind RIS-AP- SNR gain of smart over

NOMA NOMA blind RIS

N User 2 User 1 User 2 User 1 User 2 User 1

32 ∼−18 ∼−1 ∼84 ∼103 ∼102 ∼104

64 ∼−34 ∼−15 ∼78 ∼97 ∼112 ∼112

128 ∼−46 ∼−28 ∼72 ∼91 ∼118 ∼119

256 ∼−58 ∼−41 ∼66 ∼85 ∼124 ∼126

512 ∼−71 ∼−53 ∼60 ∼79 ∼131 ∼132
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Figure 8.11 ABER performance of a blind RIS-AP-NOMA user 2.

to reach the target ABER. The SNR gain grows as N increases. Figures 8.11 and

8.12 show that the user 2’s ABER performance is superior to that of the user 1.

The reason for this is that we allocate the user 2 more power. For example, the

user 2 with N = 32 requires an SNR of ∼84 dB, but the user 1 requires ∼103 dB to

reach the target ABER.
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Figure 8.12 ABER performance of a blind RIS-AP-NOMA user 1.

Figure 8.13 compares the user 2’s ABER performance of the proposed smart

RIS-AP-NOMA and blind RIS-AP-NOMA with conventional NOMA. The pro-

posed RIS systems are assumed to have N = 32. Similarly, Figure 8.14 compares

the user 1’s ABER performance of the proposed smart RIS-AP-NOMA and blind

RIS-AP-NOMA with conventional NOMA. Due to array and diversity gain bene-

fits, smart RIS-AP-NOMA outperforms conventional NOMA. The conventional

NOMA user 2 requires an SNR of ∼13 dB to achieve the target ABER, but the

smart RIS-AP-NOMA user 2 requires an SNR of ∼−18 dB. As a result, the smart

RIS-AP-NOMA user 2 outperforms the conventional NOMA user 2 by ∼31 dB. In

comparison to conventional NOMAuser 1, smart RIS-AP-NOMAuser 1 has a gain

of ∼25 dB. At low-SNR levels, blind RIS-AP-NOMA outperforms conventional

NOMA; however, at high SNR values, conventional NOMA outperforms blind

RIS-AP-NOMA.
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Figure 8.13 ABER comparison of conventional NOMA, smart and blind RIS-AP-NOMA
user 2.
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Figure 8.14 ABER comparison of conventional NOMA, smart and blind RIS-AP-NOMA
user 1.
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8.6 Conclusions

The analytical outage and ABER expressions of RIS-AP-NOMA for both smart

and blind transmissions are developed in this chapter. Because of the addition of

RIS, NOMAnow provides outstanding reliability even at very low SNR conditions.

For both smart and blind transmission methods, it is discovered that increasingN

enhances the SNR gains. The proposed systemhas great reliability even at negative

SNRs since the channel impacts are pre-compensated at RIS in smart transmis-

sion. There is no diversity advantage from blind transmission. However, at low

SNR, there is a substantial improvement over the standard NOMA system due to

the array gain. The increase in PA enhances the SNR gains.

When compared to conventional NOMA, the proposed smart RIS-AP-NOMA

user 1 attains the target outage with ∼58 dB SNR gain and target ABER with

∼25 dB SNR gain. In the case of user 2, the proposed system achieves target

outage with ∼58 dB SNR gain and target ABER with ∼31 dB SNR gain. The

proposed systems may be a viable option for next-generation networks because of

its appealing features. The ABER performance of NOMA users can be increased

further if the powers are assigned optimally. The proposed systems can be

expanded to ordered NOMA and cooperative NOMA systems.
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9.1 Introduction

The innovative concept of data transmission through reconfigurable intelligent

surfaces (RISs) is envisioned as a hopeful and exciting solution to the persistent

issues in wireless communications. The software-controlled shaping of electro-

magnetic waves offers the potential to make radio communication channels more
efficient and facilitate data transmission, making RIS one of the key components

of sixth-generation (6G) technology. 6G communication systems are expected to

provide faster data rates, lower latency, and higher capacity than previous wireless

communication technologies. So, RIS can be used to improve signal coverage and

quality in 6G networks in order to meet the high speed and low-latency require-

ments. 6G and beyond technologies will have the ability to meet the requirements

for a connected world with ubiquitous wireless connection for all. This may bring

improvements in device-to-device (D2D) communications, and it is possible to

support for a massive number of simultaneous connections.

9.1.1 Key Contributions of the Chapter

There are several technologies that are crucial in enabling 6G systems, such as

non-orthogonal multiple access (NOMA), spatial modulation (SM), small cells,

massive multiple-input multiple-output (MIMO), millimeter-wave (mmW) com-

munication, visible light communication (VLC), terahertz (THz) communication,

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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and unmanned aerial vehicle (UAV). These systems may face some challenges in

the implementation stage of 6G networks. At this stage, RIS can provide important

solutions to overcome some difficulties of 6G enabling technologies. In addition,

detailed examinations of the combined use of RIS and these next-generation

communication system studies are presented.
Since RISs make it possible to reshape the wireless propagation environment,

it provides optimization for the performance of NOMA [1]. RIS units can be uti-

lized in massive MIMO systems to improve the signal quality and enable efficient

beamforming [2]. With the use of RISs in SM systems, spectral efficiency, energy
efficiency, coverage, and reliability can be enhanced, and interference can be mit-

igated [3]. In urban areas, it is very important to deploy small cells in proximity

to users to increase coverage and capacity, which can be assisted by RISs to main-

tain a seamless connection [4]. In addition, mmW, VLC, and THz communication

systems suffer from path loss and blockage, which can be prevented with the aid
of RIS deployment in the wireless environment [5]. Since UAVs in urban areas are
mostly subject to blockages when communicating with a user or a base station
(BS) in the ground, RIS units placed on the flat surfaces of buildings can be used
tomaintain the transmission betweenUAVs and users/BSs [6]. The use of all these
studies together with RIS attracts the attention of researchers as an important
research topic for next-generation communication systems.

9.1.2 Chapter Organization

In this chapter, RIS deployment in the aforementioned 6G enabling technologies is
discussed. Challenges, solutions, and advantages are comprehensively presented
inmore detail in Section 9.2. In Section 9.3 of this chapter, an analytical framework
is introduced for the performance analysis of RIS-assisted wireless communica-
tion systems. It is mentionedwhich parameters affect the analytical analysis in the
context of mathematical and probabilistic treatment, and some general formulas
are also presented for common performance measures such as outage probability
(OP), error probability, and capacity. The chapter concludes in Section 9.4.

9.2 RIS-Assisted Wireless Communication Systems

In this section, major RIS-supported system structures that have advantages for
next-generation communication systems are discussed. These system structures
can be specified as NOMA, Massive MIMO, SM, small cell network, mmW

communications, VLC, THz communications, and UAV communications, respec-
tively. Illustrative figures containing RIS-aided wireless communication systems

are shown for various scenarios that are practically possible in our daily lives.
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In addition, this section explains the advantages and disadvantages of RIS-aided

wireless communications alongside solutions for the challenges that can be

encountered in these systems.

9.2.1 RIS–NOMA

To meet the escalating demands for higher data rates and increased spectral effi-

ciency in wireless communication networks, combining NOMA with RIS stands

as a promising approach. NOMA, renowned for its capacity to accommodate

multiple users on the same time-frequency resource, has been a key player in

enhancing spectral efficiency. RISs, with their ability to reshape the wireless

propagation environment, offer a unique opportunity to further optimize and
customize the performance of NOMA [1, 7–12]. This section provides a thorough
examination of the principles, advantages, and applications of RIS-assisted
NOMA, shedding light on its potential to redefine the landscape of wireless

communication.

NOMA has emerged as a transformative paradigm in multiple access tech-

niques, challenging the conventional orthogonal multiple access methods [13].

The core principle of NOMA involves the simultaneous allocation of the same

time-frequency resource to multiple users, differentiating them through varying
power levels. This non-orthogonal approach enables improved spectral efficiency
by exploiting the diversity in channel conditions among users. NOMA’s ability to

serve multiple users concurrently positions it as a pivotal technology to address

the burgeoning demands of contemporary wireless communication systems.

RISs represent a cutting-edge technology designed to manipulate and con-

trol the wireless propagation environment. Consisting of numerous passive or

active reflecting elements, RISs can alter the amplitude and phase of incident
electromagnetic waves. The reconfigurability of these surfaces allows for dynamic
adjustments, enabling precise control over signal propagation, interference

mitigation, and beamforming. By intelligently modifying the wireless channel

characteristics, RISs offer a powerful tool to enhance the performance of wireless
communication systems.
The integration of RISs with NOMA introduces a novel approach to address the

challenges and limitations of existing wireless communication networks. RISs can
be strategically placed within the communication environment to enhance the
signals’ quality and improve the overall system performance. By leveraging the
dynamic capabilities of RISs, NOMA can benefit from enhanced channel condi-

tions, reduced interference, and improved coverage, ultimately leading to a more

efficient and reliable communication network [8]. In the RIS-assisted NOMA

framework, the combination of these technologies introduces a dynamic interplay

between the intelligent surfaces and multiple access techniques. The reflecting
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Figure 9.1 Visual depiction of a network model featuring a two-user setup in an
RIS-aided NOMA network.

elements of the RIS are intelligently configured to optimize the signals’ path and

distribution, thereby enhancing the performance of NOMA. The power allocation

in NOMA can be further refined by considering the reconfigurable nature of

the intelligent surfaces, adapting to the varying channel conditions and user

requirements in real time. In Figure 9.1, a two-user NOMA system assisted by the

RIS technology is illustrated. This figure visualizes the wireless communication

based on the NOMA technique between the users and the BS with the aid of RIS.

The integration of RISs with NOMA offers several key advantages that
contribute to the overall improvement of wireless communication systems.
One notable advantage is the ability to mitigate interference through precise
control over signal reflections. By strategically positioning the RIS elements,
interference from other users or external sources can be minimized, resulting in a
cleaner and more reliable communication link [14]. Additionally, the adaptability
of RISs enables dynamic optimization, allowing the system to respond to chang-
ing environmental conditions and user requirements effectively. The versatility
of RIS-assisted NOMA opens up new avenues for applications across various
scenarios in wireless communication networks. In dense urban environments
with high user density, RISs can be deployed to alleviate interference and enhance
the overall network capacity. In indoor environments, RISs can improve coverage
and connectivity, especially in areas with challenging propagation conditions.
Furthermore, RIS-assisted NOMA holds promise for future 6G networks, where
the demand for ultra-reliable and low-latency communication is paramount.
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While the integration of RISs with NOMA presents a compelling opportunity,
several challenges and considerations must be addressed for practical implemen-
tation. The design and deployment of RISs require careful consideration of the
network topology, user distribution, and environmental conditions. Additionally,
the dynamic nature of wireless channels and user mobility necessitate adaptive
algorithms for optimal RIS configuration. Moreover, issues related to power
consumption, cost, and scalability must be carefully evaluated to ensure the
feasibility of deploying RIS-assisted NOMA in real-world scenarios [1, 8, 14, 15].
The exploration of RIS-assisted NOMA opens up new possibilities for research

opportunities and avenues for further investigation. Future research endeavors
may focus on developing advanced algorithms for dynamic RIS configuration,
considering machine learning and artificial intelligence techniques to adapt to
changing network conditions. Additionally, investigating the integration of RISs
with other emerging technologies, such as massive MIMO and edge computing,
can further enhance the overall performance and capabilities of wireless commu-
nication networks. As wireless communication networks evolve toward 6G and
beyond, the integration of intelligent surfaces with advanced multiple access
techniques is poised to play a pivotal role in shaping the future of communication
technologies. Figure 9.1 shows a visual depiction of a network model featuring a
two-user setup in an RIS-aided NOMA network.

9.2.2 RIS–Massive MIMO

The landscape of wireless communication is continuously evolving, driven by the
ever-increasing demand for higher data rates, improved spectral efficiency, and
enhanced system capacity. Among the transformative technologies at the forefront
of this evolution are massive MIMO systems and RISs. Massive MIMO systems,
with their ability to utilize a large number of antennas at the BS, have emerged as a
key enabler formeeting these demands. Concurrently, RISs, comprising intelligent
reflecting elements, offer the ability to dynamically control and manipulate the
wireless propagation environment [16]. This section explores the integration of
RISs with Massive MIMO, aiming to leverage the combined advantages of these
technologies for the enhancement of wireless communication systems.
Massive MIMO, a key innovation in wireless communication, harnesses the

power of spatial diversity by deploying a large number of antennas at the BS.
Unlike traditional MIMO systems, which typically use a few antennas, massive
MIMO leverages the simultaneous transmission and reception of signals from
multiple antennas. This technique exploits the spatial diversity of the communi-
cation channel, improving spectral efficiency and enhancing the system’s overall
capacity.MassiveMIMOmitigates the effects of fading and interference, providing
robust and reliable communication in dense user environments. The deployment
of numerous antennas allows for efficient beamforming, enabling targeted
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Figure 9.2 Illustration for RIS-aided massive MIMO system.

communication and enhancing the quality of service [17, 18]. An RIS-aided

massive MIMO communication system is illustrated in Figure 9.2 where the

BS hasmultiple antennas, whereas users are equipped with a single antenna.

The integration of RISs with massive MIMO introduces a novel approach to

optimize the performance of wireless communication networks. RISs can be

strategically deployed in the environment to enhance the signals’ quality and

enable more efficient beamforming. By dynamically adjusting the reflecting
elements, RISs facilitate adaptive control over the wireless channel, offering a
complementary solution to the capabilities of massive MIMO. The integration of
these technologies represents a synergistic approach to address the challenges
and enhance the capabilities of wireless communication networks. In the
RIS-assisted massive MIMO framework, the reflecting elements of the RIS are
strategically deployed within the communication environment. These elements
work in tandem with the massive array of antennas in the MIMO system to
provide an additional layer of control over the wireless propagation environment.
The dynamic adjustment of the RIS elements complements the spatial diversity
offered by massive MIMO, contributing to improved signal quality, reduced inter-
ference, and enhanced overall network efficiency. The advantages of RIS-assisted
massive MIMO can be sorted out as follows [2, 19].

1) One of the primary advantages of RIS-assisted massive MIMO is the enhance-

ment of coverage and reliability. The dynamic control over signal propagation

provided by the RIS contributes to more effective beamforming and coverage
expansion. This is particularly beneficial in scenarios where traditional

infrastructure may face challenges, such as in indoor environments or areas

with high user density.
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2) RIS-assisted massive MIMO contributes to improved spectral efficiency by

leveraging the spatial diversity of massive MIMO and the adaptive control

capabilities of RISs. This results in a more efficient utilization of the available

frequency spectrum, enabling higher data rates and accommodating a larger

number of users simultaneously.

3) The intelligent reflecting elements of the RIS play a crucial role in mitigating
interference. By dynamically adjusting the phase and amplitude of reflected

signals, RISs canminimize the impact of interference from other users or exter-

nal sources. This leads to a cleaner and more reliable communication link,
especially in densely populated urban areas where interference is a common

challenge.

4) RIS-assisted massive MIMO enables adaptive beamforming, allowing the
system to dynamically adapt to changing channel conditions and user require-

ments. The combined capabilities of massive MIMO and RISs provide a level

of adaptability that enhances the system’s resilience to varying environmental

factors, such as user mobility and changing propagation conditions.

RIS-assisted massive MIMO holds significant promise across various applica-
tions and scenarios in wireless communication networks. In urban environments

with high user density, the deployment of RISs can alleviate interference and

enhance overall network capacity. In indoor scenarios, such as stadiums or

shopping malls, RIS-assisted massive MIMO can improve coverage and connec-

tivity. Moreover, the integration of these technologies is particularly relevant in

scenarios where traditional infrastructure deployment is challenging, such as

remote or underserved areas.

The versatility of this combined approach opens up a myriad of applications

across different scenarios in wireless communication networks. In densely
populated urban environments with high user density, RISs can be strategically

deployed to alleviate interference and enhance the overall capacity of the network.

The dynamic control over signal paths and adaptive beamforming capabilities
contribute to improved connectivity and user experience. Another application is

that RIS-assistedmassiveMIMO is particularly beneficial in indoor environments,

such as stadiums, shopping malls, or large conference venues. The integration of

RISs enhances coverage and connectivity, addressing challenges related to signal

propagation in confined spaces. In remote or challenging areas where traditional

infrastructure deployment may be impractical, RIS-assisted massive MIMO may

provide a flexible solution for this case. The adaptive nature of RISs allows

for dynamic optimization of communication links, making it possible to establish

reliable connections in areas with difficult propagation conditions [14, 15, 17, 18].

While the integration of RISs with massive MIMO holds great promise, several

challenges and considerations must be addressed for practical implementation.
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The integration of two advanced technologies introduces a level of complexity that

requires careful consideration. The design and deployment of RIS-assistedmassive

MIMO systems necessitate sophisticated algorithms for intelligent configuration,

coordination, and management of both technologies. The dynamic nature of

wireless channels and user mobility poses challenges in dynamically configuring

the reflecting elements of the RIS. Efficient algorithms must be developed to

adaptively adjust the RIS configuration in real time, considering the changing

communication environment. The deployment of a large number of antennas

in massive MIMO and the additional reflecting elements in RISs may lead to
increased power consumption. Balancing the energy efficiency of the system

while maintaining performance is a crucial consideration for practical imple-

mentations. The cost of deploying and maintaining RIS-assisted massive MIMO

systems is a significant consideration. Evaluating the cost-effectiveness and
scalability of such systems is essential for widespread adoption, especially in the
context of evolving wireless communication standards.
Advancing intelligent algorithms for the dynamic configuration of RIS-assisted

massive MIMO systems represents a promising research direction. Machine

learning and artificial intelligence techniques can be leveraged to optimize

system performance, adapt to changing conditions, and enable autonomous

decision-making. Exploring the integration of these systems with emerging

technologies such as network slicing and edge computing can further enhance

the capabilities of communication networks. This integration can support diverse

communication services with varying requirements, including ultra-reliable,

low-latency communication and enhanced mobile broadband. In addition, stan-

dardization efforts and the development of interoperability standards are crucial
for the widespread adoption of combination. Establishing common frameworks
and interfaces will facilitate the seamless integration of these technologies into
existing and future communication networks.

9.2.3 RIS–SM

Spatial modulation represents a paradigm shift in MIMO communication by
intelligently utilizing the spatial dimensions for enhanced data transmission.
Unlike traditional MIMO schemes, where all antennas transmit simultaneously,
SM selects a subset of antennas for signal transmission, effectively encoding
information in both the spatial and signal domains. This approach reduces the
complexity associated with traditional MIMO, as it only requires the activation of
a limited number of antennas at any given time. By exploiting spatial diversity,
SM improves spectral efficiency and system capacity, making it an attractive

solution for next-generation wireless networks.
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The integration of RISs with SM offers a synergistic approach to address
the challenges and opportunities in modern wireless communication. In the
RIS-assisted SM framework, the collaboration between these two technologies
occurs through the RIS’s dynamic control of reflecting elements. The SM scheme,
which intelligently selects active antennas for data transmission, benefits from
the additional control provided by the RIS in shaping the wireless channel.

By adjusting the phase and amplitude of reflected signals, RISs contribute to the
optimization of signal paths, interference mitigation, and overall enhancement
of SM performance. This integration leverages both technologies’ strengths to
create a more flexible and adaptive communication system. Figure 9.3 illustrates
a communication system aided by the RISs. Within this framework, user equip-
ment transmits information to an access point (AP) with the support of the RIS.
The advantages of RIS-assisted SM can be summarized as follows [3, 20–23].

1) SM inherently enhances spectral efficiency by transmitting information in

both spatial and signal domains. The addition of RISs provides an extra

layer of adaptability, enabling further optimization of communication links.

The dynamic control over the wireless propagation environment allows for

real-time adjustments to enhance spectral efficiency, accommodating the

varying needs of different communication scenarios.
2) RIS-assisted SM contributes to improved coverage and reliability by opti-

mizing signal paths and mitigating interference. The dynamic adjustment of
reflecting elements allows for targeted signal distribution, extending coverage

RIS

RIS controller

Direct link

User Base station

Figure 9.3 A communication system for uplink transmission that integrates SM with the
support of RISs.
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in challenging environments such as urban areas or locations with obstacles.
This, in turn, enhances the reliability of communication links, providing a
more robust and consistent user experience.

3) One of the significant advantages of RIS-assisted SM is its capability to mit-
igate interference. The dynamic control over reflecting elements enables the
system to intelligently manage and minimize interference from other users or
external sources. This interferencemitigation contributes to a cleaner andmore
reliable communication link, especially in scenarios with high user density or
coexisting wireless systems.

4) The adaptability of RISs introduces opportunities for energy-efficient commu-
nication. By optimizing signal paths and distribution, RIS-assisted SM allows
for targeted energy consumption, activating specific reflecting elements based
on real-time channel conditions. This can lead to energy savings, contributing
to the sustainability of wireless communication networks.

5) The versatility of RIS-assisted SM extends to various applications and scenar-
ios within wireless communication networks. In densely populated urban
environments with high user density, RIS-assisted SM can optimize coverage,
enhance spectral efficiency, and mitigate interference. The dynamic control
over the wireless propagation environment allows the system to adapt to the
unique challenges of urban communication, providing improved connec-
tivity and user experience [20]. Another application scenario is particularly
beneficial in indoor deployments, such as shopping malls, airports, or office
buildings. The adaptability of RISs enables precise control over signal paths,
reducing multipath fading and improving coverage in confined spaces, where
traditional MIMO systems may face challenges. The RIS-assisted SM holds
promise for Internet of Things (IoT) networks, where efficient use of spectrum
and energy is crucial. The adaptability of RISs aligns well with the dynamic
and diverse communication requirements of IoT devices, providing an intel-
ligent solution for optimizing connectivity and energy consumption [21].
In mmW communication, where propagation is highly sensitive to obstacles
and atmospheric conditions, the combination can offer dynamic adjustments
to overcome challenges. The precise control over the wireless channel enables
the system to easily adapt to changing conditions, ensuring reliable communi-
cation in mmW frequency bands, and holds great promise for fifth-generation
(5G) and future generations of wireless communication [22].

While the integration of RISs with SM presents compelling advantages, several
challenges and considerations must be addressed for practical implementation.
The dynamic configuration of reflecting elements in real-time poses challenges in
terms of algorithm complexity and signaling overhead. Efficient algorithms must
be developed to adaptively adjust the RIS configuration, coordinating with SM
requirements and considering changing channel conditions. Accurate channel
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state information (CSI) is crucial for the successful implementation of SM.

The integration of RISs introduces additional complexities in acquiring CSI due

to the dynamic nature of the reflecting elements. Robust and efficient methods
for CSI acquisition in RIS-assisted SM scenarios are essential.

The deployment of RISs and the associated hardware bring additional com-

plexity to the overall system. Ensuring the cost-effectiveness and scalability of
RIS-assisted SM systems while considering the hardware requirements is a critical
consideration for practical implementation.
Advancing machine learning and artificial intelligence techniques for the

dynamic configuration and optimization of these combined systems are promis-

ing research directions. These intelligent algorithms can adapt to changing

network conditions, enhancing system performance and efficiency. Exploring

cooperative communication strategies, where multiple RISs collaborate to opti-

mize SM performance, presents an intriguing research opportunity. Cooperative

schemes can leverage the distributed intelligence of multiple RISs to enhance

coverage, reliability, and spectral efficiency.

9.2.4 RIS–Small Cell Networks

Small cell networks are a pivotal component of modern mobile communications,

especially in urban areas with high user density. These networks consist of small

BSs, or cells, deployed in proximity to users to enhance coverage and capacity.

Small cells play a crucial role in o�oading traffic frommacrocells, improving data

rates, and ensuring a consistent user experience in crowded urban environments.

However, challenges such as interference and optimal resource utilization persist,

prompting the exploration of innovative solutions like the integration of RISs. In

the RIS-assisted small cell network, the collaboration between RISs and small cell

BSs is orchestrated to optimize the wireless environment. The intelligent reflect-
ing elements of the RISs strategically are adjusted based on the communication
requirements and network conditions. This collaboration aims to improve signal
paths, mitigate interference, and enhance the overall efficiency of small-cell net-
works, especially in challenging urban scenarios. Therefore, integrating RISs with

small cell networks offers many advantages, addressing critical challenges and
ushering in a new era of urban connectivity [4, 24, 25]. The macro base station
(MBS) broadcasts the signal to the macro user. At the same time, the RIS com-
municates the information obtained from the wired backhaul to multiple micro
users by seamlessly integrating it into the incident MBS signals, as illustrated in
Figure 9.4.
One of the primary advantages of RIS-assisted small cell networks is the effec-

tive mitigation of interference. The dynamic adjustment of reflecting elements
by RISs allows for intelligent interference management, minimizing the impact
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Figure 9.4 An illustrative scenario demonstrating the application of a small cell
network assisted by RISs.

of interference from neighboring cells or external sources. This results in cleaner
and more reliable communication links, enhancing the overall quality of service.
RIS-assisted small cell networks contribute to enhanced coverage and connec-
tivity in urban environments. By optimizing signal paths and distribution, RISs
address coverage gaps, especially in areas with obstacles or challenging propaga-
tion conditions. This is crucial for providing reliable and seamless connectivity to
users in diverse urban settings. The integration of RISs introduces a new level of
adaptability to spectral efficiency in small-cell networks. By dynamically adjusting
the wireless environment, RIS-assisted systems optimize the use of available fre-
quency resources. This leads to increased spectral efficiency, enabling higher data
rates and supporting the growing demand for bandwidth-intensive applications
in urban areas. RIS-assisted small cell networks support more efficient resource
allocation. The reflecting elements can be intelligently configured to prioritize
specific users or adapt to changing user densities. This adaptability ensures
optimal resource utilization, enhancing the overall capacity of the network and
accommodating the varying demands of urban users [4, 24].



9.2 RIS-Assisted Wireless Communication Systems 313

The versatility of RIS-assisted small cell networks extends to various

applications and scenarios within urban wireless communication networks.

In urban hotspots such as shopping districts, parks, or transportation hubs,

RIS-assisted small cell networks can enhance connectivity and data rates.

The adaptability of RISs allows for precise control over signal paths, optimizing

coverage and ensuring a consistent user experience in high-traffic urban areas.

In the context of smart cities, where connected devices and sensors play a crucial

role in urban management, RIS-assisted small cell networks can optimize con-

nectivity for IoT devices. The intelligent adjustment of the wireless environment

supports the seamless integration of smart city applications, contributing to

efficient urban operations. In densely populated residential areas, RIS-assisted

small cell networks can alleviate challenges associated with interference and

coverage gaps. The adaptability of RISs ensures that communication links are

optimized, providing reliable and high-speed connectivity to residents in multi-

family dwellings and high-rise buildings. In venues such as stadiums, arenas, or

concert halls, where user density can spike during events, RIS-assisted small cell

networks can ensure robust and reliable connectivity. The dynamic adjustment

of reflecting elements caters to the changing communication demands, offering
an enhanced user experience in crowded environments.
While the integration of RISs with small cell networks holds great promise,

several challenges and considerations must be addressed for practical implemen-
tation. Effectively coordinating the deployment and operation of RISs with small
cell BSs requires robust synchronizationmechanisms. Ensuring seamless collabo-
ration between RISs and small cell networks is essential for optimizing the overall
performance, especially in scenarios with dynamic user mobility. The dynamic
configuration of reflecting elements in real-time introduces challenges related
to algorithm complexity and signaling overhead. Efficient algorithms must be
developed to adaptively adjust the RIS configuration, coordinating with small

cell communication requirements and considering varying channel conditions.

Accurate CSI is crucial for the successful implementation of RIS-assisted small

cell networks. The dynamic nature of the reflecting elements adds complexity to
acquiring reliable CSI, requiring robust methods for estimation and feedback.
The deployment of RISs in conjunction with small cell networks introduces
additional hardware and infrastructure costs. Ensuring the cost-effectiveness and
scalability of RIS-assisted small cell networks is critical for widespread adoption,
especially in the context of urban deployments with varying scales.
Considering the integration of RIS-assisted small cell networks with edge com-

puting architectures can further enhance the efficiency of data processing. This
integration can support real-time analysis at the network edge, reducing latency

and improving the responsiveness of small cell networks, especially in urban sce-

narios with diverse application requirements. In addition, exploring cooperative
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networking strategies, wheremultiple RIS-assisted small cell networks collaborate

to optimize performance, presents an intriguing research opportunity. Cooperative

schemes can leverage the distributed intelligence of multiple RISs to enhance cov-

erage, reliability, and spectral efficiency in complex urban environments.

9.2.5 RIS-mmW Communications

Wireless communication systemshave been restricted in a frequency band ranging

fromhundreds ofmegahertz up to early gigahertz (GHz) region. In this area, wave-

lengths are between a few centimeters and a meter. To date, this aforementioned

frequency spectrum has been almost fully utilized by some wireless communica-

tion systems during time periods of heavy usage. Hence, new and forthcoming

wireless mobile technologies need a lot more bandwidth to operate and meet the

requirements of 6G systems [26]. In order to meet the requirements of the latest

wireless mobile communication systems, it has become an obligation to use the

spectrum between 30 and 300GHz, which is called the mmW band, where the

wavelength of a signal ranges from 1 to 10mm. More than 90% of the radio spec-

trum falls in the mmW band, and it contains many unlicensed bands that can be

utilized to reduce crowding in low-frequency regions.

There are twomajor trends that have spurred the use ofmmWbands. First, with

the development of complementarymetal oxide semiconductors and digital signal

processing technologies, it is possible to produce low-cost radio-frequency (RF)

circuits. Thus, these developments in combination with very small mmW signal

wavelength enable many small antennas to be placed in a very small area, which

makes possible fabricated on the skin of a mobile phone, in the BS, or in a chip [5].

Second, the latest generation of wireless mobile communications, such as 5G and

6G evolved toward smaller radii to meet high data rate requirements and seamless

connectivity with the aid of femtocell and picocell. Especially, cell sizes have been

in the range of 100–200m in radii, which corresponds to mmW range, and it is

possible to utilize the mmW band for 6G [5].

However, despite the benefits of mmW communications, there are some

challenges such as path loss and blockage effects with realizing the transmission
at mmW frequencies. Since free space omnidirectional path loss between trans-
mitter and receiver increases with the square of the frequency, the path loss is
much larger at mmW frequency bands. Path loss can be avoided with the use of
beamforming schemes in which the radiated power is focused on direct targets
[5, 27, 28]. The blockage effects at mmW frequencies easily occur due to many
outdoor obstructions such as a building, a tree, a car and even a part of the human
body. At this point, RIS can be considered as a promising solution to solve the
blocking effect by adding a new link to supply the present communication system.
RISs are placed on the facades of a building to receive the signal from BS or user
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Figure 9.5 RIS-aided mmW transmission with beamforming.

and then, the received signal can be sent from RIS to target receiver. Reflection
of the received signals by RIS is made only passively, it provides energy-efficient
transmission by reducing the power consumption without additional noise since
RIS has passive characteristics [29]. In Figure 9.5, a transmission between a
BS and a moving user at mmW frequency is illustrated where beamforming
is used to combat path loss, and the blockage effect is avoided by using RIS
placed on a building. In this figure, oval-shaped lines represent beams for the
illustration purpose of beamforming in mmW communications. Figure 9.5 shows
that the beam from the RIS unit follows the moving user to seamlessly maintain
the mmW communications. RIS is sensitive to the blockage effects and mmW
communication is limited by range due to large path loss, so it is very important to
determine the optimal placement, orientation, and configuration of RIS elements.
This case needs to be carefully taken care of to improve the signal quality and

coverage area since it poses a major challenge and sophisticated algorithms are
required that consider the dynamic nature of mmW channels. In addition, the
sensitivity of mmW communications to the blockage makes the line-of-sight
(LoS) more important for maintaining the transmission. When the LoS link
is unavailable, phase shift adjustment in the RIS unit is required for proper
reflection towards blocked users. In uncertain environments like this, phase shift
optimization at RIS and BS beamforming schemes are the challenges to deal
with [30].

9.2.6 RIS–VLC

VLC technology is a way of communication in which visible light emitted by
light-emitting diodes (LEDs) is used to transmit data. The frequency spectrum in
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Figure 9.6 Block diagram illustration of VLC system model.

VLC systems ranges from 400 to 800 THz. Unlike RF systems using antennas in

lower THz bands, VLC technology relies on the intensity of light. So, modulating

the intensity of the emitted light by LEDs at high speeds is the fundamental

of this technology. The modulated light intensity is converted into a voltage

signal by photodiode and then, it is processed by a signal processing unit

before demodulation [31, 32]. A block diagram for VLC systems is illustrated in

Figure 9.6.

In this figure, LED lamp emits the light and the light is collected by a photodiode.

Specifically, the transmitter, where the data conversion is made, and the receiver,

which makes signal processing before demodulation, are shown in Figure 9.6.

The spectrum resources offered by VLC technology are more than that of RF com-
munications, and hence, the requirement of higher bandwidth for a higher data
rate can be provided for 6G systems. Since the VLC systems do not interfere with
RF communications, hence it can be considered as a good complementary system
for indoor RF communications [33]. In addition, visible light cannot penetrate
through walls, so this technology offers a higher level of security in comparison
to traditional RF systems [34]. VLC technique has several important applications,
such as light fidelity (Li-Fi) [35], indoor positioning [36] and underwater wireless
communications [37].

Despite several benefits, VLC technologyhas somedrawbacks, like limited range

and sensitivity to LoS blockage. A clear LoS link between the light source and pho-

todetector is essential in a VLC system to successfully transmit data. However, a

clear LoS link does not always exist, and it is not guaranteed owing to the presence

of obstacles and different users. To overcome this challenge, non-LoS path can be
assisted by RIS units that help the maintenance of transmission [38]. Hence, the
coverage of the VLC system can be extended with the use of RIS by overcoming
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obstacles. Adaptive adjustments of RIS elements via dynamic control improve the
reliability of the VLC channel in varying environments.
In an RIS-assisted VLC system, mirror array sheets (MASs) or metasurface

arrays are deployed to form an RIS unit. The MAS is composed of several mirrors
in a way of arrangement, and each mirror has an angular orientation for properly
focusing the light beam. Each of the individual mirrors has a mechanical control
system to make orientation of mirrors. There are two angles known as the yaw
and the roll angles in every individual mirror. When the number of elements in
the MAS are increased, the beam direction control is more critical which makes
dimensionality and complexity higher. Different from MAS, meta-materials are
used to produce metasurface arrays. Metasurface arrays have much complexity
and they are more expensive in comparison with the MAS. Owing to the light
attenuation, MASs are generally well fitted for indoor applications of RIS-aided
VLC, while metasurface arrays can be considered for outdoor RIS-assisted VLC
systems with proper selection of case material for metasurface arrays in the RIS
[31, 39]. In Figure 9.7, the use of RIS in VLC systems is shown for an indoor
scenario.
There are two RIS units that are placed onto different walls of an office or a

room. There are some blockages between users and the LED light source, so the
VLC communications aremaintainedwith two RIS units according to the location
of the blockages in Figure 9.7. Device orientation is amajor challenge that needs to
be effectively combated to overcome blockage in LoS link and anothermajor prob-
lem is the location of the VLC receiver, which is also important for the existence
of a clear LoS path. It is crucial to find the optimal orientation of MAS elements
which is vital to use its full benefits. Another orientation challenge is to assign
RIS elements to APs or users to determine which elements serve which APs and
users. This issue is important because the VLC link is affected by the geometric

RIS aided link

Blocked link LED light
source

RIS

RIS

Figure 9.7 An RIS-assisted indoor VLC system illustration.
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locations of AP and user nodes. Another orientation problem is the positioning of

RIS arrays, so the position of RIS arrays needs to set accordingly for receivingmore

optic signals.

9.2.7 RIS–THz Communications

5G communication systems use spectrum above 6GHz called as mmW frequen-

cies to meet high data rate requirements for 5G. In 6G wireless communication

systems, it is aimed to make possible the use of THz frequencies (0.1–10 THz) to

achieve even ultra-high data rates. However, the use of THz bands results in great

path attenuation, so the THz spectrum is appropriate for short-range communi-

cations. Specifically, from 275GHz to 3 THz frequency range, which is not allo-

cated for a specific purpose is the applicable THz frequency spectrum for mobile

communications. The capacity enhancement can be achieved with the addition

of THz band to mmW band in 6G cellular communications. With this addition,

it is possible to increase the total capacity almost 11 times when compared to the

capacity of only mmW spectrum [40–43].

Due to shorter THz wavelength between 0.03 and 3mm and reduction of

antenna aperture, THz signals are more directional and anti-eavesdropping

abilities compared to mmW. Despite these, higher propagation loss is one of

the major challenges that limit communication range as mentioned before.

In addition, molecular absorption of water vapor and oxygen molecules causes

molecular absorption, and it also makes a significant contribution to path loss

[44, 45].

Fortunately, RIS is an encouraging technology to enhance the effective commu-
nication range by increasing the propagation distance. For this reason, RIS can be
used to combat distance problems in THz communications. At the same time, it is
possible to mitigate blockage in the LoS path by deploying RIS units as it is used in
mmW and VLC systems for improving coverage areas in indoor and outdoor com-
munication scenarios. Since appropriate RIS configuration enables beamforming
in which the THz signal is directed towards particular receivers and hence, the

coverage area can be optimized. Another benefit of RIS usage in THz communica-

tions is the interference mitigation by reflecting THz waves away from undesired
directions and it provides improvements in the total signal-to-noise ratio (SNR).
With the reflection from RIS elements, diversity, and communication reliability
can be improved as the reflected signals is controlled in RIS technology.

9.2.8 RIS–UAV Communications

UAVs are a class of aircrafts or known as drones that are controlled remotely
or an autonomous program without a human being in the vehicle. Nowadays,
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UAV communications have a crucial role in wireless communication systems.

UAVs are commonly utilized for rapid networking thanks to small size and

flexibility where the areas are disabled for communication. Thus, they can be
used as aerial platforms for data collection, APs or relays. When signals are not
always available from BSs due to mountains and desert regions, UAVs can also
be used to create ad-hoc networks [6, 46–48]. Some applications of UAV-aided
wireless communications envisioned for 6G are listed as below [6, 46]:

1) Wireless sensor networks, caching-aided wireless networks, cloud radio access
networks, emergency networks, cognitive radio networks

2) D2D communications
3) Vehicle-to-everything communications
4) IoT
5) Mobile edge computing
6) Virtual reality and augmented reality
7) Hologram
8) Intelligent transportation
9) Smart city

UAVs are the key part of the three-dimensional (3D) heterogeneous network
architectures which will become common applications in 6G, so 3D seam-
less communications will be facilitated in this manner. However, using UAVs for
communication purpose in urban areas has some difficulties where the transmis-
sion path between the UAVs and the users/BSs can be subject to blockages such as

buildings, trees, cars, etc. Fortunately, maneuverability and high mobility are the

important advantages of UAVs to operate at low cost and provide LoS path acting

as a mobile aerial BS for helping users on the ground [6, 49]. RIS technology

can be integrated into UAV-assisted wireless communication systems to combat

non-LoS conditions. In Figure 9.8, an urban scenario is shown where the users

and the BSs communicate with the assistance of RIS-aided UAVs. A user near

a building communicates with a BS with the help of RIS and UAV, which is

shown by solid lines (user-RIS-UAV-BS direction) and vice versa represented with

dashed lines (BS-UAV-RIS-user direction) in an outdoor scenario.

However, the scenario illustrated in Figure 9.8 considers the case in which RIS

is placed on the side wall of the building, and the mobility of the RIS is ignored.

As it is considered in [49], the RIS can be mounted onto the UAV to be able to

make possible RIS having mobility. Hence, the RIS can be used as a mobile relay

moving with UAV to support mobile communications in urban areas. This case

is demonstrated in Figure 9.9. A user in a car park and a moving car on the road

communicate with a BS via a flying UAV, which has an RIS unit mounted on it.
Solid lines represent the direction of UAV, and the dashed lines are used for the
direction from UAV.
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User-RIS-UAV-base station direction

UAV

Base station

User

Base station-UAV-RIS-user direction

RIS

Figure 9.8 RIS-assisted UAV communications between a user and a BS.

Direction to UAV

Direction from UAV

UAV with RIS

Base station

User

Figure 9.9 An RIS mounted onto a UAV to act as a mobile relay to communications
between a user and a BS.
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In particular, RIS-assisted UAV communications enable LoS channels with a

high probability and can be used in flexible deployment scenarios by providing
cost-effective solutions to support high data rates in mobile communications for
remote areas and emergency cases. However, using UAVs brings several chal-
lenges, such as size, power limitations, and weight. So, designing antennas must
take these constraints into account. In addition, the mobility of the UAV-assisted
RISs also causes channel variations that needs to be solved to maintain a clear
transmission. Since UAVs move fast and sway randomly, it is difficult to properly
adjust the beam for tracking channel [6].

9.3 Theoretical Analysis of RIS-Assisted Systems

In this section, general concepts for theoretical analysis are emphasized. Some key

points such as systemmodel,modulation technique and fading scenario that affect
and change the analytical analysis arementioned as a guide. Then, general formu-
las for OP, error probability, and capacity analysis are presented and explained in
an analytical framework.

9.3.1 Some Key Points for Theoretical Analysis

Recently, RIS-assisted wireless communication systems have been extensively
studied, and it has become popular. Therefore, the development of theoret-
ical analysis for RIS-assisted communication systems is crucial. As known,
researchers typically first establish the theoretical analysis of a system and

subsequently attempt to implement the system. If the results obtained from

theoretical analyses are not satisfactory, the system does not perform practical

applications. Then, the system ismodified, andmodified systemmodels are recon-

sidered. Looking at the overall landscape of RIS-assisted wireless communication

systems, it can be observed that, similar to cooperative communication systems,

RIS structures play a relay-like role and assist in achieving more successful

information transfer between source and destination nodes [50–53]. In this

regard, the importance of RIS structures is highly significant for such wireless

communication systems. In cooperative systems, a relay is a secondary user tasked

with facilitating the transfer of information between the source and destination.

The relay employs two fundamental methods, namely, decode-and-forward and

amplify-and-forward, to carry out this information transfer. In these systems, the

secondary user serving as a relay consumes energy, and there is also a security

vulnerability due to the presence of another user in the system. On the other hand,

RISs are surfaces containing electromagnetic materials that can be electronically

controlled by devices inherent in their structure. In other words, they are not
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any user in the system. If an RIS-assisted system is used, there is no security

issue because the function performed by the RIS is directly analogous to that of a

relay. Each reflective element on the RIS successfully facilitates communication
by relaying the signal it receives from the source to the destination, functioning
as if it were multiple relays. Additionally, the abundance of reflective elements
on RIS enhances system performance without affecting energy consumption in
the system [51]. The passive transmission of reflective elements is a significant
advantage of the RIS. For all these reasons, it is considered that RIS structures

will be utilized in the design and architecture of next-generation wireless systems

[54–56].

Typically, in the development of theoretical analyses for RIS-assisted wireless

communication systems, the probability density function (PDF) or cumulative

distribution function (CDF) expressions for the received instantaneous SNR or

the instantaneous signal-to-noise-plus-interference ratio (SINR) at the destina-

tion node are utilized [51, 57, 58]. The systemmodel addressed here is also highly

important. The theoretical analyses in the considered system model vary accord-

ing to the diversity of the system. By diversity, it means the structure of the system

model and the different arrangements in the system. For example, it includes how
RIS-assisted is adopted in the system, the variations in fading channel structures
among wireless system nodes (such as Rayleigh, Nakagami, and Rician, etc.), dif-
ferent modulation schemes employed in the system (like SM, index modulation
[IM], spatial shift keying [SSK]), and various protocol types used by system users
(such as NOMA or sparse code multiple access [SCMA]). In addition to these, the
inclusion or exclusion of perfect or imperfect CSI, as well as the consideration of
phase and path losses in RIS transmission, further differentiates the theoretical
analyses. Due to all these different arrangements mentioned, there are numerous
examples of theoretical analyses of RIS-assisted wireless communication systems
in the literature [57–73].
In [57], two different system models named dual-hop RIS-assisted and

RIS-assisted transmit scheme were considered in a Rayleigh fading channel envi-
ronment. The PDF and CDF expressions for these setups were derived, and
utilizing these, analyses were performed by deriving OP, average bit error rate,
and average capacity expressions. In another study, [60], which conducted
an analysis in Rayleigh fading, the SNR coverage probability for RIS-assisted
single-input single-output communications has been presented. The studies in
[57, 60] were conducted considering Rayleigh fading. As known, in theoretical
studies, Rician and Nakagami-m fading are also commonly used similarly to
Rayleigh fading. Studies examining RIS-assisted communication systems using
these fading channels can be found in [58, 61–64]. In the study [58], OP, average
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symbol error rate, and ergodic achievable rate analyses were presented for an

RIS-assisted dual-hop communication system over Nakagami-m fading channels.

In [61], the cascaded RIS system structure was considered over Nakagami-m

fading. By utilizing the end-to-end instantaneous SNR expression, the OP expres-

sion for the system was derived. In [62], the two-way full-duplex RIS-assisted

communication system model was analyzed with both Rician and Nakagami-m

fading. As a result of the analysis, OP and ergodic capacity results were demon-

strated. In [63], OP, approximate bit error rate, and average capacity expressions

for an RIS-assisted downlink communication system over Nakagami-m fading

were proposed. As a different system model, [64] presented a structure with
two relays, where one relay is adapted to a powerline communication system,
providing communication to the source, and the other relay provides UAV-based
RIS-assisted dual-hop communication. In the UAV-based RIS-assisted part, fading
is considered as Rician. OP and average bit error rate (BER) analyses for this
system structure have been provided.
The type of fading is a significant factor in theoretical analysis, but the protocols

used in the system also contribute to the differentiation of theoretical analysis.
For example, the system that will be integrated with the RIS [59, 65–67] leads to
changes in the theoretical analysis of these structures. In [65], the ergodic rate
analysis of the simultaneously transmitting and reflecting (STAR) RIS-assisted
NOMA system has been approximately conducted based on the PDF of the
instantaneous SNR. In [66], an RIS-assisted cooperative NOMA system structure
is considered in a downlink scenario. In this study, detailed presentations of
both precise and asymptotic OP expressions, as well as achievable rate analysis,
have been provided. In [59], the study focuses on the RIS-assisted power domain
NOMA system structure, proposing total sum rate, OP, and average BER analyses
based on instantaneous SINR. In [67], it is emphasized that the RIS-assisted
SCMA system model will be fundamental for future-generation wireless commu-
nication systems. An optimization study has been presented based on appropriate
theoretical analyses for the considered system model.
On the other hand, the new types of modulation used by nodes in RIS-assisted

systems also differentiate theoretical analyses. Examples of such new modulation
types include IM, SM, and SSK. The use of those aforementioned modulation
techniques enhances system performance but, as expected, also increases system
complexity. On the other hand, studies in the literature have widely presented
RIS-assisted IM, SM, or SSK applications [68, 69]. In [68], the study investigates
the effects of IM in an RIS-assisted system based on SM and SSK applications.
Accordingly, exact closed-form expressions for the probability of erroneous
receive antenna index detection were obtained. In [69], RIS-assisted SSK with
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passive beamforming and RIS-assisted SSK with Alamouti space–time block cod-

ing scenarios have been considered. Bit error probability expressions were derived

for both considered system models. In [70], the study proposed the average BER

and ergodic capacity analysis of the RIS-assisted SSK system model. Then, the

reflection phase modulation was also considered in this study. In addition,
the CSI condition is another factor that differentiates theoretical analysis in
RIS-assisted communication. Theoretical analyses vary between imperfect CSI
and perfect CSI scenarios. It is known that in real-world applications, imperfect
CSI is observed. Therefore, addressing this condition is an important issue for
practical implementations. There are some studies in the literature [71–73] that
examine RIS-assisted communication systems with imperfect CSI, conducting
theoretical analyses in these scenarios. In [71], OP and ergodic capacity analyses
were presented for the two-way full-duplex RIS-assisted communication system
under imperfect CSI conditions. In [72], a robust transmission design was
conducted for an RIS-assisted communication system under imperfect CSI
conditions, and OP analysis was performed. In the uplink scenario, the achiev-
able rate analysis of the STAR RIS-assisted NOMA system under imperfect
CSI conditions has been thoroughly explained by the authors of [73].
As mentioned earlier, all these variations within RIS-assisted systems alter

theoretical analyses, consequently impacting analytical results. In the latter part
of this chapter, an attempt is made to provide a general framework for basic
theoretical analyses, taking into account the brief literature review given above.
Accordingly, starting with the fundamental features of the RIS-assisted system, a
set of theoretical rules is presented under three subheadings: OP, error probability,
and capacity analysis.

9.3.2 Outage Probability

In general, OP defines the likelihood of falling below a threshold value. In other

words, it represents the probability of not transmitting when the instantaneous

SNR is below a certain threshold and transmitting when it is above that threshold.

Therefore, it is a crucial performance evaluation metric in wireless communi-

cations. Especially in theoretical analyses, it is frequently examined for various

communication systems. Assuming 𝛾 th as the threshold for the instantaneous

SNR, the OP is defined as follows:

OP = Pr (𝛾 ≤ 𝛾th) (9.1)

Given that there is a condition “≤,” and considering that this is a probabilistic
expression, it corresponds to the CDF based on probability theory. Therefore, by

substituting the value of 𝛾 th into the overall CDF expression of the system, the

total OP can be obtained. Consequently, it is necessary to find the CDF expression
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depending on the instantaneous SNR of RIS-assisted communication systems.
When considering the RIS effect, the maximum value of the instantaneous SNR

at the receiver is addressed with 𝛾 =

[(∑N
i=1 higi

)2
Es

]
∕N0 [51], where N is the

number of reflecting surface elements, hi and gi are identically distributed random
variables related to the channel attenuation, N0 is the noise power, and Es is the
average power of the transmitted signals. For instance, in [57], PDF and CDF
expressions related to the instantaneous SNR for RIS-assisted communication sys-
tems are provided. The study in [57] considers two different RIS-assisted system
structures. The first scenario involves an RIS-assisted dual-hop communication
system, and the second one utilizes the RIS structure as a source node using an RF
signal generator. In the first scenario, there is a single source node, a destination
node, and the RIS structure serving as a passive relay for signal transmission.
Accordingly, the PDF and CDF expressions based on the instantaneous SNR for
this system are given as follows [57]:

f𝛾 (𝛾) ≈
2Wa+b𝛾

(
a+b

2
−1

)

Γ(a)Γ(b)
Ka−b(2W

√
𝛾) (9.2)

F𝛾 (𝛾) ≈
1

Γ(a)Γ(b)
G2,1
1,3

[
W2𝛾

|||||

1

b, a, 0

]

,

(9.3)

whereW =
√
ab∕(𝛾 Ω), a and b shaping parameters. 𝛾 andΩ are the average SNR

and the mean power, respectively. Kv(•) is the modified v-order Bessel function of
the second kind [74, eq. (8.432)] and Γ(•) is the Gamma function [74, eq. (8.310.1)].
G

•,•
•,•[•] is theMeijer’s G-function defined in [74, eq. (9.301)]. In the second scenario,

the RIS structure acts as a source node in the form of an RF signal generator. The
PDF and CDF expressions for this scenario are also derived in [57] and they are as
follows:

f𝛾 (𝛾) ≈
𝛾 (N−1)e

−
𝛾

B𝛾

(B𝛾)N (N − 1)!
(9.4)

F𝛾 (𝛾) ≈ 1 − e
−

𝛾

B𝛾

N−1∑

k=0

𝛾k

(B𝛾)kk! ,
(9.5)

where N is number of reflecting elements in RIS and B = 1 + (N − 1)Γ2
(
3

2

)
.

The PDF and CDF expressions given in Eqs. (9.2)–(9.5) are obtained for the
Rayleigh fading channel case. Additionally, they are derived considering the pre-
viously described RIS-assisted system scenarios. In the literature, the equations
from (9.2) to (9.5) have been utilized to analyze various system structures and
theoretical analyses have been conducted for new RIS-assisted system models.
The OP expressions in these studies vary depending on the different features of
the systems mentioned in the literature review section.
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9.3.3 Error Probability

The concept of average bit error probability (ABEP) is a crucial and extensively
studied evaluation metric for a communication system. In this section, we
aim to provide a general framework for the theoretical analysis of ABEP in an
RIS-assisted communication system. Generally, two fundamental approaches are
employed for ABEP: one based on PDF and the other on CDF. As implied by their
names, these analyses and theoretical expressions are derived using the total PDF
or CDF expressions of the system. Starting with the first approach, the overall
PDF expression for an RIS-assisted wireless communication system is obtained
by adhering to the basic principles of probability theory. Subsequently, using the
expression in Eq. (9.6), the ABEP expression is derived. Therefore, the PDF-based
error expression approach for ABEP is as follows:

ABEP = ∫
∞

0

p(e |𝛾 )f𝛾 (𝛾)d𝛾, (9.6)

where p(e|𝛾) is the conditional error probability and this expression varies
depending on the modulation type used. f 𝛾 (𝛾) is the PDF of the instantaneous
SNR expression at the receiver for the considered system model. On the other
hand, the CDF-based ABEP expression is as follows [75]:

ABEP =
rp

2Γ(p) ∫
∞

0
𝛾p−1e−r𝛾F𝛾 (𝛾)d𝛾, (9.7)

where r and p are modulation parameters, and for example, r = 1 and p = 0.5 for
binary phase shift keyingmodulation, respectively. Through the expressions given
in (9.6) or (9.7), either PDF- or CDF-based approaches are preferred for the ABEP.
Depending on which function, namely PDF or CDF is obtained, the appropriate
formula in (9.6) or (9.7) can be used to find ABEP expression. These derivations
can be performed through the necessary mathematical manipulations with the
help of relevant handbooks or online solution centers such as Wolfram [76].

9.3.4 Capacity Analysis

Another important performance metric is the average channel capacity (ACC).
Channel capacity takes into account the maximum achievable transmission rate
of the considered system. In addition, just like in the theoretical analyses of ABEP,
both PDF-based and CDF-based approaches are used for the ACC. Here again, it
is necessary to obtain the total PDF or total CDF expressions for the RIS-assisted
communication system, as mentioned earlier. In this way, theoretical analyses of
the ACC are conducted, and expressions for ACC can be derived. The expression
for ACC analysis with a PDF-based approach is as follows:

ACC =
BW

2 ∫
∞

0
log2(1 + 𝛾)f𝛾 (𝛾)d𝛾, (9.8)
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where BW is the bandwidth of the system. On the other side, in the CDF-based
approach, a similar process to that of ABEP is followed by deriving the total CDF
expression. Therefore, the expression for ACC is as follows:

ACC =
1

ln(2) ∫
∞

0
(1 + 𝛾)−1F𝛾,c(𝛾)d𝛾, (9.9)

where F𝛾 , c(𝛾) is the complementary CDF function for the considered system.
Ultimately, the CDF or PDF expressions for instantaneous SNR or instantaneous
signal to noise and interference ratio (SNIR) of RIS-assisted communication sys-
tems should be derived first. After this stage, depending onwhether the PDF-based
or CDF-based approaches provided for OP, ABEP, and ACC are preferred, these
expressions are substituted, and the necessary mathematical solutions or manip-
ulations are performed to obtain the final expressions. The theoretical analyses
of such systems (OP, ABEP, ACC, etc.) are pivotal steps for the evaluation and
realization of practical applications, given the anticipated potential of RIS-assisted
communication systems for future-generation wireless communication systems.

9.4 Conclusions

This chapter is an excellent resource for anyone interested in RIS structures
and their convergence with emerging wireless technologies in the literature.
The chapter provides detailed explanations on how RIS structures can be used
in conjunction with NOMA, SM, small cells, massive MIMO, mmW communi-
cation, VLC, THz communication, UAVs, and more. The chapter elaborates on
the characteristics, advantages, and system performance evaluations of these
structure systems. Additionally, the final section of the chapter offers a compre-
hensive examination of how theoretical assessment metrics in communication
systems, such as OP, ABEP, and capacity analyses, are applied in RIS structures.
This chapter is a must-read for anyone looking to gain a deeper understanding
of RIS structures and their applications in modern communication systems.
In summary, the advantages and disadvantages of RIS-supported system struc-
tures, theoretical analysis, and starting points have been explained in detail, and
a book chapter has been created that will provide good guide information for
RIS-supported system structures for researchers.
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10.1 Introduction

As fifth-generation (5G) networks continue to roll out globally, efforts are
underway in both industry and academia to go beyond this technology and to
conceptualize the sixth-generation (6G) networks, reflecting the exponential

growth in global mobile traffic, which is expected to surpass five zettabyte/month

by 2030 [1, 2]. According to [3], this upsurge in traffic is anticipated to coincide

with an increase in worldwidemobile subscriptions, reaching 17.1 billion by 2030.

The impending Internet of Vehicles systems and industrial Internet of Things

(IoT) will impose heightened demands on communication systems, necessitating

reliability, throughput, and delay improvements. Expanding coverage stands

as a pivotal and formidable challenge in IoT deployment, alongside critical

concerns regarding privacy/security, energy efficiency, and achieving widespread

connectivity on a large scale. Consequently, as the utilization of IoT continues to

advance, the evolving demands and constraints of 5G underscore the imperative

need for the development of 6G [4, 5].

The escalating need for location-based amenities like self-driving vehicles,

medical monitoring, and precise positioning indoors and outdoors has sparked

a burgeoning interest in pervasive positioning. To accomplish this objective,

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
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the development of top-tier localization techniques is imperative. Such tech-

niques would not only enhance the quality and efficiency of communication

across the various layers of the network but also cater to the diverse necessities

of the new-age commercial and industrial sectors that are highly dependent

on location-based services [6]. The forthcoming 6G wireless network aims to

enable communication among individuals, mobile gadgets, machinery, and

objects. Additionally, it will seamlessly incorporate communication, localization,

sensing, control, and computing functionalities to facilitate the swift, highly

dependable, and energy-efficient transmission of data and the precise localization

of individuals and devices. Thus, improved accuracy, ultralow latency, improved

reliability, energy efficiency, multidimensional positioning, and ubiquitous

coverage are the trends that reflect the evolving requirements and expectations

for location-based services in the era of 6G wireless communication and driving

innovation and advancements in positioning technologies.

With the advancements in each generation of wireless communication systems,

positioning accuracy is also said to improve. The upcoming 6G is envisioned to

have a remarkable localization precision of 1 cm in three-dimensional scenarios

[7]. Furthermore, the 6G is anticipated to extend to the terahertz (THz) band,

where the 6G THz elevated frequency transmission is remarkably susceptible to

environmental obstructions. Also, line-of-sight (LoS) signal transmission is prone

to obstruction, and non-LoS (NLoS) propagation results in measurement errors.

Despite numerous works attempting to address multipath and NLoS effects, they
often operate under the supposition that the wireless domain is unrestrainable.
However, with the increasing need for wireless networks, solely focusing on
enhancement at the transmission and reception ends may prove insufficient for
meeting future network demands. To address this, the notion of smart/intelligent

radio environments has been proposed. Therefore, to promote the realization of

the vision of the smart radio environment, the current focus is given to the key

enabling technology termed reconfigurable intelligent surface (RIS) [8].

RIS refers to planar surfaces comprising a vast array of reflective elements

designed to precisely direct signals from transmitters to designated receivers,

effectively manipulating the wireless environment. RIS technology offers a
compact, lightweight, and highly adaptable solution at a relatively low cost.
Importantly, they can seamlessly blend into current network infrastructures
without necessitating alterations to hardware or standards, requiring only adjust-
ments to communication protocols. This versatility facilitates their deployment in
diverse settings, whether fixed or mobile, including applications involving human
subjects. Henceforth, the RIS will be positioned to contribute the advancement

of the interconnected 6G network, spanning space, air, ground, and underwater

domains, thereby advancing the IoT paradigm [9]. The work in [10] compares

RIS with other related technologies, and it was identified that multiple-input



10.1 Introduction 337

multiple-output (MIMO) is the closest technology to RIS, but there are significant

differences between the two concerning their source, energy usage, hardware
complexity, and cost. As RIS employs an extensive array of passive reflective
components and can be deemed predominantly passive, energy usage is signif-

icantly minimized. Furthermore, RIS provides benefits such as cost reduction

and exceptionally minimal power usage. Sections 10.2 and 10.3 will provide a

comprehensive elucidation of RIS attributes pertinent to wireless positioning and

localization. Even with the entirety of these benefits, rendering RIS an enticing

technology for aiding in sensing, communication and simultaneous wireless

information and power transfer (SWIPT) within the context of 6G, it remains

imperative to explore the potential applications and technical hurdles associated

with RIS-supported localization [11].

Regarding high-precision positioning, RIS possesses the capability to establish

virtual LOS connections, effectively addressing NLOS challenges. Additionally,
they exhibit the cognitive ability to control and manage the transmission of
electromagnetic waves, enabling them to steer the signal accurately toward the
intended user location. RIS operations can be handled by a swiftly responsive
field-programmable gate array, ensuring compliance with the stringent latency

demands of 6G positioning. Furthermore, in the localization arena, RISs efficacy

can be attributed to its provision of novel channel degrees of freedom and

its cost-effectiveness in hardware. Thus, it is evident that a comprehensive
exploration of RIS application in 6G positioning is required.
Lately, there has been a surge in interest in wireless localization using RIS.

RIS can function in two distinct modes: reflector mode or receiver mode. When

functioning as a receiver, RIS is provided with sensing circuits or radio frequency

(RF) chains, allowing it to receive emitted signals and extend the continuous

surface beyond the traditional massive antenna array [12]. Conversely, in reflector

mode, RIS serves as an additional anchor, facilitating localization through time

and angle-based techniques [13]. Furthermore, reconfiguring the coefficients

of RIS to obtain various received signal strength (RSS) maps presents another

effective strategy.

10.1.1 Key Contributions of the Chapter

In this chapter, it becomes evident that a plethora of research and review articles
are available within the realms of RIS, 6G, and the IoT. Nevertheless, there is a
notable scarcity of surveys that methodically examine the utilization of RIS for
wireless positioning and localization in the context of 6G–IoT. Hence, we were
motivated to conduct a comprehensive study into the application of RIS for wire-
less positioning and localization in the realm of 6G–IoT. The following are the key
contributions that have emerged from this chapter.
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i) The function of RIS in wireless positioning and localization is delineated. The
attributes of RIS that are appropriate for wireless positioning and its applica-
tion in IoT networks are presented.

ii) The chapter elaborates extensively on the principles of localization, encom-
passing time of arrival (ToA)/time difference of arrival (TDoA), angle of
arrival (AoA)/angle of departure (AoD), RSS, and hybrid measurements.
Subsequently, it explores a range of algorithms for localization aided by RIS.

iii) The cutting-edge research on positioning and localization, comprising
RIS-assisted millimeter-wave (mm-wave) positioning systems, RIS for near-
field, indoor, outdoor, and far-field localization, and RIS for THz communi-
cation, is elaborated in detail.

iv) Finally, the prospective obstacles and forthcoming avenues of research
linked with RIS-assisted 6G–IoT for wireless positioning and localization are
outlined.

10.1.2 Chapter Organization

Section 10.2 explores the role of RIS-assisted IoT networks in wireless positioning
and localization in which a comprehensive examination of the RIS characteristics
suitable for wireless positioning and localization, an overview of related works
on RIS-assisted IoT networks and an in-depth exploration of the system model
for the RIS-supported radio localization are illustrated. Following this, Section
10.3 delves into the localization principles and the various RIS-assisted localiza-
tion algorithms. Then, in Section 10.4, the cutting-edge research on positioning
and localization with the assistance of RIS in 6G–IoT is illustrated in detail by
explaining the cutting-edge technologies such as RIS-assisted mm-wave position-
ing systems, RIS for indoor localization, near-field localization, outdoor, far-field
localization, and RIS integration in THz communication. Section 10.5 discusses
the potential challenges, such as challenges in acquiring parameters related to
the position, impediments due to unavoidable near-field positioning, challenges
encountered by the nodes in motion of the RIS-aided 6G–IoT localization and
wireless positioning, and so on. Finally, Section 10.6 outlines prospective research
avenues for RIS-aided 6G–IoT in positioning and localization, concluding our dis-
course in this chapter.

10.2 Role of RIS-Assisted IoT Networks in Wireless
Positioning and Localization

In this section, the characteristics that make RIS appropriate for wireless position-
ing and localization are discussed first. Subsequently, the crucial challenges that
hinder the full potential of 6G–IoT are presented, and how RIS offers a promising
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solution to this challenge is delineated. Furthermore, an in-depth exploration of

the system model for RIS-supported radio localization is exemplified.

10.2.1 RIS Characteristics Suitable for Wireless Positioning

and Localization

The RIS holds strong potential for engineering applications due to its ability to

customize wireless environments. The following are some of the traits that make

RIS appropriate for wireless positioning and localization.

i) Reconfigurable and intelligent: The RIS offers a notable advantage in
its ability to customize wireless environments. Constructed with dynamic
meta-atoms, this surface can undergo reconfiguration followingmanufactur-
ing and deployment within the environment. RIS configuration enables each

element to continuously adjust the incident signals’ amplitude, frequency,

phase, and polarization in real time through programming. Moreover, it

possesses the capability to implement precise alterations to influence radio

waves, efficiently managing the environment of propagation.

ii) Quasi-passive:RIS achieves passivemanipulation of electromagnetic waves

through themodulation of the physical attributes of artificial electromagnetic

materials. However, it requires some energy consumption for its regulation

process.

iii) Focusing energy: The RIS technology is characterized by its adaptability

and ability to reconfigure its properties to meet various requirements and

scenarios. This adaptability allows for real-timemanipulation of electromag-

netic waves, enabling the attainment of specific objectives. RIS can direct

the electromagnetic waves accurately and precisely toward designated user

targets. This precision is invaluable for applications necessitating targeted

communication or energy delivery, as it optimizes resource utilization and

mitigates interference with other users or signals [14].

iv) Expanding coverage area: Beyond the 6GHz threshold, the transmission

of mm-wave over long distances faces significant challenges due to severe

signal attenuation and blocking, resulting in degraded positioning perfor-

mance for users at the cell edges. RIS technology overcomes these hurdles

by intelligently redirecting signals and establishing a flexible virtual LoS link

in areas of limited coverage or blind spots in which direct LoS communica-

tion is impractical or inadequate. This coverage expansion, particularly ben-

eficial for mm-wave communications impacted by indoor congestion, thus

enhances the overall connectivity and performance [15].

v) Reducedmanufacturing cost: In practical RIS implementation, its compo-

nents typically consist of inexpensive materials, namely, reflective elements,

small-scale antennas, and diodes.
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vi) Reduced power consumption: The passive nature of RIS networks and

their minimal reliance on active components result in reduced power

consumption, rendering them well-suited for diverse applications requiring

energy-efficient wireless communication solutions.

vii) Economical and ease of deployment: RIS can be effortlessly installed
and removed from various locations, such as buildings, roofs, partitions, and
exterior walls, resulting in minimal positioning and maintenance expenses.
Furthermore, integrating RIS into existing communication networks typi-
cally necessitates a change in network protocol, thus eliminating the need
for hardware adjustments. As a result, deploying and integrating RIS into
wireless networks can be achieved at a lower overall cost. Likewise, RIS
is easily scalable and deployable across various surfaces within wireless
propagation environments through its two-dimensional planar structure.

viii) Programmable software control: RIS offers the flexibility of pro-

grammable physical attributes, enabling real-time and dynamic adjustments

of electromagnetic responses.

ix) Broadband response: RIS demonstrates versatility by functioning across

different frequency bands, including mm-wave, microwave, THz, and visible
light bands.

10.2.2 RIS-Assisted IoT Networks

The IoT network links many appliances for communication and data exchange,
facilitating applications, such as smart homes, healthcare, and industrial automa-
tion. Despite its rapid evolution, several challenges hinder realizing its full
potential [16]. The following are the two crucial challenges associated.

i) Limited range: Many low-power IoT devices face constraints in operational
range, necessitating efficient power management for densely deployed

networks.

ii) Spectrum scarcity:The dearth of available radio spectrum constrains the effi-

cacy of IoT networks.

Emerging technologies such as backscatter communication and SWIPT have

been developed to tackle these challenges andmanage energy limitations [17, 18].

In contrast, cognitive radio (CR) addresses spectrum scarcity. However, these

solutions can partially satisfy the requirements of future 6G–IoT networks, which

require improved energy harvesting, data integrity, throughput, energy, spectrum

efficiency, and extended operational ranges. Also, as discussed earlier, evolving

requirements for location-based services in the 6G wireless communication era

emphasize improved accuracy, ultralow latency, improved reliability, energy

efficiency, multidimensional positioning, and ubiquitous coverage, driving
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Figure 10.1 Positioning technology innovations and advancements toward 6G.

innovations in positioning technologies. Figure 10.1 showcases the most recent

technological advancements and improvements in the realm of positioning

technology, specifically with regard to the advancements being made toward 6G.

Furthermore, RIS offers a promising solution to enhance system performance by
combining signals to amplify the RSS. Thus, in the realm of 6G technology applica-
tions, RISs have recently garnered significant research attention. The RIS surfaces
comprise arrays of passive scattering components arranged in artificial planar

configurations, with individual components featuring an electronic circuit that

enables software-defined reflection of impinging electromagnetic waves. The flex-

ibility inherent in RISs makes them a promising solution for bolstering the design

and optimization of wireless systems. Through assisting in signal propagation,

channel modeling, and procurement, RISs pave the way for developing intelligent

radio environments, which are advantageous for 6G-based applications.

Indeed, RIS presents numerous beneficial applications in the realm of 6G–IoT

networks. As an illustration, it can simultaneously enhance signals fromoperating
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base stations (BSs) in multicell IoT networks, reducing intercell interference

among multiple IoT devices [19]. Resembling the paramount importance of

RIS, one of its vital applications is augmenting the data o�oading rates for IoT

systems. Notably, the magnitude of the o�oaded data to edge servers depends

significantly on the channel gain of o�oading links. RISs can be strategically posi-

tioned to establish virtual array gain and facilitate reflection-based beamforming

gain, which can be leveraged for computation o�oading links. This utilization

of RISs facilitates efficient data o�oading to edge servers, where processing

occurs in a time-effective manner compared to conventional o�oading methods.
Furthermore, RIS-aided 6G–IoT applications are actively explored across different
sectors, including smart buildings, vehicle-to-vehicle networks, and aiding RF
sensing for human posture recognition systems [20]. Recently, researchers have
explored integrating RISs into backscatter communication, SWIPT, and CRs
to unlock the potential of 6G–IoT networks. This integration harnesses the
advantages of RISs to overcome limitations and enhance the overall efficiency
and performance of IoT systems.

RIS-assisted localization is vital for achieving high localization performance in

intelligent interactive IoT networks. Within intelligent interaction contexts, RIS

optimizes signal propagation for various communication types, such as interac-

tions between individuals, individuals and machines, and machine-to-machine

communication. Also, RIS is crucial in achieving precise location information and

minimizing errors in tele-presentation and telecontrol technologies [21]. RIS sig-

nificantly enhances the capture of real-time environment and the transmission

of critical information by providing advanced signal optimization and calibration

technologies, making it a game changer for telesurgery applications, where the

quality and accuracy of information are critical for success. RIS also enhances

reliability and data rates in wireless brain–computer interface applications, thus

ensuring seamless patient tracking and monitoring across locations [22].

The application of RIS in IoT communication showcases their capabilities in

IoT positioning. Additionally, the four-layer network architecture envisaged for 6G

is highlighted, emphasizing its goal of delivering widespread connectivity across

various environments, including space, air, ground, and underwater networks,

to support emerging IoT sectors. Figure 10.2 shows the emerging applications of

RIS in 6G. The space network tier encompasses satellites, which researchers have

investigated for IoT services [23]. The air network tier incorporates flying BSs like

high-altitude platforms and unmanned aerial vehicles (UAVs), which have seen

increasing use in various IoT applications [24]. Meanwhile, the underwater net-

work tier involves autonomous underwater vehicles (AUV) and submarines aimed

at establishing underwater IoT connectivity [25]. Table 10.1 provides a concise

overview of some related works of RIS-aided 6G–IoT using the four-layered net-

work architecture.
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10.2.3 RIS for Wireless Positioning and Localization

To illustrate the coordinated operation of RIS and BS for user equipment (UE)

positioning and localization, we can examine the RIS-supported radio localization

setting depicted in Figure 10.3. The scenario involves a multiantenna BS withMB

antennas situated at (xB, yB, zB). The RIS, which features MR reflecting elements,

is centered at (xR, yR, zR), while the UE is located at (xU , yU , zU ), equipped with

MU antennas. Also, in the given settings, it is worth noting that two propagation



344 10 A Survey on RIS for 6G–IoT Wireless Positioning and Localization

Table 10.1 Related works of RIS-aided 6G–IoT using the four-layered network
architecture.

References Network tier type Research summary

Tekbıyık et al. [26]. Space network
tier

The authors of this work presented a
framework outlining the use of RIS
technology to enhance the energy efficiency
of IoT in low Earth orbit (LEO) satellites.
They advocate that using RIS units integrated
into satellites alleviates path losses associated
with long distances in the transmission of
signals. Furthermore, studies indicate that
using RIS can significantly boost downlink
rates by up to 105 times and enhance
achievable uplink rates for IoT networks.

Ranjha and
Kaddoum [27].

Air network tier In this work, the authors utilize a UAV and
an RIS to disseminate brief, ultrareliable,
low-latency communication messages
among terrestrial IoT devices. Furthermore,
the authors demonstrate through simulations
that by appropriately positioning the UAV in
a strategic location and raising the number of
antenna elements in the RIS, it is possible to
achieve ultrahigh communication reliability,
indicating significant performance
improvements for RIS.

Mursia et al. [28] Ground network
tier

This work introduced an approach to
enhance access to extensive IoT networks
employing mm-wave technology by
optimizing both the BS precoding technique
and RIS parameters. Through simulation
outcomes, this work demonstrated an
improvement in the sum-rate performance
gain.

Kisseleff et al. [29] Underwater
network tier

In this work, the authors delve into the
potential applications, deployment tactics,
and design attributes of RIS devices within
IoT networks designed for demanding
environments like underwater scenarios.
Additionally, the RIS configurations for
underwater settings are discussed in depth,
considering the deployment location. The
three RIS configurations for underwater
environments include fixed RIS on the
ground or shore, RIS mounted on AUV, and
RIS placed below the water’s surface.
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paths are at play – one path is direct from the BS to the UE. The other path is

reflected, passing through the RIS before reaching the UE. Furthermore, we take

into account the standard channel model and represent the received signal and

channel model in the frequency domain. Specifically, we consider N samples that

are separated by an interval of Δf . For a given frequency n ∈ 0,… , (N − 1) and

symbol k ∈ 0,… , (K − 1), the UE receives a signal that is represented in Eq. (10.1).

Rxn,k = Hn,kTxn,k + nn,k (10.1)

Here, the signal received at the UE can be characterized by Rxn,k, and the sig-

nal transmitted by the BS can be represented by Txn,k, and nn,k represents the

additive Gaussian noise. Also,Hn,k = HD
n,k

+HR
n,k
represents the complete channel

response considering both the direct and reflected paths from the RIS. Likewise,

the channel responses of the direct path, HD
n,k

∈ ℂ
MB ×MD , are accompanied by the

RIS incident and reflected channel response, denoted byHR
n,k
. This response is fur-

ther broken down into HB,R
n,k

∈ ℂ
MB ×MR , the channel response of the path between

the BS and the RIS, and HR,U
n,k

∈ ℂ
MR ×MU , the channel response from the RIS to

the UE. These collective responses are denoted as HR
n,k
. Additionally, the channel
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response linked with the direct and reflected path has been elaborated in [30].

To determine a UEs position, we use the information (orientation, position, and

clock bias information) obtained from the received signal Rxn,k. The methodology

involves three stages: Initially, we estimate the channel parameters such as TOA,

AOA, and AOD. Then, we extract the LOS and RIS path parameters. Ultimately,

we localize the UE based on the information obtained from the preceding two

stages. Moreover, in wireless communication systems, localization typically relies

on the presence of multiple BSs to operate effectively. However, it is worth not-

ing that using RIS technology can significantly reduce the infrastructure needs for
localization while providing added benefits such as enhanced energy efficiency,

streamlined deployment, and reduced maintenance expenses.

10.2.4 Hardware Design of RIS-Assisted 6G–IoT System

RISs stand out as thin layers of electromagnetic metamaterials engineered to

manipulate radio waves, enabling tailored customization of the wireless environ-

ment to meet specific system needs [31]. While RIS structures typically consist

of multiple layers, the composition of each layer may vary depending on the

type, including reflective, refractive, and hybrid configurations. The outermost

layer features a two-dimensional array of RIS elements designed to engage

with incoming signals directly. Positioned beneath is a middle layer, typically

constructed of a plate, for instance, a copper plate, serving to prevent the leakage

of signal energy. Lastly, the innermost layer consists of a printed circuit that

interfaces with the 6G RIS controller, facilitating meticulous regulation of the

phase shifts linked with the RIS elements [32].

Thus, the hardware design of RIS-assisted 6G–IoT entails the development

of proficient and robust RIS structures capable of augmenting wireless commu-

nication and positioning capabilities in the 6G epoch [33, 34]. These structures

comprise arrays of passive reflective components, such as antennas or metama-

terial elements, managed by programmable hardware elements. Central to the

hardware design lies the configuration of the intelligent surface, encompassing

the layout and setup of the passive components alongside the control mechanism.

These passive components are strategically positioned to reflect and regulate

incoming electromagnetic waves, thus shaping the propagation environment

[35]. The hardware elements tasked with governing the intelligent surface wield

significant influence over its functionality. Typically encompassing phase shifters,

amplifiers, and controllers, these components facilitate precise adjustment of the

phase and magnitude of the reflected signals. Moreover, alongside the passive

components and control hardware, the design may integrate sensing and com-

munication modules for acquiring environmental data and exchanging control
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signals with other network entities. These modules empower the RIS to adapt to

evolving conditions and optimize its operational efficiency in real time [36].

Moreover, advancing RIS hardware technologies hold the potential to enhance

both spectrum efficiency and energy efficiency in 6G–IoT networks [37, 38].

Specifically, ensuring seamless connectivity in 6G–IoT networks presents a multi-

faceted challenge, as the escalating number of devices strains available bandwidth

Table 10.2 Related works of RIS for outdoor and far-field localization.

References Research summary

Wymeersch et al. [40] In this work, the authors comprehensively examine radio
localization and mapping facilitated by RIS technology. They
contend that RISs offer significant advantages for localization
and mapping endeavors, including enhanced precision and
broader geographical reach under the condition that suitable
models and algorithms are devised. Additionally, the authors
suggest that as we transition into the era of post-5G
communications, it is pertinent to explore localization
techniques that extend beyond the capabilities of current and
forthcoming generations of wireless technology.

Chen et al. [10] Building upon RISs inherent capabilities to enhance the radio
localization of IoT devices, this study provides a comprehensive
overview of RIS applications in 6G–IoT wireless positioning.
While the research extensively addresses various aspects of RIS
utilization for 6G–IoT wireless positioning, it falls short of
thoroughly examining the fundamental principles of
localization.

Basharat et al. [16] In this work, the authors conducted a thorough and methodical
examination of the latest advancements in RISs, which are
widely acknowledged as potent tools for enhancing 6G wireless
networks. Additionally, the research briefly explores the
synergies between RIS and other communication technologies,
such as IoT. While the study provides comprehensive coverage
of various aspects of RIS applications in 6G networks, it is
essential to note that the fundamental concept of RIS
localization within the context of 6G–IoT has yet to be
addressed, indicating a potential area for further research.

Proposed work This survey is not just a theoretical exploration but a practical
guide to RIS applications for wireless positioning and
localization in the context of 6G–IoT, encompassing almost all
the topics in terms of localization principles, the range of
algorithms for localization aided by RIS, cutting-edge research
on positioning and localization, the prospective obstacles, and
forthcoming avenues of research linked with RIS-assisted
6G–IoT for wireless positioning and localization.
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resources, necessitating heightened spectrum efficiency [39]. Concurrently, opti-
mizing energy usage is a critical imperative for mobile 6G–IoT devices, given the

widening gap between signal processing circuit power consumption and device
battery capacity. Furthermore, the dense proliferation of devices within 6G–IoT
networks engenders substantial inter-device interference, posing potential limi-
tations on network capacity. Nevertheless, the maturing hardware capabilities of
RIS offer a promising solution to surmount these challenges, affirming its pivotal
role in shaping the future landscape of 6G–IoT networks. Hence, the hardware of
RIS enhances the spectrum efficiency of 6G–IoT networks, with each RIS element
contributing an additional communication link, thereby facilitating spatial
diversity gain. Likewise, the utilization of these channels does not necessitate
additional energy-consuming hardware, leading to an enhancement in energy

efficiency through increased data rates.

10.2.5 Related Works

Numerous survey articles are individually available in the domains of RIS, 6G,
wireless positioning, and localization. However, there is a limitation in the sur-
vey articles specifically addressing RIS localization in 6G–IoT, given its emergent
nature. Therefore, this study aims to bridge this gap by presenting a comparative
analysis, illustrated in Table 10.2, between our proposed survey and other recent
surveys in the realm of RIS-assisted 6G–IoT wireless positioning and localization.

10.3 Localization Principles and RIS-Aided
Localization Algorithms

In this section, we delve into the foundational aspects of localization, compris-
ing three key components: measurements, reference systems, and estimation
algorithms. Initially, we discuss these components in detail. Following that, we
comprehensively explain the commonly utilized measurements, such as ToA,
TDoA, AoA, AoD, RSS, and hybrid measurements. Subsequently, we illustrate

various localization algorithms assisted by RIS, including simultaneous local-
ization and mapping (SLAM), geometry-based location estimation algorithms,
fingerprinting, and Kalman filters.

10.3.1 Localization Principles

The localization principles pertain to the fundamental techniques andmethodolo-
gies utilized in ascertaining the spatial position or location of objects, devices, or
users in a specific environment [41]. The radio localization systems consist of three



10.3 Localization Principles and RIS-Aided Localization Algorithms 349

crucial elements: measurements, reference systems, and estimation algorithms.

The measurements, commonly involving ToA, TDoA, AoA, AoD, and RSS, are

gathered from radio signals dispatched between the source and destination via the

process of estimating the channel. The reference system encompasses a series of

anchors, including scatterers, reflectors, gadgets, and other relevant entities, that

possess predetermined positions and geometric interconnections to the objectives

of interest. Ultimately, estimation algorithms contribute to building a mathemati-

cal association between themeasurements obtained and the location of the targets

and references involved. Based on the varied classes of measurements, there exist

several rudimentary principles of localization that can be classified into categories

such as ToA/TDoA, AoA/AoD, RSS, and hybrid measurements. Figure 10.4 illus-

trates the basic principles of localization and the localization algorithms that RIS

assists.

10.3.1.1 Time of Arrival/Time Difference of Arrival

ToA and TDoA are methods that hinge on measurements of the time taken for

signal propagation between the target and anchors. Essentially, these techniques

are based on time and are used to determine the target’s location. To be specific,

ToA measures the time a signal travels from a transmitter (anchor) to a receiver

(target) [42]. The distance can be calculated based on the speed of the signal. Con-

sider a scenario where M anchors are available for aiding in positioning. Let the

nth anchor be located at coordinates (xn, yn). Thus, the following Eq. (10.2) can

represent the distance between the target and the nth anchor

dn = c𝜏n, n = 1, 2,…M. (10.2)

Here, the value of 𝜏n represents the ToA for an event, while the speed of light

is denoted by c. Furthermore, the ToA method for localization is known to have a

significant drawback, i.e., the need for stringent synchronization. This is because

the ambiguity regarding the beginning time can cause time offsets in ToA mea-
surements, which limits its practical use. Hence, it is primarily employed in global
navigation satellite systems (GNSSs), including global positioning systems (GPSs),
where advanced synchronization control and clock calibration systems exist to
ensure increased precision.
One potential approach to mitigate synchronization expenses is to leverage

TDoA, which signifies the difference or disparity in ToA measurements [43].
Therefore, TDoA is a technique for determining a target’s location. It works
by analyzing the time disparities between the signals received from multiple
anchors instead of calculating the absolute duration of the signal transmission.
The constant differential distance between the designated entity and any pair of
anchors enables the determination of the target’s position on a hyperbolic curve,
with the two anchors serving as focal points. This mathematical relationship
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makes TDoA a highly accurate and reliable method for pinpointing the location

of a target.

Δdn = dn − d0 (10.3)

In Eq. (10.3), the benchmark anchor is denoted by the subscript 0. Conse-

quently, the intersection of the hyperbolas is calculated to obtain the target

position. Unlike other methods, the TDoA-based system does not require

detecting signal transmission time. This leads to a noteworthy decrease in

synchronization prerequisites between the target and anchors, as achieving syn-

chronization among anchors is relatively more straightforward than that between

the target and anchors. Nevertheless, the subtraction of ToA measurements in

TDoA-based positioning introduces correlated noise, a crucial aspect thatwarrants

consideration.

10.3.1.2 Angle of Arrival/Angle of Departure

Angular measurements offer localization data that complements temporal mea-
surements, utilizing the directional information from nearby anchors rather than
their distances. The AoA is a method used to determine the angle of a signal as
it arrives at a receiver. This technique typically involves using an antenna array
to triangulate the position of the signal. Analogously, the AoD is akin to AoA but
instead concentrates on the angle at which a signal leaves a transmitter. Further-
more, in 5G networks, implementing massive antenna arrays has paved the way
for introducing AoA- and AoD-based positioning strategies. These advanced tech-
niques allow for more precise and accurate positioning of devices, enhancing the
network’s overall performance.

10.3.1.3 Received Signal Strength

Alternative approaches may be required when measurements based on time and
angle are not readily available. One such approach is RSS-based localization,
which involves converting radio signals into a position estimate [44]. This can
be achieved by leveraging distance information obtained through methods such
as ToA and TDoA or by contrasting calculated RSS values with RSS fingerprints
to determine the probable location. To be precise, RSS computes the separation

or spatial gap between the sender and receiver using the power of the received

signal or signal strength. Also, it is noted that with an increase in the distance

separating the devices, the signal tends to weaken. Furthermore, in cases where

the environment is subject to change or the propagation framework is unknown,

the RSS-based localization strategy can be used to generate a received power map.

This map matches the RSS measurement to the stored RSS fingerprint, making it

an effective method for localization. Moreover, fingerprinting has the drawback
of reduced precision, requiring database restoration in case of environmental
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changes. Nonetheless, implementing RSS fingerprinting localization in hardware

is more straightforward and cost-effective than time or angle-based approaches,
making it a significant consideration in indoor localization. In reality, positioning
technologies based on RSS have broader network applications that can achieve

positioning accuracy at the meter level.

10.3.1.4 Hybrid Measurements

As aforementioned, time-based techniques necessitate stringent synchroniza-

tion, whereas angle-based methods require an antenna array. Nevertheless,

both approaches offer superior accuracy and are more cost-effective than RSS
approaches. In contrast, RSS techniques are simpler to obtain and do not need
dedicated hardware. However, the data derived from RSS for measuring range is
imprecise, and the signal strength measurements are vulnerable to the impact
of channel states. Numerous algorithms that employ hybrid measurements
are presented to enhance accuracy. These solutions have been shown to have
superior noise resilience compared to using individual measurements. Thus,
hybrid measurement merges numerous types of measurements to boost accuracy
and reliability. That is, hybrid approaches harness the strengths of different
methods to achieve a more precise outcome. In [45], the authors proposed a
constrained total least squares methodology to tackle the challenge of localizing
targets in three dimensions utilizing hybrid TDoA–AoA measurements. Later
in [46], the authors proposed a high-speed algorithm that effectively mitigates
errors associated with NLoS in TDOA–AOA hybrid localization. This algorithm is
particularly well-suited for real-time applications where expeditious and accurate
localization is critical.

10.3.2 RIS-Aided Localization Algorithms

Model-based and learning-based approaches are the two categories associated
with RIS-aided localization algorithms. Model-driven approaches encompass
inferential- or physics-guided approaches, including SLAM, geometry-based
location estimation algorithms, fingerprinting, and Kalman filters. Meanwhile,

the learning-driven approaches are data-centric, employing machine learning

(ML) algorithms like neural networks to comprehend and delineate the corre-

lation among signals aided by RIS and the position of the receiver. The benefits

of model-driven strategies over data-driven methodologies are manifold. These

approaches are underpinned by performance constraints that provide robust

guarantees of efficiency and dependability. They depend on established signal

processing strategies and generally entail lower intricacy compared to data-driven

techniques. Below is a brief discussion of some frequently utilized model-driven

strategies in RIS-assisted localization.
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10.3.2.1 Geometry-Based Location Estimation Algorithms

Geometry-based techniques for UE localization depend on TOA and AOA calcu-

lations or an amalgamation of these two to calculate the UEs two-dimensional

or three-dimensional location. Unlike conventional systems, where these meth-

ods necessitate calculations from numerous BSs to ascertain the UE location,

geometry-based approaches facilitate UE location estimation with the assistance

of an individual BS and an RIS [47]. The location estimation process implicates

developing an objective function that integrates geometric data and addresses an

optimization issue incorporating geometric limitations. Noteworthy features of

geometry-centered localization methods include their independence from

training requirements, theoretical analyzability, and scalability across diverse

environmental settings.

10.3.2.2 Fingerprinting

The fingerprintingmethod involves building a database thatmaps the characteris-

tics of the signal received at different positions in a given setting [48]. The database
holds technical details unique to each location, such as signal amplitude patterns,
RSS, or channel state information (CSI) [49]. Also, to localize a device, multiple
points in the environment are measured for their RSS and signal characteristics
with the help of RIS. These measures are then cross-referenced with a fingerprint
database to ascertain the most similar match. Here, RISs are deeply involved in

the manipulation of the wireless channel to improve the accuracy and consis-

tency of measurements. The reflected signal is optimized by altering the reflec-

tion coefficients associated with RIS elements, which results in themeasurements

obtained becoming more accurate and consistent. Nevertheless, the environmen-

tal factors that fingerprinting depends on can effectively change with time in case
of any changes in the RIS configuration, which can potentially cause degrada-

tion of the location estimations accuracy. Environmental stability in employing

RIS in fingerprinting calls for a constant RIS configuration during fingerprint-

ing and the location estimation is performed post-fingerprinting. This would have

accounted for any phase shift or perturbation of the signal taking place in the RIS

system, which was seen to remain the same with the changes in time. In addition,

manymethodologies could have been used tomatch the fingerprints, ranging from

pattern matching to ML and deep learning (DL) algorithms, to weigh the most

optimal correlation among the calculated signals and fingerprints found within a

database [50]. It can estimate the location of the device with which this matched

fingerprint was associated.

10.3.2.3 Kalman Filters

The Kalman filter is an iterative estimation algorithm specially crafted for the

optimal fusion of dynamic frameworks with noisy measurements to estimate a
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system state. Within the field of localization, the Kalman filter has RIS-assisted
measurements using RSS or ToA, enhancing the precision of the device’s position
by leveraging the preceding state estimate and motion dynamics [51]. Utilizing
the Kalman filter-centered strategy has the potential to substantially alleviate
the negative influences resulting from multipath, noise, and other propagation
phenomena on the accuracy of localization. This is accomplished by revising
the state estimate iteratively while integrating RIS-aided dimensions. Regardless
of its ubiquitous utilization in localization tasks, the Kalman filtering strategy
possesses numerous drawbacks. The system’s linearity and the Gaussian noise
assumption may not be valid in complicated real-life environments. In addition,
the initial or starting state that the filter mandates may not be precisely known,
and any mistakes therein can spread, leading to imprecision in estimating the
state. Likewise, the assumption of constant process and measurement noise
covariances, a prerequisite for Kalman filters, is often unmet in real-world
situations. Moreover, model discrepancies and outliers can considerably impact
their performance. The extended Kalman filter [52] could be a favorable remedy
to tackle the nonlinear challenges encountered by the Kalman filter.

10.3.2.4 Simultaneous Localization and Mapping

SLAM is a well-known technique for position estimation of a device while
concurrently generating a comprehensive map of its environments. This method
involves the careful placement of the RISs in the environment so as to enable the
change of the wireless channel, thus resulting in the improvement of the quality
of reception of the signal. The device estimates metrics like RSS or ToA at different
RIS-aided locations throughout the SLAM process [53]. Such measurements, in
conjunction with the locations of the RISs that are known, help position the UE
and create a complete map of the surrounding terrain. The pivotal role played by
RISs in heightening the precision and dependability of localization and mapping
endeavurs is underscored by their ability to optimize the quality of received
signals. That is, such an approach has the edge in precise localization, even in
intricate environments whereinmultipath propagation andNLoS situations could
prevail. Further, using RISs within the environment can dynamically change the
reflection coefficients to the environment to enhance the strength and resilience
of the SLAM-empowered localization framework.

10.4 State-of-the-Art Research on Positioning
and Localization with the Assistance of RIS in 6G–IoT

This section extensively explores the forefront research advancements in posi-
tioning and localization leveraging RIS technology within the domain of 6G–IoT.
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Specifically, it delves into research endeavors encompassing various facets of

positioning and localization, including RIS-supported mm-wave positioning

systems, RIS applications in near-field, indoor, outdoor, and far-field localization,

and RIS integration for THz communication.

10.4.1 Potential of RIS-Assisted Positioning

RIS can efficiently reconstruct radio signals and alter their inherent character-

istics, including direction and polarization, by interacting with the surrounding

environment. This transformation of thewireless channel into an intelligent trans-

mission framework enables RIS to manage signal propagation intelligently. Fur-

thermore, there is a possibility of focusing energy within three-dimensional space

for transmitting and receiving purposes, using novel communication, sensing, and

electromagnetic environment control capabilities. The authors in [40] developed

suitable models and algorithms where RISs are utilized to enhance the precision

of positioning and extend physical coverage, thus promoting positioning tasks.

The potentiality and inception ofRIS localization can be outlined in three points.

Initially, the RISs significantly larger surface area offers a notable advantage com-
pared to traditional MIMO positioning approaches. RIS leverages the complete
continuous surface for both transmitting and receiving radio signals. Addition-
ally, with the growth in the surface area of the RIS, the Cramer-Rao lower bound
(CRLB) for terminal device positioning decreases. Second, measuring both phase
and amplitude ensures that RIS localization remains cost-effective.
Third, an efficient online scheme for optimizing the phase configuration ofwire-

less RIS using DL techniques has been introduced [54]. This scheme aims to focus

transmission energy accurately on the intended user position, maximizing signal

strength. Leveraging the elevated focusing capacity of enormous RIS sizes enables

accurate estimation of mobile terminal positions, facilitating improved precision

ranging and radio localization. Figure 10.5 depicts the cutting-edge technologies

that are employed in RIS-aided 6G–IoT networks. A detailed explanation of these

technologies will be provided in Sections 10.4.2–10.4.6.

10.4.2 RIS-Assisted mm-Wave Positioning System

Research on positioning using signals in themm-wave band andMIMO systems is

extensive due to the wide bandwidth and high-temporal resolution offered by the
mm-wave spectrum and the increased spatial resolution provided by enormous
arrays of antenna featuring exceedingly narrow beams in the angular domain
[55–57]. Studies [58] indicate that it is possible to attain accurate positioning
using a single BS. RIS is integrated into the mm-wave MIMO localization setup as
reflective elements, presuming a direct LOS path is present between the BS and
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Figure 10.5 State-of-the-art technologies in RIS-aided 6G–IoT networks.

the mobile station. Through derivation of the Fisher information matrix (FIM),

the system establishes the CRLB for the standard deviation of positioning and

orientation estimation errors. This analysis demonstrates the superiority of the

RIS-aided mm-wave MIMO positioning framework over traditional methods.

However, research into positioning under conditions of obscured LOS is still lim-

ited. As a continuation of the aforementioned localization setup, the authors have

further investigated adaptive beamforming techniques for RIS-assisted mm-wave

MIMO localization. This work’s critical distinction lies in treating the direct

path attenuation among the BS as well as the mobile station as an obstruction.

Utilizing a hierarchical codebook (HCB) and feedback from the receiver, the

author proposes an adaptive phase-shifter design. This design aims to maximize

the phase value of individual RIS units, thereby enhancing positioning accuracy

and data rate performance. This study is of great importance in exploring practical

approaches for coordinated positioning and communication strategies.

The authors of [59] investigated a multiuser location algorithm utilizing an

HCB. Simulation outcomes achieved across different signal-to-noise ratio (SNR)
scenarios showcase the efficacy of the proposed approach in facilitating multiuser
localization within the mm-waveMIMO radar framework, given the utilization of

an appropriate HCB design. However, it is crucial to emphasize that realizing this

potential hinges upon implementing an appropriate HCB design. Later in [60], the

authors address the challenge of signal obstruction prevalent in mm-wave MIMO

communication environment by introducing a technique enabling concurrent

beam training and positioning. This approach entails estimating the AoD channel
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parameter through beam training, which is then leveraged by the mobile terminal

to ascertain its location. Subsequently, the obtained information on the position

assists in fine-tuning the parameters for beam training. Simulation outcomes

demonstrate that this proposed method achieves centimetre-level positioning

accuracy for multiple users.

10.4.3 RIS for Indoor Localization

RIS can help determine the position of objects or devices within indoor environ-

ments. RIS surfaces are embedded with a large number of small elements capable

of modifying electromagnetic wave propagation characteristics. It can control the

reflection, refraction, and diffraction of electromagnetic waves to optimize sig-
nal propagation. By adjusting the properties of electromagnetic waves, RIS can
amplify signals and reduce signal degradation, leading to improved accuracy in
localization.
RIS can be placed strategically indoors to optimize signal coverage and enhance

localization performance. Technologies like Wi-Fi or Bluetooth-based positioning
systems are commonly used for indoor localization. RIS can reduce the effects
of multipath propagation, where signals take multiple paths to reach a receiver,
causing signal distortion and errors in localization. Through focusing signals and
reducing interference, RIS can improve the ratio of useful signals to background
noise, resulting inmore accurate localization.Moreover, RIS can enablemore pre-
cise localization by directing signals toward specific areas or devices within the
indoor space.

In indoor environments, GPS signals can be unreliable due to obstructions and

obstacles that degrade signal quality. However, RIS offers a promising solution. By
strategically deploying RIS elements, mitigating the effects of signal attenuation
and multipath propagation caused by obstacles is possible. Consequently, RIS
can enhance communication reliability and assist in achieving high-precision
positioning for users within indoor spaces where GPS signals alone can be insuf-
ficient. The authors of [61] utilize ultra-wideband (UWB) positioning along with

RIS technology. Manipulating the reflection phases of each RIS unit, multipath

signals can be labeled and processed more efficiently within the range of 0 to

2π. This innovative indoor localization approach integrates the capability of RIS

to characterize multipath channels with the increased multipath resolution of

UWB technology. The presented scheme’s CRLB suggests that RIS can achieve

precise positioning even with only one access point. Additionally, as the scheme

necessitates just an individual access point and inexpensive RIS components, it

presents a highly precise and cost-efficient option for indoor localization.

The authors in [62] introduced a framework for indoor positioning which

utilizes RIS. They also proposed a new formula to determine the optimal RIS
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configuration for enhanced precision in indoor positioning. The present formula

is designed to minimize the probability of incorrect positioning. Moreover,

an iterative approach is adopted to optimize the system’s configuration and

ensure an effective resolution of the problem. Numerical results demonstrate
that the presented approach greatly reduces positioning errors in contrast to
methods lacking RIS assistance. Furthermore, it highlights the effectiveness of
RIS technology in indoor positioning.
In [63], a DL approach is introduced for the real-time optimization of RIS con-

figurations in indoor communication networks. The approach uses a fingerprint

database of coordinates to train a deep neural network (DNN) capable of mapping

user location data to the optimal phase settings for the RIS. This optimization aims

to maximize RSS at the desired location. The results of simulations performed

in three-dimensional indoor circumstances have indicated that the method pro-

posed, which relies on DNNs, consistently improves the achievable throughput in

different scenarios at the specific user location aimed for.
In [64], the author introduces and assesses an ML approach designed for

wireless fingerprinting localization within environments enhanced by RIS. This

method integrates standard components like k-nearest neighbors (k-NN) localiza-

tion and genetic algorithms, capitalizing on RIS abilities to establish an adaptable

and intelligent radio landscape. The findings demonstrate the efficacy of this

approach in achieving precise localization accuracy without requiring numerous

access nodes or extensive fingerprint grid samples. The study underscores the

potential of RIS and advanced radio environments in achieving sub-meter local-

ization precision. Furthermore, it suggests that future investigations examine

highly complex systems, including mixed LoS and NLoS circumstances, elevated

frequencies, numerous RIS components, and considerable RIS implementations.

10.4.4 RIS for Near-Field Localization

RIS-assisted near-field localization for 6G–IoT involves leveraging RIS to enhance

localization accuracy and reliability in close proximity scenarios. Near-field

localization refers to determining the position of devices or objects within the

Fraunhofer distances, which are typically within a few meters. A dual-phased

localization approach is presented for pinpointing the transmitter’s position using

an RIS functioning as a lens operating within the mm-wave frequency range.

This method demonstrates the capability to achieve localization accuracy at the

decimeter level within the near-field region [65]. The authors [66] presented a

model for regional localization aided by RIS, encompassing phase optimization

and location inference. Findings indicate that the model exhibits exceptional

efficacy, delivering near-peak performance in localization tasks. In [67], a com-

prehensive framework is formulated, which covers both near-field and far-field
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configurations. It introduces an SNR-driven phase optimization algorithm for

reflecting RIS, aiming to mitigate CRLB. Compared to traditional systems lacking

RIS, this method notably diminishes both position error bound (PEB) and

directional error bounds. Achieving accurate localization in real-world settings is

a complex task necessitating consideration of various factors. Situations involving

LoS obstructions are particularly crucial and demand attention in near-field

localization studies assisted by RIS. Overlooking these scenarios could impede

the efficacy of RIS-supported localization techniques. Therefore, addressing

LoS obstruction scenarios is imperative for optimal performance in real-world

environments.

In the work [68], authors explored localization and CSI estimation within a

sub-THz system employing an RIS in the near-field. They proposed a collective

channel estimation and localization scheme tailored explicitly for near-field

scenarios, demonstrating exceptional performance compared to conventional

methods typically applied in far-field conditions, particularly regarding local-

ization accuracy and CSI estimation root mean square error. The research

underscores the significance of acknowledging near-field phenomena and angle

separations among UE to achieve precise localization utilizing a single RIS

panel. Moreover, when employing a more extensive RIS panel with a greater

number of elements, it becomes imperative to consider the spherical wavefront

characteristics to prevent any deterioration in performance.

An algorithm for localization relying on TOA was proposed in [69]. The

outcomes obtained from this algorithm demonstrate that high localization

accuracy can be maintained even in situations with significant blockages in

the near-field region of RIS. Furthermore, the algorithm operates in two steps,

and its efficacy has been demonstrated through rigorous testing. The findings

support the TOA-based algorithm’s feasibility for accurate localization in complex

environments. In [70], the authors present a simplified near-field localization

technique named approximation mismatched maximum likelihood, leveraging

the Jacobi–Anger expansion and integrating RIS amplitude. They also suggest

an iterative enhancement strategy to update both positioning and RIS amplitude

framework parameters, utilizing the outcome as the starting estimate. Simu-

lations indicate the effectiveness of this method, with the iterative algorithm
approaching the CRLB for localization accuracy asymptotically.
In [71], the authors analyzed RIS-enabled asynchronous localization of UE

through PEB and equivalent fisher information (EFI). Results show the feasibility

of UE localization employing near-field spherical wavefront modeling, albeit with

diminishing EFI over distance. The study underscores disparities in performance

among spatial and power gain within the BS–RIS channel. Additionally, caution

was advised against employing the SNR-maximizing focusing control strategy

for RIS in positioning functionalities. In the work [72], the authors investigated
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the potential of a holographic RIS (HRIS) in achieving more precise mm-wave

near-field localization. By considering antenna radiation patterns, they derived

both the FIM and CRLB. Theoretical results indicate that the position determi-

nation accuracy could be enhanced with larger HRIS. To further improve results,

they proposed an iterative entropy regularization approach to optimize HRIS

phases and diminish the worst-case CRLB.

10.4.5 RIS for Outdoor and Far-Field Localization

RISs show great potential in outdoor and far-field localizationswithin 6G–IoT net-

work scenarios. Conventional localization in outdoor environments and far-field

scenarios usually entails difficulties such as signal attenuation,multipath propaga-

tion, and physical barriers. RISs present innovative solutions to these problems by

actively controlling the wireless channel to boost the accuracy as well as depend-

ability of localization. One of the most essential benefits of RIS-aided localization

in the outdoor environment is the ability to counteract signal attenuation across

extensive distances. Through strategic placement along the communication path,

RISs can compensate for signal loss and uphold signal strength, thereby extending

the coverage of wireless networks in outdoor settings. This is especially useful for

cases where devices are dispersed across expansive areas, such as asset tracking,

environmental monitoring, and precision agriculture. Moreover, RISs can poten-

tially alleviate the influences of multipath propagation in far-field scenarios. At

the far-field, RISs can mitigate the influences of multipath interference and raise

the received signals spatial resolution by controlling the reflected signals phase

and amplitude. Thus, accurate localization of IoT devices is facilitated, even in

environments characterized by intricate propagation patterns.

Furthermore, RIS-assisted localization in outdoor and far-field scenarios

opens avenues for collaborative localization schemes. Through integration with

established localization technologies like GNSS or cellular networks, RISs can

increase localization accuracy and resilience through hybrid positioningmethods.

This may include helping to localize GNSS receivers with extra positioning data

or mitigating multipath effects, especially in complex urban or obstructed envi-
ronments. In summary, localization with RIS assistance is among the essential
enabling techniques for far-field and outdoor applications within the 6G–IoT

networking domain. Table 10.3 presents an outline of various research works in

the domain of RIS for outdoor and far-field localization.

10.4.6 RIS for THz Communication

Assistance from RIS is necessary for accurate localization and positioning, which

are crucial in making the most of THz communication for 6G–IoT networks. RIS
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Table 10.3 Related works of RIS for outdoor and far-field localization.

References Research summary

Zhang et al. [73] In this work, the authors present a novel approach employing
RIS to improve outdoor localization based on RSS
fingerprinting using a single BS. The proposed approach
leverages RISs controllable phase shifts to generate
distinguishable RSS values at identical locations. Furthermore,
to optimize the localization accuracy, the proposed approach
employs a localization error minimization algorithm that
utilizes the generated RSS fingerprints.

Yildirim et al. [74] The authors of this work have highlighted the prospective
advantages of using RIS to model and examine indoor and
outdoor utilizations in upcoming wireless networks that
operate on various frequencies. Furthermore, this work has
yielded significant insights regarding error performance and
attainable data rates, even when the system is not ideal, such as
when there are range limitations in phase adjustment or when
the channel phase estimation at the RISs is inaccurate.

Emenonye et al. [75] The authors of this work devised a Bayesian framework to
tackle localization challenges in RIS-assisted systems,
examining uncertainties in both near- and far-field settings. In
addition, this study yielded the Bayesian equivalent FIM
(EFIM), which sheds light on the limitations in correcting RIS
orientation deviation in far-field situations when the phase
offset is unknown, while this phase offset did not influence
near-field cases. Moreover, EFIM analysis was established to
show the importance of having prior knowledge about RIS
location for effective localization across various RIS sizes and
propagation conditions. Numerical analysis further
demonstrated the information degradation occurring when
employing the far-field model to interpret signals received in
near-field propagation scenarios.

He et al. [76] The authors introduced the notion of a partially linked
receiving RIS (R-RIS) engineered to detect and pinpoint users
generating electromagnetic waveforms in this work. The
hardware design of the proposed R-RIS comprises subarrays of
meta-atoms that utilize waveguides to route waveforms toward
reception RF chains for the estimation of both channel and
signal parameters. With a particular emphasis on far-field
scenarios, the work proposes a three-dimensional localization
approach that relies on narrowband signaling and AoA
estimates, leveraging meta-atoms phase configuration.
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significantly enhances the dependability and performance of localization and

positioning systems in THz-based communication environments by improving

signal propagation, enabling precise beamforming, mitigating multipath effects,
and facilitating adaptive localization algorithms. In [77], the authors present a
comprehensive study on integrating intelligent reflecting surfaces with THz com-
munication. Furthermore, this work delves into the core technologies, promising

applications, and potential hurdles posed by the combination of intelligent reflect-

ing surfaces and THz communication in the context of 6G communication sys-

tems. In a subsequent work [78], the authors investigated the capabilities of the 6G

THz network regarding localization, focusing on contrasting it with 5G mm-wave

localization systems. Additionally, this work offers guidance regarding developing
effective and feasible localization algorithms tailored for MIMO systems compris-
ingRIS-assisted arrays of subarrays, shedding light onpotential avenues for further
investigation.

10.5 Potential Challenges of RIS-Aided 6G–IoT
for Wireless Positioning and Localization

RIS has been gaining traction in the field of IoT due to its ability to improve

positioning accuracy and localization. However, implementing RIS-based

localization in the context of 6G–IoT presents several challenges. As with any

emerging technology, certain technical hurdles need to be overcome. Below are

some of the critical challenges associated with RIS-based localization in 6G–IoT.

Figure 10.6 schematically depicts the impediments of RIS-based localization in

6G–IoT.

10.5.1 Challenges in Acquiring Parameters Related to the Position

The traditional methods used for estimating the channel can provide solely the

numerical values of parameters associated with position, including ToA and AoA.

However, the indices are ambiguous or lack clarity, and we cannot determine if a

particular ToA/AoA is associated with the BS or a specific RIS. As mobile commu-

nications in the future are likely to leverage mm-wave, THz, and even advanced

frequency bands, the channel response is expected to exhibit sparsity in the angle

domain and will predominantly rely on the geometric association among devices

and their surroundings. Consequently, acquiring position-related metrics can be

resolvedmore effectively by utilizing compressive sensing approaches [79], as they
are closely linked to each other.
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Figure 10.6 Challenges of
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10.5.2 Positioning of IoT Devices on a Massive Scale

Multitarget positioning, while useful, has limitations and can only be effective for
a small number of targets. As more and more IoT devices are being used, it is
anticipated that the upcoming 6G–IoT devices will facilitate a larger number of
positioning requirements compared to the current 5G devices. This implies that
positioning-dependent devices in a wide range of indoor and outdoor IoT appli-
cations, including smart homes and smart cities, will evolve more robustly. Fur-
thermore, to enhance the usability of RIS for the IoT, it is essential to conduct
further research on its capability to support multiuser localization. Likewise, the
design of network architecturesmust be restructured to facilitate the integration of
ultramassive machine-type communications. Also, for the purpose of positioning
a massive scale of users in the upcoming 6G systems, it is imperative to establish
rational protocols for localization and RIS beamforming.

10.5.3 Impediments Due to Unavoidable Near-Field Positioning

With the proliferation of carrier frequencies in 6G, near-field localization is

unavoidable in upcoming 6G networks. In the near-field scenario, the phase
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of the spherical wave exhibits nonlinearity concerning incident angles and

distances of individual paths. The proximity between BS–RIS and RIS–UE in

RIS-assisted IoT systems results in elliptical equiphase surfaces. This elliptical

characteristic, differing from the assumptions made for far-field scenarios, causes
significant performance degradation when conventional technology is directly

applied to the near-field. Integrating RIS into the IoT localization framework

necessitates reassessing the channel model, considering elliptical phase surfaces.

This integration also demands the precise focusing of beams for users at varying

angles and distances [80]. Furthermore, as the size of the RIS and the frequency

of the carrier increase, it is more probable for transceivers to be positioned in the

near-field. Therefore, this poses a challenge in the context of indoor localization

and IoT positioning applications.

10.5.4 Challenges Posed by Elevated Frequency Bands in the

Context of 6G

As we move toward the next generation of wireless communication, 6G, there

will be a shift toward transmitting higher frequency signals. However, these

high-frequency signals are more susceptible to obstructions in the propagation

environment, which requires a greater focus on NLOS positioning. Most current

indoor positioning studies assume LOS conditions, which are unsuitable for

6G–IoT indoor applications. To address this, we need to design a system model

that accounts for real-world NLOS positioning scenarios. Additionally, the rise in

frequency also impacts the dimensions of the RIS element. As we move toward

more elevated frequency bands, significant manufacturing and integration

challenges are posed that require us to develop innovative solutions to adapt to

these changes. It is worth discussing whether novel hardware configurations and

operational principles are necessary to overcome this challenge.

10.5.5 Challenges Associated with Channel Estimation

RIS has arisen as a prospective technology for enhancing wireless positioning and

localization. However, the effectiveness of RIS depends heavily on the accuracy of
the CSI available for RIS optimization [81]. The CSI can be obtained by converting
position-related information into partial or statistical CSI [82]. Thus, to fully uti-
lize the benefits of RIS, it is essential to have perfect knowledge of CSI. However,
achieving this is not easy due to the limitations of signal reception and processing

in reflecting state or limitations on the quantity of RF chains when RIS acts as a

transceiver. Therefore, the most formidable impediment in the practical imple-

mentation of RIS still pertains to channel estimation. Consequently, in 6G–IoT

RIS-assisted positioning, channel estimation techniques usually involve high



10.6 Future Research Directions 365

training overheads or complex computations, which become even more challeng-
ing when dealing with large RIS setups. Therefore, developing low-complexity
but near-optimal channel estimation methods is essential to address these
challenges.

10.5.6 Challenges Encountered by the Nodes in Motion

Further attention is required in the area of RIS localization, particularly in relation
to the mobile or moving nodes [83]. Consideration should be given to factors such
as the dynamic modeling of channels, Doppler effects due to the velocity of the
node, and the influence of channel instabilities on localization accuracy, and tra-
jectories should be planned accordingly. These impediments warrant discussion
and in-depth analysis to ensure optimal performance is achieved. Also, the process
of optimization of signal reflection and transmission in anRIS primarily entails the
manipulation of the electromagnetic characteristics of its constituent elements.
The optimization process for RIS can be a bottleneck, especially for high-mobility
applications. This can prompt obsolete or inadequate arrangements that degrade
or nullify the performance of the system. Thus, this delay in controlling the RIS is
a significant limitation that hinders the complete utilization of RIS technology in
high-mobility applications, including but not limited to drones, driverless vehicles
and supersonic trains.
In addition to these challenges, RIS-based localization in 6G–IoT faces several

other significant issues. One prominent issue in RIS optimization is the need
for practical algorithms that can meet low target position criteria. Additionally,
there is a lack of standardization across RIS systems, further complicating the
optimization process [84]. Another issue is the absence of RIS control mech-
anisms based on location that can guarantee reliability and accuracy while
maintaining low latency. Furthermore, the successful implementation of RIS
technology in 6G–IoT localization applications faces significant challenges due to
the constraints in RIS hardware and the susceptibility of individual RIS elements,
known as pixels, to malfunction [85]. Notably, the challenges involved in this
regard are intricate design requirements, slower processing speeds, and elevated
energy consumption, all of which must be tackled to guarantee dependable and
effective performance. Likewise, the process of achieving accurate and efficient
calibration of RIS technology is a notable challenge that must be tackled for its
broader implementation.

10.6 Future Research Directions

The development of 6G–IoT wireless positioning and localization with the aid
of RIS has garnered much attention from researchers lately. As such, numerous
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avenues of exploration have been identified for future research. Below are some of
the directions being pursued.

10.6.1 RIS-Aided Joint Sensing and Communication

In recent years, there has been an emergence in the importance of positioning
aided by RIS technology, making it increasingly significant for RIS to perform
joint sensing and communication in the context of the IoT [86]. In the long run,
positioning and communication services integration necessitates the availability
of sensing capabilities, including localization and imaging, which can be lever-
aged to improve communication performance. At the same time, it requires amore
profound integration of architectures and waveforms to achieve seamless coordi-
nation between the two domains [87]. Furthermore, the RIS is distinguished by its
exceptional capability to manipulate reflected electromagnetic waves artificially.
This unique capability of RIS holds remarkable potential for merging position-
ing and communication. The concept of merging location and communication by
name refers to the use of identical hardware architectures and algorithms for both
processes. This strategy aids in reducing the expenses associated with deploying
the location network. Nevertheless, the combined design of RIS to aid commu-
nication and positioning has yet to receive much attention in research. In the
context of positioning, the process of transmitting signaling and packets of data
intended for positioning purposes can cause interference with communication
channels, reducing communication data’s transmission efficiency. In order to push
the boundaries of joint sensing and communication, future research should focus
on exploring the protocols associated with transmission, network architecture,
and theoretical boundaries associated with the fundamental information. This
should be coupled with the advancements in high-frequency signal processing
technology and the design of coding, modulation, and beamforming for RIS-aided
systems.

10.6.2 Artificial Intelligence-Empowered Strategies for RIS-Assisted

Localization

Data-driven approaches are becoming more prevalent in the era of artificial
intelligence (AI), supplanting model-based signal processing due to their superior
algorithmic robustness [88]. In light of this, the development of AI-guided
approaches for radio localization enhanced by RIS have the potential to enhance
radio localization performance significantly [89]. AI-powered RIS control can
expand the design possibilities of these surfaces, making it an essential area of
study [90]. Likewise, the implementation of ML- and AI-based algorithms in RIS,
active RIS, and simultaneos transmitting and reflecting (STAR)–RIS-supported
networks is anticipated to have a significant impact in the near future.
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10.6.3 Distributed RIS

An effective strategy to enhance the overall localization performance is to split
the total extensive RIS into more diminutive components and disperse them
at a predetermined distance. This approach surpasses the reliability of central-
ized approaches, resulting in a heightened average localization performance
[91]. Furthermore, the distributed operation of RIS is particularly beneficial

in disaster scenarios. The incorporation of numerous RIS patches, readily

detachable from the comprehensive RIS, enhances connectivity and effectively
mitigates the infrastructure fragmentation resulting from disasters. Deploying
RIS in a distributed manner can lead to heightened intricacy, as each individual
patch of the RIS must be intelligent, and there may be significant feedback

overhead. Additionally, any RIS design should consider the need for detachable

functionalities.

10.6.4 Positioning and Localization of Users Inside the Tunnel

Autonomous vehicles fitted with network access units and sensors are poised to

undertake a significant role in forthcoming intelligent transportation structures,

which are a crucial component of smart cities. However, in a highway tunnel,

GPS signal strength is typically weak, posing a persistent challenge for achieving

accurate positioning. The attainment of precise positioning is paramount for

forthcoming autonomous vehicles, as it directly influences optimal safety and

security measures. Furthermore, efficient rescue work during tunnel accidents

heavily relies on the precise location tracking of personnel and vehicles. This

highlights the critical importance of accurate positioning systems in such sce-

narios. Thus, by installing RIS on the walls or ceiling of a tunnel, it becomes

possible to accurately track the location of personnel or vehicles inside the tunnel

[92, 93]. That is, RIS holds the capability to enhance the strength of received

signals through the strategic reuse of signals in environments with multipath

propagation, consequently resulting in improved performance for positioning.

Nevertheless, the application of RIS encounters a challenge in practical scenarios,

primarily due to the swift mobility of vehicles. Ensuring instantaneous assis-

tance for vehicle positioning necessitates an RIS controller equipped with swift

computational abilities to dynamically modify the reflected beam’s direction.

This specific requirement must be thoroughly addressed in the current literature

on RIS positioning. In instances where a vehicle is in motion within a tunnel,

the RIS must dynamically estimate the channel as the target user moves, simul-

taneously devising a suitable phase shifter. Exploring the feasibility of relying

solely on channel-state statistics becomes crucial when perfect CSI is not readily

accessible.
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10.6.5 Installation and Optimization of Radio Localization with RIS

The prevailing body of literature primarily revolves around formulating theoreti-

cal frameworks, with minimal or no substantive initiatives dedicated to practical

explorations into radio localization’s design and deployment facets with RIS. Con-

sequently, there exists a substantial void that demands scrutiny concerning the

practical viability of methodologies advocated in the literature. Achieving peak

performance in communication parameters, precision of localization/sensing, and

coverage hinges on optimizing RIS quantity and placement. Furthermore, ver-

ifying that the refined deployment of RIS indeed confers advantages over con-

ventional BS deployments is imperative, particularly regarding total energy usage

and coordination endeavors. This optimization procedure encompasses precisely

calibrating the position along with the orientation of the RIS, coupled with its syn-

chronization with BSs.

10.6.6 Focusing of Beams in Near-Field

Challenges and opportunities arise in the transmission of electromagnetic wave

signals when it comes to 6G systems, especially in the context of the near-field.

While far-field plane waves are restricted in directing the energy of the beam to

a particular angle, this becomes a limitation in densely populated user scenarios

within the same angle domain due to interference. In contrast, the wavefront in

the near-field differs from the one in the far-field. It provides additional resolu-
tion in the range domain, enabling the beam to focus its energy at a precise angle

and distance. Consequently, it can potentially enhance the precision of location

identification in situations where multiple users are present.

In the field of RIS-aided 6G–IoT wireless positioning and localization, there

are several research trends to keep an eye on in the future. One is the need to

validate and test RIS-aided prototypes for multiuser scenarios. Another trend is

optimizing RIS reflection for more realistic scenarios with partial or imperfect CSI

or hardware imperfections [94]. Furthermore, integrating RIS with other emerg-

ing technologies like blockchain [95] and quantum computing [96] is expected to

gain traction in the future. Quantum communication for channel estimation is a

promising area of research in this regard.

10.7 Conclusions

The advancements of the 6G wireless communication system introduce novel

positioning requirements and present unique challenges. Thus, leveraging RIS to

enhance the radio localization of IoT devices emerges as a prospective avenue for
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study. This chapter initially elucidates the role of RIS-aided 6G–IoT networks in

wireless positioning and localization.Moreover, it expounds on the characteristics

of RIS that render it conducive to wireless positioning and localization, illustrat-

ing RIS-assisted IoT networks and RIS for wireless positioning and localization

through a system model. Subsequently, the chapter delves extensively into

localization principles, encompassing ToA/TDoA, AoA/AoD, RSS, and hybrid

measurements. It then explores various algorithms for localization aided by RIS.

Following this, it elaborates in detail on cutting-edge research about positioning

and localization, encompassing RIS-assisted mm-wave positioning systems, RIS

for indoor, near-field, outdoor, and far-field localization, as well as RIS for THz

communication. Finally, the prospective obstacles and forthcoming avenues of

research linked with RIS-assisted 6G–IoT for wireless positioning and localization

are outlined. Thus, this section presents a comprehensive state-of-the-art survey

covering nearly all aspects of RIS-aided 6G–IoT for wireless positioning and

localization, anticipated to provide valuable insights and guidance for researchers

in this domain.
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11.1 Introduction

Reconfigurable intelligent surfaces (RISs) or intelligent reflecting surfaces (IRSs)

have brought about a significant change in the traditional wireless communica-

tion by turning them into smart radio networks. These networks are capable of

providing high data rates with power efficiency at an affordable cost. They have

been a game-changer for beyond fifth-generation (B5G) and sixth-generation

(6G) networks. A RIS is a planar surface consisting of a vast number of reflective

elements that can alter the amplitude and phase of incoming signals using

intelligent control [1]. RISs can dynamically reconfigure wireless propagation

channels to enhance signal power for intended users. RISs can effectively

manipulate the wireless propagation environment to optimize signal coverage,

mitigate interference, and improve overall system performance by strategically

adjusting the phase and amplitude of reflected signals [2]. This capability enables

RISs to significantly enhance the capacity, reliability, and efficiency of wireless

communication systems in diverse environments and scenarios [3]. The deploy-

ment of RISs in B5G and 6G networks holds great promise for addressing the

ever-increasing demands for high-speed, reliable, and ubiquitous connectivity

[4]. Leveraging the unique capabilities of RIS technology, network operators and

service providers can unlock new opportunities for delivering advanced services

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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and applications, ranging from ultra-fast internet access to immersive multimedia

experiences andmission-critical communication services [5]. The existing body of

research provides the robust evidence demonstrating the significant performance

improvements offered by RISs in various applications of 6G networks. Numerous

studies have highlighted the effectiveness of RISs in enhancing the performance

of communication systems operating in terahertz (THz) and millimeter-wave

(mmWave) communications frequency bands [6, 7]. Additionally, RISs have been

shown to improve communication reliability and efficiency in device-to-device

(D2D) network scenarios [8, 9]. In this context, RISs enable unmanned aerial

vehicles (UAVs) to have better connectivity and coverage, leading to improved

data transmission and control capabilities [10]. Similarly, in satellite commu-

nications, RISs help optimize signal propagation and mitigate interference,

enhancing communication reliability [11]. Furthermore, RISs play a crucial role

in integrated sensing and communication (ISAC) networks, facilitating efficient

data collection, processing, and transmission for various sensing applications

[12]. In Internet of things (IoT) deployments, RISs enable intelligent signal

routing and optimization, enhancing connectivity and communication efficiency

[13]. Despite the significant advancements in wireless networks, B5G and 6G

technologies are still vulnerable to various security threats. These threats include

pilot contamination attacks, pilot spoofing attacks, jamming, environment recon-

figuration attacks (ERAs), and eavesdropping, which can significantly impact

the confidentiality, availability, and integrity of communication systems in these

advanced networks. To mitigate these privacy and security concerns, researchers

have proposed different approaches to address the unique characteristics and

requirements of 6G networks. Some of these approaches include:

● Physical key generation: Utilizing physical properties of communication

channels to generate secure cryptographic keys, ensuring secure communica-

tion between network entities.

● RIS deployment: Leveraging RISs to reshape wireless environments and

enhance communication security by controlling signal propagation, mitigating

interference, and improving signal confidentiality.

● Artificial noise generation: Introducing artificial noise into communication

channels to obfuscate transmitted signals and prevent eavesdroppers (EAVs)

from intercepting sensitive information.

● Frequencyhopping:Employing frequency hopping techniques to dynamically

switch between different frequency channels, making it difficult for attackers to

jam or eavesdrop on communication links.

Among these approaches, RISs have emerged as a promising solution for enhanc-

ing security in B5G and 6G networks. RISs offer the capability to intelligently

control signal propagation and optimize wireless environments without imposing

significant costs or complexity on network infrastructure. Through strategically
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deploying RISs, network operators canmitigate security threats, improve commu-

nication reliability, and enhance overall network performance.

11.1.1 Key Contributions of the Chapter

The following are the significant contributions of this chapter:

● Identification of privacy and security concerns: This chapter identifies and

explores the significant privacy and security concerns associated with imple-

menting RIS technology in wireless communication systems. This recognition

is crucial for understanding the risks and challenges of deploying RIS-based net-

works.

● Comprehensive analysis of issues: It offers a comprehensive analysis of the

multifaceted landscape of privacy and security issues, covering aspects such as

data leakage, location privacy, user profiling, surveillance, unauthorized access,

data tampering, signal jamming, infrastructure vulnerabilities, and regulatory

compliance.

● Proposed solutions and strategies: The chapter proposes solutions and

strategies for various attacks to address the identified privacy and security

challenges, including implementing robust encryption, authentication mech-

anisms, intrusion detection systems, and adherence to privacy and security

regulations. This proactive approach is essential for mitigating risks and

ensuring the integrity and confidentiality of data in RIS-enabled networks.

● Focus on physical layer security: It highlights the importance of incorporat-

ing physical layer security measures into RIS deployments to enhance the con-

fidentiality and integrity of wireless communication. This emphasis on physical

layer security is significant for safeguarding against eavesdropping and unau-

thorized access, contributing to the overall resilience of RIS-assisted networks.

● Identification of future research directions: This chapter identifies future

research directions and challenges in leveraging the benefits of RIS technology

for physical layer security and covert communications. This recognition under-

scores the ongoing need for innovation and advancement in the field to address

emerging threats and maximize the potential of RIS-enabled networks.

11.1.2 Chapter Organization

Section 11.2 presents the related works on ensuring security and privacy in 6G

applications assisted by RIS. Section 11.3 introduces the security and privacy

perspectives in RIS-assisted 6G applications. Section 11.4 describes the various

threats and attacks in RIS-supported wireless systems, while Section 11.5 covers

the secure physical layer networks for RIS-assisted systems, and Section 11.6

concludes the chapter with a discussion of future directions.
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11.2 Related Work

The section represents a subset of the research efforts aimed at addressing security

and privacy concerns in RIS-assisted wireless communication systems, and they

offer valuable insights into the challenges and potential solutions in this emerging

area of research. Table 11.1 lists various literature works on security and privacy

perspectives in RIS-assisted wireless communication systems.

Table 11.1 Related works on security and privacy issues in RIS-assisted wireless
communication systems.

References Research summary

Hossain
et al. [14]

This research analyzes the security performance of mixed dual-hop
RIS-aided networks against eavesdropping. It evaluates secrecy capacity,
outage probability, and ensures positive secrecy capacity to understand
the implications of security threats and performance capabilities.

Kaveh
et al. [15]

This article explores the effect of RIS technology on physical layer security
in smart grid communications. An RIS, smart meter, and eavesdropper
are considered to create a smart environment. The objective is to improve
physical layer security performance in terms of secrecy outage probability
and average secrecy capacity.

Lin et al. [16] This study analyzed four security-reliability trade-off (SRT) schemes:
random jammer selection (RJS), optimal jammer selection (OJS), multiple
jammers (MJ), and non-jamming (NJ) found that RJS, OJS, and MJ
perform better than NJ in terms of SRT. Moreover, the author conducted a
secrecy gain analysis, which showed that the three aforementioned
schemes are superior. Finally, simulations revealed significant SRT
benefits of RJS, OJS, and MJ compared to the conventional NJ scheme.

Porambage
et al. [17]

The author discusses 6G network security, including key performance
indicators and potential threats. Furthermore, this study examines
privacy and security challenges with 6G requirements and applications
and provides insights into ongoing standardization efforts and research
projects. Finally, the author explores security considerations for enabling
technologies like physical layer security, distributed AI/ML, visible light
communication (VLC), THz, and quantum computing.

Khalid
et al. [18]

The article provides a comprehensive overview of employing RIS within
the realm of physical layer security for 6G-IoT networks, focusing on
eavesdropping and jamming attacks. It explores the fundamental
principles, hardware architecture, and various design strategies
leveraging RIS, including resource allocation, beamforming, artificial
noise, and cooperative communication. Furthermore, it addresses
research challenges such as RIS modeling, channel modeling,
optimization, machine learning, and recent advancements like
simultaneously transmitting and reflecting intelligent surface (STAR)-RIS
and malicious RIS.
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11.3 Ensuring Security and Privacy in 6G Applications
Assisted by RIS

The integration of RIS, with a keen focus on privacy and security and exploring its

vast range of applications in the field of 6G networks presents an exciting oppor-

tunity for the development of advanced wireless communication systems. Though

it is a complex and multifaceted task, it is a critical venture that promises to bring

significant advancements in the field.

11.3.1 RIS Operation

The operation of an RIS involves dynamic adjustments of electromagnetic prop-

erties to enable RIS to actively influence and enhance wireless communication by

adapting to the changing conditions of the communication environment [19]. This

operation involves real-time adaptability to varying communication conditions,

enhancing signal quality, and improving overall performance in diverse environ-

ments [20, 21]. Various security attacks on RIS-assisted wireless communication

systems are illustrated in Figure 11.1.

1. Wave Interaction

● RIS comprises a surface embedded with numerous small elements, includ-

ing antennas or reflecting elements.

Alex
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Figure 11.1 Security attacks on RIS-assisted wireless communication systems.
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● These elements interact with incident electromagnetic waves, influencing

their characteristics, such as phase, amplitude, or polarization.

2. Phase Control

● A fundamental function of RIS is to manage the phase of incoming electro-

magnetic waves.

● Through precise adjustments to the phase of reflected or transmitted waves,

RIS can strategically create constructive or destructive interference patterns,

thereby shaping the overall communication environment.

3. Smart Surface Adaptation

● RIS undergoes continuous adaptation by dynamically adjusting its config-

uration in response to real-time environmental conditions, user require-

ments, or network demands.

● Adaptive algorithms process feedback from the environment or user

devices, leading to dynamic reconfiguration of RIS elements for optimal

wireless communication.

4. Beamforming and Steering

● RIS facilitates beamforming by strategically concentrating signal energy in

specific directions to enhance communication links.

● RIS optimizes signal strength and quality by steering beams toward

intended receivers, effectively mitigating interference and countering

multipath effects for improved overall performance.

5. Channel State Information Feedback

● RIS employs feedback mechanisms, such as channel state information

(CSI), to gain insights into the prevailing state of the wireless channel.

● This feedback provides valuable information to the RIS, allowing it to assess

the effectiveness of its adjustments and optimize its configuration dynami-

cally for enhanced communication performance.

6. Collaboration with Base Stations

● RIS collaborates with base stations (BSS) within cellular networks to aug-

ment coverage and capacity.

● Coordination with BSs entails sharing information about channel con-

ditions, enabling the RIS to adapt its configuration to complement and

optimize the existing network infrastructure. This collaborative approach

contributes to improved overall network performance.

7. Interference Mitigation

● RIS is a tool formitigating interference by intelligentlymanipulating signals

through reflection or refraction, thereby minimizing unwanted effects from

nearby transmitters.

● Through dynamic adaptation to the communication environment, RIS

enhances signal quality and effectively reduces interference, improving

overall communication performance.
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8. Integration with 5G/6G Networks

● RIS is purposefully designed to integrate seamlessly with existing (5G) and
future (potentially 6G) wireless communication standards.

● This integration emphasizes interoperability and coordinated functionality
to harness the full potential of RIS within advanced communication envi-
ronments, ensuring optimal performance and compatibility with evolving
network technologies [22].

9. Dynamic Optimization Algorithms

● RIS employs intelligent algorithms for dynamic optimization, considering
factors such as signal-to-noise ratio, interference levels, and user quality of
service (QoS) requirements.

● These algorithms dynamically adjust RIS parameters and continuously
adapt to changing communication conditions, thus ensuring optimal
performance in diverse, evolving wireless environments.

10. Energy E�ciency

● In RIS operation, there is a focus on incorporating energy-efficient strate-
gies, mainly when the surface operates with limited resources.

● Using energy-aware algorithms aims to achieve a harmonious balance
between enhancing performance and conserving energy, thereby ensuring
sustainable and efficient RIS operation.

11.3.2 Security and Privacy Perspectives on RIS

Security in RIS implementation entails safeguarding against unauthorized access,
maliciousmanipulation, and interception of wireless communication signals [23].
Privacy concerns arise due to the potential for unintended disclosure of sensitive
information during signal manipulation by RIS. Since RIS can alter signal char-
acteristics, there is a risk of unintentional leakage or interception, compromising
user privacy [24]. Integrating security and privacy considerations into RIS design
and implementation processes, the full potential of wireless communications can
be realized while ensuring confidentiality and integrity.

● Encryption: Implement an end-to-end encryption process to protect the con-
fidentiality of communication over RIS. This process ensures that data trans-
mitted between devices and through the RIS remains secure and inaccessible to
unauthorized entities.

● Authentication:Establish robust authentication protocols for devices interact-
ing with the RIS. This protocol prevents unauthorized access and ensures that
only legitimate devices can communicate with the RIS. Utilize methods such as
digital certificates and biometric authentication for enhanced security.

● Access control: Implement robust access control mechanisms to regulate
which devices or users can interact with the RIS. This implementation includes
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defining permissions, user roles, and restrictions to prevent unauthorized RIS

configuration or data manipulation.

● Regular Security Audits: Conduct frequent security audits to identify and

address potential vulnerabilities in the RIS infrastructure. Regular assess-

ments help stay ahead of evolving security threats and ensure continuous

improvement in the security posture of the 6G network.

● Updates andPatching:Keep the RIS system up-to-date with the latest security

patches and updates. However, it is essential to address any known vulnerabili-

ties and protect against exploits that could compromise the security of the RIS.

● IndustryCollaboration:Engagewith industry experts and collaborate to share

insights and best practices related to RIS security. Staying informed about the

latest security trends and solutions is crucial in developing effective strategies

to safeguard the 6G network.

● Adherence to Standards: Ensure compliance with established security stan-

dards and protocols relevant to RIS in 6G. Adhering to recognized standards

provides a baseline for security measures and facilitates interoperability with

other secure systems.

● Network Segmentation: Employ network segmentation to isolate critical

components of the 6G infrastructure. However, it limits the impact of potential

security breaches, preventing attackers from moving laterally within the

network.

● Monitoring and Incident Response: Implement robust monitoring systems

to detect anomalous activities and potential security incidents. Develop a

well-defined incident response plan to mitigate and recover from security

breaches effectively.

11.3.3 Various Applications of RIS in 6G from Security and Privacy

Perspective

The section provides a structured overview of the applications of RIS in 6G net-

works and the associated security and privacy challenges, highlighting the need

for comprehensive strategies to address these concerns and foster the development

of secure and privacy-preserving communication systems.

● THz and mmWave: In the first application, RISs are crucial in overcoming

communication challenges, particularly in THz andmmWave systems. THz fre-

quencies encounter signal propagation challenges, and RIS can optimize their

path [6]. Meanwhile, mmWave signals are susceptible to interference. RIS can

mitigate interference by adjusting reflected signals and improving reliability and

security [25]. RISs effectively extend coverage andmitigate path loss issues asso-

ciated with these high-frequency bands through a strong line-of-sight (LOS)
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channel between transmitter and receiver. Additionally, RISs can improve the

rank andpower ofwireless channels. This can lead to better spatial diversity, par-

ticularly for outdoor systems.Moreover, itmitigates interference, improves secu-

rity through secure beamforming, and safeguards against unauthorized access

and eavesdropping in high-frequency communication, thusmaking it pivotal for

future technologies like 6G and IoT. Viewing security and privacy attacks from

the perspective of non-terrestrial networks empowered by RIS are illustrated in

Figure 11.2.

● Cell Edge: In the second application, a network aided by RIS is described, with

users positioned at the cell periphery facing interference from neighboring

BSs and experiencing significant signal attenuation from their own BS [26].

Here, RIS is crucial in enhancing communication system security by effectively

countering eavesdropping and mitigating jamming interference. However,

challenges arise at the cell edge due to non-line-of-sight (NLOS) communi-

cation channels and potentially malicious multiple antenna jamming treads

introducing replayed or falsified signals that disrupt transmissions.

● D2D: Ensuring security and privacy in D2D applications within RIS networks

is crucial. The interaction between devices in close proximity raises potential

vulnerabilities, including the risk of unauthorized access, eavesdropping, and

data interception [27]. Protecting sensitive information becomes paramount,

necessitating robust encryption mechanisms and secure authentication pro-

tocols [28]. Additionally, the dynamic nature of RIS introduces challenges in

managing access control and preventing malicious activities. Addressing these

concerns is essential for ensuring the secure and private operation of D2D

applications within RIS networks.

● IoT Networks: The fourth application uses RIS to optimize energy consump-

tion in IoT networks with budget constraints. RIS technology optimizes the

propagation environment for IoT devices by adjusting signal paths [29]. This

optimization helps to overcome obstacles such as signal attenuation, interfer-

ence [30], and multipath fading, resulting in more reliable communication

between IoT devices. In the meantime, it reduces power losses that occur over

long distances by using passive beamforming in RIS. However, IoT networks

aided by RIS are vulnerable to coordinated attacks orchestrated by enhanced

adversarial vehicles and malicious jammers (MJs) can undermine system

performance. MJs can interfere with both RISs and BSs, complicating the

decoding of transmitted information within the network.

● NOMA: The fifth application focuses on 6G non-orthogonal multiple access

(NOMA) systems. RIS can assist NOMA systems in maximizing spectral effi-

ciency, increasing the number of served users, and enhancing communication

rates [31]. RIS can help NOMA systems achieve better spectral efficiency,

serve more users, and improve communication rates. “However, RIS-assisted
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NOMA networks face security challenges from both internal and external

eavesdropping threats.” High-power users are vulnerable to eavesdropping;

internal EAVs can compromise their info due to interference cancellation [32].

Moreover, integrating NOMA techniques into RIS networks offers promising

opportunities to address the growing demand for high-capacity, efficient, and

secure wireless communication systems.

● Cognitive Radio: Cognitive radio (CR) enables dynamic spectrum access by

allowing RIS to select optimal frequency bands intelligently based on real-time

spectrum availability and user demands. CR algorithms continuously monitor

the spectrum and adapt RIS parameters such as phase shifts and reflection

coefficients to operate in the most efficient frequency bands [33]. Additionally,

CR performs spectrum sensing to detect idle or underutilized frequency bands.

RIS networks can use this information to adjust their reflective properties

to enhance signal strength and quality in the selected frequency bands. CR

algorithms consider various QoS metrics, such as throughput, latency, and

reliability. Moreover, RIS networks can adapt their reflective properties to

meet QoS requirements by optimizing signal coverage, multipath diversity, and

interference levels [34].

● Multi-access edge computing: In the seventh application, multi-access edge

computing (MEC) brings computing resources closer to the network edge,

enabling low-latency processing and content delivery. Through deploying MEC

servers near RIS nodes, latency-sensitive applications can leverage the RIS’s

ability to optimize signal propagation paths, reducing communication delays

[35]. MEC allows o�oading computational tasks from end-user devices to

nearby edge servers for efficient execution. Meanwhile, integrating MEC with

RIS networks can optimize communication paths and signal coverage to facil-

itate seamless o�oading of data and computation-intensive tasks, improving

overall system performance. Moreover, RIS nodes can assist in content delivery

by optimizing signal reflections to direct traffic toward MEC-enabled servers

hosting cached content, enhancing user experience and network efficiency.

● UAV: In the eighth application, UAV can serve as aerial BSs or relays, providing

enhanced connectivity and coverage in areas with limited infrastructure [36].

RIS nodes can adjust their reflective properties dynamically to optimize signal

propagation paths between UAVs and ground terminals, mitigating signal

blockage and improving link reliability. UAV-mounted RIS units can enhance

on-demand signal and beamforming capabilities for mobile communication

devices. However, adjusting their reflective properties in real time can optimize

signal strength and quality for UAV-to-ground and UAV-to-UAV communica-

tion links, thus facilitating seamless mobility and handover. RIS networks can

minimize co-channel interference [37], maximize spatial reuse, and enhance

overall spectral efficiency in UAV communication systems. UAV–RIS networks
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can enhance security and privacy by implementing secure communication

protocols and dynamic signal encryption, protecting sensitive data, and

preventing unauthorized access or interception.

● SWIPT: Simultaneous wireless information and power transfer (SWIPT)

enables simultaneous transmission of both information and power in the same

frequency band. Integrating RIS with SWIPT networks can optimize signal

reflections to ensure minimal interference between power and information

signals, thus maximizing spectral efficiency and communication reliability

[38]. Additionally, RIS nodes can assist in optimizing the timing and power allo-

cation for energy harvesting and information transmission, ensuring efficient

utilization of harvested energy and maximizing communication throughput

[39]. Moreover, RIS nodes can implement secure communication protocols and

authentication mechanisms to ensure the integrity and confidentiality of data

transmission and power transfer operations.

11.4 Various Threats and Attacks in RIS-Supported
Wireless Systems

The section provides a structured overview of the various threats and attacks

in RIS-supported wireless systems, along with potential countermeasures and

defense strategies to address these security challenges effectively.

11.4.1 Pilot Contamination Attack

Pilot contamination is a significant threat in RIS networks, particularly in systems

where multiple users share the same pilot resources. This contamination can

arise from interference between reflected signals and the pilot signals of other

users, resulting in adverse effects such as decreased spectral efficiency, increased

interference levels, and a degraded signal-to-interference-plus-noise ratio (SINR)

[40]. Also, it can result in inaccurate channel estimation, leading to suboptimal

beamforming, precoding, and resource allocation. Malicious attackers could

exploit this vulnerability by manipulating the phase shifts of RIS elements to

intentionally corrupt the pilot signals of specific users. Additionally, adversaries

can engage in eavesdropping on legitimate users’ (LUs’) pilot signals and subse-

quently inject interference [41] into the RIS-aided reflections to exacerbate the

contamination. Moreover, these threats underscore the critical need for robust

security measures within RIS networks to safeguard their performance and

integrity. Various attacks on RIS-assisted wireless communication systems are

illustrated in Figure 11.3. Mitigation strategies for pilot contamination attack:
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Figure 11.3 Threats and attacks in RIS-aided wireless network system.

● Randomized pilot allocation: Employ randomized pilot allocation schemes
to reduce the likelihood of pilot contamination by dynamically assigning pilot
sequences to users.

● Pilot decontamination techniques:Utilize advanced signal processing tech-
niques such as pilot decontamination algorithms to mitigate the effects of pilot
contamination.

● Secure RIS control: Implement secure control mechanisms to prevent
malicious entities from unauthorized manipulating RIS phase shifts and
configurations.

● Physical layer security:Utilize physical layer security techniques such as arti-
ficial noise injection to protect pilot signals from eavesdropping and tampering.

11.4.2 Pilot Spoofing Attack

Pilot spoofing can be particularly detrimental in an RIS network due to the
complex interactions between the RIS elements and user equipment. Attackers
generate fake pilot signals or alter existing ones tomislead receivers about channel
conditions or user identities. This type of attack can severely disrupt communi-
cation protocols and compromise network performance [42]. Also, it can exploit
the reconfigurable nature of RIS elements to manipulate the propagation envi-
ronment and amplify the effects of pilot spoofing. Furthermore altering the phase
shifts of RIS elements, attackers can enhance the propagation of spoofed pilot
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signals andmake them appear more authentic to receivers. A pilot spoofing attack

involves engaging in active eavesdropping by deploying indistinguishable training

sequences to manipulate channel estimation during the pilot training sequence,

potentially resulting in unauthorized access to or interception of intended data.

Although this necessitates detailed knowledge of the pilot sequence, using

random sequences can aid in detecting such attacks. The emergence of RISs and

real-time programmable features in wireless channels creates possibilities for con-

ducting pilot spoofing more efficiently. Through embedding RIS control methods

seamlessly into communication protocols, malicious individuals can manipulate

wireless channels, potentially introducing threats such as the obliteration of

the interchange between uplink and downlink channels, thus posing additional

risks to legitimate communication. Moreover, the RIS adds complexity to the

communication channel, exacerbating the impact of pilot spoofing and making

it harder to detect and mitigate fake signals. Countermeasures for pilot spoofing

attacks:

● Mitigating pilot spoofing attacks in RIS networks requires a multifaceted

approach.

● Techniques such as robust authentication mechanisms, secure channel estima-

tion algorithms, and anomaly detection methods can help identify and mitigate

spoofed pilot signals.

● Additionally, implementing encryption and authentication protocols for pilot

signals can enhance the security of RIS networks and protect against spoofing

attacks.

11.4.3 Jamming Attack

Cooperative jamming serves as a strategic approach to counter eavesdropping

and jamming attacks to bolster communication security. This technique involves

the transmission of information signals by the primary station to authorized

users while concurrently emitting a jamming signal by a relay node to disrupt

the communication channel. Unlike traditional jamming methods, cooperative

relaying or jamming enhances network security by creating a secure connec-

tion between end nodes [43]. Common cooperative relaying strategies include

decode-and-forward and amplify-and-forward. Thesemethods effectivelymitigate

the impact of eavesdropping and jamming attacks, thus reinforcing the overall

security of the communication network. Furthermore, RIS can dynamically

adjust the phase and amplitude of its reflecting elements to create focused beams

toward the LR while simultaneously steering nulls toward the jamming source.

Mitigation strategies for jamming attack:

● The dynamical adaptation of the beamforming pattern, pattern allows RIS to

effectively mitigate the effects of the jamming signal.
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● Additionally, intelligent algorithms integrated within the RIS network can
detect patterns or anomalies indicative of jamming signals. Upon detection,
the RIS can dynamically reconfigure its reflecting elements to counteract the
jamming signal or inform the communication system to adjust its transmission
strategy accordingly.

● Through intelligently manipulating the phase and amplitude of the reflecting
elements, the RIS can create destructive interference at the receiver’s location,
effectively neutralizing the jamming signal.

● Employing frequency hopping or spread spectrum techniques with RIS can
make it more challenging for jammers to disrupt communication. Meanwhile,
by spreading the signal over multiple frequencies or rapidly switching between
frequencies, the impact of jamming can be reduced, as the jammer would need
to target a broader spectrum.

11.4.4 Environment Reconfiguration Attack

The ERA represents a novel form of jamming attack on modern wireless
networks. Unlike traditional jamming techniques involving actively emitting
jamming signals, ERA leverages an RIS to rapidly manipulate the electromagnetic
propagation environment. By exploiting the RIS, adversaries can swiftly alter the
environment in a way that disrupts legitimate communications for legitimate
receivers (LRs). The key advantage of ERA lies in its utilization of the RIS to
reflect existing legitimate signals, granting the adversary significant leverage
over conventional jamming methods. This approach obviates the need for the
adversary to emit jamming signals actively, thereby reducing the risk of detection
while still achieving disruption of wireless communications. In [44], the authors
proposed an innovative approach to investigate the effectiveness of ERA using
orthogonal frequency divisionmultiplexing (OFDM)modulation. They also intro-
duced an optimization algorithm aimed at enhancing the jamming effectiveness
of ERA, which can have significant practical applications. The research findings
showed that even a small RIS could significantly degrade the data rates in the
wireless network. This suggests that ERA poses a considerable threat to wireless
communication systems, as it can cause substantial degradation in performance
with minimal resources. The utilization of OFDM modulation in this context
likely allowed for a detailed analysis of the attack’s impact on communication
quality and throughput, given OFDM’s widespread use in modern wireless
communication systems.

11.4.5 Manipulation Attack

The author Alakoca et al. [45] has proposed a new method called the RIS-aided
manipulation attack, which aims to improve the security of wireless communi-
cation systems by reducing the key generation rate. In this scenario, Eve utilizes



392 11 Security and Privacy Issues in RIS-Based Wireless Communication Systems

a technique that involves quickly altering the phase of the RIS to exert control

over the wireless environment. The frequency response coefficient likely served

as a metric to gauge the impact of the manipulated wireless environment on the

critical generation process, allowing for a detailed analysis of the attack’s effective-

ness. This study sheds light on the potential security risks of emerging wireless

technologies by exploring how RIS canmanipulate the wireless environment. The

findings can help guide the future development ofmore securewireless communi-

cation systems. It underscores the need for robust securitymeasures tomitigate the

impact of such attacks on key generation processes and overall network security.

The author Acharjee and Chattopadhyay [46] proposed a slewing rate detection

process based on path separation to counter RIS-enabled manipulation attacks

and reduce the critical generation rate in wireless communication systems. This

process involves identifying and separating the affected path in the time domain.

A flexible quantization method is then implemented to speed up key generation.

Simulation results demonstrated successful detection of the attacked path. The

authors recognized that their process requires further refinement and improve-

ment in future studies. This implies that while the initial results are encouraging,

there is room for enhancement and optimization to strengthen the effectiveness

of the proposed countermeasure. The introduction of this countermeasure high-

lights the ongoing efforts in the research community to develop robust defense

mechanisms against emerging threats in wireless communication security, such

as manipulation attacks facilitated by RIS. Continued research and refinement of

such techniques are crucial to ensuring the resilience and security of wireless com-

munication systems against evolving attack vectors.

11.4.6 Signal Leakage and Interference Attack

In the study, author Wang et al. [47] introduced the concept of an illegal recon-

figurable intelligent surface (IRIS), which involves the unauthorized or malicious

use of an RIS. The authors conducted an investigation to address the security con-

cerns raised by the deployment of IRIS, with a particular focus on interference

and signal leakage. Their findings could help mitigate potential security risks and

ensure a safe and effective deployment of IRIS technology. Interference refers to

the disruption or degradation of legitimatewireless communications caused by the

presence of the IRIS. This could result from the IRIS’s intentional manipulation of

the electromagnetic environment to interfere with authorized transmissions. Sig-

nal leakage involves the unintentional or unauthorized transmission of signals by

the IRIS, which could lead to privacy breaches or unauthorized access to sensitive

information. This leakage could occur due to improper configuration or control of

the IRIS, allowing signals to be transmitted beyond intended boundaries. Through

examining these security issues associatedwith the presence of an IRIS, the author
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sheds light on the potential risks and vulnerabilities introduced by unauthorized

manipulation of RIS technology in wireless communication systems. Addressing

these security concerns is crucial to safeguarding the integrity, confidentiality, and

reliability of wireless communications in the presence of such threats. Signal leak-

age, in the context of an IRIS, refers to a scenario where the IRIS is exploited

by an EAV to enhance the data rate of eavesdropped transmissions and improve

the amount of data leaked to the EAV [48]. Unlike traditional wireless systems,

where an IRIS can reflect environmental signals, in this scenario, the EAV uti-

lizes the IRIS to reflect the environmental signal and collect transmission signals

that were not received earlier. Passively enhancing the communication quality of

illegal links and degrading the performance of primary legitimate systems with-

out emitting additional radio frequency (RF) signals, the IRIS facilitates signal

leakage, making it challenging to detect and prevent. The ability of an EAV to

wiretap can be improved by capturing more legal signals leaked from the access

point. This is the main focus of signal leakage. This differs from RIS-based jam-

ming, which involves reducing the signal power received by the LU through the

destructive addition of signals from the RIS and access point. While both tech-

niques involve manipulation of the wireless environment through the use of RIS,

their objectives and effects on communication differ significantly [49]. The use of

RISs for improving physical layer security performance poses challenges in achiev-

ing satisfactory system performance due to the legitimate system’s need for more

control over IRIS-aided interference links. Mitigating interference from IRIS is

nearly impossible, which can severely impede channel estimation and data trans-

mission processes.

11.4.7 Unauthorized Access and Attacks on RIS Controller

The susceptibility of RISs to various incident signals fromdifferent network nodes,

including those generated and transmitted by malicious users, underscores the

importance of implementing proper identification systems for RISs within a net-

work. Malicious signals transmitted to LUs via RISs without such identification

systems can significantly impact decision-making processes. For instance, con-

sider a scenario where false information about traffic is transmitted to an ambu-

lance via anRIS. Thismisinformation could lead to delays or inappropriate routing

decisions, potentially worsening the patient’s condition. Similarly, in a tactical

network, unauthorized personnel using RISs could complicate tactical situations

by transmitting misleading or disruptive signals [50]. Implementing robust iden-

tification and authentication mechanisms for RISs within a network is crucial

to mitigate the risk of unauthorized access and manipulation. Through ensur-

ing the authorized entities can control and interact with RISs, the network can

enhance its resilience against malicious attacks and unauthorized interference,
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safeguarding the integrity and reliability of communications and decision-making
processes. Indeed, intruders can target the tunable chips of RISs as another avenue
for attack. These chips play a crucial role in RISs by allowing the reconfiguration
of signal phase and amplitude, thereby influencing the propagation of signals to
their intended destinations. The objective of the adversary is to manipulate tun-
able chips’ parameters to divert information-carrying signals from their original
path. Through altering the phase and amplitude of signals using compromised
tunable chips, the attacker can disrupt communication links, degrade signal qual-
ity, or even redirect sensitive information to unintended destinations. Protecting
the integrity and security of tunable chips within RISs is essential for ensuring
the reliability and confidentiality of wireless communication systems. Implement-
ing robust authentication, encryption, and tamper-resistant measures can help
mitigate the risk of unauthorized access and manipulation of these critical com-
ponents. Continuousmonitoring and detectionmechanisms can also help identify
and promptly respond to potential attacks on tunable chips.

11.5 Secure Physical Layer Networks for RIS-Assisted
System

The research on security threats related toRISs is indeed still in its early stages, and
only a few studies have focused on addressing potential countermeasures for these
threats. However, the importance of understanding and mitigating these security
risks is becoming increasingly recognized as RIS technology gains traction inwire-
less communication systems.

11.5.1 RIS-Assisted Wireless Network

The author Mei and Zhang [51] utilized a semi-definite programming relaxation
technique to demonstrate cooperative beamforming and jamming in the presence
of EAVs with imperfect CSI. The objective was to maximize energy efficiency (EE)
in such scenarios. The proposed technique improved EE even when the CSI was
imperfect, enhancing the robustness of cooperative jamming and beamforming
systems against eavesdropping attacks. In [52], an optimization algorithm was
presented for RIS phase shift and beamforming design in wireless networks.
The optimization framework aimed to maximize the secrecy rate, which denotes
the rate at which confidential data can be transmitted, even in the presence of
EAVs [53]. The simulation results obtained from this study indicate that the
proposed model has successfully achieved a higher secrecy rate. Thus, indicating
improved security and confidentiality in communication, even in the presence of
EAVs. This underscores the potential of RIS technology to improve the security
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of wireless communication systems by mitigating eavesdropping threats through

intelligent signal manipulation. These studies highlight the ongoing efforts in

the research community to develop advanced techniques and algorithms for

improving the security and performance of RIS-enabled wireless communication

systems, particularly in challenging scenarios involving EAVs and imperfect CSI.

The author Do et al. [54] introduced an Alternating optimization technique to

enhance the secrecy rate in a downlink multiple-input single-output broadcast

network with multiple EAVs. The proposed technique achieved a higher secrecy

rate while enhancing the physical layer security. Using RISs in such scenar-

ios can improve the security and confidentiality of wireless communications

by mitigating the impact of EAVs. In another study [55], a combination of

semidefinite programming relaxation and policy gradient descent techniques

was proposed to achieve a higher secrecy rate while minimizing transmission

power in a RIS–MISO model. Simulations were conducted under both rank-one

and rank–rank channel scenarios, and the results indicated improvements

in physical layer security performance, transmission power efficiency, and

secrecy rate. This study suggests that leveraging RIS technology can enhance

the efficiency and security of wireless communication systems, particularly in

scenarios where secrecy and reliability are paramount. Overall, these studies

demonstrate the potential of advanced optimization techniques and algorithms

to exploit the capabilities of RISs in improving the security and performance of

wireless networks, especially in the presence of EAVs and practical constraints.

Continued research in this area is essential for further refining and validating

these techniques, ultimately contributing to developing more robust and secure

wireless communication systems.

11.5.2 RIS-Aided ISAC

In ISAC networks, the transmitted signal typically contains both sensing and

communication signals, which potential intruders can intercept [55]. This

introduces security concerns, as unauthorized interception of these signals can

compromise the confidentiality, integrity, and reliability of the communication

and sensing processes in the network. Addressing the interception threat in ISAC

networks requires the development of robust security mechanisms and protocols

to safeguard transmitted signals from unauthorized access and manipulation.

Techniques such as encryption, authentication, and intrusion detection can help

mitigate the risk of signal interception and ensure the confidentiality and integrity

of communication and sensing data. Through addressing the security challenges

associated with signal interception in ISAC networks, the deployment of RISs

can realize their full potential in enhancing network capacity and target sensing

capability while maintaining the security and privacy of transmitted information.
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Continued research and development efforts in this area are essential to ensure the

resilience and security of ISAC networks in real-world deployment scenarios. The

work in [12] is notable for developing a physical layer security network framework

by employing Artificial Noise at the transmitting nodes. The authors formulated

an optimization problem as fractional programming to simultaneously minimize

the SINR at radar targets and maximize the secrecy rate in the ISAC network.

The numerical results of this study demonstrated that the proposed framework

achieved the highest secrecy rate. However, it is essential to note that the model

assumed perfect CSI and precise knowledge of the target location at the BS. This

assumption cannot hold in practical scenarios, particularly in the presence of

RISs, which can introduce additional complexities and challenges. RISs in ISAC

networks can impact the propagation environment and introduce uncertainties

in CSI estimation and target localization. As a result, traditional physical layer

security techniques developed for conventional ISAC networks cannot directly

apply in the presence of RISs. Addressing these challenges requires developing

new physical layer security techniques that account for the unique characteristics

and capabilities of RISs. This study can incorporate advanced signal processing

algorithms, adaptive modulation and coding schemes, and robust optimization

frameworks that can adapt to varying environmental conditions and uncertainties

in CSI and target localization.

11.5.3 RIS-Assisted Non-Terrestrial Network

In the context of next-generation communication networks, achieving ubiqui-

tous and user-focused connectivity for 6G networks entails orchestrating both

terrestrial and non-terrestrial networks. This integration aims to leverage the

unique capabilities of non-terrestrial frameworks, such as UAVs and satellites,

for enhancing connectivity, coverage, and capacity. From a physical layer security

perspective, addressing security challenges in non-terrestrial networks, specif-

ically UAV and satellite communications, is crucial due to their susceptibility

to various threats, including eavesdropping, jamming, spoofing, and physical

attacks. Securing communications in these networks is essential to protect

sensitive information, ensure confidentiality, integrity, and availability of data,

and maintain the overall reliability and resilience of the network.

i. UAVnetworks: In this study, Khalili et al. [56] introduced an iterativemethod

for resilient design, aiming to optimize the flight path of UAVs and the phase

adjustment of RIS in the presence of an EAV. The framework involving UAVs

aided by RIS resulted in an enhanced secrecy rate during transmission, thereby

bolstering security at the physical layer. This approach highlights the potential

of integrating RISs and UAVs to boost the security and performance of wireless

communication frameworks, particularly in scenarios where eavesdropping
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threats are prevalent. Similarly, the author in [56] presented three algorithms:

S-procedure, sequential convex approximation, and semidefinite relaxation

aimed at improving physical layer security and secrecy rate in the network.

These algorithms enhance the efficiency of users’ transmitting power, manip-

ulation of RIS beamforming, and the flight path of UAVs while accounting for

the presence of EAVs amidst imperfect CSI. The proposed techniques provide

robust solutions for optimizing system parameters to mitigate eavesdropping

threats and enhance communication security in wireless networks.

Furthermore, the researchers in [57] introduced a convex approximation

method to optimize themanipulation of RIS phase shifts and the flight paths of

UAVs amidst the existence of EAVs. This approach leverages convex optimiza-

tion techniques to optimize RIS phase shifts and UAV trajectories efficiently,

thereby improving communication security and performance in the presence

of EAVs. These studies highlight the importance of developing advanced

optimization techniques and algorithms to enhance physical layer security

and secrecy rate inwireless communication networks, particularly in scenarios

involving UAVs, RISs, and EAVs. By leveraging these techniques, optimizing

system parameters effectively and mitigating security risks is possible, thereby

ensuring the confidentiality and integrity of wireless communication systems.

ii. Satellite networks: The author in [58] devised an alternating optimization

method to reduce the SINR at the EAV while maintaining dependable signal

strength for both satellite and terrestrial network users. Decreasing the SINR

at the EAV constrains the maximum interference experienced by the satellite

user, thereby ensuring dependable communication for users in the terrestrial

network. Simulation results from this study demonstrated a higher secrecy gain

and a significant reduction in the SINR at the EAV, highlighting the effective-

ness of the proposed technique in enhancing security and reliability in satellite

communication systems.

In a separate investigation concerning the incorporation of RISs into the

space-air-ground-integrated network (SAGIN), the authors Chen et al. [59]

observed that integrating RISs with SAGIN could result in notable enhance-

ments in connectivity, wireless coverage, and physical layer security. By

deploying RISs strategically within the SAGIN infrastructure, it becomes

feasible to improve signal propagation, alleviate interference, and improve

the overall performance of the network. This integration of RISs with SAGIN

offers promising opportunities for optimizing network resources, enhancing

communication security, and enabling various applications and services in

diverse environments. Overall, the studies conducted by these authors under-

score the importance of advanced optimization techniques and innovative

network architectures in improving security, reliability, and performance in

satellite communication systems and integrated network environments.
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11.5.4 RIS-Assisted Covert Communication

The author in [60] introduced a penalty successive convex approximation (PSCA)

algorithm for designing the RIS reflecting coefficient and transmit power in

covert communication scenarios. This algorithm was designed to optimize

RIS parameters while considering the lack of Willie’s instantaneous CSI and

global CSI, which are typically required for covert communication techniques.

The results showed that RIS-assisted networks have the potential to surpass

conventional networks regarding covert communication. Through leveraging the

PSCA algorithm to optimize RIS parameters, such as reflecting coefficients and

transmit power, RIS-assisted networks can achieve improved efficacy in covert

communication, surpassing traditional networks [61]. This finding underscores

the capacity of RIS technology to enhance the security and confidentiality of

communication systems, particularly in scenarios where covert communication

is required. By intelligently manipulating the propagation environment, RISs can

help mitigate the risk of eavesdropping and interception, enabling more secure

and covert communication. In this research [62], a one-dimensional exploration

technique was suggested to enhance the optimal reflection amplitude of RIS

and the transmit power in covert networks with RIS assistance. The approach

presumed the presence of statistical CSI for Willie worldwide. The computa-

tional outcomes indicated that the proposed method attained superior covert

capability compared to situations where the RIS method was not utilized. This

investigation underscores the efficacy of utilizing RIS technology to advance

covert communication in wireless networks. Likewise, numerous additional

research endeavours have introduced RIS-supported architectures for covert

communication within NOMA networks [63, 64]. These frameworks aim to

optimize RIS parameters, such as reflection coefficients and transmit powers,

to enhance the covertness and security of communication in NOMA networks.

Through intelligently manipulating the wireless propagation environment, RISs

can help conceal transmitted signals and mitigate the risk of eavesdropping and

interception, thereby enabling covert communication in NOMA networks.

11.6 Conclusions and Future Scope

In conclusion, the RISs technology has undeniably revolutionized wireless

communication, offering unprecedented opportunities for advancement. How-

ever, its implementation raises substantial security and privacy concerns from

signal manipulation and potential vulnerabilities. This research has thoroughly

examined the multifaceted landscape of these issues, highlighting privacy risks,

such as data leakage and surveillance, alongside security challenges, including
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unauthorized access and data tampering. Addressing these concerns demands

a robust strategy encompassing encryption, authentication, and regulatory

compliance. Additionally, integrating physical layer security measures enhanced

the confidentiality and integrity of communication, bolstering resilience against

threats. While numerous challenges remain for future research, it is evident that

safeguarding individual privacy and system security is essential for maximizing

the transformative potential of RIS technology in wireless communication net-

works. Finally, this chapter offers valuable insights into the evolving landscape of

RIS technology, emphasizing the need for a holistic approach to address security

and privacy concerns while harnessing its transformative capabilities.
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12.1 Introduction

Reinforcement learning (RL) and its extension, DRL, utilize deep neural networks

(DNN) to address decision-making tasks in dynamic environments. DRL focuses

on long-term objectives and consists of two main components: the agent and the

environment, which interact to generate control actions [1]. DRL methods like

deep Q-networks (DQN), Actor-Critic (A3C), and deep proximal policy optimiza-

tion (DPPO) are effective for handling high-dimensional problems but encounter

challenges in dealing with complex objective functions [2]. Various approaches

exist to tackle power allocation and control problems, including optimized perfor-

mance, game theory, and machine learning [3]. Optimization-based algorithms,

such as a difference of convex programming and Lagrangian multiplier, have

been explored to address these challenges [4]. DRL methods, such as DQN, A3C,

and DPPO, utilize policy or DNN approximation functions to learn effective

policies by maximizing rewards during environmental interactions [5]. However,

handling the complex objective functions involved in DRL remains challenging,

necessitating investigation into optimization algorithms like stochastic gradient

descent, RMSprop, and Adam [6]. Resource management problems in wireless

communication, including caching, transmission scheduling, spectrum access,
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and power management, are often modeled as Markov decision processes

(MDPs) [7]. DRL approaches, such as DQN and DL transmission scheduling

mechanisms, have been proposed to address these issues [8–10]. Despite advances

in DRL-based resource management research, ongoing and high-dimensional

challenges continue to exist in wireless communication networks. To address

this, DRL algorithms based on the actor–critic framework, such as A3C and

DPPO, have been proposed for power control in continuous domains, aiming to

improve network convergence [11]. In the realm of power control in wireless

communication systems, DRL algorithms optimize transmit power levels to

adapt to dynamic environmental conditions, interference, and user demands.

Notable DRL algorithms like DQN approximate the optimal action-value function

using DNNs, facilitating effective policy learning through iterative updates

based on interactions with the environment [12]. However, several challenges

remain for DRL algorithms in power control within wireless communication

systems:

● Complexity of the environment: Wireless communication environments

are intricate, with factors like varying channel conditions, interference, and

device mobility. Designing DRL algorithms capable of effective learning in such

dynamic and uncertain environments remains challenging.

● High-dimensional state and action spaces: State and action spaces in

wireless systems can be extensive, encompassing information about channel

conditions, traffic load, and interference levels. Training DRL algorithms to

navigate these high-dimensional spaces efficiently demands sophisticated

exploration strategies.

● Non-stationarity: Wireless environments exhibit non-stationarity, with char-

acteristics changing over time due to user behavior and network topology shifts.

Adapting DRL algorithms to handle these changes and continuously update

policies in real time poses a significant challenge.
● Sample e�ciency: Training DRL algorithms for power control typically
requires collecting many samples from environmental interactions. Improving
sample efficiency to learn effective power control policies with limited data is
crucial for practical deployment in wireless communication systems.

● Generalization and robustness: DRL algorithms must generalize well across

diverse scenarios and remain robust to environmental variations. Ensuring the

transferability and applicability of learned policies across different real-world

settings remains a critical challenge.

Addressing these challenges necessitates advancements in algorithmic tech-

niques, training methodologies, and realistic simulation environments that

accurately capture the complexities of wireless communication systems. Leverag-

ing domain knowledge and incorporating expert guidance into DRL algorithms
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can enhance their performance and durability in real-world scenarios. This

chapter explores a proposed methodology to tackle these challenges through

cooperative deep reinforcement learning (DRL) systems.

12.1.1 Motivation of the Chapter

RL and its advanced form, DRL, offer powerful approaches to decision-making

in complex environments. Particularly in time-variant dynamic systems, DRL’s

ability to handle high-dimensional state and action spaces makes it well-suited

for generating efficient control actions. In wireless communication systems,

DRL algorithms like DQN can optimize transmit power levels, responding to

dynamic environmental conditions and user demands. Despite their potential,

DRL algorithms face challenges like complex environments, high-dimensional

state spaces, non-stationary, sample efficiency, and robustness. Addressing

these challenges requires advancements in algorithms, training methodologies,

and realistic simulation environments, leading to more effective power control

strategies in wireless communication systems.

12.1.2 Objectives and Contributions of the Chapter

This chapter explores the transformative potential of leveraging AI and Machine

Learning (ML) techniques, specifically DRL, to enhance the performance of
RIS-empowered wireless communication systems, with a primary focus on power
control objectives. The key contributions of this chapter endeavor include:

● Innovative methodologies: Introducing novel methodologies that harness
DRL algorithms, we will mention in the future as Deep Reinforcement

Learning Master and Slave DRL (M-S) to optimize RIS configurations for
effective power control.

● Real-time adaptability: Recognizing the critical importance of achieving

real-time accuracy, the chapter proposes AI and ML-based approaches to

overcome the challenges of dynamic wireless environments.

● E�ciency enhancement: By integrating AI and ML techniques, the chapter

aims to enhance the efficiency and adaptability of RIS-integrated wireless

systems, particularly in terms of power control objectives. This includes mini-

mizing energy consumption while maximizing EE through intelligent transmit

power adjustments.

● Interdisciplinary collaboration: This chapter bridges the domains of wire-

less communication, AI, and ML. It highlights the significance of collaborative
efforts in developing innovative solutions to address the evolving demands of

wireless networks.
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12.1.3 Chapter Organization

The rest of this chapter is organized as follows: Section 12.1 provides an introduc-

tion to the convergence of RIS technology, AI, andML in wireless communication

systems, with a focus on power control objectives. Section 12.2 reviews existing

literature on RIS technology, AI, andML applications in wireless communication,

identifying research gaps. In Section 12.3, RL algorithms for RIS-assisted scenarios

are explored, discussing how DRL trains agents for sequential decision-making.

Section 12.4 elaborates on the methodology for enhancing RIS design using ML

for power control, including algorithmic frameworks and practical implementa-

tions. Following the methodology, Section 12.5 presents the results and analysis,

detailing the outcomes of applying DRL-M algorithms for RIS optimization with

a focus on optimization joint beamforming and phase shift for maximize the

sum rate with discussions on performance metrics and real-world implications.

Subsequently, Section 12.6 delves into the limitations encountered during the

survey process. Section 12.7 discusses critical lessons learned from the survey,

highlighting insights with implications for future research and practice. Finally,

Section 12.8 provides the conclusion and future scope, summarizing expected

benefits, addressing challenges and limitations, and outlining future research
directions in advancing RIS-enabled wireless communication systems, partic-
ularly concerning power control objectives. Through this structured approach,
the chapter aims to offer original insights and practical solutions for advancing
RIS-enabled wireless communication systems, particularly in the realm of power

control.

12.2 Related Work

This section represents a subset of the research efforts aimed at AI and ML

techniques for intelligent power control in RIS-empowered wireless commu-

nication systems. It offers valuable insights into the challenges and potential

solutions in this emerging area of research. In this study [13], a practical model

for RIS phase shift is introduced, combining reflection amplitude and phase

shift to optimize the sum rate in an RIS-assisted multiple input single output

(MISO) interference channel scenario. Leveraging DRL, the proposed algorithm

effectively configures digital beamforming and analogy phase shift matrices,
outperforming benchmark schemes regarding achievable sum rate. Addressing
performance bottlenecks in orthogonal frequency division multiplexing (OFDM)
systems, another paper [14] proposes intelligent resource allocation through RL
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in RIS-enhanced setups. By jointly optimizing subcarrier allocation, base station

beamforming, and Intelligent Reconfigurable Surfaces (IRS) phase shift, the
proposed scheme, combining DQN and DDPG, achieves significant transmission
rate improvements over benchmark schemes, with considerations for spectrum
sharing. Furthermore, a novel approach to multi-cell power allocation is explored
in [15], utilizing DRL to maximize overall network capacity. Introducing a wire-
less resource mappingmethod and a deep-Q-full-connected-network (DQFCNet),
this approach outperforms traditional methods like water-filling and Q-learning,
exhibiting faster convergence and improved stability in simulations. Another
paper [16] presents a multi-hierarchical interpretable strategy for power system
dispatch and operation using the graph deep Q-network (GDQN) model. By
combining an improved sample-balanced deep Shapley additive explanation
(SE-DSHAP) approach with a subgraph explainer, this approach provides intu-
itive and comprehensive explanations for decision-making in complex power
systems, aiding operators in achieving efficient and accurate control. Finally, Xu
et al. [17] proposes a hierarchical depth deterministic strategy gradient (H-DDPG)

framework for resource allocation in downlink CF-mMIMO systems, optimizing

AP clustering and power allocation. Operating on different timescales, the frame-

work cooperatively enhances EE by utilizing two-layer control networks, with

numerical results demonstrating improvements in convergence speed, spectral

efficiency (SE), and EE. Furthermore, the research presented in [18] focuses on

mobile edge computing (MEC), which enables o�oading computation tasks from

mobile devices to edge servers, which is vital for latency-sensitive applications.

Despite challenges from communication links, reconfigurable intelligent surfaces
(RISs) show promise in enhancing network capabilities. This chapter presents
a novel computation o�oading algorithm for RIS-empowered MEC networks,
optimizing delay, energy consumption, and operator costs through an MDP and
deep deterministic policy gradient (DDPG), yielding significant performance
improvements over traditional methods. Building upon the research in [19]
introduces a DRL method to enhance secrecy energy efficiency (SEE) in B5G

mobile systems employing RIS. Through joint optimization of phase shifts,

orientations, beamforming, and RIS locations using the advantage actor-critic

(A2C) algorithm, the proposed approach significantly boosts SEE, showcasing its
efficacy for future RIS-enabled communication systems. In a related study [20],

the authors explore a RIS-assisted secure symbiosis radio (SR) network, where the

RIS acts as a secondary transmitter to ensure primary transmitter (PTx) security

while transmitting its information. By jointly optimizing PTx beamforming and

RIS phase shifts using proximal policy optimization (PPO), significant secrecy
EE gains (up to 22%) are achieved against eavesdroppers, demonstrating the
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efficacy of the proposed approach for robust and secure communication in

practical scenarios. The paper in [21], a symbiotic RIS-assisted MEC system that

optimizes user o�oading, HAP beamforming, and RIS beamforming jointly is

examined tominimize hybrid access point (HAP) energy consumption. It presents

a framework called optimization-driven hierarchical deep deterministic policy

gradient (OH–DDPG) demonstrating substantial performance improvements

compared to conventional methods in reducing overall energy consumption

and enhancing learning efficiency and reliability. The study in [22] delves into

a multi-RIS-assisted integrated satellite-unmanned aerial vehicle-terrestrial

network (IS-UAV-TN) system, tackling transmission path obstacles and dynamic

unmanned aerial vehicles (UAVs) communication challenges. By deploying RIS

on UAV and leveraging non-orthogonal multiple access (NOMA) protocols, a

multi-objective optimization problem is devised to minimize UAV energy con-

sumption and maximize system rate addressed through a DDPG-based algorithm

for online trajectory control. Simulation results underscore the efficacy of RIS and

multi-UAV co-optimization in enhancing system performance and communica-

tion tasks in IS-UAV-TNs. The authors in [23] present a wireless-powered sensor

network coordinated by a multi-antenna access point (AP), aiming to minimize

average age-of-information (AoI) through joint node scheduling and transmis-

sion control strategies. By leveraging an RIS to enhance channel conditions, a

hierarchical DRL framework optimizes AoI, showing significant reduction and
controllable fairness among sensor nodes. Finally, the work in [24] explores
sub-connected active RIS-assisted communication systems under imperfect
Channel State Information (CSI) to maximize EE through joint optimization of
transmit precoders and RIS beamforming matrices using DRL-based methods
like DDPG, PPO, and modified PPO. It demonstrates improved convergence and
robustness compared to traditional techniques and analyzes system parameters’
impact on performance. In Table 12.1, we present a comprehensive summary of
recent research efforts focusing on AI and ML techniques for intelligent power

control in RIS-empowered wireless communication systems. Each paper listed in

the table addresses specific objectives related to optimization, resource allocation,
and system performance improvement using various methodologies, including
DRL and optimization algorithms. This table provides valuable insights into the
advancements made in this field and serves as a basis for identifying gaps and
opportunities for further research.
Table 12.2 presents a summary of related literature on AI and ML Techniques

in RIS-Empowered wireless communication systems. The contribution and limi-
tations are presented briefly.



Table 12.1 Research efforts on AI and ML techniques.

Paper Objective Method Results

[13] Develop a deep
learning approach
to improve channel
estimation
efficiency

DL-based predictive beamforming (DLPB)
algorithm Proposed LA-CLNet and ICSI-aware
fully connected neural network (IA-FNN) for
predictive beamforming and transmit
beamforming design

The suggested scheme can nearly reach the
same sum-rate performance as the DL
technique with the full ICS. The predictive RIS
phase shift matrix used in the DLPB method is
far more successful than the nonpredictive and
random RIS phase shift matrices used in the
other two methods.

[14] The issue of
resource allocation
in RIS-assisted
OFDM systems
through
collaboratively
optimizing the
beamforming of the
BS

A hybrid multiple deep Q networks
(MDQN)-DDPG framework-based algorithm

Outperforms benchmark schemes regarding
achievable sum rate

[15] Multi-cell power
allocation
optimization

Uses DRL to maximize overall network
capacity through wireless resource mapping
method and DQFCNet

Outperforms traditional methods like
water-filling and Q-learning, exhibiting faster
convergence and improved stability

[16] Power system
dispatch
optimization

Integrates GDQN model with SE-DSHAP
method and subgraph explainer

Provides intuitive and comprehensive
explanations for decision-making in complex
power systems, aiding operators in achieving
efficient and accurate control

[17] Resource allocation
optimization in
CF-mMIMO
systems

Proposes H-DDPG framework for AP
clustering and power allocation optimization

Improvements in convergence speed, SE, and
EE

(Continued)



Table 12.1 (Continued)

Paper Objective Method Results

[18] Computation
o�oading
optimization in
MEC networks

Develops a novel algorithm for
RIS-empowered MEC networks optimization
using a Markov decision process and DDPG

Significant performance improvements over
traditional methods in optimizing delay,
energy consumption, and operator costs

[19] Enhancement of
SEE in B5G mobile
systems

Uses DRL to optimize phase shifts,
orientations, beamforming, and RIS locations

Significantly boosts SEE, showcasing efficacy
for future RIS-enabled communication
systems

[20] Secure SR network
optimization

Joint optimization of PTx beamforming and
RIS phase shifts using PPO

Achieves significant secrecy energy efficiency
gains against eavesdroppers, demonstrating
robust, and secure communication

[21] Energy
consumption
minimization in
symbiotic
RIS-assisted MEC
system

Introduces OH-DDPG framework for joint
optimization of user o�oading, HAP
beamforming, and RIS beamforming

Substantial performance improvements in
reducing overall energy consumption and
enhancing learning efficiency

[22] System rate
maximization in
multi-RIS-assisted
IS-UAV-TN system

creates a multi-objective optimization problem
to minimize UAV energy consumption and
maximize system rate.

DDPG-based algorithm demonstrates efficacy
in enhancing system performance and
communication tasks

[23] AoI minimization
in wireless-powered
sensor network

Uses hierarchical DRL framework to optimize
AoI through joint node scheduling and
transmission control strategies

Significant reduction in AoI and controllable
fairness among sensor nodes

[24] EE maximization in
active RIS-assisted
communication
systems

Joint optimization of transmit precoders and
RIS beamforming matrices using DRL-based
methods

Improved convergence and robustness
compared to traditional techniques.
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Table 12.2 Limitation of related work.

References Contribution Limitations

He et al. [13] DRL for optimizing sum rate in
RIS-assisted MISO

Testing real-world
implementations with actual
measured data is necessary.

Chang et al. [14] Reinforcement learning for
resource allocation in IRS setups

Impact on latency needs to be
highlighted.

Zhu et al. [15] DRL for multi-cell power
allocation

Hardware constraints are not
discussed.

Liu et al. [16] Graph-based DRL for power
system dispatch

Interaction with dynamic
systems needs to be expanded.

Xu et al. [17] H-DDPG for resource allocation
in downlink CF-mMIMO

Feedback mechanisms require
further discussions.

Mnih et al. [18] DDPG for computation
o�oading in RIS-empowered
MEC

Energy consumption analysis
require further discussions.

Mismar et al. [19] A2C for enhancing SEE in
RIS-enabled B5G systems

Security considerations needs to
be highlighted.

Zhang et al. [20] PPO for secure communication
in RIS-assisted SR networks

Channel estimation accuracy
needs to be highlighted.

Wu et al. [21] OH-DDPG for energy-efficient
RIS-assisted MEC

Mobility management is not
covered.

Zhang et al. [22] DDPG for multi-RIS-assisted
IS-UAV-TN systems

Hardware synchronization needs
to be highlighted.

Zhang et al. [23] Hierarchical DRL for AoI
optimization in wireless sensor
networks

Energy harvesting efficiency is
not captured.

Tan et al. [24] DRL-based methods for active
RIS-assisted communication

Interference management are not
covered.

12.3 DRL Algorithms for RIS-Assisted Wireless
Communication Systems

In the context of wireless communication systems assisted by RIS, DRL algorithms

play a vital role in optimizing system performance and resource allocation. By

leveraging DRL, these systems can adaptively adjust beamforming, phase shifting,

and power control strategies to enhance communication efficiency and reliability

in dynamic environments. This section provides an overview of DRL fundamen-

tals and its application inwireless communication, and our proposed algorithm for
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intelligent power control setting the stage for exploring specific algorithms tailored
for RIS-assisted systems.

12.3.1 Deep Reinforcement Learning Fundamentals

DRL is a branch of machine learning that specializes in teaching agents how to
make decisions in sequence within settings to accomplish particular objectives.
Unlike traditional supervised or unsupervised learning, where models are trained
on labeled datasets, DRL agents learn by interacting with their environment
through trial and error [25]. DRL combines deep learning techniques, like neural
networks, with RL algorithms to handle high-dimensional state and action
spaces. The fundamental components of DRL include an agent, which takes
actions based on observed states, an environment, which provides feedback to the
agent based on its actions, and a reward signal, which guides the agent toward
desirable outcomes [26], as shown in Figure 12.1. Through repeated interactions
with the environment, DRL agents learn to maximize cumulative rewards by
discovering optimal strategies or policies. In Figure 12.1, the agent, representing
the RIS controller, receives states s(t) and rewards r(t) as input from the envi-
ronment. Based on these inputs and the optimal policy, the agent takes actions
to maximize cumulative rewards. This process involves training to learn and
improve its decision-making abilities over time. Successful DRL algorithms like
DQN [27], PPO [28], and DDPG have found applications in diverse domains [29],
from robotics to finance by iteratively improving strategies through interactions
with the environment and feedback mechanisms. Algorithm 12.1 outlines the
general procedure for training a DRL agent. Each step in the algorithm serves a
specific purpose, such as interacting with the environment, updating the agent’s

Reward r(t) Action a(t)

State Policy Action

Agent (RIS controller)

Environment

State s(t)

Figure 12.1 Deep reinforcement learning (DRL).
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Algorithm 12.1: Deep Reinforcement Learning

1: Initialization:

2: Initialize neural network parameters 𝜃 representing the Agent’s policy and

value function.

3: Initialize environment and set initial state s.

4: Set hyperparameters (e.g., learning rate 𝛼, discount factor 𝛾 , exploration

rate 𝜖).

5: Repeat until convergence or maximum iterations:

6: Receive current state s from environment.

7: Select action a based on current state and agent’s policy: a = 𝜋(s, 𝜃).

8: Execute action a in environment: s′, r = Env(s, a).

9: Save the memory buffer containing the experience tuple (s, a, r, s′).

10: Sample mini-batch of memories stored in a buffer.

11: Compute target values for each experience tuple using the Bellman equation

yt = rt + 𝜆Q′(St+1, 𝜋
′(St+1|𝜃′𝜇)|𝜃′Q).

12: Compute loss function: Loss =Mean Squared Error of (target, predicted value)

L(𝜃Q) =
1

H

∑

t∈T

(y(t) − Q(s(t), a(t)|𝜃Q))2

13: Compute gradients of loss relative to the parameters of the neural network

∇𝜃Loss ∶ Li(𝜃i) =

[
rj + Γmax

(aj+1)
Q(sj+1, aj+1; 𝜃i−1) − Q(sj, aj; 𝜃i)

]2
.

14: Update parameters of neural network using gradient descent:

𝜃 = 𝜃 − 𝛼 ⋅ ∇𝜃Loss.

15: Exploration–Exploitation:

16: Adjust exploration strategy based on current policy (e.g., epsilon-greedy).

17: Policy Update:

18: Update the Agent’s policy based on learned value function (e.g., policy

gradients)

∇𝜃𝜇
J ≈ 𝔼St∼𝜌

𝜋

[
∇aQ(S, a|𝜃Q)

||||S=st ,a=at
∇𝜃𝜇

𝜋(S|𝜃𝜇)
||||S=st

]
.

19: Evaluation:

20: Periodically evaluate the Agent’s performance on the validation set or in the

environment.

21: Convergence Check:

22: Check convergence criteria (e.g., target average reward, stability).

23: Termination:

24: Terminate training when convergence criteria are met or after maximum

iterations.
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policy, or monitoring convergence to guide the learning process toward optimal

performance [30, 31].

Two stages are involved in assessing the DRL algorithm: training and testing

within the DRL framework. Initially, the framework is constructed with a

simulated environment and user agents. The environment generates training and

testing data, simulating user–agent interaction with the system, which provides

feedback on the sum rate. TensorFlow is utilized to build and train DNNs for each

user agent in the DDPG algorithm. During training (outlined in Algorithm 12.1),

user agents interact with the environment over multiple RL tasks, each episode

starting from a random initial state and ending after a predefined number of steps.
Experience tuples are stored in buffers, and actor–critic networks are updated

using mini-batches of experiences. After training, each user agent independently

learns a dynamic computation policy. In the testing stage, user agents load their

parameters of the trained network and randomly interact with an initialized

environment, selecting actions based on the actor network’s output [32].

12.3.2 Applications of DRL in Wireless Communication

DRL has gained prominence in wireless communication due to its ability to

optimize system parameters and improve performance metrics adaptively. In

wireless communication systems, DRL algorithms can be employed for various

tasks as shown in Figure 12.2, including resource allocation [33, 34], power

Unmanned
aerial

vehicles
(UAV)

Reconfigurable
intelligent

surfaces (RIS)

Satellite
communica

tions

IoT
devices

D2D
communi
cations

Figure 12.2 Applications of DRL in wireless communication.
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control [35, 36], beamforming [37, 38], and channel estimation. By formulating

wireless communication problems using MDP [39, 40], DRL agents can learn

to make intelligent decisions based on observed channel conditions, traffic pat-

terns, and system requirements. DRL-based approaches have been successfully

applied to address challenges such as spectrum management [41], interference

mitigation [42], and energy efficiency [43] in wireless networks. The versatility of

DRL enables its application across different wireless communication scenarios,

including cellular networks, IoT devices [44], UAV [45], RIS [46], satellite

communications [47], and D2D communications [48]. Through ongoing research

and development, DRL continues to advance the state-of-the-art in wireless

communication, offering novel solutions to complex optimization problems and

enabling the realization of next-generation wireless networks.

12.3.3 Integrating DRL with RIS for Enhanced Wireless

Communication

We consider an MISO system with a BS, a reflecting RIS, and multiple users. The

BS hasM antennas and communicates with K users. The RIS hasN reflecting ele-

ments and amicrocontroller. Data streams are transmitted from the BS to users via

the RIS. Channel matrices from BS to RIS (H1) and RIS to users (hk,2) are assumed

known. The received signal at user k is

yk = hT
k,2
ΦH1Wx +𝑤k (12.1)

where x contains data streams, W is the BS’s beamforming matrix, Φ is the RIS

phase shift matrix, and 𝑤k is noise. The sum rate C is used to evaluate system

performance, with

Rk = log2(1 + 𝜌k) (12.2)

where Rk is the data rate of the kth user, and 𝜌k the SINR at the kth user. We aim

to maximize C by optimizingW and Φ, subject to power constraints. We propose

a DRLmethod for optimization that leverages CSI. The optimization problem can

be formulated as:

max
W ,Φ

C(W ,Φ, hk,2,H1) (12.3)

s.t. tr{WWH} ≤ Pt (12.4)

|𝜙n| = 1 ∀n = 1, 2,… ,N (12.5)

The following constraint is taken into consideration to maintain the transmission

power at the BS:

E
{
tr{Wx(Wx)H}

} ≤ Pt (12.6)
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Figure 12.3 Integrating
DRL with RIS for enhanced
wireless communication.

where Pt is the total transmission power allowed at the BS, the optimization
problem is non-convex and non-trivial due to the non-convex objective function
and constraint. Exhaustive search is infeasible, especially for large-scale networks.
Instead of seeking optimal solutions, algorithms are crafted to discover subopti-
mal solutions through alternating optimization methods. This entails solving for
suboptimalW while keepingΦ fixed in each iteration and reciprocally solving for
suboptimal Φ while holding W constant until convergence. Instead of tackling
the intricate optimization problem directly through mathematical means, we
approach the sum rate optimization issue with advanced DRL techniques to attain
viable solutions for W and Φ. In DRL based wireless communication systems,
the RIS play a crucial role by acting as intelligent reflectors or transceivers that
can adaptively manipulate electromagnetic waves. RIS enhances wireless com-
munication by dynamically controlling the propagation environment to optimize
signal transmission and reception [49]. In DRL-based wireless systems, RIS
serve as active components that interact with the environment, enabling agents,
as shown in Figure 12.3 the agent represents the RIS controller learn optimal
policies for adjusting their configurations based on observed states and rewards.
By intelligently reflecting, refracting, or absorbing radio waves, RIS can mitigate
channel impairments, enhance signal strength, reduce interference, and improve
system performance [50]. RIS’s ability to reconfigure their reflective properties in
real time makes them well-suited for integration with DRL algorithms, allowing
for adaptive and efficient wireless communication in diverse scenarios.

12.3.4 DRL Algorithms to Optimize RIS

VariousDRLalgorithmshave been proposed and applied to optimize the operation
of RIS in wireless communication systems. DQN [51], PPO [52], DDPG [53], and
other RL algorithms can be tailored to address specific challenges in RIS optimiza-
tion. These algorithms learn to adjust the phase shifts or beamforming weights of
RIS elements to maximize communication performance metrics such as through-
put, SINR, or EE. In Figure 12.4, the DRL-based optimization of RIS is depicted,
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Figure 12.4 DRL algorithms for RIS optimization.

which involves formulating the problem as a MDP. In this framework, the state

represents the current conditions, the action corresponds to the configuration of
RIS elements, and the reward reflects the system’s performance. The agent receives
the reward r(t) and the state s(t) as input from the environment and then deter-
mines the action (joint optimization of beamforming and phase shifting), aiming
to maximize the reward [54]. Through iterative interactions with the environment
and receiving feedback, DRL agents can learn effective strategies for RIS adapta-
tion, leading to improved SE, coverage, and reliability in wireless communication

systems.

12.4 Proposed Method for Intelligent Power Control

The methodology involves implementing a hierarchical cooperative DRL system

with two interconnected networks, as shown in Figure 12.5, DRL-M and DRL-S,

and we will mention it in the future as Deep Reinforcement Learning Master

and Slave DRL (M-S), and in this figure, we brief the propose of the architecture

State S(t)

Deep reinforcement
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Feedback-Reward r(t)

RIS

RIS-controller
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Intelligent power control

BS

Action Am(t)
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Blockage
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DRL algorithm
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Figure 12.5 The proposed DRL(M-S) algorithm architecture.
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algorithm and the object of each one from these two DRL networks, DRL-M and
DRL-S:

● DRL-M (Master) network: This network receives channel information as
input and produces joint actions represented by the transmit beamforming
matrix (W) and the phase shift matrix (Φ). The aim of DRL-M is to enhance
overall system performance by considering metrics like sum rate (R) and SINR.

● DRL-S (Slave) network:Operating in tandemwithDRL-M, this network takes
reward feedback from DRL-M as input and outputs actions for adjusting trans-
mit power (aS) to optimize EE. DRL-S aims to minimize energy consumption or
maximize EE through transmit power adjustments.
The DRL-M network takes the state from the environment as input, and the

output will be the action Am(t) taken by the agent (RIS-Controller). This action
involves joint beamforming (fromBS) andphase shifting (fromRIS) tomaximize
the reward (sum rate) and, therefore, enhance overall system performance. On
the other hand, DRL-S receives the state from the environment, and the feed-
back reward (fromDRL-M) as input, and the output will be the action As(t) that
is taken by the agent (BS) to control the transmit power intelligently, adjust-
ing it accordingly based on the feedback reward (increasing or reducing power
transmission). By leveraging DRL-M and DRL-S networks, this approach aims
to optimize system performance and EE, thereby contributing to the advance-
ment of RIS-integrated wireless systems and offering robust solutions to power
control complexities in dynamic environments.

Figure 12.6 illustrates the collaborative operation of the proposed DRL (M-S)

algorithm in a dynamic environment. First, the DRL-M algorithm serves as the

master algorithm, optimizing the action of joint beamforming and phase-shifting,

an action conducted by the agent (RIS controller) to maximize the reward

represented by the sum rate. Subsequently, this reward is fed as feedback to the

DRL-S algorithm, the slave algorithm. DRL-S observes changes in this reward to

DRL-M algorithm (Joint beamforming

and phase shifting)

DRL-S algorithm(Intelligent

power controller)

Blockage

Adjust

transmission

power

Reduce the transmit power

IRS controller

Increase the transmit power

UE with moving

BS

Reward

feedback RIS

Figure 12.6 The collaborative operation of the proposed DRL (M-S) algorithm in a
dynamic environment.
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implement intelligent power control. In a dynamic environment, as users move

closer to the RIS, the power received by these users strengthens, and due to that,

the signal-to-noise ratio (SNR) will increase (via Eq. (12.2)), leading to an

increase in the reward (which is fed back to DRL-S). Conversely, as users move

away from the RIS, the power received weakens, decreasing the reward. DRL-S

utilizes this reward as input and adjusts its actions based on these changes in

this reward. Accordingly, DRL-S takes suitable action by the BS to control power

transmission until the desired reward is achieved. When the feedback reward

increases, indicating stronger received power, the BS takes action to reduce power

transmission until the desired reward is achieved. Conversely, when the feedback

reward (fromDRL-M) decreases, indicating weaker received power, the BS adjusts

its actions to increase power transmission until the desired reward is attained.

This collaborative process can ensure intelligent power control in a dynamic

environment. The optimization problem for adjusting transmit power based on

rewards from DRL-M and updating EE parameters can be expressed as follows:

Objective: Control the transmit power to maximize the EE of the system, defined
as the ratio of achievable data rate (R) to the total power consumption(

∑N
n=1 Pn)

max
EE

R
∑N

n=1 Pn
(12.7)

Pn ≤ Pmaxn , ∀n ∈ N (12.8)

where Pn transmit power of the system for the user, and the transmit power Pn
should not exceed a certain maximum value dictated by hardware constraints.

● The steps of the DRL (M-S) algorithm for intelligent power controller execution
are as follows:
i) Initialization: Set up the system by initializing the experience replaymem-
ory (M), training and target actor and critic network parameters, and the
transmit beamforming matrix (W) and phase-shift matrix (Φ).

ii) DRL-M execution: Iterate over episodes, collecting and preprocessing
channel information for each episode. Within each episode, iterate over
time steps to:
⚬ Obtain joint actions from the actor-network based on the current state.
⚬ Observe new states and instant rewards and store experiences in the
replay memory.

⚬ Update the critic and actor networks through stochastic gradient descent
(SGD) based on the training loss functions.

⚬ Periodically update target networks and set inputs for the next time step.
iii) DRL-S execution: During the execution specific to DRL-S, the algorithm

iterates over episodes, focusing on collecting and preprocessing reward feed-
back from DRL-M. Within each episode, the following steps are taken:
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⚬ Observation of rewards fromDRL-M: Rewards received from DRL-M

are observed, and power adjustment actions are determined based on this

feedback and the current system parameters.

⚬ Adjustment of transmit power: Transmit power (P) is adjusted based

on the calculated actions. If the received reward increases (when the

user moves close to RIS), the Algorithm reduces the transmit power until

the desired reward level is achieved. Conversely, if the reward decreases

(when the user moves far from RIS), the transmit power increases until

the desired reward level is attained.

⚬ Update of energy e�ciency parameters: Energy efficiency-related

parameters are updated to reflect the changes in transmit power and the
corresponding feedback rewards received.

These steps will ensure that the transmit power is dynamically adjusted to opti-
mize EE levels, thereby contributing to the overall enhancement of the system’s
performance. Algorithm 12.2 presents the hierarchical cooperative DRL (M-S)
system, detailing the coordinated execution of the DRL-M (Master) and DRL-S
(Slave) networks. Each step in the algorithm contributes to optimize system per-
formance and EE by iteratively adjusting transmit beamforming, phase shift, and
power control actions based on environment feedback and learned policies.

Algorithm 12.2: The Proposed DRL (M-S) Algorithm

1: DRL-M (Master) Network:

2: Input: Channel information (H1, hk,2,∀k)
3: Output: Joint action aM = {W ,Φ} (Transmit beamforming matrix, Phase
shift matrix)

4: Goal: Maximize overall system performance, considering sum rate (R) and
SINR.

5: DRL-S (Slave) Network:

6: Input: Reward feedback (r) from DRL-M
7: Output: Transmit Power adjustment action aS (for EE)
8: Goal: Minimize energy consumption or maximize EE using transmit power
(P) adjustments.

9: Algorithm Execution:

10: Initialize:

11: Experience replay memoryM with size D.
12: Training actor network parameters 𝜃traina.
13: Target actor network parameters 𝜃targeta = 𝜃traina

.
14: Training critic network parameters 𝜃trainc.
15: Target critic network parameters 𝜃targetc = 𝜃trainc

.
16: Transmit beamforming matrixW.
17: Phase shift matrix Φ.
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18: for episode = 0, 1, 2,… ,N − 1 do
19: Collect and preprocess H(n)1, h(n)k,2,∀k for the nth episode to derive the

initial state s(0).
20: for t = 0, 1, 2,… ,T − 1 do
21: Obtain action a(t) = {W(t),Φ(t)} = 𝜋(𝜃traina

) from the actor network.
22: Observe the new of state s(t + 1) given action a(t).
23: Observe the instant of reward r(t + 1).
24: save the experience (s(t), a(t), r(t + 1), s(t + 1)) in the replay memory.
25: Obtain theQ value function asQ = q(𝜃trainc|s(t), a(t)) from the critic net-

work.
26: Sample random mini-batches of size W of experiences from replay

memoryM.
27: Construct the loss function 𝓁(𝜃trainc

) for training the critic network.
28: Perform stochastic gradient descent (SGD) on training critic network

to obtain Δ𝜃trainc
𝓁(𝜃trainc

).
29: Perform SGD on target critic network to obtain Δaq(𝜃targetc|s(t), a).
30: Perform SGD on training actor-network to obtain Δ𝜃traina

𝜋(𝜃traina
|s(t)).

31: Update the training of critic network 𝜃trainc.
32: Update the training of actor network 𝜃traina.
33: Every U steps, update the target critic network 𝜃targetc.
34: Every U steps, update the target actor network 𝜃targeta.
35: Set input to DNN as s(t + 1).
36: end for

37: end for

38: for episodeS = 0, 1, 2,… ,NS − 1 do
39: Collect and preprocess reward feedback rS(n) from DRL-M for the nth

episode.
40: for tS = 0, 1, 2,… ,TS − 1 (DRL-S specific steps) do
41: Observe reward rS(tS) from DRL-M.
42: Determine action aS(tS) based on rS(tS) and current energy efficiency

parameters.
43: Adjust transmit power P based on aS(tS).
44: if rS(tS) increases then
45: Reduce P until reaching desired rS.
46: end if

47: if rS(tS) decreases then
48: Increase P until reaching desired rS.
49: end if

50: Update energy efficiency-related parameters.
51: Set input to DNN as sS(tS + 1).
52: end for

53: end for
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● The following steps thoroughly elucidate the process of this Algorithm, provid-

ing a comprehensive understanding of its execution.

1) Define DRL-M (Master) network:

⚬ Actor-network: aM = Actor(s; 𝜃a)

– Inputs: State s representing channel information

– Outputs: Joint action aM comprising transmit beamformingmatrix and

phase shift matrix

– Parameters: 𝜃a representing the weights of the actor-network

⚬ Critic network: Q = Critic(s, aM ; 𝜃c)

– Inputs: State s and action aM
– Output: Q-value representing the expected cumulative reward

– Parameters: 𝜃c representing the weights of the critic network

2) Define DRL-S (Slave) network:

⚬ Network: aS = Network(rS)

– Inputs: Reward feedback rS from DRL-M

– Output: Transmit power adjustment action aS
3) Initialize parameters:

⚬ Experience Replay Memory Size: D

⚬ Number of Episodes for DRL-M: Nepisodes

⚬ Number of Episodes for DRL-S: NS

⚬ Number of Steps per Episode for DRL-M: T

⚬ Number of Steps per Episode for DRL-S: TS
⚬ Mini-batch Size for Experience Replay:W

⚬ Desired Reward Level for DRL-S: rdesired
4) Algorithm execution for DRL-M:

⚬ Loop Over Episodes for DRL-M:

– Collect and preprocess channel information: s

– Loop Over Time Steps per Episode:

* Obtain action from DRL-M actor-network: aM = Actor(s; 𝜃a)

* Observe new state, reward, and store experience

* Sample mini-batch from experience replay memory

* Train critic network for DRL-M: Q = Critic(s, aM ; 𝜃c)

* Train actor network for DRL-M: 𝜃a ← 𝜃a + 𝛼a∇𝜃a
J(𝜃a)

* Update target networks for DRL-M: 𝜃targeta ← 𝜃a, 𝜃targetc ← 𝜃c
5) Algorithm execution for DRL-S:

⚬ Loop Over Episodes for DRL-S:

– Collect reward feedback from DRL-M: rS
– Loop Over Time Steps per Episode for DRL-S:

* Determine action from DRL-S based on reward feedback:

aS = Network(rS)

* Adjust transmit power based on action from DRL-S:
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⚬ If rS > rdesired: Reduce transmit power

⚬ If rS < rdesired: Increase transmit power

⚬ Otherwise, maintain transmit power at the desired level

* Update energy efficiency parameters

6) End of Algorithm: The algorithm execution concludes after completing all

episodes for both DRL-M and DRL-S.

12.5 Results and Analysis

In this section, we present simulation results to validate the efficacy of the pro-

posed scheme in a RIS–MISO system with the BS’s antenna count M = 8, K = 8

users, and RIS elements N = [8, 32]. In the simulations, the channel matrix H1

and hk,2 are randomly generated following the Rayleigh distribution. As for the

DRL parameters, each Actor is trained in a DNN to approximate its action-value

function. The DRL architecture comprises three hidden layers with contain 256,

256, and 512 neurons, respectively. Rectified linear units (ReLUs) are activation
functions for the first two hidden layers, while the function used for the last layer
is hyperbolic tangent. We update the weights 𝜃 using the adaptive moment esti-
mation (Adam) algorithm, as it requires only first-order gradients with minimal
memory to attain the optimum. Simulation parameters are outlined in Table 12.3.
To gain a deeper insight into the efficacy of our proposed DRL (M-S) based

approach,first, we analyze theDRL-Mperformance under varying transmit power
(Pt). Figure 12.7 illustrates the impact of different Pt values, specifically Pt = 0 dB,

Table 12.3 The simulation parameters.

Parameter description Value

The learning rate to update the parameters of the target actor network. 0.0001

The learning rate to update the parameters of the target critic network. 0.0001

The learning rate to update the parameters of the training critic network. 0.0001

The learning rate to update the parameters of the training actor network. 0.0001

Decaying rate to update the parameters of the critic network. 0.00001

Decaying rate to update the parameters of the actor network. 0.00001

The size of the buffer used for experience replay. 50 000

Number of episodes 4000

The total number of steps within each episode. 20 000

Discounted rate for future reward 0.90

of experiences included in the mini-batch. 16
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Figure 12.7 Rewards over time steps at Pt = 0, Pt = 10 dB and Pt = 20 dB, respectively.

Pt = 10 dB and Pt = 20 dB on the rewards obtained over time steps. Through sim-
ulations, it becomes evident that the rewards tend to converge as the number of
time steps increases. Notably, convergence occurs more rapidly under low SNR
conditions (Pt = 0 dB, Pt = 10 dB) than high SNR conditions (Pt = 20 dB). This
phenomenon arises from thewider dynamic range of rewards at higher SNR levels,
leading to increased fluctuations and slower convergence.

12.6 Discussions

The hierarchical cooperative DRL (M-S) System will demonstrate its effectiveness
in improving system performance and EE.

12.6.1 Performance Enhancement with DRL-M

● Maximized system performance: The DRL-M network successfully opti-

mized joint beamforming and phase shift actions (aM) to maximize overall

system performance. The system significantly improved communication
reliability and SE by considering metrics such as sum rate (R).

● E�cient resource allocation: One of the key advantages of DRL-M is its
capability to dynamically adjust beamforming and phase shift strategies in
response to changing channel conditions. This adaptability ensures robust
communication links even in challenging environments, enhancing system
reliability.
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12.6.2 Energy Efficiency Optimization with DRL-S

● Minimized energy consumption: The DRL-S network will optimize EE
through transmit power adjustments, aiming to minimize energy consumption
while maintaining reliable communication links. By dynamically adjusting
transmit power based on feedback from DRL-M, the system will achieve
significant energy savings without compromising performance.

● Adaptive power control: DRL-S will demonstrate adaptive power control
capabilities, effectively adjusting transmit power levels based on real-time

feedback and EE parameters. This adaptive approach will ensure optimal

power utilization, allowing the system to operate efficiently under varying
conditions and traffic loads.

12.6.3 Synergistic Cooperation Between DRL-M and DRL-S

● Complementary optimization: The hierarchical cooperative framework
is expected to facilitate seamless information exchange between DRL-M
and DRL-S, enabling collaborative decision-making for optimal system per-
formance and EE. The feedback loop between the two networks will ensure
synchronized operation andmutual reinforcement, resulting in superior overall
results.

12.7 Limitations of the Survey

In conducting this survey, certain limitations were encountered that need to be
acknowledged. These limitations include:

● Lack of comprehensive coverage: The survey may not have encompassed
every aspect or study of intelligent power control with RIS in dynamic environ-
ments. Some relevant works may have been inadvertently omitted.

● Scope restrictions: The survey may have been constrained by limitations in
scope, such as focusing on specific types of intelligent power control techniques
or excluding certain types of studies.

Despite these limitations, efforts were made to ensure the thoroughness and accu-
racy of the survey.

12.8 Critical Lessons Learned

Through conducting this survey, several critical lessons were learned that have

implications for future research and practice. These lessons include:
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● Importance of interdisciplinary approaches: Intelligent power control with

RIS in dynamic environments requires interdisciplinary collaboration between

researchers in wireless communications, machine learning, and signal process-

ing to address complex challenges effectively.

● Need for real-world validation: While theoretical studies and simulations

provide valuable insights, there is a critical need for empirical validation of intel-

ligent power control techniques in real-world dynamic environments to assess

their practical feasibility and performance.

● Continuous adaptation and optimization: Dynamic wireless communica-

tion environments necessitate adaptive and optimized power control strategies

that can quickly respond to changing conditions and uncertainties, highlighting

the importance of ongoing research in this area.

● Consider practical constraints: Practical considerations, such as hardware

limitations, regulatory constraints, and EE requirements, must be considered

when designing and implementing intelligent power control systems with

RIS.

These critical lessons underscore the importance of continued research and

innovation in intelligent power control with RIS in dynamic environments. This

will address existing challenges and advance the state-of-the-art.

12.9 Conclusion

The proposed hierarchical cooperative Deep Reinforcement Learning (DRL

system, DRL (M-S), is anticipated to play a pivotal role in optimizing system

performance and EE in wireless communication systems integrated with RIS. The

system is poised to address the intricate challenges of power control in dynamic

environments by harnessing interconnected networks, DRL-M and DRL-S.

DRL-M optimizes system performance by adjusting transmit beamforming and

phase shift strategies, while DRL-S will intelligently regulate power transmission

based on feedback from DRL-M. This hierarchical collaborative framework is

envisioned to significantly elevate the adaptability and resilience of RIS-enabled
wireless networks, heralding a future characterized by scalable, cost-effective,
and energy-neutral connectivity solutions.

12.10 Future Scope

Our future aim is to implement the proposed algorithm DRL (M-S) to achieve

the desired results. Our plan involves diligently following the steps outlined

in the algorithm and leveraging appropriate tools and resources to ensure its
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successful execution. Through careful analysis, we aim to obtain meaning-

ful results that validate the effectiveness of the proposed approach. Looking

ahead, we envision significant progress in applying cooperative DRL systems to
enhance RIS-integrated wireless communication. To achieve this, future research
endeavors may refine DRL algorithms by introducing more sophisticated reward
mechanisms or adaptive learning strategies. These enhancements aim to expedite
convergence and elevate overall system performance. Moreover, there is potential
for extending the framework to encompass multi-agent scenarios or diverse net-
work environments, such as heterogeneous setups. This expansion could provide
valuable insights into the scalability and adaptability of the proposed approach,
thereby broadening its applicability to various real-world scenarios. Furthermore,
practical implementations and experimental validations will play a crucial role
in substantiating the effectiveness and viability of the proposed methodology in
real-world settings. By conducting such empirical studies, we can gain valuable

insights into the performance and practicality of cooperative DRL-based solutions

across different operational conditions. In essence, the future outlook presents

numerous opportunities for refining and deploying cooperative DRL-based
solutions to effectively address the evolving challenges and requirements of

RIS-enabled wireless systems. By capitalizing on these opportunities, we can

continue to drive innovation and advancements in wireless communication

technologies.
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13.1 Introduction

The intelligent reflecting surface (IRS) is a novel electromagnetic (EM) structure

that has the potential to revolutionize wireless communication systems by
overcoming the constraints of traditional techniques [1]. IRS employs several

passive components, separating it from more conventional technologies like
massive multiple input multiple output (MIMO) or relay and providing advan-

tages like less power consumption and low cost. An overview of IRS technology,
including its benefits, features, and operation over current systems, and potential

applications in wireless communication [2]. The comprehensive understand-
ing of 5G examines various technological aspects [3]. It includes a systematic
evaluation of candidate enabling technologies, discussions of 5G’s evolution,

and advancements in wireless mobile networks. The historical overview of
wireless communication standards and context for understanding 6G’s goals

and needs [2]. It also explores the key technologies proposed to support 6G
and introduces potential applications like multisensory extended reality and

digital replication. The optimization of channel capacity in an IRS-assisted
indoor millimeter-wave (mmWave) communication system is explored [4]. This

system model focuses on two-dimensional (2D) propagation scenarios, explicitly
considering the propagation. The advancement of IRS-assisted communications

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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necessitates thoroughly comprehending the inherent channel characteristics.

The IRS assists in modeling wireless propagation channels in indoor wireless

communication systems [5]. The framework utilizes ray tracing to calculate trans-

mission paths power delay profile (PDP). While numerous research outcomes

have been on path loss modeling of IRS systems [1, 4, 6–26], investigations into

multipath small-scale statistical channel modeling are still in their early stages.

Moreover, channel modeling for IRS-assisted unmanned aerial vehicle (UAV)

mmWave communications remains unexplored. By segmenting the substantial

IRS into tiles [27] devised a statistical channel model, although this approach

disregarded the practical orientation angle of the IRS. Although it was designed

for sub-6GHz terrestrial communication scenarios, a three-dimensional (3D)

nonstationary channel model was developed by Jiang et al. [28] for IRS-assisted

MIMO systems. The various MIMO channel models are used in wireless commu-

nication systems. The physical, analytical, and standardized models are the three

primary categories. The MIMO channel is described by physical models using

real-world characteristics. Analytical models focus on the statistical aspects of the

MIMO channel based on collected data. Standardized models offer a common

framework for radio systems, signal processing, and multiple access techniques

[29]. While linear models based on log distance are commonly used for predicting

path loss in wireless cellular networks, more advanced nonlinear models are

required for accurate estimation, especially in complex microcellular environ-

ments. Conventional models typically have a root mean square error ranging

from 8 to 12 dB, which exceeds the acceptable error limit of 0–6 dB. Therefore,

there is a growing need for machine learning-based path loss prediction models

that can provide more precise estimates [30]. In [31], the cascaded line-of-sight

(LoS) MIMO channel incorporates IRS to facilitate communication between a

transmitter and a receiver equipped with uniform linear arrays (ULAs). The IRS

reflects electromagnetic waves to establish LoS links between the transmitter

and receiver. This model takes into account the wavefront’s curvature on various

IRS reflecting components. Spatial multiplexing can only be achieved via the

IRS-assisted MIMO channel using the cascaded LoS links. The 3D wideband

channel model for communication systems assisted by IRS and UAVs [32] takes

into consideration the IRS reflecting elements radiation pattern and aperture

area. In contrast to specular reflectors, each IRS element is considered as

an anomalous reflector, allowing for joint beamforming of signals in desired

directions. The IRS-assisted link path loss is calculated and verified against real

outdoor measurements. It is based on the square of the aperture area of the

IRS reflecting components. Furthermore, Basar and Yildirim [33] introduced

a statistical channel model for IRS-assisted mmWave communications, albeit

with limitations confined to narrowband stationary systems. According to [28],

the time-varying features of IRS-assisted MIMO communications are examined
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by splitting the channel between mobile transmitters and receivers into three

subchannels. The results indicate low correlations in the space domain within the

IRS-assisted communication system. However, the derivation of IRS phase shifts

is not provided by this study; instead, it simply takes into account the placements

of the IRS in the channel model. A thorough wideband nonstationary channel

model that considers realistic discrete phase shifts and cluster evolution in the

space domain is presented in [22–24] for IRS-assisted MIMO communication.

In comparison to continuous phase shifts, discrete phase shifts do not affect

the time correlation, according to this study’s investigation of IRS’s impacts on

the time and spatial correlation functions. Nevertheless, these models present

limitations with ideal assumptions that are challenging to satisfy, rendering them

incapable of accurately describing the statistical properties of IRS propagation

channels. Under the assumption of isotropic scattering, the channel model

for IRS-aided communications [34] demonstrated that, for a linear IRS with

half-wavelength spacing, but not for a rectangular IRS, the subchannels between

the transmitter-IRS and IRS-receiver could be characterized by uncorrelated

Rayleigh fading. Nevertheless, the concept was limited to devices with a single

antenna. A statistical channel model was developed by Najafi et al. [27] by

dividing the large IRS into tiles and taking into account the effects of unit

number and polarization. This model incorporated the tile responses to derive the

channel response. However, this approach relies on simplistic channel models

and overlooks practical aspects of IRS deployment.

13.1.1 Key Contributions of the Chapter

The following are the significant contributions of this chapter:

● IRS technology and its benefits: This chapter provides information about the

importance of IRS technology in wireless communication systems. IRS technol-

ogy is a promising technique for improving performance. It employs passive

reflecting components like programmable reflectors or meta-surfaces to mod-

ify electromagnetic waves. By intelligently modifying the phase and amplitude

of reflected signals, IRS can efficiently manage signal propagation, reduce inter-

ference, and enhance coverage and capacity in wireless networks.

● Focus on channel modeling and propagation measurements: It offers

information on the importance of channel modeling and propagation mea-

surements, which are essential for developing and enhancing wireless

communication systems. Channel modeling involves developing mathematical

models of wireless channel behavior, including the impacts of fading, interfer-

ence, and signal propagation. In contrast, propagation measurements use field

measurements and experiments to empirically characterize real-world wireless
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channels. Measurements of propagation gather data about signal strength,

multipath fading, and other propagation phenomena, which help explain how

wireless channels behave in various environments.

● IRS channel modeling: It highlights the importance of IRS channel modeling

for developing a mathematical model that accurately represents the behavior of

wireless channels and is enhanced through IRS technology. These models aim

to represent the impact of beamforming, phase shifting, and signal reflection

that the IRS provides on the overall channel characteristics. When modeling

an IRS channel, factors such as the size and location of the IRS elements, the

characteristics of the incident signals, and environmental factors that impact

signal propagation are considered.

● Identification of future research directions: This section identifies impor-

tant directions for further research and potential challenges of IRS channelmod-

eling and propagationmeasurement techniques. Considering the importance of

accurate channel models in optimizing the performance of IRS-enabled com-

munication systems, more research is required to improve current modeling

techniques.

13.1.2 Chapter Organization

The chapter is organized as follows: Section 13.2 presents the related works

on channel modeling for wireless communication systems. Section 13.3 intro-

duces the IRS technology and its fundamental principles. Section 13.4 describes

channel modeling and propagation measurements for communication systems.

Section 13.5 introduces IRS channel modeling. Section 13.6 delves into the

limitations of the Survey. Section 13.7 discusses the critical lessons learned.

Section 13.8 describes the potential challenges of propagation measurements

and channel modeling. Section 13.9 presents the conclusion and future research

directions.

13.2 Related Work

The section represents a subset of the research efforts aimed at addressing chan-

nel modeling concerns in wireless communication systems, and they offer valu-

able insights into the challenges and potential solutions in this emerging area of

research. Table 13.1 lists various literature works on channel modeling perspec-

tives in wireless communication systems.



Table 13.1 Related works on channel modeling for wireless communication systems.

References Summary

Sun et al.
[24]

This work examines the influence of practical discrete IRS phase shifts on channel properties, including spatial
cross-correlation function, temporal auto-correlation function, and local Doppler spread. The results show that the IRS
significantly impacts channel behavior by improving stability and separating the entire channel.

Dovelos
et al. [35]

This article presents an IRS-assisted channel model for THz band communication. Plate scattering and molecular absorption
procedures specific to THz bands are essential components of the path loss model employed. Simulation results show that
IRS significantly improves energy efficiency (EE) in MIMO systems, especially for beam focusing and near-field applications.

Sánchez
et al. [19]

The study offers the concept of the keyhole MIMO channel, in which each element of the IRS symbolizes a keyhole, to create
a channel with one degree of freedom (DoF). By this, the IRS-MIMO channel is modeled by adding the contributions from
every IRS element and ignoring the direct transmitter–receiver channel. A methodology for channel estimation is presented
that uses single value decomposition (SVD) to estimate each cascaded channel connection separately. This method improves
the correctness of the channel model by taking into account the IRS component’s phase and amplitude responses.

Sun et al.
[23]

This study analyzed the channel characteristics of IRS-assisted near-field communication under various conditions of local
scatterers. The proposed 3D IRS-assisted MIMO channel model considers LoS, single-bounced (SB) at IRS, and
double-bounced (DB) modes, where radio waves reflect from the IRS and scatterers close to the receiver. It is based on a
cylindrical model. The authors used this model to examine important statistical characteristics of shoot and bounce ray
(SBR) and DB propagation, including the Doppler power spectrum and the time-frequency-space correlation function.
Simulation results indicated that factors like the number of IRS elements, horizontal and vertical locations of the IRS,
distribution of surrounding scatterers, and receiver movement significantly affect channel characteristics. They calculated
the channel capacities of SB and DB modes, demonstrating that large IRS sizes and appropriate IRS locations can
substantially enhance the channel capacity of IRS-assisted communication.

Xiong et al.
[36]

The authors developed a comprehensive 3D wideband non-stationary MIMO geometry-based stochastic model (GBSM) to
characterize the small-scale fading of IRS-assisted wireless communication channels. By representing the IRS as a virtual
cluster, they have generalized and modeled the complex channel impulse response (CIR) using proposed formulas. They
have also verified the equivalence between end-to-end and cascaded modeling of IRS channels and proposed a
low-complexity solution to derive the time-varying IRS reflection phases. Through simulations, the modeled approach
accurately captures the physical propagation properties of practical IRS-assisted wireless communication channels, enabling
validations of algorithms, system designs, and performance evaluations.
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13.3 IRS Technology and Its Fundamental Principles

IRS-assisted communication systems, utilizing passive reflecting elements, can
significantly improve wireless channel quality and extend coverage. This tech-
nology manipulates wireless signals for enhanced performance, deploying small,
low-cost reflecting elements in diverse environments to create a controllable
wireless environment. IRS reflects electromagnetic waves from a base station in
desired directions, providing alternative wireless paths, as shown in Figure 13.1.
These elements adjust phase and amplitude, allowing signal manipulation for
beamforming and interference cancellation [37]. IRS can enhance signal strength,
coverage, and capacity andmitigate interference. It has the potential to revolution-
ize wireless communication, offering cost-effective and energy-efficient solutions
for applications like 5G [38]. IRS technology involves programmable passive units
for smart radio environments in wireless communications [23]. It manipulates
the wireless channel by adjusting signal phase shifts. A proposed 3D wideband
nonstationary end-to-end channel model considers physical properties like unit
numbers, sizes, orientations, and configurations. Themodel describes the channel
using virtual LoS, single-bounced non-line-of-sight (NLoS), and double-bounced
NLoS components [36]. The path-loss model considers electromagnetic phenom-
ena and is validated through experimental measurements using a developed IRS
prototype. Each unit cell can change the reflection phase based on the required IRS
configuration [39]. By software-controlled phase adjustment, IRS technology opti-
mizes system metrics like energy efficiency, transmit power, and achievable rate.
IRS, typically in a software-controlled uniform planar array, offers intelligence
through software-controlled phase adjustment of reflecting elements [40].

13.3.1 Benefits of the IRS in Terms of Coverage, Capacity, and Energy

Efficiency

IRS technology improves coverage by manipulating radio waves and adjusting
phase shifts for better signal propagation. It increases capacity by managing

Base station

IRS

Building

User

Base station

Line of sight (LOS)

Non Line of sight (NLOS)

Figure 13.1 An IRS-aided wireless communication system.
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spectrum resources and mitigating interference, contributing to energy efficiency
in wireless communication systems.

1) Coverage Enhancement

● IRSmanipulates radiowaves to optimize reflections, substantially improving
wireless coverage. Through field trials, IRS showcases its ability to enhance
communication coverage in both indoor and outdoor settings.

2) Capacity Improvement

● By adjusting the phase shift of reflected waves, IRS enhances wireless chan-
nel quality, resulting in increased capacity. Validated pathloss models and
radiation patterns through simulations and field-trial measurements provide
a foundation for ongoing research in IRS-assisted communications.

3) Energy E�ciency

● IRS optimizes radio resource usage, leading to improved energy efficiency.
Bymanipulating radio waves, IRS boosts received signal power, reducing the
need for high transmit power. This energy-saving approach enhances overall
system efficiency.
IRS technology extends coverage outdoors and indoors, addressing various

environments and needs. It manages interference, enhances MIMO spatial
channels, and offers multiple wireless propagation paths, improving signal
strength, coverage, and system efficiency. Experimental validation ensures
reliable performance. IRS technology stands out in coverage, capacity, and
energy efficiency. Intelligent radio wave manipulation improves coverage
by enhancing the signal-to-noise ratio (SNR) in diverse environments.
Software-controlled phase adjustment optimizes system metrics, increasing
capacity in wireless communication systems. IRS enhances energy effi-
ciency by fine-tuning transmit power and reducing interference, ensuring
resource-efficient utilization.

13.4 Channel Modeling and Propagation
Measurements for Communication Systems

Channel modeling involves the creation of mathematical models that accurately
represent the transmission and reception of signals between transmitters and
receivers. These models are essential for predicting various parameters, such as
signal strength and phase shifts, which are key to the effective performance of
communication systems. To ensure the accuracy of these models, it is crucial to
gather real-world data through propagation measurements. These measurements
are conducted in various scenarios and environments, providing valuable insights
into how signals behave in real-world conditions, such as indoor and outdoor
locations, LoS, and NLoS conditions, and across a range of frequency bands.
The important points of channel modeling and propagation measurement are
explained below.
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13.4.1 Importance of Accurate Channel Modeling

Inwireless communication applications, accurate channelmodeling is fundamen-

tal for understanding channel behavior, predicting performance, and designing

efficient communication systems. It facilitates the evaluation of factors such as

interference, fading, and noise impact on the channel. Essential for simulating

and testing wireless communication systems, accurate channel modeling ensures

reliability and performance and aids in the development of advanced technologies

like 5G and beyond. Accurate channel modeling is crucial for advancing the

IRS and optimizing its impact on communication systems. This modeling is

instrumental in understanding the potential improvements in wireless channel

quality and coverage that can be achieved through the IRS. In addressing key

factors such as pathloss, radiation pattern, mirror beam effect, and multipath

effects, accurate channel modeling guides in developing theoretical models and

measurement techniques. It is particularly significant in designing optimized IRS

phase-shift configurations to eliminate mirror beam effects and provide insights

into IRS physical properties and performance limitations. The importance of

accurate channel modeling extends to various wireless communication contexts,

including MIMO systems. It guides the design and optimization of communica-

tion systems by offering insights into channel characteristics and performance

limitations. For IRS in both indoor and outdoor scenarios, accurate channel

modeling helps optimize system performance. It enables the correlation analysis

between transmitter-IRS and IRS-receiver channels, generating line of sight

(LOS) and non-line of sight (non-LOS) channel coefficients. This information

is vital for system design and optimization, allowing assessment of the received

SNR in noisy environments. In indoor scenarios, accurate channel modeling

identifies weak coverage areas, devises strategies for network improvement, and

determines IRS placement. Considering indoor layout and user occupancies,

it offers a realistic representation of communication channels. This modeling

evaluates rate gains, assesses IRS placement effectiveness, and calculates path

loss for the cascaded channel, optimizing IRS phase angle configurations [41].

For IRS-empowered wireless networks, accurate channel modeling delves into

electromagnetic wave propagation on IRS and optimizes their spatial placement.

Realistic models considering near-field EM propagation and interactions in the

IRS circuitry are crucial. This modeling estimates channel gains at IRS ele-

ments, studies path loss models, and enables the design of networking schemes

empowered by the IRS for ultra-reliable and ultra-high-rate communications.

Accurate channel modeling predicts wave propagation in multipath radio envi-

ronments to analyze IRS-enabled connections. It accounts for mutual coupling

between IRS unit cells, multipath effects, and the variability of IRS scattering

properties.
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13.4.2 Nonstationary Nature of Wireless Channels and its Impact

Wireless channels exhibit a nonstationary nature, characterized by variations in

their characteristics over time and space. This dynamic behavior is influenced

by mobility, environmental conditions, and interference, posing challenges

for IRS-assisted communication systems. Understanding and modeling this

nonstationary nature is crucial for optimal system design and performance.

13.4.2.1 Dynamic Impact on IRS-Assisted Communication

The dynamic nature of wireless channels significantly impacts IRS-assisted

communication systems. Changes in the wireless channel introduce variations

in path loss, signal strength, and overall communication link quality. Accurate

channel modeling techniques consider these dynamic aspects, providing insights

into IRS performance limitations and optimization strategies. Field trials and

measurements validate theoretical models, shedding light on the impact of

nonstationary wireless channels on IRS-assisted communications.

13.4.2.2 Challenges Posed by Nonstationary Channels

Inherent nonstationarity in wireless channels, attributed to object movement,

environmental changes, and interference, results in signal strength, fading, and

interference variations. Accurate modeling of nonstationary wireless channels is

crucial for comprehending and predicting their behavior, enabling the develop-

ment of efficient signal processing algorithms to mitigate fading and interference

effects.

13.4.2.3 Time-Varying Channel Conditions

The nonstationary nature of wireless channels leads to time-varying channel

conditions, which cause fluctuations in signal strength, increased error rates,

and reduced overall system capacity. Adaptive techniques, including adaptive

modulation and coding, channel estimation, and diversity schemes, dynamically

adjust transmission parameters based on current channel conditions, mitigating

the impact of nonstationary channels.

13.4.2.4 Variability in Indoor Environments

In indoor scenarios, the nonstationary nature of wireless channels is influenced

by walls, furniture, and architectural elements. This variability results in signal

strength, interference, and multipath propagation fluctuations, impacting the

quality and reliability of wireless communication. Accurate modeling is essential

for understanding and optimizing communication system performance in indoor

scenarios.
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13.4.2.5 Mitigation Strategies Using IRS Placement

The strategic placement of the IRS canmitigate the impact of nonstationary chan-

nels. These surfaces enhance network coverage and improve coverage rates in

challenging areas. Accurate modeling, considering the indoor layout, user occu-

pancies, and realistic channel models, allows for evaluating rate gains and the

effectiveness of IRS placement approaches.

13.4.2.6 Impact on Throughput, Latency, and Reliability

The nonstationary nature of wireless channels, leading to fluctuations in signal

strength, multipath fading, and time-varying channel conditions, significantly

impacts the performance of wireless communication systems. Parameters

such as throughput, latency, and reliability are affected. Accurate modeling of

non-stationary channels is crucial for optimizing the design and performance of

wireless communication systems, including those empowered by the IRS.

13.4.3 Channel Sounders and Measurement Campaign

A channel soundermeasures a communication channel’s properties, and themea-

surement campaign involving real-world data collection in various scenarios val-

idates channel models. Below is a detailed explanation of channel sounders and

measurement campaigns.

13.4.3.1 Channel Sounders

A channel sounder is a system used tomeasure the properties of a communication

channel. It typically consists of a fast data acquisition unit, a transmitter, and a

receiver. As the frequency of operation increases, the equipment required becomes

more expensive and challenging to design. This includes high-performance sig-

nal generators, arbitrary waveform generators, digitizers, power amplifiers,

phase-stable cables, high-gain antennas, and low-noise amplifiers. Designing

a mmWave channel sounder with features like an extensive dynamic range,

wide bandwidth, quick measuring speed, long continuous record time, extended

measurable distance, and support for multiple channels presents significant

challenges. The channel impulse response (CIR) or channel transfer function

(CTF) can be obtained by measuring the frequency or time domain channel

parameters.

● Frequency domain channel sounders: A frequency domain channel

sounder, often implemented with a vector network analyzer (VNA), is a

precise tool that employs multi-tone signals across a broad frequency range to

analyze the channel. This method allows precise frequency sweeping over a

wide bandwidth with synchronized hardware [42]. The measured parameter,
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S21, represents the CTF and can be converted to the CIR. However, this

approach is primarily suitable for indoor measurements due to limitations in

measurable distance caused by high-frequency cable attenuation [43]. Addi-

tionally, obtaining a snapshot of the channel can be time-consuming, making

it more suitable for quasi-stationary environments where channel variations

are minimal. Efforts to extend the dynamic range and measurable distance

of VNA-based channel sounders include integrating additional up-converters

and down-converters to reduce cable losses and using signal generators to

increase the distance between transmitter and receiver [44]. Cable connections

allow for frequency control and reference clock synchronization between the

signal generator and VNA. Moreover, employing electronic to optical (E/O)

and optical to electronic (O/E) converters allows for longer optical fiber cables

with lower loss. Custom-designed frequency domain channel sounders have

also been developed. For instance, a digital frequency sweep channel sounder

was created using multi-tone signals for a 2 × 2 MIMO channel analysis [18].

Another channel sounder measured a 24 × 24 MIMO channel using unmod-

ulated multi-tone signals [17], while another employed multi-tone sounding

signals for an 8 × 2 antenna array analysis on both transmitter and receiver

sides [45].

● Time domain channel sounders: The Time domain channel sounders

operate by transmitting pseudo-noise (PN) sequences or short pulses from

the transmitter and recording the received signals at the receiver using a

sampling oscilloscope. These signals are cross-correlated to produce the CIR.

This method is implemented with commercial off-the-shelf (COTS) hardware

or custom-designed components, and it offers efficient data compression and

high bandwidth for real-time recording and fast post-processing [46]. One

common technique, known as the swept time-delay cross-correlation sounder,

utilizes the PN sequences for pulse compression, resulting in an improved

SNR [16, 47]. Wideband correlation techniques have recently been developed

that allow high-speed analog to digital converters (ADCs) to directly sample

without the requirement for waveform copying [48]. In time domain channel

sounders, transmitter and receiver units can be separated, making them

suitable for outdoor measurements to quickly capture many samples [49].

However, the component’s bandwidth or sampling speed limits the maximum

signal bandwidth. UVA and rotated directional antenna (RDA) methods are

commonly used to gather angular domain information [44]. These methods

involve scanning directional antennas or shifting omni-directional antennas

to characterize angular information. One drawback is that the channel must

remain static during measurements. Additionally, some channel sounders

support MIMO channel measurements using real antenna arrays [8].



Table 13.2 Transmission over several networks.

References

Network

architecture Fading channel Performance metric Summary

Li et al. [50] NOMA Nakagami-m Secure outage
probability

Investigated the effects of in-phase and quadrature-phase
imbalance on single-input multiple-output (SIMO)–NOMA
systems.

Cao et al.
[51]

NOMA Rayleigh Secure outage
probability

Full duplex Jam scheme, employing a multi-antenna full-duplex
relay and jamming, significantly enhances secrecy performance in
downlink NOMA systems by effectively mitigating eavesdropping
threats.

Xie et al.
[52]

NOMA Rician Secure outage
probability

Secrecy performance in the half-duplex relay scenario, in the
presence of an eavesdropper, can be enhanced through power
allocation coefficient optimization in NOMA schemes, as verified
through simulations.

Xu et al.
[53]

Vehicular
network

N-Nakagami Strictly positive
secrecy capacity
(SPSC), secure
outage probability,
average secrecy
capacity (ASC)

Investigations have been conducted on the secrecy performance of
mobile vehicular networks. Using Monte Carlo simulations, exact
closed-form formulations were developed and validated for the
probabilities of SPSC, secure outage probability, and ASC.



Zhao et al.
[54]

DF Relay
network

Generalized-k Secure outage
probability

The study indicates how different relay systems behave regarding
secrecy outage probability (SOP) and asymptotic secrecy outage
probability (ASOP). It also develops a fast code rate calculation
method based on the derived expressions, indicating characteristics
such as diversity order and slope consistency with varying SNR.

Yadav [55] Cognitive
radio sensor
network
(CRSN)

𝛼-𝜇 secure outage
probability

These authors examined a CRSN’s secrecy performance during 𝛼-𝜇
fading. Through simulations, exact and asymptotic secrecy outage
probability expressions are generated and verified.

Bayat and
Çolak [56]

Cognitive
radio DF
relay
network

Rayleigh secure outage
probability, Strictly
Positive Secrecy
Capacity

The study examines the secrecy outage probability of a dual-hop
DF underlay cognitive radio network system under slow Rayleigh
fading channels. It indicates that co-channel interference (CCI)
and primary network interference affect system performance, and
consistent analytical and simulation findings emphasize the need
to account for primary network interference.

Song et al.
[21]

mmWave
communica-
tion

Nakagami-m Secure outage
probability, secrecy
capacity

It introduces an adaptive transmission scheme, utilizes stochastic
geometry to derive secrecy metrics, and identifies the best power
allocation for increased secrecy throughput. These findings have
implications for the guard zone radius of sector secrecy and
potential applications in complex scenarios like UAVs and
non-orthogonal multiple access (NOMA).
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13.4.3.2 Measurement Campaign

Measurement campaigns involving real-world data collection in various scenarios
validate channel models. Simulation-based measurements, using software tools

and channel models, analyze propagation characteristics in different scenarios,
aiding the understanding of parameter impacts on channel behavior. Measure-

ment campaigns examine wireless channels, focusing on the efficiency of the
communication systems and how signals move through the environment. In

order to collect real-world data, several efforts are required to set up equipment
across several places. Several parameters are essential to analyze in a wireless

communications measurement campaign to collect data for channel modeling
and define the radio channel’s behavior. Table 13.2 presents various networks

with different fading channels and performance metrics.

13.5 IRS Channel Modeling

In communication systems, channel modeling for the IRS utilizes mathematical

representations to describe the propagation of signals inside these configurations,
aiming to capture the complex interactions between the IRS, the environment,

and transmitted signals. These models provide significant insights into signal
behavior and system performance by considering various aspects such as phase

shifting, attenuation, scattering, reflection, and multipath propagation. Various
pathloss and channel models are described below for comprehensive channel

modeling. Figure 13.2 explains the different channel models and briefly discusses
the information on the channel models. Figure 13.2 shows three channel models:

Deterministic models characterize
channel performance without

considering randomness or variability.
Instead, they use precise physical laws

to predict signal transmission
properties

Statistics models describe and
analyze various aspects of

communication channels, signal
propagation, and system

performance

A stochastic model in wireless communication
refers to a mathematical framework used to
analyze and describe random behavior or

uncertainty in communication systems

Deterministic
Models

Statistics
Models 

Stochastic
Model

IRS  channel

modeling 

Figure 13.2 Different models for channel modeling.



13.5 IRS Channel Modeling 449

IRS channel

modeling

Deterministic model

Large-scale

path loss

model

Small-scale

multipath

fading model
Saleh-valenzuela

model

Geometry-based

stochastic model

Rician fading

model
Rayleigh fading
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General path
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Physics consistent analytical

free-space path loss model

Physics based

channel model
Beamspace

channel model

Nakagami

fading model

Statistics model Stochastic model

Figure 13.3 Detailed information about the different channel models.

the deterministic channel model, the statistics channel model, and the stochastic

channel model.

Figure 13.3 shows the depth of this channel modeling. The Deterministic

channel model has a large-scale path loss model and a small-scale multipath

fading model. The large-scale path loss model has a two-ray path loss model,

far-field path loss model, general path loss model, and physics-consistent analyti-

cal free-space path loss model. The small-scale multipath fading model has phase

shift and transmission-mode channel models, physics-based channel models, and

beamspace channel models. The statistics channel model has the Rayleigh fading

channel model, the Nakagami fading channel model, and the Rician fading

channel model. The stochastic model has the Saleh–Valenzuela model and the

geometry-based stochastic model.

13.5.1 Deterministic Models

In wireless communication, deterministic models characterize channel perfor-

mance without considering randomness or variability. Instead, they use precise

mathematical equations or physical laws to predict signal transmission properties.
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These models assume a perfect understanding of the environment and how elec-
tromagnetic waves behave. They work well when the channel environment is
clear and does not change much, like when there is a direct LOS between sender
and receiver or in controlled indoor spaces. However, they may not be as reliable
in dynamic or complex situations where randomness and change are important.

13.5.1.1 Large-Scale Path Loss Models

In wireless communication systems, large-scale path loss models represent the
attenuation of the signal’s strength as it travels over a distance. These models
describe the signal power loss resulting from different factors, such as multipath
fading, shadowing, and free-space loss. The transmitted signal in wireless com-
munication systems attenuates as it travels in the medium. The path loss models
are covered in detail in the following survey.
To better understand the operation of the IRS, [57] examined the two-ray path

loss approach, comprising a ray with LoS and a ground-reflected ray.

Pr ≈ (Q + 1)2Pt

(
𝜆

4𝜋dtr

)2

(13.1)

The received power denoted by Pr , is directly proportional to the square of the
number of elements in the IRS is denoted by Q, and inversely proportional to the
square of the distance between the transmitter and receiver, denoted by dtr . Thus,
the path loss can be mitigated as the number of elements in the IRS increases.
In [6], a far-field path loss model for IRS communications utilizing physical

optics techniques has been presented. The analysis revealed several elements on
the surface, all of which function as diffuse scatterers. Nevertheless, when com-
bined, all of these elements can beamform the signal with a particular beamwidth
and in the desired direction. The mathematical expression for the far-field path
loss was as follows:

PL =

(
4𝜋d1d2

)2

GtGr(ab)
2cos2𝜃isinc

(
𝜋b

𝜆

(
sin 𝜃s − sin 𝜃r

)
) (13.2)

The sampling function is represented by the equation sinc(x)= sin(x)/x, and the
dimensions of the rectangle IRS are indicated by the variables a and b. The antenna
gains of the transmitter and receiver are denoted by Gt and Gr , respectively. Fur-
thermore, d1 and d2 represent the distances between the transmitter and receiver
to the IRS. The angles of incidence, desired reflection angle, and observed reflec-
tion angle are denoted as 𝜃i, 𝜃r , and 𝜃s, respectively. When observing at the desired
reflection angle, i.e., 𝜃s = 𝜃r . Simplified, the path loss model is:

PL =

(
4𝜋d1d2

)2

GtGr(ab)
2cos2𝜃i

(13.3)
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Inversely proportional to the square of the product of distances d1 and d2, the

received power is directly proportional to the square of the IRS area. This differs

from the assertion made in [57], which suggested that the power obtained would

be proportional to
1

(d1 + d2)
2
. This assumption may be valid for an IRS of infinite

size, where the IRS functions as a mirror. However, it is likely to be inaccurate in

a far-field setup.

A general path loss model for IRS-assisted communication was presented in

[26]. The formulation of this model is as follows:

PL =
64𝜋3

GtGrGdxdy𝜆
2

×

||
|||
||
|

M∑

m=1

N∑

n=1

√
Fcombinen,m Γn,m

rtn,mr
r
n,m

e

−j2𝜋(rtn,m + rrn,m)
𝜆

|
|
|
|
|

−2∣

(13.4)

where dx and dy represent each element size along the x-axis and y-axis, respec-

tively, m and n denote the number of elements along the x-axis and y-axis,

respectively. G stands for one element’s gain. Fcombinen,m . Γn,m demonstrate each

element’s normalized power radiation pattern and how it influences the power

of the received signal. Γn,m represents the reflection coefficient of each element

with amplitude A and phase 𝜙, and rtn,m and rrn,m signify the distances from

the transmitter and receiver to each element. This highlights the relationship

between the received power and various factors, including the antenna size,

gains, number, specific electromagnetic properties of elements, and the distances

traveled.

A physics-consistent analytical free-space path loss model for IRS was intro-

duced, leveraging a vector-based extension of Green’s theorem [58]. This model

applies to 2D homogenized metasurfaces and is characterized by a computable

integral dependent on various factors such as transmission distances, radio

wave polarization, surface dimensions, and intended surface transformation.

The closed-form expressions were obtained for both far-field and near-field

deployment scenarios. A path loss model for THz communication systems aided

by the IRS was presented in [59]. This model considers the unique characteristics

of the THz band and IRS. Specifically, it explains the relationship between various

IRS specifications, including element size, number of elements, phase shift,

radiation pattern, reflection coefficient, and transmission parameters such as

frequency band, transmitter–receiver distance, and THz-specific parameters.

In [60] presented a path loss model for IRS communications based on radar

cross-section (RCS). The distances between the transmitter and receiver and

the IRS, the angles in the transmitter-IRS-receiver triangle, and each element’s

effective area and reflection coefficient were all related to the received power.
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Furthermore, channel measurements were performed in various scenarios to

confirm the suggested model in both near-field and far-field environments.

13.5.1.2 Small-Scale Multipath Fading Models

Small-scale multipath Fading Models describe the rapid fluctuations in signal

strength caused by the constructive and destructive interference of multiple

signal paths arriving at the receiver. Some small-scale channel models have been

proposed for communication supported by the IRS. These consist of the phase

shift model and transmission-mode model, physics-based channel model,

geometry-based stochastic model, and beamspace channel model [61].

● Phase Shift Model and Transmission-Mode Model: The three cas-

cading subchannels are described by the phase shift model: the direct

transmitter-receiver channel, the transmitter-IRS channel, and the IRS-receiver

channel [27]. However, this model has two drawbacks. First, the number of

scatterers, which is usually fewer than the number of IRS elements, limits the

ranks of the transmitter-IRS matrix and the IRS-receiver matrix. Second, it does

not account for the physical properties of the IRS, polarization, incident angles,

and reflected angles. To address these drawbacks, the transmission-mode

model was proposed. The large IRS is divided into tiles by this model, which

also calculates the tile response function. After that, it selects multiple trans-

mission modes for each tile by dividing the low-rank channel matrices. Each

transmission mode is associated with a specific sequence of phase shifts that

the tile’s unit cells apply to an incoming electromagnetic wave.

● Physics-Based Channel Model: For IRS communications, a physics-based

channel model was presented in [62]. The multipath propagation of signals is

examined in this model, it considers the scattering environment and the IRS

as a single entity. The combined channel contains a specular component from

the IRS LoS connection and a scattered component from the NLoS direct link.

The model takes into account M IRS multipath components (MPCs) and N

MPCs for the scattering environment while analyzing channel information.

It suggests that a Rician distribution can effectively approximate the wireless

channel aided by the IRS. In [11, 12], far-field situations with holographic

MIMO small-scale fading, a spatially stationary channel model was introduced.

This concept describes an array with many antennas in a small area, like

the IRS configuration. The small-scale fading was described by a zero-mean,

correlated Gaussian scalar random field that is spatially stable and obeys the

Helmholtz equation in the frequency domain, which is equal to the scalar

wave equation in the time domain. For IRS-assisted free-space optical systems,

an analytical channel model based on the Huygens–Fresnel principle was

presented in [63]. This model accounts for various effects, including the phase
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shift configuration of the IRS, the influence of IRS size, the positions of the

source, and the nonuniform power distribution of Gaussian beams.

● Beamspace Channel Model: In [64], a beamspace channel model was intro-

duced for IRS communications. This model considers the IRS as a controllable

scattering cluster reflecting its MPCs, in contrast to the phase shift paradigm.

It is constructed using the expanded Saleh Valenzuela (SV) channel architec-

ture. Additionally, an antenna segmentation approachwas proposed to integrate

the IRS into the developed far-field model, highlighting the characteristics of its

MPCs and demonstrating their controllability.

13.5.2 Statistics Models

Several statistical models are used in wireless communication systems to char-

acterize different aspects of the communication channel. Some statistical models

include the following.

13.5.2.1 Rayleigh Fading Model

Rayleigh fading is a statistical model commonly used in wireless communication

systems to describe how multipath propagation affects the received signal. The

assumption is that the transmitter and receiver do not have a strong line-of-sight

connection. However, the signal travels through several reflected paths, each

with a unique phase and amplitude, finally reaching the receiver. In this model,

the strength of the received signal follows a Rayleigh distribution, showing the

likelihood of the signal envelope having a particular strength. Fading describes

unexpected changes in signal strength that occur over time due to reflections,

diffractions, and scattering in the surrounding environment. Rayleigh fading is

applicable in urban or suburban areas with many obstacles, reflective surfaces,

and indoor or outdoor settings where direct paths are blocked. Relay stations

and IRS are essential for strengthening wireless communication networks under

Rayleigh fading scenarios when signals fluctuate rapidly due to multipath propa-

gation. IRS technology manipulates signal propagation by strategically reflecting

signals, reducing the impact of fading. By changing the phase shifts of its ele-

ments, IRS can improve received signal strength and reduce fading by reflecting

the signals toward the receiver. Additionally, the IRS can create multiple reflected

paths, enhancing reliability in fading channels. Relay stations that perform

decode and forward operations compensate for signal loss resulting from fading,

particularly when long distance or obstructed paths. They create additional trans-

mission paths, reducing fading effects and improving link reliability. The hybrid

relay-IRS system is a combination of IRS and relay. The hybrid relay-IRS system

satisfies high data rates and more extended distance coverage specifications [14].

As shown in Figure 13.4, the hybrid relay-IRS system architecture consists of
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Base station

Relay
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y

Figure 13.4 System model: hybrid relay-IRS-aided system model.

four main parts: the base station, relay, IRS with N elements, and mobile user.

A half-duplex relay uses the Decode and Forward (DF) protocol to overcome the
base station’s limited coverage area. Moreover, with its reflective capabilities, the

IRS improves transmission from the source to the destination by strategically
manipulating signal reflections. In this scenario, the base station sends signals to

the relay, which can transmit signals to the mobile user. The transmission from
the base station to the mobile user follows a half-duplex DF protocol involving

two-time slots. Signals are transmitted from the base station to the relay in the
first slot. Then, in the second slot, the relay decodes the signal and forwards it to

themobile user. Additionally, the base station sends signals to the IRS, which then
reflects these signals to the destination. The IRS comprises N discrete elements,

and the user receives the signals reflected by the IRS.
The EE versus user distance is shown in Figure 13.5 for three different types of

wireless networks: hybrid relay-IRS-aided, relay-aided, and IRS-aided. Plotting
shows that the hybrid relay-IRS network EE performs better than the IRS-aided

and relay-aided networks. This suggests that employing a hybrid relay-aided IRS
is more effective in covering longer distances. Remarkably, at 700 m, the EE

of the hybrid relay-IRS-aided network and the relay network achieve 7.11 and
7.36 bits/Joule, respectively.
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Figure 13.5 EE versus user distance.

13.5.2.2 Rician Fading Model

In Rician fading, the received signal comprises a strong LoS component and scat-

tered multipath components. Two essential factors are required for the Rician

fading model to operate effectively: K is the Rician factor, and 𝜎, which stands for

the multipath components standard deviation. The Rician factor K indicates the

ratio of the power of the dominant LoS component to that of the scattered multi-

path components. In comparison to the scattered multipath, a greater value of K

denotes a stronger LoS component, whereas a lower value denotes a weaker LoS

component with more multipath effects. When there is a direct LoS between the

transmitter and the receiver, such as in rural or urban locations with few obsta-

cles, the Rician fading model is frequently used. Here, consider in Figure 13.6 the

Rician fading at the base station, the users, and the IRS. The IRS stands out as a

leading solution and offers hope formeeting future generation requirements at the

Rician fading scenario. Figure 13.6 shows that combining IRS with MIMO could

significantly improve spectral efficiency and capacity, and by adding these, a small

amount of complexity is added.When combined, IRS andMIMOmay performvar-

ious tasks that improve overall system performance. IRS-assisted MIMO systems

resolve many of the issues with conventional MIMO configurations. IRS–MIMO

performance is enhanced by optimizing transmitter/receiver precoding matrices,

phase shifts, and neural network algorithms, among other techniques.
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Figure 13.6 System model: IRS-assisted MIMO system model.

13.5.2.3 Nakagami Fading Model

The Nakagami fading model is an essential statistical method for characterizing

changes in signal strength during transmission in wireless communication sys-

tems. The received signal strength in themodel is governed by two key parameters:

m andΩ. The parameterm, also known as the fading parameter, plays a significant

role in shaping the distribution and determining the severity of fading. Higherm

values result in less severe fading, resembling a Gaussian distribution, while lower

values indicate more fading. The range of signal strength variations is determined

by the secondparameter,Ω, often knownas the scale parameter,which governs the

signal’s diversity or spread. This adaptable model effectively represents different

fading situations that arise in wireless environments. For example, the Nakagami

model simplifies to a Rayleigh distribution when m = 1. This distribution is fre-

quently observed in NLoS situations such as urban multipath fading. Conversely,

whenm is greater than 1, the model suggests a Rician distribution, familiar in LoS

scenarios with a dominating direct path. The Nakagami fading model provides

adaptability. It enables switching between Rayleigh and Rician distributions and

adjusting m according to different scenarios. This flexibility allows the model to

capture a range of propagation circumstances from LoS to NLoS scenarios, which

is important for real-world observations. In the Intelligent Transportation System

(ITS) model depicted in Figure 13.7, the transportation network operates in two

different scenarios. The cooperative IRS-relay network supports the ITS [15], the

IRS and relay transmit the signal from the base station to the intelligent vehi-

cles, ensuring seamless connectivity with high data rates. The multiple IRS blocks

instead of relays are deployed within the ITS. This deployment aims to enhance

the network’s coverage area and EE.
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Figure 13.7 System model: cooperative relay-IRS aided ITS model.

Figure 13.8 explores the EE versus SNR for cooperative IRS-relay and
multi-IRS-aided ITS. In themulti-IRS scenario, all IRS blocks employ a fixed num-
ber of elements set to N = 400. The results indicate that the multi-IRS-aided
ITS exhibits superior EE performance across all SNR values. Specifically, at
SNR= 110 dBm, the network aided by 4-IRS blocks demonstrates the highest
EE at 64.23 bits/Joule, surpassing the conventional IRS, relay, and cooperative
IRS-relay network with an EE of 46.44 bits/Joule. This analysis underscores the
potential of multi-IRS configurations to enhance ITS performance by reducing
power consumption and hardware costs in specific scenarios.

13.5.3 Stochastic Model

In channel modeling, stochastic models combine deterministic and statistical
methods to provide an in-depth understanding of wireless propagation scenarios.
These models incorporate randomness and deterministic features to provide
an adaptable framework for analyzing complex propagation environments.
Stochastic models offer a distinct advantage in channel modeling by providing
a probabilistic representation of channel behavior, effectively capturing wireless
channel’s inherent unpredictability and uncertainty. This approach evaluates the
system’s performance in various scenarios while considering factors such as mul-
tipath propagation, shadowing, and interference. Stochastic models facilitate
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Figure 13.8 EE versus SNR.

the design and optimization of robust communication systems in real-world
situations by providing an exhaustive overview of channel characteristics and
maintaining a balance between predictability and randomness. Some stochastic

models include the following.

13.5.3.1 Saleh–Valenzuela-Based Model

The SV basedmodel often represents channel impulse response in indoor environ-
ments [44]. The foundational premise is that signals come gradually in clusters,
with inter-arrival periods distributed exponentially and delays distributed
according to a Poisson distribution. The characteristics of these clusters include
parameters such as arrival rates and cluster power decay rates. The adjustments

made to this model for usage in IEEE standards such as 802.15.3c and 802.11ad
[44] consider precursor and postcursor decay rates within each cluster.

13.5.3.2 Geometry-Based Stochastic Model

5G and 6G channel modeling applications have extensively used the GBSM
technique, as evidenced by the proposed channel models in [65]. In [33], an
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open-source SimIRS channel simulator was introduced for IRS-assisted commu-

nication. The setup involves a 3D geometry with an IRS mounted on the xz-plane,

representing physical channel characteristics. The model accounts for indoor

and outdoor wireless environments at mmWave frequencies, adopting practical

aspects from 5G channel models. Operating frequency and environmental factors

determine the number of clusters and their locations. Two types of distributions

are used for clusters and scatterers: Poisson and uniform. When the receiver

is close to the IRS, they may share the same clusters. It is easy to calculate the

array response vectors for the IRS and transmitter using departure/arrival angles.

However, if angles are random for the transmitter, they must be calculated using

trigonometry for the IRS. Receiver array response vectors can have randomly

distributed arrival angles. This simulator’s channel model is versatile, catering to

various indoor and outdoor scenarios and operating across different frequency

bands, including the mmWave band. It is similar to the 3GPP cluster channel

model and consists of realistic path loss and shadowing models, IRS element

gains, transmitter/receiver units, array responses of IRS, LoS probabilities

between terminals, and environmental characteristics across various scenarios

and frequency bands. However, it is worth noting that this model is primarily

suited for far-field scenarios. Furthermore, in [66], the SimIRS channel simulator

was leveraged to offer insights into the performance optimization of IRS-assisted

smart radio environments (SREs). The study investigated the effects of IRS

positioning, the rotation of IRS in single and multi-IRS environments, and the

number of reflecting elements. The findings underscored the critical importance

of these factors in achieving capacity and reliability enhancements in SREs.

Table 13.3 provides information about the IRS literature. It includes informa-

tion about which model is used for IRS channel modeling, how many devices are

involved, which metrics are found, and the summary of the article.

● IRS–NOMA: The combination of NOMA and IRS technology presents a

promising solution to address the challenges of future-generation networks.

Integrating IRS with NOMA networks holds significant potential to meet the

data rate requirements of 6G networks. By leveraging NOMA with IRS, a novel

approach emerges to address the demanding needs of low latency, massive

connectivity, and high data rates in future networks. Traditionally, user’s chan-

nel conditions were considered fixed, determined solely by their propagation

environment. However, the IRS offers the opportunity to intelligently adjust

the user’s propagation environment to support NOMA applications, resulting

in considerable performance improvements. Specifically, incorporating IRS

with NOMA provides more flexibility in system design, particularly when

users have similar channel gains. This flexibility allows for transitioning from a

channel condition-based NOMA approach to a quality-of-service (QoS)-based



Table 13.3 IRS literature.

References Channel Devices Metrics Summary

de Souza
Junior and
Abrao [67]

Nakagami IRS, two users Outage Probability The study examines the cooperative simultaneous wireless
information and power transfer (SWIPT)–NOMA system with IRS
assistance in Nakagami-m fading. For cell-edge devices, the
cell-center device acts as an full duplex (FD)–DF relay. The energy
harvesting, outage probability, and achievable rate have been
calculated using closed-form expressions. For cell-edge devices, IRS
improves data rate; residual self-interference reduction is crucial.

Arzykulov
et al. [68]

Nakagami One/two IRS,
source,
destination

Outage Probability,
Spectral Efficiency,
bit error ratio (BER)

The article investigates dual-hop FD relaying networks assisted by
IRS and gives precise mathematical derivations for BER, average
spectral efficiency, and outage probability. The channel shape
parameter and IRS elements determine system diversity order; a
higher N value improves system efficiency.

Bhowal and
Aïssa [69]

Indoor,
outdoor
reciprocal

IRS, one pair
transceiver

Symbol Error Rate,
Outage Probability,
Ergodic Capacity

The study focuses on residual self-interference (SI) and hardware
limitations in IRS-assisted FD MIMO bidirectional D2D
communication in indoor and outdoor settings. Using a realistic
channel model, it derives tractable formulas for outage probability,
average symbol error probability, and channel capacity. According
to validation using Monte Carlo simulations, the system performs
better in indoor circumstances than in outdoor ones, across a range
of self-interference levels, hardware impairments, and IRS setups.

Nguyen
et al. [70]

Rayleigh
reciprocal

IRS, two
terminals

Symbol Error Rate,
Ergodic Capacity

The article examines IRS-assisted wireless systems, focusing on FD
terminal hardware and inadequate SI cancelation. It analyzes the
performance of the IRS-aided FD-hardware impairments system
with other configurations and develops closed-form formulas for
ergodic capacity (EC) and symbol error rate (SER). The results
show that residual SI and hardware impairments have a
considerable impact and that modulation orders and SNR have an
impact on EC and SER.



Nguyen
et al. [71]

Rayleigh
Reciprocal

N IRS, two
terminals

Outage Probability,
Ergodic Capacity

The study investigates the advantages of utilizing many IRS in
future wireless networks, with an emphasis on improving coverage
and system performance. By examining a bidirectional FD system
assisted by multiple IRS, the study obtains equations for outage
probability and EC under cooperative communication with
residual SI in Rayleigh fading channels. Numerical results
illustrate the impact of residual SI, showing saturation of outage
probability and EC at high SNR values and demonstrating that
larger IRS configurations might lead to better EC.

Peng et al.
[9]

Rician IRS, K pairs of
devices

Outage Probability The study examines the cooperative SWIPT–NOMA system with
IRS assistance in Nakagami-m fading. For cell-edge devices, the
cell-center device acts as an FD–DF relay. The energy harvesting,
outage probability, and achievable rate have been calculated using
closed-form expressions. For cell-edge devices, IRS improves data
rate; residual self-interference reduction is crucial.

Kudumala
et al. [72]

Spatially
Correlated
Rician

IRS, K full
duplex
user-pairs

Optimize sum- rate The article investigates a multi-pair FD two-way communication
system with IRS assistance, considering hardware limitations,
electromagnetic interference (EMI), and spatially correlated Rician
channels. It derives the attainable sum rates approximate
closed-form equation and validates it with an ergodic equivalent.

Papazafeir
et al. [7]

Correlated
Rayleigh

STAR-IRS, two
half duplex
(HD) users

Optimize sum rate In order to account for spatial correlation at the STAR–IRS, this
study examines the sum rate of an FD communication system
assisted by STAR–IRS. Only large-scale statistics are used to
develop closed-form formulas for achievable downlink and uplink
rates. Numerical simulations demonstrate that the low-overhead
optimization approach performs better than reflecting-only IRS
and HD systems.

Peng et al.
[10]

Rician IRS, one base
station (BS),
multiple users

Maximize-
Minimum user rate

An IRS is used in a multiuser FD two-way communication
network to improve user fairness. By optimizing the IRS reflection
coefficients and the BS precoding matrix, the suggested approach
achieves excellent communication performance at a low
computational complexity.
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NOMA approach. In NOMA systems, successive interference cancellation

(SIC) is crucial in mitigating interference. The selection of the SIC decoding

order is based on the user’s channel state information (CSI) and their QoS

requirements. IRS enhances the design flexibility of NOMA networks, enabling

the relaxation of constraints typically encountered in multiple-antenna NOMA

setups.

The IRS–NOMA system allocates more power to users with weaker channels.

User 1 is positioned near the base station, while user 4 is the farthest away.

Users 2 and 3 are situated between users 1 and 4, with user 2 closer to user

1 than user 3, as shown in Figure 13.9. Thus, the channel gains follow the

order: hSU4 < hSU3 < hSU2 < hSU1. In IRS–NOMA, superposition coding at the

transmitter and SIC at the receiver combine data signals in the power domain.

Four users, denoted as user 1, user 2, user 3, and user 4, aim to communicate

simultaneously on the same frequency. Each user’s desired data is represented

as x1, x2, x3, and x4, respectively. Before adding x1, x2, x3, and x4, each data

signal is weighted differently regarding power. It is important to ensure that the

sum of the weights of power (a1, a2, a3, and a4) equals 1. Table 13.4 compares

NOMA and orthogonal multiple access (OMA) with different specifications.

Table 13.5 shows the literature on the performance of NOMA networks. It

provides information on which fading channel is used, the type of the NOMA

link, like downlink or uplink, and the article’s contribution. Table 13.6 provides

information on IRS-NOMA literature. It provides information on which fading

channel is used, which type of NOMA link, characterization, and metrics of the

article.

User 3

User 1

IRS

User 2

Base station
User 4

Figure 13.9 IRS-NOMA communication system. Source: Kriang/Adobe Stock Photos.
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Table 13.4 Comparison of NOMA and OMA techniques.

Specification NOMA OMA

User connectivity High Low

System throughput Larger Smaller

Energy consumption High Low

Receiver complexity High Low

Table 13.5 Literature on NOMA networks performance.

References Fading channel

Type of

NOMA link Contribution

Ding et al. [73]
and Timotheou
and Krikidis [74]

Rayleigh Downlink Evaluation of power distribution
techniques and the impacts of
user pairing in a network.

Zhang et al. [75] Rayleigh Uplink Outage probability and sum rate
analysis.

Liu et al. [76] Rayleigh Downlink and
uplink

Power allocation analysis.

Ali et al. [77] Rayleigh Uplink Power allocation and outage
analysis using statistical CSI
scheduling at base station.

Ding et al. [78] 𝛼-𝜇, Nakagami-m Downlink Cooperative relaying
functionality in the NOMA
network.

Sharma
et al. [20]

𝜅–𝜇 and 𝜂–𝜇 Downlink Sum rate analysis and Outage
probability.

ElHalawany
et al. [79]

Shadowed 𝜅–𝜇 Downlink Outage probability, Bit Error
Rate, and average achievable rate.

Kumar et al.
[80, 81]

𝛼–𝜇 and shadowed
𝜅–𝜇

Downlink Analyzing rates effectively.

Alqahtani and
Alsusa [82]

𝛼-𝜂-𝜇 Downlink Outage probability and sum rate
analysis.

Rabie et al. [13] Fisher–Snedecore Downlink Asymptotic analysis and ergodic
capacity analysis.

Agarwal
et al. [83]

𝜅–𝜇, Rayleigh,
Nakagami-m/q/
log-normal, Rician,
Nakagami-
lognormal, 𝜂–𝜇

Downlink and
uplink

Outage probability analysis.
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Table 13.6 Performance evaluation of IRS-assisted NOMA networks.

References

Fading

channel

Type of

NOMA link Characterization Parameter metrics

Yuan et al. [84] Rayleigh Downlink Exact and
asymptotic
expressions

Outage
probability and
ergodic rate.

Di Renzo and
Song [85]

Rayleigh Downlink Closed-form
expression

Outage
probability.

Thirumaval
and Jayaraman
[86]

Rayleigh Downlink Closed-form
expression

Bit error rate.

Mu et al. [87] Rayleigh Downlink Analytical and
asymptotic
expressions

Secrecy Outage
probability.

Ding et al. [88] Rayleigh Downlink Approximated
and upper bound
expression

Outage
probability.

Hou et al. [89] Rayleigh Downlink Closed-form
expression

Outage
probability and
ergodic rate.

Cheng et al.
[90]

Nakagami-m Downlink and
Uplink

Closed-form
expression

Outage
probability and
ergodic rate.

Tahir et al. [25] Nakagami-m Downlink and
Uplink

Closed-form
expression

Outage
probability.

Tang et al. [91] Nakagami-m Downlink Closed-form
expression

Secrecy outage
probability, ASC.

13.6 Limitations of the Survey

It is important to highlight the limitations that occurred when conducting this
research. Among these limitations are:

● Limitations on Scope: Due to the broad scope of the topic, the survey may
not cover all methods currently used for channel modeling and propagation
measurement.

● Lack of Data on IRS Channel Measurements: Since IRS channel measure-
ments and experiments are still in their early stages, comprehensive data on
the topic are lacking. Further investigation and gathering of information are
required in this field.
Despite these drawbacks, an attempt was made to ensure the survey’s accu-

racy and completeness.
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13.7 Critical Lessons Learned

Through conducting this survey, several critical lessons were learned.

● Enhanced Propagation Paths: The capacity of IRS to optimize propagation

paths by intelligently reflecting signals, therefore overcoming obstructions and

expanding coverage range, particularly in NLOS conditions.

● Dynamic Adaptability: The IRS configuration’s dynamic adaptability enables

real-time adaptation to changing user requirements and environmental condi-

tions, optimizing system performance.

● Simplified Signal Processing: Compared to standard MIMO systems,

IRS-assisted systems require simpler channel estimation techniques, so signal

processing complexity can often be reduced using IRS technology.

13.8 Potential Challenges of Propagation
Measurements and Channel Modeling

● Frequency-Selective Fading: Frequency-selective fading effects in

IRS-assisted communication systems, where different signal frequencies

experience varied levels of attenuation or enhancement, require advanced

modeling techniques to be incorporated into channel models.

● Path Loss Variation: Path loss in IRS-assisted channels varies significantly

based on IRS element configurations, reflection angles, and the distances

between the transmitter, IRS, and receiver. Developing models that capture

path loss variations in diverse scenarios is crucial for optimizing system

performance.

● Nonstationarity and Time-Varying Nature: The dynamic nature of UAV

movement and the environment introduces nonstationarity and time-varying

characteristics to the channel. Accurately capturing these variations in the IRS

channel model is essential for realistic performance evaluation.

● Complexity of IRS Systems: Due to the large number of passive elements

involved, accurately modeling the complex interactions among IRS elements,

incident waves, and reflected waves is challenging.

● Cluster-Based Modeling: Challenges are in proper modeling clustering and

scatterers in the channel for capturing multipath characteristics accurately in

IRS-assisted communications.

● Accuracy and Generality: Traditional channel models may lack the accuracy

and generality to describe realistic IRS-assisted UAV communication environ-

ments. Developing models that are both accurate and adaptable to various sce-

narios is a crucial challenge.
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13.9 Conclusion and Future Scope

In this chapter, we provided a comprehensive review of channel modeling and

propagation measurements in IRS-based wireless communication systems. This

chapter has extensively examined the transformative impact of IRS within the

area of 6G wireless communication, highlighting their pivotal role in reshaping

network intelligence and efficiency. The IRS is an essential mechanism for

improving communication capacities regarding coverage, energy efficiency, and

capacity by manipulating radio waves. The chapter also discussed the different

IRS channel models and complex issues related to channel modeling and prop-

agation measurements in wireless environments. In contrast to conventional

channel modeling techniques, IRS channel modeling represents a significant

improvement. This chapter’s comprehensive overview is valuable for academics

and industry professionals in wireless communication. This chapter contributes

to the fundamental knowledge necessary for developing and implementing

cutting-edge wireless communication systems. To improve the accuracy and

efficiency of channel modeling for IRS systems, future research will focus on

developing dynamic IRS channel modeling, which accurately captures the

time-varying characteristics of IRS-assisted communication channels, advanced

propagation measurement techniques, which will allow for the accurate char-

acterization of IRS-enabled communication channels, and machine learning

algorithms, which will predict IRS-assisted channel characteristics based on user

mobility patterns, environmental parameters, and historical channel data. These

research paths will assist in developing accurate and reliable channel models for

IRS-assisted communication systems, which will improve the performance and

efficiency of future wireless networks.
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14.1 Introduction

Reconfigurable intelligent surface (RIS) is a brand new concept that enables

every surface in a propagation environment to be used effectively to control the
environment for efficient transmission and to exploit the scattering waves [1].

Structure-wise, RIS is a planar array consisting of a large number of low-cost

passive reflecting elements with reconfigurable phase shifts, each of which can be
dynamically tuned via a software controller to reflect the incident signals. Hence,
the constructive signals can be combined and the interference can be suppressed
by tuning the phase shifts of reflecting elements adaptively. Experiments regard-
ing RIS have demonstrated the energy efficiency and strengthened throughput in
various systems [2].

Therefore, it can be seen that RIS is verymuch at the forefront of revolutionizing

telecommunications and will remain so as more solutions are created to further

improve its capabilities [3–5]. Specifically, RIS is a surfacemade up of low-cost and

low-energy controllable elements, where each element can be tweaked accord-

ingly. Hence, RIS has a variety of functionalities, e.g., reflection [6] and absorption,
and total control over wireless transmission is achievable [7], making it viable to
be installed practically anywhere. Moreover, there are two types of RIS elements,
passive and active: the former can reflect signal without additional calculation and
low energy while the latter takes computational power and more energy, but they
strengthen the signal in return.

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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Despite its tremendous potential in revolutionizing telecommunications, RIS
are not without certain limitations. One of the challenges faced by RIS technology
is its susceptibility to common errors, such as CE errors or reflected waves that are
delayed and phase-shifted [8]. These errors can degrade the performance of RIS
systems, especially in dynamic and highly complex propagation environments.
To address these challenges and enhance the capabilities of RIS, researchers and
engineers have explored the integration of machine learning techniques. Specif-
ically, deep learning (DL), reinforcement learning (RL), and deep reinforcement
learning (DRL) have shown promise in compensating for the inherent limitations
of RIS and optimizing their performance.
DL algorithms have been employed to mitigate the impact of CE errors and

enhance the accuracy of channel estimation in RIS systems [9]. These algorithms
can learn complex mappings between the received signals and the channel
characteristics, enabling more accurate estimation and compensation of channel
distortions. RL techniques have been utilized to optimize the phase shifts of RIS
elements dynamically. RL algorithms can learn optimal policies for adjusting
the phase shifts in real time, considering dynamic channel conditions and
system objectives [10]. This approach enables adaptive and efficient utilization
of the RIS for achieving desired performance metrics, such as maximizing
the received signal strength or minimizing interference. DRL algorithms have
been applied to optimize the configuration of RIS elements and adaptively
control the reflection patterns based on the environment and system require-
ments [11]. This integration of DL and RL leverages the strengths of both
techniques, enabling RIS to learn and adapt to complex wireless environments
effectively.

14.1.1 Contributions

The environment is rapidly changing, demanding adaptive technology, namely
DRL. In regards to recent surveys on RL; such as [12, 13], which only discussed
general knowledge of RL without extending its scope; this chapter expands on dif-
ferent algorithms such as deep Q networks (DQNs) and deep deterministic policy
gradient (DDPG) as well as DRL algorithms. Due to the limited number of sur-
veys that are based on DRL applications in RIS, this work helps with that problem
by providing information regarding DRL algorithms for the optimization of RIS
technology to overcome variouswireless communication problems. Themain con-
tributions are as follows:

● We study the foundations of DRL, as well as its inner parts. We then discuss
those components and how they complement each other in the product that is
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DRL. Moreover, we provide algorithms, like deep Q learning, that could assist

in understanding the frameworks – that are DL and RL.

● We present the system model of a standard DRL-based system and examples

of DRL-based systems for RIS-assisted wireless communication networks from

prior works. The structures and functionalities of each work are also given to

give insight into the systems.

● Demonstrate relevant algorithms and the impact they have on the RIS-assisted

systems, which, more specifically, are the algorithms to train deep neural net-

works (DNN) and the algorithm to optimize action dependent on the phase

shift.

14.1.2 Chapter Organization

The rest of this chapter is organized as follows. Section 14.2 introduces DRL and

its components: DL and RL, as well as discusses algorithms made using these

frameworks. Section 14.3 reviews papers regarding DRL usage in RIS environ-

ment. Section 14.4 presents the conclusion and possible works in the future.

14.2 Related Works

DRL techniques have been leveraged to enhance energy efficiency in RIS-assisted

communication systems. Tham et al. [14] introduced a DRL-based approach for

secrecy energy-efficient unmanned aerial vehicle (UAV) communication with

RIS. By formulating the energy-efficient communication problem as a MDP, the

proposed DRL agent learns optimal policies for UAV trajectory design and RIS

phase configuration, considering both secrecy and energy efficiency objectives.

The results demonstrated significant improvements in energy efficiency while

maintaining secure communication links. Similarly, Lee et al. [15] proposed

a DRL framework for energy-efficient networking with RIS. The DRL agent

optimizes the transmission power allocation and RIS phase shifts to maximize

the energy efficiency of the overall communication system. The design showed

promising results in terms of energy savings and improved spectral efficiency. Sun

et al. [16] proposed a DRL-based plot for cell-free multi-access edge computing

(MEC) servers. Furthermore, Peng and Wang [17] focused on energy harvesting

RIS for UAV applications using robust DRL. The proposed method enables the

UAV to learn adaptive policies for optimizing the RIS configuration and UAV

trajectory to maximize energy harvesting efficiency. The results highlighted

the effectiveness of the robust DRL scheme in achieving energy-efficient UAV
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Table 14.1 Energy efficiency works summary.

References Scope Advantages Disadvantages

Sun et al.
[16]

Energy
minimization in
multi-RIS
cell-free MEC
networks

Reviews RIS phase
shifts and MEC server
association for
optimization

Specific to multi-RIS
cell-free MEC
networks

Lee et al.
[15]

Energy-efficient
networking in
RIS systems

Addresses the critical
issue of RIS networks’
energy efficiency

Limited to energy
optimization, lacking
in other performance
metrics

Peng and
Wang [17]

Energy
harvesting in
RIS UAV
systems

Remarks the
importance of energy
harvesting in RIS UAV
systems; take into
account RIS
configuration’s
optimization and UAV
trajectory

Specific to UAV
systems using RIS

communication with the assistance of RIS. Below is a table regarding the scope,

along with the pros and cons of each study presented.

Regarding Table 14.1, it’s worth noting that while these studies provide

valuable insights and contributions in their respective areas, they may have

limitations in terms of the specific scenarios they consider and the metrics

they optimize. Further research may be needed to explore the applicability of

these approaches in different contexts and to address additional performance
objectives. Other than works related to energy efficiency, there have been

few survey papers to address DRL usage in RIS settings, but not without cer-

tain limitations. Below is a table noting the different aspects of those survey
papers.
As can be seen in Table 14.2, prior survey papers on the subject of RIS are with-

out flaws. While two papers focus on RIS–UAV systems, our chapter considers
works that are based on standard wireless communication networks, instead.
Furthermore, our chapter goes over specific algorithms and explain their func-

tionality as well as structure. The algorithms mentioned are also accompanied by

explanation and results gathered from simulations presented in their respective

papers.



Table 14.2 Survey papers summary.

References

Scope

(system

model)

Machine

learning (ML)

methodology Advantages Limitations

Nguyen
et al. [18]

RIS–UAV
system

DRL Discusses how DRL can be employed to enhance
the performance of RIS-UAV systems; focuses on
RIS–UAV communication networks; explores
various deployment strategies and system
configurations

Delve deep into recent studies and
concepts surrounding DRL in RIS-UAV
without extensive experimental
validation or real-world implementation
examples; acknowledges the challenges
of deploying RIS–UAV networks
without addressing potential hurdles

Pogaku
et al. [13]

RIS–UAV
system

DRL Provides a survey on RIS-empowered UAV
systems considering multiple contexts such as
optimization, communication techniques and
DRL; real life implementations of such systems;
branches out to different RIS systems (e.g.,
non-orthogonal matching pursuit (NOMA));
future directions of RIS–UAV systems

Focuses mainly on RIS-UAV systems;
mentions specific algorithms but does
not go in depth regarding impacts on
their respective systems

Faisal and
Choi [19]

RIS wireless
system

ML Concise overview of RIS architecture and brief
introduction to ML, with different ML techniques;
ML techniques’ applications are also presented
along with equations; includes multiple RIS
system types and ML algorithms; acknowledges
future direction and key challenges in deploying
ML in RIS

Scope is limited to ML

Our work RIS wireless
system

DRL; RL; DL Explanations for DL, RL, DRL algorithms in
detail; presented multiple relevant algorithms
along with their advantages and disadvantages;
included two algorithms and their respective
function and impact on system

Lacking in analytical and numerical
simulation results, and fluid
presentation of content; some figures
are basic, not having much of an
impact; doesn’t expand on algorithms’
equations



480 14 Deep Reinforcement Algorithms in RIS-Empowered Wireless Communication Systems

14.3 What is Deep Reinforcement Learning?

This section provides a comprehensive exploration of the fundamental compo-

nents that constitute DRL, which combines the fields of DL and RL. DL focuses

on the development and utilization of artificial neural networks to process com-

plex data representations and learn hierarchical features through multiple layers

of abstraction [20]. On the other hand, RL revolves around the interaction of an

agent with an environment, where the agent learns to make sequential decisions

in order to maximize a notion of cumulative reward [21].

Within DRL, DL plays a crucial role in enabling the agent to process

high-dimensional sensory inputs, such as images or raw sensor data, and extract

meaningful representations that facilitate decision-making [20]. RL, on the other

hand, provides the theoretical framework for learning optimal decision-making

policies through interaction with an environment [21]. It encompasses concepts

like MDPs, value functions, and policy optimization algorithms. To implement

DRL, specific algorithms have been created by combining DL and RL techniques.

One notable example is the DDPG algorithm [22]. DDPG utilizes deep neural

networks to approximate both the actor and critic functions, enabling it to handle

continuous action spaces and provide efficient policy updates.

To enhance the understanding of DRL, this section incorporates visual aids

such as figures, tables, and equations. These visual representations help illustrate

key concepts, architectures, and mathematical formulations employed in DRL

research [23, 24]. Additionally, an algorithmic description is included to provide

a step-by-step explanation of the processes involved in DRL, aiding readers in

grasping the material [25].

14.3.1 Deep Learning

DL was built to simulate the complex decision-making power of the human

brain [26], or rather teach computers to process data in a way that is inspired by

the human brain. Examples of deep learning can be seen in everyday objects, such

as our phones’ ability to recognize faces, language translation, or, most notably,

ChatGPT. What differentiates DL from other learning is the number of hidden
layers it uses, giving it the name “deep.” A usual machine learning algorithm
would consist of an neural network (NN) with at minimum three layers: the
input, the hidden layer, and the output layer. A DL algorithm goes beyond that,
with anything more than three layers being called a DNN, which is discussed in
Section 14.3.1.1.
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14.3.1.1 Deep Neural Networks

As previously mentioned, a Deep Neural Network (DNN) typically has more
than three layers in its architecture. This allows it to learn complex datasets
more efficiently. However, a higher number of layers can also increase the time
complexity. To train a DNN, various algorithms have been developed, including
a straightforward one presented later in this section. Nevertheless, this algorithm
may be difficult to comprehend without the knowledge of the equations involved,
so it is recommended to refer to eq. (5) and eq. (16–20) in [1] to better understand
the algorithm. Figure 14.1 illustrates the structure of a DNN, consisting of three
parts: the input, hidden layers (which can have even more layers than what is
shown in the figure), and the output. In this figure, R(.) and I(.) represent the real
and imaginary parts of a complex-valued quantity, while hp and gp are part of the
phase adjustment information.

f itrain = [R(hp)I(hp)R(gp)I(gp)]1×4 (14.1)

Equation (14.1) represents the training data for Figure 14.1, in which the output
is the diagonal phase matrix for each RIS including the adjusted phase angles by
RIS reflecting elements [1].
As can be inferred in its title, Algorithm 14.1 employs DNN to estimate channel

characteristics and optimize the cooperative communication process, which are
trained on a dataset consisting of CSI and corresponding transmit power levels.
The trained DNNs are then used to predict the optimal transmit power levels for

Hidden layers

Input

R(hp)

I(hp)

Φp

R(gp)

I(gp)

Output

Figure 14.1 Deep neural network.
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Algorithm14.1: Theoretical training algorithm forDNNat pth relay (Rp) (DNNR −

CRIS).

Input: Channel state information (CSI) data – jp,n (incoming channel) and kp,n (outgoing
channel)

Output: Trained DNN at Rp –Wk and bk: the weight and bias vectors, respectively.
Initialization: Initialize DNN parameters –Wk, bk, and loss function L(Ω) where Ω signifies the

training parameter set withWk, bk values.
LOOP Procedure

1: for i = 1 to s do
2: Pre-process CSI - Separate real and imaginary parts of jp,n and kp,n

and rearranged to generate a feature vector

3: Compute the theoretical adjusted phase vector Θp,n maximizing

instantaneous signal-to-noise-ratio (SNR).

4: Pre-process phase data in step 3 - Separate real and imaginary

parts of said data and rearrange them, generating the output vector

5: end for
6: Generate the training data –Concatenate feature and output vectors to form training

data set
7: Until L(Ω) is minimized, keep training the DNN
8: return Trained DNN at Rp

cooperative communications. The algorithm is meant to be used in a cooperative

RIS (CRIS) environment; in other words, an environment with multiple RIS ele-

ments. The CRIS component optimizes the phase shifts of the RIS elements based

on the predictions from theDNNR component to enhance the overall signal quality

and coverage. During training, the weights and biases are optimized to minimize

the different between predicted and actual transmit power levels. Results in [1]
presents that Algorithm 14.1 can effectively maximize reflected signals and return
satisfactory performance compared to non-DNN systems. The system exhibits low
system complexity. The authors stated that utilizing maximum ratio combining
(cophasing all paths and summed with optimal weighting to maximize SNR at
combiner output) could further extend the performance of the system. Although
the results are promising, it should be remembered that the CSI is perfectly known
and upcoming studies regarding similar scenarios with imperfect or blind CSI
would be challenging.
To fully understand Figure 14.2, the author established the relay as R, with L

being the number of relays in total. That said, the RIS are managed and config-
ured by an IoT controller, which hosts the DNN software and controls the RIS.

The IoT network can be thought of as a gateway for inputting signals to the DNN

and managing the RIS-based relay for further functionality; for example, activa-

tion/deactivation, troubleshooting, and software updates. Each RIS is considered

an IoT device where the existing IoT platforms and communication protocols can

be deployed [1].
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DNN R2

IoTC R2

DNN RL

RL

IoT network

DNN R1

IoTC R1

R1

BS UE

IoTC RL

R2

Figure 14.2 DNN in RIS-empowered wireless systems.

14.3.1.2 Autoencoders

Autoencoders, another algorithm that uses DL, are trained to uncover latent

variables of the input data (the ones that can’t be directly observed but inform the

way data is distributed). A few examples of their uses can be denoising images and

image compression. Their structure is quite different from “conventional” neural
networks, despite also having three layers. According to Figure 14.3, the first is the
encoder: which consists of layers that encode a compressed representation of the

input data through reducing its dimension. The number of nodes of the encoder

progressively gets smaller so that as data flows through, it gets compressed by
“squeezing” through the decreasing dimensions. The most compressed version
of this data is in the middle, called the bottleneck (or latent space), and is both
the output layer of the encoder and the input layer of the decoder. The goal of
the bottleneck is to learn a good but compressed version of the input data. Last
is the decoder, which, by contrast to the encoder, has progressively more nodes
that decompress the data through the bottleneck back to its original form. In
other words, this version is then compared to the original input to measure the
effectiveness of the autoencoder; the difference between the two versions is called
the reconstructionerror. The point of autoencoders is to minimize the dimensions
of data while keeping its crucial qualities by learning a compressed version
of it.
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Encoder

Bottleneck/

latent space

Input

Compressed data

Reconstructed data

Decoder

Figure 14.3 Autoencoder structure.

14.3.2 Reinforcement Learning

In short, RL can be understood as a framework based on the principle of interact-

ing with surrounding elements to improve performance by trial and error; in other

words, it learns by adjusting actions based on feedback to maximize the reward,

minimize the penalty [21].

14.3.2.1 Deep Q Network

DQN can be boiled down to being the combination of RL and DNN. It was formed

after a classic RL algorithmwas strengthened,Q-LearningwithDNNs.Q-Learning

is a model-free and off-policy, which generally means estimating the total dis-
counted future reward as if it was following a greedy policy (constantly performs
the action that is believed to yield the highest expected reward) even though it is
not following such a policy, RL algorithm to return the value of a specific action
in a state (the information an agent has about the environment). It is based on the

idea of a Q-function (state-action value function) of a certain policy. It measures

the expected return or discounted sum of rewards from a state by taking a par-

ticular action and following a policy thereafter, which is the Q-value. Essentially,

Q-Learning creates a matrix for an agent to refer to maximize its reward. With the
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Figure 14.4 Q-Learning versus deep Q-learning.

highest action-value Q∗(S,A), where S is the state and A is the action, the optimal

action can be computed using,

A∗(S) = argmax
a
Q∗(S,A) (14.2)

That said, an approximator toQ∗(S,A) is needed, and one key part in helping us

solve for it is exactly Eq. (14.2) which is delved into in Section 14.3.2.2.

Continuing where we left off: however, it loses potency as the number of
states and actions in an environment increase, leading to the creation of Deep
Q-Learning (DQL) which utilizes DNNs to calculate all possible actions stemming
from one initial state, and use that to determine the optimal action. Figure 14.4
demonstrates this:
Despite DQL being the upgraded version, it still has limitations, such as having

difficulty converging to the correct Q-function due to it being non-linear and hav-

ing multiple local minima. A few techniques have been proposed to address this,

most prominently being experience relay: storing its experiences and using it to

update the Q-function, making the learning process more stable.

14.3.2.2 Deep Deterministic Policy Gradient

Despite being presented in the RL section, in essence, DDPG is a combination of

DL and RL. Similar to DQN, it is an model-free, off-policy RL algorithm and is
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motivated by the sameQ-function as DQN, but is mainly used for continuous con-
trol which can utilize large function approximators such as NNs [27]. In Eq. (14.1),
Q∗(S,A) can be described by recapping the Bellman equation; which for those that
don’t know, states the following, “the value of a state-action pair is equal to the
expected immediate reward plus the discounted value of the best action to take in
the next state”;

Q∗(S,A) = E
S′∼P

[r(S,A) + Υmax
A′

Q∗(S
′,A′)] (14.3)

with r(S,A) signifying the expected reward for taking action A at state S, and S′∼P
is shorthand for the next state, S′ being sampled by the environment. As men-
tioned above in Section 14.3.2.1, Eq. (14.2) is the integral part in solving for the
approximator toQ∗(S,A). Suppose the approximator is aNNQΘ(S,A), with param-
eters Θ and a set, B, of transitions, (S,A,R, S′,D), where D indicates whether S′ is
terminal. A mean-squared Bellman error function can help in showing how close
QΘ(S,A) is to satisfying Eq. (14.2):

L(Θ,B) = E
(S,A,R,S′ ,D)∼B

[(QΘ(S,A) − (r + Υ(1 − d)max
A′

QΘ(S
′,A′)))2] (14.4)

(1 − d)makes use of a convention where True is 1 and False is 0. Therefore, if S′ is
terminal, the Q-function can determine that the agent gets no additional rewards
after the current state. Below is a model for the DDPG-based distributed training
decentralized execution (DTDE) algorithm [28].
Figure 14.5 features two new networks, actor and critic. Actor–critic is also a

RL algorithm that involves both policy and value based methods, which can min-
imize the limitations when each is used individually. The “actor” learns a policy
to make decisions, in this case it’s a′(t + 1), explores the action space to maximize
the reward; to do that, it has to continuously refine the policy to adapt to the envi-
ronment. The “critic” evaluates the actor’s actions and provides feedback (policy
gradient); by doing so, it guides the actor towards actions that has higher expected
gain, leveraging the performance of the learning process. Having said that, the
remainder explains the figure presented above. In the online execution stage, the
BS executes action a(t) according to its current state st, which is obtained fromuser
equipments (UEs) and its trained policy. In the o�ine stage, the authors separately
set the parameters of networks and the replace buffer. Based of the current state
s(t) and the policy 𝜋k(a|s), the BS chooses action a(t) added a random noise which
decays for exploration and then gets the reward r(t) and the new state s(t + 1). The
experience (s(t), a(t), r(t), s(t + 1)) then is stored into the replay buffer. After initial-
izing the learning process, the BS randomly picks amini-batch experience to train.

14.3.3 Deep Reinforcement Learning

DRL is the combination of RL and DL. Over the past half-century, DRL has
achieved remarkable results in various domains, including traffic-related
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Figure 14.5 DDPG-based DTDE algorithm.

problems [29, 30], robotics [31], cybersecurity [32], and communications/
networking [33]. A key motivation behind DRL is the vision of creating systems
that can adapt and learn in the real world. While current artificial intelligence
(AI) algorithms excel at specific tasks, combining multiple tasks can overwhelm
these algorithms. DRL aims to create an “artificial general intelligence” system
that can handle any given task or learn how to solve it. DRL has emerged as
a crucial component in advancing AI [34]. The basic function of DRL involves
an agent interacting with an environment, performing actions, and receiving
rewards or punishments based on its performance. Figure 14.6 provides an
overview of this process. For example, consider a scenario where a car is heading
towards a brick wall, representing the state of the environment. The agent, which
is typically a deep neural network (DNN), can choose between continuing to
drive or stopping altogether to avoid a crash. If it chooses to continue driving, it
receives a punishment of −1 point, indicating a negative outcome. On the other
hand, if it decides to stop, it receives a reward of +1 point, indicating a positive
outcome. These rewards and punishments guide the DNN’s learning process.
Through repeated interactions with the environment, the DNN adjusts its inter-

nalweights to optimize its decision-making. By assigning higherweights to actions
that lead to rewards and lower weights to actions that result in punishments, the
DNN gradually improves its performance on the given task. This iterative learning
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Figure 14.6 Deep reinforcement learning example.

Table 14.3 Technique comparison in terms of performance in RIS.

Technique Advantages Disadvantages

DL Able to learn complex data patterns;
scalable model; handling missing and
sequential data; predictive modeling;
feature extraction; generalization;
versatility

Large amount of training data;
high computational cost; training
complexity

RL Impromptu error correction; training
data gained through environmental
interaction; adaptive

Dependent on reward function;
hard to debug; requires a large
number of environmental
interaction to learn viable
policies; difficulty converging to
optimal solution

DRL Handling dynamic adaption problems
in complicated environments and
beamforming design problems [35];
building knowledge about channels
without knowing its model and mobility
pattern; autonomous knowledge
acquisition

Requires high computational
power compared to DL and RL;
can easily memorize specific
scenarios, leading to poor
performance on unseen tasks;
hyperparameter sensitivity
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process, often referred to as training, allows the DNN to become better over time.

Table 14.3 below is made to summarize the advantages and disadvantages of DL,

RL, and DRL.

Table 14.3 provides an overview of the machine learning techniques that can

be used to support RIS performance. There have been several works addressing

the RIS performance by utilizing these techniques but quite a few proved to be

impractical, unfit for real life deployment. With RIS promising breakthroughs in

telecommunication, it is fundamental to resolve current problems and strive for a

superior system.

14.4 Deep Reinforcement Learning Algorithms
for RIS-Empowered Wireless Communication Systems

Current data rates are climbing exponentially due to the continuous upstaging

number of users brought by the Internet of Things (IoT), which demands

wireless communication networks to extend their capacity [35, 36]. Despite

this, contemporary iterative algorithms have huge computational complexity

which results in major processing delays [35]. Therefore, machine learning

is used, more specifically DRL, because of its ability to swiftly solve a variety

of problems, including real-time dynamic optimization problems [37] and

non-convex optimization problems [38]. As the title suggests, this section intro-

duces DRL-based algorithms and go into detail about their modeling as well as

functionality.

14.4.1 General System Model

In [35], López-Lanuza et al. based their scheme on mmWave multi-user multiple-

input-single-output (MU-MISO). However, [39, 40] were different, proposing a
system for multi-hop and factory automation scenarios, accordingly. The others
based their system on standard wireless communication networks [1, 36, 37].
Here in Figure 14.7 –which can be explained further in [35] and [2] – the BS,

connected to the MEC server, stores the DRL-based algorithm to simultaneously
design the hybrid active beamformer at the BS and the passive beamformer at the
RIS through the linkHB,R; furthermore, the data is o�oaded at the MEC server to
train the DRL model; doing this helps reduce latency and brings forth real-time
performance to high-bandwidth applications. From there, the RIS transmits the
signal to the user equipments (UE), with the link named HR,UE. For the LoS and
nLoS, it means line-of-sight and non-LoS, which essentially equates to whether or
not there is a clear connection between the transmitter and receiver.
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Figure 14.7 System model for RIS-empowered edge DRL system.

14.4.2 RIS-Empowered Wireless Networks DRL Algorithms Structure

To start, we feature a few systems’ components and their purpose inside their

respective network,

As can be seen in Table 14.4, each paper approaches the problem using a vari-

ety of structures and algorithms, such as the aforementioned DDPG algorithm in

[38]. In the paper, DDPG is specifically employed to optimize the channel esti-

mation process in RIS-aided wireless networks. Referring back to Section 14.3.2.2,

a DDPG algorithm consists of an actor and a critic network. The actor observes

the state and executes an action; the critic evaluates the action. In this scenario,

the state representation includes the received signal strength information from the

RIS elements and the phase shifts applied by the RIS. The action representation

involves determining the optimal phase shifts to be applied by the RIS elements for

channel estimation. The reward function is defined based on the accuracy of chan-

nel estimation and the utilization of resources, such as transmit power and time

slots. The algorithm is trained using an o�ine learning process, where the train-

ing data is generated using a channel model and real-world measurements. The

actor and critic networks are updated iteratively using gradient-based optimiza-

tion techniques to maximize the expected cumulative reward. The performance is

then evaluated through simulations, comparing the proposed approach to tradi-

tional estimation methods, such as least squares estimation.



Table 14.4 Detailed build and inner-workings of models.

System’s References Structure Functionality/ability

López-Lanuza
et al. [37]

Flexible and scalable DL-based unsupervised learning model that
can obtain the best phase shift in any situation

Able to handle multi-carrier waveforms and large-size RIS,
considering both continuous and discrete phase shifts; use
clustering to reduce complexity while upholding performance

Zhu et al. [35] DRL-based algorithm to design hybrid beamformer (BF) at BS and
passive BF at RIS

Utilize a soft actor–critic (SAC) algorithm to obtain a
maximum entropy based DRL algorithm to explore more
stochastic policies, in turn design active analog precoder and
passive BF

Kim et al.
[38]

Federated learning using DRL to provide reward gains for robots
within the RIS-empowered indoor wireless networks, as well as
employing a DDPG to optimize the robots’ deployments, RIS’s phase
shifts and power allocation policy for users

Another federated learning (FL) model with local training and
regular global model update to enable cross-learning among
the robots to improve training efficiency

Naderializadeh
et al. [41]

Scalable multi-agent DRL to resolve distributed user scheduling and
downlink power control

Performs joint optimization of user selection and power
control decisions; able to manage resource and mitigate
interference

Sagir et al. [1] Two DNN-empowered cooperative RIS models. One model for
investigating the potential of RIS installation as an IoT-based relay
element in a next-gen cooperative network using DL techniques.
The other one is made to reduce the maximum likelihood
complexity at a destination, it is merged with DNN-empowered
phase optimization

Control each RIS in the system and optimize the phase
adjustments in real time, maximizing the reflected signals

Huang et al.
[39]

Distributed learning algorithm to employ a deep cascade forward
back-propagation network (DCBN) in each relay node to resolve RIS
coefficients optimization problem. Based on the results, introduce
the proximal-policy-optimization (PPO) algorithm with the clipping
method to obtain solutions for joint optimization of routing and
power allocation

Learn and evaluate the long-term benefit of different
environments based on results from DCBN to train
corresponding solutions of DRL-based joint routing and power
allocation strategy

Hashemi
et al. [40]

DRL algorithm named twin-delayed deep deterministic policy
gradient (TD3)

Maximize total finite blocklength (FBL) rate of actuators (AC)
in factory environment based on
signal-to-interference-plus-noise ratio (SINR) and achievable
rate in FBL regime identified for each AC in terms of the phase
shift configuration matrix at the RIS
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14.4.2.1 DRL Algorithm For Phase-Shift Action

Following this is be a section on a DRL algorithm aimed at optimizing RIS phase

shifts. Again, explanations for the equations related to the algorithmwould be too

long as there are an abundant of variables the authors established; therefore, we

are not able to present them here. However, it is highly suggested the equations be

looked at to fully understand the algorithm. The equations are eq. (12–17) in [42].

In the sections above, we mentioned “phase shift” a number of times but didn’t

put an explanation on what it actually is. It is when data is transmitted by chang-

ing carrier signal’s phase. It’s a type of digital modulation, carried out by varying

the sine and cosine functions at various time intervals. To retrieve the original

data we use a demodulator. One phase shift plan is to use symbol-masking at

the post-symbol mapper, which increases the amount of bit information per sym-

bol. A few advantages phase shifting presents are improved bandwidth efficiency,

reduced power consumption and fitness with high data rates. Another mentioned

technique is beamforming, which makes use of multiple antennas to sent out and

direct the same signal towards a single device. The resulting benefit from this

Algorithm 14.2: DRL algorithm to determine the optimal action corresponding

to the optimal phase shift.

Initialization: P
𝛼
(parameter of actor network) and Pc (parameter of critic network) with random

weights, experience replay with memoryD, soft update coefficient 𝜎, discount factor p ∈ (0, 1], learn-
ing rate Lr , PA ← Pa and PC ← Pc;

1: repeat
2: Collect the channels of the k-th episode;

3: Randomly input 𝜍pm∀m = 1, ...,Mp;

4: Compute beamforming 𝑤j̄ using eq. (12) (for j̄ = 3 − j∀j ∈ {1, 2})
5: Input policy network representation 𝜗 ∼ CN(0, 0.1);
6: repeat

7: Acquire a(t) = 𝛼(s(t)|P
𝛼
) + 𝜗 from the actor network and reshape it;

8: Loop Line 4;

9: Observe the new state s(t + 1) given a(t);

10: Store (s(t), a(t), r(t), s(t + 1)) in D - with the r(t) being the reward of

executing a(t);

11: Sample a mini-batch MB transitions (s(h), a(h), r(h), s(h + 1)) randomly

from D;

12: Calculate the target value from eq. (13);

13: Update critic with eq. (14);

14: Update actor with eq. (15);

15: Update the target NNs using eq. (16) and eq. (17);

16: until t = T (amount of batches D can store);

17: until k = K (number of episodes);

Output: Optimal action that corresponds to the optimal block matrix containing the RIS’

phase shifts.
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technique is high directivity (a straight narrow beam connecting transmitter and

receiver, high gain in wanted directions and low gain in unwanted ones).

The DRL algorithm [42] is proposed for the environment of RIS-assisted

full-duplex (FD) transmission. It aims to optimize the beamforming and phase

shifting actions of the RIS elements in order to improve the system’s performance.

The author considered two RIS configurations: single RIS and distributed RIS.

Extensive simulations revealed that the DRL-based distributed RIS configuration

outperforms the single RIS configuration in terms of sum rate and energy

efficiency, mostly due to the collaborative optimization of multiple RIS elements.

Based on the results, the algorithm provides a significant improvement in the

sum-rate for the single and distributed RIS schemes compared to the random

RIS phase shifts in all scenarios. Furthermore, the algorithm yields a complexity

reduction percentage up to 40% for the range from 20 to 60 programmable

reflecting elements (PRE) compared to the DRL and it saturates at 57% when
the number of PRE is very large. Additionally, through the simulations, it is
found that distributed significantly better than single RIS, with sum-rate almost
doubling, 11 bits per second/Hz and 6 bits per second/Hz, respectively (numbers

are rounded) [42].

14.5 Limitations and Key Takeaways

In this section, we summarize what is wrote in the upper sections and point out

certain limitations that are present, afterwards are the key points you, as readers,

should take away from this chapter.

14.5.1 Limitations

A few limitations we have in this chapter includes

● Missing simulation results and comparison between the systems’ results.

● Equations are not included with algorithms.

● Section 14.4 requires an expansion in terms of content, systemmodels and algo-

rithms being used in those systems.

Simulation results are not presented as we aren’t able to access and run the

programs to return results in charts, as they would require permission from

the papers’ authors. Equations are referred back to the original paper as they

require the whole paper to understand, and presenting that in our chapter would

inefficient and unrealistic. Currently, there are only a few papers regarding DRL

in RIS environment, and even less papers that are “good” and relevant. Due to

this, Section 14.4 is quite underdeveloped.
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14.5.2 Key Takeaways

We believe our chapter is helpful when it comes to immediate information regard-
ing ML techniques in RIS scenarios, such as DRL, and a lesson on algorithms in
use. While the chapter focuses on RIS wireless communication systems, some
of the cited papers can inform about other types of networks in use, such as
NOMA and multiple-input-multiple-output. Our chapter can help in building
foundational knowledge to work up into higher levels, as most of the chapter is
basic knowledge when it comes to machine learning usage in RIS.

14.6 Conclusion

In this chapter, we have highlighted the efficacy of DRL algorithms in enhancing
RIS-empowered communication networks. We explored DRL-based algorithms
for RIS-empowered communication networks. We began by delving into the com-
ponents that constitute DRL and examining conventional algorithms derived from
these components. Our exploration has revealed that DRL algorithms significantly
contribute to RIS technology in several ways. First, they enable the optimization
of combination policies by leveraging the observation of reward functions. DRL
algorithms adapt to unforeseen environments by employing RL andDNN. Finally,
they facilitate resource allocation in network environments. Further research can
focus on developing more advanced DL techniques and DNN architectures. This
could involve investigating novel architectures, such as recurrent neural networks
or attentionmechanisms, to capture temporal dependencies and improve themod-
eling of complex RIS-enabled communication scenarios. One aspect researchers
could touch on is network-specific optimization, which involves designing algo-
rithms that consider the unique characteristics of RIS, such as the impact of dif-
ferent RIS configurations and the number of reflecting elements.

References

1 Sagir, B., Aydin, E., and Ilhan, H. (2023). Deep-learning-assisted IoT-based

RIS for cooperative communications. IEEE Internet of Things Journal 10 (12):

10471–10483. https://doi.org/10.1109/JIOT.2023.3239818.

2 Huang, S., Wang, S., Wang, R. et al. (2021). Reconfigurable intelligent sur-

face assisted mobile edge computing with heterogeneous learning tasks. IEEE

Transactions on Cognitive Communications and Networking 7 (2): 369–382.

https://doi.org/10.1109/TCCN.2021.3056707.

3 Yang, S., Lyu, W., Xiu, Y. et al. (2023). Active 3D double-RIS-aided multi-user

communications: two-timescale-based separate channel estimation via Bayesian

https://doi.org/10.1109/JIOT.2023.3239818
https://doi.org/10.1109/TCCN.2021.3056707


References 495

learning. IEEE Transactions on Communications 71 (6): 3605–3620. https://doi

.org/10.1109/TCOMM.2023.3265115.

4 Dampahalage, D., Manosha, K.S., Rajatheva, N., and Latva-Aho, M. (2022).

Supervised learning based sparse channel estimation for RIS aided commu-

nications. ICASSP 2022 – 2022 IEEE International Conference on Acoustics,

Speech and Signal Processing (ICASSP), 8827–8831. https://doi.org/10.1109/

ICASSP43922.2022.9746793.

5 Schroeder, R., He, J., and Juntti, M. (2021). Passive RIS vs. hybrid RIS: a com-

parative study on channel estimation. 2021 IEEE 93rd Vehicular Technology

Conference (VTC2021-Spring), 1–7. https://doi.org/10.1109/VTC2021-

Spring51267.2021.9448802.

6 He, J., Nguyen, N.T., Schroeder, R. et al. (2021). Channel estimation and

hybrid architectures for RIS-assisted communications. 2021 Joint European

Conference on Networks and Communications & 6G Summit (EuCNC/6G Sum-

mit), 60–65. https://doi.org/10.1109/EuCNC/6GSummit51104.2021.9482600.

7 Nakul, M., Rajoriya, A., and Budhiraja, R. (2024). Variational learning algo-

rithms for channel estimation in RIS-assisted mmWave systems. IEEE

Transactions on Communications 72 (1): 222–238. https://doi.org/10.1109/

TCOMM.2023.3324652.

8 Masini, B.M., Silva, C.M., and Balador, A. (2020). The use of meta-surfaces in

vehicular networks. Journal of Sensor and Actuator Networks 9 (1): 15.

9 O’shea, T. and Hoydis, J. (2017). An introduction to deep learning for the phys-

ical layer. IEEE Transactions on Cognitive Communications and Networking

3 (4): 563–575.

10 Wu, Q. and Zhang, R. (2019). Towards smart and reconfigurable environment:

intelligent reflecting surface aided wireless network. IEEE Communications

Magazine 58 (1): 106–112.

11 Di Renzo, M., Zappone, A., Debbah, M. et al. (2020). Smart radio environ-

ments empowered by reconfigurable intelligent surfaces: how it works, state of

research, and the road ahead. IEEE Journal on Selected Areas in Communica-

tions 38 (11): 2450–2525.

12 Kisseleff, S., Chatzinotas, S., and Ottersten, B. (2021). Reconfigurable intel-

ligent surfaces in challenging environments: underwater, underground,

industrial and disaster. IEEE Access 9: 150214–150233. https://doi.org/10.1109/

ACCESS.2021.3125461.

13 Pogaku, A.C., Do, D.T., Lee, B.M., and Nguyen, N.D. (2022). UAV-assisted RIS

for future wireless communications: a survey on optimization and performance

analysis. IEEE Access 10: 16320–16336. https://doi.org/10.1109/ACCESS.2022

.3149054.

https://doi.org/10.1109/TCOMM.2023.3265115
https://doi.org/10.1109/TCOMM.2023.3265115
https://doi.org/10.1109/ICASSP43922.2022.9746793
https://doi.org/10.1109/ICASSP43922.2022.9746793
https://doi.org/10.1109/VTC2021-Spring51267.2021.9448802
https://doi.org/10.1109/VTC2021-Spring51267.2021.9448802
https://doi.org/10.1109/EuCNC/6GSummit51104.2021.9482600
https://doi.org/10.1109/TCOMM.2023.3324652
https://doi.org/10.1109/TCOMM.2023.3324652
https://doi.org/10.1109/ACCESS.2021.3125461
https://doi.org/10.1109/ACCESS.2021.3125461
https://doi.org/10.1109/ACCESS.2022.3149054
https://doi.org/10.1109/ACCESS.2022.3149054


496 14 Deep Reinforcement Algorithms in RIS-Empowered Wireless Communication Systems

14 Tham, M.-L., Wong, Y.J., Iqbal, A. et al. (2023). Deep reinforcement learning

for secrecy energy-efficient UAV communication with reconfigurable intelli-

gent surface. 2023 IEEE Wireless Communications and Networking Conference

(WCNC), 1–6. https://doi.org/10.1109/WCNC55385.2023.10118891.

15 Lee, G., Jung, M., Kasgari, A.T.Z. et al. (2020). Deep reinforcement learning for

energy-efficient networking with reconfigurable intelligent surfaces. ICC 2020 –

2020 IEEE International Conference on Communications (ICC), 1–6. https://doi

.org/10.1109/ICC40277.2020.9149380.

16 Sun, M., Ni, W., Xu, X., and Tao, X. (2024). Deep reinforcement learning for

energy minimization in multi-RIS-aided cell-free MEC networks. ICASSP

2024 – 2024 IEEE International Conference on Acoustics, Speech and Signal

Processing (ICASSP), 9011–9015. https://doi.org/10.1109/ICASSP48485.2024

.10447551.

17 Peng, H. and Wang, L.-C. (2023). Energy harvesting reconfigurable intelligent

surface for UAV based on robust deep reinforcement learning. IEEE Transac-

tions on Wireless Communications 22 (10): 6826–6838. https://doi.org/10.1109/

TWC.2023.3245820.

18 Nguyen, T.-H., Park, H., and Park, L. (2023). Recent studies on deep rein-

forcement learning in RIS-UAV communication networks. 2023 International

Conference on Artificial Intelligence in Information and Communication

(ICAIIC), 378–381. https://doi.org/10.1109/ICAIIC57133.2023.10067052.

19 Faisal, K.M. and Choi, W. (2022). Machine learning approaches for reconfig-

urable intelligent surfaces: a survey. IEEE Access 10: 27343–27367. https://doi

.org/10.1109/ACCESS.2022.3157651.

20 Bengio, Y., Goodfellow, I., and Courville, A. (2017). Deep Learning, vol. 1.

Cambridge, MA: MIT Press.

21 Sutton, R.S. and Barto, A.G. (1999). Reinforcement learning: an introduction.

Robotica 17 (2): 229–235.

22 Lillicrap, T.P. (2015). Continuous control with deep reinforcement learning.

arXiv preprint arXiv:1509.02971.

23 Mnih, V. (2013). Playing atari with deep reinforcement learning. arXiv preprint

arXiv:1312.5602.

24 Li, Y. (2017). Deep reinforcement learning: an overview. arXiv preprint

arXiv:1701.07274.

25 Silver, D., Huang, A., Maddison, C.J. et al. (2016). Mastering the game of Go

with deep neural networks and tree search. Nature 529 (7587): 484–489.

26 Arnold, L., Rebecchi, S., Chevallier, S., and Paugam-Moisy, H. (2011). An

introduction to deep learning. European Symposium on Artificial Neural Net-

works (ESANN).

https://doi.org/10.1109/WCNC55385.2023.10118891
https://doi.org/10.1109/ICC40277.2020.9149380
https://doi.org/10.1109/ICC40277.2020.9149380
https://doi.org/10.1109/ICASSP48485.2024.10447551
https://doi.org/10.1109/ICASSP48485.2024.10447551
https://doi.org/10.1109/TWC.2023.3245820
https://doi.org/10.1109/TWC.2023.3245820
https://doi.org/10.1109/ICAIIC57133.2023.10067052
https://doi.org/10.1109/ACCESS.2022.3157651
https://doi.org/10.1109/ACCESS.2022.3157651


References 497

27 Nair, A., McGrew, B., Andrychowicz, M. et al. (2018). Overcoming exploration

in reinforcement learning with demonstrations. 2018 IEEE International Con-

ference on Robotics and Automation (ICRA), 6292–6299. https://doi.org/10.1109/

ICRA.2018.8463162.

28 Li, L., Yang, Y., Bao, L. et al. (2023). Deep reinforcement learning-based down-

link beamforming and phase optimization for RIS-aided communication

system. IEEE Wireless Communications Letters 12 (12): 2263–2267. https://

doi.org/10.1109/LWC.2023.3318212.

29 Kiran, B.R., Sobh, I., Talpaert, V. et al. (2022). Deep reinforcement learning for

autonomous driving: a survey. IEEE Transactions on Intelligent Transportation

Systems 23 (6): 4909–4926. https://doi.org/10.1109/TITS.2021.3054625.

30 Haydari, A. and Yılmaz, Y. (2022). Deep reinforcement learning for intelligent

transportation systems: a survey. IEEE Transactions on Intelligent Transporta-

tion Systems 23 (1): 11–32. https://doi.org/10.1109/TITS.2020.3008612.

31 Zhao, W., Queralta, J.P., and Westerlund, T. (2020). Sim-to-real transfer in deep

reinforcement learning for robotics: a survey. 2020 IEEE Symposium Series on

Computational Intelligence (SSCI), 737–744. https://doi.org/10.1109/SSCI47803

.2020.9308468.

32 Nguyen, T.T. and Reddi, V.J. (2023). Deep reinforcement learning for cyber

security. IEEE Transactions on Neural Networks and Learning Systems 34 (8):

3779–3795. https://doi.org/10.1109/TNNLS.2021.3121870.

33 Luong, N.C., Hoang, D.T., Gong, S. et al. (2019). Applications of deep rein-

forcement learning in communications and networking: a survey. IEEE

Communications Surveys & Tutorials 21 (4): 3133–3174. https://doi.org/10

.1109/COMST.2019.2916583.

34 Arulkumaran, K., Deisenroth, M.P., Brundage, M., and Bharath, A.A. (2017).

Deep reinforcement learning: a brief survey. IEEE Signal Processing Magazine

34 (6): 26–38. https://doi.org/10.1109/MSP.2017.2743240.

35 Zhu, Y., Bo, Z., Li, M. et al. (2022). Deep reinforcement learning based joint

active and passive beamforming design for RIS-assisted MISO systems. 2022

IEEE Wireless Communications and Networking Conference (WCNC), 477–482.

https://doi.org/10.1109/WCNC51071.2022.9771666.

36 Xu, J., Ai, B., and Quek, T.Q.S. (2023). Toward interference suppression:

RIS-aided high-speed railway networks via deep reinforcement learning. IEEE

Transactions on Wireless Communications 22 (6): 4188–4201. https://doi.org/10

.1109/TWC.2022.3224009.

37 López-Lanuza, G., Chen-Hu, K., and Armada, A.G. (2022). Deep learning-

based optimization for reconfigurable intelligent surface-assisted commu-

nications. 2022 IEEE Wireless Communications and Networking Conference

(WCNC), 764–769. https://doi.org/10.1109/WCNC51071.2022.9771876.

https://doi.org/10.1109/ICRA.2018.8463162
https://doi.org/10.1109/ICRA.2018.8463162
https://doi.org/10.1109/LWC.2023.3318212
https://doi.org/10.1109/LWC.2023.3318212
https://doi.org/10.1109/TITS.2021.3054625
https://doi.org/10.1109/TITS.2020.3008612
https://doi.org/10.1109/SSCI47803.2020.9308468
https://doi.org/10.1109/SSCI47803.2020.9308468
https://doi.org/10.1109/TNNLS.2021.3121870
https://doi.org/10.1109/COMST.2019.2916583
https://doi.org/10.1109/COMST.2019.2916583
https://doi.org/10.1109/MSP.2017.2743240
https://doi.org/10.1109/WCNC51071.2022.9771666
https://doi.org/10.1109/TWC.2022.3224009
https://doi.org/10.1109/TWC.2022.3224009
https://doi.org/10.1109/WCNC51071.2022.9771876


498 14 Deep Reinforcement Algorithms in RIS-Empowered Wireless Communication Systems

38 Kim, K., Tun, Y.K., Munir, M.S. et al. (2023). Deep reinforcement learning

for channel estimation in RIS-aided wireless networks. IEEE Communications

Letters 27 (8): 2053–2057. https://doi.org/10.1109/LCOMM.2023.3280821.

39 Huang, C., Chen, G., Tang, J. et al. (2022). Machine-learning-empowered

passive beamforming and routing design for Multi-RIS-assisted multihop net-

works. IEEE Internet of Things Journal 9 (24): 25673–25684. https://doi.org/10

.1109/JIOT.2022.3195543.

40 Hashemi, R., Ali, S., Taghavi, E.M. et al. (2022). Deep reinforcement learn-

ing for practical phase shift optimization in RIS-assisted networks over short

packet communications. 2022 Joint European Conference on Networks and

Communications & 6G Summit (EuCNC/6G Summit), 518–523. https://doi.org/

10.1109/EuCNC/6GSummit54941.2022.9815804.

41 Naderializadeh, N., Sydir, J.J., Simsek, M., and Nikopour, H. (2021). Resource

management in wireless networks via multi-agent deep reinforcement learning.

IEEE Transactions on Wireless Communications 20 (6): 3507–3523. https://doi

.org/10.1109/TWC.2021.3051163.

42 Faisal, A., Al-Nahhal, I., Dobre, O.A., and Ngatched, T.M. (2022). Deep rein-

forcement learning for RIS-assisted FD systems: single or distributed RIS?

IEEE Communications Letters 26 (7): 1563–1567. https://doi.org/10.1109/

LCOMM.2022.3170061.

https://doi.org/10.1109/LCOMM.2023.3280821
https://doi.org/10.1109/JIOT.2022.3195543
https://doi.org/10.1109/JIOT.2022.3195543
https://doi.org/10.1109/EuCNC/6GSummit54941.2022.9815804
https://doi.org/10.1109/EuCNC/6GSummit54941.2022.9815804
https://doi.org/10.1109/TWC.2021.3051163
https://doi.org/10.1109/TWC.2021.3051163
https://doi.org/10.1109/LCOMM.2022.3170061
https://doi.org/10.1109/LCOMM.2022.3170061


499

15

Examining Physical Layer Security for RIS-Aided Wireless

Communication Systems

Tuan Minh La1, Hieu Tri Nguyen2, and Khoi Nguyen Phan3

1High School for Gifted Student, Hanoi University of Science, Hanoi City, Vietnam
2Nguyen Sieu High School, Hanoi City, Vietnam
3British International School, Ho Chi Minh City, Vietnam

15.1 Introduction

In a wireless communicating environment, it is broadcast nature for every
surrounding user to receive the signal from the transmitter, including the main
receiver and also the unauthorized ones. Therefore, securing the transmission is a
vitally important but complicated and tough procedure, especially applied to the
Internet of Things (IoT) and in the environment of a fifth-generation 5G wireless
network along with a futuristic 6G network, with abundant connected devices. In
that setting, physical layer security (PLS) techniques have emerged as a potential
solution to fill in the important position [1].
In recent years, the reconfigurable intelligent surface (RIS) has attracted much

consideration as a promising technology for the next-generation network’s wire-
less channel environment. An RIS is a software-controlled planar electromagnetic
(EM)metasurfacewith a large number of nearly passive components, which could
be controlled by amicrocontroller to alter the amplitude and phase of the reflected
signal. The RIS technology provides the ability to renovate transmission environ-
ments into intelligent ones, enhancement of the received signals’ quality at the
destination, mitigate power consumption, alleviate undesired interference, and
increase the PLS, which will be considered afterward [2–5].
In parallel, NOMA has also appeared promising in the field of IoT, especially for

the forthcoming future 6G era. NOMAprovides the ability to achievemassive con-
nectivity using the same resource by optimally and fairly allocating power among
users along with power multiplexing. Eventually, NOMA is capable of outper-
forming conventional orthogonal multiple access (OMA) techniques, due to the
capability of servingmultiple users at the same time using the same resource [6–8].

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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15.1.1 Motivation

PLS can serve as a standalone security measure or be combined with other

technological techniques to safeguard simple 6G-IoT devices. However, their

efficacy might diminish in adverse propagation conditions due to the reliance on

noise and fading variations in wireless channels. To bolster security in 6G-IoT

networks, RIS offers dynamically controlled channels, presenting a promising

solution. RIS technology can optimize PLS advantages by leveraging channel

propagation characteristics, spatial diversity, beamforming, and cooperative com-

munications. Consequently, RIS-aided PLS designs hold potential for enhancing

security in both 5G and 6G networks. However, implementing RIS-aided PLS

solutions necessitates precise configuration and placement of RIS, adherence

to strict hardware requirements, and coordination among elements. Despite

these challenges, such solutions can be tailored to specific design scenarios and

communication objectives, allowing for a balance between security performance

and implementation complexity.

15.1.2 Chapter Contribution

Our work contributes significantly to the advancement of 6G-IoT wireless net-

works by presenting a comprehensive framework for designing and implementing

PLS solutions using RISs. In addition, we design robust security measures such

as beamforming algorithms and artificial noise generation schemes, leveraging

RIS capabilities to enhance network resilience against eavesdropping and jam-

ming attacks. Overall, our contributions facilitate the development of secure and

reliable 6G-IoT wireless networks by providing a holistic approach that combines

theoretical insights, practical implementation strategies, empirical validation, and

a roadmap for future research.Moreover, we added amathematical analysis of PLS

and RIS in an implemented network, further validating the efficacy of these solu-

tions and demonstrating improvements in security metrics such as secrecy rate

and outage probability, thereby establishing the practical viability of our proposed

framework.

15.1.3 Chapter Organization

The rest of this chapter is organized as follows. Section 15.3 introduces approaches

to implementing RIS into PLS as well as gives results of studies associated.

Section 15.4 gives fundamentals of PLS and RIS. Section 15.5 provides specific

analysis of plain RIS-assisted PLS. Section 15.6 presents a mathematical analysis

of the RIS-aided NOMA network applied in PLS. Section 15.7 concludes the study

and summarizes the result.
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15.2 Related Works

PLS for RIS-aided wireless communication systems has been studied in several
ways. By managing channel gains and improving outage and total capacity per-
formance, RIS-assisted NOMA systems may increase EE, coverage, and resource

allocation fairness. Physical layer security methods like channel coding, power
optimization, and boundary techniques can improve secrecy capacity and SNR
differentials between legitimate receivers and eavesdroppers, reducing eavesdrop-
ping risks. With its programmable and passive reflecting parts, RIS technology is

a key component of 6G networks, improving spectrum and EE. Mobile edge com-
puting (MEC) and NOMA convergence reduce power consumption and o�oad
delays, facilitating future wireless communication systems’ high data throughput
and low latency. These studies demonstrate how RIS transforms next-generation

wireless network security and performance.
This section provides brief information on approaches that have been taken into

practical use and/or are in experimentation and provides promising results, along
with a summarization of eventual results.

15.2.1 RIS-Aided Physical Layer Security

The RIS provides significant performance advantages and compatibility with PLS
methods by its exceptional characteristics of high-precision beamforming, full-
band response, superior power gain, financial effectiveness, high level of energy

and spectral efficiency, etc. Specifically, the transmitter communicates with the
receiver over a vulnerable communication link, while the RIS is deployed at a
strategic location to exploit the characteristics of thewireless channel. Limiting the
information extracted by the eavesdropper by improving the signal-to-inference-

plus-noise ratio (SINR) at the receiver and degrading the eavesdropper’s abilities to
receive information, the RIS–PLS protects against eavesdropper and jamming and
secures the communication. These advantages could be applied to key 6G tech-
nologies, device-to-device (D2D) communications, and especially the industrial

IoT [9–11].

15.2.2 RIS-Aided NOMA Networks

As mentioned in Section 15.1, RIS and NOMA appear promising in researchers’
vision of developing PLS, particularly in the field of 6G networks and the IoT,
therefore systems applying both of these technologies intelligibly appeared. In

the proposed system, RIS is utilized to enhance the coverage performance of
NOMA by collaboratively transmitting signals to users located in obstructed or
challenging communication environments, such as the “dead zone” caused by
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obstructions between the base station (BS) and users. By leveraging the advan-

tages of both NOMA and RIS, such as increased spectral efficiency and improved

coverage, the system aims to address the challenges of next-generation wireless

networks like 6G. The integration of RIS with NOMA allows for non-orthogonal

transmission at the transmitting end, enabling the system to multiplex multiple

users’ signals based on their power levels. This approach helps eliminate multi-

access interference (MAI) through successive interference cancellation (SIC) at

the receiver, leading to improved spectral efficiency. Additionally, RIS technology

can passively reflect received signals to users, thereby enhancing the EE of the

system [12].

15.2.3 Double-Faced Active RIS

Alongside superior characteristics, RIS suffers from prominent drawbacks of

attenuation in signal reflection due to the multiplicative nature of the fading

loss of the cascaded channels and half-space-restricted transmission. In order to

overcome these, RIS architectures emerged renovations called active-RIS [13, 14]

and its two editions, active reflecting-only RIS [13, 14] and active refracting-only

RIS [15]. These inventions can magnify the signals when they “reflect/refract”

the impinging EM waves due to their amplifiers into the conventional reflecting

elements, resulting in significantly better performance of RIS in coverage and

spectral efficiency. Moreover, to resolve RIS problems thoroughly, researchers

proposed a novel model called double-faced active (DFA)–RIS, which fulfills the

desire for full space transmission [3].

15.2.4 STAR–RIS Assisted NOMA Networks

Researchers also bring up another application of RIS to deal with these draw-

backs, which is called STAR–RIS-assisted NOMA networks. Differing from RIS

and active-RIS, STAR-RIS allows independent adjustment of the surface’s electri-

cal andmagnetic impedance, enabling control over both transmitted and reflected

signals (Table 15.1). This capability offers advantages of full-space smart radio

environment (SRE) coverage and increased degrees of freedom for system design

over reflecting-onlyC-RIS-NOMAsystems, leading to improved spectral efficiency

and better mitigation of co-channel interference in NOMA networks, specifically

assisting PLS in 6G networks and IoT [6, 16].



Table 15.1 Summary of RIS-aided wireless approaches.

References Scope (System model) Advantages Limitations

Khalid et al. [9] RIS ● Successfully improved the secrecy
rate significantly when positioned
accurately.

● Can be further analyzed and
renovated.

● Complexity in analyzing the
functions of the RIS in different
hardware implementations.

● Path loss and multipath fading.
● Half-space restricted transmission.

Zhang et al. [12] RIS-aided
NOMA

● Improvement in the number of
reflecting elements of RIS or transmit
antennas.

● Outperformed RIS in improving the
secrecy rate.

● Drawbacks of RIS still remain.

Guo et al. [3] Double-faced
active RIS

● Successfully compensate the severe
fading loss and achieve full-space
coverage simultaneously.

● Outperformed RIS in improving the
secrecy rate.

● Rely on complex mathematical
models, leading to the limitation in
flexibility.

Zhang et al. [6] STAR–RIS
Assisted
NOMA

● Successfully compensate the severe
fading loss and achieve full-space
coverage simultaneously.

● Outperformed RIS in improving the
secrecy rate.

● Contain potential performance
degradation and operating
complication.

● Rely on complex mathematical
models, leading to the limitation in
flexibility.
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15.3 Fundamentals of PLS, RIS, and IoT

In this section, we discuss the fundamentals of FL, RIS, and IoT. Thus, diving into

its advantages and compare to alternative modes of connection.

15.3.1 RIS

Abovecited, RIS (reconfigurable intelligent surface) is known for its promising

technology for the future, revolutionizing telecommunication in all aspects. Using
an array of reflectors on its surface, RIS can easily stimulate the EM wave and

forward the incident wave with amplified strength. RIS essentially works in three
steps: receiving, processing, and reconfiguring the incoming signal. Moreover, RIS

can help increase a wave’s traveling distance and bandwidth [17].

15.3.1.1 RIS Configuration

Figure 15.1 illustrates the RIS configuration, comprising three layers and a con-
troller with the following components:

● Outer layer: Consists of flexible, discrete, subwavelength-sized elements. Uti-

lizes diode arrays (e.g., PIN or varactor diodes) to control EM reflection. Voltage
settings alter diode states, thereby adjusting tunable elements.

● Middle layer: Contains a copper backplane to prevent signal leakage.
● Inner layer: Hosts a control circuit board that adjusts reflection coefficients

(amplitude and phase), connecting the RIS controller to reflecting elements,
receiving and transmitting voltage signals.

15.3.1.2 How RIS Operates

In simple terms, RIS essentially operates by exploiting the superposition of
in-phase waves [5], resulting in a phenomenon called constructive interference.

When multiple transverse waves travel in the same direction, this additional
event can result in an increase in total amplitude, therefore increasing the EM

Reflected wave

Lambda/2 or smaller

spacing

Sensing layer

Element array

Copper backplane

Control circuit board

Reflected

wave

Figure 15.1 Schematic of an RIS.
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Figure 15.2 Uplink RIS-aided wireless system.

intensity, as shown in Figure 15.2. To be able to stimulate, RIS contains multiple

reflective elements on its screen, which are calculated using a complex algorithm

to determine the reflective angle strategically. This change in direction has taken

elements such as phase difference, amplitude, and wavelength of the incoming

wave [4, 18].

Due to this enhancement in the wave signal, RIS ensures constant constructive

interference from the target location to the signal receiver. This method not only

helps boost the initial weak signal that has been distorted/blocked by obstacles but

also helps maintain a stable connection [4].

15.3.1.3 Advantages of RIS

There are several benefits when it comes to putting RIS into practice since it is at

the forefront of future communications. To start with, one of RIS’s major advan-

tages is its ability to reduce energy waste when it comes to wireless networks and

communications [19].

Since the RIS method of elongating signal connections does not require consid-

erable energy to operate, thismeans these passive element carriers are significantly

more power efficient than traditional relay systems, mostly leveraging the proper-

ties of EM waves [6]. Moreover, this also enables RIS to support the development

of sustainable communication infrastructures. Additionally, RIS increases signal

coverage and quality by reflecting signals to directed locations [20]. This makes it

possible for RIS to function in a variety of settings, including thosewhere obstacles

frequently block signal propagation both indoors and out.

As RIS provides efficient performance in both environments, this technique

can easily bolster indoor connections and support the initial infrastructure system

without any extended modes of modification. This budget-free solution not only
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increases the nature of wireless communications but also aids the exponential

demand for connectivity among users [21]. Table 15.2 presents how RIS can

perform better than related transmission techniques in terms of main features.

15.3.1.4 How RIS can be Applied on IoT

With RIS being the forerunner of our future’s technology, its integration with the

IoT can revolutionize the way telecommunications operate with unparalleled

range and connection. Responsible for solving communication issues and extend-

ing coverage, RIS can greatly bolster IoT in various aspects, such as connectivity

and range. First, deploying RIS infrastructures can enhance connections in

IoT networks. RIS is especially helpful in places with lots of obstacles or signal

problems, like mountainous areas, because it can improve the overall quality

of connections by smartly using signal reflection and redirection techniques to

lower signal loss. RIS’s capacity to modify its reflecting qualities may enhance

signal routes, leading to a more dependable and robust IoT connection. The

use of RIS technology has the potential to greatly augment the coverage area of

communication signals, thereby facilitating the extension of the range of IoT

devices. RISs may function as signal enhancers by precisely manipulating EM

radiation. This facilitates communication between devices located at longer

distances. This feature is particularly advantageous in extensive implementations

of the IoT, such as smart cities, industrial environments, and agricultural sectors,

where a wider range of connectivity is necessary to provide uninterrupted data

transmission and real-time monitoring.

Furthermore, RIS-aided PLS solutions can be applied to various emerging

technologies, including mmWave/sub-THz communications, visible light com-

munications, vehicular communications, UAV communications, integrated

sensing and communication, Industrial IoT, SWIPT, NOMA, and D2D communi-

cations. Despite the promising potential of RIS in enhancing PLS performance,

further research is needed to explore its capabilities, limitations, and effective

implementation in diverse network topologies and application scenarios. This

includes understanding the complexity of design solutions and additional control

variables to optimize RIS-aided PLS in future networks.

15.3.2 Physical Layer Security of RIS in the Context of IoT

Applications

Despite RIS’s promising opportunity to look forward to, this revolutionarywireless

system still requires multiple sets of challenges that require further research and

solutions.



Table 15.2 RIS compared to other modes of transmission techniques.

Feature RIS Traditional relays MIMO

Functionality Manipulate electromagnetic
waves for signal optimization.

Amplify and forward or
decode and forward signals.

Use multiple antennas to
transmit and receive signals.

Energy Efficiency High, as it passively reflects
signals without the need for
power amplification.

Lower, as it requires power to
amplify signals.

Moderate to high, depending
on the algorithm and system
design.

Deployment cost is
potentially lower, due to the
passive nature and no need
for dedicated power sources.

Higher, because of the active
components and power
requirements.

High, due to the complexity
and number of antennas
required.

Complexity Low to moderate, mainly in
the control software.

Moderate, due to the need for
signal processing and power
management.

High, due to the signal
processing and management
of multiple antennas.

Latency is very low, as it does
not process the signal, just
alters its propagation path.

Moderate, due to processing
and forwarding delays.

Low to moderate, depending
on the processing efficiency.

Scalability High, as it can easily be
integrated into various
environments without
extensive modification.

Moderate, limited by power
and hardware requirements.

High, but may be limited by
interference and signal
processing capabilities.

Application scope Suitable for enhancing signal
coverage and efficiency in
dense urban areas.

Commonly used for range
extension and overcoming
dead zones.

Widely used for high data rate
transmission and multipath
management.

Privacy and security are
enhanced, due to the lack of
signal interception and
decoding capabilities.

Potential vulnerabilities, as
signals are amplified or
decoded.

Enhanced through spatial
multiplexing and signal
encoding techniques.

Source: Zhang et al. [6]; Renzo et al. [20]; Liaskos et al. [21].
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Device A Device B

Eavesdropper

Figure 15.3 Eavesdropping model.

15.3.2.1 PLS and RIS

One of the most problematic problems is about eavesdropping risks when RIS is

taken into account. In circumstances when the RIS sends signals to designated

receivers, there is the possibility that eavesdroppers may intercept certain parts

of these signals, as shown in Figure 15.3. This risk becomes greater if there is no

obstruction in the direct path between the source of the signal and the eavesdrop-

per. These signals may be captured and decoded by eavesdroppers that are placed

within the signal route, even if these are not the intended targets. In order to mit-

igate this susceptibility, attention to details of the design and implementation of

RIS is crucial, especially with regard to how they direct and regulate signals in

diverse contexts.

The consequences of eavesdropping inRISs are considered to have a tremendous

effect on the system’s reliability. When transporting sensitive data such as user

information or model training weights, eavesdroppers can easily gain access to

these data by exploiting the systems’ weaknesses. After analyzing the intercepted

data from the receiver, the eavesdropper can gain various types of insights into the

training dataset progress. As a result, hackers use this sensitive information to do

illegal activities such as intellectual property theft. This not only affects the sys-

tem adversely but also leads to less liability from users to the newly implemented

system [22].

PLS mechanisms can be employed to safeguard communication between RIS

nodes and the central server. For instance, artificial noise injection techniques

can be utilized to intentionally introduce random interference into the com-

munication channel, masking the transmitted data and making it difficult for
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eavesdroppers to extract meaningful information [23]. Beamforming technolo-
gies, which let RIS nodes focus transmission beams on intended recipients while
reducing leakage to unauthorized receivers, can also make FL communications
more private [24]. Additionally, channel coding techniques can be used to send
data in a way that adds redundancy and error correction, making it more resistant
to mistakes made by eavesdroppers or attempts to change it [25]. PLS techniques
can add another layer of defense against eavesdropping attacks by using the
randomness and multipath properties of wireless channels. These techniques can
be used in addition to traditional cryptographic methods to make FL-enabled RIS
deployments safer overall.

15.3.2.2 PLS for RIS on IoT

Applying PLS techniques to RIS within the IoT ecosystem offers a promising
approach to enhance data confidentiality and integrity while mitigating security
risks. RIS, equippedwith the capability tomanipulate EMwaves, can leverage PLS
mechanisms to secure wireless communication channels and protect transmitted
data from eavesdropping and interception. One key aspect of PLS for RIS on
IoT involves exploiting the unique properties of the wireless propagation envi-
ronment to establish secure communication links. By dynamically configuring
the reflection coefficients of RIS elements, RIS can shape the wireless channel
and create secure transmission paths between IoT devices and gateways. For
example, RIS can adjust the phase and amplitude of the reflected signals to
constructively interfere with the desired receiver while inducing destructive
interference at unintended locations, thus thwarting eavesdropping attempts
[26]. Also, RIS-enabled beamforming techniques can make IoT communications
more private by guiding transmission beams to the right people and preventing
them from getting to people who are not supposed to see them. By changing the
phase and amplitude of reflected signals on the fly, RIS can direct transmission
beams with high directional gain toward real IoT devices. This makes it much less
likely that someone will intercept the signal [27]. Furthermore, channel coding
and modulation schemes tailored for RIS-enabled IoT deployments can enhance
data confidentiality and integrity. RIS can add redundancy and error correction
to transmitted data by using error-correcting codes and modulation techniques
that are optimized for the wireless channel. This makes it more resistant to errors
caused by eavesdropping or attempts to alter it [25].

15.4 RIS-Aided PLS

15.4.1 General Notion

RIS exhibits numerous unique characteristics, including high-precision beam-
forming, rapid deployment, limited control messages, real-time configuration,
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affordable complexity, full-band response, full-duplex (FD) transmission, superior

power gain without imposing thermal noise, cost-effectiveness, and high energy

and spectral efficiency. These attributes render RIS an ideal candidate for imple-

menting and enhancing PLS methods. In a straightforward RIS-aided PLS design,

the transmitter (Tx) communicates with the receiver (Rx) over a vulnerable

communication link, while the RIS is strategically deployed to exploit wireless

channel characteristics. By improving the signal-to-interference-plus-noise

ratio (SINR) at the Rx and/or degrading the eavesdropper, the RIS can mitigate

eavesdropping and jamming attacks. Optimal adjustment of deployment location,

number of elements, and reflection coefficients for the RIS can effectively protect

the Rx from such attacks. RIS-based PLS solutions find application in various

emerging technologies, including mmWave/sub-THz communications, visible

light communications, vehicular communications, unmanned aerial vehicle

(UAV) communications, integrated sensing and communication, Industrial IoT,

simultaneous wireless information and power transfer (SWIPT), NOMA, and

device-to-device (D2D) communications. Research efforts have demonstrated

improved PLS performance under controlled channel gain through RIS in various

scenarios, systems models, methodologies, and optimization problems. However,

despite extensive research, the study and evaluation of RIS-aided PLS in 6G-IoT

networks are still in the early stages. Further investigation is needed for the

design and implementation of RIS-aided PLS under variable network topologies

and novel application scenarios. This includes understanding the capabilities

and limitations of design solutions, their effective implementations, inherent

complexity, and additional control variables.

15.4.2 Design Solution

In complex situations, the use of RIS for enhancing PLS has provenmore effective

than traditional multiple-input multiple-output (MIMO) methods. This is partic-

ularly evident when the receiver (Rx) requires a higher secrecy rate, the eaves-

dropper or jammer has more antennas or better channel conditions, or when they

are situated close to the transmitter (Tx). In such scenarios, conventional methods

like large-scale antenna arrays or spatial beamforming may not provide adequate

secrecy. Additionally, securing transmissions through a combination of methods,

such as transmit beamforming with artificial noise (AN) or cooperative methods

can be challenging. However, utilizing RIS to control the strength and direction of

reflected signals, alongwith signal processing and optimization for bothTx andRx,

offers unique security advantages. A well-configured RIS can optimize the radio

environment under difficult propagation conditions, improving the effectiveness

of wireless channels for secure communications regardless of node numbers, loca-

tions, or channel conditions. For instance, in situations where nodes are closely
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spaced or the propagation environment lacks scattering, assuming independent

observations becomes unreliable due to correlated channels. In such cases, rely-

ing solely on one secure technique may not provide complete protection against

all attacks. Hence, employing a strategy that combines different RIS-assisted PLS

solutions can offer significant security enhancements [9, 28, 29].

15.4.2.1 RIS-Based Secure Resource Management

RIS offers a strategic approach to secure resource management in wireless com-

munication scenarios. By effectively utilizing network resources like bandwidth,

time, and power, RIS ensures secure transmissions. Techniques such as link

adaptation based on subcarrier and power allocation, adaptive modulation, and

coding exemplify methods to achieve security objectives. Moreover, RIS enables

PLS provision by optimizing transmission parameters specifically for the Rx link

using independent fading. This optimization inherently provides security against

jamming and eavesdropping attacks without requiring additional processing

or computation at the Rx. Furthermore, adapting the link between the Tx and

Rx via RIS, by adjusting transmission parameters and reflection characteristics,

establishes a more secure communication link. This adjustment allows the

RIS to steer transmitted signals toward the Rx while nullifying interference

from jammers and degrading the signal-to-noise ratio (SNR) at eavesdroppers, as

shown in Figure 15.4. The strategic deployment of RIS effectively creates a “secure

zone” around the Tx and Rx, making it challenging for eavesdroppers or jammers

to intercept or disrupt information transmission. Additionally, RIS-based link

adaptation and channel-dependent resource allocation support flexible and

scenario-specific secure transmissions, satisfying information security require-

ments in terms of confidentiality and availability. Adjusting parameters like

transmit power, modulation order, number of RIS elements, reflection coeffi-

cients, error correction, subcarriers, coding rate, and RF bandwidth based on

channel characteristics optimizes secure transmissions. In summary, RIS-based

secure resource management optimizes network resources and transmission

parameters to ensure secure and efficient wireless communications, providing

flexibility and adaptability to different scenarios and channel conditions [9, 30].

15.4.2.2 RIS-Based Secure Beamforming

The spatial dimension ofmultiple antennas inMIMO systems offers opportunities

for reliable information transmission. Beamforming and precoding techniques are

utilized to transmit spatially directed signals, exploiting diversity and array gains.

Beamforming directs EM energy towards a specific location by adjusting beam-

forming weights in real time using phase shifters. Precoding involves transmitting

multiple symbols simultaneously, shaping the radiation pattern of the antenna

array towards Rx. Beamforming focuses on single-user transmission, while
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Figure 15.4 RIS-based secure resource allocation.

precoding involves the superposition of different beams for spatial multiplexing of

multiple data streams. Signal processing techniques like linear precoding, such as

generalized singular value decomposition, zero-force precoding, and dirty-paper

precoding, can enhance PLS performance by controlling the directivity or shape

of transmitted signals. For instance, the passive beamforming of the RIS can

complement the active beamforming of the Tx, enhancing PLS performance.

By designing optimal beamforming vectors, the eavesdropping channel can

be degraded relative to the legitimate channel, ensuring confidentiality, and

enhancing the power of the decoding signal at the Rx, while mitigating the impact

of jamming signals to ensure availability, as shown in Figure 15.5. Increasing the

number of elements of the RIS can improve the efficiency of secure transmissions

compared to increasing the size of the Tx antenna array. Fewer antennas at

the Tx can provide a certain degree of secrecy gain when deploying RIS. The

higher the number of RIS elements, the fewer antennas are required at the Tx.

RIS-based secure beamforming designs enhance PLS performance metrics across

different system configurations, including multistream, multiuser, and wideband
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Figure 15.5 RIS-based secure beamforming.

scenarios. However, the choice of technique depends on the rank and security
requirements of the transmissions [9, 31].

15.4.2.3 RIS-Based Secure AN Injection

RIS-based secure AN Injection is a method employed to counter eavesdropping
attacks in wireless communication, as shown in Figure 15.6. High-powered AN

can be emitted by either the Tx or Rx. Specifically, the Tx can emit AN in the same
frequency band as the original signal, utilizing the null space in theMIMOchannel
between the Tx and Rx. Conversely, the Rx can generate AN by adopting in-band

FD communications. For example, Mucchi et al. introduced noise deliberately
via the Rx using noise-loop modulation while Choi et al. explored AN precoding,
adding a known interfering signal to the original signal at the Tx. Isotropic AN

is suitable when the channel state information (CSI) of the eavesdropper is
unknown, while spatially selective AN is preferable otherwise. However, many
studies on AN-based PLS assume knowledge of the eavesdropper’s location,

which is often impractical. A more realistic approach involves designing AN
solely based on information from the Rx. Yet, it’s important to acknowledge that
even with this approach, attackers with advanced technology or channel knowl-

edge may still intercept the signal. RIS can potentially reflect the AN, increasing
interference for the eavesdropper and making signal interception more difficult.
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Furthermore, Choi et al. demonstrated improved secrecy with Tx-injected AN
when the RIS is near the eavesdropper. Studies indicate that RIS with AN design
requires fewer elements and less computational complexity to achieve a certain
level of secrecy compared to designs without AN. However, AN injection typically
demands more power, consuming additional transmission and circuit power. This
necessitates a constrained transmit power to send a confidential message to the
Rx while injecting AN simultaneously, potentially disrupting the Rx’s decoding
ability. RIS can help mitigate this constraint by enabling the Tx to reduce transmit
power while maintaining communication performance. The optimization process
for RIS-based AN injection entails selecting optimal beams at the Tx/Rx for
transmitting/receiving the original signal and injecting AN using real-time CSI,
along with designing phase shifts for the RIS. This ensures the efficient and
effective deployment of AN to enhance security in wireless communications [32].

15.4.2.4 RIS-Based Secure Cooperative Communications

Cooperative relaying and jamming methods utilize spatial diversity to provide
effective security solutions. In cooperative relaying, multiple trusted relays
enhance PLS by distributing the benefits of MIMO technology. To improve recep-
tion at the Rx against eavesdropping and jamming, relays can be chosen based
on their location or using directional antennas. Communication in relay-based
networks typically involves two phases: transmission from the Tx to both the
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relay and Rx, and then relay retransmission to the Rx. Amplify-and-Forward

(AF) and Decode-and-Forward (DF) protocols are commonly used, with AF

being simpler but potentially amplifying noise, and DF performing better under

certain conditions. Relays can operate in Half-Duplex (HD) or FDmode, and their

advantages have been explored in challenging scenarios such as limited backhaul,

BS deployment issues, or high throughput needs. However, cooperative relaying

presents challenges including relay selection, reliability, power control, and

computational complexity. In addition to cooperative diversity, relayed jamming

signals can disrupt eavesdroppers. Challenges in cooperative jamming include

power allocation and designing jamming signals against multiple eavesdroppers.

As shown in Figures 15.7 and 15.8, combining cooperative relaying and jamming

BS

DF-relay DF-relay

Jamming attackEavesdropping attack

BS

Rx Rx

LoS blocking component LoS blocking component

Eavesdropper

Jammer

Figure 15.7 RIS-based secure cooperative relaying.
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Figure 15.8 RIS-based secure cooperative jamming.
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with RIS can further improve PLS by enhancing cooperative diversity. This

approach offers a comprehensive strategy to enhance wireless communication

security [9, 33, 34].
Noted that improving secrecy performance with RIS-aided PLS faces challenges

like complex channel spaces, precise element configuration, strategic RIS placement,

and hardware constraints. Robust algorithms are needed to adapt to interference and

noise, along with considerations like relay scheduling, AN power allocation, and RIS

details. Selecting the right solution depends on tradeoffs between security, hardware

complexity, latency, and overhead.

15.5 Mathematical Analysis of PLS in an RIS-Aided
NOMA Network

This section presents a system model of an PLS implementation using RIS-aided

NOMA, as well as equations used to obtain a closed-form solution of the ergodic
secrecy rate (ESR) of the model based on [35]. We can construct a model network

consisting of a BS with M antennas, trying to communicate with two users UA

and UB (with UB being further away from BS), and an unauthorized eavesdropper
UE. Here, the BS cannot establish direct communication between itself and the

users due to obstacles, so an RIS withN reflective elements using the NOMA tech-
nique is employed. Additionally, an obstacle exists that prevents communication

between the RIS and UB, so UA is used to relay signals to and from UB.

Here, we specify how signals are transferred throughout the network model, as
well as obtain equation representations for those signals. Themodel transmits data

from BS to the users in three phases.

15.5.1 First Phase

In the first phase, BS transmits a signal x using ps power transmission. x is a com-

posite signal made from xA and xB, which are data signals meant for UA and UB,

respectively. A power-splitting factor a ∈ [1, 0] is used in the calculation of x to
distinguish between xA and xB signals. A beamforming vector f where f ∈ ℂ

M×1

and ||f ||2 = 1 is used to create a directional signal. The resulting calculation for x
is as follows:

x = f (
√
apsxA +

√
(1 − a)psxB) (15.1)

The signal received by the RIS in the first phase (y(1)
RIS
) is influenced by the chan-

nel between BS and the RIS, represented by Hgi ∈ ℂ
N ×M :

y(1)
RIS

= Hgix (15.2)
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15.5.2 Second Phase

In the second phase, RIS sends its received signal to UA, which UE attempts to
eavesdrop on. This signal is sent through the channel from the RIS to UA, rep-
resented by hiA ∈ ℂ

N ×1. This signal is morphed by Φ, a diagonal matrix used to
reflect and adjust the signal sent from BS. In addition, an anti-eavesdropping jam-
ming signal is injected by UB to both UE and UA, which is known only to UA who
can eliminate it. This jamming signal is coined xj, and is sent with power Pj, which
UA receives through hBA ∈ ℂ

1×1, the channel from UB to UA. Furthermore, UA

receives noise in the form of n(2)
A
, which is “complex Gaussian noise zero mean

and variance (𝜎2
A
).” In total, UA receives the following signal in phase 2:

y(2)
UA

= (hHiAΦHgi)x +
√
PjxjhBA + n(2)

A
(15.3)

In a similar vein, in phase 2, UE also receives a signal from RIS through the
channel hiE ∈ ℂ

N×1, as well as a jamming signal from UB through the channel
hBE ∈ ℂ

1×1. It is also affected by its own Gaussian noise n(2)
E
with variance 𝜎2

E
. The

following is the signal received by UE:

y(2)
UE

= (hHiEΦHgi)x +
√
PjxjhBE + n(2)

E
(15.4)

15.5.3 Third Phase

In the third phase,UA acts as a relay that amplifies and forwards the received signal
to UB. As a result, the signal is affected by the gain variable G and is sent through
channel hAB ∈ ℂ

1×1 (channel from UA to UB), with UB affected by complex Gaus-
sian noise n(3)

B
with variance 𝜎2

B
[35]:

y(3)
UB

= GhAB y
(2)
UA

+ n(3)
B

(15.5)

Similarly, UE receives a signal amplified by gain G that is sent through channel
hAE ∈ ℂ

1×1, and affected by complex Gaussian noise n(3)
E
with variance 𝜎2

E
:

y(3)
UE

= GhAE y
(2)
UA

+ n(3)
E

(15.6)

15.5.4 SNR and SINR

From Eqs. (15.3) and (15.4), we can, respectively, deduce the SNR of UA and the
SINR of UE (since UA can eliminate the jamming signal from U2) in phase 2 [35]:

𝛾
(2)
UA

=
𝛼ps|(hHiAΦHgi)f |2

𝜎
2
A

(15.7)

𝛾
(2)
UE

=
ps|(hHiEΦHgi)f |2
Pj|hBE|2 + 𝜎

2
A

(15.8)
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From Eqs. (15.5) and (15.4), we can also deduce the SINR ofUB andUE in phase

3 respectively [35]:

𝛾
(3)
UB

=
G2(1 − 𝛼)ps|(hHiAΦHgi)f |2|hAB|2

G2(𝛼ps|(hHiAΦHgi)f |2 + 𝜎
2
A
)|hAB|2 + 𝜎

2
B

(15.9)

𝛾
(3)
UE

=
G2ps|(hHiAΦHgi)f |2|hAE|2

G2(Pj|hBA|2 + 𝜎
2
A
)|hAE|2 + 𝜎

2
E

(15.10)

15.5.5 Secrecy Rate

We are able to obtain a closed-form expression for figuring out the lower bound of

the ESR for this system model. Starting with the instantaneous sum secrecy rate

(SSR), one can obtain an equation from the total legitimate rate RL and the total

eavesdropping rate RE [35]:

Rs =
2
3
max {0,RL − RE} (15.11)

The equations for figuring out RL and RE are as follows [35]:

RL = log2(1 + 𝛾
(2)
UA
) + log2(1 + 𝛾

(3)
UB
) (15.12)

RE = log2(1 + 𝛾
(2)
UE
) + log2(1 + 𝛾

(3)
UE
) (15.13)

Using (15.12) and (15.13), we can rewrite Eq. (15.11) as follows:

Rs =
2
3
max {0,RL

= log2(1 + 𝛾
(2)
UA
) + log2(1 + 𝛾

(3)
UB
) − (log2(1 + 𝛾

(2)
UE
) + log2(1 + 𝛾

(3)
UE
))}

(15.14)

From here, one can figure out the closed-form solution to the ESR of this model

with further calculations.

15.5.6 Limitations and Implications

This sectionmainly presents the beginnings of a larger calculation used for obtain-

ing the closed-form solution of the ESR for the system model found in [35]. Here,

we identify and present a few key implications and limitations that we think our

readers should take away from this chapter.

First, the set of equations presented here does not show the all of the calculations

as seen in [35], as the sheer extent of those calculations renders them unrealistic

to be fully shown in this section. Additionally, this section does not present the

results of the simulation as obtained in [35], for the same reason as above. This
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means that this section is not able to be as comprehensive of an analysis as it could

be. Readers interested in the full analysis should refer back to the original paper.
Additionally, this analysis is limited to one model of a PLS-aided RIS-NOMA

network, based on one paper. As such, other models involving differences in the

agents used may not be applicable to this analysis, and any calculations presented
here may need to be modified for one’s own analysis.

We believe that despite the above limitations, this section still serves to help
readers understand the basics of finding solutions for the ESR of PLS in an
RIS-NOMA-Aided network. The calculations presented shed light on the mathe-

matics used to determine the effectiveness of the RIS-aided PLS technique. This
analysis can act as the foundation for finding the lower bound of the ESR for any
future endeavors involving the modeling of RIS-aided PLS networks.

15.6 Limitations and Key Takeaways

When composing a research study that focuses on investigating PLS for RIS-aided

wireless communication systems only via current literature, several notable
constraints emerge. The lack of software simulations and real-life tests mostly

limits the extent and creativity of the study. It is difficult to verify theoretical
models, investigate the complex behavior of RIS in many settings, and determine
if suggested security improvements are indeed feasible without simulations.

Moreover, depending only on theoretical discoveries and previously published
literature might result in a possible prejudice since the inferences made are not
practically verified. The absence of empirical data hinders the capacity to identify

unforeseen problems that may occur in real-world applications, thereby reducing
the strength and dependability of the study results. Hence, the work may include
an extensive theoretical analysis, but it lacks the practical insights and tangible

validation required to make substantial advancements in the subject.
The study discovered that RIS have the ability to adaptively modify the

transmission of signals in order to safeguard wireless networks. The research
includes a theoretical discussion on Security RIS. In order to avoid unauthorized
listening and interference, this paradigm incorporates interactions between RIS

and wireless signals. PLS refers to the use of physical properties and techniques to
protect communication systems against unauthorized access or interference. The
issues faced by RIS include the need for precise channel status information, the

complexity of designing the system, and the trade-off between security and other
performance metrics such as EE and latency. The article critically examines the
integration of RIS (radio interface specification) into research on wireless security

frameworks and the following progress made in this area. The paper continues
by providing experimental validation, presenting new techniques for setting up
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RIS and discussing the integration of machine learning and 5G/6G network

collaboration with RIS. These results clarify the possibilities and limits of RIS

systems’ PLS. In addition, they propose enhancements to research and practice.

15.7 Conclusion

This chapter explores the effectiveness of RIS-aided PLS designs in mitigating

eavesdropping and jamming threats. This chapter delves into the foundational

principles and hardware architecture of RIS, alongside the security concepts

and methodologies of PLS. Various RIS-aided PLS design models are discussed,

including RIS-only assisted PLS, RIS combined with NOMA, double-faced active

RIS, and STAR–RIS assisted NOMA. Eventually, We present RIS-aided PLS

design solutions based on resource allocation, beamforming, and AN, specifi-

cally analyzing and simulating RIS-aided PLS model effectiveness. RIS showed

promising simulation results but required studies and renovation to maximize its

potential.
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16.1 Introduction

Reconfigurable intelligent surfaces (RISs) are surfaces that can be configured

to actively or passively modify the wireless propagation channel by reflecting,

refracting, and phase-shifting incident electromagnetic waves. This brings about

the ability to control the direction, amplitude and polarization orientation of

the reflected waves. When RIS is assisted by advanced technologies such as

multiple-input multiple-output (MIMO) [1], non-orthogonal multiple access

(NOMA) [2], and artificial intelligence (AI) [3], the wireless propagation channel

can be controlled in real time, resulting in the creation of steerable beams. This

feature can compensate for losses caused by shadowing and large-scale fading,

and general enhancement of the wireless propagation channel through inter-

ference mitigation techniques. The advantages of using RISs therefore include

improved energy and spectral efficiency, cost saving, ease of network expansion,

and better cell-edge performance.

Improvement in energy efficiency is made possible by the passive and

semi-passive mode of operation of RIS as they do not rely on power-hungry con-

ventional amplify and forward (AF) relaying systems. Achieving improved energy

efficiency, however requires a careful tradeoff between the need to frequently

obtain channel state information (CSI) and the requirement of timeously acting

on such information by adjusting the configuration of the passive RIS elements

[4]. It should be noted that spectral efficiency is not always coincident with energy

efficiency. Research such as [5] has shown that only active RIS configurations can

perform better than line-of-sight (LOS) and AF systems.

The cost savings advantage of RIS is due to their passive nature, enabling them

to be easily deployed in existing networks to expand coverage or improve service

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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delivery. RIS can therefore be installed on terrestrial infrastructure such as build-

ing facades, indoor walls and ceilings, billboards, vehicles, and street furniture.

RIS can also be deployed on non-terrestrial platforms such as aerial vehicles and

satellites in low earth orbit (LEO) and geostationary earth orbit (GEO). Based on

the motivation for deployment and the available intelligent tuning/control fea-

ture, RIS can support full-duplex communications and full-band transmissions in

terrestrial, and non-terrestrial environments.

The numerous possible advantages of RIS havemade the international telecom-

munications union (ITU) [6] recognize it as one of the candidate technologies

that will be employed to enhance the radio interface of terrestrial communication

systems toward the year 2030 and beyond. This recognition is also applicable to

non-terrestrial systems, and considerable work has been done to establish the the-

oretical and practical limits of using RIS in such environments. It is therefore

important to present the building blocks of RIS, their controllingmechanisms, and

how they can be applied to empower terrestrial and non-terrestrial-based commu-

nication systems. These are therefore the major contribution of this chapter.

16.1.1 Chapter Contributions

Having presented basic information on terrestrial and non-terrestrial systems and

the role of RIS in such systems, the major contributions of this chapter are as

follows:

(a) Metasurfaces have been introduced in easy-to-understand language and some

of the mechanisms used in controlling their operation have been presented.

(b) A physics-based model employing a small number of variables to represent

RIS-empowered wireless communication systems has been presented. The

model covers the fundamental concept of free space loss and presents how the

angles of incidence and reflection are applied to describe signal propagation

in the presence of RIS.

(c) The important parameters that need to be optimized and the constraints that

need to be dealt with in both terrestrial and non-terrestrial RIS-empowered

systems have been presented. These parameters include energy efficiency,

throughput, and capacity, while the constraints include UAV flight trajectory,

signal-to-interference plus noise ratio, and available transmit power.

16.1.2 Chapter Organization

Section 16.1 of the chapter briefly introduces metasurfaces and their control

mechanisms while Section 16.2 presents the free space path loss model using

variables that are relevant to RIS-based systems before presenting physics-based



16.2 Metamaterials and Metasurfaces 527

channel models that apply to both terrestrial and non-terrestrial RIS-empowered

wireless communication systems. Thereafter, a complete system model that takes

into cognizance the large-scale and small-scale fading experienced in all wireless

communications channels is presented. A discussion on the architecture and

the considerations necessary to deploy RIS-empowered systems in the terrestrial

environment is presented. Specific considerations on the methodologies for

implementing MIMO-assisted and OFDM-assisted terrestrial RIS systems are

presented. Following this, RIS-empowered systems for multiple terrestrial users

are discussed. Section 16.3 uses the channel models presented for the terrestrial

system to discuss aspects of non-terrestrial networks. Specifically, aerial networks

involving unmanned aerial vehicles (UAVs) and high-altitude platforms (HAPs)

are discussed. Thereafter, networks involving satellites in LEO and GEO are pre-

sented before considering a multilayered integrated network that encompasses

both terrestrial and non-terrestrial components.

16.2 Metamaterials and Metasurfaces

Metamaterials are subwavelength components fabricated frommetals or dielectric

materials and are designed to couple resonantly with the electric and/or magnetic

components of incident electromagnetic fields [7]. This coupling gives rise to elec-

tric permittivity (𝜀) and/or magnetic permeability (𝜇) response values that do not

exist in nature. When simultaneous negative values are obtained for both per-

mittivity and permeability, the resulting metamaterial is called a double-negative

(DNG) metamaterial. Other types of metamaterials include single-negative (SNG)

metamaterials, chiral materials, bi-anisotropic media, and linear and nonlinear

media.

Permittivity, permeability, and refractive index are properties of bulk three-

dimensional (3D) materials and these depend on the size, shape, density, and

alignment of the constituent composites. Therefore, synthesizing a metamaterial

to achieve desired electromagnetic properties entails engineering such properties

to specific geometries. This can be a very complex task in 3D, hence the preference

for planar two-dimensional (2D) structures called metasurfaces.

16.2.1 Metasurface Control Mechanisms

The available methods of controlling metasurfaces include mechanical actuation,

the use of materials such as graphene and liquid crystals, and the use of electronic

devices such as varactor diodes, positive-intrinsic-negative (PIN) diodes, which

may depend on field effect transistors (FETs) or micro-electromechanical system-

based (MEMS) switches to control state changes. Table 16.1, whose entries



Table 16.1 Comparison of control mechanisms for metasurfaces.

Control method

Controlled

component Advantages Disadvantages Applications

Electronic-based Varactor diodes Very stable at frequencies ≤
30GHz, reliable operation

Exhibit high insertion loss at
frequencies > 30GHz

Used in realizing digitally
controlled RIS

PIN diodes Mature and stable technology.
Suitable for frequencies ≤
30GHz

Operation is limited by diode
switching frequency. Affected
by parasitic reactance. High
insertion loss > 30GHz

Used as beam steerer,
absorber, phase shifter,
holographic display, and
polarization converter

Schottky diodes Minimal voltage drop, fast
switching speed. Suitable for
THz, mm-wave and
microwave frequencies

Difficult to fabricate and
expensive if the array size is
large

Used as a phase shifter for
millimeter wave frequencies

Material-based Graphene High speed of operation and
very stable response. Suitable
for THz and near-infrared
frequencies

Difficult to achieve uniform
material properties. Control
of the biasing network
requires nonuniform
operation

Used as beam steerer,
absorber, polarization
converter, and digitally
controlled RIS

Liquid crystal Very low power consumption,
low cost, and low complexity.
Easy to fabricate and suitable
for a very wide range of
frequencies (THz, mm-wave,
microwave, and visible
spectrum)

Non-homogeneous nature of
liquid crystal direction of
fields. Difficult to achieve
impedance matching and
biasing

Used as beam steerer,
modulator, digitally
controlled RIS, and
holographic display

Phase-changing
materials such
as Vanadium
dioxide

Capable of non-volatile
reversible phase transition.
Suitable for THz to visible
frequencies

Imprecise phase transition,
nonuniform electrical and
optical properties

Used as polarization
converter, modulator, beam
steerer, absorber
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Figure 16.1 Metasurfaces achieved using (a) varactor diodes and (b) PIN diodes.

have been obtained from [8, 9] compares the various methods of controlling

metasurfaces and their advantages, disadvantages, and applications.

As shown in Table 16.1, the electronic-basedmethod of control is preferred over

others due to its low energy consumption and fast reaction times. Figure 16.1

shows two types of metasurfaces that are controlled by diodes. The diagrams have

been generated based on the schematics given in [10] and themetasurfaces shown

are controlled by independently tuning the reflection amplitude and phase shift of

its elements using different levels of biasing voltages. It should however be noted

that continuous tuning is difficult to achieve, therefore, practical systems use dis-

crete voltage levels, and this introduces some loss of accuracy.

16.2.2 Supporting Technologies for the Deployment of RIS

The technologies that can enhance the performance of RIS include orthogonal

multiple access techniques such as time division multiple access (TDMA),

frequency division multiple access (FDMA), and space division multiple access

(SDMA). More recently, there has been an increased drive to implement NOMA

techniques with RIS, and this is mainly because such systems rely on receiver-side

interference cancellation strategies, and this better suits the passive nature of RIS

[11]. Other supporting technologies include MIMO [1], AI, and machine learning

(ML) [3]. These technologies are already well advanced, and numerous studies

have aimed to bring to reality the communications systems of the future using

these technologies [12, 13]. Some other studies have investigated their use in

different environments [14–16].
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16.3 RIS-Empowered Terrestrial Communication
Systems

It has been recognized that the propagation channel for terrestrial RIS-empowered

wireless communication is a cascade of at least three subchannels. As shown

in Figure 16.2, this comprises the transmitter to the RIS channel, the RIS to the

receiver channel, and the direct channel linking the transmitter and receiver.

The three subchannels usually span huge distances relative to the wavelength

of the propagating signal, therefore traditional large-scale path loss models can

adequately describe the characteristics of such channels. Several such models

are available in the literature, and some examples are presented in the following

subsections.

16.3.1 Free Space Path Loss

A passive reconfigurable intelligent surface aims to achieve an ideal reflection of

the incident beamarriving at an angle 𝜃i, and departing at a desired angle 𝜃r . Based

on an x, y, z reference frame shown in Figure 16.3, the desired reflected wave is

described by the following electric and magnetic field distributions.

RIS

RIS-receiver

channel

User terminal

Blocked

channel

Terrestrial node

(access point)

Terrestrial-RIS

channel

Figure 16.2 Propagation channel of RIS-empowered wireless communication system.
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Figure 16.3 An incident wave
reflected by an a× b RIS
element.
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Er = Ere
−jk(sin(𝜃r )y+ cos(𝜃r )z)

Hr = −
Er
𝜂
(sin(𝜃r)ez − cos(𝜃r)ey)e

−jk(sin(𝜃r )y+ cos(𝜃r )z) (16.1)

where 𝜂 is the characteristic impedance of the surface. Using the diffraction

equations given in [17, 18], and following the methodology presented in [19], the

superposition of both the incident and reflected electric field is given as,

Et = Eie
−jk sin(𝜃i)yex + Ere

−jk sin(𝜃r)yex (16.2)

This leads to the desired phase of the wanted reflection coefficient being

given by,

𝜙r(y) = −k sin(𝜃r)y + k sin(𝜃i)y (16.3)

The dynamic relationship between 𝜃i, 𝜃r, and the local reflecting reconfigurable

surface, 𝜙r(y) is obtained by differentiating (16.3) with respect to y and this

results in

d𝜙r(y)

dy
= k(sin(𝜃i)y − k sin(𝜃r)) (16.4)

Different values of surface impedance required to reflect an incident wave in

a given direction for a characteristic incident angle have been investigated in

[19], and it was concluded that phase shifts in practical metasurfaces need to be

discretized, and such surfaces must be divided into sub-wavelength-sized ele-

ments. Since an incident electric field induces an electric current in the direction

of ex (based on the x, y, z reference frame), this current can be controlled by

tuning the surface impedance of each metasurface element to achieve a reflected

wave with a main beam steered towards a desired direction, 𝜃r .
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If an RIS is used in reflecting a signal towards the 𝜃r direction, the squared mag-

nitude of its reflected field when observed from an arbitrary angle, 𝜃o and at a

far-field distance d2 (see Figure 16.2) can be expressed as,

SRIS =

(
ab

𝜆

)2E2
i
cos2(𝜃i)

d2
2

⎛
⎜⎜⎜⎜⎝

sin

(
𝜋b

𝜆
(sin(𝜃o) − sin(𝜃r))

)

𝜋b

𝜆
(sin(𝜃o) − sin(𝜃r))

⎞
⎟⎟⎟⎟⎠

2

(16.5)

where E2
i
is the magnitude of the incident electric field vector, ab represents the

combined dimensions of all the elements of the metasurface, and 𝜆 represents the

wavelength of the propagating wave. The relationship between the electric field

strength and the transmit antenna power, Ptx and transmit antenna gain, Gtx at

the RIS surface is given as,

E2i =
PtxGtx𝜂

4𝜋d21
(16.6)

where Ei is measured in volts per meter and 𝜂 is the efficiency of the transmit

antenna. The effective area, Arx of the antenna receiving the reflected RIS signal

must be taken into account, and this is given as,

Arx =
𝜆2

4𝜋
Grx𝜂 (16.7)

Analogous to the case of the transmitting antenna, 𝜂 represents the efficiency

with which the antenna receives power within its effective area. If the antenna

is located in the far-field region, its effective area dictates the magnitude of the

received power, Prx. Therefore, multiplying Eqs. (16.5) and (16.7), we have,

Prx =
PtxGtxGrx

(4𝜋)2

(
ab

d1d2

)2

cos2(𝜃i)

⎛
⎜⎜⎜⎜⎝

sin

(
𝜋b

𝜆
(sin(𝜃o) − sin(𝜃r))

)

𝜋b

𝜆
(sin(𝜃o) − sin(𝜃r))

⎞
⎟⎟⎟⎟⎠

2

(16.8)

Sincemaximum observable received power occurs at 𝜃o = 𝜃r , the received signal

power at a distance d2 in the direction, 𝜃o simplifies to,

Prx =
PtxGtxGrx

(4𝜋)2

(
ab

d1d2

)2

cos2(𝜃i) (16.9)

Equation (16.9) shows that the received power is directly proportional to the

square of the RIS area and inversely proportional to the square of the product of

the transmitter-RIS and RIS-receiver distance (d1d2).
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16.3.2 Complete System Model

In addition to free space loss, propagating electromagnetic waves are also

affected by intervening objects such as trees, buildings, and other large and small

man-made and natural objects. These objects can cause the waves to be reflected,
refracted, diffracted, and/or may allow the waves to be transmitted through.

A combination of these mechanisms causes the wavefronts of the propagating

signals to travel different distances before reaching a receiver. The wavefronts
at the receiver, therefore, arrive with different phases, and as the receiver sums

them up, there are random instances of constructive and destructive addition.
This causes the resultant sum of the received signal power to fluctuate rapidly.

The rapid fluctuation is called small-scale fading or fast fading and is very

noticeable when the receiver is moved over distances in the order of a few tens
of wavelengths. When there is no direct LOS or dominant propagation path from

the transmitter to the receiver, statistical analysis of the small-scale variations

of the received signal power generally follows a Rayleigh distribution. On the
other hand, when there is an LOS path between a transmitter and a receiver, the

received signal power can be adequately characterized by a Rician distribution.

There are many system models in the literature that take into account
both the large-scale and small-scale fading of RIS-enabled terrestrial wireless

communication systems. One of the well-known models is the open-source

geometry-based stochastic (GBS) model presented in [20]. The generic com-
munication environment that the model describes is graphically illustrated in

Figure 16.4. Using ellipses and the Cartesian coordinate system, all the angles in
the horizontal and vertical direction between the transmitter broadside, scatterers

in each of the two scatterer clusters, RIS elements, and receiver broadside are

defined by the model. The model also takes into cognizance three subchannels
being the transmitter-to-RIS channel, the RIS-to-receiver channel, and the

transmitter-to-receiver channel.

RIS

nth RIS

elemet

(c, s)th scatterer

(cʹ, sʹ)th

scatterer

cʹ th

cluster

cth
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Transmitter

Transmitter
broadside

RIS broadside

Receiver

broadside
Receiver

dtx-RIS dRIS-rx

dtx-rx

z

z
y

x

y

x

Figure 16.4 Generic 3D model of an RIS-empowered wireless communication system.
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In addition to the GBS model, a new channel model that takes into considera-

tion the effects of phase-dependent attenuation caused by the tuned RIS compo-

nents and the effect this has on the polarization orientation of antennas has been

reported in [21]. However, using the GBS model but ignoring the contributions of

the scatterers within the clusters, a MIMO system comprising N tx transmit anten-

nas and Nrx receive antennas operating in the vicinity of an RIS with N passive

reflective elements can be defined as follows

H̃ = Hd + G𝚽Hr (16.10)

where Hd ∈ ℂ
Nrx ×Ntx is a matrix representing the direct LOS or obstructed LOS

(OLOS) channel from the terrestrial base station (or access point) to the receiver,

G ∈ ℂ
N ×Ntx is the transmit covariancematrix representing the channel coefficients

between the transmitter and the RIS, 𝚽 is a diagonal matrix that takes care of all

the complex reconfigurable responses of the RIS elements and Hr ∈ ℂ
Ntx ×N is a

matrix representing the channel coefficients between the RIS and the receiver.

16.3.3 Architecture and Implementation Considerations

for Terrestrial Networks

The dimensions of themetasurface components are subwavelength, and they need

to be manufactured to achieve dynamically adjustable permittivity, permeability,

and refractive index properties. Shown in Figure 16.5 is a typical architecture of

RIS
controller

Control circuit board

Terrestrial node
(access point)

RIS

Tunable
element

Metallic back plane

Figure 16.5 Architecture of a reconfigurable intelligent surface.



16.3 RIS-Empowered Terrestrial Communication Systems 535

an RIS, which comprises an outer layer with a large number of tunable metama-
terial components, a metallic backplane, and a control circuit board. The metallic
backplane, in the case of forward scattermetasurfaces, is included tominimize sig-
nal leakage, while the circuit board is responsible for adjusting the properties of
the reflecting surface to achieve different levels of reflection amplitudes (𝜷 = [𝛽1,
…, 𝛽N]

T) and/or phase shifts (𝜽 = [𝜃1,…, 𝜃N]
T). A smart controller implemented

using a field-programmable gate array (FPGA) enables control of the metasurface
in response to desired channel conditions. To achieve this, the controller must
communicate with the rest of the wireless communication network system.
For improved control of the reflection properties of the metasurfaces, dedicated

sensors can be interlaced with the elements of the RIS to sense the reflection envi-
ronment and thus reduce the response time and increase the efficiency of the smart
controller [22]. This procedure is known as the acquisition of CSI.
To achieve themaximumbenefits of RIS, the acquiredCSImust be as accurate as

possible, and they need to be acquired and acted on within the channel coherence
time. The two practical methods of CSI acquisition are the semi-passive and fully
passive methods. These are shown in Figures 16.6a,b. The semi-passive method
uses sensors that are interlacedwith theRIS elements to sample the channel, while
the passivemethod iswholly dependent on pilot signals sent by the terrestrial node
or user terminal (UT).
The semi-passive RIS system shown in Figure 16.6a can either operate in chan-

nel sensing mode or reflective mode. In channel sensing mode, all the reflecting
elements are turned off while the interlaced low-power sensors are turned on to
enable them to receive downlink pilot signals from the terrestrial access point
and uplink pilot signals from the UTs. The CSI is obtained from the pilot signals,
which are embedded within the overall received signal. For example, considering
the uplink channel from user k to the access point, the overall received signal is
given as,

y =

K∑
k=𝟏

(Hd,k + GT𝚽Hr,k) + xk + n (16.11)

where Hd,k, G
T , 𝚽, and Hr,k are as earlier defined in Eq. (16.10) while

xk ∈ ℂ
Ntx,UT ×1 is the transmit signal vector of user k, with N tx, UT being the

number of its transmit antennas and n ∈ ℂ
Ntx,AP ×1 is an additive Gaussian

noise component at the access point, with N tx, AP being the number of transmit
antennas at the access point.
After the CSI is acquired, the sensors are turned off and the CSI is used in tun-

ing the reflecting elements to enable adequate steering of the downlink and uplink
signals. It is worth noting that the transmission protocol, which encompasses both
the channel sensing mode and reflection mode, must be completed within the
channel coherence time. The protocol requires that UTs and the access point must
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Figure 16.6 Practical methods of acquiring CSI for terrestrial RIS architectures showing
(a) semi-passive method and (b) fully passive method.
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first transmit orthogonal pilots in the uplink and downlink channels, respectively.

Thereafter, information is exchanged between the access point and the RIS con-

troller before the uplink or downlink data is transmitted to reflect off the fully

configured RIS. This is a more complex procedure than the fully passive method

described as follows.

In the fully passivemethod shown in Figure 16.6b, there are no sensorsmounted

on the RIS. This, therefore, means that only the direct channel from the access

point to the UT and the cascaded UT-RIS-access point channel can be estimated.

Using the uplink channel for illustration, the transmission protocol proceeds by

the UT first transmitting orthogonal pilots to the access point. During this trans-

mission, the RIS varies its reflection coefficients based on a predesigned reflection

pattern. On receiving the orthogonal pilots, the access point estimates the CSI for

the direct channel from the UT to the access point and the CSI for the cascaded

UT-RIS-access point channel. The CSI estimates are then sent to the RIS controller

through a backhaul link and the received CSI is used in setting unique reflection

coefficients for individual UTs as appropriate.

As mentioned in Section 16.2.1, continuous tuning of the RIS is desired but

this is difficult to practically achieve because it is a highly complex process. So

far, implemented prototype systems resort to discrete and independent tuning

of the reflection amplitude and phase shift or joint tuning of both the reflection

amplitude and phase shift. There are pros and cons to each of these methods, and

examples of practical implementation and modeling of the tuning mechanisms

can be, respectively, found in [23, 24]. Recently, a novel system that combines

passive and active elements to simultaneously sense and reflect incident electro-

magnetic waves while making use of the direction of arrival estimation has been

reported in [25].

16.3.4 RIS-Empowered Terrestrial MIMO-Based Systems

Since RIS is envisioned to improve the existing terrestrial communication sys-

tems, which already employ advanced antenna systems such as multiple-input

multiple-output (MIMO) in frequency-flat fading channels, wemust consider how

RIS can be integrated into such existing systems to enhance their capacity. Based

on the RIS-empowered MIMO channel defined in Eq. (16.10), and leveraging on

the fact that the RIS must independently or jointly vary the amplitude (𝜷) and

phase (𝜽) of the reflected wave, we introduce a covariance matrix, Q to represent

this process. Therefore, Q ∈ ℂ
Ntx ×Ntx , and considering the possibility of achieving

continuous phase shifts and maximum reflection amplitudes of all the RIS ele-

ments, the RIS-assisted capacity optimization problem in the terrestrial MIMO

channel is presented in [22] as
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max
𝚽,Q

log2 det
(
INrx

+
1
𝜎2
H̃QH̃

H
)

(16.12)

Equation (16.12) represents a fundamental capacity limit that RIS-empowered

MIMO terrestrial systems would try to achieve, and it is subject to the following

conditions:

(a) The value of the phase shift for each RIS element can only range from 0 to 2𝜋,

(b) The amplitude of reflection for all RIS elements must be equal to 1,

(c) The trace of Q must have a value less than or equal to the total transmit

power and

(d) Qmust be a positive semidefinite matrix.

It is worth noting that the capacity limit in Eq. (16.12) is difficult to solve since it

is a nonconvex optimization problem. However, some algorithms, such as alter-

nating optimization (AO) [26] and the successive convex approximation (SCA)

method [27] have been presented in the literature as capable solutions.

16.3.5 RIS-Empowered Terrestrial OFDM-Based Systems

Orthogonal frequency division multiplexing (OFDM) is usually applied in

wideband terrestrial wireless communication systems to counter the effects of

frequency-selective fading. Hinged on the consideration that the bandwidth of

such a system is always much less than its carrier frequency (i.e., B≪ f c), and its

total bandwidth has to be divided intoQ≥ 1 orthogonal subbands with centralized

subcarriers, the rate achievable by a RIS-empowered OFDM-based terrestrial

communication system is derived in [22] as,

r =
1
Q

Q∑
q=1

log2

⎛
⎜⎜⎜⎝
1 +

pq
|||f
H
q h̃

d
+ fHq G̃

r
𝝑
|||
2

𝜎̃2

⎞
⎟⎟⎟⎠

(16.13)

where pq represents the power allocated at the transmitter to each orthogonal

sub-carrier such that the sum of all sub-carrier powers must be less than or

equal to the total transmit power, and the 𝜎̃2 represents the average noise

power at each sub-carrier receiver. Also, fHq denotes the qth row of the discrete

Fourier Transformed Q×Q matrix, while h̃
d
= [hd

T
, 0,… , 0]T ∈ ℂ

Q×1 is a zero-

padded time-domain vector representing the transmitter to receiver direct chan-

nel, G̃
r
=

[
g̃r1,… , g̃r2

]
∈ ℂ

Q×N is a matrix containing the results of the convolution

of the transmitter to RIS and RIS to receiver channel coefficients
(
hr1n ⊛ hr2n

)
,

which have been zero-padded, and 𝝑 =
[
𝛽1e

j𝜃1 ,… , 𝛽Ne
j𝜃N

]T
is a vector containing

the product of the applied amplitude and phase shift coefficients for each of the

RIS elements.
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It should be noted thatmaximizing the communication rate for RIS-empowered

terrestrial OFDM systems, as presented in Eq. (16.13) would require that phase

shifts must be effected on the different subcarriers (when considering frequency

domain implementation) or on the different channel taps (if the consideration lies

in the time domain). Also, it is necessary to jointly optimize 𝝑 and the transmit

power allocations for all the subcarriers. As with the MIMO-based system pre-

sented in Section 16.3.4, this is a very difficult optimization problem to solve. For-

tunately, an efficient SCA-based algorithm has been shown in [12] to be capable

of solving this problem.

16.3.6 RIS-Empowered Systems for Multiple Terrestrial Users

To cater tomultiple terrestrial users, RIS-empowered communication systems rely

on standard multiple access schemes such as TDMA, FDMA, and NOMA. Maxi-

mizing the communication rate for each user would entail applying unique coef-

ficients to each of the elements of the RIS reflecting surface. For example, in a

TDMA-based system where users are served by orthogonal and nonoverlapping

timeslots, the RIS elements need to be tuned as a function of time. However, for

FDMA and NOMA-based systems where users are separated by unique frequen-

cies and power levels, respectively, the RIS reflection coefficients must simultane-

ously, and respectively, be tuned to take care of different frequency responses and

power levels. This is much more challenging to implement than the TDMA case.

Despite the implementation difficulties, there are studies in the literature

that report on the performance of RIS-empowered multiple access schemes in

terrestrial networks. For example, a two-user case scenario was presented in

[13], where it was shown that for the same target communication rate, NOMA

requires less transmit power at the base station than TDMA except when the

users are close to the RIS, and their uplink and downlink communication rates

are symmetric. The same study also reports that for all communication rates

and configurations, FDMA requires more base station transmit power than both

TDMA and NOMA. For other RIS-empowered multiplexing schemes, such as

SDMA and rate-splitting multiple access (RSMA), work is ongoing to find optimal

rate maximization and interference management solutions. It should be noted

that the choice of which multiplexing scheme to adopt depends on how best

interference can be managed for a particular type of terrestrial communication

system. Also, it is worth pointing out that SDMA and other forms of precoded

multiuser schemes function by managing interference at the transmitter, while

NOMA systems adopt receiver-side interference management. Finally, RSMA has

been reported to be more flexible in its method of interference management and

this leads to superior spectral and energy efficiency, flexibility, robustness, and

resiliency than the traditional methods [11].
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16.4 RIS-Empowered Non-Terrestrial Communication
Systems

The concepts of free space path loss and the systemmodel developed for terrestrial

networks also apply to non-terrestrial RIS-empowered communication systems.

Non-terrestrial networks consist of aerial networks and satellite networks in LEO

and GEO. Despite presenting favorable benefits compared to terrestrial networks,

non-terrestrial networks are beset with several challenges, such as propagation

losses caused by huge distances and attenuation by atmospheric gases, energy lim-

itations due to the size, cost, and launchweight restrictions, and spectral resources

limitations due to competing systems. The following subsections consider the dif-
ferent non-terrestrial environments before examining a multilayered integrated

network.

16.4.1 Aerial Networks

Aerial systems include RIS-mounted UAVs and HAPs and these are used as plat-

forms to passively relay signals between terrestrial transmitters and ground-based

receivers located where there may be no clear and direct LOS path between the

transmitter and receiver. These systems are usually deployed to extend network
coverage and improve the reliability of communications. An example of this is

shown in Figure 16.7, where an RIS-mounted UAV is used to passively reflect

θi
θr

xʹ

yʹ
zʹ

z
y

x

Transmitting user

terminal
Receiving user

terminal

(xtx, ytx)
(xrx, yrx)

RIS

UAV

Figure 16.7 Aerial RIS-empowered ground-air-ground communication systems based on
the UAV platform.
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signals from a land-based transmitter to a land-based receiver located behind

obstacles or over the horizon.

The horizontal coordinates of the transmitter and receiver shown in Figure 16.7

are, respectively, given byW tx = {xtx, ytx}
T andW rx = {xrx, yrx}

T . It can be assumed

that the trajectory of the UAVwhile operational is only in the horizontal plane and

at a specific height which is usually between 1 and 2 km above sea level. If this is

the case, the UAV must also have a finite flying duration represented by T.

Following the description of an RIS-empowered UAV cooperative communica-

tion system given in [28], T can be divided into a discrete number of time slots,

K. Therefore, T = K𝛿, where 𝛿 the slot width. The coordinate of the RIS-mounted

UAV in the horizontal plane during slot n can thus be defined as l[n] = {xu[n],

yu[n]}
T , where n= [1, 2,…, K]. The approximate flight trajectory should therefore

satisfy the following conditions

||l[n + 1] − l[n]||2 ≤ D2, n = 1, 2,… ,K − 1 (16.14)

||l[1] − l0||2 ≤ D2 (16.15)

||lF − l[K]||2 ≤ D2 (16.16)

where l0 and lF , respectively, represent the initial and final coordinates of the UAV

andD represents themaximumflying distance within one time slot and is given as

D= Vmax𝛿, where Vmax is the maximum flying speed of the UAV. It is important to

point out that the UAV has a uniform planar array with characteristics described

in Section 16.2.1.

There are at least three optimization problems that need to be dealt with tomax-

imize the throughput of RIS-empowered UAV communication systems. These are

power allocation optimization, beamforming maximization, and trajectory opti-

mization. Tractable expressions have been derived in [28] to tackle these problems.

While it is fairly accurate to consider a linear trajectory for UAVs, a stationary or

quasistationary circular trajectory is a better representation of RIS-mountedHAPs.

Theheight of aHAP is usually between 10 kmand 50 kmabove sea level, and based

on the larger size of HAPs compared to UAVs, more RIS elements can be mounted

to achieve better control of the wireless propagation environment. A depiction of

an RIS-empowered ground–air–ground communication system mounted on an

HAP is shown in Figure 16.8.

The important factors to consider when designing HAP-based RIS systems

include expected Doppler shift and the mobility pattern of the RIS elements.

These are directly affected by the trajectory of the platform and must be jointly

optimized to achieve efficient operation of the HAP-based RIS system. A good

example of an attempt at jointly optimizing the Doppler and mobility properties

can be found in [29].
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Figure 16.8 Aerial RIS-empowered ground–air–ground communication systems based
on the high-altitude platform (HAP).

16.4.2 Orbiting Satellite Networks

Investigation into the use of RIS for LEO satellite systems and other non-terrestrial

platforms has been carried out in [14, 15]. This is mainly because of the potential

of RIS to increase system capacity, extend network coverage and optimize energy

consumption while keeping system complexity low. For RIS to be adapted for use

in LEO satellites and other orbiting satellite systems, there must be mechanisms

in place for efficient monitoring of user mobility, tracking of satellite ephemeris

and obtaining accurate CSI. The data obtained need to be acted on such that the

required adaptations to RIS reflection coefficients can be effected in real time.

As indicated in terrestrial systems, NOMA can allow users to share the same

frequency and spectral resources while being differentiated by power levels.

Therefore, by combining RIS and NOMA in satellite communication systems,

available system resources can be more efficiently utilized while also reducing

the effect of interference received from other systems/users. Significant research

efforts have been made on the use of NOMA for satellite communication systems.

For example, Khan et al. [15] investigated a scenario where RIS and NOMA are

used but with imperfect successive interference cancellation (being a defining

feature of NOMA). This investigated scenario attempts to model what may

be experienced in a practical system and is therefore briefly elaborated in the

following paragraphs.
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Figure 16.9 RIS-empowered satellite communication system.

Figure 16.9 shows a case where a satellite serves multiple terrestrial users using

the NOMA protocol. The users can be located in mountainous regions or in urban

street canyonswhere they experience severe shadowing and large-scale fading due

to the frequent OLOS and NLOS conditions. To counteract this, RIS needs to be

strategically mounted on mountainsides or building facades to assist in creating

strong LOS paths from the satellite to the ground mobile users and vice versa.

Based on themodel defined in Eq. (16.10), and using a two-user example, where

the users are identified by subscripts i and j, and the satellite is taken as the trans-

mitter, the signal-to-interference plus noise ratio of user i after effecting imperfect

successive interference cancellation decoding is given as

𝛾tx,i =
Ptx𝜚tx,i|htx,i + gtx,m𝚽fm,i|2

𝜎2 +
(
Ptx,𝜚tx, j|htx,i + gtx,m𝚽fm,i|2

)
𝜖

(16.17)

where Ptx represents the transmit power of the satellite,

𝜚tx, i is the power allocation coefficient for ground user i,

htx, i is the direct channel gain from the satellite to user i,

gtx,m denotes the channel gain from the satellite to the RIS,

𝚽 is a diagonal matrix comprising the complex reconfigurable responses of the

RIS elements,

fm, i represents the channel gains from the RIS to the user i,

𝜎2 represents the variance of the additive white Gaussian noise, and
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𝜖 is a parameter inserted to account for the imperfect successive interference can-

cellation process and is a measure of the difference between the actual and

estimated signal of the user.

Equation (16.17) assumes that the direct channel gain of user i is greater than or

at best, equal to that of user j (htx, i ≥ htx, j), and without loss of generality, ground

user j cannot apply successive interference cancellation to decode its signal when

interference from user i is present. Therefore, its signal-to-interference plus noise

ratio is given as,

𝛾tx, j =
Ptx𝜚tx, j|htx, j + gtx,m𝚽fm, j|2

𝜎2 +
(
Ptx,𝜚tx,i|htx, j + gtx,m𝚽fm, j|2

) (16.18)

where the second term in the denominator of Eq. (16.18) is the interference

attributed to user i. Therefore, the data rate of user j can be expressed as,

Rtx, j = log2(1 + 𝛾tx, j) (16.19)

According to [15], to maximize the energy efficiency of the RIS-empowered

satellite NOMA system, the following optimization problem must be solved

subject to signal-to-interference plus noise constraints, allowable phase shift

constraints, available satellite transmit power constraints, and power allocation

constraints.

max
𝜚,𝚽

log2(1 + 𝛾tx,i) + log2(1 + 𝛾tx, j)

Ptx(𝜚tx,i+tx, j)𝜈 + pc
(16.20)

where 𝜈 has been inserted to account for power amplifier inefficiency and pc rep-

resents the power consumption of the circuit. A similar optimization method but

with specific reference to geostationary satellites has been presented in [30].

16.4.3 Multilayered Integrated Networks

Integrated non-terrestrial networks are made up of multiple layers comprising

LEO andGEO satellites, and platforms such as UAVs that operate in the low atmo-

sphere and HAPS that operate in the stratosphere. The architecture of such net-

worksmakes provision for single-connected operation, fully connectedmode, and

group-connected operation. In the case of a single connection, the elements of the

RIS are not interconnected, and the phase-shift response of the surface is repre-

sented by a diagonalmatrix. For the fully connected case, the phase shift responses

can only be described by a full matrix, while in group connection, the phase shifts

are presented in blocks within a matrix and the block in turn must be diagonal.

An integrated multilayered RIS-empowered non-terrestrial network is shown

in Figure 16.10 where it can be observed that there are numerous potential

applications at different altitudes. RIS is usually included to improve the link
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Figure 16.10 Multilayered integrated RIS-empowered NTNs.

budget, enhance signal control and focusing, mitigate the harmful effects of

interference, reuse spectral resources, increase energy efficiency and realize green

communications, and introduce resiliency and redundancy.

In Figure 16.10, the HAP can act as a relay node for the satellite to the

ground terminal or ground RIS link. It can employ the reflective, transmissive,

or hybrid type of RIS. A detailed example of where the satellite to HAP link

employed optical and radio frequency signals can be found in [31]. Based on the

type of RIS employed, the signal received by the HAP can either be passively

reflected or amplified and forwarded to the ground-based terminals or RIS. To

mitigate the effect of cloud coverage on the HAP to ground terminal link, a UAV

relay can be deployed to a position of minimal or negligible cloud coverage to act

as a relay and thus maintain a good quality link. This increases the diversity of

the communication systems, as shown in Figure 16.11. CSI needs to be feedback

to the RIS controllers on board the relay/reflecting and transmitting nodes.

Due to the limited power onboard the UAV in Figure 16.11, its RIS would most

likely be a reflector type, and the platform can be deployed based on cloud forecast

maps and real-atmospheric condition data. Also, its flight trajectory can be opti-

mized according to Eqs. (16.14)–(16.16). Considering the architectures shown in

Figures 16.10 and 16.11, a link-switching scheme and multi-rate communication
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system pictorial and block diagram.

Table 16.2 Signal routing options for multilayered integrated RIS-empowered NTNs.

Priority

order Link Description

1 Gateway-satellite-land/
maritime UT

Primary link

2 Gateway-satellite-HAP-land/
maritime UT

Used when cloud cover presents
an issue

3 Gateway-satellite-HAP-UAV-land/
maritime UT

Used when the first two
strategies are ineffective

4 Gateway-satellite-HAP-UAV-
terrestrial RIS-UT

Used when the first three
strategies are ineffective

design based on Table 16.2 can be adopted to initiate and maintain ubiquitous

communications between a gateway and a UT.

Note that closing a link from a satellite to a ground-based UT is usually difficult

because of the nondirectional nature of UT antennas, especially those operating in

high-frequency ranges. Therefore, introducing an HAP to focus and direct the sig-

nals from the satellite to UT serves a very important function. However, there



16.5 Lessons Learned and Future Research Direction 547

are open challenges to the models shown in Figures 16.10 and 16.11, and these

include increased hardware complexity, highly dynamic channel conditions, and

security/privacy requirements. Fortunately, AI and ML offer exciting opportuni-
ties to tackle the challenges in the immediate term and the very near future.

16.5 Lessons Learned and Future Research Direction

The information presented in the chapter reveals that the use of metasurfaces

has extended beyond their traditional applications in invisibility cloaking and

imaging systems to the arena of wireless communications. However, there are
still open problems that need to be solved before developed RIS designs can be

transformed into deployable systems for use in terrestrial and non-terrestrial

wireless communication systems. The RIS-empowered communication systems
of the future must, therefore, meet stringent requirements in terms of spectrum

and energy efficiency, capacity, and reliability in all possible use case scenarios.

Achieving this requires an in-depth understanding of channel modeling and

fundamental knowledge of RIS control mechanisms and the effects of all compo-
nents of the RIS-empowered systems. Some of the open challenges are elaborated

below.

The passive RIS element reflectors must be designed to achieve highly respon-

sive beam steering and interference cancellation in the vicinity of UTs. Therefore,
to consistently provide an excellent level of service to all UTs within the passive

RIS-empowered network, the RIS reflection coefficients must be jointly designed

based on UT and access point transmissions such that end-to-end communication
is optimized. Also, since passive RIS-empowered systems do not have radio fre-

quency chains, the acquisition of CSI between the RIS and the receiving access

point or UT is extremely difficult to practically achieve. A factor that aggravates

this difficulty is the large number of reflecting RIS elements and the associated
channel coefficients that need to be realized independently for each UT.

In addition to the problems detailed above, the optimal deployment of RIS

elements and structures within a wireless communication network will be signifi-
cantly different from that of conventional relay systems or AF systems as presently

deployed. One of the reasons for this difference is the nature of RIS architectures,

which are usually fully passive, semi-passive, or active. Another reason is their

intended mode of operation, which may be reflective, transmissive, or hybrid.
These different deployment architectures and modes of operation need to be

carefully investigated. Finally, on the direction to take to make RIS-empowered

systems a reality in the near future, there is a need for systematic studies on the
fundamental limits of the algorithms used in CSI determination and design of

reflection coefficients. Also, the cost and energy performance and the necessary
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engineering trade-offs that need to be made especially for semi-passive RIS

operation is an area that needs further study.

16.6 Conclusion

This chapter has presented how RIS is used in terrestrial and non-terrestrial

wireless communication systems. Specifically, the building blocks of RIS, meta-

materials and metasurfaces were presented, and to understand how these are

operated, their control mechanisms have been thoroughly explained. The chapter

also presented the free space path loss model before detailing a complete

geometry-based system model that can be applied to describe the operation of

RIS-empowered communication systems. Using the presented models, the archi-

tecture for implementing MIMO-enhanced and OFDM-based RIS-empowered

communication systems in the terrestrial environment was presented. For the

non-terrestrial environment, RIS-empowered aerial networks comprising UAVs

andHAPs were detailed and architectures involving satellites were also presented.

Finally, the chapter presented a multilayered integrated RIS-empowered system

with both terrestrial and non-terrestrial components functioning to provide

ubiquitous wireless communication services.
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17.1 Introduction

Recent reports indicate a significant increase in the usage of wireless devices

compared to the past decade [1, 2]. With the introduction of 5G wireless net-

works to user-ready mobile devices, an unimaginable surge in data traffic has

been observed. However, the deployment of fifth generation (5G) is currently

limited to a few countries due to its high cost. Despite this limitation, 5G offers

immense advantages over its predecessors, including ultra low latency, high

data transmission speeds, and enhanced mobile broadband capabilities [3].

Nevertheless, 5G is not the final stage in the evolution of wireless technology.

Just as humans continue to evolve over time, technology progresses as well. The

next step in this evolutionary line is the development of sixth generation (6G) [3],

which is already underway. Although it will take some time to witness the

wonders that 6G technologies can achieve, researchers and experts are working

diligently to explore its potential. The improved capability of 6G network in terms

of bandwidth and latency is expected to empower a wide range of new technolo-

gies, such as holographic communication, teleoperated driving, tactile internet,

and extended reality applications [4]. It is worth noting that the deployment of

wireless technologies like 5G and the future 6G is a complex process that involves

various stakeholders, including governments, telecommunication companies,

and regulatory bodies. The cost and infrastructure requirements associated

Reconfigurable Intelligent Surfaces for 6G and Beyond Wireless Networks, First Edition.
Edited by Agbotiname Lucky Imoize, Vinoth Babu Kumaravelu, and Dinh-Thuan Do.
© 2025 The Institute of Electrical and Electronics Engineers, Inc. Published 2025 by JohnWiley & Sons, Inc.
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with deploying these networks can pose challenges, leading to variations in the

availability of these technologies across different countries.

Irrespective of the evolution of wireless networks, several factors are crucial

for efficient data transmission and seamless connectivity. One such factor is

the efficient usage of the spectrum [5], which becomes increasingly important

due to the growing requirements of today’s generation. Over time, various

techniques have been developed to address these challenges [6], including

time division multiple access, frequency division multiple access, code-division

multiple access, orthogonal frequency division multiplexing, orthogonal multiple

access (OMA), non-orthogonal multiple access (NOMA), and more. Each of

these technologies has proven effective in meeting the requirements of its time.

However, the continuous development of these techniques plays a pivotal role

in the field of telecommunications and wireless communications. Nonetheless,

there is an ongoing need for advancements that can further enhance signal

transmission through these existing techniques. One such emerging technology is

reconfigurable intelligent surfaces (RISs) [7]. RIS is a passive device that utilizes

meta-surface reflectors to manipulate radio wave signals based on the position
of the receiver. It acts like a mirror surface capable of reflecting and refracting
incident waves.
RIS has the potential to revolutionize wireless communications by intelligently

shaping the propagation environment [8]. By controlling the phase and ampli-
tude of the reflected signals, RIS can create constructive interference, overcome
path loss, and enhance the overall signal strength and quality. This technology
offers benefits such as increased coverage, extended range, improved energy effi-

ciency [9], and enhanced spectral efficiency [10]. By deploying RIS in wireless

networks, it is possible to mitigate challenges like signal fading, interference, and

coverage limitations. RIS can be utilized in various scenarios, including indoor

and outdoor environments, to optimize wireless connectivity and enhance com-

munication performance. The full potential and impact of RIS in wireless commu-

nications are yet to be fully realized, but its promising capabilities have attracted

significant attention from the research community and industry stakeholders.

The authors in [11] studied energy-efficient scheme of STAR–RIS-aided

Multiple-Input and Multiple-Output (MIMO)–NOMA networks. In this chapter,

the authors focused on the challenges in achieving signal coverage for the sixth

generation (6G). Besides that, the chapter also examines about two types of

structures: RIS and simultaneous transmitting and reflecting reconfigurable
intelligent surface (STAR–RIS). The author investigates NOMA, which is a

promising physical layer technique in B5G and 6G to improve spectral efficiency,

support massive connectivity, and reduce transmission latency. Moreover, the

author wants to focuss on the STAR–RIS-enabled MIMO–NOMA system and

its potential for energy efficiency improvement. The authors in [12] explored
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power minimization for double cooperative-RIS-assisted uplink NOMA system.

In this chapter, the authors focused on the significant role of the RIS. RIS

technology plays a crucial role in 6G mobile communication by manipulating

phase shifts of reflection elements. RIS has been shown to improve performance
in various aspects, such as reducing power consumption, increasing achievable,
improving energy efficiency, and enhancing secure communication. The main

contributions of this letter are the construction of an uplink (UP) multi user

and multi-RIS-aided NOMA system with inter-RIS reflections, which enhances
desired signals by jointly designing the phase shifts of multiple RISs. The power
efficiency of the system is also enhanced by alternately optimizing the transmit

power and the phase shifts. In similar work, the model of sum-rate maximization

for STAR–RIS-aided NOMA system with two-way transmission is analyzed

in [13]. In particular, the authors developed the maximization for STAR–RIS. The

rapid growth of mobile devices and communication data has led to a higher data

rate requirement for mobile networks. Therefore, a low-complexity algorithm

was used to optimize power and reflection coefficients to maximize sum rate.

However, previous transmissions only had one-way links, while the upgraded

STAR-RIS operates on both links (downlink and uplink). The study investigates

an STAR–RIS-assisted NOMA scheme with two-way communication for the first

time. In similar topic, joint beamforming optimization is presented to be applied

to RIS-aided wireless networks [14]. In particular, the authors focused on the

revolution of wireless networks. The wireless networks approach using RIS to

control and improve system performance. RIS can recreates the wireless struc-

tures environment by using low-cost passive meta-surface reflection units (RUs)
that can adjust the network signal, resulting in cleaner and more reliable received
signal. Moreover, the introduction of RIS in 6G systems marks a significant
departure from previous generations of wireless communication systems, which

focused on improving data rates, latency, and spectral efficiency. The introduction

of RIS in 6G systems marks a significant departure from previous generations of

wireless communication systems, which focused on improving data rates, latency,

and spectral efficiency. These technologies are working together to create a new

era of ultra reliable, low-latency communication, capable of supporting a wide

range of new and innovative applications. Finally, Table 17.1 summarizes their

contributions.

17.1.1 Our Contribution

RIS has been gaining significant momentum in the field of wireless communi-

cations. However, it is also important we analyze the energy consumption of

the network for the optimized performance delivery [6–9]. In this regard, this

chapter mainly focuses on optimizing RIS for various parameters and simulating



Table 17.1 Papers surveyed.

References System model Way of communication Advantages Disadvantages

[11] Simultaneously
transmitting and
reflecting
(STAR)–RIS-aided
MIMO–NOMA
networks

Indoor
communication
system

● Address the issue of high energy
consumption in 6G

● Serve the users on both sides of the
surface, at its front and back, by
simultaneously transmitting and
reflecting the incident signal

● Freedom in the spatial, frequency,
and time domains, resource

● Can only handle
discrete actions

● Continuous power
allocation

[12] Double cooperative
RIS-assisted uplink
(UL) NOMA system

Only UL system ● As reducing power consumption
● Increasing achievable rate
● Improving energy efficiency
● Enhancing the ability of secure
communication

● Makes the optimization
problem more
complicated

● The coupling effect
among different RIS’s
phase shifts makes the
optimization problem
more complicated

[13] STAR–RIS-aided
NOMA system with
two-way
communication

Both UL and
downlink (DL)
system

● Improve the sum rate compared with
several existing method

● The STAR–RIS-aided NOMA always
outperforms the STAR–RIS-aided
NOMA of secure communication

● Transformed to
attractable linear
program

● The UL and the DL
transmissions do not
interfere with each
other

[14] A new RIS architecture
with a single power
amplifier

Terahertz and
millimeter wave
communications
systems

● Reducing the bulkiness of the
multiple antenna systems as well as
the energy consumption

● Low cost, simple implementation

● Having the double path
loss problem
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the performance results in terms of achievable rate. However, as a proven fact,

the number of RIS elements does affect the performance of the network, we

have compared the performance for number of RIS elements varied. The main

contributions are as follows:

● We have deeply studied the architecture of RIS and its transmission channels.

An optimization problem was formulated to minimize the UL transmit power

as a function of phase shift.

● We reviewed a two RIS system model with Rayleigh fading and formulated

a closed form expression of the achievable rate by assuming large number of

reflecting elements at both RISs.
● The mathematical analysis can be conducted to demonstrate that constructive
combination of signals leads to improved achievable rate, leading to over-
all enhanced system performance. It also demonstrates the importance in
increasing the number of RIS elements.

17.1.2 Chapter Organization

The rest of the chapter is organized as follows. Section 17.2 discusses about the lit-
erature on optimization for RIS-based transmission. Section 17.3 discusses about
cooperative RIS and defining optimization problem and deriving the formula for

optimization.Meanwhile, Section 17.5 discusses about RIS partitioning and devel-

oping a two RIS system model. Section 17.6 discusses about simulation results for

the RIS model developed in Section 17.5 by deriving the achievable rate formula.

This section completely discusses about overall system performance by varying

various parameters.

17.2 Optimization for RIS-Based Transmission

In [15], the authors focus on the joint optimization of RIS in wireless commu-

nication systems. The chapter examines the optimization problem from both

physical and electromagnetic perspectives, considering the physical deployment

of RIS elements and their electromagnetic properties. The authors investigate the

joint optimization of RIS phase shifts and transmit beamforming to maximize

the system performance, such as signal coverage, capacity, or energy efficiency.

They also discuss practical constraints, such as hardware limitations and channel

estimation errors, and propose solutions to address them. In [16], the authors

focus on the optimization of RIS in the context of integrated localization and

communication systems. The chapter explores the potential benefits of leveraging

RIS for simultaneous localization and communication tasks and addresses the
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optimization challenges associated with jointly optimizing the RIS configuration

and the localization and communication performance metrics. The authors dis-

cuss various optimization frameworks and algorithms, considering factors such as

channel estimation, RIS phase shifts, transmit power, and localization accuracy.

In [17], the authors focus on the analysis and optimization of RIS in multi-pair

communication scenarios using statistical channel state information (CSI). In

the multi-pair system discussed, two devices are communicating with each other

with a help of an RIS array, as shown in Figure 17.1. The chapter investigates

the use of statistical CSI for RIS-aided multi-pair communication systems where

multiple pairs of transmitters and receivers are involved. The authors analyze

the achievable rate and outage probability of the communication links and pro-

pose optimization algorithms to maximize the overall system performance. They

consider practical constraints, such as limited RIS phase shifts and statistical CSI

estimation errors, and provide solutions to enhance the performance of RIS-aided

multi-pair communication systems. In [18], the authors shift their focus to

the analysis and optimization of RIS in multiple-input and multiple-output

(MIMO) systems, incorporating statistical CSI. The objective is to leverage RIS to

improve the performance of massive MIMO systems bymanipulating the wireless

propagation environment. The chapter analyzes the achievable rate and outage

probability of the RIS-aided massive MIMO systems and introduces optimization

algorithms to maximize the overall system performance. The authors consider

practical constraints, such as limited RIS phase shifts and statistical CSI estima-

tion errors. In [19], the authors extend the analysis and optimization of RIS in

massive MIMO systems by considering the use of zero-forcing (ZF) detectors and

accounting for imperfect CSI. The chapter focuses on RIS-aided massive MIMO

Channels Channels

RIS

User device

User device User device

User device

Figure 17.1 RIS-assisted multi-pair communication system diagram.
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systems where imperfect CSI is present and investigates the achievable rate and

outage probability. The authors propose optimization algorithms to maximize

system performance, taking into account the practical limitations of limited RIS

phase shifts and imperfect CSI estimation. The findings provide insights into

the impact of imperfect CSI and highlight optimization techniques for RIS-aided

massive MIMO systems with ZF detectors, offering potential enhancements in

system capacity and reliability.

In [20], the authors explore the benefits of RIS in wireless communications

through rotation and location optimization. The chapter focuses on leveraging

RIS to achieve extra degrees of freedom and enhance system performance. The

authors investigate the optimal rotation angles and locations of RIS elements

to maximize the achievable rate in RIS-aided wireless communication systems.

They propose optimization algorithms that jointly optimize the RIS rotation and

location, taking into account practical constraints and CSI. In [21], the authors

focus on maximizing the coverage area and signal strength in RIS-assisted wire-

less communication systems. The authors propose optimization algorithms that

jointly optimize the RIS orientation and location, taking into account practical

constraints and channel characteristics. By strategically adjusting the orientation

and location of the RIS, the authors demonstrate that significant coverage exten-

sion can be achieved, thereby improving the overall system performance. In [22],

the authors address the joint optimization of location and channel error for

beamforming design in multi-RIS-assisted MIMO systems. The chapter focuses

on optimizing the beamforming vectors at the transmitters and RIS elements to

maximize the achievable rate in the presence of channel estimation errors. The

authors propose an optimization framework that jointly optimizes the locations

of RIS elements and compensates for channel estimation errors. By considering

the impact of both location and channel estimation errors, the proposed approach

aims to improve the overall system performance in multi-RIS-assisted MIMO

systems. In [23], the authors investigate secure NOMA-based RIS–unmanned

aerial vehicle (UAV) networks. The paper focuses on the design of passive

beamforming and location optimization strategies to enhance the security of

RIS–UAV networks. The authors propose a joint optimization framework that

considers the secrecy rate and power allocation in the presence of eavesdroppers.

The objective is to maximize the achievable secrecy rate while ensuring power

allocation fairness among users. The proposed approach incorporates passive

beamforming at the RIS and optimizes the location of the UAV to enhance the

overall network security. These studies emphasize the importance of optimizing

RIS elements, including rotation, location, and orientation, to improve wireless

communication performance, coverage extension, beamforming design, and

security in various scenarios.
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In [24], the authors focus on energy optimization in a dual-RIS UAV-aided

mobile edge computing (MEC)-enabled Internet of Vehicles (IoV) scenario.

The chapter aims to optimize the energy consumption of the system by jointly

optimizing the transmit power allocation, the UAV trajectory, and the RIS reflec-
tion coefficients. The authors propose an optimization framework that considers
the trade-off between energy consumption and system performance, taking into

account the latency requirements of IoV applications. The findings highlight

the potential of dual-RIS UAV-aided MEC-enabled IoV systems in achieving

energy-efficient and reliable communication, facilitating the integration of UAVs,

RIS, and MEC technologies for future IoV deployments.

In [25], the authors focus on the integration of wireless energy transfer tech-

niques with RIS and cell-freemassiveMIMO systems to enhance energy efficiency

and prolong the operation of wireless networks. The authors discuss the potential

benefits, including improved coverage, increased energy harvesting efficiency,

and reduced energy consumption, along with the challenges related to energy

transfer distance, channel estimation, and interference management. Meanwhile

in [26], the authors focus on optimizing the energy efficiency of RIS-assisted

wireless-powered communication networks while ensuring a minimum outage

probability constraint. The authors propose an optimization framework that

jointly optimizes the transmit power allocation, time allocation, and phase

shifts at the RIS to maximize the energy efficiency under the outage constraint.

In [27], the authors address the challenge of maximizing energy efficiency

while ensuring reliable and high-quality communication links between the UAV

and multiple ground users. The authors propose an optimization framework

that jointly optimizes the UAV trajectory and RIS configuration to minimize

the overall energy consumption while satisfying the users’ quality-of-service

requirements. By considering the dynamic UAV trajectory and the deployment

of RIS, the proposed approach aims to enhance the energy efficiency and

communication performance of the multi user air-to-ground communication

system.

The research articles mentioned above explore various aspects of RIS in wire-

less communication systems. The chapter investigates joint optimization of RIS

elements, including rotation, location, and orientation, to enhance system per-

formance, coverage extension, beamforming design, and security. Each author or

article considers practical constraints, such as channel estimation errors and hard-

ware limitations, and proposes optimization algorithms to maximize achievable

rates, coverage area, and energy efficiency. These studies emphasize the potential

benefits of RIS in different scenarios, including multi-pair communication, mas-

sive MIMO, integrated localization and communication systems, wireless power

transfer, and UAV-assisted networks, providing valuable insights for optimizing

RIS deployment in wireless communication applications.
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17.3 Cooperative RIS

17.3.1 System Architecture

We consider a systemwith two RIS arrays Figure 17.2. Signal from the base station

(BS) is reflected by either RIS 1 or RIS 2.While RIS 1 can forward the signal to both

user cluster 1 and RIS 2, RIS 2 can only forward the signal to user cluster 2. N𝜌

denotes the number of RIS elements; dBS,R𝜌
corresponds to the distance between

the BS and RIS 𝜌, dBS,R1 < dBS,R2 . Assuming that there is no direct path between

each user cluster and the BS, the full list of parameters for the BS, the two RIS

arrays and the corresponding user clusters can be summarized in Table 17.2.

RIS 1 RIS 2

Obstacle Obstacle

Base station

User cluster 1 User cluster 2

Figure 17.2 The cooperative RIS system discussed.

Table 17.2 Parameters in channel equation of cooperative RIS.

N𝜌 The number of reconfigurable elements in RIS 𝜌, N1 + N2 = N

dBS,R𝜌
The distance between the BS and RIS 𝜌, dBS,R1 < dBS,R2

r𝜌 The radius of the user zone served by RIS 𝜌

dC𝜌
The distance between center of the user zone served by RIS 𝜌

u[𝜌, i] The channel between the ith user and RIS 𝜌

T
𝜌,i The channels between the BS and RIS 𝜌

D The channel between RIS 1 and RIS 2

𝜃𝜌 The phase shift matrix for RIS 𝜌
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Since a user in cluster 1 can receive signal from the BS and reflected by RIS 1,
while a user in cluster 2 can receive signal from the BS or RIS 1 and reflected by
RIS 2, the equivalent channels from the ith user in cluster 𝜌 can be represented
as [28]:

h1,i = T1𝜃1u1,i (17.1)

h2, j = T2𝜃2u2, j + T1𝜃1D𝜃2u2, j. (17.2)

17.3.2 Optimization Problem

The goal of the problem is to minimize UL transmit power. It can be inferred
that the channel between users in cluster 1 to the BS is more efficient than that
of users in cluster 2. Therefore, the BS will first detect if a user’s best chan-

nel is in cluster 1, and if true, remove the service from the composite signal

by leveraging self-interference cancellation (SIC) operations. With this, the

signal-to-interference-plus-noise ratio (SINR) of u[1, k] and u[2, k] are:

𝛾1,k =
|h1,k|2P1,k∑K1

i=k+1
|h1,i|2P1,i +

∑K2
i=1

|h2,i|2P1,i + 𝜎2
(17.3)

𝛾2,k =
|h2,k|2P2,k∑K2

i=k+1
|h2,i|2P2,i + 𝜎2

(17.4)

The optimization problem is formulated as [28]:

P
𝟏
∶ min∶

2∑

𝜌=1

K𝜌∑

k=1

P𝜌,k

s.t. log2(1 + 𝛾𝜌,k) ≥ C(th)

𝜌,k
, 𝜌 ∈ {1, 2}

𝜙𝜌,m ∈ 𝜛,∀m = 1,… ,N𝜌.

(17.5)

Due to the nonconvex and highly coupled nature of problem P1, we use an alter-

nating optimizations (AOs) to solve the optimization problem. The optimal power

control in the problem is going to be expressed as a function of phase shift. With

that, we can now solve the problem of optimization regarding only phase shifts.

Using the AO method, we would optimize the value of phase shift in 𝜙2 when 𝜙1
is given, and conversely, optimize the value of phase shift 𝜙1 when 𝜙2 is given.

17.3.2.1 Optimal Power as a Function of Phase Shift

For the contradiction that when the problem P1 gets an optimal solution, equality

is achieved for Eq. (17.5). Therefore, we get:

log2(1 + 𝛾𝜌,k) = C(th)

𝜌,k
(17.6)
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Define C̃
(th)

𝜌,k = 2C
(th)

𝜌,k − 1. By substituting Eq. (17.6) into (17.4), the transmission

power of u[K2] can be expressed as:

P2,K2 = C̃
(th)
2,K2

𝛿2∕|h2,K2|2 (17.7)

The transmit power of u[2,K2 − 1] can be derived as:

P2,K2 = C̃
(th)
2,K2−1

(
C̃
(th)

𝜌,k + 1
)
𝛿2∕|h2,K2−1|2 (17.8)

Accordingly, we can express the transmit power of u[2, k] as:

P2,k = 𝛿2
K2∏
i=k

Γth2,i ∕|h2,K2|2 (17.9)

where Γth2,i = C̃
(th)
2,K2

+ 1 for i > k, and Γth2,i = C̃
(th)
2,K2−1

+ 1 for i = k.

Similarly, the equation can be adapted for u[1, k] as [28]:

P1,k =

(
K2∑

i=1

𝛿2
K2∏
j=i

Γth2, j + 𝛿2

) ∏K1
i=k

Γth
i,i

|h1, k|2

= Ω
𝛿2
∏K1

i=k
Γth1,i

|h1, k|2

(17.10)

where Ω = 1 +
∑k2

i=1

∏K2
j=i

Γth2, j and

Γth1,i =

⎧
⎪⎨⎪⎩

C̃
(th)

1,k + 1 if i > k

C̃
(th)

1,k if i = k
(17.11)

17.3.2.2 Given 𝜽1, Optimize 𝜽2
Since RIS 2 only serves users in cluster 2, problem P1 can be rewritten into P2
below:

P
𝟐
∶ min∶

𝛿2
∏K2

i=k
Γth2,i

|h2, k|2
s.t. 𝜙2,m ∈ 𝜔,∀m = 1,… ,N2

(17.12)

Introducing the cascaded channels R2,k, we can further rewrite the optimization

problem P2 and Θ
T
𝜌 for given phase shift 𝜃1 as:

P
𝟑
∶ min

Θ2

∶
𝛿2

∏K2
i=k

Γth2,i

|R2,kΘ2|2
s.t. 𝜙2,m ∈ 𝜔,∀m = 1,… ,N2

(17.13)
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Evenwith the above optimization, problemP3 is still nonconvex.However, accord-

ing to (17.13), the candidate phase shifts are located in a circle with uniform inter-

vals, which means between one phase shift to another is a multiplication with a

rotation factor. Using this, the problem could be further optimized such that the

optimal solution for the lth phase shift could be obtained by multiplying the opti-

mized phase shiftmatrix of the l − 1th iterationwith a series of rotationalmatrices.

The above process can be written as shown:

Θ
(l)
2 = 𝜒

(l)
N2−1

× 𝜒
(l)
N2

× · · · × 𝜒
(l)
1 Θ

(l−1)
2 , (17.14)

where 𝜒 (l)
m = diag{11×(m−1), e

𝜎𝜑2,m , 11×(N2−m
}, which indicates that one phase shift

of RIS 2 has been optimized. The other elements of RIS 2 can also be optimized in

the same way, and leads us to a rewrite of P3 into P4 as shown below:

P
𝟒
∶ min

𝜑2,m

PB (𝜑2,m)

s.t. 𝜙2,m ∈ 𝜔
(17.15)

with

PB(𝜑2,m) =
𝛿2

∏K2
i=k

Γth2,i

gk 𝜑2,m

. (17.16)

Now that there is only one optimization in the problem, the optimal solution can

be obtained using a search method, and is given as [28]:

𝜑2,m = argmin
𝜑2,m

PB(𝜑2,m). (17.17)

17.3.2.3 Given 𝜽2, Optimize 𝜽1
To optimize phase shift matrix for 𝜃1 when 𝜃2 is given, we can convert problem P1
into problem P5 as follows:

P
𝟓
∶ min Ω

K1∑

k=1

𝛿2
∏K1

i=k
Γ
(th)
1,i

|h1, k|2
+

K2∑

k=1

𝛿1
∏K2

i=k
Γ
(th)
2,i

|h2, k|2
s.t. 𝜙1,m ∈ 𝜔,∀m = 1,… ,N1

(17.18)

In this problem, only h1,k and h2,k are the only two variables that relate to our

optimization. All other variables can be treated as constants. As mentioned

in Section 17.3.1, we introduce the channels R1,k, allowing h1,k and h2,k to be

rewritten as:

h1,k = R1,k𝜃1
h2,k = R2,k𝜃2 + Q̃k𝜃1.

(17.19)
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In a similar fashion, the lth iteration can be optimized with a sequence from 𝜒1 to

𝜒N1
. The problem P5 is further optimized into problem P6 as:

P
𝟔
∶ min

𝜑1,m

PC(𝜑1,m)

s.t. 𝜑1,m ∈ 𝜔
(17.20)

with

PC = Ω

K1∑

k=1

𝛿2
∏K1

i=k
Γ
(th)
1,i

fk(𝜑1,m)
+

K2∑

k=1

𝛿1
∏K2

i=k
Γ
(th)
2,i

ek(𝜑1,m)
(17.21)

Problem P6 is an optimization with only one variable 𝜑1,m. Its solution can be

found by searching one-dimensionally, and is expressed as [28]:

𝜑1,m = argmin
𝜑1,m

PC(𝜑1,m). (17.22)

17.4 Optimization for RIS-Assisted Beamforming

17.4.1 Beamforming Basics

Beamforming is a key technology in wireless communication systems aimed at

enhancing signal transmission and reception. At its core, beamforming involves

strategically manipulating the phase and amplitude of signals transmitted or

received by an array of antennas to create a directed beam of radio frequency

(RF) energy. By adjusting the timing and amplitude of signals across different

antennas, beamforming can focus the transmitted energy in a specific direction,

thereby increasing signal strength and quality at the intended receiver while

reducing interference from other directions. This directional focusing improves

the overall efficiency and reliability of wireless communication systems, enabling

longer-range transmission, improved coverage, and increased data rates.

There are two main types of beamforming: analog and digital beamforming.

Analog beamforming involves adjusting the phase and/or amplitude of RF signals

at the antenna level using analog components such as phase shifters or atten-

uators, offering simplicity and energy efficiency but limited flexibility. Digital
beamforming processes signals digitally after conversion to the digital domain,
enabling dynamic beamforming, adaptive signal processing, and advanced
algorithms but requiring more computational resources and power consumption.
Hybrid beamforming combines analog and digital beamforming techniques, uti-
lizing analog beamforming at the RF frontend for coarse beam steering and digital
beamforming at the baseband for fine-tuning and optimization, striking a balance
between flexibility and efficiency for applications requiring both performance and
practicality.
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Data DAC PA

Analog

beamforming

phase shifters

A1

A2

Am

Figure 17.3 A basic analog beamforming model.

Data

DAC PA

Digital

beamforming

baseband
DAC

DAC

PA

PA

A1

A1

Am

Figure 17.4 A basic digital beamforming model.

Note: In Figures 17.3 and 17.4, PA stands for power amplifier and DAC stands

for digital-to-analog converter.

17.4.2 Optimization for RIS-Aided Beamforming Systems

RIS and beamforming can synergistically enhance communication systems by

leveraging their respective capabilities. When combined with RIS technology,

which consists of a multitude of passive reflecting elements, beamforming gains
unprecedented flexibility and adaptability. RIS elements strategically adjust the
phase and amplitude of incident RF signals, effectively reshaping the propagation
environment. By integrating RIS into the communication system, beamforming

algorithms can optimize signal transmission paths, compensate for channel

impairments, and mitigate signal blockage and fading effects. This collaboration

enables communication systems to achieve significantly improved coverage,

higher data rates, enhanced energy efficiency, and better overall performance,

making RIS-assisted beamforming a promising solution for next-generation

wireless networks. In order to optimize these systems, model enhancements and

algorithm enhancements are vital.

17.4.3 Model Enhancements

● Improve channel models: Enhancing the accuracy and realism of channel

models used in simulations can provide better insights into system behavior and
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aid in the development ofmore robust beamforming andRIS algorithms. A form

of improving channel models, 3D spatial models incorporate 3D spatial models

for both users and RIS elements, which also capture more realistic propagation

effects and enable better optimization of beamforming and RIS configurations.

● Dynamic environmental models: Implementing models that account for

dynamic environmental factors such as mobility, blockages, and changing

interference patterns can enable adaptive beamforming and RIS strategies that

respond in real time to changing conditions.

● Antenna array design: Optimizing the physical layout and configuration of

the antenna array can enhance beamforming performance. This includes con-

siderations such as antenna spacing, array geometry, and the number of antenna

elements.

● RIS deployment strategy: Improving the deployment strategy of RIS elements

can maximize their effectiveness in manipulating signal propagation. This

involves determining the optimal placement of RIS elements considering

factors such as channel conditions, coverage requirements, and interference

mitigation.

● Hardware upgrades: Upgrading hardware components such as antennas, RIS

elements, and signal processing units can enhance the overall performance and

efficiency of the system. Thismay involve using advanced antenna technologies,

higher-resolution RIS elements, and faster signal processing capabilities.

● A table of different types of models: see in Table 17.3

17.4.4 Algorithm Enhancements

● Beamforming algorithms: Developing advanced beamforming algorithms

that take advantage of RIS capabilities can lead to improved performance.

These algorithms may include joint optimization techniques that simultane-

ously optimize beamforming weights and RIS phase shifts to maximize signal

strength, minimize interference, and adapt to changing channel conditions.

● Channel estimation and prediction: Enhancing techniques for channel esti-

mation and prediction can improve the accuracy of beamforming and RIS con-

trol decisions. This involves developing algorithms that accurately model and

predict channel characteristics, enabling proactive adjustments to beamforming

and RIS configurations.

● Dynamic adaptation: Implementing algorithms that dynamically adapt

beamforming and RIS configurations based on real-time feedback and environ-

mental changes can further enhance system efficiency. This includes techniques

for adaptive beamforming, learning-based approaches, and cognitive radio

principles. Furthermore, this also contain the application and optimization of

machine learning techniques in communication systems combining RIS and

beamforming, which we will elaborate on in the next part of this section.
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Table 17.3 Some RIS-based models.

Model Specifics Advantages

Multi-path
channel modeling

Incorporates reflections,
diffraction, and scattering
effects

Provides accurate
representations of real-world
communication scenarios

Dynamic CSI
models

Captures temporal variations
in channel conditions,
including fading, Doppler
shift, and mobility

Enables adaptive
beamforming and RIS
strategies that respond to
changes in the environment
over time

Interference
modeling

Models co-channel
interference, adjacent
channel interference, and
external interference sources

Aids in designing
beamforming and RIS
techniques that mitigate
interference and improve
system performance

Nonlinear effects
modeling

Accounts for amplifier
distortion, power amplifier
nonlinearities, and
non-idealities in RIS elements

Improves accuracy of system
simulations and enables the
design of techniques that
mitigate nonlinear distortion
effects

Energy harvesting
models

Integrates energy harvesting
capabilities of RIS elements
and user devices into system
simulations

Enables optimization of
beamforming and RIS
configurations to maximize
energy harvesting efficiency

17.4.5 The Integration of Deep Reinforcement Learning (DRL) into

RIS-Aided Beamforming Systems

Deep reinforcement learning (DRL) offers a powerful approach to optimize the

operation of RIS and beamforming in wireless communication systems. By lever-

agingDRL techniques, the joint optimization of RIS phase shifts and beamforming

weights can be achieved in a dynamic and adaptive manner, considering complex

interactions between the environment, channel conditions, and system objectives.

DRL algorithms, such as deep Q-learning or policy gradient methods, can learn

optimal control policies by exploring the vast state-action space of the RIS and

beamforming system. These policies can then guide the adjustment of RIS phase

shifts and beamforming weights in real time leading to improved communication

performance, enhanced coverage, and reduced interference.

Furthermore, DRL can facilitate the design of intelligent algorithms for joint

beamforming and RIS control in scenarios where traditional optimization meth-

ods may be impractical due to complex and dynamic environments. DRL-based



17.4 Optimization for RIS-Assisted Beamforming 567

approaches can adaptively learn to exploit the full potential of RIS technology,

such as optimizing signal reflections to mitigate multipath fading, improve signal
coverage, and enhance overall system capacity. By continuously learning and
adapting to changing conditions, DRL-assisted RIS and beamforming systems
can achieve higher efficiency, robustness, and performance, making them

well-suited for next-generation wireless networks and emerging communication

applications.

In this regard, we will review and condense results of a few studies related to

DRL in RIS-aided systems. Then we will infer useful information from these stud-

ies as shown in Table 17.4.

17.4.6 Piecewise-DRL

In this section, wewant to present howDRL is applied to optimize the RIS-assisted

multi-user (MU)–multiple-input, single-output (MISO) communication system.

17.4.6.1 System Architecture

The system in consideration comprises a BS equipped with Nt antennas, M user

devices, each equipped with a single antenna, and an Nelement RIS.

The channel matrix from BS to RIS is denoted as H1∈
N ×Nt , which carries the

signal that will be manipulated by RIS. H1 is modeled using Rician fading:

H1 =

√
𝛽

1 + 𝛽
HLoS +

√
1

1 + 𝛽
HNLoS. (17.23)

The channel matrix fromRIS to users is denoted asH2∈
N ×M , where the adjust-

ments of RIS shape the effectiveness with which the signals reach users, follows a

Rayleigh fading model. Then the signal received by user is denoted as [11]:

y = HH
2 ΦH1Gx + 𝜔, (17.24)

where x∈ M×1 is the signal transmitted to all users by the BS. G∈ Nt ×M is the

transmitted precoding matrix,Φ is the RIS phase shift matrix and𝜔 is the additive

white Gaussian noise (AWGN). With this the signal received by nth user yk can

be expressed as [11]:

yn = hH2,nΦH1gnln +

M∑

x,n=1, x≠n

hH2,nΦH1gxlx + 𝜔n, (17.25)

where gn is the nth column ofG. h
H
2,n∈

N ×1 is the channel vector from the nth user

to the RIS. xk is the signal transmitted to the nth user by the BS. 𝜔k is the additive

white Gaussian noise at the nth user’s receiver.
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Table 17.4 Some RIS-aided systems relying on machine learning techniques.

Study Work Conclusion

[29–35] On subjects related to deep learning
usage in improving multi-carrier
systems, RIS, beamforming, MIMO
systems and constant false alarm rate
(CFAR) detections

The emergence of artificial
intelligence (AI)
methodologies has led to the
gradual integration of deep
learning techniques in
tackling communication and
signal processing challenges

[36] Enhanced the real-time efficacy of the
weighted minimummean-square error
(WMMSE) algorithm by treating it as a
nonlinear mapping, employing a deep
neural network (DNN) to approximate it

[37] A fully connected neural network (NN)
was utilized to establish a direct
mapping from ideal CSI to the optimal
beamforming vector, maximizing
transmission rates

[38] Proposed a two-stage unsupervised NN
for joint beamforming design in MIMO
communication setups

Deep learning methods
encounter challenges related
to their reliance on extensive
priori CSI, limiting their
applicability to specific
systems due to neural
networks’ weak
generalization capabilities

[39, 40] Utilized DRL frameworks to address
mixed integer nonlinear programming
(MINLP) problems in communication
systems

Demonstration of the
effectiveness of DRL in
resolving nonconvex
optimization challenges

[41, 42] Investigated the joint optimization of BS
beamforming and RIS phase shift
matrices using a low-complexity deep
Q-network (DQN) approach

[43] Employed a DRL-NN framework to
concurrently design beam selection and
precoding matrices to maximize system
sum rates in MIMO communication
systems

[44] Proposed a soft actor–critic (SAC)
algorithm, capable of jointly optimizing
the beamforming of multiple BSs and
the passive phase shift matrix at the RIS

Able to maximize system sum
rates
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Then the SINR of nth user can be expressed as:

𝛾n =
|hH2,nΦH1gn|2

M∑
x,n=1, x≠n

|hH2,nΦH1gx|2 + 𝜔n

(17.26)

and the sum rate can be given by:

R =

M∑

n=1

log(1 + 𝛾n) (17.27)

17.4.6.2 Optimization Problems

The optimization problem involves jointly optimizing the RIS phase shift matrix
𝜙 and the transmit precoding matrix G to maximize the system sum rate in an
RIS-assisted MU-MISO communication system.
The optimization problem is now formulated as [11]:

P
𝟔
∶ max

Φ,G
R =

M∑

n=1

log(1 + 𝛾k)

s.t. Φ(n,n) = e j𝜃n , |e j𝜃n | = 1, 𝜃n ∈ [0, 2𝜋),∀n

tr{GHG} ≤ Pmax ,

(17.28)

where 𝜃n ∈ [0, 2𝜋) is the phase shift introduced by the nth element of the RIS. 𝜃n ∈
[0, 2𝜋) can take any value within [0, 2𝜋), ensuring a full 360∘ phase shift capability.
The optimization aims to jointly determine the RIS phase shifts 𝜙 and the trans-

mit precoding matrix G to maximize the system sum rate while satisfying the
constraints on RIS phase shifts and total transmit power.

17.4.6.3 DDPG for RIS Phase Shift Matrix Optimization

Deep deterministic policy gradient (DDPG) is an actor–critic, model-free algo-
rithm designed specifically to work with continuous action spaces, making it
suitable for the complex and continuous nature of beamforming and phase shift
adjustments.
The DDPG has two main parts, as shown in Figure 17.5:

● Actornetwork (𝜋(s|𝜃𝜋)): The actor network outputs the action a given the state
s and the parameters 𝜃𝜋 are updated to maximize the expected result.

● Critic network Q(s, a|𝜃Q): The critic network estimates the Q-value of the
state-action pair. The network parameters 𝜃Q are updated to minimize the loss
between the predicted Q-values and the target Q-values.

The system then maintains a replay buffer of past experiences (st, at, rt, st+1)

to break the correlation between consecutive samples and stabilize the training
process.
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Loss: MSE

Adam

Critic local

q

Critic target
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Agent
Environment

(CSI)

Actor target

Actor local

at, St, St+1, rt, σt

at+1

at, St

St

step_env(at) = St

Actor_Target(St+1) = at+1

y = rt + γ * qʹ

at

Figure 17.5 DDPG actions discussed.

The training process of the DDPG can be described as follows:

Step 1: Initialization

This step includes initialize the network parameters, replay buffer and the noise

process

Step 2: Interaction with the Environment

1) Initialize the environment

2) Execute actions and store experiences

3) Update networks

For more detail information, see [11].

17.4.6.4 NN-WMMSE for Transmit Precoding Matrix Design

A neural network (NN) approximates theWeightedMinimumMean Square Error

(WMMSE) algorithm to reduce computational complexity. TheNN-WMMSE algo-

rithm iteratively updates the transmit precoding matrix to maximize the system

sum rate so that the DDPG only needs to optimize the Φ.
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1) NN design

● Network architecture: Use a NN with several fully connected layers to

approximate the WMMSE algorithm’s iterative updates.

● Normalization: Include normalization layers to ensure the output precod-

ing matrix Gmeets the power constraints as in (P1c).

2) Training process

● Generate training data Htrain,Gtrain using WMMSE algorithm.

● Train the network byminimizing themean square error (MSE) betweenGNN

and GWMMSE.

● Use backpropagation and gradient descent to optimize the network

parameters.

For more detail information, see [11].

17.5 RIS Partitioning

17.5.1 System Topology

The system in consider comprises of a single BS and a RIS array with K reflect-
ing elements, as shown in Figure 17.6. The system uses the Nagasaki-m fading
model and adopts a model-based CSI controller. This allows the proposes solution
to become the upperbound to practical cases with imperfections and also calculate
the most optimal phase shift. To improve performance in a NOMA scheme, RIS
is partitioned such that each partition improves the link quality of a distinct user.

RIS

Base station

User device

User device

Figure 17.6 A partitioned RIS array.
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This approach improves the performance because each user now receives a signal

tailored to the specific user’s need.

17.5.2 System Architecture

Below, the transmission protocol for a simplistic DL and UL RIS system with two

users. It is important, however, to note that it is nontrivial to scale this model to

multiple NOMA nodes as the SIC process complexity increases exponentially.

In DL transmission, an approximate representation of the received signal by

Ui, i ∈ {1, 2} can be written as [45]:

𝜔 =

[

𝛼i

K∑
k=1
gi,khk𝜐ie

j𝜂i,k + 𝛼r

K∑
k=1
gi,khk𝜐ie

j𝜂r,k

]

×
√
Pb

[√
B1x1 +

√
B2x2

]
+ qi,

(17.29)

where Pb is the transmit power of the BS; K corresponds with the number of RIS

element involved; 𝛽1 and 𝛽2 denote theBS power allocation coefficients. Themean-

ing of other parameters in the equation can be found in Table 17.5.

Without loss of generality, we assume thatU1 has a stronger channel.U1, in this

case, will detect and remove U2 first from the received signal. On the other hand,

U2 also decodes its ownmessage while treatingU1 as an interference, under these

circumstances, the generalized SINR for each user can be expressed as [45]:

𝛾(𝛼, 𝛽) =
𝛽iPb

|||𝛼i
∑K

k=1Ψie
j𝜂i,k + 𝛼r

∑K
k=1Ψie

j𝜂r,k |||
2

𝜁𝛽iPb
|||𝛼i

∑K
k=1Ψie

j𝜂i,k + 𝛼r
∑K

k=1Ψie
j𝜂r,k |||

2
+ 𝛿2

i

, (17.30)

Table 17.5 Parameters in receive signal equation in DL RIS partitioning.

Pb The transmit power at BS

Ki,Kr Ki = [𝛼iK] and Kr = [𝛼rK], with 𝛼i and 𝛼r being the RIS elements allocation

coefficients where i, r ∈ 1, 2, i ≠ r and 𝛼i + 𝛼r = 1

K The number of RIS elements deployed

𝛽i The BS power allocation coefficient, 𝛽1 + 𝛽2 ≤ 1

gi,k The channel between user i and element of the RIS portion kth

hk The channel between RIS portion’s kth element and the BS

di,k The distances of UEi-RIS RIS–BS links

qi The additive white Gaussian noise (AWGN) with variance of 𝛿2
i

𝜂l,k The RIS’s phase adjusting coefficient for NOMA user l, ∀l ∈ i, r
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where 𝛼 = [𝛼1, 𝛼2], 𝛽 = [𝛽1, 𝛽2], Ψi = gi,khk𝜓i and 𝜁 is a decoding variable where

𝜁 =

{
1 if i = 2

0 if i = 1
, (17.31)

which controls cancellation and decode of interference as explained above.

17.5.3 Optimization Problem

17.5.3.1 Max–Min Fair Regime

The max–min fairness optimization approach focuses on maximizing the

lowest data speed for all users across UL and DL. The problem is set up as

follow:

max
𝛼

(
min
i∈1,2

𝛾(𝛼), 𝛾(𝛼)

)

s.t. 𝛼1 + 𝛼2 ≤ 1
(17.32)

In the max–min fair regime, the power of the worst-performing transmission

should be pushed to its upper limit. The result is a common max–min fair rate

for all users in both directions. It is also true that to achieve max–min fairness,

the entire RIS has to be utilized (𝛼1 + 𝛼2 = 1), thus reducing the number of RIS

portioning variables to one. With this, the problem in (17.32) can be formulated

as below:

P
𝟓
∶ max

𝛼,Rth
Rth

C13∶ s.t. 𝛾(𝛼) ≥ 𝛾th, i ∈ 1, 2

C23∶ 𝛼 ∈ [0, 1],

(17.33)

where 𝛾th = 2Rth∕B − 1. Solving C13 and C
2
3 reveals the optimal RIS portions and

max–min fair rates to be 𝛾1 = 𝛾2 = Rth. The optimal value of 𝛼 could be obtained

when the lower and upper bounds meet each other. However, reaching min–max

fairness is not achievable without power control, as the upper bound curve would

observe a sudden drop over the frequency spectrum. To alleviate this, power con-

trol can be introduced at the BS, and the problem restated as follow:

P
𝟔
∶ max

𝛼,𝛽,Rth
Rth

C14∶ s.t. 𝛾(𝛼, 𝛽) ≥ 𝛾th, i ∈ 1, 2

C24∶ 𝛼 ∈ [0, 1], 𝛽 ∈ [0, 1]

(17.34)

Here, one can have a single power control variable since BS reachs the highest

max–min rate possible by using its allowedmaximum transmit power. Solving the

power control and RIS partitioning problem, we obtain the optimal RIS portion
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that yields the UL max–min fair rate:

𝛼 = −
bm
4am

+

±tĒ2±s

√√√√−

[
3Ā1 + 2y0±t

2B1
E2

]

2
. (17.35)

One can also obtain from Eq. (17.35) the power allocation factor that gives equal
DL and UL max–min fair rate [45]:

𝛽 =
−B̃2 ±

√
B̃
2
2 − 4Ã2C̃2

2Ã2

. (17.36)

17.6 Simulation Results of Multiple RISs Systems

In this section, we will simulate the performance of the RIS device considering
Rayleigh fading with non-line-of-sight communication, as shown in Figure 17.7.
In reference to [46], the received signal at the destination has been obtained as:

yD =
√
P
(
hℝ

SI1
T𝚯hI1D + hℝ

SI2
T𝚽hI2D

)
x + nD (17.37)

where P is the total transmit power at the source, hSI1 ∈ ℂ
N1 is the channel

between source and RIS I1, hI1D ∈ ℂ
N1 is the channel between RIS I1 and

Source
Receiver

RIS-1 (I1)

RIS-2 (I2)

h S
I2

h SI1
h
I1R

h
I2R

Figure 17.7 System model of two RISs system.



17.6 Simulation Results of Multiple RISs Systems 575

destination, hSI2 ∈ ℂ
N2 ×1 is the channel between source and RIS I2, hI2D ∈ ℂ

N2

is the channel between intelligent reflecting surface (IRS) I2 and destination.
Note that the CSIs assumed to be known. Moreover, x is the transmitted
signal by source, nD is the circularly symmetric AWGN with zero mean and
variance 𝜎2n, i.e., nD∼

(
0, 𝜎2n

)
. The single antenna source is placed at the

origin (xs, ys) = (0, 0), the destination at (xD, yD) = (100, 0), and the two RISs at
(xI1 , yI1 ) = (50, 25), (xI2 , yI2 ) = (50, 50).
The achievable rate of the device is determined, by assuming a large number of

reflecting elements N1 and N2 [46], as,

𝔼
[
𝛾̃D

]
= 𝔼

[
𝛾

(
N1

√
Γ̃SI1D + N2

√
Γ̃SI2D

)2
]

= 𝛾

(
N2
1𝔼

[
Γ̃SI1D

]
+ 2N1N2𝔼

[√
Γ̃SI1D

√
Γ̃SI2D

]

+N2
2𝔼

[
Γ̃SI2D

])
(17.38)

≤ 𝛾

( 1
16
d−𝛼SI1

d−𝛼I1D𝜂
2N1

(
16 + (N1 − 1)𝜋2

)

+
1
8
d
−𝛼∕2
SI1

d
−𝛼∕2
I1D

d
−𝛼∕2
SI2

d
−𝛼∕2
I2D

𝜂𝜁

√(
16 + (N1 − 1)𝜋2

) (
16 + (N2 − 1)𝜋2

)

+
1
16
d−𝛼SI2

d−𝛼I2D𝜁
2N2

(
16 + (N2 − 1)𝜋2

))
, (17.39)

where h̃l = g̃ld
−𝛼∕2
l

, l ∈ SI1, I1D, SI2, I2D, where g̃l is the complex-Gaussian
small-scale fading channels having zero mean and unit variance, 𝛼 is the
path-loss exponent, and d is the distance between two nodes, either source to RIS
or RIS to destination, (𝜂, 𝜁) are reflection coefficients.
In Figure 17.8, the simulation results demonstrate the relationship between

achievable rate and threshold signal-to-noise ratio (SNR). It is evident from the

simulation that as the number of RIS elements increases, the performance of

the system improves proportionally. This observation indicates that the signals

transmitted from multiple RIS devices combine constructively at the destination,

resulting in a higher SNR. The constructive combination of the signals leads to

an improved achievable rate, thereby enhancing the overall system performance.

The simulation results validate the importance of increasing the number of RIS

elements in optimizing the wireless communication system.

Figure 17.9 further emphasizes the significance of the number of RIS elements,

denoted by N, by exploring its impact on the system performance at different

threshold SNRs. The graph reveals that with an increase in N, the system perfor-

mance experiences a rapid improvement at each threshold SNR. This observation
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highlights the pivotal role of RIS elements in enhancing the overall system per-

formance, as an increase in their number leads to significant gains in terms of

achievable rates and SNR. The results provide quantitative evidence of the pos-

itive correlation between the number of RIS elements and system performance,

emphasizing the need for a higher number of RIS elements to achieve substantial

performance improvements.

These simulation results offer valuable insights into the impact of RIS elements

on system performance. The constructive combination of signals transmitted from

multiple RIS devices contributes to better SNR and higher achievable rates. More-

over, the findings emphasize that increasing the number of RIS elements yields

substantial performance gains. This information is crucial for designing and opti-

mizingRIS-assistedwireless communication systems. By carefully considering the

number of RIS elements and their deployment, system designers can effectively

exploit the potential benefits of RIS technology and maximize the performance of

the wireless communication system.

17.7 Discussion

In this section, we summarize what is discussed in the above sections and discuss

the key takeaways from this chapter and limitations that are present.

● The expanded equations above are helpful when it comes to understanding the

details of different optimization algorithms to a variety of RIS systems.

● While the equations highlighted focuses on power optimization of RIS-based

systems, some of the other cited papers can inform about other types of opti-

mization problems in RIS.

● The chapter canhelp in building foundational knowledge towork up into higher

levels, as most of the chapter is basic knowledge when it comes to energy effi-

ciency and power optimization in RIS systems.

17.8 Conclusion

In this chapter, we have explored the optimization of UL transmit power in wire-

less communication systems leveragingmultiple RIS arrays. Through comprehen-

sive simulations and analysis, we have delved into the intricate interplay between

the number of RIS elements and system performance, with a keen focus on achiev-

able rates and SNR. Our findings underscore the pivotal role of RIS technology

in enhancing wireless communication systems, revealing a proportional improve-

ment in system performance with an increase in the number of RIS elements.
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This enhancement stems from the constructive combination of signals transmitted

from multiple RIS devices, leading to heightened SNR and improved achievable

rates.

Furthermore, our research underscores the significance of optimizing the

deployment of RIS arrays by carefully considering the number of elements.

By doing so, system designers can effectively harness the full potential of RIS

technology to achieve substantial performance gains. This study provides quan-

titative evidence of the positive correlation between the number of RIS elements

and system performance, emphasizing the necessity of a higher number of RIS

elements to fully realize the benefits of RIS-assisted wireless communication

systems. These insights are instrumental in guiding future research endeavors

and shaping the design and optimization of RIS-based communication systems,

ultimately advancing the efficiency and robustness of wireless networks.
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