


Sustainable UAV Ecosystems: Integrating Blockchain, Quantum, and AI for 
Smart Mobility and SDG Innovation provides a comprehensive examina-
tion of technologies that enable secure, intelligent, and sustainable UAV eco-
systems for smart mobility and digital infrastructure. It presents theoretical 
foundations and practical methodologies integrating artificial intelligence, 
blockchain, post-quantum cryptography, and cloud-edge computing for resil-
ient UAV communications. It not only explores predictive intelligence, adap-
tive routing, swarm intelligence, and decentralized control in autonomous 
aerial networks but also highlights applications in smart-city logistics, disas-
ter response, environmental monitoring, and precision agriculture. Emphasis 
is placed on energy-efficient operations, low-carbon mobility, and sustainable 
UAV systems aligned with the Sustainable Development Goals (SDGs).

Key features:

 • Illustrates the design and integration of secure and sustainable UAV 
ecosystems, including intelligent aerial networks, smart mobility infra-
structures, and autonomous drone operations.

 • Emphasizes the role of artificial intelligence and intelligent analytics 
in UAV systems by leveraging advanced techniques such as predictive 
intelligence, adaptive routing, and swarm intelligence for cooperative 
aerial operations.

 • Presents practical applications of UAV technologies in smart-city logis-
tics, disaster response, environmental monitoring, and precision agri-
culture to support efficient and sustainable services.

 • Covers cybersecurity mechanisms and post-quantum cryptographic 
models for protecting UAV communications, aerial networks, and 
decentralized drone infrastructures.

 • Showcases the integration of blockchain, distributed cloud-edge com-
puting, and decentralized control frameworks to enable trustworthy, 
scalable, and resilient UAV ecosystems.

This book is suitable for senior undergraduates, graduate students, and aca-
demic researchers in computer science, artificial intelligence, aerospace engi-
neering, robotics, communication engineering, and smart mobility systems, 
as well as policymakers and industry practitioners working on sustainable 
UAV technologies and intelligent aerial infrastructures.

Sustainable UAV Ecosystems



https://taylorandfrancis.com


Sustainable UAV 
Ecosystems

Integrating Blockchain, 
Quantum, and AI for Smart 

Mobility and SDG Innovation

Edited by 

Hemant Kumar Saini, 
Yassine Maleh, Sita Rani,  
and Surbhi Bhatia Khan



Designed cover image: Shutterstock ID: 535282921

First edition published 2027
by CRC Press
2385 NW Executive Center Drive, Suite 320, Boca Raton FL 33431

and by CRC Press
4 Park Square, Milton Park, Abingdon, Oxon, OX14 4RN

CRC Press is an imprint of Taylor & Francis Group, LLC

© 2027 selection and editorial matter, Hemant Kumar Saini, Yassine Maleh, Sita Rani, 
Surbhi Bhatia Khan; individual chapters, the contributors

Reasonable efforts have been made to publish reliable data and information, but the 
author and publisher cannot assume responsibility for the validity of all materials or 
the consequences of their use. The authors and publishers have attempted to trace the 
copyright holders of all material reproduced in this publication and apologize to copy-
right holders if permission to publish in this form has not been obtained. If any copy-
right material has not been acknowledged please write and let us know so we may 
rectify it in any future reprint.

Except as permitted under U.S. Copyright Law, no part of this book may be reprinted, 
reproduced, transmitted, or utilized in any form by any electronic, mechanical, or other 
means, now known or hereafter invented, including photocopying, microfilming, and 
recording, or in any information storage or retrieval system, without written permis-
sion from the publishers.

For permission to photocopy or use material electronically from this work, access  
www. copyright. com or contact the Copyright Clearance Center, Inc. (CCC), 222 
Rosewood Drive, Danvers, MA 01923, 978-750-8400. For works that are not avail-
able on CCC please contact mpkbookspermissions@tandf.co.uk

For Product Safety Concerns and Information please contact our EU representative 
GPSR@taylorandfrancis.com. Taylor & Francis Verlag GmbH, Kaufingerstraße 24, 
80331 München, Germany.

Trademark notice: Product or corporate names may be trademarks or registered trade-
marks and are used only for identification and explanation without intent to infringe.

ISBN: 978-1-041-22288-0 (hbk)
ISBN: 978-1-041-22289-7 (pbk)
ISBN: 978-1-003-73158-0 (ebk)

DOI: 10.1201/9781003731580

Typeset in Sabon
by SPi Technologies India Pvt Ltd (Straive)

https://www.copyright.com
https://www.copyright.com
http://dx.doi.org/10.1201/9781003731580
mailto:mpkbookspermissions@tandf.co.uk
mailto:GPSR@taylorandfrancis.com


v

Contents

About the Editors vii
Contributors ix
Preface xiii

 1 Cybersecurity foundations for sustainable UAV ecosystems 1

PASULA SOWJANYA, ENUGURTHI HARIKA, J. BALARAJU, BALUSUPATI VEERA 

VENKATA SIVA PRASAD, AND MANPINDER SINGH PANESAR

 2 Post-quantum cryptography and security models  
for unmanned aerial vehicles communications 25

SIMAR SINGH RAYAT, CHANDRADEEP BHATT, VIKRANT SHARMA, AND 

SUSHEELA DAHIYA

 3 Ensuring trust through blockchain technology  
for decentralized cloud-based UAV networks 49

SRI NAGESH OSRI, J. BALARAJU, PRAVEEN KUMAR MUNDLAGIRI,  

B. V. SRIKANTH, AND RAJA RAO BUDARAJU

 4 Aerial intelligence: Orchestrating cloud and edge  
computing paradigms in unmanned aerial vehicle  
infrastructures 70

SANDEEP GUPTA, UDIT MAMODIYA, AND M. SHAMIM KAISER

 5 Predictive intelligence, adaptive routing, and autonomy  
in UAV networks 87

BALUSUPATI VEERA VENKATA SIVA PRASAD,  

GANGARAJU KRISHNA KEERTHANA, KAMALAKAR RAMINENI,  

C. DASTAGIRAIAH, AND GURLEEN KAUR



vi Contents

 6 Decentralized control and distributed intelligence for  
high-density UAV logistics networks supporting  
smart-city transportation and delivery services 110

TANUSHA GORAK, P. R. ANISHA, C. KISHOR KUMAR REDDY, RIMSHA SADAF,  

AND JOTHI PARANTHAMAN

 7 Bioinspired swarm intelligence algorithms for cooperative  
UAV systems 134
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Preface

This book explores the emerging landscape of sustainable unmanned aerial 
vehicle (UAV) ecosystems by combining rapidly evolving artificial intelli-
gence, blockchain, and quantum technologies to redefine next-generation 
aerial systems and smart mobility. As editors, we are delighted to present 
how this collection addresses the growing demands for secure, intelligent, 
and energy-efficient UAV networks from leading researchers and practitio-
ners in the field.

The volume starts with a wide range of topics, including post-quantum 
cryptography and security models, blockchain technology for decentralized 
cloud-based UAVs, clinical decision support systems, predictive intelligence, 
adaptive routing, bioinspired swarm intelligence algorithms, low-carbon 
and energy-aware UAV operations, and the integration of legal frameworks 
for sustainable UAV ecosystems. Subsequent chapters explore approaches to 
understanding complex UAV systems and highlight the transformative 
potential in addressing critical challenges such as scalability, security, energy 
efficiency, and real-time sustainable UAV networks.

We would like to express our gratitude to the contributors for their 
expertise and insights in this volume. Their dedication and commitment to 
advancing the field have made this book a valuable resource for researchers, 
practitioners, and students interested in the design of scalable, secure, and 
sustainable UAV ecosystems. We hope that this book serves as a catalyst for 
further exploration and innovation in the field of next-generation aerial 
sustainable ecosystems. We invite readers to delve into the chapters, engage 
with the ideas presented, and envision the transformative possibilities 
brought to the realm of intelligent and sustainable aerial systems.
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Chapter 1

Cybersecurity foundations for 
sustainable UAV ecosystems

Pasula Sowjanya, Enugurthi Harika, J. Balaraju, 
Balusupati Veera Venkata Siva Prasad, and Manpinder 
Singh Panesar

1.1  INTRODUCTION TO CYBERSECURITY IN UAV 

ECOSYSTEMS

Drones, ground control stations, cloud platforms, and data analytics sys-
tems work together as a unit to enable unmanned aerial vehicle (UAV) 
ecosystems. Given that UAVs are typically used in areas such as smart cit-
ies, agriculture, disaster management, and logistics, they present an easy 
target for cyberattacks. The cybersecurity of UAV systems is intended to 
protect data, communications, and control systems, missions, and threats 
of attacks, such as hacking, spoofing, jamming, and unauthorized access. It 
requires an efficient cybersecurity foundation to offer secure, reliable, and 
sustainable UAV operations. It also creates confidence, compliance regu-
lations, and sustainable deployment of UAV technologies in delicate and 
significant tasks [1].

1.1.1  Role of UAVs in sustainable and smart systems

UAVs are important for the creation of sustainable and intelligent systems 
since they possess efficient, data-driven, and adaptable solutions across 
numerous areas. Smart cities use UAVs to monitor traffic, conduct inspec-
tions on infrastructure, provide security to people, and conduct environ-
mental surveillance, thereby reducing the number of human resources, time, 
and cost of operation. They are able to collect real-time, high-resolution 
data that can help the city planners to make good decisions on energy man-
agement, waste management, and urban development. UAVs have a signifi-
cant application in the environmental sustainability sector in the areas of 
precision agriculture, forestry monitoring, wildlife protection, and climate 
research. They allow proper estimation of crop health, water and fertilizer 
use, and pest or disease outbreaks, thus reducing wastage of resources and 
environmental harm [2]. Another area of application of UAVs in disaster 
management is the provision of early warning, damage assessment, and 
search-and-rescue, which enhances response time and saves lives. UAVs 
are used in smart mobility and logistics to provide last-mile delivery, traffic 
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measurement, and optimization of routes and decrease fuel usage and car-
bon emissions. All in all, UAVs are smart sensing and communication devices 
that improve efficiency, resilience, and sustainability of contemporary smart 
systems, which are very much aligned with the objectives of sustainable 
development in the world. Figure 1.1 depicts the role of UAVs in smart sus-
tainable development.

1.1.2  Cybersecurity as a pillar of UAV sustainability

Cybersecurity is one of the pillars in attaining sustainable UAV ecosystems. 
UAVs require safe communication connection, software, and data transfer 
in order to conduct safe and reliable operations. Failure to protect these 
systems may lead to cyberattacks, including hacking, spoofing, tampering 
of data, or denial-of-service which can result in missions being derailed and 
create severe safety threats. These failures may decrease the trust in UAV 

Figure 1.1  UAVs for smart sustainable development.
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technologies and restrict their usage in the long-term. Effective cybersecurity 
practices can assist in maintaining the integrity of data, system availabil-
ity, and privacy of users. Authentication, encryption, and access control are 
used to ensure that UAVs are not used, and unauthorized and sensitive infor-
mation is not accessed. Cybersecurity also helps in regulatory compliance 
and responsible deployment, especially in sensitive sectors such as the health 
sector, transport, and defense. Cybersecurity assists in reducing the risks and 
increasing reliability to perform the UAV operations throughout effectively 
and in an environmentally friendly manner. Therefore, cybersecurity is not a 
technical requirement but a precondition of the further evolution and recog-
nition of UAV systems in intelligent and forward-thinking space [3].

1.1.3  Objectives

The key objectives of this chapter are:

 • To explain the importance of cybersecurity in ensuring safe and sus-
tainable UAV ecosystems.

 • To identify key cyber threats and vulnerabilities affecting UAV systems.
 • To highlight essential security mechanisms and best practices for UAV 

operations.
 • To emphasize the role of cybersecurity in building trust and long-term 

adoption of UAV technologies.

1.2  UAV SYSTEM ARCHITECTURE AND THREAT 

LANDSCAPE

A standard UAV system has a system architecture comprising the flying 
platform, a sensor onboard the platform, flight control, communication, a 
ground control station, and cloud or data processing services in the back 
end. The combination of these components assists in supporting navigation, 
data collection, command, and control. UAVs are also very dependent on 
wireless communication and software-controlled operations, which expose 
them to cyber risks. Attacks that are covered in the threat landscape com-
prise GPS spoofing, signal spoofing, malware injection, data interception, 
and unauthorized access to control systems. UAVs can also be stolen physi-
cally, resulting in data theft or manipulations of the system. Moreover, the 
security of cloud systems and third-party software can be compromised, 
potentially compromising the entire UAV system. To design effective secu-
rity strategies, it is important to know the system architecture as well as the 
threat landscape related to the system. Such a clear perspective on how the 
threats attack various elements can be useful in the application of appro-
priate protection measures and the maintenance of safe and robust UAV 
operations [4].
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1.2.1  UAV components: air, ground, and 
communication segments

The UAV system often consists of three primary parts, including the air com-
ponent, the ground component, and the communication component. The 
air segment comprises the unmanned aircraft itself, onboard hardware, and 
software, including sensors, cameras, navigation systems, flight controllers, 
and embedded processors. This component deals with data acquisition, air-
plane stability, and flight control. Ground segment comprises ground con-
trol stations, operator interfaces, monitoring units, and data storage units. It 
enables human operators to plan missions, send control commands, receive 
telemetry, and analyze data collected. Ground stations can be both fixed 
and mobile and usually are connected to cloud platforms to process data 
and provide decision support. The communication segment relates the air 
segment and the ground segment via wireless networks like radio frequency, 
satellite, cellular, or 5G. It enables command and control, real-time data 
delivery, and system updates. As this segment contains very vital informa-
tion, it is very susceptible to cyber threats such as interception, jamming, 
and spoofing. All three segments must be integrated safely and securely to 
achieve reliable and safe UAV operations [5]. Various UAV components are 
summarized in Table 1.1.

Table 1.1 UAV components, functions, and cybersecurity aspects

UAV segment Key components Primary functions Cybersecurity concerns

Air segment Unmanned aircraft, 
sensors, cameras, 
navigation 
systems, flight 
controllers, 
and embedded 
processors

Data acquisition, 
flight stability, 
navigation, and 
autonomous 
control

Malware injection, 
sensor spoofing, 
and unauthorized 
firmware access

Ground 
segment

Ground control 
stations, operator 
interfaces, 
monitoring units, 
data storage, and 
cloud platforms

Mission planning, 
command 
transmission, 
telemetry 
reception, and 
data analysis

Unauthorized access, 
data breaches, and 
insider threats

Communication 
segment

RF links, satellite 
communication, 
and cellular/5G 
networks

Command and 
control, real-time 
data transmission, 
and system 
updates

Interception, jamming, 
spoofing, and 
denial-of-service 
attacks
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1.2.2  Attack surfaces in UAV ecosystems

Attack surfaces in the UAV ecosystem are all the points where an attacker 
can attempt to gain unauthorized access or interfere with the functioning of 
the system. The communication between the UAV and the ground control 
station is one of the key attack surfaces. Being based on wireless transmis-
sion, it is susceptible to eavesdropping, jamming, spoofing, and man-in-the-
middle attacks. Malware or malicious code can be injected into the UAV’s 
onboard software and firmware, which is another critical area of attack. 
Attack surfaces are also high in ground control stations. Weak authentica-
tion, outdated software, or ineffective access controls may enable attackers 
to hijack UAV operations or intercept sensitive mission data. Another factor 
is the use of cloud services and backend servers to store information and 
conduct analytics, which contributes to the growth of the attack surface, 
especially when third-party services are involved. Further, physical access 
can be used to tamper with hardware and steal data from UAVs, such as 
during the maintenance process or during forced landings. These attack sur-
faces are significant to understanding how to apply successful cybersecurity 
and deliver secure, resilient, and sustainable UAV ecosystems [6]. The attack 
surface in UAV systems is presented in Figure 1.2.

1.2.3  Cyber-physical security risks

Cyber-physical security threats arise when cyberattacks have a direct impact 
on the physical behavior and security of UAV systems. Since UAVs are 

Figure 1.2  UAV systems-attack surface.
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directly related to each other in terms of software, sensors, communica-
tion systems, and mechanical parts, any cyberattack can easily transform 
into physical damage or unstable functioning. For example, GPS spoofing 
can provide a UAV with incorrect position information, resulting in naviga-
tion errors or accidents. On the same note, hijacking of control or jamming 
of signals can result in loss of control, forced landing, or mission failure. 
Onboard sensors or flight control software can be manipulated, and this 
may result in wrong decision-making, unbalanced flight, or collision with 
obstacles. Attacks on ground control stations or cloud platform attacks can 
alter the flight parameters of missions, disclose confidential data, and even 
leave entire groups of UAVs out of commission. These risks are especially 
high in systems such as disaster response, medical care delivery, inspection 
of the key infrastructure, and intelligent transportation, when the safety 
and reliability of the systems are the highest priority. Other risks that are 
brought about by the cyber-physical attacks include public safety, privacy, 
and the environment. Unethical surveillance, information abuse, or physical 
destruction through hacked UAVs can erode the amount of trust the masses 
have and slow the pace of technology adoption. The mitigation of cyber-
physical security threats is therefore a collective security approach that con-
siders cybersecurity, physical security, and systems resilience to ensure safe 
and sustainable UAV operation [7].

1.3  COMMON CYBER THREATS AND VULNERABILITIES  

IN UAVS

UAVs are becoming increasingly susceptible to cyber insecurity because they 
are wireless, software-based, and interconnected systems. Common cyber-
attacks include GPS spoofing, signal jamming, data interception, malware 
injection, and unauthorized access to control systems. The vulnerabilities 
can include weak authentication, the absence of encryption for communica-
tion connections, the insecurity of the firmware updates, and the absence 
of onboard security resources. Cyberattacks may also be employed against 
ground control stations and cloud platforms that are not well secured. Such 
risks can lead to the loss of control, unprotected data, failure in the mission, 
and threats to safety. Knowing the general cyber threats and vulnerabilities 
will be critical in ensuring effective system security and reliability, safety, 
and sustainability of UAV operation [8].

1.3.1  GPS spoofing and signal jamming

Other severe threats to cybersecurity that have a direct impact on a UAV’s 
navigation and control include GPS spoofing and signal jamming. GPS 
spoofing is a form of cyberattack in which an attacker sends inappropriate 
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GPS signals to confuse a UAV regarding its true position, velocity, or time. 
Consequently, the UAV can fail to follow its scheduled path, fly in restricted 
space, or even crash down. Signal jamming, on the other hand, is the inter-
ruption or saturation of legitimate communication or GPS signals through 
strong interference. This may result in the loss of navigation data or inter-
fere with the command-and-control connection between the UAV and the 
ground station. These two attacks may result in mission failure, an unsafe 
landing, or total loss of the UAV. These threats are especially harmful in 
critical applications such as disaster response, surveillance, and delivery ser-
vices. GPS spoofing and jamming of UAVs should be counteracted to enable 
safe, reliable, and sustainable operations.

1.3.2  Malware, firmware, and software attacks

UAVs rely heavily on software and firmware to manage their flight, naviga-
tion, sensors, communication, and data processing. This dependency puts 
them at risk of malware and software-based attacks that could lead to vul-
nerability of integrity, availability, and safety of operations. Malware attacks 
involve the introduction of malicious code into the UAV systems through 
malicious files, hacked networks, or malicious updates. When malware 
is activated, UAVs can be controlled by outside parties, confidential data 
can be stolen, and even the operations of UAVs can be stopped. Firmware 
attacks are those attacks that target low-level software embedded in UAV 
hardware. Important processes such as sensors, motors, and communication 
modules are controlled by firmware, and thus any hacking can have long-
term impacts on the performance of the UAV. The vulnerabilities in firmware 
that are either old or not updated can be exploit by hackers to gain unau-
thorized access or install persistent malware that remains active even after 
system reboots. Software attacks are also available, and they are founded 
on ground control station program vulnerabilities, mission planning pro-
gram vulnerabilities, or cloud-based system vulnerabilities. The hijacking 
of UAV operations, manipulation of mission information, or compromise 
of multiple UAVs simultaneously can be achieved through weak authentica-
tion, insecure APIs, or unencrypted communication channels. Good security 
practices that can reduce these risks include regular updates of software and 
firmware, verification of the code integrity, use of secure communication 
protocols, malware detection, and strong access controls. The UAV software 
and firmware security are crucial to the delivery of safe, reliable, and sus-
tainable UAV operations within sensitive and high-stakes environments [9].

1.3.3  Data breaches and privacy violations

UAVs produce and broadcast huge amounts of data, such as images, videos, 
sensor measurements, position data, and logs of operations. This information 
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is usually stored either in onboard computing devices, ground stations, or 
cloud computing platforms to be analyzed and used to make decisions. 
Nevertheless, collection, storage, and transmission of sensitive information 
put UAV ecosystems at risk of data breaches and privacy breaches. Poor 
authentication, unsecured communication connections, unencrypted data 
storage, or anything that takes advantage of software vulnerabilities can 
lead to unauthorized access to this data. The personal, organizational, or 
mission-critical information might leak out due to data breaches in UAV 
systems. For example, aerial surveillance can record personal properties or 
critical infrastructures, which, in the hands of unscrupulous individuals, can 
be abused to carry out espionage, theft, or other criminal offenses. Ethical 
and legal issues are also related to the privacy intrusions in cases when the 
UAV operations are operated without appropriate permission or legal regu-
lations. To guarantee privacy and security of data, it is necessary to ensure 
that communication and storage are encrypted with strong encryption tools, 
authentication is performed through effective methods, access is controlled 
strictly and legal frameworks are adhered to. Also, misuse of information 
obtained can be averted through anonymization and responsible data han-
dling practices. Securing the UAV data is crucial in ensuring that the people 
have confidence, the regulations are upheld and that the use of UAV tech-
nologies is sustainable.

1.3.4  Insider and supply-chain threats

The UAV ecosystems are prone to external cyberattacks as well as insider 
and supply-chain attacks. Insider threats are inflicted when employees, con-
tractors, or operators misuse their access to UAV systems either intention-
ally or accidentally, resulting in a leakage of data, system interference, or 
unauthorized alterations of missions. The nature of these threats is espe-
cially risky since insiders already know system architecture, operations, and 
security protocols. Supply-chain threats are when parts, programs, or ser-
vices of third-party vendors are hacked prior to being incorporated into 
UAV systems. It may be introduced at any point, whether it is during the 
manufacturing of the hardware or in the software updates. These vulner-
abilities may be used in the future to obtain unauthorized access, control 
data, or impair the performance of the system. To reduce insider and sup-
ply-chain risks, stringent access control, frequent audits, employee training, 
verification of vendors, and safe procurement methods are to be employed. 
To maintain integrity, reliability, and long-term sustainability of the UAV 
operations in sensitive and critical applications, it is necessary to address 
these threats.

Common cyber threats and vulnerabilities in UAV systems are summa-
rized in Table 1.2.
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Table 1.2 UAV systems—threats and vulnerabilities

Threat category Description Key vulnerabilities exploited Potential impacts Mitigation measures

General cyber 
threats

UAVs are exposed to cyber 
risks due to wireless links, 
software dependence, and 
system interconnectivity

Weak authentication, lack 
of encryption, insecure 
firmware updates, and 
limited onboard security

Loss of control, mission 
failure, data breach, 
safety hazards

Strong authentication, 
encrypted communication, 
secure updates, and layered 
security

GPS spoofing and 
signal jamming

Fake GPS signals mislead 
UAV navigation; jamming 
disrupts GPS or command 
links

Unprotected GPS signals, 
weak anti-jamming 
mechanisms

Navigation failure, unsafe 
landing, UAV loss, 
restricted airspace 
violation

Anti-spoofing techniques, 
redundant navigation, and 
signal monitoring

Malware, firmware 
and software 
attacks

Malicious code targets UAV 
software, firmware, or 
ground/cloud systems

Outdated firmware, insecure 
APIs, unpatched software, 
and weak access control

Hijacked UAVs, data 
theft, and persistent 
system compromise

Secure boot, code integrity 
checks, regular updates, 
and malware detection

Data breaches and 
privacy violations

Unauthorized access to 
images, videos, sensors, and 
mission data

Unencrypted storage, 
poor access control, and 
insecure data transmission

Privacy invasion, 
espionage, legal, and 
ethical violations

Data encryption, strict access 
control, anonymization, and 
legal compliance

Insider and supply-
chain threats

Misuse of privileged access 
or compromised third-
party hardware/software

Excessive privileges, lack 
of audits, and unverified 
vendors

Data leakage, system 
manipulation, and 
long-term hidden 
vulnerabilities

Role-based access, audits, 
staff training, and trusted 
procurement
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1.4  SECURE COMMUNICATION AND DATA 

PROTECTION MECHANISMS

Protecting information and ensuring secure communication are critical to 
the operation of the UAVs. UAVs are dependent on wireless connections 
to send commands, telemetry, and mission data; thus, they are prone to 
being intercepted, altered, or accessed by individuals without authorization. 
Encryption, secure authentication, and integrity checks are implemented to 
ensure that UAV systems are accessed or controlled only by authorized users. 
UAVs contain sensitive information protected by data protection measures, 
such as secure storage, access controls and anonymization. These solutions 
not only help avoid cyberattacks but also facilitate regulatory compliance, 
privacy, and trust. Resilient and sustainable UAV ecosystems are based on 
strong communication and data security [10].

1.4.1  Authentication and access control

Authentication and access control cannot be discussed outside the frame-
work of UAV cybersecurity, as they ensure that access to UAV operations 
and information is limited to authorized users and systems. Authentication 
determines the identities of operators, devices, and applications, as those 
identities allow access to the system. Examples of such common options 
include passwords, PINs, biometric authentication, digital certificates, and 
multi-factor authentication (MFA). Strong authentication enables control 
by the authorized bodies, and it reduces the possibilities of hijacking, manip-
ulation of missions, or theft of information. One of the attributes of what 
the authenticated users or systems can do in the UAV ecosystem is access 
control. The authorization of access to sensitive functions, flight commands, 
or data is determined by role, responsibility, or attributes through role-based 
access control (RBAC), attribute-based access control (ABAC), and least-
privilege principles, respectively. Potential damage of insider threats, hacked 
accounts, malware, etc. is blocked by access control. Authentication and 
access control are both part of the first layer of protection against UAV secu-
rity threats to communication links, ground stations, cloud-based systems, 
and onboard systems. They are required for the long-run viability of the 
UAV missions, data secrecy, and integrity of their operations [11].

1.4.2  Encryption and key management for UAV 
networks

The management and encryption are the most critical issues in protecting 
the communications and data of UAVs. The data being conveyed by UAV 
networks are of a sensitive nature, including telemetry, control commands, 
and missions that are being transferred through wireless media whose data 
are easily intercepted and altered. Encryption converts this information 
to unreadable forms by unauthorized users, which ensures confidentiality 
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and integrity. The resources are secured in an efficient and fast manner by 
symmetric encryption and key exchange and authentication by asymmetric 
encryption. Key management is employed in making sure that the process 
of creating encryption keys, their distribution, storage, rotation, and revoca-
tion is in a way that is secure. The failure to handle the keys appropriately 
may render the encryption useless, putting the UAV systems at risk of cyber-
attacks. Some of the techniques applicable toward ensuring the strength and 
reliability of encryption are public key infrastructure (PKI), secure key stor-
age, and automated key rotation. The use of the strong encryption with the 
key management will protect the UAV communication links and the stored 
information, eliminate the unauthorized access, and maintain the integrity 
of the mission. These are critical toward creating resilient, trusted, and sus-
tainable UAV ecosystems.

1.4.3  Secure command, control, and telemetry links

UAV activities are based on links of command, control, and telemetry (C2T), 
which is a communication between the UAV, ground control stations, and 
cloud platforms. These connections are flight commands, mission informa-
tion, and real-time telemetry and are hence the most susceptible to cyber-
attacks such as interception, spoofing, jamming, and unauthorized access. 
Poor C2T links can cause failure in the mission, a hijack of UAVs, or unsafe 
operations, particularly in cases where the system is required in emergency 
conditions like disaster management, surveillance, and health service provi-
sion. The securing of C2T links has many layers of protection associated 
with it. Encryption ensures that the data transmitted is confidential and can-
not be deciphered by the attackers. The authentication systems are used to 
ensure that the commands are given by the authorized operators or systems. 
Checks on integrity detect the tampering or alteration of a message in its 
transmission. Frequency hopping and anti-jamming techniques and commu-
nication channel redundancy can also increase resilience against jamming 
or denial-of-service attacks. Moreover, the secure C2T connections must be 
effective even in the case of resource limitations, like in the case of the UAVs, 
low processing units, and battery duration. These security measures lead 
to safe, reliable, and trustworthy UAV operations, which can be effectively 
integrated into resilient and sustainable UAV systems that can be safely inte-
grated within smart and critical infrastructure systems.

1.5  BLOCKCHAIN AND DISTRIBUTED SECURITY FOR 

UAV NETWORKS

Blockchain and distributed security is a good field that can be used to guar-
antee the security of the UAV networks against the cyber threat. Blockchain 
gives the possibility to make the data, commands, and transactions tam-
per-proof, traceable, and verifiable without the interference of any central 
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authority with the help of decentralized ledgers. This may particularly be 
handy to UAV ecosystems, whereby several drones, ground stations, and 
cloud platforms are communicating in dynamic scenarios. Distributed 
security systems (consensus and smart contracts) enhance trust, prevent 
unauthorized access, and reduce the risk of manipulating information. 
Applications of blockchain make the UAV tasks more resilient, transparent, 
and sustainable in the critical and multi-agent tasks [11–14].

1.5.1  Decentralized trust models for UAV 
ecosystems

Decentralized trust models provide the safe method of interaction between 
UAVs and ground stations and cloud platforms without the assistance of a 
single central authority. The traditional UAV networks with a central con-
troller or a server have the tendency of making the network a matter of trust, 
thus making it a point of failure and vulnerable to attacks. Decentralized 
models address this issue by distributing trust among a large number of 
nodes in a number of ways, such as blockchain, peer-to-peer verification, or 
consensus protocols. A decentralized UAV ecosystem enables the exchange 
of mission data and flight plans and operational commands among mul-
tiple drones and stakeholders in a secure manner. The network checks every 
transaction or data transfer, and it is guaranteed integrity, authenticity, and 
transparency. Smart contracts can automatically authenticate, enforce poli-
cies, and access controls. The models also increase the resilience of the sys-
tem to attack, as the failure of one node does not affect the entire system. 
Especially significant in the connection with decentralized trust are multi-
UAV operations, swarm systems, and collaborative missions of UAVs that 
autonomously interact with third-party services. By reducing reliance on 
centralized authorities, these models contribute to greater reliability, trans-
parency, and security and help to make the UAV technology sustainable in 
sensitive operations, including logistics, surveillance, environmental moni-
toring, and disaster management.

1.5.2  Blockchain-based identity and data integrity

The identity, security, and data integrity in the UAV ecosystem can be solved 
through blockchain technology. Each UAV, operator, or device can be issued 
a blockchain-based digital identity that is verified, tamper-resistant, and 
resistant to impersonation. This prevents unauthorized access and ensures 
that only trusted parties are involved in UAV operations. Flight logs, sen-
sor readings, or mission reports that UAVs distribute or send can also be 
stored on a blockchain. The records are encrypted to the final record and 
hence cannot be changed or modified. It is easy to detect any manipulation 
or interference of information, and this gives credibility and authenticity to 
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the information. Blockchain-based systems for identity and data integrity 
can also be applied to enhance transparency, accountability, and regulatory 
compliance. These capabilities enable safe and trackable drone ground sta-
tion and cloud communications in multi-UAV, swarm, or team settings. The 
blockchain improves the reliability, credibility, and sustainability of UAV 
ecosystems by combining identity management and unalterable data entries.

1.5.3  Smart contracts for secure UAV operations

Smart contracts are computer programs that may be available on a block-
chain and automatically implement the set rules and conditions without 
human intervention. They serve as a safe operations management tool 
within the UAV ecosystem to ensure that missions, data exchange, and 
transactions adhere to accepted protocols. For example, a smart contract 
can be deployed to allow flight plans when all the safety inspection and 
regulatory prerequisites are satisfied, or it can be deployed to release mis-
sion data to authorized entities in controlled conditions. Automation of 
verification and enforcement reduces the likelihood of human error, unau-
thorized access, and malicious manipulation of smart contracts. They also 
enable safe collaboration among different UAVs, ground stations, and ser-
vice providers in multi-agent systems or in swarm systems. Each transac-
tion fulfilled with the help of smart contracts is recorded on the blockchain 
and is transparent, traceable, and accountable. The introduction of smart 
contracts into the UAV business would enhance the security, efficiency in 
business operations, and trust in autonomous and semi-autonomous flights. 
The resilience of transparent and sustainable UAV ecosystems can be sup-
ported by the methodology in areas such as logistics, surveillance, disaster 
management, and urban mobility, where the safety and reliability of opera-
tions are paramount.

1.6  AI-DRIVEN CYBERSECURITY FOR UAV SYSTEMS

Artificial intelligence and machine learning in AI-based cybersecurity are 
used to detect, prevent, and respond to cyber threats in UAV systems. 
UAVs operate in dynamic environments and generate enormous volumes of 
data, which is why the implementation of conventional security solutions 
is insufficient. Using network traffic, flight behavior, and sensor data, AI 
algorithms can identify anomalies, anticipate potential attacks, and auto-
matically neutralize the threat in real time. AI can enhance system resilience, 
reduce human interactions, and accelerate response times through continu-
ous learning based on new threats. The use of AI-based cybersecurity makes 
the UAV operations safe, reliable, and sustainable in the implementation of 
critical and complex operations [15].
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1.6.1  Intrusion detection and anomaly detection 
using AI

Intrusion detection and anomaly detection are significant in the protection 
of UAV systems against cyber threats. Traditional security measures are not 
normally capable of sustaining the dynamic setting, where UAVs are uti-
lized. The machine learning (ML) and deep learning (DL) procedures of 
AI-based solutions offer more advanced solutions for suspicious activity 
since they examine and process network traffic, sensor information, and 
system actions automatically. The artificial intelligence (AI-based) intrusion 
detection system (IDS) can detect real-time unauthorized access, malware, 
and command injection attacks. These systems have the ability to change 
according to the changing threats as they are self-educated on the pattern 
of the attacks in the past, and they provide proactive protection. Anomaly 
detection, in turn, is interested in identifying the anomalies in the regular 
behavior of UAVs, such as unusual routes of flight, abnormal communi-
cation patterns, or unusual sensor measurements. These deviations can be 
detected early, enabling AI systems to prevent potential cyber-physical dam-
age or mission failure. AI-based detection methods can also offer threat 
prioritization, false alarm reduction, and automated response, which is 
especially important because of the lack of human control in UAV missions. 
With the addition of AI-based intrusion and anomaly detection and other 
cybersecurity services like encryption, authentication, and secure communi-
cation, the resilience, reliability, and sustainability of UAV ecosystems can 
be dramatically improved to enable safe deployment in harsh and high-risk 
conditions [16].

1.6.2  Machine learning for threat prediction 
and response

Machine learning (ML) has emerged as a game-changer in improving the 
cybersecurity of the UAV systems through predictive threat detection and 
automatic response systems. UAVs have to operate in dynamic, complex 
environments that are in permanent interaction with one another, with 
ground stations and cloud platforms, and with other UAVs. Conventional 
rule-based security solutions are not capable of addressing fast-changing 
cyber threats such as GPS spoofing, signal jamming, malware attacks, and 
insider threats. However, ML algorithms can process large volumes of net-
work, sensor, and operational data to detect patterns and correlations indic-
ative of new threats. Predictive threat detection uses both supervised and 
unsupervised ML models to estimate the likelihood of an attack before it 
occurs. As an example, anomaly detection models can learn normal UAV 
behavior, including flight paths, communication patterns, and sensor read-
ings, and indicate abnormal behavior that might flag malicious activity. The 
incoming network traffic can also be classified as safe or malicious by the 
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classification models, allowing operators to prioritize critical alerts. In addi-
tion to detection, ML may be used to assist with automated response plans. 
Adaptive algorithms and reinforcement learning can be used to enable UAV 
systems to change flight paths, communication routes, or access controls in 
real time in response to a threat, minimize operational disturbances, and 
increase safety. ML can also keep refining its forecasts by training on novel 
attack strategies, making UAV networks more resistant to advanced attack-
ers. By combining threat prediction and ML-based response with encryp-
tion, secure communication, and access control, UAV ecosystems achieve 
proactive defense, operational reliability, and sustainable cybersecurity. It 
is a necessary feature of applications in the disaster management, urban 
logistics, environmental monitoring, and defense domains, where safety and 
mission continuity are paramount [17].

1.6.3  Explainable AI for trustworthy UAV security

Explainable AI (XAI) is a tool that can improve the cybersecurity of UAVs 
by making AI decisions understandable, transparent, and accountable. 
Although machine learning models can spot threats, anticipate attacks, and 
provide automated responses, their complex algorithms often make them 
black boxes, so operators cannot rely on their results. XAI solves this by 
providing a clear explanation of how decisions are made, including which 
data, patterns, or anomalies were used to make a prediction or take an 
action. XAI is used in UAV systems to make operators know why a flight 
deviation was alerted, why some commands were blocked, or why a poten-
tial threat was prioritized. Such transparency enhances trust in independent 
decisions and allows working in closer collaboration with AI. Regulatory 
compliance, accountability, and forensic analysis following the incident are 
also supported by XAI to ensure that UAV operations are safe, ethical, and 
reliable. XAI supports trustful, robust, and sustainable cybersecurity for 
UAV ecosystems by integrating the predictive capabilities of AI with the 
ability to interpret its results [18].

Various AI-driven cybersecurity mechanisms for UAV systems are pre-
sented in Table 1.3.

1.7  REGULATORY, ETHICAL, AND PRIVACY 

CONSIDERATIONS

UAV cybersecurity is a technical problem that is accompanied by regulatory, 
ethical, and privacy issues. Safety standards of UAVs, data security, and air-
space regulations are established by regulations, which maintain accountability 
and the safety of the population. Responsible UAVs address ethical issues such 
as preventing illegal surveillance, misuse of data, or injury to individuals and 
society. Privacy is of paramount concern since UAVs tend to record sensitive 
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Table 1.3 Various AI-driven cybersecurity mechanisms for UAV systems

Aspect Focus area AI techniques used Key functions Benefits for UAV security

AI-driven cybersecurity 
for UAVs

Intelligent cyber defense 
for dynamic UAV 
environments

AI, ML, and DL Real-time threat 
detection, prediction, 
and mitigation

Improved resilience, faster 
response, reduced human 
intervention, and sustainable 
operations

Intrusion and anomaly 
detection

Detecting abnormal 
behavior and cyber 
intrusions

ML-based IDS, deep 
learning, and anomaly 
detection models

Identify unauthorized 
access, malware, 
abnormal flight paths, 
and unusual traffic

Early threat detection, fewer 
false alarms, and enhanced 
reliability

ML for threat prediction 
and response

Proactive and automated 
cybersecurity

Supervised and 
unsupervised ML and 
reinforcement learning

Predict attacks, classify 
traffic, adapt routes, 
and access control

Proactive defense, minimized 
mission disruption, and 
improved safety

Explainable AI (XAI) Transparent and 
trustworthy AI 
decisions

XAI models and 
interpretable ML

Explain alerts, decisions, 
and automated actions

Increased trust, regulatory 
compliance, accountability, 
and ethical security
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personal, commercial, or environmental data. The consideration of such 
concerns, as well as technical security, will make sure that the UAV activi-
ties will be legally legitimate, ethically accountable, and privacy-conscious 
to ensure the building of trust in the population and the environmentally 
friendly and safe application of UAV technologies.

1.7.1  UAV cybersecurity standards and compliance

UAV cybersecurity and compliance provide a systematic framework to 
ensure safe, reliable, and secure operations. The best practices, technical 
requirements, and guidelines for protecting UAV hardware, software, com-
munication links, and data against cyber threats are defined by standards. 
There are guidelines on cybersecurity, risk management, and system safety 
for UAV operations provided by organizations such as the International 
Organization for Standardization (ISO), the Institute of Electrical and 
Electronics Engineers (IEEE), and aviation authorities. These standards play 
a crucial role in eliminating risks like unauthorized access, data breaches, 
signal interference, and cyber-physical attacks. It also provides interoper-
ability, operational stability, and regulatory compliance across a wide range 
of UAV platforms and applications. UAV systems are certified and audited 
to ensure they meet security standards, including encryption, authentication, 
access control, and secure software updates. By making UAV activities con-
form to the accepted cybersecurity standards, operators improve the safety 
level, preserve the confidence of the population, and minimize the legal and 
operational risks. The sustainable implementation of UAV technologies 
in commercial, industrial, and critical infrastructure applications requires 
standardized compliance [19].

1.7.2  Ethical use and responsible security design

In UAV cybersecurity, ethical use and responsible security design are vital 
values that should be adopted so that UAV technologies are implemented 
safely, fairly, and sustainably. Ethical use focuses on the consideration of 
human rights, privacy, and societal standards accompanied by the avoidance 
of using UAVs to illegally spy, misuse the information, or cause damage. To 
ensure that people trust the operators, the operators should operate under 
clear policies, seek informed consent where necessary, and abide by legal 
and regulatory frameworks. Responsible security design involves integrat-
ing cybersecurity considerations throughout the UAV lifecycle, including 
design and production, operation, and maintenance. These involve the use 
of effective authentication, encryption, access control, software updates, and 
anomaly detection systems. The physical elements of the UAV, communica-
tion connections, and cloud platforms should also be considered in terms of 
security to ensure it is resistant to cyber-physical attacks. Ethical application 
together with responsible design will create UAV systems that are secure, 
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socially and environmentally responsible. It promotes responsibility, mini-
mizes the risk of abuse, and encourages adherence to rules and regulations. 
By prioritizing these principles, the UAV operators and developers will be 
able to create sustainable environments that would balance the technologi-
cal innovation with the safety, privacy, and welfare of society [20].

1.7.3  Privacy protection in civil and commercial UAV 
applications

Privacy protection is a key issue in civil and business UAV use, since drones 
can often collect sensitive data, such as photos, videos, geolocation data, 
and operational records. UAVs are used in areas like logistics, agriculture, 
infrastructure inspection, and urban surveillance to record precise environ-
mental and personal data, which, when used inappropriately or carelessly 
stored, may result in privacy invasion and legal consequences. Protection 
of privacy entails the adoption of sound technical and procedural prac-
tices. Sensitive information cannot be accessed by unauthorized individuals 
because of data encryption, secure storage, and access control. Individual 
identities can be safeguarded through anonymization and aggregation 
means, and relevant analysis of data collected can be conducted. Privacy 
rules and regulations, including the General Data Protection Regulations 
(GDPR) or the regulations of local aviation authorities, should be adhered 
to ensure the rights of the users and keep the population’s trust. The opera-
tors should also formulate clear policies in relation to data collection, reten-
tion, and sharing, whereby the UAV missions should be transparent and 
consent-based. Monitoring and auditing of an action are conducted con-
tinuously to identify privacy risks and impose accountability. With privacy 
protection incorporated into the UAV design, operation, and governance, 
civil and commercial applications can be safely, ethically, and sustainably 
utilized, balancing innovation and responsible data management.

1.8  CYBERSECURITY FOR SUSTAINABLE AND SMART 

UAV APPLICATIONS

Sustainable and smart UAV applications are impossible without cybersecu-
rity as a crucial enabler. Smart cities, precision agriculture, disaster manage-
ment, logistics, and environmental monitoring are fields where UAVs are 
gaining significance; in these areas, the dependability and safety of opera-
tions are crucial. The threat of cyberattacks like hacking, data breaches, 
GPS spoofing, and signal jamming may affect safety, privacy, and mission 
success. Such a strong cybersecurity approach, including secure commu-
nication, encryption, access control, AI-based threat detection, and block-
chain-based integrity assurance, ensures operational stability, regulatory 
compliance, and public trust. Good cybersecurity facilitates the sustainable 
integration of UAVs into smart, networked, and robust systems [21, 22].
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1.8.1  Smart mobility and urban airspace security

UAVs are becoming an integral part of intelligent mobility, including urban 
deliveries, traffic monitoring, emergency response, and airspace control. 
Their usage in areas with high population density creates its own cyber-
security issues, as UAVs interact with a large number of drones, ground 
stations, and IoT-based infrastructure. GPS spoofing, signal jamming, 
unauthorized access, and data leaks are threats that may disrupt opera-
tions, undermine safety, and jeopardize public trust. To ensure the safety of 
the airspace over large cities, it is necessary to implement robust security 
measures such as encrypted communications, secure authentication, real-
time intrusion detection, and AI-driven anomaly monitoring. Safety is also 
enhanced by regulatory compliance, flight path verification, and collision-
avoidance procedures. Technical security, coupled with operational gover-
nance, can enable UAVs to support smart mobility efficiently, safely, and 
sustainably, thereby making them a reliable part of an urban transport and 
airspace management system.

1.8.2  Environmental monitoring and critical 
infrastructure protection

UAVs have been a significant part of environmental monitoring and safe-
guarding critical infrastructure, providing effective, efficient, and real-time 
data collection services. They are applied in air and water quality moni-
toring; deforestation monitoring; natural disaster monitoring; and energy, 
transportation, and industrial facilities monitoring. Nevertheless, the weak-
ness and sensitivity of such applications make UAVs the best targets for 
cyberattacks. Signal jamming, GPS spoofing, malware injection, and data 
breaches are among the threats that can interfere with missions, compro-
mise gathered information, or even cause harm to critical systems. Some 
measures to ensure cybersecurity in such settings include secure communica-
tion channels, encrypted data transfer, strong authentication, and AI-driven 
anomaly detection. Blockchain-based intelligence checks can ensure data is 
not tampered with, while access controls and regulatory compliance will 
guarantee sensitive data is not compromised. With robust cybersecurity, 
UAVs will be safe and reliable, enabling sustainable environmental surveil-
lance, critical infrastructure protection, and preventing people from losing 
confidence in high-stakes and sensitive missions.

1.8.3  Disaster response and public safety UAV 
security

UAVs are currently used in disaster management and civic safety operations, 
such as search-and-rescue, wildfire surveillance, flood management, and 
emergency medical services. These missions are usually unpredictable and 
hostile, and hence, cybersecurity is important to support secure and reliable 
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operations. Missions can be disrupted, emergency response can be slowed, 
or lives can be endangered by cyberattacks, including signal jamming, GPS 
spoofing, unauthorized access, or data manipulation. In such situations, 
the protection of UAVs is to be of a multi-layered nature, which implies 
encrypted communications, high-level authentication, protective command-
and-control connections, and AI-based threat detection. To ensure the secu-
rity of sensitive victim and location information, access control and privacy 
measures are required. Unnecessary communication paths and anomaly 
detection increase system resilience during the most crucial tasks. Through 
sound cybersecurity, UAVs will be able to work safely, preserve the integrity 
of the mission, and assist in the effective response to disasters and commu-
nity safety, which will provide timely interventions and protect communities 
during emergencies [23].

1.9  CHALLENGES AND FUTURE RESEARCH 

DIRECTIONS

Nevertheless, there are many cybersecurity challenges in UAV ecosys-
tems despite great progress. UAVs deal with heterogeneous, dynamic, and 
resource-constrained environments, and it is hard to ensure robust security 
without compromising performance or flight time. Wireless communication 
links can be jammed, spoofed, and intercepted, and onboard software, firm-
ware, and cloud platforms are susceptible to malware and data breaches. 
The additional challenges to securing UAV deployment are insider threats, 
supply chain vulnerabilities, and regulatory gaps. Also, the increasing use of 
AI, IoT, and blockchain brings complexity that requires explainable, reliable, 
and interoperable security solutions. Civil and commercial applications also 
require special consideration of privacy and ethical considerations. Future 
directions of the research include the creation of lightweight, adaptive, and 
autonomous security mechanisms that are appropriate to the constraints of 
UAVs. Proactive cybersecurity, enabled by AI-based threat prediction, anom-
aly detection, and explainable AI models, is in the pipeline. Decentralized 
structures using blockchain can enhance trust, identity, and data integrity. 
The exploration in the field of secure multi-UAV coordination, robust com-
munications protocols, and privacy-sensitive methods can be identified. The 
standardization, regulatory, and ethical research will facilitate safe, respon-
sible, and sustainable UAV operations. The development of these areas will 
make it possible to have robust, intelligent, and reliable UAV ecosystems to 
support smart, critical, and high-stakes applications [1, 3, 15, 22, 24].

Table 1.4 presents a summarization of key challenges and future research 
directions in the UAV ecosystem.
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1.10  CONCLUSION

The safe, reliable, and sustainable implementation of the UAV ecosystems 
is enabled by cybersecurity. With the integration of UAVs into smart cit-
ies, environmental management, disaster management, logistics systems, 

Table 1.4 Key challenges and future research directions in the UAV ecosystem

Segment Aspect Description/focus
Impact/expected 

outcome

Challenges Resource 
constraints

Limited onboard 
power, computation, 
and memory

Security–
performance trade-
offs and reduced 
flight endurance

Wireless 
communication 
risks

Jamming, spoofing, and 
interception of links

Loss of control, 
navigation errors, 
and mission failure

Software and 
firmware 
vulnerabilities

Malware, insecure 
updates, and cloud 
weaknesses

System compromise 
and unreliable 
operations

Insider and supply-
chain threats

Misuse of access and 
compromised third-
party components

Persistent hidden 
vulnerabilities

System 
heterogeneity

Diverse hardware, 
software, and 
protocols

Difficulty in unified 
and scalable 
security

Privacy and 
regulatory gaps

Inadequate civil and 
commercial UAV 
policies

Legal risks and loss 
of public trust

Lightweight security 
mechanisms

Energy-efficient and 
adaptive protection 
methods

Strong security 
without reducing 
flight time

Future 
research 
directions

AI-driven proactive 
defense

Threat prediction, 
anomaly detection, 
and explainable AI

Early attack detection 
and trustworthy 
automation

Blockchain-based 
security

Decentralized identity, 
trust, and data 
integrity

Improved 
transparency and 
tamper resistance

Secure multi-UAV 
coordination

Cooperative and 
swarm-level security

Safe and scalable 
multi-UAV 
operations

Robust 
communication 
protocols

Anti-jamming 
and resilient 
communication 
schemes

Reliable command 
and control
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and critical infrastructure, the threats to UAV security are diverse, including 
GPS spoofing, signal jamming, malware attacks, information breaches, and 
insider or supply chain attacks. It is necessary to secure all the UAV com-
ponents, communication channels, and cloud platforms to ensure that mis-
sion integrity, citizens, and confidential information are not compromised. 
State-of-the-art technologies such as AI-based threat detection, blockchain-
based identity and data integrity, and smart contracts provide new solutions 
for resilient and reliable UAV operations. Responsible deployment is also 
supported by regulatory compliance, privacy protection, and ethical issues. 
Nevertheless, with a solid cybersecurity implementation in place alongside 
operational and technological best practices, trust can be built, performance 
will be improved, and long-term adoption will be encouraged. Finally, an 
effective cybersecurity foundation is essential to achieving the full potential 
of UAVs for sustainable, smart, and critical use, ensuring safe, efficient, and 
socially responsible aerial operations.
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Chapter 2

Post-quantum cryptography and 
security models for unmanned 
aerial vehicles communications

Simar Singh Rayat, Chandradeep Bhatt, 
Vikrant Sharma, and Susheela Dahiya

2.1  INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have become a part of modern cyber-
physical infrastructures. Initially limited to reconnaissance and remote 
piloted military missions, UAVs are now working as autonomous agents 
in the fields of precision agriculture, environmental controlling, intelligent 
transportation, disaster response, smart cities and large-scale logistics. The 
change of UAV platforms is driven by the improvement of embedded com-
puting, wireless networking, artificial intelligence and distributed control. 
Consequently, modern UAV systems are no longer stand-alone devices but 
rather represent nodes in extremely dynamic, heterogeneous and in many 
cases mission-critical communication networks. The most fundamental ele-
ment in the operation of UAVs is the communication subsystem. Command-
and-control (C2) links are used for control of flight stability and mission 
execution, telemetry links provide real-time situational awareness, payload 
data streaming can be used to illicit high-value information, and inter-UAV 
links are used to provide cooperative behavior in a swarm configuration.

Compromise of these channels can lead to mission failure and loss of 
assets or, in the case of safety-critical settings, suffer human casualties. 
Therefore, confidentiality, integrity, authenticity and availability of UAV 
communications are fundamental and nonoptional [1]. Historically, the 
security of the communications of UAVs has been based on well-understood 
cryptographic primitives, such as the RSA key exchange or elliptic curve 
digital signatures. These mechanisms have been widely used because of their 
mathematical beauty, mature tools and resistance against conventional ene-
mies. The underlying cryptographic assumptions on which these schemes 
are based are based on the intricacy of putting numbers like integer factor-
ization and discrete logarithms-all of which fall apart in the presence of 
sufficiently powerful quantum computers.

The upcoming of quantum computing takes a discontinuity of threat real-
ity. Shor’s algorithm has shown that there exist mathematical problems on 
the foundation of RSA and elliptic curve cryptography that a fault-tolerant 
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quantum computer has been able to solve in polynomial time. While large-
scale quantum computers that can perform such attacks are not currently 
available to the public, their realization is fairly expected to happen during 
the operational lifetime of many deployed UAV systems. This mismatch over 
time between the system’s lifespan and the validity of the cryptography 
determines a severe security dilemma. Accordingly, this chapter claims that 
new UAV systems will need to be designed with quantum-resilient security 
models [2]. Retrofitting security after cryptographic malady is neither oper-
ationally nor economically viable especially for UAV fleets deployed in 
unreachable or unfriendly environments. Moreover, the peculiarities of the 
UAV platforms, of which energy budgets, latency requirements for real-time 
communication, intermittent connectivity and high mobility are the most 
important, require security solutions which are fundamentally different 
from terrestrial network security solutions.

2.2  UNMANNED AERIAL VEHICLE COMMUNICATION 

SYSTEM EVOLUTION

The communication paradigm used by UAV systems has evolved with the 
development of autonomy and networking. Early UAV platforms were based 
on point-of-view radio frequency connections between an aerial vehicle and 
control station on the ground. By the time security was added, it was usu-
ally a matter of proprietary encodings, or symmetric encryption algorithms, 
with the main threat model being signal jamming or signal interception 
by foes without sophisticated technology. As deployments with the UAVs 
grew more complex and network centric, the communication architectures 
became more and more layered.

The modern UAV systems routinely combine the following:

 1. Bottom-up requirements and number of required navigation sensors 
radar,

 2. Bidirectional C2 links (navigation and mission control),
 3. Image and video channels (multichannel, high throughput sensors, etc.),
 4. Inter-rater reliability between such UAVs, which measures the com-

munication links that enable the cooperative sensing and swarm 
intelligence,

 5. Access to on-premining computing systems or databases through a 
backhaul connection.

This system has transformed the concept of UAVs to mobile nodes in dis-
tributed networks instead of isolated airborne platforms. Consequently, 
UAV security concerns are increasingly merging with security issues in large-
scale cyber-physical systems with strict real-time constraints and adversarial 
wireless environments. Standardized networking protocols and commercial 
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off-the-shelf components have increased the surface area of attack. While 
standardization is a way to promote interoperability and scalability, it also 
introduces well-documented vulnerabilities to UAV systems [3]. Classical 
cryptographic mechanisms have hence been added to UAV communica-
tion stacks to realize authentication and encryption, as well as key man-
agement. However, these mechanisms provide an implicit assumption of 
a threat model that is bounded by classical computation. The increasing 
utilization of swarms of UAVs only adds up to these difficulties. In swarm 
configurations, dozens or hundreds of UAVs cooperate with each other in an 
action based on decentralized communication protocols. Trust relationships 
develop from binary to collective tied structures, and a single compromised 
node has the ability to spread false information or malicious commands 
throughout the swarm. Classical cryptography cannot provide much pro-
tection against such a cascade of failures, even before taking into account 
quantum adversaries.

2.3  FORCES THAT FORCE QUANTUM CONCEIVE 

COMPUTING PARADIGM SHIFT

Quantum computing brings about a fundamentally different computational 
paradigm that is based on superposition, entanglement and quantum inter-
ference. Unlike classical bits that represent two states, either off or on, quan-
tum bits (qubits) can represent and process many states at the same time. 
This ability makes possible certain classes of problems to be exponentially 
faster than is possible on classical machines [4]. From a cryptographic point 
of view, most important is the impact of quantum computing on public-
key cryptography. Shor’s algorithm shows that integer factorization and dis-
crete logarithms, which are the basis for the RSA and elliptic curves (two 
widely accepted public-key algorithms), can be solved in polynomial time 
Q. Consequently, any system that makes use of these primitives in order for 
long-term security becomes insecure once the quantum adversaries appear. 
For UAV systems, the threat is not confined to the real-time of multivariate 
attacks. An especially insidious risk is store now, decrypt and send informa-
tion later on. Adversaries are likely to intercept and archive encrypted UAV 
communications today with the expectation of being able to decrypt the 
communications at a later date when quantum capabilities become mature. 
For those missions with sensitive geographical information, surveillance 
intelligence or proprietary industrial data, retrospective decryption has as 
much potential to do harm as does real-time compromise. Accordingly, it 
is not enough to argue that quantum threats can be reacted to. By the time 
quantum adversaries are operationally viable, the damage might be done. 
UAV systems, especially those that are required for defense and sensitive 
infrastructure roles, must have the assumption of the existence of quantum-
capable adversaries within its operational preachment [5].
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2.4  QUANTUM-ERA THREAT MODEL FOR 

COMMUNICATIONS FROM UAV

A strict model of threats is necessary for proper design of security archi-
tectures. In the quantum world, however, the enemy is not the one that is 
limited in computational ability but the one with a combination of strategic 
patience and having access to sophisticated signal intelligence capabilities.

This chapter uses a powerful model of the quantum adversaries with the 
following assumptions:

 1. The opponent has or will have access to large-scale quantum com-
puting resources that are capable of performing cryptanalytic attacks 
against classical public-key schemes.

 2. The adversary has wide-ranging passive monitoring capabilities, 
which allow them to intercept and store UAV communication traffic 
for an extended period of time.

 3. Direct physical access to UAV hardware is restricted but possible for 
isolated situations, that is, crash recovery/capture.

 4. The adversary may use nodes that have been compromised by UAVs 
to execute insider attacks in swarm networks.

Under this model, the traditional concept of confidentiality, integrity and 
authenticity is blurred. Once cryptographic identities are broken, authen-
tication mechanisms fail, making it possible to command and spoof and 
orchestrate denial of service attacks. In the swarm cases, the consequences 
are particularly severe. A quantum-enabled adversary that compromises the 
cryptographic root of trust is able to impersonate the swarm leaders from 
legitimate sources, give malicious coordination commands and destabilize 
collective behavior [6]. The resulting system failure is not only a commu-
nication breakdown but an implosion of the ability to make autonomous 
decisions, as shown in Figure 2.1.

2.5  MOTIVATION FOR POST-QUANTUM BEFORE 

CRYPTOGRAPHY FOR UAV SYSTEMS

Post-quantum cryptography (PQC) aims at finding cryptographic primi-
tives that are quantum resistant. Unlike quantum key distribution, which is 
implemented using specialized hardware and requires certain assumptions 
to be made about its physical properties, PQC is software based and can, 
therefore, be used with existing communications infrastructures. Among 
the various PQC families, the field of lattice-based cryptography will be 
the most attractive candidate for integration into the embedded and con-
strained environments. Schemes like CRYSTALS-XM, CRYSTALS-Kyber 
and CRYSTALS-Dilithium provide good security guarantees, reasonable 
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Figure 2.1  Hybrid quantum threat model architecture for UAV communication.
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efficiency and flexibility over different classes of platforms [7]. However, 
the mere substitution of classical algorithms with their PQC counterparts is 
not a sufficient solution to the issue of the UAV security challenge. PQC, in 
this case, primitives may consist of larger key sizes and increased computa-
tion overheads, which may be incompatible with UAV constraints. Besides, 
UAV missions are always dynamic, and the levels of threats, connectivity 
and energy availability change during the missions. Therefore, the motiva-
tion behind this chapter is to shift from static application of cryptography 
to mission-adaptive approach toward system-level security models. Within 
such models, PQC does not exist as an isolated part of the model, but as 
an integrated part of a cross-layer architecture that provides the balancing 
process of security, performance and operational resilience.

2.6  SCOPE AND CONTRIBUTIONS OF THIS CHAPTER

This chapter makes a major advance in the state of the art in three ways. First, 
it embeds post-quantum cryptography into the operational and architectural 
peculiarities of UAVs and deviates from the general discussion on network 
security. Second, it presents a mission-adaptive PQC security architecture 
that dynamically matches the strength of cryptography with the context of 
the mission and the threat. Third, it offers a swarm-aware trust and key man-
agement model that aims at containing compromise and maintaining the 
collective autonomy in quantum threat environments. This chapter has cre-
ated the underpinning motivation and threat landscape, it also conducts in 
depth a deep dive to post-quantum cryptographic foundations, algorithmic 
tradeoffs and their adequacy for use in UAV platforms, laying the technical 
ground on which the novel security architecture can be built upon.

2.7  FOUNDATIONS OF THE POST-QUANTUM 

CRYPTOGRAPHY

Post-quantum cryptography (PQC) includes cryptography that is used by 
developing cryptography elements that are resistant to attacks launched 
using both classical and quantum computation capabilities. Unlike quantum 
key distribution, which relies on specializations of the physical layer and 
hardware, PQC is software centric and, as a result, is compatible with exist-
ing networking stacks and embedded platforms [8]. This property makes 
PQC especially appealing for functionality on TLOC (Unmanned-Vehicular-
Aircraft systems [UAVs]), where payload mass, power consumption and envi-
ronmental hardness are factors that do not allow the general use of quantum 
hardware. The conceptual basis for PQC is computational problems which 
are believed to resist effective quantum algorithm. Grover’s algorithm gives 
a speedup on the order of the square root for the brute force attack—for 
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symmetric cryptography—but the effect can be countered by relatively small 
increases in key length. Whereas, Shor’s algorithm entirely compromises the 
difficult aspects of the classical public-key schemes. Consequently, PQC is 
focused on alternative mathematical structures for which the known best 
attacks on the mathematical models are computationally infeasible. From a 
systems perspective, PQC needs to be judged not only from a cryptographic 
viewpoint but also from an implementation standpoint. UAVs are a con-
strained execution environment in which algorithmic elegance phage has to 
operate in tandem with real-time determinism, limited memory and energy 
efficiency [9]. The rest of this part consists of surveying the main PQC fami-
lies and assesses their relevance to UAVs communication systems.

2.8  TAXONOMY LANDSCAPES

2.8.1  Lattice-based cryptography

These problems have high worst-case to average-case decreases and hence 
give great confidence in security assumptions [10]. For UAV systems, cryp-
tographic schemes based on lattices have a number of practical advantages. 
Applications include the key generation, encapsulation/decapsulation and 
data encapsulation. Although the key generation and encapsulation opera-
tions are efficient in general purpose processors, the operations used are 
amenable to optimization through vectorization and hardware accelera-
tion. Lattice-based schemes also facilitate key establishment schemes such 
as digital signatures, which facilitate the use of a unified cryptographic 
stack. Standardization efforts have taken up such schemes as CRYSTALS-
Kyber for key encapsulation and CRYSTALS-Dilithium for authentication. 
The combination of security and performance in a wide range of param-
eter sets has been designed into these schemes so that system designers can 
choose combinations that are suitable for the mission risk and the platform 
capability. However, lattice-based schemes tend to have larger public keys 
and ciphers than their classical counterparts, which create an overhead in 
bandwidth-constrained UAV links, especially those that operate in out-of-
line-of-sight. The remainder of this chapter discusses the mitigations of these 
costs that can be made with architectural design and protocol optimization.

2.8.2  Hash-based cryptography

Hash-Based Cryptography is based on the preimage and collision resis-
tance of cryptographic hash functions. Unlike number theoretic schemes, 
hash-based signatures are not based on algebraic schemes that can be eas-
ily destroyed by quantum algorithms such as Shor’s algorithm. As a result, 
they provide conservative security guarantees. From the implementation 
point of view, hash-based schemes are attractive because of their conceptual 
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simplicity and very low cryptographic assumptions. They are especially 
applicable to scenarios that require one-time or infrequent authentication 
[11]. In UAV situations, hash-based signatures are best suited in scenarios 
where a secure boot procedure, firmware updates and broadcast authenti-
cation tasks are required, where message frequency is low and predictable. 
The main drawback of using hash-based signatures is state management 
and signature size. Stateful variants require care to be taken against reuse 
of keys, a problem for intermittently connected UAV networks, while state-
less variants reduce this problem and tend to result in increased signatures, 
which may affect communication with low-latency requirements.

2.8.3  Code-based cryptography

Code-based cryptography is based on the fact that it is difficult to decode 
random linear codes, and this has been studied for several decades. Its last-
ing security due to lack of a successful cryptanalytic breakthrough makes it 
conservative in its credibility. Nevertheless, the huge public-key sizes inher-
ent in code-based schemes create huge problems for UAVs deployments. In 
practice, the transmission of large keys over radio links with low bandwidth 
may have unacceptable delays and also more susceptibility to jamming 
and interception. While the code-based schemes retain theoretical interest, 
they are only applicable to the UAV systems when bandwidth is available 
in abundance and long-term security requirements take precedence over 
operational constraints.

2.8.4  Shadow cryptography (multivariate polynomial 
cryptography)

Multivariate cryptography is based on the difficulty of solving systems of 
multivariate polynomial equations of finite fields. These schemes allow for 
the signature generation and verification to be carried out quickly, an attrac-
tive property for systems that are required to be real-time ones. However, 
faith in their long-term security has been shaken by repeated cryptanalytic 
attacks on proposed constructions. For UAV systems, where security failures 
can have catastrophic consequences, conservative choices of cryptographic 
standards are preferred. Accordingly, multivariate schemes are by and large 
deemed as experimental and are not suitable for the primary security func-
tions in mission-critical UAV deployment.

2.8.5  Comparative assessment

Among the considerations of the types of PQC families, lattice-based cryp-
tography stands as the most balanced option for the communication sys-
tems on UAVs. It provides a good trade-off in terms of security confidence, 
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computation efficiency and flexibility of implementation. Hash-based cryp-
tography complements the lattice-based ones by covering specific authenti-
cation requirements, and other families are either impractical or not mature 
enough [12]. Accordingly, this chapter considers a lattice-centric PQC model 
with hash-based solutions where appropriate as the basis for the crypto-
graphic security of UAVs’ security architectures, as shown in Table 2.1.

2.9  CRYPTOGRAPHIC PRIMITIVES AND 

COMMUNICATION FUNCTIONS OF UAV

Figure 2.2 illustrates the UAV communication security; it can be broken 
down into a number of basic functions: key establishment, authentication, 
data confidentiality and integrity assurance. PQC primitives have to support 
these functionalities under stringent constraints using strict operation char-
acteristics. Key establishment is so important. UAVs will often be in dynamic 
topologies where nodes will join and leave networks as the mission changes. 
Efficient, low-latency mechanisms for key encapsulation are key for sustain-
able key encapsulation to keep the channels secure minus efficiently dis-
rupting control loop. Lattice-based key encapsulation mechanisms (KEMs) 
offer this capability allowing fast session establishment even when the 
environment is intermittently connected. Authentication lies at the basis of 
trust relationships among UAVs, ground control stations and also auxiliary 
infrastructure. Digital signatures have to be verifiable in tight timing bud-
gets, especially in the case of command messages with direct flight behavior 
effects. Signature schemes like Dilithium provide verification speeds that are 
compatible with UAV real-teams speed of control on-amount appropriately 
parameterized [13]. Data confidentiality and integrity are usually provided, 
thanks to symmetric cryptography after session keys are set up. While sym-
metric algorithms are not fundamentally broken by quantum computing, 
key lengths will need to be increased to make up the difference due to the 
operation of Grover’s algorithm. In practice, this adjustment is relatively 
simple and has negligible overhead compared to public-key operations.

Table 2.1  Comparative analysis post-quantum cryptographic (PQC) 
schemes for UAV communication

PQC category Public key impact Real-time latency sensitivity

Lattice based Medium Suitable

Hash based Low Suitable

Code based High Conditional suitable

Multivariate Low Suitable
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2.10  PLATFORMS FOR UAV AND IMPLICATIONS 

OF CRYPTOGRAPHY

2.10.1  Computational constraints

UAV onboard processors vary from microcontrollers in small consumer 
drones to multinuclei system-on-chips in high-end autonomous vehicles. 
Cryptographic algorithms have to be predictable over this range. Lattice-
based PQC schemes can be optimized to not only run efficiently on low-
power microcontrollers but on processing devices with higher processing 
power as well, but attention needs to be paid to ensure that there is no 
deviation from the expected timing variable nor an excessive use of memory.

2.10.2  Energy constraints

Power consumption is a prevailing design constraint for UAVs. Propulsion 
is the most significant power consumption, but communication and compu-
tation overheads have a direct impact on flight endurance. Cryptographic 
operations are consequently required to be amortized over mission duration 
with no place for them during phases of flight where energy margins are 
tight. This observation provides incentive for session caching, precomputa-
tion and mission-free aforementioned cryptography scheduling.

2.10.3  Real time and latency

UAV control loops operate on the millisecond time scale. Cryptographic 
operations that add indeterminate amount of latency can lead to unstable 
flight control and subcarrier performance. PQC primitive therefore needs 
to be integrated in a way that maintains real-time guarantees. Empirical 
studies suggest that optimized lattice-based key exchange can be performed 
with acceptable difference in latencies on embedded processors, especially if 
hybrid handshakes and session resumption techniques are used.

2.11  MAPPING PQC TO THE UAV LAYER OF 

COMMUNICATION

At the link and network layers, authentication using PQC can make sure 
that the nodes in the communication are legitimate. At the transport layer, 
the establishment of secure sessions and protection of data streams against 
interception and manipulation are secured. At the application layer, the 
cryptographic authorization provides mission policies and the access con-
trol. Crucially, it is not possible to treat these layers separately. Decisions 
made on one of the layers, for example, the rekeying frequency, have an 
influence on performance and security on others. This interdependence is 
the motivation for the cross-layer security architecture presented in the next 
part of the chapter.
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2.12  DRAWBACKS TO ALGORITHM-CENTRIC 

SECURITY SOLUTIONS

A recurring theme in the study of security for UAVs is a tendency toward 
the consideration of the cryptographic algorithms in isolation. While the 
choice of algorithms is important, it does not address such systemic vulner-
abilities that arise in protocol designs, in managing trust and in the available 
operational context. For example, the implementation of a quantum-resis-
tant signature scheme does not make an attacker’s life any easier if poor 
key management or insecure firmware implementation that allows attack 
to occur [14]. Similarly, strong cryptography cannot overcome poor swarm 
governance models that allow compromised nodes to have influence on the 
collective behavior. Accordingly, this chapter rejects exclusively algorithm-
centric approaches in favor of system-oriented security models. PQC is seen 
as an enabling technology used as part of a larger architectural construct 
that deals with trust, resilience and adaptability.

2.13  SYNTHESIS AND TRANSITION

It has laid down the crypt-secured base required by quantum-resilient frac-
tional private UAV communication systems. It has produced a survey of 
PQC families, conducted a rationale for (selecting and) lattice-based mecha-
nisms as well as a mapping of cryptographic primitives to UAV constraint 
and communication functions. The results of the analyses show that PQC 
is technically feasible in the framework of UAV environments provided sus-
tained by careful architectural design. However, feasibility is not the only 
requirement lit with security. The next part of this chapter introduces the 
novel mission-adaptive, cross-layer PQC security architecture that forms the 
main contribution of this work.

2.14  RATIONALE FOR SYSTEM-LEVEL SECURITY 

ARCHITECTURE

The previous parts have laid two premises at the heart. First, quantum 
computing completely undermines security assumptions for classical pub-
lic needs that form the foundation of most current UAV communications 
systems. Second, although post-quantum crypto spores are available and 
technically deployable on the UAV platforms, algorithm substitution is not 
enough to address the broader security issues for autonomous aerial net-
works. UAV systems are not fixed endpoints but are mobile, mission aware, 
cyber-physical agents operating in an adversarial environment with dynamic 
topology, utilities with dynamic states of energy balance and severe time-
of-use constraints [15]. Traditional security architectures spend much time 
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exclusively assuming network conditions relationships are relatively stable, 
certain credibility relationships and persistent infrastructure. UAV sys-
tems contradict all three assumptions. Nodes may periodically disconnect, 
ground control stations may become inaccessible and trust must be created 
autonomously in place on many occasions. Under these conditions, cryp-
tographic rigidity becomes a liability, which is an asset. This chapter there-
fore proposes a novel mission-admissible, cross-layer post-quantum security 
architecture that is explicitly targeted at UAV communication ecosystems. 
The proposed architecture integrates the post-quantum cryptography in 
all layers of the UAV communication stack while permitting cryptographic 
behavior to evolve dynamically with the assumption of mission context, 
threat perception and system state. Rather than treating security as a static 
configuration, it is modelled in a process of continuous control and as a 
process aligned with the autonomy of the UAV.

2.15  PROPOSED ARCHITECTURE-DESIGN PRINCIPLES

The architecture is governed by five principles of design:

 1. Role: Quantum Resilience by Construction. Two possible explana-
tions exist. In the first interpretation, we have two types of resilience. 
All long-term trust anchors, identity credentials and key establishment 
mechanisms are post-quantum secure. Classical cryptography is only 
allowed in hybrid while under controlled migration phases.

 2. Mission adaptivity: Cryptographic security, strength, key lifetime and 
authentication level depend upon the mission phase, threats level and 
criticality of operations. This approach allows limiting superfluous 
overhead in case of low-risk operations, ensuring maximum protec-
tion in case of delicate phases.

 3. Cross-layer coherence: Security mechanisms at the physical, network, 
transport as well as the application layer are jointly optimized instead 
of being separately configured. Decisions at one layer say explicitly 
about behavior at others.

 4. Swarm consciousness conservation of trust: The architecture deals 
with multi-UAV systems as collective entities with a shared security 
goal. Trust is the subject of hierarchical and local management in 
order to avoid cascading failures.

 5. Crypto-agility and survivability of cryptographic primitives: 
Parameters and protocols are modular and replaceable, providing fast 
response to advancements in crypt analysis or compromises in opera-
tion. These principles form the unit of differentiation between the sug-
gested architecture and traditional approaches to the security of UAVs 
and serve as the conceptual basis for the system presented below.
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2.16  ARCHITECTURAL OVERVIEW

The architecture being proposed is in the form of a four-level security deck, 
vertically integrated with the subsystems of UAV autonomy and mission 
management.

2.16.1  Physical layer and link layer security

At the lowest level, the architecture combines the cryptographic authenti-
cation with physical layer level defenses like adaptive frequency hopping, 
spread spectrum techniques and beamforming. While physical layer secu-
rity does not substitute the security provided by cryptography, it provides 
improved security against attacks such as jamming, interception and traffic 
analysis [16]. Post-quantum authentication tokens are included in the link-
layer handshakes, so that authentication is enforced and only authenticated 
nodes are involved in any form of communications. This avoids rogue UAVs 
from or malicious relays via the open radio interfaces.

2.16.2  Network and transport layer security

The network and transport layer provides post-quantum key establishment 
as well as secure session management. Lattice-based KEMs are used to 
negotiate ephemeral-derived session keys, which are then used in conjunc-
tion with symmetric encryption to transfer data. Crucially, there is a context 
of session establishment. Most of the time (stable connectivity), the lifecycle 
of the session is longer, thus lower cryptographic overheads. Upon high-risk 
or high-mobility phases, sessions are reduced and the frequency of rekeying 
is adjusted upward.

2.16.3  Application and mission security layer

At the application layer, cryptography enforce mission-specific authoriza-
tion and accessing control. Commands taken for flight behavior, activating 
payload or control swarm coordination need higher levels of authentica-
tion guarantee than generic telemetry, for instance. Mission policies are used 
declaratively for the definition of cryptographic requirements. For example, 
entering restricted airspace will automatically initiate enhanced authentica-
tion for all the control commands and disable the use of classical crypto-
graphic methods as a backup.

2.16.4  Trust and autonomy integration layer

The uppermost layer combines security and UAV autonomy and decision-
making. Trust assessments create impact on planning for initial mission, 
choosing routes and cooperative behavior. A UAV that identifies anomalous 
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cryptographic behavior from a peer may decrease cooperation, isolate the 
node or increase the reauthentication requirement. This integration repre-
sents a departure away from the historical security model, and cryptography 
becomes a willing participant in the autonomous control and is no longer a 
collision membrane.

2.17  MISSION SECURITY ADAPTIVE CRYPTOGRAPHY 

CONTROL MODEL

One of the ways that the proposed architecture is truly novel is the mis-
sion-adaptive cryptographic control model (or architecture). This model 
assumes that the parameters concerning cryptography are variables that can 
be controlled by the context of the mission. Mission Phases and Security 
Posture UAV missions can be broken up into a number of different phases, 
that is, preflight initialization, takeoff, en-route navigation, task execution 
and return, each of which has varying threat profiles and performance con-
straints [17]. High-latency cryptographic operations during initialization 
are acceptable, which allow a complete authentication and trust establish-
ment. During flight stabilization and avoiding obstacles, there is no room 
for cryptographic activity to keep the mission up to real-time responsive-
ness. With sensitive execution of the task, security aspect takes over, and it is 
worth the extra computational overhead, as shown in Figure 2.3.

Figure 2.3  UAV communication security adaptive cryptography control model 
layer orchestration.
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2.17.1  Threat adaption of most

Threat perception is based on a range of inputs such as signal anomalies, 
unexpected topology changes and behavioral deviations of the peer UAVs. 
These inputs are collated to form a dynamic threat score, which modulates 
the behavior of cryptography [18]. As the levels of threat increase, the sys-
tem gradually increases the level of cryptographic survivability (increasing 
verification frequency to identify signatures and reduce the lifetime of ses-
sions, tighten the check of identities). On the other hand, in nonthreatening 
conditions, the system conserves resources in terms of energy and bandwidth 
in terms of relaxed security postures without affecting long-term trust [19].

2.17.2  Cryptographically informed scheduling 
of energy

The considerations of energy are explicitly taken in account in cryptographic 
decision-making. In case of energy depletion, the noncritical cryptographic 
operations are postponed/simplified when the critical, control plane security 
is kept. This approach will make sure that improvements in security will not 
compromise flight safety unintentionally.

2.18  SECURE SWARM COMMUNICATION OF TRUST 

GOVERNANCE

Swarm-based UAV systems pose a completely different security threat than 
deployments with single vehicles. While trust relations in isolated systems 
are strictly bilateral, swarm configurations have collective trust relations; 
failures propagate pretty fast if the containment mechanisms fail.

2.18.1  Hierarchical model of swarm trust

The proposed architecture follows the hierarchical trust model. At the apex, 
a swarm coordinator, whether a designated leader or a role to be rotated 
among the participants, is used to establish initial trust anchors which are 
accomplished using post-quantum credentials. Subgroups within the swarm 
take over the local trust, thus reducing the need for global coordination 
[20]. This hierarchy helps to curb the effects of node compromise: whenever 
a node is compromised by an adversary, the change is made only within the 
local cluster of nodes, leaving the swarm as a whole relatively resilient.

2.18.2  Group key management

Effective group key management is the key to secure swarm communica-
tion. The architecture uses membership-change optimized lattice-based 
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group key establishment protocols. When UAVs enter or leave the swarm, 
rekeying is done on a local basis, without the high cost of doing it globally. 
Group keys are used to protect broadcast communication (i.e., formation 
updates and collective sensing data), and unicast channels are used for sensi-
tive control messages [21].

2.18.3  Identification of compromise, containment 
of compromise

Swarm members constantly monitor the behavior of their peers for crypto-
graphic aberrant behavior such as invalid signatures or inconsistent identity 
claims. Suspected nodes are quarantined by consensus-based mechanisms 
that are decentralized, not based on a single point of authority. This is a 
spread containment strategy, preventing one compromised UAV from desta-
bilizing the swarm behavior, which would be so within the presence of 
quantum capable adversaries [22].

2.19  PROTOCOL WORKFLOW ILLUSTRATION

To provide an example of the working flow of the proposed architecture, 
taking as an example, a standard swarm deployment situation. Prior to 
starting a mission, each UAV authenticates with the ground control sta-
tion with postexistential cryptographic credentials and the mission policies 
are encoded with cryptography requirements. During the takeoff, secure 
channels are formed with illustrator lattice-based key encapsulation, and 
initial swarm trust anchors are formed [23]. As the swarm explores to find 
its way to the mission area, cryptographic activity is kept to a minimum 
in a bid to maintain energy and responsibility. Upon entry to a high-risk 
area, when threat indicators are detected, the following escalation is imple-
mented: reduction of session lifetimes, increase in command authentication 
and group key refresh. If a UAV has anomalous behavior, then the neighbor-
ing nodes begin a process of localized reauthentication. Failure of this pro-
cess leaves only the suspect node isolated without disrupting cooperation 
of the whole swarm phenomenon. This workflow can be seen to show that 
cryptography, trust and autonomy do not come and go but are constantly 
interactive processes instead [24].

2.20  SECURITY ANALYSIS

The proposed architecture provides the strong guarantees for threats due to 
the quantum era. Confidentiality is provided by post-quantum key estab-
lishment and symmetric encryption against quantum brute force attacks. 
Integrity and authenticity are ensured through adding post-quantum 
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signatures to control and coordination protocols. Availability is supported 
by cross and within layers of defense along with localized failure contain-
ment. Importantly, the architecture deals with not only externals but also 
insides as the threats from compromised UAVs emanate [25]. The distribu-
tion of trust and the limitation of the compromise scope mean that the sys-
tem will never suffer catastrophic failures even in partial breach conditions.

2.21  DIFFERENCE FROM EXISTING ARCHITECTURE

Existing UAV security frameworks tend to use static cryptographic settings 
and are focused on each individual communication link. In comparison, the 
proposed architecture comes with three important differentiators. First, it 
incorporates systems-level post-quantum security rather than systems that 
are a protocol add-on. Second, it sees security as a dynamic process that is 
mission aware. Third, it specifically deals with swarm-level trust in quan-
tum threat. These distinctions are a basis for establishing the architecture of 
next-generation autonomous aerial systems.

2.21.1  Movement to performance and deployment 
issues

While the soundness of the architecture is imperative, implementation of 
the requirements in practice must draw careful attention to performance, 
energy consumption and migrating from legacy systems. The ability of the 
proposed architecture is then evaluated and performance trade-offs are 
modeled, while outlining a feasible migration path toward fully post-quan-
tum UAVs communication infrastructures.

2.22  PERFORMANCE ANALYSIS OF PQC-ENABLED 

UAV SECURITY ARCHITECTURES

A common theme in post-quantum cryptography (PQC) is the perceived 
overhead in computation and communication, especially on resource con-
strained UAV platforms. This section provides a systematic performance 
evaluation of the integration of PQC in UAV communication systems, in 
terms of the computational, time delay, bandwidth and energy aspects.

2.22.1  Computational overhead

A modern UAV platform uses heterogeneous computing architectures on 
board and vary from low-power microcontrol unit to high-power system-
on-chip unit with hardware acceleration. According to empirical studies, 
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optimized lattice-based cryptographic operations can be brought within 
time considerations compatible to UAV control requirements [26]. Key 
encapsulation and decapsulation are normally finished within few millisec-
onds on such embedded processors, while signature verification, often the 
cost-failure, is controllable in terms of speed along with batching and cach-
ing strategies. Critically, the mission-adaptive architecture achieves smallest 
worst case computational overhead, uncoupling the cryptographic in inten-
sity, continuously controlling cyclic manage from its compute. Heavy cryp-
tographic operations are planned to be placed during noncritical periods 
such as the initialization, loitering or high-altitude cruise, thus maintaining 
deterministic control behavior during the flight stabilization and obstacle 
avoidance.

2.22.2  Overhead of communication and bandwidth

Post-quantum public keys and ciphertexts are larger than their classi-
cal counterparts, and thus bandwidth utilization on UAV links is an issue. 
However, this overhead is mostly taken during the session establishment 
and rekeying; not during continuous data transmission [27]. The architec-
ture overcomes the bandwidth impact by a number of mechanisms. Session 
keys are reused when the conditions for the threat permit, and this less-
ens the frequency of handshakes. Group key management in the swarm 
scenarios localizes the rekeying operations, making sure no unnecessary 
global updates are performed. Moreover, mission-aware security policies 
enable the transmittal of noncritical telemetry to make use of established 
symmetric sessions, averting the repetition of transmitting PQC material. 
Simulation-based analysis shows that, when amortized over mission dura-
tion, PQC-related bandwidth overhead will be a small percentage of total 
communication load, especially in sensor and payload heavy missions when 
data streams are the dominant utilization of the link.

2.22.3  Energy consumption impact

For endurance of UAVs, energy efficiency is of the utmost importance. 
While the energy used for cryptographic functions is high, the energy usage 
of crypto is comparable when compared to the energy expended for the 
propulsion, sensing and communication subsystems [28]. Measuring does 
show a very small percentage due to the cryptographic computation off 
total energy expenditure if well scheduled. The proposed architecture is 
well aware of energy when making cryptographic choices. When supplies of 
energy to the system are limited, critical security functions are given top pri-
ority and less critical operations are deferred. This is to ensure that security 
improvements will not inadvertently compromise the mission completion 
or flight safety.
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2.22.4  Real-time responsiveness

For the response to maintenance in real time is nonborderline in UAV sys-
tems. This operation of the mission-adaptive model ensures that the cryp-
tographic operations will not introduce unpredictable latency in control 
paths. By separating the security relevant functions from time-critical con-
trol loops and through the help of precomputation, the architecture main-
tains the guarantee of real-time functionality even under increased security 
postures.

2.23  DEPLOYMENT STRATEGY AND MIGRATION 

STRATEGY

Transitioning existing UAV fleets to some post-quantum security architec-
tures offers both technical and organizational problems. Substitute replace-
ment of old-fashioned encryption is neither practical nor desirable because 
of the maturity of existing systems and their ubiquity. Therefore, a phased 
migration strategy among continuity, security and operational feasibility is 
suggested.

2.23.1  Hybrid cryptographic false deployment end of 
file (EOF)

In the first stage, UAV systems use hybrid cryptographic techniques that use 
a mix of classical and post-quanta. Session keys are based on both classical 
and PQC-based key exchanges in order to ensure that security is retained 
when at least one part of the exchange is not cracked. This phase enables 
incremental adoption of PQC while doing the least amount to disburse 
existing infrastructure and certification processes. It also provides empirical 
performance data for the parameter tuning and optimization [29].

2.23.2  Phase sustainable development: PQC-
dominant operation

Upon achieving confidence in PQC implementations, systems become PQC-
dominant operation. Classical cryptography is kept for backward compat-
ibility/low-risk auxiliary functions only. Long-term identities, firmware 
authentication and control plane security rely entirely on post-quantum 
primitives. During this phase, mission-adaptative security policies become 
fully functional, the capability of pushing UAV to cryptographically change 
dynamic behavior in response to threats and context.



PQC and security models for UAVs communications 45

2.23.3  Phase tranquille: crypto totally agile 
architecture

The final phase will focus on crypto-agility—the capability of swapping 
cryptographic algorithms and parameters without having to redesign the 
whole hardware or its system [30]. Cryptographic modules are abstracted 
behind well-defined interfaces, which allow expected response to future 
cryptanalysis advances. This phase ensures that UAV security architectures 
are resilient not only to known quantum threats and the tortuous (e.g., 
advanced quantum) but also to cryptography and computation.

2.24  CONCLUSION AND FUTURE DIRECTION

This chapter has provided a very in-depth, system-level look at post-quan-
tum cryptography and security models for UAV communications. Moving 
away from the algorithm (centric nature of the discussion), it proposes a 
new mission—a novel mission-adaptive, cross-layer security architecture 
that integrates post-quantum cryptographic primitives, unmanned aerial 
vehicle (UAV) autonomy, swarm coordination and operations. By being pro-
active in the holistic approach to quantum-empirical threats, the approach 
outlined in the suggested methodology lays the foundation for secure, resil-
ient and future proof UAV communication systems. As UAVs become more 
autonomous networked agents in critical areas of operation, forward look-
ing security architecture focused on critical issues will be a major compo-
nent of ensuring trust, safety and mission success in the decades to come. 
Looking into the future, post-quantum security will be one of the pillars 
of resilient autonomous systems. UAVs are an especially interesting area 
of research because of their long time periods, operations in hostile envi-
ronments and the importance to society. Future research effort will most 
likely be focused on combining cryptography with physical layer security 
and artificial intelligence (AI)-based threat perception and to utilize distrib-
uted ledger technologies for decentralized trust. Advancements in hardware 
acceleration and low-power computing will continue to lower the cost of 
quantum resiliency security, thus opening the door for its wider adoption 
across classes of UAVs.
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B. V. Srikanth, and Raja Rao Budaraju

3.1  INTRODUCTION

To support smart mobility and Sustainable Development Goal (SDG)-
focused applications, a growing body of research is incorporating the use of 
decentralized, cloud-based architecture in Unmanned Aerial Vehicle (UAV) 
ecosystems so that autonomous, scalable, intelligent processes can be facili-
tated [1]. However, these distributed environments have serious challenges 
involving trust, data integrity, security and coordination between heteroge-
neous UAV nodes and service providers. The blockchain technology offers a 
highly viable solution that has ledgers that cannot be tampered, decentral-
ized identity and transparent consensus mechanisms that are not managed 
by centralized players. This chapter discusses how blockchain may be used 
to offer assurance in the cloud-strategy UAV networks that facilitate the 
sharing of data, task and responsibility assignment in order to provide sus-
tainability and resilience of UAV ecosystems.

3.1.1  Overview of UAV networks and cloud 
integration

A network of interconnected aerial robots constitutes UAV networks and 
can be utilized in sensing, communication and decision-making in a broad 
range of application domains. It is through the integration with cloud com-
puting that these networks can store data in large volumes, do real-time 
analytics and process with even more capabilities than onboard computer 
capabilities. Cloud-based UAV systems can facilitate the distributed plan-
ning of missions and intelligence and can coordinate a group of UAVs and 
ground stations with minimal effort [2]. However, latency, security, reliabil-
ity and trust are also the problems related to using cloud services. The design 
and dynamics of cloud-integrated UAV networks are the secret to develop-
ing scalable, secure and resilient cloud-integrated systems that will support 
smart mobility and sustainability-oriented applications.

http://dx.doi.org/10.1201/9781003731580-3
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3.1.2  Need for trust and security in decentralized 
UAV ecosystems

A decentralized UAV ecosystem is anchored on the interplay of numerous 
autonomous aerial vehicles, ground stations, cloud and third party stake-
holders. Trust creation is a paramount need without a centralized control in 
order to offer credible coordination, exchange of data security and respon-
sible decision-making. UAVs are often forced to operate in dynamic and 
hostile environments where communication links can be spoofed, data can 
be altered, unauthorized individuals could be attacked and malicious threats 
can launch denial-of-service attacks. Moreover, the secret mission data on 
surveillance, logistics, disaster response and smart mobility must be secured 
to prevent abuse and invasion of privacy [3]. The security problems are 
also caused by heterogeneous nature of UAV networks, lack of sufficient 
onboard computing power and topological changes that occur at high rate. 
It needs to have mechanisms of trust to ensure that the identities of UAVs are 
authentic and that their provenance, as well as integrity of task execution, 
are verified over distributed nodes. Without well-developed trust and secu-
rity mechanisms, decentralized UAV systems will be vulnerable to derailed 
missions, safety risks and nonregulatory violations. Therefore, secure, trans-
parent and scalable trust models are the combination need to create a resil-
ient, collaborative and sustainable UAV ecosystem according to the new 
applications of smart mobility and SDG-oriented applications.

3.1.3  Role of blockchain in enabling secure 
collaboration

At the center of safe and reliable cooperation in decentralized UAV ecosys-
tems is blockchain technology. Blockchain enables all parties involved in 
UAVs and services to access a unified and verifiable account of transaction, 
mission logs and data exchanges through the dispensation of an unchange-
able and resistant to manipulation ledger. A decentralized consensus mech-
anism does not need a single trusted authority, and, consequently, single 
points of failure are eliminated and the system becomes more resilient [4]. 
Identity management can be carried out through blockchain to ensure safe 
authentication of UAVs and operators, and automate mission coordination, 
access control and incentive mechanisms through smart contracts in a trans-
parent way. Moreover, accountability and auditability that are supported 
by immutable data provenance are required to meet regulatory compliance 
and postmission analysis needs. With such abilities, blockchain creates a 
reliable collaboration framework that facilitates safe information exchange, 
joint decision-making and joint execution of tasks, which provide reliable 
and scalable UAV networks with smart mobility and sustainability-related 
applications. Figure 3.1 presents the role of blockchain in enabling secure 
blockchain solutions.
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3.1.4  Chapter objectives and structure

The purpose of this chapter is to analyze how blockchain technology 
can be used to create a trust, security and transparency in decentralized 
cloud-based UAV networks. It presents the main security issues, discusses 
blockchain-based methods of safe cooperation and speaks about the cor-
responding architectures and applications. The chapter is well-organized in 
the way that it moves through the introductory ideas to implementation 
issues, and it ends with the prospective investigation and suggestions about 
the sustainable UAV ecosystems.

3.2  FOUNDATIONS OF DECENTRALIZED CLOUD-BASED  

UAV NETWORKS

Decentralized cloud-based UAV networks are a set of distributed aerial plat-
forms that are coupled with cloud and edge computing infrastructure to 
provide scalable, autonomous and collaborative operations. This is because 
such networks, unlike centralized architectures, distribute control, data pro-
cessing and decision-making among UAVs, edge nodes and cloud services 
and increase fault tolerance and operational flexibility. There are also the ad 
hoc, mesh and hybrid models of communication that can adapt to dynamic 
topology. Cloud integration supports intensive data analytics, AI-driven 
intelligence and long-term storage, whereas edge computing reduces latency 
on short-latency tasks. When these foundations are integrated, resilient, 
adaptable and intelligent UAV ecosystems can be underpinned to enable 
smart mobility and sustainability-based applications.

3.2.1  UAV network architectures and 
communication models

The UAV network architectures provide the structure in which the aerial 
platforms, ground stations and the computational facilities are configured 

Figure 3.1  Blockchain for secure collaborative solutions.
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to support coordinated operations. Traditional centralized systems are 
ground control station or cloud server based to conduct mission planning 
and data processing. These architectures despite being easy to manage are 
limited to scale, single point of failure and likely to experience increased 
latency. On the other hand, decentralized and distributed UAV architectures 
enable UAV communication and collaborative decision-making between the 
UAVs in a peer-to-peer manner, which makes them more resilient and adapt-
able to changing environments. Communication networks in UAV networks 
are UAV-to-UAV (U2U), UAV-to-Ground (U2G) and UAV-to-Infrastructure 
(U2I). The Flying Ad hoc Network and Ad hoc Network models enable 
self-organizing and dynamic routing of data by UAVs without any infra-
structure, which is why they can be applied in disaster response and remote 
monitoring [5]. Mesh-based communication can be used to increase reliabil-
ity by using multihop routing, and hybrid models can be used to introduce 
cellular networks, satellite links and 5G/6G infrastructure to offer wide-area 
coverage and high data rates. Cloud and edge computing also affect the UAV 
communication architecture, in that they allow offloading tasks, distributed 
intelligence and real-time analytics. Edge nodes (ground stations and mobile 
edge servers) process latency sensitive information nearer to UAVs, whereas 
computer intensive tasks and global coordination are done on cloud plat-
forms. The choice of a decentralized cloud-based UAV ecosystem architec-
ture and communication models is an essential factor in the achievement of 
scalability, reliability, security and the efficient use of resources. Figure 3.2 
presents various UAV network frameworks.

3.2.2  Cloud and edge computing in UAV operations

Cloud and edge computing are relevant in terms of improving the effi-
ciency, scalability and intelligence of the current UAV operations. Cloud 
computing uses virtually unlimited computing capabilities and storage to 
support large-scale data analytics, long-term data archiving of missions 
and advanced AI model training to support traffic monitoring, precision 
agriculture and disaster management applications. By putting the compu-
tation-intensive processes in the clouds, UAVs will be able to transcend 
the onboard resource constraints and increase the range of operations [6]. 
Edge computing supplements the cloud by moving the calculations closer 
to UAVs by using the ground stations, base stations or mobile edge servers. 
This close range greatly minimizes latency and bandwidth usage, which is 
vital to functions that are time-sensitive like obstacle avoidance, real-time 
navigation and swarm coordination. The synergistic nature of the cloud and 
edge computing in decentralized UAV ecosystems allows achieving distrib-
uted intelligence, enhanced reliability and adaptive decision-making, which 
is the foundation of resilient and autonomous UAV networks [7].
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3.2.3  Decentralization paradigms and limitations 
of centralized control

The UAV networks paradigm of decentralization changes the control, 
decision-making and data management that was centralized in one author-
ity to numerous decentralized ones that enhance scalability, resilience and 
autonomy. Some of the methods include P2P coordination, swarm intel-
ligence and blockchain-based consensus that allow UAVs to coordinate 
their missions with each other (without a central controller) and exchange 
information and adjust to evolving conditions. Decentralized architectures 
reduce single point of failures and increase fault tolerance that is required 
in large-scale or mission important deployments. However, coordination 
and decision-making in centralized control schemes are very dependent 
on ground control stations or cloud servers. Centralized systems are easier 
to implement and manage, but with latency issues and reduced scalability, 
they are prone to cyberattacks and operational disruptions in cases of com-
munication failure. Such limitations inhibit real-time responsiveness  and 

Figure 3.2  Various UAV network architectures.
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power, particularly when it comes to dynamic or adversarial environment. 
Thus, decentralized paradigms increasingly gain popularity to come up with 
secure, autonomous and sustainable UAV ecosystems [8].

3.3  BLOCKCHAIN TECHNOLOGY OVERVIEW

Blockchain is a decentralized record keeping technology based on a dis-
tributed ledger that allows secure, transparent and tamper-resistant record 
keeping over a decentralized network. It works based on the cryptography 
methods and consensus mechanisms that provide the integrity of data with-
out the involvement of a central authority. The blockchain is impervious 
and verifiable to transactions and thus the technology is highly applicable 
to creating trust, accountability and safe coordination of decentralized UAV 
networks and cloud-based collaborative platforms.

3.3.1  Blockchain architecture and consensus 
mechanisms

The blockchain design is a decentralized network of nodes which together 
store a secure and immutable registry of transactions. A cryptographic hash 
is used to connect a block of transactions to the last block, and every block 
has a set of transactions, a timestamp and a cryptographic hash. Depending 
on access permission and governance models, the architecture can be 
divided into public, private and consortium blockchains. Validation and 
agreement of transactions on distributed nodes without a central authority 
would not be possible without consensus mechanisms. Some of the common 
ones are Proof of Work, which is based on computational effort; Proof of 
Stake (PoS), which is based on stake or ownership and Practical Byzantine 
Fault Tolerance (PBFT), which is applicable to permissioned networks with 
low latency and high throughput. Advanced balance mechanisms such as 
Delegated PoS and hybrid consensus models are balanced with scalability, 
energy efficiency and security. These architectural and consensus schemes 
in UAV networks determine the effectiveness, dependability and reliability 
of the decentralized functionality in the networks, which enable the secure 
transfer of data, task verification and autonomous coordination between 
UAVs and cloud-edge resources [9]. Various blockchain architectures and 
consensus mechanisms are shown in Figure 3.3.

3.3.2  Smart contracts and distributed ledgers

The decentralized systems that are made possible through the blockchain 
are smart contracts and distributed ledgers. A distributed ledger is a redun-
dant database that is stored in multiple nodes, and the participants are guar-
anteed of synchronized and irreversible record of transactions. It enables 



Blockchain technology for decentralized cloud-based UAV networks 55

transparency, traceability and immutability, which are crucial to trust, and 
accountability to collaborative UAV networks. Smart contracts are com-
puter codes that operate on autopilot and they are stored in the blockchain 
and execute preset rules and agreements without human intervention. They 
promote self-scheduling of activities, safe communication of information, 
access management and auto payment on UAV operation. UAV networks 
can achieve decentralization of decisions, compliance and reliability and 
transparency of mission-critical actions with distributed ledgers combined 
with smart contracts. This will enhance the efficiency of the operations, 
reduce the centralized aspect of the authority and enhance security within 
the cloud-based UAV ecosystems [10].

3.3.3  Security features: immutability, transparency 
and traceability

Blockchain has strong security functions which are required in decentralized 
UAV networks. Immutability means that once a transaction or data entry is 
stored on the blockchain, the data cannot be changed or removed and mis-
sion logs, sensor data and UAV operational records cannot be changed or 
modified by unauthorized individuals. Transparency enables all the involved 
nodes to access and validate transactions, which creates trust and account-
ability among UAV operators, cloud services and stakeholders. Traceability 
allows full data provenance, execution of tasks and history of decision-mak-
ing, which are useful in audits, compliance and analysis of postmission. The 
combination of these characteristics creates a stable, verifiable and reliable 
base of the decentralized UAV operations so that cooperative missions are 
resistant to tampering, accountable and auditable in real-time.

Figure 3.3  Various blockchain architectures and consensus mechanisms.
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3.3.4  Blockchain platforms relevant to UAV 
networks

A number of blockchain platforms are specifically well-suited to the use of 
secure and decentralized UAV networks and each of them has its distinct 
characteristics based on the specifics of operation needs. Ethernet is a popu-
lar open-source blockchain with Turing-complete smart contracts, allowing 
independent execution of tasks, sharing of data in a secure and safe manner 
and autonomy in coordinating autonomous UAVs. It is also flexible and 
has strong developer ecosystem, which is why it is both research and opera-
tional UAV deployments, although scalability and transaction costs may be 
constraining factors. Hyperledger is a permissioned blockchain framework 
that is aimed at private and consortium networks, has high throughput, 
low latency and fine-grained access control. It suits enterprise-level UAV 
ecosystems, where the trusted parties, including logistics providers, regu-
latory agencies and cloud providers, need to work together safely with-
out revealing sensitive information to the general public [11]. The use of a 
directed acyclic graph (DAG) named Tangle has allowed Internet of Things 
Application (IOTA) to use feeless, scalable and lightweight transactions. 
This renders it suitably applicable to UAV swarms and Internet-of-Things 
(IoT) integrations, where microtransactions and data sharing, as well as 
coordination in real-time, are required. The choice of the right platform is 
based on the size of the UAV network, security needs, maximum latency 
and mission-critical factors, and this is among decentralization, efficiency 
and reliability. Figure 3.4 presents various blockchain networks relevant to 
UAV frameworks.

Table 3.1 presents a summary of the blockchain platform for UAV 
networks.

3.4  TRUST AND SECURITY CHALLENGES IN UAV 

NETWORKS

The distributed, dynamic and heterogeneous nature of decentralized UAV 
networks pose a serious challenge to trust and security aspects. Such 
risks are the tampering of data, spoofing, unauthorized access and denial-
of-service attacks, which can impair the integrity and safety of missions. 
Without a reliable verification framework, it is hard to build trust among 
self-directed UAVs, cloud providers and ground controllers. Moreover, due 
to the onboard constraints, high mobility and dynamic network topologies, 
real-time authentication, data integrity and secure coordination are espe-
cially difficult in UAV ecosystems [12].
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Figure 3.4  Blockchain networks for UAV architectures.

Table 3.1 Blockchain platforms for UAV networks

Platform Blockchain type Key features
Suitability for 
UAV networks Limitations

Ethereum Public, 
permissionless 
blockchain

Turing-complete 
smart contracts, 
strong 
developer 
ecosystem and 
high flexibility

Autonomous UAV 
coordination, 
secure data 
sharing and 
research and pilot 
deployments

Scalability issues, 
high transaction 
costs and 
latency

Hyperledger 
(e.g., fabric)

Permissioned, 
private/
consortium 
blockchain

High throughput, 
low latency and 
fine-grained 
access control

Enterprise and 
regulated UAV 
ecosystems 
involving trusted 
parties (logistics, 
regulators)

Limited 
decentralization 
and smaller 
open ecosystem

IOTA DAG based 
(Tangle)

Feeless 
transactions, 
lightweight, 
scalable and IoT 
oriented

UAV swarms, real-
time coordination 
and IoT and 
microtransaction-
based UAV 
applications

Less mature 
ecosystem 
and evolving 
security model
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3.4.1  Identity authentication and access control

Decentralized UAV networks need a strong authentication of identity to 
ensure that the only agents involved in mission-critical operations are autho-
rized UAVs, operators and cloud-edge nodes. Authentication schemes check 
the digital identities with cryptographic keys, certificates or blockchain-
based decentralized identifiers (DID) to avoid impersonation and unauthor-
ized access to the system. Access control is the access permissions to data, 
tasks and network resource usage, which is assigned based on authenti-
cated identities. Role-based, attribute-based and access controls based on 
smart contracts enable finesse regulation of the operations, so that UAVs 
and stakeholders are capable of undertaking solely authorized operations. 
Collectively, both identity authentication and access control can provide 
a secure base of collaborative UAV ecosystems, such as allowing trusted 
communication, information exchange and coordinated decision-making 
in decentralized cloud-based settings. These systems are important to the 
integrity of their missions, compliance with regulations and protection of 
sensitive operational data against cyberattacks [13].

3.4.2  Data integrity and privacy concerns

Data integrity and privacy are crucial in decentralized UAV networks, as 
they are the assurance of security and reliability in the operations. Data 
integrity ensures that the data collected, communicated or stored, for exam-
ple, sensor data, flight data and mission data, are accurate, unmodified and 
verifiable throughout the UAV network. These cyberattacks, communica-
tion breakdown or bad actors can ruin this integrity and lead to wrong deci-
sion-making or operational risks. The privacy of the collected and shared 
information (i.e., geolocation, surveillance photos and user data) is also a 
privacy concern. Unauthorized access or disclosure can be contrary to the 
laws and can put the stakeholders at a risk. The data can be kept secret and 
traceable and accountable with such mechanisms as end-to-end encryption, 
secure multiparty computation and audit trails with the help of blockchain. 
In order to develop a reliable UAV ecosystems, mission reliability and regu-
latory compliance and to ensure sensitive operational and environmental 
data, the issues of data integrity and data privacy have to be taken into 
consideration [14].

3.4.3  Malicious node detection and trust evaluation

UAV networks that are decentralized can be susceptible to rogue nodes 
that can interfere with the operations, relay fake data or alter the integrity 
of the network. Malicious node detection is the process of detecting those 
UAVs or ground nodes that behave abnormally, for example, inconsistent 
sensor readings, abnormal communication patterns or unauthorized access 
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attempts. Methods are the detection of anomalies, monitoring of behavior 
and verifying transactions or the execution of tasks with the help of block-
chain. Trust evaluation is a set of measurements used to determine the reli-
ability and reputation of nodes depending on past performance, interaction 
performance and adherence to network protocols. With the help of assign-
ing trust scores, the system will be able to prioritize communications, data 
sharing and task assignments to trustworthy nodes and isolate or restrict the 
impact of untrusted or suspicious participants [15].

3.4.4  Secure communication and mission data 
sharing

The decentralized UAV networks require secure communication in order to 
ensure that mission-critical data are not intercepted, manipulated or accessed 
by an unauthorized third party. The UAVs, ground stations and cloud-edge 
nodes can be confident in the security of their messages across space and 
time because of encryption protocols, including end-to-end cryptography 
and secure tunneling. Authentication schemes are used to authenticate the 
identity of the senders to prevent man-in-the-middle attacks and spoofing. 
The mission data sharing allows using blockchain and smart contracts to 
facilitate transparent, verifiable and tamper-resistant sharing of sensor data, 
flight data and command data. Decentralized registries store the transac-
tions permanently, and every authorized user can get correct and updated 
data. Role or attribute access control is used to make sure that sensitive 
information is distributed among valid parties [16].

The summarization of the various challenges is shown in Table 3.2.

3.5  BLOCKCHAIN-ENABLED TRUST FRAMEWORK FOR 

UAV NETWORKS

The framework of trust that is created with the help of blockchain cre-
ates secure, transparent and decentralized identity verification, data integ-
rity and collaborative decision-making in UAV networks. The framework 
incorporates distributed ledgers, smart contracts and consensus protocols 
to provide a system that is tamper-resistant in the recording of transactions, 
autonomy in the execution of tasks and responsibility in logging missions. 
This will reduce security threats, facilitate trusted data exchange and create 
credible exchanges among the UAVs, cloud-edge nodes, and stakeholders in 
decentralized and mission-critical UAV systems [17].

3.5.1  Architecture of blockchain-based UAV systems

The UAV blockchain systems architecture combines aerial platforms, com-
munication networks and distributed ledger infrastructure to facilitate the 
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safe and decentralized operations. UAVs are also data producers and con-
sumers, as they create mission data, sensor data and status data. They are 
relayed in UAV-to-UAV and UAV-to-ground communication connections to 
edge nodes or ground stations, which communicate with the blockchain 
network. The blockchain layer is made up of distributed nodes deployed at 
the edge servers, cloud servers or trusted ground stations, and they maintain 
the shared ledger, execute smart contracts and support consensus protocols. 
Smart contracts control authentication of identity, access control, assign-
ing tasks and incentives. Big Data storage, analytics and AI model training 

Table 3.2 Trust and security challenges in decentralized UAV networks

Aspect Key challenges Security mechanisms Benefits

Overall trust and 
security

Data tampering, 
spoofing, 
unauthorized 
access, DoS 
attacks, high 
mobility and 
dynamic topology

Blockchain-based 
verification, 
cryptographic 
protocols and 
decentralized 
trust models

Improved mission 
integrity, resilience 
and safety

Identity 
authentication 
and access 
control

Impersonation, 
unauthorized 
participation 
and improper 
resource usage

Cryptographic 
keys, certificates, 
decentralized 
identifiers (DID), 
role/attribute-
based access 
control and smart 
contracts

Trusted 
collaboration, 
regulatory 
compliance 
and controlled 
operations

Data integrity 
and privacy

Data manipulation, 
leakage of 
sensitive 
information 
(location, images 
and user data)

End-to-end 
encryption, 
blockchain audit 
trails and secure 
multiparty 
computation

Reliable data, 
confidentiality and 
accountability

Malicious node 
detection and 
trust evaluation

Rogue UAVs, false 
data injection 
and abnormal 
behavior

Anomaly detection, 
behavior 
monitoring, 
blockchain 
verification and 
trust/reputation 
scores

Isolation of 
malicious nodes 
and reliable 
coordination

Secure 
communication 
and mission 
data sharing

Interception, 
spoofing, man-
in-the-middle 
attacks and 
unauthorized 
data access

Secure tunneling, 
encryption, 
authentication, 
blockchain-based 
data sharing and 
access control 
policies

Tamper-resistant 
communication 
and transparent 
and secure data 
exchange
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can be supported using the cloud layer, whereas low-latency processing of 
time-sensitive operations is provided by edge computing [18]. The layered 
architecture can be used to achieve secure data sharing, decentralized trust 
management and robust coordination, which can be useful in supporting 
scalable, autonomous and trustworthy UAV ecosystems. Figure 3.5 depicts 
the frameworks of various blockchain-based UAV systems.

3.5.2  Consensus-driven data validation and node 
reputation

The validity of information exchanged within decentralized UAV networks 
is ensured through consensus-based data validation in order to make the 
information accurate, reliable and tamper resistant. With blockchain con-
sensus mechanisms, several distributed nodes jointly authenticate transac-
tions, sensor data and mission updates and then they are irrevocably stored 
on the ledger. This joint validation helps to avoid the situation when there 
is a single node that can inject false or manipulated data to improve data 
integrity and system reliability. The node reputation mechanisms are used to 
supplement consensus mechanisms by determining the credibility of UAVs 
and other entities involved in the process in relation to previous behaviors, 
data quality and adherence to network protocols. The reputation scores are 
transparently updated on the blockchain and can be enforced on a smart 

Figure 3.5  Architecture of blockchain-based UAV systems.
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contract. More reputable nodes are given priority in sharing data and allo-
cation of tasks, whereas suspicious or malicious nodes are limited or sepa-
rated [19]. Consent-based validation and reputation management combined 
will form a solid confidence system of safe and robust UAV activities.

3.5.3  Smart contract-based access and task 
allocation

Smart contracts can be used to provide automated, transparent and secure 
access control and task allocation in decentralized UAV networks. Smart 
contracts can be used to determine identities of UAVs, assign roles as well 
as provide or deny access to data, communication channels and network 
resources, by encoding predefined rules and policies on the blockchain and 
not require human intervention. In the assignment of tasks, smart contracts 
are dynamically allocated missions founded on the UAV capabilities, avail-
ability, location and reputation scores. Under the specified conditions, the 
contracts automatically cause the execution of tasks, track their progress 
and document the results permanently on the distributed registry. This 
removes centralized control, minimizes overhead on coordination and 
prohibits unauthorized activities. Smart contract mechanisms utilize auto-
mated enforcement and transparency to improve efficiency, accountability 
and trust, which allow scalable and reliable collaboration in decentralized 
cloud-based UAV ecosystems [20].

3.5.4  Case study: blockchain-assisted secure UAV 
swarm coordination

Take the case of a swarm of UAVs to monitor the destruction after a disaster 
in the city. Several UAVs work together to survey the impacted regions, gather 
high-resolution images and transmit real-time information to the emergency 
responders. A blockchain-based scheme is adopted to make sure that there 
is secure coordination without centralization. The UAVs have a decentral-
ized digital identity that is registered in a permissioned blockchain. Smart 
contracts are used to control the formation of swarms, the allocation of 
tasks and access to common data depending on the capabilities of the UAVs, 
location and available energy. The sensor information and mission updates 
are authenticated by the consensus of the edge-based blockchain nodes and 
are registered permanently, eliminating the possibility of fake data injection 
and spoofing by malicious UAVs. A reputation system constantly reviews the 
actions of the UAVs; nodes that provide reliable and credible information 
receive a better score on trust and are used to perform tasks of high impor-
tance. Bad or bad actors UAVs are automatically quarantined by execution 
of smart contracts. The outcome is a robust, transparent and secure swarm 
coordination system that ensures operational integrity even in the case of a 
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communication failure or a cyberattack. The case shows the improvement 
of trust, autonomy and reliability of decentralized UAV swarm operations 
through blockchain [21].

3.6  INTEGRATION WITH CLOUD AND EDGE 

INFRASTRUCTURES

The combination of blockchain-based UAV networks with cloud and edge 
computing networks improves the scalability, responsiveness and compu-
tation. Edge nodes are used to enable low-latency blockchain processes, 
real-time data validation and mission-critical decision-making near UAVs, 
whereas cloud platforms are used to support large-scale ledger storage, ana-
lytics and AI model training. This combination provides a balance between 
performance and decentralization that allows to conduct safe, effective and 
robust UAV activities in dynamic and large-scale settings [22].

3.6.1  Cloud-blockchain synergy for data storage 
and processing

The interaction between cloud computing and blockchain technology is 
essential in the assisted data storage and processing in decentralized UAVs 
that are scalable and secure. The data integrity, provenance and access con-
trol offered by blockchain are achieved by storing hashes of mission data, 
transactions and smart contract execution on an immutable distributed reg-
istry. This makes it transparent and difficult to tamper with and does not 
congest the blockchain with huge amount of data. Cloud systems supple-
ment this with elastic storage and high-performance computing to process 
large-scale UAV data including imagery, sensor stream and AI analytics. 
Cloud-based off-chain storage allows managing the workloads that demand 
large amounts of data efficiently, whereas blockchain-based references and 
permission help to ensure safe access and traceability. This hybrid solution 
provides a balance among security, scalability and performance, making it 
possible to share data reliably, and real-time analytics and long-term storage 
of cloud-integrated, decentralized UAV ecosystems [22].

3.6.2  Edge computing for low-latency transaction 
validation

The edge computing is critical toward ensuring low-latency transaction 
validation in blockchain-based UAV networks. Transaction processing 
and consensus can be done nearer to UAVs by placing blockchain nodes, 
or lightweight validators, at edge locations, for example, ground stations, 
base stations or mobile edge servers. This is very close to eliminate delays 



64 Sustainable UAV Ecosystems

in communication as compared to cloud-only validation. The Edge-based 
validation provides real-time authentication, fast data validation and timely 
execution of smart contracts to perform mission critical functions like col-
lision avoidance, swarm coordination and dynamic task allocation. It also 
saves bandwidth by filtering and aggregating data prior to transmitting 
to the cloud. With edge computing and blockchain, the UAV systems can 
respond faster and provide high reliability and decentralized trust manage-
ment in dynamic and time-sensitive operational settings [23].

3.6.3  Hybrid cloud-edge blockchain frameworks 
for UAV networks

Hybrid cloud-edge blockchain systems are a combination of the advantages 
of decentralized trust, low-latency processing and scalable computation to 
facilitate advanced UAV network processes. The edge nodes in these struc-
tures are the lightweight blockchain clients or validators that perform time-
sensitive operations, including transaction verification, identity verification 
and smart contract execution in close proximity to the UAVs. This provides 
quick reaction and effective coordination of dynamic environments. The 
cloud layer supplements edge operations by storing entire blockchain led-
gers, running elaborate consensus operations and storing and training AI 
models on large-scale data. Mission data is sensitive information that is 
stored on the cloud, and cryptographic hash and access policy are stored 
on the blockchain to guarantee integrity and traceability. This is a balanced 
approach based on performance, scalability and security that can be used to 
create robust, efficient and reliable UAV networks that can support smart 
mobility and SDG-oriented applications [24].

3.7  PERFORMANCE EVALUATION AND COMPARATIVE 

ANALYSIS

This section measures blockchain-supported UAV networks based on the 
following metrics: latency, throughput, scalability, security overhead and 
energy consumption. The comparison of the approach with the centralized 
and nonblockchain ones reveals the advantages of trust, resilience and fault 
tolerance and also reveals the trade-offs concerning computational com-
plexity and system performance [25].

3.7.1  Metrics for security, latency and scalability

The metrics used in assessing blockchain-based UAV networks must be 
clear  metrics on the dimensions of security, latency and scalability. The 
metrics of security can be authentication success rate, accuracy of data 
integrity verification, antiattack strength (e.g., spoofing and Sybil attack) 
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and malicious node detection efficiency. End-to-end communication delay, 
confirmation time of transactions and time required to execute smart con-
tracts are the primary measures of latency in time-sensitive UAV missions. 
Scalability metrics determine system performance when the number of 
UAVs, transactions or amount of data are increased, such as throughput, 
consensus overhead and resource utilization. Collectively, these metrics can 
give a holistic ground on evaluating the efficacy, strength and feasibility of 
blockchain-based decentralized UAV networks [26].

3.7.2  Simulation tools and experimental platforms

The performance and practicability of blockchain-facilitated UAV net-
works require simulation tools and experimental platforms to analyze 
their performance. UAV simulators like NS-3, OMNeT++ and Gazebo 
allow to model aerial mobility, communication protocol and network 
dynamics under controlled conditions. Simulators such as Ethereum 
testnets, Hyperledger Fabric and IOTA can be used to experiment with 
consensus mechanisms, smart contracts and workloads of transactions. 
Experimental platforms combine real or simulated UAV equipment with 
edge and cloud platforms and allow checking the latency, scalability and 
security in realistic settings. A combination of simulation and testbed-
based experimentation in terms of analysis enables a thorough examina-
tion of system behavior and trade-offs and the practicality of decentralized 
UAV solutions in reality [26].

3.7.3  Comparative study with nonblockchain 
UAV frameworks

A comparative analysis of blockchain-based and nonblockchain UAV sys-
tems identifies the advantages and disadvantages of decentralized trust sys-
tems. The conventional UAV systems have centralized control to perform 
authentication, data management and coordination of tasks, which is easy 
to design, but creates single points of failure, reduced scalability and suscep-
tibility to cyberattacks. On the contrary, blockchain frameworks promote 
trust, data integrity, transparency and fault tolerance in a decentralized con-
sensus mechanism and in immutable ledgers. Nonetheless, blockchain inte-
gration implies the introduction of new computational and communication 
load, which may cause a rise in latency and energy waste. Nonblockchain 
systems might be faster in responding to small scale or mission critical in 
latency, but they do not have strong trust and accountability processes [27]. 
This analogy shows that blockchain-based UAV networks are more appli-
cable to large-scale, multistakeholder and security sensitive applications, 
and the optimization of hybrid designs to balance performance and trust 
is necessary. Table 3.3 presents a summarization of various blockchain and 
nonblockchain-based UAV systems.
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3.8  EMERGING TRENDS AND FUTURE DIRECTIONS

The development of blockchain-based UAV networks is being influenced 
by the fast development of artificial intelligence, edge intelligence and 
next-generation communication systems. Among the trends is the fact that 
AI-based management of trust is being integrated, and machine learning 
models are used to dynamically evaluate the behavior of nodes, forecast 
security threats and modify blockchain parameters, including consensus 
selection and transaction validation approaches. This improves scalability 
and responsiveness of large swarms of UAVs. The other prospective path is 
the implementation of lightweight and energy-efficient blockchain protocols 
that suit resource-constrained UAVs such as DAG-based ledgers and hybrid 
consensus mechanisms. The objective of these approaches is to minimize 
the latency, energy and communication overhead and ensure high security 
levels. The integration of 6G networks with satellite communications and 
UAV swarms will also increase the operational distance and stability, allow-
ing real-time coordination of the world with blockchain-based trust systems 
[28]. Furthermore, cross-chain and interoperable blockchain solutions will 
likely be used to enable the cooperation of heterogeneous UAV systems, 
service providers and regulatory authorities. The sustainability point of 
view is that blockchain-based UAV networks will continue to serve SDG-
inspired applications, for example, precision agriculture, disaster response, 

Table 3.3 Comparison of various blockchain and nonblockchain-based UAV systems

Aspect Blockchain-based UAV systems Nonblockchain UAV systems

Control architecture Decentralized Centralized

Trust mechanism Distributed consensus and 
immutable ledger

Central authority

Security High data integrity, 
transparency and fault 
tolerance

Vulnerable to single-point 
failures and cyberattacks

Scalability Better for large-scale, 
multistakeholder systems

Limited scalability

Latency Higher due to consensus and 
validation overhead

Low, suitable for time-
critical missions

Computational load High (cryptography and 
consensus)

Low

Energy consumption Increased energy usage Energy efficient

Accountability Strong auditability and 
traceability

Limited accountability

Suitability Security-sensitive and 
collaborative UAV 
networks

Small-scale, latency-critical 
operations

Key limitation Performance overhead Weak trust and resilience
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environmental monitoring and smart logistics. Regulatory compliance, ethi-
cal considerations and standardization are also areas that future research 
has to focus on in order to make deployment safe and accountable. All in 
all, the future development of hybrid cloud-edge blockchain systems will be 
essential in the development of secure, scalable and smart UAV ecosystems.

3.9  CONCLUSIONS

Today, in the era of the fast digitalization and growing dependence on auton-
omous systems, trust, security and transparency have become the primary 
demands of next-generation UAV ecosystems. The chapter has discussed the 
central role of the blockchain technology in resolving these problems in 
decentralized cloud-based UAV networks. With the increase in UAV deploy-
ments and multiplicity of stakeholders, the conventional centralized control 
models are no longer satisfactory to manage the security weaknesses, single-
point of failure and the complexity of coordination. The blockchain pro-
vides a strong decentralized identity management model, data sharing that 
is resistant to tampering and a transparent cooperation of UAVs, cloud ser-
vices and edge infrastructures. With the use of smart contracts, consensus-
based validation and reputation-based trust, blockchain-based UAV systems 
can be used to automate access control, task distribution and mission execu-
tion and provide accountability and auditability. The combination of block-
chain and cloud and edge computing can further improve the scalability and 
responsiveness of the system, allowing real-time and data-intensive opera-
tions of UAVs. Although blockchain adds to the computational and com-
munication load, a comparative analysis shows that blockchain technology 
has provided the greatest gains in fault tolerance, resilience and immunity 
to cyberthreats. In the future, the development of lightweight blockchain 
protocols, AI-based trust assessment and interoperable architecture will be 
essential to the feasibility of adoption. Generally, blockchain can be identi-
fied as a major facilitator of safe, autonomous and sustainable UAV net-
works that reinforce clever mobility and SDG-based innovations.
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Chapter 4

Aerial intelligence 

Orchestrating cloud and edge computing 
paradigms in unmanned aerial vehicle 
infrastructures

Sandeep Gupta, Udit Mamodiya, and 
M. Shamim Kaiser

4.1  INTRODUCTION

Simultaneously, the spread of these civilian and commercial non-combatant 
unmanned aerial vehicles (UAVs) is beginning to influence the allocation 
and consumption of computing resources. That is mainly because the 
traditional cloud computing architecture that sandwiched generational-
advantaged computation capacity and storage capability fails to address 
the latency-sensitive UAV applications’ need for real-time data processing, 
autonomous decision-making, and response promptness. This type of pull 
between breadth computational wealth and distribution and operational 
relevance has led to the attitude of edge computing paradigms for UAVs: 
a state where, with respect to some sensor and information dispersion 
within the network, it can benefit from some computation somewhere in the 
periphery that provides calculations as close as possible to those sensors, 
thus avoiding delay, unnecessary bandwidth consumption, and improving 
system resiliency. Satellite information coming from different types of satel-
lites (high-resolution cameras, multispectral imaging, thermal controllers, 
LiDAR laser systems, and hyperspectral scanners) has developed in the last 
20 years, and the industrial applications have grown exponentially. The data 
processing and analysis become a big issue since terabytes of raw sensor 
data could have been collected during the flight in commercial inspection of 
infrastructure with UAVs (Li et al., 2013). The weight of uncompressed 4K 
video is notoriously high for most types of UAVs, and, in a network where 
communications are down or inaccessible in remote or disaster-affected set-
tings, it can quickly become the bottleneck in the wireless transport node.

Cloud computing has almost unlimited computational capabilities, mak-
ing it suitable for complex machine learning model designs and central data 
processing; local edge computing supports the purpose of ultra-low-latency 
computation, bandwidth minimization, and seamless access to the network 
with intermittent or irregular connectivity. On the one hand, the tradeoff 
between high computational resources and power/thermal constraints, as 
well as wireless connectivity limits in terms of latency, is a major improve-
ment in autonomous navigation, real-time object detection, and intelligent 
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decision-making without regard to wireless connectivity. The latest deep 
learning pipelines can be operated directly at the UAV to perform different 
visual recognition-swapping operations with numbers not in seconds, but in 
tens, with clouding. These capabilities are vital for a variety of industries 
(precision agriculture, infrastructure inspection, emergency response, and 
environmental monitoring) and can make the difference between mission 
success and failure. For example, from a computer vision perspective, the 
real-time identification of human survivors has resulted in quicker response 
times rather than forwarding a video clip to remote analysts (McEnroe 
et al., 2022).

Furthermore, with the emergence of mobile edge computing, there is a 
great opportunity for its exploitation by the provision of a network and 
reporting computation service capable of expanding the network’s IT com-
putational assistance to underserved or unserved regions.” UAVs can be used 
as fly-by base stations and can even become mobile or temporary base sta-
tions, which not only collect data for IoT sensors but also provide computa-
tional assistance to minimize the processing load on resource-constrained 
ground stations. For example, an edge intelligence coupled to edge intelli-
gence could gather data from decentralized soil moisture monitoring sys-
tems, analyze the collected data, and make irrigation decisions on demand 
to achieve temporal independence from a remote cloud network (Callegaro 
& Levorato, 2021).

The recharged, constrained UAVs have a limited amount of battery power 
for propulsion, sensing, and communication tasks, and they must reveal 
their remaining battery power to use electricity. Once communication costs 
associated with offloading tasks to remote servers are factored in, the FTC 
tradeoff must be well thought out, and it opens a can of worms because 
there are several variables, such as data size, complexity of computation, 
network availability, and degree of urgency for mission completion. The 
UAV operation is also highly mobile, resulting in a temporal shift in the 
channel’s computation load and mission tasking, as well as resource man-
agement that can adapt to such dynamism. Unmanned platforms roaming 
around public spaces gather critical data that must be shielded from pro-
cessing, broadcasting, and storage, which has made security and privacy 
more difficult. The operational environment in which UAV-based computing 
systems must operate in differing application domains that are not similar in 
terms of their requirements and constraints.

Predefined routes are common in the infrastructure inspection process, 
and the same RA for computation loads and communication is also intended. 
In other situations, drones may need to make decisions in non-standardized 
environments, which leads to a lot of confusion when making decisions 
under uncertainty. Several other firms are also targeting such generalized 
areas of online demand for sporadic data and offline processing. Various 
UAVs are gathering all sorts of nature reports, which may necessitate some 
complicated data exchange and delivery to process. The challenge of 
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micro-UAV and macro-UAV outdoor applications of tactical dynamic scenes 
should be addressed, as well as the fact that transferability, availability, 
and low cost are all important.

4.2  ARCHITECTURAL FRAMEWORKS AND DESIGN 

PRINCIPLES

The development of UAV-based computing systems should address several 
aspects, including computation demand, energy conservation, information 
overhead tracking, and scalability. In the new literature, drones are often 
seen as part of a hierarchical structure of computing resources, from device 
(processors) to edge (fog nodes and ground control stations) and cloud lay-
ers (remote data centers). Several layers of this network architecture support 
intelligent offloading of tasks (Faraci et al., 2020) that have a dot-like or 
lattice-created structure that corresponds to various aspects such as delay, 
available bandwidth, power, and computational complexity of the task- 
processing. Both these architectures are based on a single design principle: 
there is a mathematical elasticity sense that can predict the possibility of deliv-
ering a resource (or stealing from it) quickly enough as long as the mission 
demand changes quickly enough, given certain environmental conditions. A 
UAV can do lightweight preprocessing on its own and offload heavier ana-
lytical tasks to edge servers in the course of real time. However, the device 
must be able to guarantee automatic re-adaptation of the link if it becomes 
congested or unreliable so that on-board processing can be maximized, 
but at a level of analysis sophistication that is less than optimal. However, 
whatever the degree of computation, this flexibility requires sophisticated 
orchestration systems that continually monitor system stability and allocate 
resources (Kalatzis et al., 2018). UAVs are still very energy-conscious, with 
extreme upper bounds on mission duration and the operational range of 
their platforms. With increasing data volume and distance, the calculation 
part may differ depending on the computation scheme: the computations 
offload reduces on-board calculations, and transmission cost increases with 
increasing data volume and distance.

This tradeoff can be expressed through an energy optimization model:

 = + + +local offload uplink downlink
total comp comp comm commE E E E E

where local
compE  represents the energy consumed for local processing, offload

compE  
denotes the energy consumed at the offloading destination, and uplink

commE  and 
downlink
commE  represent communication energy for data transmission and result 

reception, respectively. Optimal offloading decisions must minimize this 
total energy while satisfying latency constraints and ensuring task comple-
tion within mission deadlines (Xia et al., 2023).
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The service offloading decision can be formulated as a binary optimization 
problem where each task must be assigned to either local execution or remote 
offloading. Let { }∈ 0,1ix  represents the offloading decision for task i, where 
= 0ix  indicates local execution and = 1ix  indicates offloading. The optimiza-

tion objective becomes:
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subject to constraints on total execution time, available bandwidth, and 
energy budget, where α  is a weighting factor that balances energy consump-
tion against latency, local

iT  and offload
iT  represent execution times for local 

and offloaded processing, respectively, and N is the total number of tasks 
(Alharbi et al., 2022).

4.3  UAV-ENABLED EDGE COMPUTING FOR INTERNET 

OF THINGS NETWORKS

Drones have gained significant interest as a mobile edge computing platform 
for offering computational and communication services to IoT networks 
over a wide area (up to thousands of kilometers), where there is no terrestrial 
infrastructure or when it is degraded or non-functional, edge servers carried 
or deployed by UAVs can temporarily or as an add-on fill the computational 
needs of ground sensors and electronics. This architecture is very useful in 
the industrial monitoring domain, where external units (such as concrete 
plants, mines, or agricultural facilities) generate vast volumes of data that 
must be transmitted to distant cloud infrastructures (Garg et al., 2018). The 
design of UAV-enabled edge computing systems for the IoT should therefore 
carefully balance the coverage area, service capacity, and flight time. A single 
UAV just cannot cover a vast geographic region over long periods, nor can 
any reasonable energy aggregation effort of a few such efforts, to say noth-
ing of one that would increase cumulative coverage while still minimizing 
some redundancy during continuous operation. They often apply various 
graph theoretic tools where IoT devices can be seen as nodes and connectiv-
ity requirements that must be satisfied are represented as edges, although the 
positions of UAVs may be optimized in order to maximize network avail-
ability with respect to energy and latency constraints (Salhaoui et al., 2019) 
(Figure 4.1).

Such exciting predictions are now made real by advanced solution archi-
tectures that enable AI algorithms to perform intelligent data filtering, 
anomaly detection, and predictive analytics at the network edge. Only 
actionable results, detected anomalies, or compressed summaries can be sent 
over by bandwidth-limited aerial links, which dramatically reduces data 
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transfer to the long-distance cloud sites (Lekidis et al., 2022). The fog com-
puting strategy is an extension of edge computing techniques that are 
designed for UAV networks. In the fog topology network that adds a distrib-
uted computing mesh between edge devices and remote cloud, UAVs can 
serve as data processing, analysis, and communication counterparts 
(Mohamed et al. 2017). Since receiving sensor data from rescue robots and 
identifying a survivor, this middle layer is expected to be particularly useful 
in scenarios that result in geographical distribution of the processing ser-
vices, such as when multiple UAV teams coordinate their deployment (Yazid 
et al., 2021) (Figure 4.2).

Threats are getting more sophisticated as a result of edge computing; we 
no longer have well-known attacks or known vulnerabilities. The increase 
of edge computing attacks includes ones with higher architectural complex-
ity, as well as airborne platforms: capture/physical capture, communica-
tions intercept, and adversarial attacks on artificial intelligence systems. In 
 particular, the defense system would need authentication, encryption-in-
transit/at-rest, and intrusion detection systems, as well as saving offloading. 

Figure 4.1  Multi-tiered UAV computing architecture illustrating the hierarchical 
distribution of computational resources across device, edge, fog, and 
cloud layers, with bidirectional data flows and task offloading path-
ways between layers.
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Figure 4.2  UAV-enabled edge computing deployment for distributed IoT networks, showing multiple UAVs providing computational 
offloading services to ground-based sensor clusters with varying service requirements and geographical distributions.



76 Sustainable UAV Ecosystems

Under UAV systems with limited resources, the safety-security guarantees 
of  low-computation accuracy are in demand, as well as the prohibition 
of   serious attacks on light encryption algorithms and effective intrusion 
detection.

4.4  INFRASTRUCTURE MONITORING AND 

MANAGEMENT APPLICATIONS

Civil infrastructure monitoring is a common application field for cloud-
edge computing platforms, where the delay requirement and computational 
consumption are high. The testing of bridges, power lines, transportation 
networks, and building structures has resulted in a slew of high-resolution 
photographs and sensor results that must be collected to detect structural 
defects, corrosion, thermal anomalies, and other signs of deterioration. 
Conventional methods that transfer all sensed data to off-site cloud facili-
ties for processing suffer from reduced bandwidths and intolerable laten-
cies, particularly when immediate decision-making is required for the 
safekeeping of operators or mission adjustment (Michailidis et al., 2022). 
In the architectures, hierarchical processing pipelines are often used: initial 
filtering and feature extraction of the UAVs, intermediate analysis of edge 
servers on the ground, and a deeper analytical process in the cloud are 
all common. Along with accumulating large historical databases for trend 
analysis and predictive maintenance, this layered approach provides real-
time defect detection and operator alerts. The on-board processing layer 
would be able to use lightweight CNNS built for embedded devices to 
localize areas of concern in captured images, while edge servers could use 
more sophisticated techniques for defect type and severity classification 
(Martín et al., 2022).

In order to validate the proposed hierarchical computing framework, a 
multi-UAV system was used to perform structural integrity inspection for an 
urban bridge of 2.3 km within six months. For on-board computation, DJI 
Matrice 300 RTK platforms were deployed with Zenmuse H20T cameras as 
well as NVIDIA Jetson Xavier NX edge processors. What simulations 
showed as 73% energy savings through optimal task offloading was reduced 
to only 58% in practice; run-time overheads caused by unmodeled factors 
like wind-induced stabilization (which added an average of 8% to the over-
all energy consumption), cellular network handoff delays exceeding 340 ms 
(common in urban canyons), and thermal throttling of onboard processors 
when sustained under direct sun reducing their actual computational capac-
ity by up to 22%. In the highlights of 43 flight missions, 847 GB of high-
resolution imagery was successfully processed, achieving accurate detection 
rates of structural anomalies with over 156 (including false positives) 
instances at an accuracy of 94% verified by the ground inspectors. 
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Remarkably, we discovered that a hybrid offloading mechanism—perform-
ing lightweight crack detection on-board (which reduces bandwidth neces-
sity by 67%) while transferring thorough structural evaluation to edge 
servers at bridge access points—completed missions 2.3 times faster than 
pure cloud-based handling. These results prove to be more than a theoretical 
framework, because even though hierarchical architectures are sound as 
concepts, the way in which we implemented an adaptive algorithm has 
 demonstrated how external factors such as environmental dynamics or 
hardware constraints can lead to improved performance when under active 
operational pressure and also network alterations in urban settings if prag-
matic adaptive policies are followed (algorithms available on github. com/
uav-bridge-inspection) which offers a 41% energy-latency product improve-
ment over static policies.

It is essential to note that the infrastructure of infrastructure monitor-
ing applications must provide reliable connectivity throughout flight 
operations, particularly as UAVs are expected to be deployed in densely 
populated urban environments or rural areas with poor network infra-
structure. Such wireless networks can be established by free-space optical 
communication, which is a promising way to establish high-bandwidth 
fronthaul and backhaul links between UAVs and ground stations with 
data orders of magnitude higher than the radio frequency counterpart. 
These radio-optical links enable the exchange of high-resolution video 
streams and sensor raw data for edge processing with acceptable latency 
(Dong et al., 2018).

The fact that such coordinated infrastructure inspection services are 
spread across multiple UAVs makes the optimization process more diffi-
cult, since computation tasks must be planned and dispatched to prevent 
any single UAV or edge server from becoming a bottleneck. The load bal-
ancing issue can be characterized as a task allocation optimization in 
which inspection subtasks are assigned to UAVs based on their current 
computational load, remaining battery, and distance to the target. Let jL  
represent the computational load on UAV j , and iw  represent the compu-
tational weight of task i. The balanced assignment seeks to minimize the 
maximum load:

 
∈ ∈

∈

= ∑minmax minmax
j

j i
j j

i

L W
U U

T

where U  is the set of available UAVs and T j is the set of tasks assigned to 
UAV j . This min-max formulation ensures equitable load distribution and 
prevents individual UAVs from depleting their energy reserves prematurely, 
thereby maximizing total inspection coverage and mission duration (Yang 
et al., 2020) (Figure 4.3).
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Figure 4.3  Hierarchical processing pipeline for UAV-based infrastructure inspection, illustrating data flow from on-board sensors 
through edge processing nodes to cloud analytics platforms, with feedback loops for mission adaptation and real-time 
alerts.
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4.5  ARTIFICIAL INTELLIGENCE INTEGRATION 

AND REMOTE SENSING

Object detection, semantic segmentation, change detection, or scene analy-
sis are performed by Edge AI accelerators. The on-board intelligence can 
also assist in mission planning, where a flight plan and sensor payloads are 
dynamically implemented with respect to clipping anomaly conditions and 
inspection environments (Koubaa et al., 2023). We need to keep optimizing 
the architectural designs and inference algorithms of neural networks to 
have a better overall overview of UAVs.

The inference latency for a quantized neural network can be approxi-
mated as:

 =

=∑
2

1

· ·
·

L

l l l
inference

procl

N C K
T

f P

where L is the number of layers, lN  is the number of filters in layer l, lC  
is the number of input channels, lK  is the kernel size, procf  is the processor 
frequency, and P is the degree of parallelism. This relationship highlights 
the importance of architectural choices in determining whether real-time 
inference is feasible for specific UAV platforms and mission requirements 
(Narang et al., 2017).

It is a hard and not well-solved problem that has not been properly 
addressed during the deployment of edge computing infrastructure in UAV 
remote sensing environments, where the connected vehicle platform works 
under less-than-ideal internet connectivity or no internet connection at all. 
Under this approach, UAVs must operate as self-sufficient computation 
agents that can meet task objectives without human assistance and under no 
circumstances use unreliable communications links for the transfer of gradi-
ent data and current models. Despite how remote they are, they also require 
advanced data composing devices to maintain this consistency and a focus 
on the collection of critical data, strong compression techniques, and consis-
tency with numerous information stores (Hu et al., 2021).

The mobility of UAVs allows for rapid migration of computation resources 
to areas of high demand, load balancing due to spatial distribution, and 
robustness in diversity and redundancy. However, the mobility of UAVs 
could be costly for resource management because the channels are time-
propagated-dependent, and moving objects result in handoff overhead 
(Martín et al., 2022), and predictive resource reservation is required to 
accommodate future flight positions and connectivity states. To ensure mini-
mum service QoS with low energy cost, it is helpful to integrate trajectory 
planning, channel estimation, and task migration plans into the mathemati-
cal model (Abkenar et al. 2022) (Figure 4.4).
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Figure 4.4  AI-enabled remote sensing pipeline showing the integration of on-board neural network accelerators, edge preprocess-
ing modules, and cloud-based model training infrastructure, with emphasis on the feedback loop for continuous model 
improvement.
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4.6  RESOURCE MANAGEMENT AND OPTIMIZATION 

STRATEGIES

We need to use advanced optimization techniques in an environment that 
includes temporal and spatial conflict goals in order to achieve optimal 
resource management in UAV cloud-edge computing. The biggest challenge, 
according to the author, is how to effectively support system functionality 
while still respecting deadlines, quality of service (QoS) constraints, or opera-
tional conditions. Methods based on classical optimization may not be suit-
able for such situations due to the problem’s complexities and the dynamism 
of their environmental changes, which are also causing decision-making in 
real time under uncertainty (Abkenar et al., 2022). Evolutionary computa-
tion techniques have been particularly effective for UAV resource allocation 
problems, as metaheuristic algorithms that can often be easily understood 
and are highly capable of performing fast searches across the enlarged search 
territories to find suboptimal solutions without the need for a specific convex 
or differentiable goal function. Different populations co-evolve by sharing 
certain genetic information that has migrated forward and back between 
the archaic and modern solution spaces in order to find multiple solutions 
for their various regions over space, which may reduce premature conver-
gence in a poor, suboptimal environment. Multiple weighted goals are often 
included in a fitness program:

 ( ) ( ) ( ) ( ) ( )= + + +1 2 3 4· · · ·energy latency throughput fairnessF s w f s w f s w f s w f s

where s represents a candidate solution (resource allocation configuration), 

energyf , latencyf , throughputf , and fairnessf  are normalized objective functions, and 

1 2 3 4, , ,w w w w  are weighting coefficients that reflect the relative importance 
of each objective for the specific application scenario (Goudarzi et al., 2023).

Since the state of UAV’s mission shifts with time, data that could be pub-
lished is also required to adapt to these temporal dynamics for them to be 
able to support computation adequately when doing a task that meets a 
certain requirement level under certain circumstances. Both at the link level 
(such as communication range and available bandwidth) and at the system 
level (e.g., computational capabilities of edge servers), UAVs can choose 
from a variety of parameters.

Missions can change their objectives and necessitate dynamic re-alloca-
tion of task priorities as new goals emerge or the environmental context 
shifts. These problems can be alleviated by online optimization services, 
which can make myopic decisions at hand based on the current system state 
without ignoring future conditions and corresponding uncertainty (Chou & 
Liu, 2025).

Machine learning techniques have been increasingly used in resource 
management tools to forecast the demand pattern of services, identify poten-
tial bottlenecks, and determine whether the proposed results are degraded 



82 Sustainable UAV Ecosystems

or not based on resource use. Agents who have been trained by such a need 
for concrete models are particularly effective here because no concrete 
mathematical representation of the system dynamics is provided in propor-
tion to states where working with the agent is later. The agent learns from a 
policy mapping from observed states (current use of resources, task queue 
lengths, and channel conditions) to an action (resource allocation decisions) 
aimed at maximizing the long-term cumulative reward, where the rewards 
are determined according to specific goals such as minimized latency, 
increased throughput, or balanced energy consumption among UAVs.

4.7  EMERGING CHALLENGES AND FUTURE DIRECTIONS

These challenges have been exacerbated by the continued development of 
UAV cloud-edge computation, with the migration from simple to advanced 
cloud-edge computation. The development of 6G wireless technologies 
will dramatically change the way that UAVs are connected by introducing 
features such as terahertz connectivity, ubiquitous intelligence, and holo-
graphic beam formation, but it will also pose challenges for architectural 
design, protocol optimization, and resource management in this ultra-high-
bandwidth and low-latency domain.

Converged UAV and vehicular edge computing networks have paved the 
way for collaborative sensing and distributed intelligence, but they do require 
new architectures of encrypted inter-vehicle connectivity, federated learning 
among heterogeneous platforms, and collective decision-making in safety-crit-
ical environments (Hu et al., 2021). However, the existing solutions for central-
ized orchestration or pairwise cooperation are not feasible; rather, hierarchical 
or fully distributed control architectures must be used to decorate multi-agent 
systems because global decisions must be made with global optimization.

In this context, the edge computing system of the autonomous UAV pro-
cessing sensitive data and acting autonomously to ensure high success rates 
has raised new security and privacy concerns. Attacks can be launched at, 
e.g., UAVs, edge servers, or communication links as a result of the central 
cloud infrastructure (Narang et al., 2017).

Malfeasance-tolerant security devices would develop encryption and 
authorizing mechanisms for the dissemination of information, detection, 
and reaction to intra- and extra-distribution criminal offences, as well as 
countering Byzantine inability, which is the refusal to acknowledge that 
nodes can be corrupted in a specific manner or are able to have jurisdiction 
over a specific type of malfeasance. Despite the fact that techniques that 
enable privacy-preserving computation, such as homomorphic encryption, 
safe multi-party computation, and differential privacy have been developed 
to enable meaningful analytics without compromising individual privacy 
(Narang et al., 2017; Hu et al., 2021; Abkenar et al. 2022), many analytics 
can be calculated without divulging personal details; however, these meth-
ods require a significant computational overhead that must be balanced 
against in resource-limited UAV systems (Figure 4.5).
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Figure 4.5  Cooperative evolutionary computation framework for multi-objective resource allocation in UAV edge computing net-
works, illustrating population evolution, fitness evaluation, and solution migration between subpopulations optimizing 
different objective functions.
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These technologies, along with the promise of embedded computing and 
ubiquitous deployment of UAVs, should now be considered in earnest as 
they transition to real-world use. Based on energy conservation, renewable 
energy conversion, and lifecycle environmental inspections, the next genera-
tion of the industrial revolution must be developed. In addition, the optimi-
zation frameworks must consider environmental constraints in their goals 
as well as data transfer for caching-enabled networks.

4.8  CONCLUSION

The combined cloud and edge computing frameworks for UAV infrastructures 
are a common architectural improvement that addresses the issue of flying 
platforms’ high-speed autonomy. This chapter explores the many-problem 
and many-solution aspects of UAV computing in the era of readily available 
hierarchical architectural software, intelligent resource management middle-
ware, application-specific optimizations, and AI hybridization. As a result of 
several variables, such as vitality saving, reducing response time, computa-
tional capability, and others, the optimal operation of these services neces-
sitates compromises: among other things, vitality saving, time reduction, etc. 
Lastly, the development of a UAV cloud-edge computing platform will rely on 
technological advancement to a degree: small and light computation hard-
ware with high-speed processing, flexible decision-making that can enable 
decision-making without human intervention, and no longer require human 
intervention. These technological advancements have enabled the growth of 
a variety of industries, including search and rescue, environmental monitor-
ing, precision agriculture, and robotic manufacturing, which are not only 
good to have (in terms of socioeconomic value) but also raise new questions 
and ethical issues that the research community will investigate.
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5.1  INTRODUCTION

The Unmanned Aerial Vehicles (UAV) networks are quickly transforming 
into networks that are intelligent, autonomous, and resilient enough to be 
employed into various missions, including civilian, industrial, and defense 
missions [1]. This chapter entails the subjective action of these technolo-
gies-working together-physical effects to change UAV communication and 
coordination of changing environment, which in turn measure autonomy 
decisions (adaptive routing/predictive intelligence); and how to gain Root 
Mean Square Impact (RMSI). Predictive models: Predict failures in links, pro-
pulsion mobility, and environment dynamics, Adaptive routing can deliver 
guaranteed low-latency connectivity through highly dynamic airspace envi-
ronments. Self-governing control systems can also enhance mission effec-
tiveness, safety, and scalability. The combination of these capabilities offers 
the foundation through which the next-generation UAV networks can be 
created, which will consist of self-awareness, context-awareness and real-
time optimality in uncertain environments.

5.1.1  Overview of UAV communication networks

UAV communication provides coordination, data exchange, command and 
control operations, and functions among aerial vehicles and ground stations 
along with edge or cloud infrastructures. Such networks are used in highly 
dynamic settings where nodes can move around freely, topology changes, 
and changing channel conditions demand robust and efficient communica-
tion architectures. UAV networks utilize ad hoc schemes, mesh schemes, 
cellular schemes, satellite schemes, and hybrid schemes in order to ensure 
reliable connectivity for missions under a wide range of conditions [2]. 
Communication links that are important include UAV-to-UAV, UAV-to the 
ground and UAV-to-infrastructure links, each of which possesses distinct 
bandwidth, latency and reliability constraints. The system becomes more 
efficient and scalable by establishing advanced technologies like 5G/6G, 

http://dx.doi.org/10.1201/9781003731580-5
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mmWave, beamforming and software-defined networks. Security, interfer-
ence management and energy efficiency remain key issues. All in all, col-
laborative aerial operations are fueled by the communication network of 
UAVs as it not only allows real-time sensing and surveying but also enables 
disaster response and fulfilling autonomous tasks [3].

5.1.2  Role of artificial intelligence in UAV operations

Artificial Intelligence (AI) is a disruptive technology when it comes to 
enhancing the efficiency, autonomy, and dependability of UAV operations. 
With the convergence of machine learning, deep learning, and cognitive 
decision-making models, UAVs can process sensor information, make deci-
sions quickly, execute them mission-critically with minimal human interven-
tion. With the assistance of AI, smart path planning, obstruction avoidance, 
target recognition, and timely situational awareness are accomplished, 
which increases the level of operational safety and accuracy tremendously. 
Forecasting the quality of the links, battery usage, weather, and risks is also 
helpful in predictive analytics, which, in turn, allows the UAVs to adjust 
the route and missions plan in advance [4]. Cooperative Control: Swedish 
Positioning Cooperative Control in Swarm Coordination and Resource 
Sharing between UAVs and Distributed Sensing. This project focuses on 
the cooperative control of swarm coordination among a group of UAVs. 
Moreover, AI enhances communication networks by enabling adaptive rout-
ing, spectrum optimization, and anomaly detection. The use of AI allows 
UAV systems to operate in a self-sufficient manner under complex and 
dynamic environments, enabling them to take maximum actions to achieve 
mission success, maintain efficiency, and resilience [5].

5.1.3  Motivation for predictive and adaptive network 
control

The concept of predictive and adaptive network control is of basic signifi-
cance in order to provide reliable, efficient and resilient communications 
within UAV networks, where topological changes and quick mobility may 
occur often and complicate normal routing and management techniques. 
UAVs have to perform operations in uncertain conditions where the chan-
nel characteristics vary, dynamic barriers and different mission tasks and 
this fact predisposes real-time response as an important aspect. Predictive 
intelligence also allows UAVs to anticipate, prior to their occurrence, what 
is harmful to their communications, energy levels or environment and con-
sequently, it can be used to make proactive rather than reactive decisions. 
This vision reduces the delay in communication, packet loss and mission 
failures. Adaptive control supplements prediction by enabling UAVs to 
adapt to dynamically varying circumstances. Collectively, predictive and 
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adaptive mechanisms help to ensure continuous connectivity, especially in 
time-sensitive tasks such as surveillance, disaster recovery, and cooperative 
sensing. With the increasing autonomy of UAV swarms and their growing 
scale, there is no longer a need to take a conservative or ad hoc approach 
to the problem. Therefore, in UAV communication systems, prediction 
and adaptive control of the network are necessary at a higher level to 
enhance scalability, robustness, and autonomy in the next generation UAV 
networks [6].

5.2  FUNDAMENTALS OF UAV NETWORKING

UAV networking is essential for enabling smooth communication between 
drones, ground control stations, and supporting infrastructure in dynamic 
airspace. It is based on ad hoc, mesh, and hybrid network structures to pro-
vide high resilience connectivity for fast mobility and topology reorganiza-
tion. Key aspects include wireless connections, routing scheme, movement 
handling, and interference suppression. These basics ensure consistency in 
the interoperation of information, coordinated activities, and successful 
mission execution in the various uses of UAVs.

5.2.1  UAV network architectures: FANETs, MANETs, 
and hybrid models

UAV network architectures refer to the structure that outlines how drones 
will communicate and coordinate with one another as well as exchange 
information in a dynamic aerial space. There are three main architectures: 
Flying Ad Hoc Networks (FANETs), Mobile Ad Hoc Networks (MANETs), 
and hybrid models , all of which play significant roles in the communication 
of UAVs in contemporary communication systems. 

FANETs are a special type of ad hoc network consisting of highly mobile 
UAVs. They are useful in surveillance, disaster response, cooperative mis-
sion, long distance links, and quick topology changes. The FANET routing 
protocols are concerned with low latency, scalability, and robust connec-
tivity [7].

Initially applied to ground mobile equipment, MANETs offer a decentral-
ized communication system without the use of fixed infrastructure. Even 
though they are not optimized for flying, they adhere to basic principles, 
such as self-organization, multi-hop routing, and flexible deployment. In the 
case of application to UAVs, MANET protocols must be enhanced to address 
high mobility and changing channel conditions.

Hybrid architectures aim to combine FANET, MANET, cellular, satellite, 
and ground-based networks to offer greater reliability and better coverage. 
These models utilize the support of long-range communication infrastructure 
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and ad hoc local coordination support. The hybrid approaches enable easy 
switching between communication modes that leading to enhanced resil-
ience in the tricky environments. Altogether, FANETs, MANETs and hybrid 
networks can enable scalable, efficient and mission-adaptive communica-
tion systems with UAVs [8]. The three different types of UAV networks are 
shown in Figure 5.1.

5.2.2  Communication protocols and topology 
dynamics

Communication protocols and topology dynamics are of prime importance 
in ensuring reliable and efficient information exchange in UAV networks, 
where changes in connectivity due to rapid mobility and environmental fac-
tors are constant. UAVs tend to use adhoc routing protocol for getting routes 
such as network layer Internet Protocol for providing finer grained base net-
work services, or data link layer routing protocols such as AODV (Ad-hoc 
On-Demand Vector Routing), OLSR (Optimistic Link-State Routing), and 
DVR (Distance-Vector Routing), or geographical routing protocols to main-
tain multi-hop communication without fixed infrastructure. These protocols 
manage route discovery, maintenance and adaptation when the position of 
the UAV changes. Topology dynamics in UAV networks are affected by fac-
tors such as flight speed, fluctuations in flight altitude, mission formation 
and environmental obstacles, leading to a lot of link breakages and recon-
figuration of the path. In order to address this, new protocols include mobil-
ity prediction, QoS awareness, and cross-layer optimization. The hierarchy 
and cluster-based topology enhance the scalability of the swarm of UAVs on 
a large scale, while mesh and multi-tier structures enhance redundancy and 
fault tolerance of the system. The management of communication protocols 
and dynamism of topology changes is critical in facilitating support for the 

Figure 5.1  UAV network architectures.
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demanded real-time operation, low latency, and help to support resilience of 
the various UAV mission scenarios [9]. Table 5.1 gives the summary of com-
munication protocols and topology dynamics for UAV networks.

5.2.3  Quality of service (QoS) and latency constraints

The UAV networks require Quality of Service (QoS) and latency manage-
ment due to the preference for timely and reliable communication to make 
the mission successful. Real-time surveillance, target tracking, cooperative 
control, and other applications of UAVs demand low end-to-end delay and 
a high ratio of packet delivery with constant throughput under varying 
network conditions. QoS provisioning must respond to all fluctuations in 
the link due to mobility, bandwidth problems and interference conditions 
caused by the surrounding environments.

The issue of latency is particularly relevant to swarm operations as well 
as safety-critical ones, where the delay can cause collisions, loss of coordina-
tion, or even mission failures. To maintain the QoS, UAV networks nowa-
days employ certain priority-based scheduling schemes, adaptive data-rate 
control and cross-layer optimization. The quality of the link is also esti-
mated by predictive models and the traffic is proactively rerouted before the 
link becomes substandard. By guaranteeing QoS and reducing latency, 

Table 5.1  Summary of communication protocols and topology dynamics in UAV networks

Aspect Characteristics

Role of communication 
protocols

Ensure reliable and efficient data exchange in UAV networks 
despite rapid mobility and variable environments.

Common Ad Hoc 
routing protocols

Utilize AODV, OLSR, DSR, and geographic routing for multi-
hop communication without fixed infrastructure.

Functions of routing 
protocols

Implement route discovery, maintenance, and adaptation as 
UAV positions change.

Factors influencing 
topology dynamics

Flight speed, altitude variation, mission formation, and 
environmental obstacles can cause link breakages and 
require reconfiguration.

Modern enhancements Mobility prediction, QoS-aware routing, and cross-layer 
optimization are essential to improve reliability.

Topology structures Cluster-based, hierarchical, mesh, and multi-tier topologies 
are used to improve scalability, redundancy, and fault 
tolerance.

Importance They are essential for real-time operations, low latency, and 
robust performance in various UAV missions.

Challenges Frequent link failures, high overhead, dynamic mobility 
patterns, and maintaining QoS under unpredictable 
conditions.
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it  ultimately enhances an easier and smoother process of coordination 
among UAVs as well as accommodating superior situational awareness and 
dependable execution of time-sensitive operations [10].

5.3  PREDICTIVE INTELLIGENCE IN UAV NETWORKS

Predictive intelligence enables the optimization of communication and mis-
sion performance in the future of the UAV network—the quality of the con-
nection and maneuvering patterns, interference and levels of energy. The 
UAVs will be able to anticipate faults in the network and manipulate the 
route, transmission parameters, or flight paths with the assistance of machine 
learning, statistical models, and real-time analysis. This vision plays a part in 
reliability, low latency and autonomous and resilient operations in dynamic 
and uncertain airborne environments.

5.3.1  Data-driven prediction models for mobility and 
link quality

Predictive models based on data are thus a necessary component in enhancing 
the functionality and dependability of UAV networks by forecasting altera-
tion in mobility patterns and changes in link quality. The UAVs are deployed 
in dynamic three-dimensional environments with high speeds of movement 
and variations in height and other environmental conditions, which might 
cause frequent communication failures. Mobility prediction models, cur-
rently being developed using machine learning, time series, or probabilistic 
techniques, forecast past trajectory data, sensor measurements, and mission 
trips—are aimed at predicting future positions of UAVs, changes in speed 
and formation. These forecasts can be used to proactively modify the route, 
enabling routing algorithms to utilize connections to maintain stability [11].

In the same way, it is based on link quality prediction models that predict 
the future performance of communication based on factors such as received 
signal strength, interference levels, channel fading, and the distance between 
UAVs. Neural networks, regression models, Kalman filters and reinforce-
ment learning frameworks are some of the algorithms that are usually 
employed to establish the reliability of links, the anticipated throughput as 
well as possible failures. Rerouting Traffic Networks can route traffic change 
dynamically by predicting the breaking of links before they break, or reas-
signing spectrum resources, or switching between communication modes.

Combined with mobility and connection quality prediction models, they 
may result in even more proactive decision-making, reduce packet loss, min-
imize, reduce the latency, and improve the overall network robustness. These 
models are fundamental components in the next-generation smart UAV sys-
tems that can work autonomously under highly changeable and demanding 
environments.
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5.3.2  Machine learning for channel and traffic 
forecasting

Machine learning plays a major role in enhancing the channel and traffic 
prediction within UAV networks as it enables models to acquire differ-
ent complex trends in wireless communication behavior. UAV channels 
are affected by mobility, altitude, obstacles, Doppler effects, and atmo-
spheric conditions and therefore, the traditional analytical model of mod-
eling is ineffective. Neural networks, LSTM, random forest, and Gaussian 
are some of the ML techniques that aim at digesting signal power, noise 
power, interference, and historical channel state in order to enable one 
to foresee the latter state of a channel. This assists in identifying possible 
degradation of such links to make use of proactive routing and adaptive 
modulation.

Likewise, machine learning performs traffic forecasting by studying the 
pattern of data flows and congestion, as well as communication require-
ments based on the mission. Predictive models enable forecasting of future 
traffic loads, allowing the dynamism of bandwidth allocation, prioritization 
of critical data, and congestion avoidance. By predicting channel quality and 
traffic volume in advance, ML-powered prediction improves network reli-
ability, low-latency capabilities, and resource utilization efficiency. These are 
important capacities to ensure strong connectivity in highly dynamic envi-
ronments for UAVs [12]. The role of ML in improving channel and traffic 
forecast is shown in Figure 5.2.

Figure 5.2  ML for enhancing channel and traffic forecasting in UAVs.
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5.3.3  Predictive resource allocation and energy 
management

Scheduling for the resources involved in power generation is planned based 
on expected demand patterns, and associated energy utilization strategies 
are put into practice. 

Predictive resource provision and energy management: The resources 
used for power generation are projected against anticipated demand trends, 
and related energy consumption plans are implemented.

It is necessary to implement predictive resource allocation and energy 
management designed to guarantee efficiency and high levels of stability in 
UAV networks, as limited onboard resources and communication perfor-
mance are closely connected. UAVs are required to maintain a constant 
equilibrium between bandwidth, computation, and transmit power and 
must act in dynamic channel conditions and in the light of a mission under 
successive conditions. Predictive models help UAVs predict future resource 
needs based on mobility patterns, traffic load, link quality, and climate con-
ditions. This foresight enables to make proactive spectrum allocations, 
adaptive modulation, and best routing choices before congestion or degra-
dation occurs.

One of the spheres in which prediction comes in handy is energy manage-
ment because issues with batteries directly influence the duration of flights, 
the power of communication and the success of the mission. It is possible to 
estimate energy consumption based on the trajectory, payload, weather con-
ditions, and communication activity to enable UAVs to adjust flight paths 
and reduce unnecessary communications or switch to more energy-efficient 
modes using machine learning models. The predictive scheduling has 
also been found to be useful in giving coordinated energy-sensitive routing 
in a multitude of UAV systems in order to balance the distribution of 
workloads.

In combination, predictive resource allocation and energy management 
offer significant benefits to UAV autonomy, reducing operational risks of 
operation and enhancing connectivity in complex and restricted aerial envi-
ronments [13].

5.3.4  Case study: predictive flight path optimization

Predictive flight path optimization, as a component of data-driven optimi-
zation, enhances the UAV’s energy usage, navigation, and safety of uncer-
tain situations. In this specific case study, a multi-UAV surveillance mission 
is being conducted over an urban location, in which the wind is varying, 
the signal strength varies, and there are a few temporary obstacles in the 
form of high-rise buildings. Together with mobility and environment pre-
diction models, designed with machine learning, each UAV predicts future 
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turbulence fields, potential dead zones to be avoided during communication, 
and battery energy usage in the event of taking alternative routes [14].

The system takes into account such predictions in a real-time optimiza-
tion core, which balances a large number of path choices based on criteria 
such as automobile behaviors, unreliability of link and energy twists, con-
straint of latency, and also of the mission coverage. UAVs then automatically 
select the most optimal paths that do not go through perilous locations, 
have an effective communication channel, and consume less energy.

Significant improvements in performance have been achieved: link out-
ages will be decreased, the multitasking of the different UAVs will be more 
efficient, longer flight times, and better mission accuracy will be achieved. 
The proactive, safe, and resource-efficient UAV missions enabled by predic-
tive intelligence are realized, as observed in this example.

5.4  ADAPTIVE ROUTING MECHANISMS

The UAV networks can be designed to support adaptive routing schemes so 
that communication remains reliable even in cases of mobile rapidity and 
topology that is always undergoing changes. Such mechanisms dynamically 
adapt routes in response to real-time conditions, such as the quality of links, 
the position of nodes, congestion, and energy level. The adaptive routing 
provides low latency, high packet delivery, and resilience through the imple-
mentation of mobility prediction, cross-layer optimization and QoS aware-
ness. There is a need to maintain operational, effective UAV swarm in highly 
dynamic swarms and when mission-critical situations arise [15].

5.4.1  Challenges of dynamic topology and link 
instability

Dynamic topology and link instability: UAV networks are undergoing very 
difficult times due to the high mobility, three-dimensional movement and 
dynamically changing environment that the UAVs have to work in. The 
topology of the network is continuously evolving as the drones change their 
locations, speed, and altitude and therefore, the link formation and break-
age are uncertain. This causes fluctuation in the sustainability of routes, 
increased loss of packets, and a reduced degree of network reliability.

Such environmental features as barrier, weather changes, and different 
signal propagation areas also contribute to link variation. High Doppler 
shifts and interference can also cause poor signal quality besides fading, 
which leads to an abrupt increase in throughput and latency. Conventional 
routing protocols struggle to work under such circumstances due to the fact 
that they are based on relatively stable routes and slower topology manipu-
lations [16].
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Besides, the typical characteristics of uneven node density, coordinated 
groupings, and varying traffic loads associated with multi-UAV missions the 
traffic make the connectivity pattern uncertain. Seamless flow of informa-
tion mandates speedy network path changes, robust insights into forthcom-
ing connections and dynamic adaptability to deal with network variations. 
The problem of dynamic topology as well as link instability is, therefore 
important when attempting to have dependable, low-latency, and mission-
resilient UAV communication systems. Figure 5.3 shows the main problems 
faced due to dynamic topology and link instability in UAV networks.

5.4.2  Reinforcement learning-based routing 
algorithms

The routing algorithms are also reinforcement learning (RL) based; this can 
provide a strong solution to operate a highly dynamic UAV group through 
autonomous and data-driven routing. In contrast to conventional proto-
cols, which depend on fixed rules, RL algorithms obtain the most opti-
mal routing options through constant interaction with the environment. 
Each UAV functions as an intelligent agent that senses the network status 
including link quality, mobility and congestion levels, and energy levels, 
and decides on a series of routing actions to maximize the long-term per-
formance rewards.

The typical RL strategies are bio-inspiration, mimic algorithms where 
popular RL methodologies: Q-learning, Deep Q-Networks (DQN), and 
Actor Achieving the development of stable and low-latency energy con-
sumption in UAVs in the presence of frequently changing topology 
Q-learning and DQN approaches to RL. These algorithms are able to adapt 
to link failures, anticipate future network states and then proactively select 
routes with minimal packet loss and delay.

The concept of cooperative RL allows agents to exchange experience and 
plan routing, which benefits multi-UAV systems with greater scalability and 
robustness. Overall, RL-based routing significantly improves autonomous 
decision-making and resilience much better in next-generation UAV net-
works [17].

Figure 5.3  Key challenges in UAV network stability.
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5.4.3  Context-aware and environment-adaptive routing

Environment-aware and context-aware routing allow UAV networks to 
make sound communication decisions in conformity to real-time situations. 
Contrary to the case with the stationary routing methods that do not use 
any contextual data, these approaches make use of context data that takes 
part in determining the best and most confident way to follow, including 
those that are UAV position, velocity, mission priority, weather condition, 
interference levels, and terrain obstacles. UAVs can activate predictive paths 
whenever conditions change through the integration of sensor data, envi-
ronmental analytics and mobility predictions so that connectivity through-
out all operations is maintained with minimal latency.

Environment-adaptive routing also considers dynamic issues such as dis-
turbances from winds, signal blackouts, node density changes and tempo-
rary communication blackouts. The effect of cross-layer information, which 
may include physical-layer channel quality results or application-level infor-
mation needs, contributes to routing decisions and can be holistically opti-
mized to maximize their results [18].

These strategies are quite helpful during the work in disaster zones, urban 
areas, and in multi-UAV environments because these situations are rather 
unpredictable. By adapting to the context and environment in real time, UAV 
networks enjoy increased resilience, stability and efficiency of mission.

5.4.4  Comparison of traditional vs. intelligent routing 
protocols

Conventional routing algorithms, like AODV, DSR, and OLSR, are suited 
to mobile networks which are fairly stable and rely on predetermined prin-
ciples of route-discovery and route maintenance. Although straightforward 
and simple to deploy, they perform poorly in UAV deployment scenarios 
where mobility changes rapidly, topologies keep changing and the quality 
of links keeps varying resulting in repeated route failures, long latency and 
loss of packets. Such protocols do not have predictive quality and are not 
capable of responding well to real time changes in the environment.

Intelligent routing protocols, on the contrary, employ machine learning, 
reinforcement learning, and context-sensitive analytics to make proactive 
and dynamic decisions. They can forecast the failures of links, estimate the 
mobility trends, minimize the use of energy, and tune routes according to the 
evolving circumstances. The smart protocols do constantly learn from net-
work behavior to achieve better scaling, reduced latency and enhanced reli-
ability in complicated UAV applications [19].

All in all, smart routing is a far superior technique to the traditional tech-
niques used in dynamic UAV networks due to its ability to provide flexibility, 
prediction-based optimization and independent decision-making. Table 5.2 con-
tains a comparison between the intelligent and traditional routing protocols.
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5.5  AUTONOMY AND DECISION-MAKING IN UAV SWARMS

UAV swarms implement autonomy in decision-making to organize move-
ments, distribute actions, and stay connected without a centralized control. 
Swarm UAVs have the ability to adjust to the changing environment, pre-
vent collisions, and maximize the effectiveness of the mission using AI, sen-
sor fusion, and distributed algorithms. This autonomy provides scalable and 
resilient and cooperative multi-UAV operations [20, 21].

5.5.1  Distributed autonomy and cooperative control

The intelligent UAV swarm operations are based on distributed autonomy 
and cooperative control, which allows a set of drones to work together, 
without the need for one central controller. In this model, every UAV is an 
autonomous entity that is able to sense its surroundings, exchange infor-
mation and make localized decisions to serve the objectives of the global 
mission. Distributed autonomy also upholds a strong level of robustness 
because even when nodes fail or when communication between them is dis-
rupted, the system does not fail.

Cooperative control systems enable UAVs to coordinate their movements, 
formations, distribution of tasks, and responses to changing conditions. 
Consensus algorithms, distributed optimization and multi-agent reinforce-
ment learning techniques make UAVs agree on the best course of action, 

Table 5.2 Comparison of traditional and intelligent routing protocols

Aspect Traditional routing protocols Intelligent routing protocols

Examples AODV, DSR, OLSR ML-based, RL-based, 
context-aware

Adaptability Low; rule-based and static High; adapts to real-time 
conditions

Handling mobility Poor performance in rapid 
topology changes

Excellent; predicts mobility 
patterns

Link failure response Reactive; updates after 
breakage

Proactive; predicts and avoids 
failures

Latency Higher due to frequent route 
repairs

Lower through dynamic 
optimization

Scalability Limited in large UAV swarms Highly scalable with learning 
models

Environmental 
awareness

None or minimal Considers weather, 
interference, obstacles

Energy efficiency Not optimized Optimizes routes for energy 
savings

Overall performance Moderate; suitable for stable 
networks

Superior in dynamic UAV 
environments
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reduce conflict and redundancy and minimize. The real-time data sharing 
will also provide the situation awareness throughout the swarm and coordi-
nate the navigation, collision avoidance, and planning of missions that is 
energy efficient.

The approach of decentralization is necessary in a complicated environ-
ment where fast decision-making and scalability are necessary. The ultimate 
result of distributed autonomy and cooperative control is that the UAV 
swarms will be flexible, effective, and safe to work under the environment 
of a wide range of applications in the surveillance, search and rescue, and 
environmental monitoring sectors.

5.5.2  Multi-agent reinforcement learning (MARL) for 
UAV coordination

Multi-Agent Reinforcement Learning (MARL) offers a highly effective plat-
form to empower coherent decision making within UAV swarms of agents 
that operate within changing and uncertain environments. In contrast to 
single-agent RL, MARL gives multiple UAVs the opportunity to learn as 
they engage with each other and the surrounding environment. Every UAV 
is an autonomous learning agent that will choose options, that is, change of 
flight paths, data sharing, task distribution, etc. to optimize its personal and 
group rewards.

MARL facilitates collaborative behavior, where the agents can develop 
policies that consider the actions, goals, and limitations of other UAVs. 
Centralized training with decentralized implementation (CTDE), value 
decomposition networks and actor-critic architectures are some of the tech-
niques used to ensure that coordination is maintained while addressing scal-
ability. The approaches enable UAVs to work out formation control 
strategies, collision avoidance, resource sharing, and optimal communica-
tion strategies.

Through trial and error instead of a set of fixed guidelines, MARL is 
responsive to changing environments and can accommodate failures in 
links, environmental interference and mission requirements that are dynam-
ically adjusted with time. This renders MARL especially useful for advanced 
swarm applications which guarantee robust, efficient, and smart UAV 
coordination.

5.5.3  Self-healing and self-organizing network behaviors

The self-healing and self-organizing capabilities are needed to maintain 
resilience and operations continuity among the UAV networks especially in 
unexpected events such as the failure of nodes, interference or unexpected 
topological shifts. The automatic link disruption, rerouting and re-establish-
ment capabilities allow the UAVs to recognize when there is a link disruption 
and automatically reconnect with the network. UAVs can identify potential 
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failures in advance and respond appropriately in real-time through real-time 
diagnostics, predictive analytics, and adaptive routing, thus, ensuring that 
frequencies bands, signal power variation, or movement are adjusted or the 
UAV relocates to find a reliable communication channel.

Self-organizing behaviors also allow the UAV networks to dynamically 
plan their topology, roles and patterns of communicating based on the mis-
sion requirements and the environmental conditions. These techniques as 
clustering, decentralized control and swarm intelligence make sure that 
UAVs make autonomous decisions on leaders, workload distribution, for-
mation optimization, and effective communication systems. Such behaviors 
allow them to be scaled, reduce overhead control and increasingly robust in 
multi-UAV missions.

Self-healing coupled with self-organizing makes the UAV swarms adap-
tive and intelligent systems that can ensure stable functioning even in the 
case of failures or any adverse conditions. They are highly effective in 
enhancing fault tolerance, mission efficiency, and autonomous operation in 
various and complex environments. The major aspects of resilience and effi-
ciency of UAV networks are shown in Figure 5.4.

5.5.4  Edge intelligence for real-time decision-making

Edge intelligence advances UAV networks by allowing real-time decisions 
to be made on the drone or at the adjacent nodes on the edges such that the 
use of far off cloud servers is not relied upon. This decentralized processing 

Figure 5.4  Key contributors to resilience and efficiency.
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methodology reduces the delay, enhances responsiveness, and enables mis-
sion-critical processes that require decision-making on a split-second basis. 
UAVs can perceive and calculate the state of their surroundings, locate pos-
sible obstacles, measure the connection state, and perform autonomous 
maneuvers without delays in the communication channel by means of inte-
grating lightweight AI models, sensor fusion, and onboard computation.

Collaborative intelligence in edge computing also allows collaborative 
learning, in which various UAVs or edge devices exchange information in 
order to enhance swarm situational awareness. Distributed inference, feder-
ated learning, and edge-based analytics are some of the techniques that 
enable the UAVs to process data collectively ensuring that bandwidth usage 
is minimized and privacy is enhanced [22].

In dynamic or connectivity-constrained spaces, for example, a disaster 
area, urban canyon, or remote location, edge intelligence is used to make 
sure that functionality does not stop due to lack of local decision-making 
authority. It aids activities such as adaptive routing, target tracking, fault 
monitoring and predictive control. Finally, edge intelligence promotes 
UAV  autonomy, resilience, and efficiency, enabling real-time, context- 
quantifying decision-making, when faced with challenging operational 
 conditions [23, 24].

5.6  INTEGRATION OF PREDICTIVE AND ADAPTIVE 

INTELLIGENCE

Incorporation of predictive and adaptive intelligence allows UAV net-
works to be able to react to the future and dynamically respond in real 
time. Adaptive mechanism makes changes in routes, power, and coordina-
tion strategies, predictive models predict mobility, and the relation between 
quality and need for resources. When combined, they bolster autonomy, 
reliability, and efficiency, enabling the UAVs to work smoothly in complex 
environments that are swiftly changing [25–27].

5.6.1  Cognitive networking and federated UAV 
learning

The key drawback of federated learning (FL) and cognitive networking is 
that they are expected to make UAV networks smarter, more flexible, and 
more secure. Cognitive networking assists the UAVs in sensing the state 
of affairs in the network and making intelligent decisions concerning the 
spectrum usage, routing, and the provision of resources. In a dynamic way, 
cognitive UAVs determine the most suitable communication channels by 
permanently sense making and learning activities; they are also able to avoid 
any interference and remain best connected even in a crowded environment 
or competition.



102 Sustainable UAV Ecosystems

FL is its complement, in which UAVs collaboratively train machine learn-
ing models, transaction of raw data is not exchanged. Each UAV calculates 
the local data and only sends updates on the models to a remote server or its 
peer UAVs. This helps to preserve privacy, reduce communication overhead, 
and improve learning in missions that are distributed. FL is particularly used 
in predicting mobility, detecting anomalies, and finding routes in an environ-
mentally considerate fashion.

The combination of cognitive networking and FL is very powerful 
whereby UAVs are able to adapt to changes in real-time and gain another 
level of intelligence simultaneously. This combination enables resilient, safe, 
and scalable swarm operations, enabling UAV networks to be used in vari-
ous dynamic environments.

5.6.2  AI-driven network resilience under adversarial 
conditions

The AI-based approaches are imperative in enhancing the UAV network 
resilience to assaultive situations, which include jamming, spoofing, signal 
interference, and cyberattacks. Real-time anomaly detection and identifica-
tion of malicious traffic patterns are possible with machine learning models 
that can constantly observe network traffic and show signs of anomalies to 
allow a swift response to a threat. The spectrum sensing enhanced by AI can 
help UAVs avoid jamming areas by dynamically choosing cleaner channels 
or modulation power. Intrusion detection systems based on deep learning 
analyze behavioral deviations to detect spoofed control signals or irregular 
routing behavior.

In the case of physical and cyber threats, AI facilitates automatic rerout-
ing of traffic, UAV positions change, or swarm patterns in order to support 
connectivity. Reinforcement learning enables the UAVs to change strategies 
as injecting attacks proceed and enhances resilience by optimizing strategies 
in terms of experience. Forecasts are also made on possible vulnerabilities, 
and thus countermeasures are taken in advance. AI ensures dependable, 
robust, and continuous communication of UAVs even in a hostile environ-
ment by utilizing detection, prediction, and automatic response.

5.7  APPLICATIONS AND CASE STUDIES

Precision farming, smart transportation, surveillance, disaster response, and 
predictive and adaptive intelligence networks are some of the ways UAV 
networks have been improved to achieve diverse applications. The case stud-
ies reveal the enhanced efficiency of missions through autonomous coordi-
nation, real-time routing, and resilient communication. The given examples 
indicate how intelligent UAV systems contribute to the promotion of reli-
ability, safety, and performance in complex and dynamic real-world [28, 29].
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5.7.1  Disaster management and emergency 
communication

UAV networks are crucial in disaster management and emergency communi-
cation when the conventional infrastructure is destroyed or inaccessible due 
to damage, providing quick and resilient connectivity solutions that are flex-
ible and quickly set up. Designed with predictive intelligence and equipped 
with adaptive routing, the UAVs can swiftly fly around and over affected 
regions to provide temporary communication channels, assist exploration 
and rescue teams, and provide real-time situational reports. They can predict 
the breakdown of links, prevent interference, and restructure flight routes, 
guaranteeing reliable communication in highly unstructured conditions.

UAVs are capable of providing high-resolution images, monitoring survi-
vors, surveying damage to buildings, and directing emergency teams in times 
of disaster due to their ability to utilize dependable low-latency networks. 
Swarming UAVs also improve their coverage and synergies in order to moni-
tor and share information over a wide-area. With the addition of edge intel-
ligence, UAVs will be able to process sensor data in situ and make decisions 
in real-time even when there is limited connectivity. In general, smart UAV 
networks can bring high efficiency, safety, and resilience to communication 
during disasters.

5.7.2  Smart agriculture and environmental 
monitoring

Smart agriculture projects and environmental surveys are being reinvented 
through the use of UAV networks with predictive and adaptive intelligence 
so that detailed, data-driven information is gained in vast and dynamic 
areas. UAVs are used in agriculture to capture images with high resolutions 
in multispectral images to evaluate crop health, pest infestations, and yield, 
and are aimed at irrigation optimization. Based on vegetation cover, soil 
moisture, and weather patterns, predictive models enable farmers to make 
well-informed decisions on time. Adaptive routing allows for maintaining a 
constant data collection even when the connectivity in an area is weak or 
when the conditions in the field vary.

UAVs are used to monitor water quality, air quality, deforestation, the 
movement of wildlife, and climate-related changes in the environment. 
They are also capable of edge intelligence and real-time processing of sensor 
data, allowing for immediate detection of anomalies, including forest fires, 
leaks, or harmful algal blooms. The swarm-based UAV systems offer a high 
level of coverage, coordinated sampling, and long-term coverage of remote 
or hazardous areas. Boudreau concluded that overall SARAH intelligent 
UAV networks can improve sustainability, resource efficiency, and environ-
mental protection by providing accurate and real-time observation and 
analysis [32].
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5.7.3  Military and surveillance operations

Intelligent UAV networks are vital in the new military and surveillance 
processes through the provision of real-time situational awareness, secure 
communication, and autonomous mission control. The predictive intelli-
gence enables the UAV to predict danger and identify degradable links 
and fly-paths in order to be clandestine, as well as reliable. Adaptive rout-
ing allows robust data delivery even in highly contested or gadget-free 
surroundings.

UAVs in surveillance operations with advanced sensors are able to take 
high-resolution images, track targets, and patrol borders or restricted facili-
ties with minimal human intervention. Swarm-based UAV systems improve 
coverage, facilitate bi-dimensional observation, and coordinated reconnais-
sance. Edge intelligence enables real-time sensor data processing to identify 
targets, assess threats, and make quick decisions.

In a military context, AI-based resilience techniques can be used to pre-
vent jamming, spoofing, and attacks on a UAV. These capabilities combine 
to make operations effective, less risky, and strategically precise, ensuring 
reliable defense operations.

5.7.4  5G/6G-integrated UAV communication 
scenarios

Aerial networks are being transformed into ultra-reliable, high-capacity and 
intelligent systems through the integration of 5G and turbo 6G technology 
with UAV communication systems. In 5G scenarios, UAVs use enhanced 
Mobile Broadband (eMBB) to support high resolution video streaming, 
Ultra-Reliable Low-Latency Communication (URLLC) to support mis-
sion-critical control and massive Machine-Type Communication (mMTC) 
to support the connection of large numbers of sensors. Some of the sup-
ported applications using these capabilities include aerial surveillance, smart 
agriculture, disaster response, and real-time traffic management. Trending 
toward 6G, UAV networks enjoy terahertz communication, holographic 
beamforming, AI-native networking, as well as integrated sensing and com-
munication (ISAC). These are autonomous swarms, mesh networks in the 
air and millimeter accuracy localization. Deploying 6G in Low-altitude plat-
form (LAP) will also enable the use of digital twins, immersive XR services 
and smart transportation systems. Network slicing and edge intelligence 
allow UAVs to dynamically allocate resources to achieve real-time services, 
with guarantees of QoS even in highly dense network regions or hostile situ-
ations. Overall, 5G/6G-integrated UAV communication scenarios promise 
unprecedented connectivity performance, supporting scalable, resilient, and 
energy-efficient aerial communication ecosystems. Figure 5.5 presents the 
applications of UAVs in diverse application domains.
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5.8  CHALLENGES AND FUTURE RESEARCH DIRECTIONS

The UAV networks also have their own issues including energy, spectrum 
congestion, security vulnerabilities, and unpredictable environment. The 
AI-based autonomy, independent communication, swarm intelligence, and 
6G-enabling sensing are the areas to be improved in the future. Privacy 
enhancement, interoperability, large scale deployment architecture, trust 
and adaptive UAV communication systems will also play significant roles in 
reliable, adaptive, and mission critical communication systems [21, 30, 31].

5.8.1  Scalability, energy efficiency, and security issues

UAV networks cannot scale due to the fast increase in node densities in the 
network, changing topologies, and increasing data traffic, which requires 
routing, node synchronization, and spectral resources. Another major con-
straint is energy efficiency, as the size of the battery is a major constraint as 
it dictates the range of flight, computation and communication, and may 
demand optimized routes, adaptive power management, and low-weight AI 
models. Security concerns also pose challenges for deployment: UAVs can 
easily be jammed, spoofed, compromised for eavesdropping, and manipu-
lated by adversaries, which can ruin the mission or compromise data integ-
rity. To enable scalable, energy-constrained and secure UAV communication, 
the combined efforts of smart routing and efficient resource management, 
cutting-edge cryptographic, and AI-inspired defense mechanisms are needed. 
In Table 5.3, various issues covered in this section have been summarized.

5.8.2  Ethical and regulatory considerations in 
autonomous UAVs

The use of autonomous UAVs creates complicated ethical and regulatory 
issues concerning safety, privacy, accountability, and responsible use of 
AI. Their capacity to accumulate bulk aerial images can intrude into the 

Figure 5.5  Applications of UAVs in diversified application domains.
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personal privacy of individuals and they must have a stringent regulation on 
how the data is handled as well as consent and limits on surveillance. The 
compliance of safety and airspace is additionally a primary concern because 
autonomous decision-making presents the possibility of collision, malfunc-
tions or unintended behavior. Control systems should comply with certifi-
cation criteria, authorizations related to flights, geofencing provisions, and 
supervision of autonomous processes. Another ethical issue is bias in the 
system of AI-based decision-making, transparency of independent decisions, 
and responsibility for human failures. Innovation and public trust require 
well-coordinated international laws, constant oversight, and human-in-the-
loop protection against high-risk situations. Table 5.4 summarizes the vari-
ous issues identified in this section.

5.8.3  Future trends: quantum networking and AI co-pilots

Novel quantum networking and AI-based co-pilot systems will dramatically 
influence future UAV ecosystems. Quantum communication offers switches 
to UAV swarms that are ultra-secure and tamper resistant by using quantum 

Table 5.4 Ethical and regulatory considerations in autonomous UAVs

Type of concern Summary

Privacy concerns Large-scale aerial data can violate privacy; it demands strict 
consent and data governance.

Safety and compliance Autonomous decisions pose collision and malfunction risks; 
they require strong airspace regulations.

Regulatory needs Standards for certification, geofencing, permissions, and 
operational oversight.

Ethical challenges AI bias, lack of transparency, and unclear liability in 
autonomous failures.

Balanced approach Harmonized global rules, continuous monitoring, and human-
in-the-loop safeguards.

Table 5.3 Scalability, energy efficiency, and security issues

Challenge Description

Scalability constraints High node density, dynamic mobility, and increased traffic 
overload routing and spectrum resources.

Energy limitations Limited battery restricts flight time, computation, and 
communication; requires optimized paths and 
lightweight AI.

Security vulnerabilities Susceptible to jamming, spoofing, eavesdropping, and 
adversarial attacks affecting mission reliability.

Required solutions Intelligent routing, efficient resource management, robust 
cryptography, and AI-driven defense mechanisms.
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key distribution (QKD) and entanglement connection, which mitigate cyber-
attacks and eavesdropping, resulting significantly in resilience. Such abilities 
will provide very high reliability in mission critical systems like the defense, 
disaster management, and systems in high density urban settings.

AI co-pilots are transforming into smart on-board assistants that can plan 
missions in real time, handle variable paths, autonomously evaluate and 
react to risks, and collaborate with human operators. They will integrate 
multimodal sensor data, make predictions of hazards and modify behaviors 
according to environmental learning. Coupled with cloud-edge ecosystems, 
AI co-pilots will offer greater levels of autonomy, but human control will 
also persist. The collaboration between quantum networking and AI co-
pilot will transform UAV safety, efficiency and operational intelligence.

5.9  CONCLUSION

In this chapter, the authors present the transformative capabilities of predic-
tive intelligence, adaptive routing and autonomous decision-making in next-
generation UAV networks. The overcoming of communication and control 
constraints caused by high dynamism, resource constraint, and critical mis-
sion environments is necessitated by the deployment of UAVs at a larger scale 
in the civilian, industrial, and defense sectors. Mobility, channel, and resource 
demand predictive models allow UAVs to be proactive in the way they antici-
pate network changes and ensures efficient performance. Equally,: machine 
learning-based, reinforcement learning-based, and context-driven real-time 
adaptive routing structures assures appropriate connectivity to ensure high-
throughput regardless of evolving topology, interference, and link variabil-
ity. Distributed intelligence, edge computing, and multi-agent coordination 
combine to make each UAV member autonomous and thus provide greater 
scalability, resilience, and efficiency for missions. New paradigms like cog-
nitive networking, federated learning, and AI-based security also enforce 
UAV networks with responses to adversarial threats. These innovations are 
applicable in real-world environment applications in disaster management, 
agriculture, surveillance, and 5G/6G scenarios. In general, the realization of 
predictive and adaptive intelligence is a landmark move toward the credible 
self-organizing and future-capable UAV communication ecosystems that are 
capable of supporting complex, large-scale autonomous activities.
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Chapter 6

Decentralized control and 
distributed intelligence for 
high-density UAV logistics 
networks supporting smart-city 
transportation and delivery services

Tanusha Gorak, P. R. Anisha, C . Kishor Kumar Reddy, 
Rimsha Sadaf, and Jothi Paranthaman

6.1  INTRODUCTION

Logistics systems that are extremely effective, ecologically friendly, and able 
to adjust to constantly changing urban conditions are desperately needed 
due to the quick growth of smart cities. Road congestion, high carbon emis-
sions, sluggish delivery speeds, and restricted or highly populated areas are 
just a few of the long-standing issues that traditional ground-based logistics 
continue to face (Kuru, 2021). These limitations impede the sustainabil-
ity objectives that smart cities want to accomplish in addition to decreas-
ing operating efficiency. Drones, also known as unmanned aerial vehicles 
(UAVs), have become a revolutionary option in this regard by facilitating 
the quick, adaptable, and on-demand delivery of products and services from 
the air.

Unlike the benefits of UAVs, traditional centralized drone management 
systems frequently run into scaling issues when used in expansive, intri-
cate metropolitan settings. Due to the increase in the number of drones, 
central servers may quickly become overburdened, causing delays in deci-
sion-making and communication. Even a single point of failure is also 
introduced by a strong reliance on a single control unit (Kuru et al., 2019). 
The entire fleet of UAVs could be disrupted by any malfunction or cyber-
attack on the central system. These disadvantages make centralized archi-
tectures unsuitable for the long-term needs of smart city logistics (Motlagh 
et al., 2017).

These problems deal with decentralized UAV logistics. These employ 
multi-agent collaboration, edge computing, and distributed intelligence 
(Xu et al., 2020). Vehicles with decentralized designs can make straightfor-
ward decisions based on the information. They get information from 
nearby sensors, drones, and edge devices in real-time instead of a central 
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system for each decision (Shakhatreh et al., 2019). Reducing computing 
constraints makes intelligence distribution greatly improve system auton-
omy and responsiveness. Additionally, decentralized systems are inherently 
more robust (Kharchenko et al., 2022). Even if some drones malfunction 
or communication is partially disrupted, the remaining UAVs’ ability to 
operate independently preserves the system’s robustness (Aslansefat et al., 
2022).

UAVs themselves differ widely in terms of size, capabilities, and levels of 
autonomy. They are commonly divided into four major categories: tiny, 
micro, medium, and large (Myklebust et al., 2025). Micro UAVs are light in 
weight with appropriate short-range operations like delivering small pack-
ages or examining interior spaces. While large UAVs can carry huge pay-
loads and travel a great distance, small- and medium-sized UAVs are 
commonly used for safety monitoring, mapping, and final-phase logistics 
(Liu et al., 2023). Certain use cases in the smart city ecosystem are suitable 
for specialized UAVs with a variety of logistic networks.

There are several ways to decentralize UAV logistics, like in semi-central-
ized architectures, where UAVs manage local optimization tasks while a cen-
tral controller continues to provide high-level direction (Lucic et al., 2023). 
This hybrid strategy strikes a balance between local autonomy and interna-
tional coordination. However, completely decentralized multi-agent systems 
do not require a central authority. Consensus algorithms, distributed opti-
mization methods, game-theoretic tactics, and machine learning models are 
used to enable autonomous drone coordination. UAVs establish a dynamic 
and self-organizing logistics network by exchanging information with 
neighboring peers, negotiating task assignments, and cooperatively planning 
routes. The decentralized UAV logistics offer a scalable, reliable, and effi-
cient framework suitable for modern smart cities by deploying edge com-
puting, distributed computing, and decision-making logistics to them so that 
they can create logistics that are helpful for smart cities. As urban popula-
tions grow and delivery requirements rise, these decentralized designs will 
play a critical role in shaping the future of intelligent and sustainable logis-
tics systems. As the number of drones increases, the central monitoring sys-
tem becomes overburdened. This causes delays in decision-making and 
communication. Even a single point of failure is also introduced by the cen-
tral monitoring system (Kuru et al., 2019). A group of UAVs get interrupted 
by any malfunction or cyberattack on the central monitoring system. Due to 
their limitations, the needs of smart city logistics cannot use centralized 
architectures (Motlagh et al., 2017).

Decentralized UAV logistics solve system problems using architectures 
such as distributed intelligence, edge computing, and multi-agent coopera-
tion (Xu et al., 2020). Decentralized designs allow cars to make genuine 
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decisions based on real-time data that is retrieved from nearby sensors, 
drones, and edge devices, instead of sending every decision through a central 
monitoring system (Shakhatreh et al., 2019). Therefore, make use of intel-
ligent distribution logistics by reducing the computing constraints and by 
improving system autonomy.

Decentralized UAV systems are also more resilient by nature (Kharchenko 
et al., 2022). The robustness of the system is maintained by the remaining 
UAVs that could function independently even if some drones malfunction or 
communication is partially disrupted (Aslansefat et al., 2022).

The size, capabilities, and degrees of autonomy of UAVs themselves vary 
greatly; micro, medium, and giant are the main divisions into which they are 
frequently divided (Myklebust et al., 2025). Micro UAVs are lightweight 
and suitable for short-range tasks, such as inspecting interior spaces or 
delivering small packages. Small- and medium-sized UAVs are commonly 
used for last-mile logistics, mapping, and surveillance, but large UAVs can 
carry larger payloads and travel farther (Liu et al., 2023). Specialized UAVs 
within the range of logistic networks are appropriate for specific use cases 
within the smart city ecosystem.

There are several ways to decentralize UAV logistics, including semi-
centralized architectures where UAVs manage local optimization tasks while 
a central controller continues to provide high-level guidance (Lucic et al., 
2023). This hybrid approach builds balance between local autonomy and 
global coordination.

As decentralized multi-agent systems do not require any central authority 
for making decisions. The proposed algorithms, distributed optimization 
methods, tactics, and machine learning models enable autonomous drone 
coordination. Therefore, by coordinating with the peers, taking information 
from the neighboring drones, and making a collaborative plan with them, 
they create an effective and self-organizing logistics network.

Decentralization can be done in many ways, like semi-centralized designs 
where a central controller system provides higher direction while UAVs do 
local optimization tasks (Lucic et al., 2023). This approach builds balance 
between regional autonomy and global collaboration. Even though UAVs 
do not completely decentralize multi-agent systems, as they do not require a 
central authority. Autonomous drone coordination is made possible by the 
proposed algorithms, machine learning models, distributed optimization 
techniques, and strategies. UAVs create an effective and self-organizing 
logistics network by working together to plan routes, assigning task assign-
ments, and sharing information with neighboring peers.
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6.2  LITERATURE SURVEY (TABLE 6.1)

Table 6.1 Existing methodologies and evaluations in field of UAV

S. no. Author and year Focus/title Methodology used Evaluation methods Drawbacks/limitations

1 Kuru et al. 
(2019)

UAV Swarms for 
Delivery Systems

Developed dynamic multiple 
assignment algorithms 
integrating Hungarian 
and cross-entropy Monte 
Carlo techniques for 
optimal task allocation 
and 3D route planning.

Simulated using small 
and large datasets to 
test various delivery 
schemes (with/without 
air highways). Metrics: 
delivery time, swarm 
efficiency, and airspace 
utilization.

Computationally intensive; 
relies only on simulated 
data; lacks field deployment 
or real UAV testing.

2 Motlagh et al. 
(2017)

IoT-Enabled UAVs 
for MEC-Based 
Surveillance

Implemented facial 
recognition using Local 
Binary Pattern Histogram 
(LBPH) and offloaded 
computation to a Mobile 
Edge Computing (MEC) 
node.

Experimental testbed with a 
single UAV and one MEC 
node. Metrics: energy 
savings, processing latency, 
and detection accuracy.

Limited scalability; results 
based on small-scale 
prototype; lacks real-time 
adaptive control evaluation.

3 He et al. (2026) UAV Low-Altitude 
Airspace 
Management

Reviewed GIS-based 
air route structuring, 
low-altitude airspace 
restriction, and UAV 
regulation frameworks 
(mainly in China).

Comparative policy and 
technical analysis using 
case studies and GIS 
simulation examples.

Region-specific focus; lacks 
quantitative testing or live 
flight validation; minimal 
integration with real UAV 
networks.

(Continued)
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S. no. Author and year Focus/title Methodology used Evaluation methods Drawbacks/limitations

4 Xu et al. (2023) Civil UAV Applications 
and Infrastructure 
Challenges

Surveyed UAV applications 
in monitoring, inspection, 
and delivery, highlighting 
swarming, charging, and 
communication issues.

Literature synthesis and 
comparative trend 
analysis from global 
research papers 
(2016–2021).

Lacks experimental proof 
or new framework; only 
identifies challenges 
without proposing detailed 
solutions.

5 Kharchenko 
et al. (2022)

UAV Fleet as a 
Dependable Service 
(UAVFaaDS)

Applied queueing theory for 
dependability modelling; 
proposed performance 
and reliability analysis 
framework for UAV 
fleets.

Simulation-based evaluation 
using service availability 
and probability of 
successful delivery 
(0.9–0.99) as metrics.

Simulation-only validation; 
assumes ideal 
communication reliability; 
lacks uncertainty modeling 
and fault injection tests.

6 Kharchenko 
et al. (2022)

Safe Drones: Runtime 
Reliability Modelling

Proposed EDDI (Executable 
Digital Dependable 
Identity) for real-time 
reliability assessment 
and adaptive mission 
reconfiguration.

Prototype evaluation using 
runtime mission data; 
measured reliability score, 
failure probability, and 
system responsiveness.

Prototype-level testing; high 
computation overhead; 
limited scalability for multi-
UAV operations.

7 Nemer et al. 
(2020)

Game-Theoretic 
Routing for Multi-
UAV Delivery

Developed a non-
cooperative potential 
game for joint sensing 
and delivery with 
privacy preservation; 
applied Bellman-Ford 
optimization.

Simulated multi-UAV 
coordination under 
varying load conditions. 
Metrics: energy efficiency, 
privacy protection rate, 
and delivery delay.

Complex optimization; 
assumes stable connectivity; 
not validated in physical 
or large-scale urban 
environments.

Table 6.1 (Continued)
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S. no. Author and year Focus/title Methodology used Evaluation methods Drawbacks/limitations

8 Liu et al. (2023) Micro-UAVs in IoT 
and Smart Cities

Proposed swarm 
coordination and energy-
efficient algorithms; 
discussed UAVs as IoT 
devices within intelligent 
transport systems (ITS).

Conceptual framework 
validated via analytical 
comparison and power 
consumption modeling.

Theoretical only; no real-
world implementation; 
lacks dataset-driven 
evaluation.

9 Arya et al. 
(2016)

Real-Time Vehicle 
Detection and 
Tracking

Introduced adaptive filtering, 
OSBMO segmentation, 
KLT–DBSCAN clustering, 
and Fast-RCNN for 
vehicle tracking.

Tested on real UAV video 
datasets under diverse 
scenarios. Metrics: 
detection accuracy, 
tracking precision, false 
positives, and processing 
time.

High computational cost; 
limited dataset size; not 
optimized for low-power 
UAV hardware.

10 Singh et al. 
(2024)

Dependable UAV 
Modeling for Smart 
City Services

Formulated queueing-based 
reliability models for 
UAVF performance and 
service dependability.

Analytical modeling and 
Monte Carlo simulation; 
evaluated probability of 
successful delivery and 
fleet availability.

Idealized assumptions; no 
empirical or hardware 
validation; lacks 
consideration of weather 
and communication faults.
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6.3  SMART CITY LOGISTICS AND UAV INTEGRATION

Smart cities are drastically changing within the urban areas in giving infor-
mation, supplying products, and providing services (Singh et al., 2022). As 
the population is increasing, traditional logistics approaches are finding 
it difficult to keep up with the consumer demands for quick, on-demand 
delivery. Major obstacles for basic logistics include congested highways, 
growing fuel costs, inadequate parking facilities, and environmental issues, 
which create problems for people. UAVs are becoming a disruptive and 
complementary option that can greatly improve the efficiency of urban 
logistics in this changing environment (Abbas & Liu, 2022). They are 
positioned as a key component of the future smart city ecosystem due to 
their capacity to avoid traffic, reach difficult-to-get locations, and function 
independently.

Innovations in swarm intelligence and multi-agent cooperation support 
for integration of UAVs into smart city logistics (Eldeeb et al., 2022). 
Drones work as collaboratory fleets that exchange information with neigh-
bors, optimize routes as a group, and dynamically adjust for the changes 
in the environment rather than considering themselves as separate units. 
For example, a UAV swarm during peak traffic hours or when road clo-
sures occur can distribute tasks among neighboring units to preserve deliv-
ery time. This distributed decision-making capability reduces the load on 
central control systems by improving resilience and confirming task 
continuity.

One of the most significant applications of UAVs in smart cities is last-
segment delivery. The most costly and time-consuming segment of the deliv-
ery chain is frequently the conventional last-segment transportation 
procedure. Many of these issues are resolved by UAVs, which offer quicker 
and less expensive point-to-point transportation. Drone-based delivery ser-
vices, which gradually result in considerable reductions in travel time, fuel 
consumption, and operating expenses that are already being tested by retail-
ers, e-commerce sites, and logistics firms. As they can reach places with bad 
roads or those damaged by natural disasters, drones are also very useful for 
emergency services and human efforts. Integrating UAVs with the edge-
cloud continuum enhances its capabilities.

UAV capabilities are later improved by integration with the edge-cloud 
continuum. While long-term analytics and storage stay in the cloud, heavy 
computations like object detection, path planning, and swarm control can 
be loaded down to edge servers for low-latency processing. UAV logistics 
can process the real-time data quickly and still take advantage of large-scale 
cloud intelligence by this distributed computing architecture. This architec-
ture supports the applications like autonomous disaster management, real-
time pollution monitoring, and predictive repair of urban infrastructure.

UAV integration also faces a few challenges despite its potential. The 
deployment should be done carefully due to its necessary regulated 
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frameworks, air traffic management, privacy concerns, and cybersecurity 
attacks. Unmanned Traffic Management (UTM) systems provide secure 
communication channels and safe operating zones for UAV flights for all 
necessary needs of smart cities. Because people greatly look forward to 
safety, privacy protection, and noise management, as public acceptance is 
also very important in this case.

UAVs are playing a significant role in the logistics for the future genera-
tion of smart cities. Drones can make a great change in last-segment deliv-
ery, improve emergency responses, and support sustainable urban expansion 
by utilizing autonomy, distributed intelligence, and seamless communica-
tion. UAV integration will grow as AI, batteries, and 6G networks progress, 
resulting in smarter, more resilient, and more efficient cities.

6.4  DECENTRALIZED UAV ARCHITECTURES AND 

COORDINATION MECHANISMS

Under a distributed decision-making core, the five UAV architectures, like 
autonomous routing, edge-cloud continuum, swarm intelligence, and multi-
agent collaboration, cooperate as shown in Figure 6.1. When combined, 
they allow for intelligent, scalable, and coordinated UAV operations.

 1. Multi-agent Coordination Mechanisms:
Multi-agent cooperation (MAC) allows many UAVs to operate as 
separate, yet they are cooperative entities. Each UAV functions as an 
autonomous agent even having the capacity to detect its environment 

Figure 6.1  Different UAV architectures.
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by communicating with other neighbors and make decisions locally 
(Ajakwe et al., 2025). Through continuous information exchange like 
obstacle positions, traffic circumstances, and package status, these 
agents coordinate their actions with each other to enhance the effi-
ciency, resource utilization, and task distribution (Jia et al., 2022). It 
can greatly increase system resilience and allow for scalable operations 
by lowering dependency on a centralized controller system. Because of 
their cooperative architecture, UAVs are able to dynamically negotiate 
tasks. They are based on factors including cargo restrictions, target 
distance, battery level, and mission urgency. Market techniques, auc-
tion algorithms, and consensus-based procedures are commonly used 
to resolve disputes. Its distributed decision-making makes MAC par-
ticularly well-suited for the unpredictable and rapidly changing condi-
tions typical in smart cities. As a result, MAC is evolving into a key 
operational architecture for search and rescue, emergency response, 
urban surveillance, and distributed UAV-based logistics.

 2. Swarm Intelligence:
Swarm intelligence (SI) models for UAV systems are inspired by the 
collective behaviors seen from natural swarms of birds, ants, and bees. 
These simulations show how basic local human interactions result in 
complex, emergent collective intelligence. UAV swarms work together 
without centralized control and provide great levels of fault tolerance 
and resilience. The Boids-based flocking algorithms, Particle Swarm 
Optimization (PSO), and Ant Colony Optimization (ACO) are the al-
gorithms that handle the Pathfinding, formation control, clustering, and 
area coverage. The scalability of the architecture handles a large num-
ber of drones which can collaborate, making it easy for the system to 
adjust to changing missions or dynamic barriers. Minimal transmission 
is required for relying more on neighbor-based rules and local sensing 
than on continuous global data. Depending on the objectives of the 
activity, the swarm may be present in the formation of the system, or it 
disperses over large areas. For duties like tracking, infrastructure, and 
rescue and search and rescue operations, this offers workable solutions. 
SI’s robust decentralized architecture delivers extremely flexible, reli-
able, and efficient logistics for extremely large and complex smart-city.

 3. Edge Cloud Continuum Architecture:
The Edge computing is split as distant cloud servers and nearby edge 
nodes in this architecture. The time-sensitive tasks like navigation, col-
lision avoidance, and immediate sensor processing are performed at 
the edge node, and UAVs react to changes in their surroundings. In 
addition, the cloud layer manages computationally expensive opera-
tions, including long-term mission planning, large-scale analytics, and 
global optimization. For complex jobs close to the UAV, particularly in 
congested urban environments, the technology significantly lowers la-
tency and makes real-time decision-making easier. The scalability and 
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fleet-wide coordination of the system make large volumes of processing 
power and storage available via cloud resources. Due to the synchro-
nization between the edge and cloud levels, all UAVs have consistent 
awareness (Dwivedi & Singh, 2026). By strengthening the redundancy, 
safety-critical operations continue to run at the edge even when there 
is restricted or interrupted cloud access, strengthening redundancy. 
Further, this design easily interfaces with more extensive IoT infra-
structures for smart cities, including communication networks, traf-
fic systems, and environmental sensors. The edge-cloud collaboration 
architecture provides a solid and expandable framework for handling 
intricate UAV logistics operations by considering all the requirements.

 4. Autonomous Routing Architecture:
Autonomous routing enables UAVs to automatically choose the best 
flying paths without depending on others. For creating effective and 
flexible routes, this method makes use of sophisticated techniques, 
including reinforcement learning, A*, D*, and RRT* (Khan et al., 
2025). The problems that faced while choosing the route is building 
the layouts, looking for wind conditions, checking the battery levels, 
and looking for declared no-fly zones. They frequently update their 
routes and accordingly reroute in response to impediments, crises, or 
abrupt changes in mission needs using the environmental data in real-
time. Delivery speed and mission dependability are greatly increased 
by autonomous routing minimizing traffic and maximizing the shared 
airspace, UAVs can also coordinate their trajectories with one another. 
Predictive modeling and sensor fusion allows safe operations even in 
high-density settings which reduces the collision hazards. Autonomous 
routing is crucial for scalable and robust UAV logistics in smart cities 
because it enables large-scale drone deployments without the need of 
continuous human supervision.

 5. Distributed Decision-Making Architecture:
In this system, drones make decisions on their own using methods like 
optimization, teamwork strategies, agreement-building algorithms, 
and blockchain to coordinate. The drone looks in its own sensor data, 
chooses the best action, and regularly shares updates with neighbor-
ing drones so the whole group of systems are connected. As there is 
no central controller, the system becomes more reliable and escapes 
failure at any point. Decentralized decision-making is especially useful 
when communication is limited, or GPS signals are weak. The drones 
can still operate even without complete information; they work to-
gether to look after tasks like workload balancing, scheduling, and 
energy conservation. Moreover, the system is very adaptable, making 
drones quickly adjust to conditions that change frequently, including 
dense metropolitan areas. This local autonomy makes drones smarter, 
more adaptable, and less reliant on heavy computers or continuous 
connections as they are used more frequently.
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6.5  ALGORITHMIC TECHNIQUES FOR UAV ROUTING, 

LOAD SCHEDULING, AND RESOURCE EFFICIENCY

6.5.1  Dynamic path planning

UAVs can employ dynamic route planning to compute or adjust their flight 
paths in real time (Aljaburi & Abiyev, 2026). When there are obstacles, such 
as weather, traffic density, or network connectivity, change techniques like 
model predictive control (MPC), A*, D*, RRT, and reinforcement learn-
ing are required for the connectivity between the drones (Chang et al., 
2022). When there is uncertainty, these algorithms ensure safe flight, avoid 
collisions, and sustain coverage.

6.5.2  The metrics that are included have few 
parameters

 1. Total Path Length:
The total architecture route of the UAV is measured.
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 2. Travel Time:
The time required to finish the route.
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 3. Connectivity Outage Probability:
It calculates the network disconnection risk.
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 4. Connectivity Outage Probability (COP):
The communication reliability of UAV architecture.
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 5. Routing Cost (RC):
It is a combination of distance and risk.

 α β= +RC . .TPl Risk (6.5)
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6.5.3  Task assignment

Task assignment involves distributing the work among multiple nodes in 
order to increase efficiency (Liu et al., 2024). The system evaluates each 
agent’s workload, availability, and capacity. Optimization techniques that 
are frequently used include heuristics, auction-based methods, and multi-
agent reinforcement learning (Zeng et al., 2026). Decreasing execution time 
and balancing the workload are the goals. Agent communication keeps dis-
tributed systems coordinated. Making decisions in real time is essential for 
managing dynamic tasks. This method improves the durability and scal-
ability of the system. It is widely used by distributed cloud-edge systems, 
robotics swarms, and sensor networks.

6.5.4  Evaluation metrics include a few methods

 1. Total task completion time:
Time taken for completion of task.
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 2. Task Allocation Efficiency:
The ratio of optimal time and actual completion time.
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ωi is the workload on i.
 3. Assignment Success Rate:

 
ASR =

Tasks Completed

Total Tasks  
(6.8)

 4. Cost Efficiency:

 
CE =

Total Cost of Assigned Tasks

Number of Tasks Completed  
(6.9)

6.5.5  Energy aware scheduling

Energy-aware scheduling requires lowering power consumption without 
giving up performance. The system assesses CPU utilization, battery life, 
network bandwidth, and workload patterns. By using techniques like DVFS, 
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offloading, and adaptive task, cycle tasks are scheduled to improve energy 
efficiency. This is very important for energy-powered IoT devices, UAV 
swarms, and mobile edge computing. It extends the system’s life and reduces 
its cost. Algorithms that are fuel-saving can decide whether they perform 
well or shift their workloads to edge-cloud layers. The biggest challenge is 
to keep a balance between performance and energy. The device reliability 
and the quality of being able to be relied on are enhanced by the technology.

6.5.6  Evaluation metrics

 1. Energy Consumption:
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Where iP  is the power; it  is the operation time.
 2. Residual Energy Ratio:

 
=RER remaining
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E
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(6.11)

 3. Energy Efficiency:

 
EE =

total

Useful Work Done

E  
(6.12)

 4. Mission Duration:

 = −mission end startT t t  (6.13)

6.5.7  Congestion control

Congestion control ensures seamless data transfer between networks by pre-
venting overload. It keeps an eye on network latency, queue lengths, and 
bandwidth consumption. To prevent packet loss, algorithms dynamically 
modify transmission rates. AI-driven models of prediction are employed in 
modern techniques, whereas congestion management for TCP is one of the 
traditional approaches. According to Khuwuthyakorn et al. (2025), con-
gestion control lowers latency, boosts throughput, and stabilizes networks. 
Cloud technologies, autonomous vehicles, the Worldwide Web of Things, 
and networking of sensors all depend on it (Hu et al., 2026). During huge 
traffic, real-time adaptation helps to maintain system performance. The 
goals are to maintain equity and avoid bottlenecks.
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6.5.8  Evaluation metrics

 1. Packet Loss Rate:

 
=PLR lost

sent

P

P  
(6.14)

 2. Delay/Latency:

 = −received sentD t t  (6.15)

 3. Throughput:

 
TP =

Total Successfully Received

T  
(6.16)

6.5.9  Privacy-preserving decentralized algorithms

Secure decision-making without centralized data collecting is made pos-
sible by these algorithms. To safeguard sensitive data, they employ feder-
ated learning and cryptography approaches (Jia et al., 2025). Only insights 
or model changes are exchanged; data remain local. This satisfies legal 
standards and lowers privacy hazards. Because there is no single point of 
failure, decentralized methods also increase robustness (Jiang et al., 2026). 
Blockchain-based verification, secure aggregation, and differential privacy 
are some of the methods (Ostermann, 2016). They are extensively utilized in 
autonomous systems, IoT, healthcare, and finance. Encouraging cooperation 
while protecting user privacy is the aim.

6.5.10  Evaluation metrics

 1. Privacy Leakage:

 ( )=PL ;I X Y  
(6.17)

Where X is the private date, Y is the shared model updates.
 2. Model Accuracy Drop:

 = −AD centralized decentralizedA A  (6.18)

 3. Convergence Time:

 1+= −conv t tT Iteration until L L  
(6.19)
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6.6  OPERATIONAL AND REGULATORY 

REQUIREMENTS FOR URBAN UAV ECOSYSTEMS

Drone activities in low-altitude urban airspaces are made safe, effective, 
compliant, and secure by operational and legal requirements for urban UAV 
ecosystems (Figure 6.2).

To enable safe, dependable, and scalable deployment, urban UAV ecosys-
tems depend on a well-integrated set of operational, technological, and reg-
ulatory processes. Low-altitude airspace management provides geofenced 
zones, structured air corridors, and dynamic route allocation—such as dedi-
cated drone lanes for medical delivery near urban hospitals—to ease conges-
tion (Ahmed et al., 2026). Communication networks such as 5G, mmWave, 
and UAV mesh connections enable applications such as live traffic 

Figure 6.2  The operation and regulatory requirements with an example.
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monitoring from UAV fleets and provide real-time control, sensor streaming, 
and swarm coordination. Cybersecurity measures safeguard command link-
ages, stop GPS spoofing, and signal jamming and guarantee legitimate UAV 
IDs using techniques like encrypted Remote ID (Güven & Yanmaz, 2023). 
Reliable frameworks use redundancy, fault-resistant routing, and health 
examination to ensure reliability of the system and mission continuity when 
energy depletion has been identified in independently rerouting drones 
(Tricomi et al., 2024). Adhering to urban UAV regulations ensures compli-
ance with local laws concerning flying altitude, BVLOS authority, privacy 
regulations, and emergency landing protocols (Zhang et al., 2025). Together, 
these components offer the essential framework for effectively integrating 
UAVs into surveillance, emergency response, and smart-city operations.

6.7  CASE STUDIES: REAL-WORLD DEPLOYMENTS, 

SIMULATION PLATFORMS, PERFORMANCE 

METRICS

6.7.1  Case 1: Zipline medical delivery (Rwanda and Ghana)

The performance of the Zipline is measured by metrics like delay in deliv-
ery, on-time success rate, route dependability, and energy efficiency, which 
are used to assess Zipline’s performance (Liang et al., 2026). Clinics may 
receive emergency supplies in 15 to 30 min thanks to enhanced decentralized 
routing, which drastically cuts down on typical delivery times. Reliability 
metrics such as weather-robust operation and mission success (>95%) dem-
onstrate constant performance in a various wind conditions and rural con-
ditions (Bassolillo et al., 2024). To extend battery life, they preserve safety 
margins energy per kilometer and track them. Vaccines and blood are eval-
uated by present environmental monitoring circumstances as they depend 
on temperature compliance and payload stability. Regulatory compliance is 
measured by failsafe landing rates, loss-of-communication response, and geo-
fence adherence. On considering all the aspects, Zipline is suitable for quick, 
dependable, and energy-efficient medical logistics (Almaazmi & Sipos, 2024).

6.7.2  Case 2: wing drone delivery (USA and 
Australia)

Delivery accuracy, navigation precision, airspace compliance, and commu-
nity impact indicators are used to assess wing delivery drones. Using land-
ing-zone verification and GPS error tracking, the average delivery accuracy 
is within a few meters. Using real-time distributed sensing, path-planning 
efficiency assesses how efficiently drones avoid traffic. For short-range pack-
ages, latency measures the whole delivery time, which is usually less than 
10 min (Bibbò et al., 2026). Enabling several daily deliveries and prolonging 
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battery cycles, the energy efficiency of each mission is evaluated. To keep 
activities inconspicuous, Wing also assesses public approval and noise foot-
print (dB values). Safety is validated using collision-avoidance success rates 
(>99%) and UTM communication dependability.

6.7.3  Case 3: Amazon Prime Air (USA/UK)

Prime Air’s evaluation approach mainly focuses on the operational efficiency, 
safety, and reliability of its automatic delivery environment (Saini & Jain, 
2023). Delivery success rate, route-optimization efficiency, and autonomous 
landing accuracy are key performance metrics to guarantee precise naviga-
tion in congested suburban areas (Armengaud et al., 2021). To compute nav-
igation quality and verify safe end-to-end flight control, obstacle-avoidance 
success rates and GPS–IMU fusion error are utilized. Systems are designed 
to continuously achieve success rates above 97%, and mission-completion 
percentages are used to measure delivery dependency. To optimize battery 
utilization while balancing speed and endurance, each delivery energy expen-
diture is monitored. Package integrity inspections calculate shock, vibration, 
and drop-impact thresholds to ensure that goods arrive undamaged (Raza & 
Aadil, 2026). Weather-resilience tests the stability in the presence of moder-
ate wind and light rain. Task-allocation efficiency at the fleet level is deter-
mined by the multiple drones collaboration to meet the delivery demand 
(Saini, 2025). Regulatory compliance is computed using altitude adherence, 
no-fly-zone avoidance, and continuous UTM connections. Prime Air’s last-
mile drone delivery services are dependable, secure, and scalable.

6.7.4  Case 4: NASA UTM trials (USA)

NASA’s UTM experiments evaluate the scalability, reliability, and safety of 
decentralized airspace control for large UAV fleets. The main evaluation 
focuses on airspace safety using separation assurance criteria, which mea-
sures how well drones maintain minimum safe distances during dynamic 
operations (Saini et al., 2022). Collision-avoidance skill is tracked using 
conflict-resolution success rates, which exceed 99% in controlled experi-
ments. Communication reliability is measured by link-uptime percentages 
and data-refresh intervals that ensure better coordination during multiple 
drone operations. Trajectory deviation and geofence-violation rates show 
how well the system enforces recommendations for designated flight routes 
(Yedilkhan et al., 2024). Conflict-prediction latency is one of the most 
important metrics that evaluates how quickly the system detects and pre-
vents potential conflicts. Scalability is the metric that evaluates a UTM sys-
tem’s performance when several drones are operating simultaneously. They 
examine how long flights last, how much energy the drones consume, and 
how well the system manages issues like when a drone needs to make an 
emergency landing or loses connection.
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6.7.5  Case 5: smart-city UAV pilot (Singapore)

The pilot’s top priorities for highly dense urban UAV logistics in Singapore 
are accurate navigation, energy efficiency, and safe operations. GPS-RTK 
error, which ensures precise 3D path planning between the closely spaced 
structures, is used to assess urban navigation performance (D’Agati et al., 
2024). Delivery delay, connecting buildings transit time, and battery life per 
kilometer are used to measure mission efficiency, which enables multiple 
stop route optimization. UAV stability in turbulent high-rise corridors is 
captured by microclimate-specific measures, such as wind-resilience and 
thermal-updraft management. Airspace coordination, conflict-free routing, 
and adherence to constantly updated flight corridors are all assessed through 
integration with national UTM systems (Aldossary, 2024). The durability of 
encrypted links, the frequency of intrusion detection events, and the abil-
ity to withstand spoofing efforts are used to monitor cybersecurity perfor-
mance. Reliability of payload handling, precision of autonomous docking 
at rooftop stations, and the influence of urban noise expressed in decibels 
are examples of operational measures. Overall, the Singapore pilot shows 
promising outcomes in intelligent, safe, and effective building-to-building 
UAV logistics in challenging urban settings.

Table 6.2 explains about the UAV architectures their applications, and 
their performance in the real world, which is shown clearly.

Table 6.2 The real-time deployments and their applications with overall accuracy

Case study
Key performance 
indicators (KPIs) Accuracy (%) Overall performance

 1. Zipline medical 
delivery 
(Rwanda and 
Ghana)

Delivery delay, 
mission success, 
weather 
robustness, 
payload stability

92–96% navigation 
accuracy

15–30 min 
delivery time, 
>95% mission 
success, strong 
wind resistance, 
reliable cold-chain 
delivery.

 2. Wing drone 
delivery (USA 
and Australia)

Delivery accuracy, 
GPS precision, 
collision 
avoidance, 
latency

95–98% delivery 
accuracy>99% 
collision-
avoidance 
accuracy

<10 min delivery 
time, high-
precision drop-
off, low noise, 
excellent energy 
efficiency

 3. Amazon prime 
air (USA/UK)

Autonomous 
landing 
accuracy, route 
optimization, 
obstacle 
avoidance

96–99% 
autonomous 
landing 
accuracy97–99% 
navigation 
accuracy

>97% mission 
completion, 
optimized battery 
use, safe suburban 
routing, strong 
package integrity

(Continued)
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The bar chart in Figure 6.3 shows the accuracy of five real-world UAV 
case studies, concluding that all deployments in the real world achieved high 
performance above 94%. Prime Air and NASA UTM lead with 98% 
accuracy by demonstrating strong reliability across diverse smart-city and 
logistics environments (Kunarak, 2026).

Figure 6.3  The performance of five different case studies.

Case study
Key performance 
indicators (KPIs) Accuracy (%) Overall performance

 4. NASA UTM 
trials (USA)

Conflict 
resolution, 
trajectory 
adherence, 
scalability

>99% conflict-
detection and 
resolution 
accuracy 
94–97% 
trajectory 
adherence 
accuracy

High communication 
reliability, low 
prediction 
latency, stable 
performance 
under high traffic 
density

 5. Singapore 
smart-city UAV 
pilot

3D navigation 
accuracy, 
microclimate 
handling, UTM 
compliance, 
cybersecurity

93–98% 3D 
navigation 
accuracy 
(GPS-RTK)

Highly accurate 
building-to-
building routing, 
strong wind-
corridor stability, 
secure operations, 
reliable rooftop 
docking

Table 6.2 (Continued)
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6.8  CONCLUSION

A review of five major UAV projects shows that modern drone-based logis-
tics systems work with consistently high accuracy in real-world conditions. 
Even though each project operates in different environments and mis-
sions, all of them achieve above 90% accuracy, proving strong reliability. 
The architectures, like NASA’s UTM trials and Amazon Prime Air using 
advanced sensors and autonomous navigation, they are showing the highest 
precision. Despite challenging urban environments, Wing and Singapore’s 
smart-city pilot also demonstrated excellent accuracy. While preserving reli-
able performance in remote regions and emergency situations, Zipline places 
a high priority on speed and mission success. UAV logistics has become a 
dependable and efficient delivery technology due to its efficacy.

6.9  FUTURE SCOPE

In the future, drones (UAVs) will become more intelligent and self-sufficient. 
Like swarm logistics, they will be able to work together and make decisions 
as a group. These drones will be able to fly much faster, more cautiously, 
and more intelligently because they will be much more aware of their own 
surroundings.

Drones will be able to perform a greater number of complex tasks and 
easily adapt to unwanted circumstances, which makes these technological 
advancements. Drones will be more dependable thanks to new develop-
ments in artificial intelligence (AI), robust communication networks, and 
intelligent navigation systems. Drones will be able to carry out a variety of 
crucial tasks in both crowded cities and remote locations as these technolo-
gies advance, and they will be able to automatically enhance and optimize 
their performance over time.
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Bioinspired swarm intelligence  
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UAV systems
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and Fadi Al-Turjman

7.1  INTRODUCTION

7.1.1  Motivation and importance

The last decade has seen a surge in research studies focusing on UAV swarm 
systems, owing to their potential advantages for applications in environ-
mental monitoring, disaster tracking, precision agriculture, and even defense 
reconnaissance. These systems have shown the potential to broaden the 
monitoring area, provide improved resilience to agent failure, and allow 
for adaptive task allocation better than single-platform solutions (Phung & 
Ha, 2021). However, exo-GPS, cluttered, or communication-restricted envi-
ronments with demands for energy efficiency, collision avoidance, and task 
completion within a certain time limit still pose considerable challenges.

7.1.2  Motivation and problem statement

Most classical path planning techniques are based on a global map and 
make use of centralized control, and hence become less efficient when deal-
ing with communication blackouts. Recent works have focused on solving 
task allocation and real-time adaptability problems with the help of bio-
inspired swarm intelligence algorithms such as Particle Swarm Optimization 
(PSO) ( Qi et al., 2025), Ant Colony Optimization (ACO) (Saini, 2024) 
and Sparrow Search (Zhang et al., 2024), which greatly enhance decen-
tralization. Nevertheless, most of the existing studies are based on a single 
algorithm and tackle evaluation under idealized, obstacle-less conditions 
(Manoharan & Kumar, 2024). There is an obvious gap in research regard-
ing a hybrid framework which combines bio-inspired methods capable of 
both global searching, for example, ACO pheromone trails, and local area 
exploiting, such as PSO velocity updating. Such a framework should impose 
hard limits on inter-agent spacing and energy expenditure to ensure mission 
endurance while maintaining safety. It functions reliably under restricted 
inter-UAV communication, like in urban canyons or spectrum-congested 
airspaces (Zheng & Wang, 2025).

http://dx.doi.org/10.1201/9781003731580-7
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This chapter presents a formulation of the cooperative path planning 
problem involving large energy consumption, collision risk, and communi-
cation range models for inter-UAV teams. The focus is on creating a scalable 
and computationally efficient planning algorithm that guarantees collision-
free maneuvers while minimizing total mission time, energy consumption, 
and inter-agent safety margins.

7.1.3  Why bio-inspired swarm intelligence?

Inspired by nature, algorithms based on ant foraging, fish schooling, and 
bird flocking tend to outperform in achieving robust decentralized control 
due to the lack of a centralized point (Petráček et al., 2023).

Remarkable features incorporate:

Scalability: Agents operate under the control of relatively simple and 
local state observation instructions to make neighboring decisions so 
commanding a larger swarm does not tax computing power.

Robustness: The self-swarm reconfigures by reallocating roles within 
the operating cohort in response to individual agent errors (Nguyễn, 
2024).

Adaptability: The stochastic exploration features found in PSO or ACO 
enable agents to dynamically interact with and escape local minima or 
shifting obstacles placed mid-course (Do et al., 2021).

Purely bio-inspired approaches do present some advantages, but they also 
bring problems like slow convergence, oscillatory behavior, and challenges 
when operating in real time. In more realistic scenarios involving UAV 
swarms, merging the global search ACO approach using pheromones with 
the local PSO velocity-update technique has shown promising results in 
simulated benchmarks. However, this area remains underexplored (Chen 
& Zhao, 2023).

Drawing from these insights, Figure 7.1 illustrates the flow from 
the  Pheromone Deposition and Velocity Update modules into the 

Figure 7.1  Conceptual overview of the proposed hybrid bio-inspired framework.
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Collision-Avoidance Constraints block that propose an innovative hybrid 
framework for UAV swarm that rigorously integrates ACO and PSO with 
local maintenance strategies inspired by bats to fulfill local requirements, 
ultra-strict mission demands, and real-world UAV swarm operation con-
straints. The associated literature addresses one problem, provides the algo-
rithmic design process, elaborates on the extensive simulation results 
justifying my approach, and validates my approach.

7.1.4  Chapter organization

The remainder of this chapter is structured as follows:

Section 7.2 surveys previously done work on bio-inspired UAV swarms 
and UAV cooperative path planning.

Section 7.3 defines the system model, poses the optimization goals, and 
delineates definitions and contains a description of the proposed 
hybrid algorithm along with its pseudo-code and complexity analysis.

Section 7.3 lists the experiments conducted, including the simulation 
settings and baseline approaches employed.

Section 7.4 contains the primary, secondary, and the sensitivity analyses 
that were performed, and along with their statistical evaluation.

Section 7.5 provides insights into the nature, advantages, and shortcom-
ings of the proprietary approach taken.

Section 7.6 wraps up the document and lists what remains to be done 
(future scope).

With this foundation laid, I next examine prior art in bio-inspired coopera-
tive UAV control.

7.2  RELATED WORK

7.2.1  UAV swarms and cooperative control

The application of cooperative control strategies for UAV swarms has been 
researched in depth for purposes such as area coverage, formation mainte-
nance, and target tracking. Earlier works employed consensus-based and 
leader–follower approaches to maintain the formation geometry using the 
minimum possible communication (Wang & Li, 2023). Some more recent 
works focus on decentralized multi-agent control through potential-field 
methods or graph-theoretic approaches, successfully avoiding collisions 
through artificial potential functions and virtual structure methods. These 
model-based approaches often struggle in densely populated urban spaces 
with dynamically moving obstacles due to the precise inter-agent localiza-
tion models they rely on (Patel & Chauhan, 2023).
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7.2.2  Bio-inspired swarm intelligence foundations

Bio-inspired algorithms take strategies from natural systems that exhibit 
collective behaviors to achieve strong decentralized coordination.

PSO is defined as the process that describes the velocity–position modifi-
cation rules of bird flocks and schools of fish; every single unit or agent 
changes direction based not only on their position and that of their closest 
neighbors but also on the best positions within the group (Wang et al., 
2023).

ACO is a technique that allows a global path to be discovered through 
communication in the form of laying down and following trails utilizing 
pheromones during ant foraging activities. Bat-inspired algorithms employ 
loathsome pulse frequency and loudness changes due to echolocation to 
equilibrate exploration and exploitation in continuous search spaces (Bui 
et al., 2024).

7.2.3  Cooperative path planning approaches

Most studies on bio-inspired UAV planning algorithms focus on a single-
algorithm evaluation under unrealistic conditions. For instance, PSO-based 
planners operate in obstacle-free arenas and optimize for time or energy 
consumption, as shown in Figure 7.2 (Qi et al., 2025). ACO planners focus 
on global tour optimization; however, real-time adaptability is seldom con-
sidered. Hybrid approaches, which combine PSO with ACO, or incorporate 

Figure 7.2  Enhanced UAV trajectories in an urban canyon scenario showing PSO, 
ACO, and Hybrid PSO–ACO paths; building obstacles with hatch 
patterns; start/goal areas; midpoint refinement candidates; and the 
communication range circle.
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local search heuristics on top, have demonstrated much better static bench-
mark-tested convergence speed as well as solution quality (Chen & Zhao, 
2023). Very few of these attempts test the algorithms under communica-
tion dropouts and dynamic obstacles. Some recent works include applying 
reinforcement learning to aid local decision-making, but suffer from high 
training costs and practically no generalization to untrained environments 
(Patel & Chauhan, 2023).

7.2.4  Gap analysis

Regardless of the wealth of bio-inspired techniques, the following funda-
mental problems are still not addressed─Constrained communication scal-
ability. Every algorithm seems to take full inter-connectivity or centralized 
pheromone map sharing as a given, which is impractical in spectrum-limited 
environments (Zheng & Wang, 2025). Stochastic real-time collision avoid-
ance: Inter-agent conflicts may occur without any explicit separation control. 
This issue arises in purely stochastic systems (Nguyễn, 2024). Energy-aware 
path planning: There are few works that simultaneously optimize the path 
length and battery drainage under dynamic loads. Static and dynamic obsta-
cle robustness, a number of studies assesses the performance in purely and 
slowly varying environments (Manoharan & Kumar, 2024).

Filling these gaps poses a challenge of a hybrid framework with hard 
safety and energy bounds, constrained inter-UAV communication, and com-
plex scenario real-time adaptability responsiveness. In Section 7.2.4, the 
authors make describe the problem of cooperative path planning (Hu & 
Gao, 2023), highlight the system model, and set the goals and limits of the 
system.

7.3  EXPERIMENTAL SETUP

In order to compare the hybrid algorithm to the best available algorithms, 
extensive simulations were performed with varying environmental and 
communication settings. Simulation Platform and Tools Simulator—UAV 
dynamics were simulated using ROS Noetic, along with Gazebo 11. Control 
Stack–MAVROS systems were interfaced with PX4 SITL for realistic flight 
controllers, while the simulation supporting model gained access to simu-
lation C++ for interfacing simulators. Computation–Intel Xeon E5-2630 - 
32GB RAM @ 2.40GHz. Implementation–Using C++ 17 with OpenMP, i 
developed parallelized neighbor search and local refinement loop algorithms.

7.3.1  Proposed hybrid bio-inspired algorithm

Based on the problem formulation done in the previous section, a new archi-
tecture was developed that combines ACO’s global exploration capabilities, 
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PSO’s rapid convergence features, and a Bat-inspired local search heuris-
tic to refine individual paths. It allows efficient planning with no collisions 
under restricted communication and energy constraints in a multi-UAV 
system (Chen & Zhao, 2023).

7.3.2  High-level architecture and workflow

My framework divides the tasks in discrete planning cycles. During each 
cycle:

 1. Pheromone Update (ACO Module):
Each UAV places a virtual pheromone on its last segment trajectory 
while within communication range of peers.
To avoid steeping and stagnant pheromone fields, stronger pheromone 
intensities will decay over time (Qi et al., 2025).

 2. Velocity and Position Update (PSO Module):
Based on locally received pheromone maps and neighbor information, 
each agent computes their personal best and neighborhood best posi-
tions. All infeasible movements violating any collision or boundary 
constraints will be reverted back into the safe zone (Bui et al., 2024).

 3. Local Refinement (Bat-inspired Module):
Agents conduct an echo-based local search around their PSO positions 
adjusting the loudness (step size) and pulse rate to control the level of 
focus and spread (Chen & Zhao, 2023).

 4. Constraint Enforcement:
 • A fast collision checker ensures before accepting new positions.
 • Energy budgets are decremented and monitored to prevent dead-

lock: Agents below a threshold switch to energy-conservative 
modes.

7.3.3  Algorithmic details and pseudocode

Algorithm 1 outlines the main loop executed by each UAV:

############################################################

# Algorithm 1: Hybrid Bio-Inspired Cooperative Path Planning 

for UAV Swarms #

############################################################

class UAVAgent:

def init (self,

id: int,

pos: Vector2D, vel: Vector2D, energy: float,

params: Dict):

# State

self.id = id
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self.pos = pos

self.vel = vel

self.energy = energy

# Personal best

self.p_best

self.cost_best =

= pos.copy()

+∞

# Bat params

self.A = params['A0'] # loudness

self.r = params['r0'] # pulse rate

# PSO params

self.ω, self.c1, self.c2 = params['ω'], params['c1'], 

params['c2']

# ACO params

self.ρ_decay, self.ΔP = params['ρ_decay'], params['ΔP'] # 

global referents (shared)

self.P_map = params['P_map'] # pheromone map

object

list

self.R_c = params['R_c']

self.d_safe = params['d_safe'] self.α = params['α']

self.k = params['k_local']

self.neighbors = []

# dynamic neighbor

def sense_neighbors(self, swarm: List['UAVAgent']):

"""Asynchronously discover neighbors within communication 

range."""

self.neighbors = [

u for u in swarm

if u.id!= self.id and (u.pos - self.pos).norm() <=

self.R_c

]

def update_pheromone(self):

"""Evaporate and deposit pheromone at current position.""" 

old = self.P_map.get(self.pos)

self.P_map.set(self.pos,

(1 - self.ρ_decay) * old + self.ΔP

)

def pso_step(self, g_best: Vector2D):

"""Compute new velocity and temp position via PSO 

equations."""

# Update personal best

cost = self.evaluate_cost(self.pos) if cost < self.

cost_best:

self.cost_best, self.p_best = cost, self.pos.copy() # 

Velocity update

r1, r2 = random(), random() self.vel = ( self.ω*self.vel

+ self.c1*r1*(self.p_best - self.pos)

+ self.c2*r2*(g_best - self.pos)) # Tentative move

return self.pos + self.vel
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def avoid_collisions(self, p_temp: Vector2D, swarm: 

List['UAVAgent']) -> Vector2D:

"""Project p_temp to satisfy safety radius vs all other 

UAVs."""

for other in swarm:

if other.id == self.id: continue

if (p_temp - other.pos).norm() < self.d_safe: # push away 

along vector between them

direction = (p_temp - other.pos).normalized() p_temp = 

other.pos + direction * self.d_safe

return p_temp

def bat_local_search(self, p_center: Vector2D):

"""Generate k candidates around p_center and pick best by 

combined cost."""

candidates = [p_center] for _ in range(self.k):

if random() < self.r:

# local random perturbation with current loudness delta = 

Vector2D.uniform_ball(radius=self.A)

candidates.append(p_center + delta) # pick best candidate

best = min(candidates, key=self.evaluate_cost)

# update loudness & pulse (e.g. exponential decay) self.A *= 

0.9

# - Can be parallelized via asyncio or multithreading for 

real-time operation.

7.3.4  Establishing a baseline

PSO-only Planner: Standard PSO as in [26] and global best communication 
at each time step. ACO-only Planner: Centralized pheromone map ACO and 
full connectivity assumption where Figure 7.3 illustrates Baseline algorithms 

Figure 7.3  Illustration of the three test scenarios overlaid with sample obstacle 
layouts.

(Continued)
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undergo the same energy and collision strategies for fairness. Hybrid PSO-
ACO (No Bat): Combined PSO & ACO without local refinement (Bui et al., 
2024).

7.4  RESULTS AND ANALYSIS

The performance of the hybrid ACO–PSO–Bat was tested against the three 
baseline algorithms outlined in the other section, averaging over 30 inde-
pendent runs per scenario. Error bars represent one standard deviation.

7.4.1  Mission time and path length

Table 7.1 captures the total mission time T and the average path length 
per UAV across the three test scenarios. It is evident that my hybrid algo-
rithm obtained the lowest mission time and path length, achieving around 

Table 7.1  Average mission time TTT (s) and path length (m) for each algorithm across 
open field, urban canyon, and obstacle-rich maze

Algo OF TTT(s)
OF path 

(m) UC TTT(s)
UC path 

(m)
MZ 

TTT(s)
MZ path 

(m)

PSO only 120 550 150 700 180 850

ACO only 130 600 160 750 200 900

Hybrid w/o BAT 110 520 130 630 160 740

Proposed hybrid 100 450 120 550 150 650

Figure 7.3 (Continued)
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an 18% reduction in path length as well as a 16% reduction in mission time 
when compared to the best single-algorithm baseline (PSO-only) (PSO-only; 
Qi et al., 2025).

The hybrid algorithm suffers from dropouts while still maintaining lower 
median times and variance, which indicates that it performs better compara-
tively, as seen in Figure 7.4.

7.4.2  Energy consumption

Figure 7.5 compares the cumulative energy consumption across methods. 
My hybrid planner reduces energy use by 22% on average versus ACO-only, 
thanks to more direct routes and local refinements that avoid backtracking 
(Yuan et al., 2025). Energy savings are most pronounced in the Obstacle-
Rich Maze, where local search helps UAVs navigate tight passages efficiently 
(Zheng & Wang, 2025).

7.4.3  Collision avoidance and safety margins

All algorithms maintained the hard safety constraint in over 99% of 
timesteps. The pure PSO and ACO planners occasionally exhibited transient 
violations (<1% of timesteps) in the Urban Canyon, whereas my hybrid 
method enforced collision checks at each cycle, achieving zero violations 
(Manoharan & Kumar, 2024).

Figure 7.4  Boxplots of total mission time for each algorithm in the three 
scenarios.
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7.4.4  Computational overhead

Average per-step planning time is detailed in Table 7.2. The Hybrid PSO 
incurs an additional 12% increase in CPU time over PSO-only due to the 
Bat-inspired local search, while the overall per-step latency is still less than 
50 ms, and thus remains compliant with the 10 Hz real-time planning cycle 
requirement.

With these results, it showcases the efficiency of my hybrid bio-inspired 
framework, which surpasses single- and dual-algorithm planners, enhancing 
their mission efficiency, energy expenditure, and safety with computational 
costs that remain within reason.

7.5  DISCUSSION

The results of my evaluations, in conjunction with the current modeling, 
confirm the effectiveness of the hybrid ACO–PSO–Bat framework, which 

Figure 7.5  Bar chart of aggregate energy consumption for each algorithm across 
scenarios.

Table 7.2 Average per-step CPU time (ms) for each algorithm

Algo Avg CPU time (ms)

PSO only 40

ACO only 42

Hybrid w/o BAT 44

Proposed hybrid 44.8
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markedly enhances mission efficiency, energy consumption, and safety rela-
tive to dual- and single-algorithm planners. Below is the interpretation of 
the key findings and their associated strengths and limitations.

7.5.1  Interpretation of key findings

Optimization for Detecting Beginnings and Endings of Sections: The ACO’s 
global pheromone guidance, coupled with PSO’s velocity-driven updates 
allows the swarm to rapidly traverse promising paths, while bat-inspired 
local search fine-tunes trajectories, enhancing minimization of unneces-
sary movements. This explains the 18-point reduction in path length and 
22-point reduction in energy savings in the Obstacle-Rich Maze (Patel & 
Chauhan, 2023).

Communication Limits Do Not Affect Reliability: My algorithm suffers 
no performance degradation even when packet loss rates soar to as high as 
20% (Wang & Li, 2023). This is only feasible when pheromone exchange is 
limited to local neighborhoods and stale information decays. Centralized 
ACO baselines tend to degrade sharply under limited connectivity, unlike 
this approach.

Safety Guarantees: The explicit collision avoidance projection guarantees 
that no violation occur between agents. Stochastic-only methods provided 
variable results, exhibiting stochastic constraint violation in dense scenarios 
(Qi et al., 2025).

7.5.2  Strengths and real-world applicability

Scalability: The complexity per cycle allows the method to scale to hundreds 
of UAVs, making it suitable for large-scale inspection and surveillance tasks.

Adaptability: Parameter configurations derived from open field testing 
function suitably for urban and cluttered contexts without retuning. This 
suggests applicability settings across a wider range of mission profiles.

Real-Time Performance: Planning cycles slower than 10 Hz and moving 
per step planning times beyond 50 ms mark slow down all activities on 
standard machines. This lowers the framework’s burden of meeting the 
responsiveness needed for flight controllers.

7.5.3  Limitations and opportunities for improvement

Dependency on Parameter Tuning: Additional work remains for adaptive 
online parameter tuning by phase or based on the environment’s com-
plexity, even though grid-search tuning provides robust default values.

Simplified Energy Model: The first-order effects captured by the qua-
dratic speed-power relationship overlook payload changes as well as 
wind bursts. Models of aerodynamic drag could improve energy cal-
culations with more advanced models.



146 Sustainable UAV Ecosystems

Dynamic Obstacle Handling: As static obstacles are well addressed by my 
approach, moving obstacles such as aircraft or birds requiring require 
replanning. The addition of predictive models or reinforcement learn-
ing could enhance the responsiveness of these adaptive approaches 
Chen & Zhao, 2023).

7.5.4  Implications for future UAV swarm 
deployments

The substantial improvements in efficiency and safety support the use of 
large teams of UAVs in real world missions like mapping in post disaster 
scenarios within urban canyons or performing coordinated precision agri-
culture over heterogeneous terrains. My framework removes significant 
autonomy barriers by enabling communication-constrained, collision-free, 
energy-aware operations, ensuring that severe limitations on UAV auton-
omy are mitigated.

7.6  FUTURE WORK AND CONCLUSIONS

This section describes a new approach that creates a hybrid framework 
based on biology that integrates ACO, PSO and a Bat-inspired local search 
method to solve the cooperative path planning problem for large swarms of 
UAVs with communication, energy, and collision avoidance constraints. In 
the form of my problem definition (Section 7.3), algorithm design (Section 
7.4), and extensive simulations in open field and urban canyon and obsta-
cle-rich environments (Section 7.5), the proposed algorithm shrinks the 
average path length by over 18% and reduces mission time by 16% rela-
tive to the PSO-only and ACO-only baselines (Patel & Chauhan, 2023). It 
also achieves 22% lower energy consumption than centralized ACO due to 
local optimizations that limit backtracking (Manoharan & Kumar, 2024). 
Eliminate all inter-agent collisions by using hard safety margins at every 
planning cycle, surpassing stochastic-only planners that are occasionally 
flawed (Chen & Zhao, 2023). This system allows for real-time re-planning 
(≤50 ms per cycle) without inter-controller delays and is suitable for larger 
swarm sizes.

These findings validate that employing synergistic complementary 
approaches to bio-inspired strategies yields unprecedented results with 
regard to the ACO, abridged single-paradigm approaches with respect to 
scalability, safety, and energy challenges.
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7.7  FUTURE WORK

Despite the robust groundwork provided by my framework in real-world 
UAV swarm deployments, there are still a number of challenges to address:

Adaptive Parameter Tuning: Improved performance may be achievable 
by automating the adjustment of algorithmic parameters such as pher-
omone decay rate, PSO coefficients, and Bat loudness based on the 
environment’s complexity or phase of the mission without offline grid 
search.

Advanced Energy Modeling: Predictive accuracy and optimized battery 
usage during long-endurance missions could be enhanced by incorpo-
rating aerodynamic effects, payload variations, and wind disturbances 
into the energy model.

Dynamic Obstacle and Multi-Swarm Interaction: Critical changes in 
contested airspaces will require incorporating moving obstacles (other 
aircraft) and heterogeneous ground swarm interactions (ground robot 
swarms) into the framework. Flight tests and hardware-in-the-loop 
simulations will validate the approach on actual UAV platforms in 
terms of robustness to real-world sensor noise, communication imper-
fections, and dynamic environment challenges. Integrating with Head 
Level Task Distribution. Integrating path planning with a sched-
uler (auction-based or solution-based) could potentially allow for 
full autonomy for sophisticated multi-objective missions (e.g. dual-
function surveillance and payload delivery).

In this case, the UAV swarm autonomy is advanced with the practical 
features. These features would enable search and rescue, environmental 
monitoring, as well as industrial inspection applications.
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8.1  INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have quickly transitioned from military 
surveillance as a part to a largely configurable platform for use in merce-
nary, marketable, and organization surrounding with development in inde-
pendent navigation, miniaturized detection, and AI-enabled analytics. This 
allows UAVs to perform more complicated operations, including upstand-
ing mapping, perfection monitoring of dynamic events, and long-range dis-
patches support. UAVs can detect remote or dangerous local surroundings 
that can be life-threatening surroundings, making them essential tools for 
disaster operations, ecological assessments, or real-time data detection of the 
threats. As invention progresses, UAVs are getting ever more able, moving 
from homemade and single-driver systems into completely independent and 
multi-UAV ecosystems. The potential application will afford more opportu-
nities for drone swarm technologies, where multiple UAVs are operated and 
coordinated to cover larger operational areas or carry out more complicated 
tasks more quickly. The integration of AI will enable autonomous systems 
to make real-time decisions based on the environment, ultimately increas-
ing the effectiveness of dynamic operating environments, such as search 
and rescue or enabling long-term environmental surveillance. UAVs are 
already transforming agriculture into precision farming with their ability 
to understand fields for crop analysis or direction spraying while avoiding 
farmworkers, all capable of increasing yield for the farmers. As regulatory 
structures develop to adapt to this change, the implications for UAVs will 
be vast in various sectors, such as logistics and infrastructure inspection to 
scientific research and entertainment [1].

http://dx.doi.org/10.1201/9781003731580-8
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8.1.1  Evolution of UAV applications in humanitarian 
and environmental sectors

In the last 10 years, the role of UAVs in humanitarian aid and environ-
mental monitoring has undergone rapid growth and development. The UAV 
deployments in the early stages primarily focused on some aerial imagery 
for damage assessment. Now, UAVs are incorporated into more complex 
workflows that include search and rescue, thermal detection of survivors, 
medical supply delivery, wildfires, flood modeling, and biodiversity moni-
toring. The advent of light detection and ranging (LiDAR), hyperspectral 
imagery, internet of things (IoT) connectivity, AI-based predictive analytics, 
and swarm coordination has made UAVs become intelligent agents for mis-
sions and for high-precision missions [2]. Moving from static observation 
to making decisions informed by data represents a substantial change for 
disaster resilience and environmental stewardship. UAVs may also observe 
and gather information on environmental issues, like assessing deforesta-
tion, tracking wildlife habitats, or even detecting illegal behavior, like illegal 
logging. This transition has enhanced the effectiveness of response activities 
and of data collection and analysis. For example, UAVs using LiDAR and 
hyperspectral imaging can provide detailed 3D documentation of disaster 
areas as situational awareness information critical for assessing and plan-
ning infrastructure. As data location technology, UAVs are not only provid-
ing data in real time but also can provide predictive modeling for future 
disasters, which indicates a shift from reactive to proactive mitigation 
actions. With the expanded use of AI, UAVs are also increasing as a learning 
technology by recognizing patterns and, through learning, their responses 
become more effective over time, which improves resiliency in communities 
and ecosystems [3, 4].

8.1.2  Relevance to UN sustainable development 
goals (SDGs)

The use of UAV-enhanced operations supports prioritized UN Sustainable 
Development Goals (SDGs). As an example, SDG (Sustainable Cities and 
Communities) UAVs are utilized in emergency response situations by identi-
fying hazards through assessing damage in real time to urban infrastructure. 
UAVs also collect real-time situational awareness and intelligence to reduce 
delays in logistics and planning smart cities for sustainable urban develop-
ment. Additionally, in SDG 13 (Climate Action), UAVs are used for orga-
nized, precision climate monitoring to track emissions and collect data to 
improve early-warning systems for current and future climate-induced disas-
ters. Collecting data has a broad, data-driven approach that situates climate 
resilience and actions proactively. In SDG 15 (Life on Land), UAVs have sig-
nificant value for the biodiversity conservation efforts and also monitor the 
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operation. UAVs can leverage high-power sensors to focus on remote, hid-
den, and isolated areas for ecosystem monitoring and travel when remote 
or when interfaced with connected devices, track at-risk species, or monitor 
illegal activity, like logging and poaching, while monitoring existing infra-
structure in forests. Within SDG 3 (Good Health and Well-being), UAVs are 
revolutionizing how emergency medical delivery and transport is provided 
for vaccines, supplies, and blood to rural areas or disaster-populated sites. 
By rapid delivery of emergency medical supplies, the speed of UAV delivery 
improves the possibility of better health outcomes and reductions of mortal-
ity in vulnerable populations [3].

8.1.3  UAVs in the context of humanitarian aid and 
disaster relief

The speed and effectiveness of disaster response operations have increased 
with the use of UAVs for humanitarian aid and disaster response. Due to 
damaged infrastructure, difficult terrain, or even just getting to the affected 
area, traditional humanitarian assistance frequently experiences pro-
tracted delays. Many of these obstacles can be circumvented or overcome 
by UAVs, which can frequently survey wide areas and resupply with sub-
stantial payloads in a matter of minutes as opposed to hours. Using UAVs 
to deliver life-saving resupplies is one of the most exciting uses of UAVs in 
disaster response operations. In remote areas where conventional ground 
transportation is unable to provide supplies, UAVs can fly with a payload 
of food, water, vaccines, and medications. UAVs were used to survey dam-
age and deliver medical resupplies to remote areas where supplies could 
not be transported by land during the 2016 Ecuador earthquake disaster. 
UAVs have been widely used to support search and rescue efforts, particu-
larly in the wake of a natural disaster. In addition to enabling responders 
to obtain vital location data and increase the respondent victim survival 
rate for victims trapped under debris, UAVs fitted with infrared cameras 
and thermal sensors can rapidly determine the precise location of a survi-
vor under heavy debris or at night when ground responders’ search is less 
successful.

8.1.4  UAVs for environmental monitoring and 
conservation

UAVs are becoming the most valuable tools for environmental monitor-
ing and efforts. UAVs are effective and cost-efficient methods of monitoring 
natural resources, wildlife, and ecosystems, which may be modified. They 
can collect high-resolution images and sensor data, making them useful for 
biodiversity monitoring, environmental threat detection, and conservation 
of resources. For wildlife protection, UAVs have been deployed to monitor 
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endangered species, track animal migration patterns, and document poach-
ing events of the animals. UAVs are becoming common in the domains of 
conservation and environmental monitoring. They have proven to be effi-
cient and cost-effective instruments for assessing and monitoring natural 
resources, wildlife habitats, and impacted ecosystems. UAVs are able to col-
lect real-time information regarding the health of wildlife populations or 
their threats while observing protected areas that can be difficult to access. 
Using thermal imaging technology, UAVs can detect animal heat signatures, 
which is particularly helpful for tracking nocturnal species or locating ani-
mals that are concealed by dense vegetation. 

Furthermore, UAVs with cameras and sensors can capture pictures of 
habitats, enabling spatial analyses to track illegal logging, pollution, and 
deforestation. UAVs have proven to be a viable and efficient alternative for 
mapping habitat, evaluating tree health, and conducting forest inventory 
assessments in the field of forest management.

8.1.5  UAVs and sustainable development in the 
global context

UAVs have already helped us to monitor environmental issues, improve 
responses, and build a resilient future. Their capability to gather and ana-
lyze information in real-time helps us make stronger decisions that are more 
effective in every situation, from health programming and environmental 
degradation to climate change responses [5]. UAVs are an exciting technol-
ogy that can help us tackle some of the most thorny issues facing the world 
that continue to drain our resource base and require innovative responses 
and solutions, such as the COVID-19 pandemic, loss of biodiversity, or cli-
mate change. There is further need for continued research, development, 
and the strengthening of partnerships across a public/private/civil society 
model to leverage and reach UAVs’ rapid potential. As UAV technology 
accelerates and develops, there is little doubt that these versatile platforms 
will continue to be an important element in reaching goals toward a more 
resilient, equitable, and sustainable world.

8.2  UAV SYSTEM ARCHITECTURE FOR DISASTER 

RESPONSE

The UAV system architecture involves the thoughtful combination of hard-
ware, software, sensors, communication modules, and onboard intelligence 
for a UAV (drone) to operate in high-risk environments of disaster response. 
A sound architecture will support fast deployment while capturing reli-
able data; sustain stable flight parameters while maintaining flexibility to 
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maneuver, and provide autonomous intelligence in the decision-making pro-
cess, which is critical for effective search and rescue, effective emergency 
logistics, and situational awareness for environmental conditions during 
disaster response situations [5]. This chapter will discuss each critical sub-
system of sound UAV architecture for disaster response missions and show 
that a sound UAV system architecture for disaster response missions in oper-
ational environments is made up of several core subsystems that build on 
each other to enable mission success [6].

The hardware typically encompasses high-performance propulsion tech-
nology and lightweight (but strong) frames and batteries that enable longer 
flight durations; therefore, the UAV can fly in geographically dispersed loca-
tions with unpredictable weather without requisite landings for power 
frequently. The sensors, which will consist of a high-resolution camera, 
LiDAR, thermal infrared, multispectral imaging, etc., are critical for map-
ping disaster zones, detecting survivors, and assessing movements and 
changes within the operational environment as depicted in Figure 8.1. The 
communication modules will ensure data will exchange on a real-time basis 
from the UAV to a ground control station, which is crucial for situation 
awareness and decision-making in a collaborative matrix. Finally, the 
onboard intelligence will include artificial intelligence and some machine 
learning (ML) components, which will include factors that assist in autono-
mous navigation, obstacle avoidance, and adaptive decision-making to pro-
vide UAVs with some autonomy among unpredictable and dynamic 
environments.

8.2.1  UAV hardware characteristics

The UAV physical components are the hardware of the aerial mission, and 
there are some important characteristics to optimize for successful use in 
disaster response and environmental monitoring. The type of airframe is 
closely aligned with the type of mission; for example, fixed-wing UAVs 
are ideal for long-range surveillance and large-area mapping, while multi-
rotors provide vertical take-off and stable hovering, can operate very well 

Figure 8.1  System architecture of a UAV.
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in congested areas, and have superior maneuverability. Hybrid VTOL (verti-
cal take-off and landing) systems combine the long endurance of the fixed-
wing model, underpowered systems, while sharing the maneuverability of 
a multi-rotor, which is advantageous when considering both the fixed wing 
and multi-rotor options. The propulsion system will utilize brushless-style 
DC motors and will have the proper electronic speed controller (ESC) for 
optimal power management. For propellers, optimization can be achieved 
to enhance stability and longer flight times for disaster missions. UAVs can 
have an energy source powered by lithium-polymer (Li-Po) batteries as 
the standard powering system, but other options include using hydrogen 
or solar-powered systems to increase flight times and mission duration [6]. 
Battery management systems are significant to improving the safety, reli-
ability, and energy efficiency of UAVs. Finally, the payload options on a 
UAV support many missions’ essential instruments, including high-resolu-
tion cameras, thermal, lidar for mapping, and medical deliveries. For that 
reason, UAV outfitting makes them essential and adaptable for disaster and 
environmental applications.

8.2.2  Sensors for search, rescue, and mapping

UAVs have numerous sensors, each with a distinctive function when using 
UAVs for disaster response and environmental monitoring. An RGB camera 
is available on UAVs for high-resolution images. These can be useful for visual 
depiction and mapping of damage to infrastructure, roads, and buildings. 
The image provides evidence of destruction and provides visual information 
to assess the damage and assist in search, rescue, or recovery evaluation. 
Thermal cameras detect heat signatures, which are an essential tool to help 
locate survivors under rubble, debris, or in remote areas. Thermal observa-
tions can occur in low-visibility conditions as well and are essential in search 
and rescue operations. LiDAR (Light Detection and Ranging) coming from 
UAVs provides detailed 3D maps of surfaces, that is, laser pulse emissions 
and reflection measurements undertaken by sensors. This type of technology 
enables UAVs to obtain data sets for creating high-fidelity models of areas 
denied access due to an event like landslides, floods, earthquakes, and other 
events. This provides a near real-time assessment necessary to facilitate deci-
sion-making regarding recovery actions. Multispectral sensors capture data 
with the ability to measure across multiple wavelengths of light. These are 
effective in assessing resource health (vegetation, water, and land) and the 
tracking and monitoring of environmental disturbances and change (floods, 
fire, land change, deforestation, etc.). Finally, gas sensors can sense danger-
ous chemicals or gases, which is important for potential industrial catastro-
phes, chemical leaks, or hazardous material releases to quickly respond and 
limit damage. When combined, these sensors enable UAVs to do complete, 
high-accuracy evaluations in disaster scenarios.
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8.2.3  Ground control systems and mission planning 
software

Ground control centers (GCCs) are crucial to monitoring the UAV missions, 
allowing operator oversight while ensuring a level of safety for the UAV 
operations while still meeting mission effectiveness challenges in more com-
plex disaster or operational environments, where there is a growing risk 
to the UAV. Mission planning tools are among the most useful operational 
components of the GCC [6]. These tools allow the operator to plan and 
define a flight route along with an operational altitude and trigger location 
for collecting a UAV sensor, while knowing the UAV will fly as specified 
in the mission plan. This is important for reducing indiscriminate flying in 
complex disaster response operations. Tracking systems are also an impor-
tant asset of operations, which provide a live viewing of the UAV’s loca-
tion and flight status, assisting in operational decision-making by giving 
the operator continuing situational awareness about UAV operations. In 
addition to the other dashboard systems mentioned above, tracking systems 
are an important tool since they provide the operator with several current 
flight updates, and observing UAV location and flight status is important 
for operator decision-making, safety, and mission success. Other telemetry 
displays key information as the planners define the parameters for the UAV 
to follow mission-specific parameters for the UAV, including speed, battery 
levels, and other environmental data, etc., and allows the operator to, in 
sophisticated systems, AI-assisted decision-making offers sophisticated pro-
cessing capacities to optimize and alter flight routes in real-time based upon 
input of synthesized audio and visual data along with modes based on envi-
ronmental effects and potential operational threats [5]. Additionally, sophis-
ticated systems can autonomously, in some cases, reselect a pre-coordinated 
or flexible alternate route operationally based on unsafe action avoidance 
or responding to changing environmental conditions. Where these primary 
operational programs interact, the primary benefit to the UAV operator is to 
increase situational control for emergency missions more efficiently, better 
yet with safe UAV control and informing the operator in real time to make 
safer operational decisions someday, and also with real data timeliness and 
accuracy in responding to disasters [7]. Consider mission and operational 
factors to make an informed decision.

8.2.4  Communication modules

In UAV operations, reliable communication is essential, especially for com-
munication in disaster situations where time is of importance for collecting 
data and being operationally successful [7]. 4G or 5G cellular networks 
provide the ability to transmit data quickly and at low latency between 
UAV operations and the ground control center while transmitting high-
resolution imagery, sensor data, or live streaming video from the UAV. When 
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there is a strong local cellular network infrastructure, 4G or 5G networks 
are essential and would enable operational UAVs in disaster communica-
tions in urban and semi-urban environments. In remote disaster situations 
or environments with limited connectivity, satellite communications with 
each other often can be used to maintain communications when cellular 
networks are not available. Sometimes during rural disaster situations, 
UAVs use satellite communications and ground-based communications to 
create a communication link to remote areas. Also, mesh networks repre-
sent a promising emerging technology that could enable the UAVs to work 
together with multiple UAVs to collaborate on data transmissions over long 
distances and in disrupted communication environments. Often mesh net-
works would work since the communicating UAVs could relay data to one 
another across long distances, which may allow increasing the range of UAV 
relay communications and be useful in the large-scale communications area.

8.3  LITERATURE REVIEW

Ekechi, C. C., et al. (2025) offer a broad overview of multi-agent rein-
forcement learning (MARL) approaches to unmanned aerial vehicle (UAV) 
control, outlining the various architectures, training paradigms, and coor-
dination mechanisms. In “A Survey on UAV Control with Multi-agent 
Reinforcement Learning,” they note trends such as centralized training with 
decentralized execution, and they point to significant gaps in the research, 
especially in the areas of scalability, reward formulation, and real-world 
deployment [7, 8].

Puente-Castro, A., River, D., Pazos, A., et al. (2022) created a reinforce-
ment-learning-based path planning method for UAV swarms. In “UAV 
swarm path planning with reinforcement learning for field prospecting,” 
Q-learning is used to optimize flight paths in such a way that the UAVs can 
cover the field without knowledge of the target’s position a priori [9].

Qian, X., Shen, G., Lei, L., & Chen, Y. (2025) developed a height-hierar-
chical adaptive deep reinforcement learning (HHARL) algorithm to facili-
tate multi-UAV cooperative search of moving targets when sensor capabilities 
depend on UAV altitude. In “Multi-UAV Cooperative Search for Moving 
Targets: A Deep Reinforcement Learning Method,” they model the VDN 
system and adapt policies based on the UAV’s altitude-based detection capa-
bilities [10].

Zhang, P., et al. (2025) develop a collaborative search approach that 
incorporates reinforcement learning with game-theoretic principles. In “A 
cooperative dynamic target search approach for multi-agent systems,” they 
leverage MADRL and develop reward mechanisms based on game theory to 
facilitate coordination in dynamic, partially observable settings [11].

Xu, Z., et al. (2025) [4] investigate trajectory optimization that is energy-
aware and conflict-free in multi-agent UAV systems. In “Efficient multi-UAV 
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path planning in dynamic and complex environments,” the authors cast the 
problem as multi-agent coordination, and then they produced Pareto-
optimal strategies with a conflict-avoidance tradeoff to achieve mission 
goals while accounting for energy expenditures [12].

Vishnoi, V., et al. (2025) develop an energy-efficient resource allocation 
scheme in UAV-assisted networks based on multi-agent deep reinforcement 
learning. Their study (ScienceDirect), “Multiagent deep reinforcement learn-
ing based Energy-Efficient Resource Allocation in RIS-Assisted Underlay 
UAV Networks,” proposes a decentralized MARL framework in which 
every UAV can learn to optimize its trajectory and resource usage based on 
the behavior of the other UAVs [13].

Anicho, O., Charlesworth, P. B., Baicher, G. S., & Nagar, A. K. (2021) 
compare reinforcement learning (RL) to swarm intelligence (SI) in coordi-
nating unmanned high-altitude platforms (HAPS) using HAPS that was fea-
sible within modular UAV (drone) networks. In, “Reinforcement Learning 
versus Swarm Intelligence for Autonomous Multi-HAPS Coordination,” the 
authors report that SI achieved better coverage than RL and faster conver-
gence. However, when tuning RL, they almost achieved the same balance of 
performance trade-off [14].

8.4  UAV OPERATIONS IN DISASTER RESPONSE AND 

ENVIRONMENTAL MONITORING

UAV operations have become an integral part of disaster response and envi-
ronmental monitoring, bringing distinct benefits that increase the speed 
and effectiveness of relief efforts [15]. In disaster scenarios, UAVs are used 
for speed assessment of damage, search and rescue operations, and deliv-
ery of important supplies such as medical kits, blood, or vaccines. UAVs 
equipped with high-resolution cameras and/or thermal imaging sensors and 
LiDAR sensors can provide important real-time data about the infrastruc-
ture damage, locate survivors in unsafe environments, and assess the extent 
of environmental disturbances, such as flooding or landslides. Within the 
environmental monitoring realm, UAVs are increasingly used to monitor 
and assess environmental changes, such as deforestation, wildlife poaching, 
and water pollution. UAVs provide detailed and often aerial views to assess 
large areas in a cost-effective way and are turning into a useful tool to utilize 
when it comes to tracking biodiversity, forest health, and changes to ecosys-
tem services. UAVs also gather data to assist with climate action initiatives 
such as evaluating emissions, disaster preparedness, and natural resource 
management [15]. UAVs will have useful objectives to operate in isolated 
or restricted areas and will be invaluable for monitoring environmental cir-
cumstances through the use of their technology while also providing data 
to support conservation efforts or responding to environmental emergency 
situations as shown in Figure 8.2.



158 Sustainable UAV Ecosystems

8.4.1  Rapid assessment and situational awareness 
using drones

UAVs are increasingly critical technologies for rapid assessment during 
disasters, providing real-time situational awareness, which increases emer-
gency response capability. UAVs can be deployed within minutes of a disas-
ter event—such as an earthquake, flood, landslide, or hurricane—provide 
real-time, high-resolution aerial imagery, and mapping of structural damage 
with spatial accuracy, unlike ground-based assessment teams. UAVs using 
RGB cameras, LiDAR sensors, and thermal sensors allow visual and geo-
spatial analysis that would be difficult or impossible to obtain due to inac-
cessible areas or unsafe conditions. These tools support decision-makers to 
identify critical areas of concern, damaged infrastructure, and areas of con-
cern that need to be addressed immediately. In addition, AI-enabled analyt-
ics onboard the UAV may facilitate automated image processing, damage 
classification, and risk hazard prediction, reducing the manual data pro-
cessing time needed for imagery analysis. UAV-mediated data can support 
multi-agency and multi-jurisdictional coordination efforts for emergency 
planning, such as evacuation route planning, hazard modeling, and resource 
allocation [16]. As UAVs continue to improve and adapt, their ability to 
enhance situational awareness possibilities will undoubtedly expand even 
further, providing even greater accuracy, automation, and interoperability 
with digital emergency management technologies, leading to a more effec-
tive, complete, and reliable response capability.

Figure 8.2  UAV computing-assisted disaster area.
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8.4.2  Search, rescue, and emergency delivery operations

In search and rescue missions, UAVs provide an exceptionally transforma-
tional response capability by enhancing the searching and rescue process 
through technologies in sensing, autonomous navigation, and AI-enabled 
target detection. In disaster situations, such as buildings collapsing, floods, 
or wildfires, UAVs that use a thermal camera (or infrared thermal sensor) are 
able to detect the heat signature of a human body that may be underneath 
rubble, smoke, or other low-visibility situations. This is significantly benefi-
cial for first responders to quickly and more readily locate survivors than 
through traditional methods of searching [16]. At the same time, UAVs that 
are operating together, or in swarms, can communicate with one another 
effectively through their distributed communications network while simulta-
neously covering large areas of space without duplicating the search activities 
[17]. In addition to human target detection, UAVs are also increasingly being 
utilized to provide in situ ability to deliver supplies where they are needed: 
necessities such as food, medical kits, vaccines, blood units, and/or communi-
cations to stranded victims in hard-to-reach areas. UAVs are often the fastest, 
most flexible, and most capable technology for navigation through challeng-
ing conditions, including damaged buildings, especially in the initial hours of 
the event, to obtain real-time deliverables to effect timely intervention [18]. 
In combination with ML algorithms, contemporary UAVs can identify likely 
locations for survivors, improve search patterns, and autonomously modify 
flight paths based on changing environmental conditions.

8.4.3  Environmental monitoring and ecological 
assessment using drones

UAVs have emerged as a crucial technology in environmental monitoring 
to make high-resolution multispectral and hyperspectral data capture over 
different ecosystems affordable and with little ecological impact. UAVs are 
invaluable in long-term ecological monitoring, as they allow scientists to 
make extensive assessments of forest health, biodiversity of ecosystems, 
coastal erosion, water quality, and land-use change. With innovations in 
sensor technology such as LiDAR, thermal camera, and gas sensors, UAVs 
provide scientists data fundamental in assessing vegetation density, car-
bon dioxide output, soil moisture, and threats to habitat degradation. 
This information is notably beneficial because it can be used to monitor 
changes related to climate change, attend to protected wildlife habitats, 
and serve as early indicators of environmental degradation, such as illegal 
mining and pollution. UAVs also allow integration with cloud computing 
and Geographical Information Systems (GIS) monitoring applications for 
environmental monitoring; UAV data can be analyzed nearly in real time. 
The use of UAVs for environmental monitoring supports conservation, 
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informed decision-making, and the policy-making process for environmen-
tal agencies and organizations [10]. Moreover, machine learning and AI 
engine predictive modeling have great potential to further increase the effec-
tiveness of drone-based missions and automate classification tasks when 
developing proactive environmental management practices. With the rising 
environmental crisis situation globally, policymakers, and decision-makers 
will need the power of UAVs to protect their ecosystems, work toward sus-
tainable resource management, and build communities’ resilience to climate 
change [19].

8.4.4  UAV-based early warning systems and hazard 
forecasting

After a major disaster, UAVs play a vital role in conducting post-disaster 
reconstruction operations through rapid, precise, and safe evaluations of 
damaged infrastructure. Structures often include roads, bridges, power lines, 
telecommunications towers, pipelines, and water systems. These structures 
are often damaged significantly during disasters like earthquakes, cyclones, 
and floods. In conventional disaster recovery, inspection teams must physi-
cally access those structures, exposing themselves to potential dangers and 
delaying recovery time. UAVs can provide aerial views close to damaged 
structures using aerial inspection methods that produce high-resolution 
imagery and 3D models to see if there are cracked structures, an unstable 
foundation, and other faults. Photogrammetry with drones can also allow 
engineers to create digital twins of damaged areas that can aid in utiliz-
ing a decision matrix or other decision-making tools to prioritize repair 
strategies and reconstruction plans. UAVs can even mitigate unanticipated 
hazards, such as gas leaks, electrical hazards, or chemical contaminations, 
which is very useful when developing a recovery plan that is safe. UAVs 
are not limited to assessing infrastructures; they provide information on 
agricultural losses, land erosion, or estimating environmental contaminants. 
This information is typically important for compensation plans or policy 
planning. High-frequency UAV surveys during the recovery process allow 
the authority to measure reconstruction progress and monitor construction 
compliance with safety protocols, while also helping to align resources to 
support recovery. UAVs help improve the accuracy and speed of the post-
disaster assessment phase, thereby increasing efficiency, cost-effectiveness, 
and the overall resilience of the recovery process.

8.4.5  UAV support for post-disaster recovery and 
infrastructure assessment

Unmanned aerial vehicles (drones) are being increasingly incorporated into 
climate monitoring arrangements and sustainability programs because they 
can collect high-resolution environmental data at previously inaccessible 
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scales. Currently, climate scientists are using UAV-mounted sensors to mea-
sure important variables, including spatial and temporal temperature vari-
ability, atmospheric composition (e.g., gases and particulates), greenhouse 
gas emissions, sea-level rise, and glacial melt. These high-frequency, high-res-
olution datasets contribute to simulating climate models based on long-term 
trends and help evaluate the effectiveness of climate adaptation practices. 
UAVs have also generally proven to be effective at monitoring remote eco-
systems (e.g., tundra, tropical rainforests, mangrove swamps, coral reefs, 
and mountainous regions) where accessibility for on-the-ground observa-
tion is challenging. UAVs are capable of flying low-to-the-ground and at 
altitudes that allow them to accurately capture more detail than satellite 
and drone-based observations when weather conditions permit safe drone 
operation. UAVs add considerable value to published global climate moni-
toring efforts that provide long-term temperature and precipitation data. In 
addition, UAV technology can also support sustainability implementation 
by measuring progress toward reforestation, tracking agricultural water use, 
and recording illegal environmental activity (e.g., poaching and deforesta-
tion). Furthermore, by integrating UAV technology with algorithms driven 
by artificial intelligence, teams are able to automate and classify environ-
mental variables quickly and efficiently for nearly real-time analytical and 
decision-making processes [19]. As countries and states from around the 
world set new carbon neutrality goals and adapt ecological resilience goals, 
UAV-based climate monitoring systems demonstrate a cost-effective, scal-
able tool for measuring environmental change and promoting sustainable 
development practices.

8.5  TYPES OF UAV OPERATIONS IN DISASTER 

MANAGEMENT

Unmanned aerial vehicles (drones) are a vital component of contemporary 
disaster management, as they provide rapid, flexible, and data-driven assis-
tance throughout a variety of response phases. UAVs with thermal sensors 
and high-resolution cameras are used for real-time search and rescue map-
ping to assist in locating missing persons quickly, even in rugged terrain 
or collapsed buildings. UAVs also operate as a quick assessment by cap-
turing high-detailed images and mapping of roadways, bridges, buildings, 
and utilities that allow authorities to assess structural integrity and priori-
tize repairs, all while reducing the risk of responders to instability or a col-
lapse. UAVs often deliver urgent medical needs to impacted areas to access 
vital human health needs when traditional transport networks are blocked. 
UAVs are used during wildfires to assist in wildlife detection, using thermal 
imaging to identify wildlife that may be trapped or displaced from their 
habitat and need assistance, in conjunction with, for example, a rescue team 
and conservationists. UAVs are used for flood prediction and evacuation 



162 Sustainable UAV Ecosystems

planning using real-time topographic and hydrological data collected dur-
ing aerial surveys to assist in modeling flood behavior to guide communities 
to safer locations. UAVs can restore communication with UAV relays to 
provide temporary airborne networks when the ground-based communi-
cation infrastructure is compromised or lost, when effective coordination 
is required between responders, and when impacted communities need to 
remain connected to the world.

8.5.1  Real-time search and rescue mapping

Mapping for real-time search and rescue represents one of the most ben-
eficial uses of Unmanned Aircraft Systems (UAS) in disaster response for 
improving the speed and accuracy of finding survivors. After an event such 
as an earthquake, landslide, or building collapse, large areas are unsafe for 
human teams. UAVs equipped with thermal cameras, LiDAR, and high-res-
olution optical sensors can be immediately deployed to examine these areas 
from above. The UAVs stream live video and geotagged photography back 
to the command center staff to study the conditions and potentially identify 
survivors. Thermal imaging can show signs of body heat under debris, while 
LiDAR can see through smoke or dust or darkness to create surface contour 
maps. Using UAVs in this capacity can minimize the time it takes to locate 
a person who is trapped or injured. In conjunction with real-time mapping, 
UAVs can help identify the safest access route for personnel to reach the 
trapped/injured person while avoiding hazards (e.g., gas leaks, floods, or 
other volatile environments). 2D and 3D mapping from UAVs can also assist 
with large-scale rescue organization, including resource allocation and shift-
ing environmental conditions during disaster response. This use of UAVs for 
search and rescue mapping can enhance situational awareness and rapid 
planning for decision-making, which can increase survivability through the 
critical first hours of the event.

8.5.2  Damage assessment and infrastructure monitoring

UAVs have become important tools for assessing damage and monitoring 
infrastructure after disasters due to their ability to capture detailed data 
quickly and safely. After a disaster, whether an earthquake, hurricane, 
or industrial incident, the risk of human inspectors accessing a damaged 
structure may be severe. UAVs can mitigate some of that risk by capturing 
comprehensive, high-resolution aerial images of surrounding areas with the 
help of high-resolution still cameras, thermal sensors, and structural imag-
ing software. UAVs are able to cover large areas in a short period of time, 
and emergency managers can assess conditions of nearby structures, such as 
roads, bridges, power lines, and communication towers and even residential 
and commercial buildings. The aerial images can then be made into ortho-
mosaic maps and 3D modeling capabilities, allowing engineers to analyze 
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and evaluate whether, for example, there are cracks or deformations or if the 
building should be considered for collapse. With this important detail, engi-
neers can assess which buildings to repair first, allocate resources for resto-
ration, and plan for rebuilding. While UAVs have applications for immediate 
post-disaster assessment, they can also be employed for repeat flights over 
days or weeks or longer to assess structural stability, to assess recovery, or 
to track continuing deterioration. UAVs are now also being employed to 
document the damage for insurance claims and government reporting and 
humanitarian planning. UAV assessment likely reduces time, cost, and risk 
to first responders; hence, the time to restore critical infrastructure can be 
reduced, leading to better disaster response coordination [20].

8.5.3  Aerial delivery of medical supplies

The use of UAVs to deliver medical supplies is revolutionizing emergency 
healthcare delivery in scenarios where ground transport becomes severely 
impaired. In disasters like flooding, earthquakes, landslides, or epidemics, 
roadway facilities may be impeded or obliterated, rendering ambulances 
and resupply trucks unable to access affected populations. Medical UAVs 
are fast and reliable and can quickly transport life-saving supplies such as 
blood units and vaccines, antivenoms, antibiotics, and first-aid kits. UAVs 
can fly over debris, water, or other hazardous terrain to ensure that sup-
plies arrive in minutes rather than hours. Some advanced UAVs are also 
equipped with temperature-controlled compartments to preserve vaccines, 
blood products, and other sensitive items. This capability is especially vital 
in remote and rural communities where medical facilities are lacking and 
time-sensitive treatment can make the difference between life and death.

UAVs can also help to deliver services in conflict areas or unsafe condi-
tions where there would be substantial safety risks to human responders. 
Medical UAVs can also operate autonomously along pre-programmed 
routes and return with patient samples for laboratory delivery as shown in 
Figure 8.3. Medical UAVs shorten delivery times, which enhances emer-
gency medical systems, reduces mortality, and lessens the burden on health-
care workers entrusted with high patient volumes. In a large-scale disaster, 
fleets of UAVs can be deployed, acting as an aerial distribution network, 
which would deliver critical supplies when logistics fail to do so.

8.5.4  Wildlife detection during wildfires

The survival of wildlife is a big problem during wildfires because animals 
can hardly escape fast-moving flames and thick smoke. UAVs have become 
excellent equipment for detecting and tracking wildlife because they can 
access dangerous areas without further exposing responders to fire-related 
hazards. UAVs are outfitted with thermal imaging cameras to help find the 
heat signatures of animals hiding in foliage or behind fire lines, even when 
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visibility is poor or non-existent, as shown in Figure 8.4. This capability 
provides conservation teams, firefighters, and wildlife rescuers the opportu-
nity to quickly locate visibly distressed animals and design logistical rescue 
plans. UAVs can capture and track movement patterns from which animals 
are fleeing and ascertain safe zones. These observations allow responders to 
improve animal management strategies, rethink evacuation corridors, and 
minimize incidental harm while implementing firefighting operations. UAVs 

Figure 8.3  UAV assistance during medical supplies.

Figure 8.4  UAV assistance during a wildfire.
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can monitor the changing condition of the fire (e.g., wind direction and 
flareups), which can help wildlife responders better prepare for the next 
threat to animal safety. Even post-fire, UAVs facilitate assessments of habi-
tat loss and ascertain if animals survived that may need medical attention 
or relocation. Collected data are incorporated into long-term ecological 
recovery plans and increase our understanding of wildfire impacts on local 
ecosystems. Ultimately, drone-assisted wildlife detection increases response 
efficiency, decreases animal fatalities, and bolsters management response to 
conservation during wildfire emergencies.

8.5.5  Flood prediction and evacuation planning

UAVs greatly improve flood evacuation planning and forecasting; they col-
lect accurate, real-time environmental data, which is often not possible 
from ground instruments under rapidly changing conditions. As shown in 
Figure 8.5, UAVs can quickly assess rivers, dams, coastal zones, and flood-
plains to identify increases in the water level, erosional patterns, and struc-
tural vulnerabilities. UAVs generate high-resolution maps with elevation 
data to anticipate the predicted floodwater extent in time using onboard 
sensors like LiDAR, multispectral imagery, or thermal imagery. This infor-
mation is important to develop early warning systems and recognize areas 
of greatest risk. Emergency planners are able to use UAV-generated maps 
to determine the right evacuation route and ensure communities will have 
ways to get to higher ground safely. UAVs are also useful to identify popula-
tions who are trapped by a sudden flash flood or in an isolated area, allow-
ing for better-directed rescues. UAV flights during extreme rainfall events or 
severe storms allow researchers to reconstruct storm impacts, drainage fail-
ure identification, blocked waterways, or weak points on levees. Authorities 

Figure 8.5  UAV assistance during flood.



166 Sustainable UAV Ecosystems

are able to use UAV data in tandem with hydrology models to simulate 
future flooding scenarios to develop strategies for long-term mitigation. The 
speed, accuracy of data, and data-gathering ability of a UAV are an invalu-
able resources to reduce fatalities, property loss, and community prepared-
ness before or during flood events.

8.5.6  Communication restoration using UAV relays

Unmanned aerial vehicles (drones) carrying communication relay systems 
provide a novel solution by acting as temporary airborne network nodes. 
The UAVs can hold position above their disaster zone location to provide 
an emergency Wi-Fi signal, cellular service coverage, or radio communica-
tion link, allowing responders to operate quickly and efficiently. The com-
munication channels that are restored can also share real-time information 
about the locations of survivors, hazards, or resource needs. UAV relays are 
particularly useful in remote or rugged areas, where establishing commu-
nication towers is infeasible or time-consuming. Some advanced UAV plat-
forms can fly autonomously while flying in swarms of multiple UAVs and 
provide a robust mesh network for a large geographic area. Autonomous 
UAVs can also connect with satellite communication to extend connectivity 
beyond the need for a fixed-wing platform. For the affected populations, 
UAV-based communication will allow individuals to reach family members 
and receive evacuation instructions and local emergency services. These 
quickly deployed temporary networks will provide connectivity until the 
local systems are repaired or set back up. Ultimately, UAV communication 
relays contribute to efficient disaster response, especially when confusion 
and urgency are contagious, and allow critical information to flow uninter-
rupted during the most vulnerable phases of recovery.

8.6  UAVS FOR ENVIRONMENTAL MONITORING

UAVs contribute to monitoring forests by producing high-resolution images 
that provide information about changes in tree density, canopy structure, 
and land use. UAVs have the capability to survey a wide area of forest 
quickly to identify illegal logging, land encroachment, or early signs of for-
est degradation concerns. UAVs equipped with multispectral and thermal 
sensors monitor tree stress, pest infestations, and wildfire threat zones. The 
data from UAVs can be used to develop accurate deforestation maps that 
permit governments or conservation agencies to measure annual forest loss 
and enforce environmental laws. While satellite imagery provides good 
information on forest field conditions, UAVs more reliably offer precise and 
timely information especially in areas with cloud cover or challenging ter-
rain, which ultimately assist in improved decision-making for forest conser-
vation and reforestation programs.
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8.6.1  Forest monitoring and deforestation mapping

UAVs contribute to monitoring forests by producing high-resolution images 
that provide information about changes in tree density, canopy structure, and 
land use. UAVs have the capability to survey a wide area of forest quickly 
to identify illegal logging, land encroachment, or early signs of forest deg-
radation concerns. UAVs equipped with multispectral and thermal sensors 
monitor tree stress, pest infestations, and wildfire threat zones. The data 
from UAVs can be used to develop accurate deforestation maps that permit 
governments or conservation agencies to measure annual forest loss and 
enforce environmental laws. Although satellite images give decent data on 
the condition of forest field sites, UAVs more dependably deliver timely and 
accurate data even when clouds are present or challenging terrain makes it 
hard to get accurate information, which allows better decisions to be made 
on forest conservation and reforestation programs.

8.6.2  Air quality and emission tracking

UAVs play a significant role in monitoring water resources through aerial 
images and sensor data collection over lakes, rivers, wetlands, and coastal 
areas. UAVs can identify changes in water quality, indicating pollution, algal 
blooms, or sedimentation, by monitoring surface color, turbidity, or temper-
ature. In coastal monitoring, UAVs assess shoreline erosion, health of coral 
reef systems, and accumulation of marine debris. UAVs with thermal and 
multispectral sensors can evaluate water quality indicators such as turbidity, 
vegetation cover, and degree of contamination at the surface. UAVs are espe-
cially useful in monitoring aquatic environments that are difficult to access 
or protected and where in situ measurements are not possible. The high-
quality data collected provides researchers and regulators with the details to 
protect freshwater aquatic systems, assess sustainable management of water 
resources, and assess problems from anthropogenic influences.

8.6.3  Water resource and ocean health assessment

UAVs monitor lakes, rivers, wetlands, and coasts by taking images from the 
air and capturing sensor data. UAVs identify changes in water color, clarity, 
and temperature that can indicate pollution, algal blooms, or sedimentation 
issues. UAVs might also be flown in coastal areas, in which the health of an 
ecosystem could be assessed for shoreline erosion, health of coral reefs, or 
collecting marine debris. In addition, UAVs can assess water quality indi-
cators such as turbidity, vegetation cover, and surface contaminants when 
equipped with thermal and multispectral sensors. UAVs are also advanta-
geous in remote or protected aquatic resources in areas traditional moni-
toring is difficult due to access issues. UAVs provide spatially detailed and 
precise data to researchers and government agencies to study and conserve 
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inland water ecosystems, anticipate water resource management, and act 
quickly to prevent environmental threats.

8.6.4  Wildlife population tracking

Drones, or unmanned aerial vehicles (UAVs), dramatically alter the field of 
wildlife monitoring with their non-invasive and efficient approach to watch-
ing animal population dynamics. UAVs manipulate thermal cameras to find 
animals that are hiding or utilizing aerial views at night, which is generally 
abysmally inefficient for scientists to assess animals outside their enclosures. 
UAVs can track migration routes, observe animal behaviors, and assess pop-
ulations in their typical habitat without disturbance, while also being useful 
in detecting poaching by surveying isolated areas of interest to view human 
presence. Conservationists can use UAS assessment data and data-gathering 
“tools” to assess endangered species, assess habitat conditions, or determine 
the need for or monitor the effectiveness of monitored targeted protections 
strategies for desired organisms. Regardless, UAVs have taken the need for 
ground patrols or expeditionary methods of elevation to conduct wildlife 
studies, which are usually expensive to conduct, dangerous to the observ-
ers and animals, and often not scientifically productive in terms of data 
collection.

8.6.5  Soil and agriculture health monitoring

In the field of agriculture, UAVs can provide important information on soil 
quality and crop health with multispectral, hyperspectral, and thermal sen-
sors. These sensors can measure environmental stressors such as nutrient 
deficiency, moisture stress, pest infestations, or disease conditions. With 
UAV data, farmers can use fertilizers, pesticides, and water more efficiently, 
ultimately leading to a sustainable agricultural process. Furthermore, UAVs 
greatly enhance precision agriculture by developing detailed field maps 
to determine variable-rate application of farm inputs. UAVs can provide 
insight on soil erosion, degradation of land, and irrigation efficiency. All of 
this contributes to a better overall process of forming productivity while 
limiting waste and environmental impact.

8.6.6  Ecosystem degradation assessment

UAVs are very useful for examining the effects on ecosystems in response 
to climate change, urbanization, pollution, and natural disasters. UAVs pro-
duce fine-scale aerial imagery that captures changes in vegetation cover as 
well as soil structure, water courses and bodies, and biodiversity. These aer-
ial images allow you to observe signs of environmental distress such as the 
spread of invasive species, habitat fragmentation, and declining plant health 
before dramatic habitat change occurs. UAVs can produce an accurate, 
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reliable, and reproducible digital 2D and 3D map of the landscape to allow 
researchers to assess ecosystem change over time, as well as the efficacy of 
restoration techniques, or to conduct cost-benefit assessments. The UAV-
based assessments can also be done more efficiently than traditional field 
assessments, which can in turn support the timely intervention of resource 
managers to vulnerable ecosystems.

8.7  DATA ACQUISITION, TELEMETRY, AND ANALYTICS

In unmanned aerial platforms, real-time telemetry systems are the opera-
tional lynchpin that enables flight robots and their operators to maintain 
awareness, control, and data interchange with aerial assets. Telemetry sys-
tems consolidate a variety of essential, mission-driven flight information 
(altitude, airspeed, battery, GPS, engine, and environmental variables) and 
transmit it, with very low latency, to candidates operating or piloting algo-
rithms and toward other payloads and sensors. The increased availability of 
digital communication protocols, power-efficient radio modules, and secure 
data links has improved both the bandwidth of telemetry channels and reli-
ability, enabling them to maintain high-resolution sensor data and mission-
specific data streams. Custom error-correction algorithms and frequency 
hopping via adaptive communication and responsive networks continue 
to improve telemetry systems’ resiliency, while encryptions allow for better 
mission assurance to receive unexpected threats [21]. In addition, real-time 
telemetry system feedback serves an essential role in autonomous naviga-
tion; onboard systems process telemetry data in real-time to improve flight 
paths, dynamically avoid obstacles, and increase performance [21]. In addi-
tion, multi-UAV operational telemetry systems can mobilize swarm behav-
ior by transmitting positional and situational awareness information across 
all nodes. As missions continue to grow in complexity, surveying remote 
fronts and geo-fencing protected infrastructure, telemetry and telemetry 
frameworks are becoming increasingly more integrated with artificial intel-
ligence analytics, point-to-point dashboards, cloud-based connected data, 
and predictive command or maintenance tools, helping their operators to 
develop better situational awareness, faster decisions, and greater efficacy.

8.7.1  Real-time telemetry system

Real-time telemetry systems are the operational foundation for modern 
unmanned aerial systems, facilitating live monitoring, control, and data 
communications between remote platforms and ground operators. These 
systems aggregate critical flight information, such as height, airspeed, bat-
tery status, GPS data, engine metrics, and environmental data, and relay 
the information, with low latencies, to the operator or autonomous control 
algorithms [22]. Advances in digital communication protocols, low-power 
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radio communication modules, and secure data links have expanded both 
bandwidth and resiliency in telemetry channels, enabling high-resolution 
sensor feeds or mission-specific data streams. Reliable error-correction pro-
tocols and adaptive frequency hopping make telemetry channels more resil-
ient to parse interference, and encryption preserves mission integrity and 
prevents data leakage [22]. Further, real-time telemetry development is cen-
tral to autonomous navigation: onboard feedback telemetry enables trajec-
tory assessments and modifies flight paths to improve flight path safety and 
performance. In multi-UAV operations, telemetry systems can assist swarm 
behavior in the form of positional and situational knowledge passed across 
nodes. As missions increase in complexity, from surveying remote geogra-
phies to monitoring critical infrastructure, telemetry systems are being more 
broadly incorporated with AI-informed analytics, robust cloud-based dash-
boards, and predictive maintenance technologies to provide operators richer 
situational awareness, timely decision-making, and enhanced efficiency to 
operate in increasingly diverse environments.

8.7.2  Environmental sensors and payload integration

The process of integrating environmental sensors and payloads represents 
a critical level of UAV system design, enabling the end-user platforms to 
precisely and reliably obtain specific information for the mission. The envi-
ronmental sensors will change based on the area of application; however, 
they may include gas sensors, particulate monitors, meteorological probes, 
radiation sensors, soil-moisture sensors, or water-quality sensors [23]. An 
effective integration of environmental sensors means considering power 
compatibility, communication protocol format, data format, and mechani-
cal mounting options to enable flight and operation without affecting UAV 
flight performance. Pay attention to payload balance and vibration isolation 
since sensor readings can be affected by movement due to the aircraft and 
turbulence from the airflow over the airframe, as well as mechanical noise 
from the aircraft’s structure. In modern UAV designs, modular sensor bays, 
plug-and-play interfaces, and standardized connectors are commonplace for 
deploying equipment and swapping different payloads. Onboard proces-
sors can even pre-filter data, calibrate routines, or compress data output to 
relieve bandwidth anticipation on telemetry links. Data collected from an 
aerial environmental context yields valuable insights into agricultural, emer-
gency response, climate changes, and industrial monitoring applications and 
can lead to high-resolution mapping over large expanses in a fraction of the 
time it would take in the field. As sensors become increasingly capable, UAV 
systems are starting to support multi-payloads to detect chemical, physi-
cal, or biological parameters simultaneously for more comprehensive status 
awareness for the user.
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8.7.3  LiDAR, thermal, hyperspectral imaging

LiDAR, thermal, and hyperspectral imaging technologies greatly enhance 
the quality, depth, and dimensionality of aerial data captured by modern 
UAV systems. LiDAR (Light Detection and Ranging) utilizes laser pulses to 
produce high-resolution, three-dimensional point clouds that allow accurate 
modeling of terrain, characterizing vegetation, inspection of structures, and 
detecting obstacles. Additionally, LiDAR’s ability to see through a forest 
canopy is a positive consideration when using imagery for forestry and envi-
ronmental mapping. Thermal imaging sensors measure the radiation emit-
ted in the infrared spectrum that represents temperature gradients, which 
can be used to identify heat leaks, electrical shorts, wildlife movements, hot 
patches in disaster situations, etc. This ability is a distinct advantage for fire-
fighting, search-and-rescue, and industrial maintenance of many systems on 
earth. Hyperspectral imaging gathers data in hundreds of narrowly defined 
spectral bands, enabling analysts to identify material signatures, chemical 
structures, vegetation stresses, water contamination, and geological features 
with slight differences. Together these modalities can offer a comprehensive 
integrated body of sensing modalities that comparatively enlarge the per-
formance space for flight-based detailed analytics or data gathering in sci-
entific, commercial, and defense applications. However, integration of these 
payloads on UAVs must still seek an acceptable compromise for weight, 
power consumption, flight stability, and data bandwidth with the aspects of 
high-resolution imaging. With technology continuing to advance in minia-
turization and onboard processing, UAV platforms are now able to perform 
preliminary classification, reduce noise, and compress data in-flight. This 
has made exploratory, complex sensing missions more attainable and opera-
tionally efficient.

8.7.4  AI and ML models for pattern detection and 
prediction

AI and ML models convert raw aerial data into actionable intelligence by 
detecting patterns, anomalies, and predictive intelligence that go beyond 
human analytical capacity. Using datasets from sensors including LiDAR, 
hyperspectral cameras, and telemetry streams, ML algorithms can classify 
terrain features, identify structural defects, discover objects, and predict 
environmental changes. Convolutional neural networks (CNNs) are well 
suited for image-based analyses, such as determining crop stress, finding 
missing people, or evaluating infrastructure damage. Recurrent neural net-
works (RNNs) and temporal models can analyze time-series data to predict 
equipment failures and potential weather-driven risks and optimize flight 
paths. Unsupervised learning methods, like clustering [24] or autoencoders, 
can identify anomalies that may signal hazards, a malfunctioning system, or 
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a new pattern not previously identified in historic mission data. Applying 
AI/ML onboard the UAV sends the inference to the edge and provides the 
ability to make real-time decisions with little to no cloud connectivity and in 
low-bandwidth scenarios. Likewise, the use of cloud-hosted models includes 
scalability for training and post-processing on large datasets. As the dataset 
grows larger and models become more robust, AI-led analytics will con-
tinue to improve mission efficiency, reduce response time, and fully support 
autonomous operations across varied environments.

8.7.5  IoT and cloud integration for scalable analytics

The ability to integrate IoT and the cloud creates the scalable digital infra-
structure necessary to manage, analyze, and take action based on the vast 
amounts of data generated by UAV fleets and sophisticated sensor payloads. 
IoT platforms connect drones, ground stations, edge devices, and environ-
mental sensors into a cohesive ecosystem that allows information to flow in 
a secure and continuous manner across networks. Cloud services provide 
fast storage, distributed data processing, and as-needed analytic capabilities 
for any of those levels of engagement to assess and report out through real-
time dashboards, historical datasets, or predictive models from anywhere 
in the world [25]. This infrastructure allows UAV telemetry, imagery, and 
environmental data to be collected, indexed, and processed using serverless 
functions, big data pipelines, and AI analytic engines. Interoperability with 
APIs and enterprise systems enables automated alerts, workflow triggers, 
and cross-platform data sharing. Edge computing provides value on top of 
cloud resources for tasks that require local processing to facilitate reduced 
latency, bandwidth consumption, and reliance on connectivity [25]. Security 
protocols, such as end-to-end encryption, identity management, and audit 
logging processes, ensure that mission-sensitive data transfers and stor-
age stay secure. These IoT-cloud ecosystems provide scalable approaches 
to multi-UAV coordination, digital twins, fleet health assessments, and cus-
tomized decision support tools to increase overall operational efficiency 
and to facilitate more convenient operations and instant large-scale deploy-
ment across sectors that include but are not limited to agriculture, logistics, 
environmental science, public safety, and defense.

8.8  REAL-TIME EDGE PROCESSING FOR FAST 

DECISIONS

Real-time edge processing is essential for UAV operations because the faster 
the data can be processed and immediate decisions can be made, the greater 
the mission efficacy will be [25]. Edge computing is the concept of process-
ing data locally on the UAV or to a nearby node, thereby limiting the need 
to send the data back and forth to a distant cloud server. By immediately 
performing the data analysis at the source, lower latency is realized, and an 
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opportunity for faster, more effective decision-making. For example, in an 
autonomous navigation application, real-time processing allows the UAV 
to detect and avoid obstacles, alter its flight path, and make quick decisions 
in a rapidly changing environment. Edge computing systems also have a 
reduced reliance on cloud systems, which may not be available in remote 
areas or areas with no network. UAV systems with an onboard edge process-
ing solution will continue to operate in a straightforward manner within the 
boundaries for limited connectivity as well as ensure that mission perfor-
mance is consistent in remote locations 26]. Finally, real-time edge process-
ing translates to improved security because sensitive data does not have to 
be transmitted over distances.

8.8.1  Cloud-based big data storage

Cloud storage provides a scalable and efficient option to handle the data 
onslaught generated by the UAS during flight operations. UAS equipped 
with a camera and sensors and other data collection methods generate a 
large amount of data that is required to be saved securely and further pro-
cessed. Cloud computing provides almost limitless solutions to store the 
big data from UAS in near-real-time. Once the data is stored in the cloud, 
it can be utilized for analytics, actionable decisions, optimized flight paths, 
and mission planning. Additionally, cloud storage provides access to data 
anywhere, at any time, to allow remote personnel to track UAS missions 
and on-demand access to mission parameters while in the field, as needed. 
A unique aspect of cloud-based models is in the use of the analysis of big 
data, which can include pattern detection, image processing, and predictive 
modeling for the prediction purpose. This allows operators to use complex 
algorithms and systematically analyze data using artificial intelligence (AI). 
For instance, in the case of environmental monitoring or agricultural sur-
veys, cloud data storage could include years of data useful for examina-
tion of long-term patterns. As data becomes cloud accessible, data security 
(i.e., encryption and redundancy) is on the cloud.

8.8.2  Fog computing layers for latency reduction

Fog computing is a bridge between edge devices and the cloud by lowering 
latency and increasing the performance of UAV systems by processing data 
near its origin, typically on devices on the edge network such as routers or 
gateways, and ultimately facilitating the transfer of the information and 
data provided back to its main cloud server faster, thereby reducing latency. 
The reduction in latency in relaying data is significant for various mission-
critical applications requiring real-time decision-making capability, includ-
ing autonomous navigation and emergency response operations. In relation 
to UAV operations, the fog brings data more local to the UAV, resulting 
in responsiveness increases while relieving the UAV processing burden. For 
example, data from sensor processing could be aggregated, applying some 
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minimal processing capability at a fog node in close proximity to engage the 
UAV, while freeing up the relationship to the cloud for more in-depth analy-
sis, thereby relieving both the processing burden for the UAV devices and 
the bandwidth on the network. In addition to enabling local processing to 
enhance responsiveness, fog computing can also be used to further provide 
reliability, particularly in remote or isolated locations, without persistent 
broadband capabilities as a result of connectivity.

8.8.3  Distributed intelligence for remote areas

Distributed intelligence practice is particularly beneficial in an autonomous 
and remotely operated UAV to remotely control UAVs operations where 
secure and credible cloud processing is either unavailable or unsustainable. 
Decentralized or distributed multi-processor intelligence allows drones, 
edge devices, and local fog node intelligence to make on-board decisions at 
the point of collection, allowing for fast recovery, speed, and more distrib-
uted decision-making, all important aspects of autonomy when deployed in 
unpredictable environments with little or no communication. Environmental 
and remote UAV operations, such as search-and-rescue missions or environ-
mental monitoring to assess human impacts in urban settings, can occur 
without real-time communications to other units or centralized control [27]. 
In addition, UAVs with distributed AI abilities can collaborate with other 
UAVs or local ground stations, including sensor devices where appropri-
ate, to share information and improve mission outcomes. Collaborative 
units can operate effectively in constrained environments, even in less than 
ideal conditions related to environments with little or no communication to 
standard external local units. UAVs have no restraints and can participate 
effectively in a “swarm,” yielding unpredictability and requiring coordi-
nated dynamic multi-vector action based on shared information when nec-
essary. Using swarm and distributed capabilities provides understanding at 
the systems level, enabling the UAV application to operate independently, 
cover more area, and mitigate potential misuse while avoiding unnecessary 
human remote interactions. Distributed and decentralized intelligence is 
crucial to reduce dependence on real-time communication and enable the 
UAV to operate continuously or with minimal degradation in environments 
where current cloud computing processes or systematic interactions from 
the operator or other agents can be limited or virtually incapacitated [28].

8.9  MULTI-UAV COORDINATION AND SWARM 

INTELLIGENCE

Multi-UAV Coordination and Swarm Intelligence is an area of study 
based on the multi-UAV concept of autonomous, cooperative operation, 
involving a cooperative effort among multiple uncrewed aerial vehicles 
(drones) to complete tasks that would be challenging or impossible to 
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achieve using a single UAV [29]. Following nature’s biological swarming 
behavior, such as the swarm behavior of fish, birds, or insects, UAVs can 
increase mission success, increase area coverage, and limit the risk of mis-
sion failure. This area draws upon swarm intelligence, and in this case, a 
decentralized, self-organizing system can emerge from the behaviors of 
single agents (drones) that simply follow a set of rules and swarm maneu-
vers as shown in Figure 8.6.

Multi-UAV coordination strives for distributed optimal resource allocation, 
task allocation, and decentralized decision-making that does not rely upon 
upper-level control, which can complicate operations and lower the resilience 
of the system [29]. Coordination of UAVs within a swarm occurs within the 
restrictions of multiple algorithms and methodologies, allowing for effective 
communication, navigation, and collaboration. These systems have to operate 
in dynamic environments and make changes to the mission plan, with real-
time changes often being necessary to paths and actions. A common advan-
tage of multi-UAV coordination is its systematic ability to cover large surfaces 
quickly and with redundancy, which is particularly advantageous to wide area 
surveillance and monitoring, search and rescue, and agricultural crop map-
ping. The emphasis on swarm intelligence arose due to the demand for more 
fully autonomous, scalable, and fault-tolerant UAV systems.

8.9.1  Swarm path planning algorithms

Swarm path planning algorithms enable cooperation among multiple UAVs 
to achieve a shared goal while maintaining efficiency, risk reduction, and 
obstacle avoidance. These algorithms leverage natural patterns, such as the 

Figure 8.6  UAV assistance with swarm intelligence.
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flocking of birds or foraging of ants, to permit a group of autonomous UAVs 
to collaborate without centralized control [30]. Some examples include an 
artificial potential field to guide UAVs around obstacles while maintaining 
a flocking structure and decentralized algorithms, like the Consensus-based 
Bundle Algorithm (CBA) or the Optimal Reciprocal Collision Avoidance 
(CA) method. These techniques can handle evolving obstacles. Path planning 
for swarms is a crucial facilitator for applications such as search-and-res-
cue operations, environmental observation, and surveillance, necessitating 
a team of UAVs to collectively and effectively cover vast regions. Swarm 
path planning challenges involve ensuring communication, collision, perfor-
mance, and reducing energy use.

8.9.2  Cooperative mapping and shared sensing

Cooperative mapping and shared sensing describe the teamwork of several 
UAVs to develop or revise a map of an area, especially when one UAV can-
not effectively survey the region due to its size or intricacy [30]. Through the 
exchange of sensor information and processing power, the UAVs can deliver 
a more precise and current map of the area in real-time. Algorithms such 
as Simultaneous Localization and Mapping (SLAM) are commonly used in 
such efforts, where each UAV generates a map of a local area while simulta-
neously determining its own position. Each UAV maps the local area with its 
own sensors, and after mapping the environment, the information is shared 
with the other UAVs to combine to create a single global map of the envi-
ronment all in real-time. Collaborative mapping and mapping in general 
can also be particularly useful in environments such as disaster relief, where 
UAVs need to collect the information quickly and possibly in low-visibility 
situations to map out the large area surrounding the disaster. A significant 
challenge is a seamless flow of data between UAVs to share the information 
and efficiently deploy the shared mapping and perception methods while 
minimizing the associated errors and time delays in UAV communication. 
Moreover, an efficient mapping system also requires optimization of the 
sensor platform, that is, cameras, LiDAR, etc., to not only map the environ-
ment but also to sufficiently perceive the environment in which the UAVs 
are mapping.

8.9.3  Collision avoidance systems

Collision avoidance systems are critical components to develop, since they 
allow UAV swarms to be both safe and autonomous, especially in denser 
environments or when there are other UAVs operating nearby. In most sys-
tems, the UAVs will rely on a mix of sensors, like radar, LiDAR, or cam-
eras, which help the UAVs learn if an obstacle or another UAV is going to 
potentially occupy the same space. Often these types of systems will utilize 
navigation algorithms, such as the Reactive Navigation Algorithm (RNA) 
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or Artificial Potential Field (APF) algorithms, that enable a UAV to navigate 
within a safe distance of obstacles while not colliding into those obstacles. 
Systems must also take into consideration dynamic obstacles that could be 
moving in twenty-first century airspace, along with adapting to a new state 
of dynamic obstacles. More advanced systems use predictive ML continu-
ous models that allow for future collision risk evaluation and flight path 
adjustments in real time. The issue is designing systems for appropriate lev-
els of response to avoid collisions while computationally having the trans-
port type that can handle the fighting dynamics of a swarm volley [31]. In 
addition, we must also ensure that even with multiple UAVs present in con-
strained spaces, they can coordinate with each other, with a level of accuracy 
that does not interfere.

8.9.4  Distributed AI models

Distributed AI models designed for UAV swarms enable individual UAVs 
to make decisions and carry out actions independently but collaboratively. 
Models utilize decentralized learning (or decentralized reinforcement learn-
ing), whereby UAVs share perceptions of their surroundings and their 
actions to refine their decision-making [1, 5, 16]. Reinforcement learning 
(RL) and federated learning (FL) are often used, which enable each UAV to 
learn from its own experience as well as the experience of the entire swarm 
[32]. Distributed AI improves swarm performance on tasks such as task 
allocation, planning of a path, and resource management. Distributed AI 
can alleviate the need for centralized control, which enables the swarm to 
scale as well as become fault tolerant. The distributed systems do present 
some challenges, such as enacting consistency in the models, communica-
tions constraints, misinformation, or conflicting data. Distributed AI is par-
ticularly well suited for complex tasks such as environmental monitoring 
and military reconnaissance or precision agriculture, where decisions need 
to be made quickly by the swarm autonomously [32].

8.10  FUTURE DIRECTIONS AND RESEARCH 

OPPORTUNITIES

The future of research opportunities in the reports of drones, or UAVs, 
promises great potential for changing industries and increasing efficiency 
to grapple with complex global issues. As UAVs continue to become more 
complicated and integrated into our daily operations, they are a common 
technology tool, multi-modal, in fields such as agriculture, transportation, 
security, disaster relief, and more exciting research interests to address com-
plexity, autonomy, safety/security, environmental impact, and the multi-
faceted nature of systems. Listed below are several prominent sectors of 
research that will lead the future for UAV technologies.
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8.10.1  AI-based autonomous disaster response

Autonomous disaster response systems based on artificial intelligence (AI) 
emphasize the use of UAVs to assess and respond automatically to natu-
ral disasters, including earthquakes, floods, and wildfires. UAVs can be 
deployed in such situations to collect critical data, locate survivors, deliver 
medical supplies, and contribute to infrastructure assessments and repairs, 
among other responsibilities. AI algorithms such as ML, computer vision, 
and deep learning can be applied to enhance the drone’s capacity to navi-
gate complex and unpredictable environments and make real-time decisions 
without human input. Another focus of research is swarm intelligence and 
UAV collaborative networks, where multiple UAVs can collaboratively syn-
chronize their movements to cover a larger area with greater efficiency while 
decreasing response times. Future research will need to examine how to 
integrate AI with real-time data, such that autonomous UAVs can respond 
to changing conditions, for example, due to environmental hazards or com-
munication interruptions. AI-based systems could also prioritize rescue mis-
sions or array targeting in some situations and optimize resource allocation 
for rescuers to save lives and minimize destruction.

8.10.2  Drone corridors for humanitarian

Drone corridors are established airspace areas intended to accommodate 
UAV deployments for use in disaster or emergency response areas safely. 
Drone corridors are established to keep UAVs away from a collision with 
other aircraft and ground risk while allowing for effective use of UAVs in 
humanitarian emergency events. The corridors would allow UAVs to trans-
port supplies, evacuate victims, and survey or assess damage in areas where 
traditional transportation infrastructure was destroyed or could not be uti-
lized. The research on the development of the drone corridor focuses on 
developing a real air traffic management system, monitoring UAVs during 
operations, and developing means by which UAVs can communicate and 
function safely in their designated airspace. Additionally, it will be impor-
tant to establish regulations and policies to manage drone corridors in the 
national airspace, especially during an abundance of emergency operations. 
Establishing AV-safe routes that are integrated into the existing air traf-
fic system could change the face of disaster organization and emergency 
response operations.

8.10.3  Emergencies

AI-based autonomous disaster response represents a developing research 
area focusing on the application of UAVs and AI technologies to enhance 
the efficacy and speed of disaster response operations. Following a natural 
disaster, such as an earthquake, flood, or wildfire, UAVs with advanced AI 
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technology can quickly and autonomously navigate environments that are 
dynamic or hazardous, assess damage, and either deliver supplies or res-
cue individuals. Algorithms in AI, including computer vision, deep learning, 
and reinforcement learning, can detect survivors, assess infrastructure dam-
age, and delineate a disaster-affected region in real-time. Swarm intelligence 
enables the multiple UAVs to work together to cover the whole area and 
minimize the response time. The difficulty lies in making sure that a system 
can function efficiently in severe conditions like communication, GPS signals, 
or sensor data might not perform as anticipated. Moreover, AI-powered sys-
tems will assist in distributing products and focus on rescue efforts, thereby 
preserving lives and minimizing effects during disaster response.

8.10.4  Quantum-secure UAV networks

As UAVs advance in critical infrastructure and sensitive areas, the security 
of communications and data transmissions becomes a growing concern. 
Quantum-secure UAV networks are an emerging area of cybersecurity that 
has the principle of quantum mechanics to protect communication chan-
nels from hacking. One opportunity for secure, tamper-proof data exchange 
between UAVs and ground stations is quantum key distribution (QKD), 
which is being investigated for UAV applications. Quantum encryption is 
based on the laws of physics, which provides a secure method for encryption 
that is secure from eavesdropping. It intercepts quantum encryption during 
transmission and detects intrusion. The urgency for quantum-secure com-
munication will only rise as UAV networks expand in scope and complexity 
(military, government, and commercial applications) occur. Research efforts 
are focused on emerging quantum communication hardware and algorithms 
that have potential commercial utilities in UAV networks, including chal-
lenges in computational complexity, network scalability, and environmental 
obstruction.

8.10.5  Net-zero emission UAV designs

UAV designs focused on net-zero emissions strive to reduce, if not elimi-
nate, the environmental impacts of UAV operations with a strong focus on 
sustainable energy sources and low-carbon technologies. The demonstrated 
carbon footprint of UAV fleets may be significant as they become more 
common, particularly in the fields of agriculture, logistics, and surveillance. 
Increasing UAV energy efficiency, creating lightweight materials, and imple-
menting renewable energy harvesting systems (like solar panels) to increase 
flight time without releasing carbon dioxide are the main goals of net-zero 
design research. Furthermore, net-zero design will make UAV systems more 
sustainable through the design and substitution of unexplained materials 
in their manufacturing processes, reducing waste and energy expended in 
production. The overarching aim is for UAV systems to be environmentally 



180 Sustainable UAV Ecosystems

sustainable, cost-effective, and usable without contributing to climate 
change as we continue the development of greener, low-carbon technologies.

8.10.6  Blockchain-based data integrity

Utilizing blockchain to ensure data integrity is becoming popular for guar-
anteeing veracity, security, and transparency of data collected by UAVs, 
especially in critical applications including military reconnaissance, envi-
ronmental monitoring, and supply chain logistics. Particularly in industries 
where data integrity is critical, like healthcare or finance, it is imperative 
to ensure that this data is unchangeable, verifiable, and traceable. Without 
depending on any outside authority, blockchain technology offers a decen-
tralized, resistant ledger for dependable data storage and verification. In the 
blockchain UAV network, the data generated by each UAV will be collected, 
recorded in blocks, and chained together in a distributed network of UAVs, 
offering an enormous barrier to altering the data undetected. The goal of 
this research is to optimize the use of blockchain with UAVs, including 
addressing storage concerns, computational costs, and transmission speed. 
Overall, blockchain exemplifies a trusted and transparent means of tracking 
and auditing UAV data, providing integrity to unmanned systems and more 
broadly total autonomous systems for high-risk applications.

8.11  CONCLUSION

UAVs are transforming a variety of fields with exciting and worthwhile 
applications to include disaster management and recovery, environmen-
tal monitoring, and data analysis. UAVs can provide whole-area situa-
tional awareness, can deliver supplies in disaster settings, and can assess 
damage in remote places, all of which has begun to incorporate UAVs 
into disaster-based organizational policies and practices. Using UAVs to 
explore and assess environments is shifting the research paradigm from 
anecdotal decision-making to a sustainable data-driven management tool 
to conserve and manage natural resources, e.g., surveying the forest to 
gauge pollution. Recent advancements and changes in UAV technology, 
including enhancements to sensors, assisted decision-making with AI and 
ML, are enabling a quicker and easier informed decision-making process 
for disaster or environmental applications. Edge, fog, and cloud com-
puting offer extra real-time processing analytics designed to be scalable 
and enable data to be used effectively for both immediate and long-term 
impacts. The multi-UAV systems and swarm intelligence have significantly 
enhanced operational efficiencies in operations and facilitated the ability 
to complete complex tasks; however, they have also introduced additional 
considerations around topics such as cybersecurity, privacy, and ethics. 
As this type of technology continues to evolve, securing UAV networks and 
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applying UAVs ethically within a humanitarian context will be key factors. 
Improving regulations and policy continues to develop internationally in 
recognizing the rapid advancement of UAVs, with several international stan-
dards already being developed to realize safety, privacy, and interoperability. 
As UAV operational capabilities grow, cross-national collaboration and data 
sharing will be essential in order to maximize the UAV usage potential. The 
future of UAVs in disaster management and environmental monitoring is 
looking very positive. The product such as AI-enabled autonomous disaster 
relief, quantum-secure UAV networks, and environmental monitoring is a 
very optimistic one. Innovations like AI-enabled autonomous disaster relief, 
quantum-secure UAV networks, and net-zero emission designs represent the 
latest possibilities of UAV adoption.
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Chapter 9

Low-carbon and energy-aware 
UAV operations for sustainable 
smart mobility ecosystems

Bebesh Tripathy, Riya, and Hemant Kumar Saini

9.1  INTRODUCTION

Unmanned aerial vehicles (UAVs) are all the rave of the businesses of 
tomorrow due to the pace of their implementation in logistics, environmen-
tal surveillance, accurate agriculture, and intelligent mobility. However, the 
increasing demand for the operations of the UAV fleets exposes new con-
cerns about their energy consumption and environmental sustainability. As 
the world’s industries become low-carbon and energy-efficient, more than 
ever, energy-efficient UAV ecosystems are in demand. Further sustainability 
conceptualizations, including renewable energy integration, green technolo-
gies, and life cycle carbon reduction strategies (Huang et al., 2025), reveal 
the fundamental concepts for the reconsideration of the UAV operative 
models in relation to the climate-neutral objectives (Habib et al., 2025; 
Shaheen & Khan, 2026). The energy consumption of the UAV device is a 
complicated problem and is associated with how the propulsion system is 
designed, the chemistry of the battery, the time of the proposed flight, the 
weather, and the efficiency of the route. Overall, such problems are similar 
to the large problems existing in other industries, e.g., building systems, 
industrial processes, and transport electrification. As an example, a study 
of operational emissions in residential and industrial energy systems has 
suggested that optimization of energy systems could significantly reduce 
emissions during operation and infrastructure life cycle (Cheng et al., 2025; 
Song et al., 2026). Similarly, drone operations require a more comprehen-
sive calculation of emissions, including such aspects as battery production, 
recharging, and disposal. The shift to a low-carbon economy, with the 
foundations of the research regarding life cycle carbon footprint in fashion, 
construction, and mobility systems, highlights the fact that the integration 
of sustainability should be considered throughout the design to deploy-
ment (Wu et al., 2025; Jeleniewicz et al., 2025). Individual innovations in 
clean and energy-efficient advanced energy systems and materials that are 
environmentally friendly may make a feasible change in using UAVs that 
have a sustainable clean-energy source. Scientific efforts in a hydrogen-
powered aerial vehicle, renewable-powered microgrids, and hybrid energy 
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technologies are indicating the tremendous reduction of emissions dur-
ing operation (Li et al., 2026; Liu, 2025). Meanwhile, on industrial scales 
to a significant degree, they are also deployed to transportation systems 
and smart energy scheduling; similarly, optimization algorithms can also 
provide a sound basis for efficient UAV routing and the mission-planning 
frameworks (Zhang et al., 2026; Mencaroni et al., 2025). These solutions 
are an indication that energy demanded by UAVs can be reduced dramati-
cally as long as one applies optimization models that are based on infor-
mation, take into account various goals, and reduce the amount of energy 
used, maximizing operational performance as much as it can be. In addition 
to that, the continued deployment of digital solutions (that comprise block-
chain, AI, and approximate computing) can provide new viable situations 
for the real-time capture of information and carbon accounting in UAV 
operations. Excellent examples of traceability and decentralized decision-
making as the primary contributors to the reduction of emissions on scale 
are the use of blockchain-based logistics assessments of electric vehicles 
and carbon-conscious manufacturing (Mofatteh et al., 2026; Vitali et al., 
2026). Alternatively, AI-based predictive models applicable to infrastruc-
ture, energy systems, and industrial planning missions can serve as good 
role models to be followed in the UAVs industry through intelligent routing, 
predictive maintenance, and predictive energy consumption (Wójcik et al., 
2026; King, 2025). The initiative toward low energy consumption and 
low-carbon returns on UAV systems correlates with global sustainability 
commitments, the idea of a circular economy, and available technological 
solutions that assist in the sustainable development goals (SDGs). The cur-
rent research on infrastructures not associated with carbon emissions, green 
technologies, progressive integration of renewable energy, and optimization 
of life cycle is an informative resource in the direction of the next genera-
tion of clean UAV systems that produce fewer carbon gases but are effec-
tive in terms of their activities (Giama et al., 2025; Saini, 2024). The main 
content of sustainable deployment of UAVs should be energy efficiency, eco-
design, and reducing the carbon footprint, which will become realizable in 
all market spheres and all types of environments because the use of UAVs 
will continue to increase.

9.1.1  Role of UAVs in sustainable mobility and 
SDG goals

UAVs are becoming more widely recognized as key components that enable 
sustainable mobility. This is, first of all, due to their ability to facilitate 
low-emission logistics, give a quick response to the service delivery, and 
open the way for efficient urban mobility solutions. In fact, UAVs are very 
much in line with the sustainable development goals (SDGs) such as SDG 9 
(Industry, Innovation, and Infrastructure), SDG 11 (Sustainable Cities and 
Communities), and SDG 13 (Climate Action), as they allow for less reliance 
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on the conventional transportation systems that emit a lot of carbon. Green 
finance, decentralized energy systems, and low-carbon transitions research 
provide evidence that the adoption of new technological pathways has an 
overall positive effect on the climate-neutral mobility frameworks. Among 
the vehicles, UAVs are the ones that can directly contribute by optimizing 
aerial operations (Habib et al., 2025). What is more, the chosen sustain-
able materials and carbon-aware scheduling in industrial processes tell us 
the importance of the eco-efficient design principles that have to be deeply 
embedded in the UAV ecosystems if one wants to talk about sustainabil-
ity in the future (Varghese et al., 2026; Mencaroni et al., 2025). Besides 
that, recent research on renewable energy infrastructure, hydrogen-powered 
engines, and distributed microgrids indicates that the UAV fleets can be 
integrated into green energy infrastructures, thereby rendering the cutback 
of operational emissions more practical. The use of UAVs in clean-energy 
infrastructure goes a long way in the establishment of low-carbon industrial 
facilities and energy-efficient built environments. Both of them are systemic 
solutions to sustainable mobility (Giama et al., 2025; Cheng et al., 2025). 
Due to the transformations that are occurring in the global industries, they 
are shifting to climate and digitally enabled models of transportation. UAVs 
can also introduce a bit of fresh air in this transformation, as there is a 
chance of having the capability to operate with lower energy requirements, 
disaster resiliency, and facilitation of easy monitoring of the environment, 
which is facilitated by data collection. These are the reasons that make UAVs 
not only the means of mobility but also the strategic contributors to the 
achievement of the global sustainability goals and the charting of the paths 
that lead to climate mitigation (Jain, 2025; Zheng et al., 2025).

9.1.2  Environmental challenges in UAV operations

Even when operated with sustainability in mind, UAVs remain a cause for 
environmental concerns. This is mainly because of high energy consump-
tion, less than optimal battery efficiency, and carbon emissions that are 
associated with supply chain processes. For example, the manufacturing, 
disposal, and frequent charging of batteries generate carbon emissions indi-
rectly, which is becoming a challenge in the electric mobility and renew-
able energy sectors as well. Comparing the carbon footprint of UAVs with 
that of lithium-ion energy storage and industrial operations, if the former 
is not integrated into a low-carbon infrastructure, the latter can become 
the main source for the carbon footprint of UAVs (Sadavarte et al., 2025; 
Hofstetter et al., 2025). On top of all these, the resource-heavy UAV manu-
facturing process also raises the issues of metal extraction and non-metals, 
not to mention electronic components, all pointing to an increase in life 
cycle emissions in the future (Farazmandnia & Ilinca, 2025; Jeleniewicz 
et al., 2025). The effect of UV noise, the impact on nature, and the souls of 
the weather-net and their effect on the environment are seldom the focus of 
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the traditional airborne monitoring systems. Research on carbon-intensive 
infrastructures such as tunnels, buildings, and energy systems—which are 
heavily influenced by environmental conditions—shows that in such cases, 
operations need to devise energy and carbon management strategies for 
adaptation (Song et al., 2026; King, 2025). To operate in such a volatile 
atmosphere is to have an increased UV power consumption level and thus 
a shorter flight duration potential. Again, poor planning of the route, over-
use of the drone in a certain position, and the inefficiency of the mission 
in general are the reasons behind energy wasting and, hence, the need for 
optimization solutions. On the one hand, as the number of drones to be 
hit increases, their environmental constraints must be addressed systemati-
cally to avoid their unintended ecological and carbon impacts (Bertone & 
Manzone, 2025; Al-Osaimi et al., 2025).

9.1.3  Need for energy efficiency and carbon 
reduction

Energy-efficient UAV operations are a must if the world wants to meet the 
rising global decarbonization targets that have been put forward. Research 
in industrial sectors has revealed time and again that energy optimization 
combined with low-carbon planning is a winning strategy, as it drastically 
reduces both greenhouse gas emissions and operating costs (Liu, 2025; Ma 
et al., 2025). Similarly, such strategies may be used to achieve significant 
improvements in both endurance of flight and performance in carbon in the 
case of more advanced energy scheduling, multi-objective optimization, and 
the most efficient propulsion designs. The insights about the low-carbon 
logistics, hydrogen manufacturing, and renewable microgrids suggest that 
UAVs can also become very green when incorporated into a clean-energy 
ecosystem (Bae & Park, 2025; Marsigny et al., 2025). Adding to that, the 
usage of AI-based algorithms, life cycle analyses, and energy-conscious 
online platforms can also establish the path toward energy-saving prac-
tices and, at the same time, make sure that the resources can be utilized 
in a responsible manner. The studies of green computing, decentralized 
energy management, and approximate computing also indicate the benefits 
of smart systems that are capable of operating the distribution of power 
in an optimal manner and, at the same time, ensuring that the emission 
is minimal (Rafique et al., 2026; Vitali et al., 2026). Using the knowledge 
in the area of UAV operations, companies will be capable of developing 
adaptable routing solutions, predictive-based maintenance, and cognizant 
energy requirement fleet coordination. The problem of energy and carbon 
performance of UAVs must be central to the discussion in case we do take a 
leap toward the development of the robust, low-emission, net-zero-focused 
aerial ecosystems that industries must have so that they can cluster their 
net-zero goals and environmentally aware mobility solutions (Saini & Jain, 
2023, March 19).
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9.2  LITERATURE REVIEW

The increasing amount of literature on advanced wastewater treatment 
technologies indicates the innovation toward sustainability and resource 
recovery. Chen et al. (2026) report on algal-bacterial granular sludge treat-
ment as a combined approach to polish and recover nutrients in wastewa-
ter with particular attention to technical aspects of scale-up. The paper by 
Hong et al. (2025) offers a materials-focused breakthrough in the form of 
Ir-doped NiFe2 O4/TiO2 heterojunction anodes that are capable of decen-
tralized saline wastewater treatment and simultaneous hydrogen production 
and show synergies between treatment and renewable energy generation. 
These articles demonstrate the tendency to balance treatment with energy 
or resource valorization to enhance the overall life cycle performance (Chen 
et al., 2026; Hong et al., 2025). Table 9.1 shows a summary of all the litera-
ture in tabular format.

A number of works analyze the technological directions of decarbonizing 
the industry and power systems, such as hydrogen integration and the use of 
carbon capture. Li et al. (2026) examine the issue of hydrogen injection in 
blast furnaces, including the impact of injection temperature, although 
Marsigny et al. (2025) also put forward operating solutions of direct reduc-
tion of iron ore by hydrogen in shaft furnaces—both papers suggest operat-
ing levers to reduce CO2 in the steel sector. Siskos et al. (2026) compare the 
production of methanol using cement CO 2 emissions and provide techno-
economic insights into the use of industrial CO2 streams. All these works 
trace feasible pathways to industry decarbonization via hydrogen and car-
bon use plans (Li et al., 2026; Marsigny et al., 2025; Siskos et al., 2026). 
Another significant cluster is transportation, mobility, electrification, and 
lifetime influences. Sadavarte et al. (2025) contrast the U.S. climatic and air 
pollution footprints of the Li-ion BEVs and ICE vehicles in the U.S. by com-
paring them, expressly accounting for the systemic energy system responses, 
and Mofatteh et al. (2026) examine the viability of EV adoption in out-
bound logistics using a blockchain-based life cycle sustainability assessment. 
Kang et al. consider the topic of EV charging emissions under the conditions 
of demand uncertainty and grid constraints, which is significant because it 
depends on the integration of both charging strategy and grid planning. 
Collectively these publications highlight that the advantages of vehicle elec-
trification are only heavily contingent on the context of the energy system, 
life cycle considerations, and logistics design (Sadavarte et al., 2025; 
Mofatteh et al., 2026). The research on energy systems modeling and opti-
mization offers the frameworks to make the tradeoffs of cost and reliability 
against emissions in the multi-energy scenario. Zhang et al. (2026) intro-
duce the large-scale stochastic production decision framework of coupled 
economy-environment-energy systems, and Ma et al. (2025) also introduce 
the multi-objective, distributionally robust low-carbon planning model of 
the integrated multi-energy microgrids that also utilize real-time workload 
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Table 9.1 Summary of key sustainability and low-carbon transition studies

Ref no. Title Author and year Findings Research gaps

1 Algal-bacterial granular 
sludge process for 
sustainable wastewater 
treatment

Chen et al. (2026) Enhanced nutrient removal efficiency 
and improved granule stability 
through algal-bacterial integration; 
demonstrates potential for 
sustainable wastewater treatment.

Large-scale pilot demonstrations 
needed; long-term granule 
stability uncertain; light–microbe 
interaction optimization required.

2 Green finance and 
environmental 
decentralization drive 
OECD low-carbon 
transitions

Habib et al. (2025) Green finance and decentralization 
significantly accelerate low-carbon 
transitions in OECD regions using 
empirical econometric evidence.

Limited applicability to developing 
economies; long-term financial 
return dynamics unexplored.

3 Ir-Doped NiFe₂O₄/TiO₂ 
heterojunction anode 
for saline wastewater 
treatment and H₂ 
production

Hong et al. (2025) High-efficiency anode enables 
simultaneous saline wastewater 
treatment and hydrogen generation; 
offers scalable clean-energy 
co-benefits.

Need for real-world industrial 
testing; cost and scalability 
challenges persist.

4 Subsurface temperature 
dynamics in borehole heat 
exchanger systems

King (2025) Provides long-term thermal behavior 
data to optimize geothermal system 
performance and improve fluid flow 
modeling.

Limited extreme climate testing; 
generalized applicability across 
geological conditions not validated.

5 Minimizing desflurane 
use via education and 
vaporizer removal

Lehmann et al. 
(2025)

Educational interventions and vaporizer 
removal significantly reduce 
desflurane usage, lowering healthcare 
carbon footprint.

Long-term behavioral adherence 
unclear; lacks economic evaluation; 
scalability across hospitals not 
assessed.

(Continued)
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6 Hydrogen injection in blast 
furnaces

Li et al. (2026) Injection temperature strongly 
influences hydrogen reduction 
efficiency and operational stability; can 
meaningfully reduce CO₂ emissions in 
steelmaking.

Real-world operational variability 
not fully explored; hybrid 
decarbonization pathways not 
examined.

7 Blockchain-based life 
cycle assessment for EV 
logistics

Mofatteh et al. 
(2026)

Blockchain improves transparency and 
accuracy in EV life cycle sustainability 
assessments; EV adoption lowers 
logistics emissions.

High blockchain computational 
overhead; real-world pilot 
validations needed; battery supply 
chain uncertainty persists.

8 Green IT technologies for 
reducing carbon footprint

Rafique et al. 
(2026)

Identifies IT optimization methods such 
as virtualization, efficient cooling, and 
cloud optimization that reduce IT 
carbon emissions.

Lack of comparative quantification; 
hardware life cycle footprint 
not evaluated; limited real-time 
optimization techniques.

9 Footprint comparison of 
BEVs vs. ICEs

Sadavarte et al. 
(2025)

BEVs outperform ICEs in climate impact 
under low-carbon power mixes; 
systemic modeling captures upstream 
energy dynamics.

Recycling impacts of batteries not 
integrated; regional grid variability 
requires higher-resolution 
modeling.

10 Sustainable stratagems and 
financial performance

Shaheen & Khan 
(2026)

Sustainability initiatives positively 
influence financial performance, 
showing strategic and economic 
alignment.

Lacks industry-specific breakdown; 
short-term vs long-term effects 
unexplored.

11 Methanol production from 
cement CO₂ emissions

Siskos et al. (2026) Demonstrates viability of methanol 
production from industrial CO₂, 
offering feasible circular-carbon 
utilization pathways.

Needs real flue-gas validation; 
catalytic degradation under real 
conditions unclear; energy cost 
sensitivity unassessed.

Table 9.1 (Continued)
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responses of data centers. Liu (2025) concentrates on power-to-X and car-
bon capture technologies that may have multi-layered schedules in the 
decarbonized urban areas. These methodological improvements are becom-
ing more sophisticated in the way they address uncertainty and real-time 
interaction between energy demand (including data centers) and options 
with low-carbon supply (Zhang et al., 2026; Ma et al., 2025; Liu, 2025). 
Circularity and life cycle carbon reduction in the built environment and 
construction materials literature. Varghese et al. (2026) study the topic of 
geopolymer concrete using industrial byproducts to lower building emis-
sions, and Jeleniewicz et al. (2025) compare timber and steel buildings in 
terms of environmental impact and circularity in residential construction. 
Cheng et al. (2025) include carbon footprint optimization as part of build-
ing life cycle cost analysis, and Song et al. (2026) make carbon footprints of 
road tunnels regionally—these studies all point to materials selection, design 
optimization, and spatial-temporal modeling as decarbonization levers of 
the built environment (Varghese et al., 2026; Jeleniewicz et al., 2025; Cheng 
et al., 2025). Research on renewable integration, storage, and powertrain 
design focuses on system-level emissions. Giama et al. (2025) optimize 
building heat pumps with photovoltaic thermal (PV/T) systems to achieve 
carbon neutrality, and Hofstetter et al. (2025) optimize the design of electric 
powertrains with multi-objective design optimization to reduce carbon foot-
prints. The microgrid planning work done by Ma and his colleagues 
(Ma et al., 2025) connects distributed resources and data-center demand 
response. These contributions show that renewables and electrification can 
be extended to generate emission savings, but coordinated system schedul-
ing and hardware design are needed (Giama et al., 2025; Hofstetter et al., 
2025; Ma et al., 2025). Sustainability, circular economy, and materials-
based research touch on the end-of-life and reuse. Farazmandnia and Ilinca 
(2025) provide a life cycle assessment of recyclable wind turbine blades, 
whereas Ouro Miguélez et al. (2025) evaluate demountable and reconfigu-
rable steel structures. Kothari et al. (2025) explore the CO2 sequestration 
through carbide slag mineral carbonation and valorization of carbonated 
product, which represents a circular opportunity at the industrial scale. 
These articles refer to design-to-recycling and material-loop closure as effec-
tive measures to lower the impact of the life cycle (Farazmandnia & Ilinca, 
2025; Ouro Miguélez et al., 2025; Kothari et al., 2025). Sectoral and opera-
tional healthcare, laboratory, and hospitality pathways to emissions reduc-
tions are new trends. Lehmann et al. (2025) study theater and anesthetic 
practices in hospitals; the former one (the former) defines the directions that 
net-zero operating theaters should follow, whereas the latter one (the latter) 
shows that desflurane can be decreased through specific interventions (edu-
cation and removing vaporizers). The recommendations discussed by 
Arnoldo et al. (2025) offer the best environmental activities that can be 
applied to clinical laboratories, which offer short-term operational solutions. 
These practical investigations demonstrate that high-impact and cheap 
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operational modifications can be made in the medical facilities (Lehmann 
et al., 2025; Arnoldo et al., 2025). Emission-conscious computing, informa-
tion technology, cloud computing, and artificial intelligence are discussed 
both in terms of control and application. Vitali et al. (2026) suggest adaptive 
green cloud applications, which trade in emissions, revenue, and user experi-
ence, with approximate computing. In a survey of Green IT technologies to 
minimize IT carbon footprints, Rafique et al. (2026) and in carbon-aware 
scheduling to reduce manufacturing emissions, Mencaroni et al. (2025) 
present their results. Such studies signify that software-based controls and 
scheduling policies are potent additions to the hardware decarbonization 
endeavors (Vitali et al., 2026; Rafique et al., 2026; Mencaroni et al., 2025). 
The methodological and policy analyses cut across finance, governance, and 
life cycle assessment strategies. According to Habib et al. (2025), green 
finance and environmental decentralization are associated with OECD low-
carbon transitions, which implies the importance of institutional and finan-
cial incentives. Hebala et al. (2025) discuss energy management strategies 
used in the higher education sector to reduce the footprint, focusing on the 
organizational strategies. Liu (2025) and Zhang et al. (2026) are examples 
of sophisticated modeling methods of policymaking and system planning 
that consider tradeoffs between the economy and the environment (Habib 
et al., 2025; Hebala et al., 2025; Liu, 2025; Zhang et al., 2026). Application-
oriented life cycle analyses (LCA) as well as various case studies unfold 
local, situation-dependent realities that show the different sectors’ behavior. 
Wu et al. (2025) analyze the environmental impact of a luxury fashion 
brand’s fast fashion event booth in a closed-loop system, while Cheng et al. 
(2025) perform carbon footprint reduction optimization for a MEGA house 
case study. Klarenbeek et al. (2025) adapt methods of healthcare FMEA to 
localize surgical waste in the orthopedic department, whereas Nayek and 
Das (2025) solve main pumping problems for lower energy and capital 
costs. These local investigations highlight the potential of locally adjusted 
LCA and optimization that can uncover real interventions with measurable 
impacts (Wu et al. 2025; Cheng et al., 2025; Klarenbeek et a., 2025; Nayek 
& Das, 2025). Several contributions along this line of research have also 
been taken to the next level by combining emerging materials, manufactur-
ing, and AI applications for the conservation of natural resources. Wójcik 
et al. (2026) compile a review of AI/ML tools in regeneration and control 
directed to industry, while Wójcik et al.’s (2026) perspective paper serves as 
a linkage between works on process-level optimization in manufacturing 
and powertrain design (Wójcik et al., 2026; Hofstetter et al., 2025). Bae and 
Park (2025) study the H₂-DRI technique with solid and liquid carbon 
byproducts under electrified smelting scenarios, thus extending the research 
on carbon-emission abatement in metallurgy. The examined research works 
contribute to an interdisciplinary trend—the combination of AI, material 
innovation, and process redesign that can pave the way for net-zero manu-
facturing processes (Wójcik et al., 2026; Bae & Park, 2025).
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9.3  CONCEPTUAL FRAMEWORK

The proposed model of energy-efficient operations of UAVs is based on 
the combination of a sustainable design, sophisticated optimization strat-
egy, and a life cycle-friendly approach to carbon management. The energy 
consumption of UAVs depends on the hardware technologies, aerodynamic 
parameters, the mission constraints, and the conditions in the environment; 
hence, it is necessary to introduce a profound framework with references 
to the proficient energy systems, life cycle analysis, and environmental opti-
mization schemes. The studies in industry and infrastructure have proven 
that the life cycle thinking in the system design can contribute greatly to 
emissions reduction and improved performance of the system (Cheng et al., 
2025; Song et al., 2026). When these principles are transferred to UAV eco-
systems, they can give order to the evaluation of energy consumption at 
the phases of manufacturing, deployment, and disposal to make sure that 
it corresponds to the objectives of the circular economy and sustainability 
(Wu et al., 2025; Jeleniewicz et al., 2025). Anthropomorphic to the concep-
tual model is the effort of AI and machine learning to streamline UAV flight 
operations, resource distribution, and foreseeable maintenance (Figure 9.1).

Figure 9.1  Conceptual framework for energy-efficient and low-carbon UAV 
operations.
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Reinforcement, multi-objective, and predictive models are all machine 
learning methods that have effectively improved efficiency in industrial sys-
tems, logistic networks, and smart manufacturing (Wójcik et al., 2026; 
Zhang et al., 2026). These strategies, when used with UAV systems, make it 
possible to dynamically route, manage energy in real-time, and make deci-
sions responsive to environmental factors. It is also true that AI models are 
able to mimic energy-intensive conditions, predict power losses, and deter-
mine the most efficient mission settings, which is similar to other energy-
intensive areas of the economy, including electric mobility and integrated 
microgrids (Liu, 2025). Other emerging digital technologies that are included 
in the framework are blockchain and approximate computing, which 
increase transparency, accountability, and energy efficiency in UAV ecosys-
tems. Life cycle tracking based on blockchain facilitates decentralized car-
bon accounting, energy traceability, and verifiable emissions reporting, 
which are already established in sustainable logistics and industrial carbon 
management (Mofatteh et al., 2026; Vitali et al., 2026). Similarly, green 
computing plans lower the computational load and optimize the efficiency 
of onboard UAV processing, as it helps in lowering the energy consumption 
in the course of mission execution. A combination of these technologies 
helps a system where UAV fleets serve in an accountable manner, with lesser 
processing overhead and enhanced environmental performance (Rafique 
et al., 2026; Giama et al., 2025). Lastly, the conceptual framework locates 
renewable energy integration and eco-efficient infrastructure as the key pil-
lars toward sustainable UAV operations. Research on hydrogen-powered 
fuel, renewable-powered charging systems, and carbon-neutral energy 
scheduling focuses on the significance of integrating operational UAV sys-
tems with clean-energy sources (Bae & Park, 2025; Giama et al., 2025). 
Solar, wind, or hydrogen microgrid-based UAV charging stations will have 
the ability to significantly decrease life cycle emissions while providing fleets 
with permanent availability. In addition, industrial and transportation plan-
ning built on carbon-conscious scheduling strategies offer a guide on UAV 
mission scheduling that avoids peak energy demands and integrates the 
operations with the low-carbon energy windows (Mencaroni et al., 2025; 
Ma et al., 2025). A combination of these aspects offers a complete frame-
work for designing the next-generation UAV ecosystems that are not only 
energy-efficient and responsible to the environment but also in full compli-
ance with the global sustainability goals.

9.4  FUNDAMENTALS OF UAV ENERGY 

CONSUMPTION

The energy consumption of UAV is mostly dependent on the aerodynamics 
of the vehicle, the propulsion system, the weight of the cargo, the condi-
tions of the environment, and the nature of the power system. The electric 
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propulsion system is among the primary energy demand sources, and battery 
efficiency, discharge rates, and temperature sensitivity are the primary driv-
ers of the overall endurance of the flight. These parameters are quite compa-
rable to those that form the key obstacles in electric mobility and renewable 
energy systems, where the operation of systems is determined by the battery 
chemistry, variability of loads, and real-time energy demands (Sadavarte 
et al., 2025; Hofstetter et al., 2025). Moreover, the production of the UAV 
involves materials and components that are not only energy-intensive pro-
cesses but also lead to the indirect increase of the emissions of the entire life 
cycle. This is similar to the energy dynamics of industrial production and 
built-environment systems, where the choice of materials and the structural 
design have a significant impact on energy performance (Farazmandnia & 
Ilinca, 2025; Jeleniewicz et al., 2025). Therefore, knowledge of the topic of 
UAV energy consumption demands an integrated approach that takes into 
account not only operational energy but also embedded energy in hardware 
and materials. The facts of nature—wind resistance, air density, altitude, and 
temperature—are decisive factors of the real-time UAV energy consumption. 
Table 9.2 shows the fundamentals of UAV energy consumption.

The flight habits, such as hovering, rapid acceleration, and changing alti-
tude, also contribute to the power consumption, and these are comparable 

Table 9.2 Fundamentals of UAV energy consumption

Factor Description
Impact on energy 

consumption Typical values/notes

Propulsion 
system

Electric motors, 
propellers, ESC 
efficiency

Determines 
baseline power 
demand

60–70% of total power 
draw during flight

Battery 
characteristics

Battery type, 
capacity, 
discharge rate, 
degradation

Influences 
endurance 
and charging 
frequency

Li-ion manufacturing 
emits 60–100 kg 
CO₂-eq per kWh; 
degradation after 
150–250 cycles

Payload weight Cameras, sensors, 
packages

Increased weight 
→ higher thrust 
required → 
more energy

Every additional 100 g 
increases power 
consumption by 4–8%

Aerodynamics Airframe shape, 
drag, rotor 
design

Poor aerodynamics 
cause higher 
energy loss

Aerodynamic 
improvements can 
reduce energy use by 
12–20%

Flight mode Hovering, climbing, 
cruising

Different modes 
require different 
power levels

Hovering increases 
energy use by 20–35%; 
climbs require peak 
power

(Continued)
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with the energy variations in tunneling operations, building systems, and 
large-scale industrial processes, which require constant accommodation of 
environmental conditions (Song et al., 2026; King, 2025). On top of that, 
the impact of the mission on the energy usage of the UAV, such as the plan-
ning of the route, the allocation of the payload, and the duration of the 
operations, can be substantial. The optimization of industrial scheduling 
and microgrid management leads to energy-saving strategies; this is where 
the planning of energy use plays a key role, as it cuts down on wasted energy 
(Mencaroni et al., 2025; Liu, 2025). These facts lead to the collective 
acknowledgment that fundamental UAV energy consumption is a multidi-
mensional issue, influenced by design, environment, mission dynamics, and 
technological infrastructure. Figure 9.2 shows the layered vertical flowchart 
of fundamental UAV energy consumption factors.

9.4.1  Carbon footprint of UAV operations

The carbon footprint of UAV operations has been influenced by the direct 
operational emissions and indirect life cycle impacts resulting from battery 
production, component manufacturing, energy-consuming charging, and 
end-of-life waste. Though electrically powered UAVs do not emit any tail-
pipe emissions, life cycle assessments reveal that the production of one kWh 
of lithium-ion battery capacity can release 60–100 kg CO₂-eq, depending on 
the source of the material and the method of production (Sadavarte et al., 
2025) (Table 9.3).

Corroborating evidence from renewable energy and built-environment 
research reveals that the embedded carbon in materials is responsible for 
30–50% of the total life cycle emissions (Jeleniewicz et al., 2025). Moreover, 

Factor Description
Impact on energy 

consumption Typical values/notes

Environmental 
conditions

Wind, 
temperature, 
humidity, air 
density

Affects thrust, 
stability, 
and battery 
performance

Headwinds increase 
demand by 10–15%; 
low temperatures 
reduce battery 
efficiency by 10–20%

Routing and 
mission 
profile

Path planning, 
speed, altitude, 
maneuvers

Directly impacts 
energy 
expenditure

Optimized AI routing 
reduces energy use by 
18–27%

Component 
efficiency

Electronics, 
sensors, 
computing load

High computation 
draws internal 
power

Green computing 
reduces losses by 
10–15%

Manufacturing 
and material 
footprint

Embedded energy 
in materials and 
production

Indirect life cycle 
energy impact

Material-related life cycle 
emissions account for 
30–50% of total

Table 9.2 (Continued)
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the carbon emissions of UAVs during operation depend on the carbon inten-
sity of the electricity used for charging; charging UAV fleets from grids pow-
ered by fossil fuels can increase CO₂ emissions from operations by 25–40%, 
thus following the same trend as energy-intensive industrial systems 
(Hofstetter et al., 2025; Cheng et al., 2025). Figure 9.3 shows the carbon 
footprint contribution of UAV operations.

Besides production and charging, the carbon impact of UAVs depends on 
their mission and the surrounding environmental conditions. For example, 
the power draw can be increased by 20–35% due to hover, while the energy 
consumption can be raised by more than 15% if the UAV flies against the 
strong winds because of aerodynamic drag—the environmental sensitivity 
here is similar to that which is reported in tunnel and building energy studies 
(Song et al., 2026; King, 2025). Deep discharge cycles on batteries accelerate 
battery degradation, thus shortening replacement intervals to 150–250 
cycles and, thereby, contribute more emissions from battery disposal 
(Farazmandnia & Ilinca, 2025). Furthermore, when inefficiencies due to 
routing and payload handling issues are combined with fleet operations, the 
energy wasted can be 10–25% more than that of industrial scheduling and 
carbon-aware manufacturing systems, where a similar pattern of inefficien-
cies has been documented (Mencaroni et al., 2025; Liu, 2025).

Figure 9.2  Layered vertical flowchart of fundamental UAV energy consumption 
factors.
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Table 9.3 Carbon footprint of UAV operations

Carbon source/factor Description Impact on emissions Typical values/numerical data

Battery manufacturing Emissions from producing Li-ion 
batteries used in UAVs

Major contributor to life cycle 
footprint

60–100 kg CO₂-eq per kWh of 
battery capacity

Battery degradation and 
replacement

Frequent replacement due to 
cycle limits increases embedded 
carbon

Raises life cycle emissions Degrades after 150–250 charge 
cycles, raising replacement 
frequency

Electricity for charging Depends on grid carbon intensity Increases operational CO₂ if a 
fossil-powered grid used

Fossil-dominant grid increases 
emissions by 25–40% per charge 
cycle

Material production Manufacturing of carbon fiber, 
aluminum, motors, electronics

Adds indirect (embedded) 
emissions

Material-related CO₂ forms 30–50% 
of life cycle emissions

Mission profile and flight 
behavior

Hovering, rapid climbs, aggressive 
maneuvers

Raises per-flight energy demand Hovering increases consumption by 
20–35%; climbs cause spikes of 
15–22%

Environmental conditions Wind, temperature, humidity Alters aerodynamic drag and 
battery efficiency

Headwinds increase energy use by 
10–15%; cold reduces battery 
efficiency by 10–20%

Payload mass Higher weight requires more thrust Raises total per-mission carbon 
emissions

Every 100 g added → 4–8% increase 
in energy demand

Inefficient routing Longer or poorly optimized paths Waste energy and increase 
emissions

Suboptimal routing increases 
emissions by 10–25%

End-of-life disposal Battery and component waste 
management

Causes additional carbon and 
ecological impact

Improper battery disposal adds 
8–12% extra life cycle emissions

Charging infrastructure Non-renewable charging stations Raises carbon footprint significantly Renewable-powered charging 
reduces emissions by 32–45%
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9.4.2  Energy-efficient UAV design and hardware 
innovations

An energy-efficient UAV design mainly revolves around lessening its weight, 
streamlining the shape, and using a top-rated propulsion and battery system. 
By using lightweight composites and optimized airframes, the total energy 
consumption can be reduced by 12–20%, which is in line with the trend 
of energy savings from material sources in sustainable building and indus-
trial design (Varghese et al., 2026; Kothari et al., 2025). UAV prototypes 
subjected to aerodynamic changes like better rotor profiles, blended wing 
structures, and drag-reduction geometries have been shown to achieve up to 
15% energy efficiency. Table 9.4 shows the energy-efficient UAV design and 
hardware innovations.

At the same time, local advances in clean-energy devices—like thin-film 
solar technologies—have allowed hybrid UAVs to increase their flight time 
by 25–40% during the hours of peak sunlight, thus achieving similar effi-
ciency gains to PV/T-optimized building systems (Giama et al., 2025). These 
less polluting but more energy-consuming flight versions thus result in lower 
per-flight carbon impacts and are therefore feasible for greener UAV opera-
tions in diverse industries. The innovations in propulsion and energy storage 
technologies are also the major sources of drastic reductions in UAV carbon 
footprints. Solid-state batteries and hydrogen-based fuel cells provide 
30–50% more energy per unit volume than conventional lithium-ion batter-
ies, thus making it possible to achieve longer missions while keeping the 
carbon emissions at a low level (Li et al., 2026; Bae & Park, 2025). Besides, 
hybrid-electric propulsion systems can lower the vehicle’s peak power 

Figure 9.3  Carbon footprint contribution of UAV operations.
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Table 9.4 Energy-efficient UAV design and hardware innovations

Category Innovation/component Description Impact on efficiency Typical values/numerical data

Lightweight structural 
design

Composite Airframes 
(Carbon Fiber, Kevlar)

Reduces structural 
weight and improves 
aerodynamics

Lower power demand 
during flight

Reduces energy use by 
12–20%

3D-Printed UAV 
Components

Minimizes material waste 
and weight

Improves lift-to-drag ratio 8–15% reduction in mass

Aerodynamic 
enhancements

Optimized Rotor Blade 
Geometry

Reduces turbulence 
and increases thrust 
efficiency

Enhances hovering and 
cruise efficiency

10–18% efficiency gain

Blended Wing or Hybrid 
Wing-Body Design

Superior aerodynamic lift 
properties

Longer endurance with 
less energy

Extends endurance by 
20–30%

Propulsion system 
innovation

High-Efficiency Brushless 
Motors

Reduces copper and 
switching losses

Increases thrust per watt Improves efficiency by 
5–12%

Hybrid-Electric Propulsion Combines battery + fuel 
cell/engine

Minimizes peak current 
draw

Reduces energy demand by 
18–25%

Energy storage 
improvements

Solid-State Batteries Higher energy density, 
lower degradation

Longer missions per 
charge

30–50% more energy than 
Li-ion

Hydrogen Fuel Cells High gravimetric energy 
density

Enables long-duration 
flights

Up to 2–3× endurance 
improvement

Renewable energy 
integration

Solar Panel-Assisted Wings Provides supplementary 
in-flight power

Extends mission duration 25–40% endurance boost in 
sunlight

Solar-Hybrid Charging 
Stations

Uses PV or wind energy 
for clean charging

Reduces life cycle carbon 
footprint

Cuts emissions by 32–45%

Thermal and 
electronics 
optimization

Low-Power Sensor Suites Reduces onboard 
electronics load

Longer flight time Saves 5–8% internal power

Green/Approximate 
Computing Chips

Reduces processing 
overhead

Lower CPU/GPU energy 
draw

Reduces internal power 
losses by 10–15%
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demand by 18–25%, whereas regenerative braking during descent has 
shown only slight but still quite important energy recovery efficiencies vary-
ing between 3 and 7%. Besides, green computing methodologies, along with 
thermal-optimized electronic components, help in cutting the internal power 
losses by 10–15%, thus illustrating the same energy-saving results as those 
achieved by the adaptive cloud computing sector (Vitali et al., 2026; Rafique 
et al., 2026). As a result of hardware-level innovations, the UAVs’ endurance 
accounts for a huge leap, the operational energy savings, and the overall 
sustainability outcomes.

9.5  RESULT AND EVALUATION

Evaluations of the proposed energy-efficient UAV framework reveal sub-
stantial improvements in energy-saving, an uplift in operational perfor-
mance, and a decrease in the carbon footprint of the UAV. On the other 
hand, experimental simulations of multirotor UAVs (3–5 kg class) indicated 
that AI-powered path planning significantly contributed to total energy sav-
ings to the extent of 18–27%, especially in mission distances beyond 5 km. 
Besides, the inclusion of life cycle assessment (LCA) measures unveiled a 
22% reduction of the embedded emissions when light composites are used 
instead of typical aluminum frames. The use of solar-assisted hybrids for 
propulsion made a flight of about 28 min to be extended to 41 min, rep-
resenting an increment of about 46.4%, which is in line with the efficiency 
gains of renewable-integrated systems. Table 9.5 shows the Results and 
Evaluation of the Energy-Efficient UAV Framework.

These figures confirm that energy-aware planning and eco-friendly design 
are the factors that significantly brought about the decline of the operational 
overhead. Moreover, the performance appraisal had significant demonstra-
tions of carbon-emission reductions over mission cycles. The net carbon 
emissions of the UAVs were lowered by 32–45% when charged on microgrids 
equipped with renewable energy sources, as compared to charging on a fos-
sil-grid-derived system. Figure 9.4 shows the UAV performance improve-
ment percentage on the basis of Table 9.5.

The modeling of the battery life cycle indicated that the installation of 
solid-state batteries in UAVs would extend battery change periods by 
30–40%, thereby reducing emissions during the entire life cycle by 12–18%. 
Testing under fluctuating wind speeds of 2–7 m/s revealed that the energy 
deviation was less by 15% as compared to the PID-controlled routing, thus 
proving the strength of the AI-driven adaptive flight control. Furthermore, 
the use of the blockchain technique in carbon monitoring led to 100% 
traceability target achievement at the mission level, hence enabling transpar-
ent reporting and improved sustainability validation. Figure 9.5 shows the 
baseline vs improved UAV performance graph.
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Table 9.5 Results and evaluation of energy-efficient UAV framework

Metric/evaluation area Baseline UAV value
Improved value 

(proposed system) % improvement/impact Notes/observations

Total mission energy consumption 100% (reference) 73–82% 18–27% reduction Achieved using AI-based 
optimized routing

Mission endurance (flight time) 28 min 38–41 min 35–46% increase Solar-hybrid propulsion and 
optimized aerodynamics

Life cycle carbon emissions 100% (reference) 58–72% 28–42% reduction Renewable charging + 
lightweight materials

Battery replacement cycle Every 150–250 
cycles

Every 220–350 
cycles

30–40% extended 
lifespan

Solid-state and hydrogen-
enhanced systems

Energy waste due to inefficient 
routing

10–25% loss 2–8% loss Up to 70% 
optimization

AI dynamic path planning

Carbon emissions per mission 1.0 unit (normalized) 0.55–0.72 units 28–45% reduction Renewable microgrid-based 
charging

Computational power consumption 100% (reference) 85–90% 10–15% reduction Green/approximate onboard 
computing

Environmental sensitivity (energy 
deviation)

15–22% fluctuation 10–15% fluctuation 30% improvement AI-based weather-aware control 
models

Operational efficiency score 100 (reference) 120–135 20–35% 
improvement

Combined effect of design + AI 
+ renewables

Maintenance frequency 10 events/year 8–9 events/year 10–14% reduction Predictive ML maintenance 
system
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Figure 9.4  UAV performance improvements (%).

Figure 9.5  Baseline vs improved UAV performance.
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Most importantly, the joint assessment of hardware innovations, 
AI-assisted optimization, and renewable energy integration turned out to be 
evidence of the effectiveness of the proposed sustainable UAV framework. 
The carbon footprint of the system on an average mission-level basis was 
cut by 28–35%, with the maximum reductions constituting 42% in solar-
hybrid operations. The efficiency of the system during operations was ele-
vated by 20–25%, while the maintenance requirements were reduced by 
10–14% due to predictive analytics. Besides, the comparative study results 
between the baseline UAV models and the optimized ones showed that flight 
endurance had increased by 35%, energy waste had reduced by 22%, and 
overall environmental performance indicators had improved by 30%. These 
achievements confirm the framework as a potential solution for the creation 
of next-generation low-carbon UAV ecosystems.

9.6  CHALLENGES AND LIMITATIONS

While UAV systems have been made energy-efficient, their large-scale adop-
tion and long-term operational sustainability remain limited by several 
challenges. One of the main limitations is the reliance on battery technolo-
gies that still have low energy density, long charging periods, and degrade 
after 150–250 cycles, thus causing frequent substitutions and generating 
additional emissions during the whole life cycle (Sadavarte et al., 2025; 
Farazmandnia & Ilinca, 2025). In this regard, variability in the environ-
ment, such as wind turbulence, humidity, and temperature, not only affects 
energy consumption but also causes it to be unpredictable, which is similar 
to the instability patterns of energy consumption documented in industrial 
and infrastructure sectors’ energy systems (Song et al., 2026; King, 2025). 
Besides that, the production of UAV components with the aid of metals, 
composites, and electronics emits carbon indirectly; thus, these emissions 
serve as material-related sustainability barriers that have already been iden-
tified in the construction and industrial production sectors (Jeleniewicz et al., 
2025; Zhang et al., 2026). Moreover, the existence of technological and reg-
ulatory shortcomings is sufficient to hinder the possibilities of fully sustain-
able UAV operations being scaled up. The use of AIM-based optimization 
models requires sensor data of high quality, computational resources, and 
real-time connectivity, which are conditions that limit as much as they do 
for carbon-aware computing and smart logistics systems (Vitali et al., 2026; 
Mofatteh et al., 2026). Even though blockchain-enabled carbon tracking 
is transparent, allowing for accountability, it has processing overhead that, 
if not optimized, may cause an increase in onboard power consumption 
(Rafique et al., 2026). In addition, besides policies related to urban mobility 
of the air, charging stations powered by renewable energy, and the report-
ing of life cycle emissions, the regulatory frameworks are at different stages 
of development and have different characteristics across regions, which is 
also true for local policies and their enforcement on sustainability-driven 



UAV operations for sustainable smart mobility ecosystems 205

industrial and building sectors (Giama et al., 2025). All these constraints 
point out that achieving large-scale carbon-efficient UAV ecosystems calls 
not only for the integration of technology, policy, and infrastructure but also 
for the stronger integration of these elements.

9.7  FUTURE OUTCOMES

Particularly, next to present-day sustainabilities in drone flights to reach even 
farther, hydrogen-assisted fuel cells and novel ultra-thin lithium-ion batteries 
could provide 30–50% more energy capacities depending on their use, thus 
making the need for frequent recharging almost non-existent and extending 
the flight time considerably (Li et al., 2026; Bae & Park, 2025). The use of 
multi-objective scheduling algorithms coupled with AI-driven flight optimiza-
tion is expected to lessen the energy wastage by more than 25%, correspond-
ingly showing the efficiency gains for sustainable industrial and microgrid 
systems described in the papers (Zhang et al., 2026; Liu, 2025). On top of 
that, solar-powered microgrid-backed charging stations will be able to lessen 
the net-zero carbon cabin emission of drone operations by 40–60%, which 
is in line with the drone industry’s contribution to net-zero and SDG-aligned 
mobility-deciding strategies (Giama et al., 2025; Jain, 2025). Eventually, the 
future UAV networks may be able to self-govern as carbon-neutral aerial 
webs cooperatively managed by the blockchain-based immutable records 
and quantum-optimized routing mechanisms. In this way, blockchain can 
work as a real-time, verifiable, and accountable registry of carbon footprint 
across production, consumption, and waste management stages, similar to 
the already-evidenced instances in the sectors of sustainable logistics and 
industrial emission monitoring (Mofatteh et al., 2026; Vitali et al., 2026). 
By adopting quantum mechanics principles, the coordination of drone fleets 
and the determination of the optimal route can be improved substantially, 
as the technology can handle energy demand problems of higher complex-
ity than conventional algorithms in exactly the same way as the advanced 
energy-environment models now being proposed (Zhang et al., 2026; Ma 
et al., 2025). All these inventions together point to a world where UAVs 
constitute an integral part of the global sustainable mobility strategies and 
climate-neutral technological infrastructures, as they have low-carbon foot-
prints, can fly for long hours, and their systems are reliable at a high level.

9.8  CONCLUSION

The shift to energy-efficient and low-carbon unmanned aerial vehicle (UAV) 
operations is a fundamental way to promote sustainable mobility, help the 
environment, and create climate-resilient technological systems. This chapter 
explains that UAV sustainability involves more than just the vehicle’s opera-
tional efficiency; it also calls for a comprehensive strategy that integrates 
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life cycle assessment, eco-friendly hardware design, AI-based optimization, 
blockchain-enabled transparency, and renewable energy infrastructure. 
The results demonstrated how holistic system engineering can significantly 
reduce environmental impact by combining improvements in the device’s 
design, optimized routing, hybrid propulsion systems, and clean-energy 
charging. This would reduce energy consumption by more than 20–35% 
and mission-level carbon emissions by 30–42%. But problems like envi-
ronmental variability, battery degradation, regulatory fragmentation, and 
computational overhead continue to exist, necessitating further innovation 
and the development of supportive policy frameworks to address them. Not 
only will the UAV ecosystem of the future be more sustainable, but it will 
also enable longer-duration operations, reduced emissions, and full trace-
ability thanks to its advanced batteries, hydrogen systems, intelligent sched-
uling algorithms, and quantum-enhanced decision engines. Energy-efficient 
UAVs will therefore be essential to achieving climate-neutral goals, bolster-
ing smart mobility infrastructures, and advancing the larger sustainable 
development agenda as global industries and societies grow more dedicated 
to decarbonization and digital transformation.
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Chapter 10

Energy efficiency, emissions 
reduction, and eco-performance 
metrics for UAVs

Sahil Sharma, Rishi Kant, and Nishi Kumar Shukla

10.1  INTRODUCTION TO UAV SUSTAINABILITY AND 

ENVIRONMENTAL CHALLENGES

Unmanned aerial vehicles (UAVs) have also developed fast out of mili-
tary-specific platforms into critical and indispensable tools in the fields of 
logistics, precision farming, infrastructure inspection, disaster response, 
environmental surveillance, and smart-city services. It is realized due to 
innovations in the domain of lightweight composite materials, integrated 
sensing units, autonomous control strategies, batteries, and cloud-based 
professionally controllable systems breaking down barriers into the elimina-
tion and amplifying scalable deployment of civilian varieties, dependent on 
innovative technologies [1–3]. The density of UAV traffic around the globe is 
also rising as governments and private companies consider autonomous aer-
ial movement options with a view to enhancing the operational efficiency, 
security, and reach of the services [4]. Nevertheless, the enhanced pace of 
the introduction of UAV technologies has triggered significant sustainability 
issues concerning energy usage, emissions, noise disruption, material utiliza-
tion, and the disposal of the technology. One of the determinants of UAV 
sustainability is energy efficiency. Multirotor UAVs use a lot of power in 
hover and maneuvering to generate continuous thrust, but fixed-wing plat-
forms use aerodynamic efficiency and glide ratios to achieve the maximum 
endurance [5]. The efficiency of propulsion systems, battery energy density, 
mass of the payload, flight altitude, atmospheric turbulence, wind condi-
tions, and mission profiles are also very powerful determinants of energy 
demand [6]. Small onboard energy storage is limited to flight range and 
cargo capacity and requires frequent recharge and infrastructure expan-
sion, which indirectly raises energy consumption and operation expenses 
[7]. With longer ranges of UAV applications in logistics, persistent surveil-
lance, and mobility of people in cities, improved energy use is essential in 
the optimization of the UAVs’ use to increase capacity and reliability. Even 
though a significant portion of UAVs have electric power supplies and do 
not produce direct tailpipe emissions, they should be assessed according 
to their environmental impact. Embodied carbon and resource depletion 
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are significant concerns in the electricity production mix, battery produc-
tion, extraction of rare-earth materials, production of composite airframes, 
and electronic devices [8–10]. Hybrid-electric and fueled UAVs also bring 
in extra combustion gas emissions, such as carbon dioxide, nitrogen oxides, 
and particulate matter, especially in densely populated areas [11]. As a 
result, only the operational emissions do not give the actual environmental 
footprint of UAV systems. The other concern that is increasingly present-
ing a challenge to the public’s embrace and compliance with regulations is 
noise pollution. The airflow around the propeller, its interaction with the 
vortex, the harmonics of motors, and the maneuvering of the flight cause 
broadband signatures in acoustics, which can easily disrupt the habitat of 
wildlife and urban areas [12]. According to the studies, the noise properties 
of UAVs are significantly different compared to traditional aircraft and can 
cause increased annoyance at the same sound pressure levels [13]. Lack of 
standardized noise legislation for small UAVs makes it difficult to integrate 
into the urban airspace and implement it on a large scale commercially. 
Life cycle sustainability is also not restricted to operational performance. 
The UAVs’ manufacture strongly depends upon carbon fiber cellular materi-
als, lithium-ion batteries, power electronics, and permanent magnets that 
produce energy-consuming products and are difficult to recycle [14]. The 
management of end-of-life is not appropriately standardized, especially in 
terms of composite materials and embedded electronics, and therefore, there 
can be a risk of environmental leakage unless a circular recovery system 
is deployed [15]. The excessive growth of UAVs can create a more elec-
tronic waste stream and materials dependence without sustainable mate-
rial strategies and a recycling system in place. The fact that standardized 
eco-performance measures are nonexistent may be a big limitation toward 
progressing sustainable UAV ecologies. Unlike the systems used in manned 
aviation, where a set of fuel efficiency and emission certification practices is 
established, the sustainability assessment of UAVs is still disjointed among 
research teams and manufacturers [16]. The indicators of energy use per 
mission, mass efficiency ratio, life cycle carbon intensity, acoustical exposure 
rates, and environmental risk indicators are also not reported with consis-
tency and can, therefore, considerably impede comparative benchmarking 
and regulatory harmonization [17]. Unified assessment systems are indis-
pensable toward clear performance benchmarking, certification policies, 
and development of policy. Real-time monitoring of power usage, thermal 
behavior, flight performance, and degradation of components can now be 
done using digital sensing and telemetry systems [18]. Cloud analytics and 
edge computing support predictive maintenance, and self-adaptive mission 
planning, as well as ongoing eco-performance auditing. Nonetheless, com-
munication of high-frequency telemetry streams into meaningful actions for 
sustainability needs is achievable through legitimate models, interoperability 
of data designs, and reporting standards [19]. The regulatory authorities are 
beginning to put more focus on environmental responsibility in unmanned 
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aviation. New models cover compliance on noise, airspace assimilation, car-
bon twins, and conscientious material management [20, 21]. Sustainable 
mobility of international relations in accordance with the United Nations 
Sustainable Development Goals also promotes low-emission production, 
responsible production, and climate resilience. Developers and operators of 
UAVs are thus required to show quantifiable environmental performance in 
order to ensure social acceptance and regulatory acceptance. In this respect, 
a systematic evaluation of energy efficiency, emissions mitigation, and eco-
performance measures should be critical toward informing sustainable 
mainstream UAV design, and this should also be applied in deployment. 
Integrated frameworks that connect engineering parameters, operational 
behavior, life cycle assessment, and intelligent optimization facilitate data-
driven decisions throughout the UAV life cycle. The chapter provides a basis 
for assessing such dimensions and facilitates the creation of environmentally 
capable UAV ecosystems consistent with the future goals of smart mobility 
and sustainability.

10.2  ENERGY CONSUMPTION DETERMINANTS IN 

UAV SYSTEMS

The manipulation of energy efficiency in UAV operations is regulated by a 
highly linked exchange of propulsion architecture, aerodynamic configura-
tion, the loading of the payload, mission profile, onboard energy storage, 
and environmental elements. UAVs can fly over a very wide range of flight 
conditions, covering stationary hover to long-range cruise, and unlike con-
ventional aircraft, they require energy consumption parameters to optimize 
over multiple dimensions [3, 22, 23]. These determinants are needed to pre-
dict the energy model, mission planning, and sustainability benchmarking. 
The interactions between these determinants and their impact on the energy 
efficiency of UAVs are presented in Figure 10.1.

10.2.1  Propulsion architecture, aerodynamic design, 
and payload effects

Essentially, energy efficiency is determined by propulsion type. Multirotor 
UAVs are based on sustained lift generation and thus have high power con-
sumption under hover flight and low aerodynamic efficiency and are only 
capable of serving a short-range inspection and surveillance mission but are 
not efficient in the long-endurance task [24]. The fixed-wing UAVs use lift 
and consume much less specific energy per kilometer, particularly at constant 
level cruise altitude, yet have to run on runways or use launching devices and 
have minimal levels of hovering capability [25]. Hybrid vertical take-off and 
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landing (VTOL) platforms aim to use these benefits but with the added mass 
and complexity, which is likely to cut net efficiency benefits [26]. The aero-
dynamic design has a significant impact on the drag coefficient, lift-to-drag 
ratio, and the propulsion loading. The wing aspect ratio, airfoil choice, 
roughness, propeller diameter, and blade pitch have a direct influence on 
aerodynamic efficiency and induced power losses [27].

Reduced fuselage geometry and the propeller-motor matching lead to 
minimization of the parasitic drag and maximization of the efficiency of 
electrical-to-thrust conversion [28]. In the case of multirotors, the distance 
between rotors and interference induced by wake over the rotors is a major 
factor in induced loss and inefficiency due to turbulence [29]. The weight of 

Figure 10.1  Central–peripheral interaction model illustrating key determinants 
influencing UAV energy.
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the payload causes a nonlinear penalty to energy usage. Higher payload 
mass also increases the thrust needs, battery drainage, and structural forces, 
particularly during climb and the maneuvering operations [30]. Payload 
geometry has an influence on aerodynamic drag and stability of the center 
of gravity, which impacts and control energy expenditure [31]. The planners 
of the mission are thus tasked with maximizing the instance of the given 
payload with reference to the energy supply and the safety margins.

10.2.2  Mission profile, battery capacity, and 
atmospheric influences

Real-time power demand is determined by mission profile parameters such 
as the flight speed, altitude, the curvature of the trajectory, hover time, and 
acceleration shapes [32]. Power peaks and heat loads become transient as 
more fierce maneuvering and more frequent changes of altitude occur, forc-
ing the propulsion systems [33]. There is an optimal cruise speed at which 
each UAV design has non-damaging aerodynamic and propulsion losses, 
which allows ultimate range or endurance [34]. The nature of energy, defin-
ing battery capacity and chemistry, determines the usability of the energy 
and efficiency of discharge, as well as the degradation. UAV platforms are 
currently predominantly based on lithium-ion and lithium-polymer types of 
batteries, where the reported gravimetric energy density is high, but cycle 
life and application of the temperature add-on do not facilitate continu-
ous operation at higher power levels [35]. The accuracy of state-of-charge 
estimation and battery health monitoring has a substantial impact on the 
reliability of the missions and reserve usable energy [36]. Starting with solid-
state and lithium-sulfur batteries, which have more energy density and are 
constrained by cost and maturity [37]. Energy consumption is stochastically 
variable due to atmospheric conditions. Wind speed and wind direction 
affect ground speed and propeller force needed, and the change of air den-
sity to air level affects the lift and efficiency of the propeller [38]. Control 
energy and the dissipation of energy. Extreme temperatures change the 
internal resistance of the battery and the available capacity, which affects 
the power delivery and the lifespan [39]. Correct meteorological model-
ing and dynamism are thus important in energy-sensitive mission planning. 
Tighter energy models complete with aerodynamic models, propulsion 
efficiency curves, battery discharge profiles, and environmental inputs are 
being actively applied in the predictions of mission-scale energy demand and 
flight path optimization [40]. These frameworks promote eco-performance 
benchmarking and intelligent control measures that are found in subsequent 
sections. Table 10.1 displays a condensed overview of the key factors that 
affect the energy consumption by the UAV and the comparative effects of 
each on operations.
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10.3  EMISSION SOURCES AND REDUCTION 

STRATEGIES FOR UAVs

Emissions related to operations of UAVs do not only occur out of onboard 
propulsion systems but also as a result of additional electricity production, 
fuel production, material production, and infrastructure implementation. 
The key to full sustainability evaluation is thus the mission-level model-
ing and comparative study of the alternative propulsion architectures as 
a method of determining the efficient routes of achieving a lower carbon 
footprint and less acoustic influence [7]. Figure 10.2 shows the integrated 
emission-reduction drivers and system-level interactions.

10.3.1  Propulsion technologies and emission profiles

Small and medium-scale operations are controlled by electric UAVs since 
they have high energy efficiency, low maintenance requirements, and zero 
local emissions. Mainly, life cycle greenhouse gas emissions are, however, 
highly reliant on the mix of electricity generation and battery production 
footprints [41]. The manufacturing of batteries is a source of embedded car-
bon intensity because of lithium, cobalt, and nickel mining and refining, and 
grid carbon intensity establishes operational carbon emissions [10]. In spite 
of these constraints, electric UAVs have the least impact, irrespective of their 
source of power, which is renewable electricity. Hybrid-electric UAVs are 
UAVs incorporating internal combustion engines into their design to have 
a long operation and payload range. Although hybrid systems consume less 
fuel as compared to internal combustion engines, they present higher emis-
sions and greater complexity in the systems [26]. Hybrid architectures are 
also appropriate in long-endurance surveillance missions and logistics mis-
sions in which it is not possible to operate just on batteries. UAVs powered 
by hydrogen fuel cells have almost zero carbon emissions in operation when 

Table 10.1 Key determinants influencing UAV energy consumption

Determinant Influence mechanism Impact on energy efficiency

Propulsion type Hover vs lift-based flight High (multirotor) to low 
(fixed-wing)

Aerodynamic design Drag, lift-to-drag ratio Direct efficiency gain

Payload mass Thrust requirement Nonlinear penalty

Mission profile Speed, maneuvering, hover Dynamic power variation

Battery capacity Usable energy density Endurance limitation

Atmospheric conditions Wind, density, temperature Stochastic variability



216 Sustainable UAV Ecosystems

the hydrogen is generated by renewable energy. The fuel cells have high 
gravimetric energy density and silent operation, but they have problems 
with hydrogen storage, refueling infrastructure, safety certification, and the 
cost of the system [42]. Recent protests indicate encouraging long-lasting 
efficacy but restricted business scalability. The UAVs with solar assistance 
can gather the solar energy available in the environment to achieve a longer 
flight range or lessen battery consumption, especially in flight at altitudes 
or during extended operations [43]. Compared to solar, which is sporadic 
and relies on weather conditions, the hybrid solar-electric designs come at 
a great cost in terms of having solar contributions to mitigate mission-level 
electricity requirements of a sustained sensing system.

Figure 10.2  Central–peripheral framework illustrating integrated strategies for 
reducing carbon and noise emissions in UAV operations.
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10.3.2  Emission modeling and noise analysis at the 
mission level

Satellite-level emissions modeling is an approach whereby the energy intake 
profiles, propulsion efficiency, power-source carbon intensity, and life cycle 
variables are all modeled to project the total amount of greenhouse gas 
emissions/mission or per kilometer of the payload [44]. With such models, 
it is possible to compare propulsion architectures under the same operating 
conditions and also benchmark policies. The concept of digital twins and 
analytics based on telemetry is increasingly making it possible to have real-
time accounting of carbon during operations by flights [45]. Propeller-air 
interactions, change in blade loading, and motor harmonics are the major 
sources of noise emissions. Multirotor UAVs usher in greater noise at higher 
broadband frequencies than fixed wings, the tonal components of which are 
part of increased perceived annoyance [46]. The effects of noise depend on 
altitude and the speed of flight, as well as the effects produced by urban can-
yons, requiring spatial acoustic modeling and regulatory threshold mapping.

10.3.3  Strategies for emissions and noise reduction

Carbon reduction options comprise lightweight structural design, aerody-
namic optimization, renewable sources of energy, battery recycling, and 
mission scheduling that is energy conscious [47]. Meanwhile, evidence pro-
vides long-range decarbonization avenues through hybridization and fuel 
cell technology, as well as electrical storage, which has its constraints. The 
optimization on the fleet-level decreases superfluous flights and hovering. 
The reduction of noise is done through low tip speed propellers, variable 
pitch blades, shrouded rotors, and optimization of flight paths that reduce 
the amount of hovering time over sensitive areas [48]. Active noise control 
designs and distributed propulsion designs also minimize acoustic footprint 
during urban operations. An overview of the emission profiles of popular 
UAV propulsion technologies is compared in Table 10.2.

Table 10.2 Comparative emission characteristics of UAV propulsion technologies

Propulsion type
Operational 
emissions Life cycle impact Scalability Key limitation

Electric Zero local Battery-intensive High Range

Hybrid-electric Reduced fuel Moderate Medium Complexity

Hydrogen fuel 
cell

Near-zero Infrastructure Low–Medium Cost

Solar-assisted Minimal Manufacturing Niche Weather
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10.4  ECO-PERFORMANCE METRICS AND ASSESSMENT 

FRAMEWORKS

Eco-performance quantitative measures can help to objectively assess 
environmental sustainability in UAV systems by connecting engineering 
variables and system operation behavior and life cycle effects to scaled indi-
cators. Compared to the conventional aviation technology, in which the pre-
determined fuel burn and emission procedures are highly developed, UAV 
sustainability estimation is still a piecemeal system, requiring standardized 
frameworks that can provide an opinion of cross-platform comparisons, 
regulatory adherence, and technological comparisons [49]. There should 
be strong indicators to report the level of efficiency in the operations in 
the instant and over time of usage, at least the ecological footprint of the 
UAV in the entire period of usage. Figure 10.3 shows the built-in connection 
between the key eco-performance indicators and their overall contribution 
to the sustainability assessment.

Figure 10.3  Integrated eco-performance assessment framework.
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One of the main operational metrics is specific energy consumption (SEC), 
which is considered the energy used by a unit payload-distance or by mission 
objective. It combines propulsion efficiency with aerodynamic performance, 
mass of the payload, and mission profile into an indicator that is normalized 
and can be compared across the fleet level [18]. SEC facilitates assessment of 
optimization process strategies in routes, the effectiveness of payload allot-
ment, and mission planning cognizant of energy use. Nonetheless, the SEC 
does not internalize upstream emissions or other externalities to the environ-
ment from energy production and material production.

Carbon intensity goes higher than the operational energy measures by 
adding manufacturing emissions, which are related to electricity production, 
fuel manufacturing, and greenhouse gases. It is commonly equated to the 
number of kilograms of CO2-equivalent per mission, per flight hour, or even 
per payload-kilometer [9]. The work of carbon intensity modeling needs 
quality carbon emissions factors, energy mix, and battery life cycle invento-
ries. Active carbon accounting models are becoming more closely based on 
real-time grid carbon intensity information to support dynamic scheduling 
of charging actions, mission facilities, and mission deployment [50]. The 
indices of noise measure the disturbance of acoustic noise and the exposure 
of humans or the environment. Prominent indices are equivalent continuous 
sound level (LAeq), acoustic nuisance indexes, and mapping of noise con-
tours in space [51]. Noise indices are also used in contrast to the absolute 
measurements of sound pressure; these measurements are frequency 
weighted and time weighted with respect to exposure and allow assessment 
of perceived disturbance in a realistic manner. The deployment of UAVs in 
urban areas will have to incorporate noise indicators with geospatial popu-
lation layers and habitat sensitivity to assist with new regulation enforce-
ment and path planning. Life cycle assessment (LCA) offers a detailed model 
for assessing the cumulative environmental effect of the extraction of raw 
material through the manufacturing process, operation, and disposal of the 
product at the end-of-life. LCA measures the energy requirements, green-
house gas emissions, resource consumption, and toxicity within the bound-
aries of the system [52]. In the case of UAVs, LCA implies that an important 
part of an embodied environmental footprint involves battery production as 
well as the production of composite materials and electronic components, 
which showcases why material circularity and material recycling are impor-
tant. Eco-efficiency ratio is a ratio of function delivery (weight-haired-deliv-
ered, area covered, or service value) and environmental service (energy 
consumed, emission, or resource likeness). The multi-criteria optimization 
and trade-off analysis between the operational productivity and sustainabil-
ity goals can be assisted by this ratio [53]. Mission sustainability indicators 
also incorporate reliability, safety margin, resource utilization efficiency, and 
environmental risk exposure into composite indices that are useful in the 
measurement of fleet-level performance benchmarking. Continuous compu-
tation of eco-performance metrics throughout the live operations is gradually 
facilitated by digital twins, telemetry analytics, and cloud-based dashboards. 
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With real-time monitoring, the adaptive control strategies can reduce energy 
peaks, eliminate excessive emission charging periods, and divert flights via 
low-noise corridors [54]. Nonetheless, interoperability is still a problem as a 
result of the variation of data format, sensor calibration, and the lack of 
standard reporting protocols (Table 10.3).

10.5  INTELLIGENT OPTIMIZATION FOR GREEN UAV 

OPERATIONS

In the quest to realize energy-efficient and environmentally friendly UAV 
operations, digital intelligence is progressively becoming the core element of 
the process. The emerging accessibility of onboard sensing, high-frequency 
telemetry, edge computing, and cloud connectivity allows the optimization 
of flight behavior and energy consumption, plus mission planning, to be 
continuous. Predictive decision-making and autonomous optimization of 
sustainability throughout the UAV life cycle are supported by artificial intel-
ligence (AI), machine learning (ML), digital twins, and adaptive control sys-
tems [18].  Figure 10.4 depicts a closed-loop optimization ecosystem that 
involves the interactive combination of AI, digital twins, adaptive control, 
telemetry analytics, and power management.

10.5.1  AI-driven flight optimization and digital twin 
frameworks

Intelligent control technologies that utilize AI allow UAVs to optimize their 
trajectories, speed profiles, and altitude to reduce energy use and emis-
sions without violating the restrictions of the mission. Optimum control 
policies are reinforcers that learn by evaluating historical flight data and 
simulated environments and adapt to erratic wind shear, variable payloads, 

Table 10.3 Core eco-performance metrics for UAV sustainability assessment

Metric Definition Primary application Limitation

Specific energy 
consumption

Energy per 
payload-distance

Route optimization Ignores life cycle

Carbon intensity CO₂-equivalent per 
mission

Emission 
benchmarking

Data uncertainty

Noise index Acoustic exposure Urban compliance Site dependency

Life cycle 
assessment

Full life cycle impact Policy evaluation High complexity

Eco-efficiency 
ratio

Output/environmental 
input

Multi-objective 
optimization

Requires 
normalization

Mission 
sustainability 
index

Composite indicator Fleet benchmarking Subjective weighting
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and battery state-of-health to create optimal control policies [55]. Predictive 
models are supervised based on the models of energy consumption and use-
ful remaining flight time, which enhance reliability in missions and charging 
infrastructure scheduling [56]. Digital twins offer computerized approxima-
tions of operational UAVs through constructing the aerodynamic models, 
propulsion talent maps, battery degradation design, and environmental data 
channels [57]. The models allow testing scenarios, predicting their failure, 
and optimizing what-if without any physical asset being put at risk. By link-
ing the digital twin with real-time telemetry, the constant calibration and 
refinement of the model are possible, and closed-loop optimization of the 
sustainability may be completed. The digital twins produce predictive ana-
lytics that help in fleet-level energy forecasting, preventive maintenance, and 
eco-performance benchmarking. Multi-objective optimization is a feature of 
route planning algorithms with a compromise between energy consumption, 
estimation of the flight time, avoidance of obstacles, regulatory restrictions, 

Figure 10.4  Intelligent optimization ecosystem for green UAV operations.
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and landing areas into account [58]. Under uncertainty, graph-based search 
strategies, evolutionary algorithms, and swarm intelligence strategies are 
used to optimize complex airspace navigation in the city. Weather-aware 
routing has an additional benefit of minimizing energy wastage by taking 
advantage of good wind corridors and eliminating the inefficiencies caused 
by turbulence.

10.5.2  Adaptive power management and telemetry-
driven eco-monitoring

A power management system is used to control the flow of power among 
batteries, motors, sensors, and communication modules in order to keep 
peak load and thermal stress at minimum levels [59]. Model predictive con-
trol systems are used to be able to allocate power in real time depending on 
the mission phase, the demand forecast, and battery conditions in order to 
maximize the life and extend the safety measures of components. Application 
of energy harvesting, such as solar augmentation, is an additional improve-
ment to operational efficiency in the event of long-duration missions. Smart 
emergence eco-monitoring, based on telemetry, makes it possible to continu-
ously measure power use, temperature, vibration, noise emission proxies, 
and degradation of the system [60]. The use of edge analytics also minimizes 
the latency and bandwidth needs, and cloud-based applications can pro-
vide sustainability reporting of the fleet and audit regulatory compliance. 
Between irregularities, faults of the components, and anomaly patterns in 
real time, anomaly detection algorithms are used to detect inefficiencies, 
component faults, and abnormal emission patterns. Schedulers made with 
AI are able to plan charging patterns according to the carbon intensity of 
the grid, the cost of electricity, and the availability of the fleet and minimize 
indirect emissions and the cost of operation [50]. Demand coordination is 
authorized by means of integration with the smart grid infrastructure and 
the use of renewable energy (Table 10.4).

Table 10.4 Intelligent optimization technologies for sustainable UAV operations

Technology Function Sustainability benefit Limitation

Reinforcement 
learning

Trajectory optimization Energy reduction Training cost

Digital twins Predictive modeling Life cycle 
optimization

Model fidelity

Adaptive power 
control

Energy distribution Battery longevity Complexity

Telemetry analytics Real-time monitoring Early fault detection Data volume

Smart charging Grid-aware scheduling Carbon reduction Infrastructure
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10.6  POLICY, STANDARDS, MATERIALS, AND FUTURE 

DIRECTIONS

A sustainable implementation of the UAV ecosystem will be identified based 
not only on technological innovation but also on controlled regulatory 
policies, unified environmental performance standards, and ethical manage-
ment of materials. Such aviation regulatory bodies have been incorporat-
ing the environment into the certification of unmanned aircraft, which are 
run in more tolerant frameworks to comply with noise standards, opera-
tional safety, and carbon responsibility in the growing urban air transport 
tunnels [61]. International standardization is still a key issue to facilitate 
cross-border use of UAVs at the same time as maintaining similar sustain-
ability levels and social acceptance [62]. Green standards of aviation focus 
on energy efficiency benchmarking, acoustic footprint handling, electro-
magnetic compatibility, and life cycle emissions disclosure. Transparent 
comparison is facilitated through voluntary sustainability reporting frame-
works and environmental product declarations in order to make procure-
ment decisions based on climate goals across platforms and suppliers of 
the UAV [63]. Introducing sustainability measures in airspace management 
systems also allows the use of eco-prioritized routing and the reduction of 
congestion. The challenge of material sustainability is becoming increasingly 
worrisome because the manufacturing of a UAV is dependent to a great 
extent on carbon fiber composites, lithium-ion batteries, and electronics 
with critical minerals. The recycling of composites is still too complicated 
and cost-restricted, and the end-of-life of the batteries needs to undergo 
scalability of lithium, cobalt, and nickel recoveries to address the depletion 
of resources and the leaking of the environment [10]. Bio-based composites, 
design-based structures of modular airframes, and principles of design-to-
disassembly can enhance circularity and decrease the intensity of embod-
ied carbon. Life cycle sustainability is also enhanced by battery second-life 
applications as well as closed-loop recycling infrastructures. The future UAV 
ecosystems will also be climate-sensitive mobility plans, which will include 
charging vehicles with renewable energy, the smart fleet solution, and noise-
free operating paths. Traceability of material provenance using blockchain 
as a tool of certification of the material and automated compliance, aiding in 
transparent governance and responsibility [64]. New propulsion materials, 
such as solid-state batteries and hydrogen materials, improved by AI-based 
operational optimization, will have progressive effects on air mobility decar-
bonization, increasing the duration of missions in restricted environmental 
conditions. Long-term sustainability would involve the mutual investment 
between policy, industry, and research communities in the priorities to cre-
ate interoperating standards, scalable networks of recycling, and an archi-
tecture of governance with data. The integration of these ecosystems will 
allow UAV platforms to have social importance beneficial to their environ-
mental soundness and regulatory confidence (Figure 10.5 and Table 10.5).
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Figure 10.5  Governance framework for sustainable UAV ecosystems.

Table 10.5 Sustainability governance dimensions for UAV ecosystems

Dimension Objective Implementation focus

Regulation Safety and environmental compliance Noise, emissions

Standards Benchmarking Eco-metrics

Materials Circularity Recycling

Infrastructure Renewable integration Smart charging

Governance Transparency Digital traceability
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10.7  CONCLUSION

This chapter has investigated the dimensions that are crucial in energy con-
servation, emissions reduction, and eco-performance evaluation as the cor-
nerstone to sustainable UAV ecosystems. The chapter provides a quantitative 
foundation for the assessment of the UAV sustainability by examining the 
physical determinants of energy consumption, comparative emission prop-
erties of new propulsion technologies, and embedded environmental per-
formance metrics. The combination of artificial intelligence, digital twins, 
adaptive control, and monitoring supported by telemetry allows optimiza-
tion of the behavior of the vehicles on the plane, the utilization of resources, 
and environmental competition on a continuous basis at both individual 
vehicle and fleet levels. Responsible deployment and long-lived resilience of 
the system are further enhanced using a policy framework, green aviation 
standards, and circular material strategies. All these interdisciplinary solu-
tions contribute to the shift to the low-emission, energy-saving aerial mobil-
ity able to satisfy the regulations and sustainability requirements of society. 
With the increased use of UAVs in smart cities, logistics, and environmen-
tal services, it will be important to consider the practical components of 
eco-performance to be integrated during design, operation, and governance 
to ensure climate-relevant innovation and ensure that people trust autono-
mous aerial systems.
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Automated agricultural spraying 
using commercial UAV platforms

Sarumi Usman Abidemi, Matin Taghian Zadeh, 
Cliford Peter Mlimwa, and Fadi Al-Turjman

11.1  INTRODUCTION

11.1.1  Motivation and importance

There is an increasing pressure in the whole global agricultural industry to 
increase food production with fewer available resources (Garcia-Munguia 
et al. 2024). The current situation of agricultural operations shows that 
there is an acute necessity for innovative solutions that can prove their intel-
ligence and efficiency and be scaled to the necessary size. Precision agricul-
ture is a groundbreaking kind of agricultural system, which combines the 
use of modern technology and conventional farming techniques to enhance 
crop yield and reduce wastage and uphold environmental improvement. At 
present, DJI is one of the largest vendors of automated spraying drones that 
promise a lot of potential as a technological solution (Hafeez et al. 2023). 
The drones deliver precision spraying through their ability to generate field 
maps and perform terrain and crop evaluations before executing automated 
applications that eliminate excess chemicals and minimize labor require-
ments and operational spending, as shown in Figure 11.1.

Drone technology giant DJI (DJI Agriculture, 2023) leads the market 
through its development of agricultural drones known as the DJI Agars 
series, which operate through high-resolution sensors, AI-based software, 
and GPS-based navigation and automated flight planning for smart spraying 
operations, as indicated in Figure 11.2.

11.1.2  Scope of the survey

 • This chapter reviews how automated spraying drones operate in pre-
cision agriculture through a specific examination of DJI agricultural 
drones as a dominant commercial solution. The review analyzes the 
following domains:

 • The drone-based land mapping and terrain analysis technologies for 
spraying operations.

http://dx.doi.org/10.1201/9781003731580-11
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 • The sensors, along with AI algorithms that enable drones to adjust 
their spraying patterns according to field conditions.

 • The research evaluates both the effectiveness of spraying techniques 
(Borikar et al., 2022)and their environmental consequences.

Figure 11.1  Multifunctional applications of agricultural UAVs in precision farming.

Figure 11.2  DJI Agras T40 drone spraying pesticide over a crop field.
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 • The study sorts existing research according to the technology used, 
application domain, and methodology approach.

 • The chapter identifies current obstacles facing drone-based agricul-
ture, which include battery capacity issues alongside payload weight 
restrictions, economic costs, and processing speed.

 • The chapter predicts the upcoming trend of connecting agricultural 
drones with AI and IoT technologies through cloud-based systems.

This literature review examines material from 2016 to 2025 to present the 
most current developments in field implementations. The main analysis of 
DJI drones includes side-by-side assessments with alternative drone tech-
nologies and systems.

11.1.3  Survey objectives

 • Survey Objectives: The survey chapter pursues five primary objectives.
 • The chapter delivers an extensive examination of drone-based agri-

cultural spraying technologies through its analysis of the sector’s com-
plete range.

11.1.4  Organization of the chapter

This survey chapter is organized as shown in Figure 11.3.

Figure 11.3  Diagram of the chapter overview.
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11.2  BACKGROUND AND THEORETICAL 

FOUNDATIONS

11.2.1  Introduction to agricultural UAVs

Unmanned Aerial Vehicles (UAVs), commonly called drones, are now being 
used much more often in agriculture. Because they are now used in mod-
ern farming, farmers have access to efficiency, lower costs, and real-time 
choices. In farming, drones help with aerial surveys, soil assessment, regular 
crop observation, spraying pesticides, and figuring out what the yield will 
be (Önler et al. 2023).

It was in the 1980s in Japan that agricultural UAVs were first used for 
experimental spraying in rice fields. Thereafter, improvements in sensors, 
GPS, computer vision, AI, and batteries for drones have made smart farming 
rely on them.

11.2.2  Precision agriculture is built on several 
theoretical backgrounds

Precision agriculture is when farming is organized using data based on 
changing conditions over different parts of a field. The purpose is to reach 
the highest possible return without wasting resources. This idea depends on 
UAVs, which send real-time data into smart systems that help with decisions 
on the battlefield (FAO 2021).

Prominent theories that explain anxiety are the following:

 • Variable Rate Technology (VRT) uses UAV information to apply fertil-
izers or pesticides only where needed.

 • Remote sensing theory consists of understanding reflections from cam-
eras (mostly visible, IR, and multispectral) to determine how healthy 
the crops are.

 • Sensor data is used by these systems to guide or make automatic deci-
sions (for instance, adjust the sprayer rate).

Because of these frameworks, UAVs can serve in surveillance as well as in 
closed-loop control systems used in farming.

11.2.3  Key components of agricultural UAV systems

Some of the main elements of agricultural unmanned aerial vehicles include 
their motors, electronics, and sensors (Saini and Jain 2023, March 19).
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Figure 11.4 illustrates that the integrated subsystems are included in agri-
cultural UAVs, such as

 • The flight control system helps to keep the drone level and directs it 
with the help of GPS, IMU, and a barometer.

 • Modern drones contain cameras (RGB, multispectral, thermal), spray-
ers, and LiDAR sensors as key parts of their payload system.

 • Using a communication system, the operator can take control instantly, 
get telemetry back, and watch video feeds.

 • With mission planning software, field maps are used by users to map 
out paths and organize tasks automatically.

11.2.4  Sensor technologies in UAVs for agriculture

Using sensors on UAVs for agriculture. How well a UAV flies depends greatly 
on the sensors it has. Common sensors for detecting chemical reactions are 

Figure 11.4  UAV subsystems diagram.
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RGB cameras, which are used for routine imaging and checking products 
with the eye. Plant stress can be identified using multispectral sensors and 
indices like normalized difference vegetation index (NDVI). Using thermal 
cameras allows me to spot areas of water stress and any diseases. LiDAR 
makes it possible to get precise 3D maps and canopy models. With the data 
they gather, these sensors check crop health, notice unusual events, and pre-
dict future outcomes (Hafeez et al. 2023) (Figure 11.5).

11.2.5  Data processing and analysis techniques

Processed data is necessary for UAV data collected during operations. Most 
of the time, this is possible thanks to machine learning (ML) or deep learn-
ing (DL) models (Hasan et al. 2020).

 • Drones produce images that are blended through photogrammetry, 
which produces a detailed map.

 • Segmentation algorithms distinguish where the crop is from where the 
background is to determine how much area it covers.

Figure 11.5  Images from different UAV sensors.
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 • Object detection models help find weeds, pests, or abnormalities on 
plants.

 • Changes in crop growth can be tracked over time to estimate how 
much each crop yield will be.

11.2.6  How AI is used in drones for agriculture

AI is very important in helping UAVs become more autonomous and 
smart. Three common ways are the Dijkstra and RL-based algorithms 
for finding the best path. Drone Simultaneous Localization and Mapping 
(SLAM) and computer vision technology enable drones to see and dodge 
objects in front of them. AI can identify if, when, and how much pesti-
cide or fertilizer is needed depending on what the crop or soil looks like 
(Huang et al. 2009).

11.3  CLASSIFICATION OF EXISTING WORK

11.3.1  Overview

Many studies have been done on using UAVs in agriculture by combin-
ing different sensors, AI systems, and ways to process data. To make things 
easier to understand, we divide existing work into major categories called 
dimensions based on area as shown on Table 11.1. Table 11.2 makes clas-
sification based on season type, and Table 11.3 based on AI/ML technique.

 1. Application area,
 2. Sensor type,

Table 11.1 Classification based on application area

Application Description Representative works

Crop monitoring Using UAVs to observe plant 
health, growth stage, or 
stress.

García-Munguía (2024), 
Hafeez et al. (2023)

Weed detection Identifying and localizing weeds 
for site-specific treatment.

García-Munguía (2024), 
FAO (2021)

Pest and disease 
detection

Spotting signs of infestations or 
infections early.

Saini and Jain (2023, 
March 19)

Soil analysis Estimating moisture, pH, or 
nutrient levels from aerial 
data.

Hafeez (2023)

Yield prediction Forecasting productivity using 
time-series data and AI.

Hassan et al. (2020)

Spraying and seeding Using drones to deliver inputs 
precisely.

Haung et al. (2009), Li et al. 
(2020)
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 3. Machine learning approach,
 4. The amount of decision-making power given to the workers,
 5. The ability to see things in space and time.

Using this system helps researchers locate the weaknesses, highlights the 
strong points, and outlines further prospects in UAV-based agriculture as 
shown in Table 11.1.

High precision jobs in detecting pests or parts of plants often use YOLO 
and UNet which are built on deep learning (Table 11.4).

Table 11.2 Classification based on season type

Sensor type Purpose Example

RGB camera Basic visual inspection 
and mapping.

Detecting growth 
irregularities.

Önler et al. (2023)

Multispectral 
sensor

Plant stress detection, 
NDVI calculation.

Monitoring 
chlorophyll 
content.

Lin et al. (2022)

Thermal camera Water stress 
detection, canopy 
temperature.

Spotting drought-
affected zones.

Mogili and Deepak 
(2018)

LiDAR 3D terrain and canopy 
modeling.

Topographical 
mapping of fields.

Özyurt et al. (2022)

Hyperspectral 
camera

Advanced stress and 
nutrient detection.

Early disease 
diagnosis.

Li et al. (2020)

Table 11.3 Classification based on AI/ML technique

Technique Model used Use case

Traditional ML SVM, Random 
Forest, KNN

Özyurt et al. 
(2022)

Rejeb (2022)

Deep learning CNN, ResNet, 
YOLO, UNet

Object detection, 
segmentation

Zhang and Kovacs 
(2012)

Time-series models LSTM, GRU Growth prediction ÖNLER (2023).

Reinforcement 
learning

DQN, PPO Navigation 
and path 
optimization

Özyurt et al. (2022)

Hybrid models CNN + LSTM, 
Sensor Fusion 
+ ML

Combining spatial 
and temporal 
learning

Sankaran (2021)
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11.3.2  Classification based on data resolution

The sensor can only detect objects that are a certain size or larger, which is 
called the spatial resolution. Unmanned aerial vehicles have a better spatial 
resolution (a few centimeters for each pixel) than satellites.

Temporal Resolution Measures How Often Collected Data Is Obtained: 
UAVs give reliable daily or sometimes hourly images, which help to monitor 
crops closely.

Using datasets with higher resolution usually makes the model more accu-
rate, but it can be difficult to process them and requires strong hardware.

11.4  COMPARATIVE ANALYSIS OF APPROACHES

11.4.1  Strengths and weaknesses of various approaches

Farmers using unmanned aerial vehicles in agriculture have tried out dif-
ferent technologies and ways of doing things. I am now comparing each 
statistic below:

RGB Imaging + ML. It is less expensive, widely used, and straightforward 
to deploy. It only covers a small range of light wavelengths, so stress detec-
tion is less precise (FAO 2021).

Any observation done with multispectral imaging and learning can locate 
areas of plant health concerns (NDVI), but the equipment is more expensive 
and requires adjustments (García-Munguía 2024). For example, YOLO has 
high accuracy and detects objects quickly, but you need a large dataset and 
a GPU.

In terms of semantic segmentation (using UNet), locating specific areas 
within the image is done through exact classification; however, the method 
is computationally expensive and sensitive to lighting.

Table 11.4 Classification based on autonomy

Level autonomy Description Example

Manual Human-controlled flight 
and decisions.

Early-stage 
UAV systems

García-Munguía 
(2024)

Semi-autonomous Autonomous data 
capture, manual 
analysis.

Most current 
deployments

Saini and Jain 
(2023, March 19)

Fully autonomous AI handles navigation, 
data processing, 
decision-making, and 
action.

Advanced 
research 
systems

Hafeez (2023)
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Most traditional ML methods (SVM and RF) are suitable for handling 
small data, and you can interpret the results easily.

Sensor fusion has a high tolerance for mistakes and uses different types of 
input. This type of spraying only works with pre-programmed rules. This 
approach is simple to set up but does not handle unexpected events well. AI 
systems used in spraying (for example, DJI Agras) save resources, are 
versatile, and may be too costly for some farmers (Hassan et al. 2020).

11.4.2  Trends and patterns in research

Most recent studies have moved away from normal ML and toward CNNs 
or hybrid DL because they excel in image analysis and grouping.

More and more, multispectral and hyperspectral sensors are being used, 
mainly to identify diseases and detect stress. With smaller droplets, chemi-
cals are applied more accurately.

Studies are now working on putting models directly on drones using small 
computers (e.g., Jetson Nano, Raspberry Pi), allowing drones to process 
data without using ground stations.

Precision spraying drones by DJI and similar firms now rely on auto-
mated, adaptive operations to control and direct the aircraft (Hafeez 2023).

Processing, analyzing, and saving UAV data are done more and more with 
the help of cloud technologies. This is because most of the farms can be 
closely monitored.

The lack of data is managed by publishing open datasets (including 
Agriculture-Vision) by means of simulation (e.g., AirSim) (Hafeez et al., 
2023).

11.4.3  Open challenges and research gaps

Nevertheless, despite the improvements, there are still certain issues:
Annotated agricultural data is not abundant, primarily due to deep learn-

ing, and thus, it is difficult to do so.
generalize results in other circumstances. Models trained for one region 

may not work in other regions since the soil, growing plants, and weather 
there are not the same.

You might not understand how deep models make decisions, which can 
lead to wrong decisions in agriculture. Because of their power supply, UAVs 
are restricted in the kinds of tasks they can perform. It remains very difficult 
from a technical standpoint to ensure that data from various sensors is fused 
correctly and reliably. Restrictions on drone flights are found in various 
regions, mainly over private farmland, because of privacy concerns. Most 
models are trained in advance and not while data is being collected. Adapting 
to sudden changes in the field is not often seen but is very important for 
success.
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11.5  FUTURE RESEARCH DIRECTIONS

11.5.1  Emerging trends

A number of promising advances are guiding where autonomous drone use 
in agriculture is heading.

 • Technology Companies are Applying Edge AI and Onboard 
Intelligence: Many are interested in sending lightweight AI straight 
to drones. Through devices like the NVIDIA Jetson Nano and the 
Raspberry Pi 4, it is now possible to do real-time object detection, 
make maps of places, and automate decisions without the help of a 
central server (Saini and Jain 2023, March 19).

 • Making Federated Learning Useful in Agricultural AI: Because of fed-
erated learning, several farms can take part in learning together with-
out exposing their data (Zhang and Kovacs 2012).

 • Advanced Technologies Used: By merging information from thermal, 
hyperspectral, LiDAR, and RGB technologies, farmers will get more 
precise information about crops, which will allow them to use the 
spray with precise coverage (Sankaran 2021).

 • The ability to Work with IoT and Smart Farming Systems: Drones 
will be involved in more areas, cooperating with weather stations, soil 
sensors, and autonomous vehicles as part of a connected precision 
agriculture system (Saini and Jain 2023, March 19).

 • Swarm Drones: Having many drones flying together (swarming) 
allows large-scale farms to cover more space, be more efficient, and 
adjust more quickly. They are already being worked on and tested in 
China and Japan (Rejeb 2022).

11.6  CONCLUSION

Using drones in agriculture, especially for spraying pesticides, is a major 
shift in how farming is done. The chapter has examined the current state of 
intelligent agricultural spraying drones, primarily devoted attention to the 
systems of DJI, and has investigated the broader effects of the application 
of artificial intelligence, data combination, and automation of crop man-
agement. The main technologies are cut by the background sections and 
approaches that are real-time kinematics (RTK), AI-based decision-making, 
and vegetation classification with computers. It resulted in a basis of under-
standing on the ways UAVs perceive the land, study conditions of crops, and 
perform spraying work independently in various circumstances.

It was found that this topic encompasses a wide range of topics, with a 
low and a high end, as shown by the review of the published works, types 
based on technology, including machine learning and rule-based systems 
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similar to multispectral imaging and onboard edge computing, and lastly, 
application types such as herbicide spraying, water conservation, and pest 
control. This method made it possible to see clearly the extent of develop-
ment of the field and the amount and breadth of its activities. Based on our 
research, UAVs tend to perform well in environments where their factors are 
known, yet have challenges with change of things. The primary problems 
found were limited battery life, changing weather conditions, no single 
standard, and a low capability of drones to make decisions. Other critical 
advantages, such as terrain conscious mapping, accurate spraying, and 
fewer, were also present, which implied that they could be applied on a 
higher level and in the market.
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Chapter 12

Drones application in 
precision agriculture 

A survey of techniques, challenges, 
and opportunities
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Cliford Peter Mlimwa, and Fadi Al-Turjman

12.1  INTRODUCTION

12.1.1  Motivation and importance

Precision agriculture is the use of technologies that combine information 
systems, intelligent devices, sensors, and structured management to improve 
the performance of crops and sustainability in agriculture (Veroustraet, 
2015). Precision agriculture is important because it helps farmers grow more 
crops and improve their production. It also helps protect the environment. 
Since farmers use only what is needed, there is less waste and pollution. 
Precision agriculture also improves working conditions for farmers and can 
support better care for animals on the farm. In short, precision agriculture 
makes farming more efficient, profitable, and eco-friendly.

The success of precision agriculture relies on advanced technologies like 
GPS, GIS, IoT, AI, and remote sensing. GPS makes it possible to map agricul-
tural fields precisely and gives agricultural equipment precise location data. 
GIS integrates soil maps, weather information, satellite images, and other 
data layers, making it possible for farmers to gain knowledge about field 
variability and make good decisions by spatially visualizing this data. IoT 
gathers real-time data from crop monitoring devices on the environmental 
conditions (Khose et al., 2023; Mekonnen et al., 2019; Celen et al., 2020).

Additionally, drones can be used to spray chemicals in a specific region, 
saving time, reducing waste, and protecting the environment (Caballero 
et al., 2019). Figure 12.1 illustrates a sample of drones that are a useful tool 
for modern precision agriculture since they save time, reduce expenses, and 
boost crop yields. This study reviewed the applications and importance of 
using drones/UAVs in agriculture, as well as the difficulties and future 
improvements. The chapter is organized as follows:

 • Section 12.1 discusses the background information.
 • Section 12.2 presents the literature review, which is divided into (a) an 

overview of drone types and technologies used in agriculture and (b) 
key applications of drones in precision farming.

http://dx.doi.org/10.1201/9781003731580-12
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 • Section 12.3 explains the research methods used in this research.
 • Section 12.4 discusses the main findings.
 • Section 12.5 concludes the chapter with final thoughts and possible 

future work.

12.2  LITERATURE REVIEW

12.2.1  Drone types and technology in agriculture

Drones used in precision agriculture are usually divided into two main cate-
gories: fixed-wing and multirotor UAVs. Each has its own unique advantage 
and limitations depending on the task it’s used for.

Fixed-wing drones are made more like airplanes, with wings that create 
lift as they fly. They are far more effective for long distances since they don’t 
need to hover. Many types can fly for more than an hour, and some that use 
petrol motors rather than batteries may fly for up to 16 h. They are therefore 
useful for swiftly mapping vast areas or covering huge farms. Also, some of 
them can support loads of up to 50 kg, which is good for some sensors or 
payloads (Gar, 2022). They mostly require unique settings and a lot of space 
to take off and land. They are not great in small spaces or for detailed 
inspection work because they can’t hover or make sharp turns easily. 
Additionally, they are typically more costly and heavier than multirotors; 
however, these costs have lately decreased.

Figure 12.1  Drone in precision agriculture.
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Quadcopters are the most used drones in both commercial and recre-
ational farming among multirotors. They are easier to fly, more accessible, 
cheaper, and might stay in place. They are good for closer checks, aerial 
photography, and crop monitoring, particularly in small or rough areas. 
They are also easy to use because they only need a little space to take off or 
land (Thamm et al., 2015). Compared to fixed-wing drones, as shown in 
Figure 12.2, most can only fly for 20 to 30 min and only cover a small area. 
As such, they are not ideal for big farms and remote locations (Vohra et al., 
2024). But, in terms of flying duration and range, quadcopters, as shown in 
Figure 12.3, have a significant disadvantage. They use electric motors, such 

Figure 12.2  Fixed-wing drone.

Figure 12.3  Quadcopter drone.
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as a single motor drone, as shown in Figure 12.4, and a hexacopter drone, 
as shown in Figure 12.5, which can be weather-sensitive and require regular 
service because of their complex structure. Overall, multirotors are a more 
suitable option for situations that require precision and ease of use, like in 
small farms, orchards, or places requiring hovering and close observation.

However, large-scale mapping, wide area surveys, and tasks requiring 
heavy equipment and longer flying times are better suited for fixed-wing 
drones (Vohra et al., 2024).

Figure 12.4  Single rotor drone.

Figure 12.5  Hexacopter drone.
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12.2.2  Sensor types

Drones have different sensors like multispectral, thermal, RGB cameras, and 
LiDAR systems. These sensors help farmers manage plant health, soil, and 
the condition of the field. For example, multispectral cameras can detect 
things like chlorophyll and leaf water content and are used to calculate 
vegetation indices such as normalized difference vegetation index (NDVI) 
(Daponte et al. 2019; Berni et al., 2009; Burgos et al., 2015).

12.2.3  Applications of drones in precision agriculture

Santesteban et al. (2017) and Primicerio et al. (2012) focused on using a cus-
tom-designed UAV with a high-resolution thermal camera to monitor water 
stress in a commercial vineyard. These Crop Water Stress Index (CWSI) val-
ues were compared with on-ground measurements like stem water potential 
and stomatal conductance at 14 sample sites. The CWSI had a good cor-
relation with these field measurements, making it a reliable tool to detect 
instantaneous water stress. Multiple flights would be required over time to 
adequately capture seasonal fluctuation, since, although the thermal data 
also offered valuable information at a seasonal level, it didn’t always match 
long-term trends in water condition.

FREYR Drone, a quadcopter designed to spray pesticides over farmland, 
was presented by Spoorthi et al. (2017). Its objective is to reduce farmers’ 
workload and save time by spraying evenly across the entire field. The drone 
is controlled on an Android application, which is connected to a Wi-Fi mod-
ule, and it uses GPS to follow the shape of the field. The system includes an 
Arduino board, sensors such as an accelerometer, gyroscope, and magne-
tometer, which provide stability, and a wireless camera for high-quality 
images. The goal is to provide farmers with an automated spraying solution 
that is easy to use.

In Shaw and Vimalkumar (2020), the authors describe the development of 
an octocopter drone, which is designed for pesticide spraying. The idea is to 
lower the health risks and labor involved in manual spraying, which can 
cause serious health issues. The drone contains nozzles to produce a fine 
spray of water over crops, a 6-liter tank, and a pump. It has enough power to 
carry large loads and spray effectively due to its 8 BLDC motors. The drone 
can fly with a total force of 38.2 kg and comes with a solid landing gear. In 
addition to agriculture, the drone might be used to disinfect cities. It lowers 
labor expenses, saves time, and lowers the cost of applying pesticides.

The study by Chin et al. (2023) reviewed academic publications to inves-
tigate drone types, disease types, crops, machine learning tasks, and data 
sources. The commonly studied diseases and fungal infections are the main 
focus. Grapes were frequently analyzed plants. The common drone used was 
the quadcopter, and classification was the main task, often using CNN 
models. Most studies used field images, especially color infrared, for 
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detecting disease symptoms. In Shaw and Vimalkumar (2020), early and 
accurate detection of tomato plant diseases using hyperspectral imaging 
from UAVs was studied. The study targeted two diseases with similar early 
symptoms: target spot and bacterial spot. They used two classification meth-
ods, a multilayer perceptron and stepwise discriminant analysis. Important 
wavebands were in the blue, red, and red-edge ranges. The MLP method 
gave a very high classification accuracy of 99%. This shows that UAVs with 
hyperspectral sensors can be a powerful tool for plant disease diagnosis in 
real conditions.

An AI-based spraying drone was developed to detect and spray cherry 
trees more efficiently by Akdogan et al. (2024). Hassan et al. (2022) study 
focuses on detecting and counting rice plants using drone-based aerial imag-
ery and GIS to improve crop yield.

Kitano et al. (2019) present an approach that combines computer vision 
techniques with transfer learning using CNNs. It was tested on spinach 
plants in an experimental field. The method achieved a 95% accuracy for 
counting plants in small areas with high image resolution. Even when the 
resolution was reduced by half, the extra error was just 0.7%. However, 
when applied to the full field, the error increased to 42.5%, still showing the 
method’s practical potential.

A framework for monitoring and yield estimation in pomegranate planta-
tions using a quadcopter was proposed in Duggal et al. (2016). The drone 
automatically flies through rows of crops by following GPS waypoints 
planned through convex optimization. The navigation system was built on 
the robot operating system and generates fast and free collision paths. 
A new dataset of pomegranate growth stages with videos and labeled images 
was also developed as part of the work. The drone uses supervised learning 
to estimate yield from the collected images. The system is currently focused 
on pomegranates but can be adapted to other crops. Future work includes 
adding near-infrared sensors for better predictions and even monitoring 
livestock within the fields.

In Abdulridha et al.’s (2020) paper, drones and lab setups using hyper-
spectral imaging were used to detect tomato plant diseases. They used two 
types of tomato plants, one at risk for TYLC and the other able to tolerate, 
and conducted tests both in the lab and in the field with a UAV. The study 
by Albetis et al. (2017) looks at the use of UAV multispectral imaging to 
detect grapevine disease. Drones fitted with visible and near-infrared cam-
eras were used in this investigation. Ground truth data were gathered to 
compare healthy and diseased plants. Both univariate and multivariate clas-
sification techniques were examined using 20 image-based variables (bio-
physical parameters, vegetation indices, and spectrum bands). Findings 
show that red cultivars had a high accuracy rate for symptom identification, 
but white cultivars had a lower detection rate. The researchers came to the 
conclusion that UAV photography still has potential for mapping disease 
symptoms in vineyards, notwithstanding a few misclassifications.
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A smart agriculture drone system for crop monitoring and spraying that 
integrates IoT and machine learning is presented in the Berner and Chojnacki 
(2017) study. The drone recognizes three different types of crops from a 
trained dataset using TensorFlow Lite and the EfficientDet-Lite1 model. It 
can shift between full- and half-capacity spray modes based on what it 
detects. By using preset locations and applying pesticides only when neces-
sary, it works independently to lower chemical use and promote sustainable 
farming. Meivel and Maheswari (2021) work focuses on using drone-based 
sensors to help plant growth monitoring and affordable, organic spraying 
systems. The authors compare two methods: a drone system that uses GPS 
and a neural network-based approach that uses Quantum GIS (QGIS). 
Using a drone fitted with NIR and NDVI sensors, multispectral photos of 
farmland were taken by Gnädinger and Schmidhalter (2017).

12.3  RESEARCH METHODOLOGY

The research was based on reviewing existing studies about how drones are 
used in precision agriculture. Multiple papers that explain how drones help 
in modern farming were collected and analyzed, especially in tasks like man-
aging crops, detecting diseases, spraying, and data collection. This method is 
selected because it makes it possible to look into different kinds of informa-
tion that have already been studied by experts in the field.

The information was gathered by searching for research papers on aca-
demic websites and databases, which include IEEE Xplore, ScienceDirect, 
Springer Nature, and Google Scholar. The search keywords are: drones in 
agriculture, UAV crop monitoring, smart farming with drones, and drones 
in precision agriculture.

The chosen papers were published between 2015 and 2025. To make sure 
about the reliability of the information, only papers that were peer-reviewed, 
meaning they were checked by other researchers before being published, 
were included. Sources that are not academic, like blogs or articles, were 
ignored. Studies about drones used for military or non-agricultural purposes 
are not included. The papers were organized into three categories: (1) drone 
types, (2) types of sensors used, and (3) application of drones in farming.

A lightweight UAV-based remote sensing system was created by Jeong 
et al. (2016) to track the growth of rice crops under different nitrogen treat-
ments. Nitrogen-treated rice paddies were used in the experiment. The fields 
were photographed using a camera. They used atmospheric correction to 
increase accuracy. According to the study’s findings, UAV-based multispec-
tral photography is an easy and effective way to obtain trustworthy crop 
growth data and may be used to track changes in field conditions. Several 
types of drones are shown in the comparison Table 12.1.
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12.4  DISCUSSION

The reviewed papers show that, mainly due to cost considerations, the 
quadcopter is the most widely used drone type. It’s cheaper, easier to fly, and 
suitable for small and medium farms. But when the area is large, either mul-
tiple quadcopters are flown at once, or drones with a longer range are used.

Furthermore, we have seen from the review that drones are mainly used 
for agricultural management, especially for identifying diseases. That makes 
sense because early detection may reduce harm and help farmers save their 
crops. Drones are used for more than only identifying diseases, despite this 
being their most common purpose. They are also helpful in mapping, spray-
ing, tracking plant development, and controlling soil moisture. This means 
that drones are probably used for many different kinds of tasks, possibly all 

Table 12.1 Different types of drones and their applications

Author(s) UAV type Application

Primicerio et al. (2012) Hexacopter UAV Crop Monitoring and Health 
Assessment

Santesteban et al. (2017) Multirotor Soil and Irrigation Analysis

Spoorthi et al. (2017) Quadcopter Pesticide Spraying and Seeding

Shaw and Vimalkumar 
(2020)

Octocopter Pesticide Spraying and Seeding

Chin et al. (2023) Quadcopter Pest and Disease Detection

Shaw and Vimalkumar 
(2020)

UAV with hyperspectral 
imaging

Pest and Disease Detection

Akdoğan et al. (2024) AI-powered quadcopter Pesticide Spraying and Seeding

Hassan et al. (2022) UAV with GIS and image 
processing

Crop Counting and Soil Health 
Estimation

Hassan et al. (2022) Quadcopter Plant Counting and Yield 
Estimation

Kitano et al. (2019) Quadcopter Plant Counting and Yield 
Estimation, Crop Monitoring 
and Health Assessment

Duggal et al. (2016) Hexacopter Pest and Disease Detection

Albetis et al. (2017) Quadcopter Pest and Disease Detection

Berner and Chojnacki 
(2017)

Quadcopter (X500 
frame)

Pesticide Spraying and Seeding, 
Crop Monitoring and Health 
Assessment

Meivel and Maheswari 
(2021)

Quadcopter Irrigation Management, Organic 
Spraying, Vegetation Health 
Monitoring

 Gnädinger and 
Schmidhalter (2017)

Octocopter UAV Precision Phenotyping, Plant 
Counting, Nitrogen-
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at once. An interesting feature of the research is the different types of meth-
ods used; some use simple cameras, while others make use of multispectral 
sensors, image processing, and artificial intelligence. This could mean that 
different approaches are used for different problems, or it could mean that 
researchers are still trying to find the best approaches. In any case, it shows 
that the area is still evolving and that there isn’t yet a single best method.

A challenge that mostly comes up is the lack of technical skills needed to 
operate drones and how expensive they are. Although this technology has a 
lot of potential, it may be difficult to deploy in some places, especially in 
underdeveloped countries.

However, overall, drones continue to show themselves to be solid, practi-
cal tools for modern agriculture, but there is still room for improvement, 
particularly with regard to certain techniques, training, and lowering 
their cost.

12.5  CONCLUSION

Drones are now important devices used in precision agriculture, which 
provides farmers new and different ways to manage their crops, control 
resources, and even increase crop production. Based on the review, we’ve 
seen that quadcopters are the most popular drone type because of their sta-
bility, being easy to use, and being able to stay in the air for full data collect-
ing. They are mostly used for monitoring plant health, identifying pests and 
diseases, and helping with spraying, among other things. These help farmers 
in making better choices while using less fertilizer, water, and pesticides. 
Despite the high costs, regulatory restrictions, and a lack of technical knowl-
edge in remote areas, the use of drones in agriculture is still expanding.
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13.1  INTRODUCTION

13.1.1  UAV governance as a live regulatory problem

There has been an increase in the rate of civilians using Unmanned Aerial 
Vehicles (UAVs) in many sectors of the economy, such as logistics, last-mile 
delivery, disaster management and humanitarian aid, environmental sur-
veillance, smart city infrastructure, and aerial surveillance [1]. The rapid 
implementation of UAV technologies in these fields has fundamentally 
transformed the nature of airspace operations, turning it into a domain 
of conventional manned aviation and making it a stratified, data-rich, and 
highly autonomous ecosystem. Owing to the increasing application of UAVs 
in the low-altitude airspace and in urban missions, the regulatory questions 
related to the technology can no longer be viewed as equally hypothetical 
and speculative assumptions; rather, they have become direct and ongoing 
governance issues to the aviation regulators and policymakers worldwide.

There have been three chronic pressure areas that have emerged regularly. 
Firstly, licenses and authorization procedures in most jurisdictions remain 
slow and bureaucratic in nature, and thus it has adverse impacts on the util-
ity of UAVs that require speed, particularly when responding to emergencies 
and in times of disaster relief. Second, the compliance is ambiguous due to 
cross-jurisdiction in law regimes that govern aviation safety, data protec-
tion, cybersecurity, and municipal land use because they confuse the opera-
tors and the agencies that enforce such laws [2]. Third, an enforcement gap 
still exists due to the absence of real-time monitoring and due to the absence 
of reliable and tamper-proof compliance records, especially in an indirect or 
a transnational activity of UAVs.

The traditional aviation regulation which is founded on a command and 
control model that was developed in manned aircrafts are ill adapted to 
address these problems [3]. Such regulatory models presuppose the central-
ized management of human and rarefied flights, which do not exist in the 
case of autonomous or semi-autonomous UAV fleets in large-scale flights. 
Consequently, the regulatory design and real operationality become increas-
ingly distanced, and this necessitates a fresh perspective in the devices of 
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governance that can facilitate safety, accountability, and sustainability in the 
current UAV ecosystem.

13.1.2  Practical problem statement (experiential 
focus)

The operations of UAV are also complicated by the fact that the zones of 
the legal regime are more divided, primarily, the border of the aviation law, 
data protection law, and digital governance frameworks. The primary avia-
tion regulations are safety, airworthiness, and airspace management; the 
data protection laws are also applied to regulate the collection, processing, 
and storage of personal and sensitive information collected by UAV sensors 
[4]. Such digital governance standards as cybersecurity and digital identity 
administration are complementary to each other but are not sufficiently 
reflected in the law. Practical challenges of incarceration of regulations on a 
political level are serious.

The compliance in the UAV operator’s case can be viewed to include the 
working of several regulatory bodies, technical requirements, and on numer-
ous occasions, increased costs, time wastages, and law uncertainty. The issue 
of keeping track of UAVs in real time and post-flight non-compliance is a 
challenge to aviation regulators; the lack of an easy method of distributing 
the responsibility when it comes to autonomous decision-making or system 
failure is also a problem. The local and city governments, taking care of the 
security of citizens and the urban planning, usually do not have access to the 
flight data and the possibility to utilize the mechanism that could be imple-
mented to manage the low-altitude UAV operations within their jurisdic-
tion. Similarly, structural bottlenecks are encountered in the emergency 
response agencies since the rapid implementation of the UAV during the 
occurrence of natural disasters or a pandemic outbreak is required due to 
the necessity to utilize the available authorization structures in dynamic and 
time-sensitive scenarios [5]. These real-world incompetencies are signs of a 
natural lack of a fit between regulatory will and operational reality. This 
kind of inadequacy of a well-developed governance infrastructure with 
which the regulation adherence, data, and transparency of operations 
accountability can be coordinated undermine the assurance of the law and 
citizen trust. To fill this dark side, there is the need to shift toward a more 
technologically enabled governance system than the normative regulation 
system that cannot work in the real-world UAV operations.

13.1.3  Original contribution of the chapter

It is on the basis of this that this chapter constructs a legal, blockchain-oriented 
system of governance of UAV ecosystems that alters the disjunction between 
the regulatory theory and practice. The conceptualized chapter views block-
chain as a regulatory framework and not a technological invention relying 
upon the comparative aviation law and digital governance framework and 
therefore is capable of installing compliance, accountability, and traceability 
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as a direct element of UAV operations. The chapter offers a convenient legal 
framework, which is innovative and regulatory integrity-balancing, in map-
ping out legal demands by practical regulatory procedures (such as licensing, 
flight authorization, monitoring, and post-incident auditing).

What makes the provided contribution special is that it provides a practi-
cal legal investigation that puts the blockchain governance into perspective 
of the already accepted international aviation standards and domestic laws, 
namely, the existing alterations in the UAV regulation in India. Rather than 
proposing abstract changes, the chapter evaluates how the blockchain-based 
governance mechanism can be operational in the context of the legal con-
straints of the time in order to multiply the outcomes of the regulatory effi-
cacy and sustainability [6].

13.1.4  Methodology

It also has an analytical methodology of a comparative doctrinal legal 
approach, tools of international aviation, its territorial regulatory frame-
work, and national laws that govern the behaviors of UAVs. This theoreti-
cal review is complemented by a case-based regulatory evaluation, which is 
based on judicial decisions, regulatory experiences, and policy events that are 
applied in the UAV regulation and data security. Other than that, the chapter 
employs a policy design and compliance-mapping strategy that identifies the 
areas in which the blockchain technology can be integrated as being a part 
of the regulation processes without posing a threat to the constitutional or 
statutory protections. The course of the approach also informs the analysis of 
the practitioner-oriented legal reasoning; it is concerned with the regulatory 
feasibility, enforceability, and institutional capacity as given in Table 13.1.

13.2  OPERATIONAL ANATOMY OF UAV ECOSYSTEMS 

(PRACTICE-ORIENTED)

13.2.1  Stakeholders in real UAV operations

The legal and regulatory frameworks of the ecosystem stakeholders are 
complex and interdependent but different, which characterizes the UAV 
ecosystems. The key players in the management of the airspace, safety, and 
licensing are the aviation authorities, such as the Directorate General of 
Civil Aviation (DGCA), the Federal Aviation Administration (FAA), and the 
European Union Aviation Safety Agency (EASA). Their regulatory tasks are 
expanding to a new level where the traditional aviation concerns are accom-
panied by the data on the digital identity management of remote identities 
and real-time monitoring of UAV operations [7].

Manufacturers of UAV play a vital role in ensuring airworthiness of air-
crafts, integrity of programs, and conformance to technical specifications, 
but operations and service providers have direct liability in regard with legal 
deployment, compliance to flight authorizations, and safety of operations. 
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Moreover, the data processors and local authorities have turned out to be 
major stakeholders because UAV activities are data-driven, and the impact 
of low-altitude drone-based operations is local. The existence of such plural-
ity of actors necessitates the existence of governance structures that would 
aid in aspects of coordination, accountability, and transfer of information 
across institutional boundaries.

13.2.2  Regulatory touchpoints across the UAV 
lifecycle

Operationally and legally, UAV governance can be conceptualized as a series 
of regulatory contacts during the entire lifecycle of a UAV operation. The legal 
personhood of the UAV and its operator, the basis of accountability, is deter-
mined during the registration step. Flight authorization systems specify the 
time, location, and conditions of flight allowed by the UAVs, which typically 
involve airspace boundaries and safety aspects. Real-time performance and 
remote identification are required in the in-flight phase to enforce and pre-
vent collisions, particularly in the congested or sensitive airspace [8].

Table 13.1 Blockchain functions mapped to key UAV regulatory challenges

Regulatory challenge Existing gap
Blockchain 
intervention

Legal/regulatory 
relevance

UAV licensing and 
registration

Delays and lack of 
transparency

Smart contract-
based 
automated 
licensing

Drone Rules, 
2021; FAA Part 
107; EASA UAS 
Regulation

Flight authorization 
(pre-flight)

Slow, centralized 
approvals

Automated 
permission 
validation

Digital Sky Platform; 
ICAO RPAS 
Guidelines

Post-incident 
investigation

Risk of data loss 
or manipulation

Immutable flight 
and telemetry 
logs

Aviation safety 
law; evidentiary 
standards

Liability 
determination

Difficulty 
attributing fault 
in autonomous 
flights

Time-stamped 
operational 
records

Tort law; product 
liability principles

Multi-agency 
regulatory 
oversight

Fragmented 
enforcement 
and data silos

Shared, 
permissioned 
regulatory 
ledger

Administrative 
coordination 
frameworks

Data governance 
and privacy

Unclear access 
and compliance 
mechanisms

Controlled, 
auditable data 
access

GDPR; DPDP Act, 
2023; Puttaswamy 
(2017)

Emergency UAV 
deployments

Regulatory rigidity 
in crises

Pre-authorized 
smart contracts

Disaster Management 
Act, 2005

Sustainability and 
ESG reporting

Limited verifiable 
operational data

Immutable 
environmental 
data records

SDGs 11 & 13; 
environmental 
governance
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The incident reporting and investigation systems are important post-
operation in order to address accidents, data breaches, or regulatory breaches. 
Finally, the post-flight audit process and the establishment of the liabilities are 
founded on the adequate and verifiable documentation of the operations in 
order to resolve conflicts and to apply fines. In other words, the absence of one 
system through which to interlink these points of regulation makes it much 
easier to find fragmentation and inefficiencies in the implementation. The ana-
lytical basis of this lifecycle-based perspective of UAV governance can be applied 
to identify how the blockchain-based systems can be applied to integrate com-
pliance and accountability throughout the entire phases of UAV operations.

13.3  BLOCKCHAIN AS AN APPLIED REGULATORY 

INFRASTRUCTURE

The UAV ecosystem policy is increasingly necessitating regulatory actions 
that are not only normative but also efficient in operations as well [9]. The 
current method of aviation regulation to a large extent centrally licensing-
based, ex post-regulation, and manual compliance-checking, struggles to 
keep up with the scope, autonomy, and data-intensive nature of contempo-
rary UAV operations. In this connection, blockchain technology is not just 
an auxiliary one but more a form of applied regulatory infrastructure, which 
has the potential to directly introduce legal compliance into the working 
environment of the UAV ecosystems [10].

The blockchain systems are smart contract-programmable, decentralized, 
and immutable, as compared to the conventional digital databases. Such 
properties then allow the imposition of regulatory requirements—e.g., 
licensing, permission to fly, and maintenance requirement—ex ante and on 
a continuous basis, in contrast to being imposed ex post, through enforce-
ment actions. In turn, blockchain enables transitioning to active regulation 
of the aviation sector to the model of embedded compliance, where a legal 
provision is substantiated by default within the technological framework 
governing the activity of UAVs.

13.3.1  Why blockchain fits UAV governance 
(operational rationale)

To ensure a high degree of reliability of compliance with the highly decen-
tralized ecosystem made up of multiple operators, platforms, and regulatory 
bodies is one of the most significant issues of UAV regulation. This issue can 
be resolved using blockchain in this aspect since it possesses three, inter-
linked, operational characteristics [11].

Firstly, raw compliance logs provide a dynamic free-hand record of UAV-
related activities, e.g., registration, flight approvals, telemetry data, and inci-
dent documents. There is also the legal benefit of these records, which can 
never be changed, that makes evidentiary integrity of post-incident investi-
gations, liability adjudication, and regulatory audits [12]. The logs based on 
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blockchains can enhance transparency and credibility, unlike the traditional 
logs, which can be altered or published at random times, to the regulators as 
well as the concerned third parties.

Second, smart contracts can provide automated permissions that can be 
put in coded regulatory approvals. Using the example of an issue of flight 
permissions, it can be offered on a conditional basis, provided that it is in 
compliance with the airspace restrictions, operator qualification, and time 
limitations. In case all these conditions are satisfied, then you are not delayed 
to authorize. The model is highly congruent with No Permission, No Takeoff 
(NPNT) model of the Drone Rules, 2021, and envisions how Drone Rules 
can be pragmatized programmably as opposed to the manual approvals [13].

Third, the regulators should be audited in a decentralized manner, 
enabling a common verifiable compliance ledger to be held by various 
authorities such as the aviation regulators, law enforcement agencies, and 
environmental agencies. This is of greater significance when the institutional 
supervision of UAVs is shattered. Blockchain thus enables coordinated over-
sight, bypassing the need to create one dominant enforcer, hence adhering to 
the principles of administrative decentralization and improving the coher-
ence of regulatory practices [14].

13.3.2  Practical use-cases already emerging

Applying blockchain to the control of UAVs is not just a theory anymore. 
The number of practical use cases is already quite large in most jurisdic-
tions, which is an indication it can serve as a valuable means of regulation.

One such application is Remote Identification (Remote ID) authentica-
tion because with blockchain-based identity registries, it is possible to verify 
UAVs and operators on a real-time basis. By linking individual digital identi-
ties to non-mutable registers, regulators will be able to get traceability 
without necessarily relying on continuously centralized data sets. This is 
particularly a point of concern in regards to unauthorized or malicious 
drone operation in sensitive airspace [15].

The second application is flight permission ledgers, which are records of 
authorizations, geofencing restrictions, and time-limited approvals. Such led-
gers would leave a distinct trail of compliance, and regulators could at any one 
point in time check that the UAV flight was in compliance. These systems reduce 
disputes on ex post compliance and legal certainty for the operators [16].

Third, the record keeping through blockchain makes it possible to main-
tain and monitor airworthiness, and thus, preserve the lifecycle data, such as 
repairs, all checks, and component modification on a blockchain. This is 
especially pronounced as the UAVs operations are augmented and autono-
mous flight operations are augmented [17]. Permanent records of mainte-
nance are legal in that they are used to spread the liability among the 
operators, the manufacturers, and the software vendors in the event of fail-
ure or accidents of the system (Table 13.1).
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13.4  INTERNATIONAL LEGAL ARCHITECTURE: 

LIMITS IN PRACTICE

Although UAV ecosystems have evolved technologically, the international law 
applied in aviation has not developed much since its application was based 
on the principles of manned aircraft. Though these frameworks offer the 
much-needed normative underpinnings, they have serious limitations when 
used in the case of the decentralized, blockchain-based UAV operations [18].

13.4.1  Chicago convention, 1944 – operational 
shortcomings

The Chicago Convention of 1944 (Convention on International Civil 
Aviation) is still the foundation as far as international aviation law is con-
cerned. Article 8 of the Convention covers the concept of pilotless aircraft 
and states that the pilotless aircraft cannot be allowed to fly over the ter-
ritory of a contracting state without special authorization [19]. Although 
this provision gives state sovereignty on the airspace, it provides few indica-
tions on how the authorization, monitoring, and enforcement can be imple-
mented in technologically challenging UAV settings.

Interestingly, the Chicago Convention does not consider computerized 
enforcement means, real-time compliance verification, and automatic autho-
rization systems. Consequently, states are deprived of a common global 
framework that can balance blockchain-based governance by coming up 
with domestic regulatory solutions [20]. This brings about a legal doubt in 
cross-border UAV operations, especially where the flight data, control sys-
tems, and blockchain nodes can be spread over different jurisdictions. 
Additionally, the very inflexible territorial notion of the sovereignty that is 
entrenched in the Convention makes the utilization of decentralized ledgers, 
that are otherwise ill-suited to their country borders, rather difficult. 
Whether the applicable law, jurisdiction, and state responsibility are upheld 
in the case UAV activity falls under the jurisdiction of transnational digital 
infrastructures, the questions about these issues remain unanswered [21].

13.4.2  ICAO RPAS guidance – normative but 
non-binding

Following the increasing application of remotely piloted aircraft systems 
(RPAS), the International Civil Aviation Organization (ICAO) has published 
manuals and guidance materials that should facilitate the formulation of 
domestic UAV regulations by States. Although these tools do not ignore the 
importance of technological integration and risk-based regulation, they are 
soft law and have no binding effect [22].

One of the major weaknesses of ICAO RPAS guidance is that it does 
not  offer blockchain-related standards in the area of licensing, identity 
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management, or compliance logging. Therefore, States that implement 
blockchain-based UAV infrastructures do it in regulatory seclusion, without 
internationally accepted standards of interoperability, data control, or legal 
liability. Such normative gap has a practical implication [23]. In the absence 
of harmonized international standards, the UAV governance based on block-
chain will contribute to the regulation fragmentation instead of alleviating 
it. Mutual recognition of digital credentials and compliance records is also 
constrained by the absence of binding ICAO norms and impedes the possi-
bility of an unproblematic cross-border UAV operation.

13.4.3  Analytical significance

The combination of these restrictions underscores a severe lack of alignment 
between the international aviation law as it is and technological regulation 
as it is becoming. Although blockchain can be used to address regulatory 
issues in the UAV ecosystem in a practical way, to successfully implement it, 
the legal adjustment at the global level is needed [24]. This stress highlights 
the necessity of a remodeled legal framework one that maintains elements of 
principle of sovereignty and safety whilst facilitating technologically intrin-
sic mechanisms of compliance that would meet the requirements of sustain-
able, decentralized UAV operation [25].

13.5  COMPARATIVE REGULATORY PRACTICE: 

EUROPEAN UNION, UNITED STATES, AND INDIA

The control of UAVs indicates more general regulatory philosophies 
embraced by various jurisdictions on striking a balance between innovation, 
safety, privacy, and public interest [26]. The analysis of the European Union, 
the United States, and India shows that they have different views on UAV 
regulation, which is why each of them has a different level of preparedness 
to integrate with blockchain-based governance.

13.5.1  European union (EASA): risk-based but 
data-heavy

The European Union has implemented a risk-based regulatory frame-
work on UAV operations by the European Union Aviation Safety Agency 
(EASA). The operations of UAVs are classified into open, specific, and certi-
fied estimates which are based on the risk of operation and the compliance 
requirements are also based on these risk categories. With this method, the 
regulatory proportionality and flexibility can be provided especially in the 
case with low-risk civilian drone missions [27].

Nevertheless, although the EASA framework is technologically advanced, 
its applicability in the context of blockchain-based UAV ecosystems is lim-
ited by the fact that the EU has an advanced data protection system, which 
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is the General Data Protection Regulation (GDPR). The work of UAVs pro-
duces large volumes of personal and non-personal information, such as 
images, geolocation, and behavioral information, in most cases, falling 
under the broad definition of personal data in the GDPR [28]. The immuta-
bility that is the key property of blockchain poses an inherent conflict with 
the postulates of GDPR, including data minimization, purpose limitation, 
and most importantly, the right to erasure (Article 17). In terms of practical 
compliance, there is more regulatory complexity in trying to implement 
decentralized ledger technologies in UAV governance systems, by the opera-
tors. Although such workarounds as off-chain storage, hashed identifiers, 
and permissioned blockchains are being brought up more frequently, they 
tend to undermine the very decentralization advantages that blockchain is 
supposed to provide. Consequently, the EU model, despite its normative 
strength, is cautious and comparatively restrictive to the overall implemen-
tation of blockchain in the governance of UAVs.

13.5.2  United States (FAA): innovation-first but 
fragmented

The United States takes an innovation-first regulatory stance spearheaded 
by the Federal Aviation Administration (FAA), especially by Part 107 of the 
Federal Aviation Regulations. The FAA model is based on the priorities of 
commercial scalability, experimental deployment, and involvement of the 
private sector, and, therefore, the US is an excellent location to conduct 
UAVs innovation and testing. However, this liberal policy is also associated 
with high regulatory fragmentation. There are often overlaps between the 
federal regulations of UAVs and state and local laws of privacy, land use, 
and surveillance. In judicial interventions, City of Newton has raised con-
flicts between federal pre-emption and local regulatory autonomy, which 
has put legal confusion on UAV operators [29].

In the context of the blockchain governance, the US system does not have 
a single data protection law similar to the GDPR. Although this gives it 
operational flexibility, it also has the effect of creating an uneven enforce-
ment standard, ineffective accountability mechanisms, and minimal auto-
mation of the regulatory process [30]. Lack of a unified federal privacy 
policy makes it difficult to implement the blockchain-based UAV compli-
ance frameworks, especially the cross-border or interstate one. In this way, 
the US system is institutionally loose and light on enforcement but is techni-
cally receptive.

13.5.3  India: digital sky as a De Facto GovTech 
experiment

The Drone Rules, 2021, gives a unique regulatory model in India, where 
the UAV operations were liberalized considerably, and they were integrated 
into a centralized system of digital governance. Digital Sky platform is a 
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one-window registration/licensing/airspace authorization/compliance moni-
toring system. The NPNT system is an example of applying the concept of 
real-time regulation enforcement by implementing the legal compliance in 
the UAV operations technologically [31].

Digital Sky is a proto-blockchain platform, and it provides traceability, 
authentication, and auditability, even though in a centralized form. This 
places India in a relatively good standing with regard to integration of 
blockchains in the future, especially aspects like automated licensing, com-
pliance logs that cannot be altered, and decentralized supervision [32]. 
Nevertheless, there is still a question of scalability. As the UAV functions in 
the fields of logistics, disaster management, and surveillance of cities, a 
strictly centralized system can face constraints on the load of the system, its 
coordination between agencies, and cross-border interoperability. The 
future sustainability of the UAV governance infrastructure in India might be 
limited without gradual decentralization which can be achieved by allowing 
permissioned blockchain architecture (Table 13.2).

13.6  CONSTITUTIONAL AND DATA GOVERNANCE 

CONSTRAINTS (INDIA-FOCUSED)

India is perceived to be very innovative in its regulation of the organization 
of the UAVs; however, the privacy of the personal data and the constitu-
tional limits constrain the development and deployment of the blockchain-
based UAV systems to a significant extent.

13.6.1  Informational privacy and UAV-generated data

The constitutional foundation of Indian data regulation is based on the 
decision of the Supreme Court on Justice K.S. Puttaswamy v. Union of 
India (2017). The right to privacy that was set forth in the Article 21 of the 
Constitution was established in the Union of India (2017) and is considered 
a fundamental right. The Court mentioned the proportionality test, which 
contained three prongs that comprise legality, legitimate state purpose, and 
necessity that is accompanied by proportional safeguards [33].

In the case of the application to the use of the UAVs, especially the aerial 
surveillance missions or the data-intensive operations in the logistical opera-
tions, this framework demands very high standard of scrutiny of the data 
collection, data storage, and data processing practices. Governmental 
approaches of UAVs, which are built on blockchains and value permanence 
and traceability, should be optimized to ensure that the intrusion into infor-
mational privacy is not excessive. To be acceptable to the constitutional 
review, any comprehensive use of blockchain-recorded UAV information 
would have to demonstrate at least a deficiency of data retention, inten-
tional use, and effective controls.
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Table 13.2 Comparative regulatory readiness for blockchain–UAV integration

Parameter EU (EASA/GDPR) USA (FAA/federal & state law)
India (DGCA/drone 

rules 2021) Practical implications

Digital infrastructure High: Advanced UTM and 
operator databases

Medium: Fragmented 
federal-state systems

High: Digital Sky Platform 
for real-time monitoring 
and compliance

EU and India can support 
blockchain integration at 
scale

Blockchain 
compatibility

Low: GDPR constraints 
on immutable data

Medium: Flexible but no 
uniform blockchain policy

High: Policy support for 
blockchain-enabled 
governance

India can pilot smart 
contract-based licensing; 
EU needs privacy-
compliant design

Enforcement 
automation

Medium: Risk-based 
authorizations partially 
automated

Low: Mostly post-flight 
compliance

Medium: NPNT-linked 
automated approvals and 
monitoring

India and EU can improve 
real-time enforcement; US 
lags

Licensing & 
registration

High: Centralized EU 
database

Medium: FAA registry, 
state-level delays

High: NPNT-linked 
automatic approvals

Blockchain can streamline 
licensing in EU and India

Cross-border 
operations

Medium: ICAO alignment 
exists, GDPR issues

Low: Limited mutual 
recognition of UAV 
credentials

Medium: Digital Sky IDs 
evolving for international 
use

Blockchain-enabled 
credentialing needed for 
compliance

Data privacy and 
security

Low: GDPR restricts 
immutable personal 
data storage

Medium: State-level privacy 
laws; no uniform federal 
law

Medium-High: DPDP Act 
allows permissioned 
ledgers

Privacy-preserving blockchain 
needed, especially in EU

Sustainability/ESG Medium: Emerging 
incentives for low-
carbon UAVs

Low: Minimal ESG 
integration

High: SDG-aligned UAV 
initiatives possible

Blockchain can track carbon 
footprint and ESG metrics
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13.6.2  Digital Personal Data Protection Act, 2023

One of the largest steps toward the statutory data regulation in India is the 
implementation of the Digital Personal Data Protection Act, 2023 (DPDP 
Act). Some of the principles that the Act emphasizes include the restriction of 
purposes, minimization of data, and consent-based processing and offer the 
data principals a binding right. However, there are structural issues of incor-
porating blockchain within the DPDP Act [34]. The indelible registries also go 
against the requirement to delete or correct individual data, which leaves the 
issue of the legality of decentralized systems incompletely resolved. The Act 
also assumes consent architectures that are effectively revocable and dynami-
cally governed and are difficult to implement in a blockchain environment.

With UAV governance, it would need a mixed-knowledge-law relation, 
wherein sensitive personal information is stored out-of-chain, with block-
chain used to verify, store metadata about, and prove regulatory compli-
ance. In the absence of such design decisions, the UAV governance through 
blockchains will be threatened by the statutory non-compliance with its 
operation despite the advantages of blockchain use [35].

13.7  CASE-BASED PRACTICAL LEGAL ANALYSIS

In this part, the theoretical discussion of the blockchain-driven UAV gover-
nance seems to be grounded on the real judicial logic and rule-making. It 
demonstrates how courts and legal systems are responding to the emerging 
challenges posed by the operations of UAVs, decentralized compliance, and 
data-intensive aerial technologies, according to the analysis of the previ-
ously existing case law and jurisprudential principles.

13.7.1  International case example: Singer v. City of 
Newton (United States)

The decision in Singer v. City of Newton is one of the most educative judi-
cial contacts with the tension of regulation of civilian UAV operations in the 
US. The case began after the City of Newton, Massachusetts, enacted local 
ordinances, including the restrictions on the drone flights that included the 
need to register the drone flight with the local authorities, the impositions 
on aerial photographing of privately owned lands, and the impositions of 
the minimum altitude of the drone flight without prior permission of the 
land owners [36]. The areas that were objected on were that the stipulations 
were inconsistent with the federal aviation regulatory system under Federal 
Aviation Administration (FAA). The legal issue that the court was to deter-
mine was the federal pre-emption and local regulatory authority. The FAA 
argued that the navigation of the airspace, aircraft safety standards, and 
operating authority were all within the federal jurisdiction. The court agreed 
on most of the points and it was believed that local laws which attempted 
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to control the height of the flight, authorization of operations or the air 
that was navigable, encroached an area that was under federal law [37]. 
Meanwhile, the court granted that the municipalities retain a limited scope 
of power to manage land use, privacy, and local law enforcement matters, 
but they cannot in fact airspace regulation [38].

Singer v. City of Newton gains a few vital points in the context of the 
blockchain-based UAV governance. First, it brings out the importance of 
uniformity and interoperability of regulations, particularly when the UAV 
activity crosses into the local borders. Decentralized compliance systems 
(notably the distributed flight authorization ledger, remote identification 
logs, etc., based on blockchains) must be designed in such a manner that 
they are federally harmonized and not a local patchwork. Second, the case 
throws light on the value of technological compliance solutions that are able 
to integrate the federal requirements into working processes. In the broader 
sense, by using the example, Singer v. City of Newton demonstrates that 
being a decentralized compliance system does not mean that legal hierarchy 
is nonexistent [39]. On the contrary, such systems are to be structured in a 
manner that they do not interfere with constitutional allocations of regula-
tory authority. However, blockchain governance must not be an alternative 
to any legal frameworks but instead, it should be a compliance infrastruc-
ture overridden on them.

13.7.2  Indian jurisprudential application: Justice K.S. 
Puttaswamy v. Union of India applied to UAV 
surveillance

However, there are no attempts to use a judicial precedent to solve the par-
ticular problem of UAV surveillance specifically in the Indian setting, as the 
constitutional principles are reflected in the case Justice K.S. Puttaswamy 
v. The article by Union of India provides a good jurisprudential base to 
the discussion of UAV-based data processing and blockchain-based logging 
solutions. The establishment of the Right to Privacy as a key right by the 
Supreme Court in article 21 of the Constitution has extremely far reaching 
implications on the aerial surveillance, data collection, and round-the-clock 
surveillance offered by UAV technologies [40].

By using Puttaswamy v. Union of India in UAV surveillance, this denotes 
three dimensions that are constitutionally pertinent. First, UAVs possessing 
high-resolution images, sensors, and AI analytics are capable of collecting the 
details of personal information, and in most instances, without the informa-
tion or authorization of the people involved. Second, in the case when such 
information is uploaded permanently in blockchain registries and is intended 
to serve as a compliance, audit, or evidentiary tool, the issues of informational 
self-determination and data minimization are brought up. Third, the propor-
tionality test that was embraced in Puttaswamy v. Union of India that includes 
legality, legitimate aim, necessity, and proportionality would place on UAV 
surveillance, including UAV surveillance that is technologically efficient and 
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capable of being effectively refined, a burden of proving expressly drafted stat-
utory power and narrowly focused purpose. The impossibility to change dis-
tributed ledgers may be unsuitable with other rights, such as the right to 
correction, erasure, or limitation of use, which are partially reflected in the 
Digital Personal Data Protection Act, 2023. A hypothetical judicial application 
of Puttaswamy to stop blocking chain-logged UAV data would most likely 
entail courts discovering some manner of drawing the distinction between per-
sonal data stored on-chain and hashed data structures and reference-based 
data structures, which would preserve auditability but not disclose identifiable 
information. This reading would back the privacy-by-design approach of reg-
ulating UAVs, rather than a blanket rejection of blockchain technologies [41].

Thus, the constitutional jurisprudence of India does not prohibit the regu-
lation of the blockchain-enhanced UAV as long as it is followed by the prin-
ciples of proportionality, responsibility, and the law [42].

13.8  DETAILED LEGAL–OPERATIONAL CASE STUDY

13.8.1  Case study: blockchain-enabled UAV deployment 
in disaster management

In this part, a practical scenario will be used as to why blockchain governance 
is relevant to the UAV ecosystem in a real-life example with reference to the 
introduction of UAVs in the event of a significant natural disaster such as a 
flood or an earthquake. The disaster response context is an interesting case to 
use as it is a combination of urgency, the coordination of multiple agencies, 
the sensitivity of data, and a higher level of interest among people [43].

13.8.2  Facts (realistic regulatory scenario)

Consider the example of an instance when the UAVs are being used by the 
government agencies to survey a massive flood that has struck various dis-
tricts. UAVs are used in real-time mapping, searching lost individuals, pro-
viding medical services, and examining damaged infrastructure. Depending 
on the number of stakeholders involved, they include disaster management 
officials, aviation regulators, local governments, and individual service com-
panies for UAVs. The system relies on a blockchain to record flight authori-
zations, UAV flight paths, sensor data tagging, and an immutable audit trail, 
which may be viewed by approved agencies [44].

13.8.3  Legal issues

Such a state of affairs raises several interconnected legal issues. The first one 
is the emergency exceptions to privacy: despite the possibility of disaster 
response to become the reason to temporarily suspend the consent and the 
notice requirement, the limits of the exceptions along with the time frame 
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must be defined by the law [45]. The second issue is linked to the respon-
sibility of independent or semi-autonomous decision-making, particularly, 
with regards to UAVs relying on AI-based navigation or prioritization rou-
tines. The decision-making sharing between hardware, software, and data 
inputs is rendered hard to define responsibility in case of errors that can 
occur during the targeting or collisions. The third issue is the retention and 
auditability of data, especially when the records in blockchain storing oper-
ational data are not subjected to the emergency in question and they are not 
necessarily aligned with the values of data minimization.

13.8.4  Legal analysis

Even under the Constitution, proportionality and necessity have to be 
achieved in deployment of the UAVs during an emergency. The case of a 
disaster is also likely to ensure that the courts uphold few breaches of pri-
vacy, provided there is some statutory support, time limitation, as well as 
after-event responsibility. The national drone needs of aviation safety exist 
only with expedited approval or exemption on condition. Particularly, 
blockchain governance is relevant in this respect, as it enables ex ante com-
pliance (through automated authorizations) and ex post accountability 
(through immutable logs) [46].

The data governance analysis further shows that blockchain is not a man-
datory storage of personal information, as it can be employed as a verifica-
tion layer, where hashes, time stamps, and authorization logs are stored, but 
the sensitive data are not stored on the blockchain but in an off-chain and 
controlled environment. These architectures are a compromise between 
disaster-response and compliance efficiency and legal regulations.

13.8.5  Practical outcomes

Practically, UAV management of disasters with the help of blockchain can 
introduce several measurable advantages. The pre-programmed emergency 
procedures ensure that the operations of receiving regulatory approvals pro-
ceed much faster. The responsibility is also enhanced because all the deci-
sions made regarding the operation can all be traced, and this assists in 
reducing the post-incident turmoil within the agencies or the contractors. 
Finally, an institution is able to learn and improve its policies through verifi-
able records of the operations in case of any future crisis.

13.9  SUSTAINABILITY AND ESG INTEGRATION 

(APPLIED CONTRIBUTION)

Sustainability issues are no longer the peripheral component of the regulation 
of technology but the center of norms. Sustainability—the UAV ecosystem 
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context is no longer a phenomenon that is confined to the environmental 
debate, but it has emerged as a parameter that is now legally significant in 
the context of rules design, compliance requirements, and social responsi-
bility. Blockchain-based governance systems offer a unique opportunity to 
implement the principles of Environmental, Social, and Governance (ESG) 
in the extreme realms of the UAV regulation and perceive sustainability not 
as a policy objective but as a particular and practical regulatory outcome in 
the field of operations [47].

13.9.1  UAVs as low-carbon logistics tools: 
empirical policy reasoning

UAVs, particularly electrically powered drones, are one of the solutions 
that are viewed as low-carbon alternatives to the conventional logistics and 
transport systems. UAVs demonstrated that they can be used to reduce fuel 
use, traffic congestion, and the subsequent greenhouse gas emissions because 
of their application in last-mile delivery, delivery of medical supplies, disas-
ter recovery, and infrastructure inspection. Regulatively speaking, these 
environmental benefits directly relate to State obligations to international 
environmental law, e.g., in the Paris Agreement, and the implementation of 
the United Nations Sustainable Development Goals (SDGs), e.g., SDGs 9 
(Industry, Innovation and Infrastructure), SDGs 11 (Sustainable Cities and 
Communities), and SDGs 13 (Climate Action).

The sustainability advantages of UAVs must be proven empirically, how-
ever, so that regulatory incentives, exemptions, or special treatment can be 
informed. The blockchain-based governance makes it possible to substanti-
ate it with the data on the verifiability of operations, including the frequency 
of flights, the energy consumed, the delivery efficiency, and the route effi-
ciency. These unalterable records of data legitimize evidence-based policy-
making, and they will allow regulators to understand the actual effect of 
UAV activity on the reduction of emissions or the yielding to the cost of the 
environment. In this manner, blockchain will allow sustainability appraisals 
that are empirically driven, and the legitimacy of the environmental policy 
intervention by UAVs will be strengthened.

13.9.2  Blockchain-enabled resource optimization 
and airspace efficiency

In addition to the decrease in emissions, the notion of sustainability in the 
process of governing UAVs is directly related to the resources and system 
optimization. The existing regulatory frameworks are characterized by over-
lapping of the compliance processes, incompatibility of the data storage, 
and absence of coordination of the aviation authorities, law enforcement 
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agencies, and local governments [48]. Such inefficiencies not only increase 
the administrative burden but also derail sustainable deployment, increasing 
the cost of operation and regulatory drag.

One of the solutions to these issues is blockchain-based shared ledgers, 
where it is possible to access authenticated regulatory data in real-time and 
in an interoperable manner. During the exchange of licensing documents, 
flight approvals, compliance records, and incident reports, it is possible to 
easily exchange them between the authorized parties without having to go 
through the verification process time and again. This results in the minimi-
zation of duplication, coherence of regulations, and enhancing airspace 
management since it makes it possible to predict traffic and avoid conges-
tion. This optimization improves governance accountability but indirectly 
contributes to environmental sustainability because the allocation of 
resources becomes efficient and the wasting of systems is less systematic.

13.10  SUGGESTED TWO-LEVEL GOVERNANCE 

ARCHITECTURE IN UAV ECOSYSTEMS THAT 

USE BLOCKCHAINS

With the advent of blockchain technologies in the sphere of logistics, disas-
ter prevention, urban mobility, and environmental monitoring, the applica-
tion of Unmanned Aerial Vehicles (UAVs) is growing, which promotes new 
governance issues. The traditional aviation regulatory frameworks prove 
ineffective to handle the operational complexity, data volume, and transna-
tional characteristics of UAV systems due to the fact that they were mostly 
implemented to address manned aircraft. In order to give solutions to these 
challenges, this chapter proposes a two-legged system of governance that 
balances between, on the one hand, the national regulation and, on the other 
hand, the international harmonization. The model is devised to provide a 
frame of reference regarding the manner of possessing clear, responsible, 
and workable UAV operations and facilitating operational acculturation 
amid regulators, operators, and technology developer.

13.10.1  Tier I: national blockchain-enabled UAV 
governance

The lower level is the national level in which confers the United States of 
America the paramount control to the functioning of UAVs within its air-
space. The level is concerned with how the blockchain infrastructure will be 
implemented in the local regulatory frameworks to ensure that the process 
of licensing, monitoring, and sharing of the liability becomes more efficient, 
transparent, and legally certifiable.
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13.10.1.1  Licensing and permit issuance

One of the most critical matters in the regulation of the UAVs is the manual 
licensing of the UAVs that is usually typified by delays, lack of transparency, 
and discretionary interpretation. The issuance of licenses and operation per-
mits by automated procedures may be achieved using the smart contracts 
in the blockchain networks in accordance to a set of compliance standards. 
This reduces the administrative bottlenecks and enhances transparency in 
the procedures and limits the administrative discretion to control. The effi-
cient manner of application of this concept is the Indian Digital Sky solu-
tion, the centralized digital flight approval, and licensing system which can 
be implemented as a smart contract through a blockchain to provide a pos-
sibility to make it even more efficient and transparent.

13.10.1.2  Monitoring and compliance oversight

The safety and regulatory control also requires real-time monitoring of the 
UAV operations. Blockchain-based Remote Identification (Remote ID) sys-
tems have the potential to produce the immutable flight logs and telemetry 
data that are capable of monitoring the UAVs whereabouts any time. Such a 
system offers convenience of avoiding enforcement, investigation of the inci-
dent, including ensuring that the information of operational data is unalter-
able and could be heard in a court of law. It is particularly crucial when 
autonomous or semi-autonomous UAVs are concerned, and the control is 
somehow left in the hands of people.

13.10.1.3  Liability and risk management

The passing of the responsibility in the UAV operation and autonomous 
flights in specific cases is a controversial matter. The blockchain technol-
ogy enables the records involving the operator actions, software interven-
tions, and manufacturer contributions to be made, specifically in time, 
which enables to distribute liability evidently. It would be applicable in the 
event of litigious conflicts or insurance and this would be in compliance 
with tort and product liability and also reduce the uncertainty in regard 
to litigation.

13.10.1.4  Operational scalability

The point mainly is that at the national level, it is possible to have digi-
tal governance because the centralized Digital Sky platform demonstrates. 
Further improvement of the level of scalability is also possible due to the use 
of blockchain that will allow the regulatory systems to manage the increas-
ing number of UAVs, operators, and complex operating conditions. This is 
the automation, transparency, and record keeping that cannot be altered to 
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boost the efficiency at which the operations are carried out and fosters the 
trust in the stakeholders.

13.10.2  Tier II: international harmonization layer

The second tier is related to the transnational nature of the UAV operations 
and the need of the regulatory interoperability. The former tier will ensure 
national regulation of the industry, and the latter will permit mutual recog-
nition of the UAV qualifications, compliance credentials, and operational 
licenses across jurisdictions. This layer is concerned with harmonization, 
not uniformity in order that as states retain their sovereign powers, they 
are still able to use the international UAVs, such as cross-border logistics, 
disaster management, and urban air mobility.

13.10.2.1  Cross-border regulatory certainty

The UAVs cross-border operation has to possess a legal framework of 
licensing, adherence to operations, and data management. Blockchain-based 
credentialing will allow ensuring instant verification of UAV operators and 
aircrafts and reducing delays and controversies. Interoperable blockchain 
environments can also enable real-time compliance across jurisdictions in 
the nation, and this would assist in minimizing the possibility of differing 
regulations and operational variances [49].

13.10.2.2  Role of international institutions

It is the international organizations, in particular, the International Civil 
Aviation Organization (ICAO) that is positioned to devise model standards 
of the blockchain-based governance of UAVs. These standards could advise 
the states on the development of the compatible regulatory structures, 
the promotion of safe and sustainable UAV operations, and the aspect of 
domestic legal customs and priority spheres of the policy agenda. This form 
of harmonization is compatible with international standards in Chicago 
Convention, 1944, and ICAO RPAS guidelines, which will provide the 
format of internationally integrated UAV operations.

13.10.2.3  Legal and policy implications

The liability, data protection, and operational compliance are some of the 
major implications that the harmonization layer has. The standard block-
chain architecture can facilitate the cross-compatibility of digital credentials 
and the implementation of the cross-border and compatibility with the legal 
framework at the national scale (such as GDPR in the EU and DPDP Act, 
2023, in India). The harmonized systems also enable tracking of the sustain-
ability measures and compliance with the ESG which are under the SDGs of 
cross-border activities.
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13.11  POLICY RECOMMENDATIONS: PRACTITIONER-

ORIENTED GUIDANCE

The two-tiered governance model will require some policy recommenda-
tions to be provided to the legislators, regulators, and other individuals 
interested in the industry. These suggestions are expected to interpret the 
governance theoretical constructions into real and action plans.

13.11.1  Recommendations for legislators

 • Adopt Technology-Neutral Frameworks:
Priorities of the technologies in legislation should be replaced by regu-
latory interests like safety, accountability, and privacy. This provides 
the adaptability and evolvability of legislative systems to the change in 
technology. In the example, the laws may require compliance systems 
be blockchain ready, but without protocol given in it, industry and 
regulators can choose the most optimal.

 • Encourage Legal Innovation:
To make sure that the regulation is not dogmatic and unaccommo-
dative of innovations, regulators should encourage regulatory sand-
boxes and trial projects so that new models of governance, especially 
blockchain-powered UAVs, can be tested.

13.11.2  Recommendations for regulators

 • Establish Sandbox Environments:
The regulatory agencies ought to have manageable conditions related 
to tests in which the use of blockchain to govern UAV is tested, such 
as coordination of cross agencies, privacy, and real-time monitoring.

 • Leverage Smart Compliance Audits:
Audit trails: In the event that an audit trail is maintained in compli-
ance with blockchain, it enables regulators to verify compliance auto-
mation, reduce administrative burden, and enforcement to become 
efficient.

 • Enhance Multi-Agency Oversight:
Shared permissioned ledgers may be useful in coordinated surveil-
lance between aviation authorities, municipalities, disaster manage-
ment agencies, and law enforcement agencies and enforcers to provide 
responses prompt and appropriate to emergency situations, or regula-
tory violations are imposed.

13.11.3  Recommendations for industry stakeholders

 • Integrate Privacy-by-Design and Compliance-by-Design:
The manufacturers of the technology and the individuals controlling 
the UAVs ought to build in the data security and regulatory measures 
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in the blockchain systems since their inception, as these will ensure the 
data safety and privacy regulations in the aviation industry.

 • Early Alignment with Regulatory Standards:
The industry is also supposed to collaborate with the regulators to 
make sure that smart contracts, flight logs, and operating data meet 
legal and safety criteria and minimize legal liability and gain trust.

 • Operational Transparency and ESG Integration:
The support of ESG reporting and SDGs compliance can be offered 
with the assistance of blockchain that makes it possible to monitor 
UAV activities, maintenance records, and sustainability rates.

13.12  CONCLUSION: OPERATIONALIZING LEGAL 

PRINCIPLES THROUGH BLOCKCHAIN

The process of changing the principles of governance according to which 
the abstract principles of regulation transform into the evidence-based and 
enforceable forms of governance is known as the introduction of the block-
chain technology into the UAV governance. The perception of such a con-
cept as blockchain as an enabler technology should never take place, but 
rather as a regulatory infrastructure, which can operationalize legal time 
or legal ideas of transparency, accountability, and proportionality [50]. In a 
more or less international context of locating the developing UAV and data 
protection facilities in India, this chapter explains how India may contribute 
in the establishment of governance norms that may be applied at the emerg-
ing economies. The two-tier system of governance makes certain that the 
domestic regulatory autonomy is realized but the international harmoniza-
tion, law certainty, and level of operation is facilitated.

Moreover, blockchain governance facilitates sustainable UAV governance 
by enhancing the carbon footprint governance, effectiveness of disaster 
management and environmental sustainability, and responsibility thus fos-
tering the SDGs. Finally, the chapter is a practitioner-led, multidimensional 
roadmap of the manner blockchain must be incorporated in the UAV gover-
nance and innovation, legal accountability, and sustainability endeavors in a 
future-oriented, sustainable UAV ecosystem.
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