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Foreword

Power systems are the direct reflection of their countries’ economy, security, and
advancement. They should be operated in safe and stable modes in order to avoid
negative consequences on their nation’s security and economy. For decades, the tra-
ditional power systems were operated safely and securely with no problems related
to its stability and security. This view of power systems has been changed during the
last decade due to environmental challenges and energy security risks which enabled
the movement toward the feasible implementation of smart grid concept. In the last
decade, the penetration level of renewable energy sources (RESs) has been highly
increased. Although RESs reduce the environmental concerns, but have negative
impacts on the stability and security of existing power systems. For instance, the high
share of renewables in modern power systems has reduced the total rotating inertia
and as consequences the frequency variable has been affected.

In conventional power systems, the frequency which is a global variable was
controlled by well-operating and managing primary and secondary reserves came
from generation side. However, this is not yet valid due to change in the power
system situation and high reduction of the rotating inertia, therefore the operators
need faster reserve that cannot be available from generation side. It has been found
that the best source of such reserves is the demand side. Later, new topics has been
initialized which are demand side management and demand response for controlling
the intelligent appliances that can provide some of their capacities as source for the
necessary reserves. As a consequence, it has been suggested to take advantages of
demand response for providing ancillary services in power systems.

There are specific types of loads and smart appliances that can provide ancil-
lary services to power systems. These loads should not affect the conformable of the
consumers and in the same time the management of these appliances should be done
based on reserve and energy markets. For instance, there are great research activities
these days on building a practical aggregators of electrical vehicles so that they can
participate in ancillary services market by well-controlling their charging and stage
of charge situation during a specific period of time. Likewise, researchers have sug-
gested models of air conditioners, refrigerators, water heaters and other thermostat
appliances for considering them as good storage aggregators that can provide some
services to power systems.

It is clear that there is a need for comprehensive book on demand response topic
that can cover the latest methods, best practices, case studies, and applications for
encouraging researchers and governments for supporting the movement toward smart
grid concept.
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It is obvious that the penetration level of renewable energy sources is highly
increasing over the world. Solar and wind energy are among the most percentage
shares of renewables in modern power systems. By nature of the photovoltaic cells,
they provide zero inertia to power systems. This means that increasing the power
generation from solar power plants would at least reduce the inertia with the same
percentage of their active power generation share increase. As aforementioned, this
high reduction in inertia would bring new challenges and technical issues to the
operators of modern power systems where the main problems related to stability
and security of energy systems. On the other hand, different types of wind turbines
provide neglectable inertia (almost zero) to modern power systems bringing the same
problems that would be arisen from solar energy systems. Therefore, there is a serious
need for new sources to keep the balance in power system operation especially in the
view of providing ancillary services. With the low inertia in future power systems, the
traditional and conventional reserve sources would not act accurately and properly in
the aim of maintaining the power system stability, therefore, it is highlighted that the
demand side can be considered as a good source of such services based on demand
response programs. The main advantage of demand response over energy and reserve
sources in the generation sides is its flexibility which is the most important feature
to the operators. Different types of demand side loads can provide demand response
services to power systems, where this book will focus on industrial demand response
and the types of demands that have the feasibility of implementation.



Introduction

The book is principally focused on industry demand responses (DRs) and their roles
in modern power systems. The book is sorted out and organized in 17 chapters.
Each chapter begins with the fundamental structure of the problem required for a
rudimentary understanding of the methods described. The book starts with chapters
that give comprehensive review and discussions on industry DR and their security.
The next set of chapters discusses the aggregation, optimization, and technical issues
related to industry DR. Finally, the last set of chapters presents best practices and case
studies. Brief descriptions of the book chapters are given below.

Chapter 1: One of the key points marking the transition from traditional toward
smart energy grids is the provision of flexibility services from the demand side.
Power flexibility facilitates the integration of renewable energy resources (RESs),
while the balance between the supply and the demand side is maintained. DR tech-
niques are providing the opportunity for high exploitation of the flexibility potential,
since they enable reducing, increasing or shifting a portion of the electrical demand,
for a specific time period. The industrial sector is expected to have a more significant
contribution compared to the residential and the commercial sector, mainly because
of the high-consuming equipment, the scheduled operations and the already installed
metering equipment on the facilities. The present work explores the state-of the-art
DR applications implemented in the industrial sector. The individual characteristics
of each type of industry are analyzed, as they play a major role in the identification
of DR potential, since industrial processes may involve critical loads, being highly
correlated, that must follow strict operational constraints. The current level of partic-
ipation in industrial DR programs is being assessed, identifying possible technical or
regulatory limitations that prevent further adoption.

Chapter 2: Cybersecurity in industry DR is crucial for modern power systems due
to their high digitization. The open information and communication technology, that
ICT is being used for the operation of such systems, is highly vulnerable to cyber
threats. The adopted smart grid concept around the globe enables the utilization of
demand-side for providing ancillary services based on well-known DR programs.
These programs aggregate smart appliances in homes and electric vehicles (EVs)
for providing vital services such as frequency regulation a voltage support. Since
the aggregation is based on cyber layer, any cyber threat could affect the ancillary
services that are being delivered from the aggregators, which might lead to stability
and security issues resulting in brownout or massive blackouts. This chapter discusses
the cybersecurity in DR program and shows its importance for modern and future
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smart power systems due to their stability and security margins. Furthermore, the
cyberattack case study is implemented in a power system with demand side program
responsible for providing primary frequency support ancillary service, where the
results confirm the high vulnerability of modern power systems to cyber threats on
DR-active power reserve providers. Moreover, technical suggestions are provided for
enhancing the cybersecurity in DR programs in power systems with high-power share
from renewable energy sources (RESs).

Chapter 3: Electric load forecasting is a fundamental technique to understand end-
user behavior and therefore a crucial factor in the design of DR programs. Load
forecasting will also identify the appropriate design of DR programs. In this chap-
ter, a range of different machine learning applications are covered to represent the
influential factors for electrical load demand forecast in a DR context, with a variety
of different data scenarios, temporal and technical scenario. This chapter explores
and compares the load prediction analysis through basic recurrent neural networks
(RNNs5); vanilla RNN, gated recurrent units (GRU), and long short-term memory
(LSTM), using principal component analysis (PCA). It is found that PCA can be used
to reduce the number of principal components for vanilla RNN, GRU, and LSTM
networks. Reducing the number of principal components using PCA is one of the
techniques that are used in dimensionality reduction. Reduction in dimensionality
will relieve the computational burden. In this work, the dimensionality reduction
improves the predictive output. It is observed that for electric load demand fore-
casting, the preferred technique is GRUs, trained with principal components. The
performance is evaluated through mean absolute percentage error (MAPE), which is
relatively lower than other techniques.

Chapter 4: DR, which is an important feature of smart grid, can play avital role
by making the demand side more responsive to the varying gap between demand
and supply. DR is utilized by power utilities to maintain system reliability, security
and stability while customers utilize it to reduce the electricity cost by increasing or
decreasing the load during valley or peak demand periods. Industries consume huge
amount of electricity; therefore, DR strategies are required to be implemented by
industrial customers to enhance the saving. Further, industrial customers can provide
DR by employing many different technologies or strategies to achieve shifts in demand
in the following ways: (i) reducing or interrupting consumption temporarily with
no change in consumption in other periods, (ii) shifting consumption to other time
periods, and (iii) temporarily utilizing onsite generation in place of energy from the
grid.

Chapter 5: Smart grid enables active participation of consumers’ daily operation of
the grid through DR. DR refers to the actions initiated from contracted customers
by changing their demand in response to price signals, incentives, or directions
from grid operators. In this chapter, industrial DR suitable for frequency regulation
is discussed. For this, a mathematical model of price-based DR from thermostati-
cally controlled loads (TCL) for controlling the temperature of the chillers in large
academic complex environment is presented. A probabilistic model of the density
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function of aggregated TCL loads is discussed. The variation of the thermostat set
point demand temperature an increase in the price is presented. In order to match the
power demand and power supply, a new method for dynamic demand control (DDC)
with automatic generation control (AGC) in smart grid environment is proposed. A
load frequency control using DDC was modeled in this study. The load frequency
control model was simulated for a step load change of 0.01. The frequency devia-
tion was compared with the frequency deviation obtained when generation control,
using PI controller, alone was implemented for frequency control. Thus, DDC alone
is required to maintain the system frequency, during small load variations. DDC will
play a major role in reducing these losses caused to the GENCOs under a smart grid
environment.

Chapter 6: In 2020, the sales volume of EVs in China reached 1.367 million. A rapid
growth trend was witnessed by the huge increment of electric EVs in past several
years. By the end of 2020, China has nearly 5 million new energy vehicles. Mean-
while, China’s charging infrastructure has reached 1,681,000 units. It is expected
that the global penetration rate of new energy vehicles will exceed 30% in 2030. At
that time, the number of EVs in China is prospected to be 80—100 million. As the
largest EV market in the world, China has unique conditions to develop and study the
interactive application of EVs and power grid. The power system can have a chance
of promoting comprehensive innovation thanks to the booming of the EV industry.
A smart energy transportation network that can participate in the grid DR) timely,
would possibly consist of massive EVs, the power grid, renewable energy network
and transportation network. Because of the inherent mobile energy storage charac-
teristics of EVs, flexible large-scale EV clusters have great potential in power load
regulation, renewable energy consumption, power quality improvement, etc. Thus
EVs can be used to participate in auxiliary services such as peak shifting and valley
filling, frequency regulation, emergency support so as to interaction friendly with the
grid. In recent years, many cities in China have tried to include EVs in the pilot, and
made positive exploration in vehicle network interaction.

Chapter 7: DR programs are defined as the ability of customers to change their
consumption pattern in response to market/system signals. Nowadays, DR programs
are interested worldwide as an essential part of the future power system and also
considered as virtual generation resources. However, an accurate measurement and
verification (M&V) approach is needed to implement these programs successfully.
Indeed, the evaluation of the real potential of a DR program that is enabled during a
DR event is depended on an evaluation method that should be employed to estimate
the consumption behavior of the customers if they have not participated in DR. In this
regard, customer base-load (CBL) estimation is defined as the approach to estimate
the customers’ load levels if they have not received DR calls. Then, by computing the
difference among the estimated baseline and measured load data, the real potential
of DR would be calculated. So, the determination of the real potential of DR is
dependent on the difference between the estimated baseline and measured load data.
Since various factors (such as load type, weather condition, and day of a week) could
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affect the CBL, it is a challenging and complex task to provide an accurate estimation
of the CBLs.

Chapter 8: In a smart grid paradigm, the concepts of DR and transactive energy (TE)
are used to optimize the consumption and generation in the power networks. In this
chapter, two models for DR are analyzed based on the well-known Cobb—Douglas
utility function. Both models maximize their utility, subject to different constraints.
A time-of-use price-based DR program is employed. Restructuring in the electricity
sector, with an increase in RERs and distributed energy management technologies,
offers the potential for significant improvement in the efficiency of power systems
through the TE framework. In a TE framework, prosumers of all sizes can participate
in the double auction electricity markets via automated home energy management sys-
tems. Heating, ventilation, and air conditioning (HVAC) and energy storage devices
are the two important loads in residential buildings that account for a large proportion
of building energy consumption. A two-way exchange of energy and information is
possible with the current advent of communication systems and net metering. In this
work, we consider the case of solar photovoltaics (PV), HVAC, and energy storage
devices (EVs) and battery energy storage systems (ESSs) of prosumers participating
in the retail real-time double auction market. The problem is formulated as maximiza-
tion of social welfare subject to power balance and network constraints. Simulation
studies and results are presented for the modified IEEE 13 node distribution system.

Chapter 9: Supply demand balance is imperative for reliability of power system.
Inability to maintain this balance results in frequency deviation and system failure.
The recent integration of RESs such as wind and solar has reduced inertia and vari-
able output which leaves the power system at risk to disturbance while also reducing
controllability of generators. However, latter day DR is coming across as an eco-
nomical and effective way of adding to the reliability and security of power system
by managing electricity demand of customers at times of severe power imbalance.
This chapter carries out a detailed literature review of centralized and decentralized
demand control approaches. As well as presents a novel demand control approach for
providing frequency regulation by using domestic refrigerators as control loads. This
chapter also carries out a detailed study of large-scale appliance level interval meter
consumption data from Australia’s largest network provider Ausgrid. Appliance level
data is used in combination with household level data to study the contribution of air-
conditioners in summer peak demand. Clustering is performed on air-conditioner data
to identify various air-conditioner load profile patterns. These patterns are then used
with demand control strategies to study the possible load reductions from residential
air-conditioner control across the Australian State of New South Wales.

Chapter 10: Current environmental trends such as the rapid penetration of RES and
decommissioning of controllable but polluting generators are putting stress on the
reliable operation of electricity systems. This reduction of flexibility and increase in
volatility in the supply side calls for compensation from other sources in the grid.
Although the development of ESSs is creating an opportunity to relax the energy
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balance constraints in the grid, it is currently not sufficient to solve the constantly
growing need for flexibility.

Chapter 11: DR is one of the pillars of the modern distribution system, where con-
sumers would voluntarily reduce consumption in response to financial incentives.
While for residential consumers, demand curtailment is mainly a matter of incon-
venience, for industrial customers, reduction in electric demand can lead to severe
operational ramifications such as halt in production, pile-up of inventory, or wasted
labor. These challenges have caused industrial DR to remain less explored compared
to residential demand side management. Although the industrial sector may be small
by numbers, its energy consumption is the dominant load on most distribution sys-
tems. This further underlines the potential benefits gained by involving industrial
loads in DR events. One way to motivate industrial DR is to improve opportunities
for indirect cost savings as a result of participation in a DR event. For instance, it has
been shown in the literature that demand curtailment can be performed in conjunction
with inventory management in order to help the plant operate at or near just-in-time.
Another option can be to coordinate DR with asset management, i.e., by shutting
down lines and workstations under stress or those that are due for maintenance. This
way, the direct financial incentives from participating in DR can be augmented with
long-term benefits of optimal asset utilization. Providing one such solution is the
goal of the current chapter. A multi-objective optimization framework is proposed
here that allows plant operators to balance and optimize different financial, opera-
tional, and resource objectives while taking advantage of DR to alleviate operational
stress on assets. The approach can further incentivize plant managers to participate
in DR events, while allowing electric utilities to employ this significant untapped
potential.

Chapter 12: Considerable interest is now being vested in low-carbon energy sources
in other to meet the world’s ever-growing energy demand without causing damage
to the environment, which has given rise to the increasing contributions of RESs to
the energy grid. This development is not without its challenges to modern electric
power systems. Due to the intermittent nature of RERs, its increase has resulted in
energy demand-supply mismatch, grid imbalance, or grid instability. A reliable and
cost-effective approach is required to address this energy trade imbalance caused
by the influx of RESs. DR is a concept that aims at achieving energy balance in
the grid by controlling and adjusting flexible loads. Industrial DR has the potential
for a significant contribution to the operational flexibility of power systems. Since
the industrial sector is one of the major electricity consumers in the world, as many
industrial loads consume much electrical energy, therefore, a proper industrial DR
regime will help in ensuring a safe and secured grid, improve energy balance, promote
decarbonization, more grid reliability and cost reduction for customers.

Chapter 13: Industrial DR (IDR) has been used for regulation and balance purposes
for many years. Large energy intensity manufactures have responded to external
signals, generally from system operator (SO) to shift or shutdown loads according
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with emergence or unexpected situations in power system. Historically, such ancil-
lary services were very constrained and only remunerated by means of payments
according with an individual contract agreement between SO and industrial customer.
Nowadays, new IDR programs have been investigated, which have received a great
impulse because of the development of new control and communication systems, dis-
tributed energy resources (DER) based on RES, energy storage capacity, alongside
market liberalization and pricing diversification. Such new IDR programs tend to
focus on controllable, deferrable and interruptible loads aggregation, as well as on
DER and ESS aggregation through virtual power plants (VPP) or the energy market
participation of an aggregator on behalf of the prosumers.

Chapter 14: DR is a basic tool to achieve power systems flexibility in the short and
medium terms. The effective deployment of DR and the engagement of new resources
need both knowledge about how DR performs and how to evaluate their flexibility
to give a correct economic feedback to customers and aggregators. DR verification
requires a reference in absence of control: the customer baseline load (CBL). The
aim of this chapter is to describe several baselines that provide an acceptable evalu-
ation of load response as well as the use of different adjustment methods to improve
the CBL. Some of these adjustment factors can be justified through the simulation
of physical-based load models (PBLM), which are also used in DR for planning
and operational tasks. The chapter discusses some issues reported by grid operators:
detection of abnormal responses (before and after DR) that can be due to gaming or
are reactions to maintain load service such as preheating, precooling or the change
of tasks timeline. All these approaches have been illustrated using real data of an
industrial customer. Results show that the adjustment of CBLs can improve several
conventional approaches described in the literature.

Chapter 15: Despite its comparative advantages with respect to residential and com-
mercial DR, industrial DR (IDR) in general, and modeling of different types of flexible
industrial processes in particular, has received relatively limited research attention,
with previous work having only explored limited and industry-sector-specific sub-
sets of such processes. This chapter adopts an alternative, sector-agnostic modeling
approach and develops generic models of all conceivable types of flexible industrial
processes, with the aim to shed light on their key operating differences and assist
industrial consumers interested in IDR schemes to identify and assess the types that
are more relevant to their systems. In this context, this chapter identifies and discusses
seven different types: (1) uninterruptible processes with fixed power, (2) interruptible
processes with fixed power, (3) uninterruptible processes with discretely adjustable
power, (4) interruptible processes with discretely adjustable power, (5) uninterrupt-
ible processes with continuously adjustable power, (6) interruptible processes with
continuously adjustable power, and (7) material storage buffers.

Chapter 16: DR has proven to be a crucial mechanism in the process of flexi-
bility exploitation on the demand side. Throughout the years, it has evolved and
expanded, reaching more and more previously untapped potential sources. In that
process, residential users have provided a significant buffering capacity for balancing
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energy production and demand, but this came with a few challenges. With more and
more households transitioning from being purely energy users to smart homes and
energy prosumers with distributed renewable energy generation, new possibilities
have opened up for integrated optimization approaches that make the best use of both
locally generated and grid-supplied energy as well as energy storage systems.

Chapter 17: Despite all achievements, and advances in energy markets, microgrids,
and smart grids within the world, issues such as power distribution, consumption,
or optimization are among the important and significant areas within the industry
and technology. As industrialization and technology improve, these subjects become
more important. Most of the experts attempt to have far better control on power con-
sumption/distribution, and technologies like combined heat, and power (CHP), or
gas-electricity, or demand forecasting, especially in smart sustainable cities (SSCs).
Using artificial intelligence (Al) and neural networks (NNs) can have an important
role in performing, and optimization that will lead to lowering the issues in future
power systems. An NN-LSTM-based model can help the experts to control, pre-
dict, and optimize the facility consumption, and power distribution. Conceptually, in
industrial and smart sustainable cities, more they develop, more the quantity of data
is going to be generated that a simple and practical tool to research about and analyze
these big data is Al. Regarding an outsized amount of data, the training and predicting
process of Al is going to be far more accurate, due to the low root mean square error
(RMSE). Accordingly, the result is going to be near the actual and help the SSCs to
possess controlled power consumption, distribution, and CHPs. Also, the combina-
tion of quantum technology with smart grids, and NNs are analyzed. Accordingly,
the mentioned technologies cause preventing power loss and promoting a way to a
smarter, technology-based, and sustainable world with high ability of DR.

The editors
Hassan Haes Alhelou, Antonio Moreno-Murioz, Pierluigi Siano
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Chapter 1

A comprehensive review on industrial demand
response strategies and applications

Christos Timplalexis,! Georgios-Fotios Angelis,’
Stylianos Zikos,! Stelios Krinidis, !

Dimosthenis loannidis! and Dimitrios Tzovaras!

One of the key points marking the transition from traditional toward smart energy
grids is the provision of flexibility services from the demand side. Power flexibility
facilitates the integration of Renewable Energy Resources (RESs), while the balance
between the supply and the demand side is maintained. Demand Response (DR) tech-
niques are providing the opportunity for high exploitation of the flexibility potential,
since they enable reducing, increasing or shifting a portion of the electrical demand,
for a specific time period. The industrial sector is expected to have a more significant
contribution compared to the residential and the commercial sector, mainly because
of the high-consuming equipment, the scheduled operations and the already installed
metering equipment on the facilities. The present work explores the state-of-the-art
DR applications implemented in the industrial sector. The individual characteristics
of each type of industry are analyzed, as they play a major role in the identification
of DR potential, since industrial processes may involve critical loads, being highly
correlated, that must follow strict operational constraints. The current level of partic-
ipation in industrial DR programs is being assessed, identifying possible technical or
regulatory limitations that prevent further adoption.

1.1 Introduction

As the energy landscape is rapidly evolving into a digital and more dynamic era,
future power systems are also changing, trying to adapt to this challenging transition.
At the same time, governments and other public stakeholders have also provided for

Information Technologies Institute, Centre for Research and Technology Hellas, Thessaloniki, Greece
2Department of Management Science and Technology, International Hellenic University (IHU), School of
Economics and Business Administration, Thessaloniki, Greece
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extremely ambitious future plans regarding significant reduction targets in green-
house gas (GHG) emissions. In European Union (EU), for example, the most recent
Climate Target Plan [1] commits for a reduction of GHG emissions by at least 55%
by 2030 and aims toward achieving climate neutrality by 2050. The energy sector is
making an effort to contribute to those targets by introducing the Smart Grid (SG)
paradigm. SGs are based on the widespread implementation of Advanced Metering
Infrastructure (AMI) and on the huge capabilities that derive from the development of
Artificial Intelligence (AI) solutions in the field of electrical energy monitoring and
control.

The operational model on which traditional power systems were built considers
the demand side as non-flexible. The supply side is therefore responsible for making
all the necessary adaptations in order to provide power to the grid in a reliable man-
ner. This model mainly depends on fossil fuel-based power stations, whose output is
determined by the amount of fuel that they are supplied, consequently they can be
considered controllable to some extent. However, the high penetration of Renewable
Energy Resources (RES) has introduced a level of uncertainty on the supply side, since
solar or wind power output for example depends on stochastic complex natural phe-
nomena. The concept of Demand Side Management (DSM) was first introduced by
the Electric Power Research Institute (EPRI) in the 1980s as a series of activities that
utilities undertake to change their load shape and/or energy consumption pattern for
benefit maximization, investment delay, and reliability enhancement [2]. DSM activ-
ities can be classified either as “Energy Efficiency (EE)” or as “Demand Response
(DR).” DR denotes a power consumption shift made by a utility customer (residential,
commercial or industrial), as a response to a price signal or an incentive-based reward.
It inherently tries to mitigate some of the challenges that are deriving from the SG
transition, such as the intermittent and stochastic nature of RESs and Electric Vehi-
cles (EVs) or the high cost and flexibility of the Electrical Storage Systems (ESS).
DR consists of a highly dynamic interaction between demand and supply, capable
of efficiently handling energy equilibrium toward several goals such as greater RES
penetration, adjusting the demand according to the generation available, increasing
the overall reliability and stability of the power grid.

According to the US Energy Information Administration [3], the industrial sector
uses more delivered energy than any other end-use sector, consuming about 54% of
the world’s total delivered energy. However, research interest and the provision of SG
services are mainly focused on the residential and commercial sector, even though
they have a much smaller consumption footprint and environmental impact. Optimal
energy management in the industrial sector could provide the necessary flexibility,
avoiding the use of expensive storage units and peaking power plants [4]. In order
to unlock the full flexibility potential of industrial applications, operation scheduling
needs to be done considering the complicated processes taking place in each type
of industry, which may set some limitations to the extent that their loads can be
automatically controlled.

More specifically, industrial DR can help industries gain significant economic
benefits without compromising the smooth progress of the production process, while
giving the aggregators a large margin of flexibility that can help them manage the
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grid in a more efficient way, minimizing the inconsistencies between generation and
consumption.

Implementation of DR programs can be more challenging for industrial facilities
compared to residential customers, as reliability issues are usually vital for industries
[5]. The violation of the operational constraints could lead to the interruption or even
the stoppage of production. Moreover, two-way communication between the system
operator and the participating industry is required. Most industrial sites already have
metering infrastructure installed, so their participation is facilitated. However, a low
participation rate is observed, mainly due to lack of knowledge, technical constraints,
and complexity issues [6]. Review of the literature implementations suggests that
cement, steel, and aluminum plants (which mainly belong to the construction industry)
have a large flexibility potential which has been extensively studied over the years.
Electrochemical manufacturing is also a sector in which multiple DR applications
have been developed. Food industry participates with refrigerator warehouses, which
are excellent candidates for DR implementations due to their thermal inertia. Finally,
the IT industry and more specifically data centers are continuously growing in size and
in energy needs, so an increasing number of studies have been studying their flexibility
potential. The rest of this paper is organized as follows. Section 1.2 analyzes DSM
techniques and ancillary services in the context of smart grid. In Section 1.3, state-
of-the-art implementations are presented, elaborating on the special characteristics of
industrial sectors with higher participation in DR programs. Section 1.4 investigates
the barriers and the limitations identified, preventing the wider adoption of industrial
DR solutions. Finally, conclusions are drawn in Section 1.5.

1.2 Demand side management and ancillary services
in smart grid

1.2.1 Smart grid

Three main categories at the top level for the customer section of smart grids are
commonly recognized: residential, commercial, and industrial. Even though public
attention on smart grids had been focused mostly on the residential sector during the
previous decade, commercial and industrial sectors have larger consumption footprint
and peak load contribution [7]. In particular for the industrial sector, it has several
common individual facilities to represent large loads, due to high use of electricity.
Therefore, there is potential to achieve economic, environmental, and other benefits.
A short overview of main smart grid technologies with link to the industrial sector is
presented next.

Energy efficiency: It is a main objective for energy management, especially in
places where energy costs play a crucial role and need to be reduced. Applying con-
trol actions and utilizing intelligent systems for energy conservation in recent years
have been made possible due to the advances in Internet-of-Things (e.g. low-cost
wireless sensors, interconnected networks) and asset management software. Mod-
ern automation systems that are used in industry provide meaningful information
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to facility managers via dashboards, allowing them to assess the status on the
facility operations. These tools provide to facility managers all needed informa-
tion to respond to signals that are received from the electricity grid in case of grid
problems.

Direct load control: It refers to the case when a utility or service provider directly
controls the loads by sending control signals to assets at a facility. Direct load control
is more common in the residential section, where incentives are offered to the owners
to install the necessary equipment for controlling HVAC units and electric water
heaters. On the contrary, direct load control in industry is more complex, especially
in production environments, as further context is required on the type of the load and
its role in the production process. This is because it must be ensured that in all cases,
any safety rules are not violated and the operation of affected production lines is not
at risk.

Storage: The use of storage allows to decouple to an extent the purchase of
electricity with the operation of the facility. This is especially useful in cases of low
availability, fluctuating quality, or high price of electricity supply. The two main types
of storage are the “Electrical storage” and the “Thermal storage.” The former usually
relies on batteries, and the common scenario is to apply it when electricity is offered
at low price in order to consume the stored energy later when needed. Stationary
batteries come in various capacities and may be of different technologies. For example,
the capacity of utility-scale storage batteries ranges from several megawatt-hours to
hundreds, and lithium-ion batteries are the most prevalent type [8]. Moreover, using
the batteries of electric vehicles by applying smart charging, V2H, and V2G modes,
has attracted much attention due to the increasing availability of such vehicles and
related EV charging equipment.

Power generation: Industrial facilities may generate power to cover part of their
electricity needs or even to provide to the grid. Biomass and fossil fuels were
the main source of cogenerated power in the past, however, distributed generation
using renewable energy sources (e.g. PVs and wind turbines) is the current trend.
Cost is an important factor, and given the variability of production from renew-
able energy sources, high level of automation and efficient control strategies are
needed. Therefore, the facility managers will be able to plan the production process
accordingly based on information about electricity cost and predicted onsite power
generation.

Microgrids: A microgrid is defined as a group of distributed energy resources,
including renewable energy sources and energy storage systems, plus loads that
operate locally as a single controllable entity [9], having monitoring, control, and opti-
mization functionalities. Facilities with these characteristics that can form a microgrid
can operate off the grid completely or partially, allowing them to enable uninterrupted
operation in cases where grid supply is not reliable. According to [10], industrial
microgrids consist of factories with distributed energy resources that rely on combined
heat and power (CHP) systems for energy generation, while renewables and plug-in
electric vehicles may also be included. Moreover, as indicated in [11] the industrial
microgrid can be optimized, by managing the storage and generation resources and
implementing appropriate control actions for load curtailment.
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1.2.2 Demand response automation schemes

Demand side activities that are coordinated directly with supply system operators’
requirements and utility communications, mainly related to grid power quality, avail-
ability, and price, are referred to as Demand Response. For example, such demand
side activities include daily peak load reduction during high price time intervals and
participation in electricity transactions with various response times.

The term “Demand Response” encompasses electric load-reduction strategies
that are both manually initiated and automatically initiated. There are three main
approaches to demand response, which are the following [12]:

e Manual—A person performs operation (e.g. turns off) on the equipment. Human
intervention does not guarantee persistent and low response times, making the
manual approach not suitable for participation in all markets.

e Semi-automated—A person launches an energy management system (EMS),
which determines and performs all the necessary actions on the equipment.
Therefore, the reliability of the response depends on the availability of the initiator.

e Automated—The EMS in this case automatically initiates the execution of the
control strategy, upon request from the grid operator without any human inter-
vention. This is achieved through communication signals that are received by
the automation systems from the grid. The advantages of the automated Demand
Response are high speed and reliability, provided that the automated control
actions have been properly designated.

Automated demand response can be implemented at several levels with regard
to where the logic resides. In large-scale facilities or buildings that are equipped with
EMS, it is common to have the EMS handle the Demand Response logic. Alterna-
tively, some local energy resources may directly implement the Demand Response
logic rules. A third option that is common for small-scale facilities is to allow the
Demand Response logic to be handled by a service provider or the utility. As far as
the implementation of demand response is concerned, the Open Automated Demand
Response (OpenADR) standard [13] has been adopted and widely used. OpenADR
enables the exchange of various related information, such as measurement reports,
forecasts, schedules, baselines, price data, and other. It has been identified as a key
standard for demand response. The current version of the standard, OpenADR 2.0b,
has received full approval as International Electrotechnical Commission (IEC) Stan-
dard IEC 62746-10-1. The main advantages of OpenADR 2.0b are the following:
(1) open architecture and publicly available; (2) support of hierarchical architecture;
(3) dynamically configurable message exchange intervals, and transmission of past
and future flexibility data [14]. OpenADR is already in use at several installations to
provide demand response, as well as ancillary services and DER management.

1.2.3  Ancillary services in the industrial sector

Ancillary services programs are of major importance, as they have the potential to
increase the amount of flexibility that is provided to the smart grid and improve power
quality and grid resilience. The increasing share of renewable power generation is
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having an impact on the grid that could be balanced through the provision of ancillary
services by DR programs. The involvement of industrial consumers could bring profit
to the industries and at the same time increase the overall power system efficiency.

Ancillary services include all services and actions that are needed in order to
support a power system, which must be secure and reliable [4]. The advancements
that have been made in real-time communication technologies and automated control
especially during the last 15 years have allowed the engagement of small loads that are
suitable for fast DR [15]. Two main differences of DR for ancillary services compared
to typical DR applications are the reduced notification time and more advanced tech-
nical requirements related to measurements (speed and accuracy). Moreover, ancillary
services may be needed and requested any time during the day and not just during
peak hours. There are special types of loads with characteristics, such as the ability
to be shortly interrupted without negative impact, that allow them to provide ancil-
lary services. These loads include refrigerated warehouses, electric water heaters,
dual-fuel boilers, water pumping, etc. [4].

According to the report presented in [16], ancillary services are classified as
(a) frequency ancillary services (mainly for balancing); (b) services for congestion
management; and (c) non-frequency ancillary services, such as voltage control and
grid restoration. A high-level description of the most common types of ancillary
services provided by conventional units in EU is provided below [17].

e Frequency control: This service restores the frequency in the nominal operating
value after possible deviation due to imbalance between generation and demand.
The main ancillary services for frequency restoration are frequency containment
reserves (FCR), frequency restoration reserves (FRRs), and replacement reserves
(RRs).

e Joltage control and reactive power supply: This service controls the voltage to
maintain it to the desired acceptable limits. To this end, reactive power is required
to be injected at specific locations of the grid network, close to the voltage devia-
tion point, using controllable devices. According to the activation time, there are
three voltage control types: primary voltage control, secondary voltage control,
and tertiary voltage control.

e Black-start capability: This service is provided by generating units that can inject
energy into the system for restoring it after a general or partial interruption of its
operation.

1.3 Industrial DR case study implementations

The energy requirements the equipment and the special characteristics of each industry
will be analyzed in this section. Case studies of DR implementations found in the
literature for each industry will also be investigated.

1.3.1 Manufacturing processes

The largest part of the industrial sector is consisted of procedures that are related to
manufacturing. The term manufacturing implies the processing of raw materials, in
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order to physically, mechanically or chemically transform them into finished goods
or more complex items. DR scheduling in this case may face some severe limitations,
since there are multiple machines and complex processes involved in the produc-
tion procedure. Furthermore, some of those processes are executed in parallel, so
the implementation of DSM actions may interrupt the production procedure. Thus,
the available DR potential should be studied separately at each case, taking into
consideration the level of criticality of the performed operations.

1.3.1.1 Iron and steel

The iron and steel industry is the second largest energy user in the global industrial
sector [18], being responsible for a large percentage of carbon dioxide emissions
[19] (up to 1.6 billion tons of CO, annually). There are two methods that are used
predominantly in the steel production process [20]: (1) Blast Furnace—Basic Oxygen
Furnace (BF-BOF) is the most widely used method at a percentage of 75% of the
global production. The main steps followed in this process include coking, sintering,
pelletizing, ironmaking, primary and secondary steelmaking, casting and hot rolling
[21]. The final product can be delivered in various forms, such as coils, plates, sections
or bars. (2) Electric arc furnace (EAF) is an alternative steel production method used
in 25% of global production. In this case, the main raw material is recycled steel
scrap and electricity is the main source of energy. EAF route is considered to be
more environmentally friendly, since it has lower CO, intensity. However, the global
percentage of EAF steelmaking is smaller compared to BF-BOF, mainly because of
shortness of raw materials and scrap resources [22,23]. A graphical explanation of
the two methods can be seen in Figure 1.1.
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The authors of [24] are considering the steel production process, utilizing
weighted directed acyclic graphs. They define representations corresponding to
events, procedures and time spent on procedures, while a notional process is sim-
ulated using MATLAB software. Certain processes of the graph are considered as
critical, which means that time adjustment is not possible at these routes. Other pro-
cesses, such as steel rolling, are found to have a considerable DR participation time,
improving the adjustment ability of the steelmaking process to DR programs. The
work presented in [25] highlights the complexity of the processes taking place in the
steel industry, focusing on reducing the computational cost of load scheduling on
DR events. The production process requires fine grained computations, in terms of
time resolution, but that results into long computation time which is not acceptable in
the dynamic environment of this specific industry. This issue is addressed by apply-
ing two different techniques, whose effectiveness is numerically validated. At first,
additional constraints are added, in an effort to reduce the search space of the MIP
problem. Then, the commercial solvers which are typically used for the solution of
optimization problems are substituted by a tailored method which utilizes the special
characteristics of the steel manufacturing industry. EAF steel production method is
considered in [26], where the optimal day-ahead scheduling is attempted, for partici-
pation in the electricity market. Similar to [27], the steel plant is modeled as a RTN,
so the whole production process is described by interactions between the resources
(e.g. equipment) and operational or transfer tasks. Optimal scheduling is based on
the study analyzed in [27], however, it has been extended to include spinning reserve
provision. Four different scheduling scenarios are simulated with results indicating
that at all cases spinning reserve provision slightly increases electric energy cost, but
significantly reduces the overall operational cost of the steel plant. A larger optimiza-
tion horizon is implemented in [28], where load scheduling is running within a 5-day
rolling window and maintenance planning is considered for 30-days ahead. Actual
data from a steel plant in Taiwan are used for the current study. The schedulable parts
of the equipment include two hot strip mills (HSM) and picking and cold reduction
(PCR). Results indicate that the maintenance planning maximizes the DR potential,
while energy scheduling with DR minimizes the operational cost of the plant.

1.3.1.2 Aluminum

Aluminum production is a less complex and less energy intensive procedure, com-
pared to steelmaking. Yet, it constitutes a large share of the total global energy usage,
reaching up to 1.53% [29]. The dominant electricity consumption process occurring
at an aluminum plant is smelting, which utilizes energy for an electrolysis process
that involves the chemical reduction of aluminum oxide into aluminum. Smelters are
estimated to account for 85% of the total energy needs of an aluminum plant [29].
Moreover, these systems have been designed for a stable operation at constant power
levels, as their energy consumption is directly related to the production of the plant.
Hence, maintaining a stable load profile with minimum variations ensures the seam-
less operation of the production process. Minor rapid variations may be implemented
for the provision of regulation services to the power system, without significantly
reducing the quantity of the aluminum produced [30]. It becomes clear that the DR



Industrial demand response strategies and applications 9

potential is restricted due to the plant operational constraints, however a strong advan-
tage compared to other industries is that the smelting process is able to change its power
consumption very quickly and with high accuracy, controlling the DC voltage of the
smelting pots. The industrial aluminum production process can be seen in Figure 1.2.

A DR strategy candidate for implementation on aluminum smelters is the partic-
ipation to the day-ahead energy and spinning reserve bidding markets. This case is
presented in [32], where the optimal bidding strategy is investigated. Flexibility pro-
vision is considered only by controlling rectifiers, while it is assumed that the smelter
can inject energy back to the grid. A stochastic optimization approach is followed,
taking into consideration all the possible scenarios for the day-ahead electricity price
forecast. All of the price scenarios are modeled with the same probability. The solution
ofthe MILP problem suggests that energy bidding is higher when electricity prices are
high. As aresult, it is preferable to sell energy during those hours, so there is less space
for providing spinning reserve. An approach trying to maximize the aluminum plant
profits is presented in [33], where the optimal combination of aluminum production
and regulation of the electric power grid is investigated. The automatic generation
control (AGC) signal, which is used for the balancing between supply and demand,
is linearly simplified. Then, various scenarios are created and given as an input to
a stochastic optimization problem. Various simulations are conducted utilizing dif-
ferent price and cost parameters, as both hourly and multi-hour regulation provision
are examined. According to the results, when the profit price is higher, the electric-
ity consumption as well as the aluminum production are higher, while the regulation
participation is lower. The authors of [34] follow a slightly different approach, formu-
lating the problem as a mixed integer quadratic programming problem. A two-level
optimization strategy is implemented, where the system operational cost is minimized
and the profit of the aluminum plant is maximized, taking into account the profit from
the DR participation. The maximization of profit is a convex and continuous prob-
lem, so it is replaced by the Karush—Kuhn—Tucker (KKT) optimality conditions. The
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Figure 1.2 The industrial aluminum production process [31]
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IEEE-39 bus system is used as a case study, at a time resolution of 15 minutes. Results
indicate that implementing DR is a great solution for electrolytic aluminum plants,
since it can be a source of profit even at periods when raw material prices fluctuations
reduce product sales profits. In [35], electrolytic aluminum advantages for DR par-
ticipation are analyzed. The large the installed capacity, the large thermal inertia and
the small peak valley difference between day and night make aluminum plants ideal
candidates for DR participation. A separation is made between aluminum enterprises
with and without their own power plants, since in the first case, there seems to be a
large potential in peak shaving, while in the latter, time shift DR is more suitable. At
any case, most of the applications on the field use price-based methods for DR par-
ticipation. The authors support that future research should move toward the direction
of combining price-based and incentive-based schemes for optimal results.

1.3.1.3 Cement

One of the most energy intensive industries in the world, being responsible for more
than 8% of China’s total industrial energy consumption, is the cement industry. The
largest part of the energy used comes from fossil fuel, while electrical energy con-
sumption in cement power plants is broken down as follows: 35% at the cement
mill, 30% in clinker production, 25% in kiln preparation, and 10% to other desti-
nations [36]. The energy consumption breakdown of a cement plant can be seen in
Figure 1.3. The cement mill, which is the machine with the highest electrical con-
sumption, is preparing the raw materials for the kiln by utilizing wet or dry grinding.
From the power consumption perspective, the wet grinding process was widely used
due to lower energy requirements, but advances in technology have now made dry
grinding the most efficient method [37]. Energy savings actions in cement plants are
usually focused on upgrades of the existing equipment or savings in fuel. DR potential
exists in those processes of the production process that are not continuous. For exam-
ple, since the kiln is operating continuously, its interruption would cause stoppage of
production or other damages. On the contrary, raw mix grinding, fuel grinding, and
clinker grinding are the processes on which DR implementations are mostly built on.
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One of the first studies that considered DR implementation in industrial cement
plants is presented in [39]. The production process was modeled by using start prob-
abilities and constraints for all of the sub-processes, the objective function was set to
minimize electricity tariff and finally the optimization problem was solved by using
particle swarm optimization (PSO) technique. The simulated case study involved a
dry process cement plant and a ToU DR scheme was considered. It is concluded that
raw materials storage gives a larger flexibility potential to the plant. Optimal schedul-
ing was achieved by mostly modifying the grinding operations, while crushing and
homogenization were also shifted. The work presented in [40] investigates the poten-
tial for ancillary services provision through continuous power changes. This scenario
is not easily implemented in cement plants, since only discrete power changes are
made. A model predictive control (MPC) framework is deployed with hourly reg-
ulation signal forecasts given by an ARMA model. Cement plant parameters are
considered and MILP optimization is solved, estimating the benefit from the instal-
lation of an ESS system. Three scheduling options are compared, namely real-time
MPC coordination, hourly regulation cost and day-ahead optimal scheduling. Results
indicate that loads are able to support the power system operation by providing reg-
ulation, while the authors suggest that the proposed framework to be extended to
include more system components such as commercial building and electric vehicles.
A data-driven approach for flexibility estimation is presented in [41]. Data from two
Korean factories were used for the evaluation of the proposed solution. Load curves
were decomposed to three components: seasonal, trend and residual. DR events were
implemented and the level of demand reduction was analyzed from the collected data.
According to the results, the usual power consumption could be cut down to its half, if
the potential score on ramping down the demand for cement loads is 0.27. The score
scale varies from 0 to 1, with 1 being the highest possibility. An interesting imple-
mentation, aiming toward the provision of aggregated DR flexibility from cement
plants is introduced in [42]. The aggregator controls the operation of 8 plants, sepa-
rating their production line into 4 discrete sub-processes and making day-ahead (24 h)
planning, by taking into consideration the constraints set by the industries. Numerical
results simulate the coordinated operation of the plants for a hot summer day, with the
network experiencing serious power shortage. The problem is mathematically formu-
lated as a dual robust mixed-integer linear programming (R-MIQP) problem. Results
suggest that the storage capacity of the siloes is the key to unlock the maximum
flexibility potential. The authors argue that the aggregator could possibly integrate
various diverse heavy industries, optimally coordinating their operation. As indicated
in [38], energy saving actions in energy intensive industries can be achieved not only
with DSM techniques but also by performing energy assessment and maintenance
on the existing facilities. In the presented case study of an Iranian cement plant, the
electrical cost was reduced by 10% by implementing the following actions: reducing
moisture on the raw materials, replacing typical fans with variable speed fans on the
kiln air flow system, leveling the rotational speed of the kilns, insulating parts of the
high temperature area after visual inspection. This indicates the importance of imple-
menting simple maintenance solutions for electrical cost reduction, before resorting
to more complex DSM solutions.
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1.3.1.4 Other manufacturing sectors

Within the industrial sector, there are multiple other energy intensive industries, such
as chemicals, textile, automotive, aerospace, wood, plastics and rubber, which have
manufacturing processes as their main activity. However, DR implementations are
found in the literature only for those industries that are considered appropriate from
an operational point of view. For example, safety critical operations may not be
interrupted for the provision of flexibility services, as a production failure could have
more significant effects, compared to the benefits obtained from DR implementation.

According to [43], the average electricity consumption for the vehicle assembly
process is 80 kWh/vehicle. Thus, several studies have implemented DR schemes to
the automobile manufacturing industry. In [44], a MILP approach attempts to opti-
mize the metal stamping process, which is the mechanism that creates consistently
sized and shaped car body parts, by pressing sheets of metal. The objective function
minimizes the total manufacturing cost, while the constraints are customized for the
processes taking place in car manufacturing. Simulation results indicate significant
cost reduction because of the use of DR, which is further cut down when DR is com-
bined with ESS interaction. A similar case, where an automotive assembly line is
simulated, considering as equipment seven machines and five buffers, is presented
in [45]. Real-time DR scenarios are considered, since non-real time strategies fail to
satisfy the requested DR events, without compromising system throughput. Real-time
control manages to maintain the production target unaffected, while it is highlighted
that more sophisticated solutions are required for long lasting DR events. The work
presented in [46], also focuses on real-time, event-driven DR requests. The power
control model is built utilizing a Markov decision process (MDP) framework, captur-
ing both deterministic and stochastic properties of the model. Dynamic programming
is used as a tool for the solution of the formulated MDP problem, while forward recur-
sion is preferred over backward recursion, due to the curse of dimensionality. A five
machine and four buffer manufacturing line is considered as a case study, utilizing
real data from an actual automotive industrial facility. According to the results, during
the DR event, electrical power consumption can be reduced by up to 22%, while the
system throughput remains unchanged.

The chemical industry is another energy-intensive sector which is responsible
for a significant amount of industrial carbon emissions [47]. The work presented
in [48] investigates the DR potential in a chemical manufacturing facility. Real-time
optimization (RTO) and economic model predictive control (EMPC) are compared
on different optimization horizons. It is observed that EMPC profit is depending on
the horizon size, while computational concerns are raised for realistic examples that
could create substantially larger models. Operating profits are achieved, however it is
highlighted that the cost of the installation of new equipment needs to be taken into
account in the profits calculation. Electrolysis-based chlor-alkali manufacturing is
an energy-intensive technology that can be optimized to provide significant demand
response services. In [49], the operation schedule of the plant is modified every 15
min, following the fluctuations of the electricity prices. Significant reduction of 29%
in power demand was achieved, exploiting the inherent inertia of the process, which
allows short-term scheduling. The authors highlight that operation constraints, such
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as the cell temperature, should be constantly monitored during DR events. In the
current work, electricity prices were considered to be accurate, however in real-life
scenarios, they derive from a forecasting process that may introduce errors that will
affect the method efficiency. Chlor-alkali manufacturing DR is also studied in [50],
where day-ahead and real-time optimization scenarios are implemented. In this case
study, the plant is powered by a grid-connected hybrid renewable energy system,
while energy forecasts are used for the prediction of the output from the generation
units. The optimization problem determines the optimal dispatch of the available
resources for a specific time horizon. Various DR schemes were considered, with
the results suggesting that the electricity contract and incentive based scheme are the
most beneficial both for the industrial customer and the operator.

The case study presented in [51] is simulating processes of the ceramic manufac-
turing industry. A data-driven approach is selected, although the cost of implementing
a real-time data collecting and monitoring framework is highlighted. DR implemen-
tation is focused on the ball mill machine, which is a type of grinder that blends
materials of ceramics. The suggested solution is described in three different layers,
namely data capturing, monitoring and energy efficiency optimization. Data anal-
ysis reveals the most efficient ball mill of the plant, while the authors suggest that
energy and cost savings can be achieved by extending this behavior to the rest of the
equipment. Pulp and paper production also require a significant amount of energy for
the execution of the related manufacturing processes. Wood chips can produce pulp
with chemical or mechanical pulping. The latter process, which consumes the most
electric power, is examined in [52]. The problem constraints are defined, including
steam demand, capacity and cost of alternative steam sources, future production plan,
maximum production of each line and minimum feasible production of each line. The
production plan is used to generate forecasts for the entire process. Those forecasted
data are used for the optimal scheduling of the operations avoiding peak price hours.

1.3.2  Refrigerator warehouses

According to [53], refrigerator warehouses are responsible for approximately 16% of
the total energy use of the food industry. Taking into consideration that their peak
demand coincides with extreme hot ambient temperatures, when the grid is stressed
the most, the significance of implementing DSM techniques is highlighted. Their
high DR potential is also underlined by the fact that they can show high tolerance to
brief interruptions of their power supply. Since they are closed spaces, well insulated
and usually full of stored products, they are able to maintain high thermal inertia. A
key advantage compared to other industrial facilities is that they are usually already
equipped with sophisticated metering infrastructure used for monitoring and control
ofthe warehouse conditions, in order to ensure that the products maintain their quality.

Refrigerator warehouses are excellent candidates for DR programs since the pro-
cesses taking place are much simpler, compared to other industries. Both load shifting
and load shedding techniques can be used as shown in Figure 1.4. In load shifting,
power demand is moved from high demand to off-peak periods, ensuring lower prices
and less stress for the grid. The thermal capacitance of the stored products plays
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Figure 1.4 DR operations on refrigerator warehouses [12]

an important role for the warehouse’s ability to perform this type of operation. Load
shedding reduces power consumption on peak periods, but only affects operations that
do not need to be recovered in the future. DR methods that are affecting the indoor
temperature of a warchouse should be cautiously implemented, since the product
quality could be reduced, resulting into additional costs [54].

One of the first studies that considered the implementation of DSM techniques
in refrigerated warehouses is presented in [53]. In two different case studies where
Auto-DR was implemented, an average load shed of 36% and 25%, respectively, was
achieved. In nine cases where manual DR was adopted, the analysis showed that the
results were less consistent. Furthermore, it is observed that the actual total DR poten-
tial obtained from California’s refrigerated warehouses in 2008 is much less than the
estimated potential due to low participation. A more realistic approach is made in [54],
where only a part of the industrial consumers is expected to comply to the DR set
points. A cooperative demand response (CDR) scheme for refrigerated warehouses is
proposed, incorporating a punishment mechanism that tries to avoid selfish behavior
from the consumers. The problem is mathematically formulated making assumptions
for the warehouses consumption, the cost coefficients, and the electricity prices. A
constrained optimization approach is followed, deriving the optimal strategy for each
consumer. Results indicate that CDR strategy reduces electricity costs, especially
when a small number of warehouses (~60) are participating in the program. The
work presented in [55] tries to define all the important parameters that could affect
the DR potential of refrigerated warechouses. Various constructional and operational
characteristics such as the walls, the pallets, and the refrigerator machines are taken
into account. Moreover, external weather conditions are also considered. A model
is finally built trying to predict the temperature of a warehouse during DR events.
Temperature measurements of an actual warehouse validate the accuracy of the simu-
lation model. Various DR scenarios are then implemented, coming to the conclusion
that season, the percentage of loaded products and the DR event duration are the most
important parameters. As expected, optimal results are obtained on winter, for short
period DR events and a large percentage of loaded products that ensure high thermal
inertia. A similar work, studying load, temperature (outside and set points), and DR
duration effects, is presented in [56]. The cold room parameters such as heat trans-
fer coefficient and coefficient of performance are experimentally measured on site.
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An important finding is that after the completion of each DR event, even though the
product surface temperature started to decrease (heat transfer by convection), the core
temperature continued to increase for a while (heat transfer by conduction) and this
should be taken into consideration in order to ensure the quality of the stored products.
Furthermore, a cumulative effect was observed on the core temperature of the prod-
ucts after three consecutive days of implementation of DR events. The authors of [57]
highlight the need to make sure that DR events respect food temperature regulation
ensuring the safety of the products. They propose four different deep learning archi-
tectures, making an effort to predict the effects of the implementation of a DR event.
Three experimental datasets were used for the study, while it was found that power
demand prediction is more accurate than the temperature prediction, since tempera-
ture is related to more complex phenomena. It is concluded that data-driven predictive
models can assist toward more informed decisions for DR applications in cold storage.

1.3.3 IT industry/data centers

We are in the midst of a digital transformation that has been called the fourth industrial
revolution that aims toward the digitalization and automation of the entire value chain
process. In the distant past, industries embraced IT infrastructure in manufacturing,
however the recent advances in networking, data storage, Al, edge devices, enable
the potential of a fully automated production process. Definitely, this ongoing digital
transformation has a vast impact on the power and electricity demand. A few years
earlier data centers could be categorized as part of the commercial sector, but nowa-
days there are multiple data centers (DCs) that are industrial-scale operations using
huge amounts of energy. Moreover, traditional industrial sectors are significantly
contributing toward the increase of the electricity demand of data centers, since the
automation of their processes requires the implementation of I'T support services with
high storage and computational requirements. According to [58], the IT sector will
contribute 50% to the total consumed electricity power, approaching 3,200 TWh over
the next few years. Considering this along with the great potential that data centers
have to turn into key players for flexibility provision to the grid, we can conclude
that they are proper candidates for demand response. DC facilities can be divided in
two main categories, [T-network and site infrastructure. The first category consists of
servers, storage, networking equipment, while the second is composed of equipment
that is supporting to IT (fans, cooling, etc.).

Over the last years, several studies have been published that considered DR imple-
mentation, while there is a limited number of review publications [59—62]. In [63],
the authors proposed two algorithms to achieve energy savings and also performed
simulations to evaluate numerically their performance. The first algorithm aims at
minimizing expenditures of a DC estimating from historical data when electricity
demand will be the highest and cautions will occur. The second algorithm presents
another DC optimization method that emphasizes minimizing the worst-case cost.
They claim that there is always a limited number of warnings that will occur, in a
period, and knowing the exact workload demand and renewable generation, they solve
a convex optimization formula. The main difference between these two approaches
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is that the first algorithm takes for granted that it has the exact knowledge of the
distribution of coincident peak warnings, while the second uses an upper limit. The
experimental results show that their methods manage to reduce energy expenditures
by 40% compared to baseline algorithms. The authors of [64] presented a study aiming
at reducing energy costs in small and medium HPC clusters. They utilized SLURM
workload manager to perform job scheduling and manage queue(s) of work and they
combined it with EDEALS, to assess the magnitude of energy savings. Their approach
reduced the power consumption utilized and they claimed that if they apply the same
procedure in HPC clusters it would save 7% of data center consumption. In [65], the
authors modeled a two stage interaction between the smart grid and the data centers.
First, the utility company estimates pricing procedure in order to stabilize the con-
sumed power and then the data centers perform all the necessary actions in order to
reduce their cost. The formulate this method as a bi-level quadratic program, reject-
ing optimization techniques. Finally they aim to attain decent results in electric load
index (ELI ) showing a win—win situation for both utilities and DC. This publication
explored the topic of emergency demand response (EDR) in data centers and it intro-
duced an environmentally friendlier technique that was able to extract load reduction
from tenants at an EDR period. They proposed coloEDR and validated it through sim-
ulation tests. The study presented in [66] provided two novel methods that performed
simultaneously as a holistic DR for the DC. The first one is a workload scheduling
method with time-shifting and the second one uses a UPS for energy storage. By
enabling these two methods, the DC can participate in the DR since high-frequency
variance can be smoothed and the low frequency can be reshaped by the UPS storage.
In [67], the authors implemented a control strategy for DC that maintained all its key
activities. Based on this, they have implemented a system model that was based on the
physical attributes of all the DC components in order to adjust the electrical, thermal
and IT subsystems power consumption. This method ensures the DR participation.
The approach introduced in [68] suggests a real-time pricing framework and mod-
eled a decision support system for monitoring utility company choices and workload
scheduling. According to [69], the implemented two-way DR method can reduce the
energy expenses of the DC. The first stage aimed at utilizing the interaction between
the DC and the SG, by allowing the second to send DR signal based on the price
of electricity. In the second stage, an auction method was proposed, where the user
had to submit bids when the DC sent the DR signals. A recent study [70] introduced
MOEA, a multi-objective algorithm for calculating Pareto efficiency for workload
and energy scheduling values. This method ensures escalation and optimization for
IDC networks and QoS respectively. The numerical evaluation on Google and IBM
internet data centers shows that the suggested algorithm outperforms all existing
approaches.

1.4 Barriers and limitations

In arapidly evolving environment based on the transformation of the traditional power
systems, the successful implementation of DSM techniques requires the coordinated
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operation of several mechanisms. Industries have to cover the knowledge gap that
probably exists, making their participation to DR programs technically feasible. More-
over, they have to constantly monitor and understand the complex structure of the
novel market schemes that are emerging in the electrical energy sector. Regulatory
authorities should respond in a timely manner to the challenges that may arise, setting
the rules for the involved stakeholders by adopting regulatory measures toward the
full liberalization of the electricity market.

1.4.1 Financial

The participation in DR programs has as a prerequisite an initial investment that has to
be made for the installation of equipment that enables the execution of DR requests.
The level of participation of the industrial customer to DR schemes has to ensure
that future energy cost savings compensate for the cost of this initial investment. The
return of investment (ROI) calculation is a key factor that a DR participant would
take into consideration as a strong financial incentive, in order to accept even a
slight disturbance on the production process. Another fundamental issue that has a
combined financial and regulatory nature is that ToU and dynamic pricing are not
widely adopted yet. Thus, participation is discouraged because load shifting is not able
to provide the expected profit for the industries. Moreover, as indicated in the previous
sections, each industry has a certain flexibility potential, so each request should be
individually assessed by the industry. Implementing the requested setpoints could
possibly risk the quality of production, causing a larger financial damage, compared
to the profits obtained for implementing DR.

1.4.2 Behavioral/social

Widespread adoption of the DR programs among the industry’s employees is of utmost
importance. Shutting down or even minimizing energy usage may sometimes jeopar-
dize the accomplishment of the operational targets. That is why planning for the DR
strategies should align with the KPIs and the targets of the employees of the business.
This way, employees stay motivated and the interruption of operation of the equipment
does not affect their productivity. Moreover, communicating the benefits (financial,
environmental, etc.) of the DR concept and its benefits to the whole team is important.
When employees are educated, they are able to understand the value that DR adds
to the business. An important point is also raised in [71] where it is highlighted that
there should be a trustworthy relationship among the interacting stakeholders. This
ensures that the exchanged information between the DR provider and the industries
is correct as expected.

1.4.3 Regulatory

Regulation and policies, regarding DSM framework, are different across countries
[72]. Pricing strategies on the wholesale and the retail electricity market may signifi-
cantly vary. It is also noticed that, being affected from the operation of the traditional
power systems, the regulations usually focus only on the supply side, since power gen-
eration was considered only on this side of the grid [4]. The most important barrier
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from regulatory aspect seems to be the lack of a framework defining the market par-
ticipants and their respective roles. A stable regulatory framework would ensure that
industries are able to estimate the expected profits, coming from the provision of DSM
services. Moreover, when regulations fail to keep up with the technical progress, the
energy efficiency and GHG emissions reduction targets also fall behind.

1.4.4 Technological

Implementation of DR programs requires the installation of the necessary IoT infras-
tructure, which is used for communication and metering purposes. The installed
equipment should successfully exchange large volume of data, in real-time and at
high sampling frequencies. According to [71], IoT for DR systems has a high level of
complexity, hence experts with high technological skills should design and assemble
these technologies. No common approach is followed in the data exchange process by
the involved stakeholders and as a result this interaction is a very slow process. But
even if DR signals can be technically handled with success, industries should properly
assess the impact that the adoption of DR strategies might have on the production
process. Risk should be minimized by defining the maximum number of events or
the length of the events that they could respond to, under certain circumstances. DR
impact is obviously different for each type of industry and this mainly depends on
the equipment that is being used. Hence, analysis of the load characteristics should
ensure that the flexibility potential is maximized, the energy cost is minimized and at
the same time the seamless operation of the production process is ensured.

1.5 Conclusions

Industrial sector accounts for a large part of the total electrical energy globally con-
sumed in modern power systems. Given the progress that is being made on electricity
market mechanisms and monitoring and control infrastructure, there is a large flex-
ibility potential that can be exploited, providing benefits both for the industries and
the grid operators. In this study, a comprehensive review was made, analyzing the
most energy-intensive industries, while state-of-the-art DSM case studies were pre-
sented for each sector. Most of the studies still remain at a simulation level, without
on-site implementation on industrial facilities, highlighting the fact that more effort
should be given toward this direction. The analysis of the barriers reveals the factors
that should be considered in order to accelerate the wider adoption of industrial DR.
Smart grid transition is expected to increase the percentage of RES penetration to
the grid, introducing severe challenges such as power quality issues and frequency
instability. DR holds the key that can provide the necessary flexibility to the grid, with
the industrial sector being a major contributor toward this effort.
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Chapter 2

Demand response cybersecurity for power
systems with high renewable power share

Hassan Haes Alhelou! and Behrooz Bahrani'

Cybersecurity is crucial for modern power systems due to their high digitization. The
open information and communication technology, which is (ICT) being used for the
operation of such systems, is highly vulnerable to cyber threats. The adopted smart
grid concept around the globe enables the utilization of demand-side for providing
ancillary services based on well-known demand response (DR) programs. These pro-
grams aggregate smart appliances in homes and electric vehicles (EVs) for providing
vital services such as frequency regulation and voltage support. Since the aggregation
is based on the cyber layer, any cyber threat could affect the ancillary services that are
being delivered from the aggregators, which might lead to stability and security issues
resulting in brownout or massive blackouts. This chapter discusses the cybersecurity
in DR program and shows its importance for modern and future smart power systems
due to their stability and security margins. Furthermore, the cyberattack case study is
implemented in a power system with a demand side program responsible for provid-
ing primary frequency support ancillary service, where the results confirm the high
vulnerability of modern power systems to cyber threats on DR-active power reserve
providers. Moreover, technical suggestions are provided for enhancing the cybersecu-
rity in DR programs in power systems with high power share from renewable energy
sources.

2.1 Introduction

Energy systems are among the most complex systems created by humans during his-
tory. Their stability, security, and growth are direct reflections of the advances and
prosperity of the countries in which they are being operated. For decades, the tra-
ditional power systems were operated safely and securely with no problems related
to their stability and security. This view of power systems has been changed dur-
ing the last few decades due to environmental challenges and energy security risks
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which enforced the upgrade resulted in new version called smart grid concept, where
most countries around the globe are working on the adoption of such concept in
their energy systems. In the last decade, the penetration level of renewable energy
sources (RESs) has been highly increased. Although RESs reduce the environmental
concerns, but have negative impacts on the stability and security of existing power
systems. For instance, the high share of renewables in modern power systems reduces
the total rotating inertia and as consequences, the power system frequency stability
and security has been affected. In conventional power systems, the frequency which
is a global variable was controlled by well-operating and managing of primary and
secondary reserves came from the generation side. However, this is not yet valid due
to changes in the power system situation and high reduction of the rotating inertia,
therefore the operators need a faster reserve that cannot be available from genera-
tion side. It has been found that the best source of such active power reserves for
supporting the frequency is the demand-side. Later, new topics have been initialized
which are demand-side management and demand response (DR) for controlling the
intelligent appliances that can provide some of their capacities as source for the nec-
essary reserves. As a consequence, it has been suggested to take advantage of DR for
providing ancillary services in power systems. There are specific types of loads and
smart appliances that can provide ancillary services to power systems. These loads
should not affect the conformable of the consumers and at the same time, the man-
agement of these appliances should be done based on reserve and energy markets. For
instance, there are great research activities these days on building practical aggrega-
tors of electrical vehicles so that they can participate in the ancillary services market
by well-controlling their charging, discharging and state of charge situation during a
specific period of time. Likewise, the participation of air conditioners, refrigerators,
water heaters, and other thermostat appliances have been suggested for as consider-
able and good storage aggregators that can provide some services to power systems
instead of traditional battery energy storage systems. It is clear that there is a need
for a comprehensive look on the security and stability issues related to DR programs.

It is obvious that the penetration level of RESs is highly increasing over the
world. Solar and wind energies are among the most percentage shares of renewables
in modern power systems. By nature of the photovoltaic cells, they provide zero inertia
to power systems. This means that increasing the power generation from solar power
plants would at least reduce the inertia with the same percentage of their active power
generation share increase. As aforementioned, this high reduction in inertia would
bring new challenges and technical issues to the operators of modern power systems
where the main problems related to stability and security of energy systems. On the
other hand, different types of wind turbines provide neglectable inertia, almost zero,
to modern power systems bringing the same problems that would be arisen from solar
energy systems. Therefore, there is a serious need for new sources to keep the balance
in power system operation especially in the view of providing ancillary services.
With the low inertia in future power systems, the traditional and conventional reserve
sources would not act accurately and properly in the aim of maintaining the power
system stability, therefore, it is highlighted that the demand side can be considered
as a good source of such services based on DR programs. The main advantage of DR
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over energy and reserve sources in the generation sides is its high flexibility, which
is the most important feature to the operators. Different types of demand-side loads
can provide DR services to power systems, where more discussion on them can be
found on the other chapters in this book.

Since demand-response (DR) programs will provide a considerable reserve for
supporting the stability of both voltage and frequency in future power electronic
dominated-power systems, the security in such programs will be crucial due to their
direct impact on the overall stability and security in the energy systems. The DR
providers are built based on aggregators, which are a cyber-layer. Therefore, the
biggest threat to such systems would be cyber threats, including false-data injection
cyberattack and other malicious malware cyberattacks. This gives an overview on the
importance of cybersecurity in virtual power plants based on DR, electrical vehicles
(EV)-based DR, and other DR programs. Therefore, this chapter focuses on DR
cybersecurity for future smart power systems with high-power share from renewable
energy sources.

This chapter is organized as follows. Section 2.2 presents a literature survey on
DR, where the review of DR cybersecurity is presented in Section 2.3. Section 2.4
models the EVs-based DR for supporting frequency in power systems with high
renewable power share. Section 2.5 presents a new method for detecting cyberattacks
on measurements used in DR aggregators. The results are presented in Section 2.6,
while Section 2.7 concludes.

2.2 An overview of DR and EV-based DR

Traditional power systems consider the demand side as non-flexible, where the flex-
ibility comes from generation side by providing load following service and other
ancillary services such as frequency control and regulation for keeping the grid oper-
ated in a stable and secure mode. These services depend on fossil fuel-based power
stations, whose output is determined by the amount of fuel that they are supplied,
and consequently, they can be considered controllable to some extent. However, the
high-power share from RES has introduced a level of uncertainty on the generation
side and reduced the total rotating inertia resulting in new challenges in providing
high-speed services in such new systems with high penetration of RES. Therefore,
the demand side has been introduced as a solution for providing flexibility in mod-
ern power grid instead of generation side. The concept of demand side management
(DSM) was first introduced by the Electric Power Research Institute (EPRI) in the
1980s as a series of activities that utilities undertake to change their load shape and/or
energy consumption pattern for benefit maximization, investment delay, and reliabil-
ity enhancement [1]. DSM activities can be classified either as “Energy Efficiency
(EE)” or as “Demand Response (DR).” DR denotes a power consumption shift made
by a utility customer, as a response to a price signal or an incentive-based reward.

It inherently tries to mitigate some of the challenges that are deriving from the
smart grid transition, such as the intermittent and stochastic nature of RES and EVs or
the high cost and flexibility of the electrical storage systems. DR consists of a highly
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dynamic interaction between demand and supply, capable of efficiently handling
energy equilibrium toward several goals such as greater RES penetration, adjusting
the demand according to the generation available, increasing the overall reliability and
stability of the power grid. DR can be categorized into three main branches, namely
industry DR, commercial DR, and residential DR. The industry DR is based on heavy
industries and manufacturers, such as iron and steel, aluminum, and cement industries,
while the residential one is based on smart appliances such as AC air conditioners,
refrigerators, and water heaters. It is worth mentioning that the transportation system
can be devised into either residential or industry DR based on the type and operation
of its individual units. Usually, the common private EVs-based aggregation method
can be considered as a residential DR, while public E-buses, trams, and E-trains-based
aggregation methods can be considered as industry DR providers.

The industry DR can provide a considerable reserve amount for providing the
required flexibility in future power systems. According to the US Energy Infor-
mation Administration [2], the industrial sector uses more delivered energy than
any other end-use sector, consuming about 54% of the world’s total delivered
energy. However, the research activities mainly focused on providing the ancillary
services and flexibility from residential DR instead of industry one, which show
a research gap that should be discussed. It has been shown in [3] that optimal
energy management in the industrial sector could provide considerable flexibility,
avoiding the use of expensive storage units and peaking power plants. However,
the implementation of DR programs can be more challenging for industrial facil-
ities compared to residential customers, as reliability issues are usually vital for
industries [4]. The violation of the operational constraints could lead to the inter-
ruption or even the stoppage of production. Moreover, two-way communication
between the system operator and the participating industry is required. Most indus-
trial sites already have metering infrastructure installed, so their participation is
facilitated. However, a low participation rate is observed, mainly due to lack of
knowledge, technical constraints, and complexity issues [5]. For more informa-
tion on industry and residential DR programs, readers are referred to Chapter 1,
where a comprehensive discussion is presented. In what follows, the electric vehicles-
based DR methods for supporting the frequency in power systems are reviewed and
discussed.

The environmental concern and energy during last few decades have led to sev-
eral changes in energy and transportation systems. The main change in energy system
was the replacement of fossil fuel power plants with renewable energy sources which
introduce stability issues to the operation of the grid. On the other hand, the main
change in the transportation system was its electrification leading to high deployment
of EVs over the globe, where the connection of EVs to distribution system would
change the power consumption pattern and introduce new uncertainties to the opera-
tion of the power grid. However, the studies showed that the problems and technical
challenges due to the high penetration of RES can be solved by DR program based
on EVs, which is also known as EV-based virtual power plants (VPPs). The manage-
ment and real-time control of the charging and discharge power of EVs can provide
a considerable virtual generator that can highly help in maintaining the stability,
especially the frequency stability in the modern grid.
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Due to its fast response, EVs have been aggregated for providing primary fre-
quency support in modern power systems with high power share from renewable
energy sources. In [6], an aggregated dynamic model of plug-in EVs has been pro-
posed for primary frequency control. The model allows the power system operators to
consider EVs as DR program for providing the primary active power reserve used to
intercept the frequency decline before triggering under frequency protection relays.
Alhelou et al. have developed a hierarchical plug-in EV control method in [7] that
considers EV for supporting the primary frequency in interconnected power systems
with low rotating inertia due to the high-power share from renewables. In the same
context, a multi-agent system is developed by Alhelou e al. in [8] for aggregating EVs
for providing sufficient frequency support to microgrids. Similarly, several methods
have been developed in [9,10] for controlling the charging and discharging power
for providing considerable ancillary reserve services for regulating and controlling
the frequency in smart grids. In addition to the primary frequency control, EVs have
been widely considered for providing secondary reserve services used in secondary
frequency control in both bulk power systems and microgrids. A dynamic model of
EVs for secondary frequency reserve support has been proposed by Alhelou et al.
in [11,12], which provides a sophisticated tool based on DR of EVs that can be used
in wide-area monitoring systems for online controlling the frequency variations due
to generated power fluctuations from renewable energy sources. The model builds an
aggregator of EVs with dynamic behavior similar to sophisticated conventional power
plants with high ramp rates by modeling the governor response for an aggregated EV
model. In [13], EVs have been considered as an industry DR that can support fre-
quency in two-area power systems. The proposed model is also updated for wide-area
power systems in [14].

The recent research activities try to build VPP based on the aggregation of EVs
that could provide a considerable vehicle-to-grid services (V2G) [15]. A closed-loop
V2G control method has been suggested in [16] for load frequency control, to meet
the charging demand and control the frequency in weak power systems. This work has
also considered the modeling of time-delay in the EV model and analyzed it, to study
its impact on the DR of EVs. Likewise, a wide-area interconnected power system with
high integration of EVs that contribute to load frequency control has been investigated
in [17]. Generally, the results in the aforementioned study need to be analyzed for
practical usage in light of the presence of nonlinearties in modeling EVs. A similar
method has been developed in [15,18] for controlling the frequency in microgrids.
For a further and comprehensive review on EVs considered for supporting the power
grids, the readers are referred to [19,20]. The aforementioned studies confirm that
there is a great research activity over the globe for developing new methods that
model and use EV demand for providing ancillary services to power systems with
high penetration of renewable energy sources. Since these methods will be consid-
ered in practical and real-world power systems for providing sensitive services that
directly impact the stability and security in overall the grid, their security, including
cybersecurity becomes of great importance and crucial. Therefore, the cybersecurity
in power systems and more specifically, in aggregators and cyber layers related to
virtual power plants, EVs aggregators, and different types of DR providers needs to
be highly taken into account in future studies.



30 Industrial DR: methods, best practices, case studies, and applications

2.3 An overview of demand side cybersecurity

The implementation of DR has become a reality. In 2018, the USA utilities used more
than 4.5% of the peak load capacity for DR services. It is estimated that the percentage
will increase to reach 20% in 2030, resulting in operational cost savings of more than
15 billion US dollars [21]. Considering these great benefits and the concern regards
the stability and security of power systems enriched with DR programs, the cyberse-
curity in DR becomes a challenge due to its direct impact on the overall stability and
security of energy systems over the world. In this regard, the DR cybersecurity topic
started recently attracting research funding bodies, governments, policymakers, and
researchers for suggesting DR programs resilient against cyber threats.

Open automated DR (OpenADR) is widely used and implemented for the com-
munication between end-users and DR aggregators [21,22]. The open automated
DR standard specifies two ends of a communication channel. These communication
channels are the virtual top node (VTN) and the virtual end node (VEN). Gener-
ally, OpenADR is responsible for issuing the digital certificates to the nodes for
authenticated communication and encrypting information exchanged between the
nodes [21]. Despite the standardization and the use of industry-grade encryption,
cyber threats in ADR prevail because DR customers lack industry-grade cyber defense
and hygiene on their devices [23]. It has been shown in [23] that cyberattackers can
exploit vulnerabilities in the communication technologies, such as WiFi and ZigBee,
to compromise smart meters and energy management systems used in DR aggre-
gators. Similarly, cellular networks and power line communication used in modern
industry DR aggregators are vulnerable to man-in-the-middle cyberattacks [24].

Due to its importance, demand-side cyberattacks on power grids launched by
manipulating DR programs built based on EVs and other smart appliances has been
recently considered in [21,25,26]. It has been verified in [21,25] that the EVs charging
stations used for providing ancillary services can be subjected to a remote cyberat-
tack that could affect the grid security leading to massive blackout in future power
systems. The study was done based on a real-data from the New York power grid and
transportation system in USA. The main result in the study showed that an intelligent
cyberattack on only 1,000 EVs in New York could result in over-frequency leading
to cascading events, putting the stability and security of the power grid in danger
of blackout. Another study presented in [26] has shown that a demand-side cyberat-
tack that aims to affect the operation of high-voltage transmission systems could also
result in massive power cuts. A study in Ref. [27] shows that a cyberattack aims to
manipulate the behavior of end-users, who provide DR services, could deplete the
reserve used for frequency support in the transmission level and corrupt the voltage
profile in the distribution level. Similarly, a new study has explored vulnerabilities of
Al-based DR learning and designed a data-driven attack strategy informed by DR data
collected from the New York University campus buildings [28]. The aforementioned
recent studies focused on the manipulations of DR smart appliances during events
affect the stability in the grid. In the cyber defense topic, Alhelou and Cuffe have
developed a dynamic observer in [29] that could detect and isolate cyberattacks on
power systems with EVs used for supporting the frequency. The results showed that
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dynamic state estimation methods are promising for developing cyberattack on DR
detection techniques. Similarly, Alhelou et al. in [30] proposed a novel functional
observer that could control the frequency considering unknown inputs and cyberat-
tacks in complex systems with high penetrations of renewable energy sources and DR
providers. The aforementioned studies show that there is a research gap related to DR
cybersecurity that needs to be filled with new methods for detecting cyber threats and
building DR and EVs aggregators that are resilient against cyberattacks.

2.4 Modeling power system with DR

For investigating the capability of DR programs, including EVs aggregators in fre-
quency support in modern power systems, a suitable frequency response (SFR) model
should be adopted. In this chapter, we introduce a new model developed based on the
recently published benchmark by Alhelou et al. in [14]. This new benchmark con-
siders the well-modeling of demand-side in SFR model. Power systems are usually
divided into several subsystems called power regions or control areas. These areas
are usually connected together using major transmission lines known as tie-lines,
which can be HVDC or controlled HVAC transmission links. Likewise, the areas
could be a large geographical area in the country or even a representative of the whole
country when connected with other power systems in other countries. Figure 2.1
shows the block diagram of the ith area SFR model considering EV aggregation for
supporting the frequency. This model assumes that the system is dynamically weak
due to the high penetration of renewable energy sources. For more detailed models
with high order dynamics of synchronous generating units and their PSS, VAR, and
governor-turbine controllers, readers are referred to recently published work by Alh-
elou et al. [14]. Based on the blockdiagram, the SFR model can be described by a set
of algebraic—differential equations as follows:
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Figure 2.1 System frequency response model for interconnected power systems
considering EVs as a DR and high penetration of RESs

where Af, AP,, AP,, and AX,, are the frequency deviation, active power devia-
tion, output mechanical power deviation from turbine, and valve position deviation,
respectively; K,, K., and K, represent the gains of the governor, mechanical turbine,
respectively, while 7 models the time constant associated with the corresponding
subscript.

In the above equations, AP,, is the DR power from EV aggregator, K,, is the EV
aggregator-based DR gain, and 7, is and EV aggregator-based DR time constant. Fig-
ure 2.2 shows the aggregator of EVs that provides the required primary and secondary
reserve used for controlling the frequency based on market negotiations with the ISO
responsible for operating the system. In this aggregation technique, each individual
EV agent sends its information to the concentrator agent in its area, and the concen-
trator agent sends the information of EVs interested in the provision of the primary
reserve to the aggregator agent. The aggregator calculates the reserve available from
the EVs in the power system. To this end, the aggregator agent needs to obtain the
following information about EVs: the initial SOC, the required SOC for the next trip,
their rated charging power, and departure time. Then, based on the required primary
reserve announced to the aggregator agent by ISO, the aggregator agent determines
the share of each EV in primary and/or secondary frequency response. For more
detailed information, this complete procedure is developed by Alhelou et al. in [7,8].

The most important factors related to the parameters that model the dynamic
behavior of the system, i.e., H, D, and R, are the total rotating inertia, damping
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Figure 2.2 EV aggregator-based DR for supporting frequency in power systems

coefficient, and the droop coefficient of the governing system, respectively. AACE;
is the area control error (ACE), and b; is the bias of frequency in area i. It is worth
mentioning that the subscripts i and j are indices of the ith and jth areas, respectively.
In Figure 2.1, AP, models the variations in the generated power from RES and the
fluctuations in the consumed power due to stochasticity and uncertainty [14].

In (2.7), the transferred power deviation, which is of great importance in stability
and frequency control, is calculated as the difference between the actual measured
power, P i in real-time compared with the scheduled transfer power, Pie scheds;»
based on the decisions from power dispatching operator. The above well-described
system can be represented in a linear format considering the fact that load frequency
control provided by DR deals with small-frequency variations around the operating
point, therefore, the system can be represented by

(1) = Ax(t) + Bu(t) + Ed(?)
W) = Cx(?)

where x € %"*! is the state variable vector, u € R"*! is the input vector, y € ™! is
the output vector, and d(¢) € R9*! is the disturbance vector. Matrices 4, B, C, and E
are the state matrix, input matrix, output matrix, and disturbance matrix, respectively.
According to Figure 2.1, the state vector, the known input vector, and the unknown
input vector for the ith area are [14]:
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Based on the aforementioned dynamic model of the power system, including the
EV dynamic aggregator, an unknown input observer can be designed for detecting
cyberattacks on the cyber layer as described in the method developed recently by
Alhelou and Cuffe in [29]. The method could be developed to detect the cyberattack
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on the different parts of the aggregator resulting in a higher resiliency against cyber
threats.

2.5 Discussions on the results of cyberattacks on EV aggregator

It has been shown in the previous section that the EV aggregator could be built
based on multi-agent systems. The aggregator has different types of agents, namely
individual EV agents, EV concentrate agents, and EV aggregator agents. As regards
the power and information flows, there are different layers, as shown in Figure 2.3.
For information communication between different agents and between EV aggregator
and TSO, there are three layers, where the cyberattack on each of these layers would
result in different consequences. For instance, the most severe impact on the power
system stability and security would be a result of an attack on the higher information
or communication layers since they would result in high-frequency fluctuations.

In what follows, we present the impact of cyberattacks on EV aggregator
used for supporting the frequency in power system based on the dynamic model
shown in Figure 2.3. The system parameters are as follows: the system frequency
F = 5 Hz, the frequency bias for each area is 0.425 p.u. MW/Hz, the inertia constant
is 5 sec, the thermal turbine time constant is 0.3 sec, the governor time constant is
0.08 sec, the tie-line between the two-areas synchronous coefficient is 0.545 sec, the
damping coefficient is 0.0083 p.u. MW/Hz, the governor droop is 2.4 Hz/p.u. MW
and the same value used for tuning EVs reserve for supporting frequency response
in power systems, the gains are 1.0 p.u., the time constant for a solar PV system is
1.8 sec, the time constant for modeling the wind turbine power plant is 1.5 sec, the
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Figure 2.3 Possible cyberattacks on EV aggregator
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reserve share from EVs is 0.3 p.u., and the reserve share from conventional power
plants is 0.7 p.u.

In the first scenario, it is considered that the power system is equipped with
LFC controllers for controlling the frequency in each area of the system (two-area
power system). In this scenario, it is considered that both EV aggregator as a DR and
conventional power plants contribute to secondary frequency control for regulating
the frequency. It is considered that the power system was under normal operation
situation, and cyberattack on the EV aggregator occurs suddenly. The cyberattack is of
data-injection cyberattack, and it changed the scheduled EV demand through the next
40 sec slightly as shown in Figure 2.4. This minor cyberattack on the scheduled EV
demand changed the demand around 0.01 p.u. and the accumulated change reached
0.04 after 25 sec, as can be seen from Figure 2.4. Although this change is minor,
its consequences on power system were severe as shown in Figure 2.5. This figure
shows that the frequency fluctuates, which affects the over stability in the system.
By comparing the frequency of area 1 where the cyberattack is occurred with the
frequency in the second area, as shown in Figure 2.6, one can see that this attack
resulted in local frequencies, meaning that the frequency in each area is different
from the other one, resulting in high threat on the stability of the system and if the
power system stabilizer would not act correctly, this could result in cascading events
and blackouts.

In the second scenario, a denial of service (DoS) cyberattack is considered.
As shown in Figure 2.3, in this scenario, three cases are considered. In the first
case, the system is considered under an event as a sudden change in the demand
by suddenly connecting a large load, or trapping a generator equal to 0.3 p.u. of
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Figure 2.7  Frequency response due to DoS cyberattack on different parts of the EV
aggregator

generated power. Figure 2.7 shows that in such case, the frequency will deviate from its
nominal value but the system will keep operated in a safe mode since the conventional
power plants and EV aggregator will support the primary frequency response from
their primary active power reserve (the frequency response is shown in the light blue
curve in Figure 2.7). In the second case, it is assumed that the system will be under
cyberattack on the EV concentrate agent of area 2 leading to more frequency deviation
affecting the stability as shown in the frequency response depicted by the blue curve
in Figure 2.7. In the third DoS cyberattack, it is considered that the attacker would
attack the EV aggregator agent and prevent EV aggregator from supporting the grid
during frequency fluctuations. This case would result in dramatic frequency decline,
as shown in the red curve in Figure 2.7, leading to cascading events and blackout
due to the DoS cyberattack. The aforementioned scenarios confirm the importance
of cybersecurity in ancillary services providers, especially those who provide service
for supporting the frequency in power systems with high-power share from RESs,
such as DR programs, virtual power plants, battery energy storage systems used for
supporting the frequency, and EV aggregators.

2.6 Conclusion

This chapter highlights the importance of cybersecurity in power systems, especially
in the providers of frequency support ancillary services. The importance of DR pro-
grams for enabling the transition of transitional power systems toward the smart grid
concept was first discussed. Likewise, the studies on DR and electric vehicle-based
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DR programs were reviewed to highlight research gaps in this important topic. Fur-
thermore, a dynamic system frequency response model considering DR and electric
vehicle aggregation was introduced, which is suitable for studying the impact of
cyberattacks on power system stability and security from its frequency viewpoint.
Moreover, the multi-agent system-based EV aggregator for providing primary and
secondary frequency support ancillary services was discussed, followed by present-
ing two cyberattack scenarios on the aggregator. The scenario studied two different
types of cyberattacks, namely false data-injection cyberattack and DoS cyberattack.
The results confirmed the importance of considering cyberattack in designing DR pro-
grams and EV aggregators to avoid cascading events and blackouts in future power
systems.
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Chapter 3

Recurrent neural networks for electrical load
forecasting to use in demand response

Nils Jakob Johannesen’ Mohan Lal Kolhe'
and Morten Goodwin?

Electric load forecasting is a fundamental technique to understand end-user behavior
and therefore a crucial factor in the design of demand response (DR) programs.
Load forecasting will also identify the appropriate design of DR programs. In this
chapter, a range of different machine learning applications are studied to represent the
influential factors for electrical load demand forecast in a DR context, with a variety
of different data scenarios, temporal and technical scenario. This chapter explores
and compares the load prediction analysis through basic recurrent neural networks
(RNNG5); Vanilla RNN, gated recurrent units (GRU), and long short-term memory
(LSTM), using principal component analysis (PCA). It is found that PCA can be used
to reduce the number of principal components for Vanilla RNN, GRU, and LSTM
networks. Reducing the number of principal components using PCA is one of the
techniques that is used in dimensionality reduction. Reduction in dimensionality will
relieve the computational burden. In this work, the dimensionality reduction improves
the predictive output. It is observed that for electric load demand forecasting, the
preferred technique is GRU, trained with a principal component. The performance is
evaluated through mean absolute percentage error (MAPE), which is relatively lower
than other techniques.

3.1 Introduction

It is important to have more accurate electrical demand forecasting in urban area
network for finding the opportunities in industrial demand response (DR) programs.
Due to market energy price dynamics, urban area electric energy consumption patterns
may change and hence the DR programs. Therefore, it is necessary to have accurate
demand prediction considering user patterns as well as impact of meteorological
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parameters [1]. The state-of-the-art research in electrical load demand forecasting
focuses on three main aspects in order to make sound predictions, these aspects
are related to weather parameters, holidays, and time of day. The relations among
these aspects have been found equally important throughout the techniques used in
electrical load forecasting, including time series analysis and simpler instance based
machine learning models to the more complex black box neural networks [2—4].
Considerations of these aspects are important in short-term [2,5,6], mid-term [7],
and long-term forecasting [8]. The impact of external weather parameters has proven
also to be important for forecasting on limited data, such as for households and
buildings [9], as well as seasonal holiday demands [10].

In the electrical demand forecasting, it is necessary to analyze the load patterns
with reference to time of use. A typical diurnal load profile for urban area of New
South Wales is given in Figure 3.1. The automatic metering infrastructure (smart
energy meters) is helping in collecting the aggregated energy data with time for ana-
lyzing the load patterns for finding opportunities of DR program. The enhancement of
information structure enabled by automatic metering infrastructure has transformed
the grid to a smarter grid that ties consumers directly into managing the grid through
Demand Side Management (DSM). An overview of DSM and some of the avail-
able incentives in DR programs are illustrated in Figure 3.2. Within DSM, there are
two main strategies for alternating the loads, shifting electric load in peak demand
(Figure 3.3) [11,12]. The DR program takes care of the first strategy, namely load
shifting, where customer load is transferred from daily peak demand to other times of
the day when the consumption is less. By shifting the diurnal load demand curve, the
DR facilitates more electricity to be produced by less expensive base load generators.
A successful DSM flattens the load curve [13].

This chapter is organized in the following sections; Section 3.2 are going to cover
the role of electrical load forecasting in DR programs. In Section 3.3, a review of load
forecasting is given, and in Section 3.4, the use of RNN’s in electrical load forecasting
is given. Section 3.5 explains PCA, and in Section 3.6, a case study using RNN’s and
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Figure 3.1 TDypical diurnal load profile for New South Wales
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PCA on the New South Wales power system is given. The results are presented in
Section 3.7, and finally the conclusions in Section 3.8.

3.2 DR programs

DSM s divided in DR programs and energy efficiency and it is illustrated in Figure 3.2.
Energy efficiency involves a storage capacity, whilst DR programs are actions to
actively manage the electrical loads. The dispatchable energy sources involve the
sources of electricity that can be controlled by the power grid operators and hence,
dispatched at their control. The non-dispatchable energy sources cannot be managed
by the operators and time-based incentives are made to engage customers to adjust

[Demand Side Management

Demand Response Programs Energy Efficiency

[Dispatchable Non-Dispatchable Time-Sensitive Pricing

- ] Timeofuse
apacity Reserves (TOU)

Critical Peak Pricing
(CPP)
Real Time Pricing

(RTP)
Direct Load Control Spinning
Management Reserves

(DLC) Non-Spinning

Interruptible Load Reserves
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Critical Peak Pricing
(CPP)-with control
Loadas
Capacity Resource

Figure 3.2 Overview of demand side management and representative incentives in
DR programs
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their energy demand accordingly. Price-based DR programs generally include time of
use (TOU), real-time pricing (RTP), critical peak pricing (CPP), and peak time rebates
(PTR). TOU is price rates of electricity that either varies diurnally or seasonally.
RTP is dynamic pricing that reflects real-time scenarios with prices shifting more
frequently than TOU, and up to hourly price variations. CPP is also dynamic, where
short-term prices are preadjusted to reach a specified load demand. In RTP, prices
are adjusted on short notice and are not fixed at the time the tariff is effectuated. The
incentive based actions generally involve direct load control (DLC), interruptible or
curtailable rates (I/C), demand bidding (DB)/buy back (BB), emergency DR program
(EDRP), capacity market program (CMP), and ancillary service market (ASM). The
DLC refers to the control actions taken directly by the power grid operators, normally
by remote accessing the customers appliances (e.g. water heaters, electric vehicle
charging) and manage and reschedule these loads. While DLC is for the residential
sector, I/C is for industrial and large commercial actors that are asked to curtail their
consumption for shorter periods when the grid is congested, in return they receive
discounted electricity bills. In DB/BB, customers themselves ask or bids at a price
they are willing to reduce their load consumption as opposed to DLC where they are
asked by the power companies to reduce their loads. Similar to DLC, I/C is designed
for large-scale consumers that can plan their operation. For large-scale consumers
participating in EDRP-programs, the ISO announces amounts up to 10 times the oft-
peak electricity price, to cut their consumption. When contingencies arise, costumers
that are in the CMP programs commit to curtail their consumption. Ancillary services
are support services in the power system and are essential in maintaining power quality
and reliability. There are typically three types of ancillary service products that DR
can participate in. From the faster to the slower acting, these are regulation, spinning
reserve, and nonspinning reserve [14—19]. DR strategies based on changing load
patterns are illustrates in Figure 3.3.

3.2.1 Load forecasting in DR

Electric load forecasting is a fundamental technique to understand end-user behavior
and therefore a crucial factor in the design of DR programs. Load forecasting will also
help in identifying the appropriate design of DR programs, and these programs are
described in Section 3.2. Robust load prediction can help determine the DR events
and DR capacity [20]. In the DR program, decision making the impact in terms
of user comfort have been analyzed, in consumption aware analytical DR scheme,
considering factors such as appliance adjustment factor, appliance priority index, and
appliance curtailment priority [21].

3.3 Review on load forecasting

Time series analysis has traditionally been performed in meteorology, energy, and eco-
nomics [22]. Elements from time series analysis are used to find the parametric values
in autoregression (AR) and moving average (MA) and later Auto Regression Mov-
ing Average (ARMA) [23]. The AutoRegressive Integrated Mean Average (ARIMA)
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Figure 3.3  Main strategies for alternating electrical load demand

model is useful for modeling time series behavior by removing the influence of trend
in the data. In multivariate cases, the exogenous variable aids the predictive outcome
in AutoRegressive Integrated Moving Average with Exogenous variables (ARIMAX).
This is further developed into Seasonal AutoRegressive Moving Average with Exoge-
nous variables (SARIMAX), that also accounts for seasonal behavior [24]. These
methods are useful for the modeling of time series and aid the electrical load anal-
ysis. Cycles, trends, and periodicity can be found through tests provided by time
series analysis [25]. Medium-term electric load forecasting has been performed in
Bruce County in Canada using data from 2010 to 2018 comparing Random For-
est Regression, Support Vector Regression and Recurrent Neural Networks (RNN)
achieving a MAPE of 4-10% [26]. In short-term electric load demand forecasting,
RNN by Levenberg-Marquardt and Bayesian regularization on 30 min predictions
had achieved a mean absolute percentage error (MAPE) of an average in one week
1.4792 [27]. One hour ahead prediction has been performed on hourly power con-
sumption in Toronto Canada using Long Short-Term Memory (LSTM), achieving a
MAPE of 2.639, which was an improvement of the Vanilla RNN of 3.712 MAPE [28].
The Resnetplus model for the ISO-NE dataset proposed a day-ahead load forecasting
model based on deep residual networks. A basic structure of several fully connected
layers to produce preliminary forecasts of 24 h. A forecast is then made on the residu-
als of the preliminary forecast provided with a formulation of Monte Carlo dropout for
probabilistic forecasting, achieving an average MAPE of 1.447 [29]. Gated recurrent
unit (GRU) was used to predict the electricity market in Singapore. Multi-features
input models of different time structural architecture named Multi-GRU has been
used to give 30 min predictions [30].
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Hybrid forecast combining neural networks with autoregression has proven to
aid in tracing the curvature of the peak in the volatile electricity markets [31]. A range
of different machine learning applications have been tested to research the influential
factors for electrical load demand forecast in a DR context, with a variety of different
data scenarios, temporal, and technical scenarios. The authors of [32] tested Echo
State Network (ESN), Extreme Learning Machine, Linear Regression and Support
Vector Machine, with incrementally adding data input and mixing the factors to test
for the most influential factors on the load demand. The authors state [32] that the
output from their findings may be used in modeling building characteristics such as
ventilation load or as an informed input to the data selection process for modeling. Itis
found that the most influential factors on load prediction, based on data from an office
building in Denmark, are weather and time of day. When including weather forecasts
and occupancy did not improve the forecast accuracy. The authors of [20] also used
ESN, that uses reservoir computing, a form of recurrence to capture influence of past
states in the decision making, and compared them to a general Feed Forward Neural
Network, in electrical load forecasting in DR programs.

Based on investigating the electrical load profile of a university campus building
and analyzing the weather parameters, data is divided into clusters using k-means-
clustering, into tree types of clusters based on types of day. This gives meaningful
input to DR applications since some clusters depicts a higher load demand than
others, and hence is more useful for shifting loads. K-means clustering is a type of
data mining technique that together with k-Nearest Neighbors and ARIMA were used
in a case study carried out in Tulkarm District, Palestine [33]. Based on case study
objectives, the electricity consumption is shifted through DR programs to periods of
lower demand on a weekly basis.

3.4 RNNs in electric load forecasting

The traditional deep neural networks (DNN’s) learn patterns on the assumption that
inputs and outputs are independent of each other. The first DNN’s used stacked gen-
eralization to develop deep learning based on the concept of a perceptron [34]. A
perceptron mimics the behavior of neurons in the brain for decision making. When
the sum of weights and inputs reach a certain threshold value, neurons fire off, similar
to learning paths in the brain. In neural networks, an activation function decides upon
the state of activation. The output from the activation function is compared to the
real value from the targeted response vector in a loss function, as shown at Frame 1
in Figure 3.4. The output from the loss function is used to trace the global minima
through stochastic gradient descent. The information is backpropagated through the
network and use to adjust the weighted input of the network, and this process is found
when training and validation losses converge and a stop criterion terminates the pro-
cess. In Frame 2 of Figure 3.4, a feed forward neural network (FFNN) as a black box
representation, with input, black box, and a learn output is illustrated.

A RNN depends on the prior elements within the sequence, to perform its decision
making. The RNNs used in this work are all based on Keras [35]. RNNs were first
developed in natural language processing and the Vanilla RNN is a fully-connected
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RNN where the output from previous time step is to be fed to the next time step by
an additional set of units. The units have also proven to be successful in other time
series application, and for all problems constituted by sequences, such as electrical
load demand.

Frame 3 in Figure 3.4 shows a FFNN transposed to its vertical axis, to show the
key concept of units in RNN’s.

Recurrence that provides the key concepts behind RNNs, the key idea, is that the
RNN’s remain the internal state, %,, that is updated for each timestep, and keep the
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sense of recurrence in the network. The update is defined mathematically in equation
as shown in (3.1):

ht = fu(xe, hi—1) (3.1

This internal state, 4, is a hidden layer used to define the state. When computed in
the network is used as shown in [36]:

hi,r = Ut(Uhi,t—l + Wxi,t) (3~2)

In (3.2), o is the activation function, U and H are learned weighted parameters for
hidden states and input vectors. The process then composes a set of learned weighted
parameters in matrix V, which for a regression problem uses a linear activation function
o, to give the result in the output layer:

Vie = 0y(Vhiy) (33)

3.4.1 Scaling data, normalizing

Data is scaled. The general method of calculation is to determine the distribution
mean and standard deviation for each feature. Next we subtract the mean from each
feature. Then we divide the values (mean is already subtracted) of each feature by its
standard deviation:
X — X
X, = —2 (3.4)

i .
9j

x;; is the value of the input variable of row i and column j, X; is the mean of the values
in column j, and finally o; is the standard deviation of the values in column j [37].
Findings from auto-correlation and cross-correlation the most important time and
external factors on the targeted vector are found, and will help in the appropriate design
of the networks time-lag vector. The multivariate case is a 3D-vector, containing the
amount of data (samples), lags, and number of inputs (features). Equally on the output,
it aims for the target vector. In the training phase, this is the next step ahead relative
to the input vector.

In the further feature engineering, a lower indicator variable is designed to dif-
ferentiate over working-days/non-working days with a binary switch [38]. The RNNs
purposefully search in a higher category space to find meaningful relations between
the vectors, and therefore the time input is coded using circular coding. The circular
coding identifies the time of day according to the unit circle, giving both a sine and
cosine coordination as its parameters. They are used as training inputs for the target
vector, the electric load demand.

3.5 PCA for electrical load forecasting
Appropriate feature engineering reduces the dimensionality by reducing number of

attributes, while preserving the variation in the data. The reduced dimensions in data
relieve the algorithm some of its computational burden, hence the training time is
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reduced, as well as reducing noise in the dataset. Another benefit from dimensionality
reduction is mitigating the problem of overfitting, since many features of data means
that the models become more complex. This is treated in the bias variance trade off,
where the most suitable model is found.

Dimension reduction techniques are both linear and non-linear. The state-of-
the-art dimension reduction techniques include Deep Convolutional Autoencoder
(DCAE), t-Distributed Stochastic Neighbor Embedding (t-SNE) and Uniform Man-
ifold Approximation and Projection (UMAP), and Principal Component Analysis
(PCA) [39].

PCA is a multivariate technique that can be applied to many fields for feature
reduction. To find the intrinsic nature of linguistic representation, PCA has been per-
formed on the hidden unit activation patterns to reveal that the network solves the
task by developing complex distributed representations which encode the relevant
time relations and hierarchical constituent structure [40]. It is the underlying patterns
and structures in the dataset that can be discovered from the high-dimensional data,
through PCA. PCA is extracting the important information for later to represent it in
a new set of orthogonal vector input constituting the principal components. This is
done by averaging the data and shift the origo to the mean of the data. A best fitted
line going through origo is found then by a linear regression of minimizing each
inputs square distance to the line or maximizing the sum of squared distances from
the projected points to the origo.

These principal components are linear transformation of the data so that the first
coordinate explains the most of the variation, the second coordinate the second most,
and so on. The components are found through the eigen-decomposition and singular
value decomposition [41,42].

To perform PCA, the input matrix is transposed and crossed with its non-
transposed version, stored in matrix L. By diagonalzng L, find a matrix M and diagonal
matrix W:

L=M"WM (3.5)

The feature space is reduced by restricting inputs based on the number of columns
that sums up M to make a rotated matrix. The eigenvalues from W are related to the
variance of the principal components.

The score value for an observation is the distance from the observation to the
origo, along the best fitted line (loading point).

3.6 Load data pre-processing with time organization and
training, validation and testing: case study of Urban Area of
New South Wales

In this work, New South Wales, Sydney region load profile data set [43] is used,
which includes meteorological parameters (e.g. DryBulb and WetBulb Temperature,
Humidity, weekday and time of use) [44]. Power system network of New South Wales
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Figure 3.5 New South Wales, Australia, with the main power plants, substations
and transmission lines

is illustrated in Figure 3.5. Map made with geojson source file [45] in Geopandas [46],
and source files from [47].

Time-dependent structures are composed as vectors and fed as inputs to the RNNs.
To avoid biases and overfitting, the data is to be divided amongst training, validation
and testing. In particular, the algorithm must capture trends and seasonal variations.
If the time series can claim to be stationary, no means needs to be taken. To prove
stationarity, a search for no trend, constant variance and constant autocorrelation is
conducted. Testing for stationarity is done by introducing the null hypothesis H,: time
series is non-stationary due to trend. By the Augmented Dickey-Fuller (ADF) test, if
certain criteria are met the null hypothesis is rejected and the time series is assumed to
be stationary. The ADF basically searches for trends in the dataset by evaluating mean
and variance over time. Based on this assumption that the time series is stationary, a
division into training, validation and test set are done The Sydney Region data with
load measurements for every 30 min from 2006 to 2010 (Figure 3.6). The training set
ranges from the beginning of the recorded data on 01.01.2006 until 31.12.2008. The
entire 2009 is used for validation and finally 2010 is for testing.

The proposed model in this work finds suitable training, validation and test-sets
by searching for stationarity through Augmented Dickey Fuller Test. The original
training set is then reduced feature space and variation representation by performing
its PCA, reducing the principal components from an offset features of 9 to be repre-
sented by 8 principal components according for 99% of the variance. The training set
has then been scaled, and trained on three different RNNs, Vanilla RNN, GRU, and
LSTM, see Figure 3.7. These different models have been tested for different seasons
to analyze how they assimilate for seasonal variations. Finally the models using PCA
are compared to a version that does not reduce its feature space through PCA.



Recurrent neural networks for electrical load forecasting to use in DR 51

14,000: Training set T Validation set Test set

12,000

MW,

10,000

Load

8,000-

6,000

2006 2007 2008 2009 2010 2011
Time
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Figure 3.8 A scree plot displays the cumulative variance per introduced principal
components, with red dashed line indicating 95% variance

There are several methods to illustrate PCA. A loading plot shows how strongly
each loading point influences a principal component, shown by the loading vectors.
A scree plot shows how much variation each principal component capture from the
data, as in Figure 3.8. The scree plot depicts the proportion of variance that is captured
by each number of principal components after feature engineering for the Sydney
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Data. The red dashed line signifies that when we include the 6 principal components
the PCA-process capture 95% of the variance.

3.7 Results and discussion

It is observed from training the RNNs with PCA that during 50 epochs of training
and validation, the training loss and validation loss decrease to a point of stability
with a minimal gap between the two final loss values; Figure 3.9 illustrates with
the GRU with PCA, for the Vanilla RNN and LSTM, the loss curves show the same
convergence.

The RNNs have been tested for a week in January, April, July, and October (see
Table 3.1), and MAPE has been averaged. The results show that all of the RNNs are
capturing the inherent structure of the electric load demand quite well, resulting in
an acceptable MAPE around 1-2% through all seasons, see Table 3.2. In the case of
GRU networks, the results for all the seasons are improved through PCA concluding
with 99% of the variation captured by the 8 principal components, see Table 3.7. Also
for the Vanilla RNN, there is a benefit from reduced number of principal components
in a lesser MAPE, and for the summer test on a week in July (Figure 3.10), it scores
best of all RNNs. Yet for the LSTM, it does not benefit from an improved MAPE
from the PCA. The best results are measured in January when also the electrical load
demand is at the highest (Figure 3.10), and the impact of external weather parameters is
influencing greatly on the load demand. The curvature of the load profile is dominated
by a high peak at noon, and GRU captures this very good.

The results from the week of April (Figure 3.10) have a lower load demand than
January. In January, the load demand is highly correlated to the weather parameters
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Figure 3.9 GRU networks training and validation loss decreases to a point of
stability
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Table 3.1 Seasons and test week

Season Name Test week

Season 1 Winter 11th—17th of January 2010
Season 2 Spring 10th—16th of May 2010
Season 3 Summer 12th—18th of July 2010
Season4  Autumn 11th—17th of October 2010

Table 3.2 Performance (MAPE)

MAPE Vanila RNN GRU LSTM
January 0.95 0.87 0.90
April 1.45 1.21 1.25
July 1.84 1.64 1.30
October 1.38 1.26 1.24

readings in winter season. In April, as in January, GRU with PCA achieves the best
forecast MAPE result for the week in April, yet with a slightly higher MAPE than for
January. This can be explained by the lower load demand in April and that correlations
to weather parameters are usually lower in spring and autumn. In the winter season,
the correlations to weather parameters are higher than other seasons, as well as in
general the winter season has a higher load demand. These are factors explaining the
lower MAPE in winter season as opposed to other seasons.

In the test week of October (Figure 3.10), which has the same range in load
demand (6,000-10,000 MW)), it is also GRU with PCA that scores best with a MAPE
of 0.94, see Table 3.3.

When comparing the results, the MAPE is in the same range for Vanilla RNN
(1.45 for April and 1.38 for October), GRU (1.21 for April and 1.26 for October), and
LSTM (1.25 for April and 1.24 for October), in Tables 3.2 and 3.3. The similarity in
results from spring (observed from the test results for the week in April) and autumn
(observed from the test results for the week in October) can be explained by similar
load range and meteorological conditions. In the case of Vanilla RNN and GRU, the
explanations of the compared results indicate the same when investigating the results
on the RNNs tested with PCA. The exception is the LSTM tested with PCA that
shows a higher MAPE. It is observed that LSTM is a more complex algorithm, than
the Vanilla RNN and GRU.

When it is trained with relatively lesser data, although it is analyzed using its
principal components, it is not able to improve the predictions. It is observed that
for the for the week in July with the lowest load demand, the simplest RNN (Vanilla
RNN) with reduced principal components achieves the preferred MAPE, amongst all
of the predictors.
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Figure 3.10 Results from RNN on electric load demand in New South Wales

Table 3.3 Performance using PCA(MAPE)

MAPE Vanila RNN GRU LSTM
January 0.87 0.75 0.89
April 1.11 1.16 1.60
July 1.39 1.53 1.75
October 1.06 0.94 1.27

3.8 Conclusion

This chapter explores and compares the load prediction analysis through basic RNNs;
Vanilla RNN, GRU, and LSTM, using PCA. The winter season load behavior is more
influenced by weather parameters, which explains why in the winter season the RNNs
scores relatively higher than in other seasons. It is found that PCA can be used to reduce
the number of principal components for Vanilla RNN, GRU, and LSTM networks.
Reducing the number of principal components using PCA is one of the techniques
that is used in dimensionality reduction. Reduction in dimensionality will relieve
the computational burden. In this work, the dimensionality reduction improves the
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predictive output. For the electric load demand forecasting, the preferred RNN is
GRU trained with a principal component of 8, and it is shown through MAPE. After
comparing with the version without PCA, the results show that MAPE is reduced
when using PCA. For the 30 min forecasting, GRU with PCA performs best MAPE
of 0.74%. This work will benefit the reliable forecasting to anticipate the events
involved in dispatching, control and management of the operating grid.
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Chapter 4

Optimal demand response strategy of an
industrial customer

Arvind Kumar Jain

Demand response (DR), which is an important feature of the smart grid, can play a vital
role by making the demand side more responsive to the varying gap between demand
and supply. DR is utilized by power utilities to maintain system reliability, security
and stability while customers utilize it to reduce the electricity cost by increasing or
decreasing the load during valley or peak demand periods. Industries consume huge
amounts of electricity; therefore, DR strategies are required to be implemented by
industrial customers to enhance the saving. Further, industrial customers can provide
DR by employing many different technologies or strategies to achieve shifts in demand
in the following ways: (i) reducing or interrupting consumption temporarily with no
change in consumption in other periods, (ii) shifting consumption to other time peri-
ods, and (iii) temporarily utilizing onsite generation in place of energy from the grid.

Recently, the installation of smart meters at the customer premises, for measuring
the actual amount and time of energy consumption, and automatic switching on/off of
appliances as per the day-ahead market schedule, has been made possible due to the
technological advancement. This enables large industrial customers to change their
demand in response to the market price as well as shift the demand from high price
periods to comparatively low-price periods.

During recent years, some research work has been carried out to investigate the
impact of the DR on electricity markets, with and without transmission congestion. In
the existing double-sided electricity markets, an industrial customer can participate
directly in the day-ahead market by submitting hourly price-quantity bids. The demand
side load curtailment bids can be modeled in the market clearing process in terms
of the demand benefit function of buyers. Although these bids influence the market
price, these are limited in certain periods and are unable to recover the loss of load
that occurred during the high price periods. Further, if the line flow constraints are
not included in the bidding formulation problem, locational marginal prices (LMPs)
will be the same at all the buses. However, if any line flow is constrained, LMPs will
vary from bus to bus or zone to zone.

The LMP methodology is being used as a tool for pricing and congestion man-
agement in day-ahead and real-time spot markets of PJM interconnection, California,
New England, and New York. In the majority of the existing double-sided electricity
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markets, congestion management and system security are analyzed after the day-
ahead market is settled. This approach may not be suitable for an industrial buyer, as
it cannot afford to curtail the energy consumption required for the completion of the
production process.

Therefore, the prime aim of this chapter is to propose a novel optimization for-
mulation for developing the optimal DR strategy of an industrial buyer. This will
be incorporated into the bidding strategy by formulating it as a stochastic linear
programming problem, comprising of two sub-problems, viz. market-clearing sub-
problem and maximization of the purchase cost saving sub-problem. In addition, the
impact of the DR strategy of the industrial customer on market clearing price and on
the other market participants will be investigated. The effectiveness of the proposed
methodology will be established with the help of a case study.

4.1 Demand side management categories

DSM was introduced by electric power research institute (EPRI) in the 1980s. Demand
side management (DSM) can play a vital role to maintain the reliable, secure, and
efficient operation of the modern grid. Under restructured power systems, DSM is
a customer-driven activity. Depending on the timing and the impact of the applied
method on the customer process, DSM categorization is shown in Figure 4.1.

DR is being considered as an integral part of the market operations. At present,
although demand responsiveness in electricity markets is low as compared to the other
commodities markets, even a small amount of DR can make difference in enhancing
the market efficiency and system security. During June 2000 California crisis, rolling
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Figure 4.1 DSM categories (NERC-2011)
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blackouts had taken place due to a shortage of 300 MW in a system of 50,000 MW
[1]. This example underlines the need of demand-side participation in the electricity
market.

Further, the introduction of DR in constrained electricity networks can signif-
icantly lower the peak energy costs and can potentially act as a check against the
exercise of market power by generators [2]. DR also has the potential to increase the
long-run efficiency of the energy market. DR programs are expanding in response to
rapid load growth, as well as the cost and time required in bringing the new generation
into service [3].

4.2 Whatis DR?

Electricity cannot be stored in bulk. Therefore, the supply and demand of electricity
must remain in balance for secure and stable system operations. When electricity
demand goes up during peak hours or supply decreases due to the generator and/or
network outages, utility and grid operators have the followings options: (i) buy elec-
tricity from the real-time market which is expensive, (ii) fire up the next peaking
power plant if not already running, (iii) dispatch a DR network and (iv) risk a black-
out. Instead of adding more generations to the system, DR may be implemented to
maintain the balance.

According to Federal Energy Regulatory Commission, DR is defined as:
“Changes in electric usage by end-use customers from their normal consumption
patterns in response to changes in the price of electricity over time, or to incentive
payments designed to induce lower electricity use at times of high wholesale market
prices or when system reliability is jeopardized.” The end-user customers can also be
the customers who are participating in the wholesale market operations.

A customer can incorporate the demand responsiveness by curtailing the energy
consumption, time-shifting of the energy consumption and shifting to own source of
energy during peak hours. Since consumers become more sensitive and responsive to
price signals, DR results in an increase in the elasticity of demand.

4.3 Why DR?

DR is utilized by power utilities to maintain system reliability, security, and stability
by increasing or decreasing the load during valley or peak demand. Further, DR led
to a reduction in power system infrastructure requirement to meet the peaking load. It
may control the market price by shifting the load from high price hours to low price
hours. During forced outage of the generator, it helps to avoid brownouts, blackouts,
or utilization of expensive generators. In recent years, the load-modifying capacity
of DR is used to enhance grid flexibility through the provision of ancillary services.
These services may facilitate the integration of renewable energy sources by balancing
between supply and demand in real-time.
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4.4 DR classification

DR resources can be classified into non dis-patchable resources and dis-patchable
resources.

i Non dis-patchable resources: Non dispatchable resources participate in price-
based DR programs such as real-time pricing, critical peak pricing, and
time-of-use-tariffs. As smart meters are installed, price-based DR provides an
opportunity to customers, mainly residential and commercial, to reduce their
energy consumption during high price periods. Further, residential and small
commercial customers may provide dis-patchable services to system operators
at contact price or market price through aggregators.

ii  Dis-patchable resources: Dis-patchable resources may influence the market price
by participating in competitive bidding. In regions, where the electricity market
does not exist, distribution utilities implement DR to avoid high peak prices and
maintain system reliability by balancing consumption and supply.

Further, DR may be classified into competitive, non-competitive, and incentive-
based DR.

4.4.1 Competitive DR

In competitive DR, aggregators/distribution utilities/industrial buyers participate in
competitive day-ahead/real-time electricity market and submit their price-quantity
bid to the system operator. System operator clears the market utilizing suppliers and
buyers bids. The equilibrium point gives market price and quantity. In the market
clearing process, DR plays a vital role to set the market price with power balance.

4.4.2 Non-competitive DR

In non-competitive DR, aggregators/distribution utilities/industrial buyers participate
in day-ahead/real time electricity market and submit their modifiable load and price
bid to system operator but do not participate in the setting of market-clearing price.
However, during the high price periods system operator utilizes the DR resources who
submitted bid price less than market price.

4.4.3 Incentivebased DR

If the DR provider is not interested in participating in an electricity market or the
electricity market does not exist, then the DR provider informs the system operator
about the curtailment of load in one day advance. The system operator utilizes the
DR for obtaining system-wide techno-economic advantages and pays some monetary
incentives to the DR provider.
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4.5 Benefits of DR

DR provides various techno-economic benefits to participants by flattening the
demand curve. The major benefits of DR are the followings:

ii

iil

iv

vi

vil

Construction of new power plants to meet the peak load may be curtailed, which
will reduce the adverse the environment impact.

DR can be activated within 5 min, which may help in improving the reliability
of the system during an outage of the generator or line.

Distribution system operator (DSO) can use DR for managing congestion,
voltage, and quality of supply at the distribution level.

Incentive-based DR may reduce the financial risk of electricity retailer, who sells
the electricity at a flat rate, during high price periods.

Distributed generation under smart grid paradigm motivates the inclusion of DR
to achieve tecno-financial benefits.

Market integrated price-based DR can mitigate the market power of suppliers by
shifting the demand from peak hours to off-peak hours.

System operator may use DR to avoid brownouts and black-outs by load
modifications.

4.6 Challenges in DR implementation

There are several challenges in implementing DR in a modern electricity grid. The
major challenges are mentioned as below:

il

il

iv

Vi

Information communication technologies (ICT) play a pivotal role in implement-
ing the DR. Therefore, sufficient metering and communication equipment are
required to be integrated into the power system to check the system performance
and DR. Further, training of distribution companies (DisCos) is highly required
to implement the DR.

Participation of customers in DR is a major challenge which may be dealt with
by educating the customers about the benefits of DR.

Installation of smart recording equipment at customer’s location involves finan-
cial risk. A cost-benefit analysis to recover the cost within the stipulated time
may motivate the customers to participate in DR.

DR being a comparatively new technology has uncertainty regarding system-wide
techno-economic performance, which leads to low acceptance.

Policy and standard are required to be developed by regulators to set the reference
for measuring DR contribution to ensure desired performance and compensation.
To incorporate the DR in the electricity market, barriers pertaining to the mini-
mum size of DR and type of participants may be modified to enhance the effective
implementation of DR.
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4.7 DR provisions

Industrial, commercial, and residential customers can provide DR by employing many
different technologies or strategies to achieve shifts in demand in the following ways,

Reducing or interrupting consumption temporarily with no change in consump-
tion in other periods.

Shifting consumption to other time periods.

Temporarily utilizing onsite generation in place of energy from the grid.

In addition, ancillary services like frequency regulation and load-following can

be provided by DR. When surplus electric energy is available, DR with a storage
facility may be used for pumping water, charging batteries, compressing air, etc.
while maintaining the power balance between load and generation automatically.

4.8 Applications of DR

The main applications of DR are given below:

i

ii

il

Reduction in power system infrastructure and environment issues

Peak energy demand is less than 10% of total energy demand. In order to supply
this load demand, huge power system infrastructure like generation, transmission,
and distribution is required which has huge financial implications as well as
environmental issues. DR can mitigate these problems by flattening the load
profile.

Reduction in market price

In a competitive energy market suppliers’ objective is to maximize their profit
by submitting a price higher than the marginal price. This phenomenon is called
market power. DR can mitigate the market power through participation in the
electricity market and shifting the demand from peak hours to off-peak hours.
Renewable energy integration

Integration of renewable energy generation in the power grid is known to pose a
challenge in the reliable operation of the grid due to its associated intermittent
and uncertain nature. DR can be used to deal with these challenges introduced
by renewable energy generation by changing the demand in accordance with the
energy generated by the renewable sources.

Ramping

DR can be used to reduce ramp-up and ramp-down requirements of the generators.
This can be achieved by increasing the demand to fill the valley of the load curve
and by decreasing it for the peak shaving. This will help in saving the ramping
cost of the generators apart from managing the system operation.

Voltage and frequency control

The stability of the power system can be ensured by maintaining the voltage—
frequency variations within limit while changes in demand occur. Tradi-
tionally, it is achieved by load-following approach where the power plant
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increases/decreases their generation according to the load variation. In the mod-
ern power system, the generation following approach can be used by integrating
DR to control voltage and frequency.
vi Spinning reserve

Spinning reserve is utilized to meet the load requirement during generator outages
and/or peak load hours. Economically, DR participation led to less committed
generating units in energy scheduling and accordingly less operation cost. Tech-
nically, within peak load hours the share of generator participation in providing
reserve capacity becomes lower than the share of DR participation, while in other
hours the opposite trend is observed.

4.9 Motivation about DR

DR would have a significant impact on the operation of the competitive electricity
market. It has been observed that the absence of the DR is the prime reason for causing
price spikes, shortages, and exercise of the market power. Kirschen et al. [4] discussed
that the overall benefit, that is derived from trading, is optimal when suppliers and
consumers in a competitive market are allowed to operate freely and the price settles at
the intersection of the supply and demand curves. Although, demand responsiveness
in the electricity markets is low as compared to the other commodities markets, even a
small increase in the demand elasticity can improve the market performance [5]. In the
literature, most of the work has focused on studying the impact of the demand price
elasticity on the market. Some algorithms have been proposed to consider it in the
auction mechanism [6]. However, few efforts have been made to develop the optimal
bidding strategy of the buyers or load-serving entities using either load adjustment
without recovery or load curtailment to model the price elasticity [7]. This approach
may not be suitable for an industrial buyer as it cannot afford to curtail the energy
consumption required for the completion of the production process. During recent
years, a few research works have been carried out to investigate the impact of the
price-based DR on electricity markets, with and without transmission congestion [8]
and [9]. However, no efforts have been done to develop the optimal bidding strategy
of a buyer considering the price-based DR.

4.10 DR of an industrial buyer

In the existing double-sided electricity markets, an industrial customer/Disco can
participate directly in the day-ahead market by submitting hourly price—quantity bids
[10]. The demand side load curtailment bids can be modeled in the market clearing
process in terms of the demand benefit function of buyers. Although these bids influ-
ence the market price, these are limited in certain periods and are unable to recover the
loss of load that occurred during the high price periods [11]. This approach may not be
suitable for an industrial buyer, which cannot afford to curtail the energy consumption
required for the completion of the production process. Also, it is not suitable for a
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Disco/load-serving entity as this may lead to monetary loss and /or bad reputation
among the retail customers due to the reduction of their demands from the scheduled
contract.

Recently, the installation of smart meters at the customer premises, for measuring
the actual amount and time of energy consumption, and automatic switching on/off
of appliances as per the day-ahead market schedule [12], has been made possible due
to technological advancement. This enables large industrial customers, Discos and
group of small customers/domestic consumers to change their demand in response to
the market price as well as shift the demand from high price periods to comparatively
low price periods.

The prime aim of the work carried out in this chapter is to propose a new optimiza-
tion formulation for developing the optimal bidding strategy of a buyer considering
price responsive demand shifting (PRDS) under uniform price, hourly day-ahead elec-
tricity markets. This has been incorporated into the bidding strategy by formulating
it as a stochastic linear programming problem, comprising of two sub-problems,
viz. market clearing sub-problem and maximization of the purchase cost saving
sub-problem.

In addition, the impact of the PRDS based bid strategy of the buyers on mar-
ket clearing price and on the other market participants have been investigated. The
effectiveness of the proposed methodology has been presented through a case study.
Results obtained with the PRDS based bidding strategy have been compared with
those obtained with a conventional price quantity (CPQ) bidding of a buyer.

4.11 Problem formulation

Development of an optimal bidding strategy requires the determination of the optimal
bid price as well as the optimal bid quantity of the buyer. In a uniform price market,
though the buyers, who are willing to pay a higher price, are given priority, all the
selected buyers are required to pay uniform market clearing price (MCP), irrespective
of their bid price. Therefore, in the uniform price market, the strategy of the buyer
would be to bid higher than the MCP in order to avoid the risk of not getting selected
in the market. Thus, the optimal bidding strategy of an industrial buyer gets reduced to
determine the optimal bid quantity, which maximizes their purchase cost-saving over
the scheduling horizon. For computing the purchase cost-saving, a buyer needs to
predict the MCP either by forecasting it or by simulating the market clearing process.
In this work, MCP has been estimated by simulating the market clearing process
for the double-sided bidding, which requires the bid quantity of the participants.
Thus, the MCP and the bid quantity of the participants are interrelated. Therefore, the
optimal bidding strategy problem of a buyer has been formulated as a stochastic linear
optimization problem. The nature of the proposed PRDS-based optimization model
is stochastic due to the uncertainty involved in the prediction of electricity price and
demand.

The proposed formulation comprises two sub-problems. The first sub-problem
deals with the market clearing and the second sub-problem is formulated as the
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purchase cost saving maximization problem. These two sub-problems are explained
below.

4.11.1 Market clearing sub-problem

In double-sided bidding, the system operator receives bids from the suppliers as well as
from the buyers. The market is cleared by maximizing the social welfare subject to the
power balance, while satisfying minimum and maximum generation limits, minimum
and maximum load requirements of buyers. Mathematically, it can be expressed as

T N Ng
Max D | D_plax P = D_ el P (.1
=1 \ j=1 i=1

subject to,
Ng N
doPL->"P,=0, Vi (4.2)
i=1 j=1
Pz{smin = Pzg = Pii'max’ v i’ Vi (43)
Plimin < Plg < Pl V1.Vt 44)

where p! and p}d are the bid prices of supplier-i and buyer-; at time ¢, respectively, P!,
and P]f.d are the bid quantity of supplier-i and buyer-j at time z, respectively, P! and

is min

Pi. ax are the minimum and the maximum generating capacity of supplier-/ at time 7,
P]t. 4 min and P/t. 4max are the minimum and the maximum demand requirement of buyer-j

at time ¢. N, and N, represent the number of suppliers and buyers, respectively and 7'
denotes the scheduling horizon.

The solution to the above problem determines the market-clearing price as well
as the optimal generation and consumption schedule for each trading hour.

4.11.2 Proposed purchase cost-saving optimization sub-problem

In the existing double-sided electricity markets, the system operator (SO) accepts
price-quantity bids from the participants. The generators submit offer price and quan-
tity whereas, the buyers submit the load requirement and the price they are willing to
pay. While submitting the bids, generators’ motive is to maximize their profit, due to
which they may bid higher than the marginal cost and may lead to MCP away from the
competitive level. From the buyers’ perspective, instead of bidding as per the actual
load requirement, a buyer, who can shift its consumption pattern, may bid strategically
for demand shifting. This shifting of demand would change the price and load pattern
over the scheduling horizon, leading to a reduction in the MCP. Thus, the objective of
the buyer would be to maximize the difference between the purchasing cost incurred
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without demand shifting and with demand shifting while satisfying the demand
requirement over the scheduling horizon. Mathematically, it can be expressed as,

T
Max Z (MCP([) * Piztt) — MCP" % (Piztmm + Pflfhm)) (4.5)
=1
subject to,
T
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MCP{ and MCP" are the market clearing prices at time ¢ without demand shifting and
with demand shifting, respectively, P% is the actual demand requirement of buyer-; at
time ¢, P} ;. is the minimum demand of buyer-; at time ¢, Pi;'hlﬁ is shifted demand of
buyer-j at time ¢, P;;;iﬁ min and P;;;iﬁ max are the minimum and the maximum demand
to be shifted by buyer-j at time ¢, « is the value of the price responsive demand.

The output of the above sub-problem is the optimal value of the demand of buyer-
J, which can be shifted during each trading hour. Based on it, a buyer can obtain the
optimal consumption pattern for the scheduling horizon.

The demand, which is to be shifted in any particular hour, has a certain minimum
and maximum bounds. In a period with higher MCP, the buyer would like to meet
only the minimum demand required and, hence, the demand to be shifted in this hour
is zero. Thus, the minimum bound on the demand, which can be shifted, is kept zero.
However, in periods with lower MCP, the buyer would like to shift the whole of the
shift-able demand. Thus, the maximum bound on the shift-able demand is the total

shift-able demand over the scheduling horizon.

4.12 Proposed solution algorithm

The solution of the purchase cost-saving maximization sub-problem, as described
in Section 4.11.2, requires the initial guess of the MCP. This has been obtained by
simulating the market clearing process considering the actual load requirement of the
buyer. Based on this MCP, the optimal bidding strategy of the buyer is obtained by
solving the purchase cost-saving maximization sub-problem. The main purpose of the
proposed simulation is to develop PRDS-based bidding strategy of buyer(s). Buyer
(s) may shift the demand from peak demand periods to off-peak demand periods
for maximizing the purchase cost saving by modifying the MCP. To consider this,
the proposed methodology is simulated for a sufficient number of iterations, which
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Figure 4.2 Flowchart of the proposed demand shifting based bidding strategy of a
buyer

Y

is taken as 25 in the present work after experimentation. Therefore, the maximum
number of iterations has been considered as the stopping criterion in the proposed
work as suggested in [13]. A flowchart describing the proposed solution algorithm is
shown in Figure 4.2.

4.13 Case study

The effectiveness of the proposed methodology for developing the optimal bidding
strategy of an industrial buyer, considering PRDS, has been tested on the 5-bus,
system, whose details are given in [14]. The proposed stochastic linear optimization
problem has been solved using MATLAB optimization toolbox. To ensure that the
bid of an industrial buyer, whose strategy has to be developed, will be accepted and
the minimum quantity required at each hour is satisfied, the bid price of the industrial
buyer is taken to be higher than the marginal cost offer of the most expensive generator.
Thus, the optimal bidding strategy of the industrial buyer is to determine the optimal
bid quantity over the scheduling horizon, which is taken as 24-h, to maximize its
purchase cost saving. In this work, Gencos are assumed to submit a multi-block bid,
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whereas the industrial buyers are assumed to give an hourly price—quantity bid for
each trading hour. The value of the demand, with PRDS bids, has been assumed to be
5% for both systems during each hour. The results obtained on the two systems are
described below.

The 5-bus system comprises of three Gencos and two buyers. The optimal bid
strategy of buyer-1 has been developed. Table 4.1 lists the offer prices of the Gencos
whereas, the forecasted system demand is shown in Table 4.2. The maximum and
minimum demands are 440 MW and 310 MW, respectively, and the total generation
capacity is 375 MW. The total demand of both the buyers, over the scheduling horizon
of24-h, is 4,433.8 MW each. The PRDS-based bidding strategy of the industrial buyer
has been developed considering the following cases:

e Case I: Buyers 1 and 2 both offer CPQ bids in each hour.

e Case II: Industrial buyer-1 offers PRDS bid and buyer-2 offers CPQ bid in each
hour.

e (Case III: This case is the same as the case II except that the buyer-1 cannot shift
the demand during hours 6-10.

e Case IV: Buyers 1 and 2 both offer PRDS bids in each hour.

The load profiles of both the buyers are assumed to be the same in order to show
the impact of the demand shifting bidding strategy of the buyer-1 on the buyer-2. The
bid prices of the buyer-1 and the buyer-2 for the entire scheduling horizon are taken

Table 4.1 Offer prices of generators in 5-bus system

Gen. Bid quantity in MW Marginal cost in $/MWh

Block 1 Block 2 Block 3 Total Block 1 Block 2 Block 3

1 75 25 50 150 7.827 8.342 8.856
50 50 25 125 9.166 9.731 10.18
3 40 30 30 100 8.292 8.567 8.916

Table 4.2  Forecasted system demand in 5-bus system

Hour Forecasted system Hour Forecasted system Hour Forecasted system

demand in MW demand in MW demand in MW
1 340 9 385 17 372.5
2 320 10 415 18 420
3 390 11 430 19 430
4 385 12 440 20 390
5 340 13 427.5 21 312.5
6 320 14 395 22 310
7 330 15 370 23 330
8 340 16 355 24 320
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Table 4.3  Optimal bid strategy of buyer-1 considering demand shifting in 5-bus

system

Hour Forecasted Min. Demand shift (MW) Optimal bid quantity (MW)

demand demand

(MW) (MW)  Casell Caselll CaselV Casell Caselll CaselV
1 170.00 161.50 -850 —8.50 6.27 161.50 161.50 176.27
2 160.00 152.00 36.29  36.48 6.77 196.29 196.48  166.77
3 195.00 185.25 -9.75 -9.75 —9.75 185.25 185.25 185.25
4 192.50 182.87 —-9.62 —9.62 515 182.87 182.87 197.65
5 170.00 161.50 -850 —8.50 627 161.50 161.50 176.27
6 160.00 152.00 36.29 0.00 6.77 196.29 160.00 166.77
7 165.00 156.75 —8.25 0.00 6.52 156.75 165.00 171.52
8 170.00 161.50 —8.50 0.00 6.27 161.50 170.00 176.27
9 192.50 182.87 —9.62 0.00 515 182.87 192.50 197.65
10 207.50 19712 —10.37 0.00 -1037 197.12 207.50 197.12

11 215.00 204.25 —10.75 —10.75 —10.75 204.25 204.25 204.25
12 220.00 209.00 —-11.00 —-11.00 —11.00 209.00 209.00 209.00
13 213.75 203.06 —10.68 —10.68 —10.68 203.06 203.06 203.06

14 197.50 187.62 -9.87 —-9.87 —9.87 187.62 187.62  187.62
15 185.00 175.75 -9.25 =925 552 17575 175.75  190.52
16 177.50 168.62 —8.87 —8.87 590 168.62 168.62  183.40
17 186.25 176.93 -931 =931 546 17693 17693 191.71
18 210.00 199.50  —10.50 —10.5 —10.50 199.50 199.50  199.50
19 215.00 204.25 —10.75 —10.75 —10.75 204.25 204.25 204.25
20 195.00 185.25 -9.75 -9.75 —9.75 185.25 185.25  185.25
21 156.25 148.43 3645 3631 696 192.70 192.56 163.21
22 155.00 147.25 36.78  36.41 7.02 191.78 19141 162.02
23 165.00 156.75 —825 825 6.52 156.75 156.75 171.52
24 160.00 152.00 36.29  36.16 6.77 196.29 196.16  166.77

to be 14.17 $/MWh and 13.15 $/MWHh, respectively. The total demand to be shifted
over the whole scheduling horizon is 221.69 MW.

The optimal bidding strategy of the buyer-1 obtained using the proposed method-
ology, for the cases II, III and IV is shown in Table 4.3. From Figures 4.3—4.5, it can
be observed that when the MCP is highest, only the minimum demand of the buyer-1
has been met and the rest of the quantity is shifted during comparatively low MCP
periods. In case II, during the hours 2, 6, 21-22, 24, the demand of the buyer-1
is maximum because during these hours, MCP is low. During the remaining hours,
buyer-1 has the minimum demand. In case III, the demand pattern is the same as in
the case II, except during hours 6—10. During these hours, it is assumed that buyer-1
cannot shift their demand due to some technical reasons. For cases II and 111, during
the hours 5, 7, 8, 15-17, 23, though the MCP is comparatively low, it can be seen from
Figures 4.3 and 4.4, that the demand shift is negative in spite of sufficient generation
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Figure 4.4 Response of demand shifting of buyer-1 to MCP for case 1]

capacity. It has happened to avoid a further increase in the MCP. PRDS of buyer-1
and buyer-2 for case IV are shown in Figure 4.5. In this case, fluctuations in MCP
are less as compared to cases Il and III, because both the buyers are offering PRDS
bids in each hour. Day-ahead MCPs, for the four cases, are given in Table 4.4. From
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Table 4.4 Day-ahead MCP under four cases in 5-bus system

Hour Casel Casell Caselll CaseIV Hour Casel Casell Caselll CaselV

973  9.73 9.73 9.73 13 13.15 10.18  10.18 10.18
916 9.73 9.73 9.73 14 10.18 10.18  10.18 9.73
10.18 10.18  10.18 9.73 15 9.73 9.73 9.73 9.73
10.18  9.73 9.73 10.18 16 9.73 9.73 9.73 9.73
973  9.73 9.73 9.73 17 9.73 9.73 9.73 9.73
916 9.73 9.16 9.73 18 10.18 10.18  10.18 10.18
9.73  9.16 9.73 9.73 19 13.15 10.18  10.18 10.18
973  9.73 9.73 9.73 20 10.18 10.18  10.18 9.73
10.18  9.73  10.18 10.18 21 916 9.73 9.73 9.73
10 10.18 10.18  10.18 10.18 22 916 9.73 9.73 9.73
11 13.15 10.18  10.18 10.18 23 9.73 9.16 9.16 9.73
12 13.15 13.15  13.15 10.18 24 916 9.73 9.73 9.73

O 00N N b W —

Table 4.5 Impact of demand shifting bid strategy of buyer-1 in 5-bus system

Case | Case 11 Case 111 Case IV

Purchase cost of buyer-lin $ 46,279 44,390 44,480 43,874
Purchase cost of buyer-2 in $ 45,655 44,337 44,427 43,860
Satisfied demand of buyer-1 in MW 44338 4,433.8 44338 4,433.8
Satisfied demand of buyer-2 in MW 4,386.2 4,424.8 44248 4,433.8
Total system load fulfilled in MW 8,820 8,858.6 8,858.6 8,867.6
Saving of buyer-1 in $ using PRDS bid - 1,889 1,799 2,405

this table, it can be seen that the PRDS based bidding normalizes MCPs by reducing
the peak values and increasing the off-peak values.

Comparison of the CPQ bids with the PRDS bids and the impact of the PRDS
bidding strategy of the buyer-1 on various factors are shown in Table 4.5. From this
table, it can be observed that due to the PRDS bidding strategy, the purchase cost of
buyer 1 has been reduced in cases II, III and IV, as compared to the case I. However,
the minimum purchase cost is obtained in the case I'V. Further, it has been observed
that due to fixed demand during hours 6-10, saving of buyer! has reduced in case III
as compared to the cases II and IV, since it cannot take advantage of the low MCPs
during these hours by shifting the loads.

The total demand requirement of the buyer-1 is fulfilled in all the cases as its
bid price is higher (Figure 4.5). When both the buyers are bidding PRDS bids, in
case IV, the total unsatisfied demand of the buyer-2 has reduced to zero MW. This
is because, now, both the buyers have shifted their consumption pattern in response
to the price to fulfill their demand, as shown in Figure 4.5. In case IV, the saving of
buyer-1 is $2,405, which is higher than the cases II and III. The reason is that, in this
case, both the buyers are offering PRDS bidding, which has resulted in a reduction
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in the peak load demand and MCP. The total system load fulfilled is depicting the
increasing trend from case I to case IV. It shows that the PRDS bidding is beneficial
to all the market participants, as the demand fulfilled has increased and the MCP is
comparatively low.

4.14 Conclusion

In this chapter, a stochastic linear optimization problem has been proposed to develop
a price responsive demand shifting (PRDS) based bidding strategy of an industrial
buyer. The results obtained with the PRDS based bidding strategy have been compared
with those obtained with the conventional price quantity (CPQ) bidding strategy of
the buyer. Effect of the demand shifting has been observed on the MCP, purchase cost
and satisfied demand of the buyers, system demand fulfilled and savings of a buyer,
whose bid strategy has been developed. The results on the 5-bus systems reveal that
the savings of a buyer depend on their ability to reduce their demand during the peak
price periods. Further, it is observed that the PRDS strategy improves the economic
efficiency of the day-ahead market by reducing the electricity price. The proposed
bidding strategy is generic in nature and can be utilized by the buyers in any electricity
market, which allows the demand side bidding.
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Chapter 5

Price-based demand response for
thermostatically controlled loads

K.S. Swarup’ and Devika Jay'

Smart grid enables active participation of consumers daily operation of the grid
through Demand Response (DR). DR refers to the actions initiated from contracted
customers by changing their demand in response to price signals, incentives, or
directions from grid operators. In this chapter, industrial DR suitable for frequency
regulation is discussed. For this, a mathematical model of price-based DR from ther-
mostatically controlled loads (TCL) for controlling the temperature of the chillers in
large academic complex environment is presented. A probabilistic model of the den-
sity function of aggregated TCL loads is discussed. The variation of the thermostat set
point demand temperature an increase in the price is presented. In order to match the
power demand and power supply, a new method for dynamic demand control (DDC)
with automatic generation control (AGC) in smart grid environment is proposed. A
load frequency control using DDC was modeled in this study. The load frequency
control model was simulated for a step load change of 0.01. The frequency devia-
tion was compared with the frequency deviation obtained when generation control,
using PI controller, alone was implemented for frequency control. Thus, DDC alone
is required to maintain the system frequency, during small load variations. DDC will
play a major role in reducing these losses caused to the GENCOs under a Smart Grid
environment.

5.1 Demand response

In order to increase efficiency and reduce costs, a shift from supply-side-only view-
point to an integrated demand- and supply-side viewpoint was considered, in which
customers are considered as a new utility planning option. This leads to the concept of
Demand Side Management (DSM). In [1], DSM has been defined as “the planning,
implementation, and monitoring of those utility activities designed to influence cus-
tomer use of electricity in ways that will produce desired changes in the utility’s load

IDepartment of Electrical Engineering, IIT Madras, Chennai, India
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shape.” Load shape means the load profile or the demand of the customer on time-of-
day, day-of-week basis. The important DSM techniques relevant to even traditional
electric power systems are as follows [1]:

1. Peak clipping
This involves reduction of peak load by using direct load control. Another example
of peak clipping is the use of curtailable rates for industrial and commercial
customers.

2. Valley filling
This involves building off-peak loads. This is suitable when long-run incremental
cost is less than the average price of electricity. One of the many ways to achieve
this is by adding new thermal energy storage in place of loads served by fossil
fuels.

3. Load shifting
This is shifting load from on-peak to off-peak periods. Use of storage water
heating, coolness storage, and customer load shifts, etc. falls in this category of
DSM.

Smart grid environment facilitates for an increased role of DSM in planning and
operation of the grid. This is because with the advent of Information Communication
Technology, the gap between the various utilities has been bridged effectively. Thus
the dimension of DSM widens and many more load management techniques can be
implemented in a smart grid. These techniques have been classified based on the time
scale as follows [2]:

Energy efficiency

Time of use

Demand response (DR)

Spinning reserve — primary and secondary control of grid frequency

bl

The time frame for these techniques is as shown in Figure 5.1.

Energy efficiency refers to energy conservation techniques that are implemented
at the customer level. Time of use DSM is change in load profile during peak and
off peak hours, and this can be initiated by change in market price. Load can act
as a “virtual” spinning reserve during grid frequency restoration, by responding to
the grid conditions like frequency etc. Among this, DR is gaining much importance,
which means a response from demand side to explicit requests to shut off or change
consumption pattern from grid operators.

It has been observed that electricity price mechanism plays a major role in ini-
tiating DSM [3,4]. Very low elasticity of the demand causes large price spikes and

SPINNING DEMAND TIME ENERGY
RESERVE RESPONSE OF USE EFFICIENCY
|
SECONDS DAY LONG RUN TIME SCALE

Figure 5.1 DSM techniques
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thus allowing generating companies to deliberately reduce their generation. A price-
based DSM will be useful to curtail price spikes and the price mechanism should
include demand side also [5]. Thus DR turns out to be the most important among
DSM techniques.

For a sustainable operation of the grid, renewable energy resources will play a
larger significant role in electric power systems. But renewable power generation is
only in parts plan and adjustable. This means that in the future, the share of “easily”
adjustable power generation will decrease posing challenges to future energy manage-
ment system. A solution to this problem is a paradigm shift from “generation follows
load” to “load adapts to generaton” [6].

DR means response of customer consumption of electricity to supply conditions,
for example, having electricity customers reduce their consumption at critical times
or in response to market prices. DR mechanisms respond to explicit requests to shut
off. Dynamic demand devices passively shut off when grid operator issues instruction
when the grid is stressed. DR can be mainly divided into two schemes:

1. Energy management: this means the energy balance needs to be achieved in each
charging period, generally 15-60 min.

2. Near real-time power management: this means energy needs to be balanced at
all times.

Energy management DR, also known as Market DR, can be classified as

1. Flat rate pricing schemes
. Slab rate pricing schemes
3. Incentive-based DR
(a) Direct control
(b) Load curtailment
(c) Market-based demand bidding
(d) Emergency DR
4. Price-based DR
(a) Time of use
(b) Critical peak pricing
(c) Extreme day pricing
(d) Real-time pricing

Real-time DR or physical DR can be achieved using emergency signals issued
by the system operator. This can include real-time price-based DR schemes also.

For effective DR, a transparent pricing mechanism is required to ensure active
participation of customers. Communication channel is the backbone of DR as infor-
mation on current load and generation, and real-time measurements are requirements
for DR. Also forecast of these quantities will help in active DR in the grid. An effi-
cient DR scheme can be achieved in residential and building energy management,
when there are manageable loads like Heating Ventilation and Air Conditioner loads,
Distributed Energy Resources and storage devices.
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5.2 Smart grid control

The electric power industry has been working to improve the functionality, efficiency,
and availability of electricity so as to meet the ever increasing demand. The develop-
ment of human society and industry demanded a revolution of electric power systems.
The advancements in technology, the electrical power industry have transformed the
way to generate, deliver, and consume power today. Modern civilization practices
result in the release of greenhouse gases to the atmosphere causing global climate
change. The global efforts to reduce carbon emission will be incomplete if power
sector continues to be in its traditional power generation and operation schemes.

The word “Smart grid” or “Intelligent grid” has been coined and this has created
a buzz around the world. The term Smart Grid is used to describe a “digitized”
and intelligent version of the present-day power grid. A grid becomes smart when
power delivery via a two way digital technology supports secure and effective control
over consumers resulting in efficient, economic, and environmental friendly power
systems. Smart grid features are still under debate. A complete picture of the various
entities in a smart grid, and the features associated with each entity that makes the
grid smart is depicted in Figure 5.2.

The emerging technologies under smart grid are described below:

1. DSM
Advanced metering infrastructure (AMI) plays an important role in Smart grid
which provides a 2-way consumption control. This helps in curtailment of load
and demand management. Home Area Network also provides DSM facilities.
The backbone of DSM is communication infrastructure.

2. Photovoltaic and solar heating
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Figure 5.2 Smart grid components and features
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Photovoltaic (PV) can serve local loads. But the challenge is inherent uncertainty
and the need for energy storage devices.

3. Energy storage
Solar, thermal, and wind energy plants require storage devices. Lithium—ion,
nickel-cadmium, and lead acid batteries are common storage devices. Fly wheel
and super capacitors are also being involved.

4. Microgrids
Distributed energy resources (DER) are an efficient way to reduce environmental
pollution, transmission losses and grid congestion. DERs may be referred to PV
cells, wind resources, fuel cells, combined heat and power (CHP), etc. Some of
these such as PV and wind are intermittent in nature and possess some problems
when directly connected to the grid. If these DERs (both intermittent and con-
sistent) of a locality or a distribution network are interconnected together along
with necessary storage systems and a control center, can form an autonomous
grid termed as a “MicroGrid (MG).” Microgrid can solve some of the problems
associated with distributed generators (DG) in grid integration [7]

5. Self-healing
Self-healing capability of a grid makes the grid smart and intelligent. This requires
efficient monitoring, analysis and control of the grid. The advent of Synchronous
Phasor Measurement units (PMU) has made monitoring efficient. An enormous
amount of data is now available from PMUs. Thus smart monitoring is achieved
when data obtained from the PMUs are then converted to useful information.
Analysis of the system limits like thermal limit and stability limit must be then
carried out using the real time information obtained from the real-time measure-
ments. The analysis can be then validated using simulation-based analysis. As
suggested in [8], the analysis should be comprehensive and proactive with look-
ahead analysis. A coordinated control based on online security assessment and
online restoration plans are necessary to make the grid self-healing.

5.3 Modeling of thermostatically controlled loads (TCL)

Though the concept of “Load Following Supply” existed earlier, DR is now emerging
as an important feature in smart grid paradigm with the help of Information Com-
munication Technology (ICT). DR broadly classified into price based and incentive
based has been extensively studied and analyzed in various aspects. The focus was
mainly on peak clipping, load shifting and demand control schemes. For residential
load control, TCLs like heating, ventilating, and air conditioner (HVAC) loads are
considered as they cause minimum inconvenience to the users.

The feasibility of such HVAC load control was studied in [9]. Aggregation of
these loads and the impact of DR were studied in [10]. In [11], an On/OFF scheme
for HVAC units was discussed. A control scheme that manipulates the thermostat set
point of such loads to balance fluctuations from intermittent renewable generators
was developed in [12]. A change in thermostat set point results in a change in state
of the unit and this has been modeled and studied in [13]. Thermostat set point was
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considered to be varying with market price based on a predefined linear relation. But
a scheme that can find the optimal thermostat set point corresponding to market price
that varies in real time was not studied from a consumer perspective.

Dynamic characteristics of TCL and aggregated response of such loads had been
studied and modeled using a set of ordinary and partial differential equations called
Coupled Fokker Planck Equations [14]. “Load Following capability” of these loads
when they are under a minimum variance control law was studied in [12]. The coupled
Fokker Planck equations are detailed in Appendix A. Later in [15], a transfer function
that provides the aggregate response of TCL units to uniform disturbances was derived.
But the limitation of the model is the assumption that the magnitude of disturbance
applied to the thermostat set point is negligible when compared to the deadband zone
of the thermostat set point. But with consumers aiming at minimizing the increase in
amount paid by reducing the thermostat set point, this assumption will not be valid.

This section presents a mathematical formulation to determine the optimal ther-
mostat set point corresponding to the market price is provided for price based demand
response from a consumer perspective. The scheme being from a consumer perspec-
tive aims at finding the optimal thermostat set point that will minimize the increase
in amount paid due to increase in price issued by the system operator.

When there is an increase in electric price signal, DR is expected from the cus-
tomers contracted for price-based DR. Customers can adjust their consumption by
adjusting the thermostat set point of HVAC loads (TCL) to exercise DR, instead of
load shifting or load shedding. In this section, the change in power consumption in a
TCL unit due to change in thermostat set point is derived.

HVAC loads are specified by their energy efficiency ratio (EER) which is
defined as

EER = COP % 3.413 (5.1)

where COP is the coefficient of performance given by [16]

Work D
COP — . o one(Q) (5.2)
Electric  Power  Input(Pinpu)

Work done (Q) by the HVAC unit is given by
O =mxCyx(Tow — Tin) (5.3)

where

m is the mass of the coolant; C, is the specific heat capacity of the coolant; T, is
the outside temperature; T;, is the inside temperature. Assuming thermostat set point
to be the same as inside temperature, change in work done (AQ) for a change in
thermostat set point (ATy,) is

AQ = —m# C, * AT, (5.4)
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A change in work done (AQ) results in a change in electric power consumed (AP;,,,),
given by (5.2). Thus

AQ
COP
—m* C, x ATy,

APippis = ~—cor (5.6)

Equation (5.6) establishes a linear relation between change in thermostat set point
and change in power consumed by the HVAC unit. An increase in electricity price,
initiates DR because customers aim at reducing the increase in total amount paid.
It shows that DR contracted customers can adjust their thermostat set point so as to
reduce the power consumption. Thus an increase in price can be responded with an
increase in thermostat set point so as to reduce the power consumption and in turn
reduce the increase in amount paid.

Let p; $/W be the current rate at which consumers are charged. Thus amount
paid (P;) for an input power, D;, of HVAC units is

P1=IO1*D1 (57)

APinput = (55)

Let p, $/W be the new rate, such that p, >p;. Then the amount to be paid (P,!)
for the same input power, Dy, is

Py = py* D (5.8)

Customers aim to minimize the increase in amount paid by exercising DR. This
results in change in demand from D, to D, = Dy + AD. Thus amount paid becomes

P,=p,xD, 5.9
The increase in amount paid (AP) is

AP =P, — Py =(ps— p1)* D1 + p x AD (5.10)
Substituting (5.6),

p2xmx Cyx ATy
COP

Figure 5.3 shows the relation between the increase in amount paid and the change
in thermostat set point.

Customer objective is to minimize the difference in amount paid. The optimal
difference in amount paid should be zero. The initial difference in amount paid is
AP and shown as operating point, A(ATy, AP;) in Figure 5.4. The operating point
corresponding to optimal difference in amount paid is B(A Tygesired, 0)-

The optimal operating point is achieved by increasing the thermostat set point to
the value given by (5.11). Thus price-based demand response contracted customers
can exercise DR, by adjusting the thermostat set point to an optimal value which will
minimize the increase in amount paid (due to increase in price signal) to zero. Another
advantage of the proposed scheme is that consumers need not turn off their TCL/HVAC
loads for DR, making DR scheme much more attractive with more participants.

AP = (py — p1)* Dy — (5.11)
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Figure 5.3 Increase in amount paid versus change in thermostat set point
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Figure 5.4 The optimal change in thermostat set point for price-based DR

5.4 DR from aggregated TCLs—load model

The price-based DR scheme discussed in the previous section determines the optimal
thermostat set point change required to exercise DR. In this section, a transfer function
for the response of aggregated TCLs to the change in thermostat set point is derived.
The model is based on the Coupled Fokker-Plank equations (CFPE) [14] that describe
the aggregated behavior of TCLs. An exact solution for the CFPE was given in [12],
so as to model the change in power demand in aggregated population of TCL due to
change in thermostat set point under minimum variance control law. Aggregate power
response model in a homogeneous population of TCLs was derived in [15] based on
the exact solutions of CFPE. In this section, the exact solution of CFPE is utilized
to model the change in power consumption in aggregated TCL due to the change in
thermostat set point to optimal value as defined in the previous section.

Consider “N” homogeneous TCLs at thermostat set point #° with dead band of A.
Let P be the power drawn by the TCL. The dynamic characteristic of the TCL is shown
in Figure 5.5. 6° from 6! is the heating period and 69 to 6° is the cooling period.
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Figure 5.5 Dynamics of thermostatically controlled loads

The expressions for time taken to reach temperature 6, during cooling period
t.(6,) are [15]

PR+ 6% —0,,
1(0,) = C % R In [ oot s = Oamp (5.12)
PR + Qn - Qamb
and during #,(6,) is
eamb - 92
th(6,)=CxRxIln| —— (5.13)
Gamb - On
where,

C is the thermal capacitance; R is the thermal resistance; 6,,, is the ambient
temperature.

In steady-state cooling time, constant 7 and heating time constant 7, are defined
as [15]

PR+ 6% — 0,
Te = CR*In (#) (5.14)
PR + 02 — amb
eamb - 92
amb — V4

The ON probability density curve f,(6) and OFF probability density curve fo(6)
for aggregated TCLs are shown in Figure 5.6.

Where
Cx*xR
fi6) = (Te + Ty) % (PR + 0 — O4np) (5.16)
R
o) = cx (5.17)

(Te + Ty) * Oump — 0)

These functions define the probability of a TCL load to be in either ON state or
OFF state. These are obtained by solving the CFPE equations [12].
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Figure 5.7 Four different operating points of aggregated TCLs in the probability
density curve

5.4.1 Transfer function of aggregated response of TCL units

A change in thermostat set point, 8, causes a shift in the temperature band of operation
[6—, 6]. To study the response due to change in thermostat set point, four different
TCL conditions namely a, b, ¢, and d are considered on the probability density curve,
as shown in Figure 5.7.

The power consumption waveforms for the four operating points at the initial
thermostat set point and the new thermostat set point are provided in Figure 5.8. Initial
waveform is shown using dotted lines and power waveform after demand response is
shown in thick lines.

From Figure 5.8, a difference in power consumption can be observed. The ON
time is reduced and OFF time is increased when thermostat set point increases for
demand response.

The difference in power consumed before and after demand response is the pri-
mary concern and thus the power gain at each operating point has to be determined
in detail.

The power gain for operating point a is shown in Figure 5.9.

It is observed that the power gain after 6, occurs after cooling period which is
in hours. Hence for applications like Load Frequency Control, power gain after 6,
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Figure 5.8 Power consumption waveforms at four operating points before and
after change in thermostat set point
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Figure 5.9 Power gain waveform for TCL units at operating point a

need not be considered. Thus the waveform relevant to LFC time frame is the power
gain waveform from 6, to 6,. The Laplace transform of the relevant waveform is
computed and the total power gain for aggregated TCL units operating at point a is
calculated by integrating the transform over the distributions f;. Integration is done
over fy because the operating point considered lies in the off period.
Thus the total power gain from TCLs at operating point a is
o

Pu(s) = |  folba) * Gu(s)dO, (5.18)
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where G,(s) is the Laplace transform of the difference in power consumption before
and after DR of loads at operating point a given by

P —sTy =5t _ ]
G(s) = —¢ *S(e ) (5.19)

andt, = Ty — ,(8,) ©s = T2 — 12(6_) which can also be defined as t; = Ty — £7(6%)

Operating point b is shown in Figure 5.10.

The difference in power i.e. power gain after ° occurs after a time period equiva-
lent to the heating period before DR, which is in hours. Thus the Laplace transform of
the relevant waveform from 6, to 8° is computed and the total power gain is calculated
by integrating over the distributions f;. The total power gain from TCLs at operating
point b is

o
Pys)= | £i(6) * Gy(s)dby (5.20)

where
Gp(s) is the Laplace transform of the difference in power consumption of loads at b,
given by

Pxe ™ x(e™*% — 1
Gp(s) = S( ) (5.21)

and
1, = t°(6_) — 1%(0,) which are given by (5.12) with respect to temperature set point
before DR.

The power gain waveform for TCL units at operating point ¢ is shown in Fig-
ure 5.11. Similar to point a, in operating point ¢ power gain after 6, occurs after
cooling period. Thus the Laplace transform of the waveform from 6, to 6, is com-
puted and the total power gain is calculated by integrating over the distributions f,.
The total power gain from TCLs at operating point c is

0

60
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_p .
T T

T : ‘_ = L_l ''''' - .' ‘Ch._

o | 7
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" g @0 0" 6, 6 @° Time

Figure 5.10 Power gain waveform for TCL units at operating point b
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Figure 5.12  Power gain waveform for TCL units at operating point d

where G.(s) is the Laplace transform of the difference in power consumption of loads
at ¢ given by

P —5T¢ —sTy 1 —e'%
Go(s) = —¢ *es (d-e") (5.23)

and

7. = 1)(6-) — 1)(6.) with respect to initial temperature set point. In operating point d,
the power gain is as shown in Figure 5.12. The Laplace transform of the waveform
from 6, to 6° is computed and the total power gain is calculated by integrating over
the distributions fj. The total power gain from TCLs at operating point d is

0—

Pa(s) = S1(0a) * Ga($)dO, (5.24)
00

where
Gy(s) is the Laplace transform of the difference in power consumption of loads at d
given by

P x(e—w) _ 1
Gas) = 224 - ) (5.25)

and t; = T2 — 1°(04) + 75
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Thus average change in power due to demand response from “N” TCL units is
given by
Purg(s) = Puls) + Po(s) + P(s) + Pu(S) P -1 (5.26)
e (8) = Pu(s s (s = .
¢ ’ ‘ s(Tc + Tw)
The above equation is the transfer function for the change in power from aggre-
gated thermostatically controlled loads that execute price based demand response by
adjusting the thermostat setpoints.

5.5 Automatic generation control (AGC)

Once a generating unit is tripped or a block of load is added to the system, the power
mismatch is initially compensated by an extraction of kinetic energy from system
inertial storage. This causes system frequency to decline as speed decreases. As
system frequency decreases, power taken by loads decreases. Thus equilibrium for
large systems is often obtained at the resulting new frequency. If the mismatch is large
enough to cause the frequency to deviate beyond the governor deadband of generating
units, their output will be increased by governor action. Many governor deadbands
are beyond 35 mHz.

Interconnected systems are formed by allowing tie line flows between genera-
tion plants. This helps in sharing resources during emergencies and during normal
operating conditions in economics of power production. For control analysis, this
interconnected system is divided into control areas. Each control area has an Energy
Control Centre to monitor the change in system frequency and the change in tie-line
flow. Power systems utility in a geographical area has control over certain generator
units to provide secondary control that allocates generation. This control scheme is
called load frequency control (LFC). As frequency control is achieved by automati-
cally changing generation, it should also be ensured that the change in generation of
each plant is economical. Thus LFC followed by economic dispatch (ED) completes
the objective of the system and the cycle is called AGC.

The objectives of AGC are to [17]

Minimize mismatch between generation and load

Maintain system frequency at nominal value

Maintain Tie-line flow in interconnected systems (area) at the scheduled value
In an area, generation sharing must be at optimal value, i.e. economical

bl o

The first three objectives come under the term load frequency control and the
last objective comes under economic dispatch. Thus AGC is complete only when load
frequency control scheme is followed by economic dispatch. AGC scheme can be
considered to have three levels of control:

1. Primary control
2. Secondary control
3. Tertiary control
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It should be noted that AGC is not expected to limit the magnitude of the first
frequency swing which occurs within the seconds after the loss of a block of generation
or load in the system. Generation changes are realized by sending control signals to
the units. Thus the design of AGC depends on how the unit responds to the signal [18].

5.5.1 Primary frequency control
Traditional load frequency control is based on the electromechanical dynamics of the
system, which is described by the swing equation [19]

2w _ (1, —1T) (5.27)
At - m e .

where,
H 1is the inertia constant (seconds); w is the rotor speed; T, is the mechanical torque;
T, is the electrical torque.

The relationship between power, P, and torque, 7, is given by

P=w T (5.28)

Considering a small deviations AP, AT from initial values Py and T respectively,
we get

On further simplification of the above equation,
AP = wyx AT + Ty x Aw, (5.30)

AP occurs due to difference in mechanical power AP, and electrical power AP, as
given in

AP = AP,, — AP, (5.31)
At steady state, T is equal to 0. At per unit, w, = 1. Then

AP, — AP, = AT,, — AT, (5.32)
Load can be classified as frequency independent and frequency dependent,

AP, = AP, + D * Aw, (5.33)
where,

AP; is the non-frequency-sensitive load change,

D*Auw, is the frequency-sensitive load change, and D is the load-damping constant.
Governor and turbine are modeled as the first-order system. The transfer function

for Governor with time delay 7, is

1
G(s) = 5.34
© =17 (5.34)
Turbine transfer function with time delay 7; is
T(s) = (5.35)

1 +sT,
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Speed governors accomplish primary frequency control. The ratio of steady-state
frequency deviation Af to change in valve position so as to change power output AP,
is referred to as the speed regulation or droop R,

__ percent change in speed or frequency

- x 100 (5.36)
percent change in power output

Primary speed control action will result in steady-state frequency deviation. The
deviation in frequency is shown in Figure 5.13.

The initial steady-state operating point is A (Py, fy). An increase in load results
in a deviation in frequency and the droop characteristics of the governor results in an
operating point B (Py, f1). The entire control area can be modeled as transfer function
in Figure 5.14.

The single area scheme for primary frequency control involves governor with the
speed droop characteristics, turbine model, and the combined generator load model.
This is sufficient to minimize very small variations in system frequency.

A Load Curve-Initial
Frequency
(Hz)
i Load Curve—New
o b = = =
hE - -

Generator Curve-Initial

e

Power (MW)

Figure 5.13 Deviation in frequency with increase in load
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Figure 5.14  Primary level of frequency control
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Figure 5.15 Deviation in frequency after secondary control
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Figure 5.16 Load frequency control scheme for a single area system

5.5.2 Secondary frequency control

The primary control scheme as given in Figure 5.13 shows that steady-state error i.e.
Af # 0. This can be achieved by shifting the generator curve to reach the operating
point C as shown in Figure 5.15. Hence, a control action is required to maintain the
frequency at nominal value by minimizing the steady state error. This can be achieved
using an integral controller. The load frequency control for a single area system is
shown in Figure 5.16.

The control signal issued by the controller acts as governor reference set point,
which is capable of minimizing the steady-state error to zero. An integral controller
integrates the change in frequency over time and produces a signal. This signal is then
fed to the speed governor as the reference set point.

5.6 Dynamic demand control (DDC)

The “load follows supply” concept based on frequency adaptive power energy sched-
uler (FAPER) was introduced in [6]. An active role for intelligent loads in frequency
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Figure 5.17 DDC model for frequency regulation

control was proposed in [9]. This leads to the concept of DDC. DDC implies an
optimal load control strategy suitable for controlling real power demand based on
frequency deviation that occurs due to generation-load imbalance. Through DDC the
load follows supply concept is found to be effective for regulating frequency [20].

DDC will be useful in cases where wind penetration is high. Loads whose utility
to the consumer is a function of the energy consumed over a period of time rather
than their instantaneous power consumption are used for DDC. Thus in order to match
power demand and power supply, DDC can be used along with AGC. Advantages of
DDC are (1) Fewer generators would require speed governor control and thus allowing
to work under fixed power loading, thus more efficient power plant operation. (2)
Improves system stability. In distributed generation, or smart grid, the variation in
system load is a combination of actual load uncertainties and fluctuations in generation
from renewable distributed generation. This may lead to situation in which every
MW of renewable generation must be backed up by a MW of fossil fuel capacity.
A demand-based frequency control eliminates this constraint by reducing the level
of generation based frequency control [21]. In this section, the load model derived
from the price-based DR model for aggregated thermostatically controlled loads is
discussed.

The generator-load model described in Figure 5.16 contains non-frequency sen-
sitive and frequency sensitive component of loads. In addition to this model, the
price-based DR model is introduced as shown in Figure 5.17. The price-based DR
model represents the DDC model which is based on frequency deviation in the system.
The required control in demand is achieved through price-based DR of aggregated
model of thermostatically controlled loads in the single area.

Figure 5.17 shows the block diagram of load frequency control in which, in
addition to change in generation, change in load is also incorporated. AP; is the
change in load and AP, is the change in generation. Af is the frequency deviation.
For small frequency variations, a change in load is used instead of changing generation
whereas for large variations a generation change is essential. During contingencies,
the load is shed to maintain the system frequency at 50 Hz.

5.7 Simulink model

Let a TCL with coefficient of performance (COP) 2.92 and m, C, equal to 1, be
contracted for price-based demand response. For a change in price signal sensed, the
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Table 5.1 Increase in price signal and the corresponding
increase in thermostat set point

Increase in price signal Increase in thermostat
set point

3 units to 4 units 0.75

3 units to 5 units 1.2

3 units to 8 units 1.8
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Figure 5.18 AGC with price-based DR
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Figure 5.19 Governor—turbine model

corresponding optimal change in thermostat set point required is given in Table 5.1.
It can be observed that the scheme which is capable of minimizing the increase in
amount paid by the customer cause minimum inconvenience to them, as the increase
in thermostat set point required for DR is within the thermal comfort level.

The aggregated TCL DR model is then applied to a single area AGC scheme.
A single area system with 2 steam turbine units with reheat was considered as in
Figure 5.18.

In this system, the deadband nonlinearity of governor as well as the generation
rate constraints was included as shown in Figure 5.19. A single area LFC with real-
time pricing scheme based on frequency deviation [22] was considered. Real-time
price which is proportional to the initial df/ds value [22] is assumed to be known at
the system operator with the help of phasor measurement units. The parameters of the
single area system are provided in Appendix B. System operator sends price infor-
mation signals to the customers that participate in DR. The delay in communication
is assumed to be negligible. 1,000 TCLs were assumed to be available for DR.

A single area system with a step load change of 0.01 p.u. was simulated in Mat-
lab/Simulink. The load frequency control scheme with and without price-based DR
is compared and the change in frequency and generation are provided in Figure 5.20.



96 Industrial DR: methods, best practices, case studies, and applications

0.0: T T T T T
H ——With DR
— Without DR
0 S
= —0.02 R
z
]
% —0.04 -
&
=
o —0.06 -1
)
g
<=
© 0.08 R
—0.1 1 J 1 1 1 1 i l 1
0 10 20 30 40 50 60 70 80 90 100

Time (s)

Figure 5.20 Change in frequency for 0.01 p.u. step load change
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Figure 5.21 Change in generation for 0.01 p.u. step load change

The change in generation for 0.01 p.u. step change in load, when DR was included
in the AGC scheme, is given in Figure 5.21.

The system was the simulated for a load change of 0.02 p.u. The change in
frequency is given in Figure 5.22.

The corresponding change in generation required when demand response was
included in the scheme is given in Figure 5.23.

Simulation for a step load change of —0.03 p.u. was done and the change in
frequency is shown in Figure 5.24.

The change in generation required in DR-based AGC is given in Figure 5.25.

A step load change of —0.04 p.u. was also simulated. The frequency deviation in
this case is provided in Figure 5.26.

The change in generation in this case is shown in Figure 5.27.

Aggregation of TCL loads that are contracted for price-based DR is modeled to
obtain the change in power consumed by these loads when a change in thermostat set
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point occurs. The model is then applied to load frequency control scheme for a single
area system. The increase in generation required when there is an increase in load
can be reduced when demand response is included into LFC scheme. The results are
tabulated in Table 5.2.

Aggregation of TCL loads that are contracted for price-based DR is modeled to
obtain the change in power consumed by these loads when a change in thermostat set
point occurs. The model is then applied to load frequency control scheme for a single
area system. The increase in generation required when there is an increase in load can
be reduced when demand response is included into LFC scheme.
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Table 5.2 Increase in price signal and the corresponding increase in thermostat set

point
Step change in load Change in generation
Without DDC With DDC
+0.01 +0.01 +0.00707
+0.02 +0.02 +0.01214
—0.03 —0.03 —0.01731
—0.04 —0.04 —0.02731

Appendix A: Modeling of aggregated TCL loads using coupled
Fokker—Planck equations

Considering the probability distribution by temperature of aggregated homogeneous
thermostatically coupled loads (TCL), i.e. a population of TCL units, a set of
equations called Coupled Fokker—Planck Equations (CFPE) was used to model the
dynamics of aggregate TCL units [14].

Coupled Fokker—Planck equations
Let O(¢) be the temperature of a TCL unit at time (¢). Let the probability densities
of loads in the on state be f1(6, ¢) and for off state be fy(6, 7). Let C be the thermal
capacitance (kWh/deg C), R be the thermal resistance (deg C/kW)
6, be the ambient temperature, P is the rate of energy transfer due to operation of
TCL. (kW)

Then the CFPE equations are

9 I [[0()—6, P o? 9
9,_ 0 - A 537
o/ = 50 [( Rt c)ﬁ] 7 ) (5:37)
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9. 3 [[6()—6, o? 9?
Efo =29 [(T)ﬁ)} + 5ol (5.38)

Let a represent the region where temperature is less that the deadband (6_) and
b denote the region within the deadband (6_ to 6.). ¢ represents temperature greater
than deadband. The boundary conditions at upper and lower limits of thermostat
deadband to enforce the conservation of probability are

0l 0 0
3g/0a(0=-1) = S fon(O-. 1) — = fiy(0-, 1) = 0 (5:39)

d d d
%flc(eJrs H— @f()b(@% H— @flb(@,f) =0 (5.40)

At the limits of deadband, the natural boundary conditions are

Joa(0—, 1) = fon(0-, 1) (54D
Job(0+,8) = fir(6—,1) =0 (5.42)
S1a(01,0) = f15(0+, 1) (5.43)
S1e(00, 1) = foa(—00,1) = 0 (5.44)

The total probability mass in the system is unity and hence

60— Oy 0o
/ foadO + / (fob + f1p)d0 + / f1.d6 (5.45)
—0o0 6_ (%

These equations form the complete system of CFPE equations to model the
dynamics of a population of homogeneous TCL units

Appendix B: Single area AGC system parameters

The parameters of the single area system used for simulation are as shown in Table 5.3.

Table 5.3  Single area system parameters

Parameter Value

Inertia constant, H 5 sec

Damping constant, D 8.33*1073 p.u. MW/Hz
Turbine time constant, 7, 0.3

Steam turbine reheat constant, K, 0.5

Steam turbine reheat time constant, 7, 10s

Governor time constant, T, 0.08

Governor Droop, R 2.4Hz/p.u. MW

Change in load, AP, 0.01 p.u.
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Chapter 6

Electric vehicle massive resources mining and
demand response application

Yun Zhou' Donghan Feng' and Chen Fang’

6.1 Introduction

In 2020, the sales volume of electric vehicles (EVs) in China reached 1.367 million.
A rapid growth trend was witnessed by the huge increment of electric vehicles in
past the several years. By the end of 2020, China has nearly 5 million new energy
vehicles. Meanwhile, China’s charging infrastructure has reached 1,681,000 units. It
is expected that the global penetration rate of new energy vehicles will exceed 30% in
2030. At that time, the number of electric vehicles in China is prospected to be 80—-100
million. As the largest EV market in the world, China has unique conditions to develop
and study the interactive application of EVs and power grid. The power system can
have a chance of promoting comprehensive innovation thanks to the booming of the
EV industry. A smart energy transportation network, that can participate in the grid
demand response (DR) timely, would possibly consist of massive EVs, the power grid,
renewable energy network and transportation network.

Because of the inherent mobile energy storage characteristics of EVs, flexible
large-scale EV clusters have great potential in power load regulation, renewable energy
consumption, power quality improvement, etc. Thus EVs can be used to participate
in auxiliary services such as peak shifting and valley filling, frequency regulation,
emergency support so as to interact friendly with the grid. In recent years, many
cities in China have tried to include EVs in the pilot and made positive exploration in
vehicle network interaction.

6.2 Development status and trend of EVs and charging
infrastructure

Under the background of energy saving, carbon emission peak, and carbon neutrality,
the technologies of EVs and public charging infrastructure have developed rapidly and
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gained significant attention over the last few years around the world. The discussion
of this section mainly focuses on the development status of EVs, the construction
situation of charging infrastructure, and the governments’ supporting policies.

6.2.1 Development status of EVs

As an effective vehicle technology, EVs can reduce the greenhouse gas emissions
and gasoline consumption obviously [1]. According to the data from EV Sales Blog,
3,124,793 EVs (battery EVs (BEVs) and plug-in hybrid EVs (PHEVs)) were sold
worldwide in 2020, of which more than 68% were pure EVs (PEVs) [2].

The detailed EVs sales worldwide in 2020 are summarized in Table 6.1. Tesla,
Volkswagen, SAIC Motor, Renault-Nissan-Mitsubishi, and BMW Group occupied
the top five spots in the sales chart. The total share of the top five is 51.7%, and other
EVs’ electric car brands’ shell has taken over 48.3%.

Figure 6.1 shows the ownership of new energy vehicles (NEVs) in China from
2016 to 2021. The number of EVs has been steadily increasing from 2011 to 2021. At
the end of June 2021, the number of NEVs nationwide reached 6.03 million, which
accounts for 2.06% of the total number of vehicles in China. In addition, there are
4.93 million BEVs among them, occupying 81.68% of all NEVs. The proportion of
NEVs in newly registered vehicles has increased to 7.80% in 2021, which means one
is a new energy vehicle in per 14 newly registered vehicles [3].

Table 6.1 The sales volume of EVs in 2020

Brands Tesla  Volkswagen SAIC Renault-Nissan- BMW Others  Tesla

Mitsubishi Alliance
Sales 499,535 421,591 272,210 226,975 195,979 1,508,503 499,535
Market 16% 13% 9% 7% 6% 48.3% 16%

share

2016-2020 ownership of new energy
vehicles in China

B New energy vehicles Battery electric vehicles
60,00,000
40,00,000
20,00,000 I I
, mm N
2016 2017 2018 2019 2020

Figure 6.1 2016-20 ownership of new energy vehicles in China
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6.2.2 Construction situation of charging infrastructure

The construction of energy supply infrastructures is the foundation and prerequisite
for the large-scale promotion and application of EVs. By the end of 2020, there were
4.92 million NEVs on China’s roads. At the end of April 2021, there are 0.87 million
EV chargers for public use in China, including 41.82% DC charging piles and 58.28%
AC charging piles. That means around 6 EVs share one EV charger.

In Figure 6.2, a schematic diagram of a public EV charging station with photo-
voltaic and energy storage systems (PV-EES-EV charging station) is presented. The
EV chargers for public use are mainly located in Guangdong Province, Shanghai
City, and Beijing City. At the end of April 2021, Guangdong Province ranks the
first with approximately 119,000 public chargers, while Shanghai comes second with
86,000 and Beijing occupies the third with 83,000. The top 10 provinces account for
72.10% of total public EV chargers in mainland China. As for the operator, at the
end of February 2020, TELD occupies over 28.7% share of the market. Star Charge
occupies approximately 24.5%, and State Grid occupies around 15.9% [4].

Besides the public charging network, expanding private charging infrastructure
is also significant support to develop the mobility characteristic of EVs [5]. Taking
Shanghai City as an example, for private EV chargers installed in residential areas,
EV users pay according to the inexpensive residential electricity price standard. And
from 2016, for a newly constructed residential communities in Shanghai, 100% of
parking spaces should equip or reserve installation conditions for EV chargers [6].

6.2.3 Governments’ supporting policies

Governments around the world took various measures to increase policy support for
EVs. The State Council of China published the ‘Guidance on accelerating construction

PV system

’
Battery energy % ........ A /
storage system

Figure 6.2 Public PV-EES-EV charging stations
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Table 6.2 China's supporting policy issued on 09 September 2015

Goal To 2020, the EV charging infrastructure should meet the charging demand of
more than five million vehicles.

Guidance According to the “piles and station first” requirement, orderly promote the
construction, ensuring that the construction scale is moderately ahead.

Planning For new residential, the supporting parking spaces with charging facilities or

and design  reserved construction conditions should be 100%;
For large public buildings, the ratio between the public parking lot with
charging facilities or reserved construction conditions and parking lot without
charging facilities is not less than 10%;
Every 2,000 EVs at least support the construction of a public charging station.

of the EV charging infrastructure’ on 09 September 2015. The goal, guidance,
planning and design of the supporting policy are summarized in Table 6.2.

For the latest policy in China, on 2 November 2020, the State Council issued
a development plan for the new energy vehicle industry from 2021 to 2035 aiming
at accelerating the country into an automotive powerhouse. The plan put forward
five important tasks including technological innovation ability, building new-type
industry ecosystems, advancing industrial integration and development, perfecting
the infrastructure system, and deepening opening-up and cooperation [7].

6.3 EV massive resources digging and DR capability/potential
evaluation

With the support of national policies and the development trend of new power sys-
tems, EVs have occupied an increasingly important position. Large-scale EVs will
bring opportunities and challenges to the grid at the same time. Because of the uncer-
tainty and randomness of the behavior of EV users, it will increase the difficulty of
optimization and control of the grid. If the resources of EV's cannot be used reason-
ably, large-scale EVs are charged during the peak load period, which will aggravate
the distance between the peak load and the valley load of the grid and increase the
burden on the power system. On the contrary, if the charging load resources of EVs
are fully dug, friendly interaction between EVs and the grid can be realized, and the
consumption of renewable energy will be promoted.

6.3.1 EV massive resources digging

In order to effectively realize the friendly interaction between large-scale EVs and
the power grid, fully exploring the charging load resources of EVs on the basis of
considering the uncertainty and randomness of the behavior of EV users is necessary.
On the one hand, the charging load resource can be modeled and predicted based on
the historical data of EVs, and, on the other hand, the real-time dispatchable energy
of EVs can be evaluated by obtaining real-time data of EVs.
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6.3.1.1 Prediction of EVs charging resources based on historical data

Based on trip chain theory and EV user behavior, an EV charging load forecasting
model is established for quick charge station operators [8]. It is possible to predict
the charging load of a large-scale EV group in a wide area, and the result has a high
reference value for the construction of charging facilities and the operation of the grid.

First, the characteristics of EVs trips are analyzed based on the travel statistics
(such as the 2017 National Family Travel Survey (NHTS) statistics). To abstract the
behavior patterns of EV users, a large amount of data should be recorded. For each
closed trip chain, all necessary data should be collected, including plug-in time, plug-
out time, trip duration, trip length, average velocity, and so on. According to the
number of different types of trip chains, the proportion of every type of trip chain
can be obtained. Through the kernel density estimation method to process the data,
the distribution of these parameters to describe the behavior patterns of EV users can
also be obtained [8].

Second, based on the travel characteristics and geographic information of EVs,
the Monte Carlo simulation method is an effective way to simulate the travel behavior
of each electric vehicle in the city to obtain the spatiotemporal characteristics of
the charging behavior of each vehicle. The load is superimposed according to the
temporal and spatial characteristics, and the charging load of each location (POI,
point of interest) within the city (or part of the administrative division) at each time
period is obtained.

Finally, based on the obtained charging load of all locations, the prediction result
of the total charging load in a wide area can be obtained. In addition, the kernel
density estimation method can be used for smoothing, and thermal analysis of the
charging load can be used to grasp the thermal characteristics of the charging load.

Using this method to predict the charging load in the Shanghai area has produced
relatively good results in Figure 6.3. The result is better in line with the actual charging
load situation in Shanghai.

Kernel density

3.67747x10°

Figure 6.3 Charging load results by the modeling prediction
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6.3.1.2 Evaluation of EVs dispatchable capacity based on

real-time data
First, evaluate the dispatchable capacity of one EV in real-time information. The real-
time data includes the current capacity status of the EV, the end charging time, and
the desired capacity status when leaving. These real-time data can be used to obtain
the real-time dispatchable capacity of each EV:

EVbase __ @EVdep plug-out max ch
Sivar =5 -4 —(t+AN) x P™ xn (6.1)
gmax _ SEV
. j b
Pt =min{ —2" P (6.2)
st At X nch ’
Sjavar =i EVb, EV
Jt ! st 3 ase
WAL lij,H—At > S
Pj,t = SEVszc_SEV EVh By (6'3)
Lt+At  Tjt o pmax : ase
max y <G P , PSSR =S5

where SF presents the capacity of the jth EV at the current moment, 7% presents

the minimum capacity of the jth EV at the next moment lugout resents the end
charging time of the jth EV, P;r P;, present the power of the jth EV can be adjusted

£
up and down at the current moment respectively, SjEVdeID presents the desired capacity
when the jth EV leaves, P™®, S™ present the upper limit of charging power and the
upper limit of capacity, respectively, 7", n¥* present the charging and discharging
efficiency, respectively.

The meaning of (6.1)—(6.3) is to calculate the power space that the EV can be
adjusted up and down during the evaluation period. For each EV, its maximum power
does not exceed P™™, nor does it exceed the power that can fully charge its battery
at the next moment. Considering V2G, EVs also need to ensure that if the EV is off
the grid at the next moment, its energy is not lower than SjEVbase and the maximum
discharge power cannot exceed —P™*.

In the entire charging cycle of each EV, as long as the power constraints and
capacity constraints are met, the dispatchable capacity of the entire charging cycle
can be evaluated. In addition, charging and discharging frequently for EVs can cause
serious battery life loss [9]. The deeper the depth of discharge, the greater the life
loss. Therefore, the lower limit of the EV energy can be specified to calculate the
real-time dispatchable capacity of the EV considering the battery life loss:

—PmX < P, < P fg [ tjplug-in’ tjplug—out]

6.4
P..=0 plug-in _plug-out ( )
=0, LEGT
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Figure 6.4 Dispatchable capacity of one EV during the entire charging cycle
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where t}’lug'in presents the start charging time of the jth EV. According to the constraints

(6.4)—(6.8), the dispatchable capacity of one EV during the entire charging cycle can
be analyzed. It is shown in Figure 6.4.

The dispatchable capacity of each EV is insignificant to the grid, so it is nec-
essary to evaluate the dispatchable capacity of large-scale EVs from the perspective
of an aggregator. Accumulating the real-time dispatchable capacity of EVs in the
corresponding time period can obtain the dispatchable capacity of the aggregator.
The dispatching resources can be used to participate in auxiliary services, including
frequency regulation and emergency support of the power grid, thereby interacting
friendly with the power grid.

6.3.2 EVs in DR capability/potential evaluation

V2G technology can enable mass EVs to realize energy storage functions. As a typical
representative of user-side and distributed new energy storage, EVs have important
development potential in the application of new power systems.

Large-scale EVs can provide: power from megawatts to gigawatts or more; con-
tinuous discharge time with hour level; response speed with a minute and second
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level; accurate control and the stability at any power point; bidirectional adjustment
capability as a load to charge or a power source to discharge.

According to these different characteristics, EVs are the potential resource to par-
ticipate in the auxiliary services, including peak shifting and valley filling, frequency
regulation, emergency support so as to interact friendly with the grid.

6.3.2.1 EVs in peak shifting and valley filling

The characteristics of the high power level and long-term continuous discharge capa-
bility can help EVs participate in the auxiliary service of peak shifting and valley
filling of the power grid. Generally, the DR method is used to organize EVs to par-
ticipate in peak shifting and valley filling. The financial incentive is a commonly
used method to guide the customers in the demand process [10]. The customers can
participate in DR well by controlling their electricity consumption following the need
for power grid. Though the capacity of a single EV is small, a large scale of EVs
can become one of the most potential DR participators. Among them, private cars
are the main body of EVs participating in DR [11]. The travel habits of owners are
usually constant, which is plugging in after work and plugging out before leaving
home. So the plug-in duration of EVs is so easy to overlap with the peak load time
that increases the pressure of the grid. Because of this phenomenon, EVs participating
in peak regulation and valley filling is an effective measure to relieve the peak load
from the disordered charging of EVs [12].

The DR service is carried out in Shanghai, and the resources of EVs are reasonably
regulated through price incentives. In Figure 6.5, it can be seen that the peak charging
load of EVs has transferred part of the low charging load at night through the form
of DR. Therefore, EVs have the potential to participate in peak shifting and valley
filling ancillary services.

6.3.2.2 EVsin frequency regulation

Utilizing the high power level and the ability to quickly and accurately respond to
frequency modulation commands can help EVs participate in the frequency regulation
auxiliary services of the grid. The auxiliary services generally require the participants
to have a second-level responsibility and EVs can meet this requirement well. The
dispatchable capacity of one EV is insignificant for the power grid, so a large number
of EV resources need to be aggregated to participate in the frequency regulation
auxiliary services of the power grid.

With the development of communication technologies such as optical fiber and
wireless communication, real-time monitoring of the charging status of large-scale
EVs can be realized and these real-time charging data and data digging techniques
can be used to improve the accuracy of V2G power capacity evaluation. Through
the “decentralized access and centralized control” mode for large-scale EVs, use
aggregators for unified management and control, and participate in grid dispatching
as a unit of aggregators in Figure 6.6. The aggregator acts as a bridge between the grid
and EVs and it mainly includes two parts: data management system and control system
[13]. The two parts have their own tasks correspondingly. The data management
system is responsible for collecting real-time data and related historical data sent by
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Figure 6.5 The comparison figure of EV charging load with/without control

the battery energy management monitoring system and the power grid dispatching
center. The control system is responsible for analyzing the data and instructions,
optimizing calculations, and obtaining the charging and discharging power of each
EV. The control of the intelligent charging and discharging machine can regulate the
behavior of the charging and discharging power of EVs.

6.3.2.3 EVs in emergency support

With the introduction of large-scale EVs, the distribution network as its main carrier
gradually shows the characteristics of multi-source initiative, which brings new oppor-
tunities to the formulation of power supply restoration strategies for the distribution
network.

Utilizing on-stake EV's can participate in emergency support of the power grid. In
the islanding mode, when the internal power supply in the power outage area cannot
meet the demand for the loads, it can be considered to remove the existing charging
loads of EVs with the high SOC level in turn, so that the important power outage
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Figure 6.6  Information exchange of EVs in frequency regulation

loads can be supplied quickly to improve the reliability of the power grid. In the grid-
connected mode, in addition to cutting off the charging loads of EVs, EVs can exert
their V2G characteristics as the power source to supply power to the outage area. This
mode digs the potential of EV participating in ancillary services more deeply and can
complete the emergency support service better [14].

In addition, it can also play the emergency support function of emergency EVs.
Emergency EVs contain large-capacity energy storage batteries. Compared with ordi-
nary EVs, they have more power storage and higher output power. They can be used
as power sources to maintain the stability during outages. Because of their mobile
feature, they can be allocated to the required nodes for charging and discharging
flexibly during failure recovery.

6.4 The mode of EVs participating in DR

In order to improve the power grid’s regulation and control of EVs in DR, a large-scale
cluster modeling of EVs is proposed in the multi-station and single-station forms.
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For the multi-station mode, we propose an efficient organization and management
structure, and a charging optimization strategy with the goal of minimizing the overall
cost of the grid in the angle of the power grid. For the single-station mode, we propose
a charging optimization strategy that aims at the maximum operating profit of the
station at the angle of the charging station.

6.4.1 Research on multi-station mode participating in power grid DR

In order to quantify the effect and value of EVs participating in grid DR, this section
considers that the output plan of the grid units needs to be formulated in advance.
With the goal of minimizing the grid’s comprehensive costs, the energy optimization
algorithm of the day-ahead stage, as well as efficient solving method are proposed.

6.4.1.1 The DR mechanism for EVs in multi-station mode

In order to improve the efficiency of information transmission and charging control
between the power grid and EVs, aggregators are generally used as middlemen to
uniformly manage one or more charging stations. The aggregator, on behalf of the
grid, issues DR invitations to EV owners before the DR project starts and then obtains
control right over EV's charging from those who agree to participate in the DR, which
is called flexible EV load (Figure 6.7). For those EVs that do not participate in DR
(inflexible EV load), the aggregator is simply a power supplier [15].

= units £ |

Generation T Scheduling

Non-EV load DR resource
prediction I B0 I dispatch

DR EV load
invitation prediction

Aggregators

Chargi}‘
- DR pattern
), invitation prediction C%
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Figure 6.7 Structure of DR mechanism for EVs in multi-station mode
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Figure 6.8 Extraction of EV charging behavior cluster

6.4.1.2 Extraction of EVs charging behavior cluster

EV charging behavior can be described by a set of parameters (¢Plugin, gplug-out pehy
which are composed of start charging time *"&" end charging time "¢, and
required energy E" (determined by EV initial SOC, end SOC and battery capac-
ity) (Figure 6.8). This set of parameters can be calculated by aggregators based on
historical charging data. EV charging behavior clusters can be extracted from all EV
parameters and described by a new set of parameters (P&, fPlug-out freh 1y The main
difference lies in the number of EVs added into the cluster (v). Ngy EVs are man-
aged by N, aggregators separately and the sth aggregator clusters its EVs into [T
typical EV charging patterns (s = 1,2, ..., Na). Clustered EV charging patterns are

lug-in 4plug-out rch
presented as (t},’iﬂg SRS EST Vs.z)- Then
/N
E E Voo = NEV (69)
s=1 7 =1

Extraction of EV charging behavior cluster can significantly decrease the
dimensionality of the optimization model, while the necessary information between
aggregators and the ISO can be simplified meanwhile.

6.4.1.3 Rolling optimization process

Generation scheduling is generally set 24 h in advance, but EVs are usually charged
from night to the next morning, which affects the 2-day unit generation scheduling
[16]. In order to jointly optimize the charging process of EVs and unit scheduling for
two consecutive days, rolling optimization process is utilized.

Figure 6.9 depicts the timeline of the rolling optimization process for ISO to dis-
patch flexible EV load and generation scheduling. The timeline consists of a moving
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Figure 6.9 Timeline of the rolling optimization process
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Figure 6.10 The framework of the day-ahead model

optimization window, which includes implemented intervals and unimplemented
intervals. The detailed steps are as follows [17]:

(a) Measure values of variables at the initial time and predict them in the remaining
time period.

(b) ISO schedules resources in an advanced optimization window through the unit
commitment model and executes the optimization strategy in the implemented
intervals.

(c) The state of the power system is constantly updated, waiting for the next
optimization window. Repeat (a) and (b).

6.4.1.4 Charging optimization model in the day-ahead stage
(1) Objective function

Neg T
min » Y " (epis + cuiy + cdi) + cev ) Peve (6.10)
i=1 =1 teSt

The objective function in (6.10) is to minimize the comprehensive costs in the power
grid, which is composed of fuel costs, startup costs, shutdown costs and peak regula-
tion subsidies for EV users (Figure 6.10). In (6.10), Ng is the number of units; 7 is the
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intervals in a rolling optimization window for peak regulation; cp;,, cu;,, and cd;, are
the generation cost, startup cost, and shutdown cost of unit i at time ¢, respectively;
cgy is the unit peak regulation subsidy; Pgy is the total flexible EV load:

Cpiy = CA:‘P?J + CBipi, + CCiuy, (6.11)
cu;; = y;,CStart; (6.12)
cdiy = z;,CShut; (6.13)

where p;, is the generating power of unit i at time #; u;, is 0-1 binary variable. When
the unit is online/offline, u;, is 1/0. CA;, CB; and CC,; are fuel cost parameters of unit
i. yiszi, 1s the binary variable. When the unit i startup/shut down at time ¢, y;,/z;,
is equal to 1. CStart;/CShut; is startup cost/-shutdown cost for one time. Through
the piecewise linearization method, (6.11) can be rewritten as a linear constraint for
simplification [18].

(2) Commitment constraints

Uiy — Uir—1 = Vir — Ziy (6'14)

Yietzig <1 (6.15)
t

> vk Sy (6.16)

k=max (t—Ton;+1,1)

t

Y zusl-uw (6.17)
k=max (1—Tog;+1,1)
U PM™ < piy < U, PP (6.18)
Dit — Pig—1 < Uig—1Pup; (6.19)
Pis—1 = Pig < Uis—1Poown,i (6.20)

Constraint (6.14) ensures the consistency of start-up variables, shut down vari-
ables and state variables. In constraint (6.15), one unit is restricted to start and shut
down simultaneously. Constraints (6.16) and (6.17) are the minimum startup and
shutdown time constraints, where Ton /7o, 1S the minimum startup/shutdown time.
Constraint (6.18) shows the upper limit and lower limit of power generation p;,. Unit
ramping constraints are shown in constraints (6.19) and (6.20) and Py ;/Pgown,; 1S the
maximum ramp-up/ramp-down rate of unit i.

(3) System constraints
Ng
Zpi,t = PD,t + PEV,t + Ploss,t (6.21)
i=1
NG

Z ui,tplmax = PD,t + PEV,t + R, (6~22)
i=1
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The power balance of the system is ensured in constraint (6.21), where non-EV load
and inflexible EV load are included in Pp; Pgy, represents charging load involved
with DR (flexible EV load); network losses at time ¢ is considered as Pjs,. The
spinning reserve requirement at time ¢# is represented in constraint (6.22), where R, is
the spinning reserve capability.

(4) Aggregator-based DR constraints

n Z Psmi At = Vs,rrEf’l;T (s,m) € %‘;‘Z‘ibk (6.23)
telsx
Vi PP < s < Vsa PIR (5,70) € Spovinie (6.24)
Np I
Pevi=) Y Pexe (7)€ Spvie (6.25)
s=1 =1

Sf];:;;ible is the set of charging behavior clusters of flexible EV load. For the sth aggrega-

tor, its wwth cluster of EV charging behavior is represented as (s, 7). Constraint (6.23)
ensures that the energy required by EV charging behavior clusters is satisfied, where
the plug-in period 7y, is determined by start charging time #P"¢"" and end charging
time /P&t 5 is the charging efficiency; p; ., is the total charging power of cluster
(s, ) at time ¢; At is the optimization time step. Equation (6.24) shows the upper
limit and lower limit of charging power. All the flexible EV load is aggregated into
Pry, in (6.25).

6.4.2 Research on single-station mode participating in power
grid DR

EVs can participate in DR in the single-station mode. The charging station controls
the charging situation of the EV's charged at the charging station to participate in DR.
Stopping charging and sending power back to the grid are the common methods to
provide flexibility. In the single-station mode, EV load organized by the charging
station can participate in power grid response effectively.

6.4.2.1 Typical structure of charging station with battery energy
station

With the decline of battery cost, it is expected that the adaptability of battery energy

stations (BES) will be wider [19]. Therefore, in the single station mode, the charging

station with BES can participate in emergency DR (EDR) better.

The structure diagram of a typical charging station with BES participating in
EDR is shown in Figure 6.11.

Different units have corresponding tasks. First, the duty of the utility company
is to provide power to the charging station and send signals of EDR requirements.
Second, the charging station operator is in charge of the optimal operation of EV
and BES. Under normal conditions, BES is charged during off-peak hours at night
and serves as a standby generator set only during EDR events. When an EDR event
occurs, the utility company will issue important parameters, like EDR event duration
and participation bonus, to invoke load shedding and the charging station operator
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Figure 6.11 Structure diagram of a typical charging station with BES participating
in EDR

must respond within a certain period [20]. In addition, the charging station operator
needs to decide whether to participate in the EDR event according to the decision
algorithm [10].

6.4.2.2 Charging station EV load modeling

(1) M/M/c queueing model
The M /M /c queuing model can be used to estimate EV charging load [21]. In the
above Kendal symbol, the first M represents the distribution of EV arrival rate. In this
paper, the arrival rate of EVs should follow Poisson process to solve the randomness
of an EV. The second M represents the service time distribution calculated by the EV
battery charging behavior, and the ¢ represents the number of charging piles in the
charging station. The queuing model of the charging station is shown in Figure 6.12.
The arrival rate of EVs follows Poisson distribution and w indicates the number of
EVs that can be serviced per unit time.

In queueing model, (6.26) shows the probability of n EVs charging simultane-
ously in queueing model:

'O—P,(O), n<c
n!

Pi(n) = n (6.26)
£ P, n>c
cler—c¢
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Figure 6.12  Schematic diagram of queuing theory

c—1 -1 A
where P;(0) = |:Z + 2 ] and p = —. p is the probability that there is at
n=0 Mt

el (1= P/C)
least one EV in the charging station. X, is the arrival quantity of EV per unit time and
is the number of EV that can be serviced per unit time in hour ¢ respectively. In order
to ensure the rationality of the queuing system, the occupancy rate of the charging
station (po/c) shall be less than 1.
(2) Charging behavior of EV
At the beginning of each charging phase, the state of charge (SOC) of the EV battery
is determined in (6.27):

E
SOC, =1 - =2

6.27
CBaty ( )

where E is the daily charging energy of EV in each charging stage, and Cy, is
the capacity of EV battery. The charging time 7" required for an EV is given by the
formula (6.28):

_80C, — by
i

(6.28)

where ¢; and b; can be obtained from piecewise linearizing of the battery charging
behavior as explained in [21]. The (6.29) gives the charging current /,, consumed by
the EV within the charging time T in hour ¢:

Iy = min (25 1 (6.29)
ty — VT s {Max .
where /), is the upper limit of charging current, and V is the charging voltage

constant.
Therefore, the total charging power of n EVs is given by (6.30) by accumulating:

PEV,t = Zlm,t,yV (630)
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For all possible n values, the total expected EV charging demand at time ¢ is
shown in (6.31):

E[Per) =Y P/(n)Psr, (6.31)
n=0
Therefore, the total EV charging demand obtained will be used as the input of
the next part of the EDR participation decision-making model.

6.4.2.3 Optimization problem for charging station with battery energy
station participating in emergency DR

(1) Optimization model

When an EV charging station with BES is selected to participate in EDR, the charging

station operator has the right to choose whether to participate in EDR events according

to the decision algorithm. BES plays the role of improving the economy and flexibility

of EV charging stations during EDR events.

The objective function of the optimal dispatching model is to maximize the
operating profit of the charging station. In (6.32), the first item is the revenue from
charging services. The second item is the profit from participating in EDR. The last
term is the cost of purchasing electricity from the grid.

max (ZPEV(t)PEV(t) + ZPEDR(f)APEDR(f) - ZPGrid(f)PEg;(l‘)) (6.32)

teSy teSy teSy

where Pgy (t)(=E[Pgy,]) represents the actual EV charging power in the correspond-
ing time, and pgy (¢) represents the price of the real-time. APgpg(?) corresponds to the
EV that participate in EDR, and pgpgr(?) is the incentive price for utility companies
to participate in EDR. PEPR (1) is the net load of the EV charging station during the
EDR event, and pg,4(?) is the real time electricity price of the power grid. Sy is a set

of discrete-time steps, where ¢ is the start time, and H is the time span:

Sy ={t,ts+1,....ts + H — 1} (6.33)

The following (6.34)—(6.44) constitute the constraints of the optimization model:
APgpr(t) =P[0%(t) — PLoR() ¢ € Sy (6.34)
APrpr(t) > APRS (1) t €Sy (6.35)
PPR(H)>0 teSy (6.36)
Pry(t) = PEOS(E) + Pes(1)t € Sy (6.37)
where P (7) is the adjusted EV charging station baseline load prior; PEPX(7) is

the actual load during EDR events. APR (¢) is the minimum load reduction signal
from the utility. Constraint (6.36) restricts PFox(#) is nonnegative because the vehicle
to grid technology is not considered in the EV charging station. Constraint (6.37)

explains the relationship between Pry(¢), PLON(7) and the BES output Ppgs(?):
Pges(t) =Pis(f) — Piho() t €Sy (6.38)
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0 < PSss(t) < Pasd™vais(t) € Sy (6.39)
0 < Piig(t) < PRid™ven(t) 1 € Sy (6.40)
vais(t) tven(r) < 1 1 € Sy (6.41)
ndispdis nchPch
SOC(t) = SOC(t — 1) — BES | BES 1 e Sy (6.42)
rated Cratcd
SOC™ < SOC(f) < SOC™ ¢ € Sy (6.43)
Pev(?) = Kevpara()t € Su (6.44)
Constrains (6.38)—(6.44) are the BES constrains. Where Pis (7)/Pgh(7) is the dis-

dis,max

charge/charge power of the BES; Pysa™ /PSa™ is the BES discharge/charge power
upper bound; vgis()/ven(?) is the binary discharge/charge state variable; 9 /5" is the
discharge/charge efficiency parameter; SOC™" /SOC™ is the lower/upper bound of
SOC(¢). Constrain (6.41) is a logical formula to prevent the BES from being operated
in charging and discharging modes simultaneously. Equation (6.42) constrains the
relationship of the SOC of the BES between two adjacent discrete time steps. pgy(?)
is the price of EV charging service. To break even the operation and maintenance cost
of EV charging station along with maintaining operating profit, the constant Kgy is
usually set higher than 1. pgpr(?) is the incentive price offered by the utility.

Therefore, combined with the objective function and constraints, the optimal
decision optimization model for a charging station with BES participating in EDR
can be formed. Because all constraints are linear constraints with binary variables,
the model can be effectively solved by commercial solvers as a mixed-integer linear
programming (MILP) model.

(2) Optimization results

To study the impact of incentive price of EDR, the detailed parameters of two different
EDR events are shown in Table 6.3 [22]. The EDR event will be notified at 16:00
and the duration is 4 h. The difference between cases 1 and 2 is the inductive price of
EDR. The response time is set to 1 h for the decision of the charging station operator.
Figure 6.13 shows the profit of the charging station when the inductive price is 85
$/MWh and 150 $/MWh. The results show that when the incentive price is high,
the charging station operator profit enough to respond to the EDR signal sent by the
power company.

Table 6.3 Parameters of EDR cases

Parameter Case 1 Case 2
EDR notification time 16:00 16:00

EDR decision making duration 1 hour 1 hour

EDR event time 17:00-20:00 17:00-20:00
Pepr(?) 1€ Sy 85 $/MWh 150 $/MWh

Soc(ts — 1) 0.85 0.85
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Figure 6.13  Profit comparison when the inductive price varies

6.5 Practical experience on EVs participating in DR

As the world sees the rapid growth of EVs and their tremendous charging loads, DR
programs are conducted in many countries and regions to coordinate the charging and
to meet the requirements of the power system. The demand information in the power
system is gathered in the operation units, and the demand signals are published to
potential responsible agents. EV charging loads aggregated as a responsible agent,
are adjusted upward or downward.

In practice, pilot projects are executed and can provide experience in differ-
ent electricity markets, while these experiments can be divided into structural pilot
projects and event pilot projects. The flexibility of charging demand and the response
characteristics of customers are analyzed through these projects as experimental
references.

6.5.1 DR pilot projects — in structural mode

Structural pilot projects launch the DR programs periodically, e.g., in a specific
period of every single day. Daily DR projects aim to shift the electricity loads in peak
shaving and valley filling. The DR signals in these periodical projects are price curves
in general, and the revenue settlements are implemented monthly or yearly. The price
mechanism can be in three categories: time-of-use tariffs (TOU), critical peak pricing
(CPP), and real-time pricing (RTP) [23].

As the DR programs are implemented in a period and the price information
is openly published, structural DR projects allow responsible agents to draw up
specific user plans, e.g., monthly contracts, service packages to EV groups. The struc-
tural features are reflected in categorized customers and their administrable response
behaviors.
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6.5.1.1 Projects organized by the State Grid Corporation of China

As the world’s largest utility, State Grid Corporation of China (SGCC) supplies power
toa 1.1 billion population with a service area covering 88% of Chinese territory. State
Grid EV Service Co., Ltd (SGEV) is one of the subsidiaries directly managed by State
Grid and conducts business in 14 provinces in China [24]. The services of SGEV
include EV charging management, green electricity trade and interaction between
EV aggregators and power systems. Routine DR projects setting specific periods in
one day as DR time are one of the methods to improve its service quality and reduce
operation cost.

e DR area: Zhejiang Province, Shanxi Province, Tianjin City, in China.
DR period: 00:30-07:00, 12:30-16:00, each day.
DR parts: (A) SGEV, as a schedulable branch of grid operator; (B) EV aggregator;
(C) individual EV user (provided charging service by A or B).

e DR policy: (1) areceiving dispatch command (to regulation total charging power)
and reporting total adjustable power; (2) setting DR time and non-DR time, and
making a contract between A and B/C, which permits A to provide peak load reg-
ulation service; (3.1) adopting lower electricity tariffs to encourage B/C to charge
in DR time; (3.2) noticing real-time charging tariff discounts to B/C according
to the dispatch command in DR time (in Shanxi Province); (4) B organizing the
charging of aggregated EVs, and reporting its adjustable power to A in line with
the contract. The full view of the policy is concluded in Figure 6.14.

¢ DR performance: Providing peak load regulation service to the power system.
Average DR participating electricity per month in 2021: Tianjin city — 43,000
kWh; Shanxi Province — 450,000 kWh; Zhejiang Province — 1,364 kWh.

Power system operator C-Individual EV user

e l
2) Making contract - -

3) Sending signals

1) Command and reports 2) Making contract
g ‘ 3) Sending signals

4) Reporting adjustable power

A-SGEV B-EV aggregator

Figure 6.14 DR policy in projects organized by SGCC
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6.5.1.2 Project in north China — V2G in peak load regulation market

Vehicle-to-Grid (V2G) technology enables bi-directional energy transfer between EV's
and power grids. In April 2020, China officially included V2G charging pile resources
into the north china ancillary service market, which enables EVs to be aggregated
and discharged according to price signals [25].

e DR area: North China (Beijing-Tianjin-Tangshan area).
DR period: All day.
DR parts: (A) North China ancillary service market; (B) EV aggregator (able to
provide no less than 10 MW/30 MWh regulation capacity); (C) Individual EV
user.

e DR policy: (1) A announcing the peak load regulation tariff and the regulation
demand after real-time dispatch; (2) A and B communicating via a coordinated
dispatching platform; (3) B aggregating C with user agreements, which permits
the supply of electricity to power grids.

e DR performance: 2430 charging stations/battery swapping stations being involved
in the project, including around 24,000 charging piles. The potential EV
participating quantity is up to 400,000 [25].

6.5.1.3 ChargeForward program in the USA

The ChargeForward program is open to BMW EV/PHEV owners who is also cus-
tomers of Pacific Gas and Electric Company (PG&E) customers, which has kicked
off its third phase. This collaboration launched in 2015 has been one of the longest-
running partnerships between an electric utility and an automaker. This project aims
to test the ability of EVs to support the electric grid and provide benefits to customers
through vehicle-grid-integration applications that enable smart charging and DR [26].

DR area: Northern California, USA.

DR period: All day. (last for 24 months in phase 3).

DR parts: (A) Utility —- PG&E; (B) EV aggregator —- BMW; (C) BMW EV owner.
DR policy: (1) A sending an alert to B, indicating the quantity and duration to curb
load when cutting demand emerges at any time of day; (2) B going to signal the
telemetry equipment in each participating vehicle, and going to halt the charging
for the duration of the event; (3) C going to get compensations or incentives
through its participation, amounting to $150 at sign-up and an annual price of
$250.

e DR performance: Around 3,000 EVs will participate in the DR project (100 in
phase 1, and 400 in phase 2). Renewable energy usage can be more than double
through the DR project, and over 1 million miles were powered by 100% renewable
energy charging during a one-year period [26].

6.5.2 DR pilot projects — in event mode

Event pilot projects launch the DR programs in a specific period separately according
to the notice of the power system operator. Compared to the structural DR projects,
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event projects see a lower implementation frequency, and often show seasonal char-
acteristics and the characteristics of the electricity load in holidays. In contrast, this
kind of DR projects generally cover a longer duration, e.g. tens or hundreds of hours.
Hence, event DR projects are able to provide various services, including but not
limited to peak-load regulation and emergency support.

As an independent program, power system operators offer incentives or compen-
sations to responsible agents in event DR projects, other than the general electricity
tariffs. This type of DR is open to various participants, while EV aggregators are
able to self-organize the charging loads based on the DR signal. The policy and
backgrounds of event DR projects are different, and there exists no fixed mechanism.

6.5.2.1 Serial pilot projects in Shanghai

As an economically developed metropolis in China, Shanghai sees a huge peak-valley
difference in electricity consumption, while the city relies on external electricity and
renewable energy in the power supply side. DR is one of the effective countermea-
sures to solve these problems, and Shanghai is the first city to implement DR projects
nationwide. Current DR programs, including peak-shaving and valley-filling ser-
vices, are assessed in different time scales, i.e. medium and long term mode, intra-day
mode, and fast response mode. During 2015—18, Shanghai conducted a series of eight
short-team DR projects, and involves increasing areas and participants.

EVs were first included in the DR projectin 2019, as Shanghai saw an EV popula-
tion 0f 300,000 in this year. An aggregator-based structure was designed, where invited
EV aggregators are responsible for organizing users under the coordination of the
municipal control center. The organization structure is demonstrated in Figure 6.15.

Three DR projects in 2019 with the participation of EVs were conducted at 2 am—5
am, 7 June, 12 am—2 pm, 9 August, and 10 am—11 am, 5 December, respectively [27].
In these projects, EVs responded to the power grid signals collaborating with other
flexible loads, e.g., energy storage, air conditioner. Although the duration of projects
was not long, various characteristics of EV participating in DR were evaluated in the
serial projects, e.g., the advantages compared with other loads, the characteristics
of different kinds of charging methods in DR, and the performance comparison in
peak-shaving and valley-filling. Comparative programs were executed in 2021, which

Municipal control center

EV aggregator EV aggregator

‘ EV user EV user ‘ ‘ EV user EV user ‘

Figure 6.15 Organization structure of DR projects in Shanghai
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retains the organizational structure of those in 2019. The compensation standard was
changed, and users’ response was analyzed.

e DR area: Shanghai, China.

e DR period: Several hours.

e DR parts: (A) virtual power plant platform; (B) EV aggregator (no capacity
limit, least participation duration 1 h), including private charging piles, specific
charging piles and battery swapping stations; (C) EV users.

e DR policy: (1) Registration: A sending the project plan to B in advance, while
B inviting C to sign up for the DR project; (2) preliminary report: B predicting
the DR capacity curves with the sign-up information, and reporting it to A at pre-
liminary stage (including medium-term curves and day-ahead curves); (3) online
report: B sending guiding signals to C based on the charging plan, collecting the
real-time charging information, and reporting it to A in every 15 min; (4) Settle-
ment: A paying B in line with the incentive standard and the DR performance,
while B compensating C based on the sign-up agreement.

¢ DR incentive standard: The DR performance was evaluated with the baseline of
loads and the real consumption, while the DR incentive was calibrated with impact
factors. Impact factors include electricity quantity in DR, response duration in
DR, response efficiency in DR and participation ratio. The reference value of the
incentive is 30 CNY/kW for peak-shaving and 12 CNY/kW for valley-filling.

e DR performance: (1) Private charging piles are fit for providing valley-filling
service, as the charging electricity increased to 7.8 times of base value in the
project. The profit of single participation was more than 14 CNY. (2) Specific
charging piles are fit for providing peak-shaving service, as the charging elec-
tricity decreased to 25% of the base value in the project. The profit of single
participation was more than 23.5 CNY. (3) Battery swapping stations are fit for
providing peak-shaving service, as the charging electricity was reduced by 81.2%
at maximum in the project. And battery swapping stations showed advantages in
response efficiency. The profit of a single station for one participation was more
than 500 CNY [27].

6.5.2.2 Project helping release California’s rolling blackouts

Extreme weather continues to intensify due to climate change, e.g., continuing
extreme heat. As power grids decarbonize, a greater volume and faster deployment
of these resources are required to keep the power supply at nights. Charging ser-
vice providers participate in utility and grid-sponsored DR programs to monetize the
flexibility of aggregated EV charging loads. In the summer of 2020, record heat in
California led the state’s grid operator to call on residents to reduce electricity usage
by issuing a “flex alert.” In consequence, California experienced rolling blackouts for
the first time in 19 years, with nearly a million residents affected. The smart charging
piles were activated automatically and responded to the emergency demand.

e DR area: California, USA.
e DR period: 3.6 h/day in total, standby all day [28].
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e DR parts: (A) Power system operator — CAISO; (B) EV aggregator — Enel X; (C)
EV user.

e DR policy: (1) C installing application software “JuiceNet” and agreeing to hand
over the charging control right to B; (2) B able to aggregate charging piles into a
virtual power plant with capacity of automatic DR and to bid in the spot market.
(3) A announcing DR signals (2,750 times per month on average) and issuing a
“flex alert” in an emergency.

e DR performance: (1) The JuiceNet customers participate in the DR project around
6,000 times per month in the common market; (2) during the rolling blackouts,
the average dispatch event duration to JuiceNet customers was just over 3.6 h per
day, with event participation rates above 90% [28].

6.5.3 Practical experience

The major contribution of EV in current DR programs is peak load regulation, while
various types of services, e.g., frequency regulation, emergency support, can be
provided in the future. V2G technology can improve the performance in DR.

With a high-performance and small-capacity battery, EVs are generally aggre-
gated by a charging service provider to participate in DR programs, while individual
EV users could also participate in the programs directly. Diverse charging infras-
tructures and aggregators are expected to be involved in DR programs. Different
subjects show advantages in different kinds of grid services. The carbon emission
reduction effect has been tested in pilot projects, and EVs will play an important role
in participating in DR jointly with renewable energy.

The market mechanism of the DR program should be transparent, and an optimal
incentive mechanism or a price system needs to be studied. Specified DR policy
is recommended to be designed for different scenarios, different participants and
different regulation targets. The research on users’ behaviors and the game model
among interest bodies will be an important preliminary study. Intelligent equipment
and user education are crucial for large-scale EVs participating in DR programs. In
terms of hardware, intelligent equipment provides users a convenient participation
approach, which has a great influence on users’ participation will. It also provides
aggregators timely information interaction approach and data for accurate predictions.
In terms of user education, the advertising effect can expand the scale of imitators
and promote DR programs.

6.6 Summary and prospect

6.6.1 Summary

The focus of this chapter, EV massive resources mining and DR, is illustrated from
four aspects in the above sections. The DR technology of massive EVs is thoroughly
discussed, according to the basic conditions for its development, the technologi-
cal capability and potential evaluation, the implementation mode, and the practice
experience of this technology in real scenarios.
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On top of this analysis, the feasibility of this technology is fully demonstrated.
The charging facilities of massive EVs have great potential to play a crucial role in the
future power system, as the largest distributed energy storage in the whole society.
Thus, current work should be concentrated on technology iteration, optimization,
further deep application and improvement of relevant mechanism construction and
industry supervision.

6.6.2 Prospect

According to some cases above, some future development directions for EVs to
participate in DR are put forward.

6.6.2.1 Technology breakthrough of EVs

There are many cases abroad to promote EVs as a flexible resource of the power sys-
tem. The implementation mode and scale of cases in different regions are different.
Generally speaking, V1G programs are essentially a type of demand-side manage-
ment strategy, which many utilities compensate customers for their participation. By
agreeing to shift their energy use to the less in-demand hours, utilities can offer finan-
cial incentives, cheaper energy prices, and other benefits. V2G or V2X means that
the energy between vehicle and network or vehicle and X can flow in both directions.
The technical requirements and business model of V1G are relatively simple, and
there have been many successful cases, but the sustainable business model and user
participation are still the problems to be solved. For V2G, most of the cases are still
in the trial stage. So the technology of V2G should be broken through.

6.6.2.2 Development of charging facilities

The development of charging facilities is an indispensable basis for the interaction
between vehicles and networks. For example, private charging piles in many single
storey houses in the United States are easy to mobilize participation, but the devel-
opment of public charging infrastructure, especially rapid charging infrastructure, is
uncertain, and its utilization scenario prediction is difficult. So in order to develop the
DR, the location and capacity of the charging facilities should be planned reasonably.
And the technology of charging power control level should be improved. More precise
control in a larger power range can help EVs participate in DR effectively.

6.6.2.3 Market mechanism on the user side

In addition to the technological breakthrough of EVs and charging facilities, the
market mechanism on the user side is also one of the key factors. In order to answer
the questions of how to effectively utilize and manage the charging load of EVs and
which types of EVs, analyzing the charging load characteristics of users is necessary.
By considering user response characteristics to electricity prices or control signals,
user wishes and other factors make a series of subsidy policies and establish a precision
DR model to help EVs participate in DR effectively.
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6.6.2.4 Exploration of more possibilities for EVs in DR

By 2030, China promises to reduce carbon dioxide emissions per unit of GDP by 60—
65% compared with that in 2005, and increase the proportion of non-fossil energy
in primary energy consumption to 20%, reaching the goal of “peak carbon.” By
2060, more than half of all energy sources will be produced from non-fossil fuels,
while being “carbon neutral.” With the “double carbon” targets, China, as the largest
EV market in the world, needs to rely on the flexibility of the massive EVs charg-
ing/discharging to establish a green, stable and safe energy system. By promoting
efficient collaboration between EVs and renewable energy with the “double carbon”
targets, it is helpful for wind-PV accommodation. And PV-EES-EV charging stations
are good combinations of EVs and renewable energy. Through carrying out more
V2G pilot programs, more experience can be concluded and the experience can be
used to help EVs participate in more types of auxiliary services.
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Chapter 7

Demand response measurement and verification
approaches: analyses and guidelines

Hamidreza Arasteh!, Niki Moslemi' and
Seyed Mohsen Hashemi'

Demand response (DR) programs are defined as the ability of customers to change
their consumption pattern in response to market/system signals. Nowadays, DR pro-
grams are interested worldwide as an essential part of the future power system and
also considered as virtual generation resources. However, an accurate measurement
and verification (M&V) approach is needed to implement these programs success-
fully. Indeed, the evaluation of the real potential of a DR program that is enabled
during a DR event is depended on an evaluation method that should be employed to
estimate the consumption behavior of the customers if they have not participated in
DR. In this regard, customer base-load (CBL) estimation is defined as the approach
to estimate the customers’ load levels if they have not received DR calls. Then, by
computing the difference among the estimated baseline and measured load data, the
real potential of DR would be calculated. So, the determination of the real potential
of DR is dependent on the difference between the estimated baseline and measured
load data. Since various factors (such as load type, weather condition, day of a week,
etc.) could affect the CBL, it is a challenging and complex task to provide an accurate
estimation of the CBLs.
Generally, three steps could be considered to estimate the CBLs:

e Data selection: refers to the task to determine which data should be used for the
estimation procedure. For instance, if the event day is a weekday, the historical
data from the weekdays should be used.

e Computation: refers to the approach that is employed to estimate the CBLs.

e Adjustment: refers to the modifications that could be applied to the initially
estimated baseline to enhance the accuracy.

In addition to the accuracy of the estimation, other aspects are also crucial to
select the appropriate approach. Indeed, selecting the suitable method is based on
four pillars: accuracy, simplicity, integrity, and alignment.

IPower Systems Operation and Planning Research Department, Niroo Research Institute, Tehran, Iran
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The aims of this chapter are to introduce the concepts and characteristics of M&V
approaches, introduce different classes of CBL estimation methods, compare the
features of different techniques, present some practical results, and finally provide
a guideline and suggestions to help the decision-makers to select the appropriate
approach.

Keywords: Demand response, Customer baseline estimation, DR measurement
and verification, Guideline, Practical results

7.1 Introduction

7.1.1 Concepts

Demand response (DR) is defined as the ability of customers to modify the con-
sumption pattern to help the operators to provide the required energy demand in a
cost-effective and reliable manner [1,2]. DR programs could be categorized as time-
based and incentive-based programs [3]. In the broader view, using the demand side
potentials can improve the power system operation capabilities. For example, in [4-7],
the system security is increased using the load control mechanisms. Also, the demand
side resources can be employed by the EMS of the MGs [8] to achieve the economic
goals. There should be precise mechanisms to measure and verify the performance
of the responsive loads during the DR events. Different methods have been employed
to evaluate the baselines/customer base-loads (CBLs). These approaches could be
distinguished based on their features. As an instance, baseline estimation approaches
may be dynamic or static, they may use historical data or utilize statistical sampling,
or they may use hourly or daily data [9—11].

One of the essential factors for the successful implementation of DR programs
is to perform an accurate measurement and verification (M&V) [12]. The determi-
nation of the load reduction due to the performance of DR depends on the difference
between the estimated baseline and the measured load levels. CBLs are not measur-
able and should be computed based on the available data. Several factors such as load
types, weather conditions, day of the week, etc. could affect the baseline calcula-
tions. Therefore, the accurate determination of CBLs is a complex and challenging
procedure [13].

The implementation of DR needs to identify the baseline to evaluate whether they
have been enabled successfully or not. In other words, in order to measure and verify
the success level of energy service companies, it is needed to employ the accurate
M&V calculations. Hence, CBL estimation plays a pivotal role in DR evaluation. As
explained, baseline estimation is the task of forecasting the consumption patterns, if
DR is not called. Indeed, by using the baseline estimation, the actual load reduction
resulting from the DR is calculated. However, the accurate determination of the CBLs
is challenging. CBLs could be diverse due to some phenomena that are not necessar-
ily related to DR. Independent to the price changes or DR incentives, factors such as
weather conditions, programs of the broadcasting organization, seasonal variations,
and holidays are some of the factors that could affect the consumption patterns [14].
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In baseline estimations, such factors should be taken into account. However, accu-
racy is not the only criterion to evaluate the performance of the baseline estimation
methods. A suitable method is simple enough so that all the DR beneficiaries could
easily comprehend and compute the baselines. The employment of simple approaches
could also decrease the managerial costs and would make it enjoyable. Moreover, DR
providers may be able to employ some strategic behaviors to manipulate the base-
line calculation approaches to enhance the forecasted load levels and receive higher
incentives [15]. Therefore, a baseline estimation method should be able to handle
these behaviors to ensure the proper implementation of DR. In addition, the partic-
ipants should be incentivized well to be motivated to keep their participation in DR
events. Consequently, it is a complex and challenging task to preserve all these goals,
since they may be conflicting with each other. As an instance, a complicated method
could preserve the baseline estimation approach from the manipulations. However,
it may lose the simplicity of the calculations and would not be interesting for all
the DR players. Similarly, a simple method may not model various factors (such
as calendar data or weather conditions) and so will lose the accuracy criteria. Due
to such problems, several methods have been developed, and the most appropriate
approach should be selected based on various factors such as the types and aims of
DR programs, frequency and duration of the events, and notification periods [16, 17].

Baseline estimation aims to estimate the amount of loads that would be needed
in the hour and day of the event if DR programs are not enabled. As shown in Fig-
ure 7.1, the difference between the baseline and measured load levels is the actual
enabled capacity of DR. Figure 7.1 shows the measured consumption data after the
implementation of DR against the estimated CBL [18,19].

Some important definitions and concepts regarding the CBL studies are presented
in the following:

e DR event: request for load reduction during a time interval of an event day by
participating in one of the DR programs is called a DR event.

Demand (MW)

Time (hour)

Baseline — = Measured data

Figure 7.1 Measured consumption data after the implementation of DR vs. the
estimated CBL
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Figure 7.2 Timing of DR events [16]

e Timing of DR event: it denotes all the time-intervals to implement DR, which
includes:
— Deployment;
—  Ramp period;
— Sustained response period;
— Release/recall,
— Recovery period.
e Deployment period: The time interval from “Deployment” to “Release/Recall” is
called the “deployment period.”

The timing of DR events and the definitions mentioned above have been
illustrated in Figure 7.2 [16].

7.1.2 Literature review

Several studies have investigated the M&V of DR programs. Generally, such
researches aim to find an appropriate approach to estimate the CBLs. The authors
of [20] used the neural network method to calculate the CBL of the industrial loads.
They have concluded that this method has better performance in comparison to the
linear and polynomial regression methods. Gabaldon ef al. [17] proposed a simple
method to calculate the CBL that uses some of the adjustment factors based on the
physically-based models. Reference [21] proposed a method to calculate the CBLs
of the residential customers, who their daily loads vary randomly. They use a virtual
control group for each DR event and combine it with difference-in-differences to form
the V-CBL method. Ziras ef al. [22] analyzed the local flexibility markets (LFMs),
as a solution to appropriately react against the intermittency of the DERs consider-
ing the customers’ activities. They used the CBL method to monitor and analyze the
performance of the consumers in the provision of the flexibility services. In general,
the baseline methods can be categorized as Figure 7.3 [22].



Temperature

Historical consumption High X of Y
Regressors —
Sunrise/sunset time Mid X of Y
Regression | Averagin =
Day of week or holiday I\i/' Low X of Y
Linear Last X of Y
Methods .
Non linear ( Customer baseline load (CBL) )
Neural network
Machine learning .
. Support vector machine (SVM
and hybrid methods PP ( )

Clustering to find the similar groups

Control groups Deep learning-based clustering

Dynamic or static control groups

Linear interpolation Constructing a baseline by
interpolating the consumption
Polynomial interpolation before and after the DR activation.

. Consumers send their consumption schedule
Interpolation

Aggregator should randomly activate

Schedules

the consumers for DR events

|\ Activation probability of each consumer
' should be very small

Figure 7.3 Overall categories of the baseline calculation methods [22]
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Averaging methods are other types of approaches to estimate the CBLs. In these
methods, the baselines are calculated based on the average consumption of the con-
sumers in X days from the Y non-DR days [23, 24]. In some researches, the averaging
methods have been adjusted by some influential factors, such as the weather [14]. The
regression methods use the historical data to determine the dependence of the cus-
tomer’s load to the different regressors of the temperature, sunrise time, sunset time
[23], etc. The authors of [25] used several regression methods, including different sea-
sonal and daily time scales in which different regressors such as the temperature are
considered. In [26], regressors such as days of weeks or holidays are considered. The
relationship between the customer’s load and the hour of the day has been analyzed
in [27] using a cubic regression method. According to [28], grouping the customers
will improve the accuracy of the CBL calculation in the regression method.

In the control group method, the customers participating in DR events have been
compared with a similar load group to evaluate their performance. Miiller et al. [29]
divided the aggregators’ customers into two parts for calculating the CBLs. One part
was for the control group and another part was the DR participants. This method may
require reserving a large share of the consumers as the control group to determine the
performance of other groups. In order to deal with this drawback, the authors of [21]
have proposed a dynamic control group in which different control groups are made
for various DR events. Reference [30] used the k-means clustering method to find the
most similar control group for each load. For this purpose, they propose a clustering
technique to determine typical load patterns for the consumers. The authors of [11]
determined the optimal control groups based on the load curves of each customer.
They use a constrained regression method. Zhang ef al. [31] assessed the correlation
of the load patterns of the customers in the non-event days. By this method, they split
the loads to the DR participants and the control groups.

Machine learning is another popular method to calculate the CBL. The authors
of [9] used the support vector machine (SVM) to estimate the base-load based on
the smart meters and the weather data. The machine learning-based methods may
be combined with other approaches to perform the hybrid procedures. The authors
of [32] compared the accuracy of the SVM with the methods of averaging and the
exponential moving average. They concluded that the SVM has better performance
for residential consumers. The authors of [33] used a combination of the methods to
improve the performance of the CBL calculation procedure. They disaggregate the PV
generation and the residential load using the SVM method. This data disaggregation
enhances the performance of the averaging and regression methods. Sun et al. [34]
extracted a set of the daily load profiles by applying the deep-learning method for
the non-participating consumers. Also, they create the training and testing data sets
by assessing the energy consumption of the loads before and after the DR events.
A machine learning approach based on the Gaussian process regression is used in
[35]. Also, the k-means clustering method and a self-organizing map are utilized in
[36] to estimate the load during a DR event. The authors of [37] and [24] used the
linear and polynomial interpolation methods to determine the CBLs, respectively,
based on the load’s energy consumption before and after the DR events. In some
methods, the load forecast of the residential consumers is considered as the baseline
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load. These scheduling-based methods may be performed based on the aggregators
[38], consumers [39], or even the individual appliances [40,41]. The authors of [42]
proposed the usage of the CBLs. In this structure, the consumers are incentivized to
be truthful. According to [43], the mentioned structure has better performance when
the activation probability of the loads is very low.

7.1.3 Classification of CBL estimation methods

As explained, the goal of baseline estimation is to compute the DR performance to
reduce the load levels and show how DR implementation is successful. Indeed, the
baseline could be considered as an index of the expected value of the load. Since
baseline estimation methods should be accurate and simple, averaging and regression
are two widely used approaches to compute CBLs. North American Energy Standards
Board (NAESB) categorizes the baseline calculation methods into five groups [16]:

e Baseline type I (BT-I): This class of baseline uses the historical data (usually,
using the 1-h time intervals) and also may utilize weather and calendar data (such
as holidays). In other words, this is a performance evaluation method based on
the customers’ historical data that may include other factors, e.g. weather and
calendar. Nowadays, BT-I is the most prominent approach to calculate CBLs.
Averaging method, regression, rolling average, and comparable day techniques
are some of the approaches in the BT-I group.

e Maximum base load (MBL): In this method, the system’s data during a period (e.g.
the last season) is used to create a constant level of demand. This is a performance
evaluation method based on the ability of the customers to reduce their loads to
the specific levels. MBL is also named as firm service level in PJM.

e Meter before — meter after (MBMA): In this approach, the baseline is created by
using the load data immediately before and after an event. In other words, in this
method, electricity demand data before an event will be compared with similar
measurements after the event.

e Baseline type II (BT-II): In this approach, statistical sampling is employed to
estimate the baselines for the customers who are not equipped with individual
metering devices. Hence, BT-II is a performance evaluation approach that uses
the statistical sampling technique to estimate the customers’ load levels.

e  Generation: This type of baseline is applicable for facilities with on-site generation
and is not discussed in this chapter.

Baseline estimation methods are different based on the load shape, required data,
time intervals of historical data, aims, and design of the programs. These approaches
are presented to forecast the customers’ load levels if customers are not called by DR
to calculate the actual participation capacities in DR.

7.1.4 Features of CBL estimation methods

A proper baseline should not incentivize or penalize the customers because of the
regular operation. Moreover, it should consider the changes of the activities that are
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Table 7.1 Central concepts in baseline estimation studies [12]

Measurement
granularity

Profile baseline (from
now on, for the sake of
simplicity, “baseline” is
used instead of “profile
baseline”)

Static baseline

Individual baseline
Portfolio baseline
Baseline window or
look-back window

Exclusion rules

Baseline adjustments

Adjustment cap

Load measurement time intervals (e.g. 5-min intervals)

It indicates an approach in which the baseline is estimated using the
historical data of the past similar days through a granular measure-
ment (e.g. hourly) of the customers’ load data. Therefore, customers’
load patterns are evaluated dynamically during a 24-h horizon time.

Despite the hour or day of a week, a static baseline uses the average
load during a long period (like a season) to estimate the baseline.
Individual baseline refers to an approach that calculates the baseline
for a particular customer or a region and then integrates all the
individual baselines to create the baseline of whole the system.
Portfolio baseline is the calculation of the baseline for all the systems
under study, which is involved in DR programs.

It refers to a time interval (like, the number of days) in which all
the required data are extracted from this interval to calculate the
baseline.

The rules that would be applied to the data of the look-back window
to remove the undesired data, such as the data from the event days
or holidays.

When a baseline is initially created based on the historical data, a
specific value may be added to enhance the accuracy of the cal-
culations. To this end, usually, data from 2 to 4 h before the DR
deployments on an event day are being used. In this regard, the
averages of the differences between the estimated baselines and real
measured data during the adjustment windows (i.e. time intervals
that their data are used to calculate the values of adjustments) are
used to modify the initially estimated baseline during the DR event
periods.

Adjustments may be capped or uncapped. Capped adjustments indi-
cate that the amounts of increasing/decreasing adjustments should
not exceed a maximum value, while the amount of the adjustments
is not limited in the uncapped manners.

not related to DR (such as the development of new businesses or normal commercial

activities).

The main concepts in baseline estimation studies are presented in Table 7.1 [12].
It should be mentioned that comprehensive explanations are provided in the following

sections.

In order to evaluate the performance of the baseline estimation approaches, some
principles should be considered as the pillars of the baseline estimations that are
illustrated in Figure 7.4 [44,45].

Based on Figure 7.4, a baseline estimation approach should be accurate and
simple enough, not be easily manipulatable, and also be aligned with the DR goals.
These features are explained in detail as follows.
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Alignment

Simplicity

Integrity

Figure 7.4 Pillars of CBL estimation approaches

e Accuracy: it means how the estimated baseline is close to the actual load data.
Responsive customers should not gain a credit less or more than their actual
participation.

e [Integrity: Baseline calculation approaches should prevent the customers from
manipulating the baseline by changing their consumption behaviors. In other
words, customers should not be able to change their consumption pattern in a
way to affect the computation results.

e Simplicity: Baseline calculation methods should be simple enough to be
intelligible by all the beneficiaries, e.g. electric customers.

e Alignment: The baseline estimation methods should be aligned with the DR
implementation goals, i.e. peak reduction, in a way that all the load management
attempts result in the proper incentives for responsive customers.

These features may be conflicting with each other. As an instance, preventing
the baseline manipulation needs to employ more complex tools that conflicts with the
feature of simplicity. All in all, the baseline estimation approaches should keep the
compromises among these features.

7.2 An overview of different CBL estimation approaches

Different CBL estimation approaches are investigated and analyzed in this section.
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7.2.1 Averaging method

One of the most essential advantages of the averaging methods is simplicity. Hence,
all the beneficiaries would be able to analyze the data that will enhance the clarity of
the procedure. By using other features of the baselines, it may be possible to improve
the accuracy and integrity of the averaging methods.

Averaging methods are the most usable approaches among the BT-I methods
that utilize the recent historical data to estimate the CBLs during the specified time
intervals. These methods are also known as the representative day or X of Y methods.
This approach is based on the selection of X days within Y recent days and could be
classified as [16]:

e High X of Y: In this approach, a Y-day baseline window proceeding the event
days is considered. The data from X days with the highest load average within
this baseline window is used to calculate the baseline. As an instance, a 5 of 10
methods has been used in NYISO (New York Independent System Operator) in
which five days with the highest consumptions within a 10-day baseline window
are selected to perform the baseline estimations.

e Low X of Y: In this approach (employed in New England ISO), a Y-day baseline
window proceeding the event days is considered, and data from X nonholiday
days with the lowest load average within this baseline window is used to calculate
the baseline.

e Middle X of Y: In this approach, some days with the highest and lowest con-
sumptions are removed from the Y-day baseline window so that the data of the
remaining X days are utilized to perform baseline calculations.

Moreover, in X of Y approaches, weekdays and holidays should be investigated
separately, where:

e Weekdays: In this approach, the averaging procedure is employed based on the
data from the most recent weekdays, in which, all the weekends, holidays, and
event days should be excluded from the baseline window.

e Holidays: In this approach, data from the weekends and holidays could be used
as the input data for the baseline calculations.

From now on, for the sake of simplicity, the terms of X of Y or X/Y are used to
indicate the high X of Y method. The following considerations could be taken into
account to determine the numbers of X and Y [16]:

e Baseline window: As explained, the baseline window is a Y-day interval that
its data is used to perform the baseline estimation calculations. Considering the
limitations on the baseline window could help to avoid the utilization of the
outdated data that may not be representative of the load levels of the event days.

e Exclusion rules: In the baseline estimation procedure, some days would be
excluded since the consumption patterns of these days are substantially differ-
ent from the event days. Indeed, these days could not be well-representative of
the event days. Usually, holidays, weekends, and also the event days in which
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DR programs have been previously enabled are not considered in the calcula-
tions. North American Electric Reliability Corporation (NERC) has introduced
holidays as the “Off-peak days,” and this standard is utilized by many numbers
of programs. In addition to these fundamental cases, thresholds and scheduled
shutdowns have been considered. In 2008, PJM investigated the consideration
of the thresholds in the selection of the baseline window. As an instance, a 10%
threshold means that if the average of the loads during a specified time interval
in a day is less than 10% of the average of loads in the similar time interval dur-
ing all the Y days of the baseline window, that day should be excluded from the
calculations. Also, large swings in energy and curtailments could be considered
as the exclusion rules [25].

Relationship between X and Y: After selecting the Y days as the baseline window,
these days would be narrowed down to a sub-set of X days. This sub-set should be
formed based on the nature of the programs. For instance, it is expected that a DR
event day in summer would be occurred in a day with extreme weather conditions
when the load levels are high. However, all the Y days of the baseline window
are not the days with high-load levels. Hence, if a baseline estimation approach
uses the data from all the Y days, it will also consider the days in which the load
levels are not high and are not similar to the event days. So, such an unadjusted
approach will understate the customers’ baselines, and reduce the incentives. In
order to avoid such challenges, days with the lowest load levels could be removed
from the calculations. Similarly, it may be observed that some of the DR programs
are not always enabled during high load days. In such conditions, selecting the X
days based on the “Middle X of Y” method may be better.

Time intervals: Frequent intervals of data could be utilized by many DR programs.
Hourly data are often used by many baseline estimation approaches, since data
processing for a huge number of customers using data of shorter time intervals
may be an unnecessary logistical strain.

Baseline adjustments: As explained, the set of X days is selected from the look-
back window in a way to obtain the most similar days to the event day. However,
usually, the event day is not entirely the same as the selected days (especially for
the consumers who are sensitive to the weather conditions). Programs associated
with the peak load periods or the emergency conditions (because of the outages
of the power plants) are usually required concurrently with the severe weather
conditions. Therefore, some adjustments are needed to be applied to the initially
calculated baselines. Baseline adjustments also could be called daily adjustments
since these modifications are being computed using the data from the event days.
Baseline adjustments could help to better reflect the load conditions in the event
days and enhance the accuracy of the calculations for any type of DR program.
Timing & duration: Data from 2 to 4 h period preceding the DR events is usually
used for baseline adjustments. On the one hand, this period should not be too
short (in order to take into account the load differences in different hours). On the
other hand, this adjustment period should not be too long (typically, if it is more
than 4 h, data that are not close enough to the event time may reduce the accuracy
of the adjustments to consider the conditions during the events). To calculate the
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adjustments, actual load data from the adjustment windows should be compared
with the initial estimated data. It should be noted that the ramp period data should
not be used to calculate the adjustments. Indeed, if the data from the ramp period is
used, a customer who has decreased its load level earlier than the event time would
lose the DR incentives and may be penalized. In addition, the consumer may be
able to game the system by increasing their load levels during these periods. Such
problems would negatively affect the integrity and accuracy of the estimations.
So, by utilizing the data from the period before the notice of the event, it would
be possible to prevent such problems.

The features of the baseline adjustments are:

a. Adjustments could be performed using additive or scalar factors:
Adjustments could be performed through additive or scalar manners. In an additive
adjustment, the average of the load differences in adjustment windows would
be added to the estimated baselines during the DR event hours. These additive
values could be positive or negative. In a scalar approach, the average percentages
of the differences during the adjustment windows would be multiplied with the
estimated data during DR event periods. These scalar values also could be positive
or negative.
b. Adjustments could be performed symmetrically or asymmetrically:

Baseline adjustments could be symmetrical or asymmetrical. The symmetrical
approach means that the adjustments could be positive or negative. So, usually, the
accuracy of the symmetrical adjustments is better than the asymmetric one. How-
ever, symmetrical adjustments may have damaging unintended consequences. For
instance, if a customer decides to shut down a product line before the deployment
of the DR and the meter data from after the production line has been shut off
are used for the adjustments, its baseline will be decreased significantly. Under
such situations, it should be noted that the time interval of such actions should
not have any overlap with the adjustment windows [16]. Taking into account the
alignment feature, negative adjustments may have some concerns, because, if
customers typically have low load levels before the DR deployments, they will
not be motivated to keep their demand at lower levels. As another instance, if in
response to DR calls, an end-user decides to shut down some parts or all of its
devices to perform maintenance plans, if morning adjustments are considered in
the baseline calculations, symmetrical adjustments would significantly decrease
its baseline. Also, if customers are aware of such influences, they may increase
their demand during the adjustment windows to increase their baselines. From
the administrative point of view, it is not desirable that customers keep their load
levels at high levels during the adjustment window [12].

Asymmetrical increasing adjustments may also be faced with some challenges,
since they may result in an overestimation of the baselines due to some problems,
such as gaming. In addition, the baselines of the customers who, unusually, have
high-load levels during the adjustment windows may be overestimated. It is note-
worthy that, in these cases the problem is with the accuracy of the approaches, not
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the alignment. Under such situations, the customers may be received higher incen-
tives, and they will be motivated to have participation. So, there is an alignment
between the goals of the programs and the incentives [12]. Also, it is essential to
note that if the increasing adjustments are not applied, it is possible that customers
are not motivated to participate in DR during the days with high-load levels. So,
harmful consequences may be occurred [12].
c. Adjustments could be capped or uncapped:

In order to limit the amounts of adjustments, a maximum range may be considered.
Based on [16], the capped adjustments may penalize the consumers if the load
levels are abnormally high in the event days.

In the symmetrical adjustments, considering a cap for the adjustments (especially
for the decreasing adjustments) could help to keep the alignment characteristic, as
well as the customers’ satisfaction. However, considering a cap for the incremental
adjustments may be resulting in some undesirable consequences. For example, if the
event day has a severe weather condition with a very high temperature, the demand
levels would normally be much more than the previous days through the baseline
window. So, if the adjustments are capped, the customers may be penalized even if
they are responsive to the DR calls.

Therefore, it should be tried to consider different consequences of the decisions
regarding the characteristics of the baseline calculation methods.

7.2.2  Regression method

The regression method uses several variables such as the hour, day type (in a week),
sunrise, and sunset to calculate the CBL. The simultaneous employment of the regres-
sion method and the ones mentioned above can improve computational accuracy. In
other words, as the regression method uses a large number of variables, it is one of the
most accurate methods. During the past 10 years, several researchers have compared
the regression method and X/Y methods. According to LBNL, the X/Y methods have
better performance than the regression method for the consumers with high load vari-
ability. According to [46], the performance of the X/Y methods is relatively similar
to the weather regression models. According to [47], the regression method has bet-
ter performance than the X/Y methods. However, the regression method may not be
appropriate for real-time applications [48]. Some of the explanatory variables of the
regression method used in these studies are the average load, cooling and/or heating
degree days, day type indicators, and the day of average load [16].

The calculation of the regression-based CBLs is complex as needing the data of
the load, weather, and day type. This method may require all the summer data for
the estimation of the load levels in the event days. In such a case, it is impossible to
calculate real-time CBL during an event period. It is worth noting that the real-time
reporting of the CBL is required by the consumers and aggregators, as the feedback
to determine their performance. Furthermore, the regression method defers the post-
event performance evaluation of the consumers that may reduce their satisfaction
level. Although the regression method is accurate, it is complex and is not recom-
mended for the measurement and validation of the DR programs [16]. According to
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the high complexity of the regression-based methods, they cannot be manipulated
easily, which means the improvement of the integrity. In return, they cannot provide
a proper understanding for the DR players about the exact relationship between the
load reduction and the incentives [12]. Accuracy improvements against the loss of
simplicity may face the entities with some challenges since incentives would not be
clear enough [12].

7.2.3 Other CBL calculation methods

This section introduces some other types of CBL calculation methods as the
followings:

Comparable day method.: In this method, the CBLs of the event days are calculated
using the data from their similar days. Unlike the averaging methods, this approach
only uses the data of a single day. The comparable day method is faced with two
main challenges [16]:
— The CBL cannot be calculated during the event period.
—  There is no clear criterion for the selection of a similar day that would make
it difficult to evaluate how a day is appropriate to be selected as a similar day.
Rolling average method: These methods use historical data and give greater
weight to the recent days. It is more accurate for the consumers with approx-
imately constant load patterns. If a customer is active only in winter since the
rolling average method will also consider the data of other seasons, the accuracy
of the calculations to estimate its winter load pattern would be decreased [16].
Virtual control group method: In this method, the customers are divided into two
groups and one of them controls the behavior of another one. These groups should
be very similar in different aspects such as the load profile, types of electrical
devices, and energy consumption levels. In general, randomized group control
(RGC) and non-experimental group control methods are utilized to choose the
control groups. Based on the RGC method, the selection of the control group
and the responsive group should be made in a way that both of them have similar
characteristics and conditions. The RGC method is used in different companies
such as Statewide Pricing Pilot [49], Anaheim Critical-Peak Pricing Experiment
[50], Olympic Peninsula Project [51], Kyushu Electricity Pricing Experiment
[52], and Energy Demand Research Project [53]. The main drawback of the
RGC method is its implementation cost, as it requires that all the consumers be
equipped with smart measuring infrastructures. Moreover, in the systems with
high penetration of the smart metering equipment, most of the consumers receive
the load reduction signals. So, itis a difficult task to find a control group that is not
receiving the DR signals. Under these conditions, the non-experimental methods
could be used to determine the control groups, in which, the utility companies
create a database containing load data of the consumers such as the load profile,
annual or daily energy consumption, building infrastructure, demand levels, etc.
By using this approach, control groups are selected based on the customers’
characteristics using the available data of this database. Although this approach
is cheaper than another one, it has some drawbacks. It requires a large amount



DR measurement and verification approaches 147

of data to determine the various energy consumptions, and it is costly to gather
such a volume of data. Another drawback of this method is that the stored load
data are static and cannot determine the dynamic behavior of the loads.
Machine learning method: This method employs neural networks in which dif-
ferent effective factors (such as the average temperature of a day) are used as the
learning coefficients to calculate the CBLs [30].

Polynomial interpolation method: This method is based on the actual data of the
day and uses a polynomial function (usually a fourth-degree function) to estimate
the CBL by using data from the period before or after the event hours.
Cluster-based baseline calculation: In these novel approaches, the actual data
of the event day are used rather than the historical data [31, 54]. This method
considers different effective factors such as weather data. Also, the following
clustering methods are being used by this approach to cluster the customers:

— Based on the historical load data.

— Based on the decision tree and using the demographic information.

Each cluster is divided into two subsets: participants and control groups. The

average of the load levels of a control group is used to calculate the baseline of the
participated consumers. It is worth noting that the weighted regression methods can
be used instead of the averaging methods to consider more factors, such as weather
conditions.

7.3 Comparison of different baseline estimation methods

As mentioned, the performance of the baseline estimation methods could be evaluated
considering four criteria, i.e., simplicity, accuracy, integrity, and alignment. The per-
formances of some of the baseline estimation methods are compared in the following
[12,16].

X of Y: This approach is simple enough and makes it easy to have proper com-
munication with customers. Since the temperature data is not the input of these
methods, they may not have high accuracy, especially if the weather condition
is approximately constant during a long period and it varies significantly in the
event days. Also, customers may be able to manipulate their consumption patterns
through the X days in order to enhance their baselines and receive more incentives.
However, it should be noted that these drawbacks could be eliminated by employ-
ing some actions such as adjustments (as an instance, if suitable adjustments
are applied, they could significantly reflect the effects of weather conditions and
improve the accuracy. Also, the appropriate selection of the look-back window
could improve the integrity).

Regression: Since different variables such as weather temperatures are used by
this approach, it has high accuracy. However, its complexity makes it difficult to
have proper communications with customers. From the integrity point of view, it
is not easily possible to manipulate the consumption patterns, since this approach
is based on data from a long period, and changing data in some limited hours
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would not significantly affect the results. The disadvantage of this approach is its
weakness to identify the substantial changes in the consumption patterns (such
as installing the storage devices).

®  Machine learning: Since this approach can consider the temperature data, it is a
good choice to estimate the residential baselines. The machine learning method
could identify the relationships between the inputs and outputs. However, this
approach is more complex than the previous ones and would make it difficult to
have effective communication with the customers. From the accuracy viewpoint,
it is more accurate than others. In addition, it is based on enormous data, and so
the possibility to manipulate its results is near to zero.

e Polynomial interpolation method: This approach is based on the interpolation
of the data of limited hours. Therefore, it is simple and does not require a high
amount of input data. Also, the accuracy of this approach is acceptable since it
uses data from an interval that is close to the event hours. However, variables such
as temperature data are not the inputs of this method. Moreover, it is under a high
risk of manipulation, because it is based on data from a short period.

e Virtual control group method: This method has a high accuracy in estimating the
baselines. It is not manipulatable because the customers are not compared with
their own historical data. Also, one of the important features of this method is
its scalability which could cover a large number of customers. In this approach,
the various data of several consumption patterns are available for the distribution
companies or aggregators (such as the types of the devices, number of family
members, and the area of houses) that could be used to estimate the baselines.
The main drawback of this method is that a massive number of factors should be
considered to be able to correctly select the control group, which most of them
are not available.

e Maximum base-load (MBL): This method is based on the ability of a responsive
load to reduce its load to a specified load level [ 16] which is calculated by subtract-
ing the contracted load reduction amount from the maximum expected load level.
This method is sometimes called as “drop to” method, as the consumer should
reduce its load to a specified load level. In return, most BT-I methods are called
“drop by” methods as the consumer is aware of the load reduction amount while
the load level is not a specific value. Unlike the BT-I methods, which create a
dynamic load profile, the MBL is a static baseline calculation method. It is worth
noting that in the MBL method, while the normal loads are lower than the spec-
ified load levels, consumers could be considered as the responsive participants
without the need for any load reduction.

The Average Coincident Load (ACL) and Peak Load Contribution (PLC) are two
popular methods based on the MBL. The ACL method has been employed by NYISO,
and the PLC method has been used by the PJM in the Emergency Load Response
program [16]. In both of these methods, the peak hours of the previous year are used to
calculate the average values of the consumers’ peak loads, which would be considered
as their baselines during all hours. These two methods are different from each other
in the process of identifying the peak hours.
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MBL is of two types: coincident and non-coincident. In the coincident type, the
system peak hours are being considered as the peak hours of this approach. In return,
in the non-coincident type, the peak hours of different individual consumers are being
used instead of the system peak hours.

e Meter Before — Meter After (MBMA): “A performance evaluation methodology
where electricity consumption or demand over a prescribed period before deploy-
ment is compared to similar readings during the Sustained Response Period”
[16]. This method is appropriate for the ancillary service events due to the mini-
mal notice and reduced event durations. In general, the ancillary service programs
aim to reduce the load in a short period of time.

The properties of the MBMA are as the following:

— The CBL is static.

— It uses the historical data of each individual consumer.
— It is based on the historical data during a short time.

The previously analyzed DR programs and their related CBLs focused on the
emergency and energy services in which the consumers participate for around 4—
8 h. In return, in the ancillary service programs, the participation period is short
(generally around 10 min—-2 h). So, the ancillary service programs usually use the
MBMA method for calculating the CBL.

e  Baseline type Il (BT-1I): This is a performance assessment method that uses sta-
tistical sampling to estimate the energy consumption of the aggregated demand
resource, where interval metering is not possible for all consumers. Often, histor-
ical data are used to calculate CBLs. However, sometimes data are not separately
available for each consumer, and the existing data is related to a group of cus-
tomers. Under these conditions, CBLs could be calculated for the groups of loads,
and then a method should be used to determine the share of each consumer. As the
industrial and commercial loads are equipped with metering devices, the BT-11
method is not commonly used for them. In return, this method is appropriate
for the residential consumers that installing metering devices for them is costly.
By increasing the number of metering devices for these consumers, the need to
employ the BT-1I method would be decreased.

7.4 Accuracy evaluation indexes

To determine the accuracy of the methods, the calculated CBL could be compared with
the actual loads during the periods without DR. Here, some criteria are introduced to
assess the accuracy of the methods.

7.4.1 RMSE and RRMSE

Root mean squared error (RMSE) is calculated using the following equation [55]:

1 no
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In this equation, # is the number of data samples, i is the indicator for the number
of data, y; is the actual value of the ith sample, and J; is the estimated value of the ith
sample.

The relative root mean squared error (RRMSE) [56] can be calculated using (7.2),
in which, y is the average of the actual data.
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7.4.2 MAPE and MAE [57, 58]
The mean absolute percentage error (MAPE) is calculated using (7.3) [55]:
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Also, the mean absolute error (MAE) is calculated as the following [21]:
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It should be noted that, regardless of whether the estimated values are more or less
than the actual values, the differences among these values are used by these indexes.
Therefore, it is suggested here to take into account the positivity or negativity of the
differences, since it shows that the estimation methods are over/under-estimating the
load behaviors.

7.5 Guidelines and suggestions to select a proper baseline
estimation method

Based on the literature, some guidelines and suggestions are summarized in this
section. To enhance the accuracy of the methods, it would be beneficial to utilize
some approaches, such as data-mining or clustering-based methods. In addition, the
integrity criterion denoted that an appropriate method should not be vulnerable to
manipulations. Moreover, the CBL estimation method should be designed in a way to
incentivize the customers to participate in DR programs (that is defined as alignment).
Simplicity indicates that the calculation of the baseline should be simple enough to
be computable using the simple available tools and also be easily understandable by
all the players. However, it should be noted that if an approach is too simple, it may
lose the accuracy, integrity, or alignment.

Based on the literature, in the averaging methods, the following guidelines should
be taken into account [12,16]:

e [fXapproachesY, an unadjusted baseline would increasingly understate the value
of CBLs;
e [Ifadjustment is used, the X to Y proportions are less important;
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Usually, the utilization of the uncapped adjustments is better than the capped
adjustments from the accuracy point of view. Hence, it is suggested to employ
uncapped adjustments.

Based on the experiences, usually if 0.4<X/Y<0.8, the error is minimum.
Moreover, if 0.4 <X/Y <0.8, an increase in X will probably decrease the errors.
The utilization of the increasing/decreasing adjustments is suggested, since, usu-
ally the utilization of load data immediately preceding the events could improve
the accuracy of the estimation.

X of Y methods is generally able to provide a satisfying tradeoff between the
simplicity and accuracy. Based on [59], the accuracy of the X of Y and regression
methods are close to each other, while the regression methods are more complex.
Therefore, based on [59], X of Y methods are preferred to regression-based
methods due to less managerial costs.

Symmetrical adjustments will be able to increase or decrease the initially esti-
mated baseline. If the uncapped adjustments are employed, the load data during
the preceding hours of the events is utilized nicely to improve the accuracy of the
calculations. However, the utilization of the asymmetrical adjustments would be
more interesting for responsive customers.

The symmetric adjustments are appropriate for the programs that are not designed
for the extreme load conditions. In these programs, the load levels of different
days are similar, and there are the same probabilities for the unadjusted baselines
to be higher or lower than the actual loads.

When DR events are called on-peak periods, by the symmetric adjustments, the
consumers may need to take some actions in the baseline adjustment period to
prevent the baseline understatements. While, given an asymmetrically adjusted
baseline, they need no special action. The asymmetric adjustments are effective
solutions to reduce the negative consequences of the early curtailment actions.
These methods have no negative effects on the logical behaviors of the energy
users to reduce their load at the time of grid stress.

Adjustment windows should not have any overlap with the ramp period.

If X <Y, since X days with the highest energy demand for each individual
customer may not be the same with other customers, if the combined load data
of all the customers is used, the estimated baseline may be less than the way in
which the baseline is individually calculated for each customer. Hence, usually,
it is better to calculate the baseline separately for each individual customer.

A look-back window with ten working days could have satisfying results since it
is not a too short or too long period.

For the industrial and commercial customers, a 10 of 10 approaches could be
a proper choice, since these types of customers typically have constant con-
sumption patterns and are not highly dependent on weather. If the consumption
pattern is intermittent, this method may not be suitable enough [60]. For such
loads, the usage of the control group method or the utilization of the periods
before or after an event with similar weather might be proper. The identifica-
tion of the suitable methods to evaluate the baselines for the customers with the
intermittent load patterns is a challenging task and needs more investigations
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and analysis and is highly dependent on the specifications of the system under
study.

e Although the utilization of the MBL methods is simple, they may significantly
overestimate the baselines and be resulted in high errors. So, usually, X of Y
methods are preferred to the MBL methods.

As it could be observed from the literature, none of the approaches are necessarily
better than others. It is vital to implement different approaches in the system under
study and analyze the results. The appropriate method should be identified based on
the analysis of the load specifications in the system during the DR implementation
period.

7.6 Practical results

In this section, a sample of the calculation results for the baseline estimation is
presented using the actual data in 2020 (spring, summer, and fall). To this end, a
calculation tool is developed and 44 averaging approaches are simulated and their
performances are examined. All these approaches are based on the X of Y methods.
According to these models, the historical load data of X-days with the maximum
average load levels from a Y-day look-back window is utilized. It should be noted that
holidays and weekends are excluded from the computations. It is noteworthy that the
days with entirely different consumption patterns should also be excluded.

In these calculations, hours 12—17 are the DR event times when the DR aggre-
gators should enable the DR potential. Adjustments should be applied using the data
from the period when the customers have not changed their behaviors in response to
DR signals. Here, it is assumed that DR deployment time is 12 PM, and customers may
react to DR signals since 11 AM. Therefore, 9 AM and 10 AM are selected to calculate
the adjustments. Table 7.2 shows the calculation types that are employed here.

The accuracies of the calculation methods are evaluated using the RMSE,
EEMSE, MAE, and MAPE indexes.

The simulation results show that in all cases, the utilization of the scalar
adjustments leads to better performances compared to the additive ones. More-
over, generally, during the summer and fall, in which load levels are not usually
increasing/decreasing and show some oscillations around some values, symmetrical
adjustments are better than asymmetric ones. Based on the results, it is not possible
to explicitly select an approach as the best one. Such achievements were expectable
based on the available experimental results in the literature. Indeed, based on the
existing studies and practical experiments, none of the approaches are always better
than others. The selection of the best method is wholly based on the features of the
system under study, policies, and the period that DR is enabled.

Tables 7.3-7.5 show four methods with better results during spring, fall and
summer.

As it could be observed, in spring, symmetrical and asymmetrical two of three
methods and asymmetrical three of three and four of five methods, all of them using



DR measurement and verification approaches 153

Table 7.2 Employed methods

Method Adjustment
b
L = =
: s L %
= = =N <
. . = S = =
No. X/Y Symmetrical Asymmetrical < 77 Q =)

increasing/decreasing  increasing/decreasing

1 3/3 v v v
2 3/3 v v v
3 3/3 v v v
4 3/3 v v v
5 2/3 v v v
6 2/3 v v v
7 2/3 v v v
8 2/3 v v v
9 10/10 v v v
10 10/10 v v v
11 10/10 v v v
12 10/10 v v v
13 4/5 v v v
14 4/5 v v v
15 4/5 v v v
16 4/5 v v v
17 6/11 v v v
18 6/11 v v v
19 6/11 v v v
20 6/11 v v v
21 10/11 v v v
22 1011 v v v
23 10/11 v v v
24 10/11 v v v
25 10/15 v v v
26 10/15 v v v
27 10/15 v v v
28 10/15 v v v
29 15/15s v v v
30 15/15 v v v
31 15/15 v v v
32 15/15 v v v
33 5/10 v v v
34 5/10 v v v
35 5/10 v v v
36 5/10 v v v
37 8/10 v v v
38 8/10 v v v
39 8/10 v v v
40 8/10 v v v
41 5/6 v v v
42 5/6 v v v
43 5/6 v v v
44 5/6 v v v
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Table 7.3  Four baseline estimation methods with better results during spring

Method Accuracy 5/6 8/10 5/10 15/15 10/15 10/11 6/11 4/5 10/10 2/3 3/3
evaluation
index

Symmetrical RRMSE

using RMSE
additive MAE
adjustments MAPE
Symmetrical RRMSE 2
using RMSE 2
scalar MAE 3
adjustments MAPE 3
Asymmetrical RRMSE
using RMSE
additive MAE
adjustments MAPE
Asymmetrical RRMSE 3 1 4
using RMSE 4 1 3
scalar MAE 4 1 2
adjustments MAPE 4 1 2
Table 7.4 Four baseline estimation methods with better results during summer
Method Accuracy 5/6 8/10 5/10 15/15 10/15 10/11 6/11 4/5 10/10 2/3 3/3
evaluation
index

Symmetrical RRMSE

using RMSE

additive MAE

adjustments MAPE

Symmetrical RRMSE 4 2 3 1

using RMSE 4 2 3 1

scalar MAE 4 1 3 2
4 2 3 1

adjustments MAPE

Asymmetrical RRMSE
using RMSE
additive MAE
adjustments MAPE

Asymmetrical RRMSE
using RMSE
scalar MAE
adjustments MAPE
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Table 7.5 Four baseline estimation methods with better results during the fall

Method Accuracy 5/6 8/10 5/10 15/15 10/15 10/11 6/11 4/5 10/10 2/3 3/3
evaluation
index

Symmetrical RRMSE

using RMSE

additive MAE

adjustments MAPE

Symmetrical RRMSE 1 3 2 4

using RMSE 1 3 2 4

scalar MAE 1 3 4 2
1 4 2 3

adjustments MAPE

Asymmetrical RRMSE
using RMSE
additive MAE
adjustments MAPE

Asymmetrical RRMSE
using RMSE
scalar MAE
adjustments MAPE

the uncapped and scalar adjustments are the most appropriate approaches. However,
the differences are not significant. Against the results in spring, in summer, the
symmetrical 10 of 10, 10 of 11, 15 of 15, and 8 of 10 using the scalar and uncapped
adjustments show better performances. Also, during the fall, the symmetrical 10 of
10, 8 0f 10, 4 of 5, and 5 of 6 methods using the scalar and uncapped adjustments are
the most proper approaches.

It is noteworthy that the load trend in spring is different from summer and fall.
Therefore, the results presented in Table 7.3 (that belongs to spring) are considerably
different from the results represented in Tables 7.4 and 7.5 that belong to fall and
summer, respectively. During spring, the average of load levels is increasing from the
beginning until the end of the period, while in fall and summer seasons, often, the
behavior of the load levels is in a way that it is growing until some specific levels and
then violate around these levels. Based on the investigations, the 10 of 10 approaches
are usually an appropriate method when the consumption patterns are not highly
intermittent.

Based on the literature, it could be concluded that the 8 of 10 using the sym-
metrical and uncapped adjustments could be a proper approach, due to the following
criteria:

X increments through the 0.4 < x/y < 0.8 interval could decrease the error [16];
A 10-day look-back window containing the working days could be a proper choice
[12];
e Symmetrical adjustments could improve the accuracy of the calculations [12,16];
e Uncapped adjustments are usually better than the capped ones [16].
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As the final comparison, based on the practical results and also what could be
found from the literature, two approaches are selected to be compared with each
other: 10 of 10 vs. 8 of 10 (both of them using the symmetrical, scalar, and uncapped
adjustments). The RRMSE and MAPE indexes are used for the comparison. Based on
the comparison results, it seems that the symmetrical 10 of 10 approaches using the
scalar and uncapped adjustments is the most appropriate tool to estimate the CBLs in
the test case of this chapter during the fall and spring seasons.

7.7 Concluding remarks and outlook

In this chapter, different baseline estimation methods are introduced, and their speci-
fications are investigated. To determine the accuracy of the approaches, four indexes
have been used: RMSE, RRMSE, MAPE, and MAE. It should be noted that based
on these indexes, only the differences between the actual and estimated values are
considered in the calculations, and the negativity or positivity of the errors are not
considered (that denotes the underestimation or overestimation of the calculations).
Hence, it is suggested that not only the accuracy indexes are used but also the neg-
ativity or positivity of the errors be considered to avoid severe underestimating and
ensure the alignment to enhance the participation of the customers in DR.

As discussed in this chapter, a suitable baseline estimation method should provide
a tradeoff between different features, i.e. accuracy, simplicity, integrity, and align-
ment. Quantitative studies are needed to evaluate the accuracy of the methods in the
system under study.

On the one hand, based on our experience, in most cases in which the con-
sumption patterns do not show sudden changes, the 10 of 10 approaches could have
satisfied performance. On the other hand, based on the literature, it seems that some
approaches, such as 8 of 10, may also be able to show good performances. As men-
tioned, the selection of the appropriate method is wholly based on the specifications
of the system under study, and it is required to implement and analyze different
approaches.

In this chapter, the concepts of the baseline estimation are introduced, and differ-
ent evaluation methods and their advantages and disadvantages are presented. Then,
comparisons have been provided between different approaches. In addition, a guide-
line is provided that could be used by all the beneficiaries of DR programs for selecting
the appropriate baseline estimation approaches. Moreover, some practical results and
experiences have been presented, and the relevant analyses have been explained. It
should be noted that the provided guideline is a set of scientific and experimental notes
that could help different players in making the DR-oriented decisions. However, the
final decision about the appropriate method should be made after the investigation and
implementation of different methods in the system under study. Indeed, the selection
of the best approach is completely based on the system’s specifications during the DR
implementation period and is not clear before such studies. Our experiences based on
the specifications of the system show that during the fall and summer, symmetrical
100f 10, 8 0f 10, 15 0of 15, and 10 of 11 using the scalar and uncapped adjustments are
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suitable. However, during spring, when the consumption pattern is utterly different
with fall and summer (it shows smoothly increasing behavior from the beginning to
the end of the spring), the symmetrical and asymmetrical 3 of 4 methods and also
the asymmetrical 3 of 3 and 4 of 5 approaches using the scalar and uncapped adjust-
ments show better performances. These decisions are made based on the values of the
RMSE, RRMSE, MAE, and MAPE indexes. It is suggested to select the approaches
that firstly have the minimum error and secondly do not underestimate the baselines
(in order to support the activities of the startup companies and increase the partici-
pation rates in DR programs). Also, it is suggested that the days with typically lower
load levels (like holidays and weekends) be excluded from the look-back window
to avoid the underestimating the baselines. Finally, it should be emphasized that the
selection of the appropriate baseline is wholly based on the load specifications in the
system under study during the DR implementation period and also should be done
based on the expectations and goals of the decision-makers taking into account the
accuracy, simplicity, integrity, and alignment, as the pillars of the baseline estima-
tions. The notes that have been presented in this chapter are a guideline regarding the
selection of the appropriate approach based on the scientific findings and practical
experiences.
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Chapter 8

Transactive energy industry demand
response management market

K.S. Swarup® and T. Vidyamani’

In a smart grid paradigm, the concepts of demand response (DR) and transactive
energy (TE) are used to optimize the consumption and generation in the power net-
works. In this chapter, two models for DR are analyzed based on the well-known
Cobb—Douglas utility function. Both models maximize their utility, subject to differ-
ent constraints. A time-of-use price-based DR program is employed. Restructuring in
the electricity sector, with an increase in renewable energy resources and distributed
energy management technologies, offers the potential for significant improvement
in the efficiency of power systems through the TE framework. In a TE framework,
prosumers of all sizes can participate in the double auction electricity markets via
automated home energy management systems. Heating, ventilation, and air condi-
tioning (HVAC) and energy storage devices are the two important loads in residential
buildings that account for a large proportion of building energy consumption. A
two-way exchange of energy and information is possible with the current advent of
communication systems and net metering. In this work, we consider the case of solar
photovoltaics (PV), HVAC, and energy storage devices (electric vehicles and battery
energy storage systems) of prosumers participating in the retail real-time double auc-
tion market. The problem is formulated as maximization of social welfare subject to
power balance and network constraints. Simulation studies and results are presented
for the modified IEEE 13 node distribution system.

8.1 Demand response

Dynamic pricing and demand response (DR) programs play a key role in the modern
smart grid environment to manage peak loads. The most important constraint of the
power system, i.e., supply-demand balance constraint, can be met either by optimizing
the generation side or the demand side. DR programs focus on the consumption side of
the network. DR is defined as “Changes in electric usage by end-use customers from
their normal consumption patterns in response to changes in the price of electricity
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over time, or to incentive payments designed to induce lower electricity use at times
of high wholesale market prices or when system reliability is jeopardized” [1]. DR
strategies are generally classified into two types:

1. Incentive-based programs
2. Price-based programs

Price-based DR programs include,

1. Time of use (TOU)
TOU is a static price schedule. Higher rates during peak consumption hours and
lower rates during partial peak and off-peak hours
2. Critical peak pricing (CPP)
Pre-specified higher price during a limited number of hours or days per year
3. Extreme day pricing (EDP)
Higher price for the whole 24 h which is known only day-ahead
4. Real-time pricing (RTP)
Market prices are forwarded to end-use customers

8.2 Transactive control

Concentrating only on the consumption side might not fully exploit the capabilities of
future smart grids. Thus there is a need for a framework that focuses not only on the
consumption side but also on the rate of generation in both grid and demand sides [2].
Traditionally the flow of energy was from wholesale power plants to transmission
systems and then to the end-use consumers of the distribution system. The flow was
uni-directional, but now with the increase in the percentage of variable and intermittent
distributed energy resources (DERs), the way the power system operates has changed.
There is a bidirectional power flow due to the penetration of DERs such as distributed
generation (DG), Battery Energy Storage System (BESS), and electric vehicles (EVs)
in the distribution system.

There can be three control strategies established between the utility and the
customer [3].

1. Passive control
No real time transfer of price signal.

2. Active control
Real-time price signals are sent from utility to end-use appliances which then
respond based on their comfort.

3. Transactive control
This control involves two-way communication in which end-use loads can bid for
their demand and price is determined based on the bids from buyers and sellers.

Load pattern and the peak demand of the residential building will be different in each
scheme [4]. Transactive control operation with HVAC as a transactive agent is shown
in Figures 8.1 and 8.2. Where IT is the electricity price, and 7 is the temperature of
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Figure 8.2 Thermostatic response for transactive control

HVAC. More details about the derivation of bidding price and adjusted temperature
of HVAC from Figure 8.2 can be found in [5].

8.3 DR modeling and simulation results

Classical demand theory is a branch of microeconomics, and it is about the study
of consumer demand in a market economy. Important tools in this theory are utility
functions and two constraints, i.e., physical and budget constraints. In [6], authors have
proposed Cobb—Douglas utility function based DR subjected to budget constraints.
Here, two models for DR are analyzed based on the well-known Cobb—Douglas utility
function. Based on the willingness to participate, consumers are classified into three



166 Industrial DR: methods, best practices, case studies, and applications

types i.e., high flexible, medium flexible ,and low flexible. Results are discussed
by considering different levels of participation in the program. The utility function
is subjected to budget constraint in model A and total consumption constraint in
model B.

8.3.1 Model A

In model A, the utility function is subjected only to budget constraint. Utility function
and budget constraint of model A is given by,

Maximize U(q,q>) = q‘l"qz’3 a>0,8>0a+p=1 8.1
subject to
I =pig1 +p2q> (8.2)

Lagrange function is given by,

L
oL
e
oL
Er
oL
o

From the above equations,

4 g5 + M — qipy — @op2) (8.3)
=aq"'¢f —ap1 =0

1

= Bqiqs " —rp2=0

=I—qp—qp=0

_Ioz
T
_ 18
n

‘3 (84)

92 (8.5)
Demand functions ¢; and ¢, depends on total budget, prices of electricity and elasticity
parameter.

Where,

q: is the peak period demand

q» is the off-peak period demand

p1 1s the peak time price

P2 1s the off-peak time price

Q is the total demand

a, B is the elasticity parameter

U(.) is the utility function

I is the budget/bill amount (X/kWh).
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8.3.2 Model-B

In model B, the utility function is subjected to total consumption limit constraint. The
utility function and constraint of model B is given by,

Maximize U(q1,¢2) = ¢%¢h o« >0,>0,a+ B =1 (8.6)
subject to
O=q1+q (8.7)

Lagrange function is given by,

L=qig5+M0—q1—q) (8.8)
oL -1 B
— = aqf —1=0
9 91 9
— =Bl =0
P 919>
oL 0 —o
EYO q91 — 42 =
From the above equations,
q1 = aQ (8.9)
g2 = BO (8.10)

Demand functions ¢; and ¢, depend on total demand and elasticity parameters.

8.3.3 Simulation results and discussion

Performance of both the models is analyzed using a residential load profile shown
in Figure 8.3. Based on the load profile, the daily time horizon is divided into two
time periods i.e., peak period and off-peak period and prices of the same are given in
Table 8.1. The average price is 3.83 per kWh. Peak time and off-peak time demand can
be adjusted by changing the values of elasticity parameters « and . To participate in
the DR programs, each user should have smart meters with the capability of entering
their willingness to participate in the program with the elasticity parameter «. It is
knownthata + 8 =1,s08=1—a.

8.3.3.1 Analysis of model A

Peak demand and off-peak demand without DR is 28.8 kWhand 17.55 kWh and the bill
amount is¥196.65. Table 8.2 shows the total demand for various values of the elasticity
parameter ranging from 0.1 to 0.9. We have a budget constraint, so the billing amount
will be the same irrespective of the elasticity parameter. Total energy consumption
without demand response is 46.36 kWh. As seen from Table 8.2, when « is greater
than 0.7, the total energy is less than 46.36 kWh which is the energy consumption
without demand response. Here the assumption is that no user wants the reduction in
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Figure 8.3 Load profile

Table 8.1 Price of electricity in different time

periods
Demand level q, q,
Time period 6:00-9:00, 23:00-6:00
16:00-23:00 9:00-16:00
Price X per kWh) 5 3

their energy consumption after participating in a demand response program. So the
appropriate range for the elasticity parameter in model A is 0.1 < o < 0.7. Figure 8.4
shows that with increase in «, the amount of consumption increases in peak time.
Figure 8.5 shows that with increase in «, the amount of consumption decreases in
off-peak time. If the user selects the small value of elasticity parameter «, then the
participation of that user in demand response program is more, thus he is more flexible.
So his peak time consumption will be less and off-peak consumption will be more.
With & = 0.1, total energy consumption is 62.92 kWh which is 16.56 kWh more than
the energy consumption without demand response program. Thus with the same bill
amount, users can consume more energy if their willingness in participating demand
response programs is more.
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Table 8.2 Changes in the power consumption after
implementation of model A

Elasticity q, q, Q (kWh)
parameter o (kWh) (kWh)
0.1 3.93 58.99 62.92
0.2 7.86 52.44 60.3
0.3 11.79 45.88 57.67
0.4 15.73 39.33 55.06
0.5 19.66 32.77 52.43
0.6 23.59 26.22 49.81
0.7 27.53 19.66 47.19
0.8 31.46 13.11 44.57
0.9 35.39 6.55 41.95
10

I With Demand response
—8— Without Demand response

Peak Time Consumption (kWh)

Figure 8.4 Model A—peak period consumption for different values of o

8.3.3.2 Analysis of model B

The main difference between model A and model B is the constraint it is subjected
to. In this model, we have total consumption constraint. That is energy consumption
before and after the implementation of demand response program will be the same.
Table 8.3 shows the peak and off-peak time period power consumption of model B.
As shown in Table 8.3, the bill amount has increased with an increase in the elasticity
parameter «. Figure 8.6 shows the peak period consumption for different values of «.
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Figure 8.5 Model A—off peak period consumption for different values of o

Table 8.3 Changes in the power consumption after
implementation of model B

Elasticity q, q, Bill amount
parameter o (kWh) (kWh) ®

0.1 4.63 41.71 148.29
0.2 9.27 37.08 157.59
0.3 13.90 32.44 166.82
0.4 18.54 27.81 176.13
0.5 23.17 23.17 185.36
0.6 27.81 18.54 194.67
0.7 32.44 13.90 203.94
0.8 37.08 9.27 213.21
0.9 41.71 4.63 222.48

Peak period consumption increases with an increase in the elasticity parameter. When
« is greater than 0.6, ¢; is more than the peak period energy consumption without
demand response. Figure 8.7 shows the off-peak period consumption for different
values of «. Off-peak energy decreases with an increase in the elasticity parameter.
With @ > 0.6, bill amount is also more than the usual one without demand response.
So the appropriate range for the elasticity parameter in model Bis 0.1 < o < 0.6. So
it is clear that similar to model A, the user is more flexible if he chooses a small value
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of elasticity factor. Thus users can consume the same amount of energy with less bill
amount if their willingness in participating demand response programs are more.

8.3.3.3 Comparison of model A and model B

To participate in the demand response programs, consumers should have smart meters
with inbuilt energy management system (EMS) software. Power demand equations
and algorithms can be coded in the EMS systems. Demand response programs are
user-friendly that consumers can join or leave the program at any time. In the digital
display of EMS, the consumer has to enter elasticity factor o, which is the measure of
their willingness to participate. In model A, the user will have the same bill amount
before and after the implementation of demand response. If he is highly flexible, then
most of his peak period loads will be shifted to off-peak period time. As an incentive
for participation, he can use extra energy with the same bill money. In model B,
though the energy consumption remains the same before and after implementation,
a highly flexible consumer who is more willing in participating demand response
programs will get a reduction in the bill by shifting his loads from peak period to
off-peak period. It is assumed that EMS has the capability of changing from model A
to model B when needed and vice versa in a suitable time interval. So the consumer
can set his preference depends on whether he wants the same energy consumption
with a reduction in the bill or more energy consumption with the same bill amount.

8.4 TE management

TE is the generalized form of price-based demand response. TE manages the rate
of generation in both the grid and demand sides. GridWise Architectural Council
(GWAC) defines TE as “A set of economic and control mechanisms that allows the
dynamic balance of supply and demand across the entire electrical infrastructure
using value as a key operational parameter” [7]. Decisions in TE Framework (TEF)
are made based on the value, which is analogous to or literally economic transactions.
Application of transactive control is well established in the wholesale market and in
transmission level, but its application is largely missing in the distribution level and
retail markets [8]. Transactive control accommodates two-way power flow and new
generation using a decentralized supply model. It allows for faster transmission of
information about supply, demand, and price across the entire infrastructure.

The TE framework helps the power system to evolve as a hybrid system of
the wholesale energy market (WEM) and local energy markets (LEM) as shown
in Figure 8.8. The wholesale energy market operator manages the network and power
balance at the transmission level, and the local energy market operator/distribution
system operator (DSO) is responsible for managing the DERs and power balance at
the distribution level [9].

In a TE management system, transactive agents negotiate their actions with each
other through double auction transactive markets. A double auction market mechanism
computes the clearing price and quantity based on the bids and offers from buyers
and sellers of energy. A transactive agent may be a residential house, industrial or
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commercial building, microgrid, demand response aggregator, microgrid aggregator,
renewable farm, etc. As seen in Figure 8.8, the transactive control concept can be
applied in all levels of the power system from residential to transmission level, and it
facilitates the integration of the local energy market and wholesale energy market [2].

At the bottom level of the TE framework, we have residential houses, no matter
their sizes, they can participate in the retail or local energy market and modify the
schedule of its controllable appliances based on the cleared market price and user’s
local information. The TE concept can also be applied inside a single building where
each zone can bid or compete among themselves [10]. Retail markets can be oper-
ated for only one microgrid (MG) as well as for the group of microgrids [11]. An
energy management scheme for residential microgrids has been proposed in [12,13].
Transactive control helps in congestion and voltage management in the distribution
system by considering the network operational constraints [14]. There are forward
and spot transactions in transactive markets. Forward markets operate by relying on
future delivery, and spot market is used for instant delivery.

GridWise Olympic Peninsula project [5] is the field demonstration of the trans-
active control concept in the distribution network with the market clearing interval
as 5 min. Residential electric water heaters and Heating Ventilation Air Condition-
ing (HVAC) loads, commercial building HVAC loads, municipal water pump loads,
and several distributed generators were coordinated to manage the congestion in the
distribution feeder. The bid price of HVAC has been calculated based on the con-
sumer’s desired temperature set-point, comfort setting factor, and temperature limits.
The temperature set-point will be adjusted based on the market-clearing price [15].
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A reinforcement learning-based model-free bidding strategy for HVAC systems in
double auction retail markets has been proposed in [16].

Authors in [17] formulated the bidding strategies of Electric Vehicles (EVs) to
participate in the retail real-time double auction market. The bid price of EV has been
calculated based on the consumer’s comfort setting, arrival time, departure time,
and the battery SOC level and limit values. Comfort setting factor (k) reflects the
consumer’s flexible nature whether he wants more comfort or a reduction in the bill.
The bidding and offering strategies for EV participation in the real-time retail market
have been proposed in [18]. The offering strategy has been developed by considering
the wear price of the battery. In [19], the authors proposed the bi-level bidding model
for residential prosumers in the day ahead TE market using the flexibility of BESSs. An
energy storage model has been developed by incorporating the operational constraints
and degradation of storage units when they undergo frequent charge-discharge cycles.

EV charging and HVAC systems account for a large proportion of energy con-
sumption. Coordinated dispatch of EV and HVAC has been proposed using model
predictive control in [20] and [21] to reduce the cost and to accommodate the uncer-
tainties in the PV supply. TE framework can have centralized or decentralized energy
trading [22]. In a centralized energy trading, all microgrid participants send their
energy bids and offers to the LEM operator. LEM operator aggregates all the bids and
offers to determine the market-clearing price while satisfying the network constraints.
The cleared market price is sent back to the participants to initiate the transactions.

In this work, each prosumer is assumed to have PV, HVAC and Energy stor-
age devices (EV, BESSs). A real-time market framework is developed that enables
prosumers to adjust their willingness to pay/accept according to their comfort in a
user-friendly manner. Prosumers can participate in the retail market via their HEMS.
The DLMPs are calculated for the network with price-responsive devices by solving
ACOPF equations.

8.5 Methodology

In a TE framework, the market participants submit their “price-quantity” bids/offers
for electricity demand or supply in each time interval. Interaction of retail market
with the wholesale market is incorporated in the developed model. The independent
system operator in the wholesale market clears the market and sends the clearing
prices of the day-ahead market known as locational marginal prices (LMPs) to all
participants. The DSO, associated with retail market operations, calculates the dis-
tribution locational marginal prices (DLMPs) for the next day based on the received
LMP and forecasted net demand. The calculated DLMP will be an uncertain param-
eter because of the uncertain nature of the net demand of distribution systems. In
this work, the uncertain nature of DLMPs is defined by using the normal proba-
bility distribution function. DSO estimates the mean and standard deviation of the
price and sends these signals to all the prosumer buildings as transactive incentive
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signals (TIS). In each market time step, HEMS of prosumer buildings estimates the
bid/offer prices of PV, energy storage devices, and HVAC based on the received
prices, comfort settings, required and current SOC levels of energy storage devices,
and temperature set-point limits of HVAC. Then, these estimated bids/offers are sent
back to the DSO as transactive feedback signals. DSO clears the retail market by
maximizing social welfare considering the network constraints. Based on the market-
clearing prices, the real-time action of PV, HVAC, and energy storage devices will be
determined.

For energy storage devices, if the local market-clearing price (MCP) is lower
than the bid price, they will be charged. If the local market-clearing price is above
the offer price, they will be discharged. Otherwise, they will be in idle mode until the
next time step. For HVAC, in cooling mode of operation, if the MCP is greater than
its bid price, the cooling set point will be moved higher, decreasing its consumption
and if the MCP is less than its bid price, the cooling set point will be lowered further
to take advantage of low market prices. PV sells the power only when it exceeds
the self-consumption. If the local market-clearing price is greater than the PV’s offer
price, it sells power. Otherwise it will be stored in the BESS for future use. This
section presents the bidding/offering strategies of energy storage devices, HVAC, and
PV used in the proposed market clearing problem.
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8.5.1 Bidding/offering strategy of energy storage devices (ESD)

Energy storage devices include EV batteries and BESSs. This work uses the model
developed in [17] for the bidding strategy of EV and [18] for the offering strategy of
ESD. Bid price model of ESD is given by,

A — %+ (0 x k x AESD) (8.11)
R i t. t f H h require
AESD — equired 1@e 0 .u y charge(t equired) (8.12)
Available time(Z,, i)
(SOCdexired - SOCcurrent) X Emax

P rated

(8.13)

trequired =
Lavailable = tdeparture — Leurrent (814)

In(8.11), x and o are the mean and standard deviation of the price in the corresponding
time step and will be sent by the retail market operator. k is the user’s comfort control
factor with the range of [0,1] and can be interpreted as the higher the value of k,
the more comfort. #.gurqs can be calculated using (8.13), where E,,, is the battery
capacity in kWh and P, is the charging rate in kW. SOC is the State Of Charge of
energy storage device. For EV battery, ¢4 1S the difference between the current
time and the departure time. For BESS, 7,411 1S €qual to 24 h as it will be available
at home all the time. The offer price of ESD is estimated based on its discharge cost.
The total discharging cost ESD is given in (8.15),

Costyis = CoStyeep, + COStyyour (8.15)

First-term in (8.15) is the average cost of recharging during the following time steps,
and the second term is the battery wear cost caused by the discharge. The detailed
modeling of recharging cost and wear cost can be found in [18]. Offer price model of
ESD is given by,

< A wp
)\Eﬁ) = nchr’dis +2x W (816)
n" and n? are the charging and discharging efficiency of ESD. wp is the battery wear

price.
The bidding and offering quantities of electricity by ESD are calculated by HEMS
as given in (8.17) and (8.18) [18]:

. Residual capacity
bu
Ppgp = min {Prmed, W’T} (8.17)
Residual capacity = (1 — SOCrens) X Emax
dis SOCcurren Emax - Emin
Pjse:vlé) = min {Prated, 1 ( IA;—, )} (818)

Ein 18 the minimum allowable SOC level.
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8.5.2 Bidding strategy of HVAC

This work uses the model developed in [3,16] for the bidding strategy of HVAC. Bid
price model of HVAC is given by,

Ao = A+ (0 x k x AHVAC) (8.19)
Tcurrent - Tdesired
AHVAC = (8.20)
Tmaximum - Tminimum

In this work, only the cooling mode of operation is explained. However, the working
of heating mode is similar. In addition to the bid price model, HEMS should also
calculate the bid quantity of HVAC. The actual demand of an HVAC system varies
with many factors like the voltage, outdoor air temperature, house construction mate-
rials, and room temperature set point. So the exact demand model should consider
the actual previous power demand of HVAC systems for the specified conditions and
bid this quantity in the market. However, in this work, we consider the nameplate
capacity of HVAC as demand quantity bid as detailed modeling of appliances is out
of the scope of this work.

8.5.3 Offering strategy of PVs

A =A+o (8.21)
Py = Max(PV?"™ — P4,0) (8.22)

In (8.22), PV7" is the predicted power generation from PV and P, is the load demand.
Like ESD and HVAC, we do not have any comfort factor for PV. So PV is bidding at the
mean price scaled by standard deviation and PV sells power only when it exceeds the
self- consumption as given in (8.22). It is assumed that the load demand and power gen-
eration from PV are predicted with acceptable accuracy before the bidding window.

8.6 Problem formulation

The considered test system is the radial distribution network with node 1 being
connected to the substation. Power exchange with the upstream grid and network
constraints are considered in the formulation. The objective function as formulated
in (8.23) is the social welfare (SW) maximization problem:

SWo= " LA P) — AP PLY 42T P (8.23)

gri grid
neN\(1} iel
_ A buypen buy ch buy
I, P) = )‘EVPEV + )‘BESSPBESS + AyacPrvac

sell pdis sell dis sell
_)“EVPEV - )‘BESSPBESS - )‘PVPPV

0 <P, <P, ;VielneN\{l) (8.24)
0 <Py, <Py, ;VielneN\{l}) (8.25)
0 < P ppos < P¥upss sVielne N\{1) (8.26)
0 < Pl ppes < Pilores sVi€l,neN\{1} (8.27)
0 < Pupy < Max(PV2™ — Pd,;) ;¥iel,neN\{l} (8.28)
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where N defines the set of all nodes in the system and 7 is the index of nodes. L is the
set of lines in the distribution network. (7, k) are the indices of buses, i is the index
of prosumers, / is the set of prosumers at bus n. €2} is the set of all nodes which are
connected to node j. AP and AfT are the electricity price and Feed in tariff rate.
From the social perspective, DSO desires to increase the sum of comfort obtained by
each user and to decrease the cost. Equation (8.23) states that the scheduling will be
optimal as the difference between total gross benefit of buyers and total cost of sellers
i.e., surplus is maximized. Last two terms in (8.23) represent the cost and revenue of
energy exchange with the main grid. The limits on prosumer’s decision variables are
given in (8.24)—(8.30)

e Energy exchanging constraints

0 < PP < prritmes (8.29)
0 < Pl < peridmas 5 (8.30)
_ Qgrid,max < Qgrid < Qgrid,max (8.31)
x+x<1 (8.32)

Maximum allowable range of active power and reactive power exchange with the
upstream grid is given by (8.29)—(8.31). Equation (8.32) implements the binary logic
for the direction of flow of active power with the upstream grid.

e Power balance constraints

dis dis ch ch
E (Pn,i,EV + Pn,i,BESS - Pn,i,EV - Pn,i,BESS — Lnjavac + Pn,i,PV)

iel

—PDyjoas = Y _, Pi; Vn € N\{1} (8.33)
kle

~ODyioas = Y Qi :¥n € N\{1} (8.34)
keQ§

P — P =" Py iVne N{1} (8.35)
ke

07" = 3" 0y :¥neN{l) (8.36)
keQ§

Active and reactive power balances at the buses are formulated as (8.33)—(8.36).
PD; j,4q and OD; 1,44 are the unresponsive active and reactive power load at bus i.

e Electricity network constraints

Py = GV} — Gy V;Vicos(8; — 6k)
—By VVisin(0; — 6) Vi, k} €1 (8.37)
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O = —BuV} + By V;Vicos(6; — 6;)
G ViVisin(6;, — 6;) ;Y k) el (8.38)
—Pp™ < Py < PP Vi k) el (8.39)
—O™ < O < OF™ ;V{.k} el (8.40)
pmin < po< pm oyl e N (8.41)

Equations (8.37) and (8.38) compute the real power and reactive power flow in the line.
Equations (8.39)—(8.41) impose the limits on line flow and bus voltage magnitude.
The market clearing prices are determined by solving the social welfare maximization
problem. DSO sends these cleared prices to the HEMS in each prosumer house and
then the real-time action of PV, energy storage devices, and HVAC will be determined
by comparing the cleared prices and the submitted bid/offer prices. Energy storage
devices will charge, if the retail market clearing price (MCP) is less than its bid price
and if the MCP is greater than its offer price, it will discharge. Otherwise, it will be
in idle mode until the next time slot.

The SOC of energy storage devices will be updated in each time slot as given in
(8.42) below,

nCE}:SDPg}.lS'D - @PZ@D x AT
SOCew.esp = SOColq 55D + z (8.42)

SOCminimum S SOCt,current =< SOCmaximum

At every time slot, the SOC of energy storage devices should be within its maximum
and minimum limits.

For HVAC, in cooling mode of operation, if the MCP is greater than its bid price,
the cooling set point will be moved higher, decreasing its consumption and if the
MCP is less than its bid price, the cooling set point will be lowered further to take
advantage of low market prices. The temperature set point of HVAC will be updated
in each time slot as given in (8.43) below,

9! buy
()"c o — )"HVAC X (Tmaximum - Tminimum)

kxo

(8.43)

Tadjusled,HVAC - Tcurrenr,HVAC +

Tt,minimum =< Tt S Tt,mwcimum

8.7 Simulation results and discussions

For the simulation studies, a modified version of IEEE 13-node test distribution
feeder [23] shown in Figure 8.10 is considered. For the sake of simplicity, it is assumed
that the system under study is a balanced system, and just one transactive home from
nodes 2, 3,4, 6, 7,9, 11, 12, and 13 are participating in the local energy market.
Voltage regulators and capacitors from the original test feeder are not considered. The
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Figure 8.11 LMP and FIT rate of electricity price

developed social welfare maximization problem is solved using GAMS software.
The electricity price (LMP) and feed-in-tariff (FIT) rate considered in this study are
shown in Figure 8.11. All prosumers are assumed to be equipped with the same model
of appliances. The comfort factor, initial SOC and desired SOC of energy storage
devices, and the desired temperature of HVAC are assigned based on the prosumer’s
preference within the range defined in Table 8.4. Arrival and departure times of EVs
are considered within the range defined in Table 8.4. Solar panel capacity and HVAC
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Table 8.4 Prosumer parameters

Parameters Value

Initial SOC of energy storage devices 0.3-0.6

Desired SOC of energy storage devices 0.7-1

SOC minimum and SOC maximum 0.1&1

Arrival time of electric vehicles 16:00-21:00 (hours)
Departure time of electric vehicles 06:00-8:00 (hours)
E,.. and P,y0q of EV 10 (kWh) and 4 (kW)
E,por and Pyypeq0f BESS 32 (kWh) and 4 (kW)
Neh and Ndis 0.95

Comfort factor 0.1-1

Wear rate 0.03 ($/kWh)

Rated power of HVAC 2.5 (kW)

Desired temperature of HVAC (70-80) ° F
Minimum and maximum temperature limits 67°Fand 84 ° F
Solar PV panel capacity 3 (kW)

rating of all the prosumer’s household are assumed to be the same, and its value is given
in Table 8.4. The values of other parameters used in the study like charging efficiency,
discharging efficiency, battery wear rate, capacity, and power rating of energy storage
devices are given in 8.4. The wear rate of energy storage devices is taken from [18].
The capacity and power ratings of energy storage devices are taken from [24]. The
considered real-time market-clearing duration is 15 min. For all the time slots, the
standard deviation of DLMP is assumed to be 0.1. The participation of prosumers
in the local energy market will be started by submitting bids/offers to the DSO. The
action of prosumer appliances will be determined by comparing the bid/offer prices
with the market clearing prices by the HEMS. Figure 8.12 shows the local market
clearing prices of all the time slots. In this work, we considered the available time
of ESS as 24 h since, unlike electric vehicles, it will be available at home all the
time and participating in the electricity market based on the prosumer’s willingness.
Figure 8.13 shows the SOC profile of BESSs, and Figure 8.14 shows the SOC profile
of an electric vehicle during its available time at home. Energy storage devices have
charged when the MCP is less than its bid price and discharged when MCP is greater
than its offer price. Figure 8.15 shows the desired SOC level of prosumer EVs and
SOC level at departure times. Based on prosumer’s preferences, the SOC level at
departure time has a slight variation with the desired level of SOC. The difference
is around 5% which can be negligible. Figure 8.16 shows the temperature variation
of HVAC at one of the prosumers who participated in the local energy market. The
minimum and maximum temperature limits are 70° and 84°. As seen from Figure
8.16, whenever MCP is less than the bid price of HVAC, the cooling set point reduces
than the current room temperature to take advantage of the low market prices. The
current temperature is assumed to be the same for all time slots just to show the
variation of adjusted temperature in accordance with the prices.
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Figure 8.16 Operation of single HVAC transactive agent

8.8 Future works

In future studies, the linearization or convexification of ACOPF network constraints
can be included in the model to ensure the global optimum. The developed model
can be extended to include the other non-base loads of the prosumers. A decentral-
ized optimization based market-clearing can be used to analyze the extension of the
developed model.

8.9 Conclusion

This chapter analyzes two models for demand response programs based on the Time
of Use price method. These models are compatible with all types of users with any
level of flexibility. DR programs are applied only on the demand side to optimize the
energy consumption in the network. Due to the shifting of the majority of loads from
the peak period to the off-peak period in time-of-use price-based DR, the rebound
effect may occur, which can be reduced by using real-time prices.

TE is the generalized form of price-based demand response which manages and
controls the rate of generation in both grid side and demand sides. This chapter
studies the scheduling of Prosumer’s controllable appliance based on the TE concept.
TE concept is two-way communication of data and energy. With more DERs at the
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distribution level, there is bidirectional power flow in the network. In this study,
Prosumer is assumed to be equipped with HVAC, energy storage devices, and PV.
The market is cleared based on the bids and offers from prosumers. Prosumers and
the market operators can both benefit from the distribution market. The developed
model is scalable, and it can be applied to the market with any number of participants.
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Chapter 9

Industrial demand response opportunities with
residential appliances in smart grids

Anam Malik! and Jayashri Ravishankar!

Supply-demand balance is imperative for the reliability of the power system. Inability
to maintain this balance results in frequency deviation and system failure. The recent
integration of renewable energy sources such as wind and solar have reduced inertia
and variable output which leaves the power system at risk of disturbance while also
reducing the controllability of generators. However, the latter-day demand response
is coming across as an economical and effective way of adding to the reliability
and security of power systems by managing the electricity demand of customers at
times of severe power imbalance. This chapter carries out a detailed literature review
of centralized and decentralized demand control approaches. As well as presents a
novel demand control approach for providing frequency regulation by using domestic
refrigerators as control loads. This chapter also carries out a detailed study of large-
scale appliance level interval meter consumption data from Australia’s largest network
provider Ausgrid. Appliance level data is used in combination with household-level
data to study the contribution of air-conditioners in summer peak demand. Clustering
is performed on air-conditioner data to identify various air-conditioner load profile
patterns. These patterns are then used with demand control strategies to study the
possible load reductions from residential air-conditioner control across the Australian
State of New South Wales.

Nomenclature

Symbols

T_therm Thermostat temperature

T_comp Compressor temperature

Total_Power Total power being consumed by refrigerators in utility

Total_Power_CoHEM Total power being consumed by refrigerators in a
particular CoHEM

P_comp Compressor power of refrigerators

ISchool of Electrical Engineering and Telecommunications, The University of New South Wales (UNSW),
Sydney, Australia
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f_ref Nominal frequency of power system
f Frequency of power system
M Scaling parameter
load_o Total number of ON refrigerator units at the
previous iteration
df Frequency error
load_c New number of refrigerator units that need to be ON/OFF
Total_Units_OFF Total number of OFF refrigerators in all three CoHEMs
New_load New refrigerator load
Control_Total Number of refrigerator units whose compressor cycle

needs to be manipulated

9.1 Introduction

Proper functioning of the power system relies on maintaining continuous supply-
demand balance. Supply-demand imbalance results in frequency deviation from the
nominal value that may result in power system failure. Therefore, reducing power
mismatch in real-time is critical for the best operation of power system. However,
maintaining power balance always is not easy as many unforeseen circumstances such
as distribution and transmission line outages, frequent changes in customer demand,
generation outages etc., may occur [1].

Historically, automatic generation control (AGC) is used for maintaining supply-
demand balance. AGC works on the principal that supply always follows demand.
Output from multiple generators is manipulated such that supply-demand balance is
maintained. However, the recent penetration of renewable energy sources in power
systems has rendered AGC insufficient. Renewable energy sources such as wind and
solar have reduced inertia and variable output which leaves the power system at risk
to disturbance while also reducing the controllability of generators. Fifty per cent
penetration of renewables in the power system reduces system inertia to half of its
nominal value [2].

Literature in past has mentioned studies where AGC is able to maintain frequency
within a narrow offset without renewables. However, with the penetration of 50%
renewables in the power systems AGC alone failed to maintain frequency within
desired limits [2].

To rely on AGC alone for frequency regulation in power systems with renewables,
there will be a need to spend considerable additional cost on generators that offer
responsive services at times of frequency deviation, resulting in huge economic burden
and inefficiency of resources [3].

9.2 Demand peaks

The residential sector accounts for 30-40% of total energy consumption worldwide
[4]. In the past few years, residential demand has been seen as a major contributor to



Industrial DR opportunities with residential appliances in smart grids 189

electricity demand peaks recording as high as 45% in the UK [5] and more than 50%
in South Australia [6] and New Zealand [7].

Electricity demand peaks occur when many customers coincidentally turn their
heating or cooling devices on, on hot summer or cold winter days. These peaks are
infrequent; however, the network businesses need to invest in additional generators
and upgrade their network to meet such infrequent peak demand requirements [4].
A study of the load duration curve for South Australia reveals that demand equals or
exceeds 60% of maximum demand for only 10% of the time [6].

Another study reveals that the zone substation of the Sydney region in NSW serves
the top 10% of peak demand for only 0.5% of the times [8]. The recent increase in
electricity prices in Australia has been attributed to the increase in network invest-
ment to meet peak demands. Such expenditures have resulted in a 50% increase in
residential electricity bills in Australia [9].

9.3 Demand response

In the latter day, demand response (DR) is coming across as an economical way of
complementing AGC. DR adds to the reliability and security of power systems by
managing the electricity demand of customers at times of severe power imbalance.
DR manipulates customer loads and maintains an even load profile while avoiding
the need for network augmentation and huge investment in generators [10].

DR is believed to offer added benefits over AGC some of which are reduced
response times, pollution free, economically viable, widely spread in distribution
network, etc. [11].

It has been reported in a study [10] that with just 10% of consumers participating
in the DR, great peak reductions of about 5.6% can be achieved. If 25% of consumers
are active, the network losses reduce by 2.6%.

Itis believed that just a 5% cut in electricity demand could have reduced electricity
prices by one-half during the extreme electricity crisis seen by California in the years
2000-01. The reason being generation price considerably rises when generators run
close to their maximum generating capacity. Therefore, curtailing customer demand
during these severe electricity peaks can save generation costs resulting in reduced
electricity bills for customers [1].

9.4 Thermostatically controlled loads (TCLS)

Thermostatically controlled customer appliances such as air-conditioners (aircons),
fridges, freezers, and electric water heaters have large thermal inertia and show great
demand response potential. Their large thermal inertia allows a delay in the appliance
on and off operation for short time periods without affecting their function ability and
customer comfort, therefore, making them suitable candidates for DR [12].
Considerable literature in past has confirmed the DR capability of TCLs. An
experiment performed on 25 refrigerators confirmed their potential for secondary
frequency control [13]. In another work [14], peak demand hours were saved in the
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memory of the fridge. During the peak hours, the fridge would turn off operation.
However, the devised strategy failed to cater for demand peaks outside the hours set
in fridge memory.

Some studies relied on centralized DR for TCLs. In a centralized DR approach a
central, controller device communicates with all connected devices, signalling them
to turn their operation ON or OFF. In [15], a centralized DR strategy was proposed
where electric water heaters were used as control loads and were turned ON or OFF
with the aim of eliminating frequency offset. Simulations were carried out both with
and without wind generation. The simulation results verified the success of central-
ized DR approach with electric water heaters in eliminating frequency error. However,
coincident signals sent out to all devices to turn ON or OFF at the same time resulted
in the phenomena of synchronization, where the duty cycles of all devices sync up
resulting in severe oscillations that can lead to power system failure. The centralized
control approach reduces the chances of error but at the same time it has the disad-
vantage of increasing complexity of data processing tasks as well as communication
cost on utility as a single controller device is responsible for communicating to all
connected devices [16].

Much of the work considers decentralized DR strategies which rely on more than
one centralized controller. The strategy involves deploying frequency measurement
units in every household that continuously compare nominal frequency to real-time
frequency. Any frequency deviation outside a narrow band of nominal frequency
sends a signal to the connected household device to start or seize operation for a
short time. Work in [17] suggested a stochastic decentralized approach for manip-
ulating the operation of several TCLs for maintaining frequency close to nominal
frequency. However, the study failed to control switching events of TCLs within a
given time resulting in the possibility of TCLs to switch multiple times in a short time
interval. Another decentralized demand control technique was suggested in [18]. Sim-
ulation results carried out on 1,000 HVAC units confirmed the performance of the
proposed strategy in regulating frequency. Unlike a single controller in centralized
control approach the presence of multiple frequency measurement units reduces the
communication cost as well as data processing burden on the utility. However, the
decentralized control approach has drawbacks like inaccurate measurements from
frequency measurement units as well as the additional cost associated with installing
these units in every household [16].

Few studies [19-22] introduced a hybrid control approach using aggregators
as links between utility and customers. The aggregators negotiate incentives with
customers for responding to signals by manipulating their device operations. In turn,
the utility pays the aggregator for managing the supply—demand balance. However,
the hybrid approach involved complex data processing and resulted in reduced profits
for utilities as now they had to pay aggregators for executing frequency regulation for
them. Table 9.1 summarizes the limitations of centralized, decentralized, and hybrid
control techniques [23].

Considering the limitations highlighted in Table 9.1 a hybrid architecture is pro-
posed in a case study that is expected to exploit the benefits of both centralized and
decentralized demand control strategies without hampering utility profits [24].
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Table 9.1 Limitations of centralized, decentralized and hybrid control techniques

23]
Centralized control Decentralized control Hybrid control
approach approach approach
High cost associated with Local measurement of Involves three different tiers
maintaining secure two-way frequency signal with (utility, aggregator, and
communication network. accuracy is difficult. customers) resulting in complex
Huge processing burden on  Frequency measurement data processing tasks that
centralized controller. units are expensive to are difficult to evaluate.

be installed in every house.

Feasible only with Reduced utility profits.

limited number of
control loads.

9.5 Case study 1: hybrid control approach for frequency
regulation

Refrigerators are TCLs that have previously been used for DR. In [3], refrigerators
were used as control loads for frequency regulation. Simulation results confirmed
that refrigerators could provide ancillary services like spinning reserves.

9.5.1 Refrigerator modelling

Refrigerators are cooling devices that operate by maintaining compartment temper-
ature (T_comp) within a nominal value of the thermostat temperature (7'_therm)
decided by the end-user. Figure 9.1 shows the operation of a refrigerator [24]. The
refrigerator thermostat is set at 5°C and has an offset of 2°C which implies that the
refrigerator compartment temperature should stay between 3°C and 7°C. Maintaining
compartment temperature within these limits is critical for the safety of food inside
the fridge.

To utilize refrigerators as control loads for DR, additional refrigerator states have
been added to the conventional ON and OFF states. Table 9.2 explains the condition
for each refrigerator state as well as the availability of the refrigerators for load
manipulation in each state.

The new added critical states prevent the sudden ON and OFF operation in refrig-
erators. Without critical states, if for example the compartment temperature hit 7°C
and the compressor just turned ON, on receiving an OFF signal it will turn OFF
and then immediately turn back ON to keep the temperature within limits. The crit-
ical states help avoid these sudden ON, OFF in refrigerators in turn adding to the
robustness of the controller.
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Figure 9.1 Compressor cycle and refrigerator states [24]

Table 9.2 Conditions for each refrigerator state and refrigerator availability for
load manipulation

State Condition for each state Availability for
load manipulation
State 0, OFF T_comp > T_therm & compressor = OFF Compressor is available to
be switched ON.
State 1, ON T_comp <T_therm & compressor = ON Compressor is available
to be switched OFF.
State 2, T_comp <T_therm & compressor = OFF NOT available for
Critical Load load manipulation.
OFF (CL-OFF)
State 3, T_comp > T_therm & compressor = ON NOT available
Critical Load for load manipulation.
ON (CL-ON)

9.5.2 DR controller description

DR at the customer level will require home energy management systems (HEMs) to
be deployed in local households. HEMs are screens installed in households capable
of measuring the energy consumption of customers in given time periods [25]. It will
act as a link between utility and customers and will assist in load scheduling. Studies
in [26,27] have verified the ability of HEMs in scheduling customer loads at times
of low electricity price, therefore benefiting the customers. However, HEMs may
cause volatility in demand and result in rebound peaks. Rebound peaks occur when
many customers schedule loads at times of low electricity price resulting in a new
peak demand at those times. This problem can be solved by using a cooperative home
energy management system (CoHEM) that will communicate with the utility and will
coordinate the operation of many HEMs with the aim of avoiding new peaks as well
as down-turning utility revenues.

This study introduces a hybrid architecture where CoHEMs will be installed at
distribution transformers and each CoHEM will be able to communicate only with
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Figure 9.2 Recommended architecture with CoHEMs acting as link between utility
and end-users [24]

HEMSs connected to that distribution transformer [24]. Figure 9.2 shows the hybrid
architecture of utility, COHEMs, and HEMs.

Refrigerators are the control loads used for frequency regulation in this study.
Refrigerators will continuously update HEM of their compartment temperature.
HEM will use the refrigerator thermostat, offset, and compartment temperature to
compute refrigerator state as given in Table 9.2. It will then forward the refrigera-
tor state to CoHEM. On receiving refrigerator states from all HEMs connected to
it, it will calculate the total power being consumed by refrigerators as shown in
Figure 9.3. Each CoHEM will send their calculated total refrigerator load to the util-
ity (Total_Power_CoHEM). On receiving the values from each CoHEM utility will
calculate the total refrigerator load (Total_Power):

Total_Power = (Total_Power_CoHEMI1) + (Total_Power_CoHEM?2)
+ (Total_Power_CoHEM3) 9.1)

The utility continuously measures system frequency (/) and compares it against
nominal frequency (f_ref). A deviation (df =f — f_ref) of £0.05 Hz from nominal
frequency is acceptable. Table 9.3 lists the various actions that need to be taken in
case of frequency deviation.

In the event where system frequency is not within acceptable bounds, the utility
will use Hill-Climbing Method to calculate the total number of refrigerators whose
compressor operation needs to be manipulated to regulate frequency.

9.5.3 HillClimbing method

Hill-Climbing method uses a constant scaling factor ‘M’ that is used to curtail fre-
quency error [15]. The number of refrigerator units required to be in ON state (load_c)
is then calculated using the number of refrigerators at the previous iteration (load_o)
and df. Load_c will be greater than load_o in case of df>0 suggesting that additional
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Figure 9.3  Steps required for calculating total refrigerator load at CoHEM

Table 9.3 Control action required based on frequency deviation value

Frequency deviation value Action required

If abs|df] < 0.05 No action required.

If abs|df] > 0.05 and df <0 Additional refrigerators need to be turned OFF
to regulate frequency.

If abs|df] > 0.05 and df > 0 Additional refrigerators need to be turned ON

to regulate frequency.

refrigerator units need to be turned ON. Load_c has to be greater than zero. However,
it cannot be greater than the total number of refrigerators available to be turned ON:

Total available units to be turned ON = load_o + Total_Units_OFF 9.2)

New_load can be calculated by multiplying load_c with refrigerator compressor
power (P_comp). Also, Control_Total gives the total number of refrigerator units
whose compressor operation needs to be manipulated. Figure 9.4 outlines all the
steps involved in Hill Climbing method [24].

Once the Control_Total is computed, signals will be sent by the utility in a round-
robin approach. The control signal will first be sent to COHEM 1. In case where
CoHEM 1 has a smaller number of refrigerators than that computed by the utility
for manipulation, the control signal will be sent to COHEM 2 and then to CoHEM
3 if required. Control signals will be sent out until the frequency is regulated within
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Figure 9.4 Hill Climbing method [24]

limits. Round robin approach ensures that the same CoHEM is not selected every
time for frequency regulation.

9.5.4 System description

A power system with both wind and diesel generation is considered in Simulink
for analysis. Twenty-four refrigerators each with P_comp of 100 W are considered.
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Figure 9.5 Configuration of proposed system [15]
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The refrigerators are treated as control loads, whereas all other loads are fixed loads
and do not alter their operation in case of frequency deviation outside nominal value.
The system configuration is shown in Figure 9.5 and is a modified system from [15].
The latter only considered a conventional power system with the diesel engine only.

9.5.5 Simulation results
A fixed load of 6,800 W is considered for simulations. The control load is 2,400 W.
Control load = Total number of refrigerators * P_comp 9.3)

Control load =24 * 100 = 2,400 W

Four different scenarios are considered to compare the performance of the system
with and without DR. Two cases are considered where the wind speed is dropped
resulting in reduced wind energy. In the other two cases, the fixed load is varied.
Table 9.4 discusses the four different scenarios and compares frequency regulation
results with only AGC and with both AGC and DR.

9.5.6 Discussion

Simulation results validate the superior performance of control cases over non-control
cases in all four scenarios. It is evident from Table 9.4 that AGC alone is insufficient



Table 9.4

Frequency regulation performance comparison between the controller and non-controller cases under four different
scenarios

Scenarios Control load
without controller

(AGC alone)

Frequency regulation
with the proposed
controller (AGC + DR)

Frequency regulation
manipulation

Scenario 1
(Figure 9.6)

Scenario 2
(Figure 9.7)

Scenario 3
(Figure 9.8)

Scenario 4
(Figure 9.9)

Wind speed reduced
from 9.5 to 8 m/s
resulting in wind
power reduction

of 1,300 W.

Wind speed reduced
from 9 to 7.5 m/s
resulting in wind
power reduction

of 1,500 W.

Load changed from
6,200 W to 6,800 W
at 15 s for 1.5 s and
reduced afterward to
6,500 W for the rest
of the simulation.
Wind power fixed

at 1,700 W.

Load changed from
6,800 W to 7,700 W
at 15 s. Wind power
fixed at 2,500 W.

Frequency falls below
49.6 Hz and oscillates
around that point.
df>0.05 Hz

At 20 s: frequency
dropped to 45.5 Hz.
At 24 s: frequency
dropped to 37 Hz.

Without the controller
frequency was
regulated in 3 s.

The frequency
mismatch was 0.3 Hz.

AGC alone was unable

to regulate frequency.

Frequency restored in 1.5 s
within a narrow dead band
0f 49.5-50.5 Hz.

At 20 s: frequency dropped
to 48.7 Hz.

At 24 s: frequency
dropped to 47.5Hz.

With the controller
frequency was regulated in
a little over 1 s.

The frequency mismatch
was 0.3 Hz same as df in
no controller case.
Frequency regulated
within acceptable
bounds in 1.5 s.

Refrigerator load dropped from 1,100 W to
100 W by controller to regulate frequency.

Refrigerator load dropped from 1,500 W to
100 W by controller to regulate frequency.

Refrigerator load dropped from 1,800 W to

300 W by the controller to regulate frequency.

Refrigerator load dropped from 1,600 W to
100 W by controller to regulate frequency.
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Figure 9.6  System frequency graph for no control and controller case under
Scenario 1 [24]

in regulating frequency in a renewable-rich power system. However, AGC and DR
together are better able to regulate frequency. In Scenario 2 both controller and non-
controller cases were unable to maintain frequency within acceptable limits after
a drop in wind energy. Even so the controller was able to restrict frequency drop
to 47.5 Hz compared to the 37 Hz without the controller. In scenarios where both
controller and non-controller cases were able to regulate frequency, the controller
showed improved performance by regulating frequency in shorter time periods.

The proposed hybrid architecture is also believed to exploit the benefits of all
three centralized, decentralized and hybrid controllers. Unlike centralized controller,
the presence of multiple controllers (CoHEMs) reduces the computational burden
on utility. Similarly, the proposed architecture offers advantages over decentralized
controllers by using CoHEMs to coordinate the operation of HEMs avoiding rebound
peaks. The suggested architecture is similar in concept to hybrid control systems where
aggregators act as a link between utility and customers. However, with CoHEMs
instead of aggregators the utility does not need to downturn its revenues by paying
aggregators to carry out DR services on their behalf.

This case study highlights the effectiveness of TCL in regulating frequency. A
clear understanding of key drivers of demand peak can help devise DR strategies for
reducing power mismatch and hence the need for frequency regulation.
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9.6 Case study 2: appliance level data analysis of summer
demand reduction potential from residential aircons

Aircons and electric water heaters have been identified as major contributors to peak
demand in many jurisdictions on extreme weather days. Such extreme weather days
in Australia pose risk of blackouts due to extremely high customer demand as well as
high stress on the electricity network [28].

The true cost of aircons in Australia is identified in [29] where it is said that a
$1,500 aircon can impose a cost of $7000 on electricity industry when adding to peak
demand.

Many research studies have confirmed the DR capabilities of aircons and elec-
tric water heaters during extreme demand periods. However, much of the studies to
date rely on interval metered household consumption data to estimate the contribu-
tion of aircons and electric water heaters to peak demand. Where aggregated data is
successful in identifying demand peak times it fails to highlight the key appliances
contributing to peak demand in those times. Appliance level interval metered data is
much more valuable in studying the contribution of multiple household appliances to
peak demand. However, very few of such data sets are available, and consumption is
of course very context-specific.
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Figure 9.10 Normalized demand of customers in SGSC house level data with and
without aircon [32]

In Australia, the Smart Grid Smart City (SGSC) project carried out by the Aus-
grid distribution business has unlocked a great opportunity by providing half-hourly
interval metered household data as well as appliance level data for a relatively larger
sample of households in NSW, Australia. This dataset can be used for studying the
actual contribution of various household appliances to peak demand.

SGSC data has previously been used in [30,31]. In [30] SGSC household interval
metered data was used along with survey information to find the key peak demand
contributors. Data analysis and modelling techniques suggested aircon ownership,
number of household members, swimming pool and dryer ownership as being the
major contributors to peak demand. Another work in [31] studied SGSC household
interval metered data along with local weather forecast to identify aircon existence,
energy consumption patterns and peak demand. However, household level data,
survey results and weather forecasts are not very accurate in identifying particu-
lar appliance usage in peak demand as the appliance usage maybe correlated with
other factors in the study. Therefore, the proper understanding of appliance level data
is required.

This study is one of the first studies that used SGSC appliance level data to
study aircon usage during summer peak demand times. The SGSC data in its original
form was unworkable with problems like missing entries, unsynchronized data, and
duplicate entries. Several steps were taken to treat the data. A data availability rate (a
measure of how many of the total time periods being analysed were missing data) was
calculated for the treated data. A smaller data availability rate suggests more missing
data entries whereas a higher rate suggests high data quality. A data availability rate of
75% was chosen for the analysis. At this data availability rate, there were 127 unique
customers and 64 aircons [32].
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overall state summer peak, 20 December 2013 [32]

9.6.1 Summer peak demand analysis

Household consumption data was separated for customers with and without aircon
ownership using SGSC household metered data along with survey results. Normalized
demand of customers with and without aircons is shown in Figure 9.10 for a full year
[32].

It is evident from Figure 9.10 that customers with aircon showed higher demand
in summers. The demand for customers with aircon ownership peaked in December
owing to extreme weather in Australia. The highest demand occurred on 20 December
2013 which was an extremely hot day. Average consumption of various household
appliances was also studied over the peak period as shown in Figure 9.11 [32].

Aircon contribution is by far the highest during the state demand peak of
December 2013 contributing over 80% more than other appliances.

To further build up analysis aircon consumption, appliance level and household
level data are studied in Figure 9.12 [32]. The highest summer peak is highlighted and
zoomed in to show the contribution of aircon load in appliance level and household
peak demand. It is apparent that aircon load makes up most of the load in appliance
level data and is a key contributor to household-level demand.

9.6.2 DR opportunities with aircons

A study of individual aircon loads averaged over three summer state peak days is
shown in Figure 9.13 [32]. Aircon usage is distributed throughout with each aircon
displaying varied usage patterns. For identifying the DR potential of aircons at peak
times, it is important to first categorize aircons based on their usage patterns. K-means
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clustering is performed and aircons are categorized in six different clusters as shown
in Figure 9.14 [32].

Aircons in clusters 1 and 4 do not show much load contribution at times of NSW
state demand peak. Whereas aircons in clusters 2, 3, and 5 (58% of aircons) contribute
significantly towards peak demand and show great DR potential. Aircons in cluster 6
are not operating at times of peak demand.

The combined operating power of aircons in clusters 2, 3 and 5 calculated over
peak times over three summer peak days from the NSW state load for the year 2013—14
1s4.508 kW. A study conducted in [33] shows that increasing aircon thermostat by 1°C
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Figure 9.13  Individual household aircon consumption profile, averaged over the
three highest summer state peak days [32]

during a DR event that lasts two hours can result in a 25% power reduction. Assuming
similar responses, this case study will carry out the possible demand reductions by
using 58% aircons for DR.

Increasing thermostat of 58% aircons by 1°C will result in a new operating power.

New operating power = combined operating power *x 0.75 = 3.381 kW (9.4)

A survey conducted in (Ausgrid, 2015) on NSW aircon ownership rate suggests
aircon ownership of roughly 1.66 million households in NSW. Upscaling share of
clusters by number of households with aircon we estimate 967,000 aircons (58%) can
be used for DR.

Power reduction = (combined operating power — new operating power)
% 967,000 9.5)

Power reduction = (4.508-3.381) * 967,000 = 1.09 MW
Thermostat increase by just 1°C for residential aircons in NSW can help achieve
peak demand reduction of over 1 MW.

9.7 Conclusion

This chapter has endeavoured to improve our understanding of the limitations of
current frequency regulation strategies as well as peak demand studies. To overcome
these limitations, several steps have been introduced to devise a novel frequency
regulation strategy that does not suffer from previous problems. Also, a detailed
study is carried out for appliance contribution to demand peaks and possible DR
scenarios for peak reduction at the state level.
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Figure 9.14  Clusters of aircon energy consumption profiles over the three highest
summer state peak days. The black broken line shows the average
normalized energy consumption of aircons in a cluster and the
magenta bar shows the NSW state peak demand times [32].

The dataset undertaken for case study 2 is geographically limited. The aircon
usage patterns as well as contribution to peak demand may vary in other NSW regions
particularly where temperatures are more extreme. Also, the dataset from households
across a larger geographical area would improve the quality of analysis and enhance
understanding of aircons as key contributors to peak demand. Despite the limitations
of this case study, and while the power reductions are just estimates the methods
introduced are of greater potential relevance. It is hoped that this study will contribute
to the work of utilities and DR service providers.
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Chapter 10

Modelling and optimal scheduling of
flexibility in energy-intensive industry

Roman Cantu! , Emilio José Palacios-Garcia! ,

and Geert Deconinck!

10.1 Introduction

Current environmental trends such as the rapid penetration of renewable energy
resources (RES) and decommissioning of controllable but polluting generators are
putting stress on the reliable operation of electricity systems. This reduction of flex-
ibility and the increase in volatility in the supply-side call for compensation from
other sources in the grid. Although the development of energy storage systems (ESS)
is creating an opportunity to relax the energy balance constraints in the grid, it is
currently not sufficient to solve the constantly growing need for flexibility [1].

Many researchers identify demand-side flexibility as a feasible approach to tackle
this problem [2]. Therefore, it has been under research for some years already. How-
ever, most studies focus on commercial and residential consumers only [3,4]. Even
though these sectors are usually less constrained than the industrial sector, which
boosts their capacity to shift or curtail their demand, industry accounts for approxi-
mately 42% of the worldwide electricity consumption [5]. Hence, the industry shows
flexibility potential that could be aggregated with other consumers’ to provide greater
grid balancing capacities.

Multiple constraints bound the ability to alter production plans in industrial facili-
ties from technological, economic, or practical perspectives. While power generation
facilities comprise a single or only a few processes, industrial production usually
compounds several interdependent processes [6,7]. Such inter-dependencies appear
as shared input or output resources [8], sequential structures in the production line [9],
mutually exclusivity, etc. Following this line, some actions in industrial plants provide
flexibility that results in a feasible increment or decrement of local energy consump-
tion, i.e., adjustments in production line order, machine re-assignments, worker shifts,
rescheduling of processes, capacity investments, among others.

Furthermore, an industrial energy consumer does not concentrate its optimisation
efforts on its energy consumption [1,10]. Energy has been historically perceived
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rather as a resource that is constantly available at a fixed price. These industrial
consumers prefer to focus on profit maximisation, which depends more strongly on
bottlenecks and idle times in their production processes. However, this focus is slowly
changing due to the current trends in energy systems and the global objectives towards
decarbonising human activities, simultaneously increasing the importance of energy
use in production planning and scheduling.

Various authors have proposed approaches to model and schedule industrial
demand-side flexibility. Their models are a basis for an inclusive modelling methodol-
ogy which combines all the relevant characteristics and remains simple but applicable
across energy-intensive industrial sectors.

This chapter exposes the need for an industrial flexibility model and its require-
ments by identifying characteristics from contemporary grid balancing approaches.
Section 10.2 gives an introduction of the need for flexibility and provides a com-
parison between the flexibility of diverse sectors of players in the electricity system.
Considering the differences between other flexible resources and industrial loads,
Section 10.3 reviews characteristics and existing formulations that should be part
of an industrial energy system model. Once identified, these characteristics give the
foundations for a high-level modelling framework for an energy-aware production
planning formulation, whose description is included in Section 10.4. Finally, a case
study in Section 10.5 exemplifies the use of the framework in a production line, where
the flexible operation of the system results in economic benefits by performing a two-
step sequential scheduling. This is on the day-ahead and intraday markets (DAM and
IDM, respectively).

10.2 Understanding flexibility across electricity
consumer sectors

Historically, flexibility has been sourced from the supply-side, considering the
demand profiles as variable signals that require to be predicted and matched by
the total available generation while keeping some capacity to cover for forecast-
ing errors. On the supply side, flexibility from conventional generators is evident
since their technological constraints are enough to know the upwards and down-
wards limitations. Furthermore, power plants produce and sell electricity to consumers
intending to maximise their profit. In contrast, system users on the demand-side only
perceive electricity as a utility required to fulfil some specific tasks, usually with-
out considering its price variation [10] and only focusing on their primary business
objective.

Demand-side management (DSM) comprises a set of practices to plan, imple-
ment and monitor energy-consuming activities to shape the consumption pattern as
desired [11]. These practices include but are not limited to energy efficiency policies,
demand response (DR) programs and on-site backup generation strategies. Multiple
authors identify industrial DSM as one of the most cost-effective practices to cope with
the flexibility requirement of current electricity systems [2]. This observation results
from the intensive power consumption in this sector, their already available monitoring
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and control systems, the currently low participation of this type of consumers in
balancing services and the increasing economic incentives for ancillary services
providers [9].

DR is the most relevant DSM practice to tackle potential imbalances in the
grid. It encloses actions that influence the magnitude and timing of a load’s power
consumption to balance supply and demand in the electricity system. The trigger for
these measures is incentives such as time-varying electricity prices (price-based) or
direct load control from the system operators after capacity contracting (incentive-
based) [12—-14]. Hence, DR programmes often bring external incentives to exploit the
energy flexibility in the consumers’ premises.

Both price- and incentive-based DR can be implemented in all electricity markets,
depending on the type of consumer. For large commercial and industrial consumers,
the DR signals come from wholesale electricity markets such as spot markets, ancil-
lary services markets and capacity markets [15,16]. In contrast, small consumers
receive stimuli to participate via Real Time Pricing (RTP), Time of Use (TOU) or
Critical Peak Pricing (CPP) mechanisms since they are often subject to retail markets
through an electricity supplier.

Recent studies explore the application of DR programs to tackle the flexibility
needs in the grid. However, most of these studies focus on the residential and com-
mercial sectors and ignore the high potential of the industrial sector, which is studied
by only a few works [3,17]. However, the electricity consumption in the industrial
sector accounted for approximately 42% of the total world’s consumption and 37%
of the European’s consumption (EU-28) in 2018 [5]. As a large consumer, this sector
has an inherent responsibility to participate in stability and reliability measures for
the electricity system.

In addition to the fewer constraints in commercial and residential loads, DR stud-
ies in such sectors have been enabled by features such as the high energy intensity of
heating, ventilation, air conditioning, and refrigeration technologies and their associ-
ated thermal inertia. Additionally, controllable appliances provide a high load shifting
potential since most of their operations are not tightly time-constrained (e.g., washing
machines, dishwashers, drying machines, electric vehicles, etc.) [18].

Energy flexibility in industrial contexts is more complex to quantify and operate
since several factors influence its potential, which can be internally and exter-
nally bounded by technological, practical, and economic limitations as depicted in
Figure 10.1. Furthermore, some of the feasible commercial flexibility might not com-
ply with the requirements of the power system, which shrinks the consumer potential
to participate in balancing markets.

Industrial processes usually comprise sub-processes that transform raw materi-
als into final products or take part in this transformation as an intermediate step.
Moreover, many of these processes and sub-processes are interdependent, which fur-
ther shrinks their combined feasible operational region [6,7]. These links between
processes often appear as shared resources between multiple processes such in the
case of successive processing stages where the output of a process is the input of
the next one [9]. Thus, efficient and effective scheduling of industrial loads requires
consideration of all these interactions.



212 Industrial DR: methods, best practices, case studies, and applications

Plant
theoretical
potential

Available
power

Available
loads

Technological
potential

Process Qualit Plant_
specifications contro specifications

Revenue X Agreements
Commercial

potential

Economic

i e i Practical
potential Investments [ ) shift work .
Balancing —— __potenllal
markets =

Cost potential Regulations

Transmission lines capacities Reliability

Activation speed Ramp rates requirements

Activation holding time

Grid

constraints

Figure 10.1 Industrial flexibility potential domains and influencing factors binding
its feasible commercial capacity. Adapted and translated from [19].

10.3 Basis for an industrial flexibility model

Model is a term used for a mathematical structure that aims to reproduce the char-
acteristics of a system. It should be accurate but simple enough to enable its use
in practical applications [12]. Thanks to models, some dynamics, relationships, and
behaviours of a system can be studied, explained, and optimised. The quality of the
results from using a model will depend on the model’s accuracy to reproduce real-
world characteristics and its applicability on different systems. According to Maher
and Williams [20], there are multiple types of models: mathematical programming,
simulation, network planning, econometric, and time series models. We aim to build
a mathematical programming model that enables operation and design optimisation
of energy-flexible industries. In this regard, the size of the feasible solution space, the
optimality of the results and the simplicity of the solution algorithm depend on the
formulation selected [21].

A useful industrial flexibility model results from the analysis of characteristics
describing: grid requirements, operation of supply-side flexibility (which has been
extensively studied) and models describing the demand-side flexibility in other sec-
tors (i.e., commercial and residential). This analysis is crucial to ensure compatibility
between diverse sources and to foster the integration of industrial demand-side flex-
ibility into balancing mechanisms. In this section, the characteristics reviewed target
formulations of demand in electricity systems with an emphasis on those that allow
for flexible consumption decisions. The first appearances of such characteristics in the
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text are emphasised with a bold font. At the end of this section, Table 10.2 describes
these characteristics to clarify what these features represent in a system.

10.3.1 European grid balancing services

The definition of products’ bids in balancing markets can be used as a starting point
to build an industrial flexibility model since this is one of the mechanisms in which
flexibility generates value from both perspectives: the grid system operator’s and
the industrial consumer’s. Aspects related to the amount of power, reaction times,
holding duration and transition times are part of the parameters that define the flexi-
bility capacity according to European reserve markets, which is expected to enter in
operation in the near future. Note that the reserves mechanisms described in this sec-
tion tackle transactions between transmission system operators (TSOs) at a European
level. These mechanisms aim to enhance the cooperation between TSOs in charge
of different control blocks to improve the reliability of the coupled European grid.
However, they still help understand the characteristics required in an electricity flex-
ibility mechanism because traded products will comprise a portfolio of previously
procured (by TSOs) downstream flexible loads and generators. Figure 10.2 depicts
the relevant aspects in a generic graph of a flexibility source. Most of the parameters
shown here have restrictions according to the reserve market as stated by the European
Network of Transmission System Operators for Electricity (ENTSO-E). In this fig-
ure, the quantity (vertical) axis measures the power deviation offered by the balancing
service provider (BSP). All the loads and generators in the system must be in a BSP
portfolio. BSP are responsible for the imbalance caused by their portfolios after gate
closure of the DAM and IDM. Thus, the TSO charges or pays a BSP according to its

-
A: Minimum quantity C: Minimum delivery period E: Preparation period G: Full activation time

B: Maximum quantity D: Maximum delivery period  F: Ramping period H: Deactivation period
p .y

A
Quantity
-

. . 7. o o .. a
£ A
’ £
! a
£ ]
& A
® 4
4 \
ri A
‘ y
’ A
’ A
A ’ A
’ Al
‘ \
& ]
’ \
£ A
’
v 1] S z 3 >
Time
< > > < > < >
< >< >

Figure 10.2  Visual representation of characteristics of energy products in reserves
markets [22]
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position after delivery. This position is a balance that considers the DAM and IDM
commitments and the physical production/consumption measured after delivery.

Before going into the details of each characteristic, it is worthwhile introduc-
ing the various reserves markets here. All markets have multiple names, according
to the country where they operate. First, the frequency containment reserve (FCR),
also known as primary reserves or R1, is the first measure against imbalances in
the grid. FCR’s objective, as its name implies, is to contain any frequency changes
via activation of fast flexibility sources to prevent any further drops or rises in the
frequency. These sources are activated automatically in the synchronous area by con-
trollers implemented in the FCR-contracted generators or loads in a decentralised
manner. Second, there are the automatic frequency restoration reserves (aFRR), also
known as secondary reserves or R2. Once the frequency is stable thanks to the FCR,
the aFRR comes into play to drive the frequency back to its correct value (50 Hz
in Europe) employing automatic controllers. Third, the manual frequency restora-
tion reserves (MFRR), also known as tertiary reserves or R3, operate in combination
with the aFRR with the same objective. Both aFRR and mFRR are activated locally
(where the imbalance occurred) by the TSO within the load frequency control area
(LFC area). There is a difference in full activation time (FAT) between these last
two types of reserves. Thus, the aFRR is activated automatically first but, minutes
afterwards, the TSO manually activates some reserves from the mFRR contributing
to the imbalance correction within the LFC area and releasing some of the capacity
used from the aFRR. Lastly, some TSOs use replacement reserves (RR) to release
the capacity of both of the frequency restoration reserves, making them available
again for future imbalances. At the end of this section, Table 10.1 summarises the
constraints in the TSO-TSO reserves markets in Central Europe.

The first parameter to address is the reserved quantity which has minimum and
maximum limits. These limits apply in FCR and aFRR, where the minimum is 1
MW for both and the maximum 25 MW (for each indivisible bid) and 9,999 MW,
respectively. These minimum and maximum requirements in different markets, com-
bined with the unavoidable consumption or generation limitations of assets, make
this an important parameter to characterise flexibility. Additionally, all the balancing
products in the market contain a bid granularity of 1 MW, making a portion of the
flexibility unusable. To illustrate this, consider a generator with a free capacity (after
committing their day-ahead schedule) of up to 5.5 MW upwards and 2.1 MW down-
wards. Due to the bid granularity constraint, such a generator can only offer 5 MW
as upward regulation capacity and 2 MW as downward regulation capacity.

Due to the integration of RES and the consequent displacement of conventional
generation, there is a reduction of inertia in electricity systems that are causing faster
variations in frequency when an imbalance occurs [16]. This phenomenon translates
into a fast response requirement from flexibility sources, which highlights the impor-
tance of ramping rates in the characterisation of these sources. Depending on the
intrinsic reaction time of flexible resources, they can participate in different balancing
reserve markets: FCR, aFRR and mFRR, which are required to achieve full activation
times of maximum 30 sec, 5—15 min, and 12.5 min, respectively. The variation in the
full activation times for aFRR depends on the country as depicted in Figure 10.3, but
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Table 10.1 Characteristics, constraints, considerations and differences between
TSO-TSO reserves markets in Central Europe. Sources: ENTSO-E
Balancing Report 2020 [22] and ENTSO-E Market report 2021 [26].

Characteristic FCR aFRR mFRR RR
(FCR (PICASSO) (MARI) (TERRE)
cooperation)
Minimum quantity 1 MW 1 MW - -
Maximum quantity 25 MW ! 9,999 MW - -
Bid granularity * 1 MW 1 MW 1 MW 1 MW
Minimum delivery period 15 min - 5 min *
Maximum delivery period 30 min - - *
Full activation time (FAT) 30s 5 min 3 12.5 min 2 30 min
Preparation period - - - 0-30 min
Ramping period - - - 0-30 min
Deactivation period - < FAT - -
Validity periods 4h 15 min 15 min *
Auction frequency 6xdaily 6xdaily 6 xdaily 24 x daily
Gate opening time (GOT) - D-1 @12:00 D-1 @12:00 T-70 min
Gate closure time (GCT) - T-25 min T-25 min T-55 min
Product bid horizon 6x4h 6x4h 6x4h l1h

! For indivisible bids.

2 Homogenised after 24 July 2022.

3 Homogenised after 18 December 2024. Currently, each TSO defines their FATs for aFRR.
4 Activation request can be lower than the granularity.

* Only discrete delivery periods are available: 15, 30, 45 or 60 min.

shall be homogenised to 5 min by December 2024 to comply with the requirements
of ENTSO-E [22].

Ramping rates stand out as features that characterise the flexibility from exten-
sively studied sources such as those in the supply-side [24,25]. These features describe
the maximum rate of change at which the flexible generator/load can change its power
production/consumption. They result from the intrinsic inertia of processes, which
physically limit the speed of change of their operation set-point. Furthermore, these
changes can happen in both directions: an increase or decrease in the power produc-
tion/consumption, each associated with a corresponding ramping rate. Hence, two
different parameters are often used and identified as ramp-up and ramp-down rates,
respectively. These two parameters can be visualised in Figure 10.2 as the slopes of
the lines during periods F and H.

In that figure, it is also possible to observe how the duration of the reserves is
another factor to consider in the bids. This is because network operators require the
BSPs to maintain their balancing power activated in order to correct the frequency
rate of change, its stable value, or to give time to other BSPs to take over, accordingly
to the requirements of the specific type of reserve. For instance, BSPs contracted as
FRR must operate once activated until units in the RR reach their full activation. If
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Table 10.2 Summary of characteristics identified as a basis for a generic industrial
energy planning model and their relation to our framework

Characteristic Modelled References Description
by*
(1) Max/Min Flow [12,15,22, (see Section 10.3.1)
power boundaries 24,27-34,
37]
(2) Ramping rates Ramping [12,15,17, (see Section 10.3.1)
rates 22,27-29,
32,33,37]
(3) Minimum Minimum [8,12,15, (see Section 10.3.1)
up/down times up-time and  17,22,27,
down-time 29,31,32]
(4) Startup costs Start-up [12,15,27] Costs incurred due to, e.g., startup energy
detection requirements, set up costs, wear of
machines, etc.
(5) Transmission - [27] Safe limits of power transmission
constraints elements including the underlying power
distribution dynamics across the grid.
(6) Min/max Minimum [8,12,15, Minimum and maximum duration of
active duration up-time? 17] flexibility activation. Complementary
to (3).
(7) Max number 32 [12,15,17, Maximum number allowed of activation
of activations 30] instances for the flexibility measure.
(8) Flexibility - [12,15] Costs related to opportunity costs,
activation costs penalties and fees as a consequence of

short notice changes, changes in work
shifts, etc.

(9) Energy level at ~ —* [12,15,17, Required level of energy in an ESS that
deadline 27,30,32] must be acquired by the end of the time
horizon.
(10) Energy Storage [8,12,15, Feasible range of energy levels that an
capacity limits capacity 17,27,28, ESS might achieve during operation.
limits 30,31,33—

35]
(11) (Dis)charge = [8,12,15, Efficiencies associated with charging
efficiencies 17,28,31, cycles of ESSs.

33]

* Framework block or constraint that models each characteristic.
! Not considered within the scope of the planning and scheduling model, thus, not modelled.
2 Only the minimum up-time is modelled in the framework, the maximum duration can be given by the
user bid after characterisation of feasible flexibility.
3 It is not included in the framework since we believe that this restriction might be a result of the
availability of resources and interdependencies between processes.
4 Easily implemented with a custom constraint for the storage variable at the last time-step.
5 Can be modelled by a combination of blocks in the framework.
(Continues)
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Table 10.2  Summary of characteristics identified as a basis for a generic industrial
energy planning model and their relation to our framework. (Continued)

Characteristic Modelled References  Description
by*
(12) Energy drain 3 [12,17,28, Energy lost with time in an ESS due to
31,33] its physical interactions with the
environment or other reactions even
when the ESS is not in use.
(13) Energy Conversion [17,28,31, Energy losses incurred during energy
conversion 33,35,37] conversion between carriers.
efficiencies
(14) Energy Flow [8,28,31, Restriction related to the law of
balance balance 35,37] conservation of energy where the sum
of energy inputs is exactly equal to the
sum of outputs.
(15) Startup and - [29,31] Specific pattern of processes’
shutdown profiles electricity consumption during the
start-up or shutdown transitions.
(16) Transport Flow [28,31,37] Limits in the rate of energy carriers that
capacity limits boundaries can be transported through the energy
transmission systems.
(17) Flow Pools [34] Functions that interrelate two or more
dependencies flows of resources.
(18) Flow Flow [31,34] Restrictions analogous to (14),
equations balance including non-energy resources.
(19) Processes Pools [12,17,34] Constraints that relate the operation
interdependencies state of multiple processes.
Complementary to (17).
(20) Earliest start - [8,12,17, Earliest possible time-step at which a
time 37] process can be activated.
(21) Multiple Whole [17,31] Approach that considers material and
resources framework energy resources as requirements to
fulfil the production objectives
of a plant.
(22) Conversion [12,17,28, Identification of the processes whose
Uncontrollable 31] operation cannot be modified.
processes
(23) Operation Discrete [12,17,27, Set of modes in which a process can
modes operation 32,34,35, operate, €.g., a mode for each
levels 37] different product, or a discrete

number of multiple safe and stable
operational modes.

* Framework block or constraint that models each characteristic.

the holding time of this FRR is not long enough, a further imbalance would appear in
the system, calling for FCRs to operate and start the whole process again. A reserve
product duration is a feature of the bids offered by BSPs in the reserves markets.
Furthermore, a minimum and a maximum delivery periods length enclose the possible
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Full Activation Times (FAT)

B < 6 minutes (usually 5)
. 6 to 9 minutes

9 to 12 minutes

D > 12 minutes (usually 15)

Figure 10.3  Full activation times of automatic frequency restoration reserves
(aFRR) in different countries in Europe [23]

duration of reserve bids as depicted in Figure 10.2. These boundaries often translate
to flexible loads models as minimum-up times.

10.3.2 Models in contemporary research

This section describes models that other authors have used to represent demand-side
flexibility mathematically in the literature. They cover models with different aims,
ranging from optimal electricity system operation to optimal schedule of demand-side
loads from the consumer’s perspective.

10.3.2.1 Models focusing on system operation

To start, we introduce multiple works that model flexible assets in both the supply and
demand sides from a system perspective. They show different features that a model
must have to enable the optimisation of the electricity system operation. Reza et
al. [27] introduced a multi-objective security-constrained unit commitment (SCUC)
problem formulated in the form of a mixed-integer linear program (MILP) consid-
ering thermal and hydro generators. On the one hand, this formulation is related to
industrial demand-side flexibility since the hydro-generator is an energy-constrained
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asset, which resembles features in production plants such as products and energy
storage techniques. On the other hand, the thermal generators show formulations
related to the characteristics required in reserves markets such as limits in power,
ramp rates and minimum up-times. Simultaneously, it shows other technical features
of machines, e.g., the minimum down-times, start-up costs and the transmission
constraints in the network that are essential in unit commitment (UC) problems (in
this case, formulated according to the Direct Current (DC) power flow model).

Similarly, Parvania et al. [15] modelled a SCUC problem to integrate DR
resources in wholesale electricity markets. For this purpose, the flexible loads are
modelled according to four common flexibility products: load curtailment, load shift-
ing, on-site generation and utilisation of ESSs. The characteristics of each type of
product are assumed to be known and non-time varying (e.g., load curtailment power
quantity is constant and known throughout the optimisation horizon), which might
not be accurate in industrial sites. Each product type is associated with a set of con-
straints that bound the feasible solution set. The load curtailment product includes
constraints on minimum and maximum duration of load reduction, maximum
number of curtailments and the activation cost. Load shifting includes the quan-
tity of load reduction, its associated cost, the minimum and maximum duration of
load reduction and an unchanged final energy consumption. The on-site generation
units contain constraints on minimum and maximum generation power limits, ramp-
up and -down limits and minimum on and off times. Finally, the ESSs are modelled
equally but including energy capacity limits, (dis)charge efficiencies and a limit in
the minimum number of daily charging/discharging cycles.

From a different perspective, Heussen et al. [28] introduced their power nodes
framework, which considers conversion and storage of multiple energy types. The
main objective of this work is to represent the characteristics and limitations of energy
after/before conversion from/into electricity in a unified framework to facilitate a
more effective operation strategy in the electric network. With this, power grid opti-
misation problems can consider the storage and conversion of non-electrical energy.
This model is versatile since the same formulation can describe many types of grid
users, depending on the constraints and parameters chosen by the modeller. A state-
dependent energy drain in the storage system and energy conversion efficiencies
are the new constraints and parameters identified in this formulation in comparison
with the ones previously discussed.

Lastly, another MILP model was used by Wang et al. [29] inspired by opera-
tional models with system balance constraints and the main operational features of
assets connected to the grid. In this model, generators are described by a combina-
tion of maximum and minimum power limits, ramp-up and ramp-down limits, and
minimum online and offline times. The authors used this model to find operational
bottlenecks under multiple system conditions and the optimal cost-effective energy
storage technology investment to correct them.

10.3.2.2 Flexible residential and commercial demand models

Lessons learned in other demand sectors can serve as a source of inspiration as well.
On the one hand, these models can show the required characteristics of loads to be
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operated either as an aggregated pool of flexible distributed resources or in retail
electricity markets. On the other hand, these sectors are certainly more explored as
DR participants, resulting in more mature models.

A virtual power plant (VPP) is an aggregator that creates a portfolio of elec-
tricity producers and consumers and jointly operates them in the spot or balancing
markets to generate profit. Consequently, these companies must decide what sources
are flexible and useful, and select the best for their portfolio. Once they created a
portfolio, these companies must decide on an operation plan that optimises the profit
of these resources. With this purpose, Petersen et al. [25] identified all the possible
characteristics to assess the quality of a flexibility source. The elements they listed
are related to the source’s level and duration of the power deviation and its reaction
time. More specifically, they are power capacity, duration of flexibility measure,
activation time, base load requirements, deadlines, ramp rates, storage capacities,
length of storage period and up and down-time limits. In a different study, Petersen
et al. [30] selected four constraints to characterise each element in a VPP portfolio:
power capacity, energy capacity, energy level at deadline and minimum up-time.
According to the set of constraints that applies to each element, they classified them
as (1) buckets: power and energy-constrained, (2) batteries: buckets with energy level
at a deadline and (3) bakeries: batteries with a minimum up-time. As expected, for
elements of the same size, a bucket provides greater-quality flexibility than a battery
whose flexibility quality is greater than a bakery since more constraints are added.
Adding constraints to a problem has one of two effects in the feasible solution space,
it is either not modified or shrinks.

To simplify and generalise the modelling task, Fink ef al. [31] defined a frame-
work that contains a set of building blocks that can be used and tuned to resemble
real systems. This framework allows them to consider devices that consume, produce,
store, transport or convert energy, which enables the representation of multi-energy
systems. Thanks to the general approach of defining the blocks, a great variety of
systems can be represented using this method without the need for adaptations accord-
ing to, for instance, the type of industry, the specific dynamics of certain processes
or other behaviours that physics-based models would contain. The set of building
blocks contain pools, non-controllable devices, converters, pipes, buffers and time-
shiftable devices. Each of these blocks contains a set of equations that will be part
of the objective function and constraints of the optimisation problem. Pools are cru-
cial blocks in this framework since they maintain the energy balance for all energy
types considered in the system by restricting the consumption to equal the production
of each energy type at every time interval. All the devices are connected to pools
according to the energy type that they consume or produce. Converters are on/off
devices characterised by a minimum run-time and specific start-up and shutdown
profiles. Pipes are elements that transport energy from and/or to a pool and feature
a transport capacity and energy losses. Buffers are energy storage devices such as
batteries or thermal storage systems that have storage capacity limits, energy losses
during charging, storing and discharging, and charging and discharging rate limits.
Time-shiftable devices have a predefined energy consumption profile whose starting
time can be decided. Since the converters and time-shiftable devices have specific
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energy consumption profiles, a more controllable block could be added to model
devices with multiple feasible operation points.

10.3.2.3 Energy-aware industrial consumers

The last source of inspiration in this section is models and formulations utilised directly
in industrial energy management contexts. Following this reasoning, it is worthwhile
to introduce the industRE project, which took part in the European Union’s Hori-
zon 2020 research program. The objective of this project was to identify and assess
the flexibility potential of industrial electricity consumption to lower the barriers to
the integration of RES into the electricity grid. One result from this research was a
Demand Response Audit methodology that contains four steps: identification, quan-
tification, valorisation and exploitation [32]. This methodology helps to map the
flexibility of an industrial consumer by analysing its processes structures and quan-
tifying their potential. In this context, flexgraphs were developed as a technique to
quantify this potential. They are graphs representing the flexibility potential as a set
of trajectories that the electricity consumption of the industrial site can follow. Thus,
it helps to visualise the power, energy, ramping and modulating constraints of each
process. In addition, all the individual flexgraphs can be easily aggregated into an
overall flexgraph by adding all the feasible consumption patterns of each process.
These graphs are well in line with the metrics identified by Ulbig and Andersson [33]
as a flexibility trinity: ramp-rates, power and energy. According to these authors, the
capabilities of flexible electrical loads or generators can be visualised as a two- or
three-dimensional representation of these three parameters. Although this methodol-
ogy shows great visualisations, it is constrained to elements in which each one of the
axis limits is independent. During aggregation, this is even more critical when each of
the aggregated elements is interdependent. For instance, in a system with two flexible
sequential production processes, the flexibility of one of them is constrained by the
operation of the other. Both can operate flexibly as long as there is enough buffer
capacity or material availability for their inputs/outputs. However, if the first process
stops operating for a long time, the second process will deplete its input stock. Thus,
the operation of one process constrains the flexibility of the other. Although Ulbig
and Andersson did not focus on industrial demand-side flexibility, this helps under-
stand some flaws that might appear by approaching industrial consumption from the
electricity flexgraph perspective.

Karlsson developed a method for analysis of INDustrial energy systems (MIND)
as a computational decision tool for energy management tasks [34]. This method
revolves around formulating a MILP optimisation problem that applies to several
industrial sectors in four steps: identification of the system, construction of the model,
solution of the problem and export of results. The formulation considers the energy
system as a network of nodes and edges where each node represents a process, machine
or whole industry while the edges show the flow of resources between different nodes.
These resources can be energy such as electricity, heat or fuels, or materials like
raw materials, intermediate, by- or final products. Furthermore, the functions that
represent the interactions in the system are malleable and can be defined according to
the identified nodes and edges. The abstract model includes a multi-objective linear
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function that can be adapted to optimise the system according to the user requirements.
This abstraction in the model is what allows to apply the methodology to fit multiple
industrial cases for a variety of objectives. Similarly, the predetermined constraints
are adaptable to specific systems and contain formulations for connecting resource
flows, their boundaries, resource storage dynamics, processes dynamics and logistical
restrictions; but customised functions are also allowed. Among the predetermined
constraints, it is possible to find flow dependencies, flow equations, flow relations,
flow boundaries, final flow deadlines, storage equations, storage boundaries, batch
processing constraints,