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Abstract

This research work is proposed to study the effects of different electrical components in
enhancing the sustainability of electric distribution networks (DNs) based on technical,
economic, and environmental benefits. It explores the impact of optimal allocation of different
combinations of photovoltaic (PV) and wind distributed generator (DGs) on the sustainability
of different standard IEEE bus networks/ practical test networks. The potential effects of
battery energy storage systems (BESS) and Static Var Compensators (SVCs) in maximizing
the sustainability indices of the DNs are elaborately explained in this work. The role of different
electric vehicles (EVs) in enhancing the sustainability indices of the network with different
penetration levels are analyzed and illustrated. The uncertainty associated with PV and wind
power generation due to intermittent nature of wind, solar irradiation and their effects on the
system parameters are explored. This work also provides an estimation of the optimal number
of PV modules required for DG installation considering seasonal variations. A detailed analysis
of the impact of a demand response (DR) program on the load-curtailment/shifting patterns and
network performance indices is performed. The process of determining the optimal locations,
capacities, and number of multiple DGs/BESS/SVCs/EV charging stations in different DNs
with different optimization techniques to minimize the active power losses and enhance the
sustainability indices of the network are investigated and presented. Statistical analyses of the
performance parameters of different evolutionary computational algorithms considered in this

work are provided for different case-studies.
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CHAPTER 1: Literature review, Gap, Motivation, and

Contribution

This chapter presents a brief literature review of the work done by researchers on the
sustainability of DNs. The motivation, contribution and organization of the work done is clearly

explained in this chapter.

1.1. Introduction to DN and its sustainability

The distribution of electric power is the last step in the delivery of electricity. Distribution
substations use transformers to reduce the transmission voltage to medium voltage after
connecting to the transmission line. This medium-voltage power is delivered to distribution
transformers close to the consumer premises via primary distribution lines. Once more,
distribution transformers reduce the voltage to the utilization voltage required by home
appliances, industrial machinery, and lighting. Secondary distribution lines are frequently used
to supply multiple consumers from a single transformer. Through service drops, residential and
commercial clients are linked to the secondary distribution lines. Either the major distribution
level or the sub-transmission level may be directly connected to customers who require a large
amount of power. DNs are characterized by a high R/X ratio due to their radial nature in
comparison with transmission networks. A key factor in the development of new electric power
systems is the penetration of distributed renewable generation into a DN, which is facilitated
by renewable energy initiatives and the public's profound assessment of the environmental
effects associated with generating electricity from fossil fuels. The use of renewable energy
resources to generate electricity has become more popular as a result of abrupt shifts in power
demand and inadequate distribution infrastructure brought on by both technical and economical
limitations. Power companies have been forced by these trends to decentralize their power
systems, connecting smaller renewable DG units directly to the DN at or close to the load
points.

The distribution system benefits economically, environmentally, and technically from the
integration of renewable energy-based DGs into a power system. BESSs have long been used
to control power quality in DNs. The increasing innovation in energy density of BESS is
interesting because it suggests more analytical freedom in their placement within the power
system supply network to optimize the advantages of their operational capabilities. One major
way to improve the energy efficiency of a DN is to deploy BESS. This study aims to provide

an overview of the optimal BESS installation and operation to enhance the overall performance
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of the DNs. SVCs provide reactive power injection or absorption to help sustain voltage
stability in DNs. In order to prevent voltage collapse, this guarantees that voltage levels stay
within allowable bounds. EV adaptations are being made worldwide in an effort to reduce
pollution and combat climate change. More public EV charging stations must be made
available in order to maintain this process. There will be major technical, financial, and
environmental challenges as a result of the unplanned increase in EVs and their charging
stations. These consequences will affect the DNs, the environment, EV users, and charging
stations. To avoid the problems, EV charging and discharging at stations must be scheduled
and coordinated. When used with appropriate charge/discharge control management, EVs can
be used as sources of distributed energy storage and utilized to increase DN’s performance and
efficiency. DR is a technique that encourages users to alter their patterns of electricity usage in
order to balance the demand on power systems. This can help to maintain the DNs stable and
increase their efficiencies, dependability, and cost savings. DNs can apply DR in a variety of
ways, including time-based rates, financial incentives, and flexible load models. DR gives users
the chance to actively participate in the functioning of the electrical grid by adjusting or
lowering their peak-time electricity use in response to time-based pricing or other types of
monetary incentives.

In this work, sustainability of an electric power DN is defined as considering the technical,
economical, and environmental benefits simultaneously as shown in Table 1.0.1. Absence of

any one of the above three factors will make the DNs non-sustainable in the long run.

1.2. Literature review of the works done on sustainability of DNs in the recent
years

Table 1.0.2 presents a concise literature review of the major works done in the recent years on
the sustainability of DNs. The components of the objective function proposed in each of the
cited works is analyzed on the basis of consideration of voltage profile, economic,
environmental, and active power loss/demand impact factors. Consideration of different
electrical components of a DN viz., PV, wind, BESS/Hydrogen energy storage system
(HESS)/Capacitor, FACTS devices, EVs, Cogeneration sources, DR techniques adopted, and

uncertainties are also studied and presented.
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Table 1.0.1. Defining sustainability in this work
Technical benefits Economic benefits Environmental Overall
benefits sustainability
X X
v X
X v
X X
v v
X v
v X
v v
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Table 1.0.2. A concise literature review of the major works done on the sustainability of DNs
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1.3. Motivation and contribution of the work done

Most of the research works cited in Table 1.0.2 propose a single-objective or bi-objective
function with any two of the four components of objective as shown. The references [11], [18],
[20], [22], [23], [35], [47], and [49] have considered voltage profile improvement, economic
benefits, and active power losses as the components of the objective function. Likewise, the
references [25], [37], [38], [44], and [55] have considered the economic benefit, environmental
benefit, and active power loss reduction as the components of the objective function. The
references [27], [30], and [32] have considered the technical benefit, environmental benefit,
and active power loss reduction as the components of the objective function. But none of the
above works considers the simultaneous voltage profile and economic and environmental
benefits of radial networks, which are the three key determinants of sustainability.

This work considers DGs based on renewable energy sources, viz. PV and wind, and their role
in enhancing the sustainability of DNs. The uncertain nature of PV and wind is modelled using
Beta and Weibull probability distribution functions in some of the case studies. The hourly
variation of solar irradiance by geographical modelling for the location, Jammu and Kashmir,
India, is explored, and an estimation of the maximum number of PV modules required for DG
installation is provided for different seasons in some of the case studies to make the system
more realistic and practical.

This work explores the effectiveness of integrating BESS and SVCs with DNs in enhancing
the technical, economic, and environmental benefits of DNs. The BESS reduces the
intermittency of renewable energy sources, while SVC improves the voltage stability of DNs.
This work explores the potentiality of EVs in enhancing the technical, economic, and
environmental benefits of DNs. The traffic at the parking lot with increasing EV penetration
level and the charging/discharging modes and prices of EVs based on incentives provided by
aggregators are analyzed.

This work considers incentive-based DR based on price elasticity, where a day-averaged
(average of 24 hours) objective function is formulated that considers the simultaneous
enhancement of day-averaged technical, economic, and environmental benefits of DNs while
considering exponential load modeling with uncertainty and network load curtailment/shifting
due to DR.

The effectiveness of DN’s sustainability is tested on both IEEE test networks and real-time

networks. The test networks considered are IEEE 33, 69, 85, and 141 bus systems. A real-time
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13-bus substation DN situated in Maharashtra, India, is considered to validate some of the case
studies practically.

The entire work has been simulated in MATLAB 2014b using the MATPOWER v7.1 power
flow tool extension, which is an open-source tool for performing power system optimizations
and simulations. The power flow study is undertaken using the power summation method.
The problem-specific algorithms in comparison, viz., PSO, PSO based on linearly decreasing
inertia weight (LPSO), randomized inertia weight PSO (RPSO), PSO based on success rate
(PSO-SR), the Cuckoo Search algorithm (CSA), Arithmetic Optimizer algorithm (AOA)
algorithm, Aquila Optimizer algorithm (AQQO), Coati Optimizer algorithm (COA), and Jaya
algorithm (JAYA), are applied in the present work. The effectiveness of the comparing
algorithms has been tested through statistical analysis conducted using the box-plot, normality,

ANOVA, and post-hoc tests.

1.4. An overview of the evolutionary-computing algorithms under study

Table 1.0.3. provides an overview of the different evolutionary-computing algorithms applied

in this work.

Table 1.0.3. An overview of the evolutionary-computing algorithms under study

Algorithm | Authored by Salient Features / Phases References
PSO Kennedy, J. | It performs problem-solving by utilizing a population of candidate [84]
and Eberhart, | solutions, referred to as particles, and controlling their position and

R., 1995 velocity within the search space.
LPSO Bouhouras et | This strategy enhances the efficiency and performance of the PSO [85], [86]
al. 2016 and | technique by introducing a variable weight factor that changes with
Kumar et al., | every iteration between its upper and lower limits. The upper and lower
2014 limits of the weight factor are kept at 1 and 0.1, respectively.
RPSO Kumar, Raja, | It makes use of each particle's best position found so far in order to [87]
and Jerome, | update its velocity and assigns a weight factor randomly varied between
2016 0.5and 1.
PSO-SR Immanuel In this method, the weight factor in the PSO algorithm is divided into [88]
Selvakumar | two different parts: the cognitive coefficient, which accelerates the
and particle toward the finest position, and the cognitive component, which
Thanushkodi, | accelerates the particle away from the worst position. The two factors
2007 are varied in steps of 0.05, such as, the sum total of them is 2.
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CSA

Yang and
Deb, 2010

Basu and
Chowdhury,
2013

The CSA is a metaheuristic optimization technique that solves
numerical optimization problems by utilizing cuckoo breeding behavior.
The method is based on the fact that certain species of cuckoos are brood
parasites, meaning they lay their eggs in other birds' nests. The search
pattern of the host nests by the cuckoos occurs in the Lévy flight pattern,
which is a random walk punctuated by a sudden ninety-degree turn. The
Lévy flight step size is taken as 1. If the host bird discovers that the
eggs are not of its own, then it will either throw away the eggs or
abandon the nest and build it elsewhere. The probability of alien egg

discovery by the host bird is varied between 0 and 1.

[89], [90]

AQO

Abualigah, Y,
Yousri D, et
al, 2021

The natural activities of Aquila throughout the prey-catching process
serves as the model for this algorithm. Four methods are thus used to
represent the optimization process of the algorithm: swooping by walk
and grab prey; contour flight with short glide attack for exploring within
a diverge search space; low flight with slow descent attack for exploiting
within a converge search space; and high soar with vertical stoop for

selecting the search space.

[91]

AOA

Abualigah, Y,
Diabat A, et
al, 2021

It is a meta-heuristic method that utilizes the distribution behavior of the

main arithmetic operators in mathematics, including addition,
subtraction, multiplication, and division. AOA is mathematically
modeled and implemented to perform the optimization processes in a
wide range of search spaces. It has two phases, the exploration phase
(multiplication and division operation) and the exploitation phase

(addition and subtraction operation).

[92]

COA

Dehghani, M.
et al., 2023

Its purpose is to replicate coatis' natural habits. The primary sources of
inspiration for COA are coati attacks and hunting, as well as the way
coatis flee from predators. The exploration and exploitation phases are

its two stages, just like those of AOA.

JAYA

Rao, R, 2016

The concept behind this algorithm is that the solution to a problem
should move away from the worst solution and instead progress toward
the best one. This method does not require any control parameters

unique to it; it simply needs the standard control parameters.

[94]

1.5. An overview of the network bus systems under study

Table 1.0.4. provides an overview of the different electrical power bus systems applied in this

work.
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Table 1.0.4. An overview of the network bus systems under study

Bus Authors Salient Features References
System
13 bus Markad, P., and The substation, situated at Maharashtra, India, comprises two 50 MVA [95]
substatio D. A. Thosar, transformers that step down to 33 kV when supplied with 132 kV voltage. One of
n DN, 2020 the thirteen 33 kV buses in the distribution system used for this investigation is a
Maharas slack bus that supplies energy to different distribution substations. Through
htra, twelve different 33/11 kV substations, which are referred to as 33 kV buses,
India electrical energy is provided to a variety of users, including agriculture,
commercial, residential, and industrial ones. The outgoing substation bus receives
direct feeds of the electrical energy generated by the wind farm that has been
erected close to this substation. The base active power loss is 3010.16 kW.
IEEE 33 | Dolatabadi, S.H., | There are 33 buses, 32 fixed and 5 switchable lines, and no reactive power [96], [97]
et al, 2020 balancing devices in the design of the IEEE 33 bus distribution system. The base
active power loss is 201.89 kW.
Baran, M.E. &
Wu, F.F., 1989
IEEE 69 Das D., 2008 The nominal voltage of the 69-bus distribution system is 12.66 kV, and its base [98]
apparent power is 10 MVA. This system consists of 69 nodes and 73 branches,
including tie-lines 69—73. Under typical operating conditions, all five of these tie-
lines remain open. The base power loss of the system is 224.59 KW.
IEEE 85 | Das D., Kothari, | The nominal base apparent power and voltages are 100 MVA and 11 kV, [99]
D.P. & Kalam, A., | respectively. The network has only one generator connected at bus 1. The total
1995 base real power loss is 316.14 kW.
IEEE Khodr, HM., et | The nominal voltage is 12.47 kV, and the reactive and active loads are 7.375 [100]
141 al, 2008 MVAr and 11.9029 MW. The loads have an average lagged power factor of 0.85.

To provide active power to the load in this instance, the network incorporated PV,
wind, and conventional generators. There are five PV generators connected at the
buses 50, 60, 70, 80, and 90. Two wind turbines are located at the buses 106 and
118. The conventional generator unit is located at bus 136. All generators are
considered to have a 1 MW capacity for simplicity. The total base real power loss

is 629.06 kW.

1.6. Statistical methods applied for result analysis

The following statistical methods are applied for analyzing the results obtained from different

case-studies using various evolutionary computational algorithms.
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Box Plot - A box plot (also known as a box and whisker plot) employs boxes and lines to
represent the distributions of one or more groups of numerical data. The box limits show the

range of the central 50% of the data, with a central line representing the median value.

Normality Tests - A normality test is a statistical process that examines whether a dataset has a

normal distribution. A normal distribution is a bell-shaped curve that is symmetric about the
mean. In this work, the Kolmogorov-Smirnov and Shapiro-Wilk tests for normality are
performed to ensure that the sample-data obtained from different algorithms for a given number

of trials do not follow normal distribution curve (Normality reject).

ANOVA Tests - The Analysis of Variance (ANOVA) test is a statistical tool for comparing the
means of two or more groups. It determines whether the means are statistically different. The
Kruskal-Wallis H test (also known as the "one-way ANOVA on ranks") is a rank-based
nonparametric test has been used in this work for different case-studies to evaluate whether
there are statistically significant differences between two or more groups of an independent
variable. When a group's mean rank exceeds the general average rank, its observation values
tend to be higher than those of the other groups. The post-hoc Dunn test is done for pairwise

comparison of the algorithms under study, when the Kruskal-Wallis test is positive.

1.7.0rganization of the work
This work is divided into six chapters. Chapter 1 describes the term sustainability of DN, the
extant literature of the work done in the recent years, motivation, contribution, overview of
evolutionary computing techniques, bus systems under study, and organization of the work
done. Chapter 2 presents the impact of PV and wind-based DGs on the sustainability of DNs.
Chapter 3 explores the potential of BESS and SVCs in enhancing the sustainability of different
types of DNs. The potentiality of EVs in enhancing the technical, economic, and environmental
benefits of DN is investigated in Chapter 4. The traffic at the parking lot with increasing EV
penetration level and the charging/discharging modes and prices of EVs based on incentives
provided by aggregators are analyzed. Chapter 5 presents a demand-price elasticity-driven DR
program to investigate the load curtailment and shifting patterns of different types of DNs.
Further, the impact of the program in enhancing the technical, economic, and environmental
indices of the DNs is analyzed. The crux of the work done and its scope in the future is

concluded in Chapter 6.
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CHAPTER 2: Impact of DGs on DN sustainability

This chapter presents the impact of DGs on the technical, economic, and environmental impacts

of DNs. The DGs considered in the proposed work are PV and wind based DGs.

2.1. Introduction

Distributed generation (DG) is the term used to describe the electricity produced by numerous
small, dispersed energy sources. Being located close to the end consumer is the main benefit

of distributed generation versus conventional, centralized energy generation.

A schematic diagram of a DG is presented in Fig. 2.0.1.

Fue]l

Wind
Generating Power Plant o Photovoltaxc Power Plant  Cell i
§ Traamingn pritge Distribution System Consumers J

e

Remprocatmg Mlcromrbme

Engine Photovoltaic
Panel
Storage

Wind Power Plant

Fig. 2.0.1. A schematic diagram of distributed generation system
A summary of some common advantages and disadvantages of the DG is given below:
The following are a few advantages of DGs:

. Decreased losses in transmission and distribution

There are always losses involved when power is produced centrally and then sent over large
distances to the final customer. Transmission and distribution losses are typically
significantly reduced with distributed generation since electricity is produced near its

intended applications.
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o Enhanced grid security and stability

By offering backup power during a grid outage, distributed generation can contribute to the
stability of the electrical system. Furthermore, distributed generation can offer energy security

during emergencies or natural disasters.

o Reduced impact on the environment

Because DGs use renewable energy, it usually has a smaller environmental impact than

traditional energy generation.
The following are a few drawbacks of DGs:

. Requirement of increased power system protection
One drawback of distributed generation is that it requires more protection than conventional

distribution systems to handle power exchanges.

o Complexity of signaling for resource deployment

The process of signaling to deploy resources gets very complex.

. Challenges in relationships & revenue contracts
Establishing relationships with stake-holders and revenue contracts becomes challenging.
2.2. Types of DGs
PV based DG

One of the most popular kinds of DG systems is solar PV systems. Sunlight is converted into
electricity using solar photovoltaic panels, which can power buildings and commercial

establishments.
Wind based DG

Another kind of DG system that can be utilized to produce power is a wind turbine. In order to

generate power, wind turbines use blades which rotate when wind flows.
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Microturbines

These small turbines have the capacity to produce electricity. Microturbines can power

buildings and commercial spaces and they are usually powered by biogas or natural gas.

Combined Heat and Power (CHP) systems are made to use a single fuel source to produce both
heat and power. Because CHP systems run on waste heat, they are generally more efficient than

conventional energy generation.
Fuel Cells Fired by Natural Gas

One type of DG system that uses natural gas to produce electricity is the natural-gas-fired fuel

cell. In general, fuel cells are low-impact on the environment and highly efficient.
Generators for emergency backup

Usually, in the event of a power cut, residences and businesses are powered by emergency

backup generators. Fuel options for backup generators include diesel, propane, and natural gas.

In this work, PV solar and wind-based DGs are considered for improvement of technical,

economic, and environmental benefits of radial DNs.
2.3.Components and calculation of power output of PV based DG
In this sub-section, the components and power output of PV based DGs are discussed.

2.3.1. Components of PV based DG
The solar PV array, a charge controller, a battery bank, an inverter, and a utility meter are the
five main parts of a solar photovoltaic system. The efficiency of the solar panels is dependent
on the proper installation of each of these components.
A battery bank and charge controller are optional. Although these two elements aid in the
storage and better use of the electricity generated, they can also increase the overall cost of the
solar installation.

A schematic diagram of PV based DG system is presented in Fig. 2.0.2.
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Fig. 2.0.2. A schematic diagram of PV based distributed generation system

2.3.1.1.Solar PV cell, module, and array
The cells, module, and array are the three separate components that constitutes a solar panel.
The main component of a panel that aids in the photovoltaic system's processing of solar energy
absorption is the solar cell. The solar cells are required in order to obtain a significant quantity
of energy.
The solar cells are housed within the PV module, or the actual solar panel. This is the
positioning of the solar cells in order to get the desired voltage or energy output in kilowatts.
The PV array, on the other hand, is made up of solar PV modules or panels that are connected
to one another in series and parallel combinations in order to generate the necessary voltage
and transfer it to the panel.
All things considered, all of these components serve a purpose, and it can also be said that the
three components are reliant on one another for their operation. They are all beneficial and
essential to the processes of absorbing solar irradiation and producing electricity.

2.3.1.2.Charge controller
To prevent electrical overload, overcharging, and perhaps overvoltage, a charge controller,
charge regulator, or battery regulator restricts the rate at which electric current is supplied to or
taken out of electric batteries. This avoids situations that could endanger safety and lower
battery performance or lifespan. In order to save battery life, it may also prevent a battery from
being fully depleted (also known as "deep discharging") or carry out controlled discharges,
depending on the battery technology. The phrases "charge controller" and "charge regulator"
can be used to describe a device that is standalone or to describe control circuitry that is built
into a battery pack, equipment that runs on batteries, or battery charger.

2.3.1.3.Battery bank
A battery bank is made up of multiple batteries connected in parallel and series to create an
energy storage bank. This bank stores solar energy from solar panels and uses a DC-AC inverter

to supply loads with electricity. A solar power system's main component for energy storage is
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a battery bank. Naturally, a solar power system's battery is charged by the sun during the day
and discharged at night or on cloudy days. The battery functions as a solar energy storage
device, storing solar energy during the day and supplying power during the night or during
rainy conditions. As a result, solar batteries are constantly fully charged and completely
drained.

2.3.1.4. Inverter
The variable DC output of a photovoltaic solar panel is converted into a utility frequency AC
by a solar inverter, also known as a photovoltaic (PV) inverter. This AC can then be fed into a
commercial electrical grid or used by a local off-grid electrical network. It is a crucial balance
of system (BOS) component that permits the use of standard AC-powered devices in
photovoltaic systems. For usage with photovoltaic arrays, solar power inverters offer specific
features including maximum power point tracking and anti-islanding prevention.

2.3.1.5. Utility meter
PV system meters are an essential tool used to monitor and track energy usage and production.
In an off-grid system, battery monitors are used to measure the state of the battery, which is
necessary for optimizing battery life and determining when the batteries need to be charged or
when charging is completed.
For grid-tied systems, meters are used to record PV production and home energy consumption.
In some cases, the utility will require a separate meter to track PV production.

2.3.2. Calculation of power output of a PV based DG

This section explains the procedure of calculating the deterministic and probabilistic techniques
for calculating the output of PV based DG.

2.3.2.1. Deterministic power output of PV array
The power output of a PV array can be calculated as a function of solar irradiation using the
formulae below [101].
PVyut = Ng X Np X FF X V. X I, (2.1)
Ng and Np are the numbers of PV modules connected in series or parallel. Equations 2.2 and
2.3 denote the open-circuit voltage and short-circuit current, respectively, as V. and ;.. FF is
the fill factor given in equation 2.4.

The open-circuit voltage of a solar cell is given by

Ve = —Ltoc ()" 22)

1+c, ln(GTN) Ta
Vyoc 18 the nominal module open-circuit voltage. Gyis the nominal solar irradiance. T and Ty

are the actual and nominal temperature of the module.
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The short-circuit current of the solar cell is given by

Isc = Insc- (GG_N)CS (2.3)

Iysc 18 the module short circuit current.

é’ﬁ—ln(%ﬂ.n)\
FF = (1 - (G”)>. 4 a (2.4)

Voc

Voc
Isc 1+"_KT
q

n, K and q represent the density factor, Boltzmann constant and charge of an electron

respectively. ¢;, ¢, and c3 are constants.
If the solar irradiance, considered for a particular place and time, is not made to vary
considering uncertain factors like weather changes, dust accumulation on the solar panels, etc.,

then, the output power estimation of the PV array is said to be deterministic.

2.3.2.2. Probabilistic power output of PV array
The probabilistic beta distribution function is used to represent the availability of solar
irradiance [101] due to the unpredictable factors such as weather, the collection of dust on the
panels, and other factors. The following equation can be used to describe the probability

distribution function of the solar irradiance:

M a—-1 _ B-1 ; < < <
Fpy(G) = {F(a)ﬂ"(ﬁ) XC"X(A=-6)F"if0=<6=<1 0=<ap

0 otherwise

(2.5)

The parameters of Fpy, (G) are denoted by a and £ respectively. These parameters are computed
by making use of the mean (i) and standard deviation (gs) of the solar irradiance. These are

expressed in the following equations.

B=(1-p) X (%) -1 (2.6)
oy =(1-u) x (325) ~ 1 @.7)

2.4. Components and calculation of power output of wind-based DG
The sun's heating of the uneven earth's surface results in a differential pressure that drives air
to flow from high pressure areas to low pressure areas, which causes wind. Thus, it is possible
to classify wind energy as a type of solar energy. The basic idea behind how a wind turbine
operates is that, unlike a fan, which creates wind by using energy, a wind turbine creates
electricity by utilizing wind. Wind rotates a turbine's propeller-like blades around a rotor, which

turns a generator, producing power.
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In this sub-section, the components and power output of wind-based DGs are discussed.
A schematic diagram of wind-based DG system is presented in Fig. 2.0.3.
2.4.1. Components of wind-based DG
A wind turbine has numerous smaller pieces in addition to five larger ones. The foundation,
tower, nacelle, generator, rotor and hub (with three blades), and other parts are the essential

components.

Fig. 2.0.3. A schematic diagram of wind based distributed generation system

2.4.1.1. Wind turbine foundation
The wind turbine's basement is where the entire weight of the machine will act upon. Normally,
it is unseen and lies beneath the surface.
For onshore turbines, the base is buried and covered in dirt, making it inconspicuous. The entire
turbine and the forces operating on it must be supported by this substantial, heavy concrete
structural block.
The base of the offshore turbines is hidden underwater. Although the base of the offshore
turbines located far from the sea floats, it has sufficient mass to support and sustain the weight
of the turbine as well as any forces applied to it.

2.4.1.2. Wind energy tower
The majority of modern wind turbines have round steel tubes for their towers. As a general
rule, the height of a turbine tower equals the diameter of the circle its spinning blades form. In
general, turbines that are taller are more vulnerable to strong winds. It serves as the rotor and
nacelle's supporting structure.

2.4.1.3. Wind turbine rotor and hub
The section of the turbine that rotates is called the rotor, and it has three blades with a hub in

the middle that connects them.
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A turbine does not always contain three blades, despite being the most frequent. However, there
are benefits to the three-blade rotor, namely maximum efficiency. Because these are hollow
and composed of a lightweight, durable composite material, the blades lack strength. The trend
is to make them lighter, more robust, and larger (for more power). The blades are formed like
an air foil, or an airplane's wings, for acrodynamic purposes. These possess a twist connecting
their root and tip, and are not flat. The blade can rotate up to 90° around its axis. This movement
is called pitch.

A wind turbine's nacelle is an intricate electromechanical system made up of numerous precise
parts that work together as a unit. The generator and turbine shaft, which use a gearbox to
transport wind energy to the generator, are important components of a turbine. The gearbox,
which is located on the cable car, is a crucial component of the wind turbine.

The turbine's rotor must rotate in relation to the tower because it must follow the wind and
change its direction based on its direction. The nacelle and rotor revolve around the tower axis

in a motion known as yaw motion.

2.4.2. Calculation of power output of wind-based DG
The rotor blades of a wind turbine, which function similarly to an airplane wing or a helicopter
rotor blade, use aerodynamic force to convert wind energy into electrical power. The air
pressure on one side of the blade drops as the wind blows across it. Both lift and drag forces
are produced by the difference in air pressure on the two sides of the blade. The rotor rotates
because the lift force is greater than the drag force. If the generator is a direct-drive turbine, the
rotor is connected to it directly. If not, the connection is made through a gearbox, comprising a
shaft and set of gear, that accelerates spinning and makes the generator smaller in size.

Electricity is produced by this conversion of aerodynamic force into a generator's rotation.

2.4.2.1. Modelling of probabilistic nature of wind velocity and power output of
wind turbine

To determine the cost of wind-based DG, a probability density function must be employed to
describe the intermittent nature of wind. The power output of the wind turbine can be
approximated using this function. There is a possibility of an overestimation (excess) or
underestimation (shortage) of the predicted capacity. The power output of a wind turbine must
be estimated using a probability density function that describes the wind's unpredictability. The
uncertain character of wind can be modelled as a Weibull distribution function [102], which

can be expressed as follows:
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h (-1 _ sh
fump@) = ) () ()= (2.8)
sh, sc and v (m/s) are the Weibull shape parameter, scale parameter and wind speed

respectively.

The cumulative distribution function Fyyp (V) is given by

Fyinp(v) = fov fwinp (T)dr (2.9
Substituting the value of fi,;yp (V) given by equation 2.8 in equation 2.9:

sh
Fywinp () = <1 — exp <— (ﬁ) )) (2.10)

Using a random variable, one can ascertain the unpredictability of the wind. Similarly, the
power output (Py,;yp) of a wind turbine for a given wind speed is given by equations 2.11 to

2.13, disregarding minor nonlinearities [103].

Pyinp =0, for v<wv andv > v, (2.11)
Pyinp = Pwinp, :;_—117;; for v < v<uy (2.12)
Pyinp = Pwinp, for vy < v < g, (2.13)

Py inp, is the wind turbine's rated power output, expressed in kW. v, v, and v, represent the
cut-in, rated, and cut-out wind velocities, respectively. In the reference, the probability of wind
power being zero, rated, or somewhere between zero and rated is provided.

When wind power is zero, the cumulative distribution is given by:

Fwinpo{Pwinp = 0} = Fynp (ve) + (1 — Fwinp (Vco)) (2.14)
Substituting the value of Fyy;yp(v) from equation 2.10 in equation 2.14:

Fwinp{Pwinp = 0} =1 —exp (‘ (%)Sh) +exp (— (%)Sh) (2.15)
The following expression provides the cumulative distribution of the wind power that is being
rated:

FWIND{P winp = P, WINDT} = Fwinp (vco) — Fwinp (Vr) (2.16)

Applying the value of Fy;yp(v) derived from equation 2.10 to the equation 2.16:

\Sh sh
FWIND{PWIND = PWINDr} = €xp (— (%) ) — exp (— (vﬂ) ) (2.17)

N
The following equation can be used to describe the cumulative distribution of wind power as

being between zero and rated:

FWIND{O < Pyinp < PWINDT} = 2V ((1+&)vd)5h_1 exp (— (M)Sh) (2.18)

P, sc sc sc

PwIND (wr—v¢i)
6 =———and | = —=-
PwIND, Vei

are the intermediate variables.
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2.5. Cost modelling of PV based DG
The cost of PV includes the investment, hourly labor, and annual maintenance expenses,
respectively. The investment cost consists of the price of the PV unit, the cost of installation,
and the price of the protection system. The hourly working cost comprises of wages, fuel, and
taxes.
The cost of PV based DG [104] over the entire planning horizon is given by:
Cost py = INVCpy * PVyye + HWRCpy * PVyy * PLTF % YRgpqy * 8760 * CCPR +
AMCpy * CCPR * YRpan (2.19)
INVCpy is the investment cost of PV based DG. AMCpy and HWRCpy are the annual
maintenance and hourly working cost of the PV based DG. CPR and CCPR are the cumulative

price and cumulative current price.PV,,.is the power output of the PV based DG.

2.6. Cost modelling of wind-based DG
The cost of wind-based DG over the entire planning horizon is given by
Ny
Cost winp = 8760 * YRgpay * it [Cd,i(PWINDi) + +Ce,; (PWINDi,aUl - PWINDL') +

1 1
Coe,i (PWINDL' - PWINDi,a,,l) + {8760 * CRF * Com(esc)i} + {m * CRF * thi}] (2.20)

Cd,i(PWINDi) is the cost due to the direct power output from the i wind turbine of the wind

farm [105]. Cye ; (PWINDi,avl - PW,NDi) and Cye ; (PW,NDl. - PWINDi,avl) are the costs due to
underestimation and overestimation of the i wind turbine respectively [106]. Com(esc); and
Csp, are the annual O&M and specific costs respectively [107]. Py np (0 < Pyinp; < Pwinp,)
is the forecasted power output from the wind turbine and Py, ;yp Lavl is its actual power output.

The wind farm's total number of wind turbines is N,,;. CRF 1is the capital recovery factor.

The direct cost of the i wind turbine is given by:

Cd,i(PWINDi) = diPWINDi (2.21)
When wind power generation falls short of the forecasted value due to overestimation, the
shortfall must be made up with alternative energy sources. The cost of wind energy due

to overestimation is given by:
_ _ PWIND; qui
Coe,i (PWINDi - PWINDi‘avl) = Kres (PWINDi - PWINDi,aUl) = Kyes fo Lav (PWINDi -

P)Fynp(P)dP (2.22)
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If excess wind power is produced as a result of underestimation, issues such as line congestion
arise, impeding the network's ability to function normally. Due to underestimation, the cost of
wind energy is provided by:

PWINDTL. (

Cue,i (PWINDi,avl - PWINDL') = kpen (PWINDi,avl - PWINDi) = kpen PWIND:
i

PWINDl')FWIND (P)dp (2.23)
kyes and ko, are the reserve and penalty cost coefficients respectively.

The investment cost of the i wind turbine is given by:

Cwe; = Lwe; P WINDy, (2.24)
Cyt,; and I, are the cost and specific cost of the i™ wind turbine respectively.

The escalated cost of the i wind turbine due to operation and maintenance is given by:

Comi

[1— (14 egp)Rspan (1 + 1) ¥ Rspan] (2.25)

Com(esc)i = r—eom

Com, 1s the non-escalated operation and maintenance cost of the i wind turbine. e,,, is the

escalation ratio of maintenance and operation in percentage. r is the discount rate. Y Rgpgy 18

the lifetime of the system.

2.7. Formulation of the objective function (OF) due to DG integration
The Voltage Profile Enhancement Index (VPEI), Benefit Cost Ratio (BCR), and Environmental
Cost Benefit Index (ECBI) have been developed to take the technical, financial, and
environmental benefits of the objective function (OF) into consideration.
OF = py * VPEI + p, * BCR + p3 * ECBI (2.26)
W =l = uz = 0.333 (2.27)

Each of the network benefit indices are explained in the following subsections.

2.7.1. Voltage profile enhancement index (VPEI) due to DG integration
The following equation describes the VPEI of a DN after DG allocation.

VPEI = _(VPDwithpG (2.28)

(Vpl)without DG

The voltage profile index (V PI) is represented as follows:
1 N
VPI = EZRE? VPk (229)

V P, [108] represents the voltage profile of the ™ bus and is defined as:

_ 4(Vk_Vlwr)(Vupr_Vk)
VPk - (Vupr_Vlwr)

(2.30)
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V, is the voltage of the k" bus.
Npgg is the number of branches of the network.
The nominal voltage (Vxom) is the average of the upper (Viyr) and lower (V) voltage limits.

_ (Vupr+Vlwr)

Viom = — (2.31)
Calculating the voltage stability index (VSI) of a DN is one of the quickest and simplest
methods to ascertain the voltage stability of a DN [109], [110]. When power flows from bus j
to bus £, the VST of bus £ is denoted by

VSI(k) = Vi* — 4= {P(k) * X, — Q(k) * R,}* — 4= {P(k) R, — Q(k) = X, } x V7 (2.32)
Before and after DG integration, the VSI characteristics of a network have been compared
graphically in this work.

If VPEI is more than unity, the system is producing voltage profile improvement after DG

allocation.

2.7.2. Benefit Cost Ratio (BCR) due to DG integration
After optimal DG allocation, the BCR of the DN is given by

BCR = [otal Benefitpg (2.33)

Total Costpg
The variables Total Benefitp; and Total Costp; are the total benefit derived and cost
involved of the system in USD, respectively.

Total Costpg = Cost yyp + Cost py (2.34)
Cost ynp and Cost py represent the costs of wind and PV power generation, respectively.
The total benefit of the DN (Total Benefitpg) is given by

Total Benefitpg = {Poyr * PLF + (PLy /o — PLy )} * YRspan * 8760 % C x CCPR  (2.35)
P, 1s the total power output from PV and wind based DGs. The cost for generating power is
Cy. The plant factor is PLTF. The active power losses of the DN without and with DG
allocation are denoted by PLy, o and PLy,, respectively. If BCR is more than unity, the system

is producing financial gains after DG allocation.

2.7.3. Emission benefit index (ECBI) due to DG integration
The energy crisis presents a serious problem for modern society. Sustainable development is
seen as one of the main corrective actions in this regard. As a result of the present energy crisis,
the production of electricity is shifting away from fossil fuels and towards renewable energy

sources. Furthermore, the harmful contaminants produced by fossil fuels, such as COx, NOy,
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iiif)

and particulate matter, are detrimental to the environment. By incorporating DGs into a radial
network, the consumption of fossil fuels will be decreased, thereby reducing the emission of
the aforementioned pollutants.

The emission cost benefit index is given by:

ECBI — ECwithout D6 —ECwith DG (236)

ECwithout DG

ECyithout pc and ECyitn pe represent the emission costs with and without DG integration in

the DNs, respectively. Using the following equation, their values are calculated.

YRspan 1
EC = thzzi EM * EMCOSI: * m (237)

EM_,: represents the cost per tonne of CO; emitted by fossil fuels. disc is the rate of discount.
The following equation gives the quantity of CO, emitted (EM).
EM = EFgriq * Gpow (2.38)
The main grid's emission factor and power output are denoted by the variables EFy,;q and
Gpow- A value of ECBI that is greater than zero indicates that there is an increase in emission
benefit.

2.8. Operational Constraints
The objective function OF should be maximised as it consists of improvements that adhere to
the following technical constraints.
Bus voltage limit constraint:
Vipr £ Vie < Vi (2.39)
Line power flow limit constraint:
PFLjjn. < PFLT}SY (2.40)
PFLjjp, is the line power flow. PFL}Y is the maximum line power flow limit.
Power generation limit constraint of the main generator:
Pemin < Pe < Pomax (2.41)
P; is the active power generated by the main generator. Pg ;45 and Pg p;p, are its limits.
Qomin < Q6 < Qg max (242)
Qg 1s the reactive power generated by the main generator. Qg jax and Qg min are its limits.
Power generation limit constraint of PV based DG:
Ppymin < Ppv < Ppy max (2.43)
Ppy 1s the power output of PV based DG. Ppy i and Ppy g, are the its limits.

Power generation limit of wind turbine:

Pwind,min < Pwind < Pwind,max (2-44)
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Pyying 1s the power output of PV based DG. P,,ing min and Py ing max are the its limits.

2.9. Specifications of PV and wind-based DG

The specifications of PV and wind-based DG used to simulate the following test cases are given

in Table 2.0.1. The values of different parameters in the table are taken from the reference

[111].
Table 2.0.1. Specifications of PV and wind-based DG
Parameter | Value | Parameter Value Parameter Value Parameter Value
€om 0-10 INVCpy 1388USD/kW Inse 6.5A q 1.6x10° C
1000
c 15% M 10 USD/ton o W/m?, L1
s o .
mED N or ey, cost CO, N 192.917 !
W/m?
910 kg 1.38x10"
INR 10% EFgriq K c, 0.058
CO,/MWh B J/K
120
IFL 5% Cy Ty 298K C3 1.15
USD/MWh
20%, 1% of
disc, r PLF 0.25 AMCpy d; 2 USD/KkW
12% INVCpy
VR 10 4 m/s, 14 m/s ; 1150 vy 090011
Vg, Uy, U, Vi 9pu,l.1pu
spar years e and 24 m/s v USD/kW e
kpen and
HWRCPV 0 S5and 7 Pwind,min 0 kW PPV,min 0 kW
kres
Pwind,max 30% of
Vioc 21V T, 288K from a single | 1100 kW Ppy max connected
wind turbine load

2.10. Case studies and their analysis

In order to study the effectiveness of PV and wind based DGs on the technical, economic, and

environmental benefits of the DNs, two case studies are presented in this section which are as

follows:
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Case Study #2.1: Optimal single, twin, and triple point allocation of deterministic PV-based
DGs at the IEEE 33 and 69 bus DNs for the location of Jammu & Kashmir, India

Case Study #2.2: Optimal sizing and single, twin, and triple point allocation of probabilistic
PV and wind-based DGs at the IEEE 85 and 141 bus DNs

Each of the said case studies are elaborated in the following subsections.

2.10.1. Case Study #2.1: Optimal single, twin, and triple point allocation of
deterministic PV-based DGs at the IEEE 33 and 69 bus DNs for the location
of Jammu & Kashmir, India

Case Study Description: This case study aims at determining the optimal points of PV based
DG injection using Jaya algorithm with an objective of increasing the technical, economic, and
environmental benefits of DNs. The capacity of PV based DG has been calculated by
deterministic approach for the location of Kashmir, India. PV-based distributed generators are
injected at single, double, and triple points in conventional IEEE 33 bus and 69 bus test

systems.
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Step 1: Initialize number of iterations (nir).
number of population(s,:)

A4

Step 9: Perform steps 4 to 8 for population (#7,,).

Check for the line limits. Store the values in

array.

1 the

Step2: Determine the power output of PV based DG for the location
Jammu & Kashmir, India

|

l

Step 3: Perform load-flow without considering PV based DG. Determine the

Step 10: Step 9: Identify the location points of
DG to be injected of the current population
corresponding to the best and worst OFs

voltage profile and network power loss.

Step 11: Is the solution

corresponding to XJ'.k‘ibEtter than

Kjgei 7 -
—
¥ ¥
Step 4: Determine the single/double/triple location points of DG to be Accept & Keep the
injected based on the following equation replace the previous
. — - revi soluti
Xfer = Xyppea + T (Kppeses = | Xjwei 1) = 720X worse previous selution
solution
e 1
¢ * pe ¥
Step 5: Again, perform load-flow post PV
based DG injection. Step 12: s the
NO P o
termination condition
satisfied?
- Go to Step 4 ™
v - i

Step 6: Check for operational constraints voltage
limits, line power flow and active power flow limit
of the main generator

|

Step 7: Re-determine the voltage profile and network
power loss. Calculate the value of the objective
function @F based on VPEIL, BCR, & ECBI.

Step 13: Report the optimum solution of the objective function
OF based on VPEI, BCR, & ECBI

Step 8: Store the the single/double/triple location points of DG

!

Fig. 2.1.1. Problem-specific flowchart showing Jaya algorithm applied to the problem defined under the Case-
Study# 2.1

The simulation work is done in MATLAB v8.3. The configuration of the PC used is Intel(R)
Core (TM) 13-7100 CPU @ 3.91 GHz, 4 GB DDR3 RAM. The calculated power output of the
PV array is divided equally in three optimal points of standard IEEE 33 bus & 69 bus DNs for
triple point DG injection. The same power is divided equally into two halves in case of twin
point DG injection. Now, the optimal points will be calculated by means of Jaya algorithm with
an objective of maximizing the technical, economic & environmental benefits subjected to the
operating constraints as discussed in Section 2.8. The number of iterations & population are
taken as 100 & 50 respectively.

The parameters given in Table 2.0.1. are used to determine the power output from the PV
array. The site of the selection is in Srinagar, India. 348.34 kW is the estimated power output
of the PV array that has been injected to the IEEE 33-bus test system. The computed power
output for the IEEE 69-bus test system is 1006.7 kW.
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2.10.1.1. Subcase #2.1.1: Single point PV-based DG allocation
The results of single point deterministic PV-based DG allocation for IEEE 33 and 69 bus DNs
are given in Table 2.1.1. The overall objective functions for the said bus systems are 1.1172

and 2.4649, respectively. The reductions in the active power losses of the said bus DNs are

19.53% and 22.95%, respectively.

Table 2.1.1. Results of single point deterministic PV-based DG injection in case of standard IEEE 33

and 69 bus test DNs (Subcase #2.1.1) using the Jaya Algorithm under the Case-Study# 2.1
Test DN Points of DG | VPEI | BCR ECBI OF PLy,o PLy, (kW)
injection (kW)

IEEE 33 bus 17 1.1594 | 2.1067 | 0.0889 | 1.1172 201.89 162.46
DN

IEEE 69 bus 64 1.0934 | 6.0603 | 0.2483 | 2.4649 224.59 173.04
DN

2.10.1.2. Subcase #2.1.2: Twin point PV-based DG allocation

Table 2.1.2 shows the results of twin point deterministic PV-based DG allocation for IEEE 33
and 69 bus DNs. The overall objective functions for the said bus systems are 1.1220 and 2.4678,
respectively. The reductions in the active power losses of the said bus DNs are 20.56% and

22.90%, respectively.

Table 2.1.2. Results of twin point deterministic PV-based DG injection in case of standard IEEE 33

and 69 bus test DNs (Subcase #2.1.2) using the Jaya Algorithm under the Case-Study# 2.1
Test DN Points of DG | VPEI | BCR ECBI OF PLy PLy (kW)
injection (kW)

IEEE 33 bus 18, 33 1.1394 | 2.1412 | 0.0889 | 1.1220 201.89 160.39
DN

IEEE 69 bus 61,64 1.0947 | 6.0677 | 0.2483 | 2.4678 224.59 173.15
DN
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2.10.1.3.
The results of triple point deterministic PV-based DG injection are given in Table 2.1.3. The
overall objective functions for the said bus systems are 1.1245 and 2.4686 for the IEEE 33 and
69 bus DN, respectively. The reductions in the active power losses of the DNs are 20.55% and

51%, respectively.

Subcase #2.1.3: Triple point PV-based DG allocation

Table 2.1.3. Results of triple point deterministic PV-based DG injection in case of standard IEEE 33
and 69 bus test DNs using the Jaya Algorithm under the Case-Study# 2.1
Test DN Points of DG | VPEI | BCR ECBI OF PLy,o PLy, (kW)
injection (kW)
IEEE 33 bus 17, 18, 33 1.1467 | 2.1412 | 0.0889 | 1.1245 201.89 160.39
DN
IEEE 69 bus 61,62,64 1.0944 | 6.0703 | 0.2483 | 2.4686 224.59 110.04
DN

The improvements in the VSI characteristics are shown in Fig. 2.1.2.
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2.10.2. Case Study #2.2: Optimal sizing and single, twin, and triple point
allocation of probabilistic PV and wind-based DGs at the IEEE 85 and 141
bus DNs

Case Study Description: This case study examines the benefits of radial DNs obtained by
integrating PV and wind-based DGs. that are simultaneously sized and allocated optimally. In
standard IEEE 85 and 141 bus test systems, DGs based on photovoltaic and wind energy are
injected at single, double, and triple points. The intermittent natures of PV and wind are
characterized using Beta and Weibull probability density functions.

In this case study, single-point, double-point, or triple-points of standard IEEE 85 and 141 bus
radial DNs are optimally injected with PV, wind, or a combination of both types of DGs.
MATLAB v7.0 with the MATPOWER v7.0 power flow tool extension is used for the
simulation procedure, in an Intel Core 17 9750H, 2.60 GHz and 24 GB of RAM. PV and wind-
based DGs have various installed capabilities for single, double, and triple point injections. The
corresponding injected power for single-point injections is reduced to half for double-point
injections and one-third for triple-point injections. This is done to make sure that the total power
injected from the DGs is in proportion to the power coming from the grid.

As a result, the authors have considered the penetration capacities of PV and wind power for
different DG injection points. The highest installed capacity of wind-based DG for single-point
allocation is set to 1100 kW. Likewise, for each test bus system under consideration, the
maximum installed capacity of PV for single point allocation is set to 30% of the total load
demand. When double-point DG allocation (“PV+PV” or “WIND+WIND”) is done, the
maximum installed capacity for wind-based distributed generation is set at 550 kW, while the
maximum installed capacity for photovoltaic systems is 15% of the total network load demand.
The maximum installed capacities of wind and PV-based DGs for triple-point DG injection
(“PV+PV+PV” or “WIND+WIND+WIND”) are determined to be 366.67 kW and 10% of the

total network load demand, respectively.
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Fig. 2.2.1. Problem-specific flowchart showing Jaya algorithm applied to the problem defined in case-study# 2.2

The problem of determining the optimal DG penetration levels and allocation points by
optimizing the benefits to the economy, environment, and technology is solved using the Jaya
algorithm. The AQO, CSA, PSO, LPSO, RPSO, and PSO-SR algorithms are compared. The
Jaya algorithm's effectiveness is evaluated in determining the ideal DG allocation points at
IEEE 85 and 141 bus test systems. The problem-specific flowchart is given in Fig. 2.2.1. Nine

test scenarios of different combinations of PV and wind based DGs are injected at the IEEE 85

and 141 bus test systems that are elaborated in the following sub-sections.

2.10.2.1.

Table 2.2.1. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for single point PV based DG injection using Jaya algorithm.
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Table 2.2.1. Results of single point PV-based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.1) using Jaya

Subcase #2.2.2: Single point wind injection

Injected
PL Optimal
PLy 0 W | value of Computation
Case Test DN | VPEI BCR ECBI OF DG point of Time(secs)
kW ime(secs
W) (kW) injection
(kW)
IEEE
g5 14.4880 | 4.4255 | 0.2756 | 6.3898 | 316.14 | 226.99 | 706.53 52 24.65
PV
IEEE
141 1.1572 | 17.8764 | 0.2809 | 6.4317 | 629.06 | 371.07 | 3262.30 44 36.88
2.10.2.2.

Table 2.2.2. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for single point wind-based DG injection using Jaya
algorithm.

Jaya Algorithm under Case Study #2.2

Table 2.2.2. Results of single point wind-based DG injection for at the IEEE 85 and 141 bus DNs (Subcase #2.2.2) using

Subcase #2.2.3: Twin point PV injection

Injected
PL Optimal
Test PLy 0 W | value of Computation
Case DN VPEI | BCR ECBI OF DG point of Time(secs)
kW ime(secs
W) (kW) injection
(kW)
IEEE | 18.96 | 30.025 209.2
0.4096 | 16.4518 | 316.14 1075.70 48 80.22
85 98 4 7
WIND
IEEE | 1.054 | 30.411 532.0
0.0827 | 10.5058 | 629.06 939.46 86 137.12
141 6 5 8
2.10.2.3.

Table 2.5.3. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for double point PV-based DG injection using Jaya algorithm.

Table 2.2.3. Results of double point PV based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.3) using Jaya

Algorithm under Case Study #2.2

Injected
PL Optimal
Test PLy 0 w value of Computation
Case VPEI BCR ECBI OF point of
DN (KW) KW DG Time(secs)
(kW) injection
(kW)
IEEE 361.80 50
PV+PV 14.9050 4.6281 0.2873 | 6.6002 | 316.14 | 222.02 2891
85 373.51 53
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IEEE

1675.20 46
1.1616 18.6367 | 0.2931 | 6.6904 | 629.06 | 360.96 37.55
141 1729.40 63
2.10.2.4. Subcase #2.2.4: Twin point WIND injection

Table 2.2.4. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for double point wind-based DG injection using Jaya

algorithm.

Table 2.2.4. Results of double point wind-based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.4) using Jaya
Algorithm under Case Study #2.2

Injected
PL Optimal
Test PLy o w value of Computation
Case DN VPEI BCR ECBI OF DG point of Time(secs)
kW ime(secs
W) (kW) injection
(kW)
IEEE 534.88 53
WIND 17.7866 | 31.5148 | 0.3916 | 16.5477 | 316.14 192.70 25.52
85 472.14 68
JF
IEEE 264.03 86
WIND 1.0353 | 30.7510 | 0.0525 | 10.6023 | 629.06 565.23 34.51
141 329.59 87
2.10.2.5. Subcase #2.2.5: Twin point PV and WIND injection

Table 2.2.5. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for double point PV and wind-based DG injection using Jaya

algorithm.

Table 2.2.5. Results of double point PV and wind-based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.5) using
Jaya Algorithm under Case Study #2.2

Injected
PL Optimal
PLy o W | value of Computation
Case Test DN | VPEI BCR ECBI OF DG point of Time(secs)
kW ime(secs
W) (kW) injection
(kW)
IEEE 349.59 52
15.0959 | 5.8481 | 0.2931 | 7.0719 | 316.14 | 220.41 72.04
85 400.82 49
PV+WIND
IEEE 1735 87
1.1181 | 14.4898 | 0.1944 | 5.2622 | 629.06 | 429.24 60.97
141 501.72 67
2.10.2.6. Subcase #2.2.6: Triple point PV, PV, and PV injection

Table 2.2.6. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple point PV-based DG injection using Jaya algorithm.
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Table 2.2.6. Results of triple point PV-based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.6) using Jaya
Algorithm under Case Study #2.2

Injected
PL Optimal
Test PLy 0 w value of Computation
Case VPEI BCR ECBI OF point of
DN (kW) KW DG Time(secs)
(kW) injection
(kW)
256.28 50
IEEE
g5 15.0030 49723 0.3025 | 6.7525 | 316.14 | 209.10 256.67 53 29.54
PV+PV+ 253.33 70
PV 1186.60 80
IEEE
141 1.1713 19.2839 | 0.3047 | 6.9130 | 629.06 | 357.96 | 1188.40 29 36.05
1173.00 50
2.10.2.7. Subcase #2.2.7: Triple point WIND, WIND, and WIND injection

Table 2.2.7. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple point wind-based DG injection using Jaya algorithm.

Table 2.2.7. Results of triple point wind-based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.7) using Jaya
Algorithm under Case Study #2.2
Injected
Test PLy o w value of Computation
Case DN VPEI BCR ECBI OF DG point of Time(secs)
KW ime(secs
W) (kW) injection

(kW)
317.65 53

WIND | IEEE

g5 16.5975 | 32.8396 | 0.3456 | 16.5776 | 316.14 200.35 278.14 70 29.58
+

286.10 48

WIND
101.92 52

+ IEEE
1.0219 | 30.9320 | 0.0322 | 10.6514 | 629.06 588.96 128.36 87 35.94

WIND 141

132.85 85
2.10.2.8. Subcase #2.2.8: Triple point PV, PV, and WIND injection

Table 2.2.8. shows the values of the network indices, active power losses, optimal points of
injection, and computation times for triple PV, PV, and wind-based DG injection using Jaya

algorithm.
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Table 2.2.8. Results of triple point PV, PV, and wind-based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.8)

using Jaya Algorithm under Case Study #2.2

Injecte
PL Optimal
Test PLy 0 w d value Computation
Case VPEI BCR ECBI OF point of
DN (kW) KW of DG Time(secs)
(kW) injection
(kW)
219.36 50
PV IEEE
g5 15.4390 6.1045 0.3033 | 7.2750 | 316.14 | 217.80 | 215.00 35 51.18
+
342.79 53
PV
1187.1 79
+ IEEE
1.1361 17.7055 | 0.2312 | 6.3512 | 629.06 | 398.85 | 1170.3 85 61.38
WIND 141
309.39 68
2.10.2.9. Subcase #2.2.9: Triple point WIND, WIND, and PV injection

Table 2.2.9. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple wind, wind, and PV-based DG injection using Jaya

algorithm.

Table 2.2.9. Results of triple point wind, wind, and PV-based DG injection at the IEEE 85 and 141 bus DNs (Subcase #2.2.9)

using Jaya Algorithm under Case Study #2.2

Injected
PL Optimal
Test PLy o W | value of Computation
Case DN VPEI BCR ECBI OF DG point of Time(secs)
kW ime(secs
W) (kW) injection
(kW)
326.20 45
WIND IEEE
45 16.3214 | 6.1604 | 0.3285 | 7.5958 | 316.14 | 212.63 | 333.78 52 49.01
+
184.91 51
WIND
1172.20 80
+ IEEE
1.1376 | 17.8081 | 0.2343 | 6.3869 | 629.06 | 396.50 | 1186.30 86 75.03
PV 141
345.58 64
2.10.2.10. Result analysis of Case Study #2.2

Fig. 2.2.2. and Fig. 2.2.3. show the comparative chart of the network indices and network active

power losses, respectively, for the IEEE 85 bus DN. The highest VPEI, BCR, ECBI, and OF

are obtained for the test cases
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respectively. The lowest VPEI, BCR, ECBI, and OF are obtained for the test case “PV” with
values of 14.488, 4.4255, 0.2756, and 6.3898, respectively. The highest active power loss
reduction of 39.05% is observed for the test case " WIND+WIND”.

Fig. 2.5.4. and Fig. 2.5.5. show the comparative chart of the network indices and network active
power losses, respectively, for the IEEE 141 bus DN. The highest VPEI, BCR, ECBI, and OF
are obtained for the test cases “PV+PV+PV”, “WIND+WIND+WIND”, “PV+PV+PV”, and
“WIND+WIND+WIND”, respectively, of values 1.1713, 30.9320, 0.3047, and 10.6514,
respectively. The lowest VPEI, BCR, ECBI, and OF are obtained for the test cases
“WIND+WIND+WIND”, “PV+WIND”, “WIND+WIND+WIND”, and “PV+WIND”, with
values of 1.0219, 14.4898, 0.0322, and 5.2622, respectively. The highest active power loss
reduction of 43.10% is observed for the test case " PV+PV+PV”.

ANALYSIS OF VPEI, BCR, ECBI, AND OF FOR
STANDARD IEEE 85 BUS DN

mPV ®mPV+PV mPV+WIND mPV+PV+WIND m WIND+WIND+PV mWIND mPV+PV+PV mWIND+ m WIND+WIND
WIND+
WIND

17.7866
16.5477
31.5148

16.5975

15.0030 16.5776

32.8396
18.9698 6.7525

16.3214 16.4518

30.0254 7.5958

14.9050

14.4880

VPEI BCR ECBI OF

Fig. 2.2.2. Comparative chart of VPEI, BCR, ECBI, and OF obtained for IEEE 85 bus DN for all test scenarios under Case
Study #2.2
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Active power loss in kW for different cases in IEEE 85 bus DN

230.00
226.99
222.02
220.41
220.00 217.80
212.63
210.00 209.27 209.10
200.35
200.00
192.70
190.00
180.00
170.00
PV PV+PV PV+WIND PV+PV+WIND WIND+WIND+PV WIND PV+PV+PV WIND+ WIND+WIND
WIND+
WIND

Fig. 2.2.3. Comparative chart of active power loss for IEEE 85 bus DN for all test scenarios under Case Study #2.2

ANALYSIS OF VPEI, BCR, ECBI, AND OF FOR
STANDARD IEEE 141 BUS DN

= WIND+WIND+WIND m WIND+WIND m WIND = PV+WIND m PV+PV+WIND
m WIND+WIND+PV m PV m PV+PV m PV+PV+PV

19.2839
18.6367
17.8764
17.8081

17.7055
14.4898

30.4115 10.5058

30.7510

10.6023

30.9320

10.6514

VPEI BCR

Fig. 2.2.4. Comparative chart of VPEI, BCR, ECBI, and OF obtained for IEEE 141 bus DN for all test scenarios under Case
Study #2.2
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Active power loss in kW for different cases in IEEE 141 bus DN
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429.24
398.85 396.50
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WIND+
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Fig. 2.2.5. Comparative chart of active power loss for IEEE 141 bus DN for all test scenarios under Case Study #2.2

The convergence characteristics of the OF obtained by using different algorithms for twin point
PV-based DG allocation and twin point PV and wind-based DG allocation (PV+WIND) at the
IEEE 85 and 141 bus DNs are shown in Fig. 2.2.6. and Fig. 2.2.7., respectively. The
improvement in the VSI characteristics of the IEEE 141 bus DN for twin point PV and wind-
based DG allocation (PV+WIND) are shown in Fig. 2.2.8.
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Fig. 2.2.6. Convergence characteristics of the OF obtained by using different algorithms for twin point PV-based
DG allocation (PV+PV) at the IEEE 85 bus DN under the Case-Study# 2.2
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Fig. 2.2.7. Convergence characteristics of the OF obtained by using different algorithms for twin point PV and
wind-based DG allocation (PV+WIND) at the IEEE 141 bus DN under the Case-Study# 2.2
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Fig. 2.2.8. Improvement in the VSI characteristics of the IEEE 141 bus DN for twin point PV and wind-based
DG allocation (PV+WIND) under the Case-Study# 2.2

2.11. Performance of algorithms in comparison for Subcase #2.2.6

A comparative performance analysis of the algorithms is performed for one sub-case study
presented in Section 2.10 as an example. The sub-case study considered is Subcase #2.2.6,
which presents the effect of “PV+PV+PV” injection at the IEEE 141 bus DN.

The algorithms in comparison are PSO, LPSO, RPSO, PSO-SR, CSA, AQO, and Jaya. Each
algorithm is run for 50 trials.

The maximum, minimum, mean, and standard deviations are recorded for each algorithm. Fig.
2.2.9. shows a box-whiskers plot, also known as a box-plot, which graphically displays
differences in findings as boxes of different colors. A horizontal mark inside each box

represents the mean value, and the horizontal marks on the top of vertical lines outside the box
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represent the minimum and maximum values. The box range indicates the standard deviations,
and the whiskers range is the minimum and maximum values. Therefore, the inter-quartile
range is twice the standard deviation. From Fig. 2.2.9., it is evident that the 1st and 3rd quartiles
of the Jaya plot are significantly greater than PSO, LPSO, RPSO, PSOSR and CSA, but slightly
greater than AQO. The relative maximum, minimum, mean, and standard deviation values of
the OF using Jaya and other comparing algorithms are shown in Fig. 2.2.10. The mean
difference plot (Fig. 2.2.11) reveals the Jaya algorithm's superiority over the comparing

algorithms in terms of the OF.
Boxplot

PSO
LPSO
RPSO
PSO-SR
CSA
AQO
JAYA
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OF
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6.3

6.2

PSO LPSO RPSO PSO-SR CSA AQOD JAYA

ALGORITHM

Fig. 2.2.9. Relative box plots of the OF obtained by the algorithms for the case "PV+PV+PV" of the IEEE 141
bus under Case Study #2.2
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Relative SD, mean, maximum and minimum values of OF for the case "PV+PV+PV" of IEEE 141
bus using the algorithms in comparison

6.8899
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L iiizi
6
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12
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0.0000 1.0000 2.0000 3.0000 4.0000 5.0000 6.0000 7.0000 8.0000
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Fig. 2.2.10. Relative values of maximum, minimum, mean, and standard deviation of the OF obtained by the

algorithms in comparison for the case "PV+PV+PV" of the IEEE 141 bus under Case Study #2.2

m  MeanDiff (significant difference)
= MeanDiff (nonsignificant difference)

LPSC PSO

Lot rirrengl

Fig. 2.2.11. Mean difference plot of the OF obtained by different algorithm pairs for the case "PV+PV+PV" of
the IEEE 141 bus under Case Study #2.2
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Table. 2.2.10. Statistical results for the test case of "PV+PV+PV" of IEEE 141 bus of Case Study #2.2

Algorithms PSO LPSO RPSO | PSO-SR CSA AQO JAYA
Minimum OF 6.3138 6.2194 6.4148 6.4543 6.5696 6.7801 6.7801
Maximum OF 6.8508 6.5696 6.7281 6.8747 6.8951 6.9122 6.9130

Mean OF 6.5857 6.4470 6.6110 6.6798 6.7968 6.8703 6.8899

Standard Deviation of OF 0.1934 0.1240 0.0949 0.1265 0.1065 0.0520 0.0455

p-value* (Shapiro-Wilk test for
) 1.08e-05 | 3.17e-06 | 9.8e-05 | 0.000735 | 5.01e-07 | 1.32e-09 | 1.75e-11
normality) a=0.5

p-value* (Kolmogorov—
Smirnov test for normality) 0.000134 | 2.58e-08 | 5.21e-05 | 0.000571 | 4.96e-13 0 1.11e-16
0=0.5

Mean Rank (Kruskal-Wallis
113.77 54.15 117.45 150.99 212.49 274.26 305.39

non-parametric test) 0=0.5""

For each algorithm, the number of data samples has been set at 50.
Null hypothesis (Ho)- No statistical significance exists in a set of given observations.
* A probability that evaluates the evidence in contrast to the null hypothesis is referred to as the p-value. Evidence
against the null hypothesis is strengthened when it is supported by lower probabilities.
*Normality is rejected at the 0.05 level.

* The average rank across all of the observations in a given sample is what is referred to as the mean rank. When a
group's mean rank is higher than the overall average rank, the observation values in that group tend to be higher
than those of the other groups.

*The corrected o using Sidak correction method is 0.003414. Corrected o= 1-m\(1 - o) = 1 - 15V(1 - 0.05) =
0.003414.

m - the number of tests / pairs

The Shapiro-Wilk and Kolmogorov-Smirnov tests for normality have also been run to see if
the data follows a normal distribution. Table. 2.2.10. displays the results of these normality
tests, including the p-values for various scenarios. The threshold of 0.05 is used as the
confidence level ‘a’ for these tests. As can be seen, the p values for all possible outcomes are
less than the threshold value, indicating that the test rejects normality with a ninety-five percent
level of confidence. As a result, it's safe to say that the data did not come from a normal
distribution.

Kruskal-Wallis-H-ANOVA and post-hoc Dunn tests, have also been carried out in order to
better understand the comparative performance studies. The results of these tests are shown in
Table 2.2.10. and Table 2.2.11., respectively. Using the Kruskal-Wallis-H analysis of variance
(ANOVA) test, a comparative ranking of all the algorithms is produced. The test statistic H (to
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be treated as) is 247.22, which is outside the 95% confidence interval. The Kruskal-Wallis-H
test indicated that there is a significant difference in the dependent variable between the
different groups (x*(6) = 247.22, p < 0.001) with a mean rank score of 113.77 for PSO, 54.15
for LPSO, 117.45 for RPSO, 150.99 for PSO-SR, 212.49 for CSA, 274.26 for AQO, and 305.39

for Jaya.
Table. 2.2.11. Parametric comparison of algorithm pairs by post-hoc Dunn test for the test case of
"PV+PV+PV" of IEEE 141 bus under Case Study #2.2
Standard
Mean Rank Critical
Pair V4 Error p-value p-value/2
difference value
difference
PSO-LPSO 59.62 2.9497 0.003181 0.001591
PSO-RPSO -3.68 0.1821 0.8555 0.4278
PSO-
-37.22 1.8414 0.06556 0.03278
PSOSR
PSO-CSA -98.72 4.8841 0.000001039 5.20e-07
PSO-AOA -160.49 7.9401 2.00e-15 9.99¢-16
PSO-JAYA -191.62 9.4802 0 0
LPSO-
-63.3 3.1317 0.001738 0.0008689
RPSO
LPSO-
-96.84 4.7911 0.000001659 8.29¢-07
PSOSR
LPSO-CSA -158.34 7.8337 4.89¢-15 2.44e-15
LPSO-
-220.11 10.8898 0 0
AOA 20.2126 61.2579
LPSO-
-251.24 12.4299 0 0
JAYA
RPSO-
-33.54 1.6594 0.09704 0.04852
PSOSR
RPSO-CSA -95.04 4.702 0.000002576 | 0.000001288
RPSO-
-156.81 7.758 8.66e-15 4.33e-15
AOA
RPSO-
-187.94 9.2982 0 0
JAYA
PSOSR-
-61.5 3.0427 0.002345 0.001172
CSA
PSOSR-
-123.27 6.0987 1.07e-09 5.35e-10
AOA
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PSOSR-
-154.4 7.6388 2.18e-14 1.09¢-14

JAYA
CSA-AOA -61.77 3.056 0.002243 0.001121

CSA-JAYA -92.9 4.5962 0.000004304 | 0.000002152

AOA-
-31.13 1.5401 0.1235 0.06176

JAYA

" The z-value gives an indication of how the average rank of each group stacks up against the overall average
rank of all the observations.

= The greater the difference between a group's average rank and the general average rank, the higher the z value.
= A group's average rank being lower than the overall average rank is indicated by a negative z-value.
= A group's average rank being higher than the overall average rank is indicated by a positive z-value.

* Stronger evidence is presented against the null hypothesis with lower p-values.

2.12. Summary
This section presents the salient observations regarding the effectiveness of PV and wind based
DGs on the technical, economic, and environmental benefits of the DNs. These are presented
under each case study as follows:
Case Study #2.1: Optimal single, twin, and triple point allocation of deterministic PV-based
DGs at the IEEE 33 and 69 bus DNs for the location of Jammu & Kashmir, India
In this case study the optimal points of PV based DG injection are evaluated by deterministic
approach using Jaya algorithm with an objective of increasing the technical, economic, and
environmental benefits of DNs. PV-based distributed generators are injected at single, double,
and triple points at the IEEE 33 bus and 69 bus DNs. The objective function increases with the
increase in the number of injection points for the same amount of PV power being divided
equally between the points of injection. Taking the objective function of single-point injection
as the reference, the OF gets improved by 1.0043 and 1.0065 times for twin and triple point
injections for the IEEE 33 bus DN, respectively. Similarly, the OF for the IEEE 69 bus DN gets
improved by 1.0012 and 1.0015 for twin and triple point injections, respectively. It is observed
that significant improvement in the V.7 characteristics is observed when switched from single
point injection to twin point injection but the same is less when switched from twin point to
triple point injection.
Case Study #2.2: Optimal sizing and single, twin, and triple point allocation of probabilistic
PV and wind-based DGs at the IEEE 85 and 141 bus DNs
The maximum reduction in active power losses of IEEE 85 and 141 bus DNs is observed by

up to 39.05% and 43.10%, respectively. The maximum improvements in OF are up to 2.59 and
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2.02 times for IEEE 85 and 141 bus DNs, respectively, considering the corresponding worst
cases as references. Improvements in VPEI are observed by up to 1.31 and 1.15 times for IEEE
85 and 141 bus DNs, respectively, resulting in a better voltage profile and network stability.
Improvement in BCR is observed by up to 7.42 and 2.13 times for IEEE 85 and 141 bus DN,
respectively, resulting in better cost effectiveness and economic operation of the DNs.
Improvement in ECBI is seen by up to 1.49 and 9.46 times for IEEE 85 and 141 bus DN:s,
respectively, by lesser consumption of fossil fuel-based power, resulting in cleaner operation
of the DNs. Improvements in the VST characteristics are observed with probabilistic PV and
wind-based DG injection for all the test cases and test systems under consideration. From
Section 2.11., it is clear that the Jaya algorithm is robust, consistent, and superior to all the

algorithms in comparison.
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CHAPTER 3: Impact of BESS and SVC on DN sustainability

This chapter presents the impact of BESS and SVC along with PV and wind-based DGs on the

technical, economic, and environmental impacts of DNs.

3.1. Introduction

Energy can be stored in batteries for when it is needed. The BESS is an advanced technological
solution that allows energy storage in multiple ways for later use. Given the possibility that an
energy supply can experience fluctuations due to weather, blackouts, or for geopolitical
reasons, battery systems are vital for utilities, businesses and homes to achieve a continual
power flow. A BESS is no longer an afterthought or an add-on, but rather an important pillar
of any energy strategy, especially any energy strategy that makes use of renewable solar power.
Batteries can lessen the unpredictable nature of renewable energy by storing solar and wind-
based electricity generated for usage by integrating battery energy storage with PV systems.
This ensures an uninterrupted source of power at all times.

Reactive power compensation can lower power consumption, increase power quality,
maximize the capabilities of equipment for power generation and supply, and lower electricity
costs for consumers. It's an immediate solution that saves power and requires a lesser

expenditure.

3.2. Components, working and advantages of BESS

This section illustrates and describes the working of BESS.

. PV modules

' 'hotm‘ol[aic controller
_'_

Inverter
- Y AC load
. ———— s
‘|':'.."‘J E ) . |
T nergy storage system
- 2
Ty Fary DC load
Fan controller

Wind turbines
Fig. 3.0.1. Schematic diagram of BESS
A schematic diagram of BESS is shown in Fig. 3.0.1.
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A BESS captures energy from both renewable and non-renewable sources and stores it in
rechargeable batteries (storage devices) for future use. As a DC device, a BESS reduces any
imbalance between energy supply and demand by discharging electrochemical energy as
needed to fulfill electricity demand. BESS is a crucial technology for commercial and industrial
organizations due to the rise in renewable energy sources and the push for net zero carbon
emissions. Adopting BESS will help get closer to net zero emissions and offer an essential
direction in making the transition to green energy.

A BESS uses battery storage technology to store energy that is obtained from the electrical
grid, renewable energy sources like solar and/or wind power, and other sources. When
necessary, such as during peak demand, power interruptions, or grid balancing, the batteries
discharge to release energy. To enable the BESS to be connected to an electrical network, other
parts are needed in addition to the batteries. The primary component that converts electricity
between the DC battery terminals and the AC line voltage and permits power to flow both ways
to charge and discharge the battery is a bidirectional inverter, also known as a power conversion
system (PCS). Power in megawatt (MW) or kilowatt (kW) and energy in megawatt-hour
(MWh) or kilowatt-hour (kWh) ratings must be given for a BESS to be effectively constructed.
The advantages of BESS are as follows:

Improved use of renewable energy

The intermittent nature of renewable energy, especially PV and wind, gets reduced with
increased penetration of BESS in the network. Thus, the intermittent unconventional power
becomes usable

Backup power source

BESS serves as an emergency backup power supply when bad weather persists and, in certain
regions of the world, prolonged blackouts occur. This increases DNs' power and reliability.
Reduced dependence on the main power grid

One of the key advantages of BESS is that it reduces reliance on the main electrical power grid
by acting as a sole power source with increased penetration levels.

Reduced carbon footprint

Installing a BESS is a great approach to lessen carbon footprint as the globe works towards a
net zero carbon target. By using BESS to harness renewable energy, greenhouse gas emissions

are decreased and environmental pollution is mitigated, resulting in a lower carbon footprint.
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Long-term cost savings
Even though these are expensive to install, BESS provides significant long-term energy savings

that far exceed their costs over time.

The following are a few drawbacks of BESS:

High Initial Cost

The high initial cost of BESSs is one of the primary drawbacks that might have a substantial
upfront cost, particularly when installation expenses are considered.

Limited Capacity

The limited storage capacity of solar batteries may pose a challenge for households that need
to store large amounts of energy. Because these can be more costly, larger battery systems might
not be affordable for certain houses.

Maintenance Requirements

To guarantee maximum performance and longevity, BESSs need to be maintained on a regular
basis. This may entail keeping an eye on battery charge levels, doing routine maintenance, and
swapping out batteries when necessary.

Safety Concerns

If BESSs are not installed or maintained correctly, there may be safety risks. If BESSs are

broken or put in incorrectly which may overheat or catch fire.

3.3. Components, working and advantages of SVC
This section illustrates and describes the working of SVC. A static VAR compensator is a
parallelly connected reactive power absorber or generator. The output is changed to replace the
inductive or capacitive current, which controls or manages the corresponding current factors,
primarily the bus voltage and power factor. The gate-switching capabilities in thyristors is
necessary for a static VAR compensator operation. The thyristors' characteristics and
capabilities allow them to control the reactive impedance of the SVC. The fixed capacitor (FC),
thyristor switched capacitor (TSC), thyristor switched/controlled reactor (TSR/TCR), and
switching resistor (SR) are the essential components of this device. A schematic diagram of

SVC is shown in Fig. 3.0.2.
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Fig. 3.0.2. Schematic diagram of SVC

The SVC has a control system comprising of:

A distribution section that computes the firing angle and specifies when the TCR and TSC need
to be switched internally and externally.

A phase-locked loop that is synchronized with the pulse generator and the secondary voltage
levels, which transmits the necessary number of pulses to the thyristors, is part of the
synchronization section.

The positive voltage that needs to be controlled is calculated in a separate section.

A voltage control system that measures the difference in voltage levels between the reference

and the calculated values.

The advantages of SVC are follows:

Improves the voltage stability of DNs

The SVC quickly supplies reactive power to control voltage levels. In doing so, the system's
voltage is stabilized and the voltage fluctuations are reduced.

Power factor correction of DNs

SVC maintains the system's power factor at optimal levels by correcting the power factor using
reactive power control. As a result, the energy efficiency of DNs get improved.

Reactive Power Control of DNs

Because of its fast-electronic switching components, the SVC can supply or absorb reactive
power quickly. This offers quick response times along with improved power factor and voltage

stability.
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Fast Response Time
The benefits of SVC include improved energy system efficiency, decreased voltage
fluctuations, and more reliable and efficient system operation of DNs. In doing so, DN

performance gets improved and energy costs are reduced.

The following are a few drawbacks of SVCs:

Increased maintenance cost

SVC installation and commissioning may come with hefty upfront expenses. Adoption may be
hampered by this, especially in areas with tight budgets or for smaller utilities.

Requirements for Maintenance

Similar to other intricate electrical apparatus, SVCs necessitate routine upkeep to guarantee
peak efficiency. Maintenance tasks may result in downtime and related expenses.

Limited Capacity

Each SVC unit has a limited amount of capacity. Sometimes there might not be enough capacity
to handle significant problems with voltage stability throughout the whole power supply.
Complex Control Systems

SVC control systems can be complicated, requiring specialized staff for maintenance,
monitoring, and programming. The probability of errors or breakdowns in the control system

may rise according to its complexity.
3.4. Cost modelling of BESS
The cost of BESS [112] is given by

Cost ppss = INVCgpss * BESS yr + AMCppss * CCPR * Y Rgpan (3.1)

INVCggss and AMCgggs are the investment and annual maintenance costs of BESS,
respectively. The investment cost consists of the costs of the battery system, converter, and
installation. The annual maintenance cost includes expenses due to maintenance, replacement,

and energy.
3.5.Cost modelling of SVC
The cost of SVC [104] over the entire planning period is given by:

COSt svc — INVCSVC * QSVC + (AMCSVC * CCPR * YRspan) (32)
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Qsycis the reactive power output of the SVC in kVAR. INVCsy. and AMCsy. are the

investment and annual maintenance costs of the SVC, respectively.
3.6. Formulation of the objective function (OF) due to BESS/SVC integration

The components of the OF in equation 2.26 is redefined in this work due to integration of BESS
and SVC along with PV and wind-based DGs. These are explained in the following

subsections.

3.6.1. Voltage profile enhancement index (VPEI) due to BESS/SVC integration
The following equation describes the VPEI of a DN after optimal DG, BESS, and SVC
allocation.

VPE] = (VPDwith DG/BESS/SVC (3.3)

(VPDwithout DG/BESS/SVC

3.6.2. Benefit cost ratio (BCR) due to BESS/SVC integration
After optimal DG, BESS, and SVC allocation, the BCR of the DN is given by

Total Benefitpg/BESS/SVC
BCR = [BESS/ (3.4)
Total Costpg/BESs/svc

The variables Total Benefitp; and Total Costpg/pgss/svc are the total benefit derived and

cost involved of the DN in USD in presence of DG, BESS, and SVC, respectively.

Total Costpg/pess/svc = Cost wyyp + Cost py + Cost gy¢ 3.5
The total benefit of the network (Total Benefitpg/pgss) in USD is given by

Total Benefitpgpess/sve = {Pour * PLTF + (PLy 0 — PLy")} * YRgpan * 8760

Cpgen * CCPR (3.6)

P, is the total active power output in kW from DG and BESS. PLy,’ is the active power loss

of the network in kW in presence of DG, BESS, and SVC.

3.6.3. Emission cost benefit index (ECBI) due to BESS/SVC integration

The emission cost benefit index is given by:

ECwithout DG/BESS/svc—ECwith DG/BESs/svc
ECB] = —ithout DG/BESS With DG/BESS/ (3.7)
ECwithout DG/BESS/SVC

ECwithout p6/BEss/svc and ECy,itn pe/BEss/sve Tepresent the emission costs with and without

DG, BESS, and SVC integration in the DNs, respectively.
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3.7.0perational Constraints

The objective function OF must adhere to the following additional constraints along with the

constraints defined in equations 2.39 to 2.44.

1) Active power generation limits of BESS

Ppessmin < Ppess < Ppessmax (3.3

PgEss 1s the power output of BESS. Pgrgs min and Pgggs may are the minimum and maximum

limits.
i1) Reactive power generation limits of SVC
Qsvemin < Qsve = Qsvemax (3.9)

Qsyc 1s the reactive power generated by the main generator. Qsycmax andQsyc min are the

maximum and minimum limits.

3.8. Case studies under consideration

The following case studies of BESS and SVC integration with DG integrated DNs are

presented and their detailed analyses are discussed in the following subsections.

Case study#3.1: Optimal sizing and sitting of single, twin, and triple point allocation of
probabilistic PV, wind, and BESS at the IEEE 85 and 141 bus DNs

Case study #3.2: Optimal sizing and single, twin, and triple point allocation of PV, wind, and
SVC at the IEEE 141 bus and real-time 13 bus substation DNs considering renewables and

load uncertainties

Table 3.0.1. Data used for SVC/BESS Allocation

Parameter Value Parameter Value
15% of
INV Cggss 100USD/kW AMCggs INVC?BESS
0,
AMCgyc 3% of INVCsye 70 USD/KVAR
[Csyc
Pppssmaxs PeEssmin 1000 kW, 0 kW Qsvemaxs Qsvemin 100 kVAR, 0 kVAR

Table 3.0.1. presents the data used for BESS/SVC allocation [104]. The data of PV and wind-
based DGs are taken from Table 2.0.1.
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3.8.1. Case study#3.1: Optimal sizing and sitting of single, twin, and triple point
allocation of probabilistic PV, wind, and BESS at the IEEE 85 and 141 bus
DNss.

Case Study Description: This case study explores the impact of optimal sizing and single,
twin, and triple point allocation of PV, wind, and BESS at the IEEE 85 and 141 bus DNs. The
algorithms in comparison are PSO, LPSO, RPSO, PSO-SR, CSA, and Jaya. The probabilistic
natures of PV and wind are modelled using Beta and Weibull probability distribution functions,

respectively.

The simulation process is done in MATPOWER v7.0, Intel Core 17 9750H, 2.60 GHz and 8
GB RAM. Six different case studies, namely, “BESS”, “PV+BESS”, “WIND+BESS”,
“PV+PV+BESS”, “WIND+WIND+BESS”, and “PV+WIND+BESS”, are analyzed for each
of the two DNs. The said case studies are detailed in the sub-cases 3.1.1 to 3.1.6. The problem-
specific flowchart is shown in Fig. 3.1.1.

Stepl: Initialize number of iterations |

. B .
(nit), number of population(r;) Step 8: Perform steps 3 to 6 for

l population(ng).
Step 2: Initialize the DG/BESS locations and capacities
randomly for nit=1. Perform load flow & calculate

VPEI, BCR & ECBI & checking of the operational
constraints

Iteration starts for nit =2

Step 9: Identify the values of DG/BESS locations and
sizes of the current pepulation corresponding to the
best and worst OF

l —— Step 11: Is the solution T
Step 3: Modify the best & worst solutions of the locations <-"’ corresponding to Xfx better TT—
and sizes of DG and SVC in the population based on the T o _—
€ — than Xj . 7 —
equation — _—
Xipei = Xpsea + 111 (Xppeses — | Xpsea | ) = 72,40 sworses T
— | Xpwes D
YES NO
1 Accept & replace the Keep the previous
previous solution solution
Step 4: Perform load flow analysis based on the updated l l
values of DG/BESS locations and sizes
L
Step 5: Again, perform load-flow post DG/BESS _— \\\
injection & calculate the values of VPEI, BCR, ECBI, NO " T
” Step 12: Is the =
and OF " P " T
L termination condition =
‘\\ satisfied? //
Step 6: Check for operational constraints viz., voltage,
line power flow, main generator active/reactive
power flow, DG capacity and BESS capacity limits YES

Report the optimum solution

Fig. 3.1.1. Problem-specific flowchart showing Jaya Algorithm applied to the problem defined under the Case-Study# 3.1
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3.8.1.1. Subcase #3.1.1: Single point BESS injection

Table 3.1.1. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for single point BESS injection using Jaya algorithm.

Case Study #3.1

Table 3.1.1. Results of single point BESS injection at the IEEE 85 and 141 bus DNs (Subcase #3.1.1) using Jaya Algorithm under

pL PL,' | Injected value | Optimal C;):;:)[:lut
Sub-Case DN VPEI BCR ECBI OF kv”(/" of DG/BESS | pointof | ..
(kW) (kW) (kW) injection
(secs)
IEEE 1164814 | 24.1122 | 03336 | 13628 | 3161 2145 861.37 48 26.08
85 8 4 0
BESS
IEEE 1.0191 | 23.6487 | 0.0279 | 8.2237 | 629.0 | 594.1 315.11 51 38.83
141 6 1

3.8.1.2. Subcase #3.1.2: Twin point PV and BESS injection

Table 3.1.2. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for twin point PV and BESS injection using Jaya algorithm.

Table 3.1.2. Results of twin point PV+BESS injection at the IEEE 85 and 141 bus DNs (Subcase #3.1.2) using Jaya Algorithm under

Case Study #3.1

PL PLy,’' {,l;llflcetf:; Optimal | Computat
Sub-Case | DN VPEI BCR ECBI OF w/o point of | ion Time
(kW) DG/BESS | .. .
(kW) (kW) injection (secs)
IEEE 377.02 53
Y 163893 | 6.1257 | 0.3281 | 7.6068 | 316.14 | 216.11 pLipe - 26.91
PV+BESS
IEEE 1777.00 49
141 1.1121 13.9516 | 0.1831 | 5.0771 | 629.06 | 438.30 196,28 %0 40.03

3.8.1.3. Subcase #3.1.3: Twin point wind and BESS injection

Table 3.1.3. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for twin point wind and BESS injection using Jaya algorithm.
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Table 3.1.3. Results of twin point WIND+BESS injection at the IEEE 85 and 141 bus DNs (Subcase #3.1.3) using Jaya

Algorithm under Case Study #3.1

Injected Comput
PL.., Optimal
Sub- PLy o w value of ation
DN VPEI BCR ECBI OF point of
Case (kW) KW DG/BES Time
(kW) injection
S (kW) (secs)
H%];:E 13.6375 | 44.5237 | 0.2650 | 19.4559 | 316.14 | 221.65 651728607 ;2 25.75
WIND+ :
BESS
IEEE 872.18 50
141 1.0653 359192 | 0.1016 | 12.3497 | 629.06 | 513.04 285 57 43 35.59

3.8.1.4. Subcase #3.1.4: Triple point PV, PV, and BESS injection

Table 3.1.4. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple PV, PV, and BESS injection using Jaya algorithm.

Table 3.1.4. Results of triple point PV+PV+BESS injection at the IEEE 85 and 141 bus DNs (Subcase #3.1.4) using Jaya

Algorithm under Case Study #3.1

Sub- PL PLy’ Iv?lfncetfg Optimal C;:;:)Tt
DN VPEI BCR ECBI OF w/o point of .
Case (kW) (kW) DG/BESS injection Time
(kW) (secs)
246.69 53
IEEE "\ 130634 | 55330 | 02625 | 65467 | 31614 | 2249 20101 50 25.73
85 0 217.03 46
PV4PV+ :
BESS p— o | 117940 87
| 122 | 156233 | 02036 | 5644l | 62006 | 886.90 79 34.64
276.05 67

3.8.1.5. Subcase #3.1.5: Triple point wind, wind, and BESS injection

Table 3.1.5. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple wind, wind, and BESS injection using Jaya

algorithm.
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Table 3.1.5. Results of triple point WIND+WIND+BESS injection at the IEEE 85 and 141 bus DNs (Subcase #3.1.5)
using Jaya Algorithm under Case Study #3.1
Sub- | oo VPEL scr | car | oF | Plwo PLy’ Iv?li?ﬁ Op.ti;“ai! th;)tlz)[:lu
Case W) | (ow) | DG/BES D ion | Time
s&w) |™ (secs)
WIND 343.77 63
+ I%F;E 15.5926 | 42.1591 | 0.3320 19';’41 316.14 | 20148 | 331.61 52 26.04
168.50 32
WIND
+ 327.07 86
H;:flE 1.0414 | 39.1233 | 0.0623 13'6395 629.06 | 554.84 | 35525 87 36.7
BESS 23.81 123

3.8.1.6. Subcase #3.1.6: Triple point PV, wind, and BESS injection

Table 3.1.6. shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple PV, wind, and BESS injection using Jaya algorithm.

Table 3.1.6. Results of triple point PV+WIND-+BESS injection at the IEEE 85 and 141 bus DNs (Subcase #3.1.6) using Jaya
Algorithm under Case Study #3.1

PL PLy’ Ivlylic:i(; Optimal (igg:&u
Sub-Case DN VPEI BCR ECBI OF w/o point of .
(kW) (kW) DG/BES injection Time
S (kW) (secs)
245.63 14
IEEE | 160568 | 8.0301 | 03448 | 8.1357 | 31614 | 2902 | 33826 52 26.8
85 ! 301.48 49
PV+WIND+ :
BESS IEEE 4687 | 113250 >0
or | 10022 | 133800 | 01470 | 48682 | 629.06 | *°; 209,46 46 38.25
249,98 80

3.8.1.7. Result analysis of Case Study #3.1

The result analysis of the Case Study #3.1 is presented in this sub-section for all the sub-cases

of the IEEE 85 and 141 bus systems under consideration.

IEEE 85 bus DN

Fig. 3.1.2. and Fig. 3.1.3. show the comparative chart of the network indices and network active
power losses, respectively, for the IEEE 85 bus DN. The highest VPEI, BCR, ECBI, and OF
are obtained for the test cases “BESS”, “WIND+BESS”, “PV+WIND+BESS”, and
“WIND+BESS”, respectively, of values 16.4814, 44.5237, 0.3448, and 19.4559, respectively.
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The lowest VPEI, BCR, ECBI, and OF are obtained for the test case “WIND+BESS”,
“PV+PV+BESS”, “PV+PV+BESS”, and “PV+PV+BESS” with values of 13.6375, 5.5339,
0.2625, and 6.5467, respectively. The highest active power loss reduction of 36.27% is
observed for the test case " WIND+WIND+BESS”.

= WIND+WIND+BESS = PV+WIND+BESS m BESS m PV+BESS m WIND+BESS m PV+PV+BESS
13.8634

13.6375 19.4559

16.3893

24.1122

13.6288

16.4814

16.0568

42.1591
19.3419

15.5926

VPEI BCR ECBI

Fig. 3.1.2. Comparative chart showing VPEI, BCR, ECBI, and OF obtained for IEEE 85 bus DN for all test scenarios
under Case Study #3.1
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Fig. 3.1.3. Comparative chart showing active power loss for IEEE 85 bus DN for all test scenarios under Case Study #3.1

IEEE 141 bus DN

Fig. 3.1.4. and Fig. 3.1.5. show the comparative chart of the network indices and network active
power losses, respectively, for the IEEE 141 bus DN. The highest VPEI, BCR, ECBI, and OF
are obtained for the test cases “PV+PV+BESS”, “WIND+WIND+BESS”, “PV+PV+BESS”,
and “WIND+WIND+BESS”, respectively, of values 1.1222, 39.1233, 0.2036, and 13.3956,
respectively. The lowest VPEI, BCR, ECBI, and OF are obtained for the test cases “BESS”,
“PV+WIND+BESS”, “BESS”, and “PV+WIND+BESS”, with values of 1.0191, 13.3800,
0.0279, and 4.8682, respectively. The highest active power loss reduction of 33.26% is
observed for the test case “PV+PV+BESS”.
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Fig. 3.1.4. Comparative chart showing VPEI, BCR, ECBI, and OF obtained for IEEE 141 bus DN for all test scenarios under
Case Study #3.1
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Fig. 3.1.5. Comparative chart showing active power loss for IEEE 141 bus DN for all test scenarios under Case Study #3.1
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Fig. 3.1.7. Relative convergence characteristics of the objective function after PV+WIND+BESS allocation at IEEE 85 bus
under the Case-Study# 3.1
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Fig. 3.1.8. V'SI characteristics before and after PV+BESS allocation at IEEE 141 bus under the Case-Study# 3.1

52 i . . ' z i : . !
] =10 ||
5F —— LPSO |
RPSO
— PSO-SR
a8tk —— CSA-LF | |
o JAYA
4_5 _I -
&5 4.4 =
[
4.2 n
4 |
3.8 .
3_5 i i 4 i 'l i B 4 i
[u] 20 40 &0 80 100 120 140 160 180 200
Iteration

Fig. 3.1.9. Relative convergence characteristics of the objective function after PV+BESS allocation at IEEE 141 bus under the
Case-Study# 3.1
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The convergence characteristics of the OF obtained by using different algorithms for triple
point PV, wind, and BESS allocation (PV+WIND-+BESS) and twin point PV and BESS
allocation (PV+BESS) at the IEEE 85 and 141 bus DNs are shown in Fig. 3.1.7. and Fig. 3.1.9.,
respectively as examples. Likewise, the improvement in the VST characteristics of the IEEE 85
bus DN triple point PV, wind, and BESS (PV+WIND+BESS) allocation and the IEEE 141 bus
DN for twin point PV and BESS allocation (PV+BESS) are shown in Fig. 3.1.6. and Fig. 3.1.8.,

respectively.

3.8.2. Case study #3.2: Optimal sizing and single, twin, and triple point allocation
of PV, wind, and SVC at the IEEE 141 bus and real-time 13 bus substation

DNs considering renewables and load uncertainties

Case Study Description: This case study explores the impact of optimal sizing and single,
twin, and triple point allocation of PV, wind, and SVC at the IEEE 141 bus and real-time 13
bus substation DNs. The algorithms in comparison are PSO, LPSO, RPSO, PSO-SR, CSA,
COA, and Jaya. The probabilistic natures of PV and wind are modelled using Beta and Weibull
probability distribution functions, respectively. The uncertain nature of load is modelled using
normal probability distribution function. The simulation process is done in MATPOWER v7.0,
Intel Core 17 9750H, 2.60 GHz and 24 GB RAM. Eight different case studies, namely, “PV”,
“WIND”, “PV+SVC”, “WIND+SVC”, “PV+PV+SVC(C”, “PV+SVC+SVC”,
“WIND+WIND+SVC”, and “WIND+SVC+SVC”, are analyzed for each of the two DNs. The

said case studies are detailed in the sub-cases 3.2.1 to 3.2.8.

The problem-specific flowchart is shown in Fig. 3.2.1.
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Step1l: Initialize number of iterations
(nit), number of population(n,)

l

Step 2: Initialize the PV/wind-based DG and SVC
locations randomly for nit=1. Perform load flow &
calculate VPEI, BCR & ECBI & checking of the
operational constraints

Iteration starts for nit =2

Step 3: Modify the best & worst solutions of the locations
and sizes of DG and SVC in the population based on the

equation
Xipi = Xjpi + T‘l,j,i(X;,bes‘t,i - |Xj,k,£ I ) — 12,;,i(Xjworst.i
= [ Xei D

L

Step 4: Perform load flow analysis based on the updated
values of DG and SVC locations and sizes

A

Step 5: Again, perform load-flow post PV/Wind based
DG injection & calculate the values of VPEI, BCR, ECBI,
and OF

Step 8: Perform steps 3 to 6 for
population(n).

A

Step 9: Identify the values of DG/SVC locations and

sizes of the current population corresponding to the
best and worst OF

r

Step 11: Is the solution
corresponding to Xj, ;better
than X;,.; ?

YES

L

Accept & replace the
previous solution

NO

A
Keep the previous
solution

! |

NO

Step 12: Is the

A 4

Step 6: Check for operational constraints viz., voltage,
line power flow, main generator active/reactive
power flow, DG capacity and SVC capacity limits

termination condition
satisfied?

Report the optimum solution

Fig. 3.2.1. Problem-specific flowchart showing Jaya algorithm applied to the problem defined under the Case-
Study# 3.2

3.8.2.1. Subcase #3.2.1: Single point PV injection

Table 3.2.1 shows the values of the network

injection, and computation times for single po
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Table 3.2.1. Results of single point PV based DG injection at the IEEE 141 bus and 13 bus Maharashtra substation DNs (Subcase
#3.2.1) using Jaya Algorithm under Case Study #3.2

pL. Values of Optimal Comput
- w .
Sub DN veer | Bcr | Ecar | orF | Pwro DG (kW) | intof | 2ton
Case (kW) (kW) /ISVC iniection Time
(kVAR) J (secs)
IEEE 141 1.1393 | 11.6194 | 0.2421 | 4.3293 6269'0 3966'5 2801.00 76 18.93
PV 13 bus 1.9898 | 14.4266 | 0.2592 | 5.553 3(1160' 1258' 8272.40 9 16.82

3.8.2.2. Subcase #3.2.2: Single point wind injection

Table 3.2.2 shows the values of the network indices, active power losses, optimal points of
injection, and computation times for single point wind-based DG injection using Jaya

algorithm.

Table 3.2.2. Results of single point wind-based DG injection at the IEEE 141 bus and 13 bus Maharashtra substation DNs
(Subcase #3.2.2) using Jaya Algorithm under Case Study #3.2

Values Ol;tllm Comp
PLy,,’ of DG . .
(Sj“b' DN VPEI BCR ECBI OF P i{‘;ﬁo (kW) p‘"f“t “;2;::]"“
e kW (kW) /SVC in?ecti (secse)
(kVAR) | ™
on
IEEE 141 1.0185 | 31.0076 | 0.0270 | 10.6737 | 629.06 | 59521 | 304.30 51 55.65
WIND | 13 bus 13579 | 52.8113 | 0.0486 | 18.0546 | 3010.16 | 2517.50 | 1283.20 8 20.44

3.8.2.3. Subcase #3.2.3: Twin point PV and SVC injection

Table 3.2.3 shows the values of the network indices, active power losses, optimal points of
injection, and computation times for twin point PV based DG and SVC injection using Jaya

algorithm.
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Table 3.2.3. Results of twin point PV based DG and SVC injection at the IEEE 141 bus and 13 bus Maharashtra substation DNs
(Subcase #3.2.3) using Jaya Algorithm under Case Study #3.2

Values of
) PLy,’ Optimal | Computati
Sub- N | weer | Ber | Ecr | oF | Plwo DG (kW) | intof | on Time
Case (kW) (kW) /SVC injection (secs)
(kVAR) J
IEEE 2882.10 79
141 1.1459 | 14.9269 | 0.2398 | 5.4321 629.06 388.68 55.28
PV 8.09 45
+ 13 8157.50 12
b 1.9499 | 20.0157 | 0.2246 | 7.3893 | 3010.16 1782.50 16.75
svc | °% 22.35 2
3.8.2.4. Subcase #3.2.4: Twin point wind and SVC injection
Table 3.2.4 shows the values of the network indices, active power losses, optimal points of
injection, and computation times for twin point wind-based DG and SVC injection using Jaya
algorithm.

Table 3.2.4. Results of twin point wind-based DG and SVC injection at the IEEE 141 bus and 13 bus Maharashtra substation

DNs (Subcase #3.2.4) using Jaya Algorithm under Case Study #3.2

pL Values of Optimal Comp
. w i
Sub DN veer | Bcr | Ecsr | oF | Ftwio DG (kW) | int of | Utation
Case (kW) (kW) /ISVC iniection Time
(kVAR) J (secs)
476.22 15
IEEE 141 1'27” 36.4004 | 0.1358 12'1570 6269'0 146.78 29.10
WIND 63.72 32
+ 2055.10 8
13 bus 1'5530 79.6754 | 0.0759 27'566 32160' 2295.40 17.61
SVC 72.20 9

3.8.2.5.8Subcase #3.2.5: Triple point PV, PV, and SVC injection

Table 3.2.5 shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple point PV, PV, and SVC injection using Jaya

algorithm.
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Table 3.2.5. Results of triple point PV, PV, and SVC injection at the IEEE 141 bus and 13 bus Maharashtra substation DN’
(Subcase #3.2.5) using Jaya Algorithm under Case Study #3.2

PLy,’ Values of Optimal
- w .
Sub- N | weer | Ber | Ecsr | oF | Plwro DG (kW) | it of | COMPutation
Case (kw) (kW) ISVC iniection Time (secs)
(kVAR) J
1720.30 49
IEEE
a1 | 11582 | 280641 | 02730 | 9.8219 | 629.06 | 36657 | 1549.90 60 58.43
12.86 46
PV+PV+
SVC 4135.00 8
131 26508 | 52.1328 | 0.2456 | 18327 | 30101 199460 | 3958.50 13 17.92
bus 7 6
40.16 6

3.8.2.6. Subcase #3.2.6: Triple point PV, SVC, and SVC injection

Table 3.2.6 shows the values of the network indices, active power losses, optimal points of

injection, and computation times for triple point PV, SVC, and SVC injection using Jaya

algorithm.

Table 3.2.6. Results of triple point PV, SVC, and SVC injection at the IEEE 141 bus and 13 bus Maharashtra substation DNs
(Subcase #3.2.6) using Jaya Algorithm under Case Study #3.2

Sub. oL PL,’ | Valuesof DG | Optimal | COmPU¢
Case | PN VPEI BCR ECBI OF k{;jo (kW) /SVC | pointof | .
(kW) (kW) (kVAR) | injection
(secs)
3482.70 76
IEEE
141 | 12782 | 17.8499 | 02871 | 64653 | 629.06 | 208.47 45.29 11 57.06
PV+ 6.35 43
SVC+ 9207.60 12
SVC bllfs 2.5568 | 22.4073 | 0.2842 | 8.4077 | 3010.16 | 1546.90 48.55 2 17.05
36.04 6
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3.8.2.7. Subcase #3.2.7: Triple point wind, wind, and SVC injection

Table 3.2.7 shows the values of the network indices, active power losses, optimal points of
injection, and computation times for triple point wind, wind, and SVC injection using Jaya

algorithm.

Table 3.2.7. Results of triple point wind, wind, and SVC injection at the IEEE 141 bus and 13 bus Maharashtra substation DNs
(Subcase #3.2.7) using Jaya Algorithm under Case Study #3.2

) PLy' Optimal Computat
?::ls)e oN | veer | Bcr | Ecai| oF |F é\v)vv/ 0 Va}‘s'ifé’f(l?&%w) pointof | ion Time
&W) | ew) injection (secs)
147.24 86
IEEE 41308 | 0.020 | 14.100 | 629.0 | 602.6
| 1o ; ) | p 0 85.10 80 54.67
40.75 51
WIND+
WIND+ 649.01 8
SVC
13 89.553 | 0.044 | 30.314 | 3010. | 2510.
b | 14354 5 ) ) 6 00 624.56 13 18.06
7.58 2

3.8.2.8.Subcase #3.2.8: Triple point wind, SVC, and SVC injection

Table 3.2.8 shows the values of the network indices, active power losses, optimal points of
injection, and computation times for triple point wind, SVC, and SVC injection using Jaya

algorithm.

Table 3.2.8. Results of triple point wind, SVC, and SVC injection at the IEEE 141 bus and 13 bus Maharashtra substation DNs
(Subcase #3.2.8) using Jaya Algorithm under Case Study #3.2

PL,’ Optimal | Comput
Sub- PLy o W | Values of DG (kW) . ation
f .
Case | DN | VPEL| BCR | ECBL)\ OF |,y &w) | /SVC(VAR) ill’l}’;'c‘:ign Time
(secs)
433.62 86
IEEE | 1.026 | 40.258 | 0.038 | 13.760 | 629.0 | 581.3
WIND Ll ) ; . . p 5 41.89 141 54.52
+ 37.46 103
SvC 13 bus 2787.80 8
substati
N on DN, 1.953 | 81.913 | 0.106 | 27.963 | 3010. | 1917. 141.75 D 1744
9 9 3 4 16 80
Mabhara

76 | Page




3.8.2.9. Result analysis of Case Study #3.2

The result analysis of the Case Study #3.2 is presented in this sub-section for all the sub-cases

of the IEEE 141 bus and 13 bus substation DNs.

[EEE 141 bus DN

Fig. 3.2.2. and Fig. 3.2.3. show the comparative chart of the network indices (VPEI, BCR,

ECBI, and OF) and network active power losses, respectively, for the IEEE 141 bus DN. The
highest VPEI, BCR, ECBI, and OF are obtained for the test cases “PV+SVC+SVC”,
“WIND+WIND+SVC”, “PV+SVC+SVC”, and “WIND+WIND+SVC”, respectively, of
values 1.2782, 41.3083, 0.2871, and 14.1001, respectively. The lowest VPEI, BCR, ECBI, and
OF are obtained for the test cases “WIND+WIND+SVC”, “PV”, “WIND+WIND+SVC”, and
“PV” with values of 1.0142, 11.6194, 0.0202, and 4.3293, respectively. The highest active
power loss reduction of 76.67% is observed for the test case " WIND+SVC”.

EWIND ®WIND+SVC m WIND+SVC+SVC = WIND+WIND+SVC mPV HPV+SVC B PV+SVC+SVC H PV+PV+SVC

12.5701

10.6737

OF VPEI

28.0641

17.8499

14.9269
11.6194

40.2581

36.4004

31.0076

BCR

0838
0.1358

ECBI

Fig. 3.2.2. Comparative chart showing VPEI, BCR, ECBI, and OF obtained for IEEE 141 bus DN for all test scenarios under

Case Study #3.2
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Fig. 3.2.3. Comparative chart showing active power loss for IEEE 141 bus DN for all test scenarios under Case Study #3.2

13 bus substation DN, Maharashtra, India

Fig. 3.2.4. and Fig. 3.2.5. show the comparative chart of the network indices (VPEI, BCR,
ECBI, and OF) and network active power losses, respectively, for the 13-bus substation DN,
Maharashtra. The highest VPEI, BCR, ECBI, and OF are obtained for the test cases
“PV+PV+SVC”, “WIND+WIND+SVC”, “PV+SVC+SVC”, and “WIND+WIND+SVC”,
respectively, of values 2.6598, 89.5539, 0.2842, and 30.3142, respectively. The lowest VPEI,
BCR, ECBI, and OF are obtained for the test cases “WIND”, “PV”, “WIND+WIND+SVC”,
and “PV” with values of 1.3579, 14.4266, 0.0442, and 5.553, respectively. The highest active
power loss reduction of 66.96% is observed for the test case " PV+PV+SVC”.
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EWIND mWIND+SVC mWIND+SVC+SVC m WIND+WIND+SVC mPV mPV+SVC BPV+SVC+SVC W PV+PV4SVC

18.3277 52.1328

8.4077 22.4073

7.3893 20,0157
5,553 14.4266

30.3142 89.5539

27.9634 81.9139

79.6754

18.0546 52.8113

OF VPEI BCR

Fig. 3.2.4. Comparative chart showing VPEI, BCR, ECBI, and OF obtained for 13 bus substation DN, Maharashtra for
all test scenarios under Case Study #3.2
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Fig. 3.2.5. Comparative chart showing active power loss for 13 bus substation DN, Maharashtra for all test scenarios

under Case Study #3.2
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3.9.Statistical analysis of the performance of algorithms in comparison for

Subcase #3.2.7

In this section, the consistency, robustness, and superiority of Jaya algorithm are analysed with
reference to the comparing algorithms, viz., PSO, LPSO, RPSO, PSO-SR, CSA, and COA.
Test case " WIND+WIND+SVC" of 13 bus substation DN (Subcase #3.2.7), Maharashtra has
been considered for analysis. Each algorithm had been executed for 50 independent trials. Their
maximum, minimum, mean, and standard deviations had been recorded. The box-whiskers plot
is shown in Fig. 3.2.6. The relative mean values of the OF using the Jaya algorithm and other
comparing algorithms are shown in Fig. 3.2.7. It means that there is a significant difference in
the OF obtained by the Jaya and other comparing algorithms.

Table 3.2.9. presents the p-values that resulted from doing these tests of normality and can be
concluded that none of the sample results acquired by each method follow a normal distribution
because of this reason.

The results of Kruskal-Wallis-H-ANOVA and post-hoc Dunn tests are reported in Table 3.2.9.
and Table 3.2.10. The test statistic H is 245.7901, which is outside the 95% confidence interval.
According to the results of the Kruskal-Wallis H test, there is a statistically significant
difference in the dependent variable between all of the distinct groups (x%(6) = 245.79, p <
.001) with a mean rank score of 77.2 for PSO, 110.41 for LPSO, 118.46 for RPSO, 135.9 for
PSO-SR, 194.24 for CSA, 266.79 for COA, and 325.5 for Jaya algorithm. The results of the
post-hoc Dunn's test, which used a Sidak-corrected alpha of 0.0034, suggested that there is a
significant difference between the mean ranks of the following pairs: PSO-CSA, PSO-COA,
PSO-JAYA, LPSO-CSA, LPSO-COA, LPSO-JAYA, RPSO-CSA, RPSO-COA, RPSO-
JAYA, PSOSR-COA, PSOSR-JAYA, CSA-COA, and CSA-JAYA.

Table 3.2.9. Statistical data recorded for the test case “WIND+WIND+SVC” of 13 bus substation DN using the Jaya

Algorithm, Maharashtra under Case Study #3.2 (Subcase #3.2.7)

Parameters PSO LPSO RPSO | PSO-SR CSA COA JAYA
Mean OF 27.5631 28.0124 28.3494 | 28.4447 29.3402 | 30.1792 | 30.3072
Standard Deviation (o) 0.8220 1.1636 1.0245 1.1706 1.0986 0.0295 0.0207
Max OF 28.5743 29.3367 29.9386 | 30.1341 30.1765 | 30.2051 | 30.3142
Min OF 26.2289 26.2289 27.3387 | 26.2289 26.2289 | 30.1341 | 30.2098
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p-value®
2.929e- 1.613e-
(Shapiro-Wilk test for 0.000006099 | 0.000007475 5 0.0004029 | 9.184e-8 | 2.591e-8 3
normality) a=0.5
p-value*
3.609¢- 3.786e- 1.755e-
(Kolmogorov—Smirnov test 0.00007735 0.0001108 . 0.0008607 ” " 0
for normality) 0=0.5
Mean Rank*
(Kruskal-Wallis non-parametric 77.2 110.41 118.46 135.9 194.24 266.79 3255
test) a=0.5""

For each algorithm, the number of data samples has been set at 50.

Null hypothesis (Ho)- No statistical significance exists in a set of given observations.

* A probability that evaluates the evidence in contrast to the null hypothesis is referred to as the p-value. Evidence against the
null hypothesis is strengthened when it is supported by lower probabilities.

“*Normality is rejected at the 0.05 level.

* The average rank across all of the observations in a given sample is what is referred to as the mean rank. When a group's
mean rank is higher than the overall average rank, the observation values in that group tend to be higher than those of the
other groups.

*The corrected a using Sidak correction method is 0.00244. Corrected o= 1-™V (1 - @) = 1 - 2V (1 - 0.05) = 0.00244.

m - the number of tests / pairs

Boxplot
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Fig. 3.2.6. Box-whiskers plot of OF using different algorithms for the test case “WIND+WIND+SVC” of 13 bus substation
DN, Maharashtra (Subcase #3.2.7) under Case Study #3.2
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Fig. 3.2.7. Mean values of OF using different algorithms for the test case “WIND+WIND+SVC” of 13 bus substation DN,
Mabharashtra (Subcase #3.2.7) under Case Study #3.2

Table 3.2.10. Parametric comparison of algorithm pairs by post-hoc Dunn test for the test case
“WIND+WIND+SVC” of 13 bus substation DN, Maharashtra (Subcase #3.2.7) under Case Study #3.2
) Mean Rank Critical
Pair ) Z SE p-value p-value/2
difference value
PSO-LPSO -33.21 1.648 20.1517 61.0733 0.09935 0.04968
PSO-RPSO -41.26 2.0475 20.1517 61.0733 0.04061 0.02031
PSO-PSOSR -58.7 2.9129 20.1517 61.0733 0.003581 0.00179
PSO-CSA -117.04 5.808 20.1517 61.0733 6.32e-09 3.16e-09
PSO-COA -189.59 9.4082 20.1517 61.0733 0 0
PSO-JAYA -248.3 12.3216 | 20.1517 61.0733 0 0
LPSO-RPSO -8.05 0.3995 20.1517 61.0733 0.6895 0.3448
LPSO-
-25.49 1.2649 20.1517 61.0733 0.2059 0.103
PSOSR
LPSO-CSA -83.83 4.16 20.1517 61.0733 0.00003183 0.00001592
LPSO-COA -156.38 7.7602 20.1517 61.0733 8.44e-15 4.22e-15
LPSO-JAYA -215.09 10.6736 | 20.1517 61.0733 0 0
RPSO-
-17.44 0.8654 20.1517 61.0733 0.3868 0.1934
PSOSR
RPSO-CSA -75.78 3.7605 20.1517 61.0733 0.0001696 0.00008479
RPSO-COA -148.33 7.3607 20.1517 61.0733 1.83e-13 9.15e-14
RPSO-JAYA -207.04 10.2741 | 20.1517 61.0733 0 0
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PSOSR-CSA -58.34 2.895 20.1517 61.0733 0.003791 0.001896
PSOSR-
-130.89 6.4952 20.1517 61.0733 8.2%-11 4.15e-11
COA
PSOSR-
-189.6 9.4087 20.1517 61.0733 0 0
JAYA
CSA-COA -72.55 3.6002 20.1517 61.0733 0.000318 0.000159
CSA-JAYA -131.26 6.5136 20.1517 61.0733 7.34e-11 3.67e-11
COA-JAYA -58.71 2.9134 20.1517 61.0733 0.003575 0.001788

* The z-value gives an indication of how the average rank of each group stacks up against the overall average

rank of all the observations.

= The greater the difference between a group's average rank and the general average rank, the higher the z

value.

= A group's average rank being lower than the overall average rank is indicated by a negative z-value.

= A group's average rank being higher than the overall average rank is indicated by a positive z-value.

+ Stronger evidence is presented against the null hypothesis with lower p-values.

3.10. Summary

This section presents the salient observations regarding the effectiveness of BESS and
SVC in presence of PV/wind-based DG on enhancing the technical, economic, and
environmental benefits of the DNs. These are presented under each case study as
follows:

Case study#3.1: Optimal sizing and sitting of single, twin, and triple point allocation
of probabilistic PV, wind, and BESS at the IEEE 85 and 141 bus DNs

In this case study, different optimal capacities and combinations of PV, wind, and BESS
are injected at optimal single, twin, and triple points of the IEEE 85 and 141 bus DN,
respectively. For all the test cases under study, the Jaya algorithm is found to be superior
in terms of the overall objective function among all the algorithms in comparison. Now,
the test cases corresponding to the highest objective function are “WIND-+BESS” and
“WIND+WIND+BESS” for the IEEE 85 and 141 bus DNs, respectively. The
improvements in the objective functions of the aforementioned test cases for the
specified bus system are 2.97 and 2.75 times, respectively, based on the corresponding
worst cases. All the said test cases showed individual improvements in terms of the
technical, economic, and environmental benefits of the IEEE 85 bus DN by 1.21, 8.05,
and 1.31 times, respectively, considering the corresponding worst cases as references.
Likewise, the technical, economic, and environmental improvements of the IEEE 141

83| Page




bus DN are 1.1, 2.92, and 7.3 times, respectively. The Jaya algorithm yielded the

highest overall objective among all the algorithms in comparison.

Case Study #3.2: Optimal sizing and single, twin, and triple point allocation of PV,
wind, and SVC at the IEEE 141 bus and real-time 13 bus substation DNs considering
renewables and load uncertainties

The maximum reduction in active power losses of IEEE 141bus and 13bus substation
DNs is observed by up to 76.67% and 66.96%, respectively. The maximum
improvements in OF are up to 3.26 and 5.46 for IEEE 141 bus and 13 bus substation
DNs, respectively, considering the corresponding worst cases as references after
optimal sizing and placement of DG and SVC. Improvements in VPEI are observed by
up to 1.26 and 1.96 times for IEEE 141 bus and 13 bus substation DNSs, respectively,
resulting in a better voltage profile and network stability. Improvement in BCR is
observed by up to 3.55 and 6.21 times for IEEE 141 bus and 13 bus substation DN,
respectively, resulting in better cost effectiveness and economic operation of the DNSs.
Improvement in ECBI is observed up to 14.21 and 6.43 times for the IEEE 141 bus and
13 bus substation DNs, respectively, by lesser consumption of fossil fuel-based power,
resulting in cleaner operation of the DNs. Improvements in the VSI characteristics are
observed with probabilistic PV and wind-based DG injection for all the test cases and
test systems under consideration. From Section 3.9, it is clear that the Jaya algorithm

is robust, consistent, and superior to all the algorithms in comparison.
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CHAPTER 4: Impact of EVs on DN sustainability

This chapter presents the impact of EVs on the technical, economic, and environmental impacts
of DNs. The penetration levels of the EVs at the DN charging station are varied and the optimal
distribution of the number of EVs, charge-discharge connectivity, and charge-discharge prices
for maximization of the said benefits are elaborately studied and graphically presented in this

chapter.
4.1. Introduction

An EV [113] is a car that can be powered by an electric motor that is externally charged and
runs on battery power. A plug-in hybrid EV (PEV) is a vehicle that can be powered by both an
internal combustion engine and an electric motor that runs on batteries. Alternatively, an EV

can be a vehicle that is powered only by an electric motor that runs on batteries.

An electric motor replaces the internal combustion engine in an all-electric car, is a battery EV
(BEVs). The car's electric motor is powered by a sizable traction battery pack, which means it
needs to be hooked into a wall outlet or EV supply equipment (EVSE) for charging. The car
does not have a tailpipe or conventional liquid fuel components like a fuel pump, fuel line, or

fuel tank as it is an EV.

Hybrid EVs (HEVs) are powered by an internal combustion engine in combination with one
or more electric motors that use energy stored in batteries. HEVs combine the benefits of high

fuel economy and low tailpipe emissions with the power and range of conventional vehicles.
4.2. EV global and Indian scenario

As the world shifts towards a sustainable future, EVs have become the go-to clean technology
for transportation [114]. Global demand for EV services has surged because to the surge in e-
commerce activities. To adjust to the new normal, EV services have embraced EVs and other
cutting-edge technologies. The adoption of EVs in India and the rest of the world is examined

in this article.

Since EVs' economics have greatly improved, these are now a competitive option to both CNG
and conventional gasoline or diesel-powered cars. The demand for EV logistics services has

increased due to the acceleration of the transition towards e-commerce caused by the COVID-
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19 pandemic. The adoption of EVs has been accelerated by this increased demand, with an

emphasis on efficiency and sustainability.

China holds the largest market share for EVs, with Norway having the highest percentage of
electric cars sold overall. In 2020, growth in several European EV markets was triple digits.
The United States has the third-largest EV market, but growth was only 4% in the previous
year. With the support of international government campaigns to encourage the use of zero-
emission vehicles, European nations such as the Netherlands are implementing zero-emission

zones for commercial vehicles.

There is pressure on a worldwide scale to give environmental initiatives top priority. As
organizations and vendors emphasize sustainable practices through green supply chain efforts,
the shift to electric cars for is to gain worldwide popularity, including in India. Adopted in
2015, the legally binding Paris Agreement is regarded by many as a major step in the right
direction toward resolving the world's climate issue. Its objective is to keep global warming
well below 2 degrees Celsius over pre-industrial levels. It will be supported by a transparent
framework for tracking and reporting progress as well as enhancing nations' capacity to adapt

to the effects of climate change.

Businesses may significantly contribute to environmental preservation by using electric freight
vehicles. BEVs have zero tailpipe emissions, which means they don't release hazardous gasses
like carbon dioxide and nitrogen oxide that worsen air pollution and contribute to climate
change. This is in contrast to conventional vehicles that generate harmful pollutants. BEVs can
drastically lower carbon emissions and enhance urban air quality. Additionally, lowering
reliance on fossil fuels can lessen greenhouse gas emissions, which will lessen the effects of
climate change. All things considered, the switch to BEVs is essential to foster a more

environmentally friendly and hygienic atmosphere.

Global enterprises must embrace the use of electric goods vehicles for environmental welfare.
Businesses may improve air quality, cut fuel costs, and lessen their carbon footprint by
implementing EVs. Adopting these eco-friendly procedures also helps companies maintain
their competitiveness in a market where customers are becoming more and more concerned
with sustainability. Businesses will support to benefit greatly in the long run from accepting

this change.
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It is anticipated that developments in battery and charging technology would result in additional
cost savings, increasing the appeal of commercial EVs in India. The current state of EV

adoption in India and around the world is highlighted below.

Current trends in India's deployment of EVs

Government Incentives:

A number of government programs are driving the fast evolution of India's EV adoption
situation. Buyers and manufacturers of EVs can get financial incentives under the Faster
Adoption and Manufacturing of Hybrid & Electric Vehicles (FAME) program. By 2030, the
Indian government wants thirty percent of all cars sold there to be electric. Approximately 25—

30% of India's EV fleets may use EVs by 2025.
Enterprises to prosper with EV fleets:

Owing to the long-term economic viability and ecological advantages of electric goods
vehicles, a number of logistics firms in India have already embraced them. For example, “Big
Basket” targets for 70% electrification by 2024, “Zomato” has promised 100% fleet
electrification by 2030, and “Amazon India” expects to have one million EVs in its delivery

fleet by 2030. The EV ecosystem has a large market opportunity because of this.
Global trends in the deployment of EVs:

Around the world, governments are moving to increase the demand in the next ten years for
EVs. Fuel efficiency standards have been set globally, and developing nations have
implemented legislation pertaining to EVs. Governments also provide purchasers and makers
of electric goods vehicles with subsidies and incentives. Globally, initiatives are in motion to

enhance infrastructure strategies and programs for rapid charging.
4.3. EV charging stations

A charging station [115] is a power supply device that provides electrical power for recharging
PEVs, including BEVs, electric trucks, electric buses, neighbourhood electric vehicles, and

plug-in hybrid vehicles. It is also referred to as a charge point or EVSE.

DC and AC charging stations are the two primary kinds of EV chargers. While most mains
electricity is supplied as AC from the power grid, electric car batteries can only be charged by

DC electricity. This is the reason why the majority of electric cars are equipped with an
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integrated AC-to-DC converter called an "onboard charger" (OBC). This onboard charger
receives grid electricity from an AC charging station, transforms it into DC power, and then
recharges the battery. DC chargers bypass size and weight limits by integrating the converter
into the charging station rather than the car, enabling higher power charging (which calls for

considerably larger AC-to-DC converters).

Connectors that meet multiple international standards are offered by charging stations. Multiple
connectors are a typical feature of DC charging stations, allowing them to charge a wide range

of vehicles that use conflicting standards.

Street side, shopping malls, government buildings, and other parking lots are common locations
for public charging stations. One can usually find private charging stations at hotels, offices,

and homes.

Fig. 4.0.1. shows a schematic diagram of an EV charging station having different types of EVs

connected to the main grid.

Q

Generating Station
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Fig. 4.0.1. Schematic diagram of an EV charging station having different types of EVs connected to the main
grid

4.4. Components of EVs
The different components of EVs are discussed in this subsection.
4.4.1. EV batteries

All EVs, viz., BEV, HEV, and PHEYV, require energy storage systems, which are typically

batteries.
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4.4.1.1. Types of EV batteries
The different types of EV batteries are discussed in this sub-section.
Lithium-ion batteries - As lithium-ion batteries have a higher energy density per unit mass
and volume than conventional electrical energy storage devices, these are currently found in
the majority of portable consumer gadgets, including laptops and cell phones. In addition, they
feature a long lifespan, minimal self-discharge, strong performance at high temperatures, a high
power-to-weight ratio, and high energy efficiency. Although the majority of lithium-ion battery
components may be recycled, the industry still faces difficulties with material recovery costs.
Lithium-ion batteries are used in the majority of modern PHEVs and all-electric cars, albeit
their precise chemistry is frequently different from that of batteries used in consumer devices.
In order to lower their relatively high cost, increase their usable life, utilize less cobalt, and
solve safety issues regarding different fault circumstances, research and development are still
ongoing.
Nickel-Metal Hydride Batteries - Commonly found in computer and medical equipment,
nickel-metal hydride batteries provide satisfactory specific energy and specific power
capacities. Compared to lead-acid batteries, nickel-metal hydride batteries are safe and resistant
to misuse, and have a far longer life cycle. HEVs have made extensive use of these batteries.
The primary drawbacks of nickel-metal hydride batteries are their high price, rapid rate of self-
discharge, tendency to produce heat at high temperatures, and requirement to regulate hydrogen
loss.
Lead-Acid Batteries - Lead-acid batteries are affordable, safe, reusable, and reliable. These
can be made to have a high-power capacity. However, their short calendar and lifetime, low
specific energy, and poor performance in frigid temperatures make them unusable. Although
more sophisticated high-power lead-acid batteries are being developed, supplementary loads
in commercially available electric-drive vehicles are the only applications for these batteries.
In order to cut down on idling at stops and save gasoline, these are also utilized in internal
combustion engine cars for stop-start capability.
Ultracapacitors - When voltage is applied, the contact between an electrode and an electrolyte
in ultracapacitors stores energy. The electrolyte-electrode surface area grows with an increase
in energy storage capacity. Ultracapacitors can deliver large amounts of power quickly because
of their extremely high-power density, which makes up for their poor energy density. In
addition to helping cars recover braking energy, ultracapacitors can give them more power

during acceleration and hill climbing. Because these assist electrochemical batteries in
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levelling load power, these may potentially prove valuable as supplementary energy-storage

devices in electric-drive cars.

4.4.2. EV charging cables

The EV and the charging station are connected by the charging cable. It transmits the electric
current to the EV's battery from the charging station. The effectiveness and speed of the
charging process might be impacted by the kind and quality of charging cable utilized. The
ease of use and security of the charging process might be impacted by the length and flexibility
of the charging wire. While a longer cable might be required for charging in an open space or
at a remote location, a shorter cable might be more practical for charging in a congested or
small environment. While a more flexible cable could be simpler to handle and store, it might
also be less strong and more prone to breaking. It's important to choose a charging cable that
works with the EV model and particular charging requirements. There are several safety risks
and potential harm to the EV's charging port when using an incompatible or broken charging
cable.

Fig. 4.0.2. shows a schematic diagram of components of an EV charging cable.

socket outlet
plug

cable

connector

vehicle inlet

Fig. 4.0.2. Schematic diagram of components of an EV charging cable

4.4.3. EV converter system
The numerous kinds of vehicles that are always in motion cause air pollution, global warming,
and resource depletion. Replacing conventional cars with EVs, hybrid cars, and fuel-cell
electric cars is one way to address these problems. There are two kinds of energy storage
devices used in hybrid and electric cars. The first is a rechargeable energy storage system
(RESS), which offers high power capability and reversibility, and the second is a multi-function

energy storage system (MESS), which is utilized to store high energy. RESS has a sophisticated
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regenerative braking and accelerating technology, while MESS offers a long driving range.
When configuring energy storage components with traction drive, vehicle engineers encounter
difficulties due to the high voltage of the DC link. The energy storage device modifies its output
voltage in response to load. Electrical powertrain components can be interfaced with the usage
of DC-DC converters.

Vehicle converters need to be compact, lightweight, dependable, efficient, and emit minimal
electromagnetic interference. The types of converters used in EVs are shown in Fig. 4.0.3. It
illustrates how a minimum of one DC-DC converter connects the fuel cell battery or
supercapacitors module to the DC link. Different energy sources, such as battery
supercapacitors and fuel cells, are used in EVs. EVs employ one or more energy storage
systems. This results in lower overall costs and volume while maintaining good performance.
Batteries and supercapacitors are two frequently utilized energy storage devices. Different fuel
cell stack configurations are used in these devices. Direct connections between two modules in
parallel—fuel cell and battery, fuel cell and supercapacitors, or battery and supercapacitors—
are the typical setup.

EN 3 .

Supercapacitor <3=">10C/T| QID . m DC/AC g
&

Battery RO DC/De @

DC Link

Transmission

Electric vehicle drive system.

Fig. 4.0.3. Schematic diagram of components of an EV drive system

4.4.4. EV battery charge controller
The charge controller that is utilized has a major impact on how intelligent an AC charging
station or infrastructure is. The main responsibility of a smart charge controller is to regulate
and keep an eye on an electrical vehicle's charging process.

The schematic diagram of the EV charge controller is given in Fig. 4.0.4.
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Fig. 4.0.4. Schematic diagram of components of an EV charge controller

4.5. Role of EVs in enhancing the sustainability of DNs
EVs have a lower environmental impact than conventional internal combustion engine vehicles
(ICEVs). The fact that it produces little to no tailpipe emissions is an advantage, even though
some components of their production may have comparable, decreased, or different
environmental implications. Additionally, they assist in lowering greenhouse gas emissions,
reducing reliance on petroleum, and lessening the negative health consequences of air and
environmental pollution. Because these provide a way to lower urban carbon dioxide (CO2)
emissions, there has been a discernible research focus in recent years on EV integration into
smart cities. Likewise, EVs can also act as power source like DGs when connected to DN
charging stations. When used with appropriate charge/discharge control management, EVs can
be used as sources of distributed energy storage and utilized to increase network performance

in terms of technical, economic, and environmental benefits.

4.6. EV charging-discharging cost
The EV can act both as a power source or load when connected to a DN. In an EV charging
station, a pool of different types of EVs are scheduled to charge and discharge at different

intervals.
4.6.1. EV charging cost (C,,s;) and rate (Cyq¢e)

The EV owners have to pay charging cost to the utility when they charge their EVs. The rate at
which electricity is transferred from the grid to the EV is called EV charging rate.
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4.6.2. EV discharging (grid-charging) cost (D, ) and rate (D, 4¢e)
Likewise, an EV owner may wish to discharge to the network if provided with an incentive or
discharge cost. The rate at which electricity is transferred from the EV to the grid is called EV
discharging/grid charging rate.

4.7.Formulation of the objective function (OF) due to EV integration
The components of the OF in equation 2.26 is redefined in this work due to integration of EV.

These are detailed in the following subsections.

4.7.1. Voltage profile enhancement index (VPEI) due to EV integration
The VPEI of the EV-integrated DN is given by the following equation:

VPEI — VPIwithEVcharging (41)

VPlwithout EV charging
Ifthe VPEI value is more than unity, the DN is getting technically improved in terms of voltage
after EV allocation. If VPEI is less than or equal to unity, then there is no technical
improvement due to EV integration with DN.
The steps of calculating VPEI and the VSI of the DN is same as equations 2.29 to 2.32 as
provided in Chapter 2.

4.7.2. Benefit cost ratio (BCR) due to EV integration
The benefit cost ratio of the EV-integrated DN is defined as follows.

BCR — Network cost benefit due to net grid power transfer

Cost of power transferred to EVs

CPgy26—CPG2EV
(FFrzelay (42)
G2EV

CPgy¢ 1s the cost of power transferred to the grid from the EVs during EV discharging in USD

over the entire planning horizon and is given by the following equation.
CPEVZG = (Drate * Dcost * Z?I:Tl Ndi * kWhi)) * CCPR * YRspan * 8760 (4-3)

N7 is the number of types of EVs considered.

CP;,py 1s the cost of power transferred to the EVs from the grid during EV charging in USD

over the entire planning horizon and is given by the following equation.

CPg2ev = (Crate * Ceost * L1y Ne, * kWR;) x CCPR * YRgpqp * 8760 (4.4)
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vi)

vii)

viii)

In this work, the discharge cost is assumed to be more than the charging cost to make the
network more financially beneficial.
If the BCR value is greater than unity, the system is creating financial gains after EV allocation;

otherwise, no economic benefit occurs.

4.7.3. Emission cost benefit index (ECBI) due to EV integration
The ECBI of the EV-integrated DN is given by the following equation:

ECBI — ECwithout EV—ECwith EV (4 5)
ECwithout EV

If the ECBI value is more than zero, the DN is deriving environmental benefits due to EV
integration. If ECBI is less than or equal to zero, then there is no environmental improvement
due to EV integration with DN.

The steps of calculating ECBI are same as equations 2.37 and 2.38 as provided in Chapter 2.

4.8. Operational Constraints

The objective function OF must adhere to the following additional constraints along with the

constraints defined by equations 2.39 to 2.42 given in Chapter 2.

EV discharging rate constraint:

Dyatemin < Drate < Dratemax (4.6)
Dy atemin a0d Dy gtemax are the minimum and maximum rates of EV discharging.

EV charging rate constraint:

Cratemin < Crate < Cratemax (4.7)
Cratemin ad Crgremax are the minimum and maximum rates of EV charging.

EV charging cost constraint:

Ceostmin < Ceost = Ccostmax (4.8)
Ceostmin ad Ceostmax are the minimum and maximum costs of EV charging.

EV discharging cost constraint:

Dcostmin S DCOSL' S Dcostmax (49)
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Dcostmin ad Dostmax are the minimum and maximum costs of EV discharging.
EV parking lot capacity constraint
Ntype—l + Ntype—z + Ntype—3 + Ntype—4 < Ncapacity (4-10)

Niype-1> Niype—2> Niype-3, and Niype_s are the optimal number of vehicles of each type

considered under study. Nigpqacity 18 the total capacity of the EV charging station parking lot.

4.9. Case studies under consideration
In order to study the effectiveness of EVs on enhancing the technical, economic, and
environmental benefits of the DN, a case study presented in this section which is as follows:
Case Study #4.1: Technical, economic, and environmental benefits by optimal location of EV
charging station, vehicle distribution, charge/discharge rates, and prices at the IEEE 85 and
141 bus DN
The data provided in Table 4.0.1 and Table 4.0.2 are taken from references [116] and [117],
respectively. The charge and discharge prices have been converted from RMB to USD as per
exchange values as of 3rd March 2021 (1IRMB=0.15484 USD).

Table 4.0.1. EVs used in the vehicle pool

Type Manufacturer EV Type Rated Battery
Capacity(kWh)
1 BYD E6 (Type 1) 57
2 BAIC BJEV EV 160 25.6
(Type 2)
3 GREELY NEW EV 300 453
ENERGY
(Type 3)
4 ZOTYE AUTO CLOUD 100S (Type 4) 18
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Table 4.0.2. Data used for finding the optimal location of EV

charging station and distribution of vehicle charging discharging

Variable Value Variable Value

D, atemin 2 kWhr Ceostmin 0.28 USD/kWhr
Dy atemax 3 kWhr Ceostmax 0.51 USD/kWhr
Cratemin 2 kWhr D.ostmin 0.28 USD/kWhr
Cratemax 6 kWhr Deostmax 0.51 USD/kWhr

4.9.1. Case study#4.1: Technical, economic, and environmental benefits by
optimal location of EV charging station, vehicle distribution,

charge/discharge rates, and prices at the IEEE 85 and 141 bus DN

Case study description: This case study examines how strategically placing a vehicle charging
station can enhance the technical, financial, and environmental advantages of DNs. The
benefits are obtained by optimal location of EV charging station, vehicle distribution,

charge/discharge rates, and prices at the IEEE 85 and 141 bus DNs.

The simulation work is performed using MATLAB R2014b v8.4 software. The hardware
specifications of the PC used are an Intel (R) Core (TM) 17-9750H hexacore CPU (2.60 GHz)
and 24 GB of 2666 MHz DDR4 RAM. Two IEEE radial bus systems, viz., 85 and 141, are
considered. The details of the vehicles and their parameters are provided in Table 4.0.1 and
Table 4.0.2, respectively. For each bus system, four EV penetration levels are considered: 40%,
60%, 80%, and 100%. For each penetration level, the parameters recorded are the net active
power injected, the total number of vehicles of each type (TV), the number of charging vehicles
of each type (CV), the number of discharging vehicles (DV) of each type, the optimal location
of the charging station, the optimal charging price, the optimal discharging price, active power
losses before and after EV penetration, OF, VPEI, BCR, ECBI, the computation time, and the
total capacity of the charging station. The algorithm that yielded the highest value is considered
the best of all the algorithms in comparison. The location corresponding to the best objective
is taken as the optimal location of the EV charging station. Each algorithm is executed for 100

iterations and 10 trials. The total number of candidates is taken as 50.

The problem-specific flowchart is presented in Fig. 4.1.1.
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Fig. 4.1.1. Problem-specific flowchart depicting the Jaya algorithm applied to the problem of EV charging
station allocation defined under the Case-Study# 4.1

4.9.1.1.Subcase #4.1.1: 40% EV penetration level

Table 4.1.1 shows the values of the network indices, active power losses, optimal point of EV
charging station allocation, EV charge discharge pricing, and EV charge-discharge distribution

with a penetration level of 40% for the IEEE 85 and 141 bus DN using Jaya algorithm.
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Table 4.1.1. Results of optimal charging station allocation at the test DNs with 40% EV penetration level
(Subcase #4.1.1) using Jaya Algorithm under the Case-Study# 4.1

Parameters IEEE 85 IEEE 141 Parameters IEEE 85 HIE:;E
Net Active Power 1200 1505 161 111
transferred (kW) DV Type

TV Type 1 103 191 CV Type 4 18 12

DV Type 1 93 172 Optimal 46 95

Location Point
10 19 Optimal 0.2853 0.2805
CV Type 1 Charging Price
(Ceost)
177 214 Optimal 0.5075 0.5097
TV Type 2 Discharging
Price (D;yst)
DV Type 2 159 193 OF 14.4618 8.3520
18 21 Active Power 232.29 556.98
CV Type 2 Losses
with EV (kW)
TV Type 3 21 72 VPEI 19.7462 1.0393
DV Type 3 19 65 BCR 23.2379  23.9159
CV Type 3 2 7 ECBI 0.4447 0.1258
TV Type 4 17 122 Computation 193.85 260.2

Time (secs)

4.9.1.2. Subcase #4.1.2: 60% EV penetration level

Table 4.1.2 shows the values of the network indices, active power losses, optimal point of EV

charging station allocation, EV charge discharge pricing, and EV charge-discharge distribution

with a penetration level of 60% for the IEEE 85 and 141 bus DN using Jaya algorithm.

Table 4.1.2. Results of optimal charging station allocation at the test DNs with 60% EV penetration level

(Subcase #4.1.2) using Jaya Algorithm under the Case-Study# 4.1

Parameters IEEE 85 IEEE 141 Parameters IEEE 85 IEEE 141
Net Active Power
1800 2255 DV Type 4 83 56
transferred (kW)
TV Type 1 482 194 CV Type 4 9 6
Optimal Location
DV Type 1 434 175 48 107

Point
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Optimal Charging

CV Type 1 48 19 0.2801 0.2819
Price (Cost)
Optimal
TV Type 2 40 33 Discharging Price 0.5081 0.5068
(Dcost)
DV Type 2 36 30 OF 16.1554 8.2509
Active Power
CV Type 2 4 3 Losses 237.08 529.05
with EV (kW)
TV Type 3 106 611 VPEI 24.4003 1.0574
DV Type 3 95 550 BCR 23.4635 23.5320
CV Type 3 11 61 ECBI 0.6509 0.1879
TV Type 4 92 62 Computation Time 198.16 290.27

(secs)

4.9.1.3.Subcase #4.1.3: 80% EV penetration level

Table 4.1.3 shows the values of the network indices, active power losses, optimal point of EV

charging station allocation, EV charge discharge pricing, and EV charge-discharge distribution

with a penetration level of 80% for the IEEE 85 and 141 bus DN using Jaya algorithm.

Table 4.1.3. Results of optimal charging station allocation at the test DNs with 80% EV penetration level

(Subcase #4.1.3) using Jaya Algorithm under the Case-Study# 4.1

Parameters IEEE 85 IEEE 141 Parameters IEEE 85 IEEE 141
Net Active Power
2400 3000 DV Type 4 67 442
transferred (kW)
TV Type 1 379 252 CV Type 4 7 49
Optimal Location
DV Type 1 341 227 32 84
Point
Optimal Charging
CV Type 1 38 25 0.2821 0.2802
Price (C.ost)
Optimal
TV Type 2 238 86 Discharging Price 0.5093 0.5078
(Dcost)
DV Type 2 214 77 OF 16.9672 8.3003
Active Power
CV Type 2 24 9 Losses 233.15 391.56
with EV (kW)
TV Type 3 269 371 VPEI 26.7767 1.151
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DV Type 3 242 334 BCR 23.3159 23.5167
CV Type 3 27 37 ECBI 0.8601 0.2583
Computation Time
TV Type 4 74 491 196.71 263.43
(secs)

4.9.1.4.Subcase #4.1.4: 100% EV penetration level

Table 4.1.4 shows the values of the network indices, active power losses, optimal point of EV

charging station allocation, EV charge discharge pricing, and EV charge-discharge distribution

with a penetration level of 100% for the IEEE 85 and 141 bus DN using Jaya algorithm.

Table 4.1.4. Results of optimal charging station allocation at the test DNs with 100% EV penetration level

(Subcase #4.1.4) using Jaya Algorithm under the Case-Study# 4.1

IEEE
Parameters IEEE 85 IEEE 141 Parameters IEEE 85 141
Net Active Power
3000 3755 DV Type 4 594 210
transferred (kW)
TV Type 1 184 614 CV Type 4 66 23
Optimal Location
DV Type 1 166 553 28 48
Point
Optimal Charging
CV Type 1 18 61 0.2803 0.2806
Price (C,ost)
Optimal
TV Type 2 190 630 Discharging Price 0.4984 0.5074
(Deost)
DV Type 2 171 567 OF 17.3969 8.3637
Active Power
CV Type 2 19 63 Losses 234.72 353.88
with EV (kW)
TV Type 3 166 23 VPEI 28.1385 1.1789
DV Type 3 149 21 BCR 23.0372  23.6157
CV Type 3 17 2 ECBI 1.0674 0.3216
Computation Time
TV Type 4 660 233 194.78 254.06

(secs)

4.9.1.5. Result analysis of Case Study #4.1

The results of the sub-cases 4.1.1. to 4.1.4. presented in Table 4.1.1 — Table 4.1.4 are analyzed

for every bus system under consideration.
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IEEE 85 bus DN

It is found that the highest value of the OF is obtained in the case of 100% EV penetration
(17.3969) and a minimum at 40% EV penetration (14.4618) from Fig. 4.1.3. The highest value
of VPEI is obtained in the case of 100% EV penetration (28.1385) and a minimum at 40%
penetration (19.7462). The highest value of BCR obtained in the case of 60% EV penetration
1s 23.4635, and the minimum is 23.0372 in the case of 100% penetration. The highest value of
ECBI obtained in the case of 100% EV penetration is 1.0674 and a minimum of 0.4447 in the
case of 40% penetration. From Fig. 4.1.2, the maximum active power losses of 237.08 kW
occurred at 60% penetration and a minimum of 232.28 kW at 40% penetration. The relative
distribution of charging and discharging vehicles of each type is shown in Fig. 4.1.4. The
maximum capacity of the vehicle pool for this case is taken as 1200. As per Fig. 4.1.5, the
minimum value of the optimal discharging price is obtained in the case of 100% EV
penetration, while the maximum value is obtained in the case of 80% EV penetration. Similarly,
from Fig. 4.1.6, the minimum value of the optimal charging price is obtained in the case of

60% EV penetration, while the maximum value is obtained in the case of 40% EV penetration.

IEEE 85 bus
3500
3000

3000
5500 2400
2000 1800
1000

500 232.29 237.08 233.15 234.73

o . I I I
40% 60% 80% 100%

H Net Active Power Injectected into the network
during vehicle charging/discharging (kW)

M Active Power Losses with EV penetration

Fig. 4.1.2. Comparison of active power transferred to the IEEE 85 bus DN due to EV discharge and losses for different penetration

levels under the Case-Study# 4.1
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Fig. 4.1.3. Comparison of OF, VPEI, BCR, and ECBI for different penetration levels at the IEEE 85 bus DN under the Case-Study#
4.1

IEEE 85 bus
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No of Discharging Vehicles Type 4
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Total Vehicle Type 4
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Fig 4.1.4. Distribution of the number of EVs of each type for different penetration levels at the IEEE 85 bus DN under the Case-
Study# 4.1
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IEEE 85 bus
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Fig. 4.1.5. Variation of optimal discharging price with increase in EV penetration level at the IEEE 85 bus network under the Case-

Study# 4.1
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Fig. 4.1.6. Variation of optimal charging price with increase in EV penetration level at the IEEE 85 bus network under the Case-
Study# 4.1
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IEEE 141 bus DN

From Fig. 4.1.8, the highest value of the OF is obtained in the case of 100% EV penetration
(8.3637) and a minimum of 8.2509 in the case of 60% penetration. The highest value of VPEI
is obtained in the case of 100% EV penetration (1.1789) and a minimum of 1.0393 in the case
of 40% penetration. The highest value of BCR is obtained in the case of 40% EV penetration
(23.9159) and a minimum of 23.5167 in the case of 80% penetration. The highest value of
ECBI is obtained at 100% EV penetration (0.3216) and a minimum of 0.1258 at 40%
penetration. From Fig. 4.1.7, the maximum active power losses of 556.98 kW occurred at 40%
penetration and a minimum of 353.88 kW at 100% penetration. The relative distribution of
charging and discharging vehicles of each type is shown in Fig. 4.1.9. The maximum capacity
of the vehicle pool for this case is taken as 1500. As per Fig. 4.2.10, the minimum value of the
optimal discharging price is obtained in the case of 60% EV penetration, while the maximum
value is obtained in the case of 40% EV penetration. Similarly, from Fig. 4.2.11, the minimum
value of the optimal charging price is obtained in the case of 80% EV penetration, while the

maximum value is obtained in the case of 60% EV penetration.

Figures 4.1.12 and 4.1.13 show the relative convergence characteristics of the PSO, LPSO,
RPSO, PSO-SR, CSA, and Jaya algorithms. In every case, the objective function yielded the
highest value in the Jaya algorithm. The corresponding VS improvement characteristics are
shown in the figures 4.1.14 and 4.1.15 of the IEEE 85 and 141 bus DNs for 80% and 100% EV
penetrations, respectively. The buses 9-16 and 26-85 showed marked improvement in the V.S7
for the IEEE 85 bus network. Likewise, the VST got markedly improved at buses 4-33, 43-53,
and 55-141 of the IEEE 141bus network. The maximum percentage improvements in the VS/
observed are 47.60% and 3.68% for the IEEE 85 and 141 bus networks, respectively.
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IEEE 141 bus

4000 3755
3500
3000

3000

2500 2255

2000

1505
1500

1000
556.98 529.05
391.56 353.88

500
) L] ] m N

40% 60% 80% 100%

m Net Active Power Injectected into the network M Active Power Losses with EV penetration
during vehicle charging/discharging (kW)

Fig. 4.1.7. Comparison of active power transferred due to EV discharge to the IEEE 141 bus DN and losses for different
penetration levels under the Case-Study# 4.1
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Fig. 4.1.8. Comparison of OF, VPEI, BCR and ECBI for different penetration levels at the IEEE 141 bus DN under the Case-
Study# 4.1
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No of Charging Vehicles Type 4
No of Discharging Vehicles Type 4
Total Vehicle Type 4

No of Charging Vehicles Type 3
No of Discharging Vehicles Type 3
Total Vehicle Type 3

No of Charging Vehicles Type 2
No of Discharging Vehicles Type 2
Total Vehicle Type 2

No of Charging Vehicles Type 1
No of Discharging Vehicles Type 1

Total Vehicle Type 1

0.51
0.5095
0.509
0.5085
0.508

0.5075

Discharging Price

0.507

0.5065
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Fig. 4.1.10. Variation of optimal discharging price with increase in EV penetration level at IEEE 141 bus network under the




0.282
0.2818
0.2816
0.2814
0.2812

0.281
0.2808
0.2806
0.2804
0.2802

0.28

Charging Price

20

IEEE 141 bus

0.2819

0.2806

0.28

0.2802

40 60 80 100 120

% EV Penetration Level

Fig. 4.1.11. Variation of optimal charging price with increase in EV penetration level at IEEE 141 bus network under the Case-
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Fig. 4.1.12. Relative convergence characteristics of algorithms under comparison (Case: 80% EV penetration at IEEE 85 bus)
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Fig. 4.1.15. VSI improvement characteristics (Case: Without EV & 100% EV penetration at IEEE 141 bus) under the Case-Study#
4.1

4.10. Statistical analysis of the performance of algorithms under comparison for
Subcase #4.1.4

A comparative performance analysis of the algorithms is performed for one sub-case study
presented in Section 4.10 as an example. The sub-case study considered is Subcase #4.1.4,

which presents the effect of EV at 100% penetration level at the IEEE 141 bus DN.

The algorithms in comparison are PSO, LPSO, RPSO, PSO-SR, CSA, and Jaya. Each

algorithm is run for 50 trials.

From the box-whiskers plot, as shown in Fig. 4.1.16, it is evident that all the quartiles of the
Jaya box-plot are significantly greater than PSO, LPSO, RPSO, PSOSR and CSA. The relative
maximum, minimum, mean, and standard deviation values of the OF using Jaya and other
comparing algorithms are shown in Fig. 4.1.17. The mean difference plot (Fig. 4.1.18) reveals

the Jaya algorithm's superiority over the comparing algorithms in terms of the OF.

Table 4.1.5 displays the results of Shapiro-Wilk and Kolmogorov-Smirnov normality tests,

including the p-values for various scenarios. It can be concluded that the data did not come

from a normal distribution.
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The results of the Kruskal-Wallis-H-ANOVA and post-hoc Dunn tests are shown in Table 4.1.5
and Table 4.1.6, respectively. The test statistic H (to be treated as) is 293.16, which is outside

the 95% confidence interval. The Kruskal-Wallis-H test indicated that there is a significant

difference in the dependent variable between the different groups (x*(5) = 293.16, p < 0.001)
with a mean rank score of 25.50 for PSO, 175.50 for LPSO, 75.50 for RPSO, 125.50 for PSO-
SR, 225.50 for CSA, and 275.50 for Jaya.
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Fig. 4.1.16. Relative box plots of the OF obtained by the algorithms for the case EV at 100%
penetration level at the IEEE 141 bus DN under Case Study #4.1 (Subcase #4.1.4)




CSA

PSO-SR

RPSO

LPSO

PSO
0.0076

0.0000 1.0000

2.0000

3.0000 4.0000 5.0000 6.0000 7.0000 8.0000

®MEAN ®=MINIMUM ®MAXIMUM ®SD
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by the algorithms in comparison for the case EV at 100% penetration level at the IEEE 141 bus DN
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Fig. 4.1.18. Mean difference plot of the OF obtained by different algorithm pairs for the case EV at
100% penetration level at the IEEE 141 bus DN under Case Study #4.1 (Subcase #4.1.4)
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Table. 4.1.5. Statistical results for the case EV at 100% penetration level at the IEEE 141 bus DN under Case
Study #4.1 (Subcase #4.1.4)

Algorithms PSO LPSO RPSO PSO-SR CSA JAYA
Minimum OF 7.3059 7.6590 7.4362 7.4857 8.2543 8.3625
Maximum OF 7.3271 7.7360 7.4727 7.4953 8.2683 8.3637

Mean OF 7.3226 7.7122 7.4587 7.4916 8.2626 8.3635
Standard Deviation of OF 0.0076 0.0316 0.0155 0.0043 0.0064 0.0004
p-value* (Shapiro-Wilk test
for normality) 0.5 2.477e-10  0.00002323  3.01e-8 4.622¢-9  4.624e-9  6.837e-13
p-value* (Kolmogorov—
Smirnov test for normality) 0 7.361e-14 0 0 0
a=0.5
Mean Rank (Kruskal-Wallis
25.50 175.50 75.50 125.50 225.50 275.50

non-parametric test) 0=0.5""

Table 4.1.6. Parametric comparison of algorithm pairs by post-hoc Dunn test for the test case EV at 100%
penetration level at the IEEE 141 bus DN under Case Study #4.1 (Subcase #4.1.4)

Mean Rank Standard Error
Pair difference V4 difference Critical value| p-value | p-value/2
PSO-LPSO -150 8.6824 0 0
PSO-RPSO -50 2.8941 0.003802 | 0.001901
PSO-PSOSR -100 5.7883 7.111e-9 | 3.555e-9
PSO-CSA -200 11.5766 0 0
PSO-JAYA -250 14.4707 0 0
LPSO-RPSO 100 5.7883 7.111e-9 | 3.555e-9
LPSO - PSOSR 50 2.8941 0.003802 | 0.001901
LPSO - CSA -50 2.8941 17.2763 50.5809 0.003802 | 0.001901
LPSO - JAYA -100 5.7883 7.111e-9 | 3.555e-9
RPSO - PSOSR -50 2.8941 0.003802 | 0.001901
RPSO - CSA -150 8.6824 0 0
RPSO - JAYA -200 11.5766 0 0
PSOSR - CSA -100 5.7883 7.111e-9 | 3.555e-9
PSOSR - JAYA -150 8.6824 0 0
CSA -JAYA -50 2.8941 0.003802 | 0.001901
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4.11. Summary

This section presents the salient observations regarding the effectiveness of EV integration with
varying penetration levels on the technical, economic, and environmental benefits of the IEEE

85 and 141 bus DNs.

An in-depth analysis has been performed in Case-Study 4.1, considering the IEEE 85 and 141
bus DNs. The relative technical, economic, and environmental impacts have been studied,
considering different levels of EV penetration. The conclusion of the work presented is

summarized as follows:

It is seen that the most beneficial test system configurations in terms of overall objective

(technical, economic, and environmental benefit) are:

a) IEEE 85 bus DN with 100% EV penetration
b) IEEE 141 bus DN with 100% EV penetration

The results of EV integration with the DNs show that the networks are getting technically,
economically, and environmentally benefitted consistently when the power is fed to the DNs
from the EVs. The VST of most of the buses in both the test systems under consideration
improved after optimal EV charging station allocation and the adoption of a charge-discharge
strategy. The active power losses of the networks get reduced when the net power transferred

from the EVs is positive because the EV charging station is working as a power source.

113 |Page




CHAPTER 5: Impact of Demand Response on DN’s

sustainability

This chapter presents the impact of DR on the technical, economic, and environmental impacts
of DNs. A demand-price elasticity-based DR is proposed for maximization of the said benefits

are elaborately studied and graphically presented in this chapter.
5.1. Introduction

DR is the process of persuading consumers to change their choice of electricity use when there
is more availability of electricity or when there is less overall demand [118]. This is usually
done through price adjustments or other financial incentives. DR is a crucial source of
flexibility for controlling the effects of variable renewable energy sources and rising power
demand on the stability and dependability of electrical networks, together with smart grids and

energy storage.

The “Net Zero Emissions” by 2050 scenario places increasing demands on the power grid due
to the electrification of end uses such as transportation and home heating, as well as the
widespread deployment of solar PV and wind power, the output of which varies with the
weather and time of day. DR and other similar technologies can help to mitigate these effects

and lessen the need for expensive new transmission and distribution infrastructure.

Utilizing connected devices, new digital technologies can assist in automating DR and
maximizing the potential of distributed energy resources like home energy storage systems,
rooftop solar panels, and EV batteries. However, policy implementation and technology

deployment must pick up speed in order to keep up with the Net Zero Scenario.
5.2. Objective of DR

DR gives users the chance to actively participate in the functioning of the electrical grid by
adjusting or lowering their peak-time electricity use in response to time-based pricing or other
types of monetary incentives. Some planners and operators of electric systems are using DR
programs as a resource to balance supply and demand. These initiatives have the potential to
reduce wholesale electricity prices, which would therefore result in reduced retail rates.
Offering time-based rates, such as time-of-use pricing, critical peak pricing, variable peak
pricing, real-time pricing, and critical peak rebates, is one way to get customers involved in

DR initiatives. It also consists of direct load control schemes, which allow electricity providers
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to switch on and off air-conditioners and water heaters during times of high demand in

exchange for a monetary reward and cheaper electricity costs.

DR programs are seen by the electric power sector as a resource choice that is becoming more
and more useful. Grid modernization initiatives have the potential to increase the capabilities
and impacts of these programs. For instance, sensors are able to identify issues with peak load
and use automatic switching to shift or cut electricity in key locations, eliminating the
possibility of overload and the subsequent power outage. The breadth of time-based pricing
plans that can be made available to customers is increased by advanced metering technology.
By providing information on their power consumption and expenses, smart customer systems
like home area networks and in-home displays can help consumers modify their behaviour and
cut down on peak time consumption. By reducing peak demand and postponing the
development of new power plants and power distribution systems, particularly those set aside
for usage during peak hours, these plans may also enable electricity providers to make financial

savings.
5.3. Types of DR

Inevitable facts like ever-increasing consumers and rapid growth of industries are leading to
uncontrolled increases in the electrical load. The grid operators must adopt DSM strategies to
maintain this precarious energy-load balance while complying with numerous operational
constraints. The generation capacity needs to be increased, but due to limited fossil fuel
reserves, it can be done with RES. PV, wind, etc. Besides, emissions from fossil fuels, viz.,
oxides of carbon, nitrogen, particulate matter, etc. have adverse effects on the environment and
need to be checked. One of the most essential and fruitful means to perform DSM is DR. It
allows consumers to reduce or shift their energy usage during peak load hours. There are two
main types of DR programs depicted in Fig. 5.0.1, namely time-based rate (TBR) and
incentive-based program (IBP). There are three types of TBR programs: time of use (TOU),
real-time pricing (RTP), and critical peak pricing (CPP). The IBP is classified into three types:
voluntary (Direct Load Control and Emergency DR Program), mandatory (Capacity Market
Program and Interruptible/Curtailable service), and market clearing (Demand

Bidding/Buyback and Ancillary Service Markets).
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Fig. 5.0.1. Chart depicting different DR schemes

5.4. Load modelling and hourly load data

There are two main categories of load models for DN analysis. These are static and dynamic
load models. Generally, power flow analysis is performed for static states and hence static load
model has been taken under consideration in this work. The static load has been expressed in

exponential form.
PL = PLO(VKO)W (5.1)

QL = QLo()™ (5.2)
np and nq stands for load components, PL, and QLjare nominal active and reactive powers at
nominal load bus voltage V,,. PL and QL are exponentially modelled active and reactive powers
at load bus voltage V,. The values of np and nq of different load components considered in
this study are taken from Table 5.0.1.

The types of loads connected to IEEE 33 and 69 networks are shown in Table 5.0.2, and Table
5.0.3, respectively [119].
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Table 5.0.1. Values of load components np and nq for different loads

Type of load Symbol np nq
Constant impedance L1 2.00 2.00
Constant current L2 1.00 1.00
Constant power L3 0.00 0.00
Battery charge L4 2.59 4.06
Fluorescent lighting L5 1.00 3.00
Fluorescent lamps L6 2.07 3.21
Air Conditioner L7 0.50 2.50
Incandescent lamp L8 1.54 0.00
Compact fluorescent lamps L9 1.00 0.35
Resistance space heater L10 2.00 0.00
Fans, pumps and other L11 0.08 1.60
motors
Small industrial motors L12 0.10 0.60
Large industrial motors L13 0.05 0.50

Table 5.0.2. Types of loads connected at each node of the IEEE 33 bus DN

Node no. Type of load connected Node no. Type of load connected
1 Source Node 18 L5
2 L4 19 L7
3 L6 20 L2
4 L1 21 L10
5 L5 22 L11
6 L7 23 L8
7 L2 24 L9
8 L10 25 L12
9 L11 26 L13
10 L8 27 L3
11 L9 28 L4
12 L12 29 L6
13 L13 30 L1
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14 L3 31 L5

15 L4 32 L7
16 L6 33 L2
17 L1

Table 5.0.3. Types of loads connected at each node of the IEEE 69 bus DN

Node no. Type of load connected Node no. Type of load connected
1 Source Node 37 L9
2 L4 38 L12
3 L6 39 L13
4 L1 40 L3
5 LS 41 L4
6 L7 42 L6
7 L2 43 L1
8 L10 44 L5
9 L11 45 L7
10 L8 46 L2
11 L9 47 L10
12 L12 48 L11
13 L13 49 L8
14 L3 50 L9
15 L4 51 L12
16 L6 52 L13
17 L1 53 L3
18 L5 54 L4
19 L7 55 L6
20 L2 56 L1
21 L10 57 L5
22 L11 58 L7
23 L8 59 L2
24 L9 60 L10
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25 L12 61 L11

26 L13 62 L8
27 L3 63 L9
28 L4 64 L12
29 L6 65 L13
30 L1 66 L3
31 L5 67 L4
32 L7 68 L6
33 L2 69 L1
34 L10

35 L11

36 L8

5.5. Load equations after DR implementation

This study incorporates a DR program [120] with incentives based on the price elasticity of
customer benefit and demand. Customer participation in the power markets was non-existent
before the deregulation of the electrical sector. They lacked the knowledge and resources
necessary to participate in the power market. A portion of the customers also prefers not to
participate owing to the risk and price variations brought on by market volatility. Customers'
non-participation drives up the cost of electricity and clogs the network. Price elasticity

measures the impact of a 1% change in power prices on changes in electricity usage.
p g p p g yusag

The point in Fig. 5.0.2 where the supply curve and demand curve 1 cross each other has the
coordinates (d1, P1), where d1 is the initial demand in MW and P1 is the price of electricity in
USD. The new demand after DR in MW and the decreased electricity price in USD are,
respectively, d2 and P2 for the demand curve 2. It demonstrates how a minor variation in load

demand can have a significant impact on the price of electricity.

119 | Page




1)

2)

o
-

Price ($)

d2 d1 Deman;(MW)

Fig. 5.0.2. Demand variation vs. electricity price

The change in load demand concerning the price of electricity is what is referred to as the price

elasticity and is given by:

po Odem
= Zeme a5 (5.3)

The price of electricity fluctuates during various periods, and customers respond in one of the

following ways:

Certain loads, such as illumination loads, cannot be transferred from one interval to another
and can only be turned "on" or "off." It is said that these types of loads are sensitive for a single
period. This is referred to as "self-elasticity", and the price elasticity value is less than or equal

to zero.

From equation 5.3, it can be written as

Ademy,

E(k,m) = <0 (5.4)

m

The other categories of loads can be transferred from one interval (peak-load) to another (off-
peak-load) and are sensitive to multiple periods. The term for this is cross-elasticity. In this

instance, the price-elasticity value is greater than or equal to zero.
Similarly, equation 5.3, for this case, can be modified as
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E(k,m) = AZ;’”" >0 (5.5)

m

The effects of the DR program are mathematically modelled in the following subsections as

single and multi-period modelling.
5.5.1. Single period DR modelling

Let it be assumed that the customer shifts its load demand from dem, (i) to dem(i) depending

on the changes in electricity price and incentive offered.
Adem(k) = demy(k) — dem(k) (5.6)

dem(k) and Adem(k) are demand and demand changes in the A" hour. dem (k) is the initial

demand.

The amount of incentive P (USD) for demand change of Adem(k) is given by

P(Adem(k)) = I(k). Adem(k) (5.7)
1(k) is the incentive offered for the ™ hour.

Ben (USD) is the benefit of the customer in the k™ hour and is given by

Ben(Adem(k)) = Rev(Adem(k)) —dem(k).p(k) + P(Adem(k)) (5.8)
p (k) is the spot electricity price of the ™ hour. Rev(dem(k)) is the revenue function.

For obtaining the maximum customer benefit, the partial derivative of S (Adem(k)) with

respect to dem(k) should be equated to zero.

0Ben __ ORev(dem(k)) _
adem(k) ~ adem(k)

oP(Adem(k))
p(k) + Tm(k) =0 (59)

From equation 5.7 and 5.9, we get
ORev(dem(k)) _
dem0 p(k) +1(k) (5.10)

Rev(dem(k)) can be expanded using Taylor’s series and can be written as
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_ dRev(demy(k)) 1 dRev?(demy(k))
Rev(dem(k)) = Rev(demqy(k)) + Tm(;’)Adem(k) + E'Tzuf) (Adem(k))?
(5.11)

The benefit to customers before implementation of DR is given by
BenO(Adem(k)) = Rev(AdemO(k)) — demy(k).po(k) (5.12)
po (k) is the nominal electricity price of the ™ hour.
Likewise, for getting the maximum customer benefit for DR,

0Beny __ dRev(demg(k)) _ _
ddem(k) ddem(k) 'DO(k) =0 (5.13)
dRev(do(k)) _

adem() — PoU) (5.14)
dRev> _ dp _ 1 po (5.15)

ddem?  ddem  E dem,

Substituting equations 5.13 and 5.14 in equation 5.11,

Rev(dem(k)) = Rev(demqy(k)) + po (k). Adem(k) + +%.£Z°—$(Adem(k))2

The equation 5.16 can be re-written as

Rev(dem(k)) = Revy(k) + po (k). (dem(k) — dem,(k)) {1 + M}

2E(k).demg(k)
Substituting equation 5.17 in 5.10,

dem(k)—demg (k)
p(k) + 1(k) = po(k) {1 + %}
dem(k)—demq (k)

p(k) = po(k) +1(k) = po(k) E(k).demyg (k)

So, the customers load consumption, post-DR, can be modelled as

EK).[p(K)—po (K)+1(k
dem(k)=dem0(k){1+ ().[p( /))05(0)( )+()]}

(5.16)

(5.17)

(5.18)

(5.19)

(5.20)

If no incentive is awarded to the customer participating in DR, i.e., I(k) = 0, then dem(k) =

demy(k).
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5.5.2. Multiple period DR modelling

For multi-period modelling, the cross-elasticity matrix is defined as

__ po(m) 9ddem(k) E(k,m) <0 ifk =m
ECk,m) = demy(k) " dp(m) {E(k,m) >0ifk+m

The relationship between DR and electricity price is given by

dem(k) = demo(k) + T3L, E (k,m) ©22 2 [p(m) — po (m) + 1(m)] k

Combining equations 5.20 and 5.22,

dem(k) = demq(k) + E (k) 252 [p(k) = po (k) + 1(K)] +

Y2t E(k, )demO(k) [p(m) — po(m) + I(m)] wherek =1,2,........24

(5.21)

1,2,......24

(5.22)

(5.23)

A combined single & multi-period load demand model is presented by equation 5.23

considering demand-price elasticity.

5.6. Load-price elasticity

The measurement of how the load demand changes in response to electricity price changes is

known as price elasticity of load demand. When there is a significant shift in demand due to a

change in price, this is known as elastic demand. When there is little or no shift in load demand

in response to price changes, this is known as inelastic demand. Table 5.0.4 shows the values

of demand-price elasticity for a period of 24 hours [120].

Table 5.0.4 Price elasticity of load demand at the IEEE 33 and 69 bus DNs

Hour 1-5 6-9 10-14 15-19 20-24
1-5 -0.08 0.03 0.034 0.03 0.034
6-9 0.03 -0.11 0.05 0.03 0.04

10-14 0.034 0.04 -0.19 0.04 0.01

15-19 0.03 0.03 0.04 -0.11 0.04

20-24 0.034 0.4 0.01 0.03 -0.19
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5.7. Hourly spot electricity price

In a competitive electricity market, the spot price is established by finding the intersection of
the total supply and demand curves, which are generated from the combined supply and
demand bids, for a specific hour in each region of the market as bid in a power/energy
exchange. Spot electricity price curves frequently have jumps or spikes and typically show

characteristics like multiple seasonality, mean reversion, and volatility.

Table 5.0.5 and Fig. 5.0.3 show the hourly variation of spot electricity prices [121].

Table 5.0.5 Hourly spot electricity price

Hour 1 2 3 4 5 6 7 8 9 10 11 12
Price (USD/MW) 2215 22 23.1 22.65 2325 2295 225 2215 228 2935 30.15 31.65
Hour 13 14 15 16 17 18 19 20 21 22 23 24

Price (USD/MW) 246 245 225 223 2225 22.05 222 22.65 23.1 2295 2275 2255

26

24

22

20

18

Electricity price ($/MWh)

161 2345678 9101112131415 1‘61l718192021222324
Hour

Fig. 5.0.3. Variation of spot electricity price over a period of 24 hours
5.8. Incentive provided to the DR participants

The shifting and curtailment of the load by the DR participants is subjected to the incentives
provided to them in order to participate in the program. In this work, the incentive values and

demand-price elasticities are provided in the Table 5.0.6.
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Table 5.0.6. Test scenarios considered under Case Study# 5.1

Name of DR Incentive value . ..
Program Group Subcase# (USD/MWh) Price Elasticity
Base Case
(Without DR) NA 5.1.1 NA NA
5.1.2 I,=4
As Table 5.0.5
I 5.1.3 L=7
(A1)
5.1.4 ;=10
5.1.5 I,=4
Price elasticity- - U
based DR Program 11 5.1.6 L=7 '2*Table 5.0.5 (Az)
5.1.7 I;=10
5.1.8 L=
111 5.19 L=7 2*Table 5.0.5 (A3)
5.1.10 ;=10

5.9. Hourly variation of solar irradiance based on geographical modelling

PV cells convert solar energy into electrical energy, which can then be stored in batteries and
used to meet the network's increasing demands. As a renewable energy source, solar energy
minimizes the use of fossil fuels that contribute to environmental pollution. Solar energy is
divided into two categories: extra-terrestrial solar radiation and global solar radiation.

The component of extra-terrestrial solar irradiation G,, on a horizontal surface [101] is given
by

Gexy = Go(1 + 0.0333cos (%))2 (sinLsiné + cos L cos § cos w) (5.24)

This work uses the aforementioned model to determine, as an example, the hourly G,y of the
180th day of a year for the location of Jammu and Kashmir, India. Fig. 5.0.4 shows the plot of

the hourly variation of solar irradiance.
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5.10. Calculation of optimal number of PV modules required for DG installation

considering seasonal variations

The maximum output of a PV module, taking uncertainties into account, is 148.86 W, and it
happens in the 12" hour of the day, according to the hourly solar irradiance curve depicted in

Fig. 5.0.4.

The Jaya algorithm is used to calculate the optimal value of the PV based DG power to be fed
to the DN, which is assumed to vary between 20% and 30% of the load demand. Accordingly,
the maximum installed capacity of the DG will be determined by taking 30% of the DN's load
requirement. This assumption is supported by the information found in the literature on the
integration of renewable energy sources into DNs. In practical power systems, the major
portion of the connected load is supplied from conventional thermal power units. Due to the
rapid integration of renewable energy sources, the proportionate share of the connected load

supplied by them is almost 20% to 30%.
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Fig. 5.0.4. Graphical plot showing solar irradiance vs hour of the 180™ day of the year for the location Jammu &

Kashmir, India
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Table 5.0.7. Estimation of the effective number of working PV required for DG installation at the IEEE 69 bus DN for

different Indian seasons

Seasons in India

Day no. of the
year (N)
corresponds to

the tentative

The horizontal
component of
extraterrestrial

solar irradiance

The solar power output
of a PV module (PV ;)

considering uncertainty

The number of working PV
modules required to cater

30% of the connected

peak of the (Gexirr) during (W) load (PLoap)= P"’“d/ PV,
season Noon (W/m?)

Vasanta (Spring) 90 1214 119.84 9513

Grishma (Summer) 180 1344 148.86 7658

Varsha (Monsoon) 240 1223 134.74 8461

Sharat (Autumn) 270 1079 114.83 9928

Hemanta (Pre- 330 799.70 95.61 11923

Winter)

Shishira (Winter) 360 726.60 90.31 12624

There are six seasons in India, namely, Vasanta (Spring), Grishma (Summer), Varsha
(Monsoon), Sharat (Autumn), Hemanta (Pre-Winter), and Shishira (Winter). Table 5.0.7
presents a season-wise estimation of the effective number of working PV required to cater to
30% of the connected load. In the present case, the number of PV modules required and its
optimal location are tested on IEEE 69 bus system as an example. The calculation of the
requirement of the number of modules for DG installation should be based on the maximum
output of each module because considering lower modular outputs will result in the
requirement of more modules. In that case, the system will not be economic. The total
connected load of the IEEE 69 bus is 3.80 MW and 30% of it is 1.14 MW. So, the installed
capacity of the PV-based DG is 1.14 MW. The number of PV modules required for DG
installation (considering the Grishma season for better economy) is (1.14x 106/148.85) = 7658.
5.11. Impact of DR on DN sustainability
A future where electricity use is as intelligent and dynamic as the devices it powers is promised
by DR, which marks a fundamental change in the way energy is controlled. This idea goes
beyond just saving energy; it also involves optimizing it and turning consumers from passive
observers of the energy ecosystem into active players. In order to improve grid dependability,
reduction in costs, and lessen the environmental effect of energy production, DR programs

incentivize consumers to shift or reduce their electricity use during peak hours.
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The knowledge that the price of power varies throughout the day and dependent on demand is
the foundation of DR. Energy demand spikes during peak hours, which are often late afternoon
to early evening. In order to keep up with the increased demand, utilities have to turn on more
expensive and frequently less efficient power plants. DR seeks to level off these peaks by

altering consumption patterns, which can save a lot of money and improve operations.

In terms of DR, the adoption of smart grid technologies has changed everything. Real-time data
on electricity usage is made available to utilities and consumers through smart meters and
residential energy management systems, allowing for more accurate control over consumption.
This technology opens the door for a more flexible and resilient electricity grid in addition to
enabling more effective DR. The United States alone had installed nearly 119 million smart
meters as of 2022, demonstrating the nation's growing commitment to updating its energy

infrastructure.

DR has equally compelling economic benefits. Utilities can postpone or completely avoid the
need to build new power plants, which can be expensive and time-consuming, by lowering
peak demand. Furthermore, by reducing the need for costly and environmentally harmful
conventional power plants, DR can drastically lower operating costs. DR initiatives in the US

residential sector saved about one terawatt-hour of energy in 2022.

Another essential component of DR is its environmental benefits. Greenhouse gas emissions
can be greatly reduced by optimizing energy use and minimizing the need for additional power
generation during peak hours. This is especially significant because one of the main global
sources of carbon dioxide emissions is the production of energy. DR offers a more flexible
demand structure that can adjust to the fluctuation of wind and solar power, which not only
help to mitigate the effects of climate change but also encourages the integration of renewable

energy sources into the grid.

DR has obstacles to its widespread adoption despite its many advantages. Although consumer
participation is important, there is still a lack of understanding and engagement. It will take
extensive education efforts, alluring rewards, and simple participation procedures to get beyond
this obstacle. To enable the scalability of DR programs, legislative frameworks and market
structures must also change. This will guarantee that all parties involved—from utilities to end
users—are compensated for their contributions to a more sustainable energy future and their

objectives are in line.
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5.12. Formulation of the day-averaged objective function (DAOF) due to DR

program implementation
The process for calculating DAOF is explained in this sub-section.

5.12.1. Day-averaged voltage profile enhancement index (DAVPEI) due to DR

program implementation
The DAVPEI, over a period of 24 hours, is calculated by the following equation.

DAVPEI = 1/24Y2* VPEI, (5.25)
VPEI, is the voltage profile enhancement index of the i hour. It is desirable that VPEI; is
greater than unity for every hour in order to have hourly technical improvements. However,
since solar irradiation is not available uniformly throughout the day, it is not a necessary

criterion for every hour of a day.

Installation of the DG is said to be technically beneficial over the day if DAVPEI should be
greater than unity.
5.12.2. Day-averaged benefit cost ratio (DABCR) due to DR program

implementation
For 24 hours, the DABCR is calculated as follows
DABCR = 1/24 Y% BCR; (5.26)

BCR; is the benefit cost ratio of the i hour. Here also, it is desirable that BCR; is greater than
unity for every hour but it is not possible again due to the non-availability of solar energy

throughout the day.

Installation of the DG is said to be economically beneficial over the day if DABCR is greater
than unity. It must be noted that since the formulation of BCR; involves the cost of the DN

active power loss, it will be minimized during the optimization process.

5.12.3. Day-averaged emission cost benefit index (DAECBI) due to DR program

implementation
The DAECBI, for a period of 24 hours, is calculated using the following equation.

DAECBI = 1/24%2* ECBI; (5.27)
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ECBI; is the emission cost benefit index of the i hour. In this case also, it is not possible that

ECBI; should be greater than zero for every hour due to non-uniformity of solar irradiation.
5.12.4. Day-averaged objective function (DAOF) due to DR program
implementation
For 24 hours, the DAOF, which is to be maximized, is calculated as follows:
DAOF = 1/24Y2% OF, (5.28)

The processes of calculating VPEI;, BCR;, ECBI;, and OF; is done by using equations 2.28,
2.33,2.36, and 2.26, respectively, as defined in Chapter 2.

5.13. Operational constraints
The maximization of DAOF should satisfy the following technical constraints as well as those

defined by the equations 2.39 to 2.43 in Chapter 2.

1) Incentive limit constraint of DR:

I(k)min < I(k) < I(k)max (5-29)
1) Electricity price limit:

p(k)min = p(k) = p(k)max (5-30)

5.14. Case studies under consideration

In order to study the effectiveness of DR on the technical, economic, and environmental
benefits of renewable energy integrated DNs, the following case-study is presented in this
section:

Case Study #5.1: Implementation of price-elasticity based DR with fixed-incentive at PV
integrated IEEE 33 and 69 bus DNs

5.14.1. Case study#5.1: Implementation of price-elasticity based DR with fixed-
incentive at PV integrated IEEE 33 and 69 bus DNs

Case study description- The optimum hourly PV injected power to be integrated into the [EEE
33 and 69 bus DNs has been found using the Jaya algorithm. Under this case study, ten different
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sub-cases (including the base case) of the DR program have been considered in this work for

analysis as shown in Table 5.0.6.

The proposed work is simulated using MATPOWER v7.0. The PC in use features a 2.60 GHz
Intel Core 17 9750H processor with 24GB of RAM. The hourly injected power of the PV-based

DG is calculated using the Jaya algorithm.

The nit and n, considered in this work are 50 and 20. respectively. The algorithm is executed

for 10 trials. The results obtained by the Jaya algorithm are compared with those of PSO, LPSO,

RPSO, PSO-SR, CSA, and AOA.

The different stages of the proposed work, viz., PV estimation, DG sizing, load flow,

optimization, load modelling, and implementation of the DR program applied to the problem

defined under the Case-Study# 5.1 is shown in Fig. 5.1.1.

Set the location coordinates
of Jammu & Kashmir, India

i | J
Set the day number of the Perform the hourly load flow
year
¢ l

Determine the hourly horizontal
components of the solar irradiation
based on the geographical equations

!

Estimate the probabilistichourly solar
irradiance considering uncertainty
using Beta distribution function

Find the hourly optimalinjected value
of PV based DG using JAYA Algorithm

Determine the 24 hourload
model using exponential load
modelling

Set the price elasticity matrix
and incentive provided to DR
participants

A 4
‘ Plot the hourly VSI profiles of the DNs ‘

Modify the hourly load demand based
on DR equations

.

Calculatethe hourly power output of
PV module using PV modelling
equations

.

Determine the number of PV modules
required to install PV based DG
considering seasonal variations

\ Record the hourly VPEI, BCR, and ECBI J

l

‘ Record the DAVPEI, DABCR, and DAECBI ‘

Fig. 5.1.1. The different stages viz., PV estimation, DG sizing, load flow, optimization, load modelling, and

implementation of the DR program applied to the problem defined under the Case-Study# 5.1

5.14.1.1.

Subcase #5.1.1: Base case (without DR)

Table 5.1.1. presents the average network parameters before DR implementation at the [IEEE

33 and 69 bus DNs using the Jaya algorithm under Subcase #5.1.1.
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Table 5.1.1. Average network parameters before DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.1 (Base Case) under case study 5.1

Test System Average PV based | DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
DG power (kW) kW) Time (secs)
IEEE 33 bus DN 673.40 1.1994 | 1.0040 | 2.4970 | 0.1007 190.06 150.01
IEEE 69 bus DN 657.54 1.3242 | 1.0192 | 2.8588 | 0.0985 211.69 200.86
5.14.1.2. Subcase #5.1.2: Incentive 11, Elasticity A

Table 5.1.2. presents the average network parameters after DR implementation at the IEEE 33

and 69 bus DNs using the Jaya algorithm under Subcase #5.1.2.

Table 5.1.2. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.2 (Incentive I, Elasticity A;) under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power kW) Time (secs)
(kW)
IEEE 33 bus DN 674.31 1.2005 | 1.0040 | 2.5004 0.1008 190.06 153.36
IEEE 69 bus DN 663.74 1.3339 | 1.0194 | 2.8867 0.0995 211.54 200.90
5.14.1.3. Subcase #5.1.3: Incentive Lo, Elasticity A

Table 5.1.3. presents the average network parameters after DR implementation at the IEEE 33

and 69 bus DNs using the Jaya algorithm under Subcase #5.1.3.

Table 5.1.3. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.3 (Incentive I, Elasticity A) under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power (kW) Time (secs)
(kW)
IEEE 33 bus DN 674.33 1.2006 | 1.0040 2.5005 0.1008 190.06 160.82
IEEE 69 bus DN 664.35 1.3345 | 1.0194 2.8887 0.0996 211.55 207.60
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5.14.1.4. Subcase #5.1.4: Incentive I3, Elasticity A

Table 5.1.4. presents the average network parameters after DR implementation at the IEEE 33
and 69 bus DNs using the Jaya algorithm under Subcase #5.1.4.

Table 5.1.4. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya Algorithm for

subcase #5.1.4 (Incentive I3, Elasticity A1) under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power (kW) Time (secs)
(kW)
IEEE 33 bus DN 673.12 1.2018 | 1.0040 | 2.5043 0.1006 190.06 149.36
IEEE 69 bus DN 665.93 1.3369 | 1.0194 | 2.8953 0.0998 211.52 200.78
5.14.1.5. Subcase #5.1.5: Incentive I;, Elasticity A

Table 5.1.5. presents the average network parameters after DR implementation at the IEEE 33
and 69 bus DNs using the Jaya algorithm under Subcase #5.1.5.

Table 5.1.5. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya
Algorithm for subcase #5.1.5 (Incentive I;, Elasticity A>) under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power (kW) Time (secs)
(kW)
IEEE 33 bus DN 673.82 1.1999 | 1.0040 | 2.4985 0.1007 190.06 153.41
IEEE 69 bus DN 657.93 1.3249 | 1.0192 | 2.8609 0.0986 211.67 201.13

5.14.1.6. Subcase #5.1.6: Incentive Do, Elasticity A

Table 5.1.6. presents the average network parameters after DR implementation at the IEEE 33
and 69 bus DNs using the Jaya algorithm under Subcase #5.1.6.
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Table 5.1.6. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.6 (Incentive I», Elasticity A>) under case study 5.1

Test System Average PV based | DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
DG power (kW) kW) Time (secs)
IEEE 33 bus DN 673.96 1.2001 1.0040 2.4991 0.1008 190.06 148.34
IEEE 69 bus DN 663.27 1.3329 | 1.0194 2.8839 0.0994 211.57 200.40
5.14.1.7. Subcase #5.1.7: Incentive I3, Elasticity A

Table 5.1.7. presents the average network parameters after DR implementation at the IEEE 33

and 69 bus DNs using the Jaya algorithm under Subcase #5.1.7.

Table 5.1.7. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.7 (Incentive I3, Elasticity A») under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power (kW) Time (secs)
(kW)
IEEE 33 bus DN 673.62 1.2052 | 1.0040 | 2.5146 | 0.1007 190.06 152.37
IEEE 69 bus DN 665.17 1.3358 | 1.0194 | 2.8924 | 0.0997 211.53 201.13
5.14.1.8. Subcase #5.1.8: Incentive 11, Elasticity A3

Table 5.1.8. presents the average network parameters after DR implementation at the IEEE 33

and 69 bus DNs using the Jaya algorithm under Subcase #5.1.8.

Table 5.1.8. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.8 (Incentive I, Elasticity A3) under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power (kW) Time (secs)
(kW)
IEEE 33 bus DN 673.95 1.2001 1.004 2.4991 0.1008 190.06 147.93
IEEE 69 bus DN 661.55 1.3303 | 1.0193 2.8764 0.0992 211.61 205.01
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5.14.1.9.

Subcase #5.1.9: Incentive I, Elasticity Az

Table 5.1.9. presents the average network parameters after DR implementation at the IEEE 33

and 69 bus DNs using the Jaya algorithm under Subcase #5.1.9.

Table 5.1.9. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.9 (Incentive I», Elasticity Az) under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power (kW) Time (secs)
(kW)
IEEE 33 bus DN 674.23 1.2004 1.004 2.5001 0.1008 190.06 147.31
IEEE 69 bus DN 663.08 1.3325 | 1.0193 2.8827 0.0994 211.59 206.70
5.14.1.10. Subcase #5.1.10: Incentive I3, Elasticity Az

Table 5.1.10. presents the average network parameters after DR implementation at the IEEE

33 and 69 bus DN using the Jaya algorithm under Subcase #5.1.10.

Table 5.1.10. Average network parameters after DR implementation at the IEEE 33 and 69 bus DNs using Jaya

Algorithm for subcase #5.1.10 (Incentive I3, Elasticity A3) under case study 5.1

Test System Average PV DAOF | DAVPEI | DABCR | DAECBI | Avg. PLy, | Computation
based DG power kW) Time (secs)
(kW)
IEEE 33 bus DN 673.07 1.2130 | 1.0040 2.5381 0.1006 190.06 146.61
IEEE 69 bus DN 663.85 1.3335 | 1.0194 2.8856 0.0995 211.58 229.11
5.14.1.11. Result analysis of Case study#5.1

This section presents a critical analysis of the average and hourly technical, economic, and

environmental indices of the DR driven PV integrated IEEE 33 and 69 bus DNs.

Result analysis of IEEE 33 bus DN

Fig. 5.1.2 shows the relative values of DAVPEI, DABCR, DAECBI, and DAOF of the IEEE 33

bus DN after DR implementation for the all the subcases (5.1.1 to 5.1.10) under case study#5.1.
It is derived from the data related to IEEE 33 bus DN presented in Table 5.1.1 to Table 5.1.10.
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Fig. 5.1.2. DAVPEI, DABCR, DAECBI, and DAOF of the IEEE 33 bus DN after DR implementation for the all
the subcases (5.1.1 to 5.1.10) under case study#5.1

Subcase #5.1.1 (Base Case of IEEE 33 bus)- This is the case study without implementation
of the DR program but with PV-based DG integrated for 24 hours. The value of DAOF obtained
is 1.1994 as per Table 5.1.1. The values of DAVPEI, DABCR, and DAECBI are 1.0040, 2.4970,
and 0.1007 respectively. The fruitfulness of implementing DR for the rest of the nine cases will
be achieved if the value of DAOF is greater than this case. It is evident from Fig. 5.1.2 that the
values of DAOF obtained for the nine cases using the Jaya Algorithm are higher than 1.1994.
The average active power loss obtained in this case is 190.06 kW, which is 5.91% lower than
when no PV-based DG and DR are there. The average value of DG injected, in this case, is
673.40 kW.

Subcase #5.1.10 (IEEE 33 bus)- This is the best test sub-case (out of all ten sub-cases) as
maximum DAOF is achieved of value 1.2130. This is 1.011 times higher than the corresponding
base case. The highest DABCR is obtained in this case of value 2.5381 which is 1.016 times
higher than the base case. The value of DAECBI obtained is 0.1006 which is almost same with
the base case (no improvement). The highest incentive of 10 USD/MWh is provided to the DR
participants for the sub-cases 5.1.4, 5.1.7, and 5.1.10, respectively. The average value of DG
injected, in this case, is 673.07 kW.
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Hourly analysis of VPEI, BCR, ECBI, and OF (IEEE 33 bus DN)

Fig. 5.1.3 presents the hourly variation of the parameters VPEI, BCR, ECBI, and OF of the
IEEE 33 bus DN after DR implementation for the subcase# 5.1.10 under case study#5.1. The
hourly OF is on the higher side (>2) from 9AM to 3PM. The highest OF is obtained in the 12"

hour of value 2.884 due to maximum availability of solar irradiance. The corresponding values
of VPEI, BCR, and ECBI are 1.012, 7.357, and 0.292, respectively. The hourly OF is moderate
(£ 2) during 6AM to 8AM and 4PM to 6PM as the solar irradiance is moderate during these

periods. The value of the OF is minimum (0.333) due to non-availability of solar irradiance.

Load curtailment and shifting of IEEE 33 bus DN
Fig. 5.1.4 shows the hour-wise total load demand of the IEEE 33 bus DN after all the test cases

of DR implementation. It is seen that consumers are curtailing load demand during the peak
load hours (10 AM—2 PM and 8 PM—12 AM). The load curtailment increases with the increase
in incentives provided to various customers. The curtailed loads are shifted to the off-peak

hours (1 AM—9 AM and 3 PM—7 PM). Table 5.1.11 shows hour-wise load curtailment and load
shifting at both DNs for the sub-case 5.1.10. The load curtailment and load shift increase with
the increase in elasticity and incentive as seen in Fig. 5.1.4, and increase by up to 98.86% and

43.76%, respectively.

Table 5.1.11. Percentage load curtailment and shift at the DR driven IEEE 33 bus DN for subcase# 5.1.10
under case study#5.1
1:00 2:00 3:00 4:00 5:00 6:00 7:00 8:00 9:00 10:00 11:00 12:00
Hour AM AM AM AM AM AM AM AM AM AM AM PM
% Load  +35. +35. +35. +35. +35. +43. +43. +43. 443, - - -
change 53 55 52 52 53 76 76 77 76  98.85 98.85 98.85
1:00 2:00 3:00 4:00 5:00 6:00 7:00 8:00 9:00 10:00 11:00 12:00
Hour PM PM PM PM PM PM PM PM PM PM PM AM

B - + + + + + - -

% Load 988 988 285 285 285 285 285 533 533 ) )
5330 5329 5330

change 6 5 1 0 0 0 2 1

* """ indicates load curtailment and "+" indicates load shift
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Fig. 5.1.3. Hourly VPEI, BCR, ECBI, and OF of the IEEE 33 bus DN after DR implementation for the subcase#
5.1.10 under case study#5.1

Hour-wise load demand (MW) of the IEEE 33 bus DN under different DR
scenarios

Total Load (MW)

\ J
1:00 2:00 3:00 4:00 5:00 6:00 7:00 8:00 9:00 10:00 11:00 12:00 1:00 2:00 3:00 4:00 5:00 6:00 7:00 8:00 9:00 10:00 11:00 12:00
AM AM AM AM AM AM AM AM AM AM AM PM PM PM PM PM PM PM PM PM PM PM PM AM

e==Case 5.1.1 3.68 3.679 3.676 3.677 3.677 3.674 3.674 3.674 3.674 3.672 3.668 3.657 3.654 3.657 3.658 3.664 3.667 3.664 3.662 3.664 3.667 3.66 3.673 3.668
=== Case 5.1.2 4.102 4.101 4.098 4.099 4.098 4.192 4.192 4.191 4.191 2.265 2.262 2.255 2.253 2.255 4.048 4.054 4.058 4.054 4.052 3.149 3.152 3.146 3.157 3.153
===Case 5.1.3 4.218 4.217 4.214 4215 4.214 4.335 4.335 4.334 4.334 2.061 2.059 2.052 2.05 2.052 4.114 4.12 4.124 4.12 4.118 2.918 2.922 2.916 2.926 2.922

Case5.1.4 4334 4333 433 4331 4.33 4.478 4.478 4.478 4.478 1.857 1.855 1.849 1.847 1.849 4.18 4.186 4.19 4.186 4.184 2.687 2.69 2.685 2.694 2.69
eCase 5.1.5 3.891 3.89 3.887 3.888 3.887 3.932 3.932 3.932 3.932 2.968 2.965 2.956 2.953 2.956 3.853 3.859 3.862 3.859 3.857 3.406 3.41 3.403 3.415 3.411
== Case 5.1.6  3.95 3.948 3.945 3.946 3.945 4.004 4.004 4.004 4.004 2.867 2.864 2.855 2.852 2.855 3.886 3.891 3.895 3.891 3.89 3.29 3.294 3.287 3.299 3.294
= Case 5.1.7 4.007 4.006 4.003 4.004 4.003 4.076 4.076 4.076 4.076 2.765 2.762 2.754 2.75 2.754 3.919 3.924 3.929 3.924 3.923 3.175 3.179 3.173 3.184 3.179
e Case 5.1.8 4.524 4.523 4.519 4.52 4.519 4.709 4.709 4.709 4.709 0.857 0.856 0.853 0.852 0.853 4.439 4.444 4.449 4.444 4.443 2.634 2.637 2.632 2.641 2.637
e=Case 5.1.9 4.756 4.754 4.751 4.752 4.751 4.996 4.996 4.995 4.995 0.449 0.449 0.447 0.447 0.447 4.57 4.576 4.58 4.576 4.574 2.173 2.175 2.171 2.178 2.175
e (Case 5.1.10 4.988 4.987 4.982 4.983 4.983 5.282 5.282 5.282 5.281 0.042 0.042 0.042 0.042 0.042 4.702 4.708 4.713 4.708 4.706 1.711 1.713 1.709 1.715 1.713

Hour

e C35€ 5.1.1 = Case 5.1.2 e====Case 5.1.3 Case 5.1.4 emmm=(Case 5.1.5 emm==(Case 5.1.6 emmmm(C3se 5.]1.7 emmmm(Case 5.].8 emmmm(Case 5.]1.9 emmm==(Case 5.1.10

Fig. 5.1.4. Hour-wise total load demand (MW) of the IEEE 33 bus DN under different DR sub-cases under case
study#5.1
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Result analysis of IEEE 69 bus DN

Fig. 5.1.5 shows the relative values of DAVPEI, DABCR, DAECBI, and DAOF of the IEEE 69
bus DN after DR implementation for the all the subcases (5.1.1 to 5.1.10) under case study#5.1.
It is derived from the data related to IEEE 69 bus DN presented in Table 5.1.1 to Table 5.1.10.
Subcase #5.1.1 (Base Case of IEEE 69 bus)- This is the case study without implementation
of DR program but with PV-based DG integrated for 24 hours. The value of DAOF obtained is
1.3242 as per Table 5.1.1. The corresponding values of DAVPEI, DABCR, and DAECBI are
1.0192, 2.8588, and 0.0985, respectively. It is evident from Fig. 5.1.5 that the values of DAOF

obtained for the nine cases using the Jaya Algorithm are higher than 1.3242. The average active
power loss obtained in this case is 211.69 kW, which is 5.49% lower than when no PV-based
DG and DR are there. The average value of DG injected, in this case, is 657.54 kW.

Subcase #5.1.4 (IEEE 69 bus)- This is the best sub-case as maximum DAOF is achieved of
value 1.3369. This is 1.01 times higher than the corresponding base case (Subcase #5.1.1). The
values of DAVPEI, DABCR, and DAECBI are 1.0194, 2.8953, and 0.0998, respectively. Their
respective improvements with reference to the base-case are 1.0002, 1.013, and 1.013 times.
The average value of DG injected and average active power loss, in this case, are 665.93 kW

and 211.52 kW, respectively.
3.5
3 2.8588  2.8867  2.8887  2.8953  3ggog  2.8839  2.8924  2.8764  2.8827  2.8856

2.5

15 13242 1.3339 1.3345 1.3369 1.3249 1.3329 1.3358 1.3303 1.3325 1.3335

1 1 1 1 1 1 1 1 1 1
1
0.5
985 995 996 998 986 994 997 992 994 995
0

Case 5.1.1 Case5.1.2 Case5.1.3 Case5.1.4 Case5.1.5 Case5.1.6 Case5.1.7 Case5.1.8 Case5.1.9 Case 5.1.10

H DAOF mDAVPEI m DABCR DAECBI

Fig. 5.1.5. DAVPEI, DABCR, DAECBI, and DAOF of the IEEE 69 bus DN after DR implementation for the all
the subcases (5.1.1 to 5.1.10) under case study#5.1

139 |Page




Hourly analysis of VPEI, BCR, ECBI, and OF (IEEE 69 bus DN)

Fig. 5.1.6 presents the hourly variation of the parameters VPEI, BCR, ECBI, and OF of the
IEEE 33 bus DN after DR implementation for the subcase# 5.1.10 under case study#5.1. The
hourly OF is on the higher side (>3) from 11AM to 1PM. The highest OF is obtained in the

12" hour of value 3.229 due to maximum availability of solar irradiance. The corresponding
hourly values of VPEI, BCR, and ECBI are 1.055, 8.351, and 0.292, respectively. The hourly
OF is moderate (lies between 1 and 3) during 7AM to 10AM and 2PM to 5PM as the solar
irradiance is moderate during these periods. For the rest of the hours, it is low due to low/non-
availability of solar irradiance.

Load curtailment and shifting of IEEE 69 bus DN

Fig. 5.1.7 shows the hour-wise total load demand of the IEEE 69 bus DN after all the test cases

of DR implementation. It is also observed that consumers are curtailing load demand during
the peak load hours (10 AM—2 PM and 8 PM—12 AM). The load curtailment increases with the
increase in incentives provided to various customers. The curtailed loads are shifted to the off-
peak hours (IAM—9 AM and 3 PM-7 PM) after implementation of the DR program.

The load curtailment and load shift increase with the increase in elasticity and incentive as seen
in Fig. 5.1.7.

Table 5.1.12 shows hour-wise load curtailment and load shifting at the IEEE 69 bus DN for
the subcase #5.1.4. It is seen that load curtailment occurs by up to 49.44% during peak load
hours. The load shift occurs by up to 21.87% during the light load hours.

Table 5.1.12. Percentage load curtailment and shift during DR at the IEEE 69 bus when provided with the
highest incentive (Subcase# 5.1.4)

1:00 2:00 3:00 4:00 500 6:00 7:00 800 9:00 10:00 11:00 12:00
Hour AM AM AM AM AM AM AM AM AM AM AM PM

% Load + + + + + + + + + - - -

change 17.75 17.75 17.76 17.77 17.77 21.87 21.87 21.87 21.87 49.44 4944 4943

1:00 2:00 3:00 4:.00 5:00 6:00 7:00 800 9:00 10:00 11:00 12:00
Hour PM PM PM PM PM PM PM PM PM PM PM AM

% Load - - + + + + + - - - - -
change 49.44 4944 1425 1426 1426 1426 1428 26.65 26.65 26.65 26.65 26.65

* """ indicates load curtailment and "+" indicates load shift
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Fig. 5.1.6. Hourly VPEI, BCR, ECBI, and OF of the IEEE 69 bus DN after DR implementation for the subcase#
5.1.10 under case study#5.1

Hour-wise total load demand (MW) of the IEEE 69 bus DN under different DR

scenarios
6
P —
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z 4
2
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1:00 2:00 3:00 4:00 5:00 6:00 7:00 8:00 9:00 10:00 11:00 12:00 1:00 2:00 3:00 4:00 5:00 6:00 7:00 8:00 9:00 10:00 11:00 12:00
AM AM  AM AM AM AM AM  AM AM AM AM PM PM PM PM PM PM PM PM PM PM PM PM  AM

e Case 5.1.1 3.78053.77983.7777 3.778 3.778 3.77643.77643.7763 3.7762 3.775 3.77233.7653 3.76313.7655 3.7662 3.7693 3.7716 3.7693 3.768 3.7693 3.7716 3.7673 3.7753 3.7721
o= Case 5.1.2 4.2135 4.213 4.2104 4.211 4.211 4.30814.30814.3081 4.308 2.3275 2.326 2.32192.32062.32194.16754.17114.17334.17114.1698 3.24 3.24223.23833.24523.2426
e Case 5.1.3  4.33224.3316 4.3289 4.3295 4.3294 4.4554 4.4554 4.4553 4.45512.1187 2.1174 2.1132 2.1117 2.1133 4.2351 4.2384 4.2407 4.2384 4.2375 3.0024 3.0044 3.001 3.0075 3.0045
Case 5.1.4 4.4516 4.4509 4.4488 4.4493 4.4493 4.6023 4.6023 4.6023 4.6022 1.9087 1.9074 1.9041 1.9028 1.904 4.303 4.3069 4.3093 4.3069 4.3059 2.7648 2.7665 2.7635 2.7692 2.7668
e Case 5.1.5 3.99653.9961 3.9937 3.9944 3.9941 4.0423 4.0423 4.0422 4.0421 3.0512 3.0495 3.044 3.0422 3.044 3.9668 3.9701 3.9724 3.9701 3.9691 3.5045 3.5068 3.5029 3.5104 3.5071
= Case 5.1.6 4.05654.05594.0535 4.054 4.054 4.11594.11594.1159 4.1158 2.9465 2.9443 2.9392 2.9375 2.9393 4.0008 4.004 4.0069 4.004 4.00323.3861 3.3881 3.3842 3.3912 3.3883
e Case 5.1.7 4.1158 4.115 4.11334.1136 4.11374.1893 4.1893 4.1893 4.1892 2.842 2.84012.83472.8329 2.8349 4.0348 4.0379 4.0406 4.0379 4.0369 3.2669 3.2692 3.2652 3.2721 3.2694
e Case 5.1.8 4.6467 4.6463 4.6438 4.6445 4.6444 4.8402 4.8402 4.8401 4.8401 0.8809 0.8805 0.8785 0.8776 0.8786 4.5691 4.5726 4.5758 4.5726 4.5714 2.7102 2.7117 2.7085 2.7145 2.712
e Case 5.1.9 4.88494.88414.88154.88214.88235.1347 5.1347 5.1344 5.1342 0.4618 0.4615 0.4607 0.4605 0.4607 4.7043 4.7083 4.7114 4.7083 4.707 2.23522.2366 2.2346 2.239 2.2368
e Case 5.1.10 5.12345.1226 5.1197 5.1202 5.1202 5.4291 5.4291 5.4289 5.4288 0.0431 0.043 0.043 0.043 0.043 4.8403 4.8439 4.8467 4.84394.8426 1.76 1.76151.75931.76311.7616

Hour

s C35€ 5.1.1 e Case 5.1.2 e (Case 5.1.3 Case 5.1.4 emmmm=(Case 5.1.5 eww=(Case 5.1.6 ewmmmm(Case5.].7 emmmmm(Case 5.1.8 emmmms(Case5.1.9 emm=Case5.1.10

Fig. 5.1.7. Hour-wise total load demand (MW) of the IEEE 69 bus DN under different DR sub-cases under case
study#5.1
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5.15. Statistical analysis of the performance of algorithms in comparison for
Subcase #5.1.10

A comparative performance analysis of the algorithms is performed for one sub-case study

presented under sub-section 5.14.1.10 as an example. The subcase #5.1.10 of the IEEE 33 bus

DN is considered for the analysis.

Boxplot
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Fig. 5.1.8. Relative box plots of the OF obtained by the algorithms for the sub-test case # 5.1.10 of IEEE 33 bus
under Case Study #5.1

The algorithms in comparison are PSO, LPSO, RPSO, PSO-SR, CSA, AOA, and Jaya. Each
algorithm is run for 50 trials.

From the box-plot, as shown in Fig. 5.1.8, it is evident that the 1st and 3rd quartiles of the Jaya
plot are significantly greater than those of PSO, LPSO, RPSO, PSOSR, CSA, and AOA. The
relative maximum, minimum, mean, and standard deviation values of the OF using Jaya and
other comparing algorithms are shown in Table 5.1.13 and Fig. 5.1.9. The mean difference plot
(Fig. 5.1.10) reveals the Jaya algorithm's superiority over the comparing algorithms in terms

of the OF.
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Table. 5.1.13 displays the results of the Shapiro-Wilk and Kolmogorov-Smirnov normality
tests, including the p-values for various scenarios and it can be concluded that the data did not
come from a normal distribution.

The results of Kruskal-Wallis-H-ANOVA and post-hoc Dunn tests are shown in Table 5.1.13
and Table 5.1.14, respectively. Using the Kruskal-Wallis-H analysis of variance (ANOVA)
test, a comparative ranking of all the algorithms is produced. The test statistic H is 260.14,
which is outside the 95% confidence interval. The Kruskal-Wallis-H test indicated that there is
a significant difference in the dependent variable between the different groups (x*(6) = 260.14,
p <.001) with a mean rank score of 25.5 for PSO, 158.38 for LPSO, 125.46 for RPSO, 216.08
for PSOSR, 148.22 for CSA, 229.36 for AOA, and 325.5 for JAYA.

Maximum, minimum, mean, and standard deviation of the DAOF of the IEEE 33 bus
DN (Sub-Case 5.1.10)

gy R
o R |5
o [ |17
st [ 11
v R 17
w0 [ }
o R

0.0000 0.2000 0.4000 0.6000 0.8000 1.0000 1.2000 1.4000

Standard deviation of DAOF B Minimum DAOF B Maximum DAOF B Mean DAOF

Fig. 5.1.9. Relative values of maximum, minimum, mean, and standard deviation of the OF obtained by the

algorithms in comparison for the sub-test case # 5.1.10 of IEEE 33 bus under Case Study #5.1
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Fig. 5.1.10. Mean difference plot of the OF obtained by different algorithm pairs for the sub-test case # 5.1.10

of IEEE 33 bus under Case Study #5.1

Table 5.1.13 Statistical results for the sub-test case # 5.1.10 of IEEE 33 bus under Case Study #5.1

Algorithms PSO LPSO RPSO PSO-SR CSA AOA JAYA
Minimum DAOF 1.1645 1.1719 1.1758 1.1769 1.1754 1.1762 1.2120
Maximum DAOF 1.1711 1.1801 1.1787 1.1802 1.1791 1.1803 1.2130

Mean DAOF 1.1675 1.1773 1.1777 1.1795 1.1754 1.1795 1.2095

Standard Deviation DAOF 0.0031 0.0033 0.0011 0.0010 0.0014 0.0012 0.0009
p-value* (Shapiro-Wilk test
for normality) 4=0.5 6.948e-9 | 1.498e-8 | 3.283e-7 | 1.212e-8 | 1.968e-8 | 8.074e-9 | 9.11e-11
p-value* (Kolmogorov—
Smirnov test for normality) | 1.612e-9 0 >83%e- 1.863e-8 | 4.117e-7 6.63%- 0
0.5 11 14
Mean Rank (Kruskal-
Wallis non-parametric test) 25.50 158.38 125.46 216.08 148.22 229.36 325.50
a=0.5""
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Table 5.1.14 Parametric comparison of algorithm pairs by post-hoc Dunn test for the sub-test case # 5.1.10 of IEEE
33 bus under Case Study #5.1

Mean Rank Standard Critical
Pair difference V4 Error value p-value p-value/2
difference
PSO-LPSO -132.88 6.5773 4.789¢-11 2.395e-11
PSO -RPSO -99.96 4.9479 7.504e-7 3.752e-7
PSO -PSOSR -190.58 9.4334 0 0
PSO -CSA -122.72 6.0744 1.244e-9 6.221e-10
PSO -AOA -203.86 10.0907 0 0
PSO -JAYA -300 14.8495 0 0
LPSO - RPSO 32.92 1.6295 0.1032 0.05161
LPSO - PSOSR -57.7 2.8561 0.004289 0.002145
LPSO - CSA 10.16 0.5029 0.615 0.3075
LPSO - AOA -70.98 3.5134 0.0004424 0.0002212
LPSO - JAYA -167.12 8.2722 20.2027 61.228 0 0
RPSO - PSOSR -90.62 4.4855 0.000007273 0.000003636
RPSO - CSA -22.76 1.1266 0.2599 0.13
RPSO - AOA -103.9 5.1429 2.706e-7 1.353e-7
RPSO - JAYA -200.04 9.9016 0 0
PSOSR - CSA 67.86 3.359 0.0007824 0.0003912
PSOSR - AOA -13.28 0.6573 0.511 0.2555
PSOSR - JAYA -109.42 5.4161 6.091e-8 3.046¢-8
CSA-AOA -81.14 4.0163 0.00005912 0.00002956
CSA - JAYA -177.28 8.7751 0 0
AOA - JAYA -96.14 4.7588 0.000001948 9.739¢-7

5.16. Summary

This section presents the salient observations regarding the effectiveness of PV and wind based

DGs on the technical, economic, and environmental benefits of the DN. These are presented

under each case study as follows:
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Case Study #5.1: Implementation of price-elasticity based DR with fixed-incentive at PV
integrated IEEE 33 and 69 bus DNs

For all the ten test sub-cases, improvements in the technical, economic, and environmental
benefits are observed individually, resulting in an improvement in the overall hourly and daily
average objectives. Considering each group of elasticity, there is an improvement in DAOBJ
with an increase in incentive. The load curtailment and shift occur effectively during the peak
and light load hours, respectively. With the increase in demand-load elasticity and incentives
provided to the DR participants, the load-curtailment and shift occurs effectively. For all the
test cases, the Jaya algorithm produced the highest DAOBJ concerning the algorithms under
comparison. This is because the Jaya algorithm can explore and exploit the entire search space
to yield better global-optimal results. It yielded the highest mean and minimum standard
deviation values of the DAOBJ among all the algorithms under comparison, thus producing
relatively more consistent results. This shows that the Jaya algorithm is the most consistent and
robust among all the algorithms under study. The optimal number of PV modules required for
DG installation is determined based on the availability of hourly solar irradiance based on

geographical modelling and seasonal variations.

146 |Page




CHAPTER 6: Conclusion, Limitations & Future Scope

This chapter presents the salient observations made from the thesis regarding the effectiveness
of PV, wind, BESS, EVs, and DR program in enhancing the technical, economic, and
environmental benefits of the DNs. The crux of the work, it’s limitations, and future scope are

presented for each chapter in details.
6.1 Conclusion
DG integration with DNs

This chapter investigated the impact of PV and wind-based DG on radial DNs. Different test
cases of single, twin, and triple points of DG injections are considered with deterministic and
probabilistic approaches. The optimal capacities and sizes of DG are found out using different
algorithms, namely, PSO, LPSO, RPSO, PSO-SR, CSA, and Jaya. It is seen that for all the test
cases, the DNs under study showed improvements in technical, economic, and environmental
indices. The active power losses of the DNs got reduced for all the test cases considered. All
DNs under consideration showed improvements in VSI characteristics after DG injection

depending upon its capacity and location.
DG, BESS, and SVC integration with DNs

This chapter investigated the technical, economic, and environmental impacts of BESS and
SVC on DG integrated radial DNs. Different test cases of single, twin, and triple points of DG
injections are considered with deterministic and probabilistic approaches. In a few test cases,

the uncertain nature of load is considered.

All the test cases considering different combinations PV, wind, and BESS integration at the
DNs under consideration showed overall improvements in OF along with individual
improvements in the VPEI, BCR, and ECBI. The active power losses of the DNs got reduced
for all the test cases considered. All DNs under study showed considerable improvements in

the VSI characteristics after DG and BESS injection depending upon its capacity and location.

The real-time 13 bus DN substation situated at Maharashtra, India showed technical, economic,
and environmental improvements when integrated with different combinations of wind, PV,
SVC, and BESS powers along with improvement in its VSI characteristics. So, the proposed

plan for improving the technical, economic, and environmental benefits of a DN can be
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implemented in practice. But the level of improvement of the overall objective depends on the

nearby facilities available, weather conditions, and geographical location of the DN.
EV integration with DNs

An in-depth analysis has been conducted, considering a variety of test cases from the IEEE 85
and 141 bus DNs. Various degrees of EV penetration have been taken into consideration while

analyzing the relative technical, economic, and environmental effects.

The outcomes of EV integration demonstrate that when EV power is injected into the grid,
networks continuously benefit technically, economically, and environmentally. Following the
implementation of a charge-discharge method and the appropriate arrangement of EV charging
stations, the VST of the majority of the buses in both test systems under consideration improved.
When the net power transferred from the EVs is positive, the EV charging station functions as

a power source, reducing the active power losses of the networks.
Implementation of price-elasticity based DR program with DNs

Improvements in the technical, economic, and environmental benefits can be observed
separately for each case study, which leads to an improvement in the overall hourly and daily
average objectives following the implementation of the DR program. Effective load shift and
curtailment take place during peak and light load hours, respectively. They increase with the
DR participants' incentives and demand-load elasticity. In compared to the other algorithms,
the Jaya algorithm produced the highest DAOBJ for every test instance. Out of all the
algorithms evaluated, the Jaya algorithm yielded the highest mean and lowest standard
deviation values of DAOBJ. The availability of hourly solar irradiance, which is based on
seasonal changes and geographic modeling, determines the ideal amount of PV modules

needed for DG installation.
Performance of Jaya Algorithm

The statistical analysis's findings demonstrate the Jaya algorithm's superiority, consistency, and
robustness when compared to all other algorithms. In contrast to the other methods, the Jaya
algorithm also requires fewer iterations to converge. It also showed a low computation

complexity because it is very simple and doesn't require any control parameters to be changed.
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To achieve better global optimality, the Jaya algorithm investigates and utilizes the entire search

space.

It is clear from the box-whiskers and mean plots of many case studies that the Jaya algorithm
consistently and reliably delivered the maximum mean solution with the lowest standard
deviation. The Jaya algorithm is the most efficient of all, as indicated by the convergence
characteristics, since it often required less iterations to converge. The Jaya algorithm is better
and more reliable than the comparing algorithms, as shown by the post-hoc Dunn tests that

follow the Kruskal-Wallis H test.
6.2 Limitations & Future Scope

This part of the work, however, has some limitations, such as the inability to account for
BESS/EV battery charging discharging times, uncertain nature of BESS, uncertain EV traffic,
load growth throughout the entire planning period. It has been assumed that the EV charging
station is entirely occupied, yet this may not always be the case. An EV may be idle rather than

connected in charging or discharging mode.

The integration of Machine Learning (ML) models for predicting solar irradiance, wind-speed,
and load demands will lead to more accurate estimation of DG installed capacities. The
intermittent nature of DGs can be further reduced by using higher capacity BESS which in turn
will improve the technical, economic, and environmental benefits of the DNs. The DN benefits
can be further improved by integrating multiple EV charging stations having larger parking
capacities. Using faster charging power electronic converters, the network indices may be
further enhanced by incorporating newer and effective DR models. The joint impacts of DG,
BESS, EV, and DR programs on DN parameters are being explored in order to make the system

more real-time and futuristic.
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