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ABSTRACT

The major concern of metropolitan cities is reducing greenhouse gas emissions due
to conventional engine-based vehicles. Excessive usage of such vehicles leads to health
issues not only in humans but also worsens the ecological system of the earth. The release
of various toxic oxides like CO2, NO», SOz, etc. is one of the significant factors for global
warming and change in climate. Researchers and policymakers worldwide advocate the
implementation of an alternative mode of transport in the form of electric vehicles (EVSs)
to minimize the content of greenhouse gases. The technological advancement from
conventional engine-based vehicles to EVs has numerous environmental and economic
advantages, which include flexibility in fuels, easy charging, decent performance, and less
reliance on fossil fuels. For the broad adoption of EVs, electric vehicle charging stations
(EVCS) are inevitable. Inappropriate locations of EVCS impose negative impact on the
efficiency of the electric grid. Therefore, this thesis focused on improving the grid’s
efficiency by increasing its reliability, optimizing the benefits of EV users, and lowering
the station development cost. These objectives can be realized by investigating the

optimum locations and sizing of EVCS in the electrical grid network.

This thesis comprehensively examines the impact of EV charging stations on
distribution network operating parameters such as power loss, voltage stability index,

voltage profile and reliability.

Further, the single-objective formulation of EV charging stations, distributed
generation sources and capacitors placement with power loss minimization as the objective

function is illustrated in different chapters of this thesis. Distributed generation sources and
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capacitors are incorporated into the distribution network to minimize the power losses,

maintaining the voltage profile and keeping the reliability of system within limits.

The control and power management of EVs in grid-connected systems are the
primary focus of researchers. However, one of the important aspects that must be addressed
IS an economic analysis that takes into account the power exchange with the grid. The fast
adoption of EVs poses both constraints and opportunities for the current electricity system.
A small grid-connected SPV and DG-based hybrid system with EVs is presented in this
thesis for a charging station in North west region of Delhi, India. The main objective is to
formulate a statistical model of a solar and diesel generator-based hybrid system with EVs
and a backup grid. Furthermore, the purpose of this work is to reduce power interchange

with the grid and utilize renewable energy sources to meet the load demand of EV load.

The charging station placement problem's objective functions are highly non-linear
in nature. The conventional optimization algorithms have limitations when it comes to
solving this problem. As a result, the current work employs meta-heuristics to solve the
charging station, distributed generation, and capacitor placement problems. A novel hybrid
algorithm based on the combination of particle swarm optimization (PSO) and grey wolf
optimization (GWO) is developed and used to solve the charging station, distributed
generation, and capacitor placement problems. It is expected that combining PSO and
GWO will improve solution quality and promote rapid convergence to the best solution.
The proposed HGWOPSO is first tested on standard benchmark functions before being
applied to the charging station placement problem in standard IEEE 33-bus and IEEE 69—

bus distribution networks.
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CHAPTER 1
INTRODUCTION

1.1 GENERAL

Communities around the world are suffering from the consequence of global
warming due to greenhouse gases (GHGSs) emissions. The transportation sector of any
country produces considerable amount of GHGs which has detrimental effect on the
climate of the earth. Fig. 1.1 shows the typical data of GHGs emissions in different
countries of the world. The total annual GHGs emission in Delhi city is found to be 37.9
million tCO2e. The per capita emission of Delhi city is estimated to be 2.26 tons per year
which is lower when compared with other cities emitting GHGs. Fig 1.2. shows that the
amount of GHGs emission in Delhi city is 37.9 million tCO2e which is about five times
lesser than the Beijing city, having a similar population as that of Delhi city. Pollution due
to conventional vehicles creates health issues and the life of living beings is deteriorating
day by day. Approximately 89% of people in Delhi are feeling sick or not in their comfort
zone because of the poor quality of air and it is believed that conventional vehicles which
are based on fossil fuels are the major cause of pollution. The use of conventional vehicles

is one of the causes of the deterioration of air quality.

Electric transportation is growing rapidly. The updated sales of electric vehicles
(EVs) till 2030 have been developed by Edison Electric Institute (EEI) and Institute for
Electric Innovation (IEI) [1]. It is approximated that by 2030, the number of electric cars

that will drive on the roads will be 18.7 million, and to help 18.7 million EVs in 2030 will



require about 9.6 million charging points [1]. It requires significant expense for developing

EV charging infrastructure. Fig. 1.3. shows the EEI/IEI Forecast of EV in 2030.
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Fig. 1. 1. Typical data of GHG emission in different countries [2]
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Fig. 1. 2. Annual per capita tCO2e emission in different cities of the world [3]
Transitioning to EVs from conventional vehicles reduces the emission of gases up

to some extent to solve the global warming problem. EVs neither harm the environment in
a nefarious way nor do they lead to an increase in the prices of oil. EV is a future technology

with numerous environmental advantages in various sectors. Although having these large-



scale advantages, there are challenges for power engineers to optimally place the charging

stations (CS).
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Fig. 1. 3. EEI/IEI Forecast of EV in 2030 [1]
Also, the random placement of electric vehicle charging stations (EVCS) affects

adversely the acceptance of charging stations, the traffic network layout, and EV driver’s
convenience. If the placement of the EVCS is not proper, then fluctuation in voltages and
power problems arises. The placing of the EVCS causes increases in demand for the load
on the power grid, which increases peak demand and decreases in reserve margin. The
placement of EVCS in the distribution network should be done in such a way that it has
the least impact on the distribution network's operating parameters. The abovementioned

factors motivated us to investigate the proper planning of EV charging infrastructure.

1.2 CHARGING INFRASTRUCTURE PLANNING SCENARIO IN

INDIA

Changing the approach to EVs from traditional vehicles is still at an initial stage,
as EVs make up a few percent of all the vehicles currently operating in the country (the
list of countries per vehicle per capita in 2017), as shown in Fig. 1.4. However, a large
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number of electric rickshaws can be witnessed running in not only some small towns and

villages but also in many cities of India.

1 % Public
DC fast
charging

points

78 % Home e 8 % Public
Level 2 chzfgir:;l]lg)l(())ilzlts Level 2
charging charging

7,500,000 needed by 2030\ " ¢4 000 points

points

13 %
Workplace
Level 2
charging
1,200,000
points

Fig. 1. 4. EV charging infrastructure in 2030 based on EEI/IEI Forecast [1]

The current population of EVs in India is very low. However, EVs (Electric
rickshaws) are being operated in many Indian towns and villages. EVs are suitable for
short-distance traveling and can be changed easily by a normal household socket. Despite
a very low EV market, many companies are investing in the development of CS because

of the reasons listed below:

Q) The Government of India promulgated in 2013 the progressive ‘National
Mission Movement for Electric Mobility Plan (NEMMP) until 2020’ to focus
on national energy security, pollution caused by vehicles, and the expansion of
domestic production capacity. Taking into account the Paris Agreement, the

government plans to introduce EVs into widespread use by 2030 [4].



(i) An insufficient amount of CSs is the main reason for the smaller number of
used EVs. It is, therefore, necessary to develop a sustainable charging

infrastructure to make more and more use of EVSs.

Thus, the growth of infrastructure for CSs is on the verge of beginning in India.
The main landmarks in the development of the charging framework (The Times of India)
in India are: (a) It is being planned by the Indian Government to set up 206 CSs [4]. (b)
TATA Power Delhi has planned to invest 100 crore rupees for establishing 1000 CSs in

Delhi [4].

Some factors inhibit the establishment of charging infrastructure. A few of them are listed

below:

(a) Bleak in the EV market.

(b) The power grid's a complicated structure.

The EV Industries in India are constantly growing but the lack of CSs and policies
made by the Indian government poses difficulty in the growth of the EV industry. The
number of EVs sold in the years 2017 and 2018 is 56,000 units as against 25,000 units in
the years 2016 and 2017. According to the view held by the Society of Manufacturers of
Electric Vehicles (SMEV), in 2017 and 2018, the sales of electric cars decreased to 1200
units from 2000 units in 2016 and 2017, a slump of 40% is recorded. However, the number
of electric two-wheelers for the years 2017 and 2018 is increased to 54,800 units, as shown
in Table 1.1. Electric two-wheelers showed rapid growth of 138% as 54,800 units sold in

2017 and 2018 as compared to 23,000 units in the years 2016 and 2017. The reason for the



rapid growth of electric two-wheelers is its affordability and its use for short distances,

which reduces the problem of range anxiety.

Table 1. 1 Typical data of electric two-wheelers and electric cars in the year 2016-21 [5]

Category 2016-17 2017-18 2018-19 2019-20 2020-21

Two-Wheelers 23000 54800 126000 152000 233971
Cars 2000 1200 2670 3400 5905

Total EVs 25000 56000 128670 155400 239876

1.3 TYPES OF CHARGING SYSTEM FOR EVs

Charging stations are the spots for providing fuels to the EVs. The main components
of the charging station comprise cords, connectors, and an interface with the power grid.
Availability of effective charging infrastructure is indispensable for EV deployment on
large scale. EVs require additional charging when they run out of power. The electricity
from the grid is alternating current (AC), whereas the vehicles' batteries are direct current
(DC). As a result, the charger must be capable of converting AC to DC. According to
Electric Power Research Institute, charging levels are characterized in three ways: AC level
1, AC level 2, and DC fast charging. In AC level 1 charging, the standard charger has a
power of 1.4 KW and is less commonly used due to its slowness. It typically takes 8 to 17
hours to fully charge the battery using this technology. The most prevalent chargers i.e.,
AC level 2, have a power output of 3.8 kW. As a result, normal charging takes four hours

to fully charge the EV battery.

Before charging, AC is rectified to DC. This technology operates at a higher voltage
range of 200 V-450 V. Depending on whether the charger provides 80A or 200A, it can

deliver between 20 kW and 90 kW. This means that it will take between 20 minutes and



80 minutes to fully charge the battery. In the literature, DC fast charging is assumed to be

45 kW supplying 200A current, resulting in a charging time of 30 minutes.

1.4 IMPACT OF EV INTEGRATION ON DISTRIBUTION

SYSTEM

On a national scale, there is currently enough generating potential to charge EVs.
This, however, varies depending on the region. The distribution system has the most

influence in determining whether the power can handle the CS demand.

It is critical to use smart charging to manage the widespread adoption of EVs. The
developed algorithms with vehicle-to-grid technology will allow for a smooth load while
also managing the increased penetration of EVs. As smart grids with distributed energy
resources become more common, they will become more prevalent. It will enable EVs to
connect in a plug-and-forget manner, with the vehicles identifying and providing the

information required for an energy transaction.

The energy stored in an EV can be used in a variety of ways, including:

1) Peak shaving
2) Load smoothing
3) Backup source
4) Ancillary services
Using distributed energy resources in EV energy management has many
advantages. This is especially useful when making energy management decisions locally

without consulting the system operator. The distribution loss increases as the load



increases. As a result, the use of distributed resources is beneficial in minimizing system
loss. Using EVs can also help to relieve congestion on transmission lines. These factors,

when combined, create opportunities for utilities to invest in transmission and generation.

1.5 SERVICE INCENTIVES

The primary function of an EV is to serve as a convenient means of transportation
for its operator. As a result, it is critical to provide incentives for consumers who want to
take part in the vehicle-to-grid power transfer scenario. Economic payback to offset the
initial purchase cost of an EV is one of the possible incentives. The implications of vehicle
lifetime and battery degradation could be reduced with better management. However, with
a high penetration of EVs, vehicle-to-grid makes more sense. Incentives should be

provided for the use of EV idle state in the charging station for ancillary services.

1.6 GENERAL OVERVIEW FOR PLANNING OF CHARGING

INFRASTRUCTURE

The optimal siting and sizing of charging stations in the distribution network are
involved in the charging station placement problem. The location of charging stations is
determined by a variety of factors, including economics, operational parameters, and the
convenience of EV users. Fig. 1.5 depicts a simplified layout for charging station

placement.

The first step, as shown in Fig. 1.5, is to choose the test networks where the charging
station will be located. Following that, the input parameters required to evaluate the optimal

location and number of charging stations are set. Then, objective functions and constraints



are defined, and finally, an optimization algorithm is run to provide the optimal locations
as well as the capacity of each charging station based on the number of EVs that arrive for

charging.

[ Test Networks
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|

Formulation of optimization problem
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Output results
Location of Number of Type of charging
charging stations charging stations stations

Fig. 1. 5. Overview of charging station placement

1.7 OUTLINE OF THESIS

This thesis covers eight chapters including introduction, literature review, study and
analysis of load flow method, test systems, and optimization algorithms, the feasibility
analysis of EVCS: a case study of metropolitan city of India, single-objective formulation
of charging station and distributed generation placement problem, single-objective
formulation of charging station and capacitor placement problem, techno-economic and
environmental analysis of grid-connected EVCS, conclusions and future scope followed

by references.



Chapter 1: This chapter provides insights into scenario of charging infrastructure
planning in India. Various levels of EV charging and their impact on the distribution
network is presented in detail. In addition, a brief layout for planning the charging
infrastructure is discussed.

Chapter 2: A comprehensive literature survey is presented in this chapter. The
literature review comprises modeling of EV load, the impact of renewable integration into
the distribution network, simultaneous allocation of capacitor and EVCS in the distribution
network. Moreover, techno-economic and environmental analysis of grid-connected EVCS
is thoroughly performed. In addition to this, the application of intelligent techniques for
the sizing and siting of EV load and other components is carried out. Based on this, the
final section of the chapter introduces a knowledge gap analysis.

Chapter 3: This chapter describes the mathematical modeling of the radial
distribution systems. The load flow technique has been discussed using the bus injection
to branch current (BIBC) and branch current to bus voltage (BCBV) matrices. Moreover,
this chapter provides a high-level overview of population-based optimization techniques
such as particle swarm optimization and grey wolf optimization. HGWOPSO, a hybrid
metaheuristic technique based on GWO and PSO, has been designed and its
implementation of various benchmark functions is discussed in detail.

Chapter 4: This chapter emphasizes the planning of EVCS in the most populated
areas of South Delhi, India. Allocation of EVCS is based on minimizing the overall cost
which includes investment cost, CS electrification cost, EV energy loss cost, and travel
time cost. Various intelligent algorithms have been employed to deal with this planning

problem.
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Chapter 5: In this chapter, a hybrid optimization strategy is suggested for the
optimal planning of EVCS. DGs units are utilized to reduce the charging impact of EVs.
Distributed generation (DG) sources are used in the suggested technique to preserve
voltage profile, reduce active power loss and improve reliability. The joint impact of EVs
and DG integration is presented for two standard test systems. The efficacy of the suggested
method is tested in MATLAB, and the results are equated with present techniques which
are shown in the last section of the chapter followed by the conclusion.

Chapter 6: This chapter presents the addition of EVCS and capacitors in radial
distribution network with different percentages of EVs participating in the vehicle to grid
mode. Also, the operating cost and installation cost of EVCS, as well as capacitors, have
been included for the estimation of net profit. Reliability improvement benefits have been
determined with and without EVs penetration in V2G. Moreover, a new technique entitled
modified grey wolf particle swarm optimization (HGWOPSO) is proposed.

Chapter 7: The mathematical modeling and design of various energy sources are
carried out in this chapter. The optimal number of components of the energy system and
their sizing is thoroughly discussed. Moreover, techno-economic and environmental
analysis of various configurations is comprehensively illustrated in this chapter.

Chapter 8: This chapter of the thesis presents the research work's findings.

Furthermore, the future scope of the research work is briefly discussed.
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CHAPTER 2
LITERATURE REVIEW

2.1 INTRODUCTION

This chapter presents the available literature on different aspects of EV charging
infrastructures such as the impact of EV charging load on the distribution system, charging
station placement problem formulation, and application of different optimization
techniques for exploring the optimal location of the charging station. Further, this chapter
describes the integration of distributed generation and capacitor along with the charging
station to the distribution network. Based on the literature survey, research gaps are

identified and problem formulation is carried out accordingly.

2.2 IMPACT OF EVCS LOAD ON DISTRIBUTION NETWORK

Though electrification of the transport industry has many positive effects, such as
reduced CO- emissions, pollution, and global warming, the adverse impact of EV chargers
on the utility grid cannot be overlooked. Fig. 2.1. shows how the location of the charging

station affects the system parameters.

Impact of EV charging stations

|
! | } |
Transformer Loss of
Life

Voltage Stability Peak Load Power Quality

Fig. 2. 1. Impact of EV charging station on distribution network
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Higher market penetration of electric vehicles leads to increased power
requirements for charging, which could have negative consequences for the power system.

This section discusses the negative effects of EV charging on several electric grid factors.

2.2.1 Impact of EVCS on Voltage Stability

One of the most serious negative consequences of EV charging stations is the
challenge to voltage stability. The capability of an electrical ability to sustain stable
voltages at all buses after disturbances have been removed from a given starting operating
condition is known as voltage stability. One of the main causes of voltage instability is a
sudden rise in load. The abrupt increase in load caused by charging electric vehicles causes
voltage instability. A simulation model of EV penetration at the Otto-von-Guericke
University Magdeburg's power system distribution network is developed in [6]. The
various scenarios for EV penetration were created using real-time vehicle arrival and
departure data. They evaluated voltage stability at all nodes in the distribution network and
found that the simulated scenarios did not induce voltage instability. Based on a positive
sequence voltage ranking index, the weakest bus in a 13-bus network is determined in the
presence of EV charging stations [7]. A new framework for analyzing the dynamic stability
of electrical network is introduced in the existence of EV charging loads [8]. In [9], authors
investigated the fluctuation of a 16-bus commercial distribution network's voltage
sensitivity index in the presence EVCS and they also presented a strategy for EVCS
installation based on the voltage sensitivity index. In [10], authors observed the influence
of EV load on the voltage stability of a two-bus distribution network. They also
demonstrated a novel approach for representing EV load. The consequences of placing EV

charging load on nodal voltage deviation is studied in [11]. The authors used an IEEE 30
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test network to conduct their research and found that nodal voltage variation is directly
related to EV penetration level. In [12], authors explored the effects of charging stations
load on voltage profile in an IEEE-33 bus network, taking into account several EV charging
load models such as constant power load, constant current load, and constant impedance
load. According to the authors in [13], the negative impact of EVs on voltage stability can

be mitigated to some extent by controlled charging.

2.2.2 Influence of EVCS on Peak Load Demand

The increasing load requirement for charging stations causes the grid's peak load
demand to rise, resulting in a reduction in reserve margin. Authors in [14] investigated the
impact of EV load on Australia's Metropolitan distribution network. They found that with
uncontrolled charging and 100 percent PEV penetration, peak load shifting of 43 percent
is necessary. Authors studied the fluctuation in network peak load demand due to the
installation of EV fast charging stations on roads [15]. The impact of EV charging load on
peak load requirements considering different possible cases of EV penetration is analyzed
in [16]. It is commented by the authors that the rise in afternoon peak load induced by
industrial charging of EVs is less than the rise in load produced by home charging of private
EVs, according to the authors. Authors in [17] claimed that unplanned EV charging raises
load requirements, and a charging discharging model has been recommended to limit peak

load demand.

2.2.3 Effect of EVCS on Power Quality
Power quality is defined as a distribution network's ability to provide a consistent
and disturbance-free output that is within voltage and frequency limitations [18]. The EV

charging load's nonlinear behavior poses a danger to power quality. Some of the most
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prevalent power quality issues are harmonics [19], and voltage sag [20]-[21]. Harmonics
are current or voltage waveform sub-components whose frequency is an integral multiple
of the reference signal [22]. Total harmonic distortion (THD) is a measurement of the
difference between the actual obtained and reference frequency [23]. In [24], authors used
statistical analysis to examine the impact of EV charger load on distribution system
harmonic voltages. They categorized the chargers based on the amount of THD they
generated. They also found that during the summer, even with 45 percent EV penetration,
voltage distortion is minimal. Authors in [25] investigated the impact of a highly nonlinear
EV load on the residential distribution network. They came to the conclusion that EV
penetration levels of more than 25% will have an impact on power quality. The influence
of EV charging load on voltage profile and harmonics of an urban low voltage electricity
distribution network was studied in [26]. The authors of [27] compared how THD can be

decreased by using a coordinated charging method that is planned ahead of time.

2.2.4 Assessment of EVCS on Transformer Performance

The increased stress placed on distribution transformers by large-scale EV
deployment contributes to the transformer's life cycle being shortened. According to [28],
an increase in load produces an increase in the transformer's hot spot temperature. The
charging of electric vehicles results in an increase in load, which leads to an increase in hot
spot temperature. The authors of [29] looked at the influence of coordinated charging,
tariff-based charging, and unplanned charging on transformer loss of life and came to the
conclusion that uncontrolled charging is bad for transformer efficiency. Researchers in [30]
conducted a similar study and determined that uncontrolled charging promotes transformer

ageing.
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2.3 OPTIMAL PLACEMENT AND SIZING OF EVCS

In the literature, the placement of EVCS is based on different approaches, i.e.,
objective functions, solution techniques, geographical conditions and demand side

management (DSM).

2.3.1 Objective Functions

Different objective functions have been considered for the optimal placement of
EVCS. Costs, power loss and voltage sensitivity factors are some of the objectives
considered for placement of CS. A brief outline of various objective functions has been

taken into consideration while defining the problem of CS placement.

Access Waiting Travel Installation | Operating ) Penalty )
cost time cost time cost cost | cost cost

1;

Penalty for
| | I voltage deviation

Land Construction Charger ) Labor |
cost cost cost J cost Penalty for
energy not served

Fig. 2. 2. Subdivisions of cost function

A) Cost

Cost is treated as one of the objectives of the literature. The different types of costs
associated with the CS location are indicated in Fig. 2. 2. Installation cost is the cost of
installing CSs, which can be divided into charger cost, labor cost, construction cost and
land cost, as shown in Fig. 2. 2. [31], [32]. Operating cost deals with the electricity cost
required for providing charging services [33]. It includes billing transaction costs, repairing

cost and so on. Access Cost refers to the additional cost acquired by EV users to arrive at
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the CS where the EVs could be charged from the place where the need for charging the
EVs arises [34]. Penalty Cost is the cost given by the utility for deviation in voltage [35].
Waiting Time cost refers to the cost earned by the EV users for staying at the CS because
of the inaccessibility of charging points [36]. Land cost refers to the cost of land per unit
area at the potential site for the CS. The cost of land would include all expenses associated
with the acquisition of the property, as well as those needed to get it ready for use by the
company [37]. Construction cost refers to all the expenses or costs incurred by a builder or
a contractor for material, equipment, services, labor, utilities and so on as well as all the

overhead costs [37].

B) Power loss

Power loss is also the objective function that has been considered in the literature
for the optimum placing of the CS. In managing the distribution system with the addition
of new units, it is essential that the location selected results in minimum increments in
power loss [38]. CS is a heavy load that, when placed on a particular bus in the distribution
network, results in increment in power loss [12]. The main goal is to select the optimal
location in the distribution system at which the increment in power loss is as low as

possible.

C) Voltage sensitivity factor (VSF)

VSF is one of the measures for choosing the optimum location of CS. It is an

important factor for measuring system strength or reliability. In general, the sensitivity

factor (SF) of a system can be represented as F (Z, ), defined in (2.1) [9]
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dz 21
Sensitivity factor = ”d_u” (2.1)

SF's large value ensures that the system is dangerous and ultimately collapsible. In

VSF, the voltage of the system is measured by the change in loading as defined in (2.2) [9]

dv 2.2
Voltage sensitivity factor = ”5” (22)

Even modest changes in the loading can result in a major change in the magnitude
of voltage. High sensitivity can be defined as a large change in voltage, even due to a small

change in load. This is an indicator of bus strength.
D) Constraints

The planning of charging infrastructure considers various constraints in
transportation and distribution network as shown in Fig. 2.3. The power flow equation as
defined by Egns. (2.3) and (2.4) and demand balance equation as in Eqn. (2.5), are
considered as equality constraints and should be satisfied for charging infrastructure

planning [4]. The mathematical representation of the power flow equation is as follows:

Pgl:Pdl+VlZV]YLJCOS (61—6]—0”) (23)

Qgi = Qui + Viz V; Yijsin (6; — 6; — 6;) (24)

where Py; and Qg; are the active power generation and reactive power generation

of i" bus respectively. P;; and Qg4; are the active power demand and reactive power
demand of i*" bus respectively. V; and V; represents the voltage magnitude of starting and

ending bus. §; and &; are the phase angle of voltage at bus i and j respectively. 6;; is the
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angle of Y;;. Y;; is the magnitude of admittance of (i, H" term of bus admittance matrix.

The demand balance equation is defined as in Egn. (2.5).
Pty —P' =0 (2.5)

where P is the electricity demand of i**CS and P! is the capacity of i*" CS. It is
essential that limits such as voltage limit, current limit or thermal limit are met after the CS
is placed in the distribution network. The number of CSs required to charge the batteries
of the EV shall be appropriately assigned. Also, there must be a considerable separation
between each pair of CSs. The separation between the two CSs is also considered with the
distance is treated as a constraint [4]. In [39], a new model is designed considering set
coverage and vehicle refueling logic. A multipurpose issue was considered to minimize
costs and maximize coverage. Authors presented a charge location model combined with
a P-dispersion approach for the locations of CS [40]. This approach aims at lowering the
trip energy and the location cost incurred while satisfying the mobility energy demand. The
graph theory concepts for the modelling of the transportation network to determine the
shortest route between the point where they need for charging arises and the allocated CS
[32]. Based on charging demand, optimization of station size at each location is done. The
single objective function of the overall cost is considered in this paper. Authors in [41]
have discussed the ‘queue’ theory for the location of CS. Due to the limited size of CS, the
vehicle should wait in queues in the case if the whole space is engaged. CS capacity,
waiting time and charging time are the factors considered by the author in this paper. A

new model is suggested for the CS location in [42]. The cost of travel, which is carried by
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Fig. 2. 3. Various constraints considered in charging infrastructure location problem
users of EV, is considered as one of the goals that need to be minimized, and at the same

time solves the problem of the place where the CS should be located and the number of
chargers that will be used in each CS. Authors in [35] discussed the optimal planning of
EVCS. Mathematical modelling of the EVCS is performed and the objective functions are
considered: investment costs, operating costs, maintenance costs, network losses to
minimize. A complicated, non-linear and combinatorial optimization problem is proposed
for optimal EVCS planning and the distribution system, objectives considered are EVCS
investment cost and energy and power loss [43]. Authors in [44] effectively determined the
optimal location of the CS and its size in order to obtain maximum benefit, which includes

increased reliability, reduced power loss and peak power.

2.3.2 Solution Techniques
The objectives used for CS placement problems are having more than one variable

and are complicated in nature. Studies are conducted based on both an analytical and a
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nature-oriented algorithm to solve the problem of locating CS. A brief analysis of several
optimization techniques that are utilized by the various researchers to find the best

positioning of the CS was searched in this part of this paper.

A) Classical Optimization Algorithm

Classical or analytical methods of optimization under the influence of differential
calculus can be used to determine the optimized value of continuous and differentiable
functions [4]. Some of the classic optimization methods commonly used to determine the
location of a CS are integer programming (IP), linear integer programming (LIP), game-

theoretic approach and a primal-dual method.

B) Evolutionary Algorithm (EA)

EA are the algorithms derived from nature and based on the principle of ‘survival
of the fittest’. Most of the EA has some central idea. The search process begins with a
randomly generated set of population. An increase in the number of iterations leads to the

best solution in the consequent generation.

Some of the benefits of an EA are

Q) Simple computation and concept.

(i) It can be hybridized with a classical technique.

(iii)  Fast convergence.

C) Particle Swarm Optimization (PSO)

PSO deals with the social behavior of the number of particles in a swarm, and each

particle is presented as a solution to the problem. The PSO is capable to determine high-
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efficiency solutions in comparison to other techniques. PSO can be implemented easily and
has fast convergence when compared with a genetic algorithm (GA) because of the absence
of evolution parameters, i.e., mutation and crossover. In [45], authors analyzed various
factors affecting the CS planning and then the model is developed. Global search
capabilities of PSO and Voronoi diagrams are combined for optimal planning of EVCS.
First, the weighted Voronoi diagram is used to divide the defined area, and then PSO is
applied to find the best location. In the above case, the author did not discuss the sizing of
CS. In [46], authors established a mathematical model with optimal siting as well as the
sizing of EVCS. The objectives considered in this paper are land cost, construction cost,
operation cost, traffic flow, service range and serviceability. The author is aimed at
minimizing the total comprehensive cost and charging ability and distance is taken as a
constraint. In this paper, the slight modifications are made in the inertia weight and utilize
a modified PSO approach, i.e., chaotic quantum PSO to solve the mathematical model
discussed in this paper. The randomness of the chaotic operator increases the accuracy of
the algorithm and has good convergence speed. In [47], authors used the PSO technique in
which coefficients are varying in time for vehicle-to-grid (V2G) CS placement and sizing
at a peak period in the grid. From the results of the simulation, it is examined that the V2G
CS placement maximizing the net benefits, reduces the loss of energy, the saving of peak

power and the improvement in reliability.

D) Genetic Algorithm (GA)

GA is a nature-inspired optimization technique motivated by the process of natural
selection. GA can determine the globally optimized solution in a given search space.

Authors in [31] utilized GA for minimizing transportation costs based on the grid partition
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method. This paper is aiming at the placement methods of EVCS in city traffic networks.
Traffic density and capacity of CS are taken as constraints. However, land cost, fixed cost,
cost of operation has not been considered for optimization of the system. Thus, a global
solution is not obtained. In [48], authors determined the optimal location of EVCS. The
location of CS is based on economics, coverage, size and ease. Modified GA is introduced
to reduce the cost of investment and the cost of transportation to locate the CS optimally.
Authors presented a multi-objective problem, minimizing investment cost and feeder
energy loss. The presented approach is tested on the IEEE-33 distribution system and a
comparison of hierarchical HGA and traditional GA is done. The hierarchical HGA

approach is found to be more successful in terms of solving the blind search difficulty [43].
E) Ant Colony Optimization (ACO)

It is also one of the well-known optimization techniques used in the literature to
find the optimum placing of EVCS. Authors in [49] utilized ACO to optimize the total
cost, which consists of travelling cost, operating cost, cost of power line loss for finding
the CS optimal location in a distribution system while preserving the security of the power
system and traffic flow are taken as a constraint. The test is conducted on the IEEE-69 bus
to check the results. Authors developed an energy-efficient routing approach for EVs [50].
ACO is employed for maximizing energy efficiency. Simulation of Energy Routing-ACO
(ER-ACO) is compared with other ACO techniques and it is found that the proposed
techniques enhance energy efficiency. In [51], authors formulated the CS placement
problem in the city of Guwabhati, India. The optimal allocation of CS is based on a multi-
objective function, which considers several factors such as voltage stability, power loss,

reliability, variable road traffic and other economic factors. This optimization problem is
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solved using a hybrid optimization algorithm, i.e., chicken swarm optimization (CSO) and
teaching— learning-based optimization (TLBO). The test is conducted on the IEEE-10 bus
system to verify the technique. The ACO limitation is that it has a slower speed compared

to other optimization methods.

F) Integer Programming

An IP problem is a technique in which few or every variable is treated as an integer.
A LIP is a word in which the objective function and constraints are defined linearly [52].
On the other hand, in the case of mixed-IP (MIP), only some variables are defined as an
integer [53]. Authors in [54] developed an IP model to identify the best sets of routes and
CS locations. The goals minimized with the IP approach are transportation costs, the cost
of charging and the cost of placing CS. In [55], authors build up the Game theory model to
solve the problem of EVCS placement and the same was transformed into the LIP problem
and later on, the primal dual-path algorithm was used to deal with the problem to make the
process easy and viable. However, factors such as network of the road, structure, traffic
condition and constraints related to the capacity of the distribution network are not being
considered. Authors suggested a mathematical approach in this paper to tackle the problem
of distribution network expansion as well as the siting and sizing of EVCS [33]. A MIP
approach is used to solve the problem with voltage limit is treated as a constraint and a
requirement of radial network topology. In [56], the siting of fast CS for PHEVs based on
the coordination between the power and transportation networks is discussed. Capacitated
flow refueling location model (CFRLM) is introduced for the estimation of the charging
demand of PHEVs with the incorporation of driving range and flow of traffic. MILP is

employed for CS planning in coupled transportation and power grid network. This paper
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deals with the minimization of investment cost while satisfying the charging demand for
PHEVs. The disadvantage of IP is that it is unable to deal with stochastic issues associated

with EVCS.

G) Other Techniques

Other techniques are also considered in the literature for finding the ideal site and
the size of EVCS. Authors in [57] developed a cost model in which investment cost and
operation cost are taken as objectives to be optimized. The model involves traffic
conditions, geographic conditions and accessibility for siting of EVCS. MATLAB
Programming is done to find out the cost and optimum combination of CS. In [46], authors
presented a new modelling approach for the layout of EVCS. Different factors that have
been considered which have effects on the layout of EVCS are charging demand, the
performance of the battery, the time required to charge the battery, manner of energy supply
and the location of CS. In [58], authors considered transportation loss (TL) grid power loss
(GPL) and build-up costs as the objectives for the optimal location of fast CS. Battery SOC,
GPL, Google Map API are taken as constraints in the recommended method. A latest and
effective optimization technique, i.e., binary lightning search algorithm (BLSA) is
employed for the optimization purpose. Authors in [59] described a new intelligent control
plan for load management based on peak demand, the improvement in voltage profile and
minimization of power loss to synchronize several chargers, taking into account the daily
residential load pattern. A new approach is proposed in which transportation costs,
construction costs and substation energy costs are considered as a target function for
optimal planning of a fast CS (RCS) [60]. BLSA, a novel optimization technique, is

utilizing for solving the objective function. The same optimization technique is applied to
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traditional RCS. The test is conducted on the IEEE-34 bus system to validate the results.

Authors in [61] presented fast CS planning on coupled power and transportation networks.

A closed-form modelling is done for fast CS considering charging demand and driving

range of PHEVs. A modified CFRLM based on sub-paths is utilized for capturing charging

demand that is varying in nature and the driving range is treated as a constraint. Then, a

new approach, i.e., mixed-integer second-order cone programming model, is proposed for

the planning of fast CS.

Table 2. 1. Analysis of various optimization methods applied in EVCS sizing and siting

problems [4]

S.No Algorithm Advantages

Disadvantages

1

GA Implementation is  easy, more
appropriate for placement problems

PSO Computation is simple and able to
determine sub-optimal solution

ACO Has ability to discover good solutions

Greedy Produce feasible solution in small time

Algorithm

Linear Integer Solves distinct combination of problems
Programming

Computational time
is large to solve the
problem

Early convergence

Convergence time is
not certain
Near-optimal
solutions are
obtained

Not suitable for
stochastic problems

It is observed that, various optimization techniques have been adopted for

determining the optimal solution for sizing and siting of EVCS. In this context, Table 2.1

provides a comparison analysis between various optimization methods that are applied in

EVCS siting and sizing problems.
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2.3.3 Geographic Conditions

The location of CS should be chosen such that the charging service can be provided
to as many EVs as possible. Thus, the flow of EVs must be maximized while planning
EVCS. The objective function which describes EV flow is given as

Maxf =) fy, (26)

xeX

where X is the set of the non-zero flow path and f, is the traffic flow rate. And, y,
= 1 if at least one facility is provided on path x =0 otherwise. In many studies, the flow of
EV is assigned as population coverage. In [62], authors presented an optimized recharge
planning strategy for the road network. The developed optimization model of the system
generates the equilibrium of traffic flow and based on that; the queuing theory is introduced
to find the CS capacity with the consideration of waiting time. Finally, for the economic
analysis, cost functions are made for the selection of cost-effective schemes. Authors in
[63] modelled the optimization structure to determine the objective design of the CS in
order to reduce the total energy consumption and travel distance to the nearby CS from the
point where charging is necessary. GA is utilized to solve the problem. The spatial and
temporal transportation behaviors for the placement of fast EVCS on a round freeway is
considered [64]. The above approach gives an idea of charging points along the highway
and takes into account the uncertainties in battery performance and transport behavior. The
shared nearest neighbor (SNN) clustering algorithm is used to determine the EVCS
locations on a round freeway. Finally, The Queuing Theory has developed the capacity
determination model, which determines the number of chargers required in each CS, which

reduces the total cost, i.e., the sum of the cost of the charger and the waiting cost. Authors
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in [65] overcame the problem of locating the CS in such a way that the proposed approach
should benefit the EV owner, CS owner and the operator of the network. A Logit Nested
Model is used to inspect the load sequence of the owner of EV and judge the total demand
at the CS. Competition among CS as a Bayesian Game has been formulated. A bi-level
programming model is proposed for determining the optimal location of CS with EV, All
Electric Range (AER) is taken into consideration [66]. With this approach, the location of
the CS is optimized for minimizing traffic flow. While in the lower level, EV driving range
constraint is defined. Later, the bi-level problem is formulated as a single-level program
and later on, the problem is made of linear nature for designing the meta-heuristic

algorithm.

2.3.4 Demand Side Management (DSM)

The goal of DSM is to inform consumers that consumers should use less energy
during peak times and make the most of it during off-peak hours, i.e., at night and on
weekends. DSM programs comprise planning, executing and controlling activities of
electric utilities, which are made to motivate energy users to batter their level and electricity
usage pattern. Demand response programs (DRPs) motivate the electricity user to cut or
reduce electricity use during peak hours at the cost of low electricity bills. The DRPs are
categorized into time-based programs and incentive-based programs. In time-based
programs, the price of electricity changes at different times, depending on the cost of the
energy supplied. These programs can further be subdivided into Time of Use (ToU), Real-

Time Pricing (RTP) and Critical Peak Pricing Programs (CPP).

Incentive programs are designed to encourage energy users to leverage energy

efficiency. Incentive-based programs can be categorized as Direct Load Control (DLC),
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Emergency DRP (EDRP), Capacity Market Program, Interruptible/curtailable service,
Demand Bidding and Ancillary service programs. Fig. 2.4 shows the classification of
DRPs. In the current scenario, it is essential to consider DSM to find the optimal location
of EVCS. Control schemes of battery capacity are essential while considering the DSM for
the determination of the optimal location of EVCS. The studies reported in the literature
mainly focus on the economic aspect and transportation sector. Authors in [67] considered
DRPs to find the optimal site as well as the size of EVCS. The DRPs are categorized into
incentive-based programs and a time-based program. In this paper, investment cost, the
cost required for making the connection, cost incurred in losses and DR cost are considered
as the objectives which are solved using PSO. In [68], authors proposed the optimal sizing
of CS considering power loss and voltage drop as objectives. The authors came up with the
new approach, i.e., demand response (DR), for improving power loss and maintaining the
voltage profile. Time of use (TOU), Critical peak pricing (CPP) and Real time pricing

(RTP) are incorporated into the problem. GA is utilized to tackle the problem.
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Fig. 2. 4. Classification of demand response programs
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Different researchers have considered the different approaches for the optimal
location of CS. These approaches are based on the selection of objective functions, solution
techniques utilized, consideration of geographic conditions and inclusion of DRPs.

The chart given in Fig. 2.5(a) shows that the available literature predominantly
states that the optimal location of CS based on four different approaches. The approaches

are (a) objective functions, (b) solution techniques, (c) geographic conditions and (d) DSM.

The literature survey depicts that ~21% of research is based on objective function
considered for placing the CS. The literature surveyed also shows that 57% of the research
was based on the solution technique for the placement of CS. Similarly, the research based

on DSM is 7% and research based on the geographic condition has a proportion of 15% in

y

= Objective functions # Solution techniques «PSO *GA =ACO -LIP =Others

the literature survey.

=)

17%

= Geographical conditions Demand side management
(a) (b)

Fig. 2. 5. Survey of different approaches considered in literature for optimal siting and
sizing of EVCS

As far as the solution techniques are concerned, there are many techniques that are
utilized by the researchers. Approximately 20% of the researchers utilized the PSO

technique in their research as surveyed. Similarly, 17% of researchers have used GA, 11%
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used the ACO technique and 17% utilized LIP technique for the CS placement. It can also
be said that 35% of the researchers utilized other techniques like queuing theory, BLSA

etc.

24 REVIEW ON INTEGRATION OF EVCS AND CAPACITORS IN

DISTRIBUTION SYSTEMS

Many research studies in the domain of EVs allocation, operation management in

the distribution network along with capacitors are summarized as follows:

EVCS allocation in electric distribution networks causes challenges for grid
operators if proper planning procedure is not considered [69]. Researchers and
academicians are looking for the appropriate planning of EVCS in power systems [70].
Various researches have been conducted on integrating EVCS into the electric power
network. In this context, the influence of integrating EVCS to the electric power networks
in terms of system’s power loss and voltage profile is addressed in [71]. The EVCS has
been optimally planned for the 30-bus system [72]. Also, fluctuations in voltage have been
considered and EV Load is assumed to be voltage dependent. In [73], allocation of
distributed generations (DGs) and EVCS have been performed for IEEE 30-bus and IEEE
69-bus system. A hybrid algorithm-based optimal scheduling of EV parking lot has been
carried out in electric power network of Allahabad city (India) by minimizing the
installation cost and improving the power quality [74]. A new approach i.e., demand side
management is introduced for the allocation of EVCS in electric power networks. Optimal
planning of EVVCS infrastructure has been performed by decreasing the cost of installation,

cost of operation, and maintenance cost by taking care of system reliability [75]. The
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constraints include the reliability checking of electric power network, ensuring reliability
of EV charging and the service quality of charging infrastructure. A battery capacity-
constrained EV flow capturing location model is suggested for maximizing the EV traffic
flow. The proposed technique is executed on 33-bus distribution system and 25-node road
network. In [76], authors have planned the EVCS placement in superimposed distribution
network and road network. The 2 m point estimation approach is used to consider EV
uncertainties. Also, differential evolution (DE) and Harris Hawks optimization (HHO)
methods are used for optimization purposes. A new methodology has been adopted for the
optimal location and sizing of parking lots by enhancing network reliability and
minimizing the cost [77]. Several cost functions are taken into consideration, including the
cost for improving reliability, cost of improving power loss, etc. competition over resources

(COR), have been utilized for optimization purposes.

The number of heuristic methods has been modeled for the optimal placement of
capacitors. In [78], DE approach-based siting and sizing of shunt capacitors along with
distributed generation is discussed with the goal of lessening the power loss of the system.
Authors proposed the two-step procedure for investigating the appropriate location and
sizes of capacitors in distribution network. The power loss is optimized by employing the
ant colony optimization [79]. The suggested approach is implemented on 34-bus and 85-
bus radial distribution system. In [80], optimal power flow is carried out using hybrid of
DE and harmony search (HS) algorithm. The optimization problem is aimed at minimizing
the fuel cost and transmission loss as objectives. In [81], a new strategy is introduced for
the proper positioning of the EVCS, which focuses on congestion management and the

compensation for reactive power to allocate parking lots and capacitors. Biogeography-
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based optimization approach was considered for the optimum size of the parking lot.
Authors presented the grasshopper optimization algorithm based on two stage fuzzy multi-
objective approach for optimum sizing and placement of EVCS, distributed generations
and capacitors in the electrical distribution network [82]. The objectives considered in this
paper are cost of generation, power losses and voltage stability factor. A new
comprehensive strategy for the parking lots and capacitor allocation is presented with the
consideration of congestion management [83]. Quantum-Behaved and Gaussian
Mutational Dragonfly Algorithm is utilized to optimize real and reactive power loss. An
efficient optimization technique for the optimum location and sizing of static VAR

compensator in hybrid electric network is discussed.

25 REVIEW ON INTEGRATION OF EVCS AND DG IN

DISTRIBUTION SYSTEMS

Some research works are concentrated on mitigating the severity of EVs on the
power system. In [84] , the authors present a sustainable, intelligent load balancing control
approach for lowering electrical losses and improving system voltage. Reactive power
regulation is utilized in EVCS to enhance the voltage profile [85]. The reliability and
techno-economic benefits of DG integration have been demonstrated [86]. Therefore, DGs
integration has been proposed as a viable approach for mitigating the charging
consequences of EVs [87]. The author utilized particle swarm optimization for the EVCS
and DGs allocation in an unbalanced radial distribution network [88]. The author suggested
a hybrid grey wolf optimizer for 33-bus, 69-bus, and Indian 85-bus distribution networks

to reduce power loss [89]. Authors in [90] created optimization models to collectively
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manage the locations and sizes of EVCS, solar photovoltaic power plants, and energy
storage systems in power systems while considering future power strategic management.
The author employed modified single and multi-objective Harris Hawks Optimization
algorithms for obtaining the nodes to optimally locate the DGs in the radial power network.
Finding ideal nodes is done with the goals of minimizing power loss, preserving voltage
levels, and improving the voltage stability index [91]. The authors of [92] proposed an
indicator for determining the best location for DGs in electrical networks. This indicator is
used to address a variety of issues, such as total electrical loss minimization, energy not
supplied, and voltage variation. By system reconfiguration and the integration of
solar/wind-based DGs, another endpoint, namely annual energy reduction loss, is seen [93].
Additionally, an innovative two-stage stochastic programming method is presented, and
the uncertainty issues, as well as load fluctuation, are investigated, particularly for wind
and solar energy production [94]. The overall cost is decreased in this technique by
including battery storage systems into the distribution network and planning for demand
response programs. Simultaneously, due to the appropriate size of battery energy storage
and optimal position, the improved reliability of power system reliability is obtained. A
multi-objective optimization model is presented with the objective of reducing power loss,
improving voltage deviation, and cost in order to assign EVCS and capacitors in candidate
buses optimally [95]. In an unbalanced distribution system, solar PV units are used to adjust
for EV charging demand [96]. Cost, dependability, power losses, and voltage profile are
all taken into account when synchronizing charging stations and DGs [68]. Capacity
reinforcement with DGs is recommended to offset the growing penetration of EVs, with

reliability improvement as one of the objectives [97]. The authors in [98] discuss the
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development of a charging station that incorporates wind production and storage. The best

DG penetration level for a specific EV energy consumption is evaluated [99].

26 REVIEW ON SOLAR PHOTOVOLTAIC-BASED EVCS

A serious threat is encountered by transport sector throughout the world due to
increasing concentration of particulate matter (PM) in the atmosphere. The polluting agents
like carbon monoxide, nitrogen dioxide, sulfur dioxide, etc., have deteriorating effects on
human health. Keeping in view, the government of countries all over the world are trying
to provide a sustainable and eco-friendly nature of environment. The combustion engines
based on non-renewable sources of energy produce green-house gases in large quantities
which have negative impact on environment. Also, the optimal location of EVCS is of
utmost importance for charging EVs [100]. EVs do not produce any harmful end product.
Thus, there is an increasing demand of EVs in transportation industry. However, the power
required for recharging the batteries of EVs directly from the power grid will create an
additional load, especially during peak hours, i.e., during day time [101]. For the sake of
minimizing the overload on grid network due to charging of EVs, many alternative
solutions have been developed. One of the solutions is to employ solar photovoltaic (SPV)
for charging EVs. Due to recent developments in the area of PV modules, they are
becoming cost-effective and gained popularity in EV charging application [102].
Application of PV modules in EV charging has many advantageous such as low
maintenance cost and no fuel wastage [103]. The PV application for charging EV can be
upgraded by new developments in conversion technologies, battery management system
(BMS), and their installation practices [104]. During day time, EV can be charged directly

using solar power, and this method of charging is popularly known as “charging while
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parking” [105]. EVs can be charged conveniently by parking them below the PV-based

parking lot as shown in Fig. 2.6.

This approach of PV-based charging of EVs proves to be eco-friendly and cost-
effective in nature, which is generally employed at workplaces, such as near big malls and
offices, and parking firms [106]. This method of overhead PV-based charging system
protects EVs from direct sun and rain, which is common in hot and humid climatic
conditions. Over the past few years, many methods have been proposed related to PV-EV
charging. The most feasible method is the P\VV—grid combination to charge EVs. In PV-EV
charging, initially, SPV is utilized for charging EVs and shifts to grid system when power

from SPV is unavailable or insufficient. Whereas in standalone type, charging process is

Fig. 2. 6. PV-based parking lot for EV charging [105]
carried out using solar PV only [107]. This approach of charging EV is predominant in

areas where power grid is unavailable. There are certain modifications for standalone
approach, such as the inclusion of fuel cell and battery bank as power source. During last
few years, many review and research papers have been published on recent trends and
developments in the area of solar PV—based EV charging. In this paper, techno-economic

feasibilities of charging EV using the combination of PV and grid as well as PV—standalone
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are discussed and compared with grid only system. This paper presented the feasibility
analysis and some of the important aspects of different modes of operation of PV-based
EVs charging. Several PV—based approaches for charging EV such as PV—grid charging
and PV-standalone is described in this paper. Furthermore, the inclusion of energy storage
unit (ESU) for storing the energy obtained from solar PV and grid, especially when there

are no EVs required for charging is mentioned which is rarely available in the literature.

2.6.1 PV-EV Charging Approaches
EV takes a large amount of current from utility system during charging, which
imposes an extra load on the system [108]. Moreover, if charging of EV is carried out

during peak hours, i.e., day time, the EV owner has to pay a high tariff.

Renewable energy system (RES) should be used for EV charging for reducing the
overload on grid and to enhance its stability [109]. At present, the most common charging
approaches which involve PV are PV-grid charging and PV-standalone. In former case, it
is possible to charge EV even during inadequate irradiance level by taking power utility

grid [110].

It is also more advantageous because the power obtained from SPV can be supplied
to the grid when EV is not available for charging. While in latter one, i.e., PV-standalone
is well suited in those areas where the availability of utility grid either very low or it is

quite expensive [111]. Its setup is simpler due to fewer conversion stages are required.

1) PV-Grid Charging

A specific configuration of PV-grid charging mechanism is shown in Fig. 2. 7. It

comprises three major sections (1) DC-DC converter with MPPT capability, (2) bi-
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directional inverter, and (3) bi-directional DC charger. For the stabilization of the voltage
of DC bus, the ESU has also been recommended. It also provides compensation for the
fluctuating behavior of RES [112]. Regardless of these advantages, the initial cost,
operating cost, and maintenance cost of ESU are high. However, the reduction in initial
investment can be made using lead-acid battery. Furthermore, for safety issues, BMS is
introduced which also maintains the battery life of EV and ESU. All main components are

integrated

Central
de-de converter  Controller S
with MPPT nverter

PV Array Bidirectional

éAC grid

+

EV Battery

Uni-directional
Charger

Fig. 2. 7. Typical block diagram of PV-grid for EV charging mechanism [113][114]
conveniently at the DC common bus. The voltage of DC bus is variable in nature, but

typically its value ranges between 200 V and 400 V. The DC bus acts as a medium for
signaling, i.e., transfer the signal within the system [114]. A central controller is introduced
which decides the flow of power and activates the converter. It operates on the basis of
some decision-making algorithm. It is mainly designed based on some objectives, i.e.,

charging cost minimization, maximizing profit, etc.
a) DC-DC Converter with Capability of MPPT

The primary goal of MPPT-based DC-DC converter is to take out large amount of
power from the PV panel. Usually, this converter is operated either in boost or buck-boost
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mode. In Fig. 2. 8, the working of MPPT has been described. At a specific sampling cycle,
sensors are employed for sensing the voltage and current obtained from the solar panel
[115]. Magnitude of both voltage and current is injected into MPPT which determines
MPP. Once determined, it generates the reference value of current I, and voltage V5, .
These values should be comparable to the DC-DC converter. After this, measured value of
power is compared with MPP value. If there is mismatch between the two values, duty
cycle is adjusted to decrease the difference. PI controller or hysteresis controller are used
for adjustment process. When the two power values, i.e., measured power and reference

power becomes equal, the array will deliver the maximum power.

PV Array
DC-DC Converter

) —|

SNQ uounuod op

IPV VPV

| \ Vev/Ipy d
MPPT h 4
'S Switching signal
Fixed or Adaptive /l/]/l

Vey!lpy

Fig. 2. 8. MPPT-based DC-DC converter

b) DC-AC Bi-Directional Inverter

The bi-directional DC-AC inverter operates in the entire four portions of
current/voltage regime [116]. Therefore, it either work as an inverter, i.e., DC bus power
is injected into the grid or as a rectifier, i.e., power can be taken out from the grid for the

charging of DC bus. It acts as boost converter in rectification mode and as buck converter
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in inversion mode. Moreover, it must operate at controllable power factor during inversion

process.

¢) Bi-directional DC-DC Charger

The DC charger is employed for controlling the current and voltage to a level such
that it matches with EV which is being charged. It needs to be directional, i.e., power flows
in both directions for full power control. In discharging, it acts as a boost converter, while
in charging, it acts as a buck converter. It can be assumed as current controlled source
which supplies current to the battery, estimated by the variation between the battery voltage

and set reference value.

d) Charging Operation

Initially, when EV connected with the grid battery has a state of charge (SOC) lesser
than 100%. In PV-grid network without incorporating ESU, vehicle to grid (V2G), and

vehicle to vehicle (V2V) operations, the charging process sequence is as stated [110].

Case 1: If power supplied by solar PV is higher than what EV requires, than in this
case additional power is generally provided to the grid and grid energy does not play any

role in EV charging.

Case 2: In this case, charging of EV takes place only due to the grid power because

of unavailability of PV power either due to bad climatic condition or during night hours.

Case 3: In this case, EV is initially charged by PV power. But due to low irradiance,

the remaining charging is carried out by grid power.
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Case 4: If there is no requirement of charging EV, power delivered by solar PV is

injected into the utility grid directly; providing financial benefit to the owner.

Mode 1: EV connected to PV only

If power delivered by solar PV is enough for charging EV, then EV charging is
done completely by solar PV. Schematics of charger and converter used for charging
process are shown in Fig. 2.9 (a) [117]. System is connected partially to the grid in this
particular mode and alone PV perform the charging activity. The charger is employed for

regulating the DC voltage so that it matches with the EV.

Mode 2: EV connected to grid only

On the other hand, if PV is not capable of providing power to EV, the EV charging
takes place using grid power only. Bi-directional inverter is used to convert AC grid power
to DC and the obtained DC voltage is conditioned using charger as shown in Fig. 2.9 (b)

[117].

Mode 3: PV and grid-based charging of EV

In certain special cases, where PV generated power is not enough to charge vehicle
than grid connected PV could be utilized. Schematic for grid connected PV is as shown in
Fig. 2.9 (c) [117]. The gquantity of power output delivered by solar PV decides the energy
to be taken from grid. The remaining energy is provided by the grid. Because of irregular
irradiance condition, the power taken from the solar PV must be continuously monitored
and accordingly make some adjustment for taking grid power for maintaining the EV

charging profile.
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Mode 4: Grid inversion mode

In this mode, there is no EV need to be recharged and solar PV is continuously
producing power, all the power will be supplied to the grid by means of DC-DC converter

and bi-directional inverter as shown in Fig. 2.9 (d) [117].

Mode 5: Vehicle to grid (V2G) mode

In this mode of operation [118], power flow takes place from vehicle to grid. The

tariff is high during some specific hours of a day. Thus, additional energy stored in EV
parked in a lot is fed to the grid. Such type of charging is performed via bi-directional

inverter and bi-directional DC-DC charger as illustrated in Fig. 2.9 (e).

Mode 6: Vehicle to Vehicle (V2V) mode

This mode deals with the flow of power/energy between the two vehicles as
illustrated in Fig. 2.9 (f) [118]. In some hours of the day, energy is transferred from the EV
which has surplus energy to the vehicle which is assumed to depart from the parking lot
earlier or does not have enough SOC. This process also affects the life of battery. That is

why it is practically uncommon in practice.

Mode 7: Power transfer from PV to ESU

In some cases, when no EV need to be charged either due to unavailability of EV
or they are fully charged then ESU are employed to store the power taken form solar PV
to meet the future requirement. This charging mode minimizes the dependence on grid

because energy stored in ESU will be utilized.
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Fig. 2. 9. Possible modes of operation. a) Mode 1: charging of EV by PV only; b) Mode 2:
charging from grid only; ¢) Mode 3: combination of energy from PV as well as grid;
d) Mode 4: EV is not available and solar power is fed to the grid; ) Mode 5: V2G mode;
f) Mode 6: V2V mode; g) Mode 7: PV power is fed to the ESU when EV is not available;
h) Mode 8: EV and PV not available and grid is charging ESU in case of low SOC;
i) Mode 9: PV is not available and ESU is supplying energy to EV
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Mode 8: Power transfer from grid to ESU

When grid is lightly loaded and electricity prices are low, i.e., night time and there
is a need to charge ESU, then energy can be transferred from grid to ESU in order to
maintain its charging profile as shown in Fig. 2.9 (h) [117]. This mode has the advantage

of low grid tariff to be utilized for CS benefit.

Mode 9: Power transfer from PV and ESU to EV

PV power and ESU are combined to charge EV as shown in Fig. 2.9 (i) [117]. This

mode becomes active when PV power is insufficient to charge EV and ESU has enough

SOC. This operation mode reduces the burden on grid for EV charging.

2) PV-Standalone Charging

In PV-standalone, charging of EV takes place completely by solar PV without
involving grid as illustrated in Fig. 2. 10 [119]. This approach of EV charging is more
reliable as the less power conversion steps are required. The PV modules should be sized
such that the charging demand of specified number of EVs must be met. Due to the
fluctuations in irradiance level, this method is unpopular in comparison with former

charging approach.

Two charging approaches are existed on PV-standalone system (a) EV are directly
connected to PV as illustrated in Fig. 2.10 (a), (b) EV and PV are connected via
intermediate ESU, i.e., battery bank as shown in Fig. 2.10 (b), (c) [120]. In addition to this,
there are various methods which involve hybrid solution. However, the limitation of direct

charging of EV is inadequate and fluctuating nature of solar power. While ESU stores extra
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energy and to be used during the non-availability of PV power [121]. Also, ESU flatten the
sudden changes in output power form solar PV [121]. The EV charger controller has a
significant effect on this process. DC-DC converter has the capability of tracking MPP. It
is employed for regulating the PV voltage in a way such that the charging current must be

an optimized value.
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Fig. 2. 10. PV-standalone charging mechanism: (a) without a battery, (b) with battery, (c)
with battery

2.7 KNOWLEDGE GAP ANALYSIS

The following are the key research areas where some gaps are identified. These

gaps are as follows:

= To the best of author’s knowledge, numerous studies have been conducted so
far for the siting and sizing of EVCS in distribution and transportation network.
But few of them addressed the aforementioned problem by taking the realistic

data of EVs into account. Also, impact on reliability of grid in terms of charging
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cost loss is rarely performed in past studies. Reliability evaluation is an
important factor to be taken into account for the optimal planning of EVCS.
Furthermore, application of intelligent meta-heuristic technique for the
particular case study has not been performed in prior works. This research work
is focused on optimal planning of EVCS in different well-known areas of South
Delhi considering land cost, coordinates i.e., latitude and longitude, elevation
and population density of charging station location. Moreover, reliability
analysis is carried out to investigate the impact on grid. Therefore, this work
will be carried out by utilizing GWO for the planning of CS in the proposed
site.

A lot of studies have been carried out for integrating the EVCS and capacitors
into the distribution networks but in a separate manner. Also, vehicle to grid
(V2G) facility of EVs along with the placement of capacitors for improving the
reliability of grid network is discussed in few research works only. The benefits
of capacitor allocation for reducing power loss and enhancing the voltage
profile on incorporating EVCS into distribution networks have not been
adequately reported in aforementioned planning studies. The joint placement of
capacitor and EVCS can reduce power loss, enhancing power factor correction,
and many more. Therefore, modeling and application of hybrid intelligent
algorithm can be investigated for the allocation of capacitors in presence of
EVCS in radial distribution network. The hybrid algorithms combine the

desirable attributes of the two algorithms and leads to better results.
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The majority of related literature and studies are focused on the impact of EVs
on voltage level and system losses, with little emphasis on reliability. EVs are
another category of load that enters the grid network, and the reliability of these
EV loads is largely overlooked. Despite the abundance of research on DG siting
and sizing in the literature, its impact on the reliability of grid networks is a
growing subject of research that has received little attention in previous studies.
Therefore, the use of a hybrid intelligent methodology can be investigated for
DGs allocation in the presence of EVCS in a radial distribution network.

The control and power management of EVs in grid-connected systems are the
primary focus of researchers. However, one of the important aspects that must
be addressed is an economic analysis that takes into account the power
exchange with the grid. The fast adoption of EVs poses both constraints and
opportunities for the current electricity system. A small grid-connected SPV
and DG-based hybrid system with EVs are presented in this article for a
charging station in the northwest region of Delhi, India. The main objective is
to formulate a statistical model of a solar and diesel generator-based hybrid
system with EVs and a backup grid. Furthermore, the purpose of this research
is to reduce power interchange with the grid. The application of hybrid
algorithm has never been introduced before for satisfying the EV load
requirement using hybrid SPV and DG with utility grid as a backup. To our
knowledge, no previous study has compared the performance of so many
different sizing methodologies on a single energy system. Hence, the

employment of hybrid intelligent algorithm can be studied for the optimal
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2.8

designing of different components of hybrid energy system to satisfy the load

demand of EV load.

PROBLEM FORMULATION

Based on the research gaps, the following main objectives are proposed:

v To perform the feasibility analysis of EV charging station

v' To perform the optimal planning of EV charging station integrated with
capacitors

v To perform the coordinated allocation of EV charging station and distributed
generation

v To perform the techno-economic and environmental analysis of EV charging

station
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CHAPTER 3

STUDY AND ANALYSIS OF LOAD FLOW METHOD,
TEST SYSTEMS, AND OPTIMIZATION ALGORITHMS

3.1 INTRODUCTION

As illustrated in Chapter 2, the computational time required to perform load flow
for optimal placement of EVCS and DGs in different distribution systems using
optimization algorithms is essential to determine the convergence rate. The characteristics
of EVCS load and various types of DG and their integration into distribution systems have
a considerable effect on the system’s technical quality, financial procedure, and emission

reduction.

In the power transmission system, load flow techniques such as Gauss-Seidel [122],
Newton—Raphson [123], and the Fast Decoupled method [124] are particularly well suited.
These traditional techniques encounter convergence challenges because of their large
resistance to reactance ratio, un-transposed lines, imbalance loading, and also their distinct
topological configuration and features. Some modified conventional load flow techniques,
such as the Gauss implicit Z-matrix method [125], are extensively utilized, but they fail to
converge for radial and weakly meshed networks. Following that, a compensation-based
technique [126] is anticipated in place of the forward and backward sweep technique.
Though, this strategy necessitates a new datatype and searching mechanism. Some other
technique [127] uses a feeder lateral-based model for load flow, which requires data
arranged in accordance with the layer-lateral. Authors in [128] proposed a topographically

based load flow technique in which admittance and Jacobian matrix are no longer
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mandatory, as in traditional load flow approaches. Hence, the proposed method for load
flow is reported to be more reliable and requires less computing effort. The topographical-
based load flow method is first described in this chapter, which is relatively simple and
requires less computing effort [128]. Also, several test networks that have been used to
validate the proposed method are included in this chapter. Moreover, this chapter
concentrates on optimization algorithms and their mathematical modeling. Optimization
techniques aid in the finding of optimal solutions, as well as unconstrained maxima and
minima, for a wide range of applications. The chapter focuses primarily on swarm-based
optimization techniques such as particle swarm optimization (PSO) and the grey wolf
optimizer (GWO). Finally, the chapter explains the modeling and development of a hybrid
technique referred to as Hybrid Grey Wolf Optimizer Particle Swarm Optimization
(HGWOPSO). It integrates the exploitation and exploration characteristics of GWO and
PSO. The hybrid methodology outperforms both the GWO and PSO techniques. The
hybrid approach is compared to other standalone approaches in terms of computational

time, convergence rate, an optimum solution.

3.2 LOAD FLOW TECHNIQUE

One of the most common ways to conduct load flow analysis of the radial
distribution system is to use a direct approach algorithm. Robust convergence, simplicity,
decent speed, and low memory usage are the characteristics feature of this algorithm. In
this method, two matrices are made with the assistance of line data and load data. The
desired matrices i.e., bus injection to branch current matrix (BIBC) and branch current to

bus voltage matrix (BCBV) are developed. Fig. 3.1 shows the simple line diagram of the
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6-bus radial distribution network. The direct approach method involves the following steps

to perform the load flow.

Fig. 3. 1. Connection diagram of the 6-bus distribution system

Step 1: Initialization
Initialize the following parameters:

e Line and load data of distribution network.

e The base voltage and base MVA.

e Evaluate the base impedance.

e Convert the actual values of line and load data in per unit.
e Assume voltage at each node is 1 p.u.

e Set tolerance € =0.0001 and AV,,,4,, = 0.

Step 2: Initialization of iteration count k=1
Step 3: Compute load current at each node

Qb | 3.1)
k P S+ Q S (
It()s) = ( k‘)](k;)b ) bs =1,2,3...Npyus

bs
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_Iz(k)_
13(1()
Ibs(k) = 14(1()
Is(k)
_16(k)_

3.2)

Step 4: Creation of BIBC matrix

In BIBC matrix formation, bus injections are converted into branch currents. For a
simple 6-bus distribution system shown in Fig. 3.1. The equations converting the bus

injection to branch currents are as follows.

P=L+I+1,+1s+1g (3.3)
P,=L+1,+15+]1, (3.4)
P, =1, +]Is (3.5)

P, =1 (3.6)

P, =1, (3.7)

The above equations can be represented in matrix form as:

Py 1111171k
P, 0000O0]|L
P:[=]0000 0] [I3 (3.8)
P, 00000O0]||L
P; 0000 o L

The above equation can be expressed in compact form as:

[P] = [BIBC][Is] 3.9)

Step 5: Creation of BCBV matrix

In BCBV matrix formation, branch currents are converted into bus voltages. The

conversion matrix for branch currents into bus voltages is shown below.
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Vi v, Zi; 0 0 O
\Z V3 Zi2 73 0 0
Vil =|Va| =212 Z23 Z3, O
Vil Vs L1z L33 T3y Zys
lVSJ \'A Zi2 7253 0 0 Zzg lPSJ

0
0
0 ||P; (3.10)
0

The above equation can be written in condensed form as:

[AV] = [BCBV][P] (3.11)

Step 6: Creation of direct load flow (DLF) matrix
DLF matrix is prepared by multiplying BIBC and BCBV matrix.

[DLF] = [BIBC][BCBV] (3.12)

Step 7: Compute voltage of each node with respect to substation node voltage.

[AV®] = [DLF][Ips™] (3.13)
A, 01 v _v
awl| [T 2]
AV3 V1 - V3
. . (3.14)
where, [AV®] =]av,®|=V; -V,
ave®| Vi Vs
AG Vi = Ve
Step 8: Increase iteration counter by 1.
k=k+1 (3.15)
Step 9: Update bus voltage
VI =v; —av®  bs=2,3.. Ny (3.16)

Step 10: Compute error in voltage

The error in voltage at each bus can be determined by Eqn. (3.17).
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Av(k) — V(k) _ V(k_l)

bs = 'bs bs

The maximum error can be checked by

AViax = max (AVY, AV, AVE ... AVE )

After calculating the error in voltage at each bus, convergence of voltage can be checked

as:

If AV, < €(0.0001), go to step 12, otherwise update the iteration number and go to step

3.

Fig. 3.2. shows the flow chart of direct approach method for load flow analysis in

distribution system

(3.17)

(3.18)

Initialize line data and load data

l

I [av )] = [DLF[1fy] and ¥ = v, — 7

Calculate node currents

}

Formation of BIBC and BCBV
matrix

|

No

k+1

Determine DLF matrix

Evaluate active power loss in all
branches

}

Initialize iteration counter k=1

Fig. 3. 2. Flow chart of direct approach-based load flow method
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3.3 TEST SYSTEMS

This thesis comprises of different methodological approaches and optimization
techniques used for the optimal integration of EV charging load, DG and capacitor in
electrical power network. The direct approach-based load flow and suggested intelligent
algorithms are executed in MATLAB R2016a on an Intel i7, 3.2 GHz, 4 GB RAM, desktop
PC. The proposed algorithms are validated on standard test system such as IEEE 33-bus
and IEEE 34-bus system for EVCS and capacitor placement while IEEE 33-bus and IEEE
69-bus system for EVCS and DG integration. This chapter includes a brief description of

each system, with line and load data provided in the appendix.

3.3.1 IEEE 33-bus System

The detailed diagram of IEEE 33 bus radial distribution system is shown in Fig.
3.3. The IEEE-33 bus distribution network has 33 nodes and 32 branches. The system is
allowed to operate at 100 MVVA and 12.66 kV. It has total real power loads of 3715 kW
and total reactive power loads of 2300 kVVAr. The base value of active and reactive power
is observed to be 201.9 kW and 134.7 kVAr, respectively. The line parameters and existing

load demand of IEEE 33-bus network is mentioned in appendix Table A.1.

Substation I—» l—» L» L» l—» l—) L» l—»
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Fig. 3. 3. Single line diagram of IEEE 33-bus system
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3.3.2 IEEE 34-bus System

The detailed diagram of IEEE 34-bus radial distribution system is shown in Fig.
3.4. The 34-bus distribution network has 34 nodes and 33 branches. The system is allowed
to operate at 100 MVA and 12.66 kV. It has total real power loads of 4636.5 kW and total
reactive power loads of 2873.5 kVAr. The base value of active and reactive power is
observed to be 163.45 kW and 48.01 KVAr, respectively. The line parameters and existing

load demand of IEEE 34-bus network is mentioned in appendix Table A.2.
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Fig. 3. 4. Single line diagram of IEEE 34-bus system

3.3.3 IEEE 69-bus System

The detailed diagram of IEEE 69-bus radial distribution system is shown in Fig.
3.5. The 69-bus distribution network has 69 nodes and 68 branches. The system is allowed
to operate at 100 MVVA and 12.66 kV. It has total real power loads of 3801.4 kW and total
reactive power loads of 2693.6 kVAr. The base value of active and reactive power is
observed to be 224.9 kW and 102.1 kVAr, respectively. The line parameters and existing

load demand of IEEE 69-bus network is mentioned in appendix Table A.3.
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Fig. 3. 5. Single line diagram of IEEE 69-bus system

3.4 BRIEF DESCRIPTION OF OPTIMIZATION ALGORITHMS

The idea behind optimization is to implement solutions iteratively until a satisfied
or optimal solution is found. The significant application of optimization methods is to

reduce costs, losses, and improved efficiency. These methods are classified into two

major categories:
a) Deterministic algorithm

These algorithms are based on a certain set of rules for getting from one solution to
the other. These are conventional techniques also referred to as classic optimization

techniques. They employ differential calculus to find the best solution:

b) Stochastic Algorithm

As the name implies, these algorithms have stochastic interpretation rules deduced

from surroundings. These have restrictions that are determined by random variables.
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Fig. 3.6 depicts the differentiation of various optimization methods. An optimized

design problem is solved by correlating various solutions obtained through previous

understanding. Thus, the viability of every design is evaluated first, followed by a review

of the result found using the estimated objective function of each iteration, and the optimum

outcome is taken into account for adoption. Further to that, it is difficult to follow a single

procedure for the formulation of all electrical engineering design problems. Fig. 3.7 depicts

the steps needed to solve an optimal design problem.

3.4.1 Design Variables

An optimized design problem includes multiple design parameters, some of which

are extremely important to the proper operation of the design. These parameters are

referred to as design variables. These variables remain constant or change in response to

the more important design variables.
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Fig. 3. 7. A flowchart for optimum design procedure
3.4.2 Constraints
The constraints describe functional relationships between design variables and
other design parameters that specify physical phenomena and resource constraints. The
type and nature of these are determined by the users. There are primarily two kinds of

constraints:

a) Inequality constraints

b) Equality constraints

3.4.3 Objective Functions

The formulation of the objective function is critical in designing an optimized
problem. Although these objective functions are mathematical quantities, some of them
may be impossible to formulate mathematically. To solve such problems, these functions

can be maximized or minimized.
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3.4.4 Variable Bounds
Bounds are the variables that define the maximum and minimum limits of each
design variable. Some optimization methods do not require these, whereas in others, they

must be defined for an optimum solution.

3.5 SWARM BASED OPTIMIZATION

There are three important parameters that determine the best solution in swarm-

based optimization methods.

e Inertia Factor: This factor is responsible for compelling the swarm or population
in the same path.

e Cognitive Factor: This factor compels the swarm or population to relocate in a local
search region based on its own experience of life, which is referred to as
exploration.

e Social Learning Term: This term pushes the population or swarm to keep moving

to the ideal previous position of its neighbors, which is referred to as exploitation.

3.5.1 Particle Swarm Optimization

Kennedy and Eberhart, in 1995, devised the PSO as a nature-inspired optimization
method [129]. PSO uses a swarm-based exploration method to find the global optimal. Its
motivation is derived from the behavior of birds. The particles are taken and moved across
the exploration area to search for the optimal population that solves the challenge. Particles
are formed in a multidimensional exploration field, and each particle alters its location
based on past knowledge and that of its neighbors. Also, particles are directed by the

optimal location that they and their neighbors have reached. It has a large search ability in
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terms of candidate resolution spaces. The advantages of this optimization algorithm include
its better precision, easy operation, fertility, and ability to generate a group of particles in
the exploration space with random velocities. PSO is an approach that falls somewhere
between a genetic algorithm and evolutionary algorithms. In order to determine the
function with new waypoints at a given iteration, the position and velocity of an individual
particle are altered. The performance of PSO method relies on four parameters which are
as follows: personal best (ppest), global best (gpest), €1 and c,. A single PSO particle
leaves trails in the exploration space for its coordinates that are related to the best result it
has achieved up to this point, and this fitness value is known as pys;. If a particle achieves
the overall superior value, it is referred to as the global best, gn.s;. The searching and
exploitation capabilities of PSO depends on initializing the parameters. The following
equations can be used to update the position and velocity of each particle in a swarm at

each iteration.

vi(t+ 1) = w(t) * vi(t) + ¢1 * 1 * (Ppest — Xi(D) + €2 * T2 * (8pest —xi(D)  (3.19)

xij(t+ 1) = x;(t) + vi(t + 1) (3.20)
v;(t+ 1) and v;(t) are the velocities of the i particles at instances (t+1) and t

respectively,
x;(t + 1) and x;(t) are the position of the it particles at instances (t+1) and t respectively,

c,and c, are the acceleration coefficients which is taken into account for the variation of

particle’s velocity in the directions of ppest aNd gpest-
r,and r, are the random variables which varies in the range of 0 and 1.

Poest aNd gpest represents the personal and global best values.
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The position and velocities of every particle is modified using the current position, current

velocity, distance of each particle’s current position from ppest aNd Zpest-
w(t) is the weight of particle at iteration t and can be computed using Eqgn. (3.21)

(Wmax - Wmin) .t (321)

W(t) = Wy — T

The values of wy,,x and wy,;, are assumed to be 0.9 and 0.4 respectively, t denotes the

current iteration and T indicates the total number of iterations.

Initialize particles with random positions and velocities ]

[ Estimate the fitness value for every particle ]‘7

!

Determine Ppese and gpese and update them ]

!

[ Determine and update the velocity of each particle ]

!

[ Determine and update the position of each particle ]

Stopping
criteria
reached?

[ Show optimal solution ]

!

End

Fig. 3. 8. The flowchart of PSO method

The inertia weight has a substantial impact on the PSO algorithm's convergence. A
large value of inertia weight i.e., w makes it easier to conduct a global search, whereas a

small value of inertia weight makes it easier to conduct a local search. When compared to
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fixed inertia weight settings, linearly decreasing the inertia weight from a relatively large

value to a small value over the course of the iteration, PSO vyields the best performance.

3.5.2 Grey Wolf Optimization

Mirjalili et al. are the ones who first introduced GWO in the year 2014 [130]. It
takes its cues from the natural behavior and chasing method of grey wolves. They follow
a strict leadership system in a pack. The group's leaders are known as alpha (o) wolves.
Grey wolves are divided into two categories. The alpha comes under the first category,
while the rest of the pack members are considered in the second category. They assist the
alphas. The beta () wolves are their name. Furthermore, delta (3) wolves have a lower
priority than those of the previous two categories of wolves. Their goal is to surrender to
alpha and beta wolves while maintaining influence over omega wolves. The omegas (o)
are the wolves with the lowest priority, as they must obey the foremost grey wolves. The

social hierarchy of grey wolves is portrayed in Fig. 3.9.
3.5.2.1 Mathematical Modeling of GWO

The major steps involved in the mathematical modeling of GWO include social

hierarchy of GWO, encircling prey and hunting prey.

Ome
sa Deltg
ela
Alpha

Fig. 3. 9. Social hierarchy in grey wolves
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command on entire pack
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Ensures safety of the pack
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movement of the pack

Delta (8)
= Protects the pack
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= Help alphas and betas in
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Fig. 3. 10. Social hierarchy of grey wolves and their functions

Fig. 3. 11. Position update of wolves

1) Social Hierarchy of Grey Wolves
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Alpha wolf is known as the best suitable solution in the mathematical description of
the grey wolf hierarchy. As a result, beta wolf is the second most acceptable solution, while
delta is the third most suitable alternative. The omegas represent the farthest solutions. The
hunting process is guided by alpha, beta, and delta in the GWO approach. The omegas

should only follow the same steps as the wolves with higher priorities and obey them.



2) Encircling the Prey

The grey wolves enclosing the prey while hunting. The encircling of grey wolves

can be modeled using Eqgns. (3.22) and (3.23).

D=|C.X,(t) —X ()] (3.22)
X(t+1)=X,() —A.D (3.23)

where t indicates the iteration, A and C represents the constant (coefficient) vectors,

position vector of prey and wolf are represented by X_p’ and X respectively.

A and C can be formulated as follows:

A =231 -7 (3.24)

C

I
)

T (3.25)
The value of a’ declines proportionally from two to zero over the entire iterations.

r; and 1, are the arbitrary random vectors taken between 0 and 1.

3) Hunting Mechanism of Grey Wolves
The alphas, betas, and deltas often drive the hunting process as they have more
knowledge in predicting the location of the prey. The rest of the exploration mediators must

follow the location of the optimal mediator and make adjustments as needed [131].

D, = |C.Xe = X]| (3.26)
Dg = |C.X; - X| (3.27)
Ds = |C.Xs —X| (3.28)
X; =Xq—A;.Dg (3.29)
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Z, =X, —A,.Dy (3.30)

X, =Xy — A;.D; (3.31)
. X, +X, + X3 (3.32)
xa+1)=—L—§——i

4) Attacking Process of Grey Wolves
A is a number that falls between [-2a, 2a]. If |A| is greater than one, the wolves will
attack their prey. Exploitation refers to the ability to attack the prey, while exploration is
the skill of determining a prey. The population is led away from the prey by the erratic

values of A. If |A| is greater than 1, the wolves will depart from their prey.

‘ Start '

y

Initialize the GWO parameters i.e., A, a, C

»

Estimate the fitness value for each search agent

v

Determine X, Xg and X5 [ Update A, a, C ]

A

Stopping
criteria
reached?

No f Update the position of
L search agents

[ Display the most optimal value ]

y

End

Fig. 3. 12. The flowchart of GWO method

The process for updating the position of wolves is displayed in Fig. 3.11. The flowchart in
Fig. 3.12 describes the steps for GWO algorithm development. In GWO algorithm,

maximum number of iteration and tolerance error is used for stopping criteria.
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3.6 HYBRID GREY WOLF OPTIMIZER PARTICLE SWARM

OPTIMIZATION

The presented technique is the hybrid technique that is inspired by the attacking
movement of grey wolves to capture their prey and swarming action of group of birds to
achieve the target i.e., food. In GWO, the pack is categorized into four main groups of
different hierarchical levels such as alpha, beta, delta and omega. Alpha holds the highest
positions in hierarchy and believed to be the key decision-makers and the rest follows the
decision made by alpha. The process of surrounding, searching and attacking the prey is
managed by optimization techniques using mathematical equations [132]. The position of

grey wolves is updated according to GWO algorithm and can be stated as follows:

X123 = Xags —a-deps (3.33)
dogs, = |€ -Xo,8,6 — Wpso * i(t)l (3.34)
X; +X; +X3 3.35

R+ 1) = 2 (3.35)

The hybrid approach is presented with the amalgamation of GWO and PSO. The
shortcoming of PSO is that it could not explore for the optimal solution in a wide search
range and gets stuck in local optima. Whereas, GWO suffers with the disadvantage of poor
exploitation. Therefore, hybrid of GWO and PSO is employed to mitigate the drawbacks
of individual algorithm. The major concern is to enhance the PSO's exploitation
capabilities with GWQ's exploration capabilities to maintain a good balance between the
exploration and exploitation in order to escape out from local optima and leads to optimal
solution with easy convergence. In this study, HGWOPSO is proposed in which the initial

population is updated by GWO and then PSO again updates the updated solutions [132].
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Furthermore, the proposed hybrid approach is selected to solve the optimization problem
because of its high rate of convergence and capability of handling discrete as well as integer
variable problem involving a smaller number of control parameters. The improved
equations for alpha, beta and delta wolves are updated using Egn. (3.33)- (3.35). The

velocity and updated equation of PSO is improved to Egn. (3.36)- (3.38).

(Wmax = Wiin) . (3.37)

WPSO(t) = Wnax — T t

vi(t+ 1) = wpso (1) * v; (t) + ¢1Tpso (X1 - Xi(t)) + CaTfso (Xz - Xi(t)) (3.38)

+ C3r1§so(x3 - Xi(t))

3.7 RESULTS AND DISCUSSIONS

The proposed HGWOPSO is first applied to seven standard mathematical
benchmark functions for validation. The complete details of these functions and their
outcomes are provided in Table 3.1 and Table 3.2, respectively. Comparative results in
terms of maximum iterations and optimal solution of seven mathematical benchmark
functions for 30 independent runs validate that the proposed optimization technique is
superior to GWO. HGWOPSO converges to a global optimum without getting stuck in

local optimal solution, resulting in faster convergence.

The performance of hybrid method is shown in Table 3.2 in terms of optimum
solution and maximum iterations required for convergence. The hybrid method
outperforms standalone GWO method particularly when the functions are operated on high

dimensions.
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Table 3. 1. List of standard mathematical benchmark functions

S. No Function Mathematical Formulation Dimension Search Range
Name (D)
1. Sphere D 30 [-100,100]
f(x) = Z Xp
p=1
2. Rosenbrock D ) ) 30 [-2.048,2.048]
f(x) = Z [100 *(x3 —xpy1) +(1—xp) ]
p=1
3. Rastragin D 30 [-5.12,5.12]
f(x) = Z[xg — 10 cos(2mx,) + 10]
p=1
4, Greiwank 1 <L D X, 30 [-600,600]
i 2 _ p
f(x)—40002:xp l—lcos< p)+1
p=1 p=1
5. Schewefel D /P 2 30 [-100,100]
f(x) = z z Xq
p=1 \g=1
6. Ackle 30 -32.76,32.76
d f(x) = —20e<_0 DZg:lxl%) — e(%zgﬂ COS(Z“XP)) [ ]
+20+¢€t
7. Alpine D-1 30 [-10, 10]
f(x) = Z |xpsinxp + 0.1xp|
p=1

Table 3. 2. Comparison of results obtained from HGWOPSO and GWO applied
on standard benchmark functions

Function HGWOPSO GWO
Name
Maximum Optimal Maximum Optimal
Iterations Solution Iterations Solution
Sphere 1000 1.55*10% 897 5.89*102°
Rosenbrock 425 2.72*10% 515 5.81*10!
Rastragin 343 7.57%1013 419 5.53*10°
Greiwank 1000 4.25%107? 1000 3.45*107
Schewefel 1000 8592.7 1000 7956.4
Ackley 1000 7.74*%10° 785 0.14*10°
Alpine 1000 -192.55 1000 -192.45
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3.8 SUMMARY

In this chapter, the implementation of direct approach-based load flow technique
is thoroughly described. This technique is implemented before the placement of EVCS,
distributed generation and capacitor. It is easy to implement and possess fast computation
procedure. Further, the basic information of three test networks i.e., IEEE 33-bus, IEEE
34-bus and IEEE 69-bus that have been used is described in this chapter. This chapter
also describes the use of various optimization techniques for attaining optimum solution.
The important factors utilized for the tuning of swarm based meta-heuristic have been
presented. In addition to this, the comparison analysis of implementation of HGWOPSO
and GWO algorithms on standard mathematical benchmark functions have been
discussed in this chapter. The designed technique i.e., HGWOPSO is found to be faster
in terms of computational speed and convergence. The hybrid method outperforms
standalone GWO method particularly when the functions are operated on high
dimensions. Also, HGWOPSO can effectively handle the nonlinearities and probabilistic

nature of renewable energy sources when properly modeled.
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CHAPTER 4

FEASIBILITY ANALYSIS OF EVCS CONSIDERING
COST-BASED FUNCTIONS

41 INTRODUCTION

Nowadays, Electric vehicles (EVs) are gaining popularity because of the reduction
in consumption of fossil fuels and high demand in the power sector. The cost-effective and
eco-friendly natures of EVs are the major concerns that lead to the deployment of EVs on
a large scale. EVs can be categorized into battery EVs and hybrid EVs. Electric vehicle
charging stations (EVCS) are installed to supply electricity for charging EVs. The capacity
of EV battery ranges between 20 kWh to 60 kWh. Several charging levels are available for
EV charging. Out of which, three standard charging levels which are predominantly used
have been developed. Charging level 1 is based on a single-phase AC system in which 20
kWh battery is charged in 7 hours, whereas charging level 2 utilizes a three-phase AC
system in which 20 kWh battery is fully charged in 1 hour only. Moreover, charging level
3 also known as the fast-charging level, the battery gets fully charged in 20 min-30 min. It
is based on a direct-current (DC) system. It is necessary to have a fast-charging station for
the wide adoption of EVs. The easy availability of fast CS is the key to the commercial
deployment of EVs. Various issues concerning the development of fast CS have been
discussed in the literature, more prominent of them being charging time, battery life,

accessibility of public CS, and integration to the energy supply grid.

This chapter is focused on optimal planning of EVCS in different well-known areas

of South Delhi considering land cost, coordinates i.e., latitude and longitude, elevation, and
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population density of CS location. Moreover, reliability analysis is carried out to
investigate the impact on the grid. Therefore, this work will be carried out by utilizing grey
wolf optimization (GWO) for the planning of CS in the proposed site. GWO is simple to
execute because of its simple structure, low storage and computational requirements, good
convergence due to continuous search space reduction and fewer decision variables, and

its ability to avoid local minima and search for global minima over a large search range.

4.2 COMPONENTS AND MODELS OF EVCS

The interaction among CSs, EVs and electric substations is shown in Fig. 4.1. which

depicts that CS is connected to an electric substation and EV takes power from CS.

Electric
substation

Electric
substation

EVCS F.]CCII"IC
substation

= | ] ]
EVCS

EV LV LV
Fig. 4. 1. Interaction among CSs, EVs, and electric substation
Fig. 4.2. shows the single line diagram of the interconnection of charging station

(m) and substation (x) via feeder (Fm). High voltage and low voltage bus bars of the electric

substation are denoted by D6x and D4x respectively. Two transformers are assumed to be
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connected in parallel in the electric substation. D4i indicates the incoming bus bar of the

CS.

D6i

Fig. 4. 2. Single line diagram for station connected to the electric grid [133]

4.2.1 Investment Cost (IC)

The investment cost can be divided into three parts. The first part is the cost incurred
for establishing the equipment and facilities for CS. The second part is associated with the
rental cost of land and the third part is the cost required for developing the connectors.
Investment cost can be formulated mathematically as follows [67]

Ncs 4.2)
IC= Z(Cinitial + B. Clang - NCj + Ccopn. CP. (NC; — 1))

i=1
In the current work, it is assumed that the land is taken on rent for 5 years and
hence, the operational and maintenance cost has been ignored. Also, the area requirement
per connector is considered to be 25 m? [67].
The cost of equipment depends on the capacity of CS. The rental cost of land
depends on the quality of land and varies in different city locations. In the proposed
methodology, charging stations are installed at locations with different land costs. Since
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the development cost of the charging connectors will decrease in the future by improving
the technology, a considerable portion of the investment cost depends on it. The typical
layout of EVCS per connector is shown in Fig. 4.3. For a connector, it is required to have
a minimum width of 2.74 m and length of 5.28 m as shown in Figure 3. 0.92 Minimum
clearance of 0.92 m is needed between the two connectors if there is a use of more than

one connector.

Moreover, the charging station capacity is a function of the number of charging

connectors (NC;) and rated power of connector (CP).

Thus, the capacity of i'"CS can be determined as [134]:

CSc(i) = CP x NC; (4.2)

=

z |
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i
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8.5'

Fig. 4. 3. General CS station layout per connector [134]

4.2.2 CS Electrification Cost (CSEC)
The overall connection cost strongly depends on the separation between the
charging station and nearest electric substation as well as the connection technology. The

charging station and electric substation are assumed to be connected directly through
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dedicated overhead lines. Some conductors which are easily available and frequently used
for overhead lines are listed in Table 4. 1. The area of cross-section rated current for

different types of conductors used for overhead lines is also given in Table 4. 1.

The transmission cost of the overhead line depends on the area of cross-section of

the line and can be evaluated as follows [133]:

CT; = 8000 + 65.7w (4.3)

Table 4. 1 Conductor used for dedicated overhead line [133]

Name Cross-section area in mm? Rated current in ampere

FOX 42.77 192

MINK 73.6 288

DOG 118.5 380
PARTRIDGE 156.9 460

The overall connection cost of it CS can be determined as [67]
CSEC = X15(CT; * Dy) (4.4)

4.2.3 EV Energy Loss Cost (EVLC)
For charging the batteries of EV, the definite path must be followed by EV to reach

the nearest charging station. For jt* EV, charging loss can be determined as follows [67]

Thus, the EV energy loss cost can be calculated as follows:

EVLC = Py, * PE * TD (4.6)
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In this article, S; is the distance traveled between EV and CS and it should be
evaluated assuming the urban roads. The values of S; are calculated using geographic

information.

4.2.4 Travel Time Cost (TTC)

The travel time cost is the cost required for reaching the nearest charging station
from the point where the need for charging arises or the point of charging demand. It
depends on the distance between the EV position and nearest CS and the cost of traveling

per Km of EV. According to [135], it can mathematically be written as :

TTC = S;*Cgy,/km (4.7)

43 OPTIMIZATION PROBLEM

This section describes the optimization model based on minimizing the
aforementioned objective functions, associated constraints, and methodology for

assigning the EVs to the nearest charging station.

4.3.1 Objective of the Optimization
The aim of the optimization problem is the minimization of the total cost related

to the charging demand of the electric vehicle.

Min F=311(IC; + CSEC;) + X% EVLC; + X% TTC; (4.8)

i=1 j=1

4.3.2 Constraints
The optimization problem for optimal sizing and placement of CS is subjected to

some existing constraints associated with CS and EVs which are as follows:
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a) Each CS must have at least one charging connector.
NC; > 1 i=1,2,3......Ncg (4.9)

b) The connector must be able to charge all EVs.

YN (NC; X DE) > Ngy (4.10)
c) The trajectory length of each EV to the CS can be determined as:
S;j = min (s;;) (4.11)
d) The maximum number of EVs that can be charged in one CS is limited by
NC; X DE>Ngy, (4.12)
e) The number of EVs which are charged by each CS is given as follow:

Nev 4.13
NEVi:Z_ 1+ sgn(Sj - si,j))/Z (413)

=1

4.3.3 Assumptions

Various assumptions have been taken in this work which is as follows:

e The positions of EVCS and EV are considered to be distributed normally.
e The number of EVs in a given area decides the number of EVCS in that area.

e EV owner charges their EVs in a fixed CS.

4.3.4 Methodology

1) Determination of S and D matrices

Two matrices that represent the distance between substation, charging station, and
EV position and CS need to be modeled. D matrix indicates the distance of each CS from

every substation whereas the S matrix denotes the distance of each EV from every CS.
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Matrix D describes the distance between it* CS and nt" electric substation. Hence the

order of matrix D would be (ixn).

D= [din]ncs xNgs (4.14)
2 2 (4.15)
where, d;, = \/(Xcsi - XESD) + (YCSi - YESn)
1= 1, 2, 3. NCS
n= 1, 2, 3. NES

Matrix S represents the distance between j™ EV and i*" CS. Thus, the order of matrix L
is (jxi).

S: [Si,j]NvaNcs (416)

2 (4.17)
)

The values of x and y are computed based on geographical information in an area under

study.
2) Implementation of the proposed approach

The main goal of optimal siting and sizing of EVCS is to determine where the CS
should be installed to minimize the investment cost and electrification cost for CS and
minimize energy loss cost and travel time cost for EVs. The flow chart of the proposed

approach is shown in Fig. 4.4 and it is based on the following steps.

Step 1: The input data such as fixed cost, connector development cost, and other

parameters should be defined.
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Step 2: The EVCSs are positioned along the main urban roads in South Delhi and EVs

locations are generated randomly based on normal distribution functions.

Step 3: Select each charging station and assign EV to each CS based on the criteria of

minimum distance.

Step 4: Calculate various objective functions i.e., investment cost, CS electrification cost,

EV energy loss cost and travel time cost.

Step 5: Check the subjected constraints using Equation (4.9) — (4.13), if satisfied, print the

results for each cost function, else go to step 2.

Load input parameter for objective
function calculation

!

Randomize the initial population of
EVCS and EVs

[ Select charging station ]—7

Fig. 4. 4. Flow chart of the proposed approach
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44 APPLICATION OF GWO ALGORITHM FOR OPTIMAL
SITING AND SIZING OF EVCS
A Series of steps has been adopted for implementing GWO for minimizing the
multi-objective cost-based functions. The procedure is explained with the help of the

flowchart shown in Fig. 4.5. The initially chosen number of iterations, problem

dimension, and the number of search agents (NSA) are applied.
Step 1: Initialization

The driving source of the algorithm i.e., NSA, max iteration, dimension, and
boundaries of the problem are initialized. In this study, NSA is assumed to be 30 while the

maximum number of iterations is taken as 100.
Step 2: Grey wolf positions generation

The population of all search agents is randomly generated using GWO and the first
three positions are initialized as alpha, beta, and delta. After this, objective function values
for each search agent are calculated.

Step 3: Quality solution

The constraints are checked for determining the quality solution. If the constraints
are satisfied, then the objective function is calculated and if the constraints are violated, the

results are discarded.
Step 4: Selecting best positions of search agent
The positions of alpha, beta, and delta wolves are updated not including the omega

wolf. Eqgns. (3.26) — (3.32) in chapter 3 are utilized for selecting the best solution so far.
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Step 5: Determining the new positions of search agents

The new positions of all search agents are determined and the whole process is

repeated.
Step 6: Termination criteria

The termination criteria are set as the maximum number of iterations in the
proposed work. When the number of iterations exceeds the assigned number of iterations,
the simulation will be stopped and the optimized value of objective functions will be

displayed.

Initialize number of search agents
(NSA), maximum iterations
(itmax), search boundaries, alpha,
beta and delta positions

Set iteration=0

/J\ No
Tt<itmax

Discard result

Update alpha, beta and omega

:

[ For j=1: NSA

Update the position of search agents
includi

Conv_curve (it)=Best objective

End

Fig. 4. 5. Flowchart of GWO algorithm for the proposed approach

81



45 RESULT AND DISCUSSION

This section describes the explanation of planning region, reliability analysis,

simulation results, and main findings.

4.5.1 Description of the System Under Study
The approach has been applied to an area of 218.5 Km?in the South Delhi area of
New Delhi, India. The coordinates, elevation, and population density of different CS

locations are provided in Table 4.2.

There are 15000 vehicles assumed to be EVs in the study zone. Out of which, only
three percent of the total EVs are considered for daily charging. Around 500 EVs have
been assumed to be charged every day. EVs positions have been generated randomly based
on the Cartesian geographic system as indicated in Fig. 4.6. 11 substations are located
nearby 20 CS and provide electric supply to the nearby CS. In Fig. 4.6, green circles, red
stars and blue diamonds represent the EVs, CSs, and electric substations considered in this

work respectively.

®  FElectric Vehicle
*  Charging Station
¢  Electric Substation

Position of y(m

0 1750 3500 5250 7000 8750 10500 12250 14000 15750 17500
Position of x (m)

Fig. 4. 6. Positions of EVs, charging stations and electric substations
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20 CS have been placed in different well-known areas of South Delhi and located on
Google Map as shown in Fig. 4.7. In addition to this, the input parameters required for

solving the objective functions are listed in Table 4.3.

Table 4. 2. Charging station information [136]

Charging Station Coordinates Elevation Population density
Location Latitude Longitude (m) (people per km?)
Saket 28.5221 77.2012 240 20110
Shivalik 28.5340 77.2053 227 23414
Greater Kailash 28.5555 77.2337 224 26450
Lajpat Nagar 28.5649 77.2403 211 34599
New Friends Colony 28.5675 77.2691 208 8956
Kalkaji 28.5400 77.2592 239 24803
Hauz Khas 28.5479 77.2031 223 7974
Safdarjung 28.5647 77.1949 221 29682
Vasant Vihar 28.5603 77.1617 240 17475
Green Park 28.5584 77.2029 218 35903
Panchsheel 28.5415 77.2161 224 11576
Defence Colony 28.5734 77.2326 212 16837
Nehru Place 28.5503 77.2502 231 24036
Chanakyapuri 28.5972 77.1904 220 7498
Chirag Delhi 28.5376 77.2283 225 22552
Vasant Kunj 28.5293 77.1484 264 10536
Chhatarpur 28.4959 77.1848 261 13101
RK puram 28.5660 77.1767 229 14620
Golf Links 28.5973 77.2323 209 5919
Malviya Nagar 28.5342 77.2094 226 29945

Fig. 4. 7. Location of CS in South Delhi areas in Google Map [137]

83



Table 4. 3. Input parameter required for objective function calculation [134]

Parameter Value Unit
Nev 500 -
Ncs 20 -

Ns 11 -
SEC 7 km/kWh
PE 90.48 $
Cinitial 72204.52 $
Ceon 214.89 $kW
CP 96 kW
DE 30 -
TD 1825 Days
w 156.9 mm?
T 0.5 hour
CeviKm 0.34 $/Km

4.5.2 Impact on the Reliability of Utility Grid

The reliability impact of the electric grid is an important factor that must be taken
into account for the optimal planning of EVCS [138] . Deterioration of electric substation
components such as substation transformer and line cause disruption in providing electric
supply to CS. EV charging loss creates issues for CS operators and EV owners in terms of
economy. Several models and reliability indices are needed to address the reliability issue

of the utility grid for optimal planning of EVCS.

Availability (&) of a basic element can be described in terms of the rate of failure,
rate of repair of the basic component of substation i.e., transformer and lines [139]. Thus,

the availability (&) can be given as:
E=— (4.18)

Table 4.4 presents the failure rate and repair rate of substation transformers and

lines. One of the important indexes which measure the reliability impact of the utility grid
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Table 4. 4. Data required for determining the reliability [139]

Value Unit
Line Failure rate 0.1 Failure/km/year
Repair time 4 hour
Transformer Failure rate 0.1 Failure/year
Repair time 100 hour
ICC 0.90 $/KWh

is charging loss cost (CCL). CCL refers to the cost of EVs which remain uncharged due to
collapse in the utility grid. CCL may be defined in terms of operating hours of each CS,
CS capacity, unavailability of electric supply for i** CS and uninterrupted charging cost.

CCL can be given as follows:

CCL(i) = 1825 * p(i) = C(i) *m; * ICC (4.19)

Average operating hours i.e., p(i) of each CS can be determined as follows:

p() = ILECV‘ + T in hours (4.20)

ICC refers to the cost paid by CS operator and EV owner due to disruption in EV

charging because of collapse in the grid.
Unavailability of electric supply for it"* CS can be calculated as:

m=1-5 (4.21)

§i = i * Spax (4.22)

&g denote the station feeder availability of feeder fi and €, is the availability of electric

supply on bus D4x.

Availability of electric supply on bus D4x can be calculated as:
8ax = Gox (1 — (1 —8&7)"2)) (4.23)
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Calculation of €, depends on the nature of the substation i.e., whether it is a PQ bus or

not.

Sex = (1 —(1—-81)"2)) (4.24)

4.5.3 Simulation Results and Main Achievements

The optimized value of the objective function has a strong dependence on CS
capacity, the number of EVs charged at each CS and the number of charging connectors
utilized to recharge the EVs. For charging, EV will follow the path of minimum distance
to reach the CS. The number of EVs charged at each CS can be approximately determined
by Eq. (4.13). Fig. 4.8. shows the number of EVs assigned at each CS.

Thus, the number of charging connectors installed at each CS can be obtained as follows:

NCI _ NEVixNC(maX) (425)

Ngv
Thus, the number of charging connectors utilized at each charging station for

feeding the assigned number of EVs are displayed in Table 4.5.

Based on this, different cost functions considered in this paper can be evaluated.

Investment cost mainly depends on land cost and the number of charging
connectors. Areas in Delhi are divided from category A to category H based on land cost.
In the considered study zone, different areas come under different categories. Land costs

of different considered areas are indicated in Table 4.6.
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Fig. 4. 8. Number of EVs charged at each CS

Table 4. 5. Optimized number of charging connectors required at different CS installed in
South Delhi areas

Charging Station Location Number of charging
connectors utilized

Saket

Shivalik
Greater Kailash
Lajpat Nagar
New Friends Colony
Kalkaji

Hauz Khas
Safdarjung
Vasant Vihar
Green Park
Panchsheel
Defence Colony
Nehru Place
Chanakyapuri
Chirag Delhi
Vasant Kunj
Chhatarpur

RK puram

Golf Links
Malviya Nagar

OINWWEADNPNMNDNWWOWNDNOONNWPRRWREAW
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Table 4. 6. Land cost of areas in South Delhi [140]

Charging Station Land Cost ($/m?)
Location

Saket 2178.77
Shivalik 3349.87
Greater Kailash 3349.87
Lajpat Nagar 2178.77
New Friends Colony 10539.82
Kalkaji 2178.77
Hauz Khas 3349.87
Safdarjung 3349.87
Vasant Vihar 10539.82
Green Park 3349.87
Panchsheel 3349.87
Defence Colony 3349.87
Nehru Place 10539.82
Chanakyapuri 10539.82
Chirag Delhi 3349.87
Vasant Kunj 2178.77
Chhatarpur 3349.87
RK puram 3349.87
Golf Links 10539.82
Malviya Nagar 2178.77

The investment cost for different CS sites has been evaluated using the proposed
GWO. The overall investment cost incurred by utilizing GWO comes out to be $ 8657600.
The effectiveness of the proposed GWO is confirmed by comparing the results with other
intelligent techniques such as PSO ($ 9143400). It is revealed that the investment cost
calculated using GWO is 5.3% less than that of PSO. This comparison shows the
preeminence of GWO over PSO. In this regard, the comparative analysis of investment
cost investigated using different intelligent algorithms is shown in Fig. 4.9. It should also
be remembered that investment costs are high in areas with high land costs and that use a
large number of charging connectors. Charging stations that need a greater number of
connectors to have a higher set-up cost, which leads to a substantial increase in investment

costs because connector set-up costs account for a significant portion of the total
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cost. That’s why areas such as New Friends Colony, Vasant Vihar, Chanakyapuri, and Golf
Links have a high investment cost because of their high land cost and ample quantity of
connectors required to serve EVs in these regions. On the other hand, Saket, Hauz Khas
and Kalkaji etc., have lower investment costs due to lower land costs and a limited number
of charging connectors. A comparison of the investment cost of each CS site obtained using
GWO and PSO is presented in Table 4.7. Further improvement in investment cost can be
made when the government and public sector unit contributes to the development of the

charging station and utilizes available public lands for its installation.

5
12 X0

Investment cost ($)

01T 23 45 6 78 91011121314151617 1819 20
Charging station location

Fig. 4. 9. Investment Cost for different CS in South Delhi areas
In addition, CS electrification cost is highly influenced by the separation between

the CS and electric substation. However, the distance of each CS from every substation has
been evaluated based on Cartesian geographic information. Based on this, the
electrification cost of each CS site is determined by using the proposed GWO. CS

electrification costs obtained using GWO and PSO are displayed in Table 4.7.
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Table 4. 7. Investment cost and CS electrification cost of each CS installed in South

Delhi areas
Charging Station Investment cost ($) CS electrification cost ($)
Location GWO PSO GWO PSO

Saket 284200 298200 227.36 241.5
Shivalik 481600 509600 220.864 232.218
Greater Kailash 373800 387800 266 278.572
Lajpat Nagar 361200 389200 221.424 232.246
New Friends Colony 928200 1083600 181.44 208.026
Kalkaji 207200 221200 204.064 213.696
Hauz Khas 267400 281400 164.752 176.092
Safdarjung 589400 617400 526.288 545.398
Vasant Vihar 637000 651000 462.896 485.8
Green Park 267400 281400 46.704 50.05
Panchsheel 373800 376600 242.032 278.558
Defence Colony 373800 387800 134.4 136.556
Nehru Place 637000 651000 134.064 135.492
Chanakyapuri 637000 665000 618.24 654.92
Chirag Delhi 267400 273000 54.656 57.988
Vasant Kunj 361200 375200 696.416 720.398
Chhatarpur 267400 281400 118.832 120.568
RK puram 267400 281400 375.872 391.384
Golf Links 637000 651000 241.136 262.43
Malviya Nagar 438200 480200 281.792 300.412
Total 8657600 9143400 5419.232 5722.304

The performance of the GWO technique is proven by comparing the attained results
with those of PSO. Application of GWO results in a noticeable improvement in CS
electrification cost by 5.2% less than that of PSO. Fig. 4.10. shows the comparison of CS
electrification cost obtained using GWO and PSO. The greater the distance between the
CS and the electric substation, the higher the cost of CS electrification, and vice versa.
Table 4.8. shows that charging stations in Safdarjung, Chanakyapuri, and Vasant Kunj have
high CS electrification costs due to their remote location from the electric substation
whereas because of the proximity to the substation, the Chirag Delhi and Green Park
charging station sites have low costs. As a result, to meet lower CS electrification costs,

the CS operator must choose the location wisely. Even, when the electric utility is obligated
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to electrify the stations at no cost to the station owners, the cost of CS electrification can

be reduced.

800 T T T T T T T T T T T T T T T T T T T
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CS electrification cost ($)
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Charging station location

Fig. 4. 10. CS electrification cost for different CS in South Delhi area
Furthermore, EV energy loss cost or cost of energy consumption of EVs relies on

the distance between the EV position and CS. The charging station in the neighborhood of
the electric substation may be at a far distance from the EV position. Hence, it increases
energy loss costs. Distance between each EV (i.e., 500 EVs in this work) and CS is
calculated based on geographic information. EVs are assigned to the nearest charging
station based on the minimum distance criterion. In this way, the energy loss cost of 500
EVs has been calculated by optimizing the distance to nearby charge stations. The proposed
GWO leads to a considerable reduction in energy loss cost i.e., 15.5% less as compared to
that of PSO. The obtained results using GWO prove its superiority over other algorithms.
The varying behavior of EV energy loss cost obtained using algorithms considered in this
work are shown in Fig. 4.11. It has been reported that the smaller the distance between the
EV location and the CS site, the lower the EV's energy consumption, and vice versa. If the

needs of EV owners are neglected, the cost of EV energy loss may be reduced.
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Fig. 4. 11. EV energy loss cost for 500 EVs
Travel time cost depends on the distance between the charging station and the

location where the need of charging EV arises, as well as the cost of traveling of EV per
km. The lesser the distance between the EV and CS, the smaller will be the travel time cost
paid by the EV owner. Hence, the travel time cost of all 500 EVs to reach the nearby
charging station has been calculated using the proposed GWO and compared with PSO to
prove its dominance. It is observed that GWO results in a significant reduction in travel
time cost as compared to the results attained via PSO. GWO provides the optimized value
of travel time cost i.e., $ 280.43 which is 9.1% less than that of PSO ($ 308.72). This proves
the supremacy of proposed GWO algorithms over PSO. The travel time cost of each EV
(i.e., 500 EVs) determined using GWO and its comparison with PSO is portrayed in Fig.
4.12. The cost of travel time can be further decreased by placing more charging stations

along EV routes, as this reduces the distance that EVs would travel for charging.
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Fig. 4. 12. Travel time cost for 500 EVs
In addition to this, the impact on the reliability of the grid is investigated in terms

of charging cost loss. The availability of electric components in the electric substation is
calculated using Eqns. (4.21) — (4.24). CS capacity, effective operating hours, and electric

supply availability at each CS site are presented in Table 4.8.

CCL differs for each charging station as it depends on CS capacity, effective
operating hours, and electric supply availability. The optimized values of CCL for each CS

site were obtained by applying GWO and its comparison with PSO is shown in Fig. 4.13.

EQ. (4.21) — (4.24) introduces the impact on the reliability of the grid in the optimal
planning of EVCS. Basic parameters required for the evaluation of reliability are listed in
Table 4.4. A comparison of the value of CCL for each CS site obtained using GWO and
PSO considering the impact on the reliability of the grid network is shown in Table 4.9.
Also, values of CCL are much dependent on the availability of electric supply at a particular
CS as shown in Table 4.9. CCL value is high for those CS where the percentage of
unavailability of electric supply is high and vice versa. It can be realized in Table 4.4. that

ICC is considered as 10 times the electricity price to reveal the loss due to the power outage.
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Table 4. 8. Average working hours, unavailability of electricity, and capacity of each CS

Charging Station Capacity  Effective Operating Hours  Unavailability of electric supply

(kw) of each CS, p(i) in hr (&) (x1073)
288 3.66 0.2750
384 4 0.1060
288 5 0.1523
384 4.25 0.4343
288 4.33 0.0967
192 3 0.1050
192 5 0.0640
480 4.2 0.2131
192 35 0.1347
192 5 0.1267
288 5 0.1004
288 4.66 0.0828
192 4.5 0.0820
192 3.5 0.0929
192 4 0.2333
384 4 0.1015
288 5 0.3271
288 3.66 0.1006
192 3.5 0.3752
480 4.4 0.1024
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Fig. 4. 13. Charging cost loss for CS installed in south Delhi areas
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Table 4. 9. Charging cost loss (CCL) of each charging station

Charging Station Location Charging Cost Loss ($)
GWO PSO
Saket 0.272104 0.3255
Shivalik 0.152124 0.18564
Greater Kailash 0.204904 0.23996
Lajpat Nagar 0.662242 0.7021
New Friends Colony 0.112672 0.17612
Kalkaji 0.056504 0.08568
Hauz Khas 0.057484 0.0721
Safdarjung 0.401408 0.44492
Vasant Vihar 0.084574 0.1183
Green Park 0.113638 0.14294
Panchsheel 0.135086 0.16646
Defence Colony 0.103824 0.13412
Nehru Place 0.066192 0.0791
Chanakyapuri 0.058324 0.0903
Chirag Delhi 0.167412 0.18592
Vasant Kunj 0.14567 0.18046
Chhatarpur 0.440104 0.51184
RK puram 0.099078 0.13692
Golf Links 0.235578 0.25858
Malviya Nagar 0.202062 0.2135
Total 3.770984 4.45046

The objective functions are represented by Eqgns. (4.1) — (4.7) and set of technical
constraints i.e., Eqns. (4.9) — (4.13) have been solved using grey wolf optimization. The
optimized value of all the objective functions considered for the optimal planning of EVCS
and their impact on the reliability of the grid is summarized in Table 4.10. It can be seen
in Table 4.10; CCL is smaller as compared to the other cost functions. Though, CCL can

be of significant value when EV loss is ignored in the optimization problem

Table 4. 10. Optimized values of objective functions

Objective Functions Cost ($)

GWO PSO
Investment cost 8657600 9143400
CS electrification cost 5419.232 5722.304
EV energy loss cost 9.51x108 11.26x108
Travel Time Cost 280.4305 308.7251
Charging cost loss 3.770984 4.45046
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46 SUMMARY

In this chapter, a new approach for solving the multi-objective optimization
problems for optimal siting and sizing of EVCS in different areas in South Delhi, New
Delhi, India is proposed. Grey wolf optimization has been utilized to solve the multi-
objective cost functions and the obtained results are compared with particle swarm
optimization for validation purposes. The cost function includes investment cost, CS
electrification cost, EV energy loss cost, and travel time cost. Investment cost and CS
electrification cost of all CSs have been calculated and found that the investment cost
strongly depends on the land cost and the number of connectors used in each CS. While
CS electrification cost depends on the distance between the CS and electric substation.
On the other hand, EV energy loss cost and travel time cost have been evaluated for all
EVs. Itis revealed that travel time cost and EV energy loss cost depends on the distance
between the CS and EV location. After comparing the results obtained using GWO and
PSO, it is revealed that GWO is more effective than PSO for the considered case study.
Furthermore, reliability indices i.e., CCL is an important index that gives an idea about
the reliability of a system. CCL is a function of CS capacity, effective working hours of
CS, and unavailability of electric supply at each CS. CCL has been determined for each
CS and results reveal that CCL will be high for CS having less availability of electric

supply and vice versa.
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CHAPTER S

SINGLE-OBJECTIVE FORMULATION OF CHARGING
STATION AND CAPACITOR PLACEMENT PROBLEM

5.1 INTRODUCTION

The simultaneous allocation of EVCS and capacitors in radial distribution system
is discussed in this chapter. This allocation is focused on optimizing the power loss along
with maximizing the net profit. The use of capacitors in the presence of an EVCS increases
the system's stability by lowering losses and improving the voltage profile. Moreover, the
operating and installation cost of EVCS has also been taken into consideration for
maximizing the net profit. Also, the effect of EVs taking part in V2G mode is analyzed in
this article by considering the reliability improvement benefit. Furthermore, a new hybrid
intelligent optimization method is used to solve the objective functions. The performance
of the chosen hybridized technique is validated by the comparison of the attained results

with other intelligent algorithms such as GWO and PSO.

5.2 MATHEMATICAL MODELING OF RADIAL

DISTRIBUTION SYSTEM

The two-bus model for the analysis of the distribution system is discussed in this
section. The single line diagram of the two-bus radial distribution system is shown in Fig.

5.1.

From Fig. 5.1
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|Vn| 8n = Ile 8m - |Ij| - ej * |Zj|¢m

Bus m Busn

S/S

(P, Qm) (Pn, Qn)

(5.2)

Fig. 5. 1. Representation of two nodes and one branch of the distribution system

[V,| cosdy, + |V, sind,, = |V, | cosdpy, + | Vi | sindy, — |Ij|(cosem - jsinem)(Rj2 +
X?)
By separating real and imaginary terms
|V, | coséy, = |V | coséyy, — |Ij|(R]-cosem + X;sinBy,)
|V,| siné, = |V, | sind,, — |Ij|(chosem — R;sin6,)
Squaring and adding Eqgns. (5.4) and (5.5)
[Va|? = [Vin|? = 2 % [Vig| * [Ty | * cos8,{(RjcosO,, + X;sin®y, )} +
|Ij|2{(Rj2 + X7)} = 2 % [Vig| * |Iin| * sin8,{(X;cos0, — R;sin6y,)}
After mathematical rearrangement Eq. (5.6) can be written as
Val? = [Vin|? = 2% [Vin| * [l |{(Rcos (8, = 8m)) + Xsin(8p — 6} +
2
|51 {(RY +X7)}
2
Val? = [Vig|* = 2 % [Vin | * 1| * |Z] cO5(8m = O — Bin) + || (RS + X})}
Since 6, — 0,, — @, is negligible hence, cos(6,, — 0,, — 0,) =1
Because variation in voltage angle from source bus to end bus is very small.
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Therefore, Eq. (5.8) can be written as

2
Val2 = [Vin|2 = 2 % [Via | # (1] # | Z5] + ] (RE + X2)3 (5.9)
IVal? = [[Vin| = | = |Z;]1? (5.10)
Vol = Vil = |5 (5.11)
1
/ .
where, |1, = —(P%;}Qﬁ;) 2 (5.12)

It can also be written as Eq. (5.13)

(P3+Qd)/2 (5.13)
Ilnl = Vol
P3+Q3) "/ 5.14
[Val = V| = EEEI 2 17| (5.14)
1
[Val? = [Vin| * [Vo] = (B2 + Q3) /2 * (R} +X7) (5.15)
1
Val? = V] % [Va| = (P2 + Q&) /2 + (R} +X}) = 0 (5.16)

The positive root of Eq. (5.16) is given as

Vil £ (Vi |2—4(((PR+QR) /2) (R?+X2)) /2 (5.17)
2

[Val =

The voltage at the receiving end can be calculated using Eq. (5.17).
The active power loss in the line connected between m and n bus can be calculated as
Ploss(m'n) = |I]|2 *R] (518)

Hence, the active and reactive power loss in the line connecting m and n bus can be

calculated as

__ (P3+Q3)
= vt R

Poss(m, n) (5.19)
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P2+Q3%
Qloss(rn ) (|V+|%) X] (5'20)

The total active power loss i.e., Pr)oss Can be evaluated by adding the individual power

loss of all branches which can be expressed as

Prioss = 27 Ploss,; (m, n) (5.21)

53 PROBLEM FORMULATION

For EV users and electric utilities, EVCS deployment at the proper position plays
a major role. Due to the limitation of the all-electric range, the EV must be recharged
several times during a ride. EVCS often serves as a heavy load which, when put in the
distribution network incorrectly, induces increases in power loss. Therefore, for a minimal
increase in power loss, the optimum location of EVCS is necessary. Installing capacitors
overcomes the effect of incorporating EVCS into the distribution network as it lowers the
power loss and strengthens the voltage profile. The proposed methodology is depicted in

Fig. 5.2.

5.3.1 Modeling of EVCS Load
EVCSs act as an extra load for the distribution network. The total load in the

distribution system after integrating EVCS can be evaluated using Eq. (5.22).

Tioaa = st 3 Pavailbs PEVCS (5.22)
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Fig. 5. 2. The layout of the proposed methodology
The size of EVCS depends on several factors which include the number of vehicles

operating in the grid to vehicle (G2V) mode, vehicle to grid (V2G) mode, charging rate

(Cr), discharging rate (DCg), number of charging ports and their rated power.
Thus, the capacity of EVCS can be expressed as:

Pevcs = [Nev(G2V) * Cr — Ngy(V2G) * DCg] (5.23)
Simply, the additional load of EVCS will be applied only on that bus where the CS
is expected to be placed. That bus number i.e., CS location is the decision variable for
which the optimization is performed. Fig. 5.3. shows the addition of EVCS into the

distribution system.

5.3.2 Modeling of the Integrated Capacitor into the Distribution Network

The installation of capacitor units at suitable locations in the distribution system
has many advantages which include line loss reduction, voltage profile enhancement,
power factor correction, etc. The governing equations for integrating capacitors into the

distribution network are shown below.
The net reactive power after injecting capacitor at bus n can be defined as
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i]\rjlj =Qn— Qcap (5'24)
The active power loss after connecting the capacitor at bus n is shown in Fig. 5.3 is

expressed as

cap B P%+Qi§u’2* | (5.25)
loss(m.n) — |Vp |2 ]
Pcap — (P121+(Qn_Qcap)2)*R_ (526)
loss(m.n) AE ]
pcap —R * (PZ + Q4 %ap —2x%Qp* Qcap «R. (5.27)
loss(m.n) ] |Vn|2 |Vn|2 ]
The reduction in power loss i.e., APlf)i‘;(m_n) is the difference between the power loss before

and after capacitor placement and can be given as

ApC@P _ %ap — 2% Qp * Qcap <R, (5.28)
loss(m.n) — |Vn|2 )

Increasing the number of capacitors is effective in decreasing the power losses of the

distribution network.

Py Qu)

Fig. 5. 3. Representation of integrated EVCS and capacitor in the distribution system

5.3.3  Assumptions

Following points have been presumed for the research to be carried out:
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5.34

The electric distribution network is balanced in nature.

No EVCS load and capacitor are located on the substation bus.

Installed EVCS and capacitors are assumed to supply active and reactive power
respectively.

The voltage angle difference is believed to be constant as there is a change of a few

degrees in the voltage angle from the source to the tail end.

Explanation of the Objective Functions

The primary objective of carrying out this research work is to optimally place the

EVCS and capacitor in the distribution network. The incorporation of EVCS in the power

network increases the power loss and deteriorates the voltage profile. Capacitors are

located at optimum nodes in the distribution to mitigate increased losses. The capacitor

allocation process preserves the voltage at each bus within desired limits. Therefore, the

objective function is designed to minimize the loss of power, which eventually leads to a

decrease in overall annual energy loss costs, maximizes net profit, and improves the

reliability of the distribution system without violating the subject constraints. The objective

functions of the proposed problem can be written as below.

Npr

Total active power loss, Prioss = Z Piossj (M, n)
—

] (5.29)
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Maximize net profit (5.30)
= energy loss reduction benefit
— installation cost of system components

— operating cost of system components

Energy loss reduction benefit = Kep, * ( Prioss = Prjoss) * T (5.31)
The installation cost of system components (5.32)
Ncap
= Cicap * Neap + CiEVCS * Ngyes + Kep * Z Qcap(i)
i=1
Operating cost of system components = Cg™" * Neap, + CEVCS * Ngycs (5.33)

Reliability analysis is essential for upgrading electrical distribution networks under
various operating conditions, allowing them to meet modern and ever-increasing loads.
Therefore, energy not supplied (ENS) is an indicator of the reliability of the system and is
taken into account for evaluating the reliability. The yearly cost of energy not supplied can
be determined as follows:

j=1 \ t=1

(5.34)

Z (EdT(h) Fth> PCt>)

h
Thus, the reliability improvement benefit may be defined as the difference between
the cost of energy not supplied before and after installing EVs and can be written as

follows:

Cre = Cgns — Censvae (5.35)
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5.3.5 Explanation of Operational Constraints
The modeled objective functions are optimized taking into consideration the

following constraints.

1) Load flow constraints

The constraints related to load flow in the distribution network can be stated as

follows
Npr Nbus (536)
psubstation — z Plloss (m,n) + z Pavail,bs + P]?\?CS
j=1 bs=1
Npus Nor Npus (5.37)
qubstation + z Qcap(bs) = 2 Q]loss(m' n) + z Qavail,bs
bs=1 j=1 bs=1

2) Bus voltage tolerance
The voltage at each bus i.e., V (bs) must lie within the minimum V2"and

maximum V5:2* limits.

Vat™ SV (bs) < V™ bs =1,2,3 ... Npys (5.38)

3) Transmission line tolerance

The power flow in each line PF(j) should not exceed the maximum specified limit

of PF"*%.

PF(j) < PF® (5.39)
4) Limit on number of capacitors
This restriction is proposed to decrease the number of the capacitor element. Hence,
the number of capacitors installed N,,, should be either less than or equal to the
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maximum number of capacitors NZ;5*.

Neap < Neag (5.40)

5) Limit on capacitor sizing

The reactive power to be injected Q,, should be within the allowable minimum

Q= and maximum QEa¥limits.

Qmin < Qcap < (Qmax (5_41)

cap = cap

6) Limit on maximum compensation provided by capacitor

The total reactive power injected by the capacitor QE‘;}?‘must be either less than or

equal to total reactive power load Q3 ...

Ncap Npus (542)
Z Qcap(p) = Z Qavall bs
p=1 bs=1

54 PROPOSED APPROACH FOR EVCS AND CAPACITOR

PLACEMENT

In this chapter, the hybrid approach of GWO and PSO is employed to solve the
objective functions. The methodology adopted for dealing with the optimization problem
under consideration is described with the flowchart shown in Fig. 5.4. The whole process
can be grouped into four stages: the initialization stage, evaluation stage, updating stage,
and termination stage. Initially, the constant parameters required to compute active power
loss and net profit, etc., are given as input, and the initialization of HGWOPSO parameters,

which includes several iterations, number of runs, number of search agents in GWO,
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Collect the constant parameters
like Kep, B, Kep, T etc.

l |

l |

Initialization | ! |
Stage - | Initialize parameters of |

g I HGWOPSO such as a,c,cl,c2,c3 |

l |

I |

'

Initialize the random
population of grey wolves

_ e — — — —_— — — — —

I
[ Calculate active power loss, voltage
|

I
I
f
and net profit using Eq. (5.29) — (5.33')
I
I
I

heck operational
constraints using Eq.

Evaluation -
Stage

Determine the fitness
function

Update the velocity using Eq. (3.38)
and current position of grey wolves
using Eq.(3.33)

Updating -
Stage

|
I
I
| Update the best score using Eq. | |
| (3.33)
. 2 |

Termination -
Stage

Best output score i.e.,

I
|
| maximum net profit
I
I

Fig. 5. 4. Flow chart of the proposed approach
number of particles in PSO, etc. Then load flow analysis is performed to calculate the

active power losses and hence, the net profit calculation. In the first run, the most feasible
solutions regarding the location and sizing of EVCS and capacitor are chosen from the
random population and installed in the grid network. The load flow analysis is carried out
after installing EVCS and capacitor and then determining the objective functions. The steps
displayed in the flowchart are executed with taking care of operational constraints. In each

iteration, the sizes and location of EVCS and capacitors are sent to the evaluation stage of
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the flowchart to reduce the active power loss and increase the net profit. The procedure is

repeated until the final criteria are achieved.

55 TEST SYSTEM

5.5.1 Input Parameter Related to the Study Area

In this work, the IEEE 33-bus system and 34-bus radial distribution network have
been taken into account for testing the efficiency of the proposed approach. The line
parameters and existing load demand of the respective network are mentioned in [141] and

[142].

5.5.2 Input Data Related to EVs, EVCS, and Capacitors

This research work involves 100 EVs, 2 EVCS with multiple charging points, and
a maximum of four capacitors to be optimally positioned. The EVCS load is determined
by the number of EVs involved in the G2V, V2G mode, charge, and discharge rates. In this
research analysis, the charging rate of 19 kW for the grid to vehicle mode and discharge
rate of 8 kW for the vehicle to grid mode are taken into consideration [143]. Moreover,
charging and discharge efficiencies vary from around 80 percent to 95 percent. This
research assumes that G2V mode efficiency is 95 percent while V2G mode efficiency is
80 percent. Also, the battery of EVs is charged with a power of 15 kW and a battery
capacity of 50 kWh is used in this work. The overall number of potential positions for the
capacitor placement is presumed to be 4 for both the 33-bus and 34-bus networks. The
voltage restriction on each bus is considered between 0.95 and 1.05 p.u. The maximum
active power flow limit is taken to be 5000 kW for both test networks [79]. EVCS and

capacitor are not expected to be located on bus 1, since it is a substation bus for all test
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networks with a constant voltage of 1 p.u. Furthermore, the reactive power to be injected

for compensation purposes is set within the range of 150 and 1200 kVAr.

5.6 SIMULATION RESULTS, DISCUSSIONS, AND MAIN

ACHIEVEMENTS

The performance and efficiency of the proposed hybrid algorithm have been
certified on 33-bus and 34-bus radial distribution systems to minimize the active power
loss, maximizing the net profit and improving the reliability of the distribution network
with different penetration levels of EVs in V2G mode. The suggested approach focuses
on the optimum positioning of EVCS, assuming that EVs are 100 percent penetrated, and
then capacitors are optimally installed to compensate for the increased losses incurred by
the integration of EVCS and thus, increase the resilience of the electric network. For both

test systems, the constants considered for net profit calculation are given in Table 5.1.

Table 5. 1. Constant parameters required for the computation of net profit and reliability
[144] [145]

Parameter Value Unit
Cost of energy paid per kWh (Kep) 0.06 $/kWh
Depreciation factor () 20% -
Hours per year (T) 8760 Hours
Cost of purchase of capacitor per KVAr (Kcp) 25 $/KVAr
Installation cost of capacitor (C;*) 1400 $/location
Installation cost of charging station (C¢5) 6070 $/location
Operating cost of capacitor(Cy'") 300 $/year/location
Operating cost of charging station (C55) 8400 $/year/location
Rate of failure (Fy) 2 Fail/year
Outage time (Rp) 194.66 hour
Penalty cost for unsupplied energy (PC,) 0.1 $/kWh

To assess the active power losses, a direct approach-based load flow analysis of the

distribution network is performed [146]. All loads are considered as constant power loads
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and the inclusion of tap-changing transformers is not considered to prevent complexity.
Several trials have been carried out on the considered test network to verify the efficacy of

the proposed algorithm. The tuned parameters of HGWOPSO are mentioned in Table 5.2.

Table 5. 2. Tuned parameters of the proposed algorithm

Algorithm  Parameter Description Value
GWO maxitr Maximum number of iterations 100
NSA Number of search agents 30
PSO Npop Swarm size 50
Winin Minimum value of inertia weight 0.4
Winax Maximum value of inertia weight 0.9

C1 Cognitive acceleration coefficients 2.01

C2 Social acceleration coefficients 2.02
Nruns Number of runs 50

5.6.1 Implemented Simulation Results and Discussion for 33-bus, 12.66 kV System
The 33-bus radial distribution network comprises 33 nodes and 32 branches as
depicted in Fig. 5.5. The line data and bus data of such a system are taken from [147]. The
total active power and reactive power demand of the network are 3715 kW and 2300 kVAr
respectively. The distribution network operates at a rated voltage of 12.66 kV.

220.59 LVAR
B charging £i00 ,-'

e, - &

=

s o000 @
bus ' 5 ®+ :
' ::04 8-6

Jaa. - R 371.7T kVAR
=
473.69 k\"AR,"@*‘@ &

Fig. 5. 5. Typical configuration of the IEEE 33-bus system with two EVCS and four
capacitors

Initially, the direct approach method for load flow analysis is implemented to
investigate the active power losses which come out to be 201.87 kW. In this case, the
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minimum voltage is 0.9132 p.u and the maximum voltage is 0.9972 p.u. The annual energy
loss cost incurred for 201.87 kW is $106102.87. To certify the effectiveness of the
proposed hybrid algorithm, results attained using HGWOPSO are compared with that of
GWO and PSO. Using the proposed algorithm, the optimal nodes for EVCS placement
comes out to be node 2 and 19 which results in a minimum power loss of 213.06 kW and
221.49 kW, respectively. The results indicate that the optimum EVCS placement strategy
increases the loss of power and disturbs the voltage profile in electrical power networks,
though EVCS is positioned near the substation bus. To improve the voltage profile and
loss, capacitors are placed closer to EVCS and the end of feeders by delivering some
reactive power. In this respect, the optimal location and capacities of EVCS and capacitors
utilizing the proposed approach and its comparison with GWO and PSO are displayed in
Table 5.3. When the capacitors of rating 371.7, 473.79, 220.59, and 608.13 kVAr are
placed at optimal nodes 7, 18, 30, and 32 respectively lead to a significant drop in an active
power loss of 139.94 kW from the base case active power loss of 201.87 kW, thus obtaining
30.6 % loss reduction benefit in annual energy loss cost. The minimum voltage of 0.9515
p.u. is registered at 15" bus which is satisfying the voltage restriction limit. In this chapter,
the percentage of loss reduction in annual energy loss cost is 30.67% using the proposed
HGWOPSO which is better than that of GWO and PSO i.e, 29.74% and 29.42%

respectively.

The proposed technique achieves a reliability improvement benefit of $ 169451.4
which is better than those of individual applications of GWO and PSO as shown in Table

5. 4.
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Table 5. 3. The optimal results obtained via HGWOPSO in comparison with GWO and
PSO for IEEE 33-bus system

Parameter Base Case EVCS and capacitor placement
HGWOPSO GWO PSO

Active power losses 201.87 139.94 141.82 142.47

(kw)

Optimal nodes for - 2,19 2,19 2,19

EVCS

Total number of EVs - 100 100 100

Optimal nodes for - 7,18, 30, 32 7,18, 30, 32 9, 16, 27, 32

capacitor

Capacitor sizes (KVATr) — 371.7,473.7, 425.18, 494.5, 450.12, 519.45,
220.59, 608.13  353.8, 710.2 425.32, 740.56

Total kKVAr — 1674.12 1983.68 2135.45

Energy loss cost ($) 106102.87 73552.46 74540.59 74882.23

% Loss reduction in — 30.67 29.74 29.42

energy loss cost

Total capacitor cost ($) — 41853 49592 53386.25

Net profit ($) — 13358.55 12215.64 11798.11

Reliability 169451.4 168176.94 168054.75

improvement benefit

3)

Convergence time in — 378.9 594.2 659.4

seconds

Computational time in — 2054.7 2391.3 2578.4

seconds

Efficiency — 81.5 75.1 74.5

Also, the amount spent on the installation of capacitors using HGWOPSO is
comparatively small when compared with GWO and PSO as shown in Table 5.3. In
addition to this, the net profit obtained after integrating EVCS and capacitors to the 33-bus
distribution system utilizing HGWOPSO is $ 13358.55 whereas GWO and PSO provide

less net profit of $ 12215.11 and $ 11798.11 respectively.

The above analysis proves the supremacy of the HGWOPSO algorithm over GWO
and PSO. The comparison of the attained results using the proposed algorithm against

GWO and PSO for the 33-bus system is presented in Table 5.3.

Also, the computational time and convergence time for the HGWOPSO, GWO, and

PSO are determined and mentioned in Table 5.3. The computational time refers to the time
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needed to perform the total number of runs, while the time required by the specific
algorithm to reach the termination criterion is the convergence time. The computational
time for the proposed HGWOPSO is 2054.7 sec while it attains the optimum solution after
378.9 sec. The other approach is GWO which takes 2391.3 sec for computation and
converges in 594.2 sec. The next approach is PSO which gives a convergence time of 659.4
sec and a computational time of 2578.4 sec. The efficiency of the proposed approach can
be investigated by the ratio of the difference between the computational time and
convergence time to the computational time. The efficiency of the proposed approach is
81.5 % while for GWO and PSO it is 75.1 % and 74.5% respectively. Fig. 5.6. shows the
voltage profile of the 33-bus system after the optimal placement of EVCS and capacitor. It
is shown that the voltage profile is enhanced by the installation of the capacitor. Thus, the
proposed HGWOPSO technique is successful in maintaining the healthy voltage profile of

the 33-bus distribution system.
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Fig. 5. 6. Improvement in voltage profile based on capacitor placement
Fig. 5.7. depicts the flow of active power in all branches of the distribution system

after incorporating EVCS as well as the capacitor. The active power flow jumps to a higher
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value due to increased loading of EVCS but it is managed by capacitor placement at

optimal nodes and bringing it to the allowable limits.
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Fig. 5. 7. Improvement in the flow of active power based on capacitor placement

When EVs are having surplus energy, the extra energy is fed to the grid for
maintaining the reliability of the system. Hence, EVs participation in the vehicle to grid
mode assist the grid operator in keeping the acceptable voltage profile and also decreases
the power losses of the system. In this regard, Fig. 5.8. shows the improvement in voltage
profile when the different percentage of EVs participates in V2G mode. In this chapter,
three different cases have been considered which comprise 10%, 20%, and 30% of the
vehicles that take part in inverting mode i.e., V2G. Moreover, the V2G facility not only
improves the voltage profile but reduces the active power losses as well. The effect on the
reliability of the system with different levels of EVs participating in V2G can be

understood with the help of Table 5.4. and Fig. 5.9.

Table 5. 4. Effect of EVs participation in V2G mode on the reliability improvement
benefit for IEEE 33-bus system

Algorithm Reliability Improvement Benefit ($)
utilized Without V2G 10% V2G 20% V2G 30% V2G
HGWOPSO 169451.4 175578.5467 178154.13 180231.25
GWO 168176.94 175234.5231 177597.54 180119.12
PSO 168054.75 174181.1591 177194.3 178547.54
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Increasing the EVs participation in V2G leads to enhancement of the reliability
improvement benefit. The results attained using HGWOPSO are superior to the other
discussed techniques. In a 33-bus network, the active power losses for optimal EVCS nodes
i.e., 2 and 19 are calculated to be 213.06 kW and 221.49 kW respectively when the V2G
facility is not incorporated. As the EVs participation in V2G mode increases, active power
losses come down. Fig. 5.10. portrays the active power losses of 33-bus systems for
different percentages of EVs operation in V2G mode. Furthermore, Fig. 5.11. reflects the
variation of power losses on integrating the EVCS and capacitor. It can be realized that
power losses reduce as the quantity of capacitors increases. But the reduction in power loss

is marginal on further increasing the capacitors and also it creates economic issues.
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Fig. 5. 8. Voltage profile improvement due to the participation of EVs in V2G
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Fig. 5. 12. Response of HGWOPSO, GWO, and PSO for IEEE 33-bus distribution
system

The efficacy of HGWOPSO can be verified by comparing the results with
standalone GWO and PSO. The convergence characteristics of the proposed algorithm,
GWO and PSO are shown in Fig. 5. 12., and found that the proposed algorithm has faster

convergence towards the optimal solution as compared with GWO and PSO.

5.6.2 Simulation Results and Discussion for IEEE 34-bus, 12.66 kV System

The 34-bus system comprises 33 branches and 34 nodes as represented in Fig. 5.13.
The line and bus data of such a system has been taken from [148]. The overall active power
is 4636.5 kW and the reactive power demand of the network is 2873.5 kVAR. The
distribution network operates at a rated voltage of 12.66 kV. The active power losses come
out to be 163.45 kW using the direct approach method of load low. In this case, the
minimum voltage is 0.9561 p.u and the maximum voltage is 0.9952 p.u. The annual energy

loss cost incurred for 163.45 kW is $ 85909.32.

To validate the performance of HGWOPSO, obtained findings are compared with
those obtained via GWO and PSO. The optimal nodes for EVCS placement for the 34-bus

system are nodes 2 and 13 using the proposed algorithm, resulting in the lowest power loss

117



725.34 KVAR
OOmlaaDaaP)
604.29 KVAR

GG O

595.51 kVAR

Fig. 5. 13. Typical configuration of the IEEE 34-bus system with two EVCS and four
capacitors

of 180.01 kW and 199.42 kW, respectively. Concerning this, the optimal location and
capacities of EVCS and capacitors using the proposed approach and its comparison with

GWO and PSO are displayed in Table 5.5.

In the 34-bus system, when the capacitor of sizes displayed in Table 5. are placed
at optimal nodes 5,9,21, and 24 results in the least power loss of 118.21 kW from the base
value of 163.45 kW thus, achieving a 27.6 % reduction in active power loss. The minimum
voltage of 0.9627 p.u. is registered at 27" bus which is satisfying the voltage restriction
limit. The percentage of loss reduction in annual energy loss cost is 27.67% using the
proposed HGWOPSO which is better than that of GWO and PSO i.e., 25.74% and 24.2%
respectively. In the 34-bus system, the proposed technique achieves a reliability
improvement cost of $ 484871.25 which is better than those of individual applications of
GWO ($481584.15) and PSO ($481093.57) as shown in Table 5.6. Also, the amount spent
on the installation of capacitors using HGWOPSO is comparatively small when compared

with GWO and PSO as shown in Table 5.5. In addition to this, the net profit gained in the
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Table 5. 5. The optimal results obtained via HGWOPSO in comparison with GWO and
PSO for IEEE 34-bus system

Parameter Base EVCS and capacitor placement
Case HGWOPSO GWO PSO
Active power losses 163.45 118.21 121.56 123.97
(kw)
Optimal nodes for - 2,13 2,13 2,13
EVCS
Total number of EVs - 100 100 100
Optimal nodes for - 5,9 21,24 5,9 21,24 7,12, 25, 32
capacitor
Capacitor sizes (kVAr) — 698.2, 725.3, 713.5, 797.6, 725.4, 821.5,
595.5, 604.2 628.1, 656.9 642.5, 678.8
Total KVAr - 2623.2 2796.1 2868.2
Annual energy loss cost 85909.32 62131.17 63891.93 65158.63
%)
% Loss reduction in — 27.6 25.7 24.2
energy loss cost
Total capacitor cost ($) - 65580 69902.5 71705
Net profit ($) - 4111.74 2384.78 961.78
Convergence time in — 422.5 685.1 789.4
seconds
Reliability - 484871.25 481584.15 481093.57
improvement benefit
3)
Computational time in — 2246.9 2578.3 2798.4
seconds
Efficiency — 81.1 73.4 71.8

34-bus distribution system utilizing HGWOPSO is $ 4111.74 whereas GWO and PSO

provide less net profit of $ 2384.78 and $ 961.78 respectively.

Compared to GWO and PSO, the proposed technique possesses improved
performance. The comparison results using the proposed algorithm with GWO and PSO
for the 34-bus system have been tabulated in Table 5.5. The computational time for the
proposed HGWOPSO is 2246.9 sec while it attains the optimal solution after 422.5 sec.
The other approach is GWO which takes 2578.3 sec for computation and converges in

685.1 sec. Moreover, the convergence and computational time obtained using PSO are
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789.4 sec and 2798.4 sec. The efficiency of the proposed approach is 81.1 % while for
GWO and PSO it is 73.4 % and 71.8% respectively. Fig. 5.14. shows the voltage level of
the 34-bus system after the optimal placement of EVCS and capacitor. Fig. 5.15. depicts
the flow of active power in all branches of the distribution system for the 34-bus system

after incorporating EVCS as well as the capacitor.
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Fig. 5. 14. Improvement in voltage profile based on capacitor placement for IEEE 34-bus
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Fig. 5. 15. Improvement in the flow of active power based on capacitor placement
Fig. 5.16. shows the enhancement in voltage profile for the 34-bus system when the

different percentage of EVs participates in V2G mode. Fig. 5.17. and Table 5.6 provides
the variation of reliability improvement benefit with increasing penetration of EVs in V2G

mode for the 34-bus system.
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In the 34-bus network, the active power losses for optimal EVCS nodes i.e., 2 and
13 are calculated as 180.01 kW and 199.42 kW respectively when a V2G facility is not
provided. Active power losses decrease as EVs operation in V2G mode increases. Fig.
5.18. displays the variation of power losses on integrating the EVCS and capacitor in the
34-bus system. It can be seen that power losses reduce with an increasing number of
capacitors. Fig. 5.19. shows the active power losses of the 34-bus system for different

percentages of EVs operation in V2G mode.

Table 5. 6 Effect of EVs participation in V2G mode on the reliability improvement
benefit for IEEE 34-bus system

Algorithm Reliability Improvement Benefit ($)
utilized Without V2G 10% V2G 20% V2G 30% V2G
HGWOPSO 484871.25 518794.45 522458.5 524547.5
GWO 481584.15 517549.41 521451.89 524193.4
PSO 481093.57 517149.84 519589.14 523589.5

—&— without V2G

0.995 - § _ —#— 10% V2G
—0—20% V2G

0.99

—%—30% V2G

0.985

0.975

097 F

Voltage magnitude (p.u.)

> 0.965

0.96

0.955 1 Il 1 1 Il . 1 L

1 4 8 12 16 20 24 28 32 34
Bus Number

Fig. 5. 16. Voltage profile improvement due to the participation of EVs in V2G
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Fig. 5. 20. Response of HGWOPSO, GWO, and PSO for IEEE 34-bus distribution
system

Furthermore, the efficacy of the proposed algorithm i.e., HGWOPSO is validated
by comparing it with GWO and PSO. The convergence plot of the HGWOPSO, GWO, and
PSO is displayed in Fig. 5.20. and found that, compared to GWO and PSO, the proposed

algorithm converges more quickly towards the optimal solution.

5.7 SUMMARY

In this chapter, the HGWOPSO algorithm is developed to lessen the active power
losses, maximizing the net profit and improving the reliability of the system with a
different penetration level of EVs in V2G. The results have revealed that the optimum
planning of EVCS elevates power loss and lowers the voltage in electrical power networks.
The results have demonstrated that the optimum planning of capacitors after incorporating
CS in the network minimizes power loss and also improves voltage profile. Capacitors are
employed closer to EVCS and end of feeders for the enhancement of voltage profile and
loss by contributing some reactive power. It is also shown that different percentages of
EVs participating in V2G mode improved the active power flows, voltage profile and

reduces the active power loss of the network. The proposed algorithm is applied on IEEE
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33-bus and IEEE 34-bus systems. The hybrid method showed superiority against discrete
PSO and GWO, by lessening the power losses, enhancing voltage profile, maximizing the
net profit, and improving the reliability benefit. The hybrid method has reduced power
losses by almost 31% as compared to GWO (29.74%) and PSO (29.42%) for the 33-bus
system. The proposed hybrid approach achieves a reliability improvement benefit of $
169451.4 which is $ 1274 and $ 1396 more than that of GWO and PSO respectively.
Similarly, for the 34-bus system, the proposed technique results in a loss reduction of
27.6% while GWO and PSO reduce the power losses by 25.7% and 24.2% respectively.
Furthermore, HGWOPSO results in more improvement in reliability benefit i.e., ($
484871.2) as compared with other techniques i.e., GWO ($ 481584.15) and PSO ($
481093.57). The attained results using the opted algorithm reveal the preeminence of the

algorithm over other techniques discussed in the literature.
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CHAPTER 6
SINGLE-OBJECTIVE FORMULATION OF CHARGING
STATION AND DISTRIBUTED GENERATION
PLACEMENT PROBLEM

6.1 INTRODUCTION

This chapter presents a hybrid optimization strategy for the optimal planning of
EVCS. DGs units are utilized to reduce the charging impact of EVs. DGs are used in the
suggested technique to preserve voltage profile, reduce active power loss and improve
reliability. The integration of EVCS and DGs to the system adds extra demand to the
system, affecting the power loss. The joint impact of EVs and DG integration is considered
for two standard test systems. The efficacy of the suggested method is tested in MATLAB,
and the results are equated with present techniques. The fundamental system reliability
indicators, such as the system average interruption frequency index (SAIFI), system
average interruption duration index (SAIDI), Customer Average Interruption Duration
Index (CAIDI), and expected energy not supplied (EENS) and average energy not supplied

(AENS), etc., are used to examine the impact on system reliability.

6.2 MATHEMATICAL FORMULATION OF PROBLEM

In general, load fluctuates with time at the distribution side in the electrical power
network; however, the best site and size of EVCS and DG allocation with fluctuating load
IS not acceptable. Hence, the following assumptions are applied to the problem of optimal

DG and EVCS allocation planning [149].
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1) Radial distributions systems are balanced in nature.
2) Constant capacities EVCS are employed.

3) DGs having power factor unity are used in radial DS.
4) The DGs output is not time-varying.

5) The load has constant active and reactive power.

DGs are represented as negative loads in this work because they do not modulate
the bus voltage. The best location and capacity of DG should be attained without violating
the system constraint, which must be validated at every iteration using load flow analysis.
Active power losses, voltage profile improvement, and voltage stability enhancement are

basic objective functions that are investigated.

6.2.1 Multi-Objective Functions

The principal target of this research work is to find out the optimum nodes for
EVCS and DGs placement in the radial distribution system for lessening the active power
losses of the network, monitoring the voltage profile within required limits, and enhancing
voltage stability index (VSI), keeping in view that, all the subjected constraints must not
be violated. EVCS supplies current for charging EVs. The EV battery capacity is defined
in kilowatt-hour (kWh) and ampere-hour (Ah). The EVCS is modeled in such a way that
it delivers only real current for EV charging [88]. When EVCS is placed at any bus of the
distribution network causes an increment in real power only. Hence, it necessitates the
placement of EVCS at that node (bus) where the minimum branch current flows.

Regarding this, Fig. 6.1 shows a portion of the distribution network in which EVCS is
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located at (k + 1)™ bus and available connected load at the same bus takes power from

the grid.
min(F; (), F,(x),F3(x))  x€© (6.1)
subjectedto g,(x) =0u=1,23...,t (6.2)
hy(x) =0v=1,2,3...,s x,<x<Xy (6.3)

where, g, (x) are the equality constraint, h, (x) are the inequality constraint, t and
s are the numbers of equality and inequality constraints, x;.and xy; are the lower bound and

upper bound of variables, © is the variable space.

k" bus (ktD)"bus  _ _ _ _ _
** Ics
Vi RjHiX; Vit
s
EVCS
Py, Qx Per, Qe

Fig. 6. 1. EVCS located at the bus of the radial distribution system
1) Active power loss (APL)

The largest power loss in an electric network typically occurs over the distribution
system, which impacts annual sales. Consequently, APL minimization is the major
concern while allocating EVCS and DGs in radial distribution networks. The load flow
analysis of the distribution network is conducted to determine the APL, i.e., base case
power loss. The direct approach-based load flow analysis is performed in this article [146].
The active power loss after the load flow is determined using Eq. (6.4), and it depends on

the amount of current drawn/injected into the bus [150].

127



Npr (6.4)
APL = ZIPiIZ * R; = TPS(R) * |BIBC * I|2

i=1

where, P, is the current flowing in i™" branch, R; is the resistance of i" branch, R

is the branch resistance matrix, which contains all of the branches' resistances.

Because EVCS functions as a high load, it increases APL when it is deployed at
any node in the distribution system. Therefore, the goal is to choose the bus that increases
APL to the minimum. The additional losses of the distribution system can be offset by
arranging the DGs optimally. The primary function of DG is to inject real and reactive

power into the network, compensating for the losses caused by EVCS deployment.

When current I is disintegrated into its real and imaginary parts, Eqn. (6.4) becomes

as given below:
APL = TPS(R) * [(BIBC % Real(l))2 + (BIBC = Imag(l))z] (6.5)
By putting the real and imaginary parts of current to Eq. (6.5), the overall real

power loss can be given as:

Psin® + Qcos6 (6.6)

VI

2
minF; = TPS(R) x (BIBC x ) + TPS(R)

PcosO + Qsin6>2

x| BIBC *
< \4

2) Voltage Deviation Index (VDI)

The voltage quality of the bus is measured in terms of the voltage deviation index.

As a result, bus VDI must be minimized to produce a more controlled bus voltage profile
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over the radial distribution network. Bus VDI is used as an objective function in the

proposed optimal EVCS and DG allocation and is expressed as [151]:

Npus (67)
minF, = )" (Vie-Vyer)?

k=1

Each bus's voltage magnitude must lie between the minimum value (0.95 p.u) and

the maximum value (1.05 p.u).
3) Voltage Stability Index (VSI)

In light of the voltage deviation alone, the distribution system's security level is
insufficient. As a result, VSI is suggested as one of the main functions in this effort for
enhanced voltage profiles. The distribution system’'s maximum VSI indicates that the bus
can maintain its voltage profile within acceptable limits under varying loading conditions.
The utility strives to keep the VSI of the distribution system near-unity of all buses for the

safe operation of the system. VSI of distribution system can be formulated as follows:

2
VSlipr = [Vil* = 4 % [PpaX) — QueaRy]” — 4 (68)
* [P 1Ry — Quera Xy Vicl?
where, VSI,, represents the VSI of (k+ 1)™ bus, R; and X; represents the
resistance and reactance of j™® branch connecting the k™ and (k + 1) bus, P, denotes

the active power at (k + 1)™ bus and Q. indicates the reactive power at (k + 1)™ bus.

During the operation, the voltage level of the entire network must be increased by
maximizing the bus with the lowest VSI value. As a result, the objective function for

maximization of VSl is given as [152]:
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1 (6.9)

S
X s = nin(VSIe, )

6.2.2 Operational Constraints
The constraints subjected to the EVCS and DGs allocation in the radial distribution

network are presented below.
1) Equality Constraints
a) Active and reactive power balance

The active and reactive power delivered by electric substation and DG must be
equal to the summation of APL, active and reactive power demand, and additional CS load

capacity.

Npus Npr Npus (6.10)
psubstation Z pDG(k) = Z Pl]oss(k'k +1)+ z Ppx + Plg:{VCS
k=1 j=1 k=1

Npus Npr Npus (611)

Qubstation | Z QPG (k) = Z Qo (kk+ 1) + Z Qb
k=1 j=1 k=1

where, psubstation 5pyq substation gara the real and reactive power supplied by

electric substation respectively, Py, and Qp i are the active and reactive power demand at
k™ bus, PPS (k) and QP%(Kk) are the total real and reactive power injected by DGs at k™®

and Q) represents the real and reactive power loss in the j* branch, Pgcs is

j
bus, Ploss

the charging station load at k™ bus and Ny, and Ny, denotes the number of branches and

buses in the distribution network, respectively.
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2) Inequality Constraints
a) Voltage limit constraint
Each bus's voltage magnitude ranges between 0.95 to 1.05 p.u.
Vinin < Vie € Vipax K=1,2,3 ... Npyys (6.12)
b) Line current constraint

The actual current flows in each line should not exceed the maximum limit of line

current.
[ ST"*j=1,2,3...Ny, (6.13)
where, I; represents the actual current flows in j™ line and [["2* is the maximum
limit of line current.
c) Active and reactive power injected by DG

The active and reactive power injected by DGs should lie within some specified

limits.
PRer < Ppg, < PRE™ (6.14)
QP& < Qpg, < QBex (6.15)

PﬁnGilr(‘ and Ppg,* are the minimum and maximum active power limits of k™ DG
respectively and Qgg; and Qpg;, are the minimum and maximum active power limits of

kth DG.
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d) DG unit’s penetration

Npg Npus (616)

ZPDGkS%] x Z P,
k=1 k=1

where ] represents maximum DG unit penetration in the distribution system, Npg

is the number of DGs installed in the system.

6.3 IMPACT OF EVCS AND DGs ON RELIABILITY OF

DISTRIBUTION SYSTEM

The reliability study of the electrical distribution system has emerged as a
demanding area of research. The possibility that a system will perform satisfactorily for
a particular period under a specific set of operating constraints is referred to as reliability
[153]. The reliability of generation, transmission, and distribution is prioritized in
electrical network reliability studies. The amount of consumer satisfaction is strongly
correlated to the distribution network's reliability. Quantitative data for the failure rate,
repair rate, average outage duration, and the number of customers on load points of the
distribution network is needed to evaluate the distribution network’s reliability indices
[154]. Some of the reliability indices which are predominantly used to evaluate the
system’'s reliability are SAIFI, SAIDI, CAIDI, EENS, AENS, ASAI, and ASUI. They
are also employed in this research work to judge the reliability of the distribution system.
An appropriate set of indices must be determined based on the application to attain the

reliability evaluation.
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6.3.1 Statistical Parameters for Reliability at Different Load Points
The reliability indices strongly depend on various statistical parameters such as
failure rate, repair rate, average outage duration. The reliability parameters can be

calculated at different load points i.e., g™ load point as follows.
Average failure rate (pq) = Yxe, numy X FRy failure/year

Annual outage duration (Uy) = Yx—, FRDgi hour/year

Average outage duration (Dq) = % hour
q

where FRy, is the average failure rate of the k™ element, z is the number of elements
in the distribution system, num, denotes the number of k™ elements in the distribution
system, D represents the period of failure at q™ load point due to failure of k™ element,

pq Is the average failure rate at q™ load point and Uq denotes the annual outage duration

at q* load point.

6.3.2 Reliability Indices of Distribution System
The reliability indices are characterized into load-oriented and customer-oriented
indices. The complete categorization of reliability analysis of distribution system is

depicted in Fig. 6.2.

A broad overview and mathematical formulae of different load and customer-

oriented reliability indices are as follows [154].
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1) Customer Oriented Reliability Indices

These indices have increased the reliability of power systems in terms of improving
consumer or load facilities. An extensive outline and mathematical formulae of different

customer-oriented reliability indices are as follows.

Reliability Tndices
I I
Customer oriented indices Load oriented indices

: : el
| |

| SAIDI | | |

= RE

| | i

| ASAI |

| ASUI |

| == |

Fig. 6. 2. Categorization of reliability indices of distribution network
The System Average Interruption Frequency Index (SAIFI) is calculated as the

ratio of the total number of interruptions to the total number of customers served each year,
as given in Eq. (6.17). SAIFI depicts the state of the system in terms of interruption. It is

measured in failures/customers. year.

quzl pgNg (6.17)
SAIFI = P r— failures/customer. year

q=1""9
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The System Average Interruption Duration Index (SAIDI) is a fraction of total
continuous interruptions divided by the number of customers served per year, as provided
in Eq. (6.18). SAIDI depicts the state of the system in terms of interruption time. It is

measured in hour per customer year.

oL, UgNg (6.18)
SAIDI = B a— hour per customer. year
q=1""4d

The Customer Average Interruption Duration Index (CAIDI) is the ratio of the
overall time of continuous interruptions to the total number of interruptions served by
customers in a year, as shown in Eq. (6.20). CAIDI calculates the average outage time for

any individual customer. It is measured in hour/customer. interruption.

SAIDI (6.19)
CAIDI = SATFL
Z
_ qu=1 Uqu . .
CAIDI = ————— hour/customer. interruption 6.20
qq=1 PqNq (6.20)

The Average Service Availability Index (ASAI) is expressed in per unit (p.u.). It
is defined as the ratio of total available hours in a year to total desired hours, as specified
in Eq. (6.21).

Y Ng X 8760 — X;1, UgNg (6.21)

ASAI = .
Y Ny X 8760 (p-w)

The Average Service Unavailability Index (ASUI) is expressed in per unit (p.u.)
and is defined as the ratio of total unavailable hours in a year to total desired hours, as

specified in Eq. (6.22)
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ASUI = 1 — ASAI (p.u) (6.22)
2) Energy or Load Oriented reliability indices
Load-oriented reliability indices are determined at different load points as follows.

The network's Expected Energy Not Supplied (EENS) is measured in MWh/year
and equals the sum of all consumers' EENS as shown in Eg. (6.24). The EENS is an

indication of energy insufficiency.

EENS. — z I (Demand at q™'load point) (6.23)
d annual outage duration at q™load point

EENS, = LqUq MWh per year (6.24)

The Average Energy Not Supplied (AENS) index indicates how much energy isn't

served within a given period, as shown in Eq. (6.26). It is expressed in MWh per customer

per year.
AENS = Y (EENS at g load point) (6.25)
" Total number of customers at all load points
%a 6.26
=z per customer per year
q=1""4d

where L is average demand/load at q™ load point, EENS, denotes the expected
ENS at g™ load point, z4 is the total number of load points, N, represents the total number

of customers at q** load point. The steps employed for the calculation of reliability indices

are indicated in Fig. 6.3.

The interruption in the power system network occurs due to the following causes.
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1) outages resulting in the disturbance.
2) Failure of power system equipment leads to interruption.
3) Load shedding occurs due to an abrupt rise in demand.

4) Planned preservation of equipment necessitating an interruption.

@

Select the standard test system

y

Set g=1

!

Calculate reliability indices

FRgN
SAIFI, = 1:' 4

Uy, U, N,
SAIDI, = % CAIDI, = FR‘? 1\:
q q°q

aoap < NaXBT60—UNy o Uyl
47 N, x8760 97 N, x 8760

LQ‘ U‘l
EENS, = LqlUg AENS, =~

q=q+1

q=end bus

SAIFI = ZSAIFI,I SAIDI = ZSA[DIq SAIFI = Z SAIFl; CAIDI = Z CAIDI,
ASAI = Z ASAl, ASUI = Z ASUl,

EENS = Z EENS, AENS = ZAENSq

=

Fig. 6. 3. Flow chart for the computation of reliability indices
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6.4 THE HGWOPSO ALGORITHM IMPLEMENTATION FOR

EVCS AND DG ALLOCATION

The EVCS and DG allocation problem is associated with discrete bus numbers,
whereas the capacity of the DG unit is decided by operational constraints. GWO and PSO
would not yield the same results after every iteration due to the stochastic behavior of the
problem, exclusively in sophisticated systems. Therefore, it is a challenging task to
investigate the optimum solution. On the other hand, the proposed hybrid approach
HGWOPSO solves this issue. With the combination of GWO and PSO, a hybrid strategy
is proposed. PSO's flaw is that it can't access the best answer across a large search area
and is trapped in local optima. While GWO has the shortcoming of inefficient exploitation.
Therefore, a combination of GWO and PSO is used to overcome the shortcomings of each
method. The key ability is to combine the PSO's exploitation skills with the GWOQO's
exploration capabilities to keep a proper exploration and exploitation to avoid local optima
and arrive at an optimal solution with ease. HGWOPSO is presented in this work, in which
GWO updates the initial population and then PSO updates the updated solutions [132].
Furthermore, the proposed hybrid approach is selected to efficiently tackle the
optimization problem because it provides high-speed convergence and the capability of
handling discrete as well as integer variable problems involving a smaller number of

control parameters.

Optimum allocation of DG units and the EVCS decreases system losses due to the
addition of EVCS in the radial distribution system. It also improves voltage profile and

stability. In this research analysis, EVCS and DG's allocation problems are addressed
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using the proposed HGWOPSO technique. Fig. 6.4 displays the flow chart of the suggested

hybrid algorithm.

v ™

Initialize GWO parameters
i.¢., number and dimension of
SA, max iteration and alpha,
beta and delta positions

Setiter=0

Yes

Initialization Fori=1: NSA
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atisfied
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Update alpha,
beta and delta
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I Update alpha, beta, delta
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/.
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Fig. 6. 4. Flow chart of HGWOPSO for EVCS and DG allocation
The steps mentioned below explain the working of the HGWOPSO algorithm.

Step 1: Initializing the maximum iterations.

Step 2: Initializing the number of search agents (NSA).

Step 3: Running GWO algorithm.

|

Updation and
termination
by PSO

Step 4: The points minimized by GWO are passed through PSO as initial points.
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Step 5: Running PSO algorithm.

Step 6: Updated points are passed back to the GWO algorithm.

Step 7: Increasing the iteration one by one.

Step 8: If the termination conditions are fulfilled, go to step 9; otherwise, go to step 3.
Step 9: The gbest solution is the desired solution of HGWOPSO technique.

The tuned parameters of the proposed HGWOPSO algorithm are NSA=30, swarm
size=50, maximum iterations=100, inertia weight=0.4 to 0.9, and values of cognitive and

social acceleration coefficients are 2.01 and 2.02, respectively.

6.5 RESULTS AND DISCUSSION

This section describes the implementation of the proposed hybrid algorithm first
on the 33 and 69 bus systems. The hybrid algorithm has been validated by applying
benchmark functions in chapter 3. Also, the impact of EVCS and DG integration on the
two considered standard systems in terms of reliability indices, i.e., SAIFI, SAIDI, CAIDI,

etc., has been evaluated and explained in detail.

The suggested HGWOPSO is employed in the IEEE 33-bus and IEEE 69-
bus radial distribution systems for the location and sizing of EVCS and DG units. The
results are compared with GWO and PSO for the single objective function corresponding
to (1) minimizing the active power loss (2) minimization of voltage deviation (3)
maximizing the voltage stability index. The proposed HGWOPSO algorithm is executed

in MATLAB R2016a on an Intel i7, 3.2 GHz, 4 GB RAM, desktop PC.
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6.5.1 [IEEE-33 Bus Balanced Radial Distribution System

The detailed diagram of the IEEE 33 bus radial distribution system along with two
DG and two EVCS is shown in Fig. 6.5. The IEEE-33 bus distribution network has 33
nodes and 32 branches. The system is allowed to operate at 100 MVA and 12.66 kV. It

has total real power loads of 3715 kW and total reactive power loads of 2300 kVAr.

EVCS
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S (1.1568 MW)
! I‘r«...‘-_lv‘i _',-f-—- 2
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DG 1
(0.0845 MW)

(1500 kW)

Fig. 6. 5. Effect of EVCS and DG integration on system loss in IEEE 33-bus system

Charging stations are assumed to have 30 charging points, and each charger
consumes 50 kW. So, CS can charge 30 EVs at the same time. The optimal number of CS
needs to be placed at the optimal bus in the distribution network. Since CS installation
increases the active power loss of the network. Hence, DGs are optimally placed to
compensate for the losses due to installed EVCS. The power loss is optimized using the
suggested HGWOPSO method. Before installing EVCS and DG, a direct approach-based
load flow study is carried out to determine the base case losses. The active and reactive
power values before installing EVCS and DGs are observed to be 201.9 kW and 134.7
kVAr, respectively. Also, the minimum voltage appears at bus 18 of magnitude 0.9131

p.u. Whereas the minimum value of VVSI comes out to be 0.6953 p.u.
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1) Effect of EVCS and DG Integration on System Loss in IEEE 33-bus System

The addition of EVCS to the distribution network raises the APL while lowering
the voltage profile due to the increased loading of EVs. Therefore, there is a requirement
to allocate the EVCS in the most efficient way possible, resulting in the lowest possible
rise in APL. It's worth noting that installing a fixed capacity EVCS on bus 2 results in a
power loss of only 211.7 KW. To meet customer demand and ensure the availability of
EVCS for EV users, an increasing number of EVCS must be installed to address the power
loss issues. The best placement of the second EVCS at bus 19 results in a total active power

loss of 214.8 kW.

Five different scenarios are addressed in this work for validating the methodology.

The scenarios are given below:

Scenario 1: Balanced IEEE 33-bus radial distribution network with existing loads only

Scenario 2: Addition of one EVCS in the radial distribution network

Scenario 3: Addition of one more EVCS in the distribution network

Scenario 4: Addition of one DG in the radial distribution network

Scenario 5: Simultaneous allocation of two DGs

The placement of DG in an optimal location with an optimal size result in
minimization of APL, improvement in voltage profile, and enhancement in VSI. A large
number of research articles has focused on minimizing APL due to the domination of IR

losses in the power system. The APL, VDI, and VSI are calculated before the reliability
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evaluation. This is done to evaluate the reliability of the system by determining the best

DG size, DG location, power loss, VDI, and VSI.

Two DGs are installed in the 33-bus network to reduce the charging impact of EVs.
When one 2.56 MW DG is optimally located at bus 6, it results ina 103.6 kW active power
loss. The power loss is reduced to 85.5 kW when two DGs with capacities of 0.0845 MW
and 1.1568 MW are situated optimally at bus numbers 13 and 30 in the distribution
network. Table 6.1. illustrates the APL values when EVCS and DGs are installed

sequentially in 33 bus distribution networks.

Table 6. 1. APL values after the placement of EVCS and DGs using HGWOPSO in
IEEE 33-bus system

Scenarios Bus number and size APL (kW)
Base case - 201.9
1 EVCS 1500 kW at bus 2 211.7
2 EVCS 1500 kW at bus 2 and 19 214.8
1 DG 2.56 MW at bus 6 103.6
2 DGs 0.0845 MW and 1.1568 MW at bus 13 and 30 85.5

Also, the varying power loss values after placing EVCS and DGs are depicted in
Fig. 6.6. The comparison analysis of the size and location of EVCS and DG and their
impact on power loss is portrayed in Table 6.2. Also, it is realized from Table 6.2. that
results obtained by implementing HGWOPSO are superior to GWO and PSO for the same

parameter consideration.
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Fig. 6. 6. Effect of EVCS and DG integration on active power loss in the IEEE 33-bus
system
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Fig. 6. 7. Convergence plot for active power loss using HGWOPSO, GWO, and PSO in
33-bus network

Likewise, the efficacy of the proposed hybrid technique, i.e., HGWOPSO, is
confirmed by comparing the obtained results with those of other existing techniques such

as GWO and PSO.

The proposed technique results in an active power loss of 85.5 kW which is lesser
than those of GWO (87.1 kW) and PSO (88.7 kW). Fig. 6.7 shows the converging nature
of the active power loss throughout iteration using proposed HGWOPSO, GWO, and PSO.
Also, it is evident from the convergence characteristics that HGWOPSO has a faster rate

of achieving optimal solutions as compared to standalone GWO and PSO.
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Table 6. 2. Comparison of optimal size, location and APL of EVCS and DG obtained
using HGWOPSO and GWO, for 33-bus system

HGWOPSO GWO
Scenarios  EVCS Optimal DG APL  EVCS Optimal DG APL
Location (kW) Location (kW)
Location  Size Location  Size

(MW) (MW)

Base - - - 201.9 - - - 202.2
case

1EVCS 2 - - 211.7 2 - - 213.9
2 EVCS 2,19 - - 2148 2,19 - - 215.6
1DG 2,19 6 256 1036 2,19 8 271 105.7
2 DGs 2,19 13 0.0845 85.5 2,19 17 0.0978 87.1

30 1.1568 29 1.2193

2) Effect of EVCS and DG Integration on Voltage Profile and Voltage Stability

Index in 33-bus System

As similar to system loss, integration of EVCS imposes a detrimental effect on the
voltage profile and VSI. Due to the increased loading of EVs, the system's voltage profile
and voltage stability index deteriorates. These disturbances are compensated by the
suitable incorporation of DG units at the appropriate node in the distribution system. The
voltage profile of the 33- bus system when multiple EVCS and DGs are sited in the system

is depicted in Fig. 6.8.

The voltage at each bus continues to decrease as the charging load grows, as seen
in Fig. 6.8. When one 1500 kW EVCS is optimally placed on bus 2, the voltage profile of
the entire system falls. Furthermore, as the number of EVCS grows, the voltage profile

degrades.

DGs are integrated into the distribution system along with EVCS to ensure that the
system runs smoothly. Integration of DG units creates positive impacts on the voltage

profile of the system. Improvement in voltage profile after incorporating DG units is
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shown in Fig. 6.9. The voltages on all the buses fluctuate depending on the distribution
system's actual and reactive power losses. As a result, real power support is required for
real power loss reduction, which enhances voltage levels by mitigating I2R losses. Also,
it is observed that the improvement in bus voltages takes place when many DGs are
located. Also, it is noted that the size of a single DG is greater than the combined size of
two DG units. In the case of one DG, the minimum magnitude of voltage is 0.9511 p.u at
bus number 18; for simultaneous allocation of two DG units, the minimum voltage is
improved to 0.9685 p.u at bus 33. So, it is deduced that minimum voltage improves with

the employment of multiple DGs.
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Fig. 6. 8. Voltage profile of IEEE 33 bus system after integrating EVCS and DG
units

The addition of EVCS and DG units to the distribution network impacts the voltage
stability index as it does on the voltage profile. The base case (before installing EVs and
DGs) value of VSI is 0.6953 p.u. It drops to 0.6924 p.u when one EVCS of capacity 1500
kW is optimally installed at bus number 2. DGs implementation in distribution networks
enhances the VSI. It can be noticed from Fig. 6.9. that VSI enhances when a greater

number of DGs are situated optimally in the distribution system.
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Fig. 6. 9. VSI for 33 bus systems for different scenarios
Table 6. 3. Comparison of VSI values for different scenarios in the IEEE 33-bus

system
Scenarios HGWOPSO GWO PSO

VSI (p.u.)  Inverse VSI Inverse VSI Inverse

VSlI (p.u.) VSl (p.u.) VSl

Base case 0.695 1.438 0.691 1.447 0.6893 1.451
1 EVCS 0.692 1.444 0.689 1.451 0.6857 1.458
2 EVCS 0.681 1.467 0.679 1.472 0.6723 1.487
1DG 0.818 1.222 0.807 1.239 0.7981 1.252

2 DGs 0.879 1.136 0.853 1.172 0.8343 1.198

When one DG is placed causes the VSI to be increased to the value of 0.8181 p.u.
Similarly, VSI becomes 0.8798 p.u. on the implementation of two DGs. Also, VSI is
investigated for different scenarios using the suggested hybrid technique and compared to
other techniques to demonstrate its superiority. The VSI results obtained using the two

techniques for the IEEE 33-bus system are tabulated in Table 6.3.
6.5.2 1EEE-69 Bus Balanced Radial Distribution System

The proposed algorithm HGWOPSO is now implemented on IEEE 69-bus radial
distribution system for the optimal allocation of EVCS and DG. The detailed diagram of

the IEEE 69-bus distribution system is shown in Fig. 6.10.
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Fig. 6. 10. Connection diagram of IEEE 69-bus system with two EVVCS and three DGs

Two fixed capacity EVCS and three type 1 DG have been considered. The details
of the IEEE 69-bus DS are as follows: The IEEE-69 bus DS has 69 nodes and 68 branches.
The system is allowed to operate at 100 MVA and 12.66 kV. It has total real power loads
of 3801.4 kW and total reactive power loads of 2693.6 kVAr. As that of IEEE 33-bus
radial distribution system, the objective functions, i.e., power loss minimization,
improvement in voltage profile, and maximizing VSI, are optimized using HGWOPSO

and compared with those of GWO and PSO.

To validate the methodology for the proposed work, the following scenarios are

considered.
Scenario 1: Balanced IEEE 69-bus radial DS with existing loads only
Scenario 2: Addition of one EVCS in the radial distribution network

Scenario 3: Addition of one more EVCS in the distribution network
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Scenario 4: Addition of one DG in the radial distribution network

Scenario 5: Simultaneous allocation of two DGs

Scenario 6: Simultaneous allocation of three DGs

1) Effect of EVCS and DG integration on system loss in IEEE 69-bus system

The base case active and reactive power loss in the 69-bus system is calculated to
be 224.9 kW and 102.1 kVAr respectively. Similar to the 33-bus system, the addition of
EVCS creates power loss issues in the 69-bus system. When one EVCS is optimally
installed at bus 28 results in an active power loss of 225.31 kW. It is recommended to
install a large number of charging infrastructures on the way of EV users to increase the
wide adoption of EVs. To this end, one more EVCS is placed at bus 6, which leads to a
further increment in a power loss of 254.45 kW. It is realized that the addition of charging
infrastructures is essential for the survival of EVs but at the same time causes detrimental
effects on the health of the power system. Thus, compromise has to be made between the
power system health and charging infrastructure. DGs are added to reduce the charging
impact of EVs. However, the implementation of DGs on optimal nodes compensates for
the power loss issues. In this context, when one DG of 1.8726 MW capacity is optimally
placed at bus 61 results in an active power loss of 83.2 kW. When two DGs are located at
buses 17 and 61, their sizes are 0.5312 MW and 1.7815 MW, respectively, providing a
reduced APL of 71.7 kW. Also, APL is reduced to the value of 69.4 kW when three DGs
with sizes 0.5268 MW, 0.3801 MW, and 1.7190 MW are installed at bus numbers 11, 18,
and 61, respectively. When EVCS and DGs are placed successively in a 69-bus distribution
network, the APL values are shown in Table 6.4.
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Table 6. 4. APL values after the placement of EVCS and DGs using HGWOPSO in
IEEE 69-bus system

Scenarios Bus number and size APL (kW)
Base case — 224.9
1EVCS 1500 kW at bus 28 225.31
2 EVCS 1500 kW at bus 6 and 28 254.45

1DG 1.8726 MW at bus 61 83.2

2 DGs 0.5312 MW and 1.7815 MW at bus 17 717

and 61
3 DGs 0.5268 MW, 0.3801 MW and 1.7190 at 69.4

bus 11, 18 and 61

Table 6.5. shows a comparison of the size and placement of EVCS and DG, as well
as their impact on power loss. In addition to this, Fig. 6.11. shows the varied power loss

values after installing EVCS and DGs.
The efficacy of the suggested hybrid technique, HGWOPSO, is also proven by
comparing the acquired findings to those of other existing techniques like GWO and PSO.

Table 6. 5. Comparison of optimal size, location and APL of EVCS and DG obtained
using HGWOPSO and GWO for IEEE 69-bus system

HGWOPSO GWO
Scenarios  EVCS Optimal DG APL EVCS Optimal DG APL
Location (kW)  Location (kW)
Location  Size Location  Size
(MW) (MW)
Base - - - 224.9 - - - 225.7
case
1EVCS 28 - - 225.31 28 - - 227.67
2 EVCS 6, 28 - - 254.45 6, 28 - - 257.89
1DG 6, 28 61 1.8726  83.2 6, 28 61 1.9536  85.9
2 DGs 6, 28 17 0.5312 6, 28 17 0.7134
61 1.7815 71.7 61 1.9235 72.5
3DGs 6, 28 11 0.5268 69.4 6, 28 13 0.5312 705
18 0.3801 21 0.3876
61 1.7190 67 1.8138
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Fig. 6. 12. Convergence plot for active power loss using HGWOPSO, GWO, and PSO in
IEEE 69-bus network

The proposed technique results in an active power loss of 69.4 kW, which is lower
than the 70.5 kW and 71.7 kW incurred by GWO and PSO respectively. Fig. 6.12. depicts
the converging nature of active power loss throughout iteration using proposed
HGWOPSO, GWO, and PSO. In addition, the convergence curve clearly shows that

HGWOPSO achieves optimal solutions faster than isolated GWO and PSO.
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2) Effect of EVCS and DG Integration on Voltage Profile and Voltage Stability

Index in IEEE 69-bus system

The addition of EVCS disrupts the voltage profile of this system, which is similar
to that of a 33-bus network. The minimal voltage of magnitude 0.9091 p.u. exists at bus
65 in the base case. When EVCS is installed at bus 28, the minimum voltage value is
dropped to 0.9015, which occurs at bus 65. When one more EVCS is added to node 6, the
minimum voltage drops even lower to 0.8997 p.u. As a result, EVCS installation degrades
the voltage profile of the system. DG units are integrated along with EVCS to maintain a
healthy voltage profile. The voltage profile improves with the incorporation of DG units.
In the case of one DG only, the minimum voltage is improved to 0.9683 p.u. at bus 27.
When two DGs are optimally placed, the minimum voltage value comes out to be 0.9789
p.u. at bus 65. Moreover, simultaneous allocation of DG units further improves the bus
voltage, i.e., the minimum voltage of 0.9790 p.u. at bus 65. Fig. 6.13. shows the voltage

profile of the 69-bus system when EVCS and DGs are integrated.
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Fig. 6. 13. Voltage profile of IEEE 69 bus system after integrating EVCS and DG
units
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VSl is influenced in the same way as voltage profile with the gradual increase of
charging loads. The value of VSI before integrating EVCS is observed to be 0.6833 p.u.
but it is decreased to 0.6709 p.u when charging load is added on bus 28. In the same way,
VSI further drops to 0.6615 p.u with the addition of another EVCS at bus 6. Thus, the
incorporation of charging infrastructures badly affects the system in terms of VSI. This
problem is compensated by the integration of DGs into the distribution network. VSI
improves to 0.8792 p.u. in the presence of one DG only. Further improvement in VSI takes
place with the incorporation of more DG units. Integration of two DGs improves the VSI
to 0.9083 p.u. While in the case of three DGs, it becomes 0.9185 p.u. Regarding this,

improvement in VSl is seen in Fig. 6.14 by incorporating DGs.
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Fig. 6. 14. VSI for IEEE 69 bus systems for different scenarios

In addition, VSI is explored for various scenarios using the recommended
technique and compared to other techniques to establish its superiority. The VSI findings

for the 69-bus system obtained using the two techniques are shown in Table 6.6.
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Table 6. 6. Comparison of VSI values for different scenarios in the IEEE 69-bus system

Scenarios HGWOPSO GWO PSO

VSI (p.u.) Inverse VSI Inverse VSI Inverse
VSI (p.u.) VSI (p.u.) VSI

Base case 0.683 1.463 0.672 1.488 0.6793 1.472
1 EVCS 0.670 1.491 0.664 1.506 0.6546 1.527
2 EVCS 0.661 1.511 0.648 1.543 0.6358 1.572
1DG 0.879 1.137 0.871 1.148 0.8647 1.156
2 DGs 0.908 1.101 0.892 1.121 0.8957 1.116
3 DGs 0.918 1.089 0.911 1.097 0.9089 1.100

6.5.3 Effect of Integrated EVCS and DGs on Reliability of IEEE 33 bus and IEEE

69 bus Distribution Networks

The reliability indices are obtained to demonstrate the consequence of integrating
EVCS and DG units on the system reliability. The reliability indices for the electrical
network are calculated considering quantitative information about failure and repair rate,
average outage time, and the number of customers at each load point. The reliability
indices considered in this article are SAIFI, SAIDI, CAIDI, EENS, AENS, ASAI, and

ASULI.

1) Reliability analysis for IEEE 33-bus system

The major goal of this section is to offer a detailed examination of the impact of
the EV charging station and DG placement on the IEEE 33-bus system's reliability.
Reliability indices are estimated for all the above-mentioned scenarios, i.e., after the
placement of EVCS and DGs. Customer information and other statistical parameters such
as failure rate, repair rate, and average outage time for the IEEE 33-bus system are stated

in A.4 and A.5, respectively.
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Both consumer and load (energy) oriented indices deteriorate after the installation
of EVCS. On the other hand, DGs integration into the distribution system enhances both
types of reliability indices. This is because DGs enable immediate and efficient bus voltage
management, which improves power transfer capability and reduces power loss by
regulating supplied power to the system. They also directly alter the power flow by
controlling injected power. It is realized from Table 6.7 that the value of reliability indices
worsens after the allocation of EVCS. The value of SAIFI before installing EVCS and DG,
i.e., the base case is 0.0982 failures/customer. year. After installing a fast-charging station
with 30 charging points on bus 2, the SAIFI increased to 0.1195 failures/customer. year.
The value of SAIDI and CAIDI also increased to 0.6321 hours per customer. year and
5.2915 hour/customer. interruption when one EVCS is allocated at bus 2. Likewise,
deprivation of EENS and AENS is also observed in the case of one CS placement. The
base value of AENS is 1.9369 MWHh per customer per year. Its value increased to 10.2612
MWh per customer per year after the integration of one EVCS. As the EVCS is integrated
into the distribution network, the energy is supplied to meet the load requirement, and thus,
the indices associated with the energy not supplied are increased. The increment in
reliability indices is not desirable from the perspective of the distribution system. Also, the
value of ASAI decreases with the incorporation of charging loads. It refers to the condition
that the availability of electricity decreases with increasing charging loads. Further, all
reliability indices are evaluated when two EV charging loads are placed at buses 2 and 19.
When two charging station loads are shared between two nodes, the reliability is higher
than when the two charging stations are concentrated on a single node. In some

circumstances, when strong nodes of the electrical power network and high-traffic-density
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nodes of the transportation network merge, the paths connecting to that node become too
crowded. As a result, distributing the charging stations has the added benefit of making
the charging capability available to a broader number of EVs traveling in diverse routes,
minimizing overcrowding of traffic on the particular paths leading to the bus where

charging loads are concentrated.

Thus, it is desirable to inject some amount of energy into the distribution system
to improve its reliability. One of the alternatives is to make use of DGs, which injects
active and reactive power into the system depending on the requirement. Multiple DGs are
optimally integrated into the network, which enhances the system’s reliability. All
reliability indices are investigated after integrating DGs. The impact of DGs integration
on reliability indices is shown in Table 6.7. After the placement of one DG at bus 6, the
value of SAIFI decreased to 0.1217 failures/customer. year. Similarly, the values of SAIDI
and CAIDI also decreased to 0.5238 hours per customer. year and 4.304 hour/customer.
interruption respectively. Hence, these reliability indices continue to reduce with the
increasing integration of DGs. As more DGs are introduced into the network, the period
of the disturbance and the number of interruptions that occur in the system decrease.
Therefore, the SAIDI and SAIFI have been decreased. Furthermore, a reduction in SAIDI

and SAIFI values is desired for improving the reliability of the distribution system.

Table 6. 7 Effect of EVCS and DG integration on reliability indices in IEEE 33-bus

system
Scenarios SAIFI SAIDI CAIDI EENS AENS ASAI ASUI
Base case 0.0982 0.5048 5.1385 1780 1.9369 0.9999 0.0001
1 EVCS 0.1195 0.6321 5.2915 9430.04  10.2612 0.9997 0.0003
2EVCS 0.1361 0.7155 5.2558 15029.9 16.3547 0.9994 0.0007
1DG 0.1217 0.5238 4.304 8765.46 9.5381 0.9997 0.0003
2 DGs 0.1147 0.4914 4.2842 6517.23 7.0946 0.9998 0.0002
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Fig. 6. 15. Variation in reliability indices with the integration of EVCS and DGs in IEEE
33-bus system

It's worth noting that the EENS and AENS reduce as the number of DGs increases.
The value of AENS is 9.5381 MWh per customer per year with one DG only, whereas it
is reduced to 7.0946 MWh per customer per year when one more DG is added into the
system. As more DGs are incorporated into the network, the supplied energy to the system

improves, and the indices for energy not supplied decrease. The reduction in EENS and
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AENS values is desirable for a reliable power system. Hence, the reliability of the

electrical system improves with the integration of DGs with adequate reliability data.

Also, DGs integration has positive impacts on electrical supply-based reliability
indices, i.e., ASAI and ASUI. It is noted from Table 6.7, ASAI values increase with
increasing DGs integration. The increase in ASAI results in a decrease in ASUI, which is
beneficial for improving system reliability. Fig. 6.15. shows the impact of EV charging

loads and DG units on various reliability indices in the 33-bus network.

2) Reliability Analysis for IEEE 69-bus System

This section of the article provides the impact on the reliability of the IEEE 69-bus
distribution system after the optimal integration of EV charging loads followed by DG
units. Here, 2 EVCS and 3 DGs are placed, which is different from the case of the 33-bus
system where only two DGs were integrated. Table A.6 and Table A.7 report the statistical
parameters such as failure rate, repair rate and average outage time, and customer

information for the IEEE 69-bus system, respectively.

Similar to the IEEE 33-bus system, the addition of charging loads disturbs the
customer as well as load-oriented reliability indices of the IEEE 69-bus system. DGs are
integrated to maintain the reliability of the power system network by injecting energy into
the system, thereby resulting in power loss reduction. The effect of integrating EV
charging loads and DG units on various reliability indices in the IEEE 69-bus system is

illustrated in Table 6.8.
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Table 6. 8. Effect of EVCS and DG integration on reliability indices in IEEE 69-bus system

Scenarios  SAIFI SAIDI CAIDI EENS AENS ASAI ASUI
Base case  2.4795 77.6787 31.3283 2719551 33.4921 0.9911 0.0089
1 EVCS 2.4919 79.8148 319796 37006.33 455743 0.9908 0.0092
2 EVCS 2.5159 82.4789  32.7845 46967.21 57.8414 0.9906 0.0094
1DG 2.5043 81.4879  32.5391 41857.06 51.5481 0.991 0.009
2 DGs 2.4951 80.8794  32.4153 35688.78 43.9517 0.9916 0.0084
3 DGs 2.4847 78.4879  31.5884 32487.54 40.00929 0.9925 0.0075
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As explained in the case of the IEEE 33-bus system, the value of all customer-
oriented reliability indices, i.e., SAIFI, SAIDI, and CAIDI increases from the base value
after the integration of EV charging loads which are not desirable for a reliable power

system.

Similarly, load-oriented indices, i.e., EENS and AENS, also degrades due to the
addition of EVCS. The value of all indices increases from their respective base value when
charging loads are integrated. Hence, DGs are integrated as in the case of IEEE 33- bus
network to bring the system to operate in reliable mode. With the increasing integration of
DGs, all the reliability indices improve, i.e., SAIFI, SAIDI, CAIDI, EENS, and AENS

reduce, which is required from the reliability point of view of the distribution system.

Additionally, ASAI decreases when EVCS is placed. On the other hand, it goes on
the increase with the integration of DGs, which is desirable. Fig. 6.16 shows the impact of

EV charging loads and DG units on various reliability indices in the IEEE 69-bus network.

6.6 SUMMARY

Electric vehicles are a viable option for reducing transportation-related pollution.
The rising reputation of EVs has resulted in the setting up of EVCSs; though, the negative
influence of EV charging station loads on the electrical system cannot be overlooked. This
paper presents the EVCS impact on the IEEE standard system based on a direct approach-
based load flow analysis. The process of charging electric vehicles necessitates additional
power from the grid, resulting in greater power losses. As a result, DG should be employed
to offset the power losses generated by EVCS. Type 2 DG is utilized in this work, which

repays for the system’s power loss. Furthermore, a hybrid algorithm called HGWOPSO
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has been employed to reduce losses by determining the optimal node for EVCS and DG
placement. The proposed hybrid algorithm is validated on the IEEE-33 and IEEE-69 bus
systems. Additionally, the accuracy of the suggested method is validated by comparing the
outcomes acquired using other methodological approaches such as GWO and PSO. It is
observed that HGWOPSO shows a significant reduction in system losses when compared

to GWO and PSO for 33-bus as well as 69-bus systems.

Apart from the voltage and current constraints, the number of EV charging loads
is fixed, and DGs are added to the grid network to reduce the system’s losses. It is easy for
the power engineers to choose the number of DGs for compensating the influence of EVCS
by analyzing the mismatch in the capacity of the additional EVCS load and total system
load. In the IEEE-33 bus system, two DGs satisfactorily improve the performance of the
system, whereas the quantity of DGs required in the IEEE-69 bus system is four. Although
power losses are minimized, and the voltage profile gets enhanced on increasing the DGs,

the impact of specific fourth DG is marginal.

In addition, reliability analysis is performed to determine the cumulative influence
of EV loads and DGs on the distribution system's health. All reliability indices are
investigated in different scenarios. It is noticed that the placement of EVCS degrades the
reliability of the network in 33-bus and 69-bus systems. However, results show that the

DGs incorporation along with EVCS improves the reliability indices.

However, the current research work has several limitations, such as the use of a
stochastic approach to construct the EV load at charging stations to estimate the impact of

increased EV demand on the distribution system. Furthermore, rather than conventional
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DGs, renewable-based DGs, such as solar/wind, may be included. Additionally, coupled

transportation and distribution networks can be taken as a test system.

Following are the research problems that can be addressed in the future:

By taking into account larger standard IEEE systems like the 118-bus.
Subsystem reliability data can also be added, providing a precise picture of
the total system's reliability.

The number of branches in a power system can also be changed to improve
reliability, which is referred to as system reconfiguration. Furthermore, the
dependency on CO2 emissions, as well as the protection and security of
power system components, can also be addressed when assessing the
system's reliability.

A more systematic approach to charging station location issues could be
investigated, taking into account EV consumers' activity-based behavior.
Variations in daytime load, fluctuations in environmental variables such as
temperature, irradiance, and the wind, which might affect DGs such as solar

photovoltaic and wind turbines, should be considered appropriately.

162



CHAPTER 7

TECHNO-ECONOMIC AND ENVIRONMENTAL
ANALYSIS OF GRID-CONNECTED ELECTRIC VEHICLE
CHARGING STATION

7.1 INRODUCTION

The control and power management of EVs in grid-connected systems are the
primary focus of researchers. However, one of the important aspects that must be addressed
is an economic analysis that takes into account the power exchange with the grid. The fast
adoption of EVs poses both constraints and opportunities for the current electricity system.
A small grid-connected SPV and diesel generator (DG)-based hybrid system with EVs are
presented in this chapter for a charging station in the northwest region of Delhi, India. The
main objective is to formulate a statistical model of a SPV and DG-based hybrid system
with EVs and a backup grid. Furthermore, the purpose of this research is to reduce power
interchange with the grid. This chapter discusses the implementation of HGWOPSO
technique for satisfying the EV load requirement using hybrid SPV and DG with utility
grid as a backup. Hence, the assessment described in this chapter will be a useful guide for

researchers looking to select a technique for their sizing concern.

7.2 MODELING OF HYBRID SYSTEM COMPONENTS

The mathematical modeling of the hybrid energy system to meet the charging
demand of EVs is described in this section. An SPV panel, DG, battery, inverter, and

backup grid are all part of the hybrid energy system under consideration. To enhance load
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supply reliability, the battery is utilized to control the variation of renewable energy (RE)
generation. A graphical representation of the proposed SPV/DG/battery storage system is

shown in Fig. 7.1.
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Fig. 7. 1. Schematic representation of the proposed hybrid energy system

7.2.1 SPV Array Output

Solar radiation is the most prevalent component on the planet, as well as being the
most robust RE source. It is comparatively simple to execute and can be made affordable
in all remote areas of the country. Concerning the maximum output pattern of SPV,
modules are widely used to estimate the quality of an SPV generation system to its peak
power. SPV panels are used to generate electricity by collecting solar energy. Only a small
portion of the solar radiation that penetrates the SPV panels is transformed to electricity,
with the remainder being converted to heat. Several factors can influence the quality of the
SPV power output. The power output obtained from SPV is dependent on the area of the
panel, solar irradiance incident on the surface of the panel, temperature of the SPV cells,
and geographical parameters, i.e., latitude and longitude of the panel location, using Eqn.

(7.2):

Pspv—out (1) = NspyAspyGp ({1 — 0.005(Tcey — 25)} (7.1)
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where nspy is the efficiency of solar panels, Aspy represents the surface area of the
solar panel, G, (t) denotes the hourly solar irradiance falling on the surface of the solar
panel, and T, is the temperature of the cell. The parameters taken for the selected PV
panel are tabulated in Table 7.1. The temperature of the cell and the fluctuation of power

as a function of temperature are given by

NOCT-20
0.8

Teen = Ta + Gh(t) (7'2)

where T, is the ambient temperature.

The rated maximum power output of solar panel can be expressed as

Prnax = VmaxImax (7.3)
where 1},,, denotes the maximum value of voltage, and I,,,, represents the

maximum current, respectively.

The overall power generated using SPV modules can be estimated by

PSR! e(©) = NspyPspy—out (D) (7.4)

where Ngpy, is the number of the installed solar PV panels.

7.2.2 Diesel Generator (DG)
The quantity of energy storage necessary for isolated villages and rural enterprises
can be lowered by using DGs, resulting in a profitable and reliable solution. In the event

of battery degradation during peak loads, diesel can be used as a backup source of energy.

The DG’s efficiency and hourly fuel usage should be accounted for when planning

a hybrid system and may be represented using the equation below [155]:
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u(t) = a X Ppg(t) + b X Prated-ne (7.5)
where u(t) is the fuel consumption in liters per hour, Py (t) is produced power in
KW, P,qtea—pc 1S the rated power, a (0.246) and b (0.08415) are constant parameters in

liter per KW, which characterize the coefficients of fuel consumption.

The efficiency of DG can be computed by

Noverall = Nbrake thermal X NDG (76)

where 1yverqu 1S the overall efficiency of DG, whereas np,ake thermar FEPresents

the brake thermal efficiency of DG.

7.2.3 Modeling of Battery Energy Storage System (BESS)

Due to the erratic nature of SPV output, optimum battery sizing is essential to meet
the load demand. The existing state of charge (SOC) is the most important decision variable
for monitoring the charging/discharging states of the battery. Overcharging of the battery
takes place when the hybrid model generates too much power or when the load demand is
too low. When the battery’s SOC reaches its maximum value, i.e., SOC (max), the control
system gets involved and stops the charging mechanism, whereas when it acquires its
minimum value, i.e., SOC (min), the control system disables the load to avoid the battery
from being drained [156].

There are instances when the state of the battery varies depending on the power
output and load demand. The battery performs an important role in the system’s energy
management by adjusting power demands and power supply. The battery is said to be
charging when the generated power is higher than the required energy, and the charging

state of the battery at time t is given by [156].
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SOCpat(t+ 1) = SOCp(t)(1 — 0)

Ppe (D)

Nbdinv

(7.7)

+ l(PSPV—out(t) + ) — Prvcs—dem (t)l X Npat

On the other hand, when RE sources are unable to create enough power to meet
demand, the battery is employed as a backup to feed the load system and operate in

discharging state. The discharging state of the battery at time t is given by

SOChat(t + 1) = SOCpae (1) (1 — 0)

PDG(U)] (7.8)

P t (P t) +
[ EVCS— dem( ) SPV-— out( ) Nbdiny

Nbat

where SOCy,:(t + 1) and SOCy,(t) are the SOC of battery at an instant (t + 1) and
(t), respectively, o is the self-discharge rate of the battery, npqiny IS the efficiency of bi-
directional inverter used, Pspy_out(t) and Ppg(t) are the power output of SPV and DG,
respectively, and 1y is the round trip efficiency of the battery. The round-trip efficiency

of the battery can be expressed using Egn. (7.9):

Nbat = nlc)l;z:rge % nld);stcharge (79)
where 1¢2"8represents the charging efficiency of the battery, whereas no 28

denotes the discharging efficiency of the battery. The round-trip efficiency of the battery
bank is reported to be 92.2 percent. Furthermore, charging/discharging efficiencies are
assumed to be 85/100 percent, respectively. SOC,,.x round-trip efficiency of the battery is
the maximum value of SOC and is equivalent to the total energy of the battery bank

Ctotal(Ampere hour), as follows:
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(7.10)

Nbat

series
Nbat

Ciota; (Ampere hour) = Cspat (Ampere hour)

where Cgpy: 1S the energy of a single battery, Ny, represents the total number of
batteries, and NS€I®S represents the number of batteries connected in series. The battery
bank is only allowed to discharge to a certain minimal level, known as SOC,,;,. This
restriction can be used as a system constraint depending on how the battery bank is utilized.
Batteries are arranged in series to get the desired bus voltage. The number of batteries in a

series can be computed using the formula:

Nseries _ Vbus (7.11)
bat - Vbat

where V,,4; is the voltage level of a single battery.

The maximum charge/discharge power at any given time is another important
consideration in battery modeling. It is determined by the maximum charging current and

may be computed using the equation below:

Pmax _ Nbat X Vbat X Imax (712)
bat ™ 1000

max

where .« IS the maximum charging current drawn by the battery in amperes, and P is

the maximum input/output power of the battery.

7.2.4 Bi-Directional Inverter Modeling

The bi-directional inverter performs the function of conversion of DC to AC power
and vice versa. Solar panels provide DC electricity to EVs at the charging station. Hence,
the bi-directional inverter is required to transform the DC power of SPV. The output of the

bi-directional inverter can be computed as follows:
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Pac = NMbdinv X Ppc (7.13)

The proposed system takes into account a bi-directional inverter efficiency of 97 percent.

7.2.5 Utility grid
In the first phase, when the demand exceeds the generated power from the different
energy sources and BESS capacity, the energy shortage can be fulfilled by borrowing the

energy from the grid network and may be represented using Eqn. (7.14):

id
PE"() = PEV(D) — | P& e (© + Ppg(D +
X Nbdinv

(Psté’%ﬁ_‘out(t) + (S0Cpae (1) - Soc{gtn(t)»” (7.14)

where Pf?rid (t) represents the energy to be borrowed from the grid in kWh, and SOCIIn (t)

denotes the minimum SOC of battery.

In the second phase, when the demand is less than the generated power from the
different energy sources, and the battery is wholly charged, the extra energy is sold to the

utility grid and may be represented using Eqgn. (7.15):
PE(0) = [P (®) + Poc(® (715

+ [ (P (9 — (SOCE(® = S0Cuu(9) ) X Mg ]| ~ PECO)

where PSg”d(t) represents the extra energy to be sold to the grid in kWh, and SOC[3* (t)

denotes the maximum SOC of the battery.

7.2.6 Modeling of EVCS Load
The main components of EVCS are dual converter, charging ports, and EVs. The charging

station is coupled to a regulator, which facilitates controlling the direction of the power
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Table 7. 1 Technical and economic parameters of different hybrid system components

Components Characteristics Values
Solar PV panel (Canadian  Rated power 325 W
Solar Max Power CS6X- Normal operating cell 45+£2°C
325P) [157] temperature
Open circuit voltage (Vo) 45.5 Volts
Short circuit current (Is¢) 9.34 Amps
Module efficiency: 16.94%
Dimensions 76.90 x 38.70 x 1.57
inches
Power tolerance 0/+5W
Initial cost $ 950/kW
Replacement cost $ 900/kW
Operation and maintenance $ 10/kwW
cost
Life span 25 years
Derating factor 80%
Diesel generator (Generic ~ Minimum load ratio 50%
10 kW fixed capacity Heat recovery ratio 10%
genset) [155] Operating time 15,000 h
Fuel price $ 1.21/litre
Density 820 Kg/m?®
Initial capital cost $ 500/kW
Replacement cost $ 500/kW
Operation and maintenance $10
cost
Battery (Generic 1 kWh Battery material Lead acid
lead acid) [132] Nominal voltage 12V
Nominal capacity 81-100 Ampere hour
Lifetime 5-8 years
Initial capital cost $ 235/kW
Replacement cost $ 190/kW
Operation and maintenance $ 2/kWlyear
cost
Bi-directional converter Rated power 100 kw
[132] Initial capital cost $ 171/kW
Replacement cost $ 171/kW
Operation and maintenance $ 4/kW/year
cost
Utility grid [158] Grid purchase price $ 0.12/kWh
Grid sell back price $ 0.08/kWh
Others [132] Nominal interest rate 3.75%
Inflation rate 1.75%
Lifetime of project 25 years
SOChmax 0.95
SOCpin 0.35
Inverter efficiency (%) 0.95
Rectifier efficiency (%) 0.95
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flow at a specific time. The charging of EV takes place based on its current SOC. It is
defined as the ratio of available charging state to the maximum charging state, i.e., when

the battery is fully charged. Hence, it describes how much battery needs to be charged.

The amount of power consumed by an EV is determined by the distance traveled,
battery capacity, and driving mode. An EV uses power, which may be estimated using the

Eqn. (7.16).

piv _ Dkm X Ereq/km (7.16)

where Dy, is the number of kilometers traveled, the power needed per kilometer is
Ereq/km, @nd T is the time to recharge the battery. T is the difference between the time of
arrival and departure. T is determined by the SOC of the vehicle’s battery. The power
requirement of an EV can be illustrated using the capacity of battery, SOC, and time of
charging:

bat X (Socmax - SOCEl‘i/n (7-17)
T

where QEY, represents the capacity of the EV battery, SOCEY.. and SOCEY. are the

min

maximum and minimum limit of SOC, and T denotes the duration of charging.
Therefore, the total power required for charging the N number of EVs is given as follows:

Ngy (7.18)

total - Z PD

The technical features of different components of a hybrid energy system are

summarized in Table 7.1.

171



7.3 PROBLEM FORMULATION

In this paper, the problem formulation deals with the optimization of different
configurations of energy system for satisfying the load demand of EVCS installed in the
northwest region of Delhi, India, with real annual data of solar irradiance, temperature, and
EV load. These configurations are stated as follows: (a) SPV/DG/battery-based EVCS, (b)
SPV/ battery-based EVCS, and (c) grid-and-SPV-based EVCS. The hybrid energy system
is constructed with a maximum load of 25.45 kW, and the yearly average energy
requirement is 257 kWh/day. The goal of optimization is to minimize the total net present
cost (TNPC), keeping the reliability constraint in terms of loss of power supply probability
within specified limits. Moreover, another parameter for analyzing the performance of the
hybrid energy system is the levelized cost of energy (LCOE). In this work, the energy
management of the hybrid system is based on load following strategy (LFS). The numbers
of SPV panels and batteries are chosen as the optimization variables, which are determined
optimally using the HGWOPSO. The primary goal of this research work is to perform a
cost-effective analysis for all select-ed configurations with lowest TNPC, LCOE, and best
reliability. The GWO performance in the optimization of hybrid energy system is compared
to conventional GWO and PSO. The objective functions, i.e., TNPC and LCOE and
constraints, are coded in MATLAB environment considering the energy management
strategy reported in Figs. 7.2. and 7.3. for SPV/DG/battery-based EVCS and grid-and-

SPV-based EVCS, respectively.

7.3.1 Assumptions
e Charging stations operate for the whole day.

e Different number of EVs arrive at charging station on a daily basis.
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e Only one charging station is considered.

e Limited output power of battery is taken into account.

e Load following strategy (LFS) is considered.

e Diesel generator is allowed to operate only when no power output from SPV is
available.

e Cost of EV charger is around USD 50.

7.3.2 Objective Functions

The optimal number of solar panels, i.e., Ngpy and batteries, i.e., Ny,;, must be
determined to ensure that the system formulated in different configurations meets the
charging demand of EVs. The objective function is formulated using the total net present
cost (TNPC), levelized cost of energy (LCOE), and reliability in terms of loss of power
supply probability (LPSP).

1) Total Net Present Cost (TNPC)

The total cost of a hybrid energy system is represented by the total net present cost
(TNPC). It includes all costs and revenues incurred during the life cycle of the system,
including system component capital costs, replacement costs incurred during the system’s
operation, and maintenance expenses. The numbers of SPV panels and batteries are chosen
as the two primary decision variables for the optimum configuration. Hence, one of the
objectives of this research work is to minimize the TNPC of the system, which is described

as follows:

TNPC(USD) = NPCgpy + NPCpg + NPCpyt + NPCyginy + CE"¢ — & (7.19)
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2) Levelized Cost of Energy (LCOE)

Levelized cost of energy may be defined as the average cost incurred per kW of
energy production by the system. LCOE is computed by dividing the annualized cost of
energy generation by the total energy production per year. It can be computed with the help

of capital recovery factor (CRF), using the following Eqn. (7.20) [159]:

TNPC X CRF (7.20)

LCOE = SD/kW

= U
Zthl Pgen (t)

CRF can be evaluated using Eqn. (7.21), as follows:

R(1+R)? (7.21)
(1+R)2-1)

CRF =

LCOE depends on numerous features, such as capital cost, solar radiation, lifetime,

operation and maintenance cost, CRF and degradation of the SPV panels used, etc.
3) Renewable Fraction

The renewable fraction (RF) is an important criterion to consider when designing
an energy system. The total energy produced via RE sources is divided by the total power

drawn by the load to calculate the RF. It can be calculated using Eqn. (7.22):

P 7.22
RF=<1—Z DG>><100% (7.22)
SPV

7.3.3 Decision Variables and Constraints
To optimize the hybrid system, a compromise must be made between the cost-based
objectives and various technical constraints. However, the proposed optimization approach

should be used to obtain the optimal decision variables. The decision variable of the
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suggested optimization procedure is subject to specific limits: the minimum limit put on

max —

the number of SPVs and battery, and the Ngpy* = 1000, Np33* = 600.

e The following are the limits associated with the maximum and minimum sizes of

decision variables:

NI < Ngpy < NI2X (7.23)
NI < Ny < Nfax (7.24)
EDIN < Ny, < EM3X (7.25)

e The charging state of the battery should be preserved using Eqn. (7.26). At any

given time, the amount of energy stored in the battery SOCy,.(t) is limited by the

min max

maximum and minimum quantities SOCy; and SOCP ™ as follows:

SOCIIN < SOCp,e < SOCHAx (7.26)

SOCy, " takes the value of the theoretical capacity of the battery Cpus X Vpus. The

maximum depth of discharge, i.e., DOD and theoretical capacity Cp,s X Vs IS Used to

calculate SOCIIP, as expressed in Eqn. (7.27):

SOCMIN = (1 — DOD) X Cpys X Vius (7.27)

DOD is assumed to be 50%.

e The maximum permissible lack of power supply should be considered for a reliable

system:

LPSP < LPSP, ., (7.28)

where LPSP,,.x represents the maximum allowable lack of power supply probability.
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7.3.4 Operational Strategy

1) Solar PV and Diesel Generator-Based EVCS

To attain the reliability of the system in any hybrid energy system, optimal energy

management is required. In this system, the DG is kept at the bottom of that list, which

means it only needs to operate when the solar and battery systems are unable to supply the

load requirement. The steps for the simplest implementation strategy for SPV/DG/battery

system are as follows:

If the total power generated by SPV panels is sufficient, demand can be met solely
by solar power. After the load has been satisfied, excess electricity can be supplied

to the BESS and is provided as follows:

Phat(t) = Pspv_out(t) — Pevcs—dem (V) (7.29)
In the preceding case, if Py, (t) is greater than the maximum permissible capacity
of the BESS, i.e., Pp;i¥, then additional energy can be dumped or directed to

deferrable loads. Excess or dump energy (Pyp(t)) can be given as

Pap (1) = Ppac(t) — Poge (0 (7.30)
If the SPV panels do not generate sufficient power, the battery can provide the

remaining power, which can be calculated as

Phatc(t) = Pgvcs—dem (V) — Pspy—oue(t) (7.31)
If solar power is insufficient and batteries are unable to generate the required power
to meet the power requirements, DG is used to energize the load. There are two

ways to use DG.
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(a) First, it employs a load-following strategy, which means that whenever it
performs, it produces only the power necessary to satisfy the primary load
requirements. The diesel generator’s power output is calculated as

Peves—dem (1) — Pspy—out () (7.32)

Nbdinv

Ppg(t) =

(b) In the second strategy, it runs at maximum capacity or minimum load ratio.
When the DG is fully operational, the surplus energy is used to charge batteries
and is expressed as follows:
Poat() = (Pog (t) * Mbdinv — Peves—dem (1) + Pspy—out (V) (7.33)
The operational strategy of the SPVV/DG/battery system can be understood with the help of
the flow chart depicted in Fig 7.2.

Estimate Pspy(t) and
heck P, t
check Peves dem () Charging mode of battery

Discharging mode of battery

If
Pspv(t) > Prves—dem ()

:: Estimate battery power
Puar () = Pspy(t) = Peves_dem (V)

Check SOC of the battery

1 Check SOC of the battery
I
Start diesel generator : 1
"
1 .
- 1
B firie BiigRy e Calculate power diesel generaloF "
Ppat (D) = P ) — Penu(t PpG (D) = (Peves—dem () = Pspy (D) Myginy "
bat ( Eves—dem () — Pspy () "
" No
1

Charge battery until it
attains maximum SOC

Stop diesel generator

Fig. 7. 2. Flow chart of the energy management strategy of the SPV/DG/battery system

177



2) Grid-and-Solar PV-Based EVCS

In this scenario, it is assumed that SPV is the only source to satisfy the load demand
of EVs. The difference between power obtained by SPV and power demand by EVs can

be determined as

AP(t) = Pspy(t) — Prycs—dem (D) (7.34)

e If solar panels are unable to fulfill the power requirements of EV load, the extra

power is purchased from the grid network (Pf?rid(t)) to meet the requirements.

Furthermore, if more power is available from the SPV after meeting the

requirements, it is sold to the grid (Psgrid(t)). Nevertheless, there are some limitations on

selling and purchasing power to and from the grid, which are defined as maximum purchase

capacity of grid (Pﬁglix) and maximum selling capacity of grid (Psg,frilix). Beyond these

limits, power cannot be purchased from or sold to the grid. The following cases are formed

depending on the AP(t).

e When SPVs alone fulfill the power requirement of EV load, i.e., AP(t) > 0, the

extra power is sold to the grid network, which can be determined as

P$ () = (Pypy (t) — Peves—dem () /Mbdiny (7.35)
e When SPV power output is high enough, which fulfills the power requirement of

EV load, as well as exceeds the maximum selling capacity of grid (Pgrid ), i.e.,

S,max

AP(t) > 0 and AP(t) > PE"Y the extra power is fed to the dump load, which can

S,max’

be determined as
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Pap () = (Pspv (1) — Peycs—dem () — PE™ () /Mbainy) (7.36)
e When SPV power is unable to satisfy the charging demand of EVs, i.e., AP(t) < 0,

power is purchased from the grid which can be computed as

Py ") = (Paves—dem ® — Pspy (D) /Mpainy (7.37)
e |If AP(t) = 0, there is no exchange of power from grid, and SPV power fulfills the
load requirement.
e When both SPV and grid are unable to satisfy the load demand, deficiency of power

takes place, which can be given as

Paer(t) = PE(t) — Porn (7.38)

P,max
P4e£(t) must be zero to make sure the total power requirement of EV load demand

is served in a reliable manner when minimizing the LPSP.

| Estimate Pspy(t) and

check PmF:mm (1)

Calculate AP(t) =

No power exchange | N
with grid

Extra power Power is sold
to dump load to the grid
Calculate power purchased from the grid Calculate power fed to the dump load Calculate power sold to the grid

P (£) = (Peves—dem(®) = Pspv(8)/Mainy Pap(t) = (Pspy(6) — Peves—dem(t) — PE(1) = (Pspy() — Prves_dem (D) Mbaine
| P (0 painy)
|

Fig. 7. 3. Flow chart of the energy management strategy in grid-and-solar PV-based EVCS
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The LPSP can be kept within a specific tolerance band to solve the optimization
problem. In this paper, the maximum limit of LPSP, i.e., LPSP,,.x iS assumed to be 1%.
The energy management strategy for grid-and-solar PV-based EVCS can be demonstrated

with the help of the flow chart shown in Fig. 7.3.

7.4 RESULTS AND DISCUSSION

7.4.1 Components and Methods
This section contains the important components, such as the place of the study area,

resources available, and the load demand of the developed framework.

1) Areaunder Study

The proposed study is conducted in the northwest region of Delhi, India. The geo-
graphical coordinates of the studied area are 28.7408° N (latitude), 77.1126° E (longitude).

Fig. 7.4. depicts the study area from a geographical standpoint.
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Fig. 7. 4. The geographical view of the study area

180



The population of Rohini sector-17 is 21,460 individuals. Because the majority of
citizens in this area are cultured and working, EVs are employed as a mode of
transportation to get to their destinations on a day-to-day basis. This area has nearly 120—
150 EVs, and there are 15 facilities in which these vehicles are kept and provided with
electricity. As per the owner of different facilities, the amount required to charge the EVs
is significantly high because these vehicles are charged using the grid.

2) Assessment of the Available Energy Sources

Solar radiation in Delhi is at its highest from March to October. It is available during
the wintertime, but not at its high point. Additionally, it is regarded as an outstanding
source of energy due to its practical features. Fig. 7.5. shows the annual variation of
irradiance at the chosen area. Fig. 7.5. also depicts the clearness index, which is the percent-
age of solar radiation that is reflected by the atmosphere. It can also be defined as the ratio
of surface irradiance and extraterrestrial irradiance. Fig. 7.6 portrays the annual fluctuation
of temperature for the study site. The DG is also incorporated as one of the energy providers
in the proposed research work. Energy generation from DG is comparatively easy and cost

effective as well. Thus, DG is used for charging EVs, especially during peak hours.
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Fig. 7. 5. Annual variation of solar insolation and clearness index of the selected area
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Fig. 7. 6. Annual variation of the mean temperature of the selected area
3) Assessment of the EVCS Load in the Selected Area

The research study considers three-wheeler EVs, i.e., e-rickshaw, to be the system’s
load. Four 12-Volt lead-acid batteries with capacities of 160 to 180 Ampere hour are used
in a three-wheeler. The theoretical battery energy is 2.2 kwWh when the 12 V and 180
Ampere hour battery is considered. Generally, a 12 V battery is recharged to 90% of its
design capacity. As a result, the battery’s energy would be 1.94 kWh. The total energy
consumption for four 12 V battery vehicles, such as e-rickshaws, would be 7.8 kwh.
Taking the system’s 15% system losses into account, the energy consumed is determined
to be 9 kWh. Thus, the energy consumed by every e-rickshaw per day is 9 kWh. According
to the re-search findings, the yearly average energy is 257 kWh/day, the average power is
10.71 kW, and the maximum load is 25.45 kW. A graphical representation of the EVCS

load on an hourly and daily basis is shown in Figs 7.7 and 7.8, respectively.
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Fig. 7. 8. EVCS load profile on an hourly basis

7.4.2 Simulation Outcomes and Main Findings

This section evaluates the technical and economic parameters for three different
scenarios using HOMER software and the proposed HGWOPSO technique. These
scenarios are SPV and DG-based EVCS, only SPV-based EVCS, and grid-and-SPV-based
EVCS. The objective is to achieve the best EVCS design by reducing the total net present
cost, levelized cost of energy while keeping the lack of power supply probability within
limits, accounting for environmental emissions, and different energy supply options. The
outcomes are estimated in terms of TNPC, LCOE, SPV energy, the contribution of DG,
battery and converter capacity, additional electricity generation, and the proportion of
renewables utilized. The study then compares a hybrid energy system with a grid
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connection to a standalone system. The analysis of the obtained results for different
scenarios is summarized in the latter part of this section. Furthermore, to demonstrate the
efficacy of meta-heuristic techniques, different algorithms are used to analyze the results
and are compared and contrasted with HOMER results. The three different scenarios

considered are as follows:

Scenario 1: Solar PV and diesel generator—based EVCS

This scenario addresses “range anxiety,” a prevalent consideration among EV users
about the vehicle’s range. EV users can schedule long trips with greater certainty if an
EVCS is as easily accessible as a petrol pump. Hence, the layout of an EVCS on roadways
with SPV, DG, and a BESS with the different electricity providers is investigated and
considered as Scenario 1. The goal is to reduce the capital, operation and maintenance,
replacement, and fuel cost of every component associated with the system. The size and
number of the SPV, DG, battery, and converter are considered to be the decision variable

of the optimization problem.

Scenario 2: Only Solar PV-based EVCS

In some countries, such as Saudi Arabia, the DG acts as a primary source of energy.
In such cases, the diesel option is a good example. On the other hand, DG units are
prohibitively expensive due to the high costs of maintenance, fuel supply, and fuel
transport. Furthermore, DGs emit a lot of pollution. Hence, SPV- and battery-based EVCS
are also being investigated and considered as Scenario 2. In this scenario, the size and

number of solar PVs and batteries are the only decision variables.
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Scenario 3: Grid-and-solar PVV-based EVVCS

In this scenario, the EVCS is supposed to be grid-connected, and solar PV, battery,
and grid are the various energy supply sources. Because EVCS is grid connected, it can
purchase/sell power from/to the grid network, and the design is improved to account for
the EVCS’s net costs. The price of electricity provided in the Feed-in Tariff program of
New Delhi, India, is taken into account for drawing/selling power from/to the utility grid.
Feed-in Tariffs are the rates charged to RE providers for the energy provided by their power
plants. The evaluating model is distinguished by project length and technology method and
offers a profitable return on investment. The Feed-in-Tariff is a standard rate for the buying
and selling of power from and to the grid network throughout the agreement, whereas the
Time-of-Use Tariff is only pertinent to buyers, in contrast to Feed-in Tariffs, and varies

throughout the day over time. In this work, Feed-in Tariffs are considered.

1) Techno-Economic Analysis of Different Scenarios Using HOMER Software

HOMER is used to model the hybrid energy system to meet the load demand.
HOMER defines weather information, different parametric values of components used, and
EVCS load profile. Many different assumptions are made to attain the optimal plan that
decreases the TNPC, LCOE, while maintaining restrictions, such as supply continuity. It

is worth noting that the information related to cost is indicated in USD.

Table 7.2 shows the results obtained for Scenario 1, i.e., SPV/DG/battery system.
SPV makes a significant contribution of 1,22,864 kWh per year and operates for 4,369 h
per year, while the DG constitutes 2767 kWh per year and functions for 364 h per year. To

operate optimally, this system makes use of 590 batteries and a 12.1 kW bi-directional
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converter. The obtained system has a TNPC of USD 6,38,917.29, an initial capital cost of
USD 3,75,855, and an operating cost of USD 16,144.69. The LCOE for this configuration
is calculated to be USD 0.6328/kWh. Furthermore, the NPC of SPV and diesel generator
is 42.8 percent and 11.1 percent of TNPC, respectively, whereas the NPC of the bi-

directional converter is only 0.58 percent of TNPC.

Table 7. 2 Results attained using HOMER software for Scenario 1

Parameter Value
SPV (kWh/Year) 122,864
DG (kWh/Year) 2767
Batteries Used 590
Converter (kW) 12.1

Initial Capital Cost (USD) 375,855
Operating Cost (USD) 16,144.69
TNPC (USD) 638,917.29
LCOE (USD/kWh) 0.6328

% Of Renewable Utilized 96.5

Similarly, Tables 7.3 and 7.4 display the outcomes of Scenarios 2 and 3,
respectively. When the only energy-producing source is an SPV and a battery, the LCOE
is USD 0.7318/kWh, the TNPC is USD 8,75,481.24. In Scenario 3, when the grid is used
to meet load demand, the LCOE is USD 0.587/kWh, and the TNPC is USD 2,75,349. In
this scenario, the energy produced by SPV is 126811 kWh per year, accounting for 71.3
percent of total energy production, while energy purchased from the grid is 51155 kWh per

year, accounting for 28.7 percent of total energy generation.
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Table 7. 3. Results attained using HOMER software for Scenario 2

Parameter Value
SPV (kWh/Year) 298,911
Batteries Used 590
Converter (kW) -

Initial Capital Cost (USD) 647,261
Operating Cost (USD) 14,079.41
TNPC (USD) 875,481.24
LCOE (USD/kWh) 0.7318

% Of Renewable Utilized 100

Table 7. 4. Results attained using HOMER software for Scenario 3

Parameter Value
SPV (kWh/Year) 126,811
Batteries Used 590
Grid Purchase (kWh/Year) 51,155
Converter (kW) 49.4
Initial Capital Cost (USD) 228,402
Operating Cost (USD) 2705
TNPC (USD) 275,349
LCOE (USD/kwh) 0.587
% Of Renewable Utilized 70.1

2) Techno-Economic Analysis of Different Scenarios Using Meta-Heuristic

Algorithms

This section contains a summary of the optimization results obtained using various
meta-heuristic techniques, as well as a comparison of those results for the various
scenarios. The HGWOPSO, GWO, and PSO are used in 30 separate runs with a population
size of 50 and a maximum iteration of 100, with the best results cropped.

e Techno-economic analysis for Scenario 1 (SPV and DG-based EVCS)

Table 7.5 shows a comparison of results for Scenario 1 using HGWOPSO, GWO,
and PSO in terms of LCOE, TNPC, and computational time. According to Table 7.5,

HGWOPSO has the lowest TNPC, LCOE, and computational time with USD 584,566.44,
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USD 0.4822/kWh, and 27,615.716 sec, respectively, due to its lower capital, replacement,
and operation and maintenance costs. HGWOPSO takes less time than other compared
techniques and gives minimum TNPC and LCOE as well. GWO comes in the second place,
with high TNPC, LCOE, and taking more time to compute the results as compared to
HGWOPSO, whereas PSO gives a high value of TNPC, LCOE, and is slowest in
comparison to the previous two meta-heuristic techniques. This system necessitates 232
SPV panels with 325 W energy, 3284 kWh of energy production per year from a diesel
generator rated at 10 kW, 650 battery units, and 9 bi-directional converters rated at 100
kW. The maximum energy flow from the DC bus to the AC bus or vice versa determines

the energy of a bi-directional converter.

Table 7. 5. Comparative study of achieved outcomes using meta-heuristic techniques for

Scenario 1

Parameter Value

HGWOPSO GWO PSO
Solar PV (325 W) 232 220 190
DG Power Production (kWh/Year) 3284 3056 2859
Batteries 650 580 610
Converter (100 kW) 9 9 9
TNPC (USD) 5,84,566.44 6,04,482.82 6,77,615.38
LCOE (USD/kWh) 0.4822 0.5381 0.6328
Computational Time (Sec) 27,615.716  29,834.165 37,656.673

Fig. 7.9. depicts hourly information about power generation for a three-day sample
(1-3 October). It is observed that maximum EVs are charged during night hours, and there
is no solar output available during that time. Hence, the energy requirement is fulfilled by
DG and BESS using energy flow through the converter, as indicated in Fig. 7.9. When PV
power generates more than the load demand during the day, surplus electricity is used to

charge the battery (Fig. 7.9). Despite having a higher SPV energy, the converter energy is
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much lower in this context of system sizing. The amount of excess electricity produced in
this scenario is 25,053 kWh per year, which is 19.2 % of total generated energy. It is worth
noting that, despite the fact that the maximum energy shortage was set to zero, there was
only a 23.7 kWh unmet load throughout the simulation model, accounting for 0.02 percent

of the total load.
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Fig. 7. 9. Power analysis on an hourly basis of SPV/DG/battery system
Fig. 7.10. depicts a cost description of various system components for the

SPV/DG/battery system. The SPV module and battery entail the most capital investment.
Despite the fact that the BESS has a high cost of replacement over the project’s lifespan,
the resource cost is significantly more than the investment. As a result, this hybrid energy

system needs constant economic infusion to keep the system running properly.

As shown in Fig. 7.11., the DG contributes significantly when the load demand is
high. The monthly average power production from the SPV module is lesser in summer
weather in comparison to winter because of continuous rain and clouds in the summertime.
Further, the effectiveness of the proposed algorithm, i.e., HGWOPSO, can be proved using
Fig. 7.12. It has better convergence than other algorithms and results in a lower LCOE

value.
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Fig. 7. 10. Cost description of the various system components for the SPV/DG/battery
system

18 —

I spv power I DG power —#— EVCS load demand - 14

Power (kW)
=

S N R o e
EVCS load (kW)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Fig. 7. 11. Monthly average power share for satisfying EVCS load demand in SPV/DG/battery

system
B T HGWOPSO - - — GWO PSO
z
0.3 1
K
= i
) [
O 0.2F [ .
AY
'1| e
| [ —— —_—
0.1 . s : X . X : : :

Iteration

Fig. 7. 12. Convergence curves of different optimizers
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e Techno-economic analysis for Scenario 2 (only solar PV/battery-based EVCYS)

In Scenario 2, diesel generator is not available, and solar PV is the only energy
source available to meet the EVCS load requirement. This PV/battery system has the
greatest LCOE and TNPC because it uses a larger PV module and battery storage to meet
power demands, which increases the cost and produces more surplus power (194,140 kWh
per year). Table 7.6 provides the different technical and economic parameters optimized

by various algorithms for SPV/battery system.

Table 7. 6. Comparative study of achieved outcomes using meta-heuristic techniques for

Scenario 2

Parameter Methods Used

HGWOPSO GWO PSO
Solar PV (325 W) 545 490 415
Batteries 548 518 476
Converter (100 kW) 12 12 12
TNPC (USD) 843,461.28 902,761.37 981,736.38
LCOE (USD/kWh) 0.6844 0.7045 0.7167

Computational Time (Sec) 25,284.342 29,451,984 35,324.673

As in Scenario 1, computation time taken by HGWOPSO is less as compared to
other techniques. This system requires 545 solar PV panels with 325 W energy, 548 battery
units, and 12 bi-directional converters rated at 100 kW. HGWOPSO gives better results
when equated with other techniques and, hence, proved its efficacy to solve various
optimization problems. The hourly information about power generation for a three-day
sample for SPV/battery system is depicted in Fig. 7.13. The cost description of the various

system components for the SPV/battery system is shown in Fig.7.14.
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Fig. 7. 13. Power analysis on an hourly basis of SPV/battery system
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Fig. 7. 14. Cost description of the various system components for the SPV/battery system
e Techno-economic analysis for Scenario 3 (grid-and-solar PV-based EVCS)

This scenario looks at the technological, economic, and environmental concerns of
hybrid energy systems connected to the grid. In this strategy, electricity is purchased from
the grid to meet power requirements when solar PV is unable to fulfill them. Excess power
is sold back to the grid, requiring a small storage capacity while leveraging the monumental
amount of additional energy dumped in hybrid energy options. In this respect, a fixed grid
power price is chosen to be $ 0.12/kWh and a fixed grid sell back price is selected to be

USD 0.08/kwWh. According to the results in Table 7.7, the grid-connected solar PV-based
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EVCS has a significantly lower LCOE (0.119/kwWh) than the solar PV and diesel generator-
based EVCS ($ 0.482/kWh) and solar PV/battery-based EVCS ($ 0.684/kWh). The hybrid
energy system in Scenarios 1 and 2 requires more resources and battery storage than the
grid-connected system. whereas in the grid-connected system, net grid purchase is zero,
i.e., the amount of energy purchased from the grid is equal to the amount of energy sold to
the grid, and no battery storage is required. Despite having a 232 PV module of 325 W
energy and a 49.4 kW bi-directional converter, the grid-connected hybrid system needs no
battery storage and has insubstantial energy costs due to a significantly lower LCOE ($
0.119/kwh) compared to a solar PV and diesel generator-based EVCS ($ 0.482/kWh) and
solar PV/battery-based EVCS ($ 0.684/kWh). It is also worth noting that HGWOPSO has
a lower TNPC ($ 263377) and LCOE ($ 0.119/kwWh) than GWO and PSO. More
prominently, the extra electricity in the grid-connected system (408 kWh/year) is
considerably lower than in the solar PV and diesel generator-based EVCS (25,053
kWh/year) and solar PV/battery-based EVCS (1,94,140 kWh/year). This is because a large
portion of excess energy is sold back to the grid, and only a few storage devices are needed

to meet the requirement when solar power is not available.

When solar power is not accessible, grid power meets the load requirements.
According to Fig. 7.15, the spring season necessitates a high amount of energy to be
purchased from the grid due to higher power requirements. India, as a tropical country, has
nearly equal solar exposure all year. Even though the summer season is supposed to
generate more electricity from solar PV, rainy days lead to decreasing SPV production than

the rest of the regular time of year.

193



Solar energy accounts for approximately 71.3 percent of total energy demand, with
grid power accounting for the remaining 28.7 percent. Fig. 7.16. depicts the time series
data for various components used to satisfy the load demand. The cost description of the
various system component for the grid-and-solar PV-based EVCS is shown in Fig. 7.17.

The monthly average energy purchased/sold from/to the grid is portrayed in Fig. 7.18.

Table 7. 7. Comparative study of achieved outcomes using meta-heuristic techniques for

Scenario 3

Parameter Methods Used
HGWOPSO GWO PSO

Solar PV (325 W) 232 218 196
Grid Purchase (kWh/Year) 51,155 52,671 54,367
Grid Sales (kWh/Year) 77,135 76,432 76,197
Converter (100 kW) 2 2 2
TNPC (USD) 263,377 276,543 298,654
LCOE (USD/kWh) 0.119 0.143 0.217

Computational Time (Sec) 29,812.873  30,341.457  32,349.952
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Fig. 7. 15. Power analysis on an hourly basis for grid-and-solar PV-based EVCS
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Fig. 7. 16. Time series data for various components used to satisfy the load demand
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e Impact of grid purchase and grid sales on LCOE

The implications of energy buying from grid infrastructure and the quantity of
energy being sold to the grid on the LCOE are outlined and discussed in this section. A net
grid procurement of 0% indicates that the quantity of energy buying from and sold back to
the grid is the same. The value of LCOE increases more with increasing purchases from

the grid than with increasing grid sell-back, as shown in Fig. 7.19.
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Fig. 7. 19. Impact of net grid purchase on LCOE
According to Fig. 7.19, an increase in grid energy to fulfill load demand leads to an

increase in LCOE. For example, a 50% increase in grid energy purchase versus selling
back to the grid results in a 36% increase in LCOE.

e Analysis of the Environmental Emissions in Different Scenarios

As previously stated, one of the primary goals of this work is to lower emissions
by utilizing renewable technologies. The results displayed in Table 7.8. show that
SPV/battery-based EVCS (Scenario 2) reduces the overall emissions by a significant
amount when equated to all other cases. However, while the SPV/DG/battery-based EVCS
(Scenario 1) produces higher emissions than SPV/battery-based EVCS, it will be far more

ecologically friendly than the grid-and-SPV-based EVCS.
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Table 7. 8. Scenario-wise comparison of environmental emissions

Pollutants Scenario 1 Scenario 2 Scenario 3
Carbon dioxide (CO3) (kg/year) 2910 2417 32330
Carbon monoxide (CO) (kg /year) 22 0 0
Unburned hydrocarbons (UHC) (kg /year) 0.802 0 0
Particulate matter (PM) (kg/year) 1.33 0 0
Sulphur dioxide (SO.) (kg/year) 7.14 4.94 140
Nitrogen dioxide (NOx) (kg/year) 25 0 68.5

75 SUMMARY

Hybrid energy systems can deliver energy to the grid and off-grid sites cost
effectively and reliably. The efficiency of the system improves when RE components are
implemented with the grid. In this chapter, the complete mathematical modeling is
presented for the diverse configurations of the hybrid energy system to meet the load
requirements of EVCS situated in the northwest region of Delhi, India. The financial,
technological, and ecologic implications of different configurations are also carefully
investigated. The use of meta-heuristic methods, which include HGWOPSO, GWO, and
PSO, is carried out to optimize the objective functions. The obtained results using
HGWOPSO are compared with HOMER software and other techniques. According to
comparisons, HGWOPSO gives a more efficient solution than HOMER. Furthermore, the
HGWOPSO offers a robust framework, which aids model development. In all three
configurations, the HGWOPSO results in reduced LCOE values of $ 0.482/kWh, $
0.684/kWh, and $ 0.119/kWh, respectively. According to the analysis, the grid-connected
solar PV-based EVCS offers significant cost savings over the other two configurations. In
addition, a hybrid energy system with equal grid purchase and sell-back can be a profitable

choice. More significantly, the LCOE associated with the grid selling back schemes is
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lower than the grid purchase price. The results show that a 60% increase in grid sell-back

price leads to a 46% decrease in LCOE.

The feasibility analysis discussed in this work can be used to guide the development and
operation of hybrid energy system applications in distant regions where grid utility is not
accessible, as well as hybrid grid-connected systems in India. Future research is needed to
investigate the impacts of charging/discharging cycles of a battery on its lifespan and cost

of energy.
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CHAPTER 8

CONCLUSION AND FUTURE SCOPE OF WORK

8.1 CONCLUSION

In this thesis, various meta-heuristic techniques have been developed and
implemented on number of problems such as allocation of EVCS, DG and capacitors.
These techniques involve PSO, GWO and hybrid of PSO and GWO i.e., HGWOPSO. PSO
has low convergence, implying exploitation in large search spaces, whereas GWO has low
solving precision, implying exploration. As a result, these swarm intelligence techniques,
namely PSO and GWO, require modifications to improve their ability to find the best
solution. For the sizing problem, a HGWOPSO has been developed. A performance-based
comparison of the GWO with the HGWOSPO is presented using various benchmark
functions. When the nonlinearity and stochastic nature of renewable energy sources and
EV load are mathematically modelled, the computational speed and convergence of the

HGWOPSO technique is found to be better.

A new approach for solving the multi-objective optimization problems for optimal
siting and sizing of EVCS in different areas in South Delhi, New Delhi, India is presented.
GWO has been utilized to solve the multi-objective cost functions and the obtained results
are compared with PSO for validation purposes. The cost function includes investment
cost, CS electrification cost, EV energy loss cost, and travel time cost. Investment cost and
CS electrification cost of all CSs have been calculated and found that the investment cost

strongly depends on the land cost and the number of connectors used in each CS. While
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CS electrification cost depends on the distance between the CS and electric substation. On
the other hand, EV energy loss cost and travel time cost have been evaluated for all EVs.
It is revealed that travel time cost and EV energy loss cost depends on the distance between
the CS and EV location. After comparing the results obtained using GWO and PSO, it is

revealed that GWO is more effective than PSO for the considered case study.

Further, HGWOPSO algorithm is suggested to lessen the active power losses,
maximizing the net profit and improving the reliability of system with different penetration
level of EVs in V2G. The results have revealed that the optimum planning of EVCS
elevates power loss and lowers the voltage in electrical power networks. The results have
demonstrated that the optimum planning of capacitor after incorporating CS in the network
minimizes power loss and also improves voltage profile. Capacitors are employed closer
to EVCS and end of feeders for the enhancement of voltage profile and loss by contributing
some reactive power. It is also shown that, different percentage of EVs participated in V2G
mode improved the active power flows, voltage profile and reduces the active power loss
of the network. The proposed algorithm is applied on 33-bus and 34-bus system. The
hybrid method showed superiority against discrete PSO and GWO, by lessening the power
losses, enhancing voltage profile, maximizing the net profit and improving the reliability
benefit. The hybrid method has reduced power losses for almost 31% as compared to GWO
(29.74%) and PSO (29.42%) for 33-bus system. The proposed hybrid approach achieves
reliability improvement benefit of $ 169451.4 which is $ 1274 and $ 1396 more than that
of GWO and PSO respectively. Similarly, for 34 bus system, the proposed technique results
in loss reduction of 27.6% while GWO and PSO reduces the power losses by 25.7% and

24.2% respectively. Furthermore, HGWOPSO results in more improvement in reliability

200



benefit i.e., ($ 484871.25) as compared with other techniques i.e., GWO ($ 481584.15) and

PSO ($ 481093.57).

Moreover, this chapter presents the EVCS impact on the IEEE standard system
based on a direct approach-based load flow analysis. The process of charging electric
vehicles necessitates additional power from the grid, resulting in greater power losses. As
a result, DG should be employed to offset the power losses generated by EVCS. Type 2
DG is utilized in this work, which repays for the system’s power loss. Furthermore, a
hybrid algorithm called HGWOPSO has been employed to reduce losses by determining
the optimal node for EVCS and DG placement. The proposed hybrid algorithm is validated
on the IEEE-33 and IEEE-69 bus systems. Additionally, the accuracy of the suggested
method is validated by comparing the outcomes acquired using other methodological
approaches such as GWO and PSO. It is observed that HGWOPSO shows a significant
reduction in system losses when compared to GWO and PSO for 33-bus as well as 69-bus
systems. In addition, reliability analysis is performed to determine the cumulative influence
of EV loads and DGs on the distribution system's health. All reliability indices are
investigated in different scenarios. It is noticed that the placement of EVCS degrades the
reliability of the network in 33-bus and 69-bus systems. However, results show that the

DGs incorporation along with EVCS improves the reliability indices.

The complete mathematical modeling is presented for the diverse configurations of
the hybrid energy system to meet the load requirements of EVCS situated in the northwest
region of Delhi, India. The financial, technological, and ecologic implications of different
configurations are also carefully investigated. The use of meta-heuristic methods, which

include HGWOPSO, GWO, and PSO, is carried out to optimize the objective functions.
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The obtained results using HGWOPSO are compared with HOMER software and other
techniques. According to comparisons, HGWOPSO gives a more efficient solution than
HOMER. Furthermore, the HGWOPSO offers a robust framework, which aids model
development. In all three configurations, the HGWOPSO results in reduced LCOE values
of $ 0.482/kWh, $ 0.684/kWh, and $ 0.119/kWh, respectively. According to the analysis,
the grid-connected solar PV-based EVCS offers significant cost savings over the other two
configurations. In addition, a hybrid energy system with equal grid purchase and sell-back
can be a profitable choice. More significantly, the LCOE associated with the grid selling
back schemes is lower than the grid purchase price. The results show that a 60% increase

in grid sell-back price leads to a 46% decrease in LCOE.

8.2 FUTURE SCOPE

= The proposed work may be advanced by the reconfiguration of radial distribution
system after introducing EVCS and capacitor for further reduction in system’s
losses. Valley filling and peak clipping of load curves are two demand side
management strategies that can be used by proper management of EVCS to flatten
the load curve of the system.

= The use of a stochastic approach can be developed to construct the EV load at
charging stations in order to estimate the impact of increased EV demand on the
distribution system. Furthermore, rather than conventional DGs, renewable-based
DGs, such as solar/wind, may be included. Additionally, coupled transportation and

distribution networks can be taken as a test system.
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A more systematic approach to charging station location issues could be
investigated, taking into account EV consumers' activity-based behavior.

To investigate the impacts of charging/discharging cycles of a battery on its lifespan
and cost of energy which can be used to guide the development and operation of
hybrid energy system applications in distant regions where grid utility is not

accessible.
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APPENDICES

Table A.1: System data of 33-bus test distribution system

Branch Bus number Resistance Reactance Load at receiving end
Sending  Receiving Q) (9)) P(MW) Q (MVAI)

1 1 2 0.0922 0.047 0 0
2 2 3 0.493 0.2511 0.1 0.06
3 3 4 0.366 0.1864 0.09 0.04
4 4 5 0.3811 0.1941 0.12 0.08
5 5 6 0.819 0.707 0.06 0.03
6 6 7 0.1872 0.6188 0.06 0.02
7 7 8 0.7114 0.2351 0.2 0.1
8 8 9 1.03 0.74 0.2 0.1
9 9 10 1.044 0.74 0.06 0.02
10 10 11 0.1966 0.065 0.06 0.02
11 11 12 0.3744 0.1238 0.045 0.03
12 12 13 1.468 1.155 0.06 0.035
13 13 14 0.5416 0.7129 0.06 0.035
14 14 15 0.591 0.526 0.12 0.08
15 15 16 0.7463 0.545 0.06 0.01
16 16 17 1.289 1.721 0.06 0.02
17 17 18 0.732 0.574 0.06 0.02
18 2 19 0.264 0.2565 0.09 0.04
19 19 20 1.5042 1.3554 1.59 0.04
20 20 21 0.4095 0.4784  9.00E-02 4.00E-02
21 21 22 0.7089 0.9373 0.09 0.04
22 3 23 0.4512 0.3083 0.09 0.04
23 23 24 0.898 0.7091 0.09 0.05
24 24 25 0.896 0.7011 0.4 0.2
25 6 26 0.203 0.1034 0.42 0.2
26 26 27 0.2842 0.1447 0.06 0.025
27 27 28 1.059 0.9337 0.06 0.025
28 28 29 0.8042 0.7006 0.06 0.02
29 29 30 0.5075 0.2585 0.12 0.07
30 30 31 0.9744 0.963 0.2 0.6
31 31 32 0.3105 0.3619 0.15 0.07
32 32 33 0.341 0.5302 0.21 0.1
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Table A.2: System data of 34-bus test distribution system

Branch Bus number Resistance Reactance Load at receiving end
Sending  Receiving (Q) (Q) P (kW) Q (kVAr)
1 1 2 0.195 0.080 0 0
2 2 3 0.195 0.080 230 142.5
3 3 4 0.299 0.083 0 0
4 4 5 0.299 0.083 230 142.5
5 5 6 0.299 0.083 230 142.5
6 6 7 0.524 0.090 0 0
7 7 8 0.524 0.090 0 0
8 8 9 0.524 0.090 230 142.5
9 9 10 0.524 0.090 230 142.5
10 10 11 0.524 0.090 0 0
11 11 12 0.524 0.090 230 142.5
12 3 13 0.524 0.090 137 84
13 13 14 0.524 0.090 72 45
14 14 15 0.524 0.090 72 45
15 15 16 0.524 0.090 72 45
16 6 17 0.299 0.083 13.5 7.5
17 17 18 0.299 0.083 230 142.5
18 2 19 0.387 0.086 230 142.5
19 19 20 0.387 0.086 230 142.5
20 20 21 0.387 0.086 230 142.5
21 21 22 0.524 0.090 230 142.5
22 3 23 0.524 0.090 230 142.5
23 23 24 0.524 0.090 230 142.5
24 24 25 0.524 0.090 230 142.5
25 6 26 0.524 0.090 230 142.5
26 26 27 0.524 0.090 230 142.5
27 7 28 0.524 0.090 137 85
28 28 29 0.524 0.090 75 48
29 29 30 0.524 0.090 75 48
30 10 31 0.524 0.090 57 48
31 31 32 0.524 0.090 57 34.5
32 32 33 0.524 0.090 57 34.5
33 33 34 0.524 0.090 57 34.5
57 34.5
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Table A.3: System data of 69-bus test distribution system

Branch Bus number Resistance Reactance  Load at receiving end
Sending  Receiving (Q) (Q) P(MW) Q (MVAr)

1 1 2 0.0005 0.0012 0 0

2 2 3 0.0005 0.0012 0 0

3 3 4 0.0015 0.0036 0 0

4 4 5 0.0251 0.0294 0 0

5 5 6 0.366 0.1864 0 0

6 6 7 0.381 0.1941 0.0026 0.0022
7 7 8 0.0922 0.047 0.0404 0.03
8 8 9 0.0493 0.0251 0.075 0.054
9 9 10 0.819 0.2707 0.03 0.022
10 10 11 0.1872 0.0619 0.028 0.019
11 11 12 0.7114 0.2351 0.145 0.104
12 12 13 1.03 0.34 0.145 0.104
13 13 14 1.044 0.34 0.008 0.005
14 14 15 1.058 0.3496 0.008 0.0055
15 15 16 0.1966 0.065 0 0
16 16 17 0.3744 0.1238 0.0455 0.03
17 17 18 0.0047 0.0016 0.06 0.035
18 18 19 0.3276 0.1083 0.06 0.035
19 19 20 0.2106 0.0696 0 0
20 20 21 0.3416 0.1129 0.001 0.0006
21 21 22 0.014 0.0046 0.114 0.081
22 22 23 0.1591 0.0526 0.005 0.0035
23 23 24 0.3463 0.1145 0 0
24 24 25 0.7488 0.2475 0.028 0.02
25 25 26 0.3089 0.1021 0 0
26 26 27 0.1732 0.0572 0.014 0.01
27 3 28 0.0044 0.0108 0.014 0.01
28 28 29 0.064 0.1565 0.026 0.0186
29 29 30 0.3978 0.1315 0.026 0.0186
30 30 31 0.0702 0.0232 0 0
31 31 32 0.351 0.116 0 0
32 32 33 0.839 0.2816 0 0
33 33 34 1.708 0.5646 0.014 0.01
34 34 35 1.474 0.4873 0.0195 0.014
35 3 36 0.0044 0.0108 0.006 0.004
36 36 37 0.064 0.1565 0.026 0.01855
37 37 38 0.1053 0.123 0.026 0.01855
38 38 39 0.0304 0.0355 0 0
39 39 40 0.0018 0.0021 0.024 0.017
40 40 41 0.7283 0.8509 0.024 0.017
41 41 42 0.31 0.3623 0.0012 0.001
42 42 43 0.041 0.0478 0 0
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43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68

43
44
45

47
48
49

o1

53
54
55
56
57
58
59
60
61
62
63
64
11
66
12
68

44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69

0.0092
0.1089
0.0009
0.0034
0.0851
0.2898
0.0822
0.0928
0.3319
0.174
0.203
0.2842
0.2813
1.59
0.7837
0.3042
0.3861
0.5075
0.0974
0.145
0.7105
1.041
0.2012
0.0047
0.7394
0.0047

0.0116
0.1373
0.0012
0.0084
0.2083
0.7091
0.2011
0.0473
0.114
0.0886
0.1034
0.1447
0.1433
0.5337
0.263
0.1006
0.1172
0.2585
0.0496
0.0738
0.3619
0.5302
0.0611
0.0014
0.2444
0.0016

0.006
0
0.03922
0.03922
0
0.079
0.3847
0.3847
0.0405
0.0036
0.00435
0.0264
0.024
0
0
0
0.1
0
1.244
0.032

0.227
0.059
0.018
0.018
0.028

0.0043
0
0.0263
0.0263
0
0.0564
0.2745
0.2745
0.0283
0.0027
0.0035
0.019
0.0172
0
0
0
0.072
0
0.888
0.023

0.162
0.042
0.013
0.013
0.02
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Table A.4: Consumer information at different load points for 33-bus system [153]

Number of load points  Load points Number of customers
1 2 26
7 3,18, 19, 20, 21, 22, 23 23
3 4,14, 29 31
11 5,6,12,13, 15, 16, 17, 26, 27, 28, 33 16
2 7,8 52
2 9,10 15
2 24, 25 109
1 11 12
1 30 25
1 31 39
1 32 35
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Table A.5: Statistical input parameters at different load points for 33-bus system
[153]

Load point Failure rate (Failure per year) Outage duration (Hour per year)
2 0.05 0.03
3 0.04 0.03
4 0.06 0.03
5 0.03 0.02
6 0.03 0.02
7 0.09 0.6
8 0.03 0.6
9 0.03 0.2
10 0.02 0.2
11 0.03 0.1
12 0.03 0.2
13 0.06 0.2
14 0.03 0.3
15 0.03 0.2
16 0.03 0.2
17 0.03 0.2
18 0.04 0.2
19 0.04 0.2
20 0.04 0.2
21 0.04 0.2
22 0.04 0.2
23 0.04 0.2
24 0.19 11
25 0.19 1.1
26 0.03 0.2
27 0.03 0.2
28 0.03 0.2
29 0.54 0.3
30 0.09 0.5
31 0.07 0.4
32 0.1 0.6
33 0.03 0.2
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Table A.6: Statistical input parameters at different load points for 69-bus system
[160]

Load Point Failure rate Outage duration
(Failure per year) (Hour per year)
2,52, 53, 54, 55, 56, 68, 69 0.221 1.94
3, 4, 35, 36, 37, 38, 39, 40, 41,
42,43, 44, 45, 46, 47, 48 0321 11.04
5,8,9,11, 12, 29, 30, 14, 16, 18,
19, 20, 21, 22, 25, 27, 28 0.301 11.44
13, 15, 49, 50, 51, 62, 63, 64, 65 0.314 11.17
17, 23, 24, 57, 58, 59, 60, 61 0.208 1.75
31, 32, 33, 34, 66, 67 0.327 10.96

Table A.7: Consumer information at different load points for 69-bus system [160]

Number of load points Load Points Number of customers
8 2,3,4,5,52, 53, 54, 55, 56 148
6 8,9, 57,58,59, 60 10

11,12, 62, 63, 64, 65, 66,
9 67, 68 132
4 13, 14, 15, 69 110
2 16, 61 2
5 17, 18, 19, 20, 50 118
21, 22, 23, 24, 25, 26, 35,
20 36, 37, 38, 39, 40, 41, 42, 126
43, 44, 45, 46, 47, 48
6 27, 28, 29, 30, 31, 49 108
4 32,33,34,51 58
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