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Abstract—At the present context, Plug-in electric vehicles
(PEVs) are gaining popularity in the automotive industry due to
their low CO2 emissions, simple maintenance, and low operating
costs. As the number of PEVs on the road increases, the
charging demand of PEVs affects distribution network features,
such as power loss, voltage profile, and harmonic distortion.
Furthermore, one more problem arises due to the high peak
power demand from the grid to charge the PEVs at the charging
station (CS). In addition, the location of CS also affects the
behavior of EV users and CS investors. Hence, this paper applies
CS investor, PEV user, and distribution network operator who
could approach to CS’s optimal location and capacity. Integrating
renewable energy sources (RESs) at the charging station is
suggested to lower the energy stress on the grid. Moreover, to
keep down the peak power demand from the grid and utilize
renewable energy more efficiently, energy management strategies
(EMS) have been applied through the control of charging and
discharging of the battery storage system (BSS). In addition,
vehicle to grid (V2G) strategy is also applied to discharge the
EV battery at charging station. Furthermore, the uncertainties
related to PEV charging demand and PV power generation are
addressed by the Monte Carlo Simulation (MCS) method.

Index Terms—Optimal deployment, Electric vehicle, Energy
management strategy, Battery storage system, Charging infras-
tructure

I. INTRODUCTION

THE significant increase in temperature and outrageous
carbon emissions caused by the excessive use of con-

ventional automobiles harm the environment. In fact, global
warming affects the ecological system over the globe because
of the non-uniform precipitation and temperature rise. Elec-
trified evolution is mandated for transportation to address the
environmental concerns generated by conventional modes of
transportation. The future of electric vehicles (EVs) and their
other evolutions offer several advantages, including saving on
conventional fuels and lowering air pollution [1]. In addition,
EVs are predicted to minimise CO2 emissions by 50 to 100 g
per kilometre [2]. Therefore, numerous countries throughout
the world are introducing electrified modes of transportation
in order to reduce the pollution. By the end of 2022, it is esti-
mated that about 35 million EVs will be on the road worldwide
[3]. The Indian government is passionate about increasing the
frequency of EV auctions to 100 percent by 2030 [4]. One
of their assertions was the National Electric Mobility Mission
Plan 2020, which sought to enhance the transportation modes
significantly. Faster Adoption and Manufacturing of Hybrid
and Electric Vehicles (FAME) 2015 is encouraged to promote
Eco-friendly vehicles by emphasizing technological growth,

demand generation, pilot tasks, and charging infrastructure.
Furthermore, after FAME-I (phase-1) successful story, the
second phase (FAME-II) aims to generate demand by way
of supporting 7000 e-Buses, 5 lakh e-3-wheelers, 5000 e-4-
wheeler passenger cars (including vigorous hybrids), and 10
lakh e-2 wheelers [5].
The location and size of the charging station (CS) are consid-
ered under the charging infrastructure. Furthermore, installing
CS could initiate several issues to the distribution network.
The installation of many CSs affect a negative consequence
on the smooth and consistent distribution network operation.
The affected operating parameters will be voltage deviation
of buses, power losses, severe harmonics distortions due
to power electronics circuitry, voltage instability, high peak
demand, and lack of reliability [6]. Therefore, the location
and size of CS should be decided to minimize the effect on
distribution system parameters. In addition, only considering
the distribution system operator approach for the placement
of CS is not adequate. For instance, CS investors anticipate to
minimize the related investment cost for installing the CS and
making more profit, whereas EV user should be considered
to minimize the EV battery charging cost [7]. Furthermore,
charging EVs with conventional sources does not reach the
aim of EV usage to diminish carbon emission and air pollution.
Therefore, the integration of RESs in the electrical distribution
system is mandatory to charge the EV and raise the benefits
of EVs.
Moreover, insufficient research is available for the placement
of CS considering the three approaches discussed above. The
authors in [7] have summarized most of the recent works
related to the optimal location of CS, using optimization tech-
niques while investigating the impact of CS on the distribution
system. In the study [8], objective functions such as parking lot
profit, power loss costs, voltage variation cost, and distribution
network reliability cost are considered to find the optimal
location of charging stations. In [9], the cost of transportation
energy loss, charging station build-up cost and substation
energy loss cost have utilized to formulate the optimization
problem which is solved by the binary gravitational search
algorithm. Furthermore, the cost of active and reactive power
losses and the development of CSs were defined as objectives
to find the optimal location of CS, by using balanced mayfly
techniques [10]. In addition, the reliability indices, power loss,
and voltage deviation are used for the placement of the charg-
ing station in which a meta-heuristic algorithm addresses the
proposed problem in Matlab/Simulink [4]. The placement of
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charging stations is expressed in a multi-objective framework
with the following objective functions: cost, voltage stability
reliability power loss (VRP) index, accessibility index, and
waiting time. To achieve the best results, a hybrid algorithm
of chicken swarm optimization and teaching-learning-based
optimization is recommended [11]. In [12], a mixed inte-
ger non-linear problem is formulated including the costs of
charging infrastructure, distribution system expansion, voltage
regulation, and protection device upgrade.
Moreover, by applying the differential evolution method, three
objectives are employed in [13] to formulate the problem, such
as power loss, voltage profile, and EVs charging and load
providing costs. The reliability of the distribution system has
been analyzed after the placement of the charging station and
RESs in [3]. Active and reactive power loss, voltage deviation
and voltage stability of the distribution system are considered
for the placement of charging station with Distributed Rooftop
Photovoltaic Systems and the proposed problem solved by
hybrid bacterial foraging optimization and particle swarm
optimization (BFO-PSO) technique [14]. Moreover, in [15]
the modified GA-PSO algorithm and weighting coefficients
method are used to optimization the value of power loss, total
voltage fluctuation, EVs charging costs and depreciation cost
of battery to place the charging station with integration of
RESs.
Furthermore, the energy management strategies have been
applied using the RESs and BSS by dynamically schedul-
ing renewable sources, and BSS [16]. Therefore, the EMS
instantly allocates power to each EV depending on its initial
and necessary state of charge (SOC), battery capacity, and
departure time. Furthermore, in literature [17] the authors pro-
posed eleven EMS modes for charging the EVs, PV renewable
energy sources, and battery storage units were used to handle
the power flow in the electrical distribution network.
Many researchers have explored the installation of CSs without
integrating RESs, which is not an effective solution to the
large-scale deployment of EVs. Moreover, multiple articles
have identified the optimal location of the CSs using a single
approach. However, some consider more than one approach
for the deployment of CS without considering the size of CS.
Furthermore, other researchers have ignored the uncertainties
in the PEV load and renewable power source.
Hence, this paper has addressed the optimal siting and sizing
approach for charging stations, the optimal siting and sizing
scheme for CS with renewable energy integration, and EMSs
to minimize the peak demand from the grid. The suggested
optimization problem for optimal deployment has been ad-
dressed by a hybrid algorithm from gray wolf optimization and
particle swarm optimization algorithms and [18] describe the
complete architecture of the suggested algorithm. The neoteric
contributions of this paper are:

• Considering the uncertainties of PEV and solar irradi-
ance, mathematical modeling of PV power generation
and electric vehicle load demand have been analyzed in
this paper. The IEEE-33 bus system is mimicked with a
real distribution system with residential, commercial, and
industrial load modeling for 24 hours.

• The optimization model has been proposed for the loca-
tion of CS with capacity by considering the approaches
of the distribution network operator, CS investor, and
PEV user. Furthermore, the CS location and capacity
model proposed with PV renewable energy to minimize
the energy stress of the grid.

• The energy management strategies are also proposed to
minimize the peak power demand from the grid by using
the BSS. Furthermore, the gap between peak and valley
power demand is reduced by controlling the charging and
discharging state of the BSS.

In addition, this paper is structured as follows: Section II
covers the modeling of PEV demand, solar power generation,
EMSs. In Section III, the formulation of three objective
functions is detailed; in Section IV, the results of optimal CS
location, and EMSs are investigated, while the conclusion is
presented in Section V.

II. METHODOLOGY

A. IEEE-33 distribution system to mimic the electrical distri-
bution network of Greater Noida

Greater Noida is a city located in the Gautama Buddha
Nagar district of the Indian state of Uttar Pradesh, which is
situated 30 km southeast of New Delhi; it takes around 30
minutes to reach via the Noida-Greater Noida Expressway.
The city has around 8 lakhs of population, 380 km2 area.
The average solar irradiance per year is 5.23 kW/m2, and the
temperature range of the city is from 45.C to 23.C [19]. In
addition, the maximum total electrical power demand in this
area is 500 MW [20]. To mimic the proposed area demand
with the IEEE-33 bus system, the demand for the IEEE-33
bus system is 0.75% of the electrical power demand for the
suggested area. The system must have different loads and
deviations in a 24-hour pattern to accurately model power
demand. The following three types of loads, i.e., residential
(700 kW, 365 kVAR), commercial (1705 kW, 805 kVAR),
and industrial (1310 kW, 1130 kVAR) loads, are considered
in the suggested system [21]. Therefore, this paper considers
commercial and industrial area for the possible CS locations.

B. Electric Load Modeling

Figure 1 presents the electrical network of the IEEE-33
distribution system in industrial, commercial, and residential
loads for the respected bus. Residential, commercial, and
industrial load curves are given in Figure 2. The peak demand
for the residential and commercial load occurs after 21:00,
whereas the peak demand for industrial load occurs from 07:00
to 12:00 and from 14:00 to 18:00 [21].

C. Plug-in Electric Vehicles Load Modeling

Modeling the energy requirements of PEVs is critical to
estimate the total energy demand at CSs, which must be
intelligently regulated and managed for PEVs to be fully
integrated into the distribution system. Furthermore, the energy
demand of PEVs is calculated using the arrival SOC and the
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Fig. 1. Single line representation of modified IEEE-33 network

TABLE I
UNCERTAIN PARAMETERS RELATED TO PEV

Uncertain
parameters

Unit Distribution Mean Std.
Dev.

Min Max

Arrival time hrs Truncated
Gaussian

12 4 4 23

Arrival SOC % Truncated
Gaussian

50 25 25 90

Daily mileage km Normal 55 10 0 -
Each trip distance km Normal 19.25 7.95 0 -

departure SOC, which depend on daily mileage (DM), trip dis-
tance, and STD. Therefore, arrival SOC, arrival time, each trip
distance (etd), and DM are the uncertain parameters followed
by different distributions illustrated in Table I. Therefore, the
required energy (kWh) for the charging/discharging of ith

PEVs could be calculated [22] in (1):

Ereq
i =

{
(SOCreq

i ×BC)/ηch, for G2V
(SOCreq

i ×BC)/ηdis, for V2G.
(1)

where, SOCreq
i is the required SOC of ith PEVs, BC is

the battery capacity of PEVs in kWh, ηch and ηdis are
the charging and discharging efficiency respectively. Conse-
quently, SOCreq

i is expressed in (2)

SOCreq
i =


SOCD

i − SOCA
i , if SOCA

i < SOCD
i < 1

0, if SOCA
i = SOCD

i

(SOCA
i − SOCD

i ), if 0.25 < SOCD
i < SOCA

i
(2)

where, SOCA
i and SOCD

i are the arrival and departure SOC
of ith PEVs, respectively. When arrival SOC is greater than
departure SOC, then PEVs operate in V2G mode. Therefore,
the departure SOC is calculated in (3).

SOCD
i = (STDi/AER) + 0.25 (3)

where, AER is the range of PEVs, 25% minimum SOC limit
has been set to this work, subsequent trip distance (STD) of
PEVs is expressed in [22] by equation (4). Moreover, types of
PEVs, battery capacity, range of PEV and % of population in
suggested area are given in Table II.

STDi = DMi − etdi (4)

where, DMi and etdi are the daily mileage and each trip dis-
tance, respectively. Both are generated randomly by using their
respective distribution function. Furthermore, power demand
due to PEV charging/discharging at tth time is proposed in
(5). There are two possible conditions in which EV drivers
go toward CS (for charging the EV battery or discharging

Fig. 2. Annually average load curve for different types of loads [23]

the EV battery). If an EV driver wants to charge an EV, it
will consume some energy from the grid, and in this case, no
energy will go back to the grid from that EV. On the other
hand, If an EV driver wants to discharge the EV battery, then
some energy goes back to the grid, and there is no power
consumption from the grid for that EV.

P
(t)
EV =

N
(t)
G2V∑
i=1

Cr −
N

(t)
V 2G∑
i=1

Dr (5)

where, Dr and Cr are the discharging and charging rate of
PEV battery, respectively. Therefore, the departure time of ith

PEV is expressed by using (6).
tDi = tAi + treqi (6)

where, tAi is the arrival time of PEVs at CS, which is generated
randomly using the respective distribution function as shown
in the Table I. treqi is the required time for desired SOC which
is expressed as given in (7).

treqi =

{
Ereq

i /Cr, for G2V
abs(Ereq

i /Dr), for V2G.
(7)

D. PV Renewable Energy Modeling

The main uncertain variables for photovoltaic (PV) power
generation are irradiance (kW/m2) and the temperature of
the solar cell. Therefore, mathematical modeling of PV power
generation is required, in which PV output P t

PV at tth time is
generated in (8).

P
(t)
PV = SI(t)var × PPV (8)

where, SItvar is a solar irradiance in per unit for 24 hours
taken from [24], PV power output PPV is uncertain which
has been determined from solar irradiance [25] by (9)

PPV = NPV × Ff × Vsi × Isi (9)

where, NPV are the PV module quantity, Ff is the fill factor
and given by the (10), [25].

Ff =
Vmp × Imp

Voc × Isc
(10)

where, Vmp and Imp are the voltage and current at maximum
power point, respectively. Voc and Isc are the open circuit
voltage and short circuit current of PV module, accordingly.
Furthermore, voltage for si is expressed in (11).

Vsi = Voc − TCV × Tcell (11)

This article has been accepted for publication in IEEE Transactions on Industry Applications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TIA.2023.3253817

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Northumbria University Library. Downloaded on March 17,2023 at 09:43:44 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON INDUSTRY APPLICATIONS , VOL. XX, NO. XX, XXXX XXXX

TABLE II
TYPES OF PEV WITH SPECIFICATIONS

Types of EV BC (kWh) AER (km) Availability (%)
Tata Nexon EV 30.2 312 60
Tata Tigor EV 21.5 142 30
Mahindra e2oPlus 10.8 100 10

Fig. 3. Energy management strategies at charging station

where, TCV is the voltage temperature coefficient in V/◦C,
Tcell is the cell temperature in ◦C. Therefore, the current
generated for the si value is determined in (12).

Isi = siavg × (Isc + TCI(Tcell − 25)) (12)

where, siavg is the average value of solar irradiance, TCI is
the current temperature coefficient in A/◦C. The temperature
of the solar panel is expressed using (13).

Tcell = Tamb +

(
siavg ×

Tnom − 20

0.8

)
(13)

where, Tamb, Tnom are the ambient and nominal temperature
in ◦C, respectively. Moreover, the solar irradiance follows beta
distribution [25], therefore the probability density function
(pdf) of solar irradiance as shown in (14).

f(si) =


Γ(αsi+βsi)
Γ(αsi)Γ(βsi)

× si(αsi−1) × (1− si(βsi−1)),

if 0 ≤ si ≤ 1;αsi ≥ 0;βsi ≥ 0

0, otherwise.
(14)

where, αsi and βsi) are the shape parameters of beta function,
which are expressed in (15) and (16).

µsi =
αsi

(αsi + βsi)
(15)

σsi =

√
µsi(1 + µsi)

(αsi + µsi)
(16)

E. Energy management strategies for charging station

The energy management strategy proposed in this paper is
based on the time of use (TOU) tariff, EV charging demand,
and PV power generation. In fact, three tariff levels were

proposed in this work: valley tariff, flat tariff, and peak tariff,
according to the power demand from the grid. Therefore, three
strategies have been proposed for energy management at CSs
are shown in Figure 3 [26]. Furthermore, the difference of PEV
power demand PEV (t) and PV power generation PPV (t) at
time t is expressed in (17).

∆ = PEV (t)− PPV (t) (17)

1) The charging strategy for valley load: This energy
management strategy (from 11:00 PM to 08:00 AM) is easy
to address because the grid generation is in excess; therefore,
the grid power charging load of EV and BSS is satisfied.
Furthermore, this strategy has two sub-strategies for energy
management at the charging station.

a) If PPV (t) > 0: : the grid power is in surplus;
therefore, BSS is charged (if SOCba(t) ≤ SOCmax

ba ), and
the total energy required for charging the BSS and EV battery
is supplied from the PV source and grid; otherwise, BSS is
floating (if SOCba(t) ≥ SOCmax

ba ), and the energy for EV
charging comes from the PV generation and grid.

PEV (t) + P ch
ba (t) = PPV (t) + PG(t) (18)

b) If PPV (t) = 0: : in this case, EV load and BSS charg-
ing demand are supplied (if SOCba(t) ≤ SOCmax

ba ) from the
grid, otherwise BSS are floating (if SOCba(t) ≥ SOCmax

ba ),
and the power demand for EV charging is balanced by the
grid.

PEV (t) + P ch
ba (t) = PG(t) (19)

2) The charging strategy for peak load: This paper consid-
ers two peak loads for the EMS: the late morning load from
09:00 AM to 11:00 AM and the evening load from 06:00 PM
to 10:00 PM. Further, at the first peak load, PV generation is
present, and EV charging demand is also high; therefore, ∆
is proposed for the EMS as expressed above.

a) If ∆ > 0: : EV power demand is more than PV
generation, then the remaining power comes from BSS dis-
charging (if SOCba(t) ≥ SOCmin

ba ), and BSS is floating (if
SOCba(t) ≤ SOCmin

ba ). Further, this strategy has divided into
two sub-categories as given below:
If PG(t) > 0: the output power from BSS is discharging,
and PV output is not adequate for the EV charging, then the
remaining power comes from the grid.

PEV (t) = PPV (t) + P dis
ba (t) + PG(t) (20)

If PG(t) < 0: in this case, BSS and PV power generation
are satisfactory for the EV charging, and the remaining power
goes back to the grid.

PEV (t) = PPV (t) + P dis
ba (t) + PG(t) (21)
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TABLE III
USED PARAMETERS

Parameters name Value unit
Number of EVs(NEV ) 2000 -
Fixed cost of CS(Cf ) 2.25 $/day
Connector development cost(Cd) 0.06 $/kW/day/CS
Connector capacity (CP ) 19.6 kW
Energy cost for charging (PEC ) 0.11 $/kWh
Cable cost (Cc) 0.75 $/km/day
Transformer cost (Cx) 4 $/kVA/day
Transformer rating (Pxmer) 270 kW
Land cost (Clan) uniformly distributed

(1 to 0.1)
$/m2/day

Charging time(Chtime) 1.1 Hour
Capacity of BSS 300 kWh
Capacity of RES 75 kW

b) If ∆ < 0: : EV power demand is less than the
PV power generation than surplus PV generation is used to
charged the BSS (if SOCba(t) ≥ SOCmax

ba )), otherwise the
surplus PV generation is go back to grid (if SOCba(t) ≥
SOCmax

ba )).

PEV (t) + PG(t) = PPV (t) (22)

3) The charging strategy for flat load: During this period
(11:00 AM to 06:00 PM), the grid load is medium, around the
average load of the grid. This strategy focused on maximizing
the use of PV generation and controlling the battery charge
and discharge, as given below.

a) If ∆ > 0: : EV load demand is more than the PV
power output, then the remaining power for charging the EV
comes from the grid.

PEV (t) = PPV (t) + PG(t) (23)

b) If ∆ < 0: : EV power demand is less than the PV
generation, then surplus PV generation is used to charge the
BSS (if SOCba(t) ≥ SOCmax

ba )), otherwise it goes back to
the grid. Furthermore, if PV generation is inadequate for EV
charging and BSS charging, the remaining power comes from
the grid.

PEV (t) + P ch
ba (t) = PPV (t) + PG(t) (24)

III. MODELING OF THE PROBLEM FORMULATION

As mention in literature, there are three approaches were
defined to place the CS: CS investor (CSI) approach, EV
user (EVU) approach and distribution network operator (DNO)
approach [7]. Therefore, to include all the approaches in de-
cision of optimal location of CS, energy loss, investment cost
and accessing cost are modeled to formulate the optimization
problem.

A. Distribution network operator cost indicator

When CSs are attached for charging/discharging the PEVs,
power flow patterns are changed, which are depends on the
location and size of the CSs. Therefore, distribution system

energy losses will be affected by the addition of PEV. Further-
more, distribution network operator cost indicator (DOCI)
have proposed to minimize the energy loss cost after the place-
ment of CS. Additional energy loss due to PEV integration at
ith bus of the distribution system is calculated according to
the (25), (26) and (27).

AELPEV
i = TELPEV

i − TELorig+DG (25)

AELPEV
i =

24∑
t=1

Nbr∑
br=1

((I
(t)
br )

2 ×Rbr)×∆t (26)

I
(t)
br =

U
(t)
a − U

(t)
b

Rbr + jXbr
, a, b = 1, 2...Nnode; a ̸= b (27)

where TELPEV
i , is the total energy loss of the system after

integrating PEV load at ith bus, TELorig+DG are the total
energy loss with PEV integration, I

(t)
br is the current in br

line at t time, Rbr and Xbr are the resistance and reactance
of brth line respectively, Ua and Ub are the voltage at ath

and bth buses, respectively. Additional energy loss cost after
integrating PEV load at ith bus are given in (28).

AELCPEV
i = AELPEV

i × PEC (28)

where, PEC is the cost of energy in $/kWh. Consequently,
the proposed DOCI have expressed in (29) for minimizing the
additional energy loss cost due to PEV load integration.

DOCI =

∑Nbs

i=1 AELCi

(AELCi)max
(29)

B. Plug-in electric vehicle user cost indicator

PEV users have to travel some distance and also consume
some times from charging demand point (DP) to the nearest
CS for charging the PEV battery. Furthermore, PEV user cost
indicator (EV CI) have suggested to minimize the traveling
cost for charging and discharging the battery of PEV. In (30)
tji is a time taken from jth PEV charging DP to ith CS are
shown in Figure 4.

tji =


t11 t12 · · · t1i
t21 t22 · · · t2i
...

...
. . .

...
tj1 tj2 · · · tji

 (30)

In (31) every element of matrix is the distance travel by the
PEV user from charging DP to nearest CS. dji is the distance
travel by the jth PEV to the ith CS are given in Figure 5.

dji =


d11 d12 · · · d1i
d21 d22 · · · d2i

...
...

. . .
...

dj1 dj2 · · · dji

 (31)

where, dtji is the multiplication of distance and time matrix
which is expressed by (32).

dtji = dji × tji (32)

dttji = diag(Xi)× dtji (33)

where Xi is the binary decision variable for the placement
of CS and in (33) a diagonal matrix is created. Afterwards a
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vector is obtained by minimizing the resulted matrix which is
expressed in (34).

DTj min = min(dttji) (34)

Energy loss cost for traveling (ELCT) from jth PEV demand
point to CS is given in the (35).

ELCTj = PEC × SE ×DTj min (35)

where, PEC is the energy cost in $/kWh, SE is the specific
energy consumption in kWh/km-minute. The proposed EV CI
could be expressed in (36) as:

EV CI =

∑NDP

j=1 ELCTj

(ELCTj)max
(36)

C. Charging station investor cost indicator

The cost of land area, transformer, connector development,
cable, building, operating and maintenance are some consid-
erable cost to installed the charging station. The average 25
m2 area is required for the single connector and land cost is
considered as a land rental cost which is borrowed from [1].
Furthermore, the number of PEV at ith CS is expressed in
(37).

NCSi

PEV =

NCS∑
i=1

Xi(1 + sign(DTjmin − dtij)) (37)

therefore, the number of connectors at ith charging station
(CSi) is expressed in (38).

N i
con =

NCSi

PEV ×Nmax
con

NPEV
(38)

moreover, the capacity of the CSi is calculated in (39).
Si
cap = Pcon ×N i

con (39)

where, Pcon is the installed capacity of a connector. Therefore,
the investment cost for building the CS is expressed in (40).

ICi = Cfix + 25.Clan.N
i
con + Si

cap.Cdev + Ccab + Cxmer

(40)

where, Cfix is the one time fixed investment, Clan is the land
rental amount per day in $, Nd is the number of days in
proposed period, Cdev is the development cost for equipment,
Ccab is the cost of underground cable from CS to nearest
substation which is expressed in (41), Cxmer is the cost of
transformer to required at CS which is expressed in (42).

Ccab = Ci
conn ×Di (41)

Cxmer = Ci
tc × Pxmer (42)

where, Ccab is the cost of cable per km in $, Di is the distance
from substation to CSi in km, Ci

tc is the cost of transformer at
ith CS in $/kW, Pxmer is the capacity required of transformer
at ith CS in kW.
The proposed CS cost indicator (CSCI) is formulated for
minimising the investment cost for installing the CS which is
defined in (43).

CSCI =

∑NCS

i=1 ICi ×X

(ICi)max
(43)

Fig. 4. Representation of time taken from demand points (DPs) to the buses

Fig. 5. Representation of distance from demand points to the buses

D. Cost function for the placement and capacity of charging
station

The cost function is created to place the charging station
with capacity by optimizing the suggested objectives and
expressed in (44).

OF1 = µ1 ×DOCI + µ2 × CSCI + µ3 × EV CI (44)

where, µ1, µ2, and µ3 must follow the equality and inequality
condition, which are expressed in (45) and (46) respectively.

µ1 + µ2 + µ3 = 1 (45)

0 ≤ µ1, µ2, µ3 ≤ 1 (46)

For optimal location of the charging stations, the stated cost
function must adhere to some inequality and equality con-
straints.

1) Voltage limit constraint: The voltage at respective buses
must be follow a minimum and maximum limits, which is
expressed in (47).

V min ≤ Vi ≤ V max (47)

where, i=1,2. . . .N, V min and V max are the minimum and
maximum voltage limits of respective buses, Vi is the voltage
of ith bus.

2) Active and reactive power constraints: In keeping the
active and reactive power of each line within predefined limits,
an active power constraint is formed in (48), whereas the
reactive power limit is expressed in (49).

Pmin ≤ Pk ≤ Pmax (48)
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Fig. 6. Performance analysis of proposed GWOPSO with other algorithm

Qmin ≤ Qk ≤ Qmax (49)

where k=1,2. . . L, Pmin, Qmin are the minimum limit of active
and reactive power of the lines, Pmax, Qmax are the maximum
limits of active and reactive power of the lines.

3) Power balanced constraints: The power demand and
generation should be equal, which is formulated in (50).

P t
EV + P t

orig = P t
PV + P t

grid + P t
ba(ba

dis
i − bachi ) (50)

where, P t
orig is the power demand of IEEE-33 bus system

without PEV integration, P t
grid is the power consumption from

the grid at given time, P t
ba are the power charging/discharging

rate of BSS.

E. Cost benefit function for energy management strategies

To minimize the peak power demand from the grid and
improve the valley power demand, a cost benefit function
(CBF) is proposed. Therefore, an energy control plan is for-
mulated, according to the TOU tariff to manage the charging
and discharging of the BSS [26]. Therefore, the CBF of the
CS is formulated as (51):

CBF =

24∑
t=1

(Pt−g(t)S(t)− Pf−g(t)P (t)) (51)

where, (Pt−g(t), Pf−g(t) are the power return back to grid and
demand from the grid, respectively, S(t), P(t) are the selling
rate of energy to grid and purchasing rate of energy from the
grid, accordingly.

1) Power balance constraint at charging station:

PEV (t) + Pba(t) = PPV (t) + Pg(t) (52)

where, PEV (t), Pba(t), and PPV (t) denote the PEV load
demand, charging load of storage system and PV power
generation at time t, respectively; Pg(t) is the power exchange
between CS and grid at time t in (52).

2) Charging and discharging constraint:

|Pba(t)| ≤ Pmax
ba (53)

where, Pmax
ba is the maximum power limit in (53) of energy

storage system.

3) SOC constraint of battery storage system:

SOCmin
ba ≤ SOCba(t) ≤ SOCmax

ba (54)

where, SOCmin
ba , SOCmax

ba are the lower and upper limits of
the SOC for storage system in (54).
In this research work, two case studies are proposed for the
optimal location and size of charging stations, and a case study
is also proposed the EMS through the BSS, these case studies
are illustrated as follows:

• Case Study-1: Optimal locations and size of charging
stations

• Case Study-2: Optimal locations and size of CSs with
RES integration

• Case Study-3: Energy management strategies at charging
stations

IV. SIMULATION RESULTS

The uncertainties related to PEVs and solar power gen-
eration are handled by Monte Carlo Simulation (MCS) in
the proposed work. The MCS method is a problem-solving
strategy that employs probability density function of random
numbers. This strategy is frequently applied when the model is
complicated, nonlinear, or has many unknown parameters. A
simulation generally involves over 10,000 model assessments,
a computationally intensive operation. The Monte Carlo ap-
proach is summarised here.

1) generate a parametric model Y=h(x1,x2,.....,xn);
2) create a set of random inputs using their PDF

Xi=(xi
1,xi

2,....,xi
n);

3) evaluate the model and calculate the value of Y i;
4) repeat step 2 and 3 for i=1 to N;
5) analyze the results using histograms, summary statistics,

confidence intervals, and others.

A. The results of optimal location and size for charging
stations

Plug-in electric vehicle users must drive a considerable
distance and time to reach the nearest CS from the 16 charging
demand points (DP), which are distributed in the suggested re-
gion where PEVs desire to charge or discharge their batteries.
Two case scenarios, case study-1 and case study-2, have been
offered for choosing the most appropriate location and capacity
of CS, whereas case study-3 is a suggestion for the EMS at
CS, and the necessary parameters indicated in Table III. The
performance of the proposed hybrid GWOPSO algorithm is
shown in Figure 6 with others algorithm.
For case study-1, the optimal location of the CSs with the
number of connectors is determined for various cases. In Case-
1 (C-1), the optimal location of CSs is obtained at nodes
(3, 4, 6, 9, 23, 26, and 27) of the IEEE-33 system with the
optimum value of installation cost, traveling cost for charging,
and additional energy loss cost after PEV integration. In Case-
2 (C-2), the cost for installing CS and additional energy
loss cost are deciding factors for the placement of CS. As
a result, the travel cost for charging has risen by 20.66%.
Likewise, in Case-3 (C-3), the installation cost is ignored
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TABLE IV
OBTAINED RESULTS OF OPTIMAL PLACEMENT AND SIZE FOR CSS TAKING DIFFERENT CASE SCENARIOS

Case scenar-
ios

Cases µ1 µ2 µ3 AEL
(kWh)

IC ($) ELCT
($)

P grid
peak

(kW)
Vmin CS locations Ncon

Base case - - - - 0 - - 3388 0.92816 - -

Case study-1

C-1 1/3 1/3 1/3 338.84 19063 3102 4162 0.92199 3,4,6,9,23,26,27 20,15,15,10,10,5,5
C-2 1/2 1/2 0 306.747 19032 3743 4158 0.92364 3,4,6,7,23,24,26 20,15,15,10,10,5,5
C-3 1/2 0 1/2 308.054 20436 3029 4158 0.92349 3,4,6,8,23,26,27 20,15,15,5,15,5,5
C-4 0 1/2 1/2 470.101 18988 3077 4231 0.91644 3,6,16,18,24,26,31 15,10,5,5,15,10,20

Case study-2

C-1 1/3 1/3 1/3 8.996 19063 3102 4085 0.9228 3,4,6,9,23,26,27 20,15,15,10,10,5,5
C-2 1/2 1/2 0 7.858 19032 3743 4081 0.92443 3,4,6,7,23,24,26 20,15,15,10,10,5,5
C-3 1/2 0 1/2 7.502 20436 3029 4081 0.9243 3,4,6,8,23,26,27 20,15,15,5,15,5,5
C-4 0 1/2 1/2 -9.173 18988 3077 4151 0.91779 3,6,16,18,24,26,31 15,10,5,5,15,10,20

Case study-3 - 1/3 1/3 1/3 -44.42 19063 3102 3553 0.92841 3,4,6,9,23,26,27 20,15,15,10,10,5,5

Fig. 7. Active power demand from the grid for all proposed case studies

Fig. 8. Charging/discharging power level of BSS, EV load demand, PV power
generation and SOC of the BSS

for the optimal location of CS; therefore, the installation
cost of CS is increased by 7.2%. At last, in C-4, energy
loss cost is not included for optimizing the problem of CS
placement; hence, the additional energy loss is increased by
38.82%. Moreover, the optimal location of CS, the number of
connectors, additional energy losses, installation cost, traveling
cost for charging the vehicle, and lowest voltage are illustrated
in Table IV.
For case study-2, the appropriate CS location and size with
renewable energy integration is derived. In C-1, the optimal
site of CS is achieved at the nodes (3, 4, 6, 9, 23, 26, and 27)

of the IEEE-33 system with the lowest installation cost, travel
cost for charging, and extra energy loss cost due to PEV load.
The installation cost and energy loss cost are decisive factors
for the location of CS in C-2; therefore, the traveling cost for
charging is raised by 20.66%. Similarly, in C-3, the installation
cost is neglected for the CS location, resulting in a 7.2% rise
in the CS installation cost. Finally, for C-4, the cost of energy
loss for the siting and sizing approach of CS is not considered;
therefore, no additional energy loss occurs, whereas 10 units
of energy are saved from the base case. Active power demand
from the grid for all proposed cases is shown in Figure 7.
Furthermore, Table IV depicts the optimal location of CS,
number of connections, additional energy losses, installation
cost, traveling cost for charging the EV, and minimum voltage.

B. The results of energy management strategies for charging
station

Moreover, the charging and discharging control of the BSS
at the CS is addressed through the EMSs to maximize the profit
of the CS. The investment cost of the proposed project would
be high after introducing a BSS with RESs. Furthermore,
cost analysis of buying the energy from the grid and cost-
benefit analysis of selling the energy to EVs and grid have
been addressed, and the project’s payback period was obtained
at 4 to 7 years. In addition, the EMS has reduced the gap
between peak and valley power demand from the grid, which
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has improved the load curve of the distribution system. The
results of EMSs are addressed in case study-3, which is written
in Table IV. 14.63% diminishes the peak power demand by
applying the EMS using the BSS, whereas 113.4% reduces
the additional energy loss; further, the minimum voltage is
also improved with EMSs. PV power generation, EV load
demand, charging/discharging power of BSS, and SOC status
of BSS are indicated in Figure 8 for the EMSs at the CS.
Consequently, the EMS is beneficial for the investors of
CSs to earn more profit and for the grid to reduce the gap
between peak and valley demand and EV users due to the
high reliability of the CSs.

V. CONCLUSION

This research investigated the optimal placement of the CS
with the capacity to minimize the influence of CS installation
on the electrical distribution system. Furthermore, the locations
have been selected to minimize the project’s investment and
also consider the CS accessibility for the PEV users. In
addition, RESs have been recommended to minimize the grid’s
energy demand and dependency on fossil fuels. Moreover,
EMSs have been introduced to reduce the grid’s gap between
peak and valley power demand. As a result, the optimal site
of charging stations with capacity has been determined in this
study by reducing CS installation costs, distribution network
energy loss costs, and trip costs from the demand point to the
nearest CS location. The suggested optimization problem is
solved using a hybrid particle swarm optimization grey wolf
optimization method, producing better results than existing
approaches. This article also obtained the optimal position of
CS and PV distributed generations in the IEEE-33 distribution
system by minimizing the same objective functions. Further-
more, the peak power of the distribution system is lowered by
implementing EMSs, which are handled by deploying a BSS
at the exact location of DGs. By incorporating the EMS at
the optimal location of the charging station, additional energy
loss is reduced up to 113.4%, whereas peak power demand is
reduced up to 16%.

The authors hope this work will encourage investors to
install CSs, support the grid integration of EVs, and lower
CO2 emissions. Furthermore, more research and inventions
are required prior to the installation of charging stations.
Future research may focus on demand response, demand side
management, and vehicle-to-everything for the placement of
CS. More parameters can be used for problem formulation.
The proposed work can be implemented for real-data applica-
tions.
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