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ABSTRACT Electric Vehicles (EVs) are known to be future mode of transportation because of their
environment-friendly nature. The increase in electric vehicle (EV) penetration needs to set up the new
charging stations to meet the demand. The EV charging shows the negative impact on distribution system
and system failures lead to the unavailability of power to charge EVs. The EVs not charging due to
system failure is to be considered but ignored in the previous studies. Incorporating the Vehicle-to-Grid
(V2G) technologies into charging station (CS) improves the system reliability. In this paper, solar rooftop
PV units are integrated with CSs to overcome the negative impacts of EV charging and further enhance
the reliability of the system. To extracts the maximum benefits from the solar PV integrated charging
stations (PVCS), optimal placement is done with objective of reliability improvement. EV reliability
is evaluated by using a novel index called as expected energy not charged (EENC). The reliability of
both distribution system and EVs are considered as objective functions simultaneously, hence, placement
problem becomes multi-objective. The optimal placement is done by considering different EV penetration
levels. A multi-objective Grasshopper optimization algorithm (MOGOA) is applied to solve the optimal
placement problem of PVCS. The EENS value is improved by 6.18% and 13.9% as compared to base
case for case 1 and case 2 respectively. The EENC is improved by 11.51% in case 2 as compared to case
1.

INDEX TERMS Charging station, Distribution system, Electric Vehicles, Grasshopper optimization
algorithm, Multi-objective, Optimization, Reliability, Rooftop PV system.

I. INTRODUCTION

IN recent years, distribution systems are undergoing major
reinforcements to integrate the distributed generation

(DG) and charging stations (CS) for electric vehicles (EVs).
The DG integration is a solution to mitigate load growth,
improving the system performance and reliability. The EVs
are considered as future mode of transportation to reduce
the global warming and dependency on fossil fuels. The
studies in [1] witnessed that EVs charging during off-peak
hours increasing the emission of greenhouse gas (GHG), on

the other hand, emission of GHG is reducing if coal-based
power generation is removed. Hence, it is clear that if EV
batteries are charged using conventional power sources, then
the objective of using EVs will not meet. The EVs charging
shows potential impact on distribution system performance.
Renewable energy sources (RES) are to be integrated to
charging stations to mitigate the EVs charging impacts and
reduction of GHG emission. The proper placement of RES
and EV charging stations enhances the benefits of using RES
and EVs.
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The integration of RES into the EVs charging station is
on rising because of concerns on grid load increase and
emission of GHG due to charging of EVs using conventional
power sources. Authors in [2] provided a detailed review on
technologies used in RES (wind and solar PV) based EV
charging stations. The impact of EVs charging on system is
nullified with use of wind farms [3]. But wind farms are not
recommended to integrate with CSs because of wind power
based charging stations are not feasible to use in urban
areas. Hence, many researchers are concentrated on solar PV
based CSs. Technical reviews are found on solar PV based
charging systems and solar PV-grid based CSs [4], [5]. The
integration of solar PV system with EV charging stations
resulted several benefits. Authors in [6] investigated the use
rooftop of parking lots to install EVs charging stations with
PV systems. In reference [7], energy losses are minimized
by integrating the DGs with charging stations. A study in [8]
witnessed that an intelligent energy management and solar
PV system are effectively reduced the EV charging impact.
The benefits of using solar PV integrated CS are discussed in
[9] from the view of economic and environment. Authors in
[10] developed PV integrated CS which has reactive power
compensation capability. The impact of rooftop solar PV
enabled CS on distribution system reliability is discussed
in [11]. The power losses are minimized in [12] with the
integration of solar rooftop PV system with charging station.
A comprehensive review is provided in [13] for rooftop solar
PV assisted parking lots for EV charging stations.

From the literature, it is clear that integration of solar PV
units with CSs has numerous advantages such as reducing
the charging impact during peak hours, reduction in GHG
emissions, reliability improvement etc. Lot of research is
done on optimal placement of DGs to enhance its benefits
considering different objectives in the distribution system.
The DGs are placed along with system reconfiguration to
enhance the voltage stability [14]. The reconfiguration and
DG placement improved the system voltage profile [15].
Power loss is reduced in the system by simultaneously
placing the DGs and FACTS [16]. The DGs helped to
reduce the energy loss and maximized the cost savings
[17]. In ref [18], DG placement enhanced the distribution
system resiliency. Authors in [19] enhanced the capability
to restore the critical loads during natural disasters with the
help of DGs. Distribution system reliability is improved by
optimally placing DGs by considering energy not supplied
(ENS) as objective function [20].

The researchers also concentrated on optimal placement
of CS to enhance the benefits. The optimal placement of
CS is done in [21] for cost benefits such as minimization
of investment, operating cost and emission cost. Authors in
[22], optimally placed CSs by considering multiple objective
functions such as power losses minimization, voltage devia-
tion reduction, and maximization of voltage stability index.
The performance of system is assessed [23] by optimally
placing the PV system and CS simultaneously. Authors in
[24], optimally placed the DGs and charging station for

reliability improvement but placed them separately.
In the recent literature, it is found that CSs are placed

along with DGs by considering multiple objective functions.
Authors in [25], DG integrated CSs are optimally placed
by considering total system cost, voltage deviation and
energy not supplied as objective functions. Minimization of
waiting time and annal total cost are considered as objective
functions in [26]. Authors in [27], considered there different
objective function such as voltage deviation, energy loss
and EV owners dissatisfaction for optimal placement of DG
integrated CSs. In [25]–[27], solar and wind energy system
are used as DGs. In ref [28], CSs are optimally placed in
a distribution system integrated with randomly placed solar
rooftop PV system by considering active and reactive power
loss, voltage deviation and voltage stability index.

It is clear that the integration of DGs and EVs are
rising due to their technical and environmental benefits
which necessitate the simultaneous planning of DGs and
CSs. Researchers are less concerned about reliability of
distribution system during simultaneous placement of solar
PV integrated charging stations (PVCS). A novel reliability
index is developed in [11] to measure the EVs reliability
i.e., expected energy not charged (EENC). Authors are
claimed that EENC plays a key role for selection of charging
station locations. The consideration of EENC as an objective
function is not explored yet.

In this work, the charging stations are integrated with so-
lar rooftop PV units to mitigate the EVs charging impact and
enhance EVs benefits. The PVCS placement problem is for-
mulated as multi objective i.e., using system reliability and
EV reliability as objectives. The expected energy not sup-
plied (EENS) is considered to measure the system reliability
and EENC for EV reliability. The PVCS placement problem
is solved using Multi-objective Grasshopper optimization
algorithm (MOGOA) [29]. Different EV penetration levels
are considered for PVCS placement. A coordinated charging
and discharging strategy is presented for charging station
control during distribution system failures. Two types of
V2G modes i.e., scheduled and unscheduled V2G mode.
The unscheduled V2G mode only contributes for EENC
calculations. The proposed methodologies are applied on
a practical Indian distribution system.

The novelty of the paper is as follows:
• Rooftop PV systems are integrated with EV charging

stations to mitigate the EV charging impacts from
reliability prospective.

• A novel objective function i.e., EENC is introduced for
optimal PVCS placement. The EENC consideration is
very critical because more EENC leads to the dissatis-
faction of EV owners.

• A coordinated charging and V2G strategy is developed
and used for charging and discharging of EVs during
system faults. This strategy helps to improve the both
system and EV reliability.

• PVCS placement problem is formulated as a multi
objective problem by considering EENS and EENC as
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objective functions.
• Multi-objective Grasshopper optimization algorithm is

used to solve optimal PVCS placement problem.
• PVCS impact is analysed for three different EV pen-

etration levels. This analysis is very crucial because
number of EVs increases year by year and it is im-
portant to know how existing system is impacted with
increased EVs.

The remaining sections of the manuscript are as follows:
the modelling of EV charging station is discussed in section
II which included the modelling of solar rooftop PV units,
battery charger and EV modes. Section II also discusses the
PV integration to charging station and coordinated charging
strategy. In section III, optimal PVCS placement is discussed
which includes formulation of objective function, different
constraints and optimization technique i.e., grasshopper op-
timization algorithm. The results are discussed in section IV
and finally, the findings concluded in section V.

II. MODELLING OF EV CHARGING SYSTEM
In this work, the proposed charging station mainly consist
of three parts i.e., solar rooftop PV units, EVs and battery
charger. Schematic diagram of the proposed charging station
is shown in Fig. 1. The integration of solar rooftop PV units
into the charging station reduces the pressure on the distri-
bution system and increases the reliability of distribution
system and EVs as well. The modelling of these three parts
is discussed in this section. In Fig. 1, the direction of arrows
shows the power flow direction among the solar PV units,
charging station, EVs and grid.

Distribution 

System

Solar rooftop 

PV units

Charging 

Station

EVs

FIGURE 1. Schematic diagram of EV charging station with solar rooftop
integration

A. SOLAR ROOFTOP PV UNITS
If an EV is charged through renewable energy source,
it increases the benefits of EV usage as the objective is

to reduce the GHG emissions. The EV charging stations
are mainly situated in highly populated urban areas where
the availability of land for renewable sources is a difficult
task. In this work, rooftops of commercial and residential
buildings are used to install the solar PV units and the output
power is supplied to the charging station for EVs charging.
The PV output power is highly intermittent and depends on
the solar irradiance. The uncertainty of solar irradiance is
modelled using beta probability distribution function [30].
The probability density function (pdf) of solar irradiance is
expressed as

F (s) =


Γ(α+ β)

Γ(α)Γ(β)
s(α−1)(1− s)(β−1) 0 ≤ s ≤ 1,

α, β ≥ 0

0 otherwise

(1)

here, Γ= gamma function
s= random solar irradiance in kW/m2

α , β= shape parameters of beta distribution function
The cumulative distribution function (cdf) of solar irradi-

ance s is expressed as

f(s) =

∫ t

0

F (s) (2)

=
Γ(α+ β)

Γ(α)Γ(β)

∫ t

0

s(α−1)(1− s)(β−1) (3)

The probability of solar irradiance being between s1 and s2
can be obtained as.

f(s1 < s < s2) = f(s2)− f(s1) (4)

The PV cell output power at any state y is determined using
following expression.

Pout(s) = N ∗ ff ∗ Vy ∗ Iy (5)

here, ff is the fill factor and N is the number of cells in
the PV module. The values of ff , Vy and Iy are calculated
using equations available in [31].

B. BATTERY CHARGER
The equivalent circuit of the battery charger is illustrated in
Fig. 2 and the battery is represented as a capacitor in the
circuit.

+

-

+

-

+

-

Vi

Pout

Vo

Pi R

C

switch

Vout

I1 I2

FIGURE 2. Equivalent circuit of a battery charger [11]
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The capacitor starts charging at t = 0, the Kirchhoff’s
voltage law is applied on equivalent circuit [11]

Vo = VR(t) + Vout(t)

= i(t)R+ ηrVc

(6)

here, ηr is the charger efficiency. Vo is the charger output
voltage. VR(t) and i(t) are the instantaneous voltage across
R and current in R respectively. Vc is the voltage across the
capacitor and is determined by

Vc =
1

C

∫ t

0

i(τ)dτ (7)

From the equations (6) and (7)

Vo = VR(t) +
ηr
C

∫ t

0

i(τ)dτ (8)

Differentiate the equation (8) and multiply by C/ηr to get
the first order differential equation

0 =
RC

ηr

di(t)

dt
+ i(t) (9)

Now, initial condition is applied to equation (6) i.e., t = 0,
voltage across the capacitor is zero and the initial current
io is derived by

io = Vo/R (10)

The differential equation (9) is solved to get the instanta-
neous current i(t) using the initial conditions

i(t) =
Vo

R
e−ηr

t
τo (11)

here, τo is the time constant of the charger and τo = RC.
From the equations (6) and (11), the voltage across the
capacitor Vout(t) is determined by

Vout(t) = Vo

(
1− e−ηr

t
τo

)
(12)

If the capacitor has some initial voltage (Vint) then the above
equation becomes

Vout(t) = Vo

(
1− e−ηr

t
τo

)
+ Vint (13)

Multiplication of Vout(t) by i(t) gives the output power
Pout and is as follows

Pout(t) = Pmax

(
1− e−ηr

t
τo

)
+ Pint (14)

here, Pmax = Vo× i(t), Pint = Vint× i(t) and t ∈ (0, treq],
treq is the required time to get the full charge.

C. EV MODELLING
The EVs are operated in two modes. Charge mode when
battery of EV is being charged and V2G (generation) mode
when battery of EV is being discharged i.e., injecting energy
into the system. In this scenario, V2G enabled charging sta-
tions works as energy storage system. Batteries in EVs uses
chemical storage, and chemical process follows exponential
function over the time during charge/discharge.

1) Charge mode
During the charge mode, EV batteries acts as loads on the
system. The instantaneous battery power status (PEV (t)) is
evaluated by [11]

PEV (t) = PEV,max

(
1− e−(α.t/tmax)

)
+ PEV,int (15)

here, α is the charging constant of EV battery. t ∈ [0, treq]
and treq = time required to attain the full charge of EV.
PEV,max is the capacity of EV battery. PEV,int is the EV
battery initial power status. tmax is the required time to full
charge from zero power status and is evaluated by tmax =
1/RC (RC is the charging rate).

The value of treq depends on the initial battery power
status and is determined by [11]

treq =


tmax ; if PEV,int = 0

0 ; if PEV,int = PEV,max

− tmax

α ln
(

PEV,int

PEV,max

)
; if 0 < PEV,int < PEV,max

(16)

Now, final power status of EV battery depends on treq
and calculated by [11]

PEV (t) =

{
PEV,max

(
1− e

−α.t
tmax

)
+ PEV,int ; If t < treq

PEV,max ; If t ≥ treq
(17)

The total power demand (PEV,dem) (required power for full
charge) of a EV at time t is calculated as:

PEV,dem(t) = PEV,max − PEV (t) (18)

Substitute PEV (t) value in eq. (18) to get PEV,dem(t)

PEV,dem(t) =

{
PEV,maxe

−α t
tmax − PEV,int ; If t < treq

0 ; If t ≥ treq
(19)

The effect of a system failure on EV charging is depicted
in Fig. 3. At hour t1, EV is connected to charging station for
charging and scheduled to leave at hour t2 and takes treq for
full charging (t2 = t1 + treq). But, charging is interrupted
at hour t3 due to a failure in the distribution system. Main
grid is not available and generation from solar PV units are
unable to meet the charging station demand. Now, the power
status of the EV battery at hour t3 is determined by

PEV,t3 = PEV,max

(
1− e−

α.(t3−t1)
tmax

)
+ PEV,int (20)

However, the power supply is restored to charging station
at hour t4. Here, two different situations will occur. In
situation 1, power is restored after scheduled departure of
EV and the battery status is remains same as at hour t3.
On the other hand, in second situation, power is restored
before the scheduled departure then battery starts charging
again. The duration of battery charging and not charging
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FIGURE 3. Battery charging scenarios a) Situation 1 b) Situation 2

are pictorially shown in Fig. 3 for both the situations. Now,
the final power status of EV battery at hour t2 for second
situation is determined by [11].

PEV,t2 =

{
PEV,max

(
1− e

−α.tc,r
tmax

)
+ PEV,t3 ; If tc,r < treq

PEV,max ; If tc,r ≥ treq
(21)

here, tc,r is the charging time after the restoration of the
power supply and tc,r = t2 − t4, the value treq is re-
evaluated considering the battery power status at hour t3.
Now, the power is not charged (PEV,req) by an EV due to
system failure is determined by

PEV,req =

{
PEV,max − PEV,t3 ; If t4 ≥ t2

PEV,max − PEV,t2 ; If t4 < t2
(22)

The energy not charged by an EV is determined by

EEV,req =

{∫ t2−t3
0

PEV,reqdt ; t4 ≥ t2∫ t4−t3
0

PEV,reqdt ; t4 < t2
(23)

The EV battery power status is given in Fig. 4 for different
conditions such as battery charging constant (α), different
battery initial power level and different charging rates.

2) V2G mode
In this mode, EVs inject power into the grid. The power
status during discharge at time t by a EV is given by

PEV,dis(t) = PEV,int.e
−β t

tmax − PEV,crit ; t ∈ [0, tava]
(24)

here, β = battery discharge constant.
PEV,crit = critical power level i.e., minimum level until
discharge of EV is allowed.
tava = duration of EV availability for discharge purpose.
The value of tava depends on the battery initial power status
and critical power level. If t reaches to tava then PEV,dis

becomes zero. Now, substitute these values in eq. (24)
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FIGURE 4. EV battery charge status (a) With different battery charging
constants (b) With different initial battery levels (c) With different charge rates

0 = PEV,int.e
−β tava

tmax − PEV,crit (25)

The above equation is simplified to get the tava and is as
follows

tava = − tmax

β
ln

(
PEV,crit

PEV,int

)
;PEV,crit < PEV,int

(26)

Total available power (PEV,ava) for discharge is given by

PEV,ava = PEV,int − PEV,crit (27)

An EV is starts discharging at t1 hour and system main
supply is restored at t2, now the total power injected by an
EV to the system is calculated by

PEV,inj =

{
PEV,ava ; if (t2 − t1) ≥ tava

PEV,int

(
1− e−β

(t2−t1)
tmax

)
; if (t2 − t1) < tava

(28)

Let’s consider, ts is the duration of power injected to grid.
The total energy injected is calculated by

EEV,inj =

∫ ts

0

PEV,int

(
1− e−β t

tmax

)
dt ; ts ≤ tava

(29)
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D. PV INTEGRATED CHARGING STATION
The solar rooftop PV system is integrated with CS and
called as PV integrated charging station (PVCS). The PVCS
mitigates the EV charging impacts on the distribution
system. The charging/discharging behaviour of PVCS is
different from conventional CS as PV systems are integrated
with CS. The PV integration enables the CS for its own
generation like prosumer. The charging demand for all EVs
connected in charge mode at time t is calculated [11]

Pcha,dem(t) =

Nc∑
i=1

P i
cha,req(t) (30)

Nc is the total EVs in charge mode. Pcha,req(t) is the power
requirement to charge ith EV at time t and is calculated by
using

P i
cha,req(t) =

{
P i
EV,maxe

−α
tc,i

timax ; If tc,i < tireq
0 ; If tc,i ≥ tireq

(31)

here, timax is the maximum time required for fully charging
ith EV. tc,i is the duration of ith EV charging since charging
started. tireq is the required time for ith EV to fully charge
under given initial condition of EV battery. P i

PEV,max is
the maximum battery capacity of ith EV.

The battery chargers in the PVCS are enabled to operate
in V2G mode. The V2G mode of the EVs will helps to
reduce the system load during the peak hours and this
feature also enables the EVs participation in the demand
response programs. The power injected by all the V2G mode
EVs at time t is calculated by

PV 2G,gen(t) =

Ns∑
i=1

P i
V 2G,inj(t) (32)

here, Ns is the total number of vehicles in the V2G mode.
The power injected (P i

V 2G,inj) by ith EV is calculated
by

P i
V 2G,inj(t) =

0 ; if td,i ≥ tava

P i
EV,inte

−β
td,i

timax ; if td,i < tava
(33)

here, P i
EV,int is the initial power status of ith EV. td,i is the

discharge time of ith EV since discharge started.
The output power from the rooftop PV system is de-

pends on the weather condition i.e., solar irradiance value
(as explained in section II-A). Hence, the PVCS power
requirement for charging EVs changes accordingly. The net
demand of PVCS is calculated by

Pcha,net(t) = Pcha,dem(t)− PV 2G,gen(t)− PPV (t) (34)

here, Pcha,net(t) is the net power demand of the PVCS at
time t. PPV (t) is the output power of the rooftop PV system
at time t.

The value of Pcha,net defines the mode of PVCS op-
eration i.e., charge and generation modes for positive and
negative values respectively.

E. COORDINATED CHARGING
Different parameters in charging stations are uncertain in
nature. The uncertain parameters in charging station include
EV charging, discharging, charging mode to driving mode
and PV output power. These parameters need to be coor-
dinated to satisfy the EV owner charging requirements and
balance the load on the distribution system. The flow chart
of the proposed coordinated charging algorithm is shown in
Fig. 5. The algorithm shown in Fig. 5 is applicable for both
normal and system failure conditions.

During system normal operating conditions, all the EVs
that are connected in the charge mode are charged seam-
lessly. But, charging rates are coordinated based on the
available PV output, load on the distribution system and
scheduled journey. The V2G mode EVs will inject the
power as per their scheduled plan. There is no unscheduled
injection of power from the EVs during normal operating
conditions because the main grid is available to meet the
charging and system load demand. However, charging and
discharging completely change during the system failures.
The main grid supply may not be available during the system
failures to meet the charging and system loads demand.
Only PV output and power from V2G mode are available to
meet the demand and hence, charging of EVs is prioritized
based on their current battery power levels and their journey
schedule. The journey schedule has direct impact on the
battery power level of EV need to keep before leaving the
PVCS. For example, the EV which is having a planned trip
within one hour has to keep the minimum required battery
level (Pmin) for its scheduled journey. This limit will enable
the PVCS to charge the vehicles which are not meeting
their minimum requirement. There is an unscheduled power
injection from V2G mode of EVs which are having more
battery power levels than required and are also subject to EV
owners’ willingness to participate in the unscheduled V2G
mode. This leads to the different power level constraints for
different EVs. If the EVs do not have a planned trip within
one hour then EVs are charged based on the critical battery
level i.e., PEV,crit. Fast charging is preferred for EVs those
batter levels are below the critical level otherwise standard
charging is preferred based on the available power.

III. OPTIMAL PVCS PLACEMENT
In this work, a new objective function i.e., EENC is pro-
posed which reflects the EV reliability and used along with
the system reliability index i.e., EENS. The PVCS place-
ment problems is formulated as a multi-objective problem
and solved using the multi-objective grasshopper optimiza-
tion algorithm. In this section, formulation of objective
functions, different constraints used during the optimization
and working of optimization algorithm are explained in
detailed manner.

A. OBJECTIVE FUNCTION FORMULATION
As charging of EVs adds some load to the distribution
system, on the other hand, V2G mode supplies power to the
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FIGURE 5. EVs charging and V2G strategy with solar rooftop units during a system failure

system. Hence, EVs are considered as special load on the
system which have generating capacity. It is a wise decision
to consider EVs reliability in the reliability analysis. In this
paper, the PVCS placement problem has two objectives i.e.,
improving the system reliability and EVs reliability.

In order to improve the system reliability, EENS is
considered as the objective function and is evaluated as
follows

EENS =

NL∑
j

ENSj (35)

ENSj =

NO∑
j

Ln,jUn,j (36)

here, NL= Number of load points. NO= Number of Out-
ages for jth load point. Ln,j=Load on jth load point during
nth outage. Un,j = outage duration for jth load point during
nth outage.

Index EENC is proposed in [11] to evaluate the reliability
of the EVs. The EENC is evaluated in two parts, Energy
loss during the charging mode (EENCcha) and energy
loss due to the unscheduled V2G mode (EENCV 2G). The

EENCcha is evaluated by

ENCi
cha =

Ni,c∑
k=1

Ei,k
EV,req (37)

EENCcha =

NVc∑
i=1

ENCi
cha (38)

here, ENCi
chr is the energy not charge by ith EV. Ei,k

EV,req

is the energy not charged by ith EV in kth interruption. Ni,c

is number of interruptions i.e ith EV charging is affected.
NVc is the total number of EVs effected due to system
failures.

The EENCV 2G is evaluated by

ENCi
V 2G =

Ni,d∑
k=1

Ei,k
EV,inj (39)

EENCV 2G =

NVd∑
i=1

ENCi
V 2G (40)

here, ENCi
V 2G is the energy loss of ith EV due to V2G

mode. Ei,k
EV,inj is the energy injected by ith EV during kth

interruption. Ni,d is number of interruptions i.e ith EV is
operated as unscheduled V2G. NVd is the total number of
vehicles operated in unscheduled V2G mode.
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Total EENC is determined by

EENC = EENCcha + EENCV 2G (41)

The objective of the system is to improve the reliability of
the system and EVs. The objective functions for optimal
PVCS placement are as follows

obj1 = min(EENS) (42)
obj2 = min(EENC) (43)

B. CONSTRAINTS
1) Operational constraints
The distribution system operation is subject to network
constraints such as voltage limits ad thermal limits which
are given by

V min
j ≤ Vj ≤ V max

j (44)

Ii ≤ Imax
i (45)

System stable operation is subject to power flow con-
straints such as generator active and reactive power limits
and power balance. The generator limits are given by

Pmin
i ≤ Pi ≤ Pmax

i (46)

Qmin
i ≤ Qi ≤ Qmax

i (47)

The power balance with EV charging is given by

PG = PD + Pcha,net + PLoss (48)

here, PG, PD and PLoss are the total power generation,
power demand and power losses respectively. Pcha,net is
calculated using eq.(34). Pcha,net is positive when CS needs
power from the distribution system means PVCS works as
a load to the system. Pcha,net is negative when PVCS has
surplus power and acts as a generator to the system.

There is no constraint on PVCS operating mode during
normal operating conditions because load is balanced by the
main grid. If main grid is not available due to failures, then
PVCS operating mode is very crucial to restore the load
by forming the microgrid Microgrids are formed with the
help of PVCS after isolating the faulted sections. However,
restoration of loads in the microgrid are subject to the mode
of PVCS operation i.e., the PVCS is must be in generation
mode. Mathematically, it is written by

Pcha,net < 0 (49)

2) EV charging and discharging constraints
The V2G mode EVs will inject the power until it reaches its
predefined minimum battery level for scheduled V2G mode
EVs under normal operating conditions. During system fail-
ures, some of the EVs that are in charge mode are shifted to
V2G mode. This V2G mode is called as unscheduled V2G
mode of operation. The charging rate must be decided based
on the availability of PV output and main grid. All this will

put certain constraints while charging and discharging of EV
batteries. The constraints are mathematically represented by

PEV,crit < PEV,pre ≥ a1 · PEV,max (50)
Pcha,net ≤ 0 (51)

PEV,pre ≥ a2 · PEV,max (52)
PEV,pre ≥ a3 · PEV,max (53)

here, PEV,pre is the present battery power level of the EV
that is connected to PVCS. a1, a2 and a3 are the percentage
of battery power predefined by EV owners and PVCS
operators.

Power injection during V2G mode is constrained by eq.
(50), EV is allowed to inject the power if and only if PEV,pre

is greater than the PEV,crit and a1 percentage of PEV,max,
here, a1 is defined by the EV owners. Fast charging of
the EVs is stopped completely and slow charging is also
stopped if eq. (51) is not satisfied. EV charging is shifted
from fast charging to slow charging if eq. (52) is satisfied
and charging is stopped if eq. (53) is satisfied. Eq. (51) is
the overriding constraint for both eq. (52) and eq. (53). The
charging constraints are applied during the system failures
and unavailability of main grid supply.

C. OPTIMIZATION TECHNIQUE
1) Grasshopper optimization algorithm
The Grasshopper optimization algorithm (GOA) [32] repli-
cates the swarming behaviour of grasshoppers in the natural
world, and its mathematical equations and formulas are
presented as follows. The position of the grasshopper is
expressed as

Xi = Si +Gi +Ai (54)

here, Xi is the position of the ith grasshopper. Si, Gi and Ai

are the social interaction, gravity force and wind advection
respectively.

The social interaction of the grasshoppers is modeled as

Si =

N∑
j=1,j ̸=i

s(dij)d̂ij (55)

where, N= total number of grasshoppers. dij= distance
between ith and jth grasshoppers and is calculated by
dij = |xj − xi|. d̂ij = unit vector of ith grasshopper and is
calculated by (xj − xi)/dij . s is the function that defines
the strength of social force and is expressed as

s(k) = fe−k/) − e−k (56)

here, f and l are the attractive intensity and length scale
respectively.

The gravity force is calculated by

Gi = −gêg (57)

where g = gravitational constant and êg = unity vector
towards the centre of earth.
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The wind advection is calculated by

Ai = uêw (58)

here, where u = constant drift and êw = unity vector in the
direction of wind.

Now, rewrite the eq.(54) by substituting the eq.(55),
eq.(57) and eq.(58)

Xi =

N∑
j=1,j ̸=i

s(|xj − xi|)
(
xj − xi

dij

)
− gêg + uêw (59)

Any stochastic algorithm has to perform exploration and
exploitation efficiently to solve the optimization problems
to get global optimum solution. Some special parameters
are integrated with eq.(59) to show the exploration and
exploitation in the optimization process. The mathematical
model is expressed as

Xi = c

 N∑
j=1,j ̸=i

c
UBd − LBd

2
s(|xj − xi|)

xj − xi

dij

+ T̂d

(60)

here, UBd and LBd are the upper and lower bounds of the
dth dimension respectively. T̂d is the value of dth dimension
target (best solution till now). c is a coefficient to shrink the
comfort area, repulsion area, and attraction area.

The value of c decreases with iterations and is evaluated
for each iteration. The mathematical expression for calcula-
tion of c is as follows

c = cmax − Iter
cmax − cmin

Itermax
(61)

here, cmax and cmin are the maximum and minimum values
of c respectively. Iter and Itermax are the current iteration
and maximum number of iterations respectively.

2) Multi Objective Grasshopper optimization algorithm
(MOGOA)
A multi objective algorithm basically has two goals i.e.,
firstly finding true pareto solutions and well distribution of
Pareto solutions across all objectives. This is mandatory in
the posteriori methods where decision making is done post
optimization. Multi objective has more than one objective
and hence, it is not possible to compare two solutions
using regular relational operations. In MOGOA, the Pareto
dominance is used to compare the solutions. The optimal
Pareto solutions are stored in an archive. The main challenge
is to choose the target which is the major component and
leads all the search agents towards the optimal solution. The
Pareto solutions are saved in the archive and target must
be one of them. While selecting the target, the number of
neighbouring solutions for each solution is calculated by
considering a fixed distance. The probability of choosing
ith solution as a target (pi) is calculated by

pi = 1/Ni (62)

here, Ni is number of solutions in the neighbourhood of ith

solution.
The target is selected with the help of probability and

a roulette wheel. This also improves the distribution of
solutions in the less distributed regions in the search space.
This also helps to avoids the premature convergence by
selecting the target from a crowded neighbourhood. The
limitation is kept in the number of solutions stored in
the archive to reduce the computational cost. When the
archive is full, some of the solutions in the crowded region
are removed to reduce the solutions in that region. This
process allows to accommodate the new solutions in the less
populated regions. This is achieved by taking the inverse of
pi and roulette wheel. The archive is continuously updated
by considering different cases, since, archive stores non-
dominated solution so any non-dominated solution is imme-
diately added to archive. If any outside solution dominates
the solution in the archive, then it must be replaced.

The flow chart of the proposed optimal placement of
PVCS is shown in Fig. 6.

The archive has all the non-dominated solutions. Final
decision should be taken after the optimization process ends.
In this work, the compromised solution is determined using
Euclidean distance method and Euclidean distance (ED) of
ith solution is calculated by

EDi =
√
Obj21,i +Obj22,i (63)

The compromised solution is selected which is having
minimum ED.

IV. RESULTS AND DISCUSSIONS
The proposed methodology is hypothetically applied on
a practical Indian distribution system. The serving area
of the distribution system 15 km2 which includes urban
and semi-urban areas in Silchar town, Assam India. The
pictorial representation of the system is shown in Fig. 7. The
distribution system is served by a single substation (33/11
kV) and a medium voltage (11 kV) the radial feeders. The
feeders are divided into different feeder sections and loads
of each feeder section is assumed to be concentrated at one
point called as load bus. The test system has total 60 buses
i.e., 59 load buses and one substation bus. Total of 6440 low
voltage consumers are connected to the system with a peak
demand of 17.45 MW and 5 medium voltage consumers
with a 10 MW contractual demand. The estimated vehicles
in the serving area are 3864 which gives approximately 0.6
vehicles per consumer. The substation capacity is assumed
to be upgraded to meet the new EV charging load. To
simplify the analysis of PVCS impact on the distribution
system, the load on the distribution system is considered as
constant for reliability analysis.

The basic idea of PVCS is to utilize the rooftops of the
buildings to install solar PV systems and integrate to the
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FIGURE 6. Flow chart for placement of PVCS using MOGOA

FIGURE 7. Test distribution system

charging station. The PV output from the different buildings
is pooled and connected to the distribution system at a par-
ticular bus. The PVCS is distributed and controlled centrally
which removes the need of higher land requirement at single
place as it is very tough to get in the urban areas. In this
work, three different EV penetration levels are considered
i.e., 35%, 50% and 60% for PVCS placement. The charging
station is installed within the residential area, so that parking
area of residential building is used for the same purpose.
The system operators also allowed the EV owners to install
slow charging ports at their homes if PVCS is not available
near to their house. The charging of the EV depends on
several parameters such as initial battery level, duration of
travel, arrival time etc. In this work, initial battery levels are
randomly generated by considering PEV,cri as lower limit
and PEV,max as upper limit. The travel distance and arrival
times are assumed arbitrarily. The arrival times are ensuring
the number of vehicles connected to PVCS at any instant.
The charge requirement is evaluated with the help of travel
distance and charging mode is decided based on the initial
battery level, required battery level. The percentage of EVs
in different modes in a typical day is shown in Fig. 8.
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FIGURE 8. Percentage of EVs in Charging, discharging and driving mode

The system reliability is evaluated using Monte Carlo
simulation. The distribution system component failures are
randomly simulated and repair and replacement timings are
generated randomly for each component failure. Only EENS
value is used to describe the system reliability. The solar
irradiance data is collected from [33] for a year and the
same data is used to generate the solar PV output power for
one year. The solar PV output power for a typical day is
shown in Fig. 9 and the output power is mentioned in p.u
values.

In this work, total five PVCSs are simultaneously placed
to improve the system reliability and EVs reliability as
well which means PVCS placement is solved as multi-
objective problem. The PVCS placement problem is solved
using a multi-objective Grasshopper optimization algorithm
(MOGOA) for different EV penetration levels. The effec-
tiveness of MOGOA is compared with multi-objective ant
lion optimization (MOALO) algorithm. The population size
and maximum iterations are taken as 30 and 50 respectively
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for both the algorithms for all the conditions. To simplify
the results discussion, different cases are considered which
are given below

1) Base case: In this case, the system reliability is eval-
uated without EV charging and rooftop PV systems.

2) Case 1: Five EV charging stations are simultaneously
placed without rooftop PV systems.

3) Case 2: In this case, five PVCSs are simultaneously
placed in the distribution system.

The EENS value for base case is 83.91 MWh. The pareto
optimal solutions for case 1 and 35% EV penetration level is
shown in Fig. 10 for different algorithms. The compromised
solutions are found using eq.(63) and illustrated in the Fig.
10.
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FIGURE 10. Pareto optimal solutions for case 1 with 35% EV penetration

The values of objective functions and CS locations for
compromised solution is given Table 1 for both algorithms
and 35% EV penetration level. From the Table 1, it is ob-
served that 2 CS are placed at same locations with both the

methods and remaining are placed at different locations. The
MOGOA giving better reliability as compared to MOALO
algorithm. However, there is not a much difference with
EENS value and considerable difference is found in EENC
values. EENC is better with MOGOA algorithm.

TABLE 1. Optimal solution for case 1 with 35% EV penetration

EENS EENC CS locations
MOGOA 78.723 16.41 7, 16, 26, 38, 53
MOALO 78.889 17.81 7, 20, 29, 36, 53

The observations from the Table 1 are as follows, the
EENS value is reduced by 6.18% and 5.98% with reference
to base case for MOGOA and MOALO respectively.

The pareto optimal solutions for case 2 and 35% EV
penetration level is shown in Fig. 11 for different algorithms.
The compromised solutions are found using eq.(63) and
illustrated in the Fig. 11.
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FIGURE 11. Pareto optimal solutions for case 2 with 35% EV penetration

The values of objective functions and PVCS locations and
size for compromised solution is given in Table 2 for both
algorithms and 35% EV penetration level. One of the PVCS
location is same as case 1 for both the methods. In case, total
3 PVCS are placed at same locations for both the algorithms.
The total installed capacity of solar PV systems is 29.3
MW and 28.1 MW for MOGOA and MOALO algorithms
respectively. The EENS is better with MOALO as compared
to MOGOA but EENC is highly compromised.

TABLE 2. Optimal solution for case 2 with 35% EV penetration

EENS EENC PVCS locations PVCS Size (MW)
MOGOA 72.24 14.527 13, 16, 32, 44,

53
8.8, 5.3, 9.5, 1.9,
3.8

MOALO 70.732 22.551 13, 19, 32, 37,
53

6.9, 3.7, 5.7, 8.4,
3.4

The observations from the Table 2, are as follows, the
EENS value is reduced by 13.9% and 15.7% with reference
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to base case for MOGOA and MOALO respectively. The
EENC value is reduced by 11.52% and increased by 26.61%
in case 2 as compared to case 1 for MOGOA and MOALO
respectively.

The detailed EV reliability evaluation and energy injected
by EVs in different conditions are given in Table 3 for both
case 1 and 2. The EENC has two components i.e., due to
not charged and unscheduled energy injection (V2G mode).

TABLE 3. Comparison of EENC with 35% EV penetration

EENC Not Charged V2G (Unscheduled ) Total
Case 1 MOGOA 9.588 6.824 16.413

MOALO 13.355 4.459 17.814
Case 2 MOGOA 9.852 4.674 14.527

MOALO 15.555 6.996 22.551

As observed from Table 3, EENC value is reduced in
case 2 with MOGOA but increased with MOALO algorithm.
The component of not charged has negligible increment in
case 2 for MOGOA, whereas, considerable increase is found
with MOALO algorithm. In case 1, the unscheduled energy
injection is more with MOGOA algorithm and reduced in
case 2. However, unscheduled energy injection is increased
in case 2 with MOALO. The MOGOA shown it’s superiority
in improving EENC.

The energy injection in V2G is shown in Table 4 for both
the cases and algorithms. The scheduled injection is same
in case 1 with both algorithms. In case 2, PV output helped
the EVs to inject more energy from the scheduled V2G
mode. In case 2, scheduled injected energy is more with
MOALO algorithm. The more scheduled injected energy
helped to improve the system reliability which is observed
in Table 2, where, MOALO algorithm giving better EENS.
The unscheduled energy injection is reduced in case 2
with MOGOA, whereas, increased with MOALO algorithm.
The less unscheduled energy injection improved the EENC
which is witnessed in Table 2.

TABLE 4. Energy injection of V2G mode with 35% EV penetration

Energy Injected Scheduled Unscheduled Total
Case 1 MOGOA 3.859 6.824 10.684

MOALO 3.859 4.459 8.319
Case 2 MOGOA 7.776 4.674 12.451

MOALO 13.207 6.996 20.204

The change in EENS and EENC is given in Table 5
for 35% EV penetration and MOGOA algorithm. The ’-’
and ’+’ denotes decrease and increase of values in case 2
respectively. The reduction in EENC is more as compared
to EENS. The scheduled energy injection is drastically
increased whereas, unscheduled energy injection is reduced
in case 2. Overall, injected energy is increased and the
unscheduled component of it is decreased. It is a clear indi-
cation that PV integration with charging station is improving
system reliability as well as EV reliability.

TABLE 5. Comparison of reliability for 35% EV penetration for MOGOA

Reliability Case 1 Case 2 Change (%)
EENS 78.723 72.24 -8.2
EENC Not charged 9.588 9.852 +2.7

V2G (Unscheduled) 6.824 4.674 -31.5
Total 16.412 14.527 -11.4

Energy Scheduled 3.859 7.776 +101.4
Injected Unscheduled 6.824 4.674 -31.5

Total 10.684 12.451 +16.5

The PVCSs are optimally placed by considering 50% and
60% EV penetration levels without changing the distribution
system load and the system outage conditions remain same
as 35% EV penetration level. The MOGOA is used for the
PVCS placement. The reliability values, optimal locations
and sizes are given in Table 6 for case 2. From the Table 6,

TABLE 6. Optimal solution for case 2 with 50% and 60% EV penetration

EV
Level

EENS EENC PVCS locations PVCS Size (MW)

50% 72.782 23.813 13, 19, 28, 33,
53

10, 9.7, 5.4, 3.7,
1.1

60% 76.192 24.522 11, 16, 28, 34,
52

7.5, 9.0, 9.2, 6.0,
5.8

it is observed that system reliability is reduced considerably,
whereas, EV reliability is reduced less comparatively. The
PV installed capacity is 29.9 MW and 37.7 MW for 50%
and 60% EV penetration level respectively.

The different components of EENC value are given in
Table 7 for 50% and 60% EV penetration levels. It is found
that there is no considerable difference between both the
components i.e., not charged and unscheduled V2G mode
values.

TABLE 7. EENC values for 50% and 60% EV penetration

EV Level Not Charged V2G (Unscheduled ) Total
50% 18.18 5.632 23.813
60% 18.842 5.68 24.522

The energy injection by V2G mode of EV under different
condition is given in Table 8. From the Table 8, it is found
that changes in scheduled and unscheduled energy injection
is negligible while changing the EV penetration level from
50% to 60%.

TABLE 8. Energy injection of V2G mode for 50% and 60% EV penetration

EV Level Scheduled Unscheduled Total
50% 13.741 5.632 19.374
60% 13.485 5.68 19.166

The comparison of reliability and total PV installed
capacity for three EV penetration levels is given in Table
9. The relative change of EENS is higher if EV penetration
level is increased. But at the same time, the relative change
in EENC is less with increased EV penetration level. From
35% to 50%, total installed PV capacity with charging
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station doesn’t change much. Whereas, a drastic change is
found from 50% to 60%.

TABLE 9. Reliability and PV installed capacity for different penetration
levels

EV Level EENS EENC PV capacity (MW)
35% 72.24 14.527 29.3
50% 72.782 23.813 29.9
60% 76.192 24.522 37.7

The rooftop required for 1 MW solar PV system is 5
acres. The serviceable area of the studied distribution system
is 3706 acres (15 km2). The 60% EV penetration requires
190 acres of rooftop which is approximately 5.1% of total
serviceable area of the distribution system.

V. CONCLUSION
In this paper, multiple solar rooftop PV integrated charging
stations are optimally placed in the distribution system for
reliability benefits. Along with the system reliability index,
EV reliability index is also considered as an objective for
PVCS placement. A novel index for EV reliability i.e.,
expected energy not charged (EENC) is developed and used
as an objective function. Hence, the PVCS placement prob-
lem is solved as a multi-objective problem using MOGOA
and results are compared with MOALO algorithm. The
PVCS are hypothetically placed in a practical distribution
system and 0.6 vehicles per consumer are considered. Three
different EV penetration levels are considered for impact
analysis while keeping system load constant. The reliability
is compared with and without PV integration to the charging
stations. The V2G mode (scheduled & unscheduled) has
improved the system reliability in case 1 as this mode works
as generating mode. The integration of rooftop solar PV
systems in the charging station further improved the system
reliability and EV reliability as well. The contribution of
not charging EVs in EENC has negligible change with PV
integration whereas unscheduled V2G mode contribution
is reduced and leads to improving the EV reliability. The
energy injection from the scheduled V2G mode is increased
with PVCS and contributed in improving system reliability.
The system reliability is reducing with increase of EV pen-
etration level. The relative change in EENC is less at higher
penetration levels as compared to lower penetration levels.
The area required for installing rooftop solar PV system is
approximately 5.1% of distribution system serviceable area
which is very well possible limit.

The proposed methods are easily scalable to apply for
large and complex systems. In this work, tariff rates for
charging and V2G mode of EVs is not considered. The
participation of EVs is fully based on the minimum battery
levels predefined by EV owners. However, if time of use
tariff are applied then this will encourage the EV owners
to participate in V2G mode during high tariff durations and
charge their EVs during low tariff durations. The impact of
time of use tariff has to be analysed in the future works.
The use of fuel cells as DG is increasing in recent time and

it is very interesting to analyse the impact of fuel cells and
PVCS on the system and EV reliability.
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