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Abstract:

In this article focused on design of fast electric vehicle charging station to satisfy the EV
consumer demand with the help of renewable energy sources like solar energy and wind
energy etc. Renewable energy sources have uncertainty so that to enhance the reliability
of EVCS used a battery accumulator. The reliability of EVCS is modeled based on loss of
power supply probability (LPSP). This research proposes a strategy for sizing an off-grid
hybrid microgrid (MG) system to meet a certain demanded load requirement. The hybrid
MG is made up of a solar photovoltaic (PV) system, a wind turbine (TW), and a battery
storage system (BSS). The MG system's reliability is modelled using the chance of power
supply failure.
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1. Introduction
The global push towards sustainable energy and electrification of transport has
accelerated the need for reliable off-grid electric vehicle charging infrastructure. This
study focuses on designing an off-grid EVCS powered by renewable sources such as solar
and wind [1], [2]. Integrating these renewable energy sources can reduce reliance on
fossil fuels, though it introduces challenges due to their variability. To ensure system
reliability, an energy storage system (ESS) is included, allowing the system to store
surplus energy for periods when generation does not meet demand. However, improper
sizing of charging station components may result in higher charging station cost and low
reliability. For example, an oversized solar may increase the charging station investment
cost and decrease system stability due to its irregular nature of power production. The
deployment charging infrastructure is the pre-requisite for the spread of electric
vehicles. A well-established charging network increases vehicle mile using electricity,
relieves range anxiety and reduces inconvenience concerning charging process [3]. In
the upcoming years, the electric vehicles population increases exponentially, due to the
squandering of oil and the environmental impact associated with its use. So, the main
problem with EVs development is the lack of charging infrastructure [4]. Because of
power level electric vehicle charging station categorized in fast charging station,
moderate charging station and slow charging station [5]. Every EV consumer has the
option to charge their electric vehicle at home i.e. slow charging station but the charging
time is large. To make EV user friendly, it is very necessary to install fast charging station
in which charging time very less near about to 15 minutes. The demerits of fast charging
stations are the high-power requirement and its impact on grid [6]. If the EV charging
depends upon grid this may be extra burden on electrical grid and cannot fulfil
sustainable development goal of EV. Renewable energy sources-based generation is
priority to develop charging infrastructure and according to availability and potential in
geographical region [7]. Among all renewable energy sources, solar and wind power
sources are more popular in microgrid development. Renewable energy is irregular in
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nature, which is climate dependent, but the crossing of the two sources can be ridden
from this problem. Furthermore, an energy storage system helps to improve system
stability [8]. The solar power is primary source supply in the system. The WT is used as
secondary source to support the load when solar power generation is low. And ESS is
used as a backup power support to the system when both the sources cannot handle the
load demand.

Due to the waste of oil and the environmental impact of its use, the number of electric
vehicles (EVs) is anticipated to rise enormously over the next few years [9]. Because of
this, there is a propensity for coordinated action to lower urban pollution and
greenhouse gas emissions. The lack of adequate infrastructure for charging EVs is now
one of the biggest issues facing EV development [10]. Owners of electric vehicles (EVs)
can charge them at home, but it takes a while. Fast-charging stations, which can fully
charge an EV battery in around 15 minutes, must be installed to support the development
of electric vehicles. The increased power demand and its impact on the grid, in contrast,
are the drawbacks of quick charging. Renewable energy sources and energy storage
devices can be put in place in these stations to solve this problem. The demand models
used to build EV charging stations have been very simple, with a constant demand and
load profile [11]. These load profiles don't consider when each car starts and stops
charging. Instead, they are just an average number for each hour. Demand models with
constant demand and load profile have been utilized in the design of EV charging
stations. These load profiles only represent an average for each hour and do not consider
the start and end times of each vehicle's charging. There are more sophisticated models
for how EV charging stations work [12]. However, improper sizing of charging station
components may result in higher charging station cost and low reliability. For example,
an oversized solar may increase the charging station investment cost and decrease
system stability due to its irregular nature of power production. Various reviews of
studies about the appropriate system design for an EV station installation and its
operation [13].

2. Mathematical Modeling of Electric Vehicle Charging Station
The variable to be found in the charging station design problem consists of the optimal
number of chargers and power capacity of chargers, the installed capacity of renewable
generation (solar and wind) and energy of the batteries. Figure-1 illustrates the
proposed topology of electric vehicle charging stations.
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Figure-1: Proposed topology for electric vehicle charging station.

2.1 EVload demand

This demand for EVs is contingent not only on the quantity of electric vehicles that visit
the charging station but also on the storage capacity of their batteries and the degree to
which they are charged. However, we must also consider that the charging station has a
limited number of chargers, and that if a customer arrives at the station and there is none
available, they will leave the charging station because there are no available. Electric
vehicles depend upon the battery capacity as well as state of charge of EV battery.
Charging station capacity decides on the flowing of electric vehicle arrival and battery
SOC level. But I have considered that finite number of chargers. When vehicles arrive at
the charging station and no charges are free, but still there are infinitely waiting
positions. This type of model is called Erlang C queueing model or M/M/n/oo. The EV
load profile decides the needs of power supply from hybrid renewable energy system.
The EV load portraits are dynamically modelled according to required power at times t.
In off- grid hybrid microgrid based EV charging station load is the driver. In figure shows
that an example of a per hour daily EV charging station load demand for the different
electric vehicles arrives at the charging station, With the help of monte Carlo simulation
method. The EV load depends upon the type of vehicle arrives at the charging station and
arrival and departure time of vehicle. The first step to determine when each vehicle
arrives at the station, also corresponding to the initial soc. The second step is to find out
the departure time of vehicle.

3h(x) =1 —e %X

SOC(E: 9,0) = g~ (InE—9) €]

E0V2m
As previously mentioned, the first stage is to model the demand for Evs at the charging

station. The number of electric vehicles that arrive at the charging station, as well as its
capacity and state, all affect this EV demand for their battery power. However, we also
take into account that the billing station has a limited number of chargers, so when a
customer comes at the station and there aren’t any available charges, he or she will
depart the charging station This kind of system is comparable to an Erlang B. M/M/c/c,
often known as the queueing model. Identifying the arrival time of each vehicle is the
first stage at the charging station. This can be modelled as a modulated Poisson
procedure. The different types of EV battery capacity given in table-1.

Table-1: Different EV battery capacity

Electric vehicle | Battery capacity e Accumulated
types (KWh) ACLELT () Probability (%)
E-bikes 4 0.238 0.238
Small car 15 0.332 0.57
Large car 24 0.268 0.838
E-bus 60 0.162 1
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In the first step of the EV charging station modeling, we consider the arrival of electrical
vehicles (EVs) at the station, which depends on the flow of EVs and the state of their
batteries. The system has a finite number of chargers, and if all chargers are occupied, a
customer arriving consumer will leave the station. This system can be represented using
an Erlang B queuing model or M/M/c/c. To determine the arrival times of EVs, a
modulated Poisson process is used. The time passed between two consecutive vehicle
arrivals follows an exponential distribution, where Ah represents the average arrival
time for each hour h. The arrival times are simulated using the sequential Monte Carlo
method, generating a sequence of random numbers. In the second step, the energy
required to charge the batteries of arriving vehicles is calculated. The battery capacity is
associated with the vehicle type, which includes motorbikes, cars, and vans. The battery
capacity is determined using a discrete distribution based on registration data. The state
of charge (SOC) of the battery is modeled using a lognormal distribution with parameters
u and o, where E represents the initial SOC. In the third step, the charging time for each
vehicle is calculated using a simplified equation that considers the battery capacity and
SOC. This equation provides an estimation of the charging time based on a constant
power load assumption. The vehicles are then distributed among the available chargers
based on their charging time. If all chargers are busy when a new vehicle arrives, it will
not wait and will be lost. This is because charging periods are usually relatively long, and
consumers tend to move to the next charging station if all chargers are occupied. Figure-
2 illustrates EV the hourly load demand for a day.
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Figure-2: Hourly load demand for a day

Finally, considering the fast-charging power and the number of chargers supplying
power, the total demand of the EV station is calculated by summing the power demands
of all charging stations.

2.2 Solar PV System

The solar PV system is the main source of power supply in EVCS, the output power is
estimated with equation (2) based on irradiance and temperature at time t sec and
regulation of the PV module is given by (3) [14].

Ppy(t) = ns. As. G(t) (2)
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ns=nSTC.nMPPT[1-a(Tc-Tstc)] (3)

where, As is solar panel area in (m2), G(t) is the total solar irradiance in (W/m2), ns is
the efficiency of solar PV array, nSTC is the reference efficiency of the PV cell at standard
temperature condition (STC), nMPPT is the efficiency of the maximum peak power
tracker, Tc is the PV cell temperature in (°C), Tstc is reference temperature of the PV cell
at STC (25 °C) and a is the temperature coefficient of the PV cell.

2.3 Wind turbine model
The output expression of a WT in terms of ambient wind speed can be obtained by a
piecewise function [15].

—ng—vvc)i) Ve SV <,

r—Vci

P(U) - Pr VySU<V (4)
0 V<V OT V> Vg

Where Py, (v) is wind turbine generator output with ambient wind speed v, P, is power
of wind turbine at rated speed and v, is cut in wind speed ,v,,is the cut-out wind
speed and vr is rated wind speed.

2.4 Battery storage system

Energy storage-system can supply power to electric vehicle charging stations when there
is deficiency of electricity & ESS can store power it totally depends upon the state of
charge of battery. The discharging and charging energies of the ESS at a time can be
obtained [16], [17], [18], [19].

2.5 Reliability model
Whenever the EV load demand requirement is greater than power supplied through PV,
WT and storage system for a t hour. This put the system in the loss of power supply (LPS)
scenario [20], [21]. Loss in the power supply (LPS) is expressed in equation (5)

LPS(t) = PEV_LOAD(t) - [ PPV(t) + PWT(t) + PESS(t)]. nconv  (5)
Where nconv is the efficiency of converter.
The loss of power supply probability (LPSP) is defined as the ratio of sum of power
failure time to sum of total EV load.
_ _ZioLPS(®)
LPSP = oo, D) (6)
In other words, a reliable electrical power system has a low probability of losing power
supply and has enough power to meet the load demand for a specific duration (LPSP)
[22]. If the hybrid system (PV array, wind turbine, and battery storage) is unable to meet
the load requirement, LPSP is the likelihood that there will be an inadequate power
supply.
It is a feasible measure of the system performance for an assumed or known distribution
of load. A LPSP of 0 means the load will always be satisfied; and an LPSP of 1 means that
the load will never be satisfied. Loss of power supply probability (LPSP) is a statistical
parameter; its calculation is not only focused on the abundant or bad resource period.
Therefore, in a bad resource year, the system will suffer from a higher probability of
losing power. Table-2 provides the key parameters of the PV, WT, and energy storage
system (ESS) used in this study.

Table-2: Parameters of system components
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Parameter Value
Max power 255W
Efficiency at STC 15.7%
Length 1.64 m

PV Data Width 0.99 m
Capital Cost $ 0.80/W
Operation Cost $0.04/W
Lifetime 25 yr
Rated Power 1500 W

Wind turbine Data  Cut- out wind speed 17 m/s
Rated wind speed 12 m/s
Capital Cost $0.67/W
Operation cost $0.1005/W
Lifetime 20 yr
Charging efficiency 80%
Discharge efficiency 100%

BSS Data Capital cost $0.15/Wh
Operation cost $0.015/Wh
Lifetime Syr

2.6 Particle Swarm Optimization (PSO)

Particle swarm optimization is first introduced in 1995 through Kennedy and Eberhart.
A concept of optimization technique based on population of swarms. The optimization
of EV residential stations is nonlinear and stochastic problem, for that a heuristic
technique will be appropriate [23]. Particle swarm optimization (PSO) will be employed
to address our problem in this research. It's a heuristic technique for simulating the
social behavior of swarm animals like birds and fish. The search for the best solution by
randomly presenting candidate solutions in a wide search space defined by velocity and
position, and the particles iteratively update their position based on their own and the
flock's experiences. Figure-3 illustrates the flow chart of the modified PSO. The update is
done as follows:

Vil =wx V4 = rl(Pbest - Xéc) + C * rz(Gbest - Xé() )
XEH = X[+ vt (8)
Where, V is particles velocity, X particles position, Pbest is the best position of the
particle, Gbest is the best position of the swarm, C1 and C; are the weight of local and

global information respectively, r1 and r2 are random variables, w is the inertia weight.
In this study, consider swarm size is 100, no. of max iteration is 1200, C1= C2 =2, w =0.9.
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Figure-3: Flow chart of modified PSO

3. Problem Formulation

The EV fast charging station considered in this study to replenish the batteries of EV
customers and employed hybrid renewable energy sources such solar PV system, wind
turbine, etc. coupled with stationary battery storage units to improve station
dependability and profitability. The variables in renewable energy based electric vehicle
charging stations are the number of solar PV panels, number of wind turbines, capacity
of stationary battery storage unit and total power rating of chargers.
The objective function that minimizes the total investment cost of EVCS, which is the sum
of capital cost and maintenance cost of the off grid electric vehicle charging station over
a life span of 20 years. Also minimize the solar PV panel, wind turbine and storage unit
capacity based on depth of discharge (DOD) of storage unit and loss of power supply
probability (LPSP).
The objective of the optimization problem is to minimize the total investment cost of
hybrid energy based electric vehicle charging station is expressed by equation (9)

Min f (Npy, Nwr, Egss) = Cpv.Npv + Cwr.Nwr +Cgss. Ess 9
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Cov = (Cllp +T.C5)). Pey (10)
Cwr = (CHL+T.CH).Pyr (11)
Cpss = Clap + Rpss.Chyp + (T — Rpss — 1).C55° (12)

Where Npy is the number of PV panels; Nwr is the wind turbine; Egss is the total storage
capacity of BSS unit. Cpy and Cwr are the total costs of solar PV and WT respectively; Cgss
is the cost of per/Wh of BSS; Ctyy, Ctay, and CE35 are the capital costs of the Solar PV,

WT and BSS respectively; Cf,’,‘,’, C',;';,T and Cfgs are the operating cost of Solar PV, WT and
BSS respectively; Rggs is the expected number of BSS replaced over the life span of
project. T is the life span of project, i.e. 20 years in this case. All the charges of charging

station are included in capital and operation cost from the installation to operation.

3.1 Constraints
The optimization problem is also subject to some constraints:
Power balance in the charging station (13) [24]. Each hour, the sum of the photovoltaic
and wind energy generated, and the energy discharged from the batteries is equal to
power supplied to electric vehicle charging stations.
Py (t) + Pyr(t) + Ppss(t) — Py,,,,(t) =0 (13)
Loss of power supply probability should be less than set value of loss of power supply
probability to make system more reliable.
LPSP < LPSPg,;
Limit of PV power supplied by panels. The power generated by the solar PV panel is
always less than the installed capacity.
Ppy min < Ppy(t) < Ppy max
Limit of WT power generation. The power generation through wind turbines is always
less than installed capacity.
Pyt min < Pwr(t) < Pwr max
Energy balance
Egss 0y = Epss(t) = Egss (storea)
BSS stored energy and power limits.
Egssmin < Epss(t) < Epssmax
Epssmin = (1 — DOD). Egss max
Limit of storage in BSS

Esoc < Egssinst

4. Results and Discussion

The modified PSO is used to minimize total system cost, while taking different LPSP
values for system reliability. The results were compared with enhanced GA [25]. The
comparison between two strategies is shown in table-3. The effect of depth of discharge
(DOD) on the dc fast charging station is shown in table-4. It is found that the optimal size
proposed charging station is 170 solar panels, 5 wind turbines with 220 kWh of energy
storage for the minimum total 20 years based on the desired operation and reliability
constraints with 60% DOD and LPSP less than or equal to 0.10. Figure-4 and Figure-5
illustrate the solar irradiance, ambient temperature of the year. The hourly wind speed
of the year is shown by figure-6. All data were obtained from the Typical Meteorological
Year (TMY) dataset. These values were used to determine the output power of the
photovoltaic (PV) and wind turbine (WT) systems. Figure-7 illustrates the estimated
hourly load demand.
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Figure-6: Hourly wind speed of the year (m/s)
Hourly Load Demand for the Year (W)
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Table-3: Comparison of two optimization techniques

GA PSO
No of trials 106,635 75,604
Computational time 172 (min) 116 (min)

Table-4: Results of optimal sizing of EVCS

DOD=0.8 DOD=0.7 DOD=0.6 DOD=0.5
Npv 162 166 170 175
Nwr 5 5 5 5
Ppy 41.3 KW 42.33 KW 43.35 KW 44.62 KW
Pwr 7.5 KW 7.5 KW 7.5 KW 7.5 KW
BSSkss 220 KWh 220 KWh 220 KWh 220 KWh
Total cost $270996.00 $272628.07 $274260.00 $276300.00

5. Conclusions
This study proposes a novel approach for sizing photovoltaic (PV), wind turbine (WT),
and battery storage system (BSS) hybrid off-grid microgrids based EV charging station
using a particle swarm optimization (PSO). All approaches yielded identical outcomes
under identical conditions, validating the suitability of the PSO for optimal EVCS sizing
and the feasibility of our proposed method for sizing PV/WT/BSS hybrid off-grid
charging stations.
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