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Abstract: Large-scale electric vehicles (EVs) connected to the micro grid would cause many problems. In this paper,
with the consideration of vehicle to grid (V2G), two charging and discharging load modes of EVs were constructed.
One was the disorderly charging and discharging mode based on travel habits, and the other was the orderly charging
and discharging mode based on time-of-use (TOU) price; Monte Carlo method was used to verify the case. The scheme
of the capacity optimization of photovoltaic charging station under two different charging and discharging modes with
V2G was proposed. The mathematical models of the objective function with the maximization of energy efficiency, the
minimization of the investment and the operation cost of the charging system were established. The range of decision
variables, constraints of the requirements of the power balance and the strategy of energy exchange were given.
NSGA-II and NSGA-SA algorithm were used to verify the cases, respectively. In both algorithms, by comparing with
the simulation results of the two different modes, it shows that the orderly charging and discharging mode with V2G is
obviously better than the disorderly charging and discharging mode in the aspects of alleviating the pressure of power
grid, reducing system investment and improving energy efficiency.
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adopt the following two approaches. Firstly, the

1 Introduction

With the widespread use of electric vehicles
(EVs), the problem of the construction and planning
of charging infrastructure brought by EV have
drawn more and more attention from various
countries [1]. At present, most of the energy for the
primary side of the electric power system is still
generated by coal, and the environmental pollution
caused by EVs connected to the power grid through
infrastructure is not lower than that of traditional
cars. In order to solve this situation, we mainly

renewable energy power generation system should
be vigorously developed,
capacity of the power grid of renewable energy
should be enhanced [2]. Secondly, the connection
between renewable energy power generation system
and charging facilities is directly established, which
can realize the local consumption of renewable
energy through micro-grid [3]. As the renewable
energy has the characteristics of uncertain output,
the second method is mainly used to optimize the
capacity allocation of the micro-grid.

In addition, for EVs, using the V2G

and the absorption
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technology [4], the relatively reasonable
time-of-use (TOU) price is established to attract the
masses of the EV users through the charge and
discharge of the distribution network to achieve for
grid peak “cut”, which not only let the EV users to
obtain certain benefits, but also can make the
operation of the power grid be more stable [5, 6].
Therefore, in order to enable EV users to make
better use of existing resources, it is particularly
important to optimize the capacity allocation of
charging stations [7].

The optimization of capacity allocation has
been studied at home and abroad. LIU et al [8] took
a typical independent microgrid as the research
object, the multi-objective optimal capacity
configuration model considering the economic
efficiency, reliability, and environmental
protection was established. Strength pareto
evolutionary algorithm 2 (SPEA2) was proposed to
solve the complex characteristics of the
optimization model. The rationality and the
effectiveness of the algorithm were further verified
by an example. HUAN et al [9] presented a
multi-objective optimization model for capacity
optimization of solar and wind energy components
in large-scale photovoltaic/wind power systems.
The algorithm was used to solve the proposed
model and obtain the exact solution. The results
showed that the stability of wind power generation
was more reliable than that of solar power
generation. In Ref. [10], considering the uncertainty
of load forecasting, market price errors and the
uncertainties related to the variable output power of
wind based distributed generation (DG) units,
NSGA-II combined with fuzzy set theory is used to
solve the combinatorial problem consisting of
distribution system reconfiguration, capacitor
allocation, and renewable energy resources sizing
and siting simultaneously. In Ref. [11], a method of
optimizing the storage capacity of direct current
(DC) micro-grids considering the randomness of
photovoltaic (PV) and load was proposed to
maximize the local absorption of renewable energy.
Based on the K-means algorithm, the engineering
selection basis of PV and storage capacity in DC
micro-grid system was given, and its economic
benefit was evaluated.

However, the  capacity  configuration
optimization problems that need to be considered
when EVs with V2G behavior participate in the

energy flow of charging stations have not been
deeply analyzed in the most of the projects. Most
studies only illustrated the advantages of the
integrated approach in terms of the operation effect,
economic benefit and network structure of the
system in an integrated way, but failed to solve the
optimization problem of each component unit in the
charging station containing photovoltaic power
generation system. Considering environmental and
economic benefits comprehensively, in the planning
of photovoltaic charging stations, the proportion of
photovoltaic power generation in the charging
energy of EVs should be increased as much as
possible. On the other hand, the cost of construction
and operation should be reduced as much as
possible. At the current photovoltaic costs, the two
are essentially contradictory. Therefore, the
problem of multi-objective optimization should be
solved.

Based on this, this paper first introduces two
charging and discharging modes, and Monte Carlo
method is used to simulate the charging and
discharging load curves of the two modes. Secondly,
under the two different charging and discharging
modes, NSGA-II and NSGA-SA intelligent
optimization algorithms are utilized to optimize the
capacity configuration of photovoltaic charging
stations. The results can provide a solution for the
capacity configuration of the photovoltaic charging
station to obtain the maximum energy efficiency
with the lowest system cost.

2 System structure of photovoltaic
charging station

The photovoltaic charging station studied in
this paper includes central control unit, energy
storage system, solar power generation system,
charging and discharging parking space of EVs,
multiple groups of DC/DC converter modules,
AC/DC, DC/AC converter modules and converter
distribution network modules, as shown in Figure 1.

3 EV charging and discharging load
model

For the charging and discharging load
mathematical mode of EVs entering the charging
station of photovoltaic EVs, in order to reduce the
load burden of the power grid, it is necessary to
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Figure 1 PV charging station system structure diagram

consider the “load shifting” for the power grid. In
order to guide citizens to participate actively in the
process, the corresponding policies should be made
to enable citizens to get the maximum benefits in
the process of participation. Therefore, the paper
mainly takes private electric vehicle as the object of
the research. Under the influence of TOU price of
power grid, Monte Carlo method is adopted to
simulate the daily load power curve of EVs.

3.1 Monte Carlo method

Monte Carlo method, or computer stochastic
simulation method, is a calculation method based
on random numbers. The flowchart of charge and
discharge load calculation based on Monte Carlo
method is shown in Figure 2.

3.2 Daily range of EVs

Generally, the daily mileage of private electric
vehicles is mainly determined by users’ behavior
habits and daily needs. According to the US
Department of Transportation survey of private
electric vehicles in the United States in 2001, the
daily mileage of EVs is approximately lognormal
[12], and its probability density function, fi, is
shown in Eq. (1):

(lnd —Hy )2
203

(1)

Ja= 1 €Xp
V2ndoy

where 4 is the expected daily mileage, us=3.2; o4 is
the standard deviation of daily mileage, 64=0.88;
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d is the daily driving range of EVs, km.
Figure 3 shows the probability distribution of
daily mileage of EVs.
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Figure 3 General distribution of daily mileage of EVs

3.3 Charging and discharging load model of EVs
in disordered charging and discharging
mode

3.3.1 Charging load model

Without consideration of TOU price, the EV
starts to be charged after the return of the last trip.

The initial SOC and the probability density function

of the initial charging time [13] are as follows:

SOC, :[1-i}100% )
dn
i 2
1 (tx_/u)
ex , u—12<t, <24
\N2no P 202 } a
£t)= | ; 3)
1 t.+24—-u
ex al , O<t <u—12
\N2no P 202 } A

where di, is the maximum daily driving range of the
EV after it is fully charged; # is the starting time of
charging; u is the expected value of charging start
time, u=17.6; o is the standard deviation of the start
time of the charge, 0=3.4.

Assuming that the EV adopts the constant-
current and constant-voltage charging mode, the
charging duration time is as shown in Eq. (4):

1-S0C, xC,
f=| ——1""n 4
| ( ok ] 4

where G, is the capacity of lithium battery; P; is the
charging power; k1 is the charging efficiency.
3.3.2 Discharging load model

It is assumed that EV starts to discharge as
soon as it arrives at the charging station, and

EV adopts the constant-current-constant-voltage
discharge mode, and then the initial SOC [13] and
duration of discharge are as follows:

S0C, :[1—611}100% (5)
SOC, xC,

1y =| 22 6

{300 ©®

where P, is the discharge power; ; is the discharge
efficiency.

For the initial discharge time, it is assumed
that the EV user arrives at the working point at
9 o’clock and leaves at 16 o’clock. It is also
assumed that the EV parking at each time during
the unit period is uniformly distributed. Then the
probability density function [13] at the starting of
discharge can be obtained, as shown in Eq. (7):

Fte)= % tr€[9, 16]

0, £ €[0, 9)U(16, 24]

(7)

where #r is the starting time of discharge.

3.4 Charging and discharging load model of EVs
under orderly charging and discharging
mode

3.4.1 TOU price mode

In order to improve the load curve in the peak
and valley period of the power grid, the part of the
load in the peak period will be transferred to the
valley period. TOU price can be used to attract EV
users to actively respond to the load shifting
strategy. The mathematical model of TOU price

[13] is as shown in Eq. (8):

pga te[tgla th]
Pr(s)= Pr> tE[Zfla tf2] (8)

P> Otherwise

where pg, ps, pp are the valley price, peak price and
peace price, respectively, and pg<pp,<ps; tfi, tf> are
the beginning and end of peak electricity price,
respectively; tgi, tg» are the beginning time of
valley electricity price and the end time of valley
electricity price, respectively; the rest of the time is
flat price.
3.4.2 Charging load model

Assuming that the daily mileage of private
electric vehicles is not affected by TOU price, the
charging time of owners who respond to TOU price
[13] is as shown in Eq. (9):
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where f is the charging time of private electric
vehicles in TOU price mode; rand( ) is the random
number in the interval of [0, 1]; #,1 is the starting
time of valley electricity price; #g is the end time of
valley electricity price; At is the duration of valley
electricity price, Ati=tg>—1g1.
3.4.3 Discharge load model

In order to make the owner obtain more
benefits in the peak and valley segment as far as
possible, the initial discharge time of the owner
who responds to TOU price [13] is as shown in
Eq. (10):

t o +rand(At, —t4), 0=t <At
_{fl 27l 4=A80h (10)

ha= t1, g > At

where #4 is the starting discharge time of private

electric vehicles under TOU price mode; # is the

starting time of peak electricity price; ¢ is the end
time of peak electricity price; At; is the duration of
peak electricity price, Aty=tfr—tfi.

3.4.4 Charging and discharging load calculation of
EVs in different charging and discharging
modes
In order to calculate the load model of EVs

under the above two charging and discharging

modes, it is assumed that the number of private
electric vehicles entering the photovoltaic charging
station on a certain day is one hundred. The
parameters of the private electric vehicles are as
follows. Lithium battery capacity is 35 kW-h,
within a day of conventional charging and
discharging, the fast charging and discharging mode,
and fast charge power is 28 kW. The fast charging
efficiency is 0.9, and fast discharge power is 20 kW.

The fast discharge efficiency is 0.85. Every hundred

kilometers power consumption quantity is 20 kW-h.

Monte Carlo method is used to simulate the

charging and discharging load models of the EVs

entering the charging station.

The charging and discharging power of EVs at
each moment in the disorderly charging and
discharging mode can be obtained, as shown in
Figure 4.

Under the disorderly charging and discharging
model, the charging power is positive and the
discharging power is negative. From the load curve,
under the state of EV charging, the charging load of

300
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Figure 4 Charging and discharging power of EV at each
moment under disorderly charging and discharging mode

the private electric vehicles starts to rise at
10 o’clock. That is, EVs gradually enter the
charging station for charging. At 20 o’clock, the
charging power reaches the maximum, and the
maximum charging load is about 250 kW.
Meanwhile, at 13—21 o’clock, most EVs enter the
charging station for charging. At 11 and 16 o’clock,
the discharge power reaches the maximum, and the
maximum discharge load is about 200 kW. At the
same time, from 10 to 17 o’clock, most of the EVs
enter the charging station and discharge.

The charging and discharging powers of EVs
at each moment under the orderly charging and
discharging mode are shown in Figure 5.

Under the orderly charging and discharging
mode, the charging power is positive and the
discharge power is negative. From the load curve,
in the charging state of EV, private electric vehicles
mainly enter the charging station at 0—10 o’clock

200

-*-Charging power
— Discharge power

100 - /5 * X

=100 -

=200

Charge and discharge power/kW

00 1 1 | 1 1

00:00 00:04 00:08 00:12 00:16 00:20 00:24
Time

Figure 5 Charging and discharging power of EVs at each

moment under orderly charging and discharging mode
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and 22-24 o’clock, and the maximum charging
load is about 180 kW. Under the state of EV
discharge, private electric vehicles mainly discharge
at the charging station from 10—19 o’clock, and the
maximum discharge load is about 290 kW.

Through the above comparison, it can be seen
that under the disorderly charging and discharging
model, the charging load is mainly concentrated at
the time of 13—21 o’clock. But this time is also the
peak period of power consumption of the power
grid, which undoubtedly increases the burden on
the power grid. In the orderly charging and
discharging mode, the charging load is mainly
concentrated in the low period of power
consumption, namely 0—10 and 22—24 o’clock. The
maximum charging load under the disorderly
charging and discharging model is nearly 70 kW
more than that under TOU price which is adverse to
the optimization of system capacity configuration.
Therefore, under the orderly charging and
discharging mode, the charging and discharging
power of EVs at each moment can better play the
role of load shifting for the distribution network.

4 Mathematical model
allocation optimization

of capacity

4.1 Multi-objective evolutionary algorithm
NSGA-II
Multi-objective evolutionary algorithm

NSGA-II is an algorithm that adopts both elite
retention strategy and multiple protection methods
[14, 15]. The performance and the efficiency are
better than traditional evolutionary algorithm. This
method not only reduces the computational
complexity, but also has the characteristics of fast
operation and good convergence of solution set.
The flowchart of solving the model based on
NSGA-II optimization algorithm is shown in
Figure 6.

4.2 Multi-objective
NSGA-SA
The local searching ability of the genetic
algorithm is not strong and easy to fall into the local
optimal While annealing
algorithm can effectively avoid falling into the local
optimal solution during the search process. A
hybrid algorithm (NSGA-SA) with  good
convergence and stability can be obtained by

evolutionary algorithm

solution. simulated

combining the genetic algorithm with the simulated
annealing algorithm [16]. The flowchart of solving
the model based on NSGA-SA optimization
algorithm is shown in Figure 7.

4.3 Objective function

Under the premise of satisfying the demand of
charging and discharging in the station, the
designed objective functions [17] are as follows: the
total investment of the system and the minimum
operation cost, most energy efficient are as shown
in Eq. (11):

minCy =min(Cp,, +Cy, +Cyo; +Cyer +

Cdc3 +Cad +Cg)
(1)

8760
AR

max EUR =max 100%

8760
ARG

where Cs is the total cost of the system; Cpv, Ch,
Cact, Ca2, Cac3, Cag, Cg are the total cost of solar
panels, total cost of energy storage module, total
cost of photovoltaic converter module, total cost of
charging module, total cost of energy storage
converter module, total cost of grid-connected
converter module and total electricity charge
purchased from the power grid, respectively [17];
P.i(?), Pq(?) is the charging power of the EV and
the power absorbed from the grid at time,
respectively.

c,, =N, c, e+, (12)
A+r)" -1
n(1+1)"
Cdclszclcc# CNdcl (14)
(I+7)" -1
r(1+7)"
Cac2 =Naea d% dNge, (15)
(I+7)" -1
n(1+7)"
Cdc3 :NdCSCe%'i_eNdﬂ (16)
(I+7)" -1
(1+7)"
Ca :NadCf%"'fNad (17)
(I+7)" -1
8760
Co=Cut, [ R(D=Pn(0) it (18)

where Nyv, No, Nact, Nac2, Nac3, Nad are the number of
solar panels, energy storage cells, photovoltaic
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Figure 6 Flowchart of solving model based on NSGA-II optimization algorithm

converter modules, charging and discharging
modules, energy storage converter modules and
grid-connected converter modules, respectively; C,,
Gy, Ce, Cy, Ce, Ct, Cg are the unit price of solar panel,
energy storage cell, photovoltaic converter module,
charging module, energy storage converter module,
grid-connected converter module and price of
purchasing power from grid, respectively; a, b, ¢, d,

e, f are the unit prices of corresponding
maintenance and operation costs; m is the system
life; 7o is the discount rate; d is the proportion of
energy of energy storage battery eliminated each
year in total energy storage; P.i(f), Pn(f) are the
power absorbed and released by the EV to the
distribution network and the power released by the
EV to the charging station, respectively.
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4.4 Constraints
4.4.1 Constraints for each decision variable

For a certain city, the annual sunshine pattern
and the distribution of charging and discharging
power demand are fixed each year. Therefore, the
decision-making variables of the photovoltaic
charging station system are as follows: PV module
inclination 6, solar panels number N, PV converter
modules number Ny, charging modules number
N2, energy storage converter modules number N3,
energy storage battery number M,
percentage S, and ambient temperature 7.

0°<0<90°

0<Npv Sva.max

0= Ny £ Ngel max

0<Nye2 SNy max

0<Nye3 < Nge3.max (19)
0<Ny <Ny max

0<Nyg <Nyg max
0<85<1

0°<T <40 °C

sunshine

where types of Npv.max, Naclmaxs Ndc2max, Nde3.maxs
No.max, Nad.max are determined by the actual situation.

4.42 Power balance constraint that satisfies
charging and discharging requirements

At any time 7, the PV power Pp.(f) absorbed by
the charging station system, charging and
discharging power P,i(f), Pun(f), energy storage
charging discharge power Py(f), absorbing power
Pgi(?) from the distribution network and releasing
power Pg(t) are in equilibrium.

When the energy storage battery is in charging
state:

By (DX + B (0)/ X gy = B,y ()] X gy + By (1) X g3

When the energy storage battery is in
discharging state:

B0/ X g =By () X g1 + B (1) X g3 + B2 (1) X e

4.5 Mathematical model of energy exchange

strategy

The power balance relationship of the system
should meet the following requirements.
4.5.1 Energy storage system in charging state

D) NgesFacs 2 By (DX py + By () Xy =Py (1) X g
that is, when the sum of the photovoltaic power and
the power released by the EV to the charging
station is only enough to provide charging power to
the energy storage system, the charging power of
the energy storage system and the absorbed power
to the distribution network are shown as follows:

R(0)=(B (DX, + B (1) X gy =By (0] X ger) X e
P,(1)=0

2) NaesFacs <Py (0 Xy + B (0)/ X gey =By ()] X g3
that is, the sum of the photovoltaic power and the
power released by the EV to the charging station
can be supplied to the energy storage system for
charging, and then the residual energy can be
supplied to the power grid. At this time, the
charging power of the energy storage system and
the absorbed power to the distribution network are
shown as follows:

By(1)=Ny3Fye3
Py (0)==(By ()X py + B (1)) X gy =By (0)/ X 4o —
Pb(t)/XdCS)Xad

4.5.2 Energy storage system in discharge state

1) Ndc3Pdc3 anl(t)/XdCZ _%V(I)va _E12(t)/Xdc29
that is, when the power of energy storage system
and photovoltaic power generation can meet the
charging demand of EV, the charging power of the
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energy storage system and the absorbed power to
the distribution network are shown as follows:

Ry(0)=—(By(0)/ X g2 =By (DX py =P (1) X 42 ) X g
F,(1)=0

2) NyesPacs <Py () X gz =By () X, =Py ()] Xy,
that is, when the energy storage system does not
discharge, and the photovoltaic power is
insufficient to meet the charging demand of EV, the
charging power of the energy storage system and
the absorbed power to the distribution network are
shown as follows:

{Pbm=o

Fy(0)=(F (1) X e = By (D Xy =Py () X 4e2) Xog
5 Example analysis
To wverify the above algorithms and

optimization model, in a certain area (115°43'E,
36°30'N), taking an area of 2000 m* of PV charging
station planning as an example, the capacity
allocation optimization, including solar panels, can
provide the maximum power of 220 kW. The
formula of radiation amount in this region can be
quoted from Refs. [18, 19], and the power of
photovoltaic modules in this region can be quoted
from Ref. [20]. The optimization model, NSGA-II
and NSGA-SA algorithm are programmed and
solved by software MATLAB. In the program, the
population number N, is set to 100; the maximum
number of iterations is 200; the crossover
probability is 0.9; and the mutation probability is
0.1. The photovoltaic charging station is equipped
with 80 charging piles. Conventional charging
methods are adopted. The rated power of a single
charging pile is 10 kW. The rated capacity of the
battery is 1000 kW-h, and the maximum discharge
depth is 70%. The rated power of the DC-DC
converter module is 200 kW. Both AC-DC and
DC-AC converter modules are rated at 560 kW.

The upper and lower limits for the decision
variables should be determined according to the
actual situation. For a photovoltaic charging station,
the upper limit of the decision variables, 6, Ny, Naci,
N2, Nae3, No, S, T are respectively /2, 2500, 100,
36, 25, 100, 1, 40 °C. The lower limit are 0°, 0, 0, 0,
0, 0, 0 °C. The other system parameters are shown
in the attached table in the appendix. The system is
simulated and solved to obtain the Pareto optimal

solution frontier under different charging and
discharging modes of EVs, as shown in Figure 8.

The Pareto solution set can provide decision-
makers with much useful information on energy
efficiency and system investment, operation cost,
which are in conflict with each other. Therefore, in
order to objective
comprehensive decisions, decision makers need to
consider all aspects of factors comprehensively and
fully dig out the information contained in Pareto.

As can be seen from Figure 8, the total
investment and operation cost of the system
increase with the increase of energy efficiency, and
the two objects cannot reach to the optimal value at
the same time. Based on the NSGA-II algorithm, by
comparing the optimization results under the two
modes, the energy efficiency under the orderly
charging and discharging mode is higher than that
under the disorderly charging and discharging mode
under the same total investment of the system and
operating cost, and the energy is more fully utilized.
This indicates that under the orderly charging and
discharging mode, energy efficiency is not only
improved, but also the total investment of the
system and the operating cost are reduced, which
will bring more benefits to the charging station. In
order to further verify the conclusion, NSGA-SA
algorithm is added as a comparison to prove the
reliability of the above results.

In addition, in the same mode, comparing with
NSGA-II, NSGA-SA the same energy efficiency
can be achieved by using fewer modules and costs .
However, the obtained solution set is relatively
scatter, and it is basically concentrated in low
energy utilization and low cost areas.

Simulation of the system can be obtained as
shown in Table 1 (disorderly charging and
discharging mode is based on NSGA-II), Table 2
(the orderly charging and discharging mode is
based on NSGA-II), Table 3 (disorderly charging
and discharging mode is based on NSGA-SA),
Table 4 (the orderly charging and discharging mode
is based on NSGA-SA) capacity configuration
optimization scheme.

From the above table, the values of the
parameters of each variable of the system can be
obtained under the condition of different energy
efficiency of the charging station, so as to provide
data reference for the capacity configuration of the
charging station. Based on NSGA-II and NSGA-SA

make more and more
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Figure 8 Pareto optimal solution frontier under different charging and discharging modes: (a) NSGA-II two-objective

optimization results (disorderly charging and discharging mode); (b) NSGA-II two-objective optimization results

(orderly charging and discharging mode); (c) NSGA-SA two-objective optimization results (disorderly charging and

discharging mode); (d) NSGA-SA two-objective optimization results (orderly charging and discharging mode)

Table 1 Optimum solutions (disorderly charging and discharging mode is based on NSGA-II)

Parameter angle/(%) photovoltaic

Number of Number of

Number of

Number of  Number of
photovoltaic charge and energy storage  energy  Sunshine Cost/  Temperature/

cells converter and converter ~ storage percentage 10000 yuan °C
modules modules batteries
10% 665.00 29.00 7.00 38.00 0.31 136.54 39.30
EUR 30% 1643.00 55.00 15.00 60.00 0.37 240.04 30.40
50% 2463.00 86.00 21.00 92.00 0.65 304.48 17.70

Table 2 Optimum solutions (orderly charging and discharging mode is based on NSGA-II)

Number of Number of

Number of

Number of  Number of
photovoltaic charge and energy storage  energy  Sunshine Cost/  Temperature/

Parameter photovoltaic converter and converter  storage percentage 10000 yuan °C
cells -
modules modules batteries
10% 553.00 22.00 5.00 34.00 0.31 99.12 37.30
EUR 30% 1526.00 47.00 12.00 54.00 0.37 195.49 27.30
50% 2358.00 76.00 17.00 87.00 0.65 242.12 16.10
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Table 3 Optimum solutions (disorderly charging and discharging mode is based on NSGA-SA)
Number of Number of Number of  Number of Number of
The best . photovoltaic charge and energy storage energy  Sunshine Cost/  Temperature/
Parameter o photovoltaic . o
angle/(°) cells converter  discharge and converter storage percentage 10000 yuan C
modules modules modules batteries
10% 38.26 650 27 6 6 35 0.21 123.97 39.2
EUR 30% 38.26 1532 50 12 13 59 0.25 206.87 30.1
50% 38.26 2371 83 22 21 90 0.49 280.30 17.9
Table 4 Optimum solutions (orderly charging and discharging mode is based on NSGA-SA)
Number of Number of Number of  Number of Number of
The best . photovoltaic charge and energy storage energy  Sunshine Cost/  Temperature/
Parameter o photovoltaic . o
angle/(°) cells converter  discharge and converter storage percentage 10000 yuan C
modules modules modules batteries
10% 38.29 548.00 21.00 9.00 4.00 32.00 0.21 98.52 37.10
EUR 30% 38.29 1432.00 43.00 18.00 12.00 50.00 0.25 171.23 26.90
50% 38.29 2270.00 73.00 27.00 16.00 82.00 0.49 218.11 15.80

algorithms, in the orderly charging and discharging
mode, the number of photovoltaic cells,
photovoltaic converter module, as well as the
energy storage battery and energy storage cells
decreases, while the number of energy storage
conversion modules increases. The results show
that by comparing with the disorderly charging and
discharging mode, this mode can provide more
energy for EV charging and reduce the cost.
Moreover, it can be seen that the number of devices
used in the orderly charging and discharging mode
is less than that in the disorderly charging and
discharging mode. Because in the orderly charging
and discharging mode, EVs can provide more
energy to the grid during the peak period of the
grid’s power consumption, which can reduce the
number of photovoltaic cells and photovoltaic
converter modules. At this time, the grid is just at
the peak of the power consumption. Therefore, the
energy supplied by the EVs to the grid can be
directly transmitted to the grid for secondary use
without having to store it in the energy storage
battery, so the number of energy storage batteries
and energy storage converter modules is also
reduced. Moreover, energy
efficiency, the simulation results using NSGA-SA
algorithm are better than that using NSGA-II. From
the above factors, the scheme under the orderly
charging and discharging mode with V2G is more

under the same

suitable for the capacity configuration optimization
of photovoltaic charging stations.

6 Conclusions

In this paper, the load models of two different
charging and discharging modes with V2G are
firstly constructed. Due to insufficient consideration
of the travel habits of EV users, the disorderly
charging and discharging mode has not been
established corresponding to the TOU price mode.
As a result, parking time is free for travelers, but
the corresponding user cost is also increased. The
Monte Carlo method is used to simulate the
example to verify that the orderly charging and
discharging model can play a better role in
“peak-load shifting” for the power grid. Two
multi-objective  optimization  algorithms are
introduced. Through the introduction of energy
exchange strategy and the
objective function, the mathematical models of
photovoltaic charging station capacity allocation
optimization are established. Finally, an example is
given to verify that under the comparison between
two different algorithms and two different charging
and discharging modes. The optimization results of
NSGA-SA are better than NSGA-II. However, the
solution sets are relatively dispersed, most of which
focused on low cost and low energy efficiency,
which can not well represent the high cost and
energy efficiency. In conclusion, from the above
comparison, the orderly charging and discharging
with V2G can bring the maximum benefits to the
grid and reduce the power consumption pressure.

establishment of
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Nomenclature

Solar panel unit price, Co/ 0.04
(10000 yuan-kW ™)

PV battery life, m/year 20

PV array efficiency, Xpv/% 21

PV converter module (single-track 10

DC/DC) rated power, Pp/kW

Photovoltaic converter module 0.95

Price, C/10000 yuan

Price of energy storage battery, 0.3

C/(10000 yuan-kW ™)

Energy storage and variable current 1.2
module price, C/10000 yuan

Rated power Py/kW of energy storage and 10
converter module (bidirectional DC/DC)
Efficiency of energy storage and converter 90
Module X4c2/%

Charge and discharge module price 2
C4¢/10000 yuan

Power battery charging and discharging 10
module (bidirectional DC/DC) rated

power Py/kW

Efficiency of charging and discharging 93
modules, Xq:3/%

Grid-connected converter module 0.95
C¢/(10000 yuan-kW )
Grid-connected converter module 91
Efficiency Xad/%
Discount rate, 7y 0.06
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