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Abstract. Charging stations deployment is an important problem in Electric Vehi-
cle (EV) networks. The distribution of EV is complicated in urban environments.
Therefore, reasonable location deployment will avail to reduce construction costs
and improve user experience. Aim to this, this paper comprehensively considers
the cost of charging stations and the charging costs of EVs. Studied the charg-
ing station location, charging station capacity and the optimization algorithms for
charging station location, and proposed a method for estimating the optimal loca-
tion and optimal capacity allocation of EV charging stations. Firstly, this paper
uses the Voronoi diagram to divide the service range of the charging stations,
then uses the differential evolution algorithm combined with the particle swarm
optimization algorithm (DEIPSO) to solve the charging station location model,
and finally consider the residence time of EV in the charging station, use queuing
theory to solve the charging station capacity allocation model. The experimental
results shows that DEIPSO can better jump out of the local optimum and achieve
the global optimum; the proposed model can plan the charging station on the basis
of fully considering the total charging costs of charging stations and EVs.

Keywords: EV - Charging stations - Location - Capacity allocation - DEIPSO
algorithm

1 Introduction

1.1 Background and Motivation

At present, the related research of EV charging stations at home and abroad mainly
focuses on the following aspects: (1) Research on Location Model of Charging Station.
Mehmet, C.C. et al. [1] believe that the optimal deployment location of the charging sta-
tion is closely related to the number of EVs and traffic density in the planning area, and
propose to use data mining methods to estimate the optimal location of the charging sta-
tion; Johannes, S. et al. [2] solve the problem of user’s charging difficulties, considering
the user’s charging habits and propose a method for selecting the location of the charging
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station; Bi, R. et al. [3] considered the influence of different vehicle owners’ charging
behavior and established multiple models for comparative analysis. The results showed
that the vehicle owners’ charging behavior will have a greater impact on the simulation
results, so on this basis, optimize the location of the charging station; Phonrattanasak, P.
[4] under the constraints of the distribution network and traffic restrictions, the planning
model of charging station is established by considering the total cost of fast charging
station and the total loss of distribution network. (2) Research on the charging station
capacity allocation model. To meet the charging needs of EVs, the vehicles do not con-
sider the problem of waiting in line when charging. Some research scholars determine the
number of chargers in charging stations by calculating the maximum charging demand
within the service range of charging stations [5—7]; by considering the queuing problem
of EVs during charging, some researchers have proposed to use the method of queu-
ing theory [8-10] to establish the capacity allocation model of charging stations. (3)
Research on the algorithm for solving the location model. Mehar, S. et al. [11] added a
new operator to the traditional genetic algorithm to estimate the optimal location of the
charging station. The improved genetic algorithm can prevent the algorithm from prema-
turely converging and improve the efficiency of the algorithm; Han, F.J. [12] combined
Voronoi diagram with traditional particle swarm optimization algorithm to improve the
optimization effect and optimization speed of the algorithm; because the traditional parti-
cle swarm optimization algorithm is easy to fall into the local optimum, some scholars [5,
6, 13] combined Voronoi diagram with improved particle swarm optimization algorithm
to further improve the optimization speed of the algorithm.

1.2 Challenges and Our Solution

EVs have become an important part of the new energy development strategy, and is
the development direction of new energy vehicles. The construction of EV charging
stations is a prerequisite for the development and popularization of EVs. Due to the
relatively high construction cost of charging stations and the large amount of land and
power resources they occupy, the development of charging stations is relatively slow.
The layout of the charging stations that have been constructed is unreasonable in space
and has a great blindness. The unreasonable deployment of charging stations will affect
the urban transportation network planning, increase the driving costs of vehicles, and
make it difficult for operators to make profits or even lose money. Whether the planning
of EV charging stations is reasonable will directly affect the number of EVs used and
the improvement of service levels.

The above literature has important guiding significance for the planning of charging
stations, but them ignores that the location of EV charging stations will affect many
aspects, which in turn will not be conducive to the development of charging stations, and
different location optimization algorithms solving the location problem of the charging
station is also a key part, the quality of the selection algorithm is directly related to the
accuracy of the final optimization result. Therefore, in the location and capacity model of
the charging station, this paper comprehensively considers the actual influencing factors
in real life, and considers the number of EVs, the charging behavior of users, the cost
of building stations and operating costs of charging stations in different regions, and
proposed the location and volume model of EVs charging station. On the basis of the
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traditional particle swarm optimization algorithm is easy to fall into the local optimal,
proposing a differential evolution particle swarm optimization algorithm (DEIPSO) to
verify the feasibility of the model.

1.3 Paper Structure

The rest of the paper is organized as follows: Sect. 2 introduces the prediction model of
EV charging demand points in the planning area. Section 3 introduces the mathematical
model of EV charging station location. Section 4 introduces the mathematical model
of EV charging station capacity allocation and objective function. Section 5 introduces
the constraints in this model. Section 6 introduces the DEIPSO algorithm. Section 7
introduces the simulation scenarios of the experiment in this paper. Section 8 introduces
the simulation results of the model in this paper. Section 9 summarizes the paper.

2 Division of Charging Demand Points

Charging demand is the number of EVs that need to go to the charging station for
charging in a certain area and time. The charging demand is closely related to the traffic
density. In areas with charging demand, the traffic density near the area will also increase.
Therefore, the service capacity of the charging station should match the traffic density
of the corresponding area to meet the charging needs of EVs as much as possible. EVs
are located in most areas of the city, and vehicles will go to the nearest charging station
to charge without the guidance of charging. Therefore, in this paper, the planning area
is divided into several smaller areas [14], and each small area is a charging demand cell.
Nie, Y. et al. [15] proposed that in any area, traffic flow is conserved for a period of time.
According to this conclusion, it can be assumed that the number of EVs in each small
area remains unchanged, so for the convenience of calculation, the geometric center of
each cell is regarded as a charging load point, according to the number of EVs at each
charging load point, calculating the charging demand of each cell.

3 Mathematical Model of EV Charging Station Location

The construction of the charging station not only needs to consider the construction cost
of the charging station, but also needs to consider the driving cost of EVs. This paper
mainly considers the fixed construction cost of the charging station, the annual operating
cost and the charging satisfaction of EV users, and establishes a mathematical model for
the location of EV charging stations, as shown in Eq. (1).

1
TotalCost = CSC + —— (D
¢ (vj. di)

In Eq. (1), TotalCost is the total cost; CSC is the construction cost of the charging
station; @ (v;, dj;) is the EV user satisfaction.
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The construction cost of the charging station is composed of the fixed construction
cost and the annual operating cost of the charging station, as shown in Eq. (2).

CSC =) fus(NDRz + ues(Ny) 2
The fixed construction cost f,s of the charging station is shown in Eq. (3).
Jes(Ni) = Wi + qiN; + m; 3)

In Eq. (3), W; is the fixed investment cost of each charging station; g; is the construc-
tion investment cost related to the charger in the charging station; m; is the investment
cost related to the transformer in the charging station; NV; is the number of charging piles
in charging station i.

By reading a large number of references and combining the simulation environment
of this paper, the annual operating cost of the charging station is shown in Eq. (4).

ues(N;) = 0.1fe5(Ny) “4)
Rz is the discount factor of the charging station as shown in Eq. (5).

ms
R; = % (5)
(1 +rr)
In Eq. (5), rr is the discount rate and ms is the depreciation period of the charging
station.
EV user satisfaction: EV user satisfaction indicates the evaluation of the charging
station by the EV users at the charging station, as shown in Eq. (6).

1

= (6)
VIC + VTE + CSL

o (vj» dy)

In Eq. (6), VTC is the cost of the travel time for EVs to reach the charging station;
VTE is the cost of energy consumption for EVs to reach the charging station; CSL is
the cost of waiting time for EVs at charging station, and the size of the function value
indicates the satisfaction of the EV user with the charging station.

In this paper, consider the non-linear coefficient of urban roads to calculate the
distance traveled by EVs, as shown in Eq. (7).

D,‘j = )Lij * Vij * dlj (7)

In Eq. (7), A;; is the non-linear coefficient of the urban road from the demand point j
to the charging station #; y;; is the reentry coefficient of the EV journey from the demand
point j to the charging station i; d; is the linear distance from the demand point j to the
charging station i.

d”‘j

Py
) dlj

®)

The minimum value of A;; is 1, and the smaller the A;;, the more convenient the traffic
between the two points.
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The time-consuming cost of an EVs in road is shown in Eq. (9).

365 BrimeNc <ZieCS j€lcp pnle:/)

Vi

VIC = (€))

In Eq. (9), Brime is the time cost of EVs; p is the daily fast charging probability of
EVs; n; is the number of EVs at demand point j; v; is the average driving speed of EVs;
N, is the number of daily charging of EVs, as shown in Eq. (10).

_ Eypm * k

10
battery (10)

In Eq. (10), Eqj, is the energy consumption of EVs; k is the daily mileage of EVs;
battery is the battery capacity of EVs.

The cost of energy consumption for EVs to reach the charging station is shown in
Eq. (11).

VIE = 365mNC<ZieCS ZjeCD ”jDijElkm> (1D

In Eq. (11), m is the electricity price in the planned area.

4 Mathematical Model of EV Charging Station Capacity Allocation

When an EV is charging at a charging station, if the charging station does not have an idle
charging pile, it needs to wait in line for service. Queuing theory is through statistical
research on the arrival and service time of service objects, to obtain statistical laws of
quantitative indicators such as waiting time, queue length, and length of busy period,
and then to improve the structure of the service system or reorganize the service objects
according to these laws. So that the service system can meet the needs of the service target,
but also can make the organization’s expenses the most economical or some indicators
are optimal. The planning of the number of charging piles for EV charging stations
is to meet the charging needs of EVs and to optimize the economics of the charging
station. Therefore, this paper uses the queuing theory multi-service desk model (M/M/S)
to establish charging stations capacity allocation model. In the queuing system of the
charging station, the arrival time of EVs follows the negative exponential distribution
with the parameter A, and the service time of each service desk is independent of each
other, with the negative exponential distribution with the parameter . The average queue
length L of the EV at the charging station is shown in Eq. (12).

_ PopNipy,
= 0P PN
Ni!(l _'ONi)2

In Eq. (12), Py is the probability that all charging piles in the charging station are
idle, as shown in Eq. (13).

—1
_ Nl‘—l Ion pN,'
Po = [ano AT pN,.)} (13

+p (12)
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In Eq. (13), n is the number of EVs.

=L =2 (14)
" Ny N
The residence time of the EV at the charging station is shown in Eq. (15).
W= (1s)
A

The cost of the waiting time of an EV at a charging station is shown in Eq. (16).

1
CSL = 365ByimeN, (Ziecs Zje o <Ws - ;)) (16)

The objective function of this paper is shown in Eq. (17).
Cost = min(TotalCost) a7

In Eq. 17, Cost is the lowest cost considering the cost of the charging station (con-
struction cost, annual operating cost) and the cost of the EV (road travel time cost, energy
consumption cost, waiting time cost at charging station).

5 Model Constraints

The number of charging piles in each charging station is constrained by Eq. (18).
Ni,min =< Ni = Ni,max (18)

In Eq. (18), N; min is the minimum number of charging piles included in the charging
station; N; juqy 1S the maximum number of charging piles included in the charging station.
The distance constraint between charging stations is shown in Eq. (19).

Dmin = lej <2x Dmin (19)

In Eq. (19), Dy, is the minimum distance between two charging stations.
The distance constraint from the charging demand point to the charging station is
shown in Eq. (20).

max(D,-j) < Dyax (20)

In Eq. (20), D;;4x is the maximum service radius of the charging station.

In order to avoid the long queue of EVs at the charging station and ensure the stability
of the queuing system, the arrival rate of EVs must be less than the product of the service
rate of the charging station and the number of charging piles, as shown in Eq. (21).

L < uN; 21
The residence time limit of EVs at charging stations is shown in Eq. (22).
WS S Ws—max (22)

In Eq. (22), Ws_nax is the maximum residence time of the EV at the charging station
(Ws—max = 40 min).
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6 Location Algorithm Analysis

6.1 Voronoi Diagram

Voronoi diagram is composed of a set of continuous polygons formed by a set of vertical
bisectors connecting two adjacent points. In the Voronoi diagram, the distance from
any point within a polygon to the control points that constitute the polygon is less than
the distance to the control points of other polygons. In this paper, assuming that the
coordinates of the charging station are control points, using these control points to draw
a Voronoi diagram, the service area of the charging station can be divided.

6.2 Improve Particle Swarm Optimization

The particle swarm optimization searches the search space in parallel through a group of
initialized groups, and realizes the evolution of the population through the competition
and cooperation between individuals in the population. Fewer parameters need to be set,
and the operation is simple.

In particle swarm optimization, each particle represents a potential solution to the
problem, and the fitness of the particle is judged by the fitness function. The initial value
of the particle swarm is a group of random particles, and the optimal solution is found
according to the iteration. In each iteration, the particle updates its position and velocity
according to the individual optimal value and the global optimal value. The particle
velocity update formula is shown in Eq. (23).

Vi =wx* Vi + c1r1 (Ppess — X1) + c2r2(8pest — X1) (23)

In Eq. (23), w is the inertial weight; c; ¢; is the learning factor; rq 7; is the random
number in the range [0,1]; Ppes is the individual optimal value of the particle; gpes; is
the global optimal value of the particle. The speed update formula consists of 3 parts,
w * V, is the inertial part, the motion inertia of the reaction particle; c{r|(Ppes; — Xt)
is the cognitive part, and the reaction particle has a tendency to update its own history
optimally; cara(gpess — X¢) 1s the social part, and the reaction particle has a tendency to
update the historical optimal value in the directed group.

When the learning factor ¢ is greater than c;, particles pay attention to their historical
position; when ¢ is less than ¢, particles pay more attention to social information. We
can find that in the early stage of the particle movement, the particle needs to update
to its historical optimal value; in the later stage of the movement, the particle needs
to pay more attention to update to the group optimal value. Therefore, in this paper,
the improved particle swarm algorithm (IPSO) is used. In IPSO, asymmetric arccosine
strategy is used to set the learning factor, as shown in Eqgs. (24) and (25).

€1 = Clend + (Clstart — Clena) * (1 —acos(=2*n/(N+ 1) + 1)/m) (24)

€2 = C2end + (C2start — C2end)*(1 — acos(=2%n/(N 4 1) 4 1)/7r) (25)

In Eq. (24) and (25), c1gar = 2.75, Clend = 0.5, Castar = 1.25, Coona = 2.25.
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Equation (26) shows the particle position update formula.
X=X +V; (26)

In this paper, the particle out-of-bounds problem is solved by restricting the particle’s
active area. The particle’s active area Particle_Area is shown in Eq. (27).

Particle_Area € [xmina Xmax 9 Ymin, )’max] (27)

In Eq. (27), Xmin, Xmax»> Ymin» Ymax are the smallest horizontal axis coordinate point,
the largest horizontal axis coordinate point, the smallest vertical axis coordinate point,
and the largest vertical axis coordinate point in the simulation environment.

6.3 Differential Evolution Algorithm

Differential evolution (DE) algorithm is a group-based adaptive global optimization
algorithm. The core part of the algorithm includes mutation, hybridization and selection
operations. The mutation operation of the differential evolution algorithm is shown in
Eq. (28).

Vii = Xar1 + Fo(Xar2 — Xar3) (28)

In Eq. (28), X is the initial population; rj7>73 is a random value (ryrr3€[l, NJ),
and r1# ry # r3 # i; N is the population size. The hybridization operation is shown in
Eq. (29).

Vgijrand < CRor randi(1, Tn) = j

Uaij = 29
4 {Xdl-jrand > CRorrandi(1, Tn) #j (29)

In Eq. (29), CR is the mutation probability, j € [1, Tn]. The selection operation is
shown in Eq. (30).

U, fit(Ug) < fit(Xg)
X = 30
4 {xdﬁrwd) > fir(Xy) 50)

In Eq. (30), fit(Uy) is the fitness of the population Uy; fit(Xy) is the fitness of the
population X .
6.4 Differential Evolution Improve Particle Swarm Optimization

In this paper, by combining DE algorithm and IPSO to improve the global optimization
ability of the solution, the steps are as follows.

(1) According to the charging demand in the planning area and the service capacity of
the charging station, estimate the number range of charging stations in the planning
area Tn € [Nyin, Nmax]-
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Use the DE algorithm to plan the charging station, set the range of the
charging station site CSposition, CSposition € [Xpin, Xmax] Y [Ymins Ymax], and
randomly generate the charging station site Xd within this range, Xd =
[(x1,¥1), (02, ¥2), ..., (xn,¥n)], N is the population size.

Set the initial dimension of the DE algorithm, that is, the initial number of charging
stations 7n = Ny;,.

According to Egs. (28), (29), and (30), mutation operation, hybridization oper-
ation, and selection operation are performed respectively. After each operation,
a new charging station position must be generated reasonably according to the
constraints.

Set the maximum number of iterations of the algorithm. When the algorithm
reaches the maximum number of iterations, the algorithm stops. At this time, the
position set DEX of the charging station and the corresponding adaptation value
DEF are counted.

The TIPSO is used to plan the charging station, the initial station site range is
CSposition, and the initial charging station site is X, X = X.

Set the initial dimension of the IPSO, that is, the number of charging stations
Tn = Npin.

Calculate the local optimal solution and the global optimal solution, update the
particle speed according to Eq. (23), and update the particle position according to
Eq. (26), and calculate the local optimal solution and global optimal solution of
the updated population.

Set the maximum number of iterations of the algorithm. When the algorithm
reaches the maximum number of iterations, the algorithm stops. At this time,
the charging station position set /PSOX and the corresponding adaptation value
IPSOF are counted.

Combining DEF and IPSOF to obtain a new fitness value combination NewFit,
NewFit = [DEF , IPSOF], the dimension of NewFit is 2N .

Sort NewFit in ascending order to obtain the new population’s fitness value NewF,
and take the first N fitness values for the charging station location NewP.

Using NewP as the initial site, repeat steps (7), (8), (9). Obtain the charging station
location set /JPSOX and the corresponding fitness value /PSOF . By selecting the
minimum value of IPSOF, the minimum total cost and the optimal deployment
position of the charging station can be obtained.

Tn = Tn + 1, repeat steps (4)—(12), until Tn > Ny, the algorithm stops.

Count the total cost corresponding to the number of different charging stations, and
select the number and location of charging stations corresponding to the optimal
cost.
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7 Simulation Scenario

85

The experiment process of this paper uses MATLAB software to simulate. In order to
increase the scalability of the model, the algorithm realization module, environmental
parameter module, and parameter calculation module are independently established in
the program. This paper sets the simulation parameters based on the reference [14]

simulation environment, as shown in Table 1.

Table 1. Simulation parameters.

Parameter Value
Number of charging demand points (7) 34
Fixed investment (W;) 2 millions

Investment-related to the unit price of the charging piles in the charging station

(q)

0.35 millions

The investment cost related to the transformer in the charging station (e;)

0.2 millions

Discount rate (rr)

0.08

Charging station depreciation period (ms) 20 years
Average driving speed of EVs (v) 30km/h
Non-linear coefficient of the urban road (A;) 1.2
Minimum number of charging piles in the charging station (N; ;) 3
Maximum number of charging piles in the charging station (N; j4x) 30

Algorithm parameters settings are shown in Table 2.

Table 2. Algorithm parameters.

Parameter Value
Number of particles (V) 20
Maximum number of iterations (MaxlIter) | 100
Inertial weights (W and W) 09and 0.4
Scaling factor (F) 0.4
Mutation probability (CR) 0.6

The location of the charging demand points is shown in Fig. 1.
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Fig. 1. Distribution of charging demand points

8 Simulation Results

The convergence curves of IPSO, DE, and DEIPSO are shown in Fig. 2.
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Fig. 2. Convergence curve

In Fig. 2, we can find that compared with IPSO and DE, DEIPSO can converge
earlier and can jump out of the local optimum.
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The changes in the cost of charging stations and the cost of driving EVs with the
number of charging stations deployed are shown in Fig. 3.

6
12 x10
10 /
8- ]
——Total cost of charging stations

D 5 —o—Total driving cost of EVs
Qo
O

0 . :

The Number of charging Stations

Fig. 3. Different costs vary with the number of charging stations deployed

In Fig. 3, we can find that as the charging station increases, the cost of the charging
stations also increases, because the construction cost of the charging station is positively
related to the number of charging stations deployed. The driving cost of EVs decreases
as the number of charging stations increases, the reason is that as the number of charging
stations increases, it will be easier for EVs to find the nearest charging station and reduce
the distance traveled. Therefore, when selecting the number of charging stations to be
deployed, it is necessary to comprehensively consider the cost of charging stations and
the driving cost of EVs, as shown in Fig. 4.

In Fig. 4, We can find that when the cost of charging stations and the cost of EVs
are considered comprehensively, the total cost of deploying six charging stations is the
lowest. This is because when the number of charging stations is six, the total cost of
charging station cost and EVs cost is the lowest.
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Fig. 4. The total cost varies with the number of charging stations deployed

The total cost of IPSO, DE, and DEIPSO changes with the number of charging
stations deployed is shown in Table 3.

Table 3. Total cost changes.

Algorithm IPSO DE DEIPSO
Total cost of deploying 4 charging stations (ten million) 1.5332 1.4833 1.4503

Total cost of deploying 5 charging stations (ten million) 1.2164 1.3645 1.2162

Total cost of deploying 6 charging stations (ten million) 1.2152 1.1311 1.0668

Total cost of deploying 7 charging stations (ten million) 1.1080 1.0979 1.0978

Total cost of deploying 8 charging stations (ten million) 1.4694 1.1501 1.1417

In Table 3, we can find that no matter how many charging stations are deployed, the
total cost of using the DEIPSO algorithm is lower than the IPSO and DE algorithms.
This is because the DE algorithm increases the diversity of the IPSO population and
reduces the risk of falling into a local optimum.

The location distribution of charging stations in the planned area is shown in Fig. 5.

When six charging stations are deployed, the service indicators of the charging piles
in the charging station are shown in Table 4.

In Table 4, we can find that the average residence time of EVs at the charging station
is within 40min.
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Fig. 5. Location of charging station deployment
Table 4. Service indicators of the charging piles in the charging station.

Charging station serial number | 1 2 3 4 5 6
Number of charging piles 18 21 22 22 13 23
Residence time (min) 39.984 |38.874 |37.794 |37.146 |36.516 |39.756

9 Conclusion

This paper comprehensively considers the cost of EVs charging and the cost of charging
stations construction, and proposes a method of location and capacity for EV charging
stations. The model of EV charging station location, the model of EV charging station
capacity allocation, and the optimization algorithm of the location of the charging station
are studied respectively. The DEIPSO algorithm is used to verify the feasibility of the
site selection model for the site selection of charging stations; the queuing theory of this
paper can be used to reasonably plan the number of piles in each charging station; by
comparing the DE, IPSO, and DEIPSO algorithms, it is found that the DEIPSO algorithm
can achieve a certain degree Jump out of the local optimal solution, finding the global
optimal solution, and better deploy the charging station location.

Acknowledgement. This work supported by Sichuan Science and Technology Pro-
gram 2019ZDZX0005.
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