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Abstract: Aiming at the layout planning of electric vehicle (EV) charging facilities on highways, this study builds a multi-objective optimization model with the minimum 
construction cost of charging facilities, minimum access cost to the grid, minimum operation and maintenance cost, and maximum carbon emission reduction benefit by 
combining the state of charge (SOC) variation characteristics and charging demand characteristics of EVs. A chaos cat swarm simulated annealing (CCSSA) algorithm is 
proposed. In this algorithm, chaotic logistic mapping is introduced into the cat swarm optimization (CSO) algorithm to satisfy the planning demand of EV charging facilities. 
The location information of the cat swarm is changed during iteration, the search mode and tracking mode are improved accordingly. The simulated annealing method is 
adopted for global optimization search to balance the whole swarm in terms of local and global search ability, thus obtaining the optimal distribution strategy of charging 
facilities. The case of the Xi’an highway network in Shanxi Province, China, shows that the optimization model considering carbon emission reduction benefits can minimize 
the comprehensive cost and balance economic and environmental benefits. The facility spacing of the obtained layout scheme can meet the daily charging demand of the 
target road network area. 
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1 INTRODUCTION 
 

As a significant way to alleviate the energy crisis and 
environmental pollution, electric vehicles (EVs) have been 
vigorously developed in recent years [1-3]. By the end of 
2021, there were 1.14 million public charging 
infrastructures in China, with public fast-charging and 
slow-charging piles reaching 85% and 55% of the global 
share, respectively. The total number of charging piles 
reached 2.61 million, with 1.47 million private charging 
piles and a comprehensive vehicle-pile ratio of 3:1. 
Compared with the static demand from fixed points or 
areas, the charging demand of EVs on highways is mainly 
a dynamic demand of passing on the traffic network [4, 5]. 
This demand is mainly for EVs that are in long-term 
mobility during long-distance driving, and their charging 
demand mostly arises during driving [6, 7]. Therefore, it is 
of great theoretical significance and application value to 
ensure sufficient power supply for EVs when driving on 
highways according to the distribution of charging demand 
and to reasonably select the location of charging facilities 
by combining constraints such as traffic road network and 
distribution network [8, 9]. In this way, planning objectives 
such as charging convenience and economy for EV users 
and revenue for charging operators can be optimized [10]. 

The layout planning for EV charging facilities is 
mainly based on facility planning by combining 
optimization objectives and constraints of each 
participating subject in the use phase. A charging facility 
location model can be used to select suitable locations for 
the construction of charging stations in the proposed 
planning area [11, 12]. A reasonable capacity design can 
minimize the related costs and maximize the operating 
revenue and charging demand while satisfying the multiple 
constraints of charging participating subjects [13].The 
widely used models for charging facility siting include the 
p-center model, p-median model, coverage model, network 
equilibrium model and interception model [14-16]. The 
determination of capacity needs to consider various factors, 
such as space constraints of charging facilities and 
charging cost constraints. The commonly used methods to 
determine capacity include the probability prediction 

method, flowmeter algorithm and queuing theory [17]. In 
summary, existing studies mainly focus on the planning of 
EV charging facilities in urban areas, with less research on 
the planning of highway charging facilities [18]. 
Additionally, the planning layout is mainly based on the 
division of service areas, with less consideration of the 
influence of traffic factors. The location and capacity of 
charging facilities are separated without considering their 
mutual influence [19]. Moreover, most existing studies 
only consider the construction and operation costs of 
charging facilities or charging convenience [20]. The 
optimization objectives and constraints involved are 
relatively single, and the planning model obtained is 
difficult to meet the needs and interests of all participants, 
such as EV users and construction operators [21, 22]. 

In terms of algorithm application, solutions to charging 
facility planning problems can be divided into the exact 
solution method and heuristic algorithm [23]. The former 
is mainly used for the exact solution of small optimization 
problems and includes the branch-and-bound method and 
decomposition method [24]. When the number of nodes 
and decision variables increases, the complexity of the 
problem will rise significantly, and the time cost of the 
actual exact solution will become unacceptable. Therefore, 
the application of the exact solution method in solving 
large optimization problems has certain limitations [25]. In 
contrast, the heuristic algorithm is mainly applied to solve 
large optimization problems in actual environments and 
can provide load requirements within an acceptable time 
frame [26, 27]. The heuristic algorithm includes the genetic 
algorithm (GA), particle swarm optimum algorithm, 
simulated annealing algorithm, greedy algorithm, and 
hybrid heuristic algorithm with two or more heuristics [28-
30]. However, the above algorithms have limitations such 
as long-time consumption, poor stability, slow 
convergence, and sensitivity of algorithm performance to 
initial values and parameter settings [31]. 

The cat swarm optimization (CSO) algorithm is a new 
bionic algorithm that can search for the global optimal 
solution in a short time and converge fast by observing the 
daily behavior pattern of cats [32]. In this algorithm, the 
behavior pattern is divided into the tracking mode and the 
searching mode; the tracking process of cats is simulated 
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to search for the global optimal solution, and the local 
optimal solution is determined through the searching 
process of cats. The algorithm has a simple principle and 
few parameters, which is suitable for planning the 
distribution of EV charging facilities on highways with 
simple routes. However, with iteration, the search 
efficiency of the CSO algorithm gradually decreases, and 
the search accuracy improves slowly [33]. It is easy to fall 
into the local optimum, resulting in low tracking accuracy 
of the optimal value [34]. 

To address the limitations of the existing research on 
the layout planning of EV charging facilities in model 
algorithms, this study builds a multi-objective optimization 
model with the minimum construction cost of charging 
facilities, minimum access cost to the grid, minimum 
operation and maintenance cost, and maximum carbon 
emission reduction benefit by combining the state of 
charge (SOC) variation characteristics and charging 
demand characteristics of EVs. On this basis, a chaos cat 
swarm simulated annealing (CCSSA) algorithm is 
proposed. In this algorithm, chaotic logistic mapping is 
introduced into the CSO algorithm to satisfy the planning 
demand of EV charging facilities. The location information 
of the cat swarm is changed in the iterative process, and the 
search and tracking modes are improved accordingly. The 
method of copying a fixed number of cat copies is used in 
the search mode to prolong the convergence time, while the 
inertia weights are redefined according to the search speed 
in the tracking mode. The global search for superiority is 
conducted by simulated annealing to balance the whole 
swarm in terms of local and global search ability, thus 
obtaining the optimal distribution strategy of charging 
facilities. Moreover, the effectiveness and superiority of 
the proposed model and algorithm are verified in the case 
of the highway network in Xi'an, Shanxi Province, China. 
The result provides a reference for the layout planning of 
EV charging facilities and low-carbon highway 
construction. 

The rest of this paper is arranged as follows. Firstly, 
the charging demand for EVs is analyzed in Section 2. 
Section 3 presents the framework structure and each 
constraint of the layout planning model for charging 
facilities. Section 4 provides the main steps of the CCSSA 
algorithm solution. In Section 5, the effectiveness of the 
proposed approach is verified by analyzing the arithmetic 
examples of the actual highway network. Finally, 
conclusions and future research directions are shown in 
Section 6. 
 
2 CHARGING DEMAND ANALYSIS 
 

The EV has the characteristics of SOC decreasing with 
the increase in driving distance. When driving on the 
highway, EVs face great power consumption and frequent 
charging demand [4]. For a single highway, there are 
vehicles at the entrance and exit, and EV charging stations 
are built on both sides of the highway. Charging stations on 
both sides do not affect each other since vehicles on the 
highway drive in one direction, and the traffic flow in both 
directions does not affect each other [21]. In addition, EVs 
have an initial SOC when entering the highway at a certain 
moment and need to meet a certain SOC retention Sres when 
leaving from the exit to ensure subsequent normal driving. 
Then, when the initial electric energy retention is S0, and 
the driving path and the distribution of charging stations 

are known, the SOC of EVs at any location on the highway 
can be obtained: 
 

( )i iS f L            (1) 

 
where Si is the SOC of the EV at point i, and Li is the 
position of the ith EV on the highway. Specifically, the 
SOC of the EV at any point is the initial power minus the 
consumed power plus the charging power: 
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where Di is the distance traveled by the i-th EV; βi is the 
power consumption per unit mile of the i-th EV; Ci is the 
battery capacity of the i-th EV; Nc is the number of 
candidate station sites in the road network; Sup is the SOC 
of the EV after charging; yk = 1, if the station is built at the 
candidate station site at point k in the road network, and 0 
otherwise; zi,k indicates whether the i-th EV chooses to 
charge when it passes by the charging station at point k; zi,k 

= 1, if charging, and zi,k = 0, if not charging; Si,k is the SOC 
of the i-th EV when it passes by the charging station at 
point k. 

Based on the SOC calculation of EVs on a single 
highway, the SOC distribution of the whole road network 
can be obtained by superimposing the SOC changes of 
each vehicle. For any point in the road network, nEVs pass 
by in period t. The SOC of each EV passing by the point 
can be obtained by Eq. (2). After counting the SOC of the 
vehicles passing in period t and calculating the power 
required by the EVs whose SOC is in the rechargeable 
interval [0, Sdown), the EV charging demand Qt,k at point k 
in period t can be obtained: 
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where nt,k is the number of EVs at point k in period t. By 
integrating all periods throughout the day, the EV charging 
demand QT,k at point k of the highway network within one 
day can be obtained: 
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where T is the set of all periods throughout the day. The 
total charging demand can be expressed by the driving 
distance of EVs. With a known power consumption per unit 
path, assuming that the initial electric quantity S0 when an 
EV arrives at the road network follows the normal 
distribution, and the average remaining power when the 
EV leaves the road network is Sleft, the total charging power 
of EVs in the whole road network can be expressed as: 
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where si,total is the total distance traveled by the i-th vehicle, 
and nT is the total number of EVs passing by the road 
network in period T. 
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Figure 1 SOC changes of EVs on highways 

 
3 PLANNING MODEL OF CHARGING FACILITIES 
3.1 Objective Function 
 

Considering the construction, operation, maintenance 
characteristics of EV charging stations, we build a multi-
objective optimization model with the minimum 
construction cost of charging facilities, minimum access 
cost to the grid, minimum operation and maintenance cost, 
and maximum carbon emission reduction benefit for low-
carbon construction of highways: 
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where C is the annual average comprehensive cost of 
constructing a charging station; Y is the decision variable 
for constructing a charging station; N is the decision 
variable of the number of charging machines (indicating 
charging capacity) in the charging station; δ is the capital 
recovery coefficient, representing the equivalence 
relationship between the known present value P and s equal 
annual values A; i is the discount rate. The objective 
function contains four parts. The first component is the 
construction cost cEVCS(Y, N) of the charging station, 
including fixed cost cfix(Y, N) associated with whether to 
construct a station and variable cost cvar(Y, N) associated 
with station capacity. 
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where ccs,k is the fixed cost of the charging station at point 
k; yk = 1 if the station is built at point k, and yk = 0 if no 

station is built;  ET
kS   is the transformer capacity of the 

charging station at point k; Nk is the number of chargers; cch 

is the cost of a single charger; ctr is the cost of distribution 
equipment (such as transformers and switches) per unit 
capacity; Pch is the rated output power of a single charger; 
Kch is the simultaneous charging rate; ηch is the efficiency 
of the charger; cos ch  denotes the power factor of the 

charger; Lmax is the maximum daily load factor of the 
charging station; αcs is the ratio of the charging load to the 
total load for the charging station. 

The construction of charging stations on highways 
requires electrical power from nearby substations. 
According to the proximity principle [35], it can be 
assumed to connect from the nearest substation if the load 
factor requirements are met. Therefore, the total cost 
includes the cost of connection to the grid, i.e., the second 
part of the objective function is: 
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where ccon is the engineering cost per km of 10 kV overhead 
lines; dk is the distance from charging station k to the 
nearest charging station; Kline is the adjustment factor to 
avoid repeated investment in multiple lines. Charging 
stations require maintenance during operation. Thus, the 
third part of the objective function is the operation and 
maintenance cost coper(Y, N), includes the electricity cost of 
stations ccs, the labor cost chr related to the scale of charging 
stations, and the maintenance cost cm: 
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where *
pc is the electricity price; av

csp  is the average load 

of a charging station excluding charging equipment; av
csT  

is the average equivalent working time of a charging station 

each year; 0  hrc  is the average annual unit labor cost per 

charger of a charging station, 0 mc   is the average annual 

management cost of the unit transformer capacity of a 
charging station. The CO2 emission reduction benefit of 
EVs relative to fuel vehicles is also an important part to be 
considered in the target cost function. Thus, the annual 
carbon emission benefit in the fourth part of the target 
function is: 
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where MEV is the electricity consumption of EVs per 100 
km; dm is the number of days in each season; ρ is the carbon 
emissions converted into an economic trading price; Δ is 
the reduction in CO2 emissions of an EV relative to a fuel 
vehicle traveling 100 km. 
 
3.2 Constraints 
3.2.1 Number Constraints of Charging Stations 
 

According to the planning requirements, the number of 
charging stations to be built is generally definite or within 

a certain range, i.e., between the minimum value min
EVCSN  

and the maximum value max
EVCSN : 
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3.2.2 Capacity Constraints of Charging Stations 
 

Affected by geographical location, surrounding 
environment, grid line capacity and planning requirements, 
the capacity of each charging station needs to meet certain 
constraints, i.e., the number of chargers needs to meet the 
following constraints: 
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3.2.3 Constraints of Charging Demand 
 

For the overall planning of charging facilities, the 
interaction between all the stations to be built in the road 
network should be considered in calculating charging 
demand. The impact of charging station j on the charging 
demand at point k is divided into two cases. One case is 
that EVs charge at station j before point k, which reduces 
the charging demand at point k and is related to the traffic 
flow from j to k. The other case is the reduction of charging 
demand at station k due to the expectation of charging at 
station j after point k, which is related to the traffic flow 
from station k to j. Then, the charging demand at point k in 
period T can be expressed as: 

 

up ,0 ,
1

c

1

[( ) ]

( )

nk
cs cs
k k i i i k i

i

N
av av

j jk jk jk jk j
j

Q S S B D

y S B

 

   





   

  




     (20) 

 
where assuming that ρkj = 0 when j = k, nk is the number of 

EVs passing by point k; cs
k  is the proportion of EVs 

charging at point k; Di,k is the travel distance of the i-th EV 

from the highway entrance to point k; av
jS is the average 

increase in SOC by charging at station j; Bav is the average 
battery capacity of multiple EVs; γjk and λjk are the impact 
factors between charging stations; for charging stations 
after station k, it is considered that only stations within K1 
times the range affect station k; Sav is the average range of 
EVs. The definition is as follows: 
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The values of γjk and λjk depend on the service capacity 

of EV charging stations and the user's choice of charging 
timing. Assuming that the user of an EV traveling on a 
highway chooses to charge at least once per m charging 
station, each charging station serves 1/m of the traffic 
volume on the highway. Then, we can set γjk = λjk = 1/m. 
The first part on the right side of Equation (20) is the 
charging demand caused by EV driving loss and charging 
at point k, and the second part is the effect of other stations 
to be built on the charging demand at point k. The two parts 
can be subtracted to obtain the EV charging demand in one 
day at point k, and the corresponding constraint is: 
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3.2.4 Constraints of Charging Distance 
 

To ensure the economy of charging station planning 
and satisfy the charging demand, the distance between two 
adjacent charging stations on the same path should not be 
too small or too large. It is assumed that the distance is not 
less than K2 times the average range and not greater than 
K3 times the average range: 
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where ljk is the distance between two adjacent candidate 
station sites j and k. 

 
3.2.5 Logical Constraints of Variables 
 

There is a logical constraint between the capacity of 
charging stations and station construction. If yk = 0, station 
capacity Nk = 0; if yk = 1, station capacity Nk > 0: 
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where M is a sufficiently large real number, and the 
decision variables Y and N belong to 0-1 variables and non-
negative integer variables, i.e.,   0,1ky   ,  kN N   and 

0kN  . 

 
3.3 Mathematical model 
 

Based on the analysis of the objective function and 
constraints, the optimal layout model of charging facilities 
in the highway network can be summarized as follows: 

 

 

min ( )

s.t.  

       ;   0,1 ;   0

ineq ineq

b b k k

C f x

A b

l x u y N

 
 


   

     (25) 



Qingqiao GENG et al.: Planning of Electric Vehicle Charging Facilities on Highways Based on Chaos Cat Swarm Simulated Annealing Algorithm 

1558                      Technical Gazette 30, 5(2023), 1554-1566 

where f(x) is the objective function; x consists of Y and N 
and is the decision variable for the construction of EV 
charging stations. The constraints include inequality 
constraints and upper and lower bound constraints. 
 
4 OPTIMIZATION ALGORITHM 
 

The optimization model considering economic cost 
and carbon reduction benefits, has a relatively complex 
coupling relationship between decision variables and a 
higher solution space dimension, which is suitable for 
heuristic algorithms with fast local search speed, strong 
search ability and few adjustable parameters. As a heuristic 
algorithm, the CSO algorithm has strong portability of its 
coding rules, it has a good theoretical match with the layout 
optimization model constructed in this study, which can 
search for the global optimal solution in a short time. 
Besides, it is very suitable for layout planning of EV 
charging facilities on highways with clear lines. However, 
with the gradual increase of the number of iterations, the 
search efficiency of the CSO algorithm tends to decrease, 
the search accuracy improves slowly, and it is easy to 
mature prematurely [33]. Therefore, based on the planning 
model of EV charging facilities on the highway, this study 
proposes a CCSSA algorithm to optimize the layout of 
charging facilities. Chaotic logistic mapping is introduced 
into the CSO algorithm to change the location information 
of the cat swarm during iteration. The global optimization 
search is performed by the simulated annealing method to 
balance the whole swarm in terms of local and global 
search ability, thus obtaining the optimal layout of charging 
facilities. The relationship between the CCSSA algorithm 
and EV charging facility planning is shown in Fig. 2. 

 

 
Figure 2 Relationship between the CCSSA algorithm and EV charging facility 

layout 
 

The expression of a chaotic variable with a chaotic 
property is: 
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where n is the number of iterations, and u is the chaos 
control parameter. When u = 4, x∈[0, 1] and x∉[0.25, 0.50, 
0.75], the system is in a fully chaotic state. When the 
conventional variables Cx∈ [a, b], the expression of the 
mapping transformation with chaotic variables is:  
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where Cx(n) represents the location variable of the cat 

swarm, and [a, b] is the traversal range of the cat swarm 
location. After the introduction of the logistic chaos 
sequence and simulated annealing method, the optimal 
value accuracy of the CSO algorithm was significantly 
improved, and the convergence time was shortened. To 
further improve the finding efficiency of the optimal value, 
the two modes of the CSO algorithm are improved as 
follows for the planning demand of EV charging facilities: 
in the search mode, the method variation of copying a fixed 
number of cat copies is used to extend the convergence 
time; in the tracking mode, the inertia weight w = 1 is set 
to completely inherit the current velocity. The specific flow 
of the CCSSA algorithm is as follows: 

Step 1: The cat swarm is initialized, the swarm size of 
the CCSSA algorithm is set to N, and the maximum number 
of iterations kmax and the mixture ratio (MR) are set. The 
cat swarm location, velocity and related parameters are 
randomly initialized. 

Step 2: The individual fitness of each cat is evaluated, 
the fitness value is calculated, and the best location fitness 
value is stored in Pbest. 

Step 3: The cats are randomly grouped according to 
the MR value, where MR represents the proportion of cats 
performing the tracking mode in the whole cat swarm, i.e., 
the proportion of feasible solutions for charging facilities 
in the whole charging facility layout. The MR value is 
generally small to ensure that most cats are in the search 
mode and a few are in the tracking mode. 

Step 4: The initial temperature T0 is determined, and 
the fitness value TF (xi) of each individual at the current 
temperature is determined: 
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Step 5: The search mode is optimized. Cat individuals 

are duplicated and deposited into the seeking memory pool 
(SMP). The number of duplicated cat individuals is 
determined by the size of their fitness values. A larger 
fitness value leads to a larger number of duplicated 
individuals. The formula for duplicated individuals is as 
follows: 
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where Ni is the number of duplicated individuals of the i-th 
cat, Nsum is the total number of duplicated individuals, 
fitnessi represents the fitness value of the i-th cat, and N is 
the initialized swarm size. The variation operator is 
executed, i.e., a random perturbation is applied to replace 
the original location with a new location, the SMP is 
updated, and the fitness values of all individuals are 
calculated. The selection operator is executed, i.e., the 
current cat location is replaced by calculating the candidate 
charging location with the highest fitness value in the SMP, 
and the EV charging facility layout is updated. 
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Step 6: The tracking mode is optimized. The roulette 
strategy is adopted to determine the best locations 
experienced by all cats, i.e., the best alternative value of 
each charging facility location. The optimal solution 
searched so far is let to Xbest(n), and the speed of each cat is 
let to Vi. Then, the updated speed value of the i-th cat is: 
 

best( 1) ( ) [ ( ) ( )]i i iV n V n w rand X n V n c        (32) 

 

max max min max( )( / )w w w w k k         (33) 

 
where w is the inertia weight, k is the iteration index, kmax 
is the maximum number of iterations, c is a constant, and 
rand is a random number between 0 and 1. Then, the 
updated position of the i-th cat is: 
 

( 1) ( ) ( 1)i i iX n X n V n           (34) 

 
Step 7: The fitness value is calculated, the optimal 

fitness value in the swarm is recorded and kept, and 
whether the termination condition is satisfied is judged. If 
it is satisfied, the optimal solution is output, and the 
program is ended; otherwise, the mapping transformation 
is performed on the regular variable Cx(n). After the 
mapping transformation, the chaotic variable x(n) is 
between 0 and 1. The chaotic mapping is performed on the 
chaotic variable x(n) to obtain x(n+1), and then the 
mapping transformation is performed on the chaotic 
variable x(n+1) to obtain the conventional variable Cx(n+1) 
in the next iteration. Steps 2-7 are repeated for the 
optimization seeking 

Step 8: The cooling operation is performed as follows: 
 

1k kT T            (35) 

 
where λ∈[0.5, 1] is the cooling factor. If the exit condition 
is met, then the search stops, and the result is output; 
otherwise, Step 4 is entered. The solution calculation flow 
of the algorithm is shown in Fig. 3. 
 

 
Figure 3 Flowchart of the CCSSA algorithm 

5  EXAMPLE ANALYSIS 
 

The road network structure used for the planning of 
highway charging facilities is shown in Figure 4. Taking 
the highway network in Xi'an City, Shaanxi Province, 
China, as an example, the calculation diagram of the road 
network shown in Fig. 5 was obtained. As shown in Fig. 5, 
there are 10 highway toll stations, 7 intersections, and 17 
nodes and sections. The lengths of sections 1 to 17 are 
shown in Tab. 1. With the consideration of the two-way 
driving characteristics of the highway, the number of paths 
for EVs is 90, and there are two paths with opposite 
directions between every two entrances and exits. Based on 
the principle of the shortest circuit, the path between every 
two entrances and exits is uniquely determined. The 
distribution of origin and destination (OD) points of EVs 
between the entrances and exits of the highway network is 
shown in Tab. 2. 

 
Table 1 Length of each section of the highway network 

Section 
number 

Length / 
km 

Section 
number 

Length / 
km 

Section 
number 

Length / 
km 

#1 25 #7 26 #13 32 
#2 31 #8 17 #14 31 
#3 35 #9 22 #15 42 
#4 27 #10 24 #16 41 
#5 21 #11 22 #17 43 
#6 33 #12 16 — — 

 

CHINA

Highway
Green land

Water body

 
Figure 4 Schematic diagram of the highway network 
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Table 2 Distribution of the OD points in the highway network 

Entrance 
Exit 

1 2 3 4 5 6 7 8 9 10 
1 0 1254 1301 2224 1247 2313 1238 1292 1328 1351 
2 1285 0 1189 1161 1224 1278 1326 1334 1245 1194 
3 1323 1295 0 1224 2271 1289 1293 1315 1264 1288 
4 2247 2203 1233 0 1235 1279 1313 1287 1246 1215 
5 1251 1244 2308 1267 0 1263 1282 1293 1235 1259 
6 2363 1256 1246 1324 1285 0 214 2265 1287 1322 
7 1272 1290 1326 1345 1324 1226 0 1218 1265 1283 
8 1339 1387 1347 1311 1319 1279 1247 0 1275 1303 
9 1360 1209 1285 1273 1288 1312 1295 1293 0 1256 
10 1399 1255 1316 1297 1278 1347 1330 1337 1289 0 

5.1 Parameter Setting 
 

According to the distribution characteristics in Tab. 2, 
six typical EVs were adopted for simulation calculation in 
this study. The battery capacities and driving ranges of the 
EVs are shown in Tab. 3.  

 
Table 3 Parameters of the six classical EVs 

Vehicle type 
Battery Capacity / 

kWh 
Driving 

Range / km 
Proportion 

/ % 
Tesla-Model3 80.0 470 28.44 
Nissan Leaf 45.5 410 13.35 

Zotye-5008EV 32.0 380 11.12 
Roewe-E50 38.8 290 12.39 

BJ-E150 26.5 360 13.03 
BYD-E6 60.0 280 21.67 

Average value 47.13 365 — 

 

With the consideration of the energy loss in actual 
running, the actual driving ranges are slightly smaller than 
the factory data. The average additional values of the 
battery capacities and ranges were calculated according to 
the proportion of each EV. In this study, it was assumed that 
all charging facilities on the highways were fast charging 
facilities, with a charging power of Pch = 96 kW, so as to 
ensure that passing vehicles could be quickly charged; the 
initial SOC of EVs entering the highway network followed 
normal distribution N (0.7, 0.01). The parameters of the 
planning model are shown in Tab. 4 and can be adjusted 
according to the actual situation. For instance, when K3 is 
set to 0.3, the distance between two adjacent charging 
stations can be ensured to be no more than 58.74 km. In 
this example, it is ensured that there is one charging station 
in each of the five adjacent calculation points, and the 
distances are relatively appropriate.

 
Table 4 Parameters of the planning of the EV charging facilities in the highway network 

Parameter Value Parameter Value Parameter Value 

Sdown 0.4 Lmax 0.8 cs
k  0.9 

Sup 1 αcs 0.85 M 1e10 
i 6.8% ccon 200100 CNY / km Bav 35.21 kWh 

s 10 τ 0.7 av
jSOC  0.7 

cch 21165 CNY / unit *
pc  0.76/kWh K1 0.25 

ctr 357.29 CNY / kVA av
csp  15 kW K2 0.1 

Kch 0.7 av
csT  4015 h 31 0.3 

ηch 90% 0
hrc  12000 CNY Kline 0.2 

cos ch  0.95 0
mc  59.2 CNY/kVA — — 

5.2 EV Charging Demand Characteristics 
 

Before planning the layout of EV charging facilities on 
highways, the charging demand of the example network 
was predicted based on the SOC demand model. It was 
assumed that all vehicles drove at a constant speed. 
Without considering the influence of acceleration and 
deceleration, based on the calculation results of a single 
highway, we superimposed the SOC changes of each 
vehicle to obtain the SOC of vehicles passing through the 
node in the statistical time period t = 1 h. By calculating 
the required power of EVs in the rechargeable interval [0, 
0.4), the charging demand of EVs passing through the node 
in the time period t can be obtained. The charging demand 
of EVs passing through node k in a day can be obtained by 
integrating all time periods t throughout the day. 
Considering the actual characteristics of the example 
highway network, as shown in the Fig. 5, there are 16 nodes 

in the highway network, some of these nodes have similar 
characteristics, to make the analysis process more clear, we 
selected nodes 1, 3, 6, 9, 11, 13, 14, 15, and 16 for demand 
analysis. The results are shown in Fig. 6a to Fig. 6i. 

In terms of time distribution, the peak charging 
demand is concentrated in the period of 9:00-16:00. 
Therefore, we analyzed the charging demand 
characteristics of each node in this period. Nodes 1, 3, 6, 
and 9 are the OD points of a single highway, the 
corresponding charging demand is relatively small, and the 
peak charging demand is 120-140; nodes 13 and 14 are the 
intersections of three highways, and the peak charging 
demand is 140-160; nodes 11, 15 and 16 are the 
intersections of four highways, and the peak charging 
demand is 170-190. Therefore, for different sections and 
nodes of the highway network, charging demand varies. 
When planning the layout of charging facilities, the 
charging demand of various nodes should be seriously 
considered. 



Qingqiao GENG et al.: Planning of Electric Vehicle Charging Facilities on Highways Based on Chaos Cat Swarm Simulated Annealing Algorithm 

Tehnički vjesnik 30, 5(2023), 1554-1566                      1561 

0 2 4 6 8 10 12 14 16 18 20 22 24
0

20

40

60

80

100

120
C

ha
rg

in
g 

de
m

an
d

Time(h)
0 2 4 6 8 10 12 14 16 18 20 22 24

0

20

40

60

80

100

120

140

C
ha

rg
in

g 
de

m
an

d

Time(h)
0 2 4 6 8 10 12 14 16 18 20 22 24

0

20

40

60

80

100

120

140

C
ha

rg
in

g 
de

m
an

d

Time(h)  
 (a) node 1                                        (b) node 3                                        (c) node 6 

0 2 4 6 8 10 12 14 16 18 20 22 24
0

20

40

60

80

100

120

140

C
ha

rg
in

g 
de

m
an

d

Time(h)
0 2 4 6 8 10 12 14 16 18 20 22 24

0

20

40

60

80

100

120

140

160

180

C
ha

rg
in

g 
de

m
an

d

Time(h)
0 2 4 6 8 10 12 14 16 18 20 22 24

0

20

40

60

80

100

120

140

160

C
ha

rg
in

g 
de

m
an

d

Time(h)  
 (d) node 9                                       (e) node 11                                      (f) node 13 

0 2 4 6 8 10 12 14 16 18 20 22 24
0

20

40

60

80

100

120

140

C
ha

rg
in

g 
de

m
an

d

Time(h)
0 2 4 6 8 10 12 14 16 18 20 22 24

0

20

40

60

80

100

120

140

160

180

200

C
ha

rg
in

g 
de

m
an

d

Time(h)
0 2 4 6 8 10 12 14 16 18 20 22 24

0

20

40

60

80

100

120

140

160

180

200

C
ha

rg
in

g 
de

m
an

d

Time(h)  
(g) node 14                                      (h) node 15                                         (i) node 16 

Figure 6 Distribution of EV charging demand 
 
5.3 Layout Scheme of Charging Facilities 
 

To improve the economy of the planning of EV 
charging facilities, the construction cost, grid access cost, 
operation and maintenance costs and the carbon emission 
reduction benefits generated by the planning of facilities 
were comprehensively considered in the objective function. 
Based on the established multi-objective optimization 
model, the CCSSA algorithm was adopted to solve the 
layout scheme of charging facilities. According to the 
characteristics of the objective function, two planning 
schemes were considered in this study. In Scheme 1, 
carbon emission reduction benefits were not considered; in 

Scheme 2, carbon emission reduction benefits were 
considered. Candidate charging stations need to be selected 
at a certain interval. A smaller interval can lead to higher 
calculation accuracy but a greater amount of computation 
and higher planning difficulty. Therefore, in the layout of 
charging facilities, reasonable station intervals should be 
selected based on the charging demand characteristics of 
sections and nodes and the planning requirements for 
charging facilities. 

Tab. 5 shows various costs of optimizing the locations 
and capacities of charging facilities at different impact 
factors m. A smaller value of m leads to a smaller selection 
range of charging stations.  

 
Table 5 Costs of EV charging facilities on the highways 

m 
cEVCS(Y, N)/104CNY cS2G(Y, N)/104CNY Coper(Y, N)/104CNY Cemi/104CNY 

Scheme1 Scheme2 Scheme1 Scheme2 Scheme1 Scheme2 Scheme1 Scheme2 
2 4546.81 4932.74 3628.11 3914.34 4013.90 4244.23 －43.77 －9020.22 
3 5021.92 5329.27 4417.20 4615.62 4832.32 4957.31 －76.15 －9216.46 
4 5638.11 5874.35 4092.42 4372.13 4955.43 5103.88 －90.02 －9548.31 
5 6199.17 6433.39 4967.04 5016.39 5201.80 5392.02 －65.34 －9737.85 
6 6547.02 6815.75 5514.82 5722.30 5642.55 5823.13 －71.71 －9893.09 
7 7446.26 7672.94 5739.49 5964.75 5989.65 6032.32 －62.56 －9925.77 
8 7892.13 7997.45 5987.77 6177.04 6227.76 6431.41 －54.38 －9973.04 
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With an increase in the value of m, the number of 
stations increases, the annual average cost of building 
stations increases, and the selection of charging stations is 
more flexible. When the charging demand can be satisfied 
by only one charge while users pass through multiple 
charging stations, it means that the charging stations are 
densely distributed, the risk of power shortage is low, the 
number of corresponding stations is excessive, and the 
costs of station construction are relatively high.  

We calibrated the schemes at different m values and 

found that as the value increased, the satisfaction rate of 
EVs improved; when m = 4, the charging demand of all 
types of EVs could be almost completely satisfied. 
Therefore, to improve the utilization rate of charging 
stations, ensure the economy of the planning scheme, and 
reduce the risk of power depletion in EVs, in this study, it 
was assumed that EV users charged at least once for every 
four charging stations they passed, i.e., m = 4, then 
 1 / 4jk  , jk = 1/4. 
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(a) Interval of 10 km                                                         (b) Interval of 5 km 

Figure 7 Station optimization results with different station intervals 
 

Fig. 7 shows the optimization results of stations with 
different intervals. When carbon emission benefits are not 
considered, the station interval is 10 km, and the final 
number of stations selected is Nc = 100; when carbon 
emission benefits are considered, the station interval is 5 
km, and the final number of stations selected is Nc = 186. 
The upper and lower constraints of the number of charging 
stations were set to 30 and 70, and the upper and lower 

constraints of the charging station capacity were set to 5 
and 15 chargers. The CCSSA algorithm was used to obtain 
the optimal locations and capacities of the planning. A total 
of 37 stations are built when carbon emission benefits are 
not considered, and 67 stations are built when carbon 
emission benefits are considered. The planning results of 
the highway network are shown in Fig. 8. 

 

11
16

Entrance and exit

Highway intersection

17

8

1

2

3

4

5

6

7

910

12

13
14 15

1 2 3

4
5

6

7

8

9

10

11

12

13

14

15

16
17

18

19
21

22

23

24

25

26

27

28

29

30

32

33 34 35 36 37 38

40

41

42

4648 20

31
39

4344454750 49

Construction site

11
16

Entrance and exit

Highway intersection

17

8

1

2

3

4

5

6

7

910

12

13
14 15

1 2 3 4 5

6 7 8 9 10 11

12
13

14
15

16
17

18

19

20

21

22
23

24
25

26
27

2829303132

3334353637

38
39

40
41

42
43

44

45

46
47

48

49
50

51
52

53

54
55
56
57

58 59 60 61 62 63 64 65 66 67 68 69

70
71

72

73

74

75

76

77

78798081828384858687888990919293

Construction site  
(a) Interval of 10 km                                                           (b) Interval of 5 km 

Figure 8 Layout results of charging facilities on the highways 
 

The objective value of Scheme 1 was 164.73, and the 
objective function stabilized when the number of 
convergence iterations was 410; the objective value of 
Scheme 2 was 91.45, and the objective function stabilized 
when the number of convergence iterations was 330. The 
convergence curves of the two schemes are shown in Fig. 
9. i1

' represents the analysis results of the CCSSA algorithm, 
while i2

' represents the analysis results of the CSO 

algorithm. When carbon emission benefits are considered, 
the number of convergence iterations required for 
stabilization is smaller, and the value of the objective 
function is smaller. Therefore, the layout result with the 
consideration of carbon emission benefits is more 
reasonable. The final layout scheme of EV charging 
facilities in the highway network based on the CCSSA 
algorithm is shown in Tab. 6. 

 



Qingqiao GENG et al.: Planning of Electric Vehicle Charging Facilities on Highways Based on Chaos Cat Swarm Simulated Annealing Algorithm 

Tehnički vjesnik 30, 5(2023), 1554-1566                      1563 

0 50 100 150 200 250 300 350 400 450 500

O
bj

ec
ti

ve
 f

un
ct

io
n 

va
lu

e

Number of iterations

160

165

170

175

180

185

190

195

200

205

210
'
1i
'
2i

0 50 100 150 200 250 300 350 400 450 500

O
bj

ec
ti

ve
 f

un
ct

io
n 

va
lu

e

Number of iterations

85

90

95

100

105

110

115

120

125

130

135
'
1i
'
2i

 
(a) Scheme 1                                                          (b) Scheme 2 

Figure 9 Convergence curves of different layout schemes 
 

Table 6 Layout locations of the charging stations and the number of facilities 

Layout scheme 
Station 
location 

Number of 
piles 

Station 
location 

Number of 
piles 

Station 
location 

Number of 
piles 

Station 
location 

Number of 
piles 

Scheme 1 

1/51 5 14 8 27/77 8 41 6 
3 6 65 7 80 10 92 7 
5 5 17 5 31 8 93 9 

8/58 6 69 6 33 7 45/95 5 
59 7 21/71 9 84 5 47/97 10 
12 5 72 7 37/87 9 49 8 
63 6 24/74 6 39/89 11 100 7 

Scheme 2 

1/94 8 117 6 47/140 9 70 6 
3 11 119 6 142 14 165 9 
98 10 27 8 50 11 73 10 
6 6 121 10 52/145 8 75/168 7 

8/101 7 31/124 9 148 9 77 9 
104 9 34/127 11 57 6 173 8 

13/106 6 129 9 152 5 81 6 
108 7 132 8 61 8 83/176 5 
16 8 40 9 155 8 178 13 
110 5 134 12 65/158 9 88 11 

20/113 10 43/136 11 160 7 180 9 
115 7 138 10 68 10 92/185 10 

 
5.4 Algorithm Comparison 

 
To verify the effectiveness of the proposed CCSSA 

algorithm, we compared the solution results of the standard 
GA algorithm, CSO algorithm and CCSSA algorithm in 
this study. The three algorithms were used to conduct test 
trials on six nonlinear functions with multiple local 
extreme points, including the Schaffer, Shubert, Griewank, 
Rastrigin, Rosenbrock, and Zakharov functions. Based on 
the test results, we analyzed the performance of the 
proposed algorithm. The parameters of the algorithm were 
set as follows: the swarm size was set to 110, the grouping 
rate was 0.2, the annealing constant was 0.5, the number of 
cycles in the tracking mode was 3, the number of iterations 
was 400, and the number of dimensions was 4. Each test 
function was run 100 times, and the optimal solution output 
of the algorithm was recorded in each run. The average 
convergence time, average optimal solution and the 
standard deviation of the optimal solution were calculated 
for 100 runs of the algorithm. The algorithm optimization 
performance was measured as the average of the global 
optimal values of the benchmark functions. 

The simulations of the six benchmark functions were 
performed with the same number of iterations. The results 
are shown in Tab. 7, and the correspondence between the 

optimal values and the number of runs is shown in Fig. 10.  
 

Table 7 Analytical results of the algorithm optimization performance under 
different functions 

Function Algorithm 
Average 

convergenc
e time / s 

Average 
optimal 
solution 

Standard 
deviation of the 

optimal 
solution 

Schaffer 
GA 0.0228 0.0251 0.0164 
CSO 0.0177 0.0176 0.0098 

CCSSA 0.0124 0.0073 0.0013 

Shubert 
GA 0.1628 −164.89 47.8366 
CSO 0.1413 −197.04 23.1024 

CCSSA 0.1057 −231.43 5.6391 

Griewank 
GA 0.0393 9.5641 9.3056 
CSO 0.0254 4.3768 1.6204 

CCSSA 0.0185 2.9012 1.3493 

Rastrigin 
GA 0.6749 1.3984 1.3872 
CSO 0.6021 0.2618 0.2815 

CCSSA 0.4988 0.1867 0.2102 

Rosenbrock 
GA 0.0512 28.992 33.2193 
CSO 0.0457 14.273 16.1677 

CCSSA 0.0293 8.135 5.2938 

Zakharov 
GA 0.0394 2.7301 9.1023 
CSO 0.0288 2.1279 5.2024 

CCSSA 0.0206 1.8745 1.0803 

 
Taking the Rastrigin function as an example, the 

average optimal solutions of the GA, CSO, and CCSSA 
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algorithms are 1.3984, 0.2618, and 0.1867, respectively, 
the CCSSA algorithm has the smallest average optimal 
value, and the optimization performance of this algorithm 
is the best. The average convergence time of the three 
algorithms is 0.6749, 0.6021, and 0.4988 s, respectively, 
and the CCSSA algorithm has the highest average 
convergence speed. The standard deviations of the optimal 
solutions of the three algorithms are 1.3872, 0.2815, and 
0.2102, respectively, and the CCSSA algorithm has the 

smallest standard deviation and the highest accuracy. The 
optimization performance of the three algorithms shows 
the same trend in the experimental results of the other 
functions. In conclusion, compared with the GA and the 
standard CSO algorithms, the CCSSA algorithm has the 
highest convergence speed, the smallest function objective 
value and the most stable overall iteration curve. In 
addition, the CCSSA algorithm is better than the other two 
algorithms in terms of overall search capability. 
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Figure 10 Correspondence between the optimal value and number of runs 

 

6 CONCLUSION 
 

In this study, for the layout planning of EV charging 
facilities on highways, based on the charging demand 
characteristics of EVs, we built a multi-objective 
optimization model with a minimum construction cost of 
charging facilities, a minimum grid access cost, minimum 
operation and maintenance costs, and maximum carbon 
emission reduction benefits. A CCSSA algorithm 
combining the CSO algorithm and simulated annealing 
method was proposed to optimize the layout of charging 
facilities. Chaotic logistic mapping was introduced into the 
standard CSO algorithm, changing the location 
information on the cat swarm during the iterative process. 
The simulated annealing method was adopted for global 
optimization search so that the whole swarm was balanced 
in local and global search capabilities to obtain the optimal 
distribution strategy of charging facilities. The case study 
results of the highway network in Xi’an City, Shaanxi 
Province, China, showed that the layout model with 
consideration of carbon emission reduction benefits 
minimized the comprehensive cost. In this layout model, 
the economic and environmental benefits can be taken into 
account. The obtained layout scheme had a reasonable 
station interval and met the daily charging demand in the 
target highway network. Moreover, the obtained target cost 
function value was relatively small, with a high 

convergence speed and high economy. In addition, the 
CCSSA algorithm could effectively solve the “premature” 
problem of the CSO algorithm. The CCSSA algorithm was 
superior to the GA and standard CSO algorithms. It could 
better adapt to the dynamic environment and effectively 
track the global optimal value. It had stronger search 
capability and higher prediction accuracy than the other 
algorithms in the layout planning of facilities. 

However, the proposed model and method have some 
limitations. Firstly, only the fast charging form was 
considered in the prediction of charging demand, which is 
not consistent with the actual charging form expected by 
users in different SOC states. Furthermore, in the 
calculation of carbon emission reduction benefits, only the 
carbon emission from fuel vehicles was considered, while 
the emission from the operation and maintenance of 
buildings and other activities were not taken into account. 
Finally, the application effect and solution accuracy of the 
CCSSA algorithm in uncertain environments need to be 
further studied. The proposed approach will be improved 
in the future to address the above limitations. 
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