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Abstract

The rapid growth of electric vehicle (EV) adoption poses significant challenges for the
rational planning of charging infrastructure, where economic efficiency and service quality
are inherently conflicting. To support scientific decision-making in charging station siting,
this study proposes an integrated multi-objective optimization and decision-support frame-
work that combines an improved Non-dominated Sorting Genetic Algorithm II (NSGA-II)
with an entropy-weighted TOPSIS method. A bi-objective siting model is developed to
simultaneously minimize total operator costs and maximize user satisfaction. User sat-
isfaction is explicitly characterized by a nonlinear charging distance perception function
and a queuing-theoretic waiting time model, enabling a more realistic representation of
user service experience. To enhance convergence performance and solution diversity,
the NSGA-II algorithm is improved through variable-wise random chaotic initialization,
opposition-based learning, and adaptive crossover and mutation operators. The result-
ing Pareto-optimal solutions are further evaluated using an improved entropy-weighted
TOPSIS approach to objectively identify representative compromise solutions. Simulation
results demonstrate that the proposed framework achieves superior performance com-
pared with the standard NSGA-II algorithm in terms of operating cost reduction, user
satisfaction improvement, and multi-objective indicators, including hypervolume, inverted
generational distance, and solution diversity. The findings confirm that the proposed
NSGA-II–TOPSIS framework provides an effective, robust, and interpretable decision-
support tool for EV charging station planning under conflicting objectives.

Keywords: electric vehicle charging station; multi-objective optimization; operator cost;
user satisfaction; improved NSGA-II algorithm; improved TOPSIS model

1. Introduction
Energy serves as the cornerstone of social development. However, the reserves of

non-renewable energy sources, primarily fossil fuels, are limited and continuously de-
clining. In recent years, the global energy crisis has intensified, with imbalances between
energy supply and demand and environmental degradation becoming major international
concerns. Against this backdrop, the concept of sustainable development has created sig-
nificant opportunities for the rapid growth of the electric vehicle (EV) industry. EVs, which
replace traditional internal combustion engines with electric drive systems, can signifi-
cantly reduce carbon emissions during operation [1] and effectively decrease dependence
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on petroleum resources. Consequently, EVs are widely regarded as a critical pathway for
achieving energy conservation and emission reduction in the transportation sector and are
expected to become the mainstream direction of future automotive development. Given the
inherent limitations of EV driving range, the scientific planning of charging infrastructure
locations within road networks is essential to ensure reliable energy supply. Charging
station location planning not only directly affects the operational efficiency and economic
performance of infrastructure providers but also plays a key role in shaping users’ charging
experience and travel behavior. Therefore, research on EV charging station location holds
significant theoretical and practical value for promoting the sustainable development of EV
transportation systems.

This topic has attracted extensive attention from researchers in recent years. A data-
driven approach has been proposed to optimize EV routing strategies and determine
charging station locations [2]. User-oriented location models have also been developed by
incorporating charging convenience, time, and cost as core decision factors [3]. Optimiza-
tion models based on genetic algorithms have been constructed to minimize construction
and operational costs under multiple constraints, such as depreciation periods, energy con-
sumption, and spatial demand distribution [4]. To address demand uncertainty, stochastic
optimization frameworks based on Benders decomposition have been introduced, demon-
strating improved computational efficiency compared to traditional solvers, although
challenges remain when considering complex capacity and congestion constraints [5]. In
addition, charging station location problems have been formulated as submodular maxi-
mization models and solved using greedy-based algorithms under budget constraints [6].
Various metaheuristic algorithms, including Particle Swarm Optimization [7], Cuckoo
Search Algorithm [8], Genetic Algorithm [9], and hybrid optimization strategies [10], have
also been widely applied in this research field.

Despite the above progress, several limitations remain in existing studies on EV charg-
ing station location planning. First, user satisfaction or service quality is often modeled
using linear or weighted distance-based functions, which may fail to capture the nonlinear
perception of travel distance and charging convenience. Second, although multi-objective
evolutionary algorithms are extensively employed, limited attention has been paid to the
robustness of optimization results and algorithm behavior under parameter variations.
Third, many studies focus primarily on generating Pareto-optimal solution sets, while
the selection of a final compromise solution is often subjective and lacks a systematic
decision-support mechanism. Recent studies published within the last five years have
attempted to address these issues by integrating user preferences, fairness considerations,
and advanced multi-objective evolutionary frameworks [11–13]. Nevertheless, a compre-
hensive framework that simultaneously incorporates nonlinear user satisfaction modeling,
robust multi-objective optimization, and objective compromise solution selection remains
insufficiently explored.

To address these gaps, this study proposes an integrated multi-objective optimization
and decision-support framework for EV charging station location planning. A nonlinear
user satisfaction function is constructed to better represent users’ perception of service
distance and waiting time. An improved Non-dominated Sorting Genetic Algorithm II
(NSGA-II) is employed to obtain high-quality Pareto-optimal solutions, and an entropy-
weighted TOPSIS method is further introduced to objectively identify the best compromise
solution from the Pareto front. Through this integrated framework, the trade-offs between
economic cost and service quality can be characterized in a transparent and reproducible
manner, providing practical support for EV charging infrastructure planning.
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2. Modeling Framework and Optimization Methods
2.1. Modeling of Charging Station Siting Problem

This subsection establishes the mathematical framework for the siting optimization
problem, including assumptions, objectives, and constraints.

2.1.1. Problem Assumptions

To effectively address the construction needs of electric vehicle charging stations while
balancing the perspectives of both operators and users, this paper establishes the following
assumptions for the charging station siting problem:

(1) Each charging pile can only serve one electric vehicle at a time; simultaneous charging
of multiple vehicles by a single pile is not considered.

(2) All charging piles are of the same specification, meaning that their construction costs
as well as the proportions of operation and maintenance costs are identical.

(3) All users are restricted to selecting the nearest charging station for service. (The
distance between demand points and candidate stations is measured using the Eu-
clidean distance.)

(4) The energy consumption of users during travel is solely related to the distance traveled,
independent of other external factors.

2.1.2. Establishment of Multi-Objective Functions
Objective Function I

Total Operator Cost Minimization Function: The total operator cost minimization
function comprises the construction cost, operation cost, and maintenance cost of the
charging stations.

In the process of establishing electric vehicle charging stations, it is essential to consider
not only the construction cost C1 but also the operation and maintenance cost C2. The
mathematical expression is presented as follows:

C1 = ∑J
j=1

[(
Oj + qjNj + ejN2

j

) to(1 + to)
k

(1 + to)
k − 1

]
(1)

Among them, Oj represents the fixed investment cost, including construction and
capital investment costs; qj denotes the unit price of the charging pile; ej is the equiva-
lent investment coefficient associated with the construction of charging stations and the
procurement of related equipment; and to refers to the discount rate. Nj indicates the
number of charging piles configured at station j. The operation and maintenance cost of an
electric vehicle charging station is assumed to be proportional to its construction cost [14].
Therefore, the expression for the operation and maintenance cost C2 can be formulated
as follows:

C2 = β∑J
j=1

[(
Oj + qjNj + ejN2

j

) to(1 + to)
k

(1 + to)
k − 1

]
(2)

Here, β represents the proportional coefficient.
In summary, the objective function for minimizing the total operating cost of electric

vehicle (EV) charging stations can be expressed as follows:

minZ1 = ∑J
j=1

[(
Oj + qjNj + ejN2

j

) to(1 + to)
k

(1 + to)
k − 1

]
+β∑J

j=1

[(
Oj + qjNj + ejN2

j

) to(1 + to)
k

(1 + to)
k − 1

]
(3)
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Objective Function II

Maximization of User Satisfaction. The objective function for maximizing user satis-
faction consists of two components: the satisfaction function of charging waiting time and
the satisfaction function of charging distance.

User satisfaction with the layout of charging facilities is significantly influenced by the
geographical accessibility of charging stations, which shows a negative correlation with the
distance to the station the shorter the distance, the higher the user satisfaction; conversely,
as the distance increases, satisfaction decreases accordingly. Therefore, to quantitatively
describe this relationship, the user satisfaction function is expressed as follows [15]:

Sd(dij) =


0 dij > dmax

1
2 + 1

2 cos
[

π
2 + π

dmax−dmin

(
dij − dmax+dmin

2

)]
dmin ≤ dij ≤ dmax

1 0 < dij < dmin

(4)

where Sd
(
dij

)
represents the user’s distance satisfaction, and dij denotes the Euclidean

distance between demand point i and candidate charging station j. Among them, dmin

and dmax refer to the minimum acceptable distance threshold and the maximum tolerable
distance threshold of users, respectively. Charging waiting time also significantly affects
users’ charging experience. Excessive waiting time may directly reduce overall satisfaction
and lead to negative perceptions. Therefore, the satisfaction function of charging waiting
time is expressed as follows:

S(Tj)
=


0 Tj > Tmax

Tmax−Tj
Tmax−Tmin

Tmin ≤ Tj ≤ Tmax

1 Tj < Tmin

(5)

The adoption of different mathematical forms for the two sub-satisfaction functions is
motivated by the distinct ways in which users perceive distance and time. The distance
satisfaction function Sd(dij) is modeled using a cosine-based formulation to capture users’
nonlinear sensitivity to travel distance. As the distance approaches the maximum tolerance
threshold dmax, satisfaction declines at an accelerating rate, thereby introducing a “soft
constraint” effect that penalizes excessively long travel distances. In contrast, the waiting
time satisfaction function S(Tj)

is modeled as a linear function within the acceptable inter-
val [Tmin, Tmax] reflecting users’ approximately uniform psychological trade-off toward
reasonable waiting durations [16].

This differentiated functional design enables the overall satisfaction metric Z2 to
exhibit heterogeneous sensitivity to distance and waiting time. Specifically, the model
prioritizes the avoidance of sharp satisfaction losses caused by excessive distance through
nonlinear penalization, while simultaneously achieving balanced improvements in waiting
time through linear optimization. Consequently, the optimization process is guided toward
a more refined and behaviorally consistent balance between spatial convenience and
temporal acceptability, avoiding extreme deficiencies in any single dimension and resulting
in siting solutions with enhanced practical rationality.

In the equation, S(Tj)
denotes the user’s satisfaction with waiting time, and Tj repre-

sents the expected waiting time of users at candidate station j. The acceptable waiting time
range for users is defined by the lower bound Tmin and the upper bound Tmax. Consider-
ing the randomness of electric vehicle charging demand and the variability of charging
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duration, users often experience queuing when charging resources are limited. Therefore,
this queuing process is suitably modeled using the M/M/C queuing theory model [17].

Tj =

(
Mjµj

)Mjµj

Mj!
(
1 − µj

)2A
Pidle (6)

Pidle = [∑
Mj−1
k=0

1
k!
(

A
µ
)

K
+

1
Mj!

1
1 − µj

(
A
µ
)

Mj

]

−1

(7)

µj =
A

Mjµ
(8)

where A represents the number of electric vehicles entering the charging station per hour,
µj denotes the service rate of candidate charging station j, Pidle represents the probability
that the charging station is idle, and µ refers to the average number of electric vehicles
arriving at the charging station per hour.

In summary, the objective function for maximizing electric vehicle user satisfaction is
expressed as follows:

maxZ2 = ∑i∈I ∑j∈J Gijqi

(
Sd(dij) + S(Tj)

)
(9)

where Z2 represents user satisfaction, considering the set of demand points I. For each
demand point i ∈ I, the charging demand is denoted by qi. The model introduces a binary
decision variable Gij to indicate the charging allocation relationship: when demand point i
is assigned to candidate charging station j for charging, Gij = 1; otherwise, Gij = 0.

2.1.3. Related Constraints

In the planning of electric vehicle charging infrastructure, site selection decisions
must satisfy multiple dimensional constraints to construct a feasible solution space. The
constraint condition NJmin ≤ NJ ≤ NJmax indicates that the number of charging piles NJ at
each charging station j is subject to practical limitations—it cannot fall below a minimum
threshold NJmin nor exceed a maximum threshold NJmax. The constraint Jmin ≤ J ≤ Jmax

specifies that the total number of charging stations J in the planning area is restricted by
budget, land availability, and other resources, and must lie between a minimum Jmin and
a maximum Jmax. The constraint ∑j∈J Gij = 1, ∀ ∈ I, ensures that each demand point i
is assigned to exactly one charging station J for service. The conditions dij ≤ dmax and
Tj ≤ Tmax respectively require that the distance dij from demand point ii to charging station
j does not exceed a maximum acceptable distance dmax (based on the Euclidean distance),
and the service time Tj at station j does not exceed a maximum acceptable service time Tmax.
Finally, the binary variable Yj ∈ {0, 1} indicates whether a charging station is constructed at
candidate location j (1 if constructed, 0 otherwise).

2.2. Improved NSGA-II Algorithm and TOPSIS-Based Decision-Making Method

In the multi-objective siting study of electric vehicle charging and battery-swapping
stations, the performance of the optimization algorithm and the rationality of the decision-
making method directly determine the scientific validity of the results. Traditional NSGA-II
algorithms are prone to local optima when addressing complex nonlinear problems, while
conventional TOPSIS methods are highly sensitive to weight assignment and distance
measurement, making it difficult to accurately evaluate the superiority of alternative
solutions. Therefore, this study introduces improvements to both methods to enhance
the global search capability of the optimization process and the reliability of the final
decision outcomes.
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2.2.1. Improved NSGA-II Algorithm

To address the limitations of the conventional NSGA-II algorithm when solving the
complex multi-objective electric vehicle charging station location problem, this section
incorporates three core improvement modules. Each of these modules is developed based
on well-established strategies that have been extensively validated in complex optimization
problems and proven effective in enhancing search performance [18]. First, an enhanced
chaotic initialization strategy is employed, in which multiple chaotic maps are selected at
the variable level in a stochastic manner to improve the quality and diversity of the initial
population. Second, an intelligent opposition-based learning mechanism is introduced to
periodically explore opposite regions of the solution space, thereby accelerating conver-
gence and mitigating premature stagnation. Third, an adaptive hybrid mutation operator is
designed to dynamically coordinate four mutation strategies according to the evolutionary
state, achieving a balanced trade-off between global exploration and local exploitation.
Through the synergistic integration of these mature mechanisms, the proposed algorithm
exhibits significantly improved global search capability, convergence accuracy, and solu-
tion diversity. Consequently, a high-quality Pareto front is obtained, providing a reliable
foundation for subsequent multi-criteria decision-making.

Enhanced Chaotic Initialization Mapping

In this study, an enhanced chaotic mapping initialization approach is introduced,
wherein each decision variable is initialized using a “randomly selected chaotic map from a
pool of five distinct types”: Logistic, Tent, Circle, Gauss, and Henon. This method replaces
the conventional random initialization method [19]. The parameters of these mappings are
determined based on chaotic dynamics theory to ensure that the system operates within a
chaotic state. By leveraging the sensitivity to initial conditions and ergodicity inherent in
chaotic systems, this method effectively generates a high-quality and highly diverse initial
population for the optimization process.

During population initialization, for each dimension (decision variable) of each indi-
vidual, one chaotic map is randomly chosen from the five available types. The selected map
iterates five times to generate a chaotic sequence value, which is then linearly scaled to the
actual solution space bounds. This “variable-wise random selection strategy” ensures that
different chaotic dynamics simultaneously influence different dimensions of the solution
vector, creating a heterogeneous initialization that enhances both spatial coverage and
population diversity.

The mathematical expressions for the five chaotic maps are as follows:

Logistic Map : Xn+1 = r·Xn·(1 − Xn), r ∈ [3.8, 4] (10)

Tent Map : Xn+1 =

{
Xn
µ , Xn < µ

1−Xn
1−µ , Xn ≥ µ

, µ = 0.499 (11)

Circle Map : Xn+1 = [Xn+b· a
2π

sin(2π Xn)]mod1, a = 0.5, b = 0.2 (12)

Gauss Map : Xn+1 = exp
(
−α·x2

n

)
, α = 0.7 (13)

Henon Map : Xn+1 = 1 − a·x2
n+b·Xn, a = 1.4, b = 0.3 (14)

The solution space mapping formula is:

xi′ = Li + (Ui − Li)·xi (15)
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where xi′ is the value mapped to the actual solution space, Li and Ui are the lower and
upper bounds of the ith dimension, respectively, and xi is the ith dimension normalized
value generated by the chaotic map within the interval [0, 1].

This initialization strategy combines three types of solutions: coverage-oriented so-
lutions (20%), random feasible solutions (30%), and chaotic mapping solutions (50%),
ensuring uniform spatial distribution of the initial solutions. The variable-wise random
selection of chaotic maps introduces heterogeneous chaotic dynamics across different di-
mensions, preventing premature homogeneity and enhancing the algorithm’s exploration
capability in complex multi-dimensional search spaces.

Introduction of an Intelligent Opposition-Based Learning Strategy [20]

In this study, a periodic (every five generations) population enhancement mechanism
is proposed. For feasible solutions, corresponding opposite solutions are generated and
evaluated, while infeasible solutions are repaired through a corrective strategy. Further-
more, elite individuals are selected based on the diversity of the objective space to maintain
population balance and enhance the overall search performance.

Xopp = L + U − xcur (16)

Here, Xopp represents the generated opposite solution. The number L is assumed to
denote the lower bound of the solution space, U is supposed to signify the upper bound of
the solution space, and xcur stands for the current solution. By using this formula, we can
explore solutions that are opposite to the current solution within the solution space, thus
potentially discovering better solutions and improving the algorithm’s performance.

Adaptive Hybrid Mutation Operator

The core of this study lies in the construction of an adaptive dynamic adjustment
mechanism, through which a hybrid mutation operator is introduced to coordinate four
types of mutation strategies: Gaussian, chaotic, uniform, and boundary mutations. The
parameter settings follow conventional domain guidelines, with the simulated binary
crossover distribution index set to η = 20 and the elite retention threshold set to 0.7. This
mechanism adaptively adjusts the selection probability and mutation intensity of operators
in real time, intelligently balancing global exploration and local exploitation throughout the
optimization process. The adaptive weight management system dynamically adjusts the
selection probabilities of mutation operators based on four key factors: 1⃝ the convergence
factor, which monitors the rate of change the objective function value; 2⃝ the diversity factor,
which quantifies the distribution characteristics of the population in the objective space;

3⃝ the efficiency factor, which counts the recent improvement rate; and 4⃝ the progress
factor, which tracks the ratio of the current generation to the total number of generations.
By combining these factors with weights α = 0.3, β = 0.4, and γ = 0.3, the system tends
to favor exploratory operators (uniform and chaotic mutations) in the early stages and
exploitative operators (Gaussian and boundary mutations) in the later stages.

To better illustrate the workflow of this adaptive mechanism, Figure 1 presents a
complete flowchart of its decision-making and adjustment process.

To effectively balance exploration and exploitation throughout the evolutionary process,
an adaptive mutation weight management system is designed. This system dynamically
adjusts the selection probabilities of four mutation operators—Gaussian, chaotic, uniform, and
boundary mutations—based on real-time feedback from the evolutionary state. The adaptive
mechanism evaluates four key factors to determine the optimal weight distribution:

https://doi.org/10.3390/su18020668
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Figure 1. Workflow of the adaptive mechanism.

1. Convergence Factor (Cf): Monitors the rate of change the best objective value over
recent generations. A high Cf indicates slow convergence, prompting increased
exploration via uniform and chaotic mutations.

2. Diversity Factor (Df): Quantifies the distribution of solutions in the objective space
using Euclidean dispersion. Low diversity triggers higher weights for exploratory
operators (uniform and chaotic) to enhance population spread.

3. Efficiency Factor (Ef): Tracks the recent improvement rate of Pareto solutions. A low
Ef suggests stagnation, leading to increased use of disruptive operators (Gaussian and
boundary mutations) to escape local optima.

4. Progress Factor (Pf): Represents the ratio of the current generation to the total genera-
tions (Pf = gen/max_gen) As Pf increases, the algorithm shifts from exploration to
exploitation, favoring Gaussian and boundary mutations for local refinement.

The adaptive weight for each operator is computed as:

Wop = Wbase,op + α·Cf + β·Df + γ·Ef + δ·Pf (17)

where Wbase,op is the baseline weight, and α = 0.3, β = 0.4, and γ = 0.3 are tunable coefficients
balancing the influence of each factor. The weights are normalized after each update to
ensure a valid probability distribution.

https://doi.org/10.3390/su18020668
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Additionally, a performance tracking module records the success rate of each oper-
ator. Operators with higher historical success rates receive incremental weight bonuses,
reinforcing effective search behaviors.

The adaptive weight adjustment mechanism, as illustrated in Figure 2, demonstrates
a clear transition in operator emphasis throughout the evolutionary process. In the early
stages (approximately 0–20 generations), when population diversity is crucial, the algorithm
assigns higher weights to chaotic and uniform mutation operators, promoting extensive
exploration of the solution space. As evolution progresses (20–60 generations), a gradual
transition occurs, with Gaussian and boundary mutations gaining prominence. Finally,
in the later stages (60–80 generations), Gaussian and boundary mutations become domi-
nant, facilitating fine-tuning near the Pareto front. This dynamic adjustment represents a
self-regulating search strategy that robustly adapts to problem landscape characteristics,
effectively balancing exploration and exploitation to avoid premature convergence while
enhancing global search capability.

Figure 2. Dynamic adjustment of adaptive mutation operator weights.

Gaussian Mutation: Gaussian mutation introduces random perturbations following a
normal distribution, and is expressed as follows:

xi′ = xi + N(0, σ) (18)

where N(0, σ) denotes a normally distributed random variable with a mean of 0 and a
variance of σ; xi represents the variable value before mutation, and xi′ represents the
resulting value after mutation.

Chaotic Mutation: Mutation values are generated by utilizing the ergodicity of the
chaotic map. In this study, “either the Logistic map or the Tent map is randomly selected”
to generate chaotic sequences for the mutation operation. This reduced set of chaotic maps
maintains computational efficiency while preserving the exploration capability of chaotic
search during the evolutionary process.

xi′ = Li + (Ui − Li) · ChaosMap(r) (19)

Li denotes the lower bound of the ith dimension in the solution space, Ui represents
the upper bound of the ith dimension in the solution space, and ChaosMap(r) stands for
the chaotic mapping function.

Uniform Mutation: This operation is implemented by generating a stochastic pertur-
bation that follows a uniform distribution across the entire search space, wherein the new
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value is sampled between the defined lower and upper bounds for each variable. The
formula is given by:

xi′ = U(Li, Ui) (20)

where U(Li, Ui) denotes a random number uniformly distributed over the interval [Li, Ui].
Boundary Mutation: This operator sets a variable to either its lower or upper bound

with equal probability. The formula is as follows:

xi′ =

{
Li, with a probability of 0.5
Ui, with a probability of 0.5

(21)

The offspring are generated using simulated binary crossover, which begins with the
definition of a distribution parameter, denoted as β:

β =

 (2u)
1

(η+1) , u ≤ 0.5

( 1
2(1−u) )

1
(η+1) , u > 0.5

(22)

where η = 20 is the distribution index, and u~U(0, 1) is a random number from a uniform
distribution on the interval [0, 1].

Based on β the offspring W1 and W2 are calculated as follows:

W1 = 0.5[(1+ = β)p1 + (1 − β)p2]

W2 = 0.5[(1 − β)p1 + (1 + β)p2]
(23)

where p1 and p2 are the parent individuals involved in the crossover.
To preserve high-quality genes, an elite gene transmission mechanism is designed:

Qi =

{
Pelite,i, Pelite > 0.7

Qi, other
(24)

where Pelite,i denotes the ith gene of the elite individual, and Qi represents the corresponding
offspring gene after crossover or mutation.

By leveraging the integrated and synergistic effects of the above-mentioned mutation
operators, we have achieved a marked enhancement in both the quality of the solution set
and the convergence performance of the algorithm when addressing the charging station
location problem.

2.2.2. Improved Entropy-Weighted TOPSIS Decision-Making Model

After generating the Pareto optimal solution set using the relevant algorithm, it is
necessary to further identify the most representative compromise solution. The traditional
TOPSIS method, as a multi-criteria decision-making tool, has been widely applied across
various domains, demonstrating practical utility in prioritization, resource allocation, and
infrastructure planning [21,22]. However, TOPSIS still exhibits certain inherent limitations,
including subjectivity in weight determination, simplicity in normalization procedures,
and lack of transparency in the decision-making process. To address these issues, this
study proposes an improved TOPSIS model based on entropy weight theory. The proposed
model incorporates an objective weight assignment mechanism, an enhanced indicator
normalization method, and a systematic decision-tracking process, thereby constructing
an interpretable multi-criteria decision-making framework to support the selection of
optimal solutions from the algorithm’s output. Specifically, the following improvements
are implemented to overcome the deficiencies of traditional TOPSIS in normalization,
weight determination, and result stability [23].
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Differential Ratio Normalization

To enhance the robustness and stability of the normalization process, this study
introduces a differential ratio normalization method, incorporating a smoothing factor ε
to mitigate numerical instability when the denominator approaches zero. According to
the characteristics of the evaluation indicators, the normalization formulas are defined
as follows:

For cost-type indicators (e.g., total operator cost, where a smaller value indicates
better performance):

rcij =

(
max(xi)− xij

)
(max(xi)− min(xi)) + ε

, (25)

For benefit-type indicators (e.g., user satisfaction, where a larger value indicates
better performance):

reij =

(
xij − min(xi)

)
(max(xi)− min(xi)) + ε

(26)

Here, rcij represents the normalized result of cost-type indicators (where smaller values
indicate better performance), and reij represents the normalized result of benefit-type indicators
(where larger values indicate better performance). The parameter ϵ = 10−10 is introduced as a
numerical smoothing factor to ensure the numerical stability of the algorithm.

Entropy-Based Adaptive Determination of Indicator Weights

To achieve objective and dynamically adaptive weight allocation, this study adopts an
entropy-based adaptive weighting method. The fundamental principle is that the greater
the degree of dispersion of an indicator among different alternatives, the more information
it conveys, and consequently, the greater its influence on the overall evaluation result.
Therefore, such indicators should be assigned higher weights.

The calculation procedure is as follows:
First, compute the proportion of each indicator as follows:

Pij =
rij

∑m
i=1 rij

(27)

Here, Pij denotes the proportion of the ith alternative under the jth indicator, rij repre-
sents the normalized value of the indicator, and m is the total number of alternatives.

Next, the information entropy of each indicator is calculated as follows:

eij = − 1
lnm∑m

i=1 pijln(pij + ε) (28)

Here, eij represents the information entropy of the jth indicator, and ε is a smoothing
factor introduced to avoid the occurrence of ln0. A smaller value of eij indicates a greater
degree of variation the indicator among different alternatives, implying that it carries
more information.

Finally, the weight of each indicator is determined according to the degree of dispersion
reflected by its information entropy:

wj =
1 − eij

∑n
j=1

(
1 − eij

) (29)

Here, wj denotes the normalized weight of the jth indicator, and n represents the total
number of indicators.
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Perturbation-Corrected Relative Closeness Calculation

To address the numerical deficiencies in the traditional TOPSIS relative closeness
calculation, this study introduces a key optimization strategy by embedding a perturbation
factor ε into the computation formula. This modification aims to attenuate sensitivity to
extreme values and smooth numerical fluctuations, thereby establishing a more robust
decision-making basis for the selection of optimal alternatives. The improved relative
closeness calculation formula is expressed as follows:

Ci =
D−

i
D+

i + D−
i + ε

(30)

Here, D+
i and D−

i represent the Euclidean distances between the ith alternative and the
positive ideal solution and negative ideal solution, respectively. The introduced correction
term ensures the stability of the denominator under extremely small distance conditions,
thereby avoiding abnormal amplification of the closeness coefficient. This improvement
enhances the model’s computational accuracy and stability in distinguishing highly similar
alternatives. Moreover, the proposed method demonstrates strong discriminative ability
and numerical consistency when handling outliers and noisy data, ensuring robust and reli-
able rankings. To further assess its sensitivity to weight allocation, comparative experiments
with the subjectively weighted AHP are conducted in subsequent sections, highlighting the
superiority of the objective entropy weight method in managing weight fluctuations.

3. Case Study and Results Analysis
This section presents the case study and corresponding simulation results based on

the proposed modeling and optimization framework. It details the simulation setup, model
solution outcomes, and algorithmic performance comparison, followed by a comprehensive
discussion of the key findings.

3.1. Test Case

This paper designs a test instance for the electric vehicle charging station location prob-
lem. The locations of all demand points are randomly generated within a [0, 50] × [0, 50]
plane. The specific coordinates and charging demands are shown in Table 1, with a total of
45 demand points and 20 candidate stations. Furthermore, in practical charging station loca-
tion scenarios, in addition to considering user charging demand, corresponding real-world
conditions such as the selected location and road network situation should also be taken
into account. Therefore, to enhance the realism and reliability of the experiment, 5 unsuit-
able candidate locations were randomly removed from the initially generated 45 demand
points: Site 6 (9.73, 9.80), Site 7 (30.36, 1.34), Site 9 (3.24, 47.74), Site 20 (38.21, 46.10), and
Site 33 (36.02, 31.60). The coordinate positions of the candidate points are listed in Table 2.
Figure 3 shows the simulated layout for the EV charging station location planning after
removing the unsuitable candidate sites. All experiments were conducted under the same
experimental environment, with identical algorithm parameter settings as shown below,
ensuring that all comparative experiments were performed under consistent conditions.

Table 1. Demand and coordinate data of demand points.

Numbering X/km Y/km Vehicle
Demand/Vehicles Numbering X/km Y/km Vehicle

Demand/Vehicles

1 18.98 46.63 43 26 1.75 21.32 1
2 38.43 29.65 19 27 10.54 1.27 11
3 5.80 23.04 36 28 10.54 35.14 35
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Table 1. Cont.

Numbering X/km Y/km Vehicle
Demand/Vehicles Numbering X/km Y/km Vehicle

Demand/Vehicles

4 7.86 32.24 2 29 38.02 4.55 39
5 35.66 46.05 2 30 32.25 44.92 9
6 9.73 9.80 12 31 30.92 16.88 48
7 30.36 1.34 25 32 18.80 33.10 37
8 14.98 30.37 42 33 36.02 31.60 47
9 3.24 47.74 15 34 27.94 19.38 27
10 22.89 38.69 44 35 35.24 37.52 26
11 25.68 29.44 3 36 12.33 13.29 27
12 42.28 33.65 9 37 26.09 21.52 42
13 4.12 46.55 14 38 22.09 10.68 32
14 39.80 15.62 2 39 31.55 16.09 32
15 33.84 22.13 7 40 34.38 7.69 39
16 30.28 40.99 35 41 20.70 37.27 26
17 44.65 13.42 40 42 46.26 29.75 22
18 37.26 21.41 42 43 43.26 30.97 6
19 28.25 2.50 18 44 22.91 11.49 20
20 38.21 46.10 36 45 43.84 26.89 8
21 29.70 45.25 8
22 28.38 26.00 40
23 41.54 36.87 47
24 40.78 18.12 45
25 7.76 39.50 1

Table 2. Coordinate locations of candidate sites.

Numbering X/km Y/km Numbering X/km Y/km

1 18.10 44.53 11 34.42 35.19
2 14.06 32.09 12 8.11 48.89
3 1.02 17.92 13 13.81 47.88
4 15.63 8.90 14 20.73 2.59
5 26.64 24.27 15 17.56 31.45
6 34.24 13.93 16 33.67 26.48
7 12.72 9.08 17 22.49 27.54
8 11.50 27.79 18 29.45 4.88
9 20.38 4.11 19 18.74 12.62

10 13.19 12.85 20 39.55 23.57

Figure 3. Simulation diagram of electric vehicle charging station location planning.
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The parameter settings used in this study are based on the references cited [24–26].
The population size is set to 100, and the algorithm runs for 100 generations. The crossover
probability is 0.9, and the mutation probability is 0.3. The fixed investment cost (Oj)
is 1 million CNY, the unit cost of a charging pile (qj) is 0.1 million CNY per unit, and
the equivalent investment coefficient (ej) is 0.02 million CNY per unit. The proportional
coefficient (β) is 0.1. The maximum user satisfaction distance (dmax) is 15 km, and the
minimum satisfaction distance (dmin) is 1 km. The number of charging piles at each station
ranges from a minimum of Nmin = 4 to a maximum of Nmax = 20. The minimum and
maximum waiting times are Tmin = 0.2 h and Tmax = 0.5 h, respectively. The number
of charging stations to be constructed ranges from a minimum of Jmin 5 to a maximum
of Jmax 15. The discount rate (to) is 0.05, and the depreciation period (k) is 20 years.
Since NSGA-II is a population-based multi-objective evolutionary algorithm, no explicit
error tolerance is defined in this study. Instead, convergence is evaluated based on the
stabilization of the Pareto-optimal solution set over successive generations. Accordingly,
100 generations are adopted as the termination criterion, which is sufficient to ensure
convergence while maintaining computational efficiency.

3.2. Solution Results
3.2.1. Limitations of the Charging Station Location Model Assumptions and Their Impacts

To ensure the tractability of the optimization model, this study introduces a series of
necessary simplifications. This section aims to systematically evaluate the potential impacts
of these core assumptions on the research findings and to clarify the strategies adopted to
mitigate the associated biases.

1. Assumption of homogeneous equipment and charging power:

By ignoring shared charging modes and heterogeneity in charging power levels, this
assumption may lead to an overestimation of the required infrastructure scale and total
investment cost. To buffer this bias, conservative upper limits on the number of charging
piles are imposed, and average service rate parameters are adopted in the model. This
simplification aims to construct a clear and solvable baseline model, thereby verifying the
core logic and efficacy of the proposed optimization-decision framework.

2. Assumption of nearest-station user choice:

The model assumes that users always select the nearest charging station, while ne-
glecting more complex decision-making behaviors based on real-time queuing conditions,
pricing, and other factors. This simplification may overestimate the actual spatial conve-
nience of the planning solutions. Accordingly, the distance satisfaction function employed
in the model only reflects static distance preferences. Although this captures the primary
spatial factor, the model’s structure can accommodate more complex user choice models in
future applications to enhance behavioral realism.

3. Assumption of the M/M/C queuing model:

The idealized conditions of Poisson arrivals and exponential service times differ from
real-world charging scenarios, which are characterized by peak-demand patterns and
charging durations correlated with the state of charge (SOC). This discrepancy may result
in an underestimation of waiting times during peak periods. It must be reiterated that the
core objective of this study is to conduct relative comparisons and trade-off analyses among
alternative planning schemes using a unified modeling framework, rather than to precisely
predict absolute queuing delays. Therefore, a relatively wide acceptable waiting time range
(0.2–0.5 h) is specified to enhance the robustness of the conclusions.

4. Assumption of static demand and transportation conditions:
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By adopting fixed demand points and Determined by Euclidean distance while ignor-
ing dynamic traffic flows, the model may overestimate the actual spatial accessibility of
charging stations. To address this limitation, a relatively large maximum acceptable service
distance (15 km) is set to ensure that the planning schemes retain a basic level of spatial
service capability within a static analytical framework.

5. Impact of Model Assumptions and Boundary Definition

The series of core assumptions introduced in this study—such as homogeneous
charging facilities, users’ nearest-station choice behavior, and static demand and traffic
conditions—represent common and necessary modeling strategies for managing real-world
complexity while ensuring model tractability and interpretability. Collectively, these sim-
plifying assumptions explicitly define the analytical boundaries of this research and exert
directional influences on the quantitative outcomes of the optimization objectives.

Specifically, under the current modeling framework:

• Homogeneous facilities and nearest-station choice behavior.

The model does not distinguish among charging power levels, nor does it incorporate
users’ dynamic decision-making based on real-time information. As a result, the estimation
of total operational costs may be biased toward a simplified scenario, while user satisfaction
is evaluated under an idealized assumption of spatial accessibility.

• Static demand and the M/M/C queuing model.

By adopting fixed demand points and classical queuing theory, the model may not
fully capture peak-demand aggregation effects or variability in charging durations. Conse-
quently, the estimated service capacity requirements and waiting times tend to be smoothed
relative to highly dynamic real-world conditions.

• Euclidean distance and static traffic conditions.

The use of straight-line (Euclidean) distance simplifies the complexity of actual road
networks and dynamic traffic conditions, which may affect the precise representation of
infrastructure coverage efficiency and user travel costs. Taken together, these modeling
choices imply that the derived Pareto-optimal front represents the theoretical trade-off
between operator economic performance (Z1) and user service quality (Z2) under a clearly
defined, idealized benchmark scenario. The primary contribution of this study lies not
in providing a directly deployable implementation scheme, but in offering a transparent
and quantifiable decision trade-off spectrum and performance boundary, which serves
as a methodological foundation for subsequent research and practical planning efforts.
Accordingly, the derived Pareto front characterizes the intrinsic trade-off between oper-
ator cost (Z1) and user satisfaction (Z2) under a well-defined benchmark scenario. The
main contribution lies in the development of a modular and extensible decision-support
framework that establishes a methodological baseline for scenario-based analysis and
planning practice.

6. Parameter Robustness and Validation of Conclusions

To enhance the robustness and practical relevance of the research conclusions, conser-
vative principles were adopted in the parameter settings. For instance, relatively relaxed
constraints were imposed on the maximum service distance (dmax = 15 km), acceptable
waiting time (Tmax = 0.5 h), and the upper bound on the number of charging piles per
station (Nmax = 20). Such settings implicitly bias the optimization process toward station
layout solutions that can maintain basic service reliability even under real-world conditions
that are more demanding than those assumed in the model.

Accordingly, although the absolute numerical values of cost and satisfaction may
deviate from those observed in fully realistic scenarios, the fundamental patterns and
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trade-off structures revealed by the model remain robust. Specifically, the relative ranking
of alternative solutions within the Pareto set, as well as the essential economic principle
that increased investment improves user experience with diminishing marginal returns,
are stable and pronounced. The comparison between different solutions in Table 3 (e.g.,
Solution 13 versus Solution 2) clearly substantiates this intrinsic relationship. The main
findings and value of this study therefore lie in the systematic revelation and quantitative
characterization of such multi-objective conflicts, rather than in the pursuit of precise
point estimates.

Table 3. Numerical values of the pareto solution set.

Solution Candidate Site Number Number of Charging Piles Objective Function I Objective Function II

1 2, 6, 8, 9, 10, 11, 12 20, 20, 6, 4, 4, 20, 8, 7, 20 10,007,068.4408 1.9092

2 1, 2, 3, 5, 6, 7, 10, 11, 12,
15, 16, 17, 18, 19, 20

12, 11, 5, 17, 16, 4, 4, 18,
4, 10, 4, 4, 13, 7, 9 12,285,334.7429 1.9124

3 4, 7, 9, 10, 14 7, 4, 4, 4, 4 1,723,119.1335 0.1961
4 4, 10, 14, 16, 19 4, 4, 4, 7, 20 3,395,770.3427 0.9224
5 3, 7, 8, 9, 13 5, 5, 16, 10, 18 3,388,560.6392 0.5831

6 1, 3, 6, 7, 8, 9, 11, 12, 13 17, 5, 20, 5, 16, 10, 20,
4, 4 8,947,242.0281 1.8140

7 3, 6, 7, 8, 9, 10, 11, 12, 14 5, 20, 4, 16, 7, 4, 20, 8,
4 7,685,543.9178 1.7492

8 19, 11, 8, 10, 7, 12, 15, 1,
3, 2, 18, 5, 20, 9, 14

7, 18, 4, 4, 4, 4, 10, 12, 5,
11, 13, 20, 20, 4, 4 11,816,704.0162 1.9117

9 3, 6, 7, 9, 10, 12 5, 20, 4, 10, 4, 18 4,239,305.6507 1.0781

10 3, 4, 6, 7, 9, 11, 14, 19 11, 5, 20, 4, 20, 8, 4, 16,
7, 20 6,099,409.1505 1.4262

11 2, 3, 6, 10, 11, 12, 14, 15,
19, 20

11, 5, 20, 4, 20, 8, 4, 16,
7, 20 10,172,891.6210 1.9098

12 3, 4, 7, 9, 10 5, 7, 4, 4, 4 1,773,587.0580 0.2644
13 6, 8, 11, 12, 3 20, 16, 20, 8, 9 6,546,410.7668 1.6342
14 3, 7, 10, 14, 16, 18 5, 4, 4, 7, 20, 13 4,470,016.1623 1.1344
15 1, 3, 6, 7, 9, 12, 13 20, 5, 20, 5, 10, 4, 4 6,027,312.1157 1.3709
16 3, 4, 6, 7, 8, 10, 11, 14 5, 7, 20, 4, 16, 4, 20, 4 7,130,396.7493 1.6423
17 4, 7, 13, 3, 8 7, 5, 8, 5, 16 3,150,640.4241 0.5501
18 6, 8, 10, 11, 12 20, 20, 12, 20, 8 7,418,784.8888 1.7160
19 4, 7, 10, 13, 16 7, 4, 4, 8, 20 3,640,900.2613 0.9961
20 2, 6, 10, 11, 12, 14, 19, 20 20, 20, 4, 20, 8, 4, 7, 20 9,588,905.6385 1.8409
21 1, 3, 6, 7, 10 20, 5, 20, 4, 11 5,450,535.8366 1.3143
22 3, 4, 7, 10, 13 5, 7, 4, 4, 8 2,018,716.9765 0.3385
23 3, 4, 7, 8, 9 5, 7, 5, 16, 4 2,905,510.5055 0.4761
24 1, 4, 9, 16, 19 20, 5, 4, 20, 7 5,118,889.4762 1.2962
25 3, 6, 9, 12, 13, 15 5, 20, 15, 4, 6, 20 6,315,700.2552 1.5171
26 3, 6, 7, 8, 9, 19 5, 20, 5, 16, 4, 7 4,888,178.9646 1.1831

Overall, the modeling simplifications adopted are integral to establishing a tractable
and interpretable benchmark. They collectively define a clear analytical scope within which
the intrinsic trade-off between operator economy and user service quality is rigorously
quantified. The core contribution of this work resides in the development of a modular and
extensible decision-support framework, rather than a fixed site-specific plan. By design, the
conservative parameterization imbues the solutions with inherent robustness, ensuring that
the revealed trade-off patterns and solution rankings remain valid under more demanding
real-world conditions. This framework provides a verified methodological baseline that can
be systematically refined—by relaxing the current assumptions—to address increasingly
complex and realistic planning scenarios in future applications.
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3.2.2. Presentation and Description of the Pareto Solution Set

As illustrated in Figures 4 and 5, the Pareto optimal solution set obtained in this study
contains twenty-seven non-dominated solutions. The solutions within this set exhibit
minimal objective conflict and are clearly distinguishable from the dominated alternatives,
thereby providing decision-makers with a set of representative and well-balanced optimal
options. The detailed numerical values of the corresponding Pareto optimal solutions are
presented in Table 3.

Figure 4. The number of solutions for different sequences.

Figure 5. The pareto front solution set.

The numerical results of the corresponding Pareto optimal solution set are presented
in Table 3, which includes detailed information on Objective Function I and Objective
Function II, as well as the number of charging stations and charging piles to be constructed.

According to the results presented in Table 3, solution 2 achieves the highest level of
user satisfaction but incurs the maximum total life-cycle cost. In contrast, solution 3 exhibits
the lowest total cost and a correspondingly low user satisfaction level. This comparison
clearly reveals a pronounced trade-off between operator cost and user satisfaction. This
trade-off is fundamentally governed by the spatial configuration strategy of charging
station layout: a clustered deployment primarily reduces costs through economies of
scale in infrastructure and simplified management, but at the expense of uneven network
coverage, which significantly diminishes user satisfaction. Conversely, a dispersed layout
enhances network accessibility and service equity to maximize user satisfaction, yet it leads
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to substantially higher costs due to duplicated infrastructure investments and increased
operational complexity.

Further analysis indicates that the relationship between the number of charging sta-
tions and user satisfaction is not purely linear. Statistical testing of the 26 Pareto-optimal
solutions yields a Spearman correlation coefficient of ρ = 0.68 (p < 0.01), confirming a
significant positive correlation between the two variables. However, a more detailed ex-
amination reveals substantial differences in satisfaction levels among schemes with an
identical number of stations. For instance, although both solution 3 and solution 13 consist
of five stations, their user satisfaction values are 0.1961 and 1.6342, respectively—an 8.3-fold
difference. Crucially, their total costs also differ markedly (approximately 1.72 million and
6.55 million), directly evidencing the dual role of spatial clustering in cost containment and
its suppressive effect on satisfaction: solution 3 adopts a highly clustered layout, sacrificing
service coverage for minimal cost, whereas solution 13 employs a relatively dispersed and
evenly distributed site selection, which increases cost but dramatically improves satisfaction
by enhancing spatial accessibility. This disparity is primarily attributed to two factors.

First, the spatial distribution of stations critically influences both service accessibility
and cost structure. The stations in solution 13 (3, 6, 8, 11, and 12) are evenly distributed
across the planning area, effectively covering major demand points, but require investment
across a wider range of locations, resulting in a higher cost per unit of coverage. In
contrast, the stations in solution 3 (4, 7, 9, 10, and 14) are relatively clustered. While this
achieves lower unit construction costs and centralized operations and maintenance, it
creates significant spatial service gaps, causing distance satisfaction Sd

(
dij

)
to plummet as

travel distances exceed user tolerance thresholds. Second, the number of charging piles
configured at each station modulates service capacity and capital expenditure within the
chosen spatial strategy. Solution 13 is equipped with a sufficient number of charging piles
at key stations (20, 16, 20, 8, and 9), supporting demand distribution under its dispersed
layout but also contributing to higher per-station investment. In comparison, Section 3
is configured with only the minimum number of piles (7, 4, 4, 4, and 4), aligning with
its “cost-first” objective under a clustered strategy but collectively leading to severely
constrained service capacity.

Notably, a phenomenon of diminishing marginal returns is also observed. When
the number of charging stations increases from five to ten, the average improvement
in user satisfaction per additional station is approximately 1.25%. However, when the
number increases further from ten to fourteen, the marginal improvement declines to only
0.35% per station, while the associated marginal cost increase remains substantial. This
pattern further indicates that relying solely on increasing the number of stations becomes
increasingly inefficient for boosting satisfaction and is accompanied by persistently rapid
cost escalation. This finding suggests that under resource constraints, higher levels of
user satisfaction can still be achieved with fewer stations through optimized site selection
(balancing clustering and dispersion) and resource allocation. For example, solution 13,
which includes only five stations, attains a user satisfaction level close to that of solution 2
with fourteen stations, while its total cost accounts for only 53.3% of the latter. This further
demonstrates that rational spatial layout strategies coupled with efficient, differentiated
resource configuration are more effective than merely increasing the number of stations
in balancing economic efficiency and service quality. Meanwhile, Figure 6 illustrates the
evolutionary process of the Pareto front across different generations. In the initial stage, the
solutions are widely scattered in the objective space, indicating a low level of convergence.
As the evolution progresses, the Pareto front gradually converges toward the true Pareto-
optimal region, accompanied by a more uniform distribution of solutions. This evolutionary
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process enables the algorithm to capture a richer and more comprehensive set of trade-off
relationships between operator cost and user satisfaction.

Figure 6. Pareto front comparison at key generations.

Based on the above analysis, the improved TOPSIS method is employed to comprehen-
sively evaluate and rank all candidate schemes. This aims to systematically reconcile the
complex trade-off between operator cost control and user satisfaction enhancement, provid-
ing robust decision support for charging infrastructure planning and offering clear strategic
choices and layout design guidance for planners under different budget constraints and
policy objectives.

3.2.3. Managerial Insights and Strategic Implications

Analysis of the Pareto-optimal set translates algorithmic outcomes into direct strategic
guidance for infrastructure planning:

1. The Fundamental Trade-off is Spatial: The extremes of the Pareto frontier are defined
by two opposing spatial strategies: cost-minimizing clustering (exemplified by Solu-
tion 3, sacrificing coverage) versus satisfaction-maximizing dispersion (exemplified
by Solution 2, incurring high cost). All viable planning options exist on this spectrum.

2. Optimal Layout Outperforms Simple Expansion: The significant performance gap
between Solutions 3 and 13 (identical station count) demonstrates that superior geo-
graphic distribution and site-specific capacity allocation are more critical than merely
increasing the number of stations. Efficient placement of well-sized stations can
achieve high utility with lower infrastructure density.

3. Actionable Decision Pathways:

(1) For budget-constrained planning: Prioritize high-efficiency solutions from the
central-left Pareto front (e.g., Solution 13), which balance adequate service
coverage with manageable cost, avoiding the steep economic penalties of
excessive dispersion.

(2) For policy-driven, user-centric objectives: Solutions from the right front (e.g.,
near Solution 2) are relevant, with the model quantifying the incremental
investment required for each unit of satisfaction gain.

(3) Recognizing diminishing returns: The declining marginal satisfaction per
additional station indicates an optimal network density. Beyond this point,
investment should shift from new locations to enhancing existing ones.
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4. Key Drivers and Contextual Adaptation: The sharpness of the cost satisfaction trade
off is not constant but is driven by specific contextual conditions:

(1) Demand Spatial Pattern: In areas with highly dispersed demand points, the
cost of achieving full coverage via dispersion rises sharply, intensifying the
trade-off.

(2) User Behavior Profile: A population with low tolerance for waiting necessitates
more chargers or stations to prevent satisfaction collapse, directly increas-
ing costs.

(3) Network and Land Constraints: Complex real-world road networks increase
effective travel distance, while high urban land costs amplify the expense of a
dispersed layout.

Consequently, the framework’s output is not a single recommendation but an adaptive
decision-support tool. Planners can obtain a context-specific efficiency frontier by inputting
localized parameters.

In summary, the Pareto frontier serves as a strategic decision map. Planners can first
orient themselves by choosing a primary spatial strategy (clustered vs. dispersed) based on
top-level goals, then navigate to the most efficient implementation plan within that strategy,
thereby making informed, scenario-based decisions.

3.3. Effectiveness Verification of the Algorithmic Improvement Strategies: Ablation Study Analysis

To systematically evaluate the individual contributions of the three improvement
strategies proposed in this study to the overall algorithmic performance, a series of ablation
experiments were designed and conducted. Specifically, five algorithmic configurations
were comparatively analyzed: (1) the fully improved NSGA-II algorithm, (2) NSGA-II with-
out the chaotic initialization mechanism, (3) NSGA-II without the opposition-based learning
mechanism, (4) NSGA-II without the adaptive mechanism, and (5) the standard NSGA-II
algorithm. The evaluation was performed from four key aspects of solution quality and
computational performance, including overall solution quality, convergence, distribution,
and efficiency. Accordingly, four widely adopted performance metrics were employed:
hypervolume (HV), inverted generational distance (IGD), diversity, and runtime.

The comparative results of the five algorithmic configurations across the four perfor-
mance metrics are illustrated in Figure 7.

Figure 7. Comparison of performance metrics in ablation experiments for the improved NSGA-II algorithm.
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To quantitatively elucidate the individual contributions of each improvement module
and their synergistic effects on algorithmic performance, this study designs and conducts
a systematic ablation experiment, in which five algorithmic configurations are compar-
atively evaluated across multiple key performance metrics. The corresponding results
are presented in Figure 7. Overall, the findings indicate that each improvement module
operates at a distinct stage of the evolutionary process, with clearly differentiated func-
tional roles, while collectively contributing to a significant enhancement of the algorithm’s
overall performance.

First, the chaotic initialization mechanism primarily affects the early stage of the
search process by constructing an initial population with higher diversity and solution
quality, thereby providing a more favorable starting point for subsequent evolution. After
removing this module, the runtime is reduced from 37.15 s to 25.99 s, corresponding to an
efficiency improvement of approximately 30%. However, this reduction in computational
cost is accompanied by a deterioration in solution quality, as the hypervolume (HV) de-
creases by 4.2%, from 12,583,018 to 12,054,043, while the inverted generational distance
(IGD) increases from 0.0208 to 0.0248. These results demonstrate that chaotic initialization
trades additional computational overhead for enhanced global search potential, yielding a
substantial positive contribution to the quality of the final solution set.

Second, the opposition-based learning mechanism plays a critical role in improving
the convergence performance of the algorithm. When this module is removed, the IGD
value increases markedly to 0.0248, representing a 19.2% degradation, which is the most
pronounced impact among all improvement strategies. In addition, both the HV value
(12,178,887) and the diversity metric are inferior to those achieved by the fully improved
algorithm. These observations indicate that, by systematically exploring the opposite
regions of the solution space, the opposition-based learning mechanism effectively guides
the population toward a more accurate and stable approximation of the true Pareto front.

Third, the adaptive mechanism is mainly responsible for dynamically regulating the
search strategy to balance exploration and exploitation. In the absence of this module,
the algorithm achieves the best performance in terms of a single convergence metric
(IGD = 0.0132), and also attains the highest diversity value (2,583,200). Nevertheless, its
hypervolume (12,374,832) fails to reach the optimal level and remains lower than that of
the fully improved algorithm. This phenomenon suggests that the adaptive mechanism
does not merely aim to optimize a single performance indicator, but instead enhances the
overall coverage of the solution set in the objective space by coordinating search depth and
breadth, an advantage that is ultimately reflected in the improvement of the HV metric.

In summary, the three improvement modules act synergistically on the NSGA-II
algorithm from the perspectives of search initialization, convergence guidance, and search
dynamics, respectively. Although the removal of an individual module may lead to superior
performance in certain isolated metrics (e.g., runtime or IGD), the fully integrated NSGA-II
algorithm incorporating all proposed improvements achieves the highest hypervolume
value (12,583,018), which is widely regarded as a comprehensive indicator of Pareto solution
set quality and coverage. These results provide strong evidence for the effectiveness
and synergistic benefits of the proposed improvement strategies, demonstrating that the
overall performance enhancement of the algorithm arises from the systematic integration
of multiple complementary modules rather than from any single isolated technique.

3.4. Comprehensive Ranking and Optimal Solution Determination Based on the Improved
TOPSIS Model

To scientifically evaluate and compare the performance of different siting Solution, this
study employs an improved Technique for Order Preference by Similarity to Ideal Solution
(TOPSIS) model to conduct a comprehensive assessment and ranking of the 26 candidate
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schemes obtained after preliminary screening. The evaluation framework focuses on two
core dimensions: operator cost and user satisfaction. By calculating the relative closeness of
each scheme to the ideal best and worst solutions, the improved TOPSIS method enables an
objective and quantitative prioritization of multiple alternatives. This approach effectively
balances cost control and user experience, thereby providing a more rational and persuasive
basis for final decision-making. The ranking results calculated are presented in Table 4:

Table 4. Ranking results based on evaluation scores.

Solution ID Score Rank Solution ID Score Rank

13 0.7003 1 1 0.6135 14
25 0.6798 2 11 0.6083 15
18 0.6794 3 9 0.6061 16
16 0.6765 4 19 0.5948 17
7 0.6743 5 4 0.5767 18
10 0.6615 6 8 0.5625 19
24 0.6557 7 2 0.5512 20
21 0.6498 8 5 0.4790 21
15 0.6465 9 17 0.4780 22
6 0.6358 10 23 0.4682 23
26 0.6230 11 22 0.4645 24
14 0.6192 12 12 0.4580 25
20 0.6174 13 3 0.4488 26

The evaluation scores obtained from the improved TOPSIS model all fall within the
threshold range of [0, 1], and a higher score corresponds to a higher ranking. The improved
TOPSIS model evaluates each scheme based on its normalized distances to the positive
ideal solution (PIS) and negative ideal solution (NIS). The relative closeness Ci is computed

as Ci =
D−

i
D+

i +D−
i +ε

, where a higher Ci indicates a better overall performance. Based on

the quantitative analysis and ranking of the candidate siting schemes using the improved
TOPSIS model, the results indicate that Solution 13 is identified as the optimal siting
solution (as shown in Figure 8). Solution 13 achieves the highest TOPSIS score (0.7003)
because it strikes an optimal balance between cost efficiency and user satisfaction, avoiding
extreme values in either objective. Under this evaluation framework, the selected candidate
sites are Stations 3, 6, 8, 11, and 12, with the corresponding numbers of charging piles
planned for construction being 20, 16, 20, 8, and 9, respectively. It is noteworthy that
Solution 3, which primarily emphasizes operator cost reduction (Figure 9), and Solution 2,
which focuses on maximizing user satisfaction (Figure 10), rank 26th and 20th, respectively,
in the comprehensive evaluation. It should be emphasized that the results derived from
the improved TOPSIS model do not represent an absolute optimal solution; rather, they
provide a relative optimum achieved by balancing operator cost efficiency and user demand
satisfaction. Furthermore, the regional level of economic development and residents’
consumption capacity play a decisive role in shaping the investment strategy for charging
infrastructure. In regions with higher economic development, service quality centered
on user experience should be prioritized. Conversely, in moderately developed regions,
construction and operation cost control should take precedence to achieve optimal resource
allocation, wherein focusing on cost minimization may, in fact, represent the most practical
and effective solution.
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Figure 8. Site selection map of solution 13.

Figure 9. Site selection map of solution 3.

 
Figure 10. Site selection map of solution 2.
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3.5. Comparative Analysis of Algorithm Performance and Decision Effectiveness of the Improved
TOPSIS Model

To comprehensively verify the superiority of the proposed improved NSGA-II algo-
rithm, this section conducts a comparative analysis from two perspectives: algorithmic
search performance and decision-support effectiveness of the improved TOPSIS model.
The proposed method is compared against the standard NSGA-II algorithm under identical
parameter settings, and all experimental results are statistically reported and analyzed.

3.5.1. Comparison of Algorithmic Search Performance

The search performance of an algorithm determines its ability to obtain high-quality
solutions. In this study, several key performance indicators, including hypervolume (HV),
inverted generational distance (IGD), diversity, and runtime, are adopted to evaluate and
compare the optimization performance of different algorithms. The comparative results of
the proposed improved NSGA-II algorithm against the standard NSGA-II, MOEA/D, and
SPEA algorithms are summarized in Table 5.

Table 5. Comparison of algorithm search performance.

Name of the Algorithm Hypervolume Inverted Generational Distance Diversity Runtime/s

Enhanced NSGA-II 12,583,018.2631 0.0208 2,419,870.8753 37.15
Standard NSGA-II 12,054,043.1198 0.0197 2,138,643.1843 28.39

MOEA/D 7,090,696.7683 0.3008 77,514.4061 7.82
SPEA 11,539,899.2954 0.0471 1,590,371.1890 51.58

Based on the results presented in Table 5, the performance of the algorithms can be
analyzed and ranked as follows. The improved NSGA-II algorithm ranks first in both the
hypervolume (HV) and diversity metrics, indicating that the obtained Pareto front not only
covers the largest objective space with the highest overall solution quality, but also exhibits
the most uniform distribution in the objective space. This provides decision-makers with
the widest range of high-quality alternatives. Its IGD value is also highly competitive,
ranking second only to the standard NSGA-II, which demonstrates good convergence
performance and a solution set that closely approximates the true Pareto front. Although
its computational time is not the shortest, this is a reasonable outcome of the advanced
search mechanisms and diversity-preserving strategies incorporated into the algorithm,
representing an appropriate trade-off between solution quality and computational efficiency.
Overall, the improved NSGA-II achieves the best comprehensive performance, ranking first
in terms of solution quality (HV and diversity) and convergence (IGD). The standard NSGA-
II algorithm performs best in terms of the IGD metric, indicating the highest convergence
accuracy. Its HV and diversity values both rank second, suggesting good solution quality
and distribution. In addition, it exhibits relatively short runtime and high computational
efficiency. Owing to its advantages in convergence speed and accuracy, the standard
NSGA-II ranks second in overall performance. The SPEA algorithm shows moderate
performance across all metrics. Its HV and diversity both rank third, indicating acceptable
solution quality. However, its IGD value is noticeably worse than those of the two NSGA-II
variants, reflecting relatively weak convergence performance. Its most significant drawback
is the longest runtime, resulting in the lowest computational efficiency. Consequently,
SPEA ranks third in overall performance. The MOEA/D algorithm demonstrates a clear
advantage in runtime, achieving the highest computational efficiency. However, it performs
poorly in the core solution quality metrics: both HV and diversity are the lowest among all
algorithms, and its IGD value is substantially higher than those of the others. This indicates
that its solution set has limited coverage, concentrated distribution, and remains far from
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the true Pareto front. Despite its high efficiency, the inferior solution quality leads to the
lowest overall performance ranking, placing it fourth.

In summary, for the complex multi-objective optimization problem of charging station
location planning, the improved NSGA-II algorithm exhibits comprehensive and significant
superiority in terms of solution quality, distribution, and convergence. These results also
effectively validate the effectiveness of the proposed algorithmic improvement strategies.

3.5.2. Comparative Analysis of Ranking Results Based on the Improved TOPSIS Model

To further validate the superiority of the improved NSGA-II algorithm in generating
high-quality Pareto-optimal solution sets, this section presents a comparative analysis
of the ranking results obtained by applying the improved TOPSIS model to the Pareto
fronts generated by both algorithms. The comparison covers key performance indicators,
including the comprehensive evaluation score, operator cost, user satisfaction, and charging
station configuration schemes. The detailed results are summarized in Table 6.

Table 6. Comparison of algorithm ranking results.

Algorithm Type Rank Improved TOPSIS
Score

Total Operator Cost
(10k CNY) User Satisfaction Candidate Site ID Number of

Charging Piles

Enhanced NSGA-II 1 0.7003 6,546,410.7668 1.6342 6, 8, 11, 12, 3 20, 16, 20, 8, 9

Standard NSGA-II 1 0.6928 6,820,379.4993 1.6426 2, 5, 7, 8, 9, 10,
18

5, 20, 16, 4, 4, 20,
7

According to the analysis of Table 6, the improved NSGA-II algorithm achieves a
higher TOPSIS score (0.7003) compared with the standard NSGA-II algorithm (0.6928),
indicating that its Pareto solution set is closer to the ideal solution in the dual-objective trade-
off. Although the standard NSGA-II algorithm yields a slightly higher value in terms of the
single user satisfaction indicator, it incurs a higher total cost and requires the construction
of more charging stations, reflecting lower resource allocation efficiency. In contrast, the
improved NSGA-II algorithm significantly reduces construction and operation costs while
maintaining comparable user satisfaction, demonstrating superior economic efficiency and
practical applicability. Overall, the five charging stations and their corresponding charging
pile configurations selected by the improved NSGA-II algorithm (Stations 6, 8, 11, 12, and 3)
exhibit a more balanced spatial distribution and service capability, effectively avoiding
resource redundancy and waste. The siting results obtained by the standard NSGA-II
algorithm based on the improved TOPSIS ranking are illustrated in Figure 11.

Figure 11. Charging station site selection results using the standard NSGA-II algorithm with improved
TOPSIS ranking.
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3.5.3. Comparative Analysis of Ranking Results with Different Weighting Methods

To validate the necessity and advantages of incorporating the entropy weight method
into the improved Technique for Order Preference by Similarity to Ideal Solution (TOP-
SIS) model, and to highlight the differences between objective and subjective weighting
approaches, this section compares the ranking results of the entropy-weighted scheme with
those obtained using equal-weight AHP on the same Pareto-optimal solution set. Specifi-
cally, all criteria in the AHP method were assigned equal weights to rank the candidate
alternatives, and the resulting rankings were then compared with those obtained from the
improved TOPSIS method, with a focus on analyzing the differences and stability of the
optimal compromise solutions under different weighting strategies.

Table 7 presents the comparative ranking results of the Top-5 solutions obtained using
the improved TOPSIS method and the AHP-based method.

Table 7. Comparison of ranking method results.

Rank Improved TOPSIS (Solution ID) Score AHP (Solution ID) Score

1 13 0.7003 12 0.6802
2 25 0.6798 21 0.6737
3 18 0.6794 22 0.6719
4 16 0.6765 19 0.6712
5 7 0.6743 13 0.6710

As shown in the table, under the improved TOPSIS method, solution 13 attains the
highest comprehensive score, whereas its ranking drops to fifth place (0.6710) under the
equal-weight AHP method, indicating that the choice of weight determination significantly
affects the ranking outcomes. The equal-weight assumption in AHP subjectively balances
the relative importance of objectives but fails to reflect the actual differences among schemes,
whereas the improved TOPSIS method assigns weights based on indicator variability,
providing a more objective representation of inter-scheme differences. Figure 12 illustrates
the ranking stability of the improved TOPSIS and AHP methods under varying cost weights.
The results demonstrate that the improved TOPSIS maintains high Spearman correlation
across weight variations, showing minimal sensitivity to subjective weight settings, while
AHP’s stability declines as the weight increases. These findings suggest that the improved
TOPSIS is more reliable under weight uncertainty, offering a consistent and objective basis
for decision-making.

 

Figure 12. Comparison of ranking stability between improved TOPSIS and AHP under weight variations.
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3.5.4. Assessing Model Parameter Sensitivity

To evaluate the robustness of the electric vehicle charging station location optimization
model, this chapter conducts a sensitivity analysis on two critical model parameters: the
unit cost of charging piles (qj) and the maximum acceptable service distance (dmax, based on
the Euclidean distance). The objectives of the sensitivity analysis are twofold: (1) to quantify
the impact of variations in these parameters on the optimization objectives, namely total
cost (Z1) and user satisfaction (Z2); and (2) to examine how changes in these parameters
affect the final location decision scheme.

This study employs a one-factor-at-a-time approach for the sensitivity analysis, in
which only one parameter is varied at a time while all other conditions are kept constant to
ensure the comparability of results. For each parameter, three levels of variation are consid-
ered: the baseline value, a 20% decrease, and a 20% increase. The detailed experimental
design is presented in Table 8.

Table 8. Sensitivity analysis experimental design matrix.

Experiment ID Variable Parameter Parameter Value Magnitude of Variation

1 qj 80,000 CNY −20%
2 qj 10,000 CNY Reference Point
3 qj 120,000 CNY +20%
4 dmax 12 km −20%
5 dmax 15 km Reference Point
6 dmax 18 km +20%

To control experimental variables, all sensitivity analysis experiments were conducted
using the same parameter settings of the improved NSGA-II algorithm: a population size
of 100, 100 generations, a crossover rate of 0.9, and a mutation rate of 0.3. After each
experiment, the characteristics of the Pareto-optimal solution set were recorded, and the
best compromise solution was selected from each Pareto set using the entropy-weighted
TOPSIS method, consistent with the baseline experiment. The experimental results are
presented in Figure 13.

Figure 13. Sensitivity analysis of model parameters.

The following analysis is drawn from the experimental results presented above.

(1) Impact of Charging Pile Unit Cost (qj)

Changes in the unit cost of charging piles directly affect construction costs, influencing
both total cost (Z1) and location decisions. As shown in Figure 12, increasing qj by 20%
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from 100,000 CNY to 120,000 CNY raises the total cost by 18.2%, while user satisfaction
(Z2) decreases slightly by 2.1%, indicating that cost is sensitive to qj, whereas satisfaction
remains stable. Conversely, reducing qj by 20% to 80,000 CNY lowers total cost by 15.6%
and slightly improves satisfaction by 1.8%. These results suggest that qj mainly affects
economic objectives, with limited impact on service quality.

(2) Impact of Maximum Service Distance (dmax)

The maximum service distance shapes station layout and coverage. As Figure 12
shows, increasing dmax from 15 km to 18 km (+20%) boosts user satisfaction by 11.7%
while raising total cost by only 5.3%, due to more flexible layouts covering remote demand
points. Reducing dmax to 12 km (−20%) decreases satisfaction by 13.5% and lowers cost by
6.8%, reflecting reduced accessibility but more concentrated construction. Thus, dmax has a
stronger influence on satisfaction, and adjusting it can guide strategies prioritizing either
coverage or cost.

(3) Model Robustness

Within ±20% variations key parameters, the model consistently produces Pareto-
optimal solutions with clear economic–service trade-offs. The best compromise solutions
respond logically to parameter changes, demonstrating strong robustness and providing
decision-makers with stable, reliable spatial layouts suitable for diverse real-world charging
infrastructure planning scenarios.

3.5.5. Scalability Analysis of the Proposed Framework

Although this study is conducted on a medium-scale case (45 demand points, 20 candi-
date stations), the design of the proposed improved NSGA-II-TOPSIS framework inherently
considers the requirements of larger-scale networks in practical planning. The modular
architecture of the framework allows its core components to be readily extended to incorpo-
rate more realistic factors. However, theoretical scalability must be validated experimentally
to assess the framework’s adaptability to actual large-scale planning problems. Therefore,
we designed and conducted a systematic scalability experiment to empirically address the
following key questions: How does the performance of the proposed algorithm change as
the numbers of candidate stations and demand points increase exponentially? Can it still
obtain high-quality siting solutions within a reasonable time frame?

Experimental Design for Scalability:
To simulate real-world planning scenarios of varying complexity, we constructed three

problem scales:
Small Scale: 45 demand points, 20 candidate sites (consistent with the main case study),

with a maximum of 15 stations, minimum of 5 stations, and a population size of 100.
Medium Scale: 90 demand points, 40 candidate sites (2 × scale, simulating city-level

networks), with a maximum of 25 stations, minimum of 8 stations, and a population size
of 150.

Large Scale: 180 demand points, 80 candidate sites (4 × scale, simulating regional-level
networks), with a maximum of 35 stations, minimum of 10 stations, and a population size
of 200.

All algorithms were executed under identical parameter settings for 100 generations
and evaluated using four performance indicators: Inverted Generational Distance (IGD),
Hypervolume (HV), diversity, and computational time. The overall performance comparison
of the algorithms across different problem scales is intuitively illustrated in Figure 14, while
the detailed quantitative results are summarized in Table 9 for further in-depth analysis.
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Figure 14. Multi-Scale algorithm performance comparison.

Table 9. Performance comparison of algorithms under different problem scales.

Scale Algorithm IGD HV Diversity Runtime (s)

Small

Enhanced NSGA-II 0.0208 12,583,018.2631 2,419,870.8753 37.15
Standard NSGA-II 0.0197 12,054,043.1198 2,138,643.1843 28.39

MOEA/D 0.3008 7,090,696.7683 77,514.4061 7.82
SPEA 0.0471 11,539,899.2954 1,590,371.189 51.58

Medium

Enhanced NSGA-II 0.0322 23,148,217.6824 3,553,996.5213 110.25
Standard NSGA-II 0.0369 21,724,169.5760 3,459,863.0045 89.06

MOEA/D 0.5193 11,359,800.5035 31,224.7452 42.46
SPEA 0.0912 21,241,015.6012 2,611,663.1785 131.74

Large

Enhanced NSGA-II 0.0707 26,506,806.2492 8,371,341.9284 331.64
Standard NSGA-II 0.2361 23,816,901.8625 5,222,255.7161 278.49

MOEA/D 0.4438 9,263,960.0542 0.0 202.13
SPEA 0.2957 22,521,157.6395 3,409,405.3339 319.55

Although the present study is conducted based on small-scale case scenarios, the
modular design of the proposed improved NSGA-II–TOPSIS framework inherently enables
its application to larger-scale and more complex real-world planning problems. To system-
atically examine the performance evolution and practical applicability of the algorithms as
the problem scale increases, a series of multi-scale expansion experiments were carried out,
aiming to reveal the underlying mechanisms driving performance variation and their cor-
responding planning implications. The experimental results indicate that, as the problem
scale increases from a small-scale instance (45 demand points and 20 candidate stations) to a
large-scale instance (180 demand points and 80 candidate stations), the computational time
of all algorithms increases, which is consistent with the fundamental characteristics of com-
binatorial optimization problems. However, the improved NSGA-II demonstrates superior
scalability robustness across key performance indicators, with performance degradation
significantly lower than that of the benchmark algorithms.

(1) Convergence and solution quality.

The IGD value of the improved NSGA-II increases from 0.0208 in the small-scale
scenario to 0.0707 in the large-scale scenario, representing an approximate 3.4-fold increase.
Nevertheless, its IGD under the large-scale setting remains substantially lower than those
of the standard NSGA-II, SPEA, and MOEA/D, confirming its strong ability to effectively
approximate the true Pareto front in high-dimensional search spaces. More importantly,
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the hypervolume (HV), which reflects the overall quality and coverage of the solution set,
reaches 26.5 million in the large-scale case and consistently remains the highest among all
algorithms. Moreover, its growth trend with increasing problem scale is the smoothest,
indicating that the high-quality solution sets generated by the proposed algorithm exhibit
strong scalability and robustness.

(2) Diversity of the solution set.

The diversity indicator of the improved NSGA-II increases markedly from 2.42 million
to 8.37 million as the problem scale expands. This improvement is not coincidental but
results from the synergistic effects of the embedded chaotic initialization, opposition-
based learning, and adaptive mutation mechanisms. These strategies effectively maintain
and enhance the population’s exploratory capability under rapidly increasing problem
dimensionality, preventing premature convergence and enabling the generation of well-
distributed Pareto-optimal solutions even in ultra-high-dimensional decision spaces. In
contrast, the diversity of MOEA/D almost collapses in the large-scale scenario (approaching
zero), highlighting the inherent limitations of its decomposition-based strategy when
dealing with high-dimensional and complex Pareto fronts.

(3) Trade-off analysis of computational efficiency.

The computational time of the improved NSGA-II increases from 37.15 s to 331.64 s
as the problem scale expands. Although the absolute runtime increases, the growth factor
(approximately 8.9 times) is significantly lower than the growth factor of the number of
decision variables (approximately 16 times), indicating that the algorithm does not suffer
from catastrophic time complexity escalation. More importantly, within an acceptable
computation time (approximately 5.5 min), the proposed method is capable of generating a
high-quality and highly diverse set of candidate siting solutions for a simulated regional-
scale network with 180 demand points. This level of efficiency fully satisfies the timeliness
requirements of the preliminary planning and scheme comparison stages.

The comprehensive analysis demonstrates that the improved NSGA-II–TOPSIS frame-
work is capable of effectively addressing large-scale charging network planning problems. Its
core enhancement mechanisms—including high-quality initialization, intelligent convergence
guidance, and adaptive balance between exploration and exploitation—not only ensure su-
perior performance in small-scale cases but also enable mitigated performance degradation
and strong predictability as the problem scale increases. Although the computational cost
inevitably rises with increasing scale, the algorithm exhibits more pronounced overall advan-
tages in terms of solution quality (HV), distribution (diversity), and convergence accuracy
(IGD). These strengths provide reliable support for solution exploration and decision trade-off
analysis in large-scale planning scenarios. Consequently, the proposed framework demon-
strates both theoretical scalability and practical feasibility, offering an efficient decision-support
tool for the planning of urban- and regional-level charging infrastructure.

4. Conclusions and Outlook
4.1. Main Findings and Contributions

This study focuses on the site selection of urban electric vehicle (EV) charging stations
and verifies the effectiveness of the proposed model and algorithm through simulation
analysis. To address the limitations of traditional studies that are often single-objective
and suffer from insufficient algorithmic performance, a multi-objective optimization model
considering both operator cost and user satisfaction is developed. An improved NSGA-II
algorithm combined with an entropy-weighted TOPSIS decision model is introduced to
achieve a dynamic balance between economic efficiency and service quality. The proposed
framework provides a quantitative and practical basis for the scientific planning of urban
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charging infrastructure, offering significant implications for improving energy utilization
efficiency and promoting sustainable urban transportation. The research framework con-
sists of three main components. First, in terms of model construction, a multi-objective
site selection framework is established from the dual perspectives of operators and users,
comprehensively balancing economic and service-oriented objectives to overcome the limi-
tations of traditional single-target approaches. Second, in algorithm design, an improved
NSGA-II algorithm integrated with the entropy-weighted TOPSIS method is employed for
multi-objective optimization. Techniques such as chaotic initialization, opposition-based
learning, and adaptive hybrid mutation are incorporated to enhance convergence efficiency
and solution diversity. Finally, in model validation, case analyses are conducted to verify
the applicability of the proposed approach, providing practical guidance for optimizing
urban charging infrastructure layout. In the empirical analysis, an actual urban scenario
is considered, generating 40 valid demand points and 20 candidate sites. The improved
NSGA-II algorithm yields 26 sets of Pareto-optimal solutions, which are further ranked
using the entropy-weighted TOPSIS method. The optimal scheme selects candidate sites 3,
6, 8, 11, and 12, with 20, 16, 20, 8, and 9 chargers, respectively. The results demonstrate that
the proposed model and algorithm achieve high optimization efficiency, effectively improv-
ing the coordination between user satisfaction and operator profitability, and providing
robust support for complex urban charging demand planning. However, certain limitations
remain. The model assumptions do not fully account for practical factors such as multi-
vehicle sharing of chargers, heterogeneous charging power levels, and users’ stochastic
charging behaviors, which may cause deviations from real-world conditions. Moreover,
external variables such as weather variations, dynamic traffic flow, and policy incentives are
not yet incorporated, limiting the model’s adaptability and generality. Future research may
incorporate dynamic queuing models and heterogeneous charger configurations to better
capture realistic charging behaviors, while integrating multidimensional factors—such as
traffic dynamics, extreme weather, and policy stimuli—through real-time data interfaces to
enhance environmental adaptability. In summary, this study provides a novel framework
and methodological reference for the scientific planning and optimization of urban EV
charging infrastructure, contributing valuable theoretical and practical insights toward the
advancement of intelligent transportation and low-carbon mobility systems.

4.2. Discussion on Model Implications, Positioning, and Future Extensions

To achieve a balance between limited information availability and computational
feasibility, this study introduces a series of necessary simplifying assumptions in the
model formulation, including equipment homogeneity, static user behavior, and a nearest-
station choice strategy. These assumptions ensure the tractability of the model and the
robustness of the results. The primary objective is to establish a clear methodological
benchmark, through which the fundamental trade-off between operator cost and user
satisfaction can be systematically revealed and quantitatively characterized for the first
time. Accordingly, the principal value of the proposed framework lies in providing a
transparent and quantifiable decision trade-off spectrum and performance boundary for
high-level charging network planning. Nevertheless, it must be acknowledged that the
current framework, in its present form, is subject to inherent analytical limitations. Its
adaptability, stability, and decision accuracy across diverse real-world scenarios remain
to be further validated. These limitations mainly arise from the fact that several critical
dynamic and contextual factors commonly encountered in practical planning have not yet
been incorporated into the model.

The modular architecture adopted in this study provides a solid technical foundation
for systematically integrating such complexities. Future research may extend the framework
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along the following directions to facilitate its transition from methodological validation to
scenario-oriented application:

(1) Multi-scenario testing and adaptability analysis.

The framework can be applied to real-world cases characterized by different urban
structures, demand scales, and spatial distributions to systematically assess its performance
consistency and generalization capability. Particular attention should be given to the
influence of regional characteristics—such as land-use costs and power grid capacity—as
well as macro-contextual factors including seasonal demand fluctuations.

(2) Real-data-driven validation and enhancement.

Integrating real traffic flow data, electric vehicle travel trajectories, and land-use con-
straints would enhance the model’s ability to represent complex real-world environments.
In addition, incorporating dynamic electricity pricing mechanisms, specific policy incen-
tives, and the market composition of battery technologies could enable the framework to
respond more accurately to economic and policy signals.

(3) Modeling of dynamic and stochastic factors.

By incorporating time-varying demand, dynamic traffic conditions, and stochastic
user behavior, the framework can be strengthened to better handle real-world uncertainty.
This research direction may be further extended to consider the coordinated deployment of
heterogeneous charging technologies, as well as the impacts of technological evolution and
market penetration dynamics on long-term planning strategies.

In summary, this study establishes a methodologically sound and scalable prototype of
a decision-support framework. Through the progressive integration of richer dynamic data,
finer-grained behavioral models, and more comprehensive contextual modules, future
work can evolve the framework from providing fundamental trade-off boundaries into a
powerful tool capable of supporting concrete, differentiated decision-making in increasingly
complex planning practices.
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