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Abstract

Current Electric Vehicle network planning methods have shortcomings in
technical standards and layout structures, often failing to consider regional
differences and user needs, leading to irrational charging network layouts.
This study integrates Multi-Objective Optimization Algorithms with real-
time data and employs Graph Neural Networks for dynamic adjustments
and optimization of charging strategies. Results show that with a maximum
of three user attempts, the proposed framework achieves a total cost of
3.37 × 106 USD, lower than Moth-Flame Optimization (4.39 × 106 USD),
Monte Carlo (4.57 × 106 USD), and Fuzzy Multi-objective Optimization
(5.42 × 106 USD). When the degree of aggregation reaches high aggregation,
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the average waiting time of the research architecture is the lowest, at
3.32ta/min. The algorithm optimizes charging resource allocation, enhances
charging station efficiency, and improves Electric Vehicle network planning,
making it a valuable contribution to intelligent transportation systems.

Keywords: Multi-objective optimization algorithms, real-time data analy-
sis, charging network, graph neural networks, network planning.

1 Introduction

In recent years, with the popularity of new energy vehicles, Electric Vehicle
(EV) have gained increasing favor as green, zero-emission transportation
options [1]. However, the planning of charging networks, as an essential
factor for the normal operation of EV, has become an important task in
promoting the widespread adoption of EV [2]. The planning of charging
networks directly determines the convenience of using EV. However, existing
EV charging network planning methods have limitations due to differences
in charging service coverage between regions. The complexity of charging
infrastructure types, along with the difficulty of unifying standards for the
overall vehicle-to-pile ratio, increases the complexity of planning manage-
ment [3, 4]. The incompatibility of communication protocols among charging
piles of different brands leads to a low success rate of cross-brand charging,
and the chaotic classification of charging power increases the difficulty of
grid load regulation. The overlapping construction of charging piles in high-
density areas and the insufficient coverage of suburban and highway service
areas have led to a relatively high proportion of users with range anxiety.
Moreover, the current technical standards for the electric vehicle network
planning have not been adjusted in terms of layout in combination with
real-time traffic flow data. During peak hours, the queuing time at popular
stations exceeds 40 minutes, and there are empty piles within a 3-kilometer
radius around them. The imbalance in spatial distribution has led to an
increase in the density and idle rate of charging piles in urban areas. Most
users are faced with a charging distance of more than 5 kilometers. The
mismatch between supply and demand has led to a waiting time of over
50 minutes for charging piles in commercial areas during peak commuting
hours, while the utilization rate of charging piles in residential areas is rela-
tively low during the same period. Insufficient grid adaptation can easily lead
to disorderly layout, causing the load in some transformer areas to exceed
capacity. The voltage fluctuation range and charging interruption rate are
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higher than those in the planned areas. As mobile energy storage devices, the
interaction between EV and the power grid still requires further improvement
in related technologies [5]. Graph Neural Networks (GNN) exhibit good gen-
eralization capabilities, and the combination of Multi-Objective Optimization
Algorithms (MOOA) with real-time data analysis can improve the compre-
hensiveness of decision-making. Therefore, to enhance the applicability and
feasibility of EV charging network planning, this study chooses to combine
GNN with MOOA and real-time data analysis to construct a charging network
planning algorithm. By monitoring real-time data on EV prices, charging
status, and grid loads, key data trends and information are extracted using data
analysis tools. GNN updates the current node state through neighboring node
information, capturing the complex relationships and patterns in the graph
data. This method is expected to improve the system stability and service
efficiency of EV charging network planning, thereby increasing the market
acceptance of EV.

2 Related Works

MOOA is highly flexible and versatile in solving optimization problems
involving two or more conflicting objective functions. When applied to
the planning and operation of power systems, they can help improve sys-
tem stability and optimize power generation costs. Scholars both at home
and abroad have conducted various studies on the characteristics of multi-
objective optimization. For example, Cao G’s group proposed the use of
multi-objective optimization for the design of guide vanes in order to improve
the performance of spiral guide vane equipment. By analyzing the design
relationships between guide vane parameters, they determined the optimal
values for these parameters. The feasibility of the proposed solution was
validated through simulation experiments [6]. Xu T et al. proposed a multi-
objective optimization method to eliminate the impact of wavefront phase
errors on measurements in astronomical observations. They used an equiva-
lent model to correct the wavefront phase errors, and the results demonstrated
the effectiveness of this approach [7]. Kermani A and Ehsani A investigated
the multi-objective optimization problem in composite materials by studying
the sectional effects of ribs. The experimental results revealed that design
structures with different criteria did not affect the test results, and by compar-
ing them, they determined the optimal solution [8]. Additionally, real-time
data analysis enables real-time monitoring of data, allowing decision-makers
to quickly adapt to market changes and understand user preferences. Many
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scholars have conducted extensive research on this method. Liu J and Liu
Y proposed a low-latency data collection protocol to improve the reliability
of data acquisition in wireless sensor networks, achieving end-to-end packet
retransmission. Simulation experiments validated the feasibility and timeli-
ness of the method [9]. Woo-Kyun Jung’s group proposed developing an
optimization simulator to address the shortcomings of traditional industrial
revolution technologies and used real-time data to improve productivity.
Experimental results showed that this method provided data support for
achieving optimal productivity [10].

On the other hand, with the continuous development of technology, EV
have become one of the main modes of transportation. As an essential
part of EV operations, charging network planning has attracted consider-
able research attention from scholars around the world. Kathirvel K and
colleagues proposed a novel control method for managing EV charging
systems to improve the energy production efficiency of microgrids and reduce
related issues. The experimental results showed that the proposed technology
consumed far less power compared to existing methods [11]. Fareed A and
Mohd B proposed a practical approach to select the optimal charging station
locations to improve EV charging infrastructure. The results indicated that
their method effectively reduced power losses during EV charging [12]. Arjun
V and Selvan M P proposed a simulation-based method to examine the tech-
nical constraints of EV charging network planning by testing the worst-case
charging scenario. Simulation experiments confirmed the effectiveness of this
method [13]. Huang N et al. proposed a novel scheduling model to analyze
the impact of distribution networks on EV charging loads, considering time-
varying temperatures. The results showed that this model could effectively
reduce scheduling operation costs [14]. Ferraz R S F and others optimized
EV charging station planning using a genetic algorithm to solve the Pareto
curve in order to improve the power quality metrics of EV charging. The
results indicated that this method could significantly reduce power losses
during charging [15].

From the research conducted by scholars globally, it is evident that
current MOOA and real-time data analysis still face challenges such as large
computational requirements and slow convergence speeds. Additionally, the
layout of methods for EV charging network planning remains inadequate.
Therefore, this study combines multi-objective optimization and real-time
data analysis and introduces GNN for optimization. The goal is to enhance
the rationality and operational standards of EV charging network planning
and provide reliable data support for the promotion of EV.
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3 EV Charging Network Architecture Combining MOOA
And Real-Time Data Analysis

3.1 Charging Strategy Based on Real-time Data Analysis and
MOOA

Real-time data analysis is a dynamic analysis technology that processes data
immediately after it is generated. It has the advantage of quickly capturing
data and providing real-time insights [16]. Through real-time data analysis,
businesses can more accurately predict future trends and develop strategies to
manage risks, helping optimize resource allocation [17]. This study chooses
to use real-time data analysis and MOOA as methods for EV charging
network planning. By monitoring the usage status of charging piles and the
power output, it ensures a reasonable distribution of electrical resources,
promoting remote monitoring and intelligent scheduling of the charging
network. The data processing module of real-time data analysis is shown in
Figure 1.

As shown in Figure 1, the data processing module of real-time data
analysis mainly achieves full-process real-time data processing and anal-
ysis through five levels of collaboration. The access layer collects data
from various systems into a message queue system. The storage layer is
responsible for storing raw input data and cleaned related data in different
storage engines. The computation layer analyzes real-time data using a stream
computation engine. The platform layer manages metadata indicators, unified
query services, and data quality. The application layer supports unified query

Figure 1 Schematic diagram of data processing module for real-time data analysis.
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Figure 2 The main workflow of MOOA.

services for various business line data scenarios. Metadata management and
data quality are used for unified management and monitoring of real-time
data, respectively. The sliding average calculation formula for the current data
point in real-time data analysis is shown in Equation (1).

Sn =
1

W

∑
i=0

W − 1Xn−i (1)

In Equation (1), Xn−i and W represent the previous data points and the
window size. The product calculation formula for the current data point is
shown in Equation (2).

Pn = Pn−1 ×Xn (2)

In Equation (2), Pn−1 and Xn represent the product of the previous data
point and the current data point. Compared to real-time data analysis, MOOA
is more flexible and scalable, and can be adjusted according to task scenario
requirements. Its main workflow is shown in Figure 2.

As shown in Figure 2, the main process of MOOA begins with estab-
lishing a goal model. A regression model is created through orthogonal
experiments, and once the model has sufficient accuracy, initial goal data is
created using custom variables. If sufficient accuracy is not achieved, more
samples are added to continue analyzing the regression model. If the non-
dominant classification result does not meet the convergence criteria, it is
reclassified through crossover mutation. When a certain level of convergence
is reached, the optimal solution set is obtained. Finally, the subjective and
objective classifications are integrated, and the best solution is obtained using
the ideal solution approach. MOOA usually involves simultaneously mini-
mizing or maximizing different objective functions, and these objectives may
conflict with one another, thus creating a set of optimal solutions that provide
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Figure 3 MOOA charging strategy based on real-time data analysis.

different trade-offs between the objectives. The specific MOOA calculation
formula is shown in Equation (3).

minF (x) = {f1(x), f2(x), . . . , fm(x)} (3)

In Equation (3), {f1, f2, . . . , fm} represents m objective functions in
the domain. Real-time data analysis quickly captures trends in the data of
the task scenario, while MOOA can consider multiple objectives and derive
optimization results through ratio analysis. The combination of the two for
EV charging network planning strategies is shown in Figure 3.

As shown in Figure 3, the MOOA strategy based on real-time data analy-
sis first collects key data information such as EV prices, charging status, and
grid load through real-time data monitoring. This forms the foundation for
devising the optimal EV charging strategy. Next, data analysis tools extract
useful trends and information from the real-time EV charging data, such as
determining the optimal charging time for EV based on price fluctuations
and assessing the grid load to identify any overload risks. The formula for
calculating the price elasticity coefficient in the EV charging process is shown
in Equation (4).

es1 =
∆qs/qs
∆pt/pt

(4)

In Equation (4), ∆q represents the micro-increment of the load, ∆p repre-
sents the price fluctuation, and t and s represent the time period. The formula
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for calculating the power demand elasticity matrix is shown in Equation (5).

E = (es1)n×n =


e11 · · · e1n

...
. . .

...

en1 · · · enn

 (5)

In Equation (5), s = 0, 1, 2, . . . , n represents the load. The formula for
calculating the relationship between charging demand and price fluctuation
is shown in Equation (6).[

∆q1
q1

∆q2
q2

· · · ∆qn
qn

]T
= E

[
∆q1
q1

∆q2
q2

· · · ∆qn
qn

]
(6)

After obtaining key information from the MOOA charging strategy based
on real-time data analysis, the study uses MOOA for mathematical modeling.
Finally, after comprehensively considering multiple goals such as charging
cost, grid stability and battery life, the optimal strategy for EV charging is
proposes. During the process of behavioral feature extraction, user prefer-
ences are mined from historical data and a temporal preference distribution
model is established. In MOOA, a new target for user behavior matching
degree is added, with a weight set at 0.3. The deviation between the strategy
and the actual habit is reduced through a penalty function. The real-time data
module updates the behavioral trend every hour, triggers the feature recalcu-
lation of GNN nodes, and adjusts the strategy output. The data layer collects
data on charging protocols and interface types of different brand models
and marks cases of charging failure caused by protocol incompatibility. The
model layer incorporates protocol compatibility attributes into the GNN node
features and uses edge weights to reflect the success rate of cross-brand
charging. The MOOA section increases the cross-brand compatibility rate
index by deploying the charging pile protocol conversion module, thereby
reducing the rate of users changing stations due to compatibility issues.

3.2 Charging Network Planning Architecture Integrating MOOA
Strategy and GNN

Using real-time data analysis and MOOA for EV charging network planning
can improve the efficiency of charging network planning to some extent.
However, real-time data analysis involves extensive data processing and anal-
ysis, and MOOA requires considering multiple objectives, which increases
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Figure 4 Schematic diagram of the state update process of GNN.

the complexity of data processing and places high demands on infrastruc-
ture and technology. Therefore, to improve the efficiency of processing
EV charging network planning, the study chooses to incorporate GNN for
improvement. GNN has powerful graph data fitting and inference capabilities.
It can effectively handle complex graph structure data and relationships, and
through integrating information from different neighbors, GNN can adap-
tively adjust the graph structure and node characteristics [18, 19]. The update
process of GNN is shown in Figure 4.

As shown in Figure 4, GNN’s state update is completed through infor-
mation aggregation between adjacent nodes. In the GNN model, each node
represents a state, and the state of each node is updated as information is
passed along. The state update process includes three key steps: initializing
the node feature vector, message passing, and state updating. At the start of
model training, each node is assigned an initial feature vector containing
node attributes, and nodes collect information from neighboring nodes for
message passing. During the state update process, nodes update their state
representations based on the information they collect. This part typically
involves a combination transformation of the aggregated information and
the current node state, which generates a new node state. The calculation
formula for updating the feature of neighboring nodes in GNN is shown in
Equation (7).

mi = G({wjhj} : j ∈ Ni) (7)

In Equation (7), wj and hj represent the weight between nodes and the
feature value of the node. The loss function calculation formula for the model
is shown in Equation (8).

loss =

b∑
i=1

(ti − oi) (8)
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Figure 5 Flowchart of hybrid algorithm of GNN, MOOA and real-time data analysis.

In Equation (8), ti and oi represent the true and predicted values of the
nodes, and b represents the number of supervised nodes. The workflow of
the hybrid algorithm combining GNN, MOOA, and real-time data analysis is
shown in Figure 5.

As shown in Figure 5, in the operation of the hybrid algorithm, GNN
is responsible for updating the current node state through information from
neighboring nodes, thereby capturing the complex relationships and patterns
in the graph data. MOOA finds the optimal set of solutions that strike the
best balance among multiple objective functions, reducing the possibility of
conflicts between objectives. The real-time data analysis part dynamically
adjusts and optimizes decisions based on the latest data. In the process
of combining with GNN and MOOA, real-time data analysis can monitor
changes in the graph data structure and the performance of each objective
function. By combining all three parts, the system can adjust GNN parameters
and MOOA search strategies to better adapt to the current environment and
demands. The calculation formula for the objective function in the algorithm
is shown in Equation (9) [20].

Q = θ1

(
1− 2Hall

HJD ,all +HC,all

)
+ θ2

(
1− 2Jall

JJD ,all + JC,all

)
(9)

In Equation (9), θ1 and HJD ,all represent the resource weights in the
objective function and the task usage time at the edge end, and θ2 and JJD ,all

represent the resource weights in the objective function and the resource
usage for each task at the edge end. HC,all and Hall represent the task usage
time at the cloud end and total operation time, while JC,all and Jall represent
the resource usage and total resources at the cloud end. By integrating
information from neighboring nodes and generating node embeddings, GNN
can effectively improve the model’s expressive ability. The final design of the
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Figure 6 EV charging network architecture diagram based on hybrid algorithm.

charging network architecture based on the GNN, MOOA, and real-time data
analysis algorithm is shown in Figure 6.

As shown in Figure 6, the GNN module extracts the feature information
of nodes and edges. Nodes represent EV, grid nodes, and charging piles, while
edges represent charging relationships and grid connections. The MOOA
module optimizes multiple objectives in the EV charging network, including
grid stability, user satisfaction, and charging efficiency. The optimal solution
set generated by this module represents a balanced charging strategy derived
from different objective functions. The actual application depends on the
environment and needs. The real-time data analysis module is responsible
for collecting and processing real-time data in the EV charging network and
using this data to dynamically adjust and optimize the charging strategy.
The mathematical formula for EV travel’s normal distribution is shown in
Equation (10).

g(x) = (xζd
√
2π)−1 · exp{−2ζd[ln(x)− νd]

2} (10)

In Equation (10), x, ζd, and νd represent the EV driver’s driving behavior,
the standard deviation of the driving distance distribution, and the mean value
of the driving distance distribution, respectively. The formula for calculating
the EV’s power during charging is shown in Equation (11).

D = R(γ − SOC ko)(v × c)−1 (11)

In Equation (11), R and c represent the EV battery capacity and charg-
ing power, while γ and SOC ko represent the interrelationship between the
charging equipment’s efficiency and the remaining charge state of the battery
in relation to the driving distance. The formula for calculating the EV’s power
consumption is shown in Equation (12).

U = r

 L∑
j

Rj(minZ)tj

 (12)
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In Equation (12), Rj and L represent the charging power and the number
of EV charging at the station. Rj and r represent the charging consumption
time and power factor for the j(j ∈ L)-th car at the charging station,
and minZ represents the established objective function. The formula for
calculating the distance-time satisfaction during the EV charging process is
shown in Equation (13).

fi(kij) =



0, kij > kmax

1

2
+

1

2
cos

(
π

2
+

π

kmax − kmin
kmin ≤ kij ≤ kmax

×
(
kij −

kmax + kmin

2

))
,

1, 0 < kij ≤ kmin

(13)

In Equation (13), kij and kmin represent the distance from the demand
point i to the candidate charging station point j and the minimum user
satisfaction, while GG represents the maximum user satisfaction. The GNN
network structure adopts a two-layer GraphSAGE, with nodes set as charging
piles, electric vehicles, and power grid nodes, and edge weights as dis-
tance/charging success rate. The aggregation function adopts mean pooling,
and the output layer is connected to the softmax classification charging
strategy type. The training data is selected from three months of historical
data, which includes over 100,000 charging records, 5-minute grid load, and
GIS location information. The training set and test set are divided in an 8:2
ratio, with user waiting time and grid load fluctuations as the optimization
objectives of the loss function. Every 15 minutes, real-time data is input to
update the node features. New strategies are generated through neighborhood
information propagation to achieve the collaborative adaptation of charging
piles, vehicles and power grids.

4 Performance Verification of the Improved EV Charging
Network Planning Algorithm

4.1 Performance Analysis of the EV Charging Network Planning
Algorithm

To verify the performance of the proposed EV charging network planning
algorithm, the study compared it with the EV charging network planning
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Figure 7 Comparison of cost consumption experiment results.

algorithms based on the Moth-Flame Optimization (MFO) algorithm, the
Monte Carlo method (MCM), and the Fuzzy Multi-objective Optimization
(FMO) algorithm. The experimental scenarios were selected in Guangzhou
City, Guangdong Province, covering six types of areas including commercial
districts, residential areas, and expressway service areas. It includes 200
existing charging piles and 50 candidate stations, simulating the dynamic
charging behavior of 12,000 electric vehicles, among which 70% are private
cars and 30% are ride-hailing vehicles. The charging records are the actual
operation data from March to May 2024, including time, location and power.
The grid load is sourced from the 15-minute-level transformer area data
provided by the power supply bureau, and the user trajectory is derived from
the de-identified on-board GPS data. The experiments were conducted in an
environment based on an HP Z820 server with a 2.1 GHz, 24-core processor.
A total of 3000 training data points were simulated, with the EV charging
power set to 3 kW and the time step to 1 minute, and 2000 sampling iterations
were performed. The study first compared the cost consumption of the four
algorithms, and the results are shown in Figure 7.

As shown in Figure 7, the cost consumption of the four algorithms
increased gradually with the number of candidate charging stations. The
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Figure 8 Charging task completion rate experimental results.

overall cost consumption of the proposed algorithm was significantly lower
than that of the other three algorithms. When the number of candidate
charging stations was 20, the cost consumption of the proposed algorithm
was only 1.23 × 106 USD, while the costs of the MFO and MCM algorithms
reached 2.87 × 106 USD and 2.89 × 106 USD, respectively. When the
number of candidate charging stations was 100, the cost consumption of
the MCM and FMO algorithms was 6.91 × 106 USD and 8.68 × 106
USD, respectively, while the proposed algorithm’s cost consumption was
4.11 × 106 USD. These results indicate that the proposed algorithm had the
lowest cost consumption among the four algorithms under the same number
of candidate charging stations, demonstrating higher operational efficiency
and lower operational costs. Next, the study analyzed the charging task
completion rate of the four algorithms, and the results are shown in Figure 8.

As shown in Figure 8, the charging task completion rate of the four
algorithms varied with the total number of tasks. The proposed algorithm
achieved the highest charging task completion rate of 98.21% when the total
number of tasks was 50. Even when the total number of tasks increased to
200, the proposed algorithm maintained a stable completion rate of 95.86%.
The highest charging task completion rate of the MCM algorithm was 13.44%
lower than that of the proposed algorithm, and the FMO algorithm had a
completion rate of only 61.54% when the total number of tasks was 200.
Overall, the proposed algorithm had the highest charging task completion
rate among the four algorithms, indicating superior efficiency and reliability
in completing charging tasks. The study then analyzed the user loss rate under
different total task numbers during the EV charging process, and the results
are shown in Figure 9.
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Figure 9 User loss rate results under different number of tasks.

As shown in Figure 9(a), the total number of tasks was 100, the user loss
rates for the proposed algorithm and the MFO algorithm were 21.9% and
28.1%, respectively, when the maximum number of user charging attempts
was 2. The user loss rates for the MCM and FMO algorithms were 37.2%
and 42.3%, respectively. From Figure 9(b), it can be observed that when the
total number of tasks was 200, the user loss rate of the proposed algorithm
was consistently lower than that of the other three algorithms. When the
maximum number of user charging attempts was 5, the user loss rate for the
FMO algorithm was the highest among the four algorithms, reaching 24.7%,
while the proposed algorithm’s user loss rate was only 6.1%. These results
suggest that the proposed algorithm had higher energy utilization efficiency
during the charging process, with a smaller difference between the actual
energy obtained by the user and the energy provided by the charging station.

4.2 Verification of the Practical Application Effectiveness of the
EV Charging Network Planning Architecture

To further validate the performance of the proposed EV charging network
planning architecture in real-world application scenarios, the study selected
the Tesla Model 3 with a 77 kWh battery as the EV model. The average
service rate of a single charging pile was 2 vehicles per hour, with a total of
100 charging stations. The maximum number of charging attempts tolerated
by users in the sub-region during the time slot was set to 3. The unit distance
user incentive cost and user loss penalty were $0.2/km and $110 per person.
The study first tested the average waiting time and the maximum waiting time
for the four network planning architectures under different vehicle charging
aggregation levels, and the results are shown in Figure 10.
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Figure 10 Average waiting time and maximum waiting time experimental results.

As shown in Figure 10(a), the average waiting time for the proposed
architecture was 0.56 ta/min under low vehicle aggregation, while the average
waiting times for the MFO-based network architecture, MCM-based net-
work architecture, and FMO-based network architecture were 2.19 ta/min,
3.21 ta/min, and 4.22 ta/min, respectively. In Figure 10(b), the maximum
waiting time for the proposed architecture was shown to be lower than the
comparison network architectures under different vehicle aggregation levels.
Under moderate aggregation, the maximum waiting time for the FMO-based
network architecture reached 20.64 ta/min, while the maximum waiting time
for the proposed architecture was only 6.78 ta/min. These results demon-
strate that the proposed architecture could better allocate charging resources
according to vehicle charging aggregation levels, ensuring efficient operation
of the charging stations and reducing vehicle waiting times. The study then
analyzed the solution time, economic cost, and convergence generation of
the four network planning architectures under different vehicle charging
aggregation levels, and the results are shown in Table 1.

From Table 1, it can be concluded that under low vehicle charging
aggregation levels, the proposed architecture outperformed the comparison
network architectures in all performance indicators. When vehicle charging
aggregation was low, the proposed architecture converged in only 12 ± 1
generations, with a solution time of 8.25 ± 0.42 hours and an economic
cost of 9.253 ± 0.21 × 106 USD. In contrast, the economic cost for the
FMO-based network architecture reached 17.253 ± 0.51 × 106 USD, and
the solution time for the MCM-based network architecture was 12.47 ± 0.71
hours. Overall, the proposed architecture demonstrated superior performance
in solution time, economic cost, and convergence generations, making it more
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Table 1 Experimental results of solution time, economic cost and convergence times
Network Economic

Aggregation Planning Solution Cost Convergent
Levels Architecture Time (h) (×106 USD) Times
Low aggregation Proposed architecture 8.25 ± 0.42 9.253 ± 0.21 12 ± 1

MFO 11.53 ± 0.65 12.841 ± 0.35 21 ± 2
MCM 12.47 ± 0.71 14.698 ± 0.42 25 ± 2
FMO 15.62 ± 0.83 17.253 ± 0.51 29 ± 3

Moderate Proposed architecture 9.24 ± 0.48 10.427 ± 0.25 15 ± 1
aggregation MFO 12.47 ± 0.68 13.741 ± 0.38 25 ± 2

MCM 13.93 ± 0.75 15.656 ± 0.45 29 ± 2
FMO 16.78 ± 0.89 18.351 ± 0.55 34 ± 3

High Proposed architecture 10.86 ± 0.55 11.854 ± 0.29 19 ± 2
concentration MFO 14.81 ± 0.72 15.878 ± 0.41 27 ± 2

MCM 16.23 ± 0.81 18.277 ± 0.48 31 ± 3
FMO 18.67 ± 0.92 19.212 ± 0.58 36 ± 3

Figure 11 Experimental results of total system cost and user loss rate.

suitable for EV charging network planning. Finally, the study compared the
total system cost and user loss rate of the four network planning architectures
under different maximum user charging attempt numbers, and the results are
shown in Figure 11.

As shown in Figure 11(a), the maximum user charging attempt number
was 3, the total cost for the proposed architecture was 3.37 × 106 USD. The
total costs for the MFO and MCM network architectures were 4.39 × 106
USD and 4.57 × 106 USD, respectively, while the total cost for the FMO
network architecture reached 5.42 × 106 USD. From Figure 11(b), it can
be observed that the user loss rate curves for all four network architectures
decreased as the maximum number of user charging attempts increased.
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Table 2 Performance evaluation of the model under extreme weather conditions
Extreme Research
Weather Type Evaluation Index Model MFO MCM FMO
Heavy rain Charging success rate(%) 92.3 78.5 72.1 65.8

Average repair duration(h) 1.2 3.5 4.8 5.2
Snowstorm The fluctuation range of power

grid load(%)
±5.1 ±9.8 ±12.3 ±15.6

The offline rate of charging
piles(%)

8.7 22.4 28.9 33.5

High temperature Frequency of equipment
shutdown due to overheating
(times per week)

2.1 5.6 7.3 8.9

Charging efficiency retention
rate (%)

90.5 76.2 70.3 63.7

The user loss rate for the proposed architecture was only 0.057 when the
maximum number of user charging attempts was 4, while the user loss rates
for the MFO, MCM, and FMO network architectures were 0.148, 0.197,
and 0.259, respectively. These results indicate that the proposed architecture
could better meet users’ charging demands, exhibiting good performance in
resource allocation and cost control. To test the performance of the model
under extreme weather conditions, the study selected three typical extreme
weather conditions: heavy rain, blizzard and high temperature, and evaluated
them from dimensions such as charging success rate, power grid stability and
equipment reliability. The data is based on a 100-hour continuous operation
test under simulated extreme weather scenarios.

It can be seen from Table 2 that in a rainstorm environment, the charging
success rate of the research model reaches 92.3%, which is much higher than
that of the comparison model. Moreover, its average repair time is only 1.2
hours, significantly reducing the fault recovery time. Under the snowstorm
scenario, the fluctuation range of the power grid load of the research model
is ±5.1%, and the offline rate of charging piles is 8.7%. Compared with the
model, the fluctuation and offline rate are higher. Under high-temperature
conditions, the number of overheated shutdowns of the research model
equipment was 2.1 times per week, and the charging efficiency retention rate
reached 90.5%. The comparison model has more frequent shutdowns due to
overheating and a rapid decline in efficiency, which affects its actual use.
From this, it can be known that the research model has strong robustness
under extreme weather conditions and can more reliably support the operation
of the charging network.
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5 Conclusion

To address the issues of unclear standards and high cost consumption in
existing EV charging network planning, the study proposed an EV charging
network planning algorithm that combines GNN, MOOA, and real-time
data analysis. By monitoring the usage status and power output of charging
stations, the algorithm reasonably allocates power resources, promoting the
realization of remote monitoring and intelligent scheduling in the charging
network. The experimental results showed that when the number of candidate
charging stations was 20, the cost consumption of the proposed algorithm
was only 1.23 × 106 USD, while the cost of the MFO algorithm and
MCM algorithm reached 2.87 × 106 USD and 2.89 × 106 USD, respec-
tively, with the FMO algorithm having the highest cost consumption at
4.19 × 106 USD. In cases of low vehicle charging concentration, the research
architecture converged in just 12 ± 1 generations, with a solution time of
8.25 ± 0.42 hours and an economic cost of 9.253 ± 0.21 × 106 USD. In
comparison, the FMO-based network architecture had an economic cost of
17.253 ± 0.51 × 106 USD, and the MCM-based network architecture had a
solution time of 12.47 ± 0.71 hours. Based on the experimental results, it can
be concluded that the proposed network planning architecture offers more
reasonable resource allocation, ensuring the efficient operation of charging
stations during high vehicle charging concentration, and demonstrates better
applicability compared to the contrastive network architectures. However,
when the maximum number of user charging attempts was relatively low,
the user loss rate of the proposed algorithm did not show a significant
performance advantage compared to the comparison algorithms. Moreover,
the research has not fully discussed its potential limitations in solving com-
plex optimization problems, such as computational complexity and local
optima, which may affect the practical application effect of the algorithm.
The research focuses on the optimization of the charging network itself and
does not fully consider the collaborative planning with transportation modes
such as public transportation and bicycles. However, the framework proposed
in the research has the following limitations that need to be further explored:
Firstly, the performance of the framework is highly dependent on the quality
of real-time data. It needs to rely on high-precision continuous data such
as the charging status of electric vehicles, grid loads, and user trajectories
to achieve optimization. If the data stream is incomplete or contains noise,
it will lead to an increase in the prediction error of GNN node states, a
decrease in the completion rate of MOOA charging tasks, and a lag in the
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adjustment of charging strategies. Secondly, when the maximum number of
charging attempts by the user is ≤2, the algorithm has insufficient adaptabil-
ity to scenarios where the user has low trial patience. Thirdly, the impact of
complex optimization problems such as computational complexity and local
optimality has not been fully discussed. Fourth, the coordinated planning
with public transportation, bicycles and other means of transportation has not
been taken into consideration. Future research will carry out targeted opti-
mization: (1) Develop a data preprocessing module with noise reduction and
missing value compensation to enhance the robustness of low-quality data;
(2) Optimize the MOOA objective function (increase the weight of user trial
cost) to adapt to scenarios with a low number of attempts; (3) By integrating
an adaptive search strategy, the computational complexity is reduced and
local optima is avoided; (4) Integrate multiple transportation data, explore
the spatial coupling layout of charging stations with bus hubs and shared bike
parking spots, and enhance the adaptability of comprehensive transportation
planning.
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