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Abstract: To improve the operational efficiency of electric vehicle (EV) charging infras-
tructure, this paper proposes a multi-stage hybrid planning method for charging stations
(CSs) based on graph auto-encoder (GAE). First, the network topology and dynamic in-
teraction process of the coupled “Vehicle-Station-Network” system are characterized as
a graph-structured model. Second, in the first stage, a GAE-based deep neural network
is used to learn the graph-structured model and identify and classify different charging
station (CS) types for the network nodes of the coupled system topology. The candidate CS
set is screened out, including fast-charging stations (FCSs), fast-medium-charging stations,
medium-charging stations, and slow-charging stations. Then, in the second stage, the can-
didate CS set is re-optimized using a traditional swarm intelligence algorithm, considering
the interests of multiple parties in CS construction. The optimal CS locations and charging
pile configurations are determined. Finally, case studies are conducted within a practical
traffic zone in Hong Kong, China. The existing CS planning methods rely on simulation
topology, which makes it difficult to realize efficient collaboration of charging networks.
However, the proposed scheme is based on the realistic geographical space and large-
scale traffic topology. The scheme determines the station and pile configuration through
multi-stage planning. With the help of an artificial intelligence (AI) algorithm, the user
behavior characteristics are captured adaptively, and the distribution rule of established
CSs is extracted to provide support for the planning of new CSs. The research results will
help the power and transportation departments to reasonably plan charging facilities and
promote the coordinated development of EV industry, energy, and transportation systems.

Keywords: electric vehicle charging infrastructure; charging station; multi-stage hybrid
planning method; coupled system; graph auto-encoder; graph-structured model

1. Introduction
1.1. Motivation

Exploring the electrification of transportation is a key strategy for achieving “peak
carbon” and “carbon neutrality”. Consequently, many government agencies worldwide
actively promote the adoption of electric vehicles (EVs) and the development of charging
infrastructure [1]. As of July 2024, the number of EVs in Hong Kong, China is 98,000,
a year-on-year increase of 13.13%, and the increase in charging infrastructure is 7415,
a year-on-year increase of 7.23%.

However, the EVs industry currently exposes many prominent problems [2]. On the
one hand, the imbalance of the vehicle-to-pile ratio (vehicle-to-pile ratio is the ratio of the
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number of EVs in a specific area to the number of charging piles. It is a key indicator to
evaluate the suitability of EV charging infrastructure construction and vehicle ownership.)
has led vehicle owners to suffer from “charging anxiety” during trips. EV owners often
face the dilemma that their vehicles are running out of power while it is difficult to find
available charging piles, which disrupts their travel plans and aggravates their concerns
about battery life. On the other hand, the utilization of charging stations (CSs) shows a
polarized trend. Some CSs are overcrowded, and vehicle owners have to wait in line for an
unexpectedly long time, greatly reducing the charging efficiency. In sharp contrast, some
other CSs are rarely visited, and a large number of idle zombie piles exist, resulting in a
serious waste of charging resources. Given that urban fast-charging stations (FCSs) play
a crucial role as energy supply nodes in the urban transportation electrification coupling
network, to effectively address the above problems, it is imperative to optimize the regional
layout and capacity configuration of FCSs. Specifically, it is necessary to fully consider
factors such as the number of EVs in different regions, peak travel periods, and traffic flow,
and conduct precise planning, to effectively improve the utilization rate and service level
of charging facilities, thereby promoting the efficient integration of charging resources and
facilitating the all-round upgrading of the EVs ecosystem.

1.2. Literature Review

Until now, many scholars have conducted extensive research on planning schemes for
CSs. They strive to improve the overall CS service efficiency by optimizing the CS locations
and charging pile configurations. Based on an in-depth analysis of the intrinsic connection
between charging demand and CS planning, references [3-5] propose differentiated plan-
ning strategies for CSs. The authors of [3] developed an optimization framework based on
a genetic algorithm to weigh the relationship between the equilibrium distribution of charg-
ing demand and the deployment cost of CSs. The literature [4] develops a prediction model
for EV charging behavior, focusing on the dynamic characteristics of EV charging demand.
It analyzes urban charging thermal regions and offers decision-making support for the
location and capacity of CSs. In the literature [5], a cross-field integrated planning method
is adopted to comprehensively consider the effective matching between charging demand
and power supply. A flexible planning scheme adapted to different penetration rates of
EVs is formulated. The above-mentioned approaches aim to improve the efficiency of
charging services by optimizing the location of CSs and the configuration of charging piles.
However, the research mainly focuses on theoretical simulations of small-scale topologies,
resulting in certain discrepancies between the results and actual planning schemes.

Other studies [6-8] synergistically consider the joint planning of CSs and power net-
works, mainly by optimizing the layout of CSs and the allocation of power resources to
improve the operational efficiency of the coupled network. For example, based on the
collaborative planning of CS construction and power distribution systems, two studies [6,7]
propose a joint planning model of FCSs and power distribution systems to prevent charging
network congestion caused by CS construction. Further, the literature [8] proposes a plan-
ning model for CSs and power grid topology reconstruction to optimize the construction
scheme of CSs and power grid lines, ensure the safe operation of power grids, and reduce
equipment investment costs. The above-mentioned methods improve the efficiency of
the coupling network by optimizing the layout of CSs and resource allocation of charging
facilities. However, the research only focuses on the optimization of the coupling net-
work. Regarding the determination of the geographical location and number of CSs, these
methods fail to fully consider the comprehensive impact of the ‘vehicle-station-network’
correlation factors.
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Further, these scholars [9-12] develop a cooperative planning model for CSs. This
model takes into account the dynamic equilibrium of traffic flow and optimizes the layout
of CSs. It is centered around the cooperative and optimal operation of traffic-electrical cou-
pling networks. The authors of [9] present a user equilibrium model to predict EV charging
flow and propose a planning method for integrating urban transportation networks (TNs)
with charging networks. This approach aims to determine the location and size of fixed
CSs in electrified transportation systems to minimize overall travel time and investment
costs. The authors of [10] establish a long-term planning model for optimal CSs to achieve
a dynamic balance between traffic flow and charging demand. The authors of [11] consider
the traffic flow balance regulation method of road capacity expansion and establish an
unconstrained traffic allocation model and CSs location model to determine the best candi-
date location of CSs. The authors of [12] discuss the impact of dynamic traffic balancing
on the operation of CSs in-depth and build a two-stage stochastic programming dynamic
traffic balancing model. By predicting and optimizing the charging behavior of users, the
waiting time of users is shortened, and the response speed and efficiency of CS services
are improved. The above-mentioned methods consider the dynamic balance of traffic flow.
These models take the cooperation of the traffic-power coupling network as the core to
optimize the layout of CSs. However, the models’ ability to process multi-source data is
limited, failing to accurately and efficiently determine the suitable geographic location and
number of CSs.

Additionally, studies [13-15] focus on establishing a CS locations optimization model
to reduce user charging costs and improve the operating efficiency of CSs. The authors
of [13] establish the M/M/s/N queuing model to reduce user waiting time and traffic
congestion probability. It also adopts a capacity planning model of CS integrating fuzzy
service quality and multiple charging options to effectively reduce the service cost of CSs.
The authors of [14] introduce a centralized CS data management system to coordinate the
charging behavior of various vehicles and reduce the waiting time of EV owners at CSs by
rationally planning the geographical location of urban FCSs. The authors of [15] propose
a CS siting model for electric buses to simulate the nonlinear charging characteristics of
electric bus batteries and to achieve the minimization of CS reduction costs while ensuring
charging service levels. The above-mentioned research effectively reduces the service cost
of charging stations by integrating fuzzy service quality and planning the geographical
location of urban CSs. However, the above-mentioned research lacks the ability to capture
the complex and changeable behavioral characteristics of users and accurately extract the
distribution rules of built CSs under different geographical environments, traffic modes,
and user needs.

Although the above-mentioned methods play an important role in the CS locations
and charging facilities configurations, the traditional modeling methods mostly use sim-
ulation topology for static planning and fail to consider the complex influencing factors
of CS planning decision-making. The limited scale of the planning scheme makes it
difficult to match the rapid expansion of the EV market and the dynamic evolution of
charging demand.

The application of Al techniques, particularly deep learning and reinforcement learn-
ing methods, is increasingly becoming a focal point in CS planning research. Al techniques
dynamically capture various factors influencing CS layout and operational strategies. It
efficiently addresses complex decision-making problems involving multimodal data and
multidimensional variable inputs, showcasing exceptional computational capabilities.

Aiming at the elastic load of users charging and the optimal planning of CSs, several
studies [16-18] apply deep learning to predict charging flow in networks and subsequently
determine appropriate CS sizes. In this study [16], the encoder-decoder depth architecture
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based on multi-relationship graph convolutional networks is used to evaluate the spa-
tiotemporal load of EVs and to solve the optimal planning model of charging infrastructure.
Similarly, the authors of [17] construct a day-ahead energy demand forecasting model,
integrating a long short-term memory model with Stackelberg game theory to devise an
optimal siting and pricing strategy for CSs. The authors of [18] explore the problem of EV
charging infrastructure planning based on a trained recurrent neural network model under
an unknown spatial correlation within the charging network.

Further, to capture users’ random charging and drive behavior patterns and analyze
how the behavior patterns affect the flow orientation and location optimization of CSs,
various scholars [19,20] have developed an intelligent decision-making framework for FCSs
by using deep reinforcement learning (DRL) algorithms. The authors of [19] analyze the
sensitivity of traffic flow and charging demand to the FCS planning scheme and, based on
the multi-agent DRL algorithm, jointly developed charging guidance for EVs users and
the CS locations and charging pile configurations refinement scheme of CSs. The authors
of [20] use DRL to learn charging and driving decision-making of EVs under differentiated
traffic network topology and FCS planning scheme and build a data-driven proxy planning
framework to optimize the CS locations and charging pile configurations.

Other scholars [21-23] focus on applying DRL methods to address the multidimen-
sional decision-making problems in CS planning. In [21], a recurrent neural network with
an integrated attention mechanism is used to learn model parameters and determine opti-
mal strategies through unsupervised learning to realize the optimal deployment of FCSs.
A study [22] proposes an asymptotic planning scheme to dynamically expand EV charging
resources. This variable CS planning scheme is enhanced by incorporating an attention
mechanism and an expansion factor. In [23], a dominant actor-critic (A2C) DRL method is
applied to areas with high traffic density and high new energy potential. A randomized
start search method is used to identify optimal sites in complex urban environments and
evaluate the capacity of potential FCSs.

1.3. Research Gap and Contributions

Regarding the advanced CS planning methods in this field, there are still two signifi-
cant limitations:

First, most Al-based CS planning studies do not fully explore the graph-structured
interaction characteristics of the coupled “Vehicle-Station-Network” system. They mostly
rely on the temporal information of the coupled system as an influencing factor for
planning decision-making.

Second, existing CS planning models do not comprehensively assess the variability of
urban functional areas and the charging demand of different users. These models lack the
CS locations and charging pile configurations refinement scheme for developing a complete
set of fast-slow charging combinations, which cannot provide decision-making support for
the expansion construction of the real-world EV charging network.

To this end, this paper proposes a novel Al scheme based on a graph auto-encoder
to solve the multi-stage hybrid planning problem of urban CSs. In the first stage, a graph
auto-encoder is used to identify the types of CSs of urban topology nodes. Based on the
realistic geographical space and large-scale traffic topology, the method comprehensively
considers the multi-information interaction process, realizing the adaptive capture of user
behavior characteristics. The proposed method accurately captures the dynamic changes of
urban traffic networks and the complex relationship between nodes and effectively obtains
the set of candidate CSs. In the second stage, the traditional optimization method is used
to model the multi-agent cost of candidate CSs. This method comprehensively considers
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the costs and benefits of different stakeholders and establishes the optimal station location
and charging pile configuration. The main contributions of this paper are threefold:

1.  The combination architecture of DRL and traditional intelligent optimization is pro-
posed, and a multi-stage optimization model is constructed to solve the CS planning
and decision-making problem. The GAE is used to process the identification and
classification of network topology, and the feasible candidate CS is efficiently screened
out from a large number of topology nodes. The traditional intelligent optimization
method comprehensively considers the interests of multiple parties, re-optimizes the
candidate CS set, and improves the decision-making effect of determining the optimal
CS locations and charging pile configurations.

2. The coupled “vehicle-station-network” system is constructed as a graph-structured
model. Multi-subject interaction, network topology, and temporal information of
the coupled system are unified and characterized as embedded features in the graph
topology. It better helps the neural network capture topological and spatial correlation,
and effectively improve the learning efficiency of multi-dimensional feature data.

3. Under the urban traffic topology architecture, we use real-world data to test the
planning of CSs in the selected areas, more realistically exploring the characteristics
of the functional area and reflecting the user charging willingness. The testing results
show that the proposed method not only improves the operation efficiency of the EV
charging network but also reduces the charging cost of users.

1.4. Paper Organization

The remainder of this paper is organized as follows. Section 2 describes the modeling
process for multi-stage hybrid planning for CSs. Then our solution is presented in Section 3.
Case studies are reported to assess our proposed methodology in Section 4. Finally, Section 5
summarizes the whole paper.

2. Overall Architecture

Figure 1 is the overall architecture of the multi-stage hybrid planning method for CSs.
As shown in Figure 1, a multi-stage hybrid optimal siting and sizing method for CSs is
constructed, considering the interaction of EVs, CSs, and TNs. The model explicitly includes
a graph-structured representation module, a GAE-based candidate CS node identification
module (first stage), and an optimal hybrid CS planning evaluation module (second stage).

Coupled “Vehicle-Station- Graph-structured Candidate charging station node identification hased on GAE Optimal hybrid charging station planning
oupled “Vehicle-Station: n .
, epresentation I evaluation
Network” system Graphencoder ~ Graph encoder Softmax  Nodal identification
_ ‘ K| . % o
[C\O 0 é\n 0 ) Qx’& ' PARTSNN —. Optimization objectives
( V4 ( v A Candidate charging station set
x\\\;\c &\\j\o FC candidate node == D
‘ ‘ A P2
5 % .
[o) @ i) >4 | oo — Optimal
Feature matrix C> F> A - 3 ~ Operation and ; charging station
X [, [ \Gi Lyfe~eC) 0 |y Ly, FMC candidate node Constru[cuon maintenance
\ \ Y \ \ 7 A e cos
W @ =8
2 ' ¥ f
C\O F\D MC candidate node E? E
w,:,‘ - R v 0 va 0 A %\“‘g . Distribution
i 113 15l 154ty Adjacency matrix \ \ . : USRI e
v/,/ e csd 4 : b\ h o) sc candeaie node B
/ o qpl 204 > - ? - -
15 5 O Intermediate feature New feature Total cost of charging station
Vectors Z matrix X Empty Node planning

Figure 1. Overall architecture of the proposed multi-stage hybrid planning method for CSs.
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The graph-structured representation module’s inputs encompass the topology and en-
vironmental information of the coupled “Vehicle-Station-Network” system. The adjacency
matrix and feature matrix are derived from graph-structured modeling, characterizing
connectivity and information interaction among multiple subjects of the coupled system,
serving as inputs for the GAE module.

Based on the GAE module, the embedded feature knowledge of graph topology is
implicitly learned, and the topological node type recognition results are output, including
FCS nodes, fast-medium-charging station (FMCS) nodes, medium-charging station (MCS)
nodes, slow-charging station (SCS) nodes, and empty nodes. The node recognition results
are constructed as a candidate CS set.

Finally, the evaluation module comprehensively screens the candidate CS set. The
traditional algorithm based on particle swarm optimization (PSO) is used to construct the
optimization objectives and constraints and determine the planning location of the optimal
CS within the region and the configuration of different types of charging piles.

3. Problem Modelling
3.1. Graph-Structured Representation of the Couped “Vehicle-Station—-Grid” System

To realize feature modeling and environment information extraction for the coupled
system, we introduce the graph-structured representation modeling method for graph
topology knowledge learning. For the coupled system GY°N, the graph-structured form
is denoted as GV5N = (4,X). A € RM*M is the adjacency matrix of the coupled system
GVSN, characterizing the connection relationship among EVs, CSs, and TNs. M denotes the
number of nodes of the coupled system. If there is a connection between nodes v; and v; of
the coupled system GVSN, the matrix element can be denoted Ajj = 1. Otherwise A;; = 0.

The topological model of the coupled system GVSN = (A, X) is shown below [24].

V VS V-N
A=|SV S SN (1)
N-V NS N

where both V and S are unit matrices, representing the dimensions of EVs and CSs, re-
spectively. N represents the topological connectivity matrix of traffic roads. Both V-N and
N-V denote the physical connectivity between EVs and TNs. They are used to track the
trajectories of EVs in the road networks. Both S-N and N-S denote the physical connectivity
between CSs and TNs, which are used to locate the real-world geographical location of
CSs. Both V-5 and S-V denote the electrical connection relationship between EVs and CSs,
which are used to describe the EV receiving charging service at the CS.

Further, X € RN*C denotes a feature matrix for storing the energy and information
interaction features of the environment. C represents the number of features of each node.
To avoid mis-identification of the node features, the feature vector is expanded according
to the sum of the dimensions of the features for each type of subjects, and the basic form
can be expressed as X = [V, S, N].

— | ginit ,init  bat i1l
Vt,i _ t;m , pﬁm /Sia , (Pfuz }

R . ,init pch . wait 2
St,] = |5j,Pj ,Pj ,wt/],H]. ] )
Nt,m = [POIm/ Lnn, Win, V;ﬁm]
where #nit pinit gbat (pwi” denote the instant time, instant location, EV battery SOC, and

owner’s charging willingness, respectively. sCS, 1,DCS, ICS, peh (yCS TCS Asta denote the
number of charging piles of CSs, location of CSs, type of CSs charging power of charging
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piles, charging tariff, average waiting time and floor space, respectively. (pTN, TN yTN TN

denote the point of interest for the node, the length of the traffic segment, the class of the
traffic segment and the traffic speed, respectively.

3.2. GAE-Based Identification for Candidate CS Nodes

The graph-structured model GV*N = (A, X) is obtained as the input to the GAE mod-
ule. The graph encoder of the GAE module is utilized to differentiate the interconnections
between topological nodes. The intermediate feature vector Z reflecting the embedded
feature information of important nodes is obtained. Then, the graph decoder of the GAE
module is used to reconstruct and classify the intermediate feature vector Z, obtaining
the new feature matrix X . Namely, all the nodes in the coupled system are labeled for
identification and classification. The new feature matrix X is used as the candidate CS
set. The specific implementation is as follows.

The graph encoder uses a graph convolutional neural network to perform self-circular
transformation and normalization on the adjacency matrix A, obtaining a normalized
adjacency matrix A”.

A=A+1 3)

A" =D 1A'D"? (4)

where A’ denotes the self-cyclic adjacency matrix. I € RM*M denotes the unit matrix. D
denotes the diagonal node degree matrix of the self-cyclic adjacency matrix A’.

The output Z € RN*F can be obtained by performing a graph convolution transform
on the obtained normalized adjacency matrix A” and the feature matrix X. F denotes the
number of features in each node of the obtained intermediate feature vector Z. Each graph
convolution layer is represented by a nonlinear activation function o(+) as follows [25].

H;y =0o(H;,A") 5)

where i =0,1,...,L, L is the number of graph convolution layers (GCLs). When i = 0,
Hy is identical to X. When i = L, H; is identical to Z. f(-) denotes the graph convolution
operation. W; € RE*F is the weight matrix of the ith graph convolution layer.

f(H;,A") = c(A"H;W;) (6)

The graph decoder is reconstructed using the inner product to get the new feature

matrix X o(+) is a sigmoid function as shown in Equation (7).
~ o<T
A=0(XX") (7)

The loss function £ is computed using cross-entropy.

£=——Y ylogi+(1-y)log(1-7) ®)
NyEA

where: y is the element of the feature matrix. i/ is the element of the new feature matrix.
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3.3. Hybrid Planning Evaluation for Optimal CSs
3.3.1. Objective Function

In this paper, the sum of CS construction cost, operation and maintenance cost, user
traveling cost and distribution network operation cost is chosen as the total cost of CS
planning C [26], as below.

N .
minC = 2 (Czons 4 CoPer 4 ster) 4 cenid ©)

n=1

where CS" is the construction cost of the nth CS. C;¥* is the operation and maintenance
cost of the nth CS. CU¢" is the traveling cost of the nth CS for EV users. C#" is the operation
cost of the distribution network. n = 1,2,..., N, N is the number of CSs.

a.  CS construction costs
The CS construction cost CS°™ consists of the basic investment cost CI'V of the CS and
the acquisition cost C; "™ of the charging pile.

Cflon — C1i1nv + Cgurc (10)

The basic investment cost CI'V of the CS mainly includes the cost of land lease, road
gate construction, and charger installation.
r(ARC + G
(1+1)" -1

CIV = 15(1+19) (11)

where 19 is the discount rate. T is the planning period. AS# is the CS footprint. Cgri is the CS
location equivalent investment construction unit price. C3¢V is the charging infrastructure
construction cost.

The acquisition cost Ci™" of charging piles depends on the type and quantity. There-
fore, the acquisition cost of the charging piles in the nth CS is expressed as follows:

CEurc — chigh N,};C + cmed N}rqnc + Clow N}f (12)

where Chigh, Cmed and CloW are the unit prices of fast, medium, and slow charging piles,
respectively. NP, N™¢, and NI are the numbers of fast, medium, and slow charging
piles, respectively.

b.  CS operation and maintenance costs
The operation and maintenance costs C,"* of the CS, including the depreciation of the
charger as well as the operation and maintenance of the hardware and software, are taken
as a percentage (conversion factor A) of the initial construction investment, as follows:
G = AATC" +CI*) (13)
c.  User traveling costs

The user cost C25 includes the en-route charging loss cost C'™ and queuing waiting
time cost CWait,
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C;llser _ Ctra + Cwait (1 4)
N M

C'™ =3658) ) AT (15)
n=1m=1
] N 24

CVt =365w ) " Y T (16)
n=1t=1

where B is the unit time cost of urban traveling. M and AT are the number of charging
demands within the service range of the nth CS and the EV traveling time from its current
location to the CS, respectively. w is the hourly queuing cost of the user. T; is the average
queuing time of the nth CS at time ¢. 7; is the number of EV charging demands within the
service range of the nth CS at time ¢.

d. Distribution network operation costs

Since the CS construction requires electric energy, the distribution network party
needs to build a new power line between the CS and the grid to obtain electric energy.
Moreover, the CS access to the grid will cause an increase in the active network loss, which
corresponds to the annual cost of the distribution network:

7‘0(1 + To)y

A+nf -1 )

Cgrid = 8760 (Pinit _ Plate) + % lgridcgrid
n=1

where C8" is the annual network loss cost added to the distribution network after accessing
the CS load. 8" is the length of the new line of the nth CS accessing the corresponding
distribution network node. c8" is the line unit price. c8" is the initial active network loss
of the distribution network. PMit is the active network loss after accessing the CS load of
the distribution network. @ is the unit price of electricity.

3.3.2. Constraints

a. Number of CS constraint

The number N of CSs in the area to be planned determines the economic benefits for
both the CSs and the users and is related to the upper and lower limits of the charging
demand and CS capacity in the area, which is constrained by the following equation.

Nmin S N S Nmax (18)

where N, is the minimum number of CSs. Np,« is the maximum number of CSs.
b.  Charging power constraints

The charging power P, of the nth CS is determined by the number of EV charging
demands 7; and the rated power of the charging pile pP'® at time .

N 24
Py =pPYy" Y m (19)
1

n=1t=
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c.  Distribution network node voltage constraints

The charging distribution network node voltages satisfy the following constraints:
Ug™ < Ug < U™ (20)

where Uy is the voltage magnitude at node g in the distribution network. Ué,“i“ and
U™ are the maximum and minimum voltage magnitudes at node g in the distribution
network, respectively.

d. Distribution network node capacity constraints for accessing CS loads

The distribution network node capacity constraints for accessing CS loads must satisfy
the following constraints:
Py¢ + Py < Pg, max (21)

where P, ¢ is the charging load of the nth CS connected to the distribution network node g.
Pg is the load of the distribution network node g. P, max is the maximum load allowed to
be connected to the distribution network node g.

Power flow constraints of the distribution network

The power flow in the distribution network satisfies the following constraints:

Py = Ugy Uy (Ggh cos gy, + By, sin Ggh)

. 22)
Q, = Uy U, (Ggh sin 6 — By cos egh)

where Py and Qg represent the active and reactive power at node g, respectively. Uy, is
the voltage at node h. Ggj, and By, denote the conductance in branch gh, respectively. 6,
indicates the difference in phase angle between nodes g and .

4. GAE and PSO-Based Solution Method

The pseudo-code of the multi-stage hybrid planning method for CSs based on GAE-
PSO is shown in Algorithm 1.

Firstly, based on the GAT module, graph-structured modeling and node identification
are performed on the topological information and feature information until all node labels
of the coupled system are classified. The candidate CS set XM is obtained.

Then, based on the PSO module, the optimal CS planning scheme is completed. The
position y and velocity v of the particle swarm are updated. The objective function of each
particle swarm is calculated. The historical optimal value of each particle swarm and the
optimal value of the entire particle swarm are updated. The above steps are repeated until
the maximum number of iterations is reached.

Finally, the total cost of the CS planning and the corresponding decision-making plan
are output.
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Algorithm 1. GAE-PSO-based Multi-Stage Hybrid Planning Method for CSs

1. Initialization: number of graph convolution layers L, adjacency judgment function
0(v,,v;) , network parameter o, learning rate, position u, velocity v

2. Fornode v,eA do

3. Fornode v,eA do
If 0(v.v))
Compute the elements of the adjacency matrix A =1
Else if

Compute the elements of the adjacency matrix A;=0

End if
End for
10. End for

11. Compute the self-circular transformation adjacency matrix A'=A+1

X N e

12.  Compute the normalized adjacency matrix A’=D?AD?
13.Fori=0to L do

14. f(H,, A") = o(A'HW,)
15. X =0(zZ")
16. End for

17. Output candidate CS set X
18. For k steps do
19. Updating the location # and velocity v
20. | Calculate the objective function C for each particle swarm min
21. Update the historical optimal values of each group of particle swarms and the

optimal values of all particle swarms
22. End for

23. Output total costs and corresponding solutions of CS planning

5. Case Study
5.1. Experimental Setup

In this study, the performance of the proposed approach is illustrated using a real-
size urban zone in Kowloon City District, Hong Kong, China. The selected area covers
approximately 10 km?, which contains includes 523 transportation nodes and 50 CSs.
A modified IEEE-123 node distribution system, with a reference voltage of 4.16 kV and
a total network load of 1.40 +j0.77 MW, is used to align with the transportation network
size. Real-time operation data for urban roads is obtained from ‘Open Street Map’, while
configuration and operational data for EVs and CSs are sourced from ‘Charge Bar’. Data
collected from 1 November to 30 November 2023 are used for the experiments. The first
25 days serve as training samples, and the last 5 days are testing samples. The main
parameters of the approach are presented in Appendix A Table Al. Experiments are
conducted on a server with an R93950X CPU, RTX 2080TI GPU, 32 GB RAM, and PyCharm-
2024 simulation software.

5.2. Training Process

This study separately trains the model under different GCLs to examine the influence
on feature recognition. The training convergence curve is shown in Figure 2, where
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the learning rate is 0.001 and the batch size is 32. Adam is chosen as the optimizer.
From Figure 2, the loss functions for different GCLs converge after approximately 70 to
90 episodes. When the number of GCLs is 2, the average loss after stabilization is 0.0065.
As the number of layers increases, the loss function stabilizes around 0.006. However, more
GCLs require exponential growth in the amount of aggregated neighbor node information,
which not only makes node features smoother and loses diversity but also increases the
computational complexity of the model. In summary, balancing model feature aggregation
performance and computational complexity, this paper selects 2-GCL for the experiment.

1-GCL

0.05 2-GCL ]
3-GCL

0.045 4-GCL 1

0 50 100 150 200
Episode

Figure 2. Loss function for training with different GCLs.

Further, to verify the accuracy of the GAE model, 2-GAL is selected. The validation set
is used for simulation and the training classification accuracy curve is shown in Figure 3.

100 T T
—— Accuracy Confidence interval
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Figure 3. Classification accuracy of the proposed GAE method for candidate CS nodes.

As shown in Figure 3, the training accuracy curve goes through two phases of rapid
increase and stable convergence. During the early training phase, the classification accuracy
increases rapidly with the number of episodes. In this phase, the topology as well as
the information interactions of CSs are quickly captured based on the GAE module to
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better categorize the topology nodes. After approximately 100 episodes, the classification
accuracy curve stabilizes, achieving an average accuracy of 94.82%. This demonstrates

the ability of the proposed method to accurately classify topological nodes in complex
network environments.

5.3. Practical Application Results

The identification result of the candidate CS nodes within the selected area is shown
in Figure 4. As depicted, the majority of identified candidate FMC nodes are concentrated
in commercial areas, accounting for approximately 40.31%. These areas experience a large
demand for fast charging due to significant EV traveling flow. Candidate FMC and MC
nodes are primarily located in commercial and industrial areas, such as Stonecutters Island
and Whampoa. Candidate SC nodes are relatively few, mostly distributed in residential ar-
eas, accounting for only about 12.35%. EV users in these areas travel mainly for commuting
and have a greater demand for slow-charging services.

.Candidate FC node

Candidate FMC node

[ = ey
- % wESLEY <

Figure 4. Identification result of the candidate CS nodes.

Next, to determine the relationship between the total cost of CS planning and the
number of CS construction, Figure 5 shows the PSO-based iterative process. In addition,
the individual-specific costs corresponding to the quantity of CSs are shown in Figure 6.

% 10°

10

Total cost/HKS
o0

12 > — 200

TSe g el
g oL 100
Amount of CSs 6 0

Episode

Figure 5. PSO-based iterative process of CS planning.
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Figure 6. Relationship between the total cost and quantity of CS planning.

Combining Figures 5 and 6, the total planning cost shows a trend of decreasing and
then increasing as the number of CSs constructed increases. However, this increase is
not strictly linear. Notably, construction costs and user travel costs significantly affect
the total planning cost. Specifically, when the number of CSs is set to 14, the total cost
reaches its minimum at HKD 5.36 million. Concurrently, user travel costs decrease from
HKD 3.85 million to HKD 3.12 million. The increase in the number of CSs has improved
the convenience of charging, reduced the charging time and distance for users, and thus
reduced traveling costs. Additionally, the operation and maintenance costs and distribution
network operating costs have increased, however, the magnitude of changes is relatively
small. It shows that proper cost control measures can effectively maintain costs at a low
level during the operation of CSs. Overall, during the CS network planning process, our
method achieves the optimal balance between cost and benefit by reasonably regulating
the number of fast CSs, ensuring user experience while effectively controlling the total cost.

Figure 7 and Table 1 present the results of the optimal hybrid planning and charging
pile configurations of 14 CSs. The figure shows that the planning results include five FCSs,
four FMCSs, three MCSs, and two SCSs.

FCS-4 MCs-7 @

SCS-13
FMCS-8 @

FCS-l@
FMCS-5 FCs-11

FMCS-6 .MCS-9

FMCS-14

SCS-12

Figure 7. Distribution results of the optimal hybrid planning for CSs.
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Table 1. Planning results of the types of CSs and the configuration of charging piles.

Serial Number T £CS Number of Serial Number T £CS Number of
of CSs ype ot o8 Charging Piles of CSs ypeo s Charging Piles
1 FCS 15 8 F-MCS (14, 19)
2 MCS 14 9 MCS 9
3 FCS 12 10 FCS 21
4 FCS 13 11 FCS 16
5 FMCS (17,13) 12 SCS 16
6 FMCS (11, 18) 13 SCS 13
7 MCS 10 14 FMCS (13,12)

5.4. Analysis of Pre-Post-Planning for CSs

Additionally, to analyze the planning effect of the charging stations, charging exper-
iments are simulated for 2000 EVs introduced within the selected area. The comparison
of the spatial thermal distribution of pre-post planning charging demand is given in
Figure 8. The figure shows that the spatial distribution of charging demand before plan-
ning is concentrated in the central area, with a peak demand of 3.92 MW. In contrast, the
proposed scheme optimizes the locations of CSs, ensuring effective coverage and efficient
use of resources. After planning, peak charging demand is reduced by 37.51% compared to
the pre-planning period, significantly improving user charging experience and effectively
alleviating peak load pressure on the urban power grid.

EV charging demand 15.5{;»

-
0 28 inad
Mw !

Figure 8. Heat map of spatial distribution of pre-post-planning charging demand. (a) Spatial distribution
of pre-planning charging demand. (b) Spatial distribution of post-planning charging demand.
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Further, Figure 9 illustrates the curves of average traveling and charging costs of
pre-post-planning, while Table 2 compares various indicators of pre-post-planning. From
Figure 9 and Table 2, the average time cost for users is unevenly distributed due to morning
and evening traveling peaks, with an average cost of HKD 50.44 before planning. By opti-
mizing the distribution of CS nodes, the proposed method significantly reduces the average
time cost for users by 15.27%. Charging costs are primarily influenced by tariffs, with the
most significant impact occurring during the evening peak from 19:00 to 20:00. The average
charging costs of pre-post-planning are HKD 44.01 and HK$ 34.61, respectively. Further-
more, Table 2 indicates that the waiting time for charging has decreased from 7.88 min
to 3.25 min after planning. This reduction not only alleviates charging congestion and
enhances user experience but also improves the efficiency of charging facilities, mitigating
the issue of “zombie piles” due to prolonged equipment inactivity at some stations. In
summary, the implementation of the proposed optimal scheme for CSs not only effectively
reduces users’ traveling and charging costs but also improves the utilization rate of urban
charging piles.

20 - - 55 100
—0—Pre-planning charging cost
---0---Post-planning charging cost £ 3 t50 L
187 LS 90
#— Pre-planning time cost
--=+=--Post-planning time cost r45
161 Ging pric 80
r40 |
14+ o 70
g REATE
5127 305 | 2
= g (503
=10 r25 2 %
£ Ird0x
g 8 \F2075 | &
A [ 15 30
10 20
4] 5 10
2 —_— 0
1 3 5 7 9 11 13 15 17 19 21 23

Time/h

Figure 9. Average traveling and charging costs of users of pre-post-planning.

Table 2. Comparison of indicators of pre-post-planning.

Indicator Pre-Planning Post-Planning
Charging cost/HKD 27.43 25.79
Time cost/HKD 50.44 42.74
Charging waiting time/min 7.88 3.25
Charging traveling time/min 16.92 14.18
Utilization rate of charging pile/% 78.22 85.27

5.5. Comparison of Different Planning Methods

Finally, to comprehensively evaluate the effectiveness of the proposed hybrid plan-
ning, all charging piles at the 14 CSs are replaced with only fast and slow charging piles,
establishing baseline methods, namely, fast and slow charging planning. Figures 10 and 11
illustrate the distribution network loads and voltage curves at 11:45 for different planning
methods. The figures indicate that, for the slow-charging planning method, daytime loads
are lower with charging loads concentrated in the evening and early morning hours. The
evening peak of the distribution network occurs at 22:00, reaching 25.15 MW. In contrast,
for the fast-charging planning method, loads are primarily concentrated between 10:00
and 17:00, with relatively low early morning loads. The peak-to-valley difference for the
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entire day is as high as 15.19 MW. Conversely, the planning method proposed in this paper
integrates various approaches based on different factors to create a comprehensive plan-
ning method. This method considers the charging characteristics and investment costs of
different functional areas, reasonably distributing multiple types of charging piles to meet
diverse charging demands while optimizing the load operation curve of the distribution
network. The distribution network peaks at 11:45 a.m. with a load of 25.53 MW, drop-
ping to a low of approximately 13.98 MW around 4:00 a.m. The peak-to-valley difference
is reduced to 11.55 MW, representing a 23.96% decrease compared to the fast-charging
planning method.

30— T T T T T T

Basic load

28 F Slow charging planning load
Fast planning charging load
—— Mixed planning load

DN load/ MW
8]

10 L . . . 1 . . L
1 3 5 7 9 11 13 15 17 19 21 23

Time/h

Figure 10. Comparison of distribution network loads for different planning methods.
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Figure 11. Comparison of node voltages for different planning methods.

Further, Table 3 shows the operational results under different planning methods. Com-
bining Figure 11 and Table 3, the lowest point of the slow-charging method is 0.9444 p.u.,
with a voltage passing rate of 100% and an average user queuing time of 16.77 min. In
contrast, the load of the fast-charging method peaks at 27.80 MW at 11:45, causing voltage
overruns at some nodes. The minimum voltage drops to 0.9204 p.u., resulting in a voltage
pass rate of only 99.81% for the entire day. The proposed method maintains a minimum
voltage of 0.9321 p.u., ensuring a 100% voltage passing rate. The average user queuing
time is reduced to 3.86 min, a 76.98% decrease compared to the slow-charging planning,

significantly enhancing the charging experience for EV users.
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Table 3. Comparison of indicators of different planning methods.
Load Peak-Valley o .. o Average Queuing Average Cost
Method Difference/MW Network Loss Rate/% Minimum Voltage/p.u. Voltage Pass Rate/% Duration/min per User/HKS
Slow charging planning 12.03 4.15 0.9444 100 16.77 19.29
Fast charging planning 15.19 6.71 0.9204 99.81 7.21 33.54
Hybrid planning 11.55 449 09321 100 3.86 21.78

6. Conclusions

1.

This study proposes a multi-stage hybrid planning method for CSs based on GAE.
Firstly, the GAE-based deep learning method is used to identify the type of CSs for
massive topological nodes, and then the planning decision-making model is built
based on the traditional swarm intelligence optimization method, solving the problem
of optimal location and capacity of CSs. Case studies in Kowloon City District of Hong
Kong prove that the proposed method has the ability for accurate classification and
efficient decision-making in complex network environments. Based on the proposed
planning scheme, the average time cost of users is decreased by 15.27%, which not only
significantly alleviated the charging congestion but also improved the utilization rate
of urban charging piles. Compared with the peak charging demand before planning,
the peak charging demand after planning is reduced by 37.51%, which effectively
reduces the pressure of urban power grid operation. It provides support for the
sustainable development of urban transportation-charging systems.

The research results will help the power and transportation departments to reasonably
plan the layout of charging infrastructure, determine the number and location of
different types of CSs, realize the optimal allocation of charging resources, and avoid
the waste or shortage of resources. Also, the research results can effectively guide the
EV users to charge orderly, reduce the charging cost of users, and reduce the operation
pressure of the peak load of the urban power grid.

Although this study achieves certain results, there are still some limitations:

Firstly, the scale of data used in the research needs to be expanded. More personalized
behavioral data will help improve the scalability and adaptability of planning models,
enhancing their ability to respond to complex decisions.

Secondly, the deep learning method used in the research has the problem of time-
consuming training. The computational complexity of the model is high in processing
large-scale multidimensional variable feature data. More efficient processing algo-
rithms will be developed to adapt to the rapid expansion of the EV market and the
dynamic evolution of charging needs.

Finally, the economic benefit analysis of CS planning in the research is relatively pre-
liminary. In the future, we can further deepen the cost-benefit analysis and consider
more economic and social factors, such as differentiated user behavior, fluctuations
in land acquisition costs, and equipment maintenance and renewal costs, optimizing
resource allocation and maximizing user satisfaction.
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Appendix A

Table A1l. Main parameters of algorithmic model.

Parameter Configuration Value
Charging infrastructure development costs HKD 100 10,000/ seat
Discount rate 0.08
Planning cycle 20 years
Unit price of fast charging piles HKD 10 100,000/ unit
Unit price of medium charging piles HKD 6 100,000/ unit
Unit price for slow charging piles HKD 2 100,000/ unit
Charging power of fast charging piles 120 kW
Charging power of medium charging piles 60 kW
Unit price for slow charging piles 20 kW
Unit time cost of urban travel 30 HKD/h
User queuing cost per hour HKD 17
Conversion factor 0.1
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