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As a core part of Cyber-Physical Systems (CPS), EV charging networks face limitations in traditional spatiotem-
poral models due to static spatial representation and poor heterogeneous data fusion. This paper proposes
a Multi-Scale Subgraph Spatiotemporal Graph Convolutional Network (MSG-STGCN) for predictive load
management. By integrating multi-modal data - including POI semantics and traffic conditions - into a dynamic
heterogeneous graph, the model utilizes a condition-triggered mechanism to adaptively capture multi-scale
spatial contexts. Experiments on real-world datasets show MSG-STGCN achieves MAE of 0.22 and MAPE of
9.75%, outperforming the baseline AGCRN by 0.07 in MAE and 0.81% in MAPE. Ablation studies further verify
the effectiveness of multi-scale subgraph embedding and spatiotemporal attention.
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1. Introduction

In the era of Smart Manufacturing and Industrial IoT, the
electric vehicle (EV) network has evolved into a critical,
large-scale distributed energy system. Under the "dual car-
bon" strategy, the surge in EVs has introduced complex,
high-intensity operational loads. Efficiently managing this
infrastructure is no longer just a logistics challenge but a
necessity for maintaining the stability and reliability of the
urban energy grid. As a vital component of cyber-physical
systems (CPS), the EV charging network requires advanced
AI-driven insights to ensure its structural integrity and op-
erational continuity. Beyond operational continuity, charg-
ing infrastructure increasingly requires predictive mainte-
nance capabilities. Frequent load fluctuations, localized
overload conditions, and demand surges can accelerate
equipment degradation, reduce service availability, and
increase maintenance costs. Therefore, accurate charging-
demand forecasting is not only a prediction task but also
a critical enabler of proactive maintenance scheduling, re-

source allocation, and infrastructure resilience enhance-
ment in smart manufacturing-oriented cyber-physical sys-
tems.

Predicting spatiotemporal charging demand is the cor-
nerstone of proactive system maintenance and resource
scheduling. However, traditional modeling approaches
often struggle with the nonlinear, non-Euclidean nature
of urban layouts. While existing Graph Neural Networks
(GNNs) capture some spatial interactions, they typically
rely on static, single-scale representations. This lack of
adaptability prevents systems from responding to the dy-
namic stress caused by fluctuating demand patterns, lead-
ing to potential service failures or grid imbalances in smart
urban manufacturing ecosystems. The primary challenge
lies in the multi-scale nature of system influences-from
micro-level traffic flows to regional socioeconomic dynam-
ics. These heterogeneous data sources (e.g., POI semantics,
traffic conditions, and historical loads) act as multi-modal
sensor inputs. Current models often fail to capture the com-
plex coupling between these diverse data streams and the

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.6180/jase.202610_33.059


2 Haixing Guo

dynamic spatial structure, limiting the system’s cognitive
perception of potential load risks. Furthermore, most exist-
ing studies primarily optimize forecasting accuracy while
paying limited attention to maintenance-oriented decision
support. The relationship between demand prediction and
predictive maintenance remains insufficiently explored,
particularly regarding how forecasting results can assist
in identifying potential overload risks and maintenance-
critical regions within charging infrastructures.

To address these issues, we propose MSG-STGCN,
which adopts a condition-triggered adaptive scale percep-
tion mechanism, a lossless heterogeneous feature integra-
tion method and a joint spatiotemporal modeling archi-
tecture to capture spatial contexts and identify key nodes
and peak-load periods. Experimental results on real-world
datasets demonstrate that our framework significantly en-
hances forecasting robustness and system resilience, pro-
viding a sophisticated AI tool for the optimized operation
and predictive management of modern smart systems [1].
In summary, our contribution is as follows:

• A maintenance-oriented heterogeneous graph frame-
work is constructed to fuse charging behaviors, traffic
conditions, POI semantics and environmental factors
into a unified CPS perception model.

• An adaptive multi-scale spatial perception mechanism
is proposed to describe urban functional regions for
diverse operation and maintenance scenarios.

• The MSG-STGCN architecture is developed to enable
load management, proactive maintenance scheduling
and infrastructure resilience via reliable demand fore-
casting.

2. Related work

2.1. Factors Influencing System Operational Loads

The operational load of EV charging infrastructure is driven
by a convergence of intrinsic system states and extrinsic
environmental variables. From an intrinsic perspective, the
stochastic nature of user behavior and vehicle specifica-
tions introduces significant uncertainty into the system’s
demand patterns [2–4]. Extrinsic factors have been ana-
lyzed through the lenses of infrastructure configuration,
temporal cycles, and spatial semantics. At the component
level, the technical specifications of charging piles and pric-
ing strategies directly modulate user interaction with the
network [5, 6]. Temporally, cyclic shifts such as seasonal
weather and peak periods interfere with the load distribu-
tion [7]. Spatially, while prior studies linked demand to

urban functional zones [8], they often relied on coarse clas-
sifications. There remains a lack of fine-grained modeling
of point-of-interest (POI) semantics, which are essential for
characterizing the heterogeneous functional roles of differ-
ent nodes within the smart infrastructure. Furthermore,
these systems exhibit dynamic spatiotemporal dependen-
cies. The diffusion of load across the network is governed
by service radii [9] and real-time traffic conditions [10].

Recent studies in predictive maintenance have further
demonstrated that persistent load concentration and ab-
normal charging patterns can serve as early indicators of
infrastructure deterioration. Consequently, integrating op-
erational load forecasting with maintenance-aware moni-
toring mechanisms has become an important research di-
rection for intelligent infrastructure management. Despite
these insights, two limitations persist: 1) current models
lack a synergistic integration mechanism for heterogeneous
data sources, failing to exploit the deep interactions be-
tween temporal, spatial, and environmental inputs; 2) spa-
tial dependencies are typically modeled via static graph
structures, which cannot adapt to the dynamic stress shifts
inherent in evolving urban manufacturing environments.

2.2. Evolution of Predictive Modeling in Smart Systems

Charging demand forecasting has evolved from overall
load analysis to real-time node-level prediction [11–14]. Ex-
isting methodologies are categorized into model-driven
and data-driven approaches: (1) Model-driven methods
often utilize Monte Carlo simulations to estimate demand
distributions [15]. While computationally efficient, their
reliance on simplified assumptions limits their applica-
bility in complex, real-world cyber-physical systems. (2)
Data-driven methods learn patterns directly from historical
streams. Parametric models (e.g., SVR) are interpretable
but struggle with non-stationary and nonlinear behaviors
[16, 17]. Conversely, non-parametric models like RNNs
offer stronger nonlinear fitting [18, 19] but often neglect the
crucial spatial topology of the network.

Recently, Spatiotemporal GNNs have emerged as a
powerful tool for modeling the spatial correlations be-
tween interconnected system nodes [20, 21]. More re-
cently, transformer-based forecasting architectures, such as
PatchTST, STAEformer, and PDFormer have demonstrated
superior long-range temporal dependency modeling capa-
bilities. Although these models achieve promising fore-
casting performance, they generally overlook fine-grained
urban semantic structures and maintenance-related spatial
dependencies, limiting their applicability in infrastructure-
oriented predictive management scenarios. Moreover, ex-
isting graph models adopt static single-scale representa-
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tions and cannot fuse multi-source data effectively, which
limits their application in AI-driven predictive mainte-
nance.

3. Preliminaries

Definition 1 (Graph Structure Definition). Let G =

(V, E, A) be the heterogeneous graph of charging networks.
V is the set of charging stations, E stands for edges between
stations, and A ∈ RN×N is the weighted adjacency ma-
trix. Nodes and edges represent charging stations and their
spatial/functional dependencies respectively.

Definition 2 (Multi-Scale Subgraph Embedding). For a
central node vi ∈ V, a radiusdependent subgraph is defined
as Gr(vi) = (Vr, Er), where Vr denotes the neighboring
nodes located within radius r and Er represents the corre-
sponding edge set. Three perception scales are considered,
namely r ∈ {500 m, 1000 m, 2000 m}. Each subgraph con-
tains node attributes including historical load, POI features,
traffic and environmental attributes.

Definition 3 (Charging Demand Prediction). Let Xt ∈
RN×F denote the node feature matrix at time step t, where
N is the number of charging stations and F is the fea-
ture dimension. Given a historical observation window
{Xt−T+1, . . . , Xt} and the corresponding multi-scale graph
representation, the objective is to learn a mapping function
f (·) that predicts the charging demand vector at the next
time step:

X̂t+1 = f (Gr; [Xt−T+1, . . . , Xt]) (1)

where Xt+1 ∈ RN denotes the predicted charging demand
of all stations.

Definition 4 (Maintenance Risk Indicator). Given the
predicted charging demand Yt+1, the maintenance risk
level of station vi is defined as Ri = f (Xi, t + 1). where
Ri represents the predicted operational stress level of the
station. Larger values of Ri indicate a higher probability of
overload conditions, accelerated equipment degradation,
and maintenance intervention requirements.

4. Methods

4.1. Graph Structure Construction and Spatial Connec-
tivity Modeling

To describe spatial correlations and urban semantic rela-
tionships between charging stations, we build a hetero-
geneous graph integrating multi-source spatial data. Dif-
ferent from traditional geography-only static graphs, the
proposed graph incorporates navigation distance, POI dis-
tribution, traffic accessibility and external environmental
information.

Firstly, based on the urban road network, the naviga-
tion distance dii between charging stations and (vi, vi) is
obtained by using the API of Autonavi Maps, and the spa-
tial adjacency matrix is constructed by using the Gaussian
kernel function:

A(dist)
ij = exp

(
−

d2
ij

σ2

)
, i ̸= j (2)

Here, σ represents the hyperparameter that controls
the extent of distance attenuation. This adjacency matrix
provides the basic topological support for the spatial struc-
ture. The bandwidth parameter σ is determined using
the median-distance heuristic. Specifically, σ is set as the
median navigation distance among all station pairs in the
training set. It avoids manual selection of spatial influence
range and realizes reasonable distance attenuation.

Next, POI data is adopted to supplement spatial se-
mantics beyond geographical relations. Taking the charg-
ing station as the center, calculate the distribution den-
sity of various types of POI within the radius range of
rk ∈ {500 m, 1 km, 2 km}. Obtain the scale-dependent POI
feature vector p(rk)

i . Based on the cosine similarity between
POI feature vectors, construct the POI semantic adjacency
matrix:

A(POI,rk)
ij =

p(rk)
i · p(rk)

j∥∥∥p(rk)
i

∥∥∥ ∥∥∥p(rk)
j

∥∥∥ (3)

Considering the influence of road traffic, we use the real-
time traffic flow and average vehicle speed information of
main roads to calculate the traffic accessibility index and
construct the dynamic traffic adjacency matrix A(traffic ):

A(traffic)
ij = Traffic

(
vi, vj

)
(4)

Traffic
(

vi, vj

)
is the weighted accessibility function be-

tween stations, which reflects traffic conditions. To inte-
grate heterogeneous spatial dependencies into a unified
graph representation, the three adjacency matrices are
fused through a weighted aggregation strategy: A_fusion
= λ_d ∗ A_dist + λ_p ∗ A_POI + λ_t ∗ A_traffic. where
A_dist, A_POI, and A traffic denote the distance-based,
POI-semantic, and traffic-accessibility adjacency matrices,
respectively. λ_d, λ_p, and λ_t are nonnegative weight-
ing coefficients satisfying: λ_ d, λ p and λ_t are non-
negative weights with λ_d + λ_p + λ_t = 1. They are
uniformly initialized and optimized via backpropagation
during training. The fusion retains geographical proxim-
ity, functional similarity and traffic accessibility in graph
representation. The fused adjacency matrix is normalized
as A_norm = D∧{−1/2} (A fusion + I ) D∧{−1/2} ( D :
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degree matrix, I: identity matrix) to avoid numerical in-
stability, noise amplification and excessive information
propagation in graph propagation. Each node integrates
multidimensional features: historical charging load, multi-
scale POI density, traffic status and environmental factors
(weather, electricity price). The graph structure and node
attributes form the input tensor X ∈ RN×T×C for multi-
scale subgraph embedding and full-graph modeling.

4.2. Multi-Scale Subgraph Generation and Embedding

We propose a multi-scale subgraph embedding mechanism
to strengthen the representation of spatial semantics. It
builds neighborhood subgraphs with different radii around
each station to extract multi-scale urban functional features,
which are embedded into node representations for sub-
sequent full-graph modeling. Specifically, given the full
graph G = (V, E), for any node vi ∈ V, define its subgraph
under the radius rk ∈ {500 m, 1 km, 2 km} :

Grk
i =

(
Vrk

i , Erk
i
)

, where Vrk
i =

{
vj ∈ V | dij ≤ rk

}
(5)

Each subgraph corresponds to a local functional area
at a specific spatial scale. The condition-triggered mecha-
nism adopts a data-driven gating network and lightweight
MLP. It estimates the probability of three predefined radii (
500 m, 1 km, 2 km ) based on environmental and temporal
features, and optimizes scale thresholds automatically dur-
ing training. Combined with user charging behavior, three
practical rules are defined: users select stations within 2 km
in peak hours, nearby stations within 500 m in bad weather,
and 1 km range stations when obvious price gaps exist. On
each subgraph Grk

i , the model uses graph convolution to
extract the multi-scale spatial semantic embedding of node
vi :

hrk
i = GCN(k) (Grk

i , Xrk

)
(6)

Here, Xrk represents the corresponding node feature of
the subgraph. This step extracts multi-scale POI structural
features for each station, helping nodes understand the
urban functional environment they are in. To unify the
feature representations at multiple scales, we introduce
a scale-level attention mechanism to fuse embeddings at
different scales:

hi =
K

∑
k=1

αk · hrk
i , αk =

exp
(

w⊤ tanh
(
Wkhrk

i
))

K
∑

m=1
exp

(
w⊤ tanh

(
Wmhrm

i
)) (7)

Here, αk represents the importance weight of scale rk .
The fused feature hi is then input into the full graph GCN

model as the spatial representation of node vi. Subgraph-
based embedding better captures multi-scale urban func-
tional features and provides sufficient prior information for
charging demand forecasting. The scale selection follows
domain-based rules.

All multi-modal data are collected hourly, synchronized
via timestamps, and missing values are filled by linear
interpolation.

4.3. Design of Multi-Scale Graph Convolution Module

Urban charging networks show strong spatial heterogene-
ity, and single-scale modeling fails to capture complex spa-
tial semantics. We adopt a "local embedding first, then
full-graph modeling" paradigm. Here, D denotes the latent
embedding dimension. For each station, we build three
subgraphs ( 500 m, 1 km, 2 km ) based on navigation dis-
tance dij. Apply the graph convolution operator on each
subgraph to encode the local structure of node vi:

h(rk)
i = σ

 ∑
j∈N (rk)

i

1√
didj

W(rk)xj

 , k = 1, 2, 3 (8)

Here, xj represents the initial input features of adjacent
nodes (including POI, traffic, load, etc.), W(rk) is the scale
dependent weight matrix, σ(·) is the nonlinear activation
function, and di is the node degree. Graph convolution
uses mean aggregation, followed by linear transformation
with Wr and ReLU activation. Considering that semantic
contributions of different scales have dynamic differences
in different scenarios, this paper further introduces a scale-
level attention mechanism to integrate multi-scale spatial
semantics:

hi =
∞

∑
k=1

αk ·h(rk)
i , αk =

exp
(

w⊤ tanh
(

Wkh(rk)
i

))
∑3

m=1 exp
(

w⊤ tanh
(

Wmh(rm)
i

))
(9)

Here, αk represents the importance weights under the
subgraph rk, which are automatically learned by the at-
tention network. The hi obtained through fusion is the
multiscale static spatial representation of node vi, which
will subsequently be injected as input into the overall ur-
ban map structure to participate in the dynamic modeling
of the entire map. Attention coefficients αk. reflect the rele-
vance of each spatial scale to forecasting. This multi-scale
design improves the model’s ability to perceive regional
differences.

4.4. Spatiotemporal Attention Mechanism Modeling

Charging load has obvious spatio-temporal coupling prop-
erties. We adopt a joint spatiotemporal attention mech-
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anism in full-graph modeling to focus on key spatial re-
gions and time periods. (1) Modeling of Spatial atten-
tion mechanism. Traditional graph convolution uses static
adjacency matrices with fixed aggregation matrices. We
add spatial attention to adaptively adjust node weights
and highlight influential nodes. For node representations
H ∈ RN×D, query, key, and value matrices are generated
as: Q = HWQ, K = HWK, V = HWv, where WQ, WK, and
Wv are learnable projection matrices. Given the embed-
ding features hi and hj of the node for

(
vi, vj

)
, define their

spatial attention weights as:

Sij =
exp

(
LeakyReLU

(
a⊤
[
Wqhi∥Wkhj

]))
∑j∈N (i) exp

(
LeakyReLU

(
a⊤
[
Wqhi∥Wkhj

]))
(10)

Among them, Wq and Wk are the query and key map-
ping weights respectively, a is the attention vector, and [·∥·]
represents the vector concatenation operation. The atten-
tion matrix S is used to perform weighted correction on
the adjacency structure of graph convolution to achieve
spatial path reinforcement. (2) Modeling of the temporal
attention mechanism. In terms of the time dimension, the
model needs to identify which historical time slices have
the greatest impact on the results when predicting the cur-
rent moment load. This paper uses a weighted convergence
strategy to dynamically model the time dimension:

αt =
exp (score (Ht, q))

∑Th
s=1 exp (score (Hs, q))

, H̃ =
Th

∑
t=1

αt Ht (11)

4.5. Overall Architecture of MSG-STGCN

We build the MSG-STGCN framework combining multi-
scale subgraph embedding and spatio-temporal attention
for charging demand forecasting, as shown in Fig. 1. It
inherits the strengths of GNNs and enhances node semantic
representation via subgraph-level spatial perception.

Firstly, multi-scale subgraphs around each station are
built, and graph convolution encodes POI semantics within
500 m, 1 km and 2 km ranges. The fused static spatial em-
bedding is used as node representation for subsequent
dynamic modeling. Next, multilayer graph convolution
models static embeddings and dynamic load sequences.
The dualchannel attention adaptively adjusts spatial ad-
jacency weights and identifies key time slices to model
charging patterns. All modalities are converted into 64
-dimensional latent vectors for balanced multimodal fu-
sion. The framework follows the pipeline of static structure
modeling, spatio-temporal interaction and prediction. It
improves node embedding quality and multi-source data

Fig. 1. Framework diagram of MSG-STGCN.

fusion capability for robust and interpretable charging de-
mand forecasting. Given N (station number), E (edge
number) and K (spatial scale number), the complexity of
multi-scale GCN is O(K|E|) and the attention module adds
O
(
N2) complexity. The sparse graph ensures feasible de-

ployment for city-scale scenarios.

5. Results and discussion

5.1. tatistical description of the characteristics of the Xia-
men dataset.

We adopt a private Xiamen charging dataset covering
2022–2024. Over 600 original stations are filtered, and 547
commercial stations are used for modeling. The dataset
consists of charging transactions, inter-station navigation
distances, station attributes, meteorological records, time
labels and POI distribution data within 3 km of each station.
Traffic and meteorological data are sourced from official
platforms. All data are synchronized with hourly times-
tamps. Raw data contains missing values, duplicates and
outliers caused by device errors. We remove duplicates
and invalid samples, and process load outliers beyond
three standard deviations. About 90% of data is retained
after cleaning. The statistical characteristics of the Xiamen
dataset are shown in Table 1. The site section navigation
distance encoding matrix is shown in Fig. 2.

5.2. Data Processing

We process the three-year multi-source data via load ag-
gregation, outlier correction, feature alignment, subgraph
encoding and sample construction. All charging records are
aggregated into hourly load series, and numerical features
are normalized with Z-Score. Temporal and meteorological



6 Haixing Guo

Table 1. Statistical description of the characteristics of the Xiamen dataset.

Variable type Variable name Data volume mean variance

Basic statistics
Number of sites 547 - -

Charging transaction volume 10,963,154 0.585 1.345
Charging fee (yuan per hour) 14,221,910 3.472 0.936

Site attributes

Whether parking charges 547 0.604 0.487
Fast pile filling number 547 9.412 11.581
Slow pile filling number 547 4.205 6.873

Navigation Distance between stations 81,778 21,505.4 11,675.7

Environment
Weekday/holiday labels 26,304 - -

Hour label 26,304 - -
Temperature 26,304 23.518 5.688

Fig. 2. Charging station node distance matrix.

features are fused, while spatial data is used to build full
graphs and multi-scale subgraphs with station attributes
encoded. Multi-scale subgraphs are built and encoded via
graph convolution, and embeddings are fused to obtain
node representations for subsequent modeling. We adopt
a 168-hour sliding window: 7-day historical data is used
to predict the load of the next 24 hours, which captures
temporal periodicity.

5.3. Experimental Setup

The three-year data is divided into training (70%), valida-
tion (15%) and test (15%) sets by date. We use Adam opti-
mizer with an initial learning rate of 0.001 , batch size of 64
and maximum 200 epochs. The hidden embedding dimen-
sion D is set to 64 , the spatiotemporal attention mechanism
utilizes a multi-head configuration with 4 heads, and a
dropout rate of 0.2 is applied across all layers. The loss
function is Weighted MSE, with load-related weights wi,t

to emphasize prediction accuracy in high-load periods and
high-density stations, enhancing the model’s fitting ability
in urban core areas and peak hours. Its form is as follows:

LWMSE =
1

N · T

N

∑
i=1

T

∑
t=1

wi,t ·
(
ŷt

i − yt
i
)2

(12)

Among them, the setting of wi,t is constructed by com-
bining multiple factors such as historical load intensity and
time period characteristics. Both the model training and
testing are based on the sequential input method of the
sliding window: taking the data of each station for 7 con-
secutive days ( 168 hours) as input, the charging load on
the 8 th day ( 24 hours) is predicted. The specific network
structure and training parameters are shown in Table 2.

All experiments were run on the NVIDIA RTX 3090
GPU platform and implemented using the PyTorch 2.0
framework. The random seed was fixed at 42 to ensure
reproducibility. The model occupies 4.2 GB GPU memory
during training and has an inference latency below 15 ms
per batch, supporting real-time urban deployment. All
experiments are repeated five times. We use MAE and
MAPE (Eq. (13)) for performance evaluation.

MAE =
1

N · T

N

∑
i=1

T

∑
t=1

∣∣ŷt
i − yt

i
∣∣ , MAPE =

100%
N · T

N

∑
i=1

T

∑
t=1

∣∣∣∣∣ ŷt
i − yt

i
yt

i + ϵ

∣∣∣∣∣
(13)

Here, N represents the number of predicted sites, T is
the prediction time step ( 24 hours), and ϵ is a very small
positive number introduced to avoid division by zero er-
rors. The weighted loss function assigns larger penalties to
high-demand stations: w_i = 1 + α∗L_i, where Li denotes
the average historical charging load of station i and α is
a tunable weighting coefficient. This strategy encourages
the model to prioritize operationally critical stations whose
forecasting errors may result in larger maintenance and
service risks.

5.4. Comparative Experiment

We compare with eight mainstream baselines, including
traditional time-series models and various graph neural
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Table 2. Graph neural network model structure and training parameters.

Parameter Classification Parameter Name Parameter Setting

Network module parameters

Subgraph convolution module multi-scale GCN, activation
function: ReLU

Subgraph fusion mechanism attention-weighted fusion +
hierarchical nested

Full-image convolution module Single-layer GCN, activation
function: ReLU

Time modeling module Convolutional gating unit
Spatio-temporal attention

mechanism
Spatio-temporal attention,

weight sharing

Output layer Prediction: 24 hours, activation
function: Linear

Training phase parameters

Batch Size 64
Epoch 200

Early Stopping 15
Optimizer Adam

Learning Rate 0.001

Loss Function Weighted mean square
error

Table 3. Comparison of the prediction performance of
different models.

Model MAE MAPE (%)
ARIMA 0.57 ± 0.02 18.52 ± 0.03

SVR 0.52 ± 0.01 16.01 ± 0.02
LSTM 0.44 ± 0.01 13.44 ± 0.005
GCN 0.43 ± 0.02 12.58 ± 0.01

STGCN 0.35 ± 0.01 11.77 ± 0.01
ASTGCN 0.33 ± 0.005 10.98 ± 0.005
AGCRN 0.29 ± 0.01 10.56 ± 0.005

MSG-STGCN (ours) 0.22 ± 0.005 9.75 ± 0.005

networks. All models are tested under identical experi-
mental settings, and results are presented in Table 3. MSG-
STGCN achieves the lowest MAE and MAPE among all
methods. Compared with AGCRN, it reduces MAE by 0.07
and MAPE by 0.81%. Traditional models lack spatial mod-
eling capability, while existing GNNs cannot fully capture
multi-scale spatial semantics and urban POI features. The
results verify the superior accuracy and robustness of our
model for charging demand forecasting.

5.5. Ablation Experiment

We conduct ablation experiments to validate the effec-
tiveness of two core modules: Spatio-Temporal Attention
(STA) and Multi-scale Subgraph Embedding (MSSE). Three
model variants are built: w/o STA, w/o MSSE, and w/o
both modules (degenerated to STGCN). All variants are
tested under the same settings, with results shown in Ta-
ble 4.

Prediction performance degrades after removing any
module. The model suffers the largest accuracy drop when

both modules are eliminated. This demonstrates that multi-
scale subgraph embedding and spatio-temporal attention
jointly enable the model to capture complex spatial and
temporal characteristics, and the two modules are indis-
pensable for improving prediction adaptability and gener-
alization.

Table 4. Experimental Results of model structure ablation
(Xiamen Dataset).

Model structure MAE MAPE (%)
MSG-STGCN 0.22 9.75

w/o STA 0.31 10.85
w/o MSSE 0.28 11.42

w/o MSSE & STA 0.35 11.77

5.6. Discussion

Charging demand forecasting provides practical guidance
for predictive maintenance, resource scheduling and risk
management of charging infrastructures. Benefiting from
multi-scale spatial modeling and heterogeneous data fu-
sion, MSG-STGCN can track dynamic load changes. It
helps identify high-risk stations for preventive mainte-
nance, locate key maintenance areas and optimize resource
allocation, so as to improve infrastructure resilience and
reduce maintenance costs. Specifically, the predicted charg-
ing demand Yt+1 is mapped to the operational stress index
Ri by calculating the ratio of predicted load to the trans-
former station’s rated safety capacity. When Ri exceeds
a critical threshold, the system automatically triggers a
high-risk alert, enabling operators to shift load or dispatch
maintenance crews to inspect aging charging piles before
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actual hardware failures occur.

6. Conclusion

This study presented MSG-STGCN, a maintenance-
oriented spatiotemporal graph learning framework for
charging-demand forecasting in large-scale charging infras-
tructures. By integrating heterogeneous urban information
and adaptive multi-scale spatial perception, the proposed
method effectively captures complex spatial interactions
and temporal demand dynamics, and outperforms main-
stream forecasting models in experiments. The proposed
framework achieved the lowest forecasting errors across all
evaluation metrics and maintained stable performance un-
der peak-demand, holiday, and extreme-weather scenarios.
Beyond forecasting accuracy, the proposed framework pro-
vides actionable information for predictive maintenance
and operational management. Accurate demand predic-
tion enables early identification of overload risks, facilitates
preventive maintenance scheduling, and supports resource
allocation decisions for charging-service operators. De-
spite its effectiveness, the proposed framework has several
limitations. First, the experiments were conducted using
data collected from a single city, which may limit generaliz-
ability to other urban environments. Second, the adaptive
scale-selection strategy currently relies on rule-based trig-
gering conditions derived from domain knowledge. Third,
the proprietary nature of the dataset restricts complete pub-
lic accessibility and independent replication.

Future research will focus on four directions. First,
graph-transformer architectures will be investigated to
further enhance long-range spatiotemporal dependency
modeling. Second, reinforcement-learning-based mainte-
nance decision optimization will be explored to directly
connect forecasting outputs with maintenance scheduling
actions. Third, cross-city transfer-learning strategies will
be developed to improve model generalization across het-
erogeneous urban environments. Finally, online learning
mechanisms will be introduced to support real-time adap-
tation under continuously evolving operational conditions.
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