
Journal of Applied Science and Engineering 34 (2026) 26034052 1

HMGNN: Charging Demand Prediction With Hypergraph-Connected
Multimodal Temporal-Spatial Data Mining

Haixing Guo1, Xiaolong Ren1, Hengbin Si1, Mengting Wang1, Qing Wu1, Xi Chen1, Shuang
Tian1, and Xuan Zhen2*

1State Grid Shaanxi Information and Telecommunication Company, Xi’an, Shaanxi, China
2School of Informatics, Xiamen University, Xiamen, P.R. China
*Corresponding author. E-mail: 30920231154331@stu.xmu.edu.cn

Received: Apr. 20, 2026; Accepted: Jun. 13, 2026

Electric vehicles (EVs) are undergoing rapid expansion, leading to an explosive increase in ownership. This surge,
however, poses unprecedented challenges to power grid operation and charging infrastructure planning. In
particular, accurately forecasting charging demand has become increasingly difficult. Conventional graph-based
or single-modal models often fail to capture the complex and nonlinear nature of charging behaviors because
(1) transportation networks exhibit pronounced spatiotemporal heterogeneity, and (2) charging stations are
characterized by intricate, multi-scale interdependencies. To overcome these limitations, this study introduces a
multimodal hypergraph-based charging demand forecasting framework. The proposed approach constructs
multidimensional spatiotemporal hypergraphs from heterogeneous multimodal data, thereby uncovering
higher-order correlations among charging stations across different spatial and temporal scales. By dynamically
modeling these evolving inter-station relationships, the framework enhances the accuracy of charging demand
prediction and provides a robust analytical foundation for the optimal planning and management of EV
charging infrastructure. Building upon the proposed methodology, this study validates its effectiveness using
a real-world EV charging demand dataset collected from an urban area and further develops an intelligent
charging station operation system. Extensive experiments and ablation analyses demonstrate that the proposed
multimodal hypergraph based framework consistently outperforms unimodal and conventional graph-based
baselines, confirming its superior capability in capturing complex spatiotemporal dependencies and improving
forecasting accuracy.
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1. Introduction

As the global energy transition accelerates, electric vehicles
(EVs), as a core representative of emerging clean-energy
technologies, hold immense potential for reducing carbon
emissions and promoting sustainable mobility[1–3]. How-
ever, large-scale EV charging imposes substantial stress on
power grids, particularly during peak-load periods, lead-
ing to greater peak-to-valley disparities that threaten grid
stability and operational efficiency. Consequently, accu-

rately forecasting charging demand to alleviate grid stress
has become a critical research challenge at the intersection
of smart grid management and artificial intelligence [2, 4].

Despite extensive prior research-such as the develop-
ment of spatiotemporal graph neural network (STGNN)
models [5, 6] and other advanced forecasting techniques-
most existing studies primarily consider common influenc-
ing factors (e.g., charging duration and state of charge [7, 8])
while overlooking the deep spatiotemporal heterogeneity
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inherent in multimodal data. In reality, charging demand
exhibits high complexity across both spatial and temporal
dimensions. Spatially, charging stations in dense urban cen-
ters display markedly different usage patterns from those
in peripheral residential zones, and geographically distant
neighborhoods may still share similar behavioral charac-
teristics[9]. Temporally, charging activity within the same
area varies dynamically across time periods, such as morn-
ing and evening commuting peaks. Moreover, charging
behavior is intricately shaped by multimodal contextual
factors including holidays, unexpected events, and user
mobility habits [10]. Therefore, effectively capturing the
spatiotemporal heterogeneity of charging demand through
comprehensive multimodal spatiotemporal data integra-
tion remains a pressing and unresolved challenge [11, 12].

To address the aforementioned challenges, this study
proposes HMGNN, the first framework that integrates hy-
pergraphs with multimodal spatiotemporal data for elec-
tric vehicle (EV) charging demand forecasting. Specifi-
cally, HMGNN introduces hypergraphs capable of rep-
resenting higher-order relationships among charging sta-
tions, enabling the model to capture the complex spatiotem-
poral heterogeneity underlying charging behaviors. The
proposed method not only leverages historical charging
records but also incorporates multimodal contextual in-
formation, including urban functional zoning attributes
and temporal component similarities. Through this design,
HMGNN constructs a multidimensional spatiotemporal
hypergraph that connects geographically non-adjacent sta-
tions exhibiting similar charging demand patterns, while
also linking stations sharing temporal usage similarities.
This structure guides the model to learn latent demand
dependencies across both spatial and temporal dimensions,
thereby substantially enhancing forecasting accuracy. Fur-
thermore, HMGNN employs an interactive learning algo-
rithm to model complex interdependencies among hyper-
graphs across multiple spatiotemporal scales. The frame-
work focuses on effectively extracting and fusing infor-
mation from hypergraphs that describe different spatial
and temporal granularities. An attention mechanism is
incorporated to capture intricate correlations among these
spatiotemporal hypergraphs, while a gating mechanism
dynamically adjusts the relative importance of each hy-
pergraph dimension across varying operational scenarios.
Through this multi-level interaction, HMGNN adaptively
learns fine-grained spatiotemporal representations, achiev-
ing robust and precise charging demand prediction. The
key contributions of our study can be summarized as:

- We address the challenge of accurately forecasting EV
charging demand under strong spatiotemporal hetero-

geneity and multimodal dependencies, which conven-
tional graph-based

models fail to capture.

- We propose HMGNN, a hypergraph-based multi-
modal spatiotemporal framework that models higher-
order spatial and temporal correlations through hyper-
graph construction, attention-based interaction, and
gating-driven adaptation.

- Experiments on real-world urban charging data show
that HMGNN significantly outperforms unimodal and
traditional graph baselines, validating the effective-
ness of its multimodal and multi-scale design.

2. Related works

With the rapid expansion of spatiotemporal data
dimensionality-such as urban traffic networks compris-
ing millions of nodes and tens of thousands of time steps-
traditional forecasting methods based on differential equa-
tions or statistical models (e.g., ARIMA, VAR) have shown
clear limitations [7]. In contrast, graph neural networks
(GNNs) have emerged as the mainstream paradigm for
spatiotemporal forecasting owing to their strong nonlinear
representation and feature extraction capabilities [13–15].

The Graph Convolutional Network (GCN) models spa-
tial dependencies through adjacency matrices and employs
the graph Laplacian for feature aggregation, effectively han-
dling irregular spatial structures [16, 17]. To further capture
temporal dynamics, Spatio-Temporal Graph Convolutional
Networks (ST-GCN) extend this framework by introducing
two-dimensional convolutional kernels that jointly process
spatial and temporal information [18, 19]. ST-GCN has
demonstrated remarkable performance across domains-for
example, achieving an 18% reduction in MAE compared to
LSTM models in urban traffic prediction [20] and effectively
modeling infection diffusion patterns in epidemic propaga-
tion studies [21]. Similarly, the ST-LSTM model integrates
LSTM’s temporal modeling with GCN’s spatial reasoning,
proving effective for short-term renewable energy power
forecasting [22]. More recently, Attention-Based Spatio-
Temporal Graph Convolutional Networks (ASTGCN) have
further enhanced forecasting accuracy by incorporating
attention mechanisms into spatiotemporal graph convolu-
tions, reducing mean absolute error by 22% compared to
conventional GCNs in traffic prediction tasks [23].

To make the reference scope clearer, the related stud-
ies discussed in this work are organized around four
categories: EV charging demand forecasting, spatiotem-
poral graph learning, hypergraph-based modeling, and
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time-series forecasting. General deep learning and multi-
modal representation studies are cited only when they pro-
vide methodological background for sequence modeling,
attention-based fusion, or multimodal feature representa-
tion used in the proposed framework.

Fig. 1. Framework of HMGNN

3. Methodology

To address spatiotemporal heterogeneity and the limita-
tions of single-modality information, this chapter proposes
a multimodal charging demand forecasting framework that
integrates hypergraph modeling with spatiotemporal de-
composition. In the spatial dimension, the model leverages
the similarity of urban functional zones (e.g., residential,
commercial, and industrial areas) to construct spatial hy-
peredges, capturing intrinsic correlations among charging
stations across diverse regions. In the temporal dimension,
a multi-scale pattern association mechanism is introduced.
By employing wavelet transforms to extract feature simi-
larities at multiple time scales (hourly, daily, weekly), the
model constructs temporal hyperedges that capture inter-
scale dependencies in charging behavior-overcoming the
inability of traditional graph methods to represent non-
geographic temporal relationships. A learnable wavelet
convolutional network further decomposes the charging

demand sequence into trend, periodic, and residual compo-
nents, enabling fine-grained temporal representation learn-
ing. To enhance integration across these decomposed com-
ponents, a Cross-Component Attention (CCA) mechanism
is introduced to facilitate information exchange among tem-
poral features, while a dynamic multi-component fusion
module adaptively adjusts the contribution of each com-
ponent to the final prediction. We elaborate the specific
designs below.

To clarify the overall workflow of HMGNN, the model
pipeline is summarized as follows. Given historical
charging-demand records together with multimodal con-
textual information such as station attributes and POI-
based functional features, HMGNN first segments the
station-level time series into fixed-length temporal win-
dows and decomposes each sequence into periodic, trend,
and event components. It then constructs spatial hyper-
edges from functional similarity among charging stations
and component-specific temporal hyperedges from the de-
composed temporal patterns. The resulting component hy-
pergraphs are processed through hypergraph-based repre-
sentation learning, where cross-component attention mod-
els the interactions among periodic, trend, and event repre-
sentations. Finally, an adaptive fusion module integrates
the learned spatial, temporal, and component-level repre-
sentations to generate the final charging-demand predic-
tion.

To further clarify the role of each modality, HMGNN
uses four complementary information sources. Historical
charging-demand sequences provide the primary forecast-
ing signal and preserve short-term temporal continuity.
POI-based functional features and station attributes de-
scribe the urban context of each station and are used to
construct spatial hyperedges, allowing stations with simi-
lar functions to share information even when they are geo-
graphically distant. The decomposition into periodic, trend,
and event components separates regular cycles, long-term
evolution, and abrupt disturbances, respectively, so that
each temporal pattern can be modeled with a dedicated
component hypergraph. Finally, cross-component atten-
tion and adaptive fusion learn how much each modality
and component should contribute under different scenar-
ios, improving the interpretability and predictive accuracy
of the framework.

3.1. Hypergraph and Node Definition

Charging demand data at electric vehicle (EV) stations ex-
hibits pronounced spatiotemporal heterogeneity. Tradi-
tional graph-based models, which rely on adjacency matri-
ces to describe pairwise spatial relationships, are limited to
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representing geographic proximity or local neighborhood
associations. However, in real-world scenarios, charging
demand is shaped not only by spatial distance but also by
diverse contextual factors such as urban functional zoning,
surrounding Points of Interest (POIs), traffic flow inten-
sity, and user behavioral patterns. For instance, stations
located within the same commercial district or residential
area may exhibit highly similar demand patterns despite
being geographically distant. Likewise, stations that are
spatially separated may still share analogous periodic or
trend patterns during certain time intervals. Furthermore,
even within a single station, charging behaviors can vary
significantly across different time slots of the same day
due to external environmental influences-for example, in-
creased demand during morning and evening rush hours.

Traditional pairwise relationship graphs cannot simulta-
neously capture these multidimensional and higher-order
correlations, necessitating the use of hypergraphs for more
expressive modeling. Unlike conventional graphs that
connect nodes through simple edges, hypergraphs intro-
duce hyperedges capable of linking multiple nodes at once,
thereby representing joint relationships among multiple
stations or time segments. To comprehensively address
the spatiotemporal heterogeneity of charging demand, this
study constructs two primary categories of hyperedges:
spatial hyperedges and temporal hyperedges, which jointly
form the theoretical foundation of the proposed hyper-
graph framework. Building on these categories and the
inherent spatiotemporal characteristics of charging behav-
ior, three specialized hypergraphs are designed:

- Periodic hypergraphs, capturing recurring charging
patterns over regular intervals,

- Trend hypergraphs, modeling long-term variations in
demand, and

- Event hypergraphs, representing transient fluctua-
tions caused by irregular or external factors.

In the initial graph formulation, each node corresponds
to a charging station, whose static properties are repre-
sented by an Ttotal attribute vector. However, static
representation alone cannot reflect temporal variability in
charging demand. For instance, the same station may dis-
play distinct behavioral patterns across different hours of
the day. To capture this dynamic nature, each station’s time
series is segmented into fixed-length temporal windows,
where each sub-sequence is treated as a temporal node.
Specifically, the total time steps for each station are divided
into T sub-sequences of equal length L :

{
vi,t | t = 1, 2, . . . , T

}
(1)

Based on the time-slice extension method, the con-
structed temporal nodes more precisely characterize the
dynamic evolution of charging station behaviors across
different time periods. By connecting these sub-sequences
through temporal hyperedges, the dynamic dependencies
between adjacent time windows are explicitly modeled
within the hypergraph structure. This design enables the
model to capture localized temporal variations and short-
term fluctuations-for instance, the morning and evening
charging peaks at a given station are represented by its
corresponding temporal nodes for those periods. Further-
more, spatiotemporal correlations among multiple stations
within the same day are captured collectively through the
temporal nodes of all stations for that day. Each node’s
attributes are then dynamically adjusted under different
hypergraph configurations to reflect temporal characteris-
tics at multiple scales. The specific feature representations
are as follows:

(1) Component Features: The original charging demand
sequence is decomposed into periodic, trend, and
residual components through temporal decomposi-
tion. Nodes within different hypergraphs are assigned
component-specific features according to the hyper-
graph category-for example, nodes in the periodic hy-
pergraph retain periodic component features, while
those in the trend hypergraph retain trend components.
This ensures that each hypergraph focuses on the corre-
sponding temporal dynamics.

(2) Time Embedding Feature: To incorporate explicit
temporal context, sine-cosine positional encoding is
employed to map the sub-sequence index into a d-
dimensional time embedding vector, allowing the
model to perceive sequential ordering and periodic-
ity. The encoding is defined as:


PE(pos,2i) = sin

(
pos

10000
2i
dt

)
PE(pos,2i+1) = cos

(
pos

10000
2i
dt

) (2)

After defining nodes and their attribute features in a hy-
pergraph, it is necessary to define the superedge structure
representing higher-order relationships among hypergraph
nodes. Superedges are elements in hypergraphs used to
represent higher-order associative relationships among
multiple nodes. While edges in traditional graphs can only
represent relationships between two nodes, superedges
can directly represent collaborative patterns among three
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or more nodes. Their proper construction is crucial for un-
covering complex patterns in data. A superedge is defined
as a set containing any number of nodes with e ⊆ V, and
|e| ≥ 2. For example, a hyperedge may encompass multiple
charging stations within the same time-subsequence nodes,
indicating that these stations share a common load pattern
during that period. Simultaneously, to prevent overfitting
and reduce complexity, the total number of hyperedges
in all hypergraphs is constrained to M, which means the
hyperedges E should satisfy:

|E| = ME = e1, e2, . . . , eM (3)

In hypergraphs, the association matrix expresses the
relationship between hypergraph nodes and hyperedges.
While traditional graph models use adjacency matrices
A ∈ RN×N to represent pairwise relationships between
nodes, hypergraphs employ association matrices to repre-
sent the relationship between nodes and hyperedges. How-
ever, in traditional supergraph association matrices, the
association matrix is defined as an N × M two-dimensional
matrix. Here, N denotes the number of charging stations,
and M denotes the number of superedge types. This
form cannot represent the characteristics of spatiotemporal
data. This study extends it to a three-dimensional ten-
sor H ∈ RN×T×M, where T denotes the number of sub
sequences. Through this three-dimensional association ma-
trix, it is possible to clearly represent which hyperedges
each node belongs to under different time sub-sequences,
thereby fully describing the structure of the hypergraph.

3.2. Series Decomposition and Hypergraph Construction

After completing hypergraph and node definitions, this
study conducted deeper exploration of the raw data
through time series decomposition and component hyper-
graph construction. The core strategy involved decompos-
ing the original spatiotemporal data into three independent
components- periodicity, trend, and events-and construct-
ing hypergraphs for each. This approach aims to capture
data patterns across different time scales while effectively
isolating noise interference from each component, thereby
providing a solid foundation for subsequent precise fore-
casting and analysis.

Raw spatiotemporal data typically contains multiple in-
tertwined patterns of variation across different timescales,
making direct modeling and analysis challenging. The
core idea of time series decomposition is to separate these
complex patterns for individual processing. The periodic
component reflects short-term repetitive patterns in the
data, the trend component captures long-term directional
changes, while the residual component, acting as an event

component, captures sudden anomalous events within the
data. By decomposing the data into these three indepen-
dent components, the characteristics of each component
can be observed and analyzed more clearly, enabling the
construction of a dedicated hypergraph for each compo-
nent. Traditional time series decomposition methods (such
as STL decomposition) can partially separate these com-
ponents but lack adaptive learning capabilities for data
features. This study employs a learnable wavelet convolu-
tional network for time series decomposition. Its core prin-
ciple leverages the multi-resolution analysis properties of
wavelet transforms combined with the powerful learning
capabilities of convolutional neural networks to adaptively
extract three independent components-periodicity, trend,
and events-from raw data. Wavelet transform enables sig-
nal decomposition at multiple scales, making it suitable for
capturing information across different time horizons. Con-
volutional neural networks automatically learn complex
patterns and features within data, enhancing the flexibility
and accuracy of the decomposition process. The learnable
wavelet convolutional network comprises multiple wavelet
convolutional layers. Each layer performs convolution on
the input signal using learnable wavelet filters, achieving
signal decomposition across various scales. Let the input
time series be X = {x1, x2, . . . , xn}, at the 1-th convolution
layer, the initial X(0) = X, and the learnable wavelet filters
be W(l), this operation can be formulated as:

Y(l) = X(l−1) ∗ W(l) (4)

where * denotes the convolution operation. The output
Y(l) is further separated into the approximation compo-
nent A(l) and the detail component D(l). The approxima-
tion component captures low-frequency information and
is used to represent the long-term trend, whereas the de-
tail component captures high-frequency variations related
to periodic fluctuations and event-driven changes. In the
learnable wavelet convolutional network, the wavelet filter
parameters W(l) are optimized through backpropagation,
allowing the decomposition process to adapt to the charac-
teristics of charging-demand data. After multiple wavelet-
convolution layers, the final approximation component is
used as Xtrend , while the detail components from differ-
ent layers are combined to obtain the periodic component
Xperiod and the event component Xevent .

Xperiod =
m

∑
j=1

Reconstruct
(

D(ij) (5)

Xevent = X − Xperiod − Xtrend (6)
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For each component obtained through decomposition,
this study employs distinct similarity measures and con-
struction techniques to build dedicated hypergraphs. The
hyperedges of each component hypergraph comprise spa-
tial hyperedges and component hyperedges. Spatial hy-
peredges are constructed based on POI information from
each station, serving as static prior information appended
to each component hypergraph. Component hyperedges
are constructed based on the temporal information repre-
sented by each component, characterizing data patterns
across different time scales while effectively isolating noise
interference from each component.

For reproducibility, the thresholds used in component
hyperedge construction are selected on the validation set
rather than manually fixed. Specifically, the DTW threshold
for periodic similarity and the trend-similarity threshold
are searched from candidate grids, and the setting with
the lowest validation RMSE is adopted while keeping the
total number of component hyperedges consistent with the
designed value. The spatial hyperedges are determined by
POI-based functional-zone clustering, where the number of
spatial hyperedges is fixed according to the functional-zone
categories of charging stations.

Next, during the construction of spatial hyperedges,
the embedding vector si of each charging station is used
to measure static similarity. This study employs cosine
similarity to effectively capture the similarity of charging
stations across functional zone:

Sij =
si · sj

∥si∥
∥∥∥sj

∥∥∥ (7)

As Sij approaches 1, it indicates that vi and vj are more
similar in functional attributes. In spatial hyperedge parti-
tioning, the k-means clustering algorithm is applied to the
similarity matrix S to divide all charging stations into MS

clusters. Let the clustering results be C1, C2, ..., CMS. Then,
each spatial hyperedge is defined as:

s(S)k = {vi | vi ∈ Ck} , k = 1, 2, . . . , MS (8)

To ensure the total number of hyperedges meets design
requirements, this study sets the total number of hyper-
edges M for each component hypergraph to be:

M = Mc + Ms (9)

Next, we introduce the construction process for each
component hypergraph.

Periodic Hypergraph: The objective of the periodic hy-
pergraph is to capture cyclical similarities among nodes
within short time periods. In charging station demand data,

such periodic patterns may manifest as similar variations
in charging demand occurring during the same time in-
tervals each day. By constructing the periodic component
hypergraph, clusters of charging stations with similar pe-
riodic patterns can be identified, thereby enhancing our
understanding and prediction of demand fluctuations at
these stations. During periodic hypergraph construction,
the Dynamic Time Warping (DTW) algorithm is applied
to each time-series node to calculate similarity between
periodic timeseries nodes. The DTW algorithm handles
scaling and warping of time series along the time axis, en-
abling more accurate measurement of similarity between
two periodic subsequences. Within the periodic patterns
of charging stations, local periodic variations in charging
demand exist, such as during holidays or distinct morn-
ing and evening peak hours. Therefore, it is necessary to
calculate the periodic similarity between different time se-
ries nodes starting from each charging station’s time series
node to construct hyperedges. Given two period temporal
node i and j, their DTW distance is employed to calculate
the distance between sub-sequences:

dij = min
w∈W


√√√√ ∑

(k,l)∈w

(
pi(k)− pj(l)

)2
(10)

Here, W denotes all possible alignment paths, and (k, l)
represents a matching pair within the alignment path W.k
indicates the index of a time point in the subsequence pi,
while l denotes the index of the time point in the subse-
quence pj that aligns with k. When dij falls below the preset
threshold ep, vi and vj are considered to exhibit high simi-
larity in their periodic behavior and are grouped into the
same hyperedge. The construction yields a periodic hy-
peredge set E(P) =

{
e(P)

1 , e(P)
2 , . . . , e(P)

Mc

}
,where Mc denotes

the number of periodic hyperedges. To ensure alignment in
subsequent cross-attention computations, each hypergraph
maintains an identical number of hyperedges.

Notation clarification: for two temporal nodes i and j,
D(i,j) denotes their Dynamic Time Warping distance, and
dij is used interchangeably to represent the same pairwise
periodic-distance value in the subsequent description. A
smaller D (i,j) indicates higher similarity between the pe-
riodic subsequences of the two nodes. The threshold ep-
silon p is selected on the validation set, and two nodes are
assigned to the same periodic hyperedge when D(i, j) <

epsilon p.
Trend Hypergraph: The objective of the trend hyper-

graph is to extract long-term trend information from charg-
ing load data, capturing the consistency of different charg-
ing stations along these trends. Within charging station
demand data, long-term trends may be influenced by fac-
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tors such as urban development and seasonal variations.
By constructing a trend component hypergraph, charging
stations with potentially similar long-term trends can be
identified. During trend hypergraph construction, trend
component data typically exhibits smooth and stable char-
acteristics. To reflect the rate of increase or decrease in
charging demand over long-term trends, this study em-
ploys linear regression to fit the trend component of each
charging station. The resulting slope s serves as the trend
feature, while an exponential decay function to measure
the difference in trend slopes between two stations. The
slope differences form a similarity matrix. Finally, by set-
ting a similarity threshold et, two charging stations are
assigned to the same superedge when their trend similarity
exceeds this threshold. Since trend characteristics mani-
fest over longer time windows when constructing trend
superedges. For each sub-sequence of a charging station,
linear regression is performed on the timeseries nodes to
obtain the trend slope as the overall trend characteristic of
the charging station. Hyperedges are partitioned based on
the similarity of trend features between different charging
stations, assigning all time-series nodes of similar stations
to the same hyperedge. Let the overall trend component of
each charging station be denoted as Ti, and its correspond-
ing time-series nodes be recorded as:

T(t)
i = T(t)

i (1), T(t)
i (2), . . . , T(t)

i (L) (11)

This study employs linear regression fitting on each win-
dow to calculate the trend slope β(t) i within that window,
thereby quantifying the local long-term trend and trend:

T(t)
i (τ) ≈ β

(t)
i τ + c(t)i τ, τ = 1, 2, . . . , L (12)

β
(t)
i =

∑L
τ=1(τ − τ̄)

(
T(t)

i (τ)− T̄(t)
i

)
∑L

τ=1(τ − τ̄)2
(13)

τ̄ =
1
L

L

∑
τ=1

τ, T̄(t)
i =

1
L

L

∑
τ=1

T(t)
i (τ) (14)

Eventually, we get the feature vector of station i :

βi =
[

β
(1)
i , β

(2)
i , . . . , β

(W)
i

]
(15)

Here, W denotes the number of time-series nodes, i.e.,
the total number of sub-sequences. Since longterm trends
within charging stations are typically stable, this study aims
to construct features reflecting the overall station trend
rather than relying solely on local trends within each win-
dow. To achieve this, the study further aggregates the local
trend slopes at each time node within the charging station.
Ultimately, the global trend representation for charging

station i is expressed by a scalar β(i), reflecting the long-
term rate of change for that station throughout the entire
observation period:

βi =
1

W

W

∑
t=1

β
(t)
i (16)

Since trend superedges are constructed at the charg-
ing station level, all temporal subnodes under the same
charging station share identical trend superedge informa-
tion. The construction process is as follows: First, a sim-
ilarity matrix is constructed by calculating the trend sim-
ilarity for all charging stations i and j. Then, the trend
similarity matrix is grouped based on a preset threshold
ϵt, assigning charging stations with similar trends to the
same group. Let the resulting set of trend superedges be:
ET =

{
e(T)1 , e(T),2 , . . . , e(T),Mc

}
, where Mc is the number of

component superedges.

Event Hypergraph: The purpose of constructing an
event component hypergraph is to capture sudden abnor-
mal events in the data. In charging station demand data,
these abnormal events may be caused by special activi-
ties, equipment failures, or other factors. By constructing
an event component hypergraph, fluctuations in charging
demand caused by short-term anomalies or noise can be
captured, isolating the interference of sudden events on
the model. This study employs the K-means clustering
algorithm to partition set V. The objective of the K-means
algorithm is to divide all event subsequences into Mc clus-
ters such that the subsequences within each cluster are as
similar as possible. Its objective function is:

Notation clarification: in the K-means objective used
for event hypergraph construction, cj denotes the centroid
of the j-th event cluster, and each event subsequence is
assigned to the nearest centroid according to Euclidean dis-
tance. This notation is used consistently in the subsequent
optimization and hyperedge assignment steps.

min
C1,...,CMc

Mc

∑
j=1

∑
E∈Cj

∥∥∥E − cj

∥∥∥2
(17)

The component hypergraphs constructed in this sec-
tion are not independent of each other. They collaborate
throughout the model to jointly support final predictions
and analysis. The cyclical component hypergraph pro-
vides information on short-term periodic patterns, the
trend component hypergraph reflects long-term changing
trends, while the event component hypergraph captures
sudden anomalies. The constructed component hyper-
graph will furnish rich structured features for subsequent
cross-attention mechanisms and dynamic gating fusion,
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thereby enhancing the overall model’s performance and
interpretability.

3.3. Cross-Component Attention

After completing the time-series decomposition and con-
structing the component hypergraphs, we examine the
hypergraph structures of the three components: periodic,
trend, and event. However, the information contained
within these component hypergraphs is not isolated; com-
plex interactions and correlations exist between them. For
instance, a sudden anomalous event may influence the
pattern of the periodic component in the short term while
also potentially perturbing the long-term trend component.
Therefore, to fully extract this cross-component informa-
tion and enhance the model’s understanding and predic-
tive capabilities for spatiotemporal data, this study designs
an effective cross-component information interaction algo-
rithm. After constructing the periodic, trend, and event
hypergraphs, we obtained their respective node feature ma-
trices X(c) and corresponding hyperedge structures H(c),
where c ∈ {P, T, E}. Each hypergraph, processed indepen-
dently, effectively captures both local and global relation-
ships within its component. However, information across
different components remains relatively isolated. In real-
ity, these three components are complementary and exert
spatiotemporal contextual influences upon each other. To
address this, this study designs a cross-hyperedge attention
mechanism. This mechanism enables the target component
(e.g., the periodic component) to dynamically acquire com-
plementary information from other components (e.g., the
trend and event components). This process updates its
feature representation, allowing it to dynamically adapt to
spatiotemporal contextual changes across different scenar-
ios. For each component c, the corresponding node feature
matrix X(c) ∈ RN×T×d (where N is the number of charging
stations, T is the number of partitioned temporal nodes,
and d is the feature dimension), along with the hyperedge
association matrix H(c) ∈ RN×T×M (where M denotes the
number of hyperedges), concatenate X(c) and H(c) along
the channel dimension to obtain the concatenated feature
representation:

Notation clarification: c in {P, T, E} indexes the periodic,
trend, and event components, respectively. X(c) denotes
the node feature matrix of component c, H(c) denotes its
hyperedge incidence matrix, N is the number of charging
stations, T is the number of temporal nodes, d is the feature
dimension, and M is the number of hyperedges. These
symbols are used consistently in the following equations
and attention computations.

X(c)
concat = Concat

(
X(c), H(c)

)
∈ RN×T×d0 , d0 = d + M

(18)
For the cross-attention module, the query matrix Q(c) is

calculated as:

Q(c) = X(c)
concat W(c)

Q ∈ RN×T×da (19)

Then, the key matrix K(c) and value matrix V(c) are
calculated as:

K(c′) = X(c′)
concat W(c′)

K ∈ RN×T×da (20)

V(c′) = X(c′)
concat W(c′)

V ∈ RN×T×da (21)

A(c) = softmax

Q(c) ·
(

K̃(others )
)T

√
da

 (22)

For each component c ∈ {P, T, E}, the above cross-
attention layer is applied to obtain the updated component
representation Z(c).

Subsequently, the dynamic gating module adaptively
aggregates information from the periodic, trend, and event
components.

g(c) = σ
(

FC
(

Z(c)
updated

))
∈ RN×T×da (23)

Zfused = ∑
c∈{P,T,E}

g(c) ⊙ Z(c)
updated (24)

In the above equations, c denotes the component type, c
∈ {P, T, E}; Q(c), K(c), and V(c) denote the query, key, and
value matrices of component c, respectively; Z(c) repre-
sents the component representation after cross-component
attention; T′ denotes the target prediction time step; and
Wout denotes the output-layer weight matrix. The final
prediction is compared with the actual charging demand y
using Mean-Square Error (MSE) as the training loss:

L =
1
N

N

∑
i=1

(ŷi − yi)
2 (25)

4. Experiments

This section details the experimental design and analysis
of results. The study utilizes charging order data from
Xiamen City spanning 2022 to 2024. Subsequently, the
paper sequentially introduces the dataset, data cleaning
methods, experimental setup, and the design and analysis
of relevant experiments.
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4.1. Datasets

The primary dataset used in this study "Charging Order
Data," containing every charging order record from all
charging stations between January 2022 and September
2024. Each record comprises 15 fields. These records pro-
vide detailed insights into the usage patterns of charging
stations in the city from 2022 to 2024. The 15 fields in the
dataset comprehensively cover the specifics of each charg-
ing order. The detailed fields and their meanings are listed
in Table 1.

During the data processing phase, the primary task is to
clean and filter redundant data. The raw dataset contained
incomplete charging station information or stations that
did not meet public charging station standards, including
invalid stations, dedicated stations exclusively for public
buses, and private stations. This study focuses on the usage
patterns of publicly accessible charging stations.

Based on predefined screening criteria, stations failing
to meet the requirements were excluded. Ultimately, 170
invalid stations were removed, leaving 544 public stations.
The filtered station data covers all districts of the city, en-
suring regional representativeness and data reliability. Sub-
sequently, the temporal granularity of the data required
conversion processing. After restructuring and saving in a
structured format, this study obtained a dataset integrating
charging demand information at hourly intervals, contain-
ing only valid public charging stations. Each row repre-
sents the total charging demand at a specific time point
for each valid public charging station. Furthermore, to
characterize the spatiotemporal heterogeneity that tran-
scends geographical distance constraints between charging
stations, this study collected functional zoning attributes
for each station’s district. By calling the Map Applica-
tion Programming Interface (API), the study obtained POI
confidence values within a one-kilometer radius of each
charging station, reflecting the functional zoning distribu-
tion within the area. By associating the API-obtained POI
data with the original order data through charging station
IDs and geographic coordinates, this study established the
data foundation for constructing spatial superedges and
overcoming geographical distance constraints.

4.2. Experimental Settings

In this study, the experimental environment was config-
ured as follows. The hardware setup comprised an Intel(R)
Xeon(R) Gold 6148 CPU with 20 cores (1 core utilized for
the main application) and an NVIDIA GeForce RTX 3090
GPU with 24 GB of VRAM.

The main hyperparameter settings are summarized as
follows. The total number of spatial hyperedges corre-

sponds to the functional zones of the charging stations,
totaling 22, while the overall number of hyperedges is set
to 50 , including 28 component hyperedges. The Adam
optimizer was adopted with an initial learning rate of 0.001
. The wavelet convolutional network comprises three lay-
ers (L = 3). The projection dimension of the attention
mechanism was set to 64 , balancing model capacity and
computational cost. Each network layer uses an embedding
dimension of 128, and the model was trained for 100 epochs.
For temporal modeling, the historical input window spans
three consecutive days (72 hours), divided into 12 temporal
sub-sequences based on 6 -hour intervals (T = 12). The
model predicts charging demand for each station over the
subsequent 24 hours. To avoid information leakage in time-
series forecasting, all samples were sorted chronologically
before splitting. The first 80% of the time-ordered samples
were used for model training, and the remaining 20% were
used for testing. A validation subset was further separated
from the tail of the training period for hyperparameter se-
lection and early stopping. The batch size was set to 64,
the early-stopping patience was set to 10 epochs, and the
random seed was fixed to 2024. Unless otherwise specified,
the reported results are averaged over five independent
runs.

Implementation details for reproducibility: the batch
size was set to 64 , the random seed was fixed to 2024, and
early stopping was adopted with a patience of 10 epochs
based on validation performance. Unless otherwise speci-
fied, each experiment was repeated five times with different
random initializations, and the average performance was
reported.

4.3. Main Results

To validate the effectiveness of the hypergraph-based charg-
ing demand prediction method, this paper designs a se-
ries of comparative experiments. The proposed method
focuses on constructing component hypergraphs and in-
teracting with cross-component dynamic information to
fully capture the periodicity, trends, and event character-
istics of charging station demand. It utilizes spatial su-
peredges as static prior supplements to generate global
fusion features for prediction, thereby learning the spa-
tiotemporal heterogeneity of charging station demand. To
verify this design’s effectiveness, this study compares the
proposed method with multiple models, including the
Heterogeneity-Informed Spatiotemporal Meta-Network
(HIMNET), DM-STGCN, GRU, LSTM, Transformer, and
the Propagation Delay-Aware Dynamic Long-Range Trans-
former (PDFormer).

Baseline selection rationale: the comparison set is de-
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Table 1. Charging Order Data Field Details

No. Field Description
1 Order ID ID of the charging order
2 Charging gun ID ID of the charging gun used by the user
3 Charging Pile ID ID of the charging pile to which the charging gun belongs
4 Charging Station ID ID of the charging station to which the charging pile belongs
5 Charging Station Name Name of the charging station on the map

6 Operator ID ID of the enterprise or institution directly responsible
for the overall construction, maintenance,

7 Operator Name Official name or registered brand name of the operator
8 Region Municipal district where the charging station is located

9 Agent Operator ID ID of the third-party agency entrusted by the main operator
to manage the charging station’s daily operations

10 Agent Operator Name Official name or registered brand name of the agent operator
11 harging Duration (hours) Total charging duration for this charging order
12 Start Time Time when the charging order began recording charging activity
13 End Time Time when the charging order concluded charging
14 Charge Amount (kWh) Total electricity consumed during the entire charging process
15 End Time Time when the charging order concluded charging

signed to cover representative forecasting paradigms, in-
cluding recurrent sequence models (GRU and LSTM), a
vanilla global self-attention model (Transformer), a recent
long-range spatiotemporal Transformer (PDFormer), and
advanced graph-based spatiotemporal predictors (HIM-
NET and DM-STGCN). This combination allows us to eval-
uate whether the gains of HMGNN come from multimodal
fusion alone or from the joint modeling of higher-order
hypergraph relations and decomposed temporal dynam-
ics. Because publicly available hypergraph forecasting
baselines tailored to station-level EV charging demand
with multimodal contextual inputs are still limited, we
strengthen the discussion against strong Transformer-based
and graph-based competitors in the revised manuscript.

We use the standard RMSE, MAPE and MAE as evalua-
tion metrics. The compared results are shown in Table 2.

Table 2. Results of Compared Methods

Model RMSE MAPE MAE
HIMNET 3.426 39.45% 2.391

DM-STGCN 3.615 43.81% 2.557
GRU 5.693 44.45% 3.032
LSTM 5.801 47.11% 3.144

Transformer 6.823 53.85% 3.865
PDFormer 3.557 41.83% 2.457

Our Method 3.253 36.53% 2.197

Based on experimental results, the proposed model
demonstrates high predictive accuracy across all metrics.
Specifically, the model achieves an RMSE of only 3.253 ,
the lowest among all models. This indicates that the hy-
pergraph construction module effectively uncovers com-
plex higher-order relationships among multi-source data,

accurately captures data trend changes, reduces model pre-
diction bias, and minimizes the mean squared error be-
tween predicted and actual values. Other models, such as
HIMNET, exhibit limitations in handling the complex spa-
tiotemporal relationships within this dataset. DM-STGCN
is influenced by the quality of feature data, resulting in
an incomplete characterization of charging demand. GRU
and LSTM models, overly focused on time series, fail to
adequately mine spatial and other information. Transform-
ers, emphasizing global features, struggle to capture local
information effectively, leading to suboptimal prediction
performance. However, the proposed model shows rela-
tively minor improvements in RMSE compared to other
metrics, suggesting it may be more susceptible to data
noise. In noisy scenarios, the hypergraph construction
process may be disrupted, causing the model to extract
biased data relationships and resulting in reduced stability
under noisy conditions. Regarding MAPE, the proposed
model achieves significantly reduced errors. Compared to
advanced models

Compared with HIMNET, DM-STGCN, and PDFormer,
the proposed model reduces RMSE by 2.92%, 7.28%, and
5.3%, respectively, demonstrating its advantage in cap-
turing complex spatiotemporal dynamics at charging sta-
tions. The lower errors indicate that component-wise de-
composition helps separate periodic, trend, and event-
driven patterns, while hypergraph modeling further cap-
tures higher-order spatial and temporal correlations. In
contrast, DM-STGCN has limited ability to distinguish
component-specific temporal patterns, and PDFormer, al-
though effective for spatiotemporal fusion, remains con-
strained in modeling higher-order station relationships. On
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the MAE metric, HMGNN achieves an error of 2.197 , re-
ducing the absolute deviation by 0.835 and 0.947 compared
with GRU and LSTM, respectively. These results verify the
effectiveness of combining temporal decomposition, com-
ponent hypergraphs, and cross-component interaction for
charging-demand forecasting.

4.4. Parameter Analysis

To thoroughly investigate the impact of key hyperparame-
ters on the performance of the proposed charging demand
forecasting model and to validate its robustness and stabil-
ity under different parameter settings, a series of parameter
experiments were designed. These experiments primarily
focused on two aspects: the configuration of the total num-
ber of hyperedges M and the number of learnable layers L
in the convolutional network. Through systematic parame-
ter sensitivity experiments, this study aims to assess how
different parameters influence model performance.

First, regarding the setting of the total hyperedge count
M, this parameter influences the model’s ability to capture
higher-order spatio-temporal relationships within the data.
Since the hyperedge count in this model comprises dy-
namic component hyperedges Mc and spatial hyperedges
Ms, Ms is fixed at 22 based on the number of functional
zone codes for charging stations. Mc values of 20, 28, and
36 were tested experimentally, yielding the following re-
sults:

Table 3. Performance Under Different Hyperedge
Numbers

SuperEdge Number RMSE MAPE MAE
Mc = 20 3.521 39.12% 2.456
Mc = 28 3.253 36.53% 2.197
Mc = 36 3.311 37.20% 2.240

To thoroughly investigate the impact of key hyperpa-
rameters on the performance of the proposed charging
demand forecasting model and to validate its robustness
and stability under different parameter settings, a series of
parameter experiments were designed. These experiments
primarily focused on two aspects: the configuration of the
total number of hyperedges M and the number of learnable
layers L in the convolutional network. Through systematic
parameter sensitivity experiments, this study aims to assess
how different parameters influence model performance.

First, regarding the total hyperedge count M, the results
indicate that when Mc = 28, the model achieves the lowest
values across RMSE, MAPE, and MAE metrics. This sug-
gests an optimal ratio between dynamic and spatial hyper-
edges at this setting, effectively balancing the integration of
temporal dynamic information and static prior knowledge.

Conversely, at Mc = 20, the limited number of dynamic
hyperedges restricts the model’s ability to capture intricate
dynamic relationships. The relatively simple hypergraph
structure fails to fully extract complex patterns within the
data. In the charging demand forecasting scenario, this
limitation impairs the model’s capacity to identify subtle
variations across different time scales and express certain
critical higher-order interactions, thereby increasing the dis-
crepancy between predicted and actual values. At Mc = 36,
while the model captures more granular dynamic relation-
ships, the excessive number of hyperedges introduces re-
dundant information and noise. This reduces the model’s
generalization capability, leading to a slight deterioration
in predictive performance.

Secondly, in experiments with learnable L layers for the
wavelet convolutional network, structures with fewer than
2 layers are typically too simplistic to adequately capture
subtle variations in complex time-series data. Conversely,
structures exceeding 4 layers tend to introduce noise, in-
crease model parameters and training time, thereby elevat-
ing the risk of overfitting. Therefore, this study compares
the performance of 2-layer, 3-layer, and 4-layer architec-
tures. Increasing the number of layers in a wavelet network
enables finer decomposition of data, separating more com-
ponents across different frequencies. Shallower networks
may only distinguish between high- and low-frequency
information, while deeper networks can further subdivide
these components, allowing the model to capture more
subtle variations. Simultaneously, wavelet networks with
varying layer counts capture features across different tem-
poral scales. As layers increase, the model acquires mul-
tiscale information from short to long cycles, enabling a
more comprehensive understanding of charging demand
patterns. The results of the parameter experiments are
shown in Table 4.

Table 4. Performance Under Different Wavelet Network
Layers

Layer Number RMSE MAPE MAE
L = 2 3.618 40.27% 2.539
L = 3 3.253 36.53% 2.197
L = 4 3.286 36.61% 2.131

5. Conclusion

This study proposed HMGNN, a multimodal spatiotempo-
ral charging demand forecasting framework that integrates
hypergraph modeling with temporal decomposition to ad-
dress the inherent heterogeneity of electric vehicle (EV)
charging data. By constructing spatial and temporal hyper-
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edges to capture higher-order correlations among charging
stations and employing waveletbased temporal decomposi-
tion with cross-component attention, the model effectively
learns complex dependencies across multiple scales. Ex-
tensive experiments on real-world urban charging datasets
demonstrated that HMGNN consistently outperforms uni-
modal and traditional graph-based baselines in both fore-
casting accuracy and stability. The results confirm the effec-
tiveness of combining hypergraph representation learning
and multimodal information fusion for modeling dynamic,
nonlinear charging behaviors.

This work provides a new perspective for fine-grained,
data-driven planning and management of EV charging
infrastructure, contributing to the advancement of smart
grid intelligence and sustainable energy systems. In practi-
cal deployment, more accurate station-level demand fore-
casts can support charging-station maintenance scheduling,
peak-load management, transformer and feeder capacity
planning, and dynamic allocation of charging resources
across urban functional zones. Such forecasts can also
help operators identify stations that may experience de-
mand surges and coordinate charging services with grid
operation requirements. Future research will explore adap-
tive hypergraph evolution mechanisms, cross-city transfer
learning, and integration with real-time grid operation data
to further enhance scalability and generalization in practi-
cal applications.
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