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Abstract

Accurate traffic flow prediction is pivotal for intelligent transportation systems; yet, existing
spatial-temporal graph neural networks (STGNNs) struggle to jointly capture the long-term
structural stability, short-term dynamics, and multi-scale temporal patterns of road net-
works. To address these shortcomings, we propose FISTGCN, a Frequency-Aware Interactive
Spatial-Temporal Graph Convolutional Network. FISTGCN enriches raw traffic flow features
with learnable spatial and temporal embeddings, thereby providing comprehensive spatial-
temporal representations for subsequent modeling. Specifically, it utilizes an interactive
dynamic graph convolutional block that generates a time-evolving fused adjacency matrix by
combining adaptive and dynamic adjacency matrices. It then applies dual sparse graph con-
volutions with cross-scale interactions to capture multi-scale spatial dependencies. The gated
spectral block projects the input features into the frequency domain and adaptively separates
low- and high-frequency components using a learnable threshold. It then employs learnable
filters to extract features from different frequency bands and adopts a gating mechanism to
adaptively fuse low- and high-frequency information, thereby dynamically highlighting short-
term fluctuations or long-term trends. Extensive experiments on four benchmark datasets
demonstrate that FISTGCN delivers state-of-the-art predictive accuracy while maintaining
competitive computational efficiency.

Keywords: traffic prediction; spatial-temporal fusion; frequency domain; multi-scale interaction

1. Introduction
With accelerating urbanization and the large-scale deployment of intelligent transporta-

tion systems (ITSs), traffic flow prediction has become a critical technological foundation
for urban traffic management and scheduling. By analyzing and modeling historical traffic
data, accurately forecasting future traffic conditions can help alleviate congestion, optimize
signal timing, improve road efficiency, and provide scientific support for public travel and
decision-making in traffic management [1]. In practical applications, traffic flow data are
continuously collected by diverse sensors deployed throughout road networks (e.g., cameras,
GPS), forming high-dimensional time series with complex spatial-temporal dependencies.
Influenced by road topology, participant behavior, weather, and unexpected incidents, traffic
data exhibit pronounced nonlinearity, non-stationarity, and dynamic correlations, posing
significant challenges to high precision modeling and forecasting [2]. For instance, traffic
flow varies significantly at different times of the day, with peak hours causing abrupt high-
frequency fluctuations. Furthermore, events such as accidents or road closures lead to sudden
disruptions, further intensifying the dynamic nature of traffic data.
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Traditional traffic flow-prediction methods, such as Auto-Regressive Integrated Moving
Average (ARIMA) [3] and Kalman Filtering (KF) [4], are limited in handling heterogeneous
temporal patterns and spatial dependencies inherent in traffic flow data. These models are
designed for linear, stationary time series, making them unsuitable for modeling the non-
linear and non-stationary nature of traffic flow, which includes periodic traffic variations and
sudden fluctuations. Moreover, they do not capture spatial dependencies between sensors in
the network, which are crucial for accurate prediction [5]. While effective for certain simple
temporal relationships, these models are limited in their ability to handle heterogeneous
temporal patterns and complex spatial dependencies inherent in traffic flow series. With
the rapid advances in deep learning, data-driven approaches—owing to their powerful
feature-extraction and modeling capacities—have become mainstream in traffic-prediction
research. Temporally, recurrent neural networks (RNNs) [6] and their variants, such as long
short-term memory (LSTM) [7] and gated recurrent units (GRU) [8], have demonstrated
effectiveness in modeling dynamic temporal dependencies. Spatially, convolutional neural
networks (CNNs) are adept at extracting local features on regular grids. However, real-world
road networks are typically non-Euclidean, which inherently limits grid-based CNNs [9] in
capturing complex spatial dependencies. To overcome this, research has shifted towards
spatial-temporal graph neural networks (STGNNs) [10–12], which integrate GNN-based
spatial modules with temporal modeling modules such as RNNs or temporal convolutional
networks (TCNs), enabling joint modeling of traffic spatial-temporal patterns. Despite their
progress in predictive accuracy, several challenges remain.

Spatially, existing Spatial-Temporal Graph Neural Networks (STGNNs) rely on ad-
jacency matrices to express spatial dependencies among nodes in traffic networks. Main-
stream construction approaches include predefined graphs, adaptive graphs, and dynamic
graphs. Predefined graphs, which are constructed based on geographic distances or node
similarity, often introduce structural bias. This bias arises when topological information or
domain knowledge is insufficient, leading to inaccurate representations of spatial depen-
dencies in traffic networks. Additionally, predefined graphs fail to adapt to the dynamic
nature of traffic conditions [13,14], limiting their ability to capture real-time changes in
traffic flows caused by factors such as accidents, construction, or weather events. Adaptive
graphs [15,16], on the other hand, learn spatial dependencies directly from data, which
allows them to uncover hidden connectivity patterns. However, they still face significant
limitations. While they are more flexible, these graphs are typically static during the test-
ing phase, which means they do not adapt to evolving traffic conditions. This restricts
their ability to capture sudden shifts in spatial dependencies, ultimately reducing their
effectiveness in dynamic environments.

In recent years, dynamic graph methods that generate adjacency matrices from real-
time data have emerged [17–19], enabling models to dynamically adapt spatial structures
based on real-time traffic conditions and thereby more precisely model time-varying node
relationships. Nevertheless, most dynamic graph methods only address single-structure
assumptions, lacking sufficient consideration for balancing the long-term structural stability
of traffic networks and their short-term dynamic variations. As illustrated in Figure 1, while
traffic networks remain relatively stable over the long term, their spatial dependencies can
exhibit significant temporal fluctuations due to factors such as traffic volume and weather.
Additionally, traffic networks inherently possess multi-scale spatial dependencies, and
current GNN-based methods often fall short in effectively integrating interactions across
different spatial scales.
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Figure 1. Traffic flow for Nodes 4, 5, and 6 in the PeMS08 dataset over two consecutive days. The main
plots show that spatial correlations among nodes remain generally stable over long periods, while both
spatial and temporal dimensions exhibit pronounced short-term fluctuations. Off-peak hours are domi-
nated by high-frequency variations, whereas peak and valley periods are characterized by rapid increases
and decreases in flow, respectively. Insets display representative segments, comparing the original series
with its smoothed trend component to highlight long-term patterns and short-term fluctuations.

Temporally, traffic flow data generally exhibit complex and highly heterogeneous
temporal characteristics. This heterogeneity is manifested in both long-term periodic trends
(e.g., rush hours, weekday-weekend differences) and high-frequency fluctuations caused
by incidents or weather. As illustrated in Figure 1, traffic flow varies significantly at
different times of the day, with peak hours causing abrupt high-frequency fluctuations.
Furthermore, events such as accidents or road closures lead to sudden disruptions, further
intensifying the dynamic nature of traffic data. Traffic signals essentially represent a
nonlinear superposition of trends and short-term fluctuations, with significant interactions
among their components and dynamic shifts in their relative dominance depending on
time and conditions. For example, in cases of severe congestion or accidents, sudden
events become the dominant factors, whereas under normal conditions, periodic and trend
factors play a leading role. However, prevailing approaches mostly use a single unified
structure [20–22], treating all temporal information uniformly and neglecting the essential
differences among temporal scales and their dynamic evolution. This not only limits the
ability to represent multi-scale dependencies, but also obscures the dominant role of short-
term disturbances versus long-term trends at different times, thus constraining predictive
performance in complex, dynamic scenarios.

The objective of this research is to propose a novel Frequency-Aware and Interactive
Spatial-Temporal Graph Convolutional Network (FISTGCN) that addresses the limitations
of current STGNNs by simultaneously capturing dynamic spatial dependencies, multi-scale
temporal features, and incorporating frequency-domain analysis to separate long-term trends
and short-term fluctuations. Specifically, during the embedding stage, a gating mechanism
integrates raw traffic signals with temporal and spatial embeddings, thereby providing
richer representations for subsequent spatial-temporal modeling tasks. One of the main
challenges with conventional graph convolutional models is their inability to capture both
long-term stability and short-term dynamics simultaneously, while also handling complex
multi-scale spatial interactions. To overcome this, we introduce a dynamic adjacency matrix
generation method combined with a spatial interaction mechanism. By incorporating both
static structural attributes and time-varying features, we construct a time-evolving fused
adjacency matrix that effectively models spatial dependencies that change over time. Our
architecture employs a dual-layer graph convolution scheme. In the first layer, dynamic spatial
edges are partitioned based on their sparsity levels. This is followed by two separate graph
convolutions that capture spatial dependencies at different scales. The cross-scale interaction
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mechanism between these layers not only strengthens the capture of deep spatial correlations
but also creates a positive feedback loop, which facilitates efficient information exchange and
enhances the mutual reinforcement of spatial features.

Furthermore, to tackle the challenge of separating and integrating multi-scale tem-
poral features in traffic data, FISTGCN introduces a frequency-domain modeling strategy.
By applying the Fast Fourier Transform (FFT) to project original time series into the fre-
quency domain and employing learnable thresholds for adaptive separation of low- and
high-frequency components, we introduce learnable filters to extract features from dif-
ferent frequency bands. This enables layered modeling of short-term fluctuations and
long-term trends. Finally, a gated fusion unit dynamically integrates features from dif-
ferent frequencies, adaptively adjusting the weight of trends and fluctuations over time.
This design significantly enhances the model’s adaptability to dynamic shifts in dominant
components and improves its performance in representing and predicting heterogeneous,
diverse temporal scenarios. In summary, our main contributions are as follows:

1. In the spatial dimension, we propose a dynamic adjacency matrix generation method
that integrates both adaptive and dynamic matrices, together with a spatial interaction
mechanism. Leveraging a dual-layer graph convolutional structure with varying
sparsity, our approach models complex, multi-scale spatial dependencies and enable
positive feedback learning for multi-scale interactions.

2. In the temporal dimension, we design a Gated Spectral Block (GSB) to uncover
multi-scale temporal features and dynamically switch between dominant compo-
nents. Leveraging FFT-based spectral decomposition and learnable filters, our module
enables adaptive separation, deep feature extraction, and gated fusion of low- and
high-frequency components, capturing the intricate interplay between trends and
fluctuations.

3. We conduct extensive experiments on four widely-used real-world traffic datasets.
Results demonstrate that FISTGCN achieves superior predictive performance while
maintaining competitive computational efficiency.

The rest of this paper is organized as follows. In Section 2, we review related
works in the field of traffic flow prediction and spatial-temporal graph neural networks.
Section 3 presents the problem formulation and introduces a frequency-aware and interac-
tive spatial-temporal graph convolutional network for traffic flow forecasting. In Section 4,
we conduct experiments on real-world datasets and compare the prediction performance
with several existing methods. The discussion of the results is presented in Section 5.
Finally, Section 6 concludes the paper and outlines promising directions for future research.

2. Related Works
2.1. Traffic Flow Prediction

Early research on traffic flow prediction primarily relied on statistical approaches such
as historical averages (HA) [23], ARIMA, and vector autoregressive (VAR) [24]. While
these methods offer certain advantages in handling time series data, they are fundamen-
tally based on linearity assumptions and thus struggle to capture the complex nonlinear
patterns inherent in traffic flow data. To overcome these limitations, various traditional ma-
chine learning methods have been progressively introduced into the traffic flow-prediction
domain. These approaches better model the nonlinear relationships in data, thereby im-
proving both accuracy and robustness. Typical examples include support vector regression
(SVR) [25] and k-nearest neighbors (KNN) [26], which predict future traffic flow by learn-
ing data distributions and patterns. However, conventional machine learning methods
generally rely on manual feature selection and construction, a process that is not only
time-consuming but may also restrict the generalizability of the models.
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2.2. Graph Convolution Network

In recent years, deep learning-based methods have made remarkable progress in traffic
flow prediction, owing to their capabilities for automatic feature extraction and efficient
representation learning. Compared with traditional machine learning models, deep learn-
ing frameworks can more effectively capture the complex spatial-temporal dependencies in
traffic data and substantially reduce reliance on manual feature engineering. Early studies
often combined CNNs with RNNs or LSTMs to jointly extract spatial-temporal features
from traffic data. CNNs, with their local receptive field mechanism, excel at capturing
spatial dependencies among adjacent road segments; however, their local convolution op-
erations limit their capacity to model long-range spatial dependencies. RNNs and LSTMs,
while suitable for modeling dynamic temporal dependencies, are prone to issues such
as vanishing gradients and difficulty in learning long-term dependencies, resulting in
diminished performance on long-range sequence modeling tasks. Therefore, conventional
deep models that integrate CNNs and RNNs still face challenges in predicting traffic flow
over long horizons and in scenarios with complex spatial relationships.

To address these issues, graph neural networks (GNNs) have been widely adopted for
traffic flow prediction in recent years. Leveraging their strengths in modeling non-Euclidean
data, GNNs effectively capture spatial dependencies among nodes and propagate information
through graph convolution operations. For example, Yu et al. proposed STGCN [13], com-
bining temporal and spatial convolutions to capture spatial-temporal correlations in traffic
data. This model applies 1D convolution for temporal modeling and employs the Chebyshev
graph convolution network (ChebNet) for spatial modeling, thereby effectively extracting
spatial-temporal features. STSGCN [27] employs graph convolution to capture spatial infor-
mation related to each node while simultaneously modeling temporal dependencies, thus
directly capturing heterogeneity in local spatial-temporal graphs and significantly improving
predictive accuracy. DCRNN [14] models spatial correlations in traffic data as a diffusion
process on directed graphs and replaces the original GRU’s linear layers with GCNs to further
enhance the modeling of spatial-temporal dependencies.

However, early STGNN models such as STGCN and DCRNN rely on predefined
graph structures, which limit their capacity to capture potential latent spatial dependencies
within traffic networks. To overcome this, researchers have introduced methods based on
learnable adaptive adjacency matrices. For instance, Graph WaveNet [15] and AGCRN [16]
dynamically learn and update the graph structure during training, thereby more effectively
capturing hidden spatial correlations. Nonetheless, these adaptive adjacency matrices
typically remain fixed after training, rendering them incapable of adapting to dynamic
changes during inference. To address this limitation, several data-driven dynamic graph
generation methods have been developed, which generate dynamic graph structures based
on the input traffic data. For example, STDE-DGCN [28] constructs dynamically weighted
adjacency matrices by fusing similarity and distance graphs via Gaussian kernels, thereby
effectively capturing the dynamic spatial-temporal correlations among sensors and improv-
ing GCN performance. Subsequent works, such as ADCT-Net [29], DDSTGCN [30], and
GDGCN [31], further investigate the dynamics of spatial graphs by adopting various ap-
proaches to model dynamic relationships, emphasizing the critical importance of capturing
time-varying spatial relationships for achieving accurate traffic flow prediction.

In addition to GCN-based models, attention-based graph modeling approaches have
also demonstrated outstanding performance and have been widely applied to traffic flow
forecasting. For instance, DSAN-ST [32] addresses spatial and temporal dependencies
using a multi-spatial attention (MSA) mechanism and a dynamic attention encoder (DAE),
where MSA separates spatial features and captures key relationships, and DAE dynami-
cally extracts temporal information relevant to the target location. Bi-STAT [33] leverages
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an adaptive transformer to model both spatial and temporal dependencies. GMAN [34]
employs a pure attention mechanism to independently capture spatial-temporal corre-
lations from both temporal and spatial perspectives. PDFormer [35] uses two masking
matrices to obtain spatial dependencies for both short-term and long-term views, introduc-
ing propagation delay awareness into the attention design and achieving notable results.
ProSTformer [36] proposes a progressive spatial-temporal self-attention mechanism with a
parallel transformer architecture to jointly fuse spatial-temporal features, further enhancing
predictive performance.

As shown in Table 1, we categorize the representative STGNNs based on their graph
relation states outlined in the related work and detail the methods employed in their spatial
and temporal modules. Despite the significant progress made by existing models, they are
either constrained by static graph structures or neglect the interaction of multi-scale spatial
features, typically focusing on spatial characteristics at a single scale. Moreover, in terms of
temporal modeling, these models do not explicitly differentiate between high-frequency
and low-frequency components for multi-scale modeling. To address these issues, this pa-
per proposes a new frequency-aware and interactive spatial-temporal graph convolutional
network, aiming to more effectively capture dynamic spatio-temporal correlations and fill
the gap in existing models in this regard.

Table 1. Classification We have reviewed the tables and confirm the removal of vertical lines as per
the guidelines. Thank you! of spatial-temporal modeling methods.

Model Temporal Module Spatial Module Graph Relations

STGCN CNN GNN Static
STSGCN GCN GCN Static
DCRNN RNN GNN Static
GraphWaveNet TCN GCN Static
AGCRN RNN GCN Static
STDE-DGCN CNN GCN Static
ADCT-Net Attention GCN Static

DDSTGCN TCN GCN Dynamic
GDGCN TGCN GCN Dynamic
Bi-STAT Attention Attention Dynamic
GMAN Attention Attention Dynamic
PDFormer Attention Attention Dynamic

DSAN-ST Attention Attention None
ProSTformer Attention CNN None

3. Notations, Definitions and Preliminaries
The notation commonly used throughout this paper is summarized in Table 2.

3.1. Problem Statement

Traffic flow forecasting aims to predict future traffic states by utilizing historical data
together with the spatial structure of road networks. Specifically, a set of N sensor nodes
deployed across the road network records traffic flow measurements over the past T time
intervals, aggregated as X = [x1, x2, . . . , xT ] ∈ RT×N×C, where xt ∈ RN×C denotes the
sensor observations at time t, and each measurement contains C = 1 channel representing
traffic flow. At the same time, the road system is represented as a graph G = (V , E , A), in
which V denotes the set of sensor nodes, E denotes the set of edges between nodes, and
A ∈ RN×N is a learnable adjacency matrix.



Appl. Sci. 2025, 15, 11254 7 of 21

Table 2. Frequently used notations.

Notations Definitions

G The traffic spatial graph.
V The researched road segments sensors set.
N Number of sensor nodes.
E The connectivity among road sensors.
C The traffic features dimension.
A The adjacency matrix of the network G.
T The number of input historical steps.
T′ The number of output predictable steps.
D The corresponding degree matrix of the adjacency matrix.
∆ The normalized Laplacian matrix.

PE The position embedding of positions in the series.
E1, E2 The learnable node embedding.

d The hidden dimension.
a The feature dimensions of learnable node embedding.
L Number of layers in the spatial-temporal encoder.
f The traffic flow-prediction function.

The forecasting task is thus formalized as predicting future traffic flow states based on
both the previous T time steps of traffic data and a road graph G. This can be mathematically
formulated as learning a function f that maps the combined input of historical observations
and the road graph G to the traffic flow at the subsequent T′ time steps:

[X(t−T):t,G]
f−→ X(t+1):(t+T′) (1)

3.2. Preliminaries: Fast Fourier Transform

The Fourier Transform is a classical mathematical technique that converts a signal
from its original time domain to the frequency domain, thereby enabling the decomposition
of a complex signal into sinusoidal components at different frequencies. For a continuous
signal X(t), the Fourier Transform is defined as follows:

X f = F (X) =
∫ ∞

−∞
X(t)e−j2π f tdt (2)

where F (·) denotes the Fourier Transform operator, and X f represents the signal in the
frequency domain. Correspondingly, the Inverse Fourier Transform provides a mechanism
to reconstruct the original time-domain signal from its frequency-domain representation.
The inverse operation is defined as follows:

X(t) = F−1(X f ) =
∫ ∞

−∞
X f ( f )ej2π f td f (3)

where F−1(·) denotes the Inverse Fourier Transform operator.
In practical deep learning applications, especially for discrete time-series data, the

Discrete Fourier Transform and its inverse are usually employed. These transformations
allow for the analysis and manipulation of sequential signals in the frequency domain,
making it possible to extract periodicity, distinguish high-frequency fluctuations, and
recover the processed features back to the temporal domain for further modeling.
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4. Methodology
The overall architecture of FISTGCN is illustrated in Figure 2. After the gated embed-

ding layer aggregates the traffic flow data with spatial and temporal embeddings, multiple
spatial-temporal encoder layers are employed to extract spatial-temporal patterns, which
are then passed to the output layer for final prediction. The detailed implementation of
each module will be comprehensively introduced in the following subsections.

Figure 2. The overall architecture of the FISTGCN, which contains L identical layers.

4.1. Gated Embedding Layer

The gated embedding is responsible for integrating various types of initial traffic
information by introducing spatial and temporal embeddings and subsequently reducing
redundancy through the gating mechanism, thereby enhancing the model’s ability to
capture spatial-temporal features of traffic data. First, the spatial embedding learns the
structural correlations among nodes within the road network by employing the graph
Laplacian matrix, thereby characterizing the spatial coupling of traffic flow across different
nodes. Specifically, we first compute the normalized Laplacian matrix as follows:

∆ = I − D− 1
2 AD− 1

2 , (4)

where A denotes the adjacency matrix, and D represents the degree matrix. Next, we
perform eigenvalue decomposition, ∆ = UΛUT . The spatial graph Laplacian embedding,
Espe ∈ RN×dst , is obtained by selecting the k eigenvectors in U associated with the smallest
non-trivial eigenvalues in Λ, followed by a linear projection to preserve the global structure
of the graph.

Next, the temporal embedding emphasizes the periodic and trend-based characteristics
inherent in traffic data. On a weekly scale, traffic flow patterns show noticeable differences
between weekdays and weekends. On a daily scale, traffic flow typically exhibits significant
peaks during morning and evening rush hours, while remaining relatively stable during off-
peak periods. We construct two matrices representing weekly and daily periodicities, denoted
as Ew(t) and Ed(t), where the functions w(t) and d(t) map the timestamp t to weekly indices
(1 to 7) and minute indices (1 to 1440), respectively. After applying linear transformations to
Ew(t) and Ed(t), the temporal periodic embeddings Ep ∈ RT×dst are generated.
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Finally, the raw traffic flow input X is transformed into E f via a linear layer and com-
bined with spatial-temporal embeddings. Subsequently, a gating mechanism is employed to
integrate multi-dimensional spatial-temporal information, thereby enhancing the model’s
capacity to effectively represent complex traffic patterns. The resulting representation
Xe ∈ RT×N×d, where d = d f + dst, is computed as follows:

X f us = ⊕(E f , (Espe + Ep)), (5)

Xe = Conv(σ(Conv(X f us))⊙ GELU(Conv(X f us))), (6)

Xe = Xe + PE(Xe), (7)

where Conv denotes 1 × 1 convolution, PE represents temporal positional encoding, ⊕
denotes the concatenation operation, σ is the sigmoid activation function, and ⊙ denotes
the Hadamard product, which refers to an element-wise multiplication of two matrices
of the same dimensions, where each element in the resulting matrix is the product of the
corresponding elements in the original matrices.

4.2. Spatial-Temporal Encoder Layer

The spatial-temporal encoder layer primarily consists of two components: an interac-
tive dynamic graph convolutional block for spatial features and a gated spectral block for
temporal features.

4.2.1. Interactive Dynamic Graph Convolutional Block

We design an Interactive Dynamic Graph Convolutional Block (IDGCB) as the spatial
modeling module, which constructs a dynamically adjacency matrix by integrating adaptive
and dynamic adjacency matrices, thereby enabling dynamic modeling of compound spatial
dependencies and supporting the interactive extraction of multi-scale spatial features to
further uncover deeper spatial correlations.

Dynamic Graph Convolution

Considering that traffic networks exhibit structural stability in the long term but are
affected by external disturbances such as traffic volume and weather in the short term, the
spatial relationships between nodes exhibit significant time-varying. To address this, we
construct a time-evolving, dynamically fused adjacency matrix that balances the long-term
stability and short-term dynamics of the traffic network. The static attributes of each node
(e.g., type, points of interest (POIs)) are encoded as high-dimensional vectors E1 ∈ RN×a

and E2 ∈ RN×a, serving as adaptive embeddings to represent the basic spatial features
of the nodes. In addition, dynamic traffic signals are integrated with spatial-temporal
embeddings to form Xe, which characterizes the real-time state of each node. Subsequently,
by computing the similarity between node representations, we generate the adaptive
adjacency matrix and the dynamic adjacency matrix separately, as defined below:

Aa,ij =
exp(E1,iE⊤

2,j)

∑N
j=1 exp(E1,iE⊤

2,j)
(8)

Ah,ij =
exp(Xe,iX⊤

e,j)

∑N
j=1 exp(Xe,iX⊤

e,j)
(9)

where i denotes the row index. The resulting two adjacency matrices, Aa ∈ RN×N and
Ah ∈ RN×N , represent the spatial associations between nodes from the perspectives of long-
term structural stability and short-term dynamics, respectively. To integrate information
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from both matrices, we concatenate them and apply a fully connected layer to obtain the
final dynamically fused adjacency matrix:

A f = ⊕(Aa, Ah)WF (10)

Based on this dynamically fused adjacency matrix, the dynamic graph convolution
operation is defined as follows:

DGCN(Xe) = A f XeWD (11)

Spatial Interaction Learning

To jointly model multi-scale spatial features, we propose a spatial-interaction learning
strategy. As illustrated in Figure 2, the IDGCB comprises dual layers of sparse dynamic
graph convolutions with different sparsity levels, enabling the effective capture of spatial
dependencies across multiple scales. The first layer SDGCN employs higher sparsity to focus
on fine-grained, local spatial patterns, while the second layer adopts lower sparsity to capture
broad, long-range spatial dependencies. The core computation of SDGCN is given by:

SDGCN1 =T k1(A f )XeWG1 (12)

SDGCN2 =T k2(A f )XeWG2 (13)

[T k(A f )]ij =

(A f )ij, (A f )ij ≥ ti

0, otherwise
(14)

where T k(·) denotes a learnable top-k selection operator, with ti denoting the k-th largest
value in the j-th row of A f , and k dynamically controlling the level of sparsity. Further-
more, we introduce a feature interaction mechanism, allowing the output of each graph
convolution layer to influence the feature-extraction process of the other layer and promote
information exchange across different scales. The interaction process is as follows:

ZS = σ(SDGCN1(Xe))⊙ SDGCN2(Xe)

+σ(SDGCN2(Xe))⊙ SDGCN1(Xe)
(15)

where ZS ∈ RT×N×d/2 represents the output of IDGCB, ⊙ denotes the Hadamard product,
and σ denotes the sigmoid activation function. This spatial interaction learning strategy
enables multi-scale spatial information to mutually reinforce the extraction of spatial
features, thereby enhancing the overall feature representation.

4.2.2. Gated Spectral Block

The Gated Spectral Block is designed based on the spectral characteristics of traffic flow
signals, which moves beyond conventional single-scale temporal modeling by introducing
dual frequency-domain branches and a gated fusion mechanism. Leveraging the Fast Fourier
Transform (FFT), the original time series is projected into the frequency domain. A learnable
threshold adaptively separates the spectrum into low- and high-frequency components,
followed by two dedicated filters that learn features at specific temporal scales. The gated
fusion strategy dynamically integrates multi-scale spectral features, enabling effective multi-
scale spectral modeling of temporal data. By separating the temporal components into low-
and high-frequency bands, GSB facilitates targeted learning of both long-term trends (such
as periodic traffic patterns) and short-term fluctuations (such as sudden traffic events or
accidents). This component-based approach allows the model to adjust its focus dynamically,
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depending on the dominant temporal patterns at any given moment, thereby significantly
enhancing prediction ability across varying traffic conditions.

Fast Fourier Transformations

Given a discrete time series x[n], the frequency-domain representation x[k] is obtained
by performing an FFT along the temporal dimension, as shown in Equation (2). This
process effectively reveals the energy distribution of traffic signals across different frequency
components, facilitating the capture of variations at multiple temporal scales. Similarly, for
Xe, its representation is computed as follows:

F = F [Xe] ∈ CN×F′×d (16)

where F denotes the 1D FFT operation, and F′ is the length of the resulting frequency-
domain representation. The FFT is applied to decompose the traffic flow signals into fre-
quency components, allowing the model to focus on short-term variations (high-frequency
components) during incidents or rush hours, while capturing long-term trends (low-
frequency components) such as daily or weekly patterns. This separation improves the
model’s ability to predict diverse traffic conditions by focusing on relevant frequencies at
different times.

Adaptive Separation of Low and High Frequencies

In the frequency domain, high-frequency components typically correspond to short-
term fluctuations and abrupt events in traffic flow, while low-frequency components
reflect long-term trends and periodic variations. To enable modeling across different
temporal scales, GSB incorporates a learnable threshold for adaptive separation of low- and
high-frequency components. Specifically, based on the squared magnitude of frequency
components P = |F|2, a threshold τ is automatically learned, generating a binary mask M
that partitions the frequency spectrum into low- and high-frequency segments:

M =

0, if P > τ

1, otherwise
(17)

The threshold τ is optimized automatically during model training via backpropagation,
allowing the separation criterion to adapt to the non-stationarity of different datasets and
temporal signals.

Flow = F · M (18)

Fhigh = F · (1 − M) (19)

For the separated low-frequency components Flow and high-frequency components Fhigh,
GSB employs two sets of learnable filters to fully exploit the sequential characteristics in
each frequency band. Let Wlow and Whigh denote the learnable filters for the low- and high-
frequency components, respectively. The filtering process can be formulated as follows:

FL = Wlow ⊙ Flow (20)

FH = Whigh ⊙ Fhigh (21)

Next, the low- and high-frequency components are mapped back to the temporal domain
via the inverse fast Fourier transform (IFFT), yielding time-domain feature representations
for different frequency bands.
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SL = F−1[FL] ∈ RT×N×d (22)

SH = F−1[FH ] ∈ RT×N×d (23)

Gated Fusion Unit

The contribution of low- and high-frequency features to prediction results dynamically
varies across time and scenarios. For example, high-frequency components are more critical for
short-term forecasting during rush hours or sudden events, while low-frequency components
are more informative for overall trend estimation during stable periods. To address this, GSB
incorporates a gated fusion unit that adaptively aggregates low- and high-frequency features
through dynamic weighting. The fusion process is formulated as follows:

gate = σ(SLWL + SHWH) (24)

ZT = (gate ⊙ SL + (1 − gate)⊙ SH)WZ (25)

where ZT ∈ RT×N×d/2 represents the output of GSB, while WL ∈ Rd×d, WH ∈ Rd×d,
and WZ ∈ Rd×d/2 are learnable parameters.

4.2.3. Fusion

The spatial features extracted by the interactive dynamic graph convolution block
and the temporal features captured by the gated spectral block are concatenated along
the feature dimension and fused via a linear mapping. This process enables the model to
integrate spatial and temporal information, fully leveraging their complementarity.

Specifically, the spatial-temporal fusion process can be formalized as follows:

ZST = ⊕(ZS, ZT)WZ (26)

Z = ZST + FFN(LayerNorm(ZST)) (27)

where Z ∈ RT×N×d represents the output of the spatial-temporal encoder, and FFN is a
feed-forward neural network composed of two fully connected layers with GELU activation
functions, which enhance the model’s capacity for nonlinear representation.

4.3. Output Layer

We employ skip connections composed of 1 × 1 convolutions to aggregate the outputs
of each spatial-temporal encoder, transforming them into the final hidden state Zsk ∈
RT×N×dsk , where dsk denotes the feature dimension of the skip connection. Subsequently,
the hidden state Zsk is transformed by two successive 1× 1 convolutional layers to produce
the multi-step prediction results:

X̂ = Conv2
(
Conv1(Zsk)

)
(28)

where X̂ ∈ RT′×N×C denotes the predicted values for the next T′ time steps.

4.4. Loss Function

For training FISTGCN, we adopt the Huber loss function, which is defined as follows:

L(ŷ, y) =

 1
2 (ŷ − y)2, |ŷ − y| ≤ δ

δ(|ŷ − y| − 1
2 δ), |ŷ − y| > δ

(29)

where ŷ and y are the predicted and actual traffic flow values, respectively, and δ is the
hyperparameter to balance squared error.
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5. Experimental Results and Analysis
5.1. Datasets

Four publicly available datasets from the California Traffic Management System,
PeMS03, PeMS04, PeMS07, and PeMS08 [27], are used in this study to validate the predictive
performance of the proposed model. Each dataset contains 288 data points per day, collected
in real time at 5-minute intervals by measuring freeway traffic in California. These datasets
were selected since they cover multiple freeway networks and capture diverse traffic
conditions. This provides a comprehensive representation of traffic patterns. The detailed
statistics of the datasets are presented in Table 3. Each dataset was split into training (60%),
validation (20%), and test (20%) subsets for model evaluation.

Table 3. The detailed information of datasets.

Dataset Sensors Edges Time Range Time Steps

PeMS03 358 547 09/2018–11/2018 26,208
PeMS04 307 340 01/2018–02/2018 16,992
PeMS07 883 866 05/2017–08/2017 28,224
PeMS08 170 295 07/2016–08/2016 17,856

5.2. Experimental Setup
5.2.1. Experimental Settings

Experiments were conducted on a workstation equipped with an NVIDIA A800 GPU. The
time step interval was set to five minutes, with both input and output sequence lengths fixed
at 12 time steps. Model hyperparameters, including the hidden dimension d and the number
of encoder layers L, were selected from {16, 32, 64, 128} and {4, 5, 6, 7}, respectively, based on
validation set performance. In the final configuration, the hidden dimension d was set to 64
and the number of spatial-temporal encoder layers L to 6. For the top-k sparsity parameters in
the IDGCB, specific values were set for each dataset: for PeMS08, the large and small sparsity
values were set to 0.6 and 0.9, respectively; for PeMS07, they were set to 0.7 and 0.9; and for
both PeMS03 and PeMS04, the values were set to 0.5 and 0.8, respectively. A batch size of 16 was
utilized during training. The model was trained for 300 epochs using the AdamW optimizer.
The version of the AdamW optimizer used is from the PyTorch library (version 1.10.1), which
includes the AdamW implementation. To mitigate overfitting, an early stopping strategy was
employed, where training would automatically terminate if no performance improvement on
the validation set was observed over 50 consecutive epochs. Additionally, random seeds were
fixed for all experiments to ensure reproducibility. Model performance was evaluated using
the following three metrics: Mean Absolute Error (MAE), Root Mean Square Error (RMSE),
and Mean Absolute Percentage Error (MAPE).

MAE =
1
n

n

∑
i=1

|yi − ŷi| (30)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (31)

MAPE =
1
n

n

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% (32)

Here, yi and ŷi denote the actual and predicted traffic flow values at node i for a given time
step, respectively.
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5.2.2. Baselines

We compare FISTGCN with a series of previous baseline models, which can be broadly
categorized as follows:

Traditional time series-prediction models: including HA [23], VAR [24], and SVR [25].
GNN-based models: such as DCRNN [14], STGCN [13], ASTGCN [37], Graph-

WaveNet [15], MTGNN [38], AGCRN [16], STSGCN [27], STFGNN [39], DGCRN [17],
DSTAGNN [40], D2STGNN [41], MegaCRN [42], and PDG2Seq [43].

Attention-based models: including GMAN [34], ASTGNN [44], and PDFormer [35].

• HA method forecasts traffic by using the average of historical traffic data.
• VAR is a statistical model that captures temporal dependencies between multiple

traffic-related variables to predict future traffic flow.
• SVR uses a linear support vector machine to predict traffic conditions based on past

data patterns.
• DCRNN models traffic flow as a diffusion process, utilizing diffusion GCN combined with

GRU to effectively capture the spatial-temporal dependencies inherent in traffic data.
• STGCN integrates GCN with 1D convolution to model both spatial and temporal

dependencies in traffic data.
• ASTGCN introduces spatial and temporal attention mechanisms to effectively capture

the spatial-temporal correlations in traffic flow.
• GraphWaveNet employs gated TCN stacked with GCN to model spatial-temporal

dependencies.
• MTGNN proposes a novel mix-hop propagation layer and a dilated inception layer to

effectively capture spatial and temporal dependencies in time series data.
• AGCRN employs adaptive graph convolution in place of the GRU’s original linear trans-

formation layer to more effectively capture spatial-temporal correlations in traffic flow.
• GMAN leverages distinct attention modules along the temporal and spatial dimen-

sions to effectively capture spatial-temporal correlations.
• STSGCN employs a meticulously designed synchronous spatial-temporal modeling

mechanism to effectively capture complex, localized spatial-temporal correlations.
• STFGNN proposes a robust hierarchical method that captures local spatial relations

by leveraging temporal context from traffic states and trends.
• ASTGNN employs a temporal self-attention mechanism to capture sequence dynamics

with global receptive fields and a dynamic graph convolution module to adaptively
model spatial correlations.

• DGCRN employs hyper-networks to extract dynamic features from node attributes,
generating filter parameters at each time step.

• DSTAGNN constructs a data-driven dynamic graph and uses a GNN with multi-head
attention and multi-scale gated convolutions to model spatial-temporal dependencies.

• D2STGNN decouples diffusion and inherent traffic patterns and captures spatial-
temporal dependencies through dynamic graph learning.

• MegaCRN employs a meta-graph learner with a Meta-Node Bank to dynamically
generate spatial-temporal graph structures for traffic modeling.

• PDFormer captures dynamic spatial dependencies and models time delay with dual
graph masks and a delay-aware module.

• PDG2Seq extracts periodic features using time points as indices, and combines these
with dynamic traffic features to construct a Periodic Dynamic Graph for enhanced
spatial-temporal feature extraction.
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5.3. Experimental Results
5.3.1. Overall Comparison

Table 4 presents the average evaluation metrics for multi-step prediction tasks across
four benchmark datasets, comparing the proposed FISTGCN model with multiple main-
stream baselines. Overall, FISTGCN consistently outperforms other methods on most
metrics and datasets, demonstrating its effectiveness.

Table 4. Performance comparison between FISTGCN and other models on four datasets. Bold: best;
underline: second best.

Method PeMS03 PeMS04 PeMS07 PeMS08
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

HA 30.08 46.22 28.64% 38.51 55.75 28.21% 45.32 65.74 21.56% 31.99 46.49 20.28%
VAR 23.65 38.26 24.51% 24.54 38.61 17.24% 50.22 75.63 32.22% 19.19 29.81 13.10%
SVR 21.97 35.29 21.51% 28.70 44.56 19.20% 32.49 50.22 14.26% 23.25 36.16 14.64%

DCRNN 15.53 27.18 15.62% 19.63 31.26 13.59% 21.16 34.14 9.02% 15.22 24.17 10.21%
STGCN 15.65 27.31 15.39% 19.57 31.38 13.44% 21.74 35.27 9.24% 16.08 25.39 10.60%
ASTGCN 17.34 29.56 17.21% 22.93 35.22 16.56% 24.01 37.87 10.73% 18.25 28.06 11.64%
GraphWaveNet 14.80 25.88 14.92% 18.54 30.09 12.71% 19.84 32.86 8.44% 14.54 23.67 9.41%
MTGNN 14.88 25.24 15.47% 18.96 31.05 13.65% 20.98 34.40 9.31% 15.12 24.23 9.65%
AGCRN 15.29 26.95 15.15% 19.83 32.26 12.97% 20.57 34.40 8.74% 15.95 25.22 10.09%
GMAN 16.52 27.18 17.36% 18.84 30.75 13.25% 20.97 34.20 9.05% 14.57 24.71 9.98%
STSGCN 17.48 29.21 16.78% 21.19 33.65 13.90% 24.26 39.03 10.21% 17.13 26.80 10.96%
STFGNN 16.77 28.34 16.30% 19.83 31.88 13.02% 22.07 35.80 9.21% 16.64 26.22 10.60%
ASTGNN 14.78 25.00 14.79% 18.60 30.91 12.36% 20.62 34.00 8.86% 15.00 24.70 9.50%
DGCRN 14.80 25.94 15.04% 18.80 30.65 12.82% 20.48 33.25 9.06% 14.60 24.16 9.33%
DSTAGNN 15.57 27.21 14.68% 19.30 31.46 12.70% 21.42 34.51 9.01% 15.67 24.77 9.94%
D2STGNN 14.88 26.01 15.12% 18.34 29.93 12.81% 19.68 33.19 8.43% 14.35 24.18 9.33%
MegaCRN 14.84 26.25 15.16% 18.70 30.52 12.76% 19.89 33.12 8.47% 14.68 23.68 9.53%
PDFormer 14.76 25.56 15.51% 18.32 29.96 12.10% 19.83 32.87 8.52% 13.58 23.51 9.04%
PDG2Seq 14.62 25.47 14.88% 18.24 30.08 12.09% 19.28 33.04 8.07% 13.60 23.37 8.99%

FISTGCN 14.43 24.94 14.76% 18.06 29.92 12.05% 19.46 32.72 8.24% 13.23 22.76 8.75%

Traditional time series forecasting methods (e.g., HA, VAR) generally underperform
compared to spatial-temporal neural networks, primarily due to their inability to model spatial
dependencies. This underscores the necessity of spatial feature modeling. GNN models that
capture dynamic spatial correlations (e.g., PDG2Seq, MegaCRN) usually outperform those
based on static spatial assumptions (e.g., DCRNN, AGCRN). This is because dynamic graph
modeling can adaptively adjust inter-node relationships in response to changing traffic flow.
As a result, it better accommodates changes in network structure and traffic patterns, capturing
more complex spatial dependencies. Notably, FISTGCN achieves superior performance
across all four public datasets, largely due to its gated mechanism at the embedding stage.
This mechanism effectively integrates multi-dimensional spatial-temporal information and
enhances the representation of spatial-temporal features and periodicity. In its architecture,
FISTGCN balances long-term network stability and short-term dynamics by fusing adaptive
and dynamic adjacency matrices, allowing for more flexible spatial modeling. The spatial
interaction mechanism further facilitates the extraction of deeper dynamic spatial correlations.
Additionally, for temporal modeling, FISTGCN moves beyond single-scale approaches by
employing an adaptive threshold to separate low- and high-frequency components. It also
leverages learnable filtering and gated fusion to further enhance its ability to model multi-scale
temporal features.

To comprehensively evaluate the models’ performance across different prediction hori-
zons, the future 12-step predictions of the PDG2Seq, PDFormer, DSTAGNN, and FISTGCN
models are compared, with the corresponding MAE, RMSE, and MAPE reported and plotted,
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as shown in Figure 3. As observed, FISTGCN achieves the best results across all prediction
lengths and evaluation metrics. As the prediction horizon increases, the MAE, RMSE, and
MAPE for all models increase, reflecting the greater difficulty of long-term forecasting. While
FISTGCN performs comparably to the state-of-the-art PDG2Seq in short-term predictions, it
demonstrates a clear advantage in long-term forecasting scenarios.

(a) (b) (c)

(d) (e) (f)

Figure 3. Comparison of Single-Step Prediction on the PeMS04 and PeMS08 Datasets. (a) MAE on
PeMS04; (b) RMSE on PeMS04; (c) MAPE on PeMS04; (d) MAE on PeMS08; (e) RMSE on PeMS08;
(f) MAPE on PeMS08.

5.3.2. Ablation Study

To further validate the effectiveness of each component in FISTGCN, we conduct
systematic ablation experiments on the PeMS04 and PeMS08 datasets. Specifically, five
variants of FISTGCN are designed by removing or replacing key modules:

w/o GE: The gating mechanism is removed from the embedding stage.
w/o DG: The dynamic graph convolution network (DGCN) is replaced by an adaptive

GCN, where the adjacency matrix is set to the adaptive adjacency matrix.
w/o IL: The spatial interaction mechanism is replaced by directly adding the outputs

of two SDGCN layers.
w/o HF: The high-frequency information is removed from the Gated Spectral Block.
w/o LF: The low-frequency information is removed from the Gated Spectral Block.
Table 5 provides a detailed comparison of FISTGCN and its ablated variants. Specifically,

removing the gating mechanism in the embedding stage (w/o GE) results in higher errors. The
gating mechanism enables the model to adaptively balance and integrate different information
channels, which is crucial for filtering noise and enhancing spatial-temporal representations.
Replacing the dynamic graph convolution with a static adaptive GCN (w/o DG) further
reduces accuracy. This underscores the importance of modeling dynamic spatial relationships.
Dynamic graph convolution allows the model to adapt flexibly to changing traffic network
conditions. Similarly, eliminating the spatial interaction mechanism by simply stacking
multi-scale spatial features (w/o IL), without explicit cross-scale interaction, weakens the
model’s performance. This demonstrates that cross-scale feature interaction is essential for
capturing the multi-scale spatial dependencies inherent in real-world traffic networks. Finally,
removing either the high-frequency (w/o HF) or low-frequency (w/o LF) components from the
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Gated Spectral Block increases prediction errors. This emphasizes the necessity of modeling
both short-term fluctuations and long-term trends. Each temporal component provides
complementary information. The joint modeling of these components enables the network to
capture both short-term disturbances and persistent temporal patterns.

Table 5. Performance comparison of different methods on PeMS04 and PeMS08.

Methods PeMS04 PeMS08

MAE RMSE MAPE (%) MAE RMSE MAPE (%)

w/o GE 18.31 30.29 12.16 13.31 23.04 8.87
w/o DG 18.31 30.60 12.15 13.43 23.05 8.85
w/o IL 18.15 30.25 12.10 13.39 23.06 8.81
w/o HF 18.15 30.18 12.18 13.32 22.94 8.81
w/o LF 18.40 30.87 12.34 13.49 23.17 8.89
FISTGCN 18.06 29.92 12.05 13.23 22.75 8.75

The ablation study clearly demonstrates that each component of FISTGCN plays a
pivotal role in capturing different aspects of traffic flow. The gating mechanism enables the
effective integration of multi-dimensional features, the dynamic graph convolution models
time-varying spatial relationships, and the spatial interaction mechanism facilitates multi-
scale spatial feature extraction. The frequency-domain separation (low and high-frequency
components) allows the model to adaptively focus on different temporal components,
improving its predictive accuracy in diverse traffic scenarios.

5.4. Computation Cost

Table 6 provides a detailed comparison of the computational costs between FISTGCN
and two other competitive baseline models. To ensure fairness, all models were evaluated
using a consistent batch size of 16. GPU costs include only the training phase and exclude
unrelated processes such as data loading.

Table 6. Comparison of model performance and GPU memory usage.

Dataset Model Params (Total) Training Time (s/epoch) Inference (s) GPU Memory (GB)

PeMS04
PDFormer 531,165 118.2 13.2 5.24
PDG2Seq 1,153,053 63.8 6.3 2.59
FISTGCN 486,909 52.8 7.5 3.95

PeMS08
PDFormer 531,165 50.5 5.4 2.07
PDG2Seq 1,151,957 54.1 5.4 1.82
FISTGCN 473,973 35.1 3.9 1.94

Experimental results demonstrate that FISTGCN is the most lightweight in terms
of parameter count, having the smallest number of parameters among all compared models.
In terms of training efficiency, FISTGCN achieved the shortest training time on both the
PeMS04 and PeMS08 datasets, significantly outperforming the baselines. For inference
efficiency, FISTGCN achieved the fastest inference speed on the PeMS08 dataset and ranked
second, just after PDG2Seq, on PeMS04. Regarding GPU memory usage, FISTGCN’s usage
on PeMS08 was comparable to that of PDG2Seq. FISTGCN achieves superior predictive
performance without a significant increase in computational cost, highlighting its advantage
in cost-effectiveness and practical application.

5.5. Analysis of Component Effects of Gated Spectral Block

Figure 4 presents experiments on the PeMS04 and PeMS08 datasets to demonstrate
the interpretability of the learned low- and high-frequency components in the GSB. By
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comparing the predictions of the full FISTGCN model, its variants retaining only high
or low-frequency components, and the actual traffic flow values, we reveal the distinct
contributions of each spectral component.

(a)

(b)

Figure 4. Visualization of visual comparison of prediction results for different inputs. (a) Visualization
of real and predicted traffic flow at node 10 on PeMS04; (b) visualization of real and predicted traffic
flow at node 49 on PeMS08.

From the visualizations, the full-spectrum predictions (green line) consistently align
most closely with the ground truth (red line), highlighting the effectiveness of the GSB in
fusing both low- and high-frequency information. High-frequency-only predictions (blue
line) are sensitive to abrupt changes and short-term fluctuations but are volatile and tend to
overfit noise, especially during stable periods. In contrast, low-frequency-only predictions
(yellow line) produce smoother outputs and capture long-term trends, but they fail to reflect
rapid local changes and often lag behind sudden events. By adaptively integrating both
components, the full-spectrum model achieves balanced predictions, accurately capturing
both rapid short-term variations and overall trends.

6. Conclusions
In conclusion, we introduce FISTGCN, a frequency-aware and interactive spatial-

temporal graph convolutional network for traffic flow prediction. FISTGCN leverages
dynamic adjacency matrices and a multi-scale spatial interaction mechanism to enhance
spatial feature extraction, while a gated spectral block enables the adaptive separation and
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fusion of low- and high-frequency components to model temporal features. Comprehensive
experiments on four real-world datasets demonstrate that FISTGCN delivers state-of-the-art
predictive performance while maintaining competitive computational efficiency.

However, several important directions for future research remain. First, scalability
remains a critical challenge. While FISTGCN performs well on standard benchmark
datasets, its scalability to larger datasets and more complex road networks needs further
exploration. This includes optimizing the model for higher-dimensional and multi-modal
data, such as integrating real-time traffic signal information or weather data. Second, while
FISTGCN outperforms several baselines in terms of prediction accuracy, it does so at the
cost of increased model complexity and training time. The trade-off between accuracy
and computational efficiency should be quantified in future studies, considering both the
model’s training time and inference speed. Exploring more efficient architectures, such as
pruning or distillation, could lead to improvements in these aspects. Finally, the practical
implications of this research are significant for intelligent transportation systems (ITS). By
accurately forecasting traffic conditions, FISTGCN can support real-time decision-making
in urban traffic management, such as dynamic traffic signal control, congestion mitigation,
and route optimization.

In future work, we plan to extend FISTGCN’s framework to handle larger-scale traffic
networks and multi-modal data, improve its scalability and computational efficiency, and
investigate the integration of FISTGCN with real-time control systems in urban environments.
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