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Abstract

Accurate traffic flow prediction remains challenging due to the complex spatio-temporal
dependencies inherent in road networks. Existing graph-based prediction models typically
construct the graph structure from geographical adjacency. This limits spatial feature
extraction to physically neighboring nodes. Consequently, potential correlations among
non-adjacent nodes within the same region are overlooked. Moreover, these models gener-
ally treat the influence of neighboring nodes uniformly, whereas, in practice, such influences
are inherently heterogeneous. On the temporal side, many approaches rely on recurrent
units such as Long Short-Term Memory (LSTM) or Gated Recurrent Units (GRUs) to cap-
ture short-term dependencies, yet these architectures are prone to gradient vanishing or
explosion, leading to training instability. To address these issues, this paper proposes
Seq2-ResGCRN, an encoder–decoder framework based on residual graph convolutional
recurrent networks with an attention mechanism. The model reconstructs the adjacency
matrix via graph diffusion convolution to learn adaptive edge weights, thereby capturing
heterogeneous spatial influences. Seq2-ResGCRN further integrates graph convolution into
the GRU architecture and introduces residual connections to alleviate gradient degradation
during training. This study conducts experiments on two open-source real-world datasets
(i.e., PEMS04 and PEMS08) to evaluate the Seq2-ResGCRN. The raw data, originally col-
lected at a sampling frequency of 30 s, are aggregated into 5 min time intervals. Each
record comprises three features: traffic flow, traffic speed, and road occupancy. The experi-
mental results demonstrate that our Seq2-ResGCRN outperforms state-of-the-art methods,
achieving 1.6–2.3% and 2.1–5.5% relative improvements in MAE and RMSE, respectively.
Seq2-ResGCRN effectively captures the spatio-temporal correlations of short-term traffic
flow and achieves superior predictive performance.

Keywords: traffic flow prediction; deep learning; temporal and spatial correlation; graph
convolution; attention

MSC: 68T07; 90B20

1. Introduction
Rapid urbanization has attracted an increasing number of people to cities. Substantial

vehicle ownership and travel demand have placed tremendous pressure on urban public
transportation management [1]. Traffic congestion and traffic accidents pose significant
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threats to public mobility [2,3]. Addressing these issues to satisfy daily travel needs has
become an unavoidable task. Intelligent transportation systems (ITSs) offer new insights
into addressing traffic problems [4]. Accurate road traffic flow prediction plays a critical
role in the implementation of such systems [5–7]. In an era when traffic data is scarce
and computer hardware is limited, road traffic flow prediction is primarily modeled
using statistical methods and conventional machine learning algorithms [8]. With the
continuous development of the Internet of Things (IoT) technology, a large volume of rich
road traffic data can now be collected through sensors [9]. However, statistical methods
and traditional machine learning approaches suffer from issues such as low accuracy and
modeling difficulty when applied to large-scale traffic data. In recent years, deep learning-
based algorithms have become a research focus in the field of natural language processing
and have also demonstrated great potential in road traffic flow prediction [10].

Short-term road traffic flow is characterized by nonlinear temporal dynamics and
complex spatiotemporal dependencies [11–13]. This is reflected in the marked differences
in traffic flow between peak and off-peak hours, as well as the mutual influence among
adjacent road nodes. Additionally, short-term traffic flow is also affected by sudden events,
including traffic accidents, temporary road closures, and abrupt weather changes [14–16].
The combined effect of these multiple factors makes short-term traffic flow prediction partic-
ularly challenging. Early researchers primarily combined Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) for short-term road traffic flow prediction,
leveraging CNNs to extract spatial features and RNNs to capture temporal characteristics
of the traffic flow [17]. However, a substantial body of research has demonstrated that
CNNs perform suboptimally in extracting features from irregular network topologies [18].
The development of graph neural networks has provided new insights into extracting
spatial features from irregular network structures.

Numerous studies have compared GCN-based hybrid models against CNN-RNN
baselines. The results show that GCNs combined with RNNs or TCNs (Temporal Convolu-
tional Network) achieve superior performance. This consistently confirms the feasibility
of applying graph convolution to traffic flow prediction. However, some studies directly
apply graph convolution to the original graph structure data of the road network, which
is derived from the geographic neighbor relationships among observation nodes. In this
process, each node updates its representation by aggregating feature information exclu-
sively from its geographically neighboring nodes. In real-world road networks, traffic flow
between two non-adjacent nodes also exhibits mutual influences. For example, within the
same region, if a destination is reachable via two alternative routes, traffic congestion on
one route may prompt travelers to divert to the other, leading to a temporary surge in traffic
flow on that route. However, the nodes of these two routes are not geographically adjacent.
Therefore, the original graph structure derived from geographic proximity cannot capture
such relationships, and also fails to reflect the varying influence that different neighboring
nodes exert on the current node’s traffic flow.

Recent studies have attempted to address the above limitation through adaptive graph
learning. For instance, Wu et al. [19] proposed constructing an adaptive adjacency matrix
to infer latent dependencies from data; Bai et al. [20] combined graph convolution with
node-adaptive parameter learning and data-adaptive graph generation; and Shin et al. [21]
introduced a progressive graph convolution network that learns similarity in traffic varia-
tion trends to construct a progressive adjacency matrix. Li et al. [22] employed Dynamic
Time Warping to measure traffic sequence similarity and construct time-series-based graph
structures; Rao et al. [23] generated spatio-temporal correlation graphs based on average
traffic flow; and Guo et al. [24] partitioned road network graphs into local and global sub-
graphs. While these methods have demonstrated promising performance, they typically
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integrate graph convolution with recurrent units in a sequential or parallel manner, with-
out modifying the recurrent unit’s internal structure to explicitly mitigate gradient-related
instability during training.

Existing studies rely on original Long Short-Term Memory (LSTM) or Gated Recurrent
Unit (GRU) architectures to extract short-term temporal features of road traffic flow [25–28].
During the training process, however, the gradient vanishing or explosion problem inherent
in GRU can lead to model instability, thereby hindering the effective extraction of temporal
features. To address the aforementioned issues, this chapter proposes a novel short-term road
traffic flow prediction model, termed the Residual Graph Convolutional Recurrent Network
(ResGCRN), to capture the short-term evolution patterns of road traffic flow. The proposed
model differs from existing approaches in three key aspects. First, we construct an adaptive ad-
jacency matrix via graph diffusion convolution to capture both geographic and non-geographic
dependencies, refined during training. Unlike prior adaptive graph methods [19–24] that
fuse adaptive matrices sequentially, our approach directly integrates the learned graph into
the recurrent unit’s convolution, enabling tighter coupling of spatial structure learning and
temporal evolution. Second, we embed graph convolution and residual connections into the
GRU cell to mitigate gradient vanishing and explosion (a design not explored in existing
adaptive-graph-based models). Third, we equip the encoder–decoder with ResGCRN mod-
ules and attention to strengthen spatio-temporal dependency modeling. We have made the
following contributions:

• We propose the Seq2-ResGCRN network model, which constructs an adaptive ad-
jacency matrix and applies graph diffusion convolution to derive a learnable graph
structure, while incorporating graph convolution and residual connections into the
GRU cell to mitigate gradient vanishing and explosion.

• We build an encoder–decoder architecture with ResGCRN modules and integrate an
attention mechanism to enhance spatio-temporal dependency modeling.

• We compare the proposed model with several representative traffic flow prediction
algorithms. The experimental results demonstrate that Seq2-ResGCRN can effectively
capture the spatio-temporal dependencies of short-term traffic flow.

2. Problem Formulation
The task of road traffic flow prediction is to process and analyze historical traffic flow

data through algorithmic models, extract the underlying evolution patterns of traffic flow,
and subsequently forecast future traffic conditions over a given time horizon. This task can
be viewed as a regression problem, where prediction accuracy improves as the discrepancy
between the predicted values and the ground-truth observations decreases.

Unlike conventional regression tasks, traffic flow exhibits complex temporal and
spatial variations. It is influenced not only by temporal factors but also by road network
topology, weather conditions, holidays, traffic incidents, and other external covariates.
However, due to the frequent incompleteness of such auxiliary data, only a limited set of
influencing factors can typically be incorporated in practice. In this study, we therefore
restrict our inputs to historical traffic flow data, focusing on modeling the inherent spatio-
temporal dependencies without incorporating external covariates.

In the context of deep learning-based approaches for traffic flow prediction, when
considering solely the spatio-temporal correlations of traffic flow, the underlying road
network is commonly represented as a directed graph, as is shown in Equation (1).

G = (V, E, A), (1)
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where V denotes the set of nodes corresponding to N traffic sensors; E denotes the set of
edges representing connectivity among sensors; A is the adjacency matrix that encodes the
graph topology.

X = {xit} ∈ RN×T denotes the traffic flow matrix, where T is the number of time
steps. The objective of traffic flow prediction is to learn a mapping function f . f forecasts
the traffic flow for the next h time steps given the observations from the previous k time
steps. This relationship can be formulated as

{xt, xt+1, . . . , xt+h−1} = f (xt−1, xt−2, . . . , xt−k, G), (2)

where xt−k:t−1 represents the historical traffic sequence of length k, and xt:t+h−1 denotes
the predicted sequence for the future h time steps.

3. Short-Term Traffic Flow Feature Analysis
Traffic flow prediction can be categorized into short-term and long-term forecasting ac-

cording to the temporal scale. Short-term prediction typically refers to forecasting horizons
ranging from several minutes to a few hours, focusing on capturing real-time traffic flow
fluctuations. In contrast, long-term prediction addresses macroscopic trends over days to
years, supporting urban planning and infrastructure decision-making. The scope of this
study is confined to short-term traffic flow prediction.

Short-term road traffic flow primarily concerns traffic variations within the next
half hour. Given the short prediction horizon, the short-term flow changes at a given
observation point are largely dependent on its traffic evolution trend over the most recent
hour. In addition, the low sampling rate of the data contributes to the complex and volatile
nature of short-term traffic flow. The mutual influences among different observation points
across the road network further compound the difficulty of prediction. Figure 1 illustrates
the variation trend of short-term road traffic flow.

Figure 1. Variation trend of short-term road traffic flow. (a) Short-term traffic flow variation trend at
a specific node in the road network; (b) variation trends of traffic flow at two adjacent observation
points in the road network.
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Figure 1a depicts the short-term traffic flow variation trend at a specific node in the
road network over the course of a day. We can observe that the traffic flow at this node
changes at every time step, highlighting the highly dynamic and non-stationary nature of
short-term traffic data. Within a short time window, traffic flow may experience abrupt
surges or drops, exhibiting highly complex nonlinear variations. Figure 1b depicts the
variation trends of traffic flow at two adjacent observation points in the road network.
Although the traffic volumes differ in magnitude, the overall variation patterns at the two
points are roughly similar. Meanwhile, the traffic flow at observation node 14 propagates
to node 6 after a certain time delay, indicating that traffic flows between adjacent nodes in
the road network mutually influence each other. Consequently, the current predicted flow
at a given node is the result of both its own historical traffic data and the historical flow
data of its neighboring observation nodes.

4. Model Architecture of Seq2-ResGCRN
This section describes the specific process of short-term road traffic flow prediction

using the Seq2-ResGCRN network. The Seq2-ResGCRN model consists of three main
components: an encoder network, a decoder network, and an attention computation
module. The specific process are as follows:

(1) The road network information and historical traffic flow data are fed into the encoder
network to obtain the hidden state outputs of the encoder.

(2) The hidden state output at the last time step of the encoder is used as the initial
hidden state for the decoder. During the neural network’s information updating
process, the hidden state outputs at each time step of the decoder are obtained through
iterative computation. The attention weight coefficients are then computed using
the decoder’s hidden state outputs at each time step and the encoder’s hidden state
outputs. The current attention weights are then concatenated with the decoder output
at the current time step. The resulting vector is processed through a fully connected
layer (FC) to produce the current prediction. This prediction is subsequently fed back
into the decoder as the input for the next time step.

(3) Through this iterative prediction process, the final forecasting results are obtained.
The overall framework of the Seq2-ResGCRN model is illustrated in Figure 2.

4.1. Graph Convolution Module

Graph convolution theory extends the application of convolution from regular grid-
structured data to irregular topological graph structures. In the context of road traffic flow
prediction theory, the spatial structure of the road network can be naturally regarded as
an irregular spatial graph, where the traffic flow at each observation point can be viewed
as the signal of the corresponding node at a given time. The connectivity of the graph is
represented by an adjacency matrix, where the entry is set to 1 if two nodes are adjacent,
and 0 otherwise.

Ai,j =

1, if vi connects to vj

0, otherwise,
(3)

where vi and vj denote nodes in the spatial structure of the road network; N represents
the total number of nodes in the network. In the field of graph neural networks, when the
original topological graph contains noisy connections, the performance of graph neural
networks may deteriorate, further affecting downstream learning tasks. On the other hand,
in real-world scenarios, the influence of different neighboring nodes on the current node
should be differentiated, a relationship that the geographically defined graph structure
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fails to capture. To address this issue, we introduce the graph diffusion convolution (GDC)
operation in the design of the graph convolution module to optimize the adaptive adjacency
matrix, thereby enabling more effective learning of the graph structure.

Input

ResGC

RN

ResGC
RN

ResGC
RN

ResGC
RN

xt

ResGC
RN

ResGC
RN

ResGC
RN

ResGC
RN

xt

Attention

FC

...

...

... ...

...

...

...

...

...

...

context vector

contract

prediction

1
s

2
s

3
s

h
s

0c 1c 2c 1h
c 

1iS 

ic

1h 2h 3h th 1
s

2
s

3
s h

s

1
x

2
x

3
x

tx 1
z 2

z
3
z

h
z

Figure 2. Network structure of Seq2-ResGCRN.

(1) Adaptive Graph Generation Module

The road network topology in the original dataset captures the spatial adjacency
relationships among traffic flow collection points. In real-world road networks, nodes are
not only connected by direct adjacency but also show indirect correlations. For instance,
when a node experiences congestion, travelers may reroute to the same destination through
other non-adjacent nodes in the region. This indicates non-adjacent nodes still affect each
other. However, the adjacency matrix of the original road spatial topology fails to capture
such indirect correlations. Therefore, it is necessary to adopt the learned road network
graph structure for prediction. In this paper, we adopt an adaptive adjacency matrix to
replace the road network information provided in the dataset. This matrix is built upon
two randomly initialized learnable parameter sets for node encoding.

The learnable parameter E1, E2 ∈ RN×C denotes node information, where E1 and E2

are the encoding matrices of the nodes; N is the number of road network nodes; and C is
the dimension of node embeddings. The product of E1 and E⊤

2 is then computed to obtain
the dependency weights between source and target nodes. A ReLU activation function is
applied to eliminate weak connections. Finally, a softmax function is used to normalize the
adaptive adjacency matrix, ensuring that its values lie between 0 and 1. This process can be
expressed as

Ãadp = softmax
(

ReLU
(

E1ET
2

))
, (4)
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where Ãadp ∈ RN×N denotes the adaptive adjacency matrix.

(2) Graph Diffusion Convolution Module

Graph convolutional networks are widely used for feature extraction on non-Euclidean
graphs. In road networks, neighboring nodes affect the target node’s traffic flow to varying
degrees. For example, at a signalized intersection, through and turning traffic volumes
often differ substantially. However, the predefined adjacency matrix derived from the raw
road network topology only records connectivity and distance between nodes, without
incorporating edge weights. That is, the static graph lacks the capability to differentiate
the influence of distinct neighboring nodes. To address this limitation, we introduce an
adaptive adjacency matrix and incorporate graph diffusion convolution to optimize the
graph structure, thereby better capturing the spatial influence relationships of traffic flow
among different neighboring nodes in the road network.

To solve the above problem, we adopt graph diffusion convolution [29] to improve the
adaptive adjacency matrix. The key idea is to aggregate information from both first-hop
and higher-order neighbors. Initially, all attention is concentrated on the current node.
During graph diffusion, attention is progressively propagated to neighboring nodes and
weighted differently based on distance. Nearby nodes receive higher weights, while distant
nodes receive lower weights. During graph reconstruction, edges with small weights are
removed. This process is repeated for all nodes, ultimately yielding a sparse weighted
graph. Figure 3 illustrates the workflow of graph diffusion convolution.

Figure 3. Workflow of graph diffusion convolution.

As shown in Figure 3, the essence of graph diffusion convolution is to transform the
input graph A into a new graph S̃ through graph diffusion and sparsification, and then
run a given model on the new graph. For a directed graph G = (V, E) with node set V
and edge set E, its adjacency matrix is A ∈ RN×N , where N is the number of nodes in the
graph. A generalized graph diffusion can be defined via the diffusion matrix, expressed as

S =
∞

∑
k=0

θkTk, (5)

where θk is the weighting coefficient and T is the state transition matrix. To ensure the
convergence of Equation (5), the following conditions must be satisfied

∞

∑
k=0

θk = 1, θk ∈ [0, 1], λi ∈ [0, 1], (6)
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where λi denotes the eigenvalues of T. The state transition matrix is obtained by incor-
porating self-loops into the original adjacency matrix to adjust the symmetric transition
matrix, given by

T = (wloop IN + D)−
1
2 (wloop IN + A)(wloop IN + D)−

1
2 (7)

Furthermore, for graph diffusion, a PPR (PageRank) diffusion method is proposed
in [30]. The weighting coefficients are defined as:

θk = α(1 − α)k, (8)

where α ∈ (0, 1). By substituting Equations (7) and (8) into Equation (5), the graph
diffusion matrix S is obtained. A threshold is then applied to retain only the entries in S
that exceed the threshold, yielding a sparse graph S̃. Finally, the graph convolution process
is defined as:

GC(x, S̃) = (D
1
2 S̃D− 1

2 )x, (9)

where D represents the degree matrix.

4.2. ResGCRN Network

Road traffic flow is typical spatio-temporal data with complex temporal and spatial
dependencies. In this section, we propose the Residual Graph Convolutional Recurrent
Network (ResGCRN) to simultaneously capture these spatio-temporal dependencies. Res-
GCRN improves the conventional GRU unit by incorporating graph convolution and
residual connections within the GRU architecture. This design not only captures both spa-
tial and temporal dependencies simultaneously, but also mitigates the vanishing gradient
problem that may arise during GRU training. The architecture of ResGCRN is shown in
Figure 4:

GC

+


tanh

1−th

tx

th

tr tz

 



+

S~

1 

Figure 4. Architecture of ResGCRN.

As shown in Figure 4, compared with the standard GRU, ResGCRN introduces an
additional graph input parameter to enable graph convolution operations. ResGCRN
takes three inputs: the hidden state ht−1 from the previous time step, the current input
Xt, and the road network topology S̃. The update process for each gating mechanism is
reformulated as follows:

rt = σ(Wr ∗ ht−1 + GC(Xt, S̃) + br), (10)
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zt = σ(Wz ∗ ht−1 + GC(Xt, S̃) + bz), (11)

h̃t = tanh(GC(Xt, S̃) + Wc ∗ (rt ⊙ ht−1) + bc), (12)

ht = (1 − z)⊙ ht−1 + zt ⊙ h̃t + W ∗ Xt, (13)

where Wr, Wz, Wc, and W are learnable training parameters, GC denotes the graph convo-
lution operation, Xt is the input at time t, and S̃ is the sparse graph structure generated by
applying graph diffusion convolution to the adaptive adjacency matrix.

4.3. Encoder–Decoder Architecture

The Seq2Seq architecture combined with an attention mechanism was first applied to
machine translation models [31]. In this section, we design an encoder–decoder network
model based on the ResGCRN architecture denoted as Seq2-ResGCRN. The encoder maps
the input sequence of variable length into a fixed-length vector representation. The decoder
then transforms this fixed-length vector into an output sequence of variable length. The
Seq2Seq architecture overcomes the limitations of fixed-size input and output frameworks.
The Seq2Seq can process sequences of variable length, offering greater flexibility. Mean-
while, the introduction of the attention mechanism can further improve the predictive
performance of the model.

The encoder processes the traffic flow sequences across t historical time steps and gen-
erates the corresponding hidden state information. This process can be formulated as

[h1, h2, . . . , ht] = ResGCRN(S̃, x1, x2, . . . , xt).

The decoder takes the traffic flow input at the last time step of the encoder as its
initial input, and adopts the hidden state output at the last time step of the encoder as
its initial hidden state. Meanwhile, the input information to the decoder is processed by
ResGCRN to generate the corresponding hidden state information of the decoder, which
can be formulated as

[s1, s2, . . . , sh] = ResGCRN(S̃, z1, z2, . . . , zh). (14)

Let H denote the hidden state information generated by the encoder. The hidden state
output at each decoding step needs to compute attention weights with H. This computation
process consists of three steps: linear transformation, dot product, and normalization.
The first step is to generate the Key and Query through linear transformation

ki = Wk · hi, (15)

qj = WQ · sj, (16)

where Wk and WQ are learnable parameter matrices, with i ∈ (1, t) and j ∈ (0, h). Subse-
quently, the dot product is computed to obtain the candidate attention weights ãi. Finally,
the softmax function is applied to normalize these candidate weights, yielding the final
attention coefficients. The context vector is then obtained by computing the weighted sum
of the attention coefficients and the hidden state outputs of the encoder at each time step

ãi = kT
i · qi, (17)

[a1, a2, . . . , am] = softmax[ã1, ã2, . . . , ãm], (18)

cj =
t

∑
i=1

ai · hi. (19)
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For the hidden state output of the decoder, the computation process after incorporating
the attention mechanism is expressed as

sj = tanh

ResGCRN

 zj

sj−1

cj−1

+ b

. (20)

The initial input to the decoder is set as the input at the last time step of the encoder,
i.e., z1 = xt. Subsequently, the prediction result from the previous time step is used as the
input at the next time step, which can be formulated as:

zj = FC(sj−1 ⊕ cj−2), (21)

where j ∈ (2, h), and through iterative prediction over multiple time steps, the final
prediction result is obtained.

5. Experimental Evaluation and Analysis
5.1. Experimental Setup

In this section, all experiments are conducted on the same server. The hardware
specifications are as follows: Intel Core i7-10700K CPU at 3.80 GHz, 64 GB RAM, 1 TB HDD,
and an NVIDIA GeForce RTX 3080 GPU with 10 GB of VRAM.

The operating system used for the experiments was Windows 10 Professional. The
code is written and debugged using PyCharm 20.1. The experimental runtime environment
is a Python development environment created by Anaconda, with Python version 3.8.
In addition, since deep learning is employed for model development, PyTorch 1.9.0 is
used to build the deep learning models. To fully utilize GPU resources, CUDA is used to
accelerate the training process on the GPU.

5.2. Dataset Description

To evaluate the proposed method, we conduct experiments on two publicly available
real-world traffic datasets (PEMS04 and PEMS08) provided by the California Department of
Transportation (Caltrans) [32]. The raw data (originally recorded at 30 s sampling intervals)
is aggregated into 5 min time intervals. Each record contains three features: traffic flow,
average speed, and lane occupancy. The PEMS04 dataset covers traffic data from the San
Francisco Bay Area from 1 January 2018 to 28 February 2018, with 307 sensor stations.
The PEMS08 dataset covers the San Bernardino area from 1 July 2016 to 31 August 2016,
with 170 sensor stations. Detailed statistics of the datasets are summarized in Table 1.

Table 1. PEMS04 and PEMS08 datasets.

Dataset Days Sensors Time Interval Time Steps Time Range

PEMS04 59 307 5 min 16,992 1 January 2018–28 February 2018
PEMS08 62 170 5 min 17,856 1 July 2016–31 August 2016

We select traffic flow as the prediction target from the dataset. It is worth noting that we
use only historical traffic flow data as model inputs. A sliding window approach is applied
to preprocess the raw data, generating the corresponding data and label. Specifically,
data represents the historical window sequence, while label corresponds to the prediction
window sequence. The dataset is split into training, test, and validation sets with a ratio
of 7:1:2. To facilitate data processing and model training, the flow data are standardized
as follows.
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X′ =
X − mean(train)

std(train)
, (22)

where mean(train) and std(train) denote the mean and standard deviation of the training
set, respectively.

5.3. Baseline Methods

To evaluate the effectiveness of the proposed Seq2-ResGCRN model, we compare
Seq2-ResGCRN with eight classical road traffic flow prediction algorithms, including HA,
VAR [33], SVR [34], LSTM [27], GRU [28], STGCN [35], TCN [36], and ASTGCN [37]. These
algorithms encompass a wide range of representative methods, spanning traditional statis-
tical approaches, classical machine learning models, and the most prominent deep learning
architectures. All of these baselines are widely recognized and extensively employed in the
domain of traffic flow prediction. The baseline methods are briefly introduced as follows:

HA: The historical average (HA) algorithm predicts the traffic flow by computing the
average of historical data. In our experiments, the traffic flow from the past one hour is
used as the historical data to obtain the prediction results.

VAR [33]: The vector autoregression algorithm extends the autoregression (AR) algo-
rithm to enable predictions on high-dimensional data.

SVR [34]: Support vector regression employs a linear support vector machine for
regression analysis tasks.

LSTM [27]: A variant of RNN that incorporates gating units to mitigate the gradient
vanishing problem in RNN training.

GRU [28]: A variant of the LSTM neural network that significantly reduces the number
of training parameters.

STGCN [35]: The spatio-temporal graph convolutional network employs ChebNet
and 2D convolutions to capture the spatial and temporal dependencies of traffic flow,
respectively.

TCN [36]: The temporal convolutional network is a time series prediction model that
utilizes causal convolutions and dilated convolutions.

ASTGCN [37]: The attention-based spatio-temporal graph convolutional network
models spatio-temporal correlations through spatial and temporal attention mechanisms.
For a fair comparison, only the recent component is used to model the periodicity of traffic
flow data.

5.4. Experimental Results

The mean absolute error (MAE) and root mean square error (RMSE) are adopted as
evaluation metrics. MAE is the arithmetic mean of the absolute differences between the
predicted and true values. A larger MAE indicates a larger prediction error of the model:

MAE =
1
n

n

∑
i=1

|ypred
i − ytrue

i |. (23)

RMSE measures the deviation between the predicted and true values. A smaller RMSE
indicates better predictive performance

RMSE =

√
1
n

n

∑
i=1

(ypred
i − ytrue

i )2. (24)

Figure 5 illustrates the loss variation in the Seq2-ResGCRN model on the PEMS04
dataset with a prediction horizon of 6. For brevity, we present the training loss curves for a
representative prediction horizon (i.e., horizon = 6) in Figure 5. After four epochs, both the
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training loss and validation loss gradually level off, and the training eventually converges
and terminates at around 30 epochs under the early stopping mechanism.

Figure 5. Training loss curves of Seq2-ResGCRN.

For all experiments, we use the traffic flow from the past one hour to predict the traffic
flow for the next one hour. Specifically, 12 historical time steps are used to predict the
next 12 time steps. The MAE and RMSE values are computed for each time step, summed,
and then averaged across all steps. For the experimental data, we split the training set,
validation set, and test set in a ratio of 7:1:2. By default, the model is trained for 50 epochs
with an initial learning rate of 0.001. To prevent overfitting, we adopt the Adam optimizer
for training and manually reduce the learning rate at every multiple of 10 epochs. If the
validation loss does not decrease for seven consecutive epochs, early stopping is triggered
to terminate training prematurely, thereby achieving the optimal training performance. All
experimental results are obtained from the equipment described in Section 5.1. The final
results are summarized in Table 2.

Table 2. Experimental results of various models on the PEMS04 and PEMS08 datasets.

Method
PEMS04 PEMS08

MAE RMSE MAE RMSE

HA 32.10 46.72 26.51 39.36
VAR [33] 25.19 38.60 19.79 29.29
SVR [34] 23.39 36.28 18.59 28.74
LSTM [27] 25.41 39.32 20.29 30.21
GRU [28] 24.72 38.37 19.49 28.59
STGCN [35] 21.94 34.78 18.06 28.09
TCN [36] 26.07 40.22 20.67 30.98
ASTGCN [37] 22.16 35.19 18.10 28.15

Seq2-ResGCRN (Ours) 21.58 ± 0.13 34.06 ± 0.15 17.65 ± 0.10 26.55 ± 0.14

Table 2 presents the average prediction results of different algorithms for traffic flow
forecasting over the next hour. As shown in Table 2, Seq2-ResGCRN achieves competitive
performance compared with the other eight comparison methods (HA, VAR, SVR, LSTM,
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GRU, STGCN, TCN, and ASTGCN) on both datasets in our experiments. Among them, the
methods based on statistical approaches and traditional machine learning yield relatively
lower performance in terms of evaluation metrics, indicating their limited capability in
capturing the nonlinear and complex temporal patterns of traffic flow. Among the deep
learning-based methods, LSTM, GRU, and TCN yield relatively poor prediction results,
as they only consider the temporal correlations of traffic flow with relatively simple archi-
tectures. These models are prone to overfitting during training, leading to a significant
deviation between learned traffic patterns and real-world dynamics. In contrast, mod-
els that integrate both spatial and temporal features achieve higher prediction accuracy
than those relying solely on temporal features. Seq2-ResGCRN outperforms STGCN and
ASTGCN, both of which also adopt spatio-temporal feature fusion. Notably, STGCN and
ASTGCN still rely on the road graph structure based on geographic neighbor relationships
for graph convolution operations, which limits their predictive performance to some extent.

To further demonstrate the advantages of the Seq2-ResGCRN model over the other
comparison algorithms, Figure 6 and Figure 7 illustrate the MAE values at each prediction
step for different algorithms on the PEMS08 and PEMS04 datasets, respectively. As can
be observed, among the deep learning-based methods, LSTM, GRU, and TCN exhibit
relatively poor overall performance, with unsatisfactory results across all prediction steps.
VAR and SVR achieve competitive performance when the prediction horizon is less than 2,
but their performance degrades significantly as the prediction horizon increases, indicating
their limited generalization capability for long-term forecasting. Although Seq2-ResGCRN
performs relatively less effectively for short-term predictions compared with some baselines,
its predictive performance remains relatively stable, and the performance gap between
Seq2-ResGCRN and the other methods tends to widen as the prediction horizon extends in
our experiments.

Figure 6. MAE results at different prediction steps on the PEMS08 dataset.

To further investigate the contribution of each module in the Seq2-ResGCRN model,
we design two variants of Seq2-ResGCRN. Variant (a) excludes the adaptive graph learning
module, i.e., it uses the road network graph A based on geographic neighbor relation-
ships combined with Seq2-ResGCRN. Variant (b) replaces the ResGCRN architecture with
GCN and GRU layers, denoted as S̃ + Seq2-GCN-GRU. Variant (c) is the complete Seq2-
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ResGCRN model, which integrates the adaptive graph learning module with the ResGCRN
architecture. We evaluate these two variants together with the full Seq2-ResGCRN model
on the PEMS04 and PEMS08 datasets. The experimental results are summarized in Table 3.

Figure 7. MAE results at different prediction steps on the PEMS04 dataset.

Table 3. Ablation study results of different modules in Seq2-ResGCRN.

Method
PEMS04 PEMS08

MAE RMSE MAE RMSE

A+Seq2-ResGCRN (a) 22.04 35.06 17.92 26.98
S̃+Seq2-GCN-GRU (b) 21.92 34.69 17.84 26.79
Seq2-ResGCRN (c) 21.58 34.06 17.65 26.55

As shown in Table 3, Seq2-ResGCRN achieves higher prediction accuracy than the
other two variants. Comparing experiments (a) and (c), it can be observed that graph
convolution with the sparse weighted graph generated by the adaptive graph learning
module outperforms that with the adjacency matrix derived from geographic neighbor
relationships. This provides evidence that the adaptive graph learning module can effec-
tively optimize the spatial graph structure of the road network. Furthermore, comparing
experiments (b) and (c), the ResGCRN module achieves superior performance over the
stacked GCN and GRU layers, indicating that the ResGCRN architecture enhances the
learning capability of GCN and GRU, and better captures the spatio-temporal dependencies
of short-term traffic flow.

To highlight the effectiveness of Seq2-ResGCRN, we select a specific sensor node from
each of the two datasets for visual analysis, and the results are shown in Figures 8 and 9.
It can be observed that short-term traffic flow exhibits certain periodic patterns, with sig-
nificant differences between peak and off-peak hours. On both the PEMS04 and PEMS08
datasets, the predicted curves of our model closely match the ground-truth short-term
traffic variations, which confirms the effectiveness of the proposed model.

More specifically, we select one day from the test set to compare the predicted val-
ues with the ground-truth values, and the results are shown in Figures 10 and 11. It can
be observed that our model still achieves satisfactory fitting performance on short-term
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traffic flow sequences, which are nonlinear, non-stationary, and exhibit complex varia-
tions. The predicted curves generally capture actual traffic dynamics, demonstrating the
effectiveness of our model.

Figure 8. Visualization of traffic data on the PEMS08 dataset over a certain period.

Figure 9. Visualization of traffic data on the PEMS04 dataset over a certain period.

Figure 10. Visualization of traffic data on the PEMS08 dataset for one day.
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Figure 11. Visualization of traffic data on the PEMS04 dataset for one day.

6. Conclusions
In this paper, we propose a novel short-term road traffic flow prediction model, termed

Seq2-ResGCRN, which employs an adaptive adjacency matrix combined with graph diffu-
sion convolution to generate the road network graph. Compared with the graph structure
derived from geographic locations, the graph generated by the adaptive approach better
reflects the relative positional relationships among nodes in a real road network, enabling
the extraction of richer spatial features during graph convolution. Furthermore, in contrast
to the simple stacking of GCN and GRU layers, the proposed ResGCRN architecture more
effectively captures the spatio-temporal correlations of short-term traffic flow. Experimental
results on two large-scale public datasets demonstrate that Seq2-ResGCRN achieves rea-
sonably satisfactory prediction accuracy against the compared baseline models, providing
some supporting evidence for the effectiveness of the proposed method. It should be noted
that the conclusions drawn in this study are limited to the specific models and datasets
evaluated. Future work will further examine the applicability of the proposed method
across a broader range of models and scenarios.
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LSTM Long Short-Term Memory
GRU Gated Recurrent Unit
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ITS Intelligent Transportation System
IoT Internet of Things
CNN Convolutional Neural Network
RNN Recurrent Neural Network
TCN Temporal Convolutional Network
GDC Graph Diffusion Convolution
FC Connected Layer
Key Parameters
V Set of nodes corresponding to traffic sensors
N Total number of nodes in the network
E Set of edges representing connectivity among sensors
A Adjacency matrix that encodes the graph topology
X Traffic flow matrix
T Number of time steps
xt−k:t−1 Historical traffic sequence of length k
x̂t:t+h−1 Predicted sequence for the future h time steps
Ãadp Adaptive adjacency matrix
θk Weighting coefficient
λi Eigenvalues of T
S Graph diffusion matrix
D Degree matrix
GC Graph convolution operation
Xt Input at time t
S̃ Sparse graph structure
H Hidden state information
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