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Abstract: Accurate and real-time traffic speed prediction remains challenging due to the irregularity
and asymmetry of real-traffic road networks. Existing models based on graph convolutional networks
commonly use multi-layer graph convolution to extract an undirected static adjacency matrix to map
the correlation of nodes, which ignores the dynamic symmetry change of correlation over time and
faces the challenge of oversmoothing during training iterations, making it difficult to learn the spatial
structure and temporal trend of the traffic network. To overcome the above challenges, we propose a
novel multi-head self-attention gated spatiotemporal graph convolutional network (MSGSGCN) for
traffic speed prediction. The MSGSGCN model mainly consists of the Node Correlation Estimator
(NCE) module, the Time Residual Learner (TRL) module, and the Gated Graph Convolutional
Fusion (GGCF) module. Specifically, the NCE module aims to capture the dynamic spatiotemporal
correlations between nodes. The TRL module utilizes a residual structure to learn the long-term
temporal features of traffic data. The GGCF module relies on adaptive diffusion graph convolution
and gated recurrent units to learn the key spatial features of traffic data. Experimental analysis on
a pair of real-world datasets indicates that the proposed MSGSGCN model enhances prediction
accuracy by more than 4% when contrasted with state-of-the-art models.

Keywords: traffic speed prediction; deep learning; graph convolutional network (GCN); multi-head
self-attention; temporal convolutional network (TCN); convolutional neural network (CNN)

1. Introduction

Traffic prediction is the core of modern Intelligent Transportation Systems (ITS). By
collecting massive data to train and predict, immediate and precise predictions of traffic
conditions can effectively assist transportation agencies in shaping their traffic strategies [1],
improve road operation efficiency, and reduce the occurrence of urban road congestion
and accidents.

Traffic prediction is based on historical records of multiple nodes distributed in the
road network to predict future traffic conditions [2]. Nevertheless, as a result of the uneven
configuration of the city’s road network structure, traffic flow data have complex temporal
and spatial correlations. There are currently several issues in research in this area:

• Dynamic correlation between nodes. In previous studies, the correlation between nodes
was often described using a static adjacency matrix, but in reality, the relationship
among intersections within the traffic grid fluctuates over time. As shown in Figure 1,
residents departing from a residential area to work in an industrial area often choose
the route marked with a blue arrow due to its shorter distance. However, if a traffic
accident occurs on this section, rendering it impassable, residents would be forced
to choose the route marked with a yellow arrow to reach the industrial area. During
this process, the originally strong correlation between nodes 1 and 2 would weaken or
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even become irrelevant. Therefore, learning the dynamic spatiotemporal correlations
between nodes is very necessary.

• Oversmoothing problem of graphs. Although existing models have achieved relatively
good results in traffic prediction using deep graph neural networks, deep graph neural
networks gradually lose the graph structure and node feature information, leading
to a decline in network performance. Therefore, it is necessary to forget irrelevant
information layer by layer progressively.

• Long-term temporal feature extraction. Traffic data are not only influenced by short-
term traffic conditions but also by long-term time dependence, such as people using
a certain road to commute to work and returning home at the end of the day. On
workdays, traffic congestion on the road significantly increases during morning and
evening rush hours. However, on weekends or holidays, as most people do not go to
work, the traffic flow on this road will be reduced and congestion will be significantly
reduced. Therefore, observing the traffic data of this road over a long period will
reveal clear cyclical changes in traffic flow and congestion.
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Figure 1. Spatiotemporal correlation between road network nodes.

At present, there have been many studies on traffic prediction, but these methods
still cannot account for the dynamic correlations between traffic nodes and complex spa-
tiotemporal features. In these models, CNN [3] and GCN [4] are commonly used to extract
spatial features from traffic data. However, the structure of traffic networks often exhibits
asymmetric and irregular properties, and the CNN is limited by its inability to process
non-Euclidean data. Therefore, the GCN has been subject to deeper investigation for
handling traffic data, but deep GCN networks suffer from oversmoothing issues. Existing
models often adopt residual connections to mitigate the oversmoothing issue, but this
can increase the dependency between layers, resulting in an inability to learn sufficiently
useful feature representations. Additionally, to learn temporal features, the Recurrent
Neural Network (RNN) [5] and its variants are typically used, whereas TCN [6] has a better
ability to learn long-term temporal features through the use of causal convolutions and
dilated convolutions. However, in typical models, using only a single TCN is incapable of
capturing the multi-level temporal features and patterns in the data [7].

Additionally, many recent models have adopted the self-attention mechanism from
the Transformer architecture to enhance the processing efficiency of long sequential data
and effectively capture the spatiotemporal correlations in the road network. Although
this method is more effective at capturing the dynamic spatiotemporal correlations of
the road network compared to static adjacency matrices, when dealing with missing or
sparse sensor data within traffic flow data, the attention mechanism within the Transformer
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architecture may not fully utilize local information. Moreover, this approach is prone to
overly concentrating attention on certain nodes while neglecting important information,
which can lead to a decrease in prediction performance [8].

Therefore, to solve the above problems, this study proposes the MSGSGCN model.
The TRL module is used to learn the temporal information in traffic data, and the GGCF
module is built by combining gated fusion with an adaptive graph diffusion network to
learn the spatial information in the traffic data. The NCE module has been designed to
learn the hidden spatiotemporal correlation between nodes. Our main contributions are
as follows:

• The NCE module is constructed in this paper to learn the dynamic spatiotemporal
correlation between nodes using the matrix dot product after linear transformation
and the multi-head self-attention mechanism.

• The time residual learner module is designed to learn long-term sequence information
in traffic data, while the gated graph convolutional fusion module is used to effectively
learn spatial information in traffic data and filter out useless information during the
iterative process.

• This study leverages two authentic traffic datasets, METR–LA and PEMS–BAY, to
validate the predictive performance of the novel MSGSGCN model presented. The
empirical findings indicate that the model outshines eight reference models in various
forecasting challenges.

The subsequent sections of this paper are structured as follows. Section 2 introduces
classic methods for traffic prediction. Section 3 introduces the problem definition and the
construction of the MSGSGCN model. Section 4 compares the performance of the proposed
model with eight classical models on the METR–LA and PEMS–BAY datasets. Section 5
discusses the limitations of the model and future prospects.

2. Related Work
2.1. Traffic Speed Prediction with Classical Statistical Models

The traffic speed prediction problem can be regarded as a time series prediction
problem. Ahmed [9] first applied the autoregressive integrated moving average (ARIMA)
model, a time series prediction model, to the traffic-prediction problem. However, the
ARIMA model assumes that the data are stable and exhibit linear relationships, while
actual traffic data consist of various complex nonlinear relationships [10–12]. In response
to this limitation, Williams et al. [13] considered the influence of upstream sensors on
downstream sensors and proposed a seasonal autoregressive moving average model for
discrete interval traffic flow data prediction. They demonstrated that this model can be
applied to actual traffic data. However, the model assumes that the influence from upstream
to downstream is fixed and stable, failing to capture the dynamic changes that often occur
between upstream and downstream traffic. These statistical models, including ARIMA and
the seasonal autoregressive moving average model, assume that traffic data are stable and
overlook the presence of complex nonlinear relationships in actual traffic data [14–16].

2.2. Traffic Speed Prediction with Traditional Machine Learning

Due to the limitations of traditional statistical models, researchers have turned to
machine learning models for traffic data processing and prediction. Compared to traditional
statistical models, machine learning models have shown better capabilities in addressing
the uncertainty and nonlinearity of traffic data. They possess stronger abilities in modeling
nonlinear relationships, adaptability, flexibility, data processing, handling large-scale data,
and learning comprehensive features. These advantages enable machine learning models
to perform better in complex tasks such as traffic prediction.

The most representative of them is the K-nearest neighbor (KNN) algorithm. Davis et al. [17]
constructed the KNN traffic-prediction model for the first time, but the calculation cost was
not ideal in the calculation process, and the operation efficiency was not ideal. Another
machine model used in traffic prediction is the support vector machine (SVM) [18], but it is
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still difficult to find the optimal parameters when dealing with a large amount of data, and
the training efficiency and accuracy of the model are not high.

With the improvement in intelligent road detection equipment, the scale of traffic flow
data is growing rapidly. However, traditional machine learning methods cannot handle
these large-scale datasets well because they struggle to capture complex spatiotemporal
correlations in the data [19,20]. In addition, these models usually adopt shallow architec-
tures and require manual feature selection, and these problems make it difficult to cope
with the traffic-prediction task in big data scenarios.

2.3. Traffic Speed Prediction with Deep Learning

The breakthrough of deep learning within computer vision [21] and natural language
processing [22] has captured the interest of those researching transportation. Because deep
learning technology can capture its hidden characteristics from raw data [23], it overcomes
the need for manual parameter setting in traditional machine learning methods, which
makes deep learning technology able to simulate complex spatiotemporal patterns in traffic
prediction. In recent years, deep learning-based methods have been widely used in the
field of transportation and can achieve excellent results in many traffic-prediction tasks.

The purpose of traffic prediction with deep learning techniques is to learn the spa-
tiotemporal correlation in the data. Therefore, deep learning-based traffic-prediction models
are typically segregated into two parts: one to model the temporal relationship and the
other to model the spatial relationship.

In the early days of using deep learning techniques to deal with traffic-prediction
problems, RNN was widely used to extract temporal dependencies in traffic data. By
introducing recurrent connections inside the network, RNN can handle modeling and
prediction tasks for sequential data, including traffic flow, speed, and congestion. However,
the traditional RNN suffers from problems such as “vanishing gradient” and “exploding
gradient”, which limit its performance in modeling long-term dependencies [24]. To
overcome these problems, Long Short-Term Memory (LSTM) [25,26] and Gated Recurrent
Unit (GRU) [27,28] have been introduced into the traffic-prediction task. LSTM and GRU
add a gating mechanism to RNN, which can better capture long-term dependencies.

The CNN [29] is also widely used to extract spatial dependencies from traffic data.
CNN can effectively capture spatial features in traffic data through convolution operations;
however, traditional CNN is designed based on image data with Euclidean structure
and cannot be directly applied to deal with spatial dependencies in traffic data. To solve
this problem, the GCN [30,31] has been proposed to deal with data with non-Euclidean
structures, such as traffic networks. The GCN can perform convolution operations on the
graph structure to extract the feature representation of nodes by aggregating their neighbor
information. Because the GCN performs very well in dealing with irregular graph data, a
large number of subsequent studies have been carried out based on graph neural networks.

To more effectively extract spatiotemporal features in traffic data, the T-GCN [32] uses
GRU and GCN to capture spatiotemporal correlations but still requires a pre-constructed
adjacency matrix. The STGCN [33] combines convolutional networks and graph convolu-
tional networks to form spatiotemporal graph convolutions, but it is difficult to capture
long-term dependent features. On this basis, the ASTGCN [34] divides time series into
adjacent, daily, and weekly features and adds spatiotemporal attention mechanisms but still
cannot model dynamic graph data. The DCRNN [35] simulates spatial dependence using
diffusion convolutional recurrent neural networks, but it is easy to overlook global graph
structure information. Graph WaveNet [36] uses gated units to control information flow
based on the DCRNN model but does not consider spatiotemporal correlations between
nodes. The STSGCN [37] constructs a local spatiotemporal graph and stacks numerous
spatiotemporal processing layers for feature manipulation, but the computational complex-
ity is relatively high. Although these models consider the spatiotemporal characteristics
of traffic data, the fusion of spatiotemporal features is not ideal, and the spatiotemporal
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relationships between road network nodes have not been well explored. Table 1 shows a
comparison of classic spatiotemporal models.

Table 1. Comparison of classic spatiotemporal models.

Model Type Model Advantage Disadvantage

Classical Statistical Model ARIMA [9] Earlier models for dealing with
time series problems.

Struggles to handle complex
nonlinear issues.

Traditional Machine Learning KNN [17] Easy to understand
and implement.

Unable to handle
high-dimensional data.

SVM [18] Can handle medium- to
small-sized datasets.

Computational performance is
suboptimal when handling

large datasets.

Classic Deep Learning Method

T-GCN [32] Spatiotemporal characteristics of
traffic data are considered.

A pre-built adjacency matrix
is required.

STGCN [33] The receptive field of CNN
is improved.

Difficult to capture long-term
dependency features.

ASTGCN [34]
Time series is divided into
neighboring features, daily

features, and weekly features.

It cannot simulate dynamic
graph data.

DCRNN [35] Traffic movement is modeled as a
process of dispersion.

Global graph structure
information is ignored.

Graph WaveNet [36] The gating unit is used to control
the information flow.

The spatiotemporal correlation
between nodes is not considered

STSGCN [37] Combines adjacent time steps into
a new adjacency matrix. High complexity.

The proposed model. MSGSGCN

Learns the dynamic
spatiotemporal correlations and
long-term temporal patterns in

the road network.

The impact of external factors in
the real world, such as weather
and holidays, is not considered.

Compared to these models, the MSGSGCN considers the spatiotemporal heterogeneity
of traffic data, dynamically learns the spatiotemporal correlations between nodes, and
efficiently captures long-distance spatiotemporal features to achieve more accurate predic-
tion accuracy.

3. Methodology
3.1. Problem Definition

The traffic-prediction problem is to predict future traffic data based on historical
traffic data. This task can be viewed as a forecasting challenge for multivariate time series,
enriched by some pre-existing understanding. The graph structure G is the prior knowledge
describing the spatial structure of the road network.

Definition 1. This paper defines a certain road network as G = (V, E, A), where |V|= N represents
different nodes of the road network (e.g., sensors) and E represents edges, which represent the
connection relationship between nodes. A ∈ RN×N is an adjacency matrix representing the spatial
relationship between nodes (e.g., spatial distance or adjacency).

Definition 2. The formula definition of traffic prediction can be expressed as follows: given P
time steps of historical data X =

(
X1, X2, · · · , XP), X ∈ RN×P×F, predict T time steps of future

data Y =
(

YP+1, YP+2, · · · , YP+T
)

, Y ∈ RN×T×F
′
, and F

′
and F denote the historical and

predicted feature dimensions, respectively.

3.2. Overview

In this section, the overall architecture of MSGSGCN is introduced initially, followed
by an introduction to the structure of the related components of the model.

The architecture of the model proposed in our study is depicted in Figure 2, including
the NCE module to assess the interconnectivity among nodes and several spatiotemporal
modules to capture the spatiotemporal characteristics of traffic data. Each module contains
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a TRL module for capturing long-distance temporal dependencies, as well as a GGCF
module for spatial information learning and spatiotemporal fusion.
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between traffic nodes. The light green region is used to learn the spatiotemporal features in the
traffic data, specifically, the yellow module is for learning temporal features, while the gray region is
for learning spatial features. Historical data from the past P time steps are inputted to MSGSGCN
through linear transformation to obtain the predictions for T time steps.

3.3. Node Correlation Estimator

There is a spatiotemporal correlation among different nodes in a road network. It is
crucial to learn the correlation between each node and explain its causal relationship for
accurate traffic prediction. For instance, Dynamic Time Warping (DTW) [38] measures the
similarity between two time series by calculating the minimum distance between them, but
it has low computational efficiency and suboptimal performance.

While the standard self-attention module can also calculate the spatiotemporal cor-
relation between nodes, it faces the issue of sparse attention distribution, which often
leads to the model overlooking some important information. Therefore, in the NCE model,
by integrating a similarity evaluation module that is primarily composed of dot product
operations, the ability of the model to learn key information can be enhanced, avoiding an
overly concentrated attention distribution on certain nodes.

The model first processes the input signal X ∈ RN×P×F through a linear layer and
smooths the two linear processing results with BatchNorm and ELU activation functions.
Then, it passes them through a separate linear layer, respectively, and multiplies the
resulting matrices in parallel, activating the result with LeakyRelu. The multiplied result is
then input into the multi-head self-attention module for further processing. In the multi-
head self-attention module, three subspaces can be generated, including Query vector Q,
Key vector K, and Value vector V . The process of learning peripheral node features can be
expressed as follows:

Q = XWQ, K = XWK, V = XWV (1)

where the relevance is calculated by computing Q and K for the dot product, and softmax
is used to calculate the attention weight:

Attention(Q, K, V) = so f tmax
(

QKT
√

dk

)
V (2)

where dk represents the dimension size of K. This division is called scaling, and it helps to
stabilize the gradients during model training.



Symmetry 2024, 16, 308 7 of 22

To enhance the fitting performance, this paper further employs multi-head self-
attention, concatenating individual attention results to obtain the following:

Xmulti= Concat (head1, . . . , headh)Wa (3)

where head i = Attention (Qi, Ki, Vi) resents the attention weight calculation results of
different heads. When using more heads to jointly focus on inputs from different represen-
tation subspaces, the model can learn more diverse latent information.

After using multi-head self-attention, the results are normalized by a layer norm, and
the learning results of node correlation are multiplied with the original input Hadamard
through the linear layer, which is equivalent to adding the embedding of node correlation
to the original input and constructing the residual structure with the original input. Figure 3
shows the structure of the Node Correlation Estimator.
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⊕
indicates element-wise addition.

3.4. Spatiotemporal Module
3.4.1. Temporal Residual Learner

One-dimensional temporal convolution makes it easy to forget important information
when dealing with long-term time dependencies. RNN can capture long-term dependency
but has large computational consumption and is difficult to parallelize. Compared with
the traditional model, the convolution method used by TCN is dilated causal convolution.
The improved model has the advantages of parallel computing, long-term dependence
modeling, stable gradient propagation, and flexibility in processing time series data, which
can flexibly and effectively learn long-term time series features.

Although the TCN has advantages in extracting long-term temporal features, a single
TCN may find it difficult to capture subtle distinctions in long-term temporal dependencies.
However, combining multiple TCNs can significantly enhance the model’s learning ability,
thereby capturing features and patterns at multiple levels of the data. Therefore, this
paper employs multiple TCNs to construct a residual structure to capture deeper temporal
characteristics. The overall framework is shown in Figure 4.
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The expression for the Temporal Residual Learner can be expressed as follows:

X f ilter = Tconv(Xmulti) (4)

Xgate = Tconv(Xmulti) (5)

Xres = Tconv(Xmulti) (6)

Xtemp = LeakyReLU
(

Xres + ELU
(

X f ilter
)
⊗ ELU

(
Xgate)) (7)

where Tconv denotes the dilated causal convolution operation, and⊗ denotes the Hadamard
product. Compared to a single TCN module, the TRL module can more effectively learn
time features of different layers and models through residual connections of multiple
TCNs and reduce gradient attenuation to enhance the model’s ability to learn long-term
time features.

3.4.2. Adaptive Diffusion Graph Convolution Network

The advantage of a graph neural network is that it can effectively learn non-European
spatial structure, but ordinary graph convolution is only suitable for undirected graph
structure. Suppose input signal X ∈ RN×F and an adjacency matrix A ∈ RN×N . The
diffusion graph convolution proposed by Li et al. [35] can effectively learn the directed
graph structure:

Z =
K

∑
k=0

Pk
f XWk + Pk

bXWk (8)

where the forward transition matrix is P f = A/rowsum(A), the backward transition matrix
is Pb = AT/rowsum

(
AT), and K is the diffusion order.

In addition, in the real world, many graph data are dynamic, nodes and edges may
change over time, and a fixed graph structure cannot directly adapt to this dynamic nature.
In order to make up for the shortcomings of the fixed adjacency matrix and reduce the
impact of missing data on prediction results, the adaptive adjacency matrix is introduced:

∼
Aadp = So f tMax

(
ReLU

(
E1ET

2

))
(9)

where E1, and ET
2 are learnable matrices. Finally, graph convolution can be expressed

as follows:

Z =
K

∑
k=0

Pk
f XWk1 + Pk

bXWk2 +
∼
AadpXWk3 (10)
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where Wk1, Wk2, Wk3 are the learnable parameters, respectively.

3.4.3. Gated Graph Convolutional Fusion

Although deep GCN networks have a stronger capability in extracting spatial fea-
tures and can integrate more information between distant nodes, capturing long-distance
dependencies between nodes, they suffer from the oversmoothing problem, where with
increasing layers, different nodes tend to exhibit similar features, losing distinctiveness.
Therefore, this paper employs a recurrent gating mechanism to control the propagation of
information in deep GCNs by discarding irrelevant information layer by layer to enhance
the model’s ability to mine deep spatial features. This approach effectively avoids excessive
dependencies between layers compared to ordinary residual methods.

As shown in Figure 5, this paper uses a gating structure similar to GRU in the process
of information transmission. By gating the control input and the processing results of the
adaptive graph diffusion network, GCN can reduce the transmission of useless information
and improve the calculation accuracy in the process of information transmission.
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The expression of Gated Graph Convolutional Fusion can be expressed as follows:

z = σ
(
WzxXtemp + Wzg

[
GCN

(
Xtemp, A

)])
(11)

r = σ
(
WrxXtemp + Wrg

[
GCN

(
Xtemp, A

)])
(12)

s = ReLU
(
Wsx

[
GCN

(
Xtemp, A

)]
+ Wsg

(
r ∗Xtemp)) (13)

h = z ∗Xtemp + (1− z) ∗ s (14)

where Xtemp denotes the processing result of the above TRL module, and
[
GCN

(
Xtemp, A

)]
denotes the Adaptive Diffusion Graph Convolution operation. σ is the activation func-
tion Sigmoid.

Two gating units, z, and r, activated with Sigmoid, are used to control how the previous
information is updated at the current time and to control whether the previous information
should be ignored at the current time, respectively. Controlling the retention and update of
information can help GCNs process spatial information faster and more efficiently, avoiding
the oversmoothing issue caused by multiple graph convolutions and enabling the model to
simulate the spatial structure of real road networks.
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3.4.4. Loss Function

Use Mean Absolute Error (MAE) as the loss function, where m represents the number
of samples, yi and ŷi represent the actual value and the model predicted value, respectively.

Loss = 1
m

(
m
∑

i=1
|yi − ŷi|

)
(15)

3.5. Training Process

During the training process, it is necessary to optimize all parameters in the MSGSGCN
using gradient descent. In order to present the training process of the model more clearly,
Algorithm 1 shows the training process of the model parameters.

Algorithm 1: Training process of MSGSGCN.

Input: Training set Ptrain.
Pre-defined adjacency matrix A ∈ RN×N .
Historical data X =

(
X1, X2, · · · , XP), X ∈ RN×P×F .

Output: Trained MSGSGCN model.

1. Set model hyperparameters;
2. repeat
3. randomly sample a batch {X, Y} from Ptrain;
4. Xmulti ←X using Equations (1)–(3);
5. Xtemp ←Xmulti using Equations (4)–(7);
6. h← Xtemp using Equations (11)–(14);
7. Ŷ←F (h) utilizes residual and linear transformations;
8. compute Loss using Equation (15);
9. θ←θ − α∇θLoss update learnable parameters using gradient descent;
10. until reaching the stopping condition.
11. Output the trained MSGSGCN model.

In Algorithm 1, θ represents the trainable parameters in the traffic-prediction model,
with gradients denoted as∇θLoss and the learning rate as α. The algorithm takes historical
traffic data and a pre-defined adjacency matrix as inputs and iteratively learns to select the
optimal model parameters for output.

4. Experiments

In this section, two datasets are employed to validate the performance of MSGSGCN.
The casting details are provided below.

4.1. Datasets

This paper performs experiments on two highway datasets, METR–LA and PEMS–
BAY [35]. METR–LA is provided by the Los Angeles City Transportation Bureau and the
University of Southern California, and PEMS–BAY is from the Bay Area of California. The
specific information is shown in Table 2.

Table 2. Dataset information.

Dataset METR–LA PEMS–BAY

Area Los Angeles Bay Area of California
Nodes 207 325

Time interval 5 min 5 min
Target Speed Speed

Start time 1 March 2012 1 January 2017
End time 27 June 2012 30 June 2017
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• METR–LA. The METR–LA dataset is an open dataset for traffic speed prediction. The
dataset collects data from 207 sensors on the freeways of Los Angeles from March to
June. Figure 6a presents the dataset through a visual graph.
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• PEMS–BAY. The PEMS–BAY dataset contains data collected from 325 nodes from
January 2017 to June 2017. Figure 6b presents the dataset through a visual graph.

4.2. Experimental Setup
4.2.1. Data Splitting

The dataset was split into three parts for training, validation, and testing, following
a proportion of 70%, 10%, and 20%, respectively. The training set was used to train the
model, the validation set was used to adjust model hyperparameters and evaluate the
model’s performance on unseen data, and the testing set was used to evaluate the model’s
generalization ability on unknown data. The optimal model parameters were selected
based on the minimum error on the validation set, and then the model was tested on the
testing set.

4.2.2. Hyperparameter Settings

In the experiments, Pytorch 1.6.1 was used to implement the experiments on a graphics
card with 8 GB memory; the graphics card used NVIDIA GeForce RTX 3070, the batch size
was set to 64, Adam was used to optimize, and the learning rate was 0.001. The dropout
rate was set to 0.3 to prevent overfitting. Note that the number of heads in the METR–LA
dataset and PEMS–BAY dataset was set to 4.

4.3. Baseline Models and Evaluation Metrics
4.3.1. Evaluation Metrics

This study used four error metrics to evaluate the prediction effect of MSGSGCN.
These are MAE, Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE),
and Mean Hassanat Distance (MHD) [39]. Additionally, this study introduces the MHD as
an evaluation metric in the ablation experiments, as it is less sensitive to outliers and better
able to accurately assess model performance, where an MHD result closer to 0 indicates
a more ideal outcome. It should be noted that the dataset used in this paper consists of
vehicle speeds, which are all non-negative values. Therefore, a portion of the MHD formula
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used in the paper is specifically designed for non-negative values. The equations for MAPE,
RMSE, and MHD are as follows:

MAPE =
1
m

(
m

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣
)

(16)

RMSE = 2

√√√√ 1
m

(
m

∑
i=1

(yi − ŷi)
2

)
(17)

MHD =


∑
(

1− 1+min(yi ,ŷi)
1+max(yi ,ŷi)

)
m , min(yi, ŷi) ≥ 0

∑
(

1− 1+min(yi ,ŷi)+|min(yi ,ŷi)|
1+max(yi ,ŷi)+|min(yi ,ŷi)|

)
m , min(yi, ŷi) < 0

(18)

where the parameters and the loss mentioned in the previous context remain consistent.

4.3.2. Baseline Models

Eight traffic-prediction models are selected as baseline models to compare with the
proposed model. In the experiments comparing with these baseline models, this paper
references the parameter settings described in the baseline papers and relevant literature.

• ARIMA [9]. Integrating moving-average autoregressive models and using the differ-
ence to deal with time series problems.

• SVR [40]. Support vector regression, a commonly used time series analysis model.
• DCRNN [35]. Diffusion convolutional recurrent neural networks that learn spatiotem-

poral features using diffusion convolutions.
• STGCN [35]. Spatiotemporal convolutional models, combining graph convolutional

layers and convolutional sequences to learn spatiotemporal features.
• ASTGCN [34]. Time is divided into three parts: adjacent, daily, and weekly.
• STSGCN [37]. Three consecutive adjacent time slices are constructed into a local

spatial graph.
• CCRNN [41]. A hierarchical coupling mechanism is proposed to fuse the adjacency

matrices of different layers.
• ADN-FA [42]. The model is based on an Attention Diffusion Network (ADN) [43],

which is a decoder–encoder architecture and does not require any prior knowledge.
ADN-FA improves upon the original Dot-product Attention (DA) in the ADN model
by replacing it with Fast Linear Attention (FA).

4.4. Results
4.4.1. Comparative Experiment

Tables 3 and 4 display the comparative results of the model on two datasets.
To better evaluate the performance of the model, this paper includes a range of base-

line models: a statistical model ARIMA; a machine model SVR; classic spatiotemporal
models like DCRNN, STGCN, ASTGCN, STSGCN; and recently popular encoder–decoder
architecture models CCRNN and ADN-FA. The variety of baseline models helps us better
assess our model’s improvements.
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Table 3. Comparison experiments on the METR–LA dataset.

Data Models
15 min 30 min 60 min

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

M
ET

R
–L

A

ARIMA 3.99 8.21 9.60% 5.15 10.45 12.70% 6.90 13.23 17.40%
SVR 3.39 8.45 9.30% 5.05 10.87 12.10% 6.72 13.76 16.70%

DCRNN 2.77 5.38 7.30% 3.15 6.45 8.80% 3.60 7.60 10.50%
STGCN 2.88 5.74 7.62% 3.47 7.24 9.57% 4.59 9.40 12.70%

ASTGCN 4.86 9.27 9.21% 5.43 10.61 10.13% 6.51 12.52 11.64%
STSGCN 3.31 7.62 8.06% 4.13 9.77 10.29% 5.06 11.66 12.91%
CCRNN 2.85 5.54 7.50% 3.24 6.54 8.90% 3.73 7.65 10.59%
ADN-FA 3.02 6.01 8.20% 3.56 7.30 10.22% 4.31 8.70 12.61%

MSGSGCN 2.78 5.36 7.26% 3.14 6.32 8.67% 3.54 7.25 10.16%

Note: The bold data represents the best one within the same evaluation indicator.

Table 4. Comparison experiments on the PEMS–BAY dataset.

Data Models
15 min 30 min 60 min

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

PE
M

S–
B

A
Y

ARIMA 1.62 3.30 3.50% 2.33 4.76 5.40% 3.38 6.50 8.30%
SVR 1.85 3.59 3.80% 2.48 5.18 5.50% 3.28 7.08 8.00%

DCRNN 1.38 2.95 2.90% 1.74 3.97 3.90% 2.07 4.74 4.90%
STGCN 1.36 2.96 2.90% 1.81 4.27 4.17% 2.49 5.69 5.79%

ASTGCN 1.52 3.13 3.22% 2.01 4.27 4.48% 2.61 5.42 6.00%
STSGCN 1.44 3.01 3.04% 1.83 4.18 4.17% 2.26 5.21 5.40%
CCRNN 1.38 2.90 2.90% 1.74 3.87 3.90% 2.07 4.65 4.87%
ADN-FA 1.48 3.04 3.05% 1.87 4.12 4.16% 2.34 5.22 5.72%

MSGSGCN 1.33 2.84 2.80% 1.67 3.81 3.77% 1.97 4.53 4.61%

Note: The bold data represents the best one within the same evaluation indicator.

Using RMSE as the evaluation metric, on the METR–LA and PEMS–BAY datasets,
MSGSGCN reduces the error by 45.2% and 30.3%, respectively, compared to the statistical
model ARIMA, and by 47.3% and 36.0%, respectively, compared to the machine model SVR.
Compared with classic spatiotemporal graph neural networks such as DCRNN, STGCN,
and STSGCN, the reduction is 4.6%, 22.9%, and 37.8%, respectively, while on the PEMS–
BAY dataset, the reduction is 4.4%, 20.4%, and 13.1%, respectively. Additionally, compared
to the encoder–decoder structure-based ADN-FA model, there is also a reduction in error
of 16.7% and 13.2%. Furthermore, Figure 7 presents the visualization comparison of model
performance for prediction step lengths of 15, 30, and 60 min.

In Figure 7, it can be seen that as the prediction time steps increase, the predic-
tion difficulty also increases, and the prediction errors of all models show an upward
trend. However, the MSGSGCN still performs well in medium- and long-term prediction
performance. Additionally, the experimental results also show that due to the limited
processing ability of traditional machine models in handling realistic and complex traffic
data, deep learning models generally outperform machine learning models, indicating that
deep learning has stronger modeling ability in traffic speed prediction tasks. In addition,
decoder–encoder-based models perform well in long-range prediction tasks, such as pre-
dicting for a 60 min time horizon. This is because this structure exhibits good parallelism,
which provides significant advantages in handling longer time series data.
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Compared to the proposed models, the listed baseline models still have shortcomings.
STGCN and DCRNN have relatively weak modeling ability for long-term dependencies and
suffer from gradient explosion problems. Although the ASTGCN captures the importance
of spatiotemporal features using attention mechanisms, it cannot adaptively construct
the graph structure. Although the STSGCN constructs a local spatiotemporal graph to
learn spatiotemporal features of multiple time steps, its ability to model node dynamics
is limited. Although the CCRNN constructs a hierarchical coupling mechanism, it still
fails to effectively learn the correlation between nodes. Although the ADN-FA constructs a
structure similar to a Transformer to learn long-distance temporal dependencies, the fusion
of spatiotemporal features is not ideal. In contrast, the MSGSGCN learns the spatiotemporal
correlation between nodes and deeply mines the long-term dependent temporal features
and deep spatial features, resulting in good prediction performance.

4.4.2. Visualization

To provide a more intuitive understanding and evaluation of the model, Figure 8
features a well-crafted chart that visualizes the correlation between the model’s predicted
results and the actual data points. To demonstrate the model’s generalization capability, we
randomly selected 2 nodes from each dataset (nodes 5 and 16 from the METR–LA dataset
and nodes 8 and 66 from the PEMS–BAY dataset) and depicted their comparative data
across different time steps, showcasing the precision of the model’s predictions. The model
fits the real data well and has a robust predictive ability for peaks and troughs in traffic,
indicating that the model can effectively forecast variations in traffic data. Notably, the
model does not attempt to overfit some noise in the data. For instance, in the METR–LA
dataset, there are some outliers present in the original data; hence, outlier values were
replaced with 0 during data preprocessing. Nonetheless, our model does not force-fit to
noisy data and can predict traffic flows accurately.
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5 in the METR–LA dataset. (b) Visualization of node (sensor) 16 in the METR–LA dataset. (c) Visu-
alization of node (sensor) 8 in the PEMS–BAY dataset. (d) Visualization of node (sensor) 66 in the
PEMS–BAY dataset.
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4.4.3. Ablation Study

To assess the efficiency of different modules, a comparison of the following variants
was conducted using the METR–LA dataset.

• NNCE. The node correlation estimator module is removed, and the feedforward
network is used instead.

• NTRL. The TRL module is removed, using only a single TCN with ELU activation.
• NGC. The Gated Graph Convolutional Fusion module is removed, and only Adaptive

Diffusion Graph Convolution is used.

Table 5 presents the average results of the multi-step ablation experiments, where
MSGSGCN has the lowest errors in 15 min, 30 min, and 60 min time-step predictions,
indicating that the addition of the NCE module enables the model to better learn the
dynamic correlations among nodes and improve the accuracy. Removing the TRL module
significantly reduces the model’s ability to learn long-term traffic data, while removing
the Gated Graph Convolutional Fusion module leads to the inclusion of too much useless
information during the computation process, making it difficult for the model to learn
useful information and hence decreasing the prediction accuracy. Furthermore, the MHD
evaluation results show that the MSGSGCN maintains good predictive performance across
all forecast time steps, indicating that the model possesses a robust noise resistance capa-
bility. To illustrate the accuracy improvement more clearly, Figure 9 shows the multi-step
error value change.

Table 5. Comparison of ablation experiments.

Ablation
15 min 30 min 60 min

MAE RMSE MHD MAE RMSE MHD MAE RMSE MHD

NNCE 2.604 4.897 0.1662 2.867 5.625 0.1699 3.188 6.460 0.1743
NTRL 2.569 4.770 0.1657 2.810 5.423 0.1692 3.111 6.209 0.1735
NGC 2.565 4.771 0.1656 2.813 5.428 0.1692 3.122 6.212 0.1736

MSGSGCN 2.558 4.739 0.1655 2.797 5.392 0.1690 3.093 6.155 0.1732

Note: The bold data represents the best one within the same evaluation indicator.
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The significance of removing the contrastive complexity of models is that it helps us
understand the contributions and roles of different components of models, optimize model
performance, and provide more effective guidance for model design and application. To
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explore the impact of the improved module on model complexity, Table 6 compares the
total number of model parameters, model computational power (FLOPs), training time per
epoch, and inference time of the ablation model.

Table 6. Comparison of ablation model complexity.

Ablation Total Params
(Units) FLOPs (M) Training Time

(s/epoch) Inference Time (s)

NNCE 299,620 18,143.29 63.4374 2.3665
NTRL 279,024 15,338.2 58.5805 2.2593
NGC 305,968 13,927.34 40.2114 1.7264

MSGSGCN 312,304 18,159.91 64.8359 2.4975

It can be seen in Table 6 that the removal of the ablation module decreases the com-
plexity and computation time of the model decrease. Among them, the removal of the
Gated Graph Convolutional Fusion module greatly reduces the computational complexity
of the model, which is mainly because this module cycles in the spatiotemporal module. It
is worth noting that the NCE module has the least impact on the computational complexity
of the model, and its corresponding ablation model also has a good prediction accuracy,
indicating that adding this module can effectively improve the prediction accuracy of
the model.

4.4.4. Parameter Sensitivity

The number of heads in the multi-head self-attention mechanism is also an important
parameter, which controls how many heads the input feature map is divided into and
computed in parallel. The selection of the number of heads can affect the effect of multi-head
self-attention. Experiments were carried out on the datasets METR–LA and PEMS–BAY
with the number of heads being 1, 2, 4, 8, and 16, and the results are shown in Figure 10.

Figure 10. Multi-head self-attention head number experiment.

It can be obtained from Figure 10 that both too many heads and too few heads have a
great influence on the experimental results. When the number of heads is too large, too
many heads will lead to low computational efficiency and prone to overfitting. When the
number of heads is too small, too few heads will lead to insufficient representation power
and prone to underfitting. Therefore, after comprehensively comparing the experimental
results of the two datasets, the number of heads was set to 4 in both the METR–LA dataset
and the PEMS–BAY dataset in this study.
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4.5. Discussion

In the experimental comparison in Section 4.4, it can be observed that our proposed
MSGSGCN significantly improves the accuracy of the model prediction. Compared to
other baseline models, the MSGSGCN can effectively learn long-distance spatiotemporal
information by capturing the spatiotemporal correlation between nodes. Furthermore, in
the visualized fitting graph, it can be seen that our model does not deliberately fit the noise
in the dataset. Additionally, the efficacy of the proposed module was verified through
ablation experiments, and suitable parameter settings were determined via comparative
testing. Overall, the MSGSGCN performs excellently in traffic data prediction perfor-
mance. Figure 11 shows a visual representation of the accuracy improvement in the model
compared to the baseline model.
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5. Conclusions

In this paper, we propose a multi-head self-attention gated spatiotemporal graph
convolutional network. We construct a node correlation estimator using multi-head self-
attention and linear transformations to learn the dynamic spatiotemporal correlations
between nodes. Additionally, we design a novel spatiotemporal module to capture the
complex spatiotemporal information of traffic data, effectively capturing long-term traffic
patterns while ignoring irrelevant information. We validate the accuracy of our proposed
model using the METR–LA and PEMS–BAY datasets, and our results show an average
error reduction of 27.4% and 20.6%, respectively, compared to the eight baseline models.
However, the MSGSGCN still has the following shortcomings:

• In terms of computational efficiency, the GGCF module requires a longer training time
compared to the NCE module, and the accuracy improvement is not significant. This
is mainly because each gating unit needs to train many learnable parameters, whereas
the parameters for each spatiotemporal module layer are not shared.

• In terms of model generalizability, an adjacency matrix that describes the network
structure still needs to be constructed before training, which limits the model’s versa-
tility across different road networks.

• In terms of considering external factors, the model’s architecture does not sufficiently
take into account other external influences that affect network data, such as weather
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and holidays, which leads to the model’s inability to simulate real-world traffic pat-
terns accurately.

Therefore, in the future, we plan to explore the integration of additional external factor
learning modules and adaptive modules to enhance the model’s generalizability and to
utilize generic learnable parameters to reduce the model’s complexity, further boosting its
practical applicability.
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