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Traffic flow forecasting is an essential task of an intelligent transportation system (ITS), closely related to intelligent transportation
management and resource scheduling. Dynamic spatial-temporal dependencies in traffic data make traffic flow forecasting to be a
challenging task. Most existing research cannot model dynamic spatial and temporal correlations to achieve well-forecasting
performance. *e multi-head self-attention mechanism is a valuable method to capture dynamic spatial-temporal correlations,
and combining it with graph convolutional networks is a promising solution. *erefore, we propose a multi-head self-attention
spatiotemporal graph convolutional network (MSASGCN) model. It can effectively capture local correlations and potential global
correlations of spatial structures, can handle dynamic evolution of the road network, and, in the time dimension, can effectively
capture dynamic temporal correlations. Experiments on two real datasets verify the stability of our proposed model, obtaining a
better prediction performance than the baseline algorithms. *e correlation metrics get significantly reduced compared with
traditional time series prediction methods and deep learning methods without using graph neural networks, according to MAE
and RMSE results. Compared with advanced traffic flow forecastingmethods, our model also has a performance improvement and
a more stable prediction performance. We also discuss some problems and challenges in traffic forecasting.

1. Introduction

With the development of society and accelerated urbani-
zation, the demand for urban transportation is growing. *e
problems arising from traffic congestion and road planning
make it essential to have effective traffic management and
planning. *e rapid development of information technology
makes intelligent transportation systems (ITS) gradually
become an indispensable and critical part of urban trans-
portation. It can bring efficient traffic management, accurate
resource allocation, and traffic service support [1]. Advanced
ITS needs efficient traffic data processing, and modeling of
traffic data is the first task of ITS. Currently, there are
multiple data collection methods in intelligent trans-
portation, and the number of sensors deployed on the
roadways has increased significantly. *ese sensors recorded
information about vehicles passing through different road
nodes’ speed, flow, and size [2]. How to effectively process

and analysis these multidimensional data to use them further
for traffic prediction is an important research problem.

Traffic forecasting is an integral part of ITS, and timely
and accurate traffic forecasting information helps managers
make decisions and helps vehicle drivers choose smoother
road trips, which can alleviate or avoid problems such as
traffic congestion and traffic accidents [3]. Traffic flow
forecasting is a crucial task, aiming to use historical traffic
data from road networks to predict traffic flow in future time
steps [4]. Traffic flow forecasting can be divided into short-
term (within 30min) and long-term (over 30min) scales
based on the future length of the forecast in the time di-
mension. Traditional forecasting approaches are ineffective
in predicting medium- and long-term situations and only
have some advantages in short-term forecasting [5]. In
addition, traffic flow forecasting relies on sequential patterns
in the time dimension and road networks in the spatial
dimension. *e connectivity relationships between different
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road nodes can affect each other to influence the overall
prediction accuracy [6]. Traffic flow is highly dynamic and
spatial-temporal correlated as it changes with time and space
and is a nonlinear problem that combines complexity and
uncertainty.

For traffic flow forecasting problems, the existing re-
search approaches can be divided into three categories which
are classical statistics-based models, traditional machine
learning-based models, and deep learning-based models.
Due to the massive data generation and growth in the
computing power of devices, the primary approaches for
traffic flow forecasting are gradually evolving into data-
driven deep learning methods [7]. Classical statistical-based
forecasting models use limited data for analysis, regression,
and optimization but fail to enable forecasting at large data
scales and long-term forecasting. Traditional machine
learning-based forecasting models mainly use machine
learning methods to mine historical traffic flow data trends
to predict future traffic status. But the complexity of his-
torical traffic flow data is not effectively handled, making it
impossible to achieve good prediction performance. Deep
learning-based forecasting models often utilize neural net-
work models, such as CNN and RNN, to model temporal
and spatial dependencies. *e overall performance of traffic
forecasting is improved compared with the previous two
approaches. Using deep learning has improved the overall
performance of traffic forecasting models, but it is not the
best solution yet. *e main reason is the lack of adequate
consideration of the spatiotemporal correlation of rapidly
growing traffic data and the complexity of traffic networks.

Traffic flow forecasting is vital for intelligent trans-
portation applications. Traffic flow data are mainly collected
by sensors on the road, with the dynamic influence of the
data collected by sensors between different location nodes in
a specific time interval. *erefore, modeling the traffic flow
forecasting problem is difficult due to the dynamic spatial-
temporal correlation of traffic flows. It makes timely and
accurate traffic flow forecasting very challenging. Exploring
the nonlinear and complex traffic data to capture the
temporal dependence and spatial dependence to get the
potential spatiotemporal patterns is an essential issue in
traffic flow forecasting [8].

Recently, graph neural networks (GNNs) [9] as a novel
deep learning method have received a lot of research and
attention due to their ability to directly model complex
relationships. Representing non-Euclidean data as graphs
with complex relationships and interdependencies between
objects, GNNs can be effective methods for solving complex
problems [10]. Graph neural networks are well suited for the
field of traffic forecasting. *e spatiotemporal correlation of
traffic data can be effectively handled using graph neural
networks, which can simultaneously deal with the temporal
dynamics and the complexity of road networks, significantly
improving the forecasting performance [11].

Although GNNs-based methods have achieved some
advantages in traffic flow forecasting, the ability to model
dynamic spatiotemporal correlation of traffic data is not
perfect. Most current studies have not addressed the highly
dynamic nonlinear spatiotemporal correlation challenges in

traffic flow forecasting. *e information on traffic data
observed at different nodes is not entirely independent and is
influenced by adjacent nodes and time steps, which are
dynamically correlated. Figure 1 illustrates the complex
spatial-temporal correlation, showing the spatial and tem-
poral dynamics in traffic forecasting. In subfigure 1(a), three
sensors in the road network are distributed in different ways,
and even though they are geographically close in the road
network, correlations do not always exist. *e data infor-
mation recorded by the sensors all differ. In subfigure 1(b),
the correlation between traffic conditions at different time
steps is different. For instance, sensor B is more correlated at
time step t + h + 1 and t − 1 than with the nearest time step.

As mentioned above, traffic flow data exhibit strong
dynamics and complexity in spatial and temporal dimen-
sions. An accurate traffic flow forecast will depend on the
effective treatment of spatiotemporal correlations in com-
plex nonlinear traffic data. We propose a multi-head self-
attention spatiotemporal graph convolutional network
(MSASGCN) model to address these issues. Our model can
effectively capture the potential spatial correlation and dy-
namic temporal features in the traffic road network. It can be
adapted to the dynamic changes of the road network and
used for traffic flow forecasting of different time lengths.

*e main contributions of this article are as follows.

(1) To address the challenge of spatial-temporal corre-
lation in traffic flow forecasting, we propose a novel
deep learning model, the multi-head self-attention
spatiotemporal graph convolutional network
(MSASGCN). It can learn the temporal and spatial
dependencies of dynamic traffic data and effectively
forecast traffic flow in different periods.

(2) We use GCN to construct a spatial correlation model
for road networks based on connection relations and
a multi-head self-attention mechanism to capture
the hidden spatial correlation between road net-
works and aggregate information among different
nodes. A temporal convolution module is added to
capture the dynamically changing temporal corre-
lations. And based on the periodic characteristics of
time series, an extended MSASGCN model is pro-
posed to handle better the traffic flow forecasting
problem with different temporal attributes.

(3) We conducted extensive experiments on real-world
datasets to verify the proposed model validity and
prediction performance. *e experimental results
show that our proposed model can achieve better
prediction performance than the baseline model. In
addition, this article concludes with a short de-
scription of some critical issues in traffic flow
forecasting research.

*e remainder of this article is as organized follows.
Section 2 introduces related work on traffic flow forecasting
and graph neural network models. Section 3 describes the
traffic flow forecasting problem, and Section 4 illustrates our
model (MSASGCN) in detail. Section 5 gives the experiment
description and analysis of the results. Section 6 provides
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some discussion to explain some potential problems in
traffic flow forecasting. Finally, we conclude in Section 7.

2. Related Work

In this section, we first provide a summary of research on
graph neural networks and then give an overview of recent
traffic flow forecasting research.

2.1. Graph Neural Networks. Graph neural network is a
novel model that captures graph dependencies through
message passing between graph nodes to solve complex
problems [12]. A new classification of graph neural networks
was made in [10], respectively, recurrent GNNs (RecGNNs),
convolutional GNNs (ConvGNNs), graph autoencoders
(GAEs), and spatial-temporal GNNs (STGNNs). Reference
[13] provided a comprehensive overview of the general
design process, application classification, and some open
problems for graph neural network models. Graph con-
volutional networks (GCNs) extend convolutional opera-
tions from traditional to graph data and are the foundation
of many complex graph neural network models [14]. *ere
are two categories of GCNs, spectral-based and spatial-
based. *e spectral-based approach introduced filters to
define the graph convolution from the perspective of graph
signal processing [15], while the spatial-based approach
represents the graph convolution as aggregating feature
information from the neighborhood [16]. To improve the
effectiveness of long-range information dissemination,
combining the gating mechanism of RNNs [17], such as
GRU [18] or LSTM [19], with graph neural networks is an
effective way. Gated graph neural networks (GGNNs) [20]
use GRUs in forwarding propagation to expand RNNs in
fixed time steps and compute gradients using a temporal
backpropagation algorithm. As research on graph neural
networks grows, combining them with other deep learning
techniques is becoming a trend. Attention mechanisms [21]
have been widely applied to sequence-based tasks, and

combining attention mechanisms with graph neural net-
works yields better aggregation capabilities, integrating in-
formation from various components. Graph attention
networks (GAT) [22] can efficiently handle the hidden states
of nodes and perform well in tasks such as semi-supervised
node classification. Apart from GAT, gated attention net-
work (GAAN) [23] can assign different weights to different
attention heads using additional soft gating computations.
Graph neural network models can be widely used, but some
methodological limitations, depth of model, dynamics, and
heterogeneity need to be further explored.

2.2. Traffic Flow Forecasting. Research on traffic flow fore-
casting is an evolutionary process, [24] provided a detailed
survey of urban traffic flow forecasting and analyzed some
representative methods. *e early traffic flow forecasting
methods were mainly based on statistics, such as historical
averages (HA) [25], time series methods [26], and Kalman
filters [27]. Autoregressive integrated moving average
(ARIMA) [28] and vector autoregressive (VAR) [29] are two
classical methods that both have good performance for time
series processing. Although these methods are helpful for
traffic flow forecasting, all of them have some limitations.
*e road network’s dynamic time dependence and spatial
dependence in traffic data cannot be effectively exploited.
*erefore, data-driven deep learning-based forecasting
methods gradually become popular and bring good per-
formance improvements. When a large amount of traffic
data is accumulated, [4] used deep neural networks to ex-
plore the intrinsic relationships hidden in them and improve
forecasting accuracy. Reference [30] proposed deep spatial-
temporal convolutional network (DSTCN) to learn the
spatial features of convolutional neural network and the
temporal features of LSTM, but it needs to convert the traffic
data into grid data. Reference [31] analyzed the data loss
problem in traffic data collection and proposed a recon-
struction method with low-rank matrix decomposition to
reconstruct road traffic data accurately. Reference [32]
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Figure 1: Dynamic spatial-temporal correlation in traffic forecasting. (a) Illustration of sensor distribution in the road network. (b) Dynamic
spatial and temporal correlation.
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designed an enhanced graph convolutional network based
on cross-attention fusion with better performance superi-
ority and robustness.

Due to the characteristics of road networks, graph neural
networks can directly model the road network and better
capture spatial-temporal correlations. Seo et al. [33] pro-
posed graph convolutional recurrent network (GCRN) to
extract the topology of traffic networks and find dynamic
patterns to optimize traffic forecasting. In [34], a combi-
nation of LSTM with graph convolutional networks is
proposed, the streaming graph convolutional long short-
term memory neural network (TGC-LSTM), which can
address the dynamic time variation and complex spatial
constraints of road networks. Reference [35] converted the
dynamic traffic flow modeling into a diffusion process that
can capture spatial dependencies using diffusion convolu-
tion operations. Reference [36] proposed the STGCN
method, which can model multi-scale traffic networks, ef-
fectively capture comprehensive spatial-temporal correla-
tions, and obtain better traffic forecasting results. Reference
[37] designed a learnable position attention mechanism that
can effectively aggregate information from adjacent roads
and better exploit local and global spatial-temporal corre-
lations. Guo et al. [38] used the attention mechanism for
traffic flow prediction and proposed an attentionmechanism
spatial-temporal graph convolutional network (ASTGCN),
which can extract temporal features more effectively to
improve forecasting performance. Inspired by the low-rank
representation and dynamic decomposition model, a low-
rank dynamic decomposition model for traffic flow fore-
casting [39] is proposed for effective short-term traffic flow
forecasting. An optimized graph convolutional recurrent
network for traffic forecasting was proposed in [40] to
improve the forecasting performance by learning the opti-
mized graph data-driven during the training phase to reveal
the potential relationships between road segments. Refer-
ence [41] considered road scalable and changing road
networks, combining continuous learning with GNNs, and
proposed the TrafficStream method. Reference [42] pro-
posed a hierarchical graph convolutional network (HGCN)
for traffic forecasting, which uses the road network’s natural
hierarchy to operate on micro and macro traffic maps to
achieve traffic forecasting. Reference [43] proposed the
spatial-temporal fusion graph neural network (STFGNN),
which integrates the fusion graph module with the gated
convolution module into one layer and can learn more
spatiotemporal dependencies to handle long sequence sit-
uations. Reference [44] proposed the transformer network
for traffic flow forecasting, which can jointly exploit dynamic
directional spatial dependence and long-term temporal
dependence to improve the forecasting accuracy. Consid-
ering the limitations of acquiring temporal and spatial de-
pendencies separately, [45] designed a spatiotemporal
synchronous modeling mechanism to construct the spatial-
temporal synchronous graph convolutional network
(STSGCN) to acquire complex local spatiotemporal corre-
lations. Reference [46] proposed the STGSA, a spatial-
temporal graph self-attention model, to learn graph-level
spatial embeddings using graph self-attention layers and

gated cyclic units integrated with RNN units to learn
temporal embeddings. Reference [47] proposed the graph
multi-attention network (GMAN) method, which applies an
encoder-decoder structure and can solve the error propa-
gation problem in forecasting. A multi-sensor data-corre-
lated graph convolutional network model is proposed in
[48], named MDCGCN, mainly designed with an adaptive
benchmark mechanism and multi-sensor data-correlated
convolutional blocks that can eliminate the differences be-
tween periodic data and capture dynamic spatial-temporal
correlations. Reference [49] proposed a multi-range atten-
tion bicomponent graph convolutional network that uses
bicomponent graph convolution to implement node and
edge interaction aggregate information about different
neighbors with a multi-range attention mechanism, and
automatically learns the importance of different ranges.
*erefore, the research of traffic forecasting approach based
on graph neural networks can be effective for the time and
spatial dependence and has some advantages for dynamic
changes. Our work is based on the attention mechanism and
combined with graph convolutional neural networks for
traffic flow forecasting.

3. Preliminaries

In our work, traffic flow forecasting issues using the graph
neural network approach require building the traffic net-
work and defining the forecasting problem representation
first. In addition, graph convolutional networks and at-
tention mechanisms are the essential parts of our approach,
and we give a brief description of them here.

3.1. ProblemStatement. We first need to construct the traffic
road network as a graph and illustrate the traffic flow
forecasting problem. Define the traffic network as an un-
directed graph G � (V, E, A), where V denotes a finite set of
nodes corresponding to the observations of N sensors in the
traffic network, |V| � N nodes, and E is the set of edges to
represent the connectivity of nodes. *e graph structure of
traffic data is shown in Figure 2, and each data node can be
considered a graph signal defined on Graph G. If vi and vj

are two nodes in V with a connection, then (vi, vj) is an edge
in set E. *ese connections between nodes can be described
by the adjacency matrix A � (Aij)

N×N ∈ RN×N. A is the
adjacency matrix constructed based on the distance rela-
tionship between different sensor distributions, which can
define and describe the relationships between different
nodes in the graph G. *e threshold Gaussian kernel ap-
proach is used to process the adjacency matrix A, where Aij

is the i, j − th element.

Aij �

exp −
d
2
ij

σ2
⎛⎝ ⎞⎠, if exp −

d
2
ij

σ2
⎛⎝ ⎞⎠≥ ε

0, otherwise

,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(1)

where dij denotes the distance between the sensors vi and vj,
σ is the standard deviation of the distance between each
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sensor node, and ε is a preset threshold value, which is taken
as 0.1.

In the traffic network, each node on G samples F ob-
servations at the same frequency, which means that each
node generates a feature vector of length F at each time step.
We use xi

t ∈ R
F as the value of all F features of node i at time

t, and Xt � (x1
t , x2

t , . . . , xN
t )T ∈ RN×F denotes the values of

all F features of all nodes at time t. *erefore, we can denote
the target feature value of all nodes predicted at time step t as
Yt � (y1

t , y2
t , . . . , yN

t )T ∈ RN×1. *e traffic flow forecasting
problem is to predict future traffic conditions based on
historical traffic data and the topology of the road network,
which can be summarized as follows. *e graph structure of
traffic data is shown in Figure 2, and sensors are represented
by nodes in the graph, allowing the acquisition of infor-
mation on traffic conditions at different times and spaces.

f Xt− F+1, Xt− F+2, . . . , Xt, A(  � Yt+1, Yt+2, . . . , Yt+M( , (2)

where Xt− F+1, Xt− F+2, . . . , Xt denotes historical traffic data,
and with the processing of function f, future traffic data
series Yt+1, Yt+2, . . . , Yt+M can be obtained, and A is the
adjacency matrix of graph G.*e crucial to the traffic
forecasting problem is the need to find the function f, the
traffic forecasting model, which maps the data series to the
future traffic data series.

3.2. Graph Convolutional Networks. Graph convolutional
network is a feature extractor for processing unstructured
data with strong advantages for non-Euclidean graph-
structured data processes. Suppose that a graph containing
each node ofK is given and the adjacencymatrix A ∈ Rk×k of
this graph is obtained. *e output of node i at layer l of the
GCN is represented here as hl

i, and h0
i represents the initial

state of node i at the time of input to layer 1 of the GCN. For
one l-layer GCN, l ∈ [1, 2, . . . , L], the final state of node i can
be expressed as hL

i . *e following (3) is the computational
procedure for the graph convolution of node i.

h
l
i � σ 

k

j�1
AijW

l
h

l− 1
i + b

l⎛⎝ ⎞⎠, (3)

where Wl is the linear transformation weight, bl is the
deviation term, σ represents the activation function, com-
monly used activation functions such as ReLU.

3.3. Attention Mechanism. *ere are three matrix inputs,
key K ∈ Rn×dk , query Q ∈ Rm×dq , and value V ∈ Rm×dv ,
where n and m represent the lengths of these two inputs, and
dk and dv represent the dimensional dimensions of the key
and value. *e attention mechanism is also set up with
multiple heads, each of which can pay attention to different
location information and learn different features. It com-
putes the weighted sum by calculating the key and value dot
product, and then normalizes it by SoftMax. And finally
using the value projection (V) output. *e concrete ex-
pression of the formula is as follows.

AttentionQ, K, V � SoftMax
QK

T

���
dK

 V. (4)

*e shape of Q is N × dq, which represents the matrix
consisting of query vectors of N nodes. *e shape of K is
N × dk, representing the matrix consisting of key vectors of
N nodes. *e shape of V is N × dv, representing the matrix
consisting of value vectors of N nodes. In traffic flow
forecasting with a spatial attention mechanism, it is nec-
essary to aggregate node information in the spatial di-
mension, for which parameters are shared between different
time steps.

3.4. Multi-Head Self-Attention Mechanism. *e multi-head
self-attention mechanism is mainly a process of multiple
groups of self-attention on the original input sequence. It is
worth noting that the process can be computed in parallel,
improving the efficiency of feature extraction. *en, each
group of self-attention results is concatenated, and then a
linear transformation is performed to obtain the final output
results.

Multi HeadQ, K, V � Concat head1, . . . , headh( W
O

. (5)

headi � Attention QW
Q
i , KW

K
i , VW

V
i . (6)

*e specific calculation is expressed as shown in (5) and
(6), where W

Q
i ∈ R

pq×dq , WK
i ∈ R

pk×dk , and WV
i ∈ R

pv×dv .
*e output of multi-head attention requires a linear
transformation, which corresponds to the result after con-
catenate h heads, and therefore, its learnable parameter is
WO

i ∈ R
po×hpv .

WO

head1
⋮

headn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ ∈ R
pO . (7)

Based on this design, each of the heads may focus on a
different part of the input and can represent more complex
functions than a simple weighted average.

Time

t – 1

t + h + 1

t

Figure 2: Graph-structured traffic data.

Journal of Advanced Transportation 5



4. Multi-Head Self-Attention Spatiotemporal
Graph Convolutional Neural Network

*is section describes our forecasting method by detailing
the modules that make up the multi-head self-attention
spatiotemporal graph convolutional network (MSASGCN)
model. We provide a detailed description of the multi-head
self-attention and graph convolution module, temporal
convolution module, and the extended MSASGCN. It can
effectively handle different temporal periods in historical
data.

4.1. Architecture of Model. *e architecture of our proposed
model is illustrated in Figure 3. In addition, based on the
research idea of ASTGCN [38], we added parallel sub-
models of the same structure to improve the accuracy of
prediction. Figure 4 illustrates the overall architecture with
the addition of sub-models capturing the daily and weekly
characteristics of traffic flow data. We also call the overall
architecture an extension of theMSASGCNmodel, extended
MSASGCN.

*e multi-head self-attention mechanism and graph
convolutional network are combined to capture local and
global spatial dependencies, and the information obtained is
fused using a gating mechanism. Meanwhile, the temporal
convolution is used to capture the temporal dependence to
get different influence levels at different times to improve
forecasting accuracy.*is structure is stacked to obtainmore
substantial processing power for long sequences or large-
scale data. Extend MSASGCN model by adding weekly and
daily periods to traffic flow forecasting. Each of these
components has the same structure and has the same ca-
pability to handle spatial-temporal correlation.

MSA refers to the multi-head self-attention mechanism,
GCN denotes graph convolutional network, Temp-Conv
denotes temporal convolution, Gated Fusion denotes the
gating mechanism to fuse spatial information, and Conv is
the convolution operation. GCN is used to acquire local
spatial information, and MSA is used to acquire global
spatial correlations. *e gating mechanism can fuse the
extracted spatial correlations. A simple fully connected layer
is used at the input layer to map the information to a high-
dimensional space to improve the expressiveness of the
model. Two convolution layers are used in the output layer
for the decay of feature dimensions and the transformation
of time series length. More details about the significant
component modules of the model are described as follows.

4.2. Graph Convolution and Multi-Head Self-Attention
Module. Traffic conditions on a road segment are influenced
not only by the road segments that are spatially connected to
it but also by other factors, and two road nodes that are far
apart may still exhibit similar traffic patterns. *e spatial
correlation of traffic conditions can be influenced by the
connectivity between road segments and geographic posi-
tion attributes.*erefore, local spatial correlation and global
correlation need to be considered. We use GCN to aggregate
node information from local based on the connectivity

between roads and use the multi-head self-attention
mechanism to aggregate the hidden global correlations.

Initially, the features of each node are considered as
signals on the graph, and then spectral graph-based graph
convolution is used to capture the spatial patterns in the
traffic network. According to the spectral theory, the traffic
graph is represented by the normalized Laplace matrix L in
the graph. It can be defined as follows.

L � IN − D
− 1/2

AD
− 1/2

, (8)

where IN is an N × N unit matrix, N denotes the number of
nodes, and A is the adjacency matrix. D is the degree matrix,
which is a diagonal matrix with diagonal elements of
Dii � 

N
j�1 Aij, and Aij is the element of the i − th row and

j − th column of the adjacency matrix A. *e graph con-
volution can be defined as follows:

θ∗Gx ≈ 
K− 1

K�0
θKTK(L)x, (9)

where θ∗G denotes the graph convolution operation on the
signal x in the graph G, L � 2/λmaxL − IN is the normalized
Laplace matrix after scaling, λmax is the maximum feature
value of L, θk is the coefficient of the k − th term of the
Chebyshev polynomial, and TK is k − th order Chebyshev
polynomial. Graph convolution with Chebyshev polyno-
mials is used to aggregate information from neighbor nodes
to capture local spatial correlations.

To capture the global spatial correlation, it is necessary to
consider the changes in the road network structure and the
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Figure 3: Architecture of MSASGCN. MSA :Multi-head self-at-
tention; GCN : graph convolutional network; Temp-Conv :
temporal convolution; Conv : convolution.
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hidden spatial correlation in the road network, and we
employ a multi-head self-attention mechanism to aggregate
the information. Firstly, the feature vectors of each node are
mapped with three different matrices WQ, WK, and WV.
*ree vectors can be obtained, as described in preliminaries,
as Query, Key, and Value. WQ, WK, and WV are learnable
parameters that are continuously optimized and updated
during the training of the model. With the inner product of
the Query vector of each node and the Key vector of all
nodes, the SoftMax function can compress the vector to
between 0 and 1. After normalization by the SoftMax
function, the attention score of this node with all nodes can
be obtained. *e SoftMax function is defined as follows,
where zi denotes the i − th dimension of the vector and K

denotes the dimension of the vector.

SoftMax zi(  �
e

zi


K
K�1 e

zk
. (10)

We represent the attention mechanism in matrix form,
which can be calculated using (4). A multi-head self-at-
tention mechanism can aggregate information in several
different feature subspaces simultaneously, with different
subspaces expressing different implicit spatial correlations.
*e multi-head self-attention mechanism is performed by
linearly mapping Query, Key, and Value n times (n is the
number of heads) to get multiple sets of different subspace
representations, then performing the attention mechanism
on each set, and then stitching them together to get a final
result by doing another linear mapping. *e following
equation can express the multi-head self-attention
mechanism.

hi � Attention XW
Q
i , XW

K
i , XW

V
i ,

Multihead � Concat h1, h2, h3, . . . , hn( W
O

.
(11)

*e hi denotes the output of the i − th group of the self-
attention mechanism, n denotes the number of heads,
Multihead denotes the output of the multi-head self-at-
tention mechanism, Concat denotes the stitching operation
on the tensor along the feature dimension that is the i − th
group of linear mapping matrices, and WO is the matrix that
maps the result of the stitching. *e spatial multi-head self-
attention mechanism can learn the implied spatial corre-
lation between nodes based on the features of each node in
the input data. It is practical to capture their correlations in
the spatial dimension using the multi-head self-attention
mechanism. Meanwhile, it can capture when the topology of
the road network changes because the attention scores
among nodes are dynamically calculated based on the input.
In addition, it is also able to capture the spatial correlation of
the road network globally since the spatial self-attention
aggregates the information of all nodes.

After obtaining local spatial correlation and global
correlation, the information gained should be fused using a
gating mechanism. *e gating mechanism can be used to
learn the importance of two kinds of spatial information and
fuse the two kinds of information based on the learned
weights, represented by the following equations.

g � σ H
(l)
GCNW1 + H

(l)
AttW2 + b ,

H
(l)

� g⊙H
(l)
GCN +(1 − g)⊙H

(l)
Att,

(12)
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Figure 4: ExtendedMSASGCN architecture with weekly and daily period time dependencies. MSA :Multi-head self-attention; GCN : graph
convolutional network; Temp-Conv : temporal convolution; Conv : convolution.
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where H
(l)
GCN denotes the output of the first graph convo-

lution module, H
(l)
Att denotes the output of the first multi-

head self-attention module, W1 and W2 are the mapping
matrices, and b is the bias value. ⊙ denotes the Hadamard
product, where the corresponding position elements of the
matrix are multiplied together. Moreover, g denotes the
output of the gate, using the sigmoid activation function.
H(l) is the result of the fusion of two spatial information.

4.3. Temporal Convolution Module. *e improved convo-
lution operation captures the temporal correlation in the
time dimension. We combine dilated convolution with
causal convolution methods for time series correlation
prediction. Causal convolution can abstract the sequential
problem and make the predicted value closer to the actual
value, but it requires many layers or a large filter to increase
the perceptual field of the convolution. Dilated convolution
can make the filter apply to regions larger than filter length
by skipping some inputs and expanding the receptive field
without increasing the model complexity. *e combination
of these two convolution methods forms the temporal
convolution (Temp-Conv) module, which facilitates the
acquisition of long-term temporal correlation, improves
processing efficiency, and can avoid information forgetting
when the sequence is too long. Node i has an output value for
the q channel at time t that can be expressed by the following
equation.

Yi,t,q � 
τ

k�1


p

p�1
Wk,p,q ∗ xi,t− d(k− 1),p, (13)

where Wk,p,q is the element in the convolution kernel,
xi,t− d(k− 1),p is the element of the input feature, p is the
number of input channels, τ is the convolution kernel size,
and d is the dilation rate. If the number of output channels is
denoted by S, then S sets of convolution kernels are needed.
*e parameters of these S sets of convolution kernels can be
expressed as a tensor Wτ×P×S of shape τ × P × S, which are
learnable parameters that are continuously updated itera-
tively by minimizing the loss function during the model
training.

In Temp-Conv, to maintain the length of the input time
series unchanged, a complementary 0 operation is required,
but complementary 0 at both sides of the sequence will
increase the length of the sequence, so the sequence ends will
be cropped before proceeding to the next layer. Moreover,
Temp-Conv contains multiple layers of dilated causal
convolution, where the parameters of the convolution kernel
are shared among different nodes. *e tensor Ht of shape
N × F × P is used to denote the features of N nodes F time
steps, and d denotes the dilated causal convolution operation
with expansion rate d∗. *us, the Temp-Conv operation for
Ht can be shown as follows.

T � Wd∗
Ht. (14)

*e T is result after convolution, and to expand the
receptive field more, it is necessary to stack multiple layers of
dilated causal convolution. Each layer’s expansion rate

increases exponentially, and the expansion rate of the l − th
layer is dl

∗ � 2l− 1. Hence, the output of the l − th layer can be
expressed as follows.

T
l

� ReLu W
l
d∗

l
Y

l− 1
 . (15)

Different layers get different outputs with different re-
ceptive fields, with shallow layers to obtain short-term
temporal correlation and deep layers to obtain long-term
temporal correlation. *en, the output features of each layer
are concatenated according to their dimensions, and the
output channels are transformed using a 1 × 1 convolutional
layer to form the final output of Temp-Conv.

T � Conv Concat T
1
, T

2
, . . . , T

c
  , (16)

where Concat denotes concatenation along the feature di-
mension, Conv denotes a 1 × 1 convolutional layer, and c

denotes the number of layers of the dilated causal
convolution.

4.4. Framework of Extended MSASGCN. *e extended
MSASGCN model is designed to model and process the
dependencies of recent, daily, and weekly periods in his-
torical data rather than a single time series input. As shown
in Figure 5, we intercept three time series segments of
lengths Th, Td, and Tw along the time axis as inputs for the
recent, daily, and weekly period components, respectively,
where Th, Td, and Tw are all multiples of the integer Tp, and
Tp is the target time to be predicted.

We assume that the data sampling frequency ism times per
day and the current time is t0. *e time series input for dif-
ferent time periods is denoted by Xh, Xd, Xw.*e recent time

segment is Xh, Xh � Xt0− Th+1
, Xt0− Th+2

, . . . , Xt0
  ∈ RN×F×Th , a

segment of the historical time series that is directly adjacent to
the forecast period Tp. *e daily periodic time segment is Xd,

Xd � Xt0− (Td /Tp − 1)∗ q+1
, . . . , Xt0− (Td /Tp − 1)∗ q+Tp

, Xt0− (Td/Tp − 1)∗ q+1
, . . . ,

Xt0− (Td/Tp − 1)∗ q+Tp
, . . . , Xt0− q+1

, . . . , Xt0− q+Tp
} ∈ RN×F×Td , and con-

sists of the same segments of the past few days as the prediction
period. *e weekly periodic time segment is Xw,

Xw � Xt0− 7∗(Tw /Tp)∗ q+1
, . . . , Xt0− 7∗(Tw /Tp)∗ q+Tp

, Xt0− 7∗(Tw /Tp − 1)∗ q+1
,

. . . , Xt0− 7∗(Tw /Tp − 1)∗ q+Tp
, . . . , Xt0− 7∗q+1

, . . . , Xt0− 7∗q+Tp
} ∈ RN×F×Tw ,

and consists of time segments from the most recent weeks,
with the same weekly attributes and time intervals as the
forecast period.

*erefore, in the extended MSASGCN model architec-
ture, the model components dealing with different periods
have the same network structure, all with the same setup as
in MSASGCN. Finally, the outputs of the three components
are combined based on the parameter matrix to obtain the
final prediction results, which can better predict the dynamic
traffic flow. Extended MSASGCN is a multi-component
fusion model, and the correlation of different periods needs
to be handled. *e sensitivity of the input traffic flow data to
the components is inconsistent, so the sub-models within
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the model have varying degrees of influence on the results.
Different time components have different impact levels on
each node and should be learned from the historical data and
fused according to the different weights to obtain the
forecasting results. *e updated formula of the forecasting
results is as follows.

Y � Ww ⊙Yw + Wd ⊙Yd + Wh ⊙Yh, (17)

where ⊙ is Hadamard product, and Ww, Wd, and Wh are
learnable parameters that reflect the degree of influence of
the three different time-dimensional components on the
predicted target.

In some regions, traffic flows may have significant peaks
in the morning or evening, making the output of the daily
and weekly period components more critical. However, for
some other regions, there is no prominent traffic period.
*erefore, by fusing the outputs of different components
from the above equation, we can obtain traffic flow fore-
casting results suitable for different regions or periods with
different weights.

5. Experiments and Analysis

In this section, to verify the efficacy of our proposed model,
we conduct experiments on two real datasets. Firstly, we
describe and introduce the experimental datasets and the
baseline method of comparison and then define the metrics
for the experiments. Finally, the experimental settings and
results analysis are given.

5.1. Datasets. PeMSD4 and PeMSD8 are two freeway traffic
datasets from California on which we validate our model.
*e datasets are collected in real time every 30 seconds by the
Caltrans Performance Measurement System (PeMS)
[49, 50]. Traffic flow data are aggregated from the raw data
into intervals of every 5minutes. *e system has over 39,000
detectors deployed on freeways in major metropolitan areas
in California. *e geographic information of the sensor
stations is recorded in the dataset. *ree traffic measures are
considered in our experiments, including total flow, average
speed, and average occupancy. Future traffic flow is our

forecasting target. PeMSD4 and PeMSD8 are from different
regions, for which details of the dataset are given in Table 1.

PeMSD4 is the San Francisco Bay Area traffic data and
contains 3,848 detectors on 29 roads. *e periods of this
dataset span from January to February 2018.*e first 50 days
of data were chosen as the training set and the rest as the test
set. PeMSD8 is the traffic data of San Bernardino from July to
August 2016, which contains 1979 detectors on 8 roads. *e
first 50 days of data are used as a training set, and the last
12 days of data as the test set.

X′ �
X − mean(X)

σx

. (18)

*e selection of detectors required the distance between
adjacent detectors to be greater than 3.5 miles. In addition,
the missing data are filled linearly. Data processing was
performed using zero-mean normalization to make the
training process more stable. As shown in (18), mean(X)

denotes the mean of the original data, σx is the standard
deviation of the original data X, and X′ is the normalized
data.

5.2. Baselines and Experiment Metrics. We compare our
model with the following baselines:

(i) HA [25]: Historical average, using the average of
historical data to predict the next value.

(ii) VAR [29]: Vector autoregressive, capture pairwise
relationships in traffic flow sequences for
prediction.

(iii) ARIMA [28]: Autoregressive integrated moving
average method is a classical time series forecasting
algorithm that combines autoregressive models,
moving average models, and differencing methods.

(iv) LSTM [19]: Long short-term memory network, a
variant of RNN.

(v) GRU [18]: Gated recurrent unit network, a variant
of RNN.

time

Td

Th Tp

Tw

Figure 5: Example of time series segment input.

Table 1: Dataset profiles.

Attributes PeMSD4 PeMSD8
Time periods January-February 2018 July-August 2016
Detectors (nodes) 3848 1979
Distance information of sensors (edges) 340 295
Selected detectors 307 170
Sequence length 16,992 17,856
Selected features 3 3
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(vi) DCRNN [35]: Diffusion convolutional recurrent
neural network, modeling traffic flow as a diffusion
question process on a directed graph.

(vii) STGCN [36]: Spatial-temporal graph convolu-
tional networks that model temporal and spatial
dependencies.

(viii) ASTGCN [38]: Attention-based spatial-temporal
graph convolutional networks, exploiting spatial-
temporal attention mechanisms to model spatio-
temporal correlations.

(ix) GeoMAN [51]: An attention-based multilevel re-
current neural network model for geo-aware time
series prediction problems.

*e baseline and MSASGCNmethod are compared with
the same metrics in our experiments. We use the mean
absolute error (MAE) and root mean square absolute error
(RMSAE) as performance metrics for experimental evalu-
ation, expressed in the following equations.

MAE �
1
n



N

i�1
Xi − Xi
′


,

RMSE �

������������

1
n



N

i�1
Xi − Xi
′( 
2




.

(19)

In addition, we also compared with the mean absolute
percentage error (MAPE) in some of the baselines, with the
following definition.

MAPE �
100%

n


N

i�1

Xi − Xi
′

Xi




, (20)

where Xi and Xi
′ denote the i − th element in the true and

predicted values, respectively, and n denotes the total
number of elements.

5.3. Experiment Settings. We have implemented our model
using the PyTorch deep learning framework. Future traffic
flow is our forecasting target. On the one hand, we use the 1-
hour historical traffic flow to forecast the future 1-hour
traffic flow situation. Both the input time series and output
time series lengths are set to 12, and the time series input
length can be adjusted depending on the prediction time.We
set the batch size to 64, the learning rate to 0.001, and the
Chebyshev polynomial K to 3. *e dimensions of the input
layer, the implicit layer, and the output layer of the graph
convolution module are taken to be 16, 64, and 128, and the
input dimension, the dimension of key and value, and the
number of heads of the multi-head self-attention module are
taken as 16, 128, 128, and 4, respectively.*e L1 loss function
is used to minimize the difference between the predicted
results and the true value, and the L1 loss for multi-step
prediction is defined as follows.

L1 Wθ(  � 
t�P

i�t+1
X:,i − X:,i

′


. (21)

*e purpose of training the model is to continuously and
iteratively update Wθ to minimize L1, and X:,i and X:,i

′
denote the labels and predicted values of all nodes at time
step i, respectively. On the other hand, we verified the ef-
ficiency of our method for traffic flow forecasting in different
time prediction intervals. We conducted experiments to
predict the future 10, 20, 30, and 40minutes and analyzed
the performance evaluation metrics.

5.4. Comparison and Result Analysis. We compared our
model with the baseline approaches on PeMSD4 and
PeMSD8. *e average results of the future one-hour traffic
flow prediction performance are shown in Table 2. It could be
seen that our method achieves excellent performance in both
datasets forMAE and RMSE evaluationmetrics. In the case of
traditional time series forecasting methods, they have limited
analytical power to deal with spatial-temporal dependence,
and the forecasting results are not very satisfactory.

*rough comparison and analysis, it is clear that the
performance of the deep learning-based approach is sig-
nificantly better than that of the traditional approach.
However, methods such as LSTM and GRU, which fail to
handle temporal and spatial correlations effectively, also
perform much weaker than methods that capture spatial-
temporal correlations. *erefore, it can be concluded that
the use of graph neural networks and their variants is ef-
fective in handling traffic flow forecasting. *e algorithms
GeoMAN and ASTGCN, which apply the attention mech-
anism, also outperform the other algorithms, demonstrating
the effectiveness of using the attention mechanism to obtain
spatial-temporal correlations.

Based on the experimental results obtained on the
PeSMD4 dataset, a detailed description is given in Table 3.
*e analysis of the traffic flow prediction results for the next
10, 20, 30, and 40minutes shows the effectiveness of our
proposed method for different prediction intervals. Our
method’s MAE and RMSE evaluation metrics constantly
change with increasing time intervals, which is a normal
trend. Despite slight fluctuations, the performance is still
within an average and the excellent band as the prediction
interval increases.

Table 2: Average performance comparison of future 1-hour traffic
flow prediction experiments.

Model
PeMSD4 PeMSD8

MAE RMSE MAE RMSE
HA 36.76 54.14 29.52 44.03
VAR 33.76 51.73 21.41 31.21
ARIMA 32.11 68.13 24.04 43.30
LSTM 29.45 45.82 23.08 37.06
GRU 28.65 45.11 22.22 36.95
DCRNN 22.93 33.44 16.82 28.06
STGCN 25.15 38.29 17.51 27.09
ASTGCN 21.80 32.84 16.63 26.51
GeoMAN 23.64 37.84 17.84 28.91
MSASGCN (ours) 21.22 32.09 16.23 26.24
Bold is to highlight our experimental results.
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Similarly, experimental results were obtained on the
PeMSD8 dataset, detailed in Table 4. *e experimental re-
sults on PeMSD8 are better than the PeMSD4 dataset, and
although different datasets present different results, the
overall trend is considered similar. MAE and RMSE per-
formance evaluation metrics show that our proposed
method can cope with traffic flow situations with different
prediction intervals. According to the experimental results
of different prediction intervals performed on two datasets,
our proposed method can solve the traffic flow forecasting
issue in the short or long term. Our proposed method has
some advantages and reasonableness to capture the temporal
and spatial characteristics nicely.

Moreover, we also compared the mean absolute per-
centage error (MAPE) of the MSASGCN model with
STGCN and DCRNN, which also obtained better results

than these two methods. *is indicated that MSASGCN
could better handle spatial-temporal correlations to capture
the dynamically changing temporal and spatial dependence.
*e results obtained from the experiments on the PeMSD4
and PeMSD8 datasets are shown in Figures 6 and 7, re-
spectively. Our method uses a multi-head self-attention
mechanism to effectively fuse local and global spatial cor-
relations, aggregate information from multiple nodes, and
extract implicit information to improve prediction accuracy.

5.5. Validation of Module Effectiveness. To better represent
the effectiveness of our proposed model, we modify the
MSASGCN model by removing the MSA module and using
only GCN to process the spatial dependencies, and all other
experimental settings are consistent with the original

Table 4: Average performance of experiments with different prediction intervals on PeMSD8.

Dataset Model Prediction interval (min) MAE RMSE

PeMSD8 MSASGCN

10 15.31 24.01
20 15.72 25.24
30 15.93 25.93
40 16.01 26.13

13.91%

14.52%

13.22%

12.50%

13.00%

13.50%

14.00%

14.50%

15.00%

STGCN[36] DCRNN[35] MSASGCN(ours)PeMSD4

MAPE

STGCN[36]

DCRNN[35]

MSASGCN(ours)

Figure 6: Comparison of different algorithms MAPE on PeMSD4.

Table 3: Average performance of experiments with different prediction intervals on PeMSD4.

Dataset Model Prediction interval (min) MAE RMSE

PeMSD4 MSASGCN

10 19.73 29.16
20 20.42 30.24
30 20.78 31.33
40 21.01 31.82
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method. Table 5 shows our description of removing theMSA
module. We have conducted experiments on PeMSD4 and
PeMSD8 to remove the multi-head self-attention mecha-
nism, respectively, and the MAE and RMSE metrics have a
significant change in magnitude, which is not as good as the
performance of the original MSASGCN method. *e ex-
perimental results are shown in Figure 8 and Figure 9.
*erefore, the multi-head self-attention mechanism plays an
essential role in our method.

6. Discussion on Traffic Flow Forecasting

Although the performance of traffic flow forecasting has
been significantly improved by applying graph neural

networks, there are still some challenges for traffic flow
forecasting. Reference [52] provided a summary of the
challenges and future directions of traffic forecasting.

(1) From the data perspective, traffic data are hetero-
geneous and involve spatial-temporal factors and
external factors. How well the heterogeneous data
are handled can directly affect the forecasting ac-
curacy. Data quality issues can also bring additional
challenges.

(2) *e timely accuracy of traffic forecasting is critical,
but most graph neural network models require much
computation and cannot make some real-time
forecasting. Building a lightweight and general

11.79%

12.64%

11.29%

10.50%

11.00%

11.50%

12.00%

12.50%
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PeMSD8

MAPE

STGCN[36] DCRNN[35] MSASGCN(ours)

STGCN[36]

DCRNN[35]

MSASGCN(ours)

Figure 7: Comparison of different algorithms MAPE on PeMSD8.

Table 5: Introduction of the model name.

Name Description
MSASGCN Our original method
MSASGCN-s Method for removing the multi-head self-attention mechanism
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Figure 8: Module validation on the dataset PeMSD4. (a) *e evolution of MAE. (b) *e evolution of RMSE.

12 Journal of Advanced Transportation



framework is a challenge for traffic forecasting and
an essential requirement for intelligent trans-
portation systems.

(3) Intelligent transportation systems need to integrate a
different traffic information for analysis and pro-
cessing simultaneously. Traffic forecasting models
not only need to be able to process a specific task
demand, but more importantly, they may process
multiple tasks at the same time, which is a crucial
challenge for multi-task forecasting.

(4) Privacy and security issues in traffic forecasting. *e
large-scale traffic data collection by IoT devices such
as sensors has potential data security and privacy
threats. *e use of federated learning for graph
neural network models in traffic forecasting in [53] is
an approach of future interest, applying the dis-
tributed structure of federated learning, which allows
some data protection.

7. Conclusions

In this article, we propose the multi-head self-attention
spatiotemporal graph convolutional network (MSASGCN)
model. Combining the multi-head self-attention mecha-
nism with graph convolutional network can effectively
handle the spatial-temporal correlation of traffic data. Our
model can accommodate both the road network’s dynamic
time dependence and spatial dependence and performs
better in capturing the spatial-temporal characteristics.
Experiments on two real-world datasets showed that the
prediction accuracy of our proposed model outperformed
the baseline model. Our model verified the ability of
processing spatial-temporal features simultaneously to
construct the graph convolutional module and the spa-
tiotemporal attention module to improve the prediction
performance. In this article, we also summarize some of the
challenges of traffic forecasting, and in the future, we will
investigate the critical challenges of traffic flow forecasting
intensively.
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