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Abstract

Traffic flow forecasting plays a crucial role and is the key technology to realize dynamic traffic
guidance and active traffic control in intelligent traffic systems (ITS). Aiming at the complex local
and global spatial-temporal dynamic characteristics of traffic flow, this paper proposes a new traffic
flow forecasting model spatial-temporal attention graph neural network (STA-GNN) by combining at-
tention mechanism ( AM) and spatial-temporal convolutional network. The model learns the hidden
dynamic local spatial correlations of the traffic network by combining the dynamic adjacency matrix
constructed by the graph learning layer with the graph convolutional network (GCN). The local tem-
poral correlations of traffic flow at different scales are extracted by stacking multiple convolutional
kernels in temporal convolutional network (TCN). And the global spatial-temporal dependencies of
long-time sequences of traffic flow are captured by the spatial-temporal attention mechanism
(STAtt) , which enhances the global spatial-temporal modeling and the representational ability of
model. The experimental results on two datasets, METR-LA and PEMS-BAY, show the proposed
STA-GNN model outperforms the common baseline models in forecasting accuracy.

Key words: traffic flow forecasting, graph convolutional network (GCN), temporal convolu-
tional network (TCN) , attention mechanism ( AM)

0 Introduction

Economic improvement and increased urbanization
have led to a growing problem of traffic congestion in
cities'"). In order to alleviate this problem, govern-
ments and related organizations urgently need to devel-
op intelligent transportation systems, of which traffic
flow prediction is a key part. Accurate and real-time
prediction is crucial for traffic management depart-
ments, which can help them rationally allocate road re-
sources, reduce the risk of congestion, and provide

2l Early predic-

residents with the best travel routes
tion methods include statistical ®' and machine learn-
ing'*! methods, but the former has limited accuracy
and the latter is difficult to capture the spatial and tem-
poral characteristics of large-scale data.

With the rapid development of big data and deep
learning, more accurate traffic prediction models have
emerged. In deep learning, spatial and temporal corre-

lations of traffic flow are mainly extracted using convo-

lutional neural network ( CNN), graph convolutional
network ( GCN), recurrent neural network ( RNN) ,
temporal convolutional network ( TCN), and attention
mechanism (AM). For example, Zhang et al. ! and

Hema et al. °' integrated CNN, long-short term memo-

ry (LSTM), and gated recurrent unit ( GRU) into
spatial-temporal dependencies mining for traffic flow.
Zhao et al. ') designed the temporal graph convolution-
al network (T-GCN) model, which utilizes GCN to ex-
tract spatial features and then captures temporal fea-
tures through GRU. The spatial-temporal graph convo-
lution network bi-directional long short-term memory
(STGCN-BiLSTM ) model proposed by Wu et al. '*’
extracts traffic flow’s spatial and temporal correlations
using GCN and a bi-directional long short-term memory
(BILSTM) neural network. The spatial-temporal com-
plex graph convolution network (ST-CGCN) model de-
signed by Bao et al. ") uses stacked GCN layers to ex-
tract spatial features, and 3D-CNN combined with
LSTM to extract temporal features, to effectively cap-
ture the spatial-temporal correlation of traffic flow. The
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above studies are all based on CNN, GCN, and RNN
to analyze the spatial-temporal correlations of traffic
flow. However, the RNN cycle structure has many
training parameters and slow convergence. Therefore,
the new study abandons the RNN method of extracting
temporal correlation and instead uses a network with
convolutional operations to handle temporal correlation.
For example, Cao et al. """ utilized the enhanced dif-
fusion convolutional network ( EDCN) to capture the
spatial correlation of nodes in the spatial-temporal se-
quence-to-sequence network ( STSSN) model and em-
ployed the expanded causal convolution in TCN to mine
the local temporal correlation. The multi-scale tempo-
ral dual graph convolution network (MD-GCN) model
designed by Huang et al. """ used gated temporal con-
volution and dual-graph convolution to extract temporal
and spatial dependence, respectively.

AM has been widely applied in traffic flow fore-
casting tasks and has achieved good forecasting per-
formance. For example, Wang et al. ">} developed an
attention-based spatial-temporal graph attention net-
work (ASTGAT) network, which introduced AM into
TCN to capture dynamic temporal correlation and intro-
duced a graph attention layer to enhance dynamic spa-
tial correlation in the network directly. Zhang et al. ''*’
proposed a graph-based temporal attention ( GTA)
framework , which introduces AM to identify the rela-
tionships among temporal sub-modules adaptively and
utilizes graph embedding technology on sensor networks
to capture spatial dependencies better. The hierarchi-
cal spatial-temporal neural networks with attention
mechanism ( HSTAN ) model proposed by Lian et
al. """ utilizes a multi-headed self-attention mechanism
to extract dynamic spatial-temporal correlations simul-
taneously.

Although the relevant research work in recent
years has achieved good prediction results, the follow-
ing problems still need to be solved. GCN usually uses
a fixed adjacency matrix to model the spatial relation-
ship. Since the spatial correlation of the traffic network
changes dynamically with time, the fixed adjacency
malrix cannot capture this dynamic feature. Therefore
it is necessary to dynamically learn the hidden spatial
structure relationship between road network nodes
based on data to capture the spatial correlation within
traffic flow. In addition, the traffic flow forecasting
methods based on TCN and GCN extract the spatial-
temporal characteristics through the local field of per-
ception and lack the context state update of the global
change of waffic flow, resulting in the failure of the
model to capture the dependency relationship between
distant nodes in the traffic network topology.

To address the problems in the existing methods,
the spatial-temporal attention graph neural network
(STA-GNN) traffic flow forecasting model is proposed
in this paper. The main contributions of this work are
as follows:

(1) The hidden spatial associations are learned
by constructing a dynamic adjacency matrix, which can
mine the hidden dynamic graph network structure from
the data without prior knowledge. GCN captures traffic
flow’s dynamic local spatial features according to the
learned graph network structure.

(2) A multi-kemel temporal convolution layer
(MKTCL) is designed to extract long-term, short-
term, and different-scale local time series traffic flow
features by stacking multiple convolutional kernels in
each layer of TCN. Meanwhile, dynamic spatial and
nonlinear temporal characteristics at different time steps
can be effectively mined by stacking the TCN with
GCN.

(3) A spatial-temporal attention layer ( STAtt
Layer) is introduced to model the global spatial and
temporal correlation of long time series of traffic flow,
and the spatial-temporal information is adaptively fused
to enhance the characterization capability of the model
for global spatial-temporal modeling.

1 Framework of STA-GNN

In this paper, given a graph G = (V,E,A) to re-
present the spatial relationships of the nodes in a traffic
road network , V is the set of road nodes, E is the set of
road network edges, and A is the graph’s adjacency

maltrix. Assuming /N sensors are in a particular area,

2
I

the resulting data sequence is as follows: X, = (x, , x
x), e, xt,) e RO, &l represents the data values
recorded by the ith sensor at time ¢, and C represents
the quantity of traffic sequence features ( such as
speed, traffic volume, etc. ). The traffic flow forecas-
ting problem is defined as follows: given a historical
data sequence X, € R " with a length of T" as

the model input, the goal is to learn a prediction func-

A
tion f( - ) to generate the predicted values Y for the
next T time steps. The calculation is as follows

+-T" + 1 t-T"+2 " f( ° ) A
Xin:I:X aX ,“'9X14>Y (1>

where the predicted values ffz [y, vy . v'e
R “**" and F represent the output feature dimensions.

The STA-GNN modeling framework proposed in
this paper is shown in Fig. 1. The model mainly con-
sists of graph learning layer, graph convolutional layer

(GC Layer), temporal convolutional layer ( TC Lay-
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er), and STAtt layer. The MKTCL stacks multiple
convolutional kernels in each layer to learn long-term,
short-term, and different-scale local temporal features.
The graph learning layer computes a dynamic adjacen-
cy matrix, which the GC layer then utilizes to capture
the dynamic spatial characteristics of the traffic flow.
The STAtt layer uses spatial attention ( SAtt), tempo-
ral attention (TAtt), and gated fusion to model global
spatial-temporal features. The network layers consisting

of TCN, GCN, and STAtt extract local spatial features,
local temporal features, and global spatial-temporal
features from three different perspectives: spatial, tem-
poral, and spatial-temporal, respectively, which en-
hances the characterization ability of spatial-temporal
modeling of the model. Meanwhile, these network lay-
ers are stacked together and connected to the output
layer by skip connections.

1x1
Conv

[ l)/

A

GC layer

@

Linear —» Outputs

Fig.1 The framework of STA-GNN

1.1 Graph learning layer

The traffic flow correlations existing between
nodes in the METR-LA dataset and the PEMS-BAY
dataset are weak in real traffic situations, and the
learning relationship between nodes should be unidirec-
tional, 1. e. , traffic congestion occurring in the down-
stream will be transmitted to the upstream very quick-
ly. In this paper, a dynamic graph learning layer spe-
cialized is proposed for extracting unidirectional rela-
tionships, which captures the complex multi-level hid-
den spatial associations among nodes of the road net-
work by constructing a dynamic adjacency matrix.

To mine the correlation relationship in the process
of unidirectional feature transfer between nodes, a dy-
namic adjacency matrix A, with asymmetric properties
is constructed in the dynamic graph learning layer,
whose structure is a lower triangular matrix. The spe-
cific calculation is as

M, =tanh(aE,0,)

M, =tanh(aE,0,)

A, = ReLU(tanh( a(MM,-M,M)))
where E, e R"*" and E, e R """ are the embedding

representation vectors of the nodes, @, e R "*" and 6,

(2)

e R """ are the parameters of the embedding represen-
tation vector transformations, and « is a hyperparame-
ter used to control the overfitting of the tanh. M, €
R"“and M, € R """ represent the variable matrices
required for constructing A, .

1.2 GC layer

Spatial correlation exists in two aspects; directly
interconnected nodes, referred to as local spatial corre-
lations between nodes, and nodes that are not directly
connected but reachable through a path, referred to as
global spatial correlations between nodes. In this sec-
tion, GCN utilizes the inter-node association relation-
ships obtained from the graph learning layer to aggre-
gate node information with its neighbors’ information to
extract the local spatial features. In this paper, two
graph convolution modules are designed in the GC lay-
er to process the inflow and outflow information through
each node. Fig. 2 shows the framework of the GC layer
and the graph convolution module.

The graph convolution module extracts the infor-
mation flow on the spatially associated nodes through
the input graph adjacency matrix. The graph convolu-
tion module consists of the information pass step and
the information selection step. The information pass
step passes the node information recursively in the ver-
tical direction along with the given graph structure, de-
fined as follows.

H" =6H, +(1-5)A, H'™" (3)
where 0 is the retention rate, which is used to retain a
certain percentage of the node’s original information.
The information selection step horizontally filters out
the critical information generated in each message pass
and passes it on to the next level, defined as follows;
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(a) GC layer

(b) Graph convolution module

Fig.2 The framework of the GC layer and the graph convolution module

L
where L is the pass depth, H, and H

are the current

out
layer’s input and output hidden states. ADY denotes the
normalized adjacency matrix. J" is a parameter matrix
used to filter important traffic flow information in the
hidden layer.

1.3 TC layer
In the field of image processing, a widely used
strategy called Inception takes the output of a 2D con-
volution with three different convolutional kernels (1 x
1,3 x3, and 5 x5) and stitches them together. In-
spired by the Inception strategy, this paper propose the
MKTCL. Fig. 3 illustrates the framework of the TC
layer. MKTCL utilizes four differently sized convolu-
tional kernels to extract the local temporal features at
different scales, which are 1 x2, 1 x3, 1 x6, and 1
x 7. Since the temporal patterns have several intrinsic
periods, such as 7, 12, 24, 28, and 60, the 1 x2
convolutional kernel can extract the temporal features
of the most recent moments, and a 1 X 7 convolution
kernel can represent cycle 7. To represent cycle 12,
the input can be passed through a 1 x 7 convolution
kernel of the first MKTCL and then a 1 X6 convolution
kernel of the second MKTCL. Thus, multiple periods
are represented by stacking different convolutional ker-
nels to concatenate convolutional receptive fields of va-
rious sizes. Therefore, by stacking different convolu-
tion kernels, convolution receptive fields of various si-
zes can be spliced to represent multiple time periods.
Mathematically, given a one-dimensional input se-
quence, the convolutional kernels include &, ,, e R?,
k,eR’ k  eR®k ,eR’. The output of each
MKTCL is formed by concatenating the results of the
four convolutional kernels, defined as follows:
m=concat(m * k, ,,m <k, ,,m-*k ,m-* ¥k )
(5)
where the outputs of the four convolutional kernels are
split into equal lengths according to the giant convolu-
tional kernel and connected across the channel dimen-
sions, m -k, , represents dilated convolution, which

can be defined as

11
m klxl(l) :‘goklxl(s)m(t-dxs) (6)

where d represents the dilation factor.

Fig.3 The framework of the TC layer

1.4 STAtt layer

The framework of the STAtt layer is shown in
Fig. 4, which consists of SAtt, TAtt, and gated fu-
sion. The input data of the STAtt layer firstly get two
outputs by SAtt and TAtt, and then these two outputs
are fused by the gated fusion to get the final output.

i
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Fig.4 The framework of STAtt layer

1.4.1 SAu

To model the global spatial features in the traffic
data, the multi-head self-attention ( MSA) is used to
learn weights among different nodes and focus on the
most critical node information. In this paper, denoting
the input of the SAtt as H'™" | where the hidden state
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of node v, at time step ¢, is represented by RV and

v l
the output of the SAtt is denoted as H." , where the
hidden state of node v; at time step ¢; is designated as

hs (l)

v; [
MSA establishes different projection information in
multiple projection spaces, projects the input matrix
into different projection spaces, obtains multiple output
matrices,

and concatenates them together. Specifical-

ly, in this paper, K parallel attentions with different
learnable projections are concatenated. At time step ¢;,
the correlation between nodes v, and v can be represen-

ted as
I:I((k) h(l |)
S =
ﬂ
exp(si")

ZL eVeXp('s(A) ) (8)

(l 1) ):l

(7)

(k) _

vi,v T
k
where s*)

afl”i is the attention score of the kth head,

is the correlation between nodes v, and v,
illustrating

and Zv,‘,e‘,a(k), =1.

the importance of node v to v,, b
This paper describes the non-linear transformation as
f(x) =ReLU(xW +b), where W and b are learnable
+) and f5 (-
linear mappings in the kth head attention mechanism.

d=D/K,

head, and D is the number of channels in the layer.
(k)

v,

parameters. f*) ( ) represent two non-

where d is the dimensions of the attention

Then, attention scores ¢, are obtained to update the

hidden state of node v, at time step ¢;, calculated as fol-

lows.

hsy = e d Tl - f15( (9)
where f.fﬁ ( + ) represents the non-linear mapping, ul-
timately producing d-dimensional output.
1.4.2 TAu

MSA is used to calculate the weights for different
time steps to model the global temporal dependence
across time steps and denote the input of the TAtt as
H""" | where the hidden state of node v, at time step t;
is represented by hi:,;”. The output of the TAtt is de-
noted as H'" , where the hidden state of node v, at time

step ¢; is denoted as htl(:,.[,i]- For node v,, the correlation

between time step t;and ¢ can be expressed as

h(l 1) (l 1)
P AGPRY; )] o)
2 a

exp(u(A>
Bl = 0 (11)

Zt en, eXP( u
(k)

where u,") is the correlatlon between time steps ¢, and
.

t; ,B“”) is the attention score of the k th head represen-
) and

ting the importance of time step ¢ to ¢;; (

l,k;( + ) represent two different learnable transforma-

tions; N, represents a

, set of time steps before time ;.
J

Then, attention scores ﬁf]kt) are obtained to update the

hidden state of node v; at time step t,.

(l):||kl{26(“' k)(')} (12>

where f15 ( ) denotes the non-linear projection.
1.4.3 Gated fusion

The traffic condition of a road will be jointly influ-
enced by historical traffic information and other road
global

spatial-temporal correlation of traffic flow data. In this

traffic conditions, and this influence exhibits a

paper, to model the global spatial-temporal correlation,
a gated fusion mechanism is designed to dynamically
fuse the outputs of SAtt and TAtt and extract the global
spatial-temporal features of the traffic flow data at each
roadway node and time step. The fusion method can be
expressed as

HY =p-H +(1p) - HY (13)

p=c(H )W, , +H )W, , +b, (14)
where W, | GR”XD, ,eR”P5b eR” are learn-
able parameters; H" de-
notes the output of the SAtt; H\" denotes the output of
the TAtt; H'” denotes the final production; and p de-
notes the gate, which is used to control the information

o is the Sigmoid fun(,tlon,

of the spatial-temporal attention layer.
2 Experiment

2.1 Datasets

This paper uses the METR-LA dataset from Los
Angeles and the PEMS-BAY dataset from California to
validate the predictive performance of the proposed
STA-GNN. The data is collected at 30 s intervals, and
each record is aggregated into 5 min intervals, meaning
that each hour contains 12 traffic data samples. The
detailed information on the experimental datasets is

shown in Table 1.

Table 1  Description of the experimental dataset
Datasets METR-LA PEMS-BAY
Data type Traffic speed Traffic speed

. Los Angeles San Francisco
Position
Freeway Bay Area Freeway

Interval 5 min 5 min

Time steps 34 272 52 116

i 2012/3/1 - 2017/1/1 -
e range 2012/6/30 2017/6/30

Number of sensors 207 325
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2.2 Settings

The data is divided into training, testing, and val-
Based on the Py-
Torch deep learning framework, the experiments were

idation sets in the ratio of 7 : 2 : 1.

compiled and run on a Linux server (CPU; Intel(R)
Xeon( R) CPU E5-2620 v4 @ 2. 10 GHz, GPU;
NVIDIA GeForce RTX 3060).

This paper sets the history and prediction time
steps to 12 (1 h), i.e., T=T"=12. A 3-layer STA-
GNN network is used, the model optimizer is Adam,
the initial learning rate is 0. 001, the dropout rate is p
=0. 3, the dimension of the node embedding represen-
tation vector set to 40, the epoch is set to 100, the
batch size is set to 64!, the number of attention
heads K =8, and the dimension of each head’s atten-
tion d = 8. In addition,
(MAE), root mean square error (RMSE) , and mean

mean absolute error

absolute percentage error (MAPE) are used to assess the
model performance, and the formula is shown as

n /\
MAE:%;lyi—yil (15)
1 n A 5
RMSE = |-~ % (y; = :) (16)
A
mapg =103 | Y=Y (17)
n i=1 yi

A
where, y, denotes the actual value, y, represents the

predicted value, and n indicates the length of the time

series.

2.3 Experimental results

As shown in Table 2, the prediction performance
of STA-GNN and the baseline model is compared on
two datasets. STA-GNN achieved excellent results for
all the evaluated metrics.

Table 2 Comparison of STA-GNN and baseline model performance

15 min 30 min 60 min
Datasets Models
MAE RMSE MAPE/%  MAE RMSE MAPE/%  MAE RMSE MAPE/%
HA 4.16 7.80 13.00 4.16 7.80 13.00 4.16 7.80 13.00
ARIMA 3.99 8.21 9.60 5.15 10.45 12.70 6.90 13.23 17.40
VAR 4.37 7.78 10.08 5.40 9.37 12.75 6.50 10. 68 15. 84
FNN 3.99 7.94 9.90 4.23 8.17 12.90 4.49 8.69 14.00
FC-LSTM 3.44 6.30 9.60 3.77 7.23 10.90 4.37 8.69 13.20
METRLA WaveNet 2.99 5.89 8.04 3.59 7.28 10.25 4.45 8.93 13.62
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
AGCRN 3.33 6.50 8.36 4.20 7.97 9.50 4.95 9.41 11.21
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
STA-GNN 2.68 5.21 7.00 3.04 6.21 8.54 3.53 7.36 10.63
HA 2.88 5.59 6.80 2.88 5.59 6.80 2.88 5.59 6.80
ARIMA 1.62 3.30 3.50 2.33 4.76 5.40 3.38 6.50 8.30
VAR 1.74 3.09 3.59 2.33 4.15 5.02 2.92 5.11 6.46
FNN 2.20 4.42 5.19 2.30 4.63 5.43 2.46 4.98 5.89
FC-LSTM 2.05 4.19 4.80 2.20 4.55 5.20 2.37 4.96 5.70
PEMS-BAY WaveNet 1.39 3.01 2.91 1.83 4.21 4.16 2.35 5.43 5.87
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
AGCRN 1.39 2.96 2.87 1.75 3.94 3.84 2.11 4.79 5.03
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
STA-GNN 1.34 2.83 2.81 1.67 3.81 3.78 1.98 4.56 4.68
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Table 2 shows that the prediction accuracy of deep
learning-based methods ( STA-GNN, STSGCN, AST-
GCN, AGCRN, STGCN, and DCRNN) is higher than
that of the other methods, which is attributed to the
more powerful ability of deep learning methods to mod-
el the nonlinear and complex spatial-temporal nature of
traffic data. Specifically, models that consider spatial
and temporal correlations achieve better results than
those that only think of temporal dependencies and ig-
nore spatial correlations of traffic nodes. For example,
at 60 min, compared with the VAR and FC-LSTM, the
MAE of STA-GNN in dataset METR-LA was improved
by about 45. 69% and 19.22% , and the RMSE was
improved by approximately 31.09% and 15.30% , re-
spectively.

Meanwhile, models based on GCN ( such as
DCRNN) rely entirely on predefined graphs to repre-
sent the non-Euclidean distances of the traffic network.
On the contrary, the STA-GNN proposed in this paper
does not use predefined graphs but captures the com-
plex multi-level spatial-temporal correlations between

the nodes of the traffic network through the dynamic

adjacency matrix constructed by the graph learning lay-
er. At 15 min, the MAE and RMSE of STA-GNN in
the PMS-Bay dataset are improved by about 2. 90%
and 4. 07% compared with the DCRNN method, re-
spectively; at 30 min, MAE and RMSE improved by
4.02% and 4.03% respectively; at 60 min, MAE and
RMSE improved by about 4.35% and 3.80% respec-
tively.

In addition, STGCN and STSGCN use TCN or
GCN to simulate temporal correlations. Due to their
smaller receptive fields, they can only capture a small
range of dependency characteristics, making it difficult
to focus on long-term temporal information. In con-
trast, the proposed STA-GNN utilizes the advantages of
TCN and GCN combined with AM to capture complex
dynamic spatial-temporal characteristics of traffic flow
effectively and has apparent advantages in long-term
prediction. At 60 min, compared with STGCN and
STSGCN, the MAE of STA-GNN in the dataset METR-
LA was improved by about 23.09% and 30.24% , and
the RMSE was improved by approximately 21. 70%
and 36.88% , respectively.

—— STA-GNN
—— Truth of PEMS-BAY

Speed(km/h)
Speed(knm/h)

—— STA-GNN
—— Truth of PEMS-BAY

Speed(kn/h)

—— STA-GNN 575+
~—— Truth of PEMS-BAY
i :

L L s L L
0 50 100 150 200 250 0 50 100
Timesteps

(a) Sensor 13 at 15 min

s . L L L L
150 200 250 0 50 100 150 200 250
Timesteps

(b) Sensor 78 at 30 min

Timesteps

(¢) Sensor 140 at 60 min

Fig.5 Comparison of predicted results in PEMS-BAY

On the PEMS-Bay dataset, three sensors and any
288 consecutive time steps were randomly selected to
compare the actual and predicted values of the STA-
GNN, as shown in Fig. 5 (a), (b) and (c¢), and the
prediction results of 15 min, 30 min, and 60 min were
compared respectively. From the comprehensive view
of the three figures, the STA-GNN model’s predicted
results can better simulate the changing trend of traffic
speed. Although the gap between the actual and pre-
dicted values gradually increases as the prediction time
window expands, the predicted value is still close to
the actual value. It does not deviate from the fluctua-
tion range of the actual value. From Fig. 5 (b), it

can be observed that when there is a significant change

in speed, STA-GNN can also effectively simulate the

change.

2.4 Ablation study

In this paper, ablation experiments were conduc-
ted on the METR-LA and PMS-Bay datasets to verify
the validity of different modules in the STA-GNN mod-
el, and the variant models are represented as follows.

(1) no-GCL: GC layer is removed.

(2) no-mix-hop: GC module has no information
selection step.

(3) no-inception; there is no Inception in the
MKTCL; only a 1 x7 convolution kernel is used.

(4) no-STAtt: STAtt layer is removed.



HIGH TECHNOLOGY LETTERSIVol. 30 No. 4 |Dec. 2024

377

Table 3 shows the traffic flow prediction results for

the STA-GNN model at 15 min, 30 min, and 60 min

on the two datasets, respectively. All variant models

have the same parameters and settings as STA-GNN.

Table 3 Performance comparison between STA-GNN and variant models

Datasets Models 15 min 30 min 60 min
MAE RMSE MAPE/%  MAE RMSE MAPE/%  MAE RMSE MAPE/%

no-GCL 2.84 5.61 7.59 3.22 6.63 9.19 3.64 7.56 10.72

no-Mix-hop 2.76 5.37 7.30 3.11 6.28 8.64 3.54 7.32 10.41

METR-LA no-Inception 2.73 5.27 6.79 3.08 6.21 8.27 3.51 7.21 9.94
no-STAtt 2.76 5.34 6.86 3.11 6.32 8.47 3.54 7.38 10.05

STA-GNN 2.68 5.21 7.00 3.04 6.21 8.54 3.53 7.36 10.63

no-GCL 1.35 2.87 2.86 1.68 3.80 3.78 1.99 4.56 4.80

no-Mix-hop 1.52 3.01 3.55 1.73 3.76 4.05 2.00 4.48 4.57

PEMS-BAY no-Inception 1.35 2.84 2.87 1.66 3.76 3.77 1.95 4.47 4.55
no-STAtt 1.34 2.83 2.83 1.67 3.79 3.78 1.95 4.49 4.62

STA-GNN 1.34 2.83 2.81 1.67 3.81 3.78 1.98 4.56 4.68

The METR-LA dataset is used as an example for
comparative analysis. It can be concluded that STA-
GNN improves the MAE by about 5. 63% , 2. 90% ,
1.83% , and 2. 90% , and the RMSE by about
7.13% ,2.98% , 1.14% , and 2.43% for STA-GNN
compared with no-GCL, no-Mix-hop, no-Inception,
and no-STAtt, respectively, at 15 min.

Meanwhile, the experimental results of STA-GNN
and variant models for the next 1 h prediction on the
METR-LA dataset are visualized as shown in Fig. 6,
with each time step representing 5 min. STA-GNN out-
performs the variant model overall regarding MAE and
RMSE, and STA-GNN outperforms the no-GCL and
no-Mix-hop models overall in terms of MAPE. It shows
that the GC Layer can capture the hidden spatial corre-
lations in the traffic flow, the information selection

method in the GC module can extract the more essen-

tial node features, MKTCL can portray the long, short,
and multi-scale temporal patterns, and STAtt can sim-
ulate the global spatial-temporal correlations of the traf-
fic flow. These modules play an essential role in the
enhancement of the prediction performance.

In contrast, at 30 min and 60 min, the STA-GNN
model does not perform as well as the variant model no-
Inception in terms of prediction, because traffic flow
data is usually highly time-dependent, i. e., recent
data has a strong influence on future predictions. At
shorter time scales (e. g., 15 min), the Inception
model captures this time dependence better because it
has more layers and parameters to extract more complex
features. However, at longer time scales (e. g.,
30 min and 60 min ), the temporal dependence be-
comes relatively weaker, and thus a simpler model

would be more effective.
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Fig.6  Comparison of prediction results of STA-GNN and variant models on METR-LA

In order to verify the effect of different numbers of

heads in spatial-temporal attention ( STAtt) on the pre-

diction performance of the model, this paper has done

a comparison experiment on the PEMS-BAY dataset as
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shown in Fig. 7. It can be found that an appropriate
increase in the number of heads in attention can im-
prove the performance of the model. On the PEMS-
BAY dataset, the model performance is best when K is
8 and d is 8, at which time the model can capture a

wider range of spatial-temporal patterns and dependen-

cies in the traffic data; when it is less than 8, the
model cannot adequately learn different data represen-
tations ; when it is greater than 8, the complexity of the
model increases and the increase in the number of pa-
rameters leads to a decrease in the computational effi-

ciency and performance of the model.

Head1

Head2 Head4

(a)MAE

Head8 Head9

1 e

MAPE/%

3.70

Headl

Head2 Head4
(b) MAPE

Head8 Head9

Fig.7 Performance comparison of different head counts in METR-LA

3 Conclusion

To accurately predict future traffic road condi-
tions, it is necessary to model the global spatial-tempo-
ral characteristics of traffic flow accurately. Therefore,
this paper proposes the STA-GNN traffic flow predic-
tion model based on AM and spatial-temporal convolu-
tional networks. The model constructs a dynamic adja-
cency matrix to learn the hidden spatial correlations,
which can discover the hidden dynamic graph network
structure from the data without any a priori knowledge
guidance. The GCN is used to capture the dynamic lo-
cal spatial features of the traffic flow based on the
learned graph network structure. A multi-core temporal
convolutional network is designed to capture the long-
time, short-time, and different-scale local time series
traffic flow features by integrating multiple convolution-
al kernels, enabling the convolutional operation to ob-
tain flexible and variable receptive fields. A spatial-
temporal attention network is also proposed to model
the global temporal dependence and spatial correlation
of traffic flow and dynamically fuse the two to achieve
traffic flow prediction incorporating global spatial-tem-
poral features. Many experiments are conducted on real
traffic datasets and compared with related studies.
STA-GNN achieved better predictive performance un-
der different datasets and different periods. Ablation
experiments are also conducted on each module in the

model to verify its effectiveness.

In future work, the external factors affecting traf-
fic flow changes (e. g., holidays, weather, traffic ac-
cidents, etc. ) will be further considered to establish a
prediction model to improve the accuracy of traffic flow

forecasting in complex environments.
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