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Abstract 
Traffic prediction is the core of intelligent transportation system, and accurate 
traffic speed prediction is the key to optimize traffic management. Currently, 
the traffic speed prediction model based on deep learning has become a re-
search hotspot in the field of transportation. With the rapid development of 
deep learning and the improvement of computer hardware performance, traf-
fic speed prediction based on deep learning has become a hot spot and main-
stream of research. In this paper, a traffic speed prediction model based on 
autoencoder structure is proposed by combining Causal Convolutional Net-
work (CCN), Graph Convolutional Network (GCN) and Multi-Head Self-At-
tention (MHSA). The model realizes efficient extraction and fusion of spatio-
temporal features through a layered design: GCN handles spatial features, CCN 
and MHSA handle temporal features. First, in the encoder, multiple 2D causal 
convolution modules are utilized to capture the core features of traffic flow 
and remove redundant information. Second, the attention weights are dynam-
ically computed using MHSA to identify important time points and sub-se-
quences in the traffic sequence, and the spatial features of the traffic flow cap-
tured using GCN. Further, when reconstructing potential features in the de-
coder, jump connections from the encoder are added, so that the decoder mul-
tiplexes the shallow features extracted by the encoder in the feature recon-
struction stage and retains more detailed information of the original data. Fi-
nally, the prediction results are obtained by nonlinear fusion of the autoen-
coder information by the fully connected network. The experimental results 
show that compared with many baseline models, the proposed model in this 
paper is able to capture the spatio-temporal correlation of traffic speed data in 
traffic flow prediction and has good prediction performance. 
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1. Introduction 

In the face of such a severe urban traffic predicament, the significance of traffic 
flow prediction as the cornerstone of urban traffic control and guidance has be-
come more and more prominent. Traffic flow prediction through the future pe-
riod of time on the road vehicle flow, speed, density and other parameters for the 
scientific prediction, for traffic management departments to provide a basis for 
decision-making. For example, in advance to grasp the changes in a road traffic 
flow, you can reasonably plan the traffic signal timing, to avoid excessive gather-
ing of vehicles; for the possible congestion of the road, timely release of traffic 
warning information, to guide the public to choose the optimal travel route. Ac-
curate traffic flow prediction is the core of optimized traffic management, which 
can help traffic management departments to achieve efficient allocation of traffic 
resources, enhance road capacity and ease traffic congestion. 

In recent years, with the rapid development of artificial intelligence technology, 
the traffic flow prediction model based on deep learning has been generated, and 
has rapidly become a research hotspot in the field of transportation. Deep learn-
ing, with its powerful feature extraction and data processing capabilities, can au-
tomatically mine the complex spatial and temporal features in traffic data, effec-
tively deal with the complexity of traffic flow, and provide a more accurate and 
reliable solution for traffic flow prediction, thus opening up new paths for easing 
urban traffic congestion and optimizing traffic management. 

Currently, traffic flow prediction methods are broadly categorized into three 
types, i.e., traditional time series methods, machine learning methods and deep 
learning methods. Traditional time series methods mainly focus on the time-se-
ries information contained in the data, using methods such as Kalman filter anal-
ysis (KF) [1], History Average (HA) [2], Vector Autoregression (VAR) [3], Auto-
regression Integrated Moving Average Model (ARIMA) [4], etc., which predict 
future traffic conditions through simple mathematical operations. The advantage 
of traditional time series methods is that the model is simple and the calculation 
speed is fast; the disadvantage is that only smooth time series data can be consid-
ered, which is not applicable to nonlinear traffic flow data, and only the temporal 
information in the traffic flow can be extracted, and the spatial dependence con-
tained therein cannot be modeled. 

In order to solve the limitations of traditional statistical models, many machine 
learning models have been widely used by researchers in the field of traffic state 
prediction, such as K-Nearest Neighbor (KNN) [5], Support Vector Machine (SVM) 
[6], Random Forest (RF) [7], Feedforward Neural Network (FNN) [8] and other 
machine learning methods. Literature [9] discusses in detail the main factors af-
fecting traffic, experiments on traditional machine learning based traffic flow pre-
diction models on multiple datasets, and comparatively analyzes the prediction 
performance of each model. The experimental results show that these data-driven 
machine 2 W. S. Khedr learning-based methods can better capture the nonlinear 
dependencies in the data and achieve better prediction accuracy in short-term 
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traffic flow prediction. However, traditional machine learning methods are diffi-
cult to effectively extract features from high-dimensional complex traffic data, and 
cannot tap into the deep and implicit spatio-temporal correlations in big data, and 
thus are difficult to be scaled up and applied to large-scale real-world traffic pre-
diction applications [10]. 

In recent years, the rapid development of deep learning technology has injected 
new vigor into various industries. Deep learning models have gradually become 
the mainstream method in the field of traffic state prediction due to their excellent 
performance in capturing the complex structural attributes of data. Currently, the 
deep learning network models commonly used for traffic flow prediction are Con-
volutional Neural Network (CNN), Recurrent Neural Network (RNN), Graph 
Convolutional Network (GCN), and Transformer [11]-[13], etc. Jiang et al. [14] 
proposed spatio-temporal meta-graph learning, a novel graph structure learning 
method, which was applied to a meta-graph convolutional recurrent network to 
achieve robust prediction performance. Yin et al. [15] proposed the bi-directional 
gated recurrent unit (BiGRU), which was combined with the Improved Varia-
tional Modular Decomposition (VMD), Graph Attention Network (GAT) to from 
a spatio-temporal hybrid prediction model ST-VGBiGRU, which is able to train 
the optimal parameters of the model using the improved RMSprop algorithm 
while improving the prediction accuracy of the model. Yu et al. [16] further com-
bined temporal convolution with spatial convolution and proposed the STGCN 
model, which performs excellently in nonlinear feature modeling. Ji et al. [17] 
proposed the Spatio-Temporal Self-Supervised Learning (STSSL), which is able to 
achieve adaptive heterogeneity perception of noise perturbations on spatio-tem-
poral graphs. Qi et al. [18] proposed the Spatial–Temporal Fusion Graph Neural 
Network, STFGCN, which constructs dynamic adaptive graphs for modeling by 
extracting multi-scale temporal dependencies from multiple semantic environ-
ments. Kong et al. [19] proposed the Spatio-Temporal Pivotal Graph Neural Net-
work (STPGNN), which is capable of identifying key nodes and accurately cap-
turing spatio-temporal dependencies centered on key nodes, in addition to ex-
tracting spatio-temporal traffic features on key and non-key nodes through a par-
allel framework. 

After the rise of the Transformer architecture, Jiang et al. [20] proposed the 
PDFormer model, which combines the propagation delay property with the dy-
namic attention mechanism to effectively solve the problem of modeling long time 
series. Ma et al. [21] proposed a framework that relies entirely on the original 
Transformer architecture, and designed the embedding module to extract the spa-
tio-temporal dependencies of traffic flow, in addition to using a pre-trained lan-
guage model to improve the prediction performance. Shi et al. [22] proposed a 
lightweight traffic flow prediction model, TFPformer, based on the Transformer 
model, which employs a parallel structure to capture spatio-temporal dependen-
cies in traffic flow. Moon et al. [23] proposed a subgraph-based graphical Trans-
former traffic flow prediction model, which is capable of capturing spatial heter-
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ogeneity and can effectively handle the long-term temporal dependence of traffic 
flow, and the model validity was verified in four traffic benchmark tests. Li et al. 
[24] modeled traffic flow as a diffusion process on a directed graph, 3W. S. Khedr 
introduced a diffusion convolutional recurrent neural network, DCRNN, to cap-
ture spatial dependence through bi-directional stochastic wandering on the graph 
and used an encoder-decoder architecture to capture temporal dependence, and 
evaluated the results to show an improvement over the benchmark model. Zheng 
et al. [25] proposed Graph Multi-Attention Network GMAN, which reduces the 
error in traffic prediction by establishing a link between historical and future time 
steps through an attentional approach. 

With the rapid development of deep learning and the improvement of com-
puter hardware performance, traffic flow prediction based on deep learning has 
become a research mainstream. However, existing models still face critical gaps: 
many struggle to simultaneously filter redundant spatio-temporal features in 
high-dimensional traffic data, leading to noise interference; others fail to capture 
directional temporal dependencies (e.g., rush-hour propagation patterns) or dy-
namically prioritize crucial time steps and road segments, resulting in suboptimal 
fusion of spatio-temporal correlations. In this paper, a traffic flow prediction 
model based on autoencoder structure is proposed by combining CCN, GCN and 
MHSA. The model realizes efficient extraction and fusion of spatio-temporal fea-
tures through layered design, with its specific combination addressing the afore-
mentioned gaps: the autoencoder compresses redundant information and retains 
core features via encoding-decoding, mitigating noise issues; CCN captures direc-
tional temporal dependencies that traditional models overlook; GCN models the 
road network topology and extracts the spatial features of the data; and MHSA 
dynamically weights critical spatio-temporal points, enhancing the adaptability of 
feature fusion. This synergistic integration enables the model to capture the spa-
tio-temporal correlation of traffic speed data more comprehensively and achieve 
good prediction performance. 

2. Description of the Problem 
2.1. Transportation Network Construction 

Let ( ), , ,t tG V E A X= , 1,2.t T= ⋅⋅⋅ , where tG is a dynamic complex network, V 
and E are sets of nodes and edges respectively, V N=  is the number of nodes  
in the graph, ( )ij N N

A a
×

=  is the adjacency matrix. If iv , jv V∈ , ( ),i jv v E∈ ,

1ija = . Others 0ija = . tX R∈  is the matrix of characteristic attributes. It rep-
resents the traffic flow information of the traffic network in time period t, such as 
traffic volume, traffic speed, and traffic density. When constructing a traffic net-
work, the nodes of the network can be determined according to the data flow ac-
quisition method, for example, if the traffic flow data is obtained through multiple 
sensors distributed on the road network, the sensors are viewed as network nodes 
to construct the traffic network. If the traffic flow data is obtained through vehicle 
GPS, the intersection can be viewed as a network node to construct the traffic 
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network, i.e., the network can be constructed by using the master method, or by 
using the pairwise method to construct the traffic network [26]. 

2.2. Definition of the Problem 

Historical observations of the transportation network are known for the past p 
time periods { }1 2,  , ,t p t p tG G G− + − + ⋅ ⋅ ⋅  are known to predict the transportation net-
work data for the future q time periods { }1 2,  , ,t t t qG G G+ + +⋅ ⋅ ⋅ . The traffic flow pre-
diction problem can be defined as: 

( )1 2 1 2,  , , ,  , ,t t t q t p t p tG G G f G G G+ + + − + − + ⋅⋅ ⋅ = ⋅⋅ ⋅              (1) 

where f(g) is a learnable prediction function. When q = 1 is a single-step predic-
tion and q ≥ 2 is a multi-step prediction. 

3. Traffic Speed Prediction Based on Autoencoder and Deep  
Learning 

3.1. General Framework of the Model 

In this paper, we propose a traffic prediction model based on autoencoder struc-
ture, whose core modules include Causal Convolutional Network (CCN), Multi-
Head Self-Attention (MHSA) and Graph Convolutional Network (GCN), the 
overall framework of the model is shown in Figure 1, and the specific steps of 
traffic flow prediction include: 

Step 1: Input The traffic network is constructed by preprocessing the attribute 
features of the traffic network nodes (i.e., traffic speed). 

Step 2: Encoder It consists of two causal convolution-pooling layers sequen-
tially connected, each consisting of a causal convolution, an activation function 
SiLU, and a Dropout layer, which achieves dimensionality compression by pool-
ing. 

Step 3: MHSA For the features extracted by the encoder, the attention weights 
are adaptively assigned, the attention coefficients are computed, the importance 
of different time steps is learned, and the information of the time step that is most 
important for the current task is highlighted to capture long-term dependencies. 

Step 4: GCN The output of the multi-attention mechanism is used as the input 
to the graph convolution, and the graph structure information is utilized to fur-
ther extract features, and the feature representations of the nodes are updated by 
computing the information transfer between the nodes. 

Step 5: Decoder Sequential connection of two causal convolution-pooling lay-
ers, recovering dimensionality by Up-pooling and using jump connections from 
encoder, allows the decoder to reuse shallow features extracted by the encoder in 
the feature reconstruction phase, preserving more detailed information of the 
original data. Specifically, the jump connections are implemented by addition: the 
second layer of the encoder is added to the first layer of the decoder, and the re-
sulting output is fed into the second layer of the decoder; meanwhile, the first layer 
of the encoder is added to the second layer of the decoder. The output is passed 
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through the fully connected layer to obtain the final prediction. 
 

 
Figure 1. General framework of the model. 

3.2. Autoencoder 

Autoencoder is a neural network model that learns an efficient representation of 
data through an unsupervised learning approach [27]. It usually consists of an 
encoder and a decoder. The encoder usually consists of a series of neural network 
layers that achieve data compression by gradually reducing the number of neu-
rons, i.e., mapping the input data to a low-dimensional potential space. Decoder 
is constructed in contrast to an encoder and reconstructs the output similar to the 
input data by gradually increasing the number of neurons, i.e., mapping the po-
tential space representation back to the original data space. The autoencoder con-
struction is shown in Figure 2. 

 

 
Figure 2. Autoencoder. 

 
Let X be the input data. Z is the coded representation of the input data (poten-

tial space). X̂  is the reconstructed output (decoded data). We and Wd are the 
encoder and decoder weight matrices. be and bd are bias vectors. The encoder and 
decoder functions are mathematically defined as: 
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( ) ( )e eZ f X W X bσ= = +                        (2) 

( ) ( )ˆ
d dX g Z W Z bσ= = +                        (3) 

where σ( ) is activation function. 
Autoencoder solves two functions f and g. So that the input data and recon-

structed output errors are minimized: 
2

,
ˆ, arg  min

f g
f g X X= −                         (4) 

3.3. Causal Convolution Network 

Causal Convolution Network [28] is a special convolution operation in convolu-
tional neural network that follows a causal convolution operation in the time or 
sequence dimension. When processing sequence data, it ensures that when calcu-
lating the output of a certain moment, only the input information of that moment 
and its predecessors will be used, and not the input information of future mo-
ments, which avoids the problem of information leakage, and conforms to the 
causal logic of processing sequence data in practical applications. A schematic di-
agram of one-dimensional CCN computation is shown in Figure 3. 
 

 
Figure 3. Causal convolution network layer. 

 
Given an input one-dimensional time series [ ]1 2 3, , , , nX x x x x⋅ ⋅ ⋅=  and  
[ ]1 2 3, , , , kF f f f f⋅ ⋅ ⋅=  is the convolution kernel. The causal convolution opera-

tion F is defined as: 

( )
1

1

K

k tt
k

F X f x K k
−

=

∗ = − +∑                        (5) 

where * denotes the dilation convolution operator. 
Transportation time series data has both time dimension and spatial dimension 

information, so it is processed with two-dimensional causal convolution. Let the 
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input feature map be ( ),i j T S
X X

×
= , where T is the length of the time dimension 

and S is the length of the space dimension. The convolution kernel is  

( ),
t s

i j K K
K K

×
= , where Kt is the convolutional kernel time dimension and Ks is 

the convolutional kernel space dimension. The bias is b ∈ R. To ensure causality, 
zero-padding is performed from the beginning of the time dimension. Suppose 
that the time dimension is populated with 1t tp K −=  zeros. The filled feature map 
is  

( )( )1
,

t

S
i j T K

X x
−+

=  . The two-dimensional causal convolution operation is: 

 

( )( ) , ,,
1 1

t sK K

i j t i s jt s
i j

K X k x b+ +
= =

∗ = +∑∑                     (6) 

where * is the convolution operation. When 11 tT Kt −> ++  or s + j > S,  

, 0t i s jx + + = . 

The convolution operation is followed by a nonlinear transformation through 
activation functions, and the commonly used activation functions include Sig-
moid, ReLU, SiLU, Tanh, and so on. In order to avoid overfitting the model on 
the training data, which leads to poor performance on the test data, the data is 
processed by the Dropout layer after the activation function. A portion of neurons 
and their connections are randomly dropped during the training process so that 
the model cannot rely on a specific combination of neurons, thus reducing the co-
adaptation between neurons, forcing the network to learn more robust feature 
representations, improving the model’s generalization ability, and reducing the 
risk of overfitting. 

3.4. Multi-Head Self-Attention 

The traffic flow of a node is not only affected by the historical traffic flow of that 
node, but also by the traffic flow of its neighboring nodes. Therefore, a spatio-
temporal attention mechanism can be used to capture the dynamic spatio-tem-
poral correlation of traffic flow, where the spatial attention mechanism capture 
the dynamic spatial correlation between a node and its neighboring nodes, and 
the temporal attention mechanism capture the dynamic temporal correlation be-
tween nodes at different times. 

The self-attention mechanism portrays the interdependence between sequence 
elements by calculating the correlation (i.e., weight) of each element in the se-
quence with all other elements. Multi-Head Self-Attention (MHSA) [29] capture 
the distribution of attention in time series data in different subspaces from multi-
ple perspectives by introducing multiple heads of attention, thus enabling a better 
understanding of the interactions between variables in complex series data, and 
improving the model representation and generalization capabilities. 

The steps to achieve MHSA include: 
Step 1: Input transformations The input sequence X is passed through three 

different linear transformations to obtain the query vector Q, the key vector K and 
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the value vector V: Q = XWQ, K = XWK, V = XWV, where WQ, WK, WV are the 
learnable weight matrices of Q, K, V. 

Step 2: Parallel computation of multiple attentions For each head, the atten-
tion score was computed separately using dot product attention: 

( )Head Attention , , SoftMa
T

i i
i i i i i

k

Q K
Q K V x V

d
= =               (7) 

where dk is the embedding dimension. 
Step 3: Splicing the attention heads and linearly transforming them output 

The spliced vectors are passed through a linear transformation to get the final 
multi-head attention data: 

( ) ( )1MultiHead , , Concat head , , headh oQ K V W= ⋅⋅⋅              (8) 

where Wo is the output weight matrix and h is the number of attention heads. The 
structure of MHSA is shown in Figure 4. 

 

 
Figure 4. Multi-Head self-attention. 

3.5. Graph Convolutional Network 

Graph convolutional network [30] is a neural network structure for deep learning. 
Compared with the traditional network model CNN for deep learning, graph con-
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volutional network is able to handle spatio-temporal data with non-Euclidean 
structure. Traffic road network is a typical complex network structure, and its 
network characteristics are inscribed with non-Euclidean structure data, using 
graph convolutional network can extract the topological relationship between 
nodes and their surrounding nodes in the complex network, so as to accurately 
extract the spatial characteristics of the traffic data, and lay the foundation for 
improving the accuracy of traffic speed prediction. 

Graph convolution usually includes null-domain convolution and spectral-do-
main convolution, the core of null-domain convolution is the aggregation process 
of neighboring node feature and inference to get the prediction, such as GraphSage 
network (2017). Spectral domain convolution is network learning by neighbor 
matrix and node attribute features, such as Graph Convolutional Network (GCN). 
In this paper, we use GCN to construct a deep learning network. In the spectral 
domain map convolution, we convolve the graph G with the convolution kernel 
gθ: 

( ) ( ) ( )T T
Gg X g L X g U U X Ug U Xθ θ θ θ∗ = = Λ = Λ         (9) 

where ∗G is the graph convolution operation. Laplace  

( )
1 1 1 1
2 2 2 2

NL D D A D I D AD
− − − −

= − = − , N ND R ×∈  is the degree matrix,  
N N

NI R ×∈  is the unit matrix and X is the attribute feature matrix of the graph. 

The eigenvalue decomposition of L is TL U U= Λ , where Λ is the diagonal matrix 
consisting of the eigenvalues of L and { }1 2, , NU u u u= ⋅⋅⋅  consists of the eigen-
vectors of L. 

Due to the large structure of the traffic road network graph, the computation of 
the Laplace transform on the graph usually involves complex operations such as 
eigen-decomposition of the Laplace matrix of the graph, which is computationally 
expensive. To avoid higher computational complexity, Chebyshev polynomials 
are used to obtain an efficient approximation, so the graph convolution can be 
rewritten as: 

( )
1

0

K

G k k
k

g X T L Xθ θ
−

=

∗ ≈ ∑                    (10) 

where θ ∈ RK is a vector of polynomial coefficients and K is the size of the graph 
convolution kernel. ( ) N N

kT L R ×∈  is a term of order k of the Chebyshev poly-
nomial, which satisfies the recurrence formula: ( ) ( ) ( )1 22k k kT X XT X T X− −= − ,  

T0(X) = 1, T1(X) = X, 
max

2
N

LL I
λ

= − , maxλ  is the largest eigenvalue of L. 

3.6. Loss Function 

In this paper, Huberloss is chosen as the loss function for training, and the use of 
MSE for small errors and MAE for large errors is able to overcome the drawbacks 
of both by smoothing out the training process as well as minimizing the effect of 
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outliers. The mathematical formula of Huberloss is defined as follows: 

( )
( )2

2

1 ˆ ˆ,        
2ˆ,

1ˆ ,    others
2

y y y y
L y y

y y
δ

δ

δ δ

 − − ≤= 
 − −


                 (11) 

where y is the true value, yˆ is the predicted value, δ is the threshold value. (In this 
paper, δ = 1.) 

4. Experimental Results and Analysis 
4.1. Datasets Introduction and Preprocessing 

In this paper, the validity of the model is tested using the PEMSD7M and Traffic 
SH datasets. PEMSD7M (http://pems.dot.ca.gov) were collected and provided by 
the Performance Measurement System (PeMS) of the California Department of 
Transportation. The dataset was selected from 228 sensor nodes from the trans-
portation roadway network, and monitoring data was selected as a sample for the 
period from May 1, 2017 to August 31, 2017, with data collected at a frequency of 
every 5 minutes. TrafficSH selected 896 sensor nodes in Shanghai from March 5, 
2022 to April 5, 2022, and the frequency of data collection was every 30 minutes. 
The data collected by each sensor each time includes features in three dimensions: 
flow rate, average speed and average occupancy. For the missing values present in 
the datasets, this paper employs missing value filling using periodic features of 
traffic flow. Normalization is done using Z-Score. 

4.2. Experimental Setup 

70% of the datasets was selected as the training set, 15% as the test set, and 15% as 
the validation set. Multi-step prediction is performed using historical 12-step traf-
fic speed data, including future 3, 6, 12-step prediction. The model use AdamW 
optimizer with a learning rate of 0.001. The batch-size is 32 and the training period 
is 500 with an early stop mechanism. All experiments were performed on a ma-
chine equipped with NVIDIA GeForce 3080 Ti GPU and 128GB of RAM. Models 
were implemented using python 3.10.0. 

4.3. Metric 

Commonly used assessment metrics for traffic flow forecasting include Mean Ab-
solute Error(MAE), Root Mean Squared Error (RMSE) and Mean Absolute Per-
centage Error(MAPE). The definitions of the three assessment metrics are pre-
sented as follows: 

1) Mean Absolute Error (MAE) 

1

1 ˆMAE
n

i i
i

y y
n =

= −∑                        (12) 

where yi is the true value, ˆiy  is the predicted value and n is the number of the 
records. The following formulas have the same meaning. The range of the MAE 
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error is in the interval [0, +∞). The MAE value is taken to be 0 when the predicted 
and true values match exactly, and furthermore, the large the error, the large the 
value. 

2) Root Mean Squared Error (RMSE) 

( )
2

1

1 ˆRMSE
n

i i
i

y y
n =

= −∑                       (13) 

The range of the RMAE error is in the interval [0, +∞). Similar to the MAE, the 
RMSE value is taken to be 0 when the predicted and true values match exactly, 
and the large the error, the large the value. 

3) Mean Absolute Percentage Error (MAPE) 

1

ˆ1 100%
n

i i

i i

y y
MAPE

n y=

−
= ×∑                      (14) 

The range of the MAPE error is in the interval [0, +∞). MAPE is presented as a 
percentage, with a value of 0% indicating a perfect model and a value greater than 
100% indicating a poor model. 

4.4. Results 
4.4.1. Baseline 
In this paper, we use History Average Model (HA), Feedforward Neural Network 
(FNN), Spatiotemporal Graph Convolutional Network (STGCN), Diffusion Con-
volutional Recurrent Neural Network (DCRNN), and Graph Multi-Attention 
Network (GMAN) for the comparison of the prediction performance with the 
proposed model (Ours). 

HA [2]: A simple and basic time series prediction model, usually used to fore-
cast data with cyclical or seasonal patterns. Its core assumption is that the data has 
a cyclical pattern of change in time. Based on this assumption, the model predicts 
future values by calculating the average value over the same time period in history. 

FNN [8]: It is characterized by a unidirectional transfer of information from 
the input layer to the output layer, with a number of hidden layer in between, and 
the neurons in each layer are nonlinearly transformed by weighted sums and ac-
tivation functions. 

STGCN [16]: A deep learning model combining Graph Convolutional Network 
(GCN) and Convolutional Neural Network (CNN) is specialized to deal with spa-
tio-temporal relationships in graph-structure data. It captures spatial dependen-
cies by mapping time-series data onto graphs using graph convolution, while 
combining it with temporal convolution to handle temporal dependencies. 

DCRNN [24]: It models the dynamics of traffic flow as a directed weighted 
graph and proposes diffusion convolution operations to capture spatial depend-
encies. The upstream and downstream traffic impacts are captured flexibly by in-
corporating bi-directional random wandering in the convolution. 

GMAN [25]: The model uses an encoder-decoder structure, where the encoder 
and decoder consist of multiple spatio-temporal attention blocks, each consisting 
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of a spatial attention mechanism, a temporal attention mechanism, and a gated 
fusion mechanism. 

4.4.2. Comparative Experiments and Analysis of Results 

 
Figure 5. Visualization of true values and predicted values. 

 
Figure 5 shows the comparison of traffic speed prediction between the five 

baseline models and the model proposed in this paper (Ours), with the 24 hours 
prediction results from a randomly selected sensor visualized. Table 1 shows the 
prediction performance metrics of each model, where black bold indicates the 
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metrics with the best results, and underlining marks the metrics with the second 
highest results. 

From Table 1, it can be seen that the HA and FNN models cannot well explore 
the mutual influence of traffic speeds between different road sections and at dif-
ferent time points, and lack of consideration of the spatial structure of the complex 
road network and the temporal correlation of traffic flow, and the prediction per-
formances of these two models on both datasets are poorer. The STGCN, DCRNN, 
and GMAN models extract the features of the data in both the temporal and spa-
tial dimension, and achieve better results on the two datasets. Both datasets with 
better results. Compared with the baseline model, the performance of the pro-
posed model in this paper performs optimally. On the dataset TrafficSH, the val-
ues of three error metrics such as MAE, RMSE and MAPE are minimized for the 
multi-step prediction of the proposed model in this paper. On the dataset PEMSD7M, 
the value of other metrics are also minimized, except for the MAE of 6-step and 
12-step, which are ranked second. The results fully demonstrate that the predic-
tion model in this paper is able to capture the spatio-temporal characteristics of 
traffic flow simultaneously and has excellent prediction performance for traffic 
speed. 

 
Table 1. Comparison of multi-step prediction performance of various models. 

Dataset Step Metric HA FNN STGCN DCRNN GMAN Ours 

TrafficSH 

3 

MAE 1.03 1.27 0.54 0.53 0.60 0.48 

RMSE 1.37 1.69 0.91 0.88 0.97 0.78 

MAPE 16.83 21.23 7.67 8.00 8.50 6.31 

6 

MAE 1.03 1.37 0.62 0.61 0.68 0.60 

RMSE 1.37 1.83 0.93 0.93 1.01 0.90 

MAPE 16.83 23.08 7.87 8.16 8.68 7.86 

12 

MAE 1.03 1.39 0.64 0.64 0.75 0.63 

RMSE 1.37 1.85 0.96 0.97 1.11 0.94 

MAPE 16.83 22.63 8.38 8.35 9.03 8.30 

PEMSD7M 

3 

MAE 4.01 3.45 2.29 2.37 2.88 2.28 

RMSE 7.20 5.74 4.20 4.21 5.71 4.16 

MAPE 10.61 9.07 5.04 5.54 7.25 3.93 

6 
MAE 4.01 4.51 3.23 3.31 3.08 3.11 

RMSE 7.20 7.44 5.74 5.96 6.17 5.72 

 MAPE 10.61 12.33 7.23 8.06 7.77 5.37 

12 

MAE 4.01 6.18 4.45 4.31 3.99 4.03 

RMSE 7.20 9.63 7.46 7.43 7.90 7.29 

MAPE 10.61 17.61 7.67 10.29 10.02 6.94 
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4.4.3. Ablation Experiments 
We validate the effect of each component of the model on the prediction effect 
using three ablation experiments, where Model A indicates replacing the causal 
convolution with a normal two-dimensional convolution, and Model B indi-
cates using the causal convolution and removing the temporal self-attention 
mechanism. Model C indicates using causal convolution and removing graph 
convolution. Table 2 shows the performance comparison of the ablation exper-
iments. 

According to Table 2, it can be seen that after replacing causal convolution with 
ordinary 2D convolution, the error metrics of multi-step prediction have in-
creased, which indicates that compared with causal convolution, ordinary 2D con-
volution is unable to capture the temporal features of traffic flow. After Model B 
removes the temporal self-attention mechanism, the model is unable to identify 
important time points and subsequences in the traffic sequence, making the model 
prediction accuracy decrease. Graph convolution is more important to capture 
the spatial or structural dependence of the data, and the removal of graph convo-
lution by Model C leads to a decrease in the model’s ability to extract local fea-
tures, which in turn affects the prediction accuracy. 

 
Table 2. Results of ablation experiments. 

Dataset Step Metric A B C Ours 

TrafficSH 

3 

MAE 0.59 0.61 0.58 0.48 

RMSE 0.89 0.98 0.89 0.78 

MAPE 7.68 7.97 7.58 6.31 

6 

MAE 0.68 0.77 0.76 0.60 

RMSE 1.07 1.18 1.12 0.90 

MAPE 8.94 10.15 9.97 7.86 

12 

MAE 0.78 0.88 0.94 0.63 

RMSE 1.14 1.30 1.34 0.94 

MAPE 10.22 11.54 12.33 8.30 

PEMSD7M 

3 

MAE 2.30 2.39 2.44 2.28 

RMSE 4.19 4.37 4.30 4.16 

MAPE 3.97 4.12 4.19 3.93 

6 

MAE 3.15 3.32 3.14 3.11 

RMSE 5.75 6.26 5.75 5.72 

MAPE 5.42 5.72 5.41 5.37 

12 

MAE 4.15 4.72 4.10 4.03 

RMSE 7.34 8.45 7.31 7.29 

MAPE 7.14 8.12 7.06 6.94 
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5. Conclusion 

In this paper, a traffic flow prediction model based on the structure of autoencoder 
is proposed by combining CCN, GCN and MHSA. First, in the encoder, multiple 
2D Causal Convolution modules are used to capture the core features of the traffic 
flow and pooling is employed to remove redundant information. Second, the at-
tention weights are dynamically computed using a MHSA to identify important 
time points and sub-sequences in the traffic sequence, and the spatial features of 
the traffic flow captured by the GCN. Finally, when reconstructing the potential 
features in the decoder, the jump connection from the encoder is added, which 
makes the decoder reuse the shallow features extracted by the encoder in the fea-
ture reconstruction to get the prediction results. The experimental results show 
that compared with the baseline model, the model proposed in this paper is able 
to capture the spatio-temporal correlation of traffic speed data better in traffic 
flow prediction and has good prediction performance. 

As mentioned in the Introduction, accurate traffic flow prediction is crucial for 
the efficient operation of intelligent transportation systems. The improved accu-
racy of this model can bring numerous tangible benefits to traffic management 
systems: it can help traffic management departments grasp the changing trends of 
traffic flow more timely, conduct early dredge on easily congested road sections, 
and reduce vehicle detention time; it can provide a more reliable basis for the op-
timization of traffic signal timing, improving road traffic efficiency; it can also 
offer accurate references for the public’s travel route planning, enhancing travel 
experience. 

In the future, we should not only use more datasets to verify the model validity, 
but also make further improvements to the model components to reduce the 
model complexity and improve the prediction accuracy. For example, wavelet de-
composition can be adopted in data preprocessing to make the original data have 
both time-domain and frequency-domain features, and the processed data may 
lead to better results when input into the model. 
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