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Abstract— Accurate and timely traffic flow prediction is crucial
for intelligent transportation systems (ITS). Recent advances in
graph-based neural networks have achieved promising prediction
results. However, some challenges remain, especially regarding
graph construction and the time complexity of models. In this
paper, we propose a multi-stream feature fusion approach to
extract and integrate rich features from traffic data and leverage
a data-driven adjacent matrix instead of the distance-based
matrix to construct graphs. We calculate the Spearman rank
correlation coefficient between monitor stations to obtain the
initial adjacent matrix and fine-tune it while training. As to the
model, we construct a multi-stream feature fusion block (MFFB)
module, which includes a three-channel network and the softattention mechanism. The three-channel networks are graph
convolutional neural network (GCN), gated recurrent unit (GRU)
and fully connected neural network (FNN), which are used to
extract spatial, temporal and other features, respectively. The
soft-attention mechanism is utilized to integrate the obtained
features. The MFFB modules are stacked, and a fully connected
layer and a convolutional layer are used to make predictions.
We conduct experiments on two real-world traffic prediction
tasks and verify that our proposed approach outperforms the
state-of-the-art methods within an acceptable time complexity.
Index Terms— Traffic prediction, graph convolutional neural
network, deep learning, multi-stream, attention mechanism,
data-driven adjacent matrix.
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I. I NTRODUCTION

S

HORT-TERM traffic prediction is an important component
of intelligent transportation systems (ITS). The time complexity, quality and reliability of prediction affect the response
speed and performance of ITS directly. Real-time and accurate
traffic flow prediction models are of great significance for
decision-making of both travelers and managers [1]–[3]. Due
to the influence of weather, events, holidays and other factors, traffic conditions are nonlinear and time-varying, which
introduces significant challenges in traffic prediction.
Traffic flow has various features in spatial and temporal
dimensions. Therefore, whether the features can be captured
effectively determines the quality of prediction results. With
the acquisition of traffic big data and the development of
artificial intelligence, machine learning methods have been
applied for traffic prediction and they have obvious superiority
over traditional methods [4]–[6].
In recent years, the rise and development of graph-based
neural networks introduce new opportunities and challenges
for accurate traffic prediction. The road sensor network has a
typical non-Euclidean structure. In a traffic detection system,
the number and locations of monitor stations are known, and
the upstream and downstream stations for each monitor station
are fixed. Thus, the road sensor network can be simplified
as a typically directed graph [7]. Graph convolutional neural
network (GCN) has natural advantages in processing this
structure, but its prediction performance is strongly related to
the property of graph construction.
This paper addresses the following two challenges for
traffic prediction in a directed road sensor network. The first
challenge is to construct a road sensor graph. Two nodes
are likely to have a stronger connection if they have similar
flow distribution [8], [9]. But this assumption may vary in
the road sensor network [7]. For example, if the flow distribution of monitor stations is similar while their locations
are far away, their connection cannot be considered strong.
Recent research proposes a variety of heuristic methods to
construct a graph. The distance-based methods are popular,
which calculate kernel-based Euclidean distance [10] between
monitor stations as the adjacent matrix. However, it may not
reflect the real spatial similarity. In Fig. 1, stations 401808
and 401809 are close in geographic location but without
connection because they are located on the opposite side of
the road. Adjacent matrices can also be constructed based on
similarity or distance [11], but this increases the computational
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Fig. 1.
Stations 401808 and 401809 are closer in geographic location.
However, there is neither connectivity in the road sensor network nor similarity
in traffic flow between them. Stations 401808 and 401809 have similar traffic
flow distribution but without adjacency in the road sensor network.

complexity and also requires additional prior information.
Based on a data-driven approach [12], [13], the adjacent matrix
is trained as parameters in the network, which requires less
prior information, but it may affect the model convergence.
Therefore, how to construct an effective adjacent matrix
and present the road sensor network structure needs further
research.
Secondly, we aim to balance the time complexity and model
performance. It is becoming increasingly difficult to store and
deploy deep neural network-related models in resource-limited
devices. The large storage and computing overhead limit the
application of the predictive model in low-power fields [14].
Finding an easy-to-deploy deep learning model needs to be
carefully considered [15], [16]. In this paper, we focus on
improving the predicting performance within acceptable time
complexity.
To address both the above-mentioned challenges, we propose a traffic prediction model using the multi-stream feature
fusion method. A multi-stream feature fusion block (MFFB)
is constructed, which includes graph convolutional neural network (GCN), gated recurrent unit (GRU) and fully connected
neural network (FNN). They focus more about extracting spatial, temporal and other physical features, respectively. In the
GCN network, the data-driven adjacent matrix is composed to
present the road sensor network. Then, the soft-attention mechanism is utilized to integrate the various extracted features.
We highlight how the proposed model tackles the
challenges:
• We harness the power of GCN, GRU and FNN in a
joint model that captures the complex nonlinear relations
of the traffic dynamics observed from the road sensor
network, which improves the model’s ability to express
traffic features.
• The architecture for feature extraction is parallelized
instead of in cascade, which is helpful for accelerating
the training and inferring process of the model.
The main contributions of this paper are three-fold:
• We propose a data-driven adjacent matrix instead of a
distance-based matrix to map the road sensor network
as a graph, which reduces manual design burden and
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achieves comparable performance than a distance-based
approach.
• We construct a multi-stream feature fusion module,
in which a three-channel network is used to extract
spatial-temporal and other features effectively, and the
soft-attention mechanism is applied to integrate them.
• We balance the performance and complexity of the prediction model. Compared to the state-of-the-art methods
in two real-world prediction tasks, our model can achieve
comparable even better results within acceptable time
complexity.
The remainder of this paper is organized as follows.
Section II briefly reviews the existing traffic prediction models,
especially graph-based neural networks. Section III introduces
the proposed multi-stream feature fusion model. We present
the experimental results in Section IV and conclude the paper
in Section V.
II. L ITERATURE R EVIEW
The problem of short-term traffic prediction can be regarded
as a regression problem. Typical traffic prediction methods
include Kalman filter, autoregressive moving-average model
(ARMA), support vector regression (SVR) and least absolute
shrinkage and selection operator (LASSO) [17]–[21], etc.
However, these methods mainly focus on modeling the temporal features. With the advances of big data technologies and
supported by increasing computation power, deep learningbased methods are widely adopted in recent years [4]. Long
short-term memory (LSTM) and GRU [5] show good performance for this particular time-series data. Meanwhile, 2D
images are constructed by using the historical data from
multiple sensors, then as input to CNN for prediction, which
models the spatial correlation in Euclidean space [22]. For
extracting spatio-temporal features, the hybrid models [6]
and integrated models (decision tree, xgboost [23]) have also
achieved good performance. In addition, other architectures,
such as generative adversarial networks (GAN) [24] and
encoder-decoder structures [25] have also been developed.
Recently, several researchers apply the graph-based deep
learning approaches for traffic prediction. Thanks to the powerful expression of graphs for non-Euclidian structures, learning
from graphs based on road sensor networks has achieved
more accurate results [26]–[28]. In this kind of method,
the road sensor network is regarded as a graph, where nodes
represent monitor stations and contain traffic information, and
an adjacent matrix is used to describe the correlation between
stations. The construction of an adjacent matrix affects the
expressive power of the graph directly.
The graphs can be divided into directed and undirected
graphs. The adjacent matrix for undirected graphs is symmetric, such as the connection between social networks [29]
and quantum chemistry [30]. It is not the same case in
directed graphs, such as paper citation networks and road
sensor networks [7]. As to the implementation of GCN, there
are two alternative approaches including spectral methods and
non-spectral methods.
Based on spectral methods, the convolution operation is
mapped to the frequency domain, so the convolution in

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on June 15,2022 at 07:44:05 UTC from IEEE Xplore. Restrictions apply.

1458

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 23, NO. 2, FEBRUARY 2022

the time domain is replaced by the product operation in
the frequency domain. To reduce the computing complexity,
localized spectral graph convolution [31] and polynomials
approximate expansion [32] are proposed. Yu et al. constructed
the ST-block which is composed of graph convolution layers and sequence convolution layers. It can capture spatiotemporal correlation by applying a convolution operation [26].
Based on non-spectral methods, the convolution operation of
the adjacent matrix is carried out directly and the pooling
operation is replaced by sparsing the adjacent matrix [33].
Later, the graph attention neural network (GAT) is proposed
to use the attention mechanism to update the information of
nodes [34]. The graph diffusion neural network implemented
by random walk also achieves the same functions [35].
To better extract spatio-temporal information, researchers
have integrated temporal models with graph convolution neural
networks. Seo et al. proposed a temporal sequence model
based on convolution spatial information termed GCGRU. The
gated product in GRU is changed to a graph convolution operation to extract spatio-temporal features simultaneously [36].
Zhao et al. proposed a T-GCN model, in which GCN and GRU
are stacked to extract spatial and temporal features respectively [27]. Graph models combined with other frameworks
are also developed. Li et al. proposed a model to capture
the spatial dependency using bidirectional random walks on
the graph and the temporal dependency using the encoderdecoder architecture with scheduled sampling [37]. Liao et al.
proposed a hybrid model in which spatial features extracted by
GCN and the original features are integrated and fed into the
sequence to sequence (seq2seq) structure. However, we need
to consider trade-offs between accuracy and time complexity
when considering these combined frameworks [28].
Inspired by the state-of-the-art multi-stream structure in
video detection [38]–[41], we consider its application in traffic
prediction. This structure can extract features in a parallelized
way and alleviate the vanishing gradient problem during
training. Combined with the attention mechanism, the features representing different attributes can be integrated into
a weighted one.
III. M ETHODOLOGY
In this section, we present the proposed multi-stream
approach for traffic flow prediction. The multi-stream feature
extraction method is adopted, and the attention mechanism is
joined to integrate the features of each channel.
A. Graph Construction of Road Sensor Network
The road sensor network is a typical non-Euclidean structure. As Fig. 2 shows, it can be described as G = {V, E, A}.
In the road sensor graph G, the vertex i represents the i -th
monitor station, which is denoted as νi and there is νi ∈ V.
V is the set of vertices. qti ∈ R is a scalar, which denotes
the observation (e.g., traffic volume, traffic velocity) of νi
at time step t. To verify the performance of the proposed
model, we perform experiments for the traffic flow prediction
and the traffic speed prediction tasks. In these two particular
tasks, qti denotes the traffic flow and the average traffic speed

Fig. 2.

Schematic depiction of road sensor graph with S input slice.

respectively at time step t, captured by monitor station i .
E represents the edge set. A represents the adjacent matrix,
which describes the interactions between vertices (i.e. monitor
stations) and links the properties of the road sensor network
into the prediction models.
Suppose the number of monitor stations is N. The observations across the monitor stations at time step t consist of
the observed vector X t . That is, X t = {qt1 , qt2 , . . . , qtN }. Each
entry Ai j represents the influence degree between monitor
stations with a directed edge ε ∈ E from νi to ν j . One
commonly used method to calculate A is based on geographic
location [10], that is Ai j = exp(−di2j /σ 2 ) where di j is the
distance between monitor stations i and j , and σ represents
the standard deviation of d. In this paper, we propose a datadriven adjacent matrix construction method, as
Â = A + λ A W A ,

(1)

where Â is the proposed data-driven adjacent matrix, W A is the
data-driven fine-tuning factor whose initial value is a matrix
filled with 0.01, and λ A is a constant which is between 0 and 1.
A is filled with Spearman rank correlation coefficients [22]
calculated by ovserved data of monitor stations. That is
T
j
i
j
i
t =1 (u t − u )(u t − u )
,
(2)
Ai, j = 
T
j
i 2 T
j 2
i
(u
−
u
)
(u
−
u
)
t =1 t
t =1 t
where u represents the rank of the data series, i and j are
the identifiers of the monitor stations, u i and u j are means of
ranks of u i and u j in monitor stations i and j respectively, and
T is the length of series. If the absolute value is closer to 1,
the correlation will be stronger. Meanwhile, the performance
of our method is compared with the distance-based approach
in the following experiments.
B. Feature Extraction Channels
After defining the structure of the road sensor network
diagram, GCN is designated as the first channel to focus more
about spatial features. The GCN model is proposed firstly
to preform the message passing process among vertices [32].
It is sensitive to spatial features. Here, since the road sensor
network is a directed graph, the random walk normalized
Laplacian matrix is adopted, which is
L = D −1 (D − Â) = I N − D −1 Â,
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denoted by r controls the update of previous state h t −1 and
current hidden state h̃ t . The GRU module can be unfolded as
Fig. 3 (2). The special gate structure in GRU can effectively
solve the problem of variations in long short-term time series.
The specific mathematical form of the gating signals can be
expressed as,



h̃ t = tanh Wh̃ · rt  h t −1 , x t
h t = (1 − z t )  h t −1 + z t  h̃ t ,
Fig. 3.

The architecture of used GRU model.

where 
I N is the identity matrix with the size of N × N, and
Dii = j Âi j .
The Eigen-decomposition of L can be described
as L =

U U T , where  = diag λ0 , λ1 , · · · , λ N−1 , λi is the
eigenvalue of L, U is the matrix which is composed by the
eigenvectors of L.
The graph convolution operation ∗G is implemented in the
Fourier domain and defined as multiplication of an input signal
x with a filter g, which is

(4)
g ∗G x = U (U T g)  (U T x) = U gθ ()U T x,
where  is Hadamard product, gθ () = U T g = diag(θ ), and
θ ∈ R N is a vector of Fourier coefficients. We follow [31] to
implement Chebyshev expansion [42] for localized filters and
parameterizing gθ (). That is
K

gθ () =

˜
θk Tk (),

(5)

k=0

˜ ∈
where θk ∈ R is a scalar of Chebyshev coefficient and Tk ()
˜ = 2/λmax − I N , 
˜ ∈
R N×N is Chebyshev polynomial. 
[−1, 1] is rescaled for Chebyshev expansion. Substituting (5)
into (4), we can obtain
K

g∗G x=

K

˜ x=
θk U T Tk ()U

k=0

θk Tk ( L̃)x,

(6)

k=0

˜ T = 2 L/λmax − I N , L̃ ∈ [−1, 1] and
where L̃ = U U
Tk ( L̃) = 2 L̃ Tk−1 ( L̃) − Tk−2 ( L̃) with T0 = 1 and T1 = L̃, K
is the order of Chebyshev expansion. Therefore, the output of
the lth layer H1(l) in GCN can be written as
(l)

K

H1 = σ

(l−1)

Tk ( L̃)H1

k ,

(7)

k=0

where k ∈ RC×F is a trainable matrix, K is the number
of convolution kernels, C and F represent the dimensions
of the input and the output, respectively, σ (·) represents the
activation function such as ReLU.
In the second channel, we use GRU [43] to mainly capture
temporal-relative features from traffic data. Fig. 3 presents
the architecture of the used GRU module. The two gated
states are controlled by the state h t −1 transmitted from the
previous node and the input x t of the current node. The internal
structure is shown in Fig. 3 (1), where the reset gate denoted
by z is responsible for resetting h t −1 and the update gate

(8)

where h t −1 is the state at time t −1, x t and h t are the input and
the output of the GRU module at the current time, respectively.
The two gates are called as an update gate z t and a reset
gate rt , which are
z t = sigmoid (Wz x t + Uz h t −1 + bz )
rt = sigmoid (Wr x t + Ur h t −1 + br ) ,

(9)

where Wz , Wr , Uz , Ur , bz , br are trainable weights. The output
(l)
of the lth layer H2 in GRU can be written as

(10)
H2(l) = σ GRU(H2(l−1)) ,
In the third channel, we use FNN to extract the features that
may be omitted by the other two channels, such as weather
changes, event factors and supplemented spatio-temporal features, since these may be reflected in the data series. The
FNN is a commonly used and effective network in various
circumstance [44], [45], so we just introduce it briefly here.
That is

(l)
(l−1)
+b ,
(11)
H3 = σ W T H3
where W and b are trainable parameters. H3(l) is the output of
the lth layer in FNN.
The input features are extracted separately through three
channels, each of which is treated as stream. That is the origin
of the term “multi-stream”. Suppose H represents the input
features. For the first layer, the input features are the traffic
data sequence X, namely: H1(0) = H2(0) = H3(0) = X.
C. Attention-Based Multi-Stream Feature Fusion
Inspired by recent successes of the attention mechanism in
natural language analysis and image processing [46], we use
a soft-attention mechanism in our proposed framework. The
soft-attention mechanism is implemented over the output from
the three-channel network, which integrates the distinct features and focuses on the more important one.
The soft attention mechanism is shown in Fig. 4. Suppose
there are k feature vectors with d dimensions, denoted as h i =
{h 1i , h 2i , . . . , h di }(i = 1, 2, . . . , k). The output ĥ (also with d
dimensions) is calculated in a weighted average way as
k

ĥ =

αi h i ,

(12)

i=1

where αi is the weight, and h i needs to be scored to evaluate
its effect on ĥ. We train a FNN to calculate a score si for each
h i , and it should be noted that other functions besides neural
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prediction result is obtained through the output module, which
is composed of a fully connected layer and a three-kernel 1×1
convolutional layer which simultaneously yields the predicted
results in 15, 30 and 60 minutes, i.e. X̂ t +3 , X̂ t +6 and X̂ t +12 .
In the MFFB module, each channel is composed by
a two-layer network to extract multi-dimensional features.
Exponential linear unit (ELU) is set as the activation function
for each layer, which can speed up convergence and alleviate
the vanishing gradient problem [48]. That is
f (x) =

Fig. 4.

The diagrammatic view of soft attention.

networks such as inner product [47] can be used. The output
of the network is

(13)
si = (h i ) = tanh w T h i + bi ,
where si represents the correlation coefficient between
h i and ĥ. Then we use the softmax function to normalize
the score si and get the final weight αi , as


exp tanh(w T h i + bi )
αi = softmax (si ) = k

 , (14)
T
j =1 exp tanh(w h j + b j )
The attention mechanism can be seen as producing a fixedlength embedding ĥ of the input sequence h i by computing
an adaptive weight αi .
D. The Hybrid Multi-Stream Feature Fusion Network
We develop a module called MFFB, combining the multistream feature extraction structure with the attention mechanism. The architecture of the proposed model is illustrated
in Fig. 5. The pipeline of the proposed method consists of
two stages. Taking the traffic flow prediction as an example,
in the first stage, all the historical traffic flow of monitor
stations can be obtained from the training dataset. Then,
the Spearman rank correlation coefficient between pairwise
stations is calculated by the historical data. The data-driven
adjacent matrix A is composed of the calculated correlation
coefficient (in which the (i, j )-th element is the spearman rank
correlation coefficient between monitor stations i and j ) and a
trainable matrix W A . Data-driven A is fed into two layers GCN
which is approximated by the second-order Chebyshev expansion. In the second stage, we construct a data loader which
generates samples with the (input, label) form to train the
network. For instance, at time step t, the input X is only twelve
historical traffic flows (X t −11, X t −10 , . . . , X t ), while the labels
are the real traffic flow in t + 3, t + 6, t + 12 used to update
the neural network. Then, the feature is extracted through the
MFFB modules which consist of the above three channels and
the attention mechanism, and the outputs in three different time
horizons X̂ t +3 , X̂ t +6 , X̂ t +12 are the predicted traffic flow. The
feature map can be extracted through multiple MFFBs, and the

x,
e x − 1,

if x ≥ 0;
if x < 0.

(15)

The number of 1 × 1 kernels in the convolutional layer
depends on the prediction task. Here, three kernels are selected
to predict the results in three different time horizons by the
extracted features from the MMFB modules.
IV. R ESULTS
We test the proposed model on two real-world prediction
tasks. The first task is the traffic flow prediction. The second
one is a public data set for traffic speed prediction in [37].
A. Traffic Data Set Description
The first data set is extracted from “Caltrans Performance
Measurement System” (PeMS) database [49]. The collected
traffic flow data is aggregated in 5-minutes intervals. The
data is collected from 200 monitor stations in District 4. The
geographical distribution of the monitor stations in District 4
of PeMS (PeMS-D4) is shown in Fig. 6. The sampling period
is from 1st, March 2016 to August 31st, 2016. 70% of data
is used for training, 10% of data is used for validation and the
remaining 20% for testing.
The second task is to predict the traffic speed, in which
the data set named PeMS-BAY is used [37] and includes
traffic speed of 325 stations through six months ranging from
Jan 1st, 2017 to May 31st, 2017. We follow the processing
method in [37] to preprocess data and divide the data sets as
a ratio of 7:1:2 for training, validation and testing, respectively.
The Z-Score normalization is performed.
In the two real-world data sets, we regard each monitor
station as a vertex, thus the observed stations and their
neighboring relationship are mapped as a graph. Moreover,
we use a web crawler to access the geographic coordinates
of monitor stations and then calculate the distances between
them, which is used to construct the distance-based adjacent
matrix for comparison with our data-driven approach.
B. Baseline Models
To illustrate the advantages of our model, we compare
the proposed model with several commonly used methods,
including (1) HA: Historical Average, in which we calculate
the average flow of the same historical moment in every
week as the predicted value at the current time step. (2)
ARIMAkal : Auto-Regressive Integrated Moving Average
model with Kalman filter, which is widely used in time series
prediction. (3) FNN: The model contains three FNN layers.
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Fig. 5. The architecture of the proposed multi-stream feature fusion model. (1) Calculate Spearman rank correlation and construct data-driven A; (2) Construct
data loader to train the network. The data-driven A is fed into two-layer GCN which is approximated by the second-order Chebyshev expansion. Features are
extracted through the MFFB modules, and the results over three different time horizons are obtained by the output layer.

(6) GCGRU: The model contains a one-layer Graph
Convolutional Gated Recurrent Unit network [36], in which
the scaled Laplacian matrix is used to implement graph
diffusion convolution. (7) DCRNN: Diffusion convolutional
recurrent neural network implemented in [37].
C. Experiment Setup

Fig. 6. The geographical distribution of monitor stations in District 4 of
PeMS. Each red dot represents a station.

(4) LSTM: The model stays two LSTM modules.
(5) GCN(Cheb): The model contains a three-layer neural
networks which are all second-order Chebyshev approximation
of GCN [31]. The adjacent matrix is obtained by calculating
the pairwise distances between monitor stations and using
a thresholded Gaussian kernel [10] to be normalized.

The neural networks are implemented using Pytorch and
optimized by the Adam method with L1 loss. The window size
is set as twelve to predict results in the next three time horizons
(i.e. 15-munite, 30-munite and 60-munite). The models are
trained with a batch size of 64. The networks are optimized
using Tree-structured Parzen Estimator (TPE) [50] to find
better hyper-parameters. The search range of the hidden nodes
is [8, 16, 24, 32, 48, 64, 96]. All experiments are conducted on
a workstation with an Intel Core E5-2620 CPU and a 12GB
Nvidia GeForce GTX Titan Xp Graphics Card. The loss of
the proposed model is


(16)
Loss =  y − ŷ 1 + λ ||A + λ A W A ||1 ,
where ||·||1 represents L1 norm. The second term means to
sparse the adjacent matrix, thus only retaining the elements
with high relevance.
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Fig. 7. The ahead prediction of three time horizons for station ID 400125 and 400224 in which the time series have different distributions on a typical week
in PeMS-D4. we only visualize the models with better performance in different time horizons for comparison with our model. So GCN (Cheb) is selected
for comparison in 15, 30 munites horizon prediction, and GCGRU is compared for 60-minute horizon prediction. The results of HA and DCRNN are also
added for comparison. As is shown, the proposed model (MFFB(DD)) can well predict the values of traffic flow.

Three commonly used performance indexes are used to
evaluate the traffic prediction models. They are:
• Root mean square error (RMSE):
1/2

N×n

2
1
,
(17)
RMSE =
yi − ŷi
N ×n
i=1

•

Mean absolute error (MAE):
MAE =

•

1
N ×n

N×n



 yi − ŷi  ,

(18)

i=1

Mean absolute percentage error (MAPE):

N×n 
yi − ŷi 
1
MAPE =
,
N ×n
yi

(19)

i=1

where N is the number of monitor stations, n represents the
number of samples, yi is the observed values and ŷi is the
predicted results.
D. Results and Analysis
We implement the proposed model with the data-driven
adjacent matrix, which is denoted as MFFB(DD). As a comparison, we additionally construct a model with distancebased adjacent matrix: MFFB(DB), in which the calculation

of the adjacent matrix is the same with the compared model
GCN(Cheb). The prediction results are shown in Table I. The
best performances are shown in bold. It is clear that our
proposed methods work well in both traffic flow prediction
and traffic speed prediction tasks. The proposed architecture
can process the same input data from different dimensions,
which has a strong ability to express traffic features.
The proposed model consumes less training time while
achieving comparable performance with DCRNN as demonstrated in Table II. An explanation is that DCRNN model
adopts graph diffusion operation and seq2seq structure [51],
thus results in all the time horizons are output instead of the
results in target time horizons, which leads to higher time complexity. Compared with some commonly used networks, our
model outperforms them within acceptable time complexity,
and the advantages become more evident with the increase of
the prediction horizons.
Fig. 7 shows the predicted and true values in three-time horizons of specific models in a typical week. For demonstration,
we just visualize the results of 2 in 200 monitor stations from
July 31st, 2016 (Sunday) to August 6th, 2016 (Saturday) for
the traffic flow prediction task. It can be seen that the predicted
results of the proposed method MFFB(DD) can satisfactorily
predict the traffic flow. Different patterns of traffic flow over
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TABLE I
M ODEL E VALUATED O N T WO R EAL -W ORLD P REDICTION TASKS

Fig. 8. The preformance of models with pairwise channels on two prediction tasks. The ablation experiments performs four models named “without GCN”,
“without GRU”, “without FNN” and “without Attention”, respectively.
TABLE II
T IME P ERFORMANCE OF D IFFERENT N ETWORKS ON P E MS-D4

the weekend are also well predicted. This demonstrates the
superiority of our model.
E. Ablation Study
We conduct the ablation study for further analysis, focusing
on analyzing the behavior of the proposed networks when
certain parts are removed. The ablation experiment is with

four models named “without GCN”, “without GRU”, “without
FNN” and “without attention”, respectively. Considering the
performance of each channel has been compared as baseline
methods in Table I (the LSTM has similar performance to
GRU), we build models with pairwise channels from the
three to verify the effect of each channel. Their performance
is shown in Fig. 8. It is evident that not including GCN,
i.e., the model without GCN (blue bar), causes the largest
degradation (−2%∼−15%) in prediction performance, which
verifies the effect of the proposed GCN channel is crucial.
In addition, the model without GRU (orange bar) and the
model without FNN (green bar) both demonstrated worse
results than the proposed method. The model without GRU
(orange bar) can achieve close performance to the proposed
method for 15-minute prediction but becomes worse when
predicting results in 60-minute time horizon. We also analyze
the effect of the attention module (red bar) by removing it
from the proposed model. The performance degrades about
5% which proves the attention mechanism is also essential for
accurate prediction.
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Fig. 9. The visualization of attention weights for three channels with the
different inputs over one week in the test dataset.

Notice that the weights calculated by the attention mechanism are not fixed and correspond to the input data. For
demonstration, we visualize the attention weights for three
channels when predicting the traffic flow in the first week
of the test dataset, as shown in Fig. 9. It is interesting that
all the weights for the three channels are all approximately
equal to 33% in the daytime, but the weights for GCN
increase highly about 16:00−24:00 at night. The high weight
means the prediction results are greatly affected. From the
attention weights, we can also conclude that the GCN module
is important for improving performance.
V. C ONCLUSION
This paper proposes a multi-stream feature fusion method,
which leverages a data-driven approach to construct graphs.
We calculate the Spearman rank correlation coefficient
between monitor stations to obtain the initial adjacent matrix
and fine-tuning it while training the network. We perform
experiments on two real-world traffic datasets, demonstrates
that our proposed model outperforms the state-of-the-art traffic
prediction methods, and achieves comparable performance
compared with the distance-based graph constructing approach
while relieving the burden of constructing the adjacent matrix.
The limitation of our method is that the fine-tuning operation in the adjacent matrix requires more training parameters.
Dealing with the road sensor network which has more monitor
stations, the network will become cumbersome and the training
efficiency will decrease. Therefore, the method of the finetuning adjacent matrix with less training parameters will be
investigated in our future work. The proposed method can
also be used in traditional prediction tasks, such as power
demand prediction. Moreover, our work can be extended by
other structures such as GAN or sequence to sequence.
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