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Abstract. Traffic prediction plays an important role in the intelligent transporta-
tion system (ITS), because it can increase people’s travel convenience. Despite the
deep neural network has been widely used in the field of traffic prediction, litera-
ture surveys of such methods and data categories are rare. In this paper, we have a
summary of traffic forecasting from data, methods and challenges. Firstly, we are
according to the difference of in spatio-temporal dimensions, divide the data into
three types, including the spatio-temporal static data, spatial static time dynamic
data, and spatio-temporal dynamic data. Secondly, we explore three significant
neural networks of deep learning in traffic prediction, including the convolutional
neural network (CNN), the recurrent neural network (RNN), and the hybrid neural
networks models. These methods are used in many aspects of traffic prediction,
including road traffic accidents forecast, road traffic flow prediction, road traffic
speed forecast, and road traffic congestion forecast introduced. Finally, we provide
a discussion of some current challenges and development prospects.
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1 Introduction

Since the 21st century, most cities have generally entered a period of rapid urbanization.
With the continuous improvement of the urbanization process, the resulting huge traffic
demand has caused a lot of pressure on urban traffic. The traffic conditions became very
terrible in many big cities, which directly affects the development and environment of
a city. In addition, the demand of urban traffic management can no longer be met solely
by relying on manpower, so the application and development of traffic prediction are
particularly important. In order to solve the problem of people’s transportation demand,
the intelligent transportation system (ITS) is getting better development gradually, which
include electronic sensor technology, data transmission technology, intelligent control
technology, and advanced technology into transportation system structures. The purpose
of ITS is to provide better service for drivers and passengers, in the context of increasingly
serious environmental pollution, more accurate control of traffic conditions can reduce
some unnecessary exhaust emissions and provide better channels for energy conservation
and environmental protection.
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In the process of traffic prediction is used to meet people’s needs, researchers use a
variety of data, most of which come from road sensors, road reflectors, camera images,
aerial photos, remote sensing images, etc. With the development of ITS, more and more
data to be used in traffic prediction, the traditional data analysis method is hard to figure
out such a huge data in the traffic field, so we need to use deep learning as an important
means of the big data analysis methods in traffic prediction, it can be predicted from the
following several aspects to traffic development benefits.

1. Vast amounts of diverse and complex data generated in the traffic forecast can be
handled by deep learning.

2. Deep learning can improve the validity and accuracy of traffic forecasts. Through
fast data collection and analysis of current and historical massive traffic data, the
traffic management department can predict traffic conditions in real-time.

3. Deep learning in the data analysis can improve people’s travel safety level. Through
deep learning analytics, we can effectively predict the occurrence of traffic accidents
and congestion.

The overview of traffic prediction in this paper is shown in Fig. 1. The rest of the paper
is organized as follows. The architecture of traffic forecasting based on deep learning is
discussed in Sect. 2. Section 3 summarizes the data source and collection methods. Deep
learning analytics methods are discussed in Sect. 4. Some open challenges of using deep
learning in ITS are discussed in Sect. 4. Finally, we conclude the paper in Sect. 5.
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Fig. 1. The overview of traffic prediction
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2 Classification of Traffic Data

In this section, we will summarize 56 literature and the methodologies used to predict
traffic. We only consider recent papers from 2014 to 2021, which provided sufficiently
novel methods and contributions to the field.

In our lives, we unconsciously participate in the collection, transmission and appli-
cation of big data. With the increase of people’s attention to travel conditions, the com-
plexity and diversity of data are an improvement. According to different sources of data
in ITS, traffic data are classified into the following categories from the perspective of
time and space: spatio-temporal static data, spatial static temporal dynamic data, spatio-
temporal dynamic data, point data, network data. The collected data are shown in Table 1.
In this table, the STSDS stands for spatio-temporal static data, the SSTDD stands for
spatial static temporal dynamic data, the STDD stands for spatio-temporal dynamic data,
the PD stands for point-data, and the ND stands for network data.

Table 1. Data statistics for different types

Tasks Techniques Example STSD |SSTDD |STDD |PD |ND
Flow CNN [1-3] X X J X Vv
[4, 5] x X v v N
[6, 71 X 4 X X J
RNN [8-10] X Vv X X J
[11-16] x x J v Y
Hybrid model | [17, 18] X i X Vi Vv
[19-22] X V4 X X VA
[23-28] X X Vv Vv J
Speed CNN [29, 30] X Vv X X J
RNN [31] X X J X Vv
[32-36] X Vi X X VA
Hybrid model | [37, 38] X X i 4 J
[39, 40] X X i X Vv
[41, 42] X i X X Vv
Accident CNN [43] X X i i a
RNN [44-46] X X i 4 v
Hybrid model | [47] X X Vv Vv J
Congestion | CNN [48] X X J X v
RNN [49, 50] x J x x
[31,51-53] | x x J x
Hybrid model | [54-56] X X Vv X J
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2.1 Spatial Static Time Dynamic Data

Compared with the space-time static data, with the change of the time dimension, the
spatial static time dynamic data will produce. For example, sensors are placed on the fixed
points to collect the passing vehicle information. The spatial dimension is stationary, but
each point’s time is changing. These data are widely used in traffic forecasting, such as
traffic flow forecast, traffic speed forecast, traffic congestion forecast, and traffic demand
forecast, and so on.

Many studies use spatial static time dynamic data from different sources to collect.
For example, Ma et al. [32] in the process of using the deep learning method of LSTM
NN for traffic speed prediction, use travel speed data from traffic microwave detectors
in Beijing. Zhao et al. [24] propose the ENLSTM-WPEO, which uses the six traffic flow
data sets from the highways of Seattle, includes the traffic flow from north to south, west
to east, south to north, and east to west. In [57] the built model is based on the traffic
flow dataset extracted from the Wisconsin Traffic Operation and Safety Laboratory at
the University of Wisconsin Madison. All available data came from the locations of nine
detectors in this study.

In these works, the spatial static time dynamic data of Beijing by remote traffic
microwave sensors is relatively more popular. We summarize the top-3 most popular
main datasets in Table 2, which include 40% of the literature works we surveyed.

Table 2. Popular spatial static temporal dynamic data

Main dataset Task References
Beijing dataset Flow, Speed, Accident, Congestion [3, 23, 41, 42, 58]
PEMS dataset Flow, Speed, Accident, Congestion [12, 28, 40, 52]
Spain dataset Flow, Speed [34, 59, 60]

2.2 Spatio-Temporal Dynamic Data

Time and space dimensions are changing constantly, which constitute the spatio-temporal
dynamic data, and belongs to the point data of space and time change too. Spatio-temporal
dynamic data is the main research hot spot of traffic prediction from the present to
the future. With the rise of “sharing”, people always unconsciously participate in the
collection of spatio-temporal data. In short, many people using Mobike at the same time
in different places, or there are different people in the same place using Mobike.
According to current studies, most models are build based on a dataset of PeMS,
which is collected from the transportation system of England. PeMS is a typical spatio-
temporal dynamic data. In this paper, we explore 60 papers, this dataset is used the ten
of them. For example, the most cited papers in this field through the PeMS [27], which
include 2501 traffic roads of England. In many papers, traffic forecasting is dependent
on external factors, such as weather, holidays, policies and so on. All in all, spatio-
temporal dynamic data is the most widely used data type in traffic forecasting. The
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Table 3. Popular spatio-temporal dynamic data

Main dataset Task References

PEMS dataset Flow, Speed, Accident, Congestion [11, 13, 23,27, 58]
Beijing dataset Flow, Speed, Accident, Congestion [2, 20, 31, 44]
Another dataset Flow, Speed, Congestion [4, 8]

spatio-temporal dynamic data are shown in Table 3, which includes 35% of the literary
works we surveyed.

In addition to the above two kinds of data, spatio-temporal data also includes spatio-
temporal static data. In the process of traffic prediction, the spatio-temporal static data
plays a very important role as the foundation of in the whole traffic big data. In ITS,
spatio-temporal static data (or point data) is fixed and immobile from the beginning of
construction, such as building position, floor area, floor height and so on.

3 Deep Neural Networks for Traffic Prediction

With the rapid development of ITS, a large number of deep learning models have been
adopted to traffic forecasting recently. Deep learning plays an important role in ITS,
which becoming more and more popular in many tasks of traffic forecasting. The main
function of deep learning methods is modeling for a large amount of traffic data, then
providing the right decisions for people’s travel. Since 2014, deep learning is beginning
to be used in traffic prediction by Lv et al. [59], which usually use a separate method to
predict traffic condition in the future. In 2016, Fu et al. [28] proposed the hybrid deep
learning methods to model traffic data jointly. Until 2018, many scholars have been
involved in the research of deep learning on traffic prediction, and then in many papers
have explored and supplement. The development process of deep learning applied to
traffic prediction is shown in Fig. 2.
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Fig. 2. The development of traffic prediction based on deep learning.



22 P. Cao et al.

According to the main research methods of current traffic forecast, which can
be divided into three types: CNN-based, RNN-based and hybrid model-based. In
the following subsections, we will discuss different deep learning methods of traffic
prediction.

3.1 A Traffic Forecasting Method Based on CNN

In deep learning, the convolutional neural network (CNN, or ConvNet) is a class of deep
neural network, most commonly applied to analyze visual imagery [3]. A CNN consists
of several “convolution” and “pooling” layers. Convolution’s purpose is to extract fea-
tures from the input, whereas pooling’s purpose is to reduce the dimensionality of each
feature map and preserve the most important information. Typical CNN architecture is
shown in Fig. 3.

Feature maps

Input

Fully

Convolutions Subsampling Convolutions Subsampling o Ced

Fig. 3. Typical CNN architecture.

Therefore, many researchers in the domain of traffic forecasting try to take advantage
of CNN techniques to solve related to images problems. According to [59], a classic
road traffic flow prediction model using deep learning analytics is shown in Fig. 4, this
is the first time that a deep architecture model using auto-encoders as building blocks
to predict the traffic flow features. It is currently the most cited paper in the field of
traffic forecasting. The original traffic data is preprocessed in the first, then we can
get the usable data set. Using the deep learning method, which considers the spatial
and temporal correlations inherently. Using a stacked autoencoder model to learn usual
traffic flow features, and it is trained in a greedy layerwise fashion.

Many scholars have studied traffic flow prediction using deep learning. For example,
Chen et al. [1] use 3D CNNss to abstract the spatio-temporal correlation features jointly
from low-level to high-level layers for traffic data. Similarly, Chen et al. [4] propose novel
spatio-temporal CNNs to extract spatio-temporal features simultaneously from low-level
to high-level layers, and propose a novel gated scheme to control the spatio-temporal
features that should be propagated through the hierarchy of layers. Deng et al. [6] try
to transform the spatio-temporal traffic data analysis problem into the task of image-
like analysis, for jointly exploring spatio-temporal relations. To traffic speed prediction,
Byeonghyeop Yu et al. [29] adopt the graph convolution models in the field of traffic
forecasting, which improve the forecasting accuracy and saved more training time. To
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Stacked Auto-encoder

Predictor

Fig. 4. A typical traffic flow prediction model [59].

traffic accident prediction, Zheng et al. [43] propose the feature matrix to gray image
(FM2G]I) algorithm, which strengthens the traffic accident severity performance. Chen
et al. [48] propose a novel method based on a deep convolutional neural network named
PCNN, which models periodic traffic data for short-term traffic congestion prediction.

In the application of traffic prediction, CNN is often as a component in a hybrid deep
neural network, whose main task is to capture the spatial aspect of traffic data.

3.2 A Traffic Forecasting Method Based on RNN

Recurrent Neural Networks (RNN) is commonly applied to sequence data because their
memorization capability, which learns the sequence of both long and short-term depen-
dencies. In the process of working, the Feedforward Neural Network is based on only the
current input, however, the RNN takes decisions based on current and previous inputs

[4]. This visualization can be seen in Fig. 5.
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Fig. 5. A recurrent neural network [4].
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Additionally, RNN is able to scale to longer sequences compared to other network
architectures. Its unique capability makes it as one of the most popular deep neural
networks. For example, Mou et al. [10] propose a piece of temporal information enhanc-
ing LSTM (T-LSTM) to predict traffic flow of a single road section, the model can
improve prediction accuracy by capturing the intrinsic correlation between traffic flow
and temporal information. Moreover, Ma et al. [32] propose Long Short-Term Neural
Network (LSTM NN) captures nonlinear traffic dynamics in an effective manner. The
LSTM NN can overcome the issue of back-propagated error decay by memory blocks.
For traffic prediction of different tasks, RNN is beneficial to extract temporal correlation
of spatio-temporal data.

3.3 A Traffic Forecasting Method Based on the Hybrid Model

Because the traffic data have the following three complex features: temporal correlations,
spatial correlations, and diversity of spatio-temporal (ST) correlations. Traffic predicting
accurately and timely is a challenging problem in ITS. However, Modeling for these
various types of ST correlations is very difficult, so many of these existing works taken
attention to the diversity of ST correlations through the hybrid model [23], details are
shown in Fig. 6.
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Fig. 6. The architecture of the hybrid CNN-LSTM [23].



A Survey of Traffic Prediction Based on Deep Neural Network 25

Therefore, many researchers propose a traffic forecasting method based on the hybrid
model. For example, Zhang et al. [40] propose Spatial-Temporal Graph Attention Net-
works (ST-GAT). The graph attention mechanism extracts the spatial dependencies and
introduces an LSTM network to extract temporal domain features, this approach is able
to capture dynamic spatial dependencies of traffic networks. Duan et al. [26] propose a
hybrid neural network to predict urban flow which is made up of CNN and LSTM. The
CNN can statically extract the potential spatial features and the LSTM to dynamically
abstract the short term and long term temporal features of urban traffic data.

In the field of traffic prediction, the forecasting method based on the hybrid model
is commonly used as a component spatio-temporal data analysis of ITS. Its task is to
capture the spatio-temporal patterns of traffic data.

4 Challenges

Although deep learning has made great achievements in traffic prediction, there are still
many challenges have not been fully studied. We need to solve these questions in future
works. This section introduces the main challenges of traffic forecasting based on deep
learning as follows.

1) Traffic data characteristic and complexity: traffic data belongs to spatio-temporal
data, which has spatial correlation, temporal correlation and heterogeneity. How-
ever, in most of the existing studies only extracting spatio-temporal correlation, the
heterogeneity of the correlations contribution takes into account is very rarely [60].
Furthermore, we also need to solve the many external factors in the complex urban
environment, such as social media data, weather data, accidents data and so on. How
to improve the accuracy of traffic prediction when we consider to add the weather
conditions and holidays? Or considering other types of traffic data like a truck, bus
and metro, and personal phone signals data simultaneously to get better deep learn-
ing models. And then most of the existing traffic prediction data is collected by
equipment such as an annular coil detector or ultrasonic sensor. These data are often
missing, invalid and uncertain due to weather, sensor failure, traffic control and other
reasons. This will increase the difficulty of data preprocessing.

2) The performance capacity of the model: the short-term traffic prediction works
well, but with the increase of prediction time, the error gets bigger, and the accuracy
of long-term prediction will become worse. With the continuous expansion of the
road network, the number of intersections and sensors will increase, the road net-
work topology will become more complex, the amount of historical traffic data will
become larger, and the performance of the model will be lower. Besides, due to the
limited available traffic sensors in urban areas, limiting the traffic data availability,
we need to take into account the dependency of different sensors. In this case, how
to effectively improve the accuracy of the long-term forecasts is a challenging and
very difficult task.

3) Application of actual traffic scenarios: most of the existing traffic prediction models
are based on data sets to train and test, but the application of models is extremely
scarce in real scenarios. However, accurate traffic prediction of actual traffic scenar-
ios can bring many benefits: provide convenience for traffic managers and travelers,
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reduce traffic jams, realize intelligent transportation. In practical application, traffic
data around the selected scene is first collected for traffic prediction, and then the
predicted traffic data is used to plan travel roads and design automatic control of
traffic lights.

With the rapid development of the 6G network [61], future research should focus
on how to apply traffic prediction to actual scenarios, which will help traffic managers
to control traffic and bring convenience to people’s travel. Accurate traffic prediction is
the most important part of the traffic information service system, which is beneficial to
alleviate traffic congestion and reduce the occurrence of traffic accidents. In the future,
various types of data can be combined with each other for better depicting the hourly
traffic information and human mobility in urban areas and generating a better prediction.

5 Conclusions

Ever since IBM came up with the concept of Smarter Earth in 2018, intelligence has
become the main goal of today’s society development, such as intelligent transportation,
intelligent medical, intelligent currency, and so on. In short, traffic forecasting is able to
provide useful information use the past and present traffic data, then achieve a vision of
traffic conditions in the future. However, due to the various characteristics of traffic data
and the complexity of traffic networks in different regions, it is still a big challenge to
achieve an accurate assessment of future traffic forecasts.

We hope the traffic prediction field will inspire more scholars to study, which can
directly contribute to the improvement of traffic conditions. Deep learning will have
profound impacts on the traffic forecast.
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