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Abstract: With the ongoing development of Intelligent Transportation Systems (ITS), traffic flow
prediction methods have become a cornerstone of its technology. Accurate traffic flow forecasting
can significantly support traffic management and decision-making.However, the expanding demand
for such systems presents new challenges for the development of traffic flow prediction technologies.
This paper offers a comprehensive review of traffic flow prediction methods utilized in ITS,
classifying them into three categories: statistical-based, machine learning-based, and deep learning-
based methods. By analyzing the principles, advantages, limitations, and applications of each
approach within ITS, and comparing them through practical case studies, the paper emphasizes the
pivotal role of deep learning models in improving prediction accuracy, particularly in short-term
traffic forecasting. Despite the notable success of deep learning methods in short-term predictions,
challenges persist, such as model generalization across diverse traffic scenarios and difficulties in
long-term traffic flow forecasting. The paper concludes by suggesting future research directions,
aiming to provide new perspectives and enhance the development of ITS technologies.1.
Introduction.

Keywords: intelligent transportation systems; statistical analysis theory; machine learning; deep
learning

1. Introduction
1.1. Theme Background and Significance

In modern society, road traffic holds significant importance in both the economy and daily life.
However, with the rapid development of the automotive industry, there is a lack of sufficient
awareness regarding the limitations and scarcity of traffic resources. The surge in travel demand has
placed immense pressure on transportation systems. Although the construction of new roads can
alleviate congestion, most cities have turned to advanced technologies due to limitations in urban
space and costs. In recent years, many countries worldwide have invested substantial resources into
the research and development of intelligent transportation systems (ITS), which have played a critical
role in alleviating congestion and enhancing traffic flow efficiency.

As a key component of smart cities, ITS plays a vital role in improving environmental quality
and enhancing the quality of life for residents. ITS utilizes real-time monitoring, intelligent traffic
signal control, and other technological means to directly reduce traffic congestion, lower accident
rates, and relieve urban traffic pressures. Additionally, ITS can decrease vehicle idling, thereby
reducing exhaust emissions and indirectly improving urban environmental quality. Most
importantly, through services such as intelligent navigation systems and real-time public
transportation information, ITS enhances the convenience and comfort of residents’ travel [1,2].

In summary, ITS plays an irreplaceable role in achieving the development goals of smart cities.
However, ITS is a complex management system, encompassing multiple subsystems such as rail

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202503.0643.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2025 d0i:10.20944/preprints202503.0643.v1

2 of 22

transit management, intelligent traffic signal management, and vehicle navigation. To ensure the
efficient operation of the ITS, traffic flow prediction technology is of paramount importance.

Traffic forecasting technology is the cornerstone of intelligent transportation systems. Its core
principle is to model urban road networks, highways, and rail transit systems, and, by integrating
historical traffic data, predict traffic conditions for specific future time periods. By accurately
predicting traffic flow data, traffic management authorities can more effectively guide vehicles,
mitigate urban traffic congestion, and improve vehicle throughput efficiency. Accurate traffic flow
forecasting also helps to schedule vehicle operations in rail systems, preventing public safety issues
that may arise from large crowds gathering for extended periods, thus ensuring the safety of citizens’
travel. Furthermore, precise traffic forecasting can reduce the energy consumption associated with
travel, contributing to the construction of low-carbon and environmentally friendly cities. Therefore,
further enhancement of traffic flow forecasting technologies is imperative.

1.2. Research Status

The core of traffic flow prediction tasks lies in analyzing historical data to forecast future traffic
flow trends, thus providing decision-making support to traffic management authorities. This requires
a substantial amount of data, much of which is collected through sensors, cameras, and other
monitoring technologies, and exhibits both temporal and spatial dependencies. Temporal
dependency is mainly reflected in patterns such as the similarity in peak travel times during weekday
rush hours and holidays. Spatial dependency is manifested in how the current traffic situation is
influenced by the historical traffic conditions of upstream, downstream, and adjacent road
monitoring points. Additionally, traffic flow is also affected by external factors such as weather
conditions, holidays, and the distribution of points of interest, all of which significantly impact the
accuracy of traffic flow predictions [3]. The related data is highly nonlinear and complex, making it
difficult for traditional statistical and machine learning methods to accurately capture and model.

In recent years, the development of deep learning technologies has introduced powerful
capabilities in feature extraction and pattern recognition, showing great potential in the field of traffic
forecasting. Deep learning models such as deep neural networks, recurrent neural networks, and
long short-term memory networks are capable of processing complex spatiotemporal data, leading
to significant improvements over traditional methods. Moreover, the adaptive ability of deep
learning allows it to maintain prediction accuracy even when faced with substantial noise and
multidimensional features in traffic data.

Academia both domestically and internationally has conducted extensive and in-depth research
in the field of traffic forecasting, developing a range of methods tailored to different application
scenarios. These include traffic flow prediction for multi-intersection systems [4], highway traffic
volume forecasting [5], and urban road traffic flow prediction [6], among others. Commonly used
techniques include statistical analysis methods, machine learning approaches, and deep learning
methods, which will be discussed in detail in the main body of this paper.

1.3. The Purpose of This Study

In future developments, smart cities will emerge as the predominant trend in urban growth.
With the continuous advancement and application of technology, smart cities will play an
increasingly significant role in urban management, social governance, and economic development.
As a critical component of smart cities, the development level of intelligent transportation systems
(ITS) will directly impact urban traffic conditions and residents’ quality of life. The primary objective
of this research is to promote innovation and development in traffic flow prediction technologies
while providing scientific and reliable decision-making support for urban traffic management. By
integrating state-of-the-art data processing techniques and machine learning algorithms, this study
will analyze the advantages and disadvantages of various technologies, exploring the challenges they
present and their future development trajectories. This research is anticipated to provide more precise
data support for key areas such as urban traffic planning, traffic signal control, and emergency
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response, thereby effectively mitigating traffic congestion, enhancing public transportation
efficiency, and ensuring traffic safety. Furthermore, this study will offer novel research perspectives
to related fields such as transportation science, computer science, and data analysis.

1.4. Brief Layout of the Paper

The structure of this paper is clear and straightforward. To provide readers with a better
understanding of the importance of traffic flow prediction in smart cities and the specific
implementation methods of such predictions, this paper first elaborates on the significance of traffic
forecasting systems within the context of smart cities. This includes, but is not limited to, mitigating
traffic congestion, reducing accident rates, improving urban environmental quality, and enhancing
residents’ quality of life. Next, the paper outlines the implementation methods for traffic flow
prediction, starting with earlier prediction approaches based on statistical analysis theories and
progressing to the latest applications of deep learning methods. A summary of the data sets required
for related simulations is also provided. The paper then presents a comparative analysis of methods
from different eras through case studies to highlight the most effective approach at present. Finally,
the paper concludes by summarizing the advantages and disadvantages of all the methods discussed,
offering forward-looking perspectives for the future development of traffic flow prediction.

2. Prediction Method Based on Statistical Analysis Theory

2.1. Introduction

Traditional statistical methods have been in use for an extended period in traffic flow prediction,
particularly in the early stages of intelligent transportation system development. While deep learning
and machine learning techniques have gradually gained prominence in recent years, traditional
statistical methods still hold significant value in short-term traffic forecasting or scenarios with
limited data. These methods are widely adopted for short-term traffic prediction due to their
relatively simple theoretical foundation, lower computational complexity, and stable prediction
results. The essence of traditional statistical methods lies in constructing mathematical models based
on historical traffic data to capture characteristic patterns from time series, thereby enabling the
prediction of future traffic flow.

2.2. Specific Methods Listed
(1) Historical average model (HA)

The historical average method is a basic forecasting technique commonly employed to predict
data with periodic or seasonal patterns. It forecasts future values by computing the average of the
same time period from historical data, assuming that the data follows a certain cyclical pattern. The
method is simple, and its parameters can be estimated online using the least squares (LS) method. It
is capable of handling variations in traffic flow over different times and periods to some extent.
However, its static prediction performance is limited, as it does not reflect the inherent uncertainty
and nonlinear characteristics of dynamic traffic flow. In particular, it is unable to address the impact
of random disturbances or respond to unforeseen events, such as accidents, within the traffic system
[7].

(2) Autoregressive Integrated Moving Average model (ARIMA)

Unlike other time series methods that require fixed initialization for simulation, the ARIMA
model is composed of three components: Autoregression (AR), Differencing (I), and Moving Average
(MA). By fitting the historical data, the model generates parameters and makes predictions. It views
traffic flow at a given time as a more general non-stationary stochastic process, typically with three
or six model parameters [8].

Based on a substantial amount of continuous data, the ARIMA model offers high prediction
accuracy, making it particularly suitable for stable traffic flows. However, the model primarily
approaches prediction from a pure time series analysis perspective and does not account for the flow
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relationships between upstream and downstream road sections. Therefore, it is recommended to use
this model in conjunction with other models for more comprehensive predictions [9].

(3) Kalman filter model

Kalman filtering theory (KF), introduced by Kalman in 1960, has found applications in various
domains, including time series modeling in statistics and economics. Kalman filtering is typically
employed in non-stationary stochastic environments and offers relatively low computational
complexity. However, it is only applicable to linear systems and is highly sensitive to noise. For state
estimation and prediction in nonlinear systems, the use of extended Kalman filtering or nonlinear
filtering methods is necessary. Given that the model is based on linear estimation, its performance
may deteriorate when the prediction interval is less than 5 minutes and when the randomness and
non-linearity of traffic flow variations are more significant [10].

2.3. Disadvantages

Although prediction methods based on statistical analysis theory have demonstrated good
performance on small datasets with short observation periods and limited time series, the predictive
capability of these statistical models is limited in traffic forecasting applications. This is due to their
simple and transparent computational structure, their exclusive focus on time series data, and their
lack of consideration for the complexity of spatiotemporal relationships. To address this challenge,
some studies have developed extended time series methods, such as ST-ARIMA [11] and VARMA
[12], which incorporate the interaction between space and time in a novel manner. However, because
these methods rely on explicit parameterized functions with strong assumptions during the modeling
process, they are not well-suited for simulating real-world traffic scenarios.

3. Traditional Machine Learning Models

3.1. Introduction

In recent years, machine learning methods have made significant strides in various fields such
as industrial control, finance, and healthcare. This tool has also proven highly effective in the
transportation domain, particularly in the development and application of Intelligent Transportation
Systems (ITS). In the context of traffic flow prediction, machine learning methods, compared to
traditional statistical techniques, are better able to adapt to the evolving nature of traffic networks.
Through the use of historical data, pattern recognition, and the establishment of dynamic nonlinear
models, machine learning methods play a vital role in enabling precise traffic flow predictions.

3.2. Specific Methods

Traditional machine learning methods applied in traffic prediction can be broadly categorized
into three types: feature extraction-based methods, Gaussian process modeling methods, and state
space modeling methods [13].

(1) Feature extraction-based methods are primarily employed to train regression models to solve
practical traffic prediction problems. Their main advantage lies in their simplicity and ease of
implementation. However, these methods also suffer from limitations, such as focusing only on
time series data and neglecting the complexities of spatiotemporal relationships. Cheng et al.
[14] proposed an adaptive K-Nearest Neighbors (KNN) algorithm that treats spatial features of
the road network as adaptive spatial neighbor nodes, time intervals, and spatiotemporal iso
value functions. The algorithm was evaluated using speed data collected from highways in
California and urban roads in Beijing.

(2) Gaussian process methods utilize multiple kernel functions to capture the internal features of
traffic data, while considering both spatial and temporal correlations. These methods are useful
and practical for traffic forecasting but come with higher computational complexity and greater
data storage demands when compared to feature extraction-based methods.
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(3) State space modeling methods assume that the observations are derived from a hidden Markov
model, which is adept at capturing hidden data structures and can naturally model uncertainty
within the system. This is an ideal characteristic for traffic flow prediction applications.
However, these models can be challenging when it comes to establishing nonlinear
relationships. Therefore, they are not always the best choice for modeling complex dynamic
traffic data, particularly in long-term forecasting scenarios. Tu et al. [15] introduced a congestion
pattern prediction model, SG-CNN, based on a hidden Markov model and compared it with the
well-known ARIMA baseline model for traffic prediction. Experimental results demonstrated
that the SG-CNN model exhibited strong performance.

4. Deep Learning Models
4.1. Introduction

Deep learning technology, an extension of machine learning, is comprised of numerous
processing layers, which enable the learning of features at high levels of abstraction. In recent years,
various sensor devices have been utilized to capture urban traffic parameters, generating large
volumes of data with diverse types and characteristics. At the same time, deep learning techniques
have demonstrated their capacity for high-dimensional data mining, extracting complex
spatiotemporal dependencies from intricate traffic datasets, thus improving the accuracy of traffic
predictions.

Essentially, deep learning bypasses the need for human involvement in the feature selection
process. As a widely researched area in recent years, deep learning has achieved notable success in
fields such as image recognition, object detection, and natural language processing. Compared to
traditional machine learning, deep learning offers a broader range of applications, significantly
expanding the field of artificial intelligence. The core of deep learning lies in constructing machine
learning models with multiple hidden layers, which are trained on vast amounts of data to derive
more meaningful features, thereby enhancing the accuracy of prediction and classification tasks.
Prominent and effective deep learning models currently include Convolutional Neural Networks
(CNN), Autoencoders, Recurrent Neural Networks (RNN), Graph Convolutional Networks (GCN),
Attention Mechanisms with Transformers, and Hybrid Neural Networks in deep learning.

4.2. Multi-Layer Perceptron Network (MLP)

Among the many deep neural networks, the MLP was among the first to be applied in short-
term traffic flow forecasting. The MLP is the simplest type of deep neural network, and a typical MLP
consists of an input layer, hidden layers, an output layer, and nonlinear activation functions, forming
a multi-layer feedforward artificial neural network, as shown in Figure 1. In the MLP, the input layer
receives the input data and performs feature normalization, while the hidden layers process the input
signals. The output layer makes decisions or predictions based on the processed information. Figure
1 illustrates a single-neuron perceptron model, where the activation function ¢ (Equation (1)) is a
nonlinear function that maps the summation function (xw + b) to the output value y. In Equation (1),
the terms x, w, b, and y represent the input vector, the weighted vector, the bias, and the output value,
respectively [16]. Figure 2 shows the structure of the MLP model.

y=@(xw+b) , (1)
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Figure 2. Structure of the MLP.

The Multi-Layer Perceptron (MLP) is capable of mapping multidimensional data to a one-
dimensional output, solving the nonlinear issues that a single-layer network cannot address. MLP is
trained using the Backpropagation (BP) algorithm, and by applying a simple MLP, high prediction
accuracy can be achieved for short-term traffic flow forecasting. In the context of short-term traffic
prediction, MLP is used to model the mapping relationship between the historical time series data
(input) and the predicted results (output), enabling accurate traffic flow predictions. Slimania et al.
[17] utilized MLP, SARIMA, and Support Vector Regression (SVR) algorithms to predict the traffic
flow over a 42-day period on a road segment in Morocco, incorporating factors such as whether a
given day is a holiday. Their experiment demonstrated that MLP outperformed the other two models
in terms of prediction accuracy. Aljuaydi et al. [18] proposed a multivariate machine learning-based
highway traffic flow prediction model for non-recurrent events, using a dataset that included five
features: traffic flow, speed, density, road accidents, and rainfall, as well as two evaluation metrics,
Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). The MLP model used as a
benchmark produced favorable forecasting results.

4.3. Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN) are a class of deep learning models primarily used for
processing and analyzing data with a grid-like structure, such as images and audio. The design
inspiration for CNNs stems from the understanding of the animal visual system in biology. CNNs
have achieved remarkable success in various domains, including image recognition, image
classification, object detection, and semantic segmentation. A typical CNN consists of convolutional
layers, pooling layers, and fully connected layers. In the convolutional layers, the network applies a
series of filters to extract features from the input data, generating feature maps. The pooling layers
serve to reduce the spatial dimensions of the feature maps, thereby decreasing computational
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complexity, often utilizing operations such as max pooling or average pooling. Finally, the fully
connected layers map the high-level features to the final output, performing tasks such as
classification or regression. These characteristics enable CNNs to effectively capture features of traffic

data, thereby excelling in traffic flow prediction tasks. The corresponding structure is shown in Figure
3.

feature learning classification
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Figure 3. CNN model diagram.

Fast R-CNN, introduced by Ross [19], incorporates multiple innovations to improve both
training and testing speeds, while also enhancing detection accuracy. Bogaerts et al. [20] proposed a
deep neural network using a CNN-LSTM architecture for multi-step prediction. The CNN-LSTM
framework is capable of identifying spatial and temporal relationships within traffic data sourced
from GPS trajectories. Moreover, they introduced a data reduction technique and compared it with
the advanced TF algorithm, yielding improved prediction results.

4.4. Autoencoder (AE)

Autoencoders are an unsupervised neural network model that performs feature extraction by
learning compressed representations of input data. An autoencoder (AE) works by training each
layer of the network progressively, with each layer encoding and decoding the output of the previous
layer. This process allows the model to gradually learn multi-level abstract features of the data. The
objective of training each autoencoder layer is to minimize the reconstruction error, which is the
difference between the input data and the reconstructed data [21]. The specific model structure is
shown in Figure 4. Autoencoders have numerous variants, with sparse autoencoders being
particularly effective at feature extraction. Sparse autoencoders can identify fewer but more
meaningful features from the input data and can be combined with other deep learning techniques,
such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), to further
enhance performance. Sparse autoencoders are widely applied in the traffic domain.
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4.5. Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNN) are deep learning architectures specifically designed to
handle sequential data. Unlike traditional neural network models, RNNs possess the ability to
maintain the continuous transmission of information across time steps, thereby enabling the retention
of historical input data. Within its network structure, RNN employ a specific connection mechanism
that ensures the output at each time step is influenced not only by the current input but also by the
previous state. This characteristic significantly enhances the accuracy and robustness of the model in
time-series predictions. The basic RNN model can be considered a time-series prediction tool with
memory capabilities. In the field of traffic data analysis, where the data inherently contains complex
spatiotemporal dependencies, RNNs and their various variants have been widely applied for traffic
flow prediction [22].

RNN do not rigidly memorize fixed-length sequences; instead, they store information from
previous time steps through their hidden states. A typical RNN structure is cyclical and consists of
an input layer, an output layer, and a neural network unit. In this architecture, the RNN’s neural
network unit not only establishes connections with the input and output layers but also possesses an
internal loop that facilitates the flow of information across different time steps in the network. As
shown in Figure 5, where xi represents the input at the i-th time step, and yi corresponds to the output
generated by xi. The computation formula for the RNN model is as follows:

Vi = g(Vhi)r )

hi = f(Ux; + Wh;_y), 3)
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Figure 5. RNN model diagram.

4.6. Long Short-Term Memory Recurrent Neural Networks (LSTM)

Due to the susceptibility of traditional RNNs to issues such as vanishing and exploding
gradients, Long Short-Term Memory Recurrent Neural Networks (LSTM-RNNs) were developed to
address these limitations. LSTM-RNNs introduce unique gating mechanisms and memory cells,
which enable them to effectively capture long-term dependencies within sequential data. Compared
to traditional RNNs, the invention of LSTM has paved new pathways for the development of RNN
models. Particularly in the field of natural language processing, LSTMs have demonstrated superior
performance over traditional RNNs, rapidly gaining widespread recognition and practical
application.

The memory cell of an LSTM is primarily composed of the output gate, input gate, and forget
gate.

The forget gate determines which information should be forgotten or retained from the cell state,
and its computation is as follows:

fe = U(Wf “[he—1, Xe] + bf)' 4)

The input gate consists of two components: a sigmoid layer that determines which values need
to be updated, and a tanh layer that creates a new candidate value vector, which will be added to the
cell state. The computation formula for the input gate is as follows:

i =o(W; - [hey, Xe] + bi), )

C~t = tanh(Wc . [ht—li Xt] + b(;); (6)

The output gate determines the value of the hidden state, which contains key information about
the observed sequence. The computation formula for the output gate is as follows:

O = U(VVo ) [ht—l'Xt] + bo)f (7)

ht = o, * tanh(Cy), tS)
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Traffic flow prediction based on RNNs has been widely applied. Zheng et al. [23] employed
LSTM networks to predict traffic flow, analyzing the impact of various factors on the prediction
performance of LSTMs. They further improved prediction accuracy by incorporating an attention
mechanism-based Conv-LSTM module. Zhao et al. [24] proposed a traffic flow prediction model
based on LSTM networks, integrating the temporal and spatial interactions of the road network.
Unlike traditional prediction methods, the LSTM network considers the spatiotemporal
dependencies of the traffic system through a two-dimensional network consisting of multiple
memory units. Comparative experiments with other typical prediction models demonstrated that the
proposed novel LSTM-based traffic prediction model delivers superior performance.

4.7. Gated Recurrent Unit (GRU)

In RNNSs, the GRU is a variant that is simpler than the LSTM network while still effectively
addressing long-term dependencies and the vanishing gradient problem. GRU retains key
components of the gating mechanism, specifically the update gate and the reset gate, which regulate
the flow of information. However, it omits the memory cell found in LSTM networks. Compared to
LSTM, GRU has fewer parameters, resulting in improved computational efficiency. In many cases, it
achieves comparable, or even superior, performance on various tasks. Its structural model is shown
in Figure 7.

Update Gate: The purpose of the update gate is to determine the extent to which the hidden state
at the current time step should retain information from the previous time step. The formula is as
follows:

zg = (W, - [he—q, xc]), )

Reset Gate: The reset gate determines to what extent the hidden state from the previous time
step should be disregarded. The formula is as follows:

1y = oW, - [heo1, X)), (10)
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Reset Gate

Update Gate

Figure 7. GRU model diagram.

Li et al. were the first to apply GRUs to traffic flow prediction and demonstrated through
experiments that the GRU-based approach outperforms the ARIMA model in short-term traffic flow
forecasting [25]. R. Dey et al. systematically evaluated three variants of the GRU in RNNs by
preserving the structure and reducing the parameters in the update and reset gates. This approach
achieved reduced computational costs while maintaining performance [26]. Chung et al. proposed a
Gated Feedback RNN (GF-RNN) method, which extends the conventional approach of stacking
multiple recurrent layers by introducing a gating mechanism. This method utilizes GRUs to address
the vanishing gradient problem. By incorporating gating mechanisms between recurrent layers, each
layer independently controls the flow and feedback of information, thereby enhancing the network’s
ability to handle long-term dependencies and improving overall performance [27].

4.8. Graph Convolutional Neural Networks (GCN)

Since CNN is only applicable to modeling tasks of Euclidean data, and the nodes in a traffic
network usually present an irregular graph structure, the Euclidean and non-Euclidean data
structures are shown in Figure 8. Therefore, GCN [28], which models non-Euclidean space, gradually
replaced CNN and became a research hotspot in the field of short-term traffic flow prediction [29].

Euclidean Structure Data Non-Euclidean Structure Data

Figure 8. Euclidean Structure Data and Non-Euclidean Structure Data structure diagram.

Graph convolution operations can be broadly classified into two categories: spatial domain-
based and spectral domain-based graph convolutions. Spatial domain methods define graph
convolution as the aggregation of feature information between adjacent nodes in the graph. Spectral
domain methods, on the other hand, begin by processing graph signals and introduce filters to derive
graph convolution. This operation is interpreted as the process of removing noise from the graph
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signals. Both methods offer distinct advantages when handling graph data, and the appropriate
approach can be selected based on the specific requirements of the task.

In most existing methods, Graph Convolutional Networks (GCNs) use a fixed adjacency matrix
to model spatial dependencies in traffic networks. However, in real-world scenarios, spatial
dependencies vary over time. Hu et al. proposed a Spatio-Temporal Graph Convolutional Network
(GLSTGCN) for traffic prediction. They designed a graph learning module to capture dynamic spatial
relationships in the traffic network and employed a gated mechanism with dilated causal convolution
networks to capture long-term temporal correlations in traffic data. Experimental results demonstrate
the superior performance of GLSTGCN [30].

To address the challenges of air traffic flow prediction, which involves complex spatial
dependencies, nonlinear temporal dynamics, and weather influences, Li et al. proposed a Cross-
Attention Diffusion Convolutional Recurrent Neural Network (CA-DCRNN). This model utilizes
diffusion convolution to capture spatial dependencies and an encoder-decoder architecture with
predefined sampling to handle temporal dependencies [31]. Zhao et al. combined GCN with GRU
networks to capture spatiotemporal dependencies, and experimental results on two public datasets
show that the GCN network exhibits strong spatial information capturing capability [32].

4.9. Attention Mechanism and Transformer

The attention mechanism is a technique that imitates the human visual or cognitive system and
is widely used in the field of deep learning. It was initially widely used in the field of NLP [33] and
later in fields such as computer vision. It assigns different weights to each element in the input
sequence according to its importance. This weight is dynamically calculated based on the relevance
between each element and the target.

Transformer is a deep learning framework primarily used for tasks such as natural language
processing [34]. Different from the traditional CNN and RNN architectures, Transformer completely
abandons these structures and is built on the attention mechanism. The model consists of Self-
Attention and Feed-Forward Neural Networks, addressing the sequential computation limitations of
RNNS, allowing for any two positions in the sequence to be treated equivalently, thereby overcoming
the long-term dependency issue inherent in RNNs [35]. A diagram of the Transformer model is
shown in Figure 9.

Yan et al. [36] utilized the multi-head attention mechanism and stacked layers to enable the
Transformer to learn dynamic and hierarchical features in traffic data. They proposed the integration
of global and local encoders to extract and fuse global and local spatial features, facilitating effective
traffic flow prediction and providing a basis for traffic management strategies.

Fan et al. [37] introduced a novel Spatiotemporal Graph Sandwich Transformer (STGST) for
traffic flow prediction. In STGST, two times Transformers equipped with temporal encoding and one
spatial Transformer with structural and spatial encoding are designed to model long-range temporal
and deep spatial dependencies, respectively. By structuring these two types of Transformers in a
sandwich configuration, the model captures rich spatiotemporal interactions. Experimental studies
demonstrate that STGST outperforms state-of-the-art baseline models.
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Figure 9. Transformer model diagram.

4.10. Hybrid Neural Network

Standalone models often focus on extracting either temporal or spatial features. To model both
spatial and temporal correlations in traffic data simultaneously, deep learning hybrid models
integrate statistical analysis, machine learning, and deep learning techniques for spatiotemporal data
processing. These hybrid models aim to overcome the limitations of single models, enhancing both
the accuracy and robustness of traffic flow predictions. By combining various models and techniques,
hybrid models can more comprehensively account for the spatiotemporal characteristics of traffic
flow, providing stronger support for traffic management and planning. These hybrids primarily
include categories such as CNN, RNN, LSTM, and GCN.

In recent years, the decomposition-reconstruction (DR) hybrid model has gained significant
attention from researchers. Chen et al. classified DR-based models and thoroughly studied their
applications in this field. A hybrid model based on DR for short-term traffic state prediction is shown
in Figure 10 [38]. Guo et al. [39] proposed an attention mechanism-based Spatiotemporal Graph
Convolutional Network (ASTGCN) model, which simultaneously models the three temporal
attributes of traffic flow while using graph convolutional models and standard convolutions to
extract spatial and temporal features. Furthermore, this model employs a spatiotemporal attention
mechanism to effectively capture the dynamic spatiotemporal correlations in traffic data.
Experimental results on the PEMS dataset show that the prediction performance of ASTGCN
outperforms other baseline models.
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Figure 10. DR model diagram.

5. Traffic Prediction Related Datasets

Data is extremely important for deep learning models. The quality of samples in the data set
largely determines the prediction performance and generalization of the model. As shown in Table
1, this paper summarizes the commonly used, public, and real-world data sets in the field of short-
term traffic flow prediction research and lists their basic characteristics.

Table 1. Dataset Summary.

Time
Feature Traffic
Type Dataset interva Source
s data
1
Flow, https://github.com//Davidham3/ASTGCN
PeMS 5min 39000
speed
Stationar METR- https://github.com//liyaguang/DCRNN
speed 5min 207
y traffic LA
data Loop speed 5min 323 https://github.com/zhiyongc/Seattle-Loop-Data
Flow, [17]
UVDS 5min 104
speed

34,000 https://github.com/TolicWang/DeepST/tree/master/data/TaxiB
TaxiB]J Flow 30min vehicle ]

S

Flow, 156 https://paperswithcode.com/dataset/sz-taxi
Mobile SZ-taxi 15min
speed roads
traffic
NYC 13,000  https://paperswithcode.com/dataset/nycbikel
data Flow 60min
Bike bicycles
Shangha 4000 https://www.cse.ust.hk/scrg/
i Taxi speed 1min vehicle

Dataset s
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5.1. Stationary Traffic Data

A fixed-traffic dataset refers to a collection of traffic state information, such as road traffic flow,
speed, and lane occupancy, which is captured in real-time by stationary traffic data collection devices
like cameras and lidar sensors. Since the data is collected using specialized equipment, it is generally
more accurate and continuous.

(1) PeMS: PeMS is a traffic flow database in California, which collects real-time data from more than
39,000 independent detectors on California highways. Among them, the detector data is mainly
from highways and metropolitan areas. These data include information such as vehicle speed,
flow, congestion, etc., which provide important basis for traffic management, planning and
research. The minimum time interval of the data is 5 minutes, which is very suitable for short-
term prediction. It enables the historical average method to automatically fill in the missing data.
In the task of traffic flow prediction, the commonly used sub-datasets are PeMS03, PeMS04,
PeMS07, PeMS08, PeMS-BAY, etc.

(2) The METR-LA traffic dataset contains traffic information collected from detectors on freeway
loops in Los Angeles County. The Los Angeles Freeway Dataset contains traffic data detected
by 207 detectors from March 1 to June 30, 2012, with a sampling interval of 5 minutes.

(3) The Loop dataset is mainly loop data in the Seattle area, covering data from four highways: I-5,
1-405, 1-90, and SR-520. The Loop dataset contains traffic status data from 323 sensor stations,
with a sampling interval of 5 minutes [40].

(4) The Korean urban area dataset UVDS contains data on major urban roads collected by 104 VDS
sensors, with traffic characteristics such as traffic flow, vehicle type, traffic speed, and occupancy
rate [41].

5.2. Mobile Traffic Data

As the demand for real-time and dynamic traffic information continues to increase, traditional
fixed traffic data collection technologies and information processing methods, though relatively
mature, face issues such as low coverage, high maintenance costs, and poor reliability. As a result,
mobile traffic data collection technologies have gained significant attention. Common data collection
methods include floating car data collection, drone-based collection, and crowdsourcing techniques.
While such data requires processing, it is easier to obtain, highly accurate, and widely used in traffic
flow prediction.

(1) TaxiB] Dataset: TaxiB] is a dataset of Beijing taxi data, which includes trajectory and
meteorological data from over 34,000 taxis in the Beijing area over a period of 3 years. The data
is converted into inflow and outflow traffic for various regions. The sampling interval for the
dataset is 30 minutes, and it is primarily used for traffic demand prediction.

(2) Shanghai Taxi Dataset: This dataset, proposed by the Smart City Research Group at the Hong
Kong University of Science and Technology, contains GPS reports from 4,000 taxis in Shanghai
on February 20, 2007. The vehicle data is sampled at 1-minute intervals and includes information
such as vehicle ID, timestamp, longitude and latitude, and speed.

(3) SZ-taxi Dataset: The SZ-taxi dataset consists of taxi trajectory data from Shenzhen, covering the
period from January 1 to January 31, 2015. The dataset focuses on the Luohu District of Shenzhen
and includes data from 156 main roads. Traffic speeds for each road are calculated every 15
minutes in this dataset.

(4) NYC Bike Dataset: The NYC Bike dataset records bicycle trajectories collected from the New
York City Bike Share system. The dataset includes data from 13,000 bicycles and 800 docking
stations, providing detailed information about bike usage and movement across the city.
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5.3. Common Evaluation Indicators

Traffic flow prediction, as a typical regression problem, is commonly evaluated using
performance metrics such as MAE, RMSE, and MAPE to assess the accuracy of the model’s
predictions.

MAE (Mean Absolute Error): MAE is the average of the absolute differences between the
observed and true values. It is the most intuitive method to represent the error by calculating the
average absolute error between predicted and actual traffic flow values. Smaller MAE values indicate
better model performance. The formula is as follows:

n
1
MAE =23 1y - 3il a1
i=1

RMSE (Root Mean Square Error): RMSE is the square root of the mean of the squared differences
between the observed and true values. By squaring the errors before averaging, larger deviations
from the true values incur a greater penalty, making this metric sensitive to large errors. A smaller
RMSE indicates better model performance. The formula is as follows:

n
1
RMSE = EZ i = 92, (12)
i=1

MAPE (Mean Absolute Percentage Error): MAPE measures the relative error between the
observed and true values as a percentage. The values range from 0 to 1 and reflect the accuracy of
predictions in proportional terms. A smaller MAPE indicates better model performance. The formula
is as follows:

n
12 5
=

6. Method Comparison and Analysis

In order to comprehensively evaluate the performance of different models in traffic flow
prediction problems, this paper takes PEMS08 and METR-LA as examples and selects several
commonly used models proposed in the field of traffic flow prediction. The specific situation is
shown in the Table 2.

Table 2. Comparison of model performance on different datasets.

PEMS08 METR-LA
Model
MAE RMSE MAE RMSE

ARIMA 33.04 50.41 2.04 5.89
MLP 26.73 35.81 1.84 4.62
LSTM 27.34 37.43 1.86 4.66
GRU 26.95 36.61 1.86 4.71
ASTGCN 19.63 27.50 1.31 3.54

From the table, we can see that the traditional data-driven ARIMA model has unsatisfactory
prediction results due to limited data mining. The prediction models LSTM and GRU based on deep
learning have greatly improved the prediction accuracy. The prediction model based on hybrid
neural network ASTGCN has the best overall prediction accuracy because it takes into account the
temporal and spatial correlation. In general, compared with other traditional methods, deep learning
has more accurate prediction results, faster calculation speed and can meet the requirements of high-
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precision real-time prediction, with obvious advantages. In data scenarios where algorithms such as
Arima based on statistical methods are difficult to predict, the short-term traffic flow prediction
method based on deep learning is still effective.

This paper summarizes the advantages and disadvantages of various traffic flow prediction
methods, as shown in Table 3.

Table 3. Comparison of the advantages and disadvantages of different methods.

Category Model Advantage Disadvantages
The model algorithm is simple, The model predicts future data
runs fast, and has low based onthe mean of historical data.
execution time overhead Simple linear operations cannot
HA represent the deep nonlinear
relationship of  spatiotemporal
series. It is not ideal for predicting
data with strong disturbance.
The model algorithm is simple Its modeling capability is relatively
and based on a large amount of weak for nonlinear trends or very
Traditional
uninterrupted data, this model complex time series data, and is not
statistical ARIMA
del has a high prediction accuracy suitable for non-stationary traffic
models
and is particularly suitable for flows.
stable traffic flow.
The algorithm is efficient, can Because of its iterative nature, it
process large amounts of data requires continuous matrix
Kalman  quickly, is adaptive, and can operations, the algorithm has a
filter automatically adjust prediction large time overhead and cannot
model  results based on historical data, adapt to nonlinear changes in traffic
making it suitable for traffic flow.
flow prediction.
High  portability,  simple The processing efficiency of large-
principle, easy to implement. scale data sets is low, the model
Machine High model accuracy, good converges slowly, and the running
Learning KNN adaptability to nonlinear and time is long, which may not meet
Models non-homogeneous data. the requirements of real-time
Suitable for short-term traffic prediction of road traffic flow.
status prediction
The training process of MLP is The training process of MLP may
relatively simple, and there are take a long time and require high
many optimization methods computing resources. When the
Deep MLP
amount of data or features are
Learning o
small, MLP may face overfitting
Models
problems.
CNN CNN can effectively extract the Due to the complex structure of the

spatial  characteristics and

model, the training process requires
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temporal dependencies of

traffic flow data, and has
strong model generalization
ability and high prediction

accuracy.

a lot of computing resources and
time. At the same time, the structure
of CNN

dependencies well and has limited

cannot capture time

ability to process sequence data.

AE

AE can learn the laws and
patterns of historical traffic
data to predict future traffic
the

efficiency and accuracy of

flow, which improves

traffic management.

For complex data distributions,

training autoencoders can be
difficult and requires careful tuning
of the network structure and

hyperparameters.

RNN

RNN can capture the dynamic
change characteristics of time
data,

series effectively use

historical traffic flow
information to predict future
trends, and 1is suitable for
processing traffic data with

time dependence.

It is easy to encounter gradient
vanishing or gradient exploding
problems during training, making it
difficult to effectively learn long-

term dependencies.

LSTM

LSTM’s unique gating

mechanism can

the

effectively
alleviate long-term
dependency

traditional RNN, enabling the

problem of

model to better capture long-

term trends and cyclical

changes in time series and

improve prediction accuracy.

The LSTM model is relatively
complex, takes a long time to train,
and requires a large amount of
data for

historical training to

achieve better results.

GRU

GRU is simpler than LSTM, but
it can also solve the problems
of long-term dependence and

gradient disappearance.

Its prediction performance is
affected by data quality and feature
selection. In complex scenarios, its
prediction ability may be slightly

inferior to LSTM.

GCN

Good at processing non-
Euclidean structure data, able
to capture the relationship
between nodes, and has good

generalization ability

The computational  resource
high

occur

requirements  are and

overfitting may when

processing large graphs

Transfor

mer

Transformer’s parallel
computing capability greatly
improves computational

efficiency, and its self-attention

Requires a large amount of
historical data for training, and the

computational cost is high
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mechanism enables the model
to consider all positions in the
sequence at the same time,
thereby better capturing long-

distance dependencies.

Comprehensive learning and The model is highly complex, and

accurate prediction of traffic the training and optimization

Hybrid
Neural flow data can be achieved by process is relatively difficult,
eura
combining the advantages of requiring longer computing time
Network

multiple  neural network and higher computing resources.

models.

7. Conclusions and Future Perspectives

This paper reviews the main methods of traffic flow prediction in the construction of intelligent
transportation systems. In the previous article, we introduced three major types of traffic flow
prediction methods: statistics-based, machine learning-based, and deep learning-based methods.
After discussing the principles, advantages, limitations, and applications of these methods in
intelligent transportation systems, we found that with the rapid development of big data and artificial
intelligence technologies, deep learning models have shown obvious advantages in traffic flow
prediction, especially when dealing with large-scale, nonlinear, and high-dimensional data, their
prediction accuracy and generalization ability are significantly better than traditional methods. These
models play a vital role in the development of ITS, not only improving the efficiency and accuracy of
traffic management, but also helping to optimize resource allocation, alleviate traffic congestion, and
enhance the public’s travel experience.

Although the short-term traffic flow prediction method based on deep learning has obvious
advantages over the other two methods, it also faces certain limitations and challenges. One of the
main problems is data acquisition and processing. This paper finds that the data sets used in the
current research are mainly from urban road traffic flow data. Therefore, the number of abnormal
data samples in the training set is smaller than that of normal data, and the applicability to other
types of areas (such as rural or suburban areas) still needs to be further verified. In addition, the
generalization ability of the model in different traffic scenarios, especially in the context of extreme
weather conditions, large-scale events or other special events, still needs to be improved. A potential
solution is to expand the diversity and sources of datasets by merging different types of data (such
as traffic flow, speed, travel time, density, weather, population and image data). The fusion of
multimodal data can promote the improvement of model performance and expand its applicability
[42].

In addition, with the continuous development of the field of traffic prediction, more and more
traffic prediction models have been proposed. However, the field of traffic flow prediction lacks
consistent experimental settings and standardized public datasets. Different scholars use different
datasets in their research, and each dataset has various external factors, which complicates the ability
to effectively compare the actual prediction performance. Establishing standardized experimental
settings and public datasets will greatly accelerate the development of the field of traffic flow
prediction and improve the comparability and repeatability of different studies.

At present, research on short-term and medium-term traffic flow prediction has made significant
progress, while research on long-term traffic flow prediction is still relatively limited. Unlike short-
term traffic flow prediction, long-term prediction usually lasts for months or even years. Long-term
traffic flow prediction faces challenges such as unstable results, high data and model complexity, and
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complex spatiotemporal dependencies. How to further improve the accuracy of long-term traffic flow
prediction models based on existing research is one of the important research directions in the future.

In summary, this study not only provides a new perspective and methodological contribution
to the field of traffic flow prediction, but also points out the future research direction. With the
continuous development of intelligent transportation systems and the increasing complexity of urban
traffic management, traffic flow prediction technology will continue to play an important role. We
look forward to more innovative research results in the future to jointly promote the development
and application of traffic flow prediction technology.
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