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Abstract

Traffic flow prediction plays a vital role in transportation planning, management, and control. Accurate predictions of
traffic flow can greatly enhance traffic safety, alleviate congestion, and optimize the overall performance of
transportation systems. The emergence of artificial intelligence and machine learning techniques has opened up new
avenues for improving traffic flow predictions. This study investigates the potential of deep learning approaches in
optimizing traffic flow and enhancing traffic management and prediction. The authors provide a comprehensive
overview of the evolving deep learning techniques utilized for traffic flow prediction and analyze their advancements
in the field. The study highlights the promising outcomes achieved through the application of deep learning models
for forecasting traffic flow. However, it also acknowledges the limitations of individual deep learning models and
emphasizes the increasing interest in hybrid and unsupervised techniques as viable alternatives. The findings
underscore the need for continuous research efforts to develop and refine deep learning techniques for traffic flow
prediction and to enhance traffic management systems. The study recognizes the implications of these findings for
transportation planners, policymakers, and researchers who seek to leverage deep learning methods for optimizing
traffic flow and improving transportation infrastructure.
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1. Introduction

Since the introduction of motorized vehicles, heavy traffic and congestion have been major issues in urban settings,
these issues can have a significant impact on society in various ways, such as financial losses due to lost time in traffic
and environmental impacts from air pollution, fuel consumption, and other factors (Cohen and Dalyot 2019). In
response to this issue, traffic monitoring and control solutions are being researched and implemented in many cities
worldwide. These solutions involve using sensors, cameras, and other technology to gather information about traffic
flow and alert authorities of any issues or areas where traffic may need re-routed or adjusted (Pfiilb et al. 2019). Such
solutions have been proven effective in reducing traffic congestion and its associated consequences, leading to more
efficient transportation, fewer environmental emissions, increased road safety, and improved quality of life for those
who use the roadways. The ultimate goal of traffic monitoring and control is to reduce the overall impact of traffic on
the environment, economy, and citizens while increasing the efficiency of transportation and road safety (Bao et al.
2021). Predicting traffic flow has been a long-standing issue in the literature, employing various modeling approaches.
In recent years, artificial intelligence (Al) techniques have gradually replaced traditional statistical methods for traffic
prediction (Nakatsuji et al. 2002). Numerous studies have investigated using machine learning (ML) to model traffic
patterns with varying degrees of success. However, most traditional ML-based approaches have not uncovered
significant correlations in traffic data. This article critically evaluates the current research on deep learning (DL)
methods to improve traffic management and prediction. It discusses the various DL models proposed for this purpose
and explores their potential for future applications. The paper provides an overview and synthesis of recent
advancements in applying deep learning to traffic management and control. A range of methods employed in the
examined studies are discussed and characterized. This paper also reveals the dataset used in each study's analysis and
the specific context of traffic management and prediction on which the study was based.
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2. Background

Deep Learning (DL) has its roots in cognitive theories that give rise to complex neural network structures. DL can
automatically extract features from data, allowing for the investigation of relationships between hidden data in various
dataset attributes without any human intervention (Zargari et al. 2012). DL models can be applied to a wide range of
data types, including audio, video, images, numerical data, and text. Other names for DL include "deep feature
learning," "deep representational learning," and "deeply structured learning. These models construct a training model
by learning from experience. Utilizing DL algorithms, this system can improve accuracy and reduce computational
time for traffic management compared to traditional models. This is achieved by providing the DL approach with a
large dataset, which allows it to identify patterns in the data and develop complex algorithms to learn from experience
and use the patterns to make accurate predictions (Tian et al. 2020). The design of a deep neural network model
requires careful consideration of several variables, including the number of neurons in the hidden layer, the learning
rate, the number of epochs, and the type of activation function (Bai and Chen 2019). All of these variables can
significantly affect the accuracy and efficiency of the model, so they should be thoroughly researched and chosen
accordingly to ensure the best performance from the model (Liu et al. 2018). Additionally, to ensure the model's
accuracy, it should be regularly updated with new data (Xiangxue et al. 2019). Deep learning networks can make
accurate predictions about a broad range of topics by analyzing large datasets and recognizing patterns over time
(Yang et al. 2017).

3. Methodology

This paper draws upon the expertise of decades of combined experience in technology development, traffic prediction,
and modeling to provide an insightful set of perspectives. The assessment presented herein is based upon previous
research examining the potential of deep learning technologies to enhance traffic flow optimization, traffic
management, and prediction. While no new modeling was conducted to inform the expert perspectives, the paper
offers valuable insight into the field's current state. The research methodology includes a review (Torraco 2005) of
relevant studies, articles, and reports on using deep learning networks for traffic flow and improving traffic
management and prediction. The search strategy for this study included the electronic databases Scopus, Elsevier
ScienceDirect, IEEE Xplore, and Web of Science, with the search terms "traffic flow prediction," "traffic accident
detection," "traffic signal control," "traffic modeling," and "traffic monitoring system," limited to articles in English
published within the past 20 years. Inclusion criteria for studies included peer-reviewed journal publication, addressing
traffic flow prediction, and reporting at least one outcome measure related to the deep learning model. Exclusion
criteria included non-English language publications, conference abstracts, and duplicate publications. Two reviewers

independently screened the titles and abstracts of the selected studies.
4. Results and Discussion

4.1 Traffic Flow Management and Prediction Using DL Models

The schematic in Fig.1 below displays the typical techniques for forecasting and managing traffic flow discussed in
this article. In the following sections, we will discuss the Implications of these deep learning techniques to forecast
and manage traffic accurately.
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Figure 1. Popular DL Models for Traffic Management and Prediction
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4.1.1 Supervised and Unsupervised Learning

In supervised learning, a model is trained using labeled data, which has been annotated with the correct response. The model then
makes predictions on new data using the labeled data. On the other hand, unsupervised learning involves training a model using
unlabeled data. After grouping the data into similar-looking groups, the model can be used to predict outcomes for new data. These
two types of learning are utilized in deep learning architectures to build networks of synthetic neurons (also known as neural
networks). The network is trained on labeled data using supervised learning algorithms, and the model learns the appropriate output
for a given input. The model is then applied to new data to make predictions. Further, the network can be trained using unsupervised
learning algorithms on unlabeled data, allowing the model to spot patterns in the data and predict outcomes.

4.1.2 Artificial Neural Networks

An artificial neural network system (ANNS) is a very efficient data analysis and decision support tool that uses algorithms from
artificial intelligence to analyze information, make decisions, and solve optimization problems. ANNs can be used for various tasks,
such as classification, prediction, clustering, optimization, and pattern recognition. Several neural networks have been researched,
including the feedforward neural network (FNN), recurrent neural network (RNN), convolutional neural network (CNN), etc.
(Rios et al. 2020; Savran 2013). Artificial neural networks are machine learning models composed of layers of interconnected
"neurons," which process and transmit information. In an artificial neural network, the input data is processed through multiple
layers of neurons, each applying transformations to the data and passing it on to the next layer (Beltramo et al. 2019; Rios et al.
2020). The final layer produces the neural network's output, a prediction, classification, or other output forms (Fig. 2). Neural
networks are beneficial for tasks that require learning from and making decisions based on complex or high-dimensional data.
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Figure 2. ANN Architecture

4.1.3 Multilayer Perceptron

A multilayer perceptron (MLP) is an artificial neural network composed of multiple layers of interconnected neurons. A
feedforward neural network takes an input vector and produces an output vector through a series of linear and nonlinear
transformations. MLPs are used for various tasks such as classification, pattern recognition, and regression. Due to their shallow
ANNSs cannot effectively extract critical features from captured traffic data; thus, MLP models are primarily used to provide
improved fault tolerance and self-learning capability (Nakatsuji et al. 2002).

4.1.4 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) have become an important class of ANNs due to their ability to process and comprehend
sequential data, including text, audio, video, and sensor data. RNNs are particularly noteworthy for their capacity to remember and
apply past inputs to new calculations. This makes them capable of understanding the data context to make more accurate traffic
flow predictions. Revised: RNN variants like Long Short-Term Memory (LSTM) are commonly used to tackle the challenge of
predicting traffic flow in the network. In this context, an LSTM network was utilized to predict short-term travel speeds with long
temporal dependencies. Researchers, including Fu et al. (Fu et al. 2017) have also explored the use of RNNS in predicting traffic
flow and found that (Gated Recurrent Unit) GRU outperformed LSTM based on their results.

4.1.5 Convolutional Neural Networks

For the analysis and classification of visual imagery, deep learning architectures called Convolutional Neural Networks (CNNs)
are employed. Large amounts of visual data are processed and analyzed using CNNs, consisting of layers connected by neurons
(also known as nodes). CNNs use this technique to recognize features in an image, such as edges and shapes. The connections
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between the neurons resemble a filter arranged in a three-dimensional grid. This filter aims to find patterns in the image, which are
then used to categorize various objects. CNNs are particularly effective in modeling topological locality, meaning they can identify
patterns between close inputs (Krizhevsky et al. 2017). A recent study by (Chung and Sohn 2018) uses video images to count
vehicles on a specific road segment through a deep CNN approach.

4.1.6 Boltzmann Machines

Deep Boltzmann Machines (DBMs) are a type of unsupervised learning algorithm composed of a layered network of stochastic,
symmetrically connected, binary neurons (Salakhutdinov and Larochelle 2010). DBMs use a probabilistic model and an energy-
based formulation to learn the underlying structure and data distributions. This is done using Markov Chain Monte Carlo methods
to sample from the data distribution to approximate its actual probability distribution (Hinton 2002). DBMs can learn complex
features and representations of the data by using multiple layers of neurons. The resulting models can then be used for tasks such
as classification and clustering. Additionally, DBMs can generate new data points that follow the same distribution as the original
data (Passos and Papa 2020).

Table 1. Traffic Flow Management and Prediction Based Deep Learning Model

(Zargari et al.
2012), (Pamula
2019), (Mehdi et
al. 2022)

uses convolutional
layers to extract
features from input
data, followed by
fully connected

MPL

output relationships, can
learn hierarchical
representations of
features, can be used for
tasks such as image and

DL References Key features Parameters Strength Weakness
Model
ANN | (Zhang et al. Feedforward Number of Can model complex May suffer from the
2017), (Sun et al. | architecture with an | hidden layers, | relationships between vanishing gradient
2005), input layer, one or activation inputs and outputs, can problem, requires
(Debnath et al. more hidden layers, | function, handle continuous and significant amounts of
2022), (Cohen and an output layer | learning rate, categorical data, can be data for training, may
and Dalyot optimization used for a variety of overfit or underfit
2019) algorithm tasks, such as depending on
classification and architecture and
regression hyperparameters
MPL | (Comert and Feedforward Number of Can handle nonlinear May suffer from the
Bezuglov 2013), | architecture with hidden layers, | input-output vanishing gradient
(Zargari et al. multiple layers, activation relationships, can be used | problem, can be
2012), (Abdi and | including an input function, for a variety of tasks, computationally
Moshiri 2015), layer, one or more learning rate, such as classification and | expensive for large
(Behbahani et al. | hidden layers, and optimization regression, relatively easy | networks, may overfit or
2018), (Pamuta an output layer algorithm, to train with underfit depending on
and Pamuta sequence backpropagation architecture and
2019) length hyperparameters
RNN | (Liu et al. 2020), | Architecture that can | The Same as Can handle sequential May suffer from the
(Xiangxue et al. | handle sequential MPL input-output vanishing gradient
2019), (Yang et data, with feedback relationships, can be used | problem, can be
al. 2019), (Abbas | connections for tasks such as computationally
et al. 2018), (An | allowing for sequence prediction and | expensive for long
etal. 2011) memory of previous natural language sequences, may have
inputs processing, can learn difficulty with inputs
long-term dependencies that are too far apart in
through gating time
mechanisms such as
LSTMs and GRUs
CNN | (Yietal. 2017), | Architecture that The Same as Can handle spatial input- | May have difficulty with

inputs of varying sizes,
can be computationally
expensive for large
images, may have
problems with objects

layers video analysis that have a high degree
of variability
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DBN | (Baoetal. Architecture that The Same as Can model complex It can be
2021), (Huang et | combines multiple ANN relationships between computationally
al. 2014), (Sun layers of restricted inputs, can learn deep expensive to train, may
and Sun 2015), Boltzmann hierarchical have difficulty with
(Koesdwiady et | machines to learn representations of high-dimensional input
al. 2016), complex features, can be used for | data, may have trouble
(Mahmud et al. representations of unsupervised learning with large datasets
2018) data tasks such as image and
speech recognition
AD (Liou et al. Architecture that Architecture It can be used for Can suffer from the
2014), (Jinet al. | uses multiple layers | that uses unsupervised feature vanishing gradient
2018), (Yanget | of unsupervised multiple layers | learning and data problem, may have
al. 2017), (Liu et | learning to learn of compression, can learn difficulty with high-
al. 2018) hierarchical unsupervised | deep hierarchical dimensional input data,
representations of learning to representations of may overfit or underfit
input data, followed | learn features, can be used for | depending on
by a supervised hierarchical tasks such as image and architecture and
learning layer for representations | speech recognition hyperparameters
classification or of input data,
regression followed by a
supervised
learning layer
for
classification
or regression

4.1.7 Autoencoder

An autoencoder (AE) is an artificial neural network used for learning efficient data codings in an unsupervised manner (Liou et al.
2014). The autoencoder is trained to minimize the reconstruction error between the initial input and the reconstructed output
(Mahmud et al. 2018). As a result, the deep learning model could accurately predict traffic flows in congested urban networks. This
highlights the utility of MLP models for supervised traffic flow prediction and their potential to improve the efficiency of urban
traffic management. A common AEs variant is the Stacked AE (SAE), where multiple auto-encoders are stacked together (Liu et
al. 2018). The layers of SAEs can be tuned to account for different factors affecting traffic flow, such as lane closures, road
construction, and weather. Table 1 below illustrates the variations in traffic prediction parameters, benefits, and limitations of some
popular deep learning architectures.

4.2 Hybrid Deep Learning Traffic Flow Management and Prediction Model

Deep learning models have demonstrated their effectiveness in traffic flow prediction by capturing complex and
nonlinear relationships between traffic data and environmental factors (Wu et al. 2018). However, deep learning
models have limitations, including their high computational costs, data-hungry nature, and limited interpretability (Du
et al. 2017). To overcome these challenges, researchers have proposed hybrid deep learning algorithms that combine
deep learning models with other machine learning techniques, such as traditional statistical models, fuzzy logic
systems, or evolutionary algorithms (Bai and Chen 2019). One popular approach to deep hybrid (Duan et al. 2018)
learning for traffic flow prediction is to use a deep neural network to extract high-level features from input data and
then use a statistical model such as ARIMA (Autoregressive Integrated Moving Average) (Jin et al., 2007;
Kamarianakis and Prastacos 2003) or an autoregressive neural network (AR-Net) to make final predictions (Li et al.
2017). Another approach to deep hybrid learning for traffic flow prediction is to use fuzzy logic systems to capture
the uncertainty and imprecision in traffic data and combine them with a deep learning model to improve prediction
accuracy. Fuzzy logic systems can handle uncertain and vague information, making them useful in traffic flow
prediction, where data is often noisy and incomplete (Srinivasan et al. 2009).

In recent years, researchers have also explored using unsupervised learning techniques such as autoencoders and

generative adversarial networks (GANs) to improve traffic flow prediction (Liao et al. 2021). Autoencoders can learn
the underlying structure of traffic data and extract meaningful features, while GANs can generate synthetic traffic data
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to augment the training data and improve model performance (Itagi et al. 2022). The combination of CNN and LSTM
is a powerful technique for traffic flow prediction that can effectively model spatial and temporal data (Duan et al.
2018). Combining CNNs and LSTMs makes it possible to extract spatial features from traffic data using the CNNs
and then feed them into the LSTMs to capture the temporal dynamics. The CNNss can identify spatial patterns in traffic
flow, such as traffic congestion or bottlenecks, and the LSTMs can model the temporal dynamics of traffic flow, such
as daily and weekly patterns (Sainath et al. 2015).

The integration of LSTM and AE is a novel and practical approach to traffic flow prediction that can leverage the
strengths of both models (Chen et al. 2020). By integrating LSTM and SAE, capturing both the spatial and temporal
dependencies in traffic data is possible. The SAE can extract high-level spatial features from the traffic data, which
can then be fed into the LSTM to capture the temporal dynamics. One advantage of using SAEs in traffic flow
prediction is that they can learn a compressed representation of the traffic data, reducing the noise and redundancy in
the data, making it easier for the LSTM to learn the temporal patterns. Another advantage is that the SAE can identify
important spatial features in the traffic data, such as road topology, traffic volume, and speed, which can be used to
improve prediction accuracy. This integration can lead to improved prediction accuracy and reduce the complexity of
the model (Wei et al. 2019). Several studies have proposed models that integrate LSTM and SAE for traffic flow
prediction, and they have shown promising results. For example, a study (Yu et al. 2017) proposed a model that
integrated LSTM and SAE and demonstrated that it outperformed other deep learning models, such as feedforward
neural networks and standalone LSTMs. Another study by Ref. (Tian et al. 2020), used an LSTM-SAE model to
predict traffic flow in Beijing and showed that it achieved higher prediction accuracy than other models.

Combining different machine learning techniques, the hybrid deep learning algorithm can extract more insightful
features from input data and make more accurate predictions. The implication is that the hybrid approach reduces
computational costs by reducing the size of the data set and avoiding overfitting. Thus, improving prediction accuracy,
efficiency, and robustness. They are an active area of research in transportation engineering and can potentially
enhance transportation systems' performance and reduce environmental impacts. Hybrid deep learning can advance
traffic management and control systems by providing real-time traffic flow information, enabling better decision-
making, and improving traffic safety and efficiency.

5. Insight and Outlook

Deep learning models can potentially reduce uncertainty in forecasting and managing traffic flow, as evidenced by a
comprehensive review of the subject. This paper further examines the challenges that need to be addressed to
successfully utilize DL models for traffic management and prediction to make them a viable option. These include the
following:

5.1 Lack of Large-Scale Datasets and Proper Training Set Sizes

Advanced deep learning algorithms require a large dataset and an appropriately sized training set to predict traffic
flow (Yuetal.2017) accurately. Without such datasets, deep learning models cannot be effectively used to accurately
forecast and manage traffic flow (Huang et al. 2021). The data used to train the models must accurately represent the
current traffic situation to avoid inaccurate predictions (Manibardo et al. 2020).

5.2 The Need for More Sophisticated Evaluation Metrics

In addition to the lack of datasets, deep learning models also require more sophisticated evaluation metrics to be successfully
implemented for traffic management and prediction. Based on consulted literature, the current metrics such as the Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE) are the most popularly used, but are however not ideal for evaluating deep
learning models, as they fail to capture the nuances of traffic flow prediction (Karlaftis and Vlahogianni 2011; Wu et al. 2021).
Therefore, new metrics are required to evaluate deep learning models for traffic flow prediction accurately.

5.3 The Difficulty of Fine-Tuning Deep Learning Models to Specific Traffic Conditions

Another challenge associated with using deep learning models for traffic flow prediction is fine-tuning the models to specific traffic
conditions (Chen et al. 2018). Each road network and traffic situation is unique, and deep learning models must be adjusted
accordingly to accurately predict traffic flow (Bai and Chen 2019). This requires significant engineering effort, as the models must
be carefully calibrated to the particular traffic conditions.
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5.4 The Development of Effective Methods to Bridge the Gap Between the Physical and Data-Driven
Worlds

Finally, the data to train the models must be closely linked to the physical world, as any discrepancies between the two could lead
to inaccurate predictions (Kong et al. 2019). Furthermore, the data-driven models must be able to understand and incorporate
physical constraints such as speed limits, traffic signals, and road geometry. This requires the development of sophisticated methods
to bridge the gap between the physical and data-driven worlds.

Several key areas could be further explored in future research to improve the accuracy and effectiveness of deep learning models
in traffic flow forecasting and management. These include optimizing network parameters to enhance performance, implementing
more effective imputation strategies for handling missing or corrupted data, selecting training and learning algorithms that are less
time-consuming, and dealing with a broader range of traffic datasets that take into account various factors such as weather
conditions, holidays, road conditions, and work events. Additionally, it may be beneficial to consider more complicated aspects
that affect traffic flow prediction, such as multi-modal learning through feature fusion to consider correlations between different
types of traffic data.

6. Conclusions

The present study provides a comprehensive overview of the latest deep-learning techniques for predicting traffic
flow. Although only a handful of papers have significantly contributed to this field's theoretical development, most
research focuses on practical applications. Existing literature suggests that using deep learning models to forecast
traffic flow, which can capture nonlinear relationships, has shown promising outcomes. While there are several
benefits to using individual deep-learning models for traffic forecasting, they also have severe limitations. Recent
research has explored hybrid and unsupervised techniques as potential alternatives to deep learning architectures. This
review analyzes the DL models used for traffic flow to improve traffic management and prediction and highlights the
growing interest in hybrid approaches.
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