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Abstract. As global urbanization accelerates, urban traffic issues are
becoming increasingly severe. Traffic flow prediction (TFP), as a key
technology in intelligent transportation systems, aims to provide decision
support and optimization plans by analyzing vehicle flow, speed, and density
in road networks. However, traditional statistical models and prediction
methods based on historical data exhibit many limitations when dealing with
complex, dynamic, and nonlinear traffic flow data. The purpose of this paper
is to discuss how Reinforcement Learning (RL) can be applied to TFP. RL
optimizes strategies through interactions between agents and the
environment to maximize cumulative rewards. High-dimensional state
spaces and nonlinear problems can be handled with strong adaptability and
strong adaptability. The paper provides a detailed review of the latest
developments in Deep RL in the field of TFP, including the application of
Q-learning and its variants in traffic signal control. Additionally, the article
discusses the application of RL-based Long Short-Term Memory Networks,
Graph Convolutional Networks (GCN), and Dynamic GCN in TFP.
Although RL has achieved significant results in the field of TFP, its
application still faces challenges such as data complexity, dynamics, and
high computational resource consumption. The paper suggests that future
research directions should include expanding abnormal data, improving
model efficiency and scalability, and extending application scenarios to
further advance intelligent transportation systems.

1 Introduction

As 0f 2019, 55% of the global population lived in urban areas, and this number is expected
to be 13% by 2050 [1]. Despite significant developments in the construction of transportation
facilities, the growth of the urban population has exacerbated traffic problems. The increasing
demand for transportation by urban residents has led to decreasing traffic efficiency and
rising accident rates, directly affecting the lives of citizens [2]. Traffic flow prediction (TFP)
is a key technology in intelligent transportation systems. It analyzes and forecasts vehicle
flow, speed, and density in road networks, providing decision support and optimization plans
to enhance traffic efficiency and safety. Statistical models and historical data-based
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predictions, including time series analysis and regression models, are mainly used in
traditional TFP methods. However, these methods face numerous limitations when handling
complex, dynamic, and nonlinear traffic flow data, making them inadequate for dealing with
emergencies and anomalies. As a result, exploring the use of more advanced technologies to
enhance the accuracy and robustness of TFP has become a research focal point.

In recent years, with the swift advancement of artificial intelligence technologies,
Reinforcement Learning (RL), as a dynamic decision-making approach, has demonstrated
significant potential in the area of TFP. Unlike supervised learning, RL can autonomously
learn strategies without requiring a significant amount of labeled data. Through the agent's
engagement with the environment, RL continuously experiments and adjusts its strategies to
maximize cumulative rewards. Compared to traditional methods, RL has strong adaptability
and can handle high-dimensional state spaces and nonlinear problems. RL acquires
experience through interaction with the environment and learns based on reward feedback.
This means that RL agents can continuously improve their strategies over time, adapting to
different environmental changes. This adaptability gives RL an advantage over traditional
static methods in complex and dynamic environments [3].

Deep RL has been widely applied in TFP, with numerous RL algorithms such as Deep Q-
Learning (DQN), Double Q-Learning, and Double DQN achieving remarkable results in TFP
and traffic signal control [4-6]. TFP faces challenges such as dynamism, uncertainty, and
complexity. RL addresses these by modeling problems as Markov decision processes, using
Q-learning algorithms and deep RL algorithms to optimize strategies for traffic signal control,
lane usage, and accident management, thereby significantly improving overall traffic
efficiency. Multi-agent RL further enhances the collaborative prediction and optimization
capabilities of large-scale traffic systems.

This paper reviews the latest research progress of deep RL in the field of TFP. It discusses
the main challenges faced by the current application of RL in TFP and proposes future
research directions to address these challenges. This paper aims to further advance the
development of this field.

2 Research status analysis

2.1 Deep RL

Mnih first combined deep neural networks with Q-learning in 2013. The author employed
raw pixels as input and a value function to estimate expected returns during the training of a
convolutional neural network (CNN), which is a variant of Q-learning. In the Arcade
Learning Environment, this model was evaluated in seven Atari 2600 games without
adjusting the architecture or learning algorithm. The model outperformed all previous
methods in six games and surpassed human experts in three games [7]. In 2015, Mnih
expanded his work and first proposed the DQN algorithm. DRL achieved or exceeded human
expert levels in multiple Atari 2600 games. DQN combined the Q-learning algorithm and
deep neural networks to address control problems in high-dimensional state spaces. The
introduction of DQN bridged the gap between high-dimensional input and action, creating
the first artificial intelligence capable of learning and excelling in various challenging tasks
[8]. Van proposed the Double DQN based on the Double Q-learning (DDQN) algorithm
proposed in 2010 [9], addressing the overestimation problem of DQN.

This method altered the target value calculation by using the evaluation network to select
the action and the target network for assessing the value. In experiments, the Double DQN
algorithm with experience replay effectively mitigated the overestimation problem of the
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DQN algorithm and improved prediction accuracy [10]. Wei proposed a DDQN-based
intelligent system for traffic signal control, IntelliLight. Through multi-agent collaboration,
it achieved signal optimization and TFP in complex urban traffic systems. Extensive use of
synthetic and real-world data demonstrated that this system outperformed the current state-
of-the-art signal optimization and TFP schemes [11].

2.2 RL Based Long Short-Term Memory Networks (RL-LSTM)

In the field of TFP, due to the ability of deep learning (DL) methods such as Recurrent Neural
Networks (RNN) and their variant Long Short-Term Memory Networks (LSTM) to learn
spatial-temporal dependencies, these methods have become excellent choices. However, they
still have the drawbacks of having a wide variety of hyperparameters and being complex and
difficult to design. Mostaf proposed an automated framework for TFP using LSTM based on
RL design. High-performance LSTM predictors are generated by employing RL and Transfer
Learning (TL) and this framework introduces a new DL algorithm called HERITOR (Higher-
Order Traffic Convolution RL-LSTM) for TFP. To forecast future trajectories of moving
objects lacking human intervention, a controller using Q-learning is developed to
automatically design a high-performance LSTM architecture. The structure and parameters
of the LSTM are optimized using the RL algorithm, and transfer learning is used to improve
training efficiency, allowing the model to adaptively learn the optimal strategy. The
HERITOR algorithm can extract features from the spatial structure of the traffic network
through convolution operations, while utilizing LSTM to process time series data, better
capturing the spatial-temporal characteristics of traffic flow. These captured spatial-temporal
features are input into the RL-LSTM, achieving a more precise TFP in the spatial-temporal
dimension. This method was tested on two real large-scale datasets, and the experimental
results showed an improvement of 15% to 25% compared to the state-of-the-art technologies.
Additionally, by transferring knowledge, the optimal LSTM architecture search process can
be accelerated by up to 70% [12].

2.3 Dynamic Graph Convolutional Networks (DGCN) and RL based long-term
TFP

To extract spatial-temporal features from traffic networks, many studies on TFP using DL
technologies have combined CNN or Graph Convolutional Networks (GCN) [13-18].
Through the use of graphs, these methods effectively capture the topological structure and
spatial correlations between road connections in the traffic network. However, real traffic
networks are dynamic and dynamic graphs can better reflect the spatial-temporal
characteristics of traffic compared to static graphs. In practical applications, the data is
limited and timely, making it challenging to frequently gather statistics and generate graph
structures. To address the issue of declining prediction accuracy in traditional TFP methods
for long-term forecasting due to sparse and incomplete data, Peng proposed a long-term TFP
method based on DGCN and RL. The system is represented by a dynamic traffic flow
probability graph, with the model conducting convolution operations on the dynamic graph
to capture spatial features and integrate LSTM units to learn temporal features. When the
dynamic graph is insufficient due to sparse data, it is generated using a RL-based graph
convolution strategy network. This model was experimented on the urban bicycle dataset in
New York City and achieved high accuracy, enabling stable and effective long-term TFP,
and reducing the impact of data deficiencies on prediction results [19].



ITM Web of Conferences 70, 01005 (2025) https://doi.org/10.1051/itmconf/20257001005
DAI 2024

2.4 GCN and RL

Currently, many studies in the field of TFP employ strategies using LSTM or a combination
of LSTM and CNN [19-22]. However, these methods suffer from drawbacks such as high
demand for training data, significant consumption of computational resources, or low model
interpretability. Addressing these issues, Hang proposed a TFP method that combines GCN,
LSTM, and RL to better reflect the dynamics of urban traffic flow and further optimize traffic
control strategies. The model uses an RL-based GCN(RL-GCN) to process the urban traffic
network’s nodes and edges. First, the urban traffic network is modeled by GCN, representing
it as a graph structure to derive the properties of each node and edge. After that, the LSTM
network models the city’s traffic flow and forecasts the future traffic flow. Finally, on this
basis, a reward function and a policy network are designed, using RL to formulate optimal
traffic control strategies. Experimental results on multiple real datasets indicate that,
compared to previous studies, this method has higher model training efficiency and
prediction accuracy, effectively predicting urban traffic flow and optimizing urban traffic
flow efficiency [23].

3 Challenges

Despite the significant advancements RL has made in the field of TFP, its application still
faces many challenges:

Insufficient Predictive Ability in Abnormal Situations: When making predictions in real
traffic environments, the model needs to handle the interference of unexpected situations.
Real traffic environments encounter abnormal situations such as traffic accidents and weather
changes. However, such information is typically sparse and incomplete, leading to substantial
room for improvement in the prediction accuracy of existing models under these conditions
[24].

Complexity of Traffic Flow Data: Traffic flow data is complex because the state space
may have high dimensionality. The problem of dimensionality disaster is faced by models
when dealing with large-scale traffic networks, leading to low efficiency in training and
inference [25].

High Demand for Computational Resources: Deep RL methods require repeated
experimentation, consuming a large amount of computational resources and time. This leads
to extremely high learning costs. For large-scale traffic networks, resource consumption
increases significantly, severely impacting their application in real production environments
[23].

4 Directions for further research

RL has considerable prospects for TFP. The development of intelligent transportation systems
will be boosted by research on RL in this field. In response to the current challenges, the
following points may become future research directions:

Generating Simulated Data Based on Generative Adversarial Networks (GAN): Using
GAN to generate high-quality abnormal traffic flow data can enhance the robustness and
accuracy of TFP models. By collecting and preprocessing traffic data, using GAN models for
adversarial training, generating simulated abnormal data, and evaluating and optimizing,
actual traffic anomalies can be effectively simulated. These generated data can be used for
model training and testing, helping TFP systems identify and respond to potential anomalies,
thereby improving the accuracy of TFP [26].
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Improving Model Efficiency and Scalability: Adopting various mechanisms to improve
the learning efficiency of the model. For example, conducting knowledge exchange between
multiple intersections, as the operating environment of one intersection will affect the
surroundings. Considering the traffic conditions of nearby intersections during the exchange
and improving the global reward reflecting the state of the entire traffic network may help
improve model efficiency [25].

Expanding Application Scenarios: Applying RL to more practical traffic management
scenarios, such as route planning and vehicle-to-everything (V2X), to achieve a more
comprehensive intelligent transportation management system.

5 Conclusion

The focus of this article is on the most recent research progress, challenges, and future
development directions for RL in TFP. As a dynamic decision-making method, RL optimizes
prediction effectiveness through continuous trial and strategy adjustment, demonstrating
great potential in handling traffic flow dynamics and uncertainties. Methods that combine RL
with DQN and its variants such as Double DQN, RNN, LSTM-based methods, DGCN, and
GCN have significantly improved prediction accuracy and timeliness. However, current
research still faces challenges such as the complexity and dynamics of traffic data, scarcity
of abnormal data, and high computational resource requirements.

Although there are challenges, the scope of RL's applications in TFP is still very broad.
Considering the current difficulties and challenges, this article suggests potential research
directions for future RL applications in TFP. Continuous research efforts will provide crucial
support and impetus for the progress of advanced and efficient traffic management solutions.
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