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Abstract: With the acceleration of urbanization and the increase in traffic load, traditional traffic
management methods struggle to cope with the complexity of modern traffic conditions. Intelligent
Transportation Systems (ITS), utilizing modern information technology and artificial intelligence, have
improved the efficiency and safety of transportation systems. Reinforcement Learning (RL), as an
adaptive optimization method, can dynamically adjust traffic signals and flow control strategies
through trial and error and reward mechanisms, optimizing traffic flow management and signal control.
This paper investigates the optimization algorithms of intelligent transportation systems based on
reinforcement learning, including their design, application, and performance evaluation. Research
indicates that RL optimization algorithms can significantly enhance the organizational performance of
transportation systems, increasing the efficiency and flexibility of traffic management. Empirical
analysis verifies the effectiveness of the algorithm, and future improvement directions are proposed.
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Introduction

With the rapid acceleration of global urbanization and the surge in vehicle ownership, the
limitations of traditional traffic management methods have become increasingly evident, exacerbating
issues such as traffic congestion, safety risks, and environmental pollution. As a frontier technology to
address these challenges, Intelligent Transportation Systems (ITS) provide an effective solution by
integrating information technology, communication technology, and artificial intelligence. However,
traditional traffic control strategies often rely on static rules, making them inadequate for the complex
and dynamically changing traffic environment. Reinforcement Learning (RL), as an emerging machine
learning method, can continuously optimize decision-making strategies through the interaction between
agents and the environment, showing great potential in optimizing intelligent transportation systems.
This study aims to design an RL-based optimization algorithm to improve ITS performance in traffic
flow management and signal control, achieving smarter and more efficient traffic management to meet
the needs of modern urban transportation development.

1. Fundamental Theories of Intelligent Transportation Systems and Reinforcement Learning
1.1 Overview of Intelligent Transportation Systems

Intelligent Transportation Systems (ITS) refer to a comprehensive solution that leverages modern
information technology, communication technology, sensor technology, and artificial intelligence to
improve the efficiency, safety, and service quality of transportation systems. ITS consists of several
functional modules, such as traffic information collection and processing, traffic flow control, traffic
guidance, vehicle dispatching, and emergency response. Through the coordinated operation of these
modules, ITS can enhance the utilization efficiency of traffic resources, reduce traffic accidents, and
minimize pollution emissions without the need for additional infrastructure investment.

Currently, with the accelerating pace of urbanization and the continuous growth of the vehicle
population, traditional traffic management methods are no longer sufficient to cope with the
increasingly complex traffic conditions. Therefore, optimizing intelligent transportation systems is of



paramount importance. Such optimization not only requires the rational distribution of traffic flow but
also involves the dynamic adjustment of signal control strategies and route optimization to ultimately
improve the overall efficiency and organizational performance of the transportation system!!.

1.2 Basic Concepts and Principles of Reinforcement Learning

Reinforcement Learning (RL) is a machine learning method that optimizes decision-making
through trial and error and a reward mechanism. In RL, an agent interacts with the environment and
selects actions based on the current state. The agent then adjusts its policy based on the rewards
received, with the goal of maximizing cumulative rewards. The core elements of RL include state space,
action space, reward function, and value function, all of which collectively support decision-making
optimization.

In traffic system optimization, reinforcement learning algorithms dynamically adjust signal
durations or traffic flow scheduling strategies based on real-time traffic data to optimize traffic flow.
Deep Reinforcement Learning (DRL), by utilizing neural networks, enhances the ability to learn
optimal strategies in complex high-dimensional spaces, promoting its widespread application in
complex traffic systems.

1.3 The Relationship Between Reinforcement Learning and Intelligent Transportation System
Optimization

1.3.1 Application Analysis of Reinforcement Learning in Traffic Flow Management

Traffic Flow Management (TFM) is a key component of intelligent transportation systems, aiming
to regulate vehicle flow within road networks to reduce congestion and improve traffic efficiency.
Traditional methods rely on static or heuristic rules, which are insufficient to address dynamically
changing traffic conditions. Reinforcement learning, through continuous interaction and learning,
adaptively adjusts flow control strategies to optimize network performance. In this process, the
algorithm uses the state of the road network (such as vehicle speed, traffic density) as the state space
and signal control or segment allocation as the action space. By designing an appropriate reward
function (such as minimizing wait time or maximizing flow), the agent gradually learns the optimal
strategy!?!.

1.3.2 Research on the Application of Reinforcement Learning in Traffic Signal Control

Traffic Signal Control optimizes intersection capacity and reduces vehicle wait time by dynamically
adjusting signal durations and phases. Traditional fixed-timing strategies struggle to adapt to complex
traffic environments, while reinforcement learning offers an intelligent optimization method for signal
control. By inputting traffic states (such as traffic flow or queue length) into deep Q-learning or
Actor-Critic algorithms, signal cycles and phases can be adjusted, significantly improving traffic flow
efficiency. Furthermore, multi-agent reinforcement learning (MARL) strategies enable coordinated
optimization across multiple intersections, further enhancing the overall performance of the
transportation system.

1.3.3 Theoretical Framework of Reinforcement Learning and Intelligent Transportation System
Optimization

The application of reinforcement learning in intelligent transportation system optimization requires
a rigorous theoretical framework to guide algorithm design and implementation. First, it is essential to
establish state representation and modeling methods, converting dynamic features of the transportation
system (such as vehicle location and speed) into a state space that the algorithm can process. Second, it
is crucial to define the action selection mechanism, i.e., the optimization measures taken by the agent in
different states, such as adjusting signal durations or optimizing vehicle dispatching strategies. The key
is to design an appropriate reward function to optimize organizational performance indicators, such as
reducing average delay time or increasing road utilization. Finally, suitable reinforcement learning
algorithms (such as deep Q-learning or policy gradients) should be selected based on system
complexity and requirements, and continuous optimization should be employed to improve algorithm
convergence speed and stability. This approach fully harnesses the potential of reinforcement learning
in complex traffic environments, enhancing the overall performance of intelligent transportation
systems®].



2. Design of Optimization Algorithms for Intelligent Transportation Systems Based on
Reinforcement Learning

2.1 Requirements Analysis of Optimization Algorithms for Intelligent Transportation Systems

The design of optimization algorithms for Intelligent Transportation Systems (ITS) must be based
on an in-depth analysis of current traffic management challenges and demands. With accelerated
urbanization and increased traffic loads, traditional traffic control strategies struggle to cope with the
complexities of dynamic traffic environments. Specifically, ITS optimization algorithms should meet
the following functional requirements: dynamic adaptability, meaning the ability to respond in
real-time to changes in traffic flow, accidents, and road conditions; efficiency, meaning maximizing
road network capacity and traffic flow efficiency while ensuring road safety; robustness, meaning
maintaining stable performance when faced with uncertainties such as weather changes or sudden
incidents; and scalability, meaning the ability to adapt to traffic networks of different sizes and
structures. Therefore, the design of optimization algorithms must leverage the adaptive optimization
capabilities of reinforcement learning to achieve intelligent traffic management and enhance
organizational performance.

2.2 Model Construction for Reinforcement Learning Optimization Algorithms

2.2.1 Mathematical Modeling of Intelligent Transportation System Optimization Problems

The mathematical modeling of ITS optimization problems must account for the complexity and
multidimensional characteristics of traffic networks. First, the state space SSS is defined, which
includes information such as traffic flow, vehicle speed, vehicle distance, and traffic signal status at
each section of the road network. Next, the action space AAA is defined, encompassing executable
control measures such as adjusting the green light duration, changing traffic directions, or
implementing vehicle diversion strategies. The optimization objective is typically represented through a
goal function fff, which may take the form of minimizing average vehicle speed fluctuations or
maximizing road network efficiency. This mathematical model provides a structured description and
optimization goal for the reinforcement learning algorithm, guiding the agent in selecting the optimal
action plan in different states(l.

2.2.2 Design of State Space, Action Space, and Reward Functions in Reinforcement Learning

In the construction of reinforcement learning algorithms, the design of the state space, action space,
and reward function is critical. The state space should encompass various dynamic characteristics of the
traffic system, such as traffic density, queue length, and traffic signal cycle, to accurately reflect the
actual traffic conditions. The action space must include all possible traffic control measures, as the
selection of these measures directly impacts the optimization of the traffic system. The design of the
reward function should align with the optimization objective; for example, negative rewards can be
used to penalize prolonged traffic congestion or excessive waiting times, while positive rewards can
incentivize the system to achieve higher road utilization and smoother traffic flow.

2.2.3 Design of Intelligent Traffic Optimization Algorithms Based on Deep Reinforcement Learning

Intelligent traffic optimization algorithms based on deep reinforcement learning (DRL) introduce
deep neural networks to approximate the state value function or policy function, significantly
enhancing the ability to handle high-dimensional state spaces. Specifically, algorithms such as Deep
Q-Network (DQN) or policy-gradient-based methods (such as Actor-Critic algorithms) can efficiently
optimize complex traffic environments. These algorithms use convolutional neural networks to extract
features from traffic flow data and continuously optimize traffic signal control strategies through
iterative learning, ultimately achieving outstanding performance across various traffic scenarios.

2.3 Implementation and Key Technologies of Optimization Algorithms

2.3.1 Parameter Selection and Adjustment in Algorithms

During the implementation of optimization algorithms, parameter selection and adjustment are
critical to ensuring algorithm performance. Parameters in reinforcement learning algorithms include the
learning rate, discount factor, exploration rate, etc., all of which directly influence the algorithm's
learning speed and stability. By setting an appropriate learning rate, an optimal balance can be struck
between learning speed and precision; the discount factor balances the relative importance of current



and future rewards; the exploration rate determines the trade-off between exploration and exploitation
in the learning process. Parameter adjustments should be tailored to the characteristics of the specific
traffic system, using methods such as cross-validation and parameter tuning to continually optimize the
algorithm's performance.

2.3.2 Convergence and Stability Analysis of Algorithms

Convergence and stability are two key indicators for evaluating the effectiveness of reinforcement
learning algorithms. In ITS, convergence refers to the algorithm’s ability to reach an optimal strategy
within a limited time, while stability refers to the algorithm's capacity to maintain good performance in
dynamically changing traffic environments. To ensure convergence and stability, techniques such as
Experience Replay, Prioritized Experience Replay, and Target Network can be employed. These
techniques enhance sample utilization efficiency and smooth the policy update process, significantly
improving the convergence speed and stability of the algorithm.

2.3.3 Design of Performance Enhancement Schemes for Algorithms

In practical applications, the design of optimization algorithms must also consider how to maximize
the organizational performance of ITS. This includes constructing multi-level optimization schemes
based on reinforcement learning, combining local optimization for individual intersections with global
optimization of the entire traffic network to form a top-down multi-layer optimization architecture.
Additionally, integrating distributed optimization algorithms from Multi-Agent Systems (MAS) can
enable collaborative control of traffic signals and optimal allocation of resources, thereby enhancing
the overall organizational performance of the traffic system, ensuring stable operation, and efficient
management in complex environments.

3. Performance Evaluation and Improvement of Intelligent Traffic System Optimization
Algorithms Based on Reinforcement Learning

3.1 Performance Evaluation Index System

The performance evaluation of optimization algorithms for Intelligent Traffic Systems (ITS)
involves multiple key indicators to comprehensively assess their effectiveness. The core indicators
include response time, resource utilization, traffic flow balance, and traffic delay time. Response time
measures the speed at which the algorithm processes traffic data and generates optimization strategies,
directly affecting the system's real-time performance. Resource utilization evaluates the algorithm’s
consumption of hardware and computing resources, ensuring system cost-effectiveness. Traffic flow
balance assesses the system’s effectiveness in distributing traffic across different roads, aiming to avoid
congestion, while traffic delay time reflects the average travel time for vehicles from the starting point
to the destination, directly impacting travel efficiency.

The evaluation of reinforcement learning algorithms focuses on cumulative reward, learning rate,
policy stability, and adaptability. Cumulative reward reflects the algorithm’s effectiveness in optimizing
traffic efficiency and reducing congestion. Learning rate describes the algorithm’s convergence speed
in dynamic environments. Policy stability examines the algorithm’s consistency under different
conditions, while adaptability assesses its ability to respond to abnormal events (such as accidents or
road closures). By comparing the optimization results of different algorithms with actual organizational
performance, it is possible to effectively evaluate the practical value of reinforcement learning
algorithms in traffic signal optimization, traffic flow management, and accident handling, as well as
their contributions to improvement!™,

3.2 Algorithm Validation and Analysis Based on Real Data

To validate the actual performance of reinforcement learning algorithms in intelligent traffic
systems, it is necessary to first select appropriate real-world traffic datasets, such as urban traffic flow
and signal timing data. These datasets must undergo rigorous preprocessing, including data cleaning,
outlier removal, and normalization, to ensure accuracy and consistency. Additionally, sub-datasets
covering different traffic scenarios (such as peak hours and accident conditions) need to be constructed
to comprehensively evaluate the algorithm's performance under various traffic conditions.

The simulation environment should be based on a real urban traffic network, combined with
advanced traffic simulation software (such as SUMO or VISSIM), to achieve a highly realistic



experimental setup. Experimental parameters should be configured according to the characteristics of
the actual traffic system, including road network structure, vehicle types, and traffic flow. By setting up
multiple experimental groups, the performance of the reinforcement learning algorithm can be
compared with traditional optimization algorithms, thus verifying its relative advantages. The analysis
should focus on key indicators such as the cumulative reward curve, convergence speed, traffic delay
time, and traffic flow balance. Furthermore, the algorithm's adaptability and robustness in response to
emergencies (such as accidents and road maintenance) should be evaluated to comprehensively assess
its feasibility and effectiveness in real-world applications.

3.3 Directions for Algorithm Improvement and Future Development

To enhance the performance of reinforcement learning-based optimization algorithms in intelligent
traffic systems, improvements can be made in several areas. First, compressing the state space through
feature selection and dimensionality reduction techniques can help improve the learning efficiency of
the algorithm, thereby reducing computational burdens. Second, simplifying the action space can lower
computational complexity and reduce the difficulty of learning, making the algorithm more efficient
when handling large-scale traffic data. Additionally, refining the design of the reward function can
more accurately reflect the specific objectives of traffic system optimization, guiding the generation of
more effective strategies. These improvement strategies can significantly enhance the overall
performance and applicability of the algorithm(®l.

Future research should focus on the deep integration of multi-objective optimization with
reinforcement learning to address the complex challenges in intelligent traffic systems. This includes
developing a balanced, collaborative optimization model across multiple objectives such as reducing
traffic delay, lowering fuel consumption, and improving driving safety. By incorporating
multi-objective optimization techniques, more intelligent and efficient traffic management strategies
can be achieved. Moreover, the development of intelligent traffic systems should emphasize integration
with organizational performance, particularly enhancing system flexibility, emergency response
capabilities, and service levels. The convergence of emerging technologies like big data, the Internet of
Things (IoT), and 5G communication will further improve the system's real-time performance and
intelligence, enabling continuous optimization and enhancement of organizational performance.

Conclusion

The optimization algorithm for intelligent transportation systems based on reinforcement learning
proposed in this paper demonstrates significant advantages in handling complex traffic flow and
dynamic traffic signal control. By analyzing the application of reinforcement learning in traffic flow
management and signal control, relevant optimization models and algorithms were designed and
validated through simulation and empirical research. Future research can be further deepened in several
directions: enhancing algorithm performance by improving learning efficiency through state space
compression and fine-tuning reward functions; integrating multi-objective optimization to establish
more comprehensive traffic management strategies; and exploring the application of emerging
technologies, such as big data and 5G communication, in intelligent transportation systems to further
enhance system real-time capabilities and intelligence. These improvements will enable continuous
optimization and enhancement of the organizational performance of traffic systems, driving the future
development of intelligent transportation systems.
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