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Summary

This thesis investigates the application of different deep reinforcement learning methods for optimizing
traffic light control in multi-modal urban traffic environments using the SUMO simulator.

Urban traffic congestion, with its significant economic, environmental, and social impacts, necessitates
more sophisticated control strategies that can adapt to varying traffic conditions. Traditional traffic control
systems, like fixed-time and adaptive methods, are often insufficient in handling the complexity of multi-
modal traffic, which includes various traffic modes such as passenger cars and buses. Deep reinforcement
learning, with its ability to dynamically optimize traffic light control without requiring prior knowledge of
traffic patterns, is a promising method to improve traffic efficiency and achieve transit priority in multi-modal
traffic.

A comprehensive literature review of the existing applications of deep reinforcement learning for traffic
control in traffic simulation of SUMO at three different levels (intersection, vehicle, and combined level) and
other traffic control strategies in this field is conducted, which provides an overview of various traffic control
methods used in the traffic simulation of SUMO, discusses their performance, and identifies research
limitations in this area. The research aims to address these limitations by employing deep reinforcement
learning algorithms, particularly multi-agent deep reinforcement learning methods, to coordinate multiple
traffic lights within the simulation environment.

Research experiments are conducted in three different cases, which are set in road networks of different
sizes respectively. And the details of the case study including the simulation setups, the implementation
of different deep reinforcement learning methods, the comparison methods (fixed, max-pressure), the
computation setups as well as the experimental evaluation for these methods are fully described.

All the applied deep reinforcement methods are evaluated in terms of training process, model evaluation,
and training time. And the research results demonstrate that deep reinforcement learning methods,
especially multi-agent deep reinforcement learning methods, can significantly enhance traffic flow efficiency
and achieve transit priority in complex urban settings in multi-modal simulation.

Finally, the conclusions, innovations, limitations of the research, and future research directions are
fully discussed. This research paves the way for developing efficient deep reinforcement learning agents
that consider the needs of different road users and prioritize public transport for the application of deep
reinforcement learning in multi-modal simulation, which is of great significance for achieving more optimized
traffic light control that considers multiple factors and realizing a more efficient and sustainable urban
transportation system.
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Introduction

1.1. Research context

Traffic congestion poses a significant challenge in many urban areas, detrimentally impacting the quality of
life and environmental sustainability. Increased travel times, fuel consumption, and emissions associated
with congestion contribute to economic losses, air pollution, and greenhouse gas emissions. Additionally,
congestion-induced stress and reduced accessibility to essential services disproportionately affect vulnera-
ble populations, highlighting the urgent need for effective solutions to optimize multi-modal traffic flow and
mitigate the adverse consequences of traffic congestion.

Multi-modal traffic refers to the traffic flow of two or more traffic modes within a road network, which can
include different major transport modes like passenger vehicles, buses, trams, trains, bicycles, pedestrians,
and so on.

Achieving transit priority in multi-modal traffic is of great importance as this can help to reduce congestion
and improve the efficiency of public transportation (He et al., 2014). The research conducted by B. Y. Zhang
et al. indicates that prioritizing public transportation is crucial for effectively addressing the increasing
problem of city traffic congestion (B. Y. Zhang et al., 2014).

Traffic control is one of the key strategies to reduce congestion, improve traffic flow, and achieve transit
priority. However, it is also a complex and dynamic task that requires careful planning and coordination
among different modes of transportation, such as passenger cars, and public transport. Traditional control
methods like fixed traffic light control rely on handcrafted rules or fixed schedules that may not adapt well
to changing traffic conditions or user preferences.

1.1.1. Adaptive traffic light control

Adaptive traffic light control systems were invented to address the limitations of fixed-time traffic signals,
which do not account for real-time traffic conditions. Adaptive traffic control systems can dynamically adjust
traffic light duration based on real-time traffic data gathered by sensors like inductive loops, cameras,
or radar, which helps to reduce traffic congestion and enhance overall traffic throughput (Shinde, 2017).
Adaptive traffic controls such as max-pressure (Varaiya, 2013) have been widely used to optimize traffic
flow and improve traffic efficiency. However, adaptive traffic light control systems are not effective in
handling highly dynamic and complex traffic patterns (Shinde, 2017).

1.1.2. Responsive traffic light control

Responsive traffic light control systems were developed to provide a more rapid response to current traffic
conditions at intersections. Unlike fixed-time signals, responsive traffic light control systems use real-time
data from sensors or cameras to adjust signal timings based on the actual traffic situation, which allows for
more efficient traffic management, reducing total traffic delay (Fouladvand et al., 2004). Responsive traffic
light control such as actuated traffic light control (Darroch et al., 1964) has been widely applied in urban
areas. However, responsive traffic light control systems may struggle with scalability and adaptability to
rapidly changing traffic conditions (Fouladvand et al., 2004).
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1.1.3. Reinforcement learning

Currently, reinforcement learning (RL), especially deep reinforcement learning (DRL), has also attracted
attention as a promising technique for helping optimize traffic control (Shi et al., 2023; Huang et al., 2023;
S. Wang & Wang, 2023), as it can potentially overcome the limitations of traditional methods such as the
need for prior knowledge, and adapt to changing traffic patterns in real-time, making them suitable for
dynamic and unpredictable environments like urban traffic networks.

Reinforcement learning is a type of machine learning where agents learn from their actions and states
within an environment to maximize rewards. Introduced from a computer science viewpoint by Kaelbling
et al. in 1996, it involves agents developing behaviors through trial-and-error interactions in a dynamic
environment (Kaelbling et al., 1996). Unlike supervised learning, which relies on labeled data, reinforcement
learning lacks explicit supervision. Instead, agents learn from the outcomes of their actions, improving
their strategies through trial and error. The core concept in reinforcement learning is the Markov Decision
Process (MDP), which defines the environment in terms of states, actions, rewards, and state transitions.
The goal for an agent is to discover an optimal policy, mapping states to actions to maximize the expected
cumulative reward over time. A key challenge in reinforcement learning is balancing exploration (trying
new actions to discover their effects) and exploitation (selecting actions known to yield high rewards).

The foundation of reinforcement learning is built on the seminal works of Sutton and Barto, they
introduced key algorithms like Q-learning and temporal difference (TD) learning, which have been crucial
in the development of reinforcement learning methodologies (Sutton & Barto, 1999).

Based on the methods used (approximating the underlying model, optimal policy, or optimal value
function) in reinforcement learning, it can be divided into the following three categories (Feng & Zhong,
2023):

* Model-based RL: In model-based reinforcement learning, the main goal of the learner is to estimate
the underlying model of the environment and then improve the policy based on this estimated
model (Feng & Zhong, 2023). Algorithms like AlphaZero (Silver et al., 2017), World Models (Ha &
Schmidhuber, 2018), 12A (Weber et al., 2017), MBMF (Nagabandi et al., 2018), and MBVE (Feinberg
et al., 2018) are commonly used in this category.

* Value-based RL: In value-based reinforcement learning, attention turns towards approximating the
value function, and policy updates are guided by the estimated value function (Feng & Zhong, 2023).
Algorithms like Q-Learning (C. J. Watkins & Dayan, 1992), Deep Q-Network (Mnih et al., 2015),
Double DQN (van Hasselt et al., 2016), Dueling DQN (Z. Wang et al., 2015), Rainbow DQN (Hessel
et al., 2018), LINVIT (S. Zhang et al., 2024) are commonly used in this category.

» Policy-based RL: Policy-based reinforcement learning enhances the performance of the agent
through direct policy updates (Feng & Zhong, 2023). Algorithms like policy gradient (Sutton et al.,
1999), natural policy gradient (Kakade, 2001), Asynchronous Advantage Actor Critic (A3C) (Mnih
et al., 2016), Advantage Actor Critic (A2C) (Dhariwal et al., 2017), and proximal policy optimization
(PPO) (Schulman et al., 2017) are commonly used in this category.

1.1.4. Deep reinforcement learning

Deep reinforcement learning (DRL) extends traditional reinforcement learning by using deep neural
networks to approximate decision-making functions like the value function, policy, or environmental model.
This advancement has allowed agents to function in high-dimensional, complex environments where
traditional methods fall short. A notable breakthrough in DRL is the development of Deep Q-Networks
(DQN) by Mnih et al., which uses deep learning to approximate the Q-value function. This innovation
enabled agents to learn to play Atari games directly from raw pixel inputs, showcasing the potential of
combining deep learning with reinforcement learning (Mnih et al., 2015).

Incorporating deep learning into reinforcement learning enables the management of large state spaces
and the generalization of policies across different states. However, it also brings challenges like stability
and convergence issues, prompting the creation of enhancements such as experience replay and target
networks, both introduced in the DQN paper by Mnih et al. Since then, deep reinforcement learning
has been utilized in various fields, including robotics, gaming, and autonomous driving, expanding the
capabilities of intelligent agents.

According to the number of agents involved in the learning process, deep reinforcement learning can
be divided into single-agent deep reinforcement learning (SADRL) and multi-agent deep reinforcement
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learning (MADRL). SADRL focuses on optimizing the decisions of one agent, while MADRL deals with the
more complex problem of coordinating multiple agents (Hao et al., 2024).

In single-agent deep reinforcement learning, a single agent interacts with an environment to achieve a
goal. The agent learns from the outcomes of its actions, receiving rewards or penalties. The goal is for the
agent to develop a policy, which maps states to actions, to maximize cumulative rewards. This involves
exploration, where the agent tests different actions to gather information, and exploitation, where it makes
the best decisions based on its current knowledge (Hao et al., 2024).

In multi-agent deep reinforcement learning, several agents interact with one another and their en-
vironment to achieve goals, either cooperatively or competitively. Each agent acts independently with
limited knowledge of the environment and relies on feedback from nearby agents. These agents can learn
autonomously, without external critics or teachers, enabling them to solve complex problems (Hao et al.,
2023). A major challenge in multi-agent deep reinforcement learning is coordinating multiple agents, par-
ticularly when their interests conflict. Another issue is the non-stationary environment, where one agent’s
behavior impacts the experiences of others. Despite these difficulties, multi-agent deep reinforcement
learning has been successfully applied in various fields, such as game Al, autonomous vehicles, and
robotics (Hao et al., 2024).

So far, deep reinforcement learning has successfully tackled numerous complex decision-making tasks
that were once beyond the capabilities of machines. It has been applied to various fields, including games,
robotics, natural language processing, and self-driving cars, and has demonstrated promising results in
traffic control optimization in simulation studies, as discussed in Chapter 2.

1.1.5. SUMO

SUMO is an open-source microscopic traffic simulator that supports the modeling of complex, multi-
modal traffic systems, including vehicles, public transport, and pedestrians. It accounts for various
factors influencing traffic flow, such as road layout, vehicle behavior, and user interactions. The simulator
includes several companion tools to simplify key processes like network creation, simulation execution, and
performance evaluation. These tools handle tasks such as network importing, route planning, visualization,
and emission analysis. SUMO also supports custom model integration and provides multiple APIs for
external simulation control. A notable feature is the Traffic Control Interface (TraCl), which enables real-time
manipulation of an active traffic simulation (Lopez et al., 2018). Due to these features, SUMO is employed
as the simulation tool in this research.

1.2. Research Problem

Even though there are already many studies on deep reinforcement learning for traffic control optimization
in traffic simulation of SUMO, there are still some limitations in the existing relevant studies, including
the limited consideration of total travel time as the optimization indicator for the application of DRL in
multi-modal simulation of SUMO, unexplored potential of single agent to control multiple traffic lights,
unexplored performance of different DRL for traffic light control optimization in multi-modal simulation
in road networks of different sizes, and limitated evaluation of DRL-based traffic light control policies as
stated in Section 2.4.

1.3. Research Objectives

This research aims to address the mentioned limitations by applying different deep reinforcement learning
methods for traffic light control optimization to improve traffic efficiency and achieve transit priority in multi-
modal traffic scenarios by using SUMO simulator. Based on the main objectives, the specific objectives
can be described as follows:

* To set up multi-modal simulations in SUMO, including passenger cars, buses, and intersections with
traffic lights.

» To implement different deep reinforcement learning algorithms for traffic light control optimization
that can handle the complexity of multi-modal traffic scenarios.

+ To train different deep reinforcement learning algorithms, especially MADRL, for developing good
traffic light control policies.
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» To conduct a performance evaluation of different DRL-based traffic light control compared with other
strategy-based traffic light control.

1.4. Research Scope
The scope of this research includes the following aspects:

* The research area is set in the urban area, as urban areas typically have multi-modal traffic and
more complex traffic dynamics, which makes traffic control a challenging problem and an interesting
domain for applying deep reinforcement learning.

+ The traffic control in this research focuses on traffic light control, as it is the main traffic control means
in the urban area.

+ The traffic light control in the research is formulated as a discrete-time process, as it allows for more
manageable and computationally efficient modeling of the complex traffic dynamics.

* The multi-modal traffic simulation is set up by using SUMO, as SUMO is able to model different traffic
modes and achieve good interactions between vehicles and traffic lights.

» DRL algorithms, especially MADRL which can handle the situation of multiple traffic lights and
facilitate collaboration between traffic lights, are applied to optimize traffic light control.

1.5. Research questions

The main objective of this research is to optimize and evaluate DRL-based traffic light control for multi-modal
traffic scenarios using SUMO simulator, which is achieved by answering the following main research
question:

How can deep reinforcement learning algorithms be effectively applied to optimize traffic light control in
multi-modal simulation of SUMO?

And the main research question is jointly answered by the following sub-questions:

1. How to achieve transit priority in multi-modal simulation?

2. How to effectively represent the state space of a traffic system in multi-modal simulation of SUMO
for deep reinforcement learning?

3. What actions are applied to improve traffic flow and reduce congestion in multi-modal simulation of
SUMO?

4. What reward functions can effectively incentivize traffic control algorithms to improve traffic flow and
reduce congestion in multi-modal simulation of SUMQO?

5. What deep reinforcement learning algorithms can be used for traffic light control optimization in
multi-modal simulation of SUMQO?

6. How fo define performance metrics and evaluate the performance of deep reinforcement learning
algorithms for traffic light control optimization in multi-modal simulation of SUMO?

1.6. Research Structure

The structure of the following thesis is arranged as follows. Chapter 2 explores the existing literature
concerning deep reinforcement learning for traffic control optimization in traffic simulation of SUMO and
identifies some research limitations in the relevant research so far. Chapter 3 describes the principle of the
main research methods used for multi-modal simulation. Chapter 4 describes the case study of the research
including the simulation setups, the implementation of different DRL algorithms, the comparison methods,
the computation setups, the experimental evaluation for these methods, as well as the experimental results
with analysis and discussions on different DRL algorithms in different cases. Chapter 5 summarizes the
main findings, contributions, limitations, and implications of the thesis, and propose some recommendations
for future research.



Literature review

This chapter provides a review of the application of deep reinforcement learning for traffic control optimization
in traffic simulation of SUMO at three different levels (intersection level, vehicle level, and combined level)
and other traffic management strategies in this field. The intersection level focuses on optimizing traffic light
control to improve traffic flow and reduce congestion. The vehicle level focuses on optimizing the behavior
of individual vehicles to improve traffic efficiency and safety. The combined level focuses on coordinating
controls of different levels to achieve optimal traffic performance across an entire transportation network.

The literature review presented in this chapter discusses the application of DRL for traffic control
optimization at each of these levels, which are shown in Table 2.1. The various DRL algorithms that have
been used, the performance of these algorithms, and the challenges and opportunities for future research
are discussed.

Table 2.1: Literature overview regarding deep reinforcement learning for traffic control optimization in

SUMO
Literature DRL Type Control Method Control Level
Genders, Razavi DQN traffic light intersection
(2016)
Liang et al. 3DQN traffic light intersection
(2018)
Chen et al. DQN traffic light intersection
(2019)
Guo et al. DQN traffic light intersection
(2019)
Koh et al. DQN vehicle routing and navigation vehicle
(2020)
C.Lietal. FSPPO traffic light intersection
(2020)
D. Lietal. DQN traffic light intersection
(2020)
M. Li et al.
'eta DDPG driving stragegies vehicle
(2020)
Mak i l.
akantasis et a DDQN driving policy vehicle
(2020)
Sz0ke et al. Vanilla Policy Gradient route navgiation vehicle
(2020)
Continued on next page
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Table 2.1: Literature overview regarding deep reinforcement learning for traffic control optimization in
SUMO (continued)

Literature DRL Type Control Method Control Level
Zhao et al. DDQN | dec.:|5|on making and. vehicle
(2020) interactions between vehicles
Bouktif et al. P-DQN traffic light intersection
(2021)
Z. Li, Xu, & Zhang MADDPG traffic light intersection
(2021)
Z.Li,Yu, etal. KS-DDPG traffic light intersection
(2021)
Ma et al. PPO traffic light intersection
(2021)
Bagwe et al. PPO automatic merging maneuvers vehicle
(2022)
Codeca & Cahill MAPPO route planning vehicle
(2022)
Han et al. ic i i i
3DQN traffic light intersection
(2022)
Kumar et al, DQN traffic light intersection
(2022)
Louw et al. PPO, DQN traffic light intersection
(2022)
J. Lietal Distributional DQN traffic light intersection
(2022)
B. Wang et al. EP-D3QN traffic light intersection
(2022)
C. Wang et al. DDPG, TD3 ramp metering ?n(_j intersection and road
(2022) variable speed limit
Mei et al. PPO, DQNs traffic light intersection
(2023)
Shabab et al. DQN traffic light intersection
(2023)
Shen et al. DQN traffic light intersection
(2023)
Yuetal. DQN traffic light intersection
(2023)
Zhong et al. DQN traffic light intersection
(2023)

2.1. Deep reinforcement learning for traffic control optimization in

single-modal simulation of SUMO
Currently, the majority of the relevant research about deep reinforcement learning for traffic control
optimization using SUMO is conducted in single-modal simulation, and the utilized traffic control varies a
lot including at intersection, vehicle, and combined level for different optimization objectives.
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2.1.1. Deep reinforcement learning for traffic control optimization at intersection

level in single-modal simulation of SUMO
In terms of the studies about deep reinforcement learning for traffic control optimization at intersection
level in single-modal simulation of SUMO, DRL of different categories are applied.

Many related studies use value-based DRL, Deep Q-Network (DQN) or its variants, as the main
research methods to optimize traffic light control in single-modal simulation. Genders and Razavi employed
DQN to construct an adaptive traffic light control agent in SUMO. This system effectively reduced average
cumulative delay, average queue length, and average travel time (Genders & Razavi, 2016). Chen et
al. introduced a new adaptive signal control method utilizing DQN to coordinate traffic light controls on
arterial roads. Through traffic data detected in real time, the hybrid global and local reward functions were
optimized, showcasing the effectiveness and efficiency of the method over actual and fix-time traffic light
control methods in SUMO simulations (Chen et al., 2019). Guo et al. utilized a DQN DRL approach for traffic
light control optimization at urban intersections. Their simulation results demonstrated that the approach
converged well and generalized effectively, showing notable improvements in wait time and queue length
compared to some benchmarking traffic light control approaches (Guo et al., 2019). Bouktif et al. adopted
a Parameterized Deep Q-Networks (P-DQN) DRL, considering both continuous and discrete decisions for
traffic light control optimization. Their SUMO simulation results illustrated that the presented framework
using P-DQN markedly reduced average queue length and travel time compared to the alternative traffic
light control systems based on deep reinforcement learning (Bouktif et al., 2021). B. Wang et al. introduced
EP-D3QN, a DRL method for optimizing traffic light timing that utilizes double dueling deep Q-network
(3DQN), self-organizing traffic light control, and max pressure traffic light control. The simulation results
using SUMO demonstrated that EP-D3QN is better than the other four methods in the scenarios of heavy
and light traffic flow respectively, reducing the travel time and waiting time of vehicles (B. Wang et al.,
2022). Yu et al. introduced an innovative approach to enhance the service level of both the bus system and
car traffic within a multi-modal road network. By integrating bus priority and holding strategies with traffic
light control using decentralized DQN controllers, the proposed approach surpasses the performance of
model-based adaptive traffic light control approaches and the centralized reinforcement learning approach
in terms of bus stability and traffic efficiency (Yu et al., 2023). Shabab et al. applied DQN for traffic
light control optimization in the road network of multiple intersections. Simulations conducted in SUMO
demonstrate that the suggested deep reinforcement learning model, by optimizing traffic signal timing
across multiple intersections, greatly decreases both waiting time and traffic conflict when compared with
the benchmark and is beneficial for both safety and mobility (Shabab et al., 2023). J. Li et al. presented
an enhanced Distributional DQN to develop a traffic light control optimization decision-making model
, which effectively leverages intersection environment information for each phase action to predict the
distribution of future total returns. Their experiment results show that the Distributional DQN achieves a
quicker rate of convergence compared to DQN and has a much lower cumulative intersection delay and
higher mean driving velocity (J. Li et al., 2022). Liang et al. used Dueling Double Deep Q-Network (3DQN)
for traffic light control optimization by using the states of small grids discretized from the intersection and
the reward calculated by the difference in cumulative waiting time between two consecutive time steps.
The simulation results using SUMO demonstrate the effectiveness of the model in managing traffic lights
(Liang et al., 2018). D. Li et al. developed an adaptive traffic light control model in SUMO using the Deep
Q-Network algorithm. Real-time traffic data, including the number of vehicles and mean speed at one
or more intersections, are utilized as the states of the model. To minimize the mean waiting time, an
optimal traffic signal phase and duration are determined by the agents for both single-intersection and
multi-intersection scenarios. Testing the model with datasets from three different traffic situations shows
that it outperforms three other methods including Q-learning, Webster fixed timing control, and longest
queue first method in terms of the mean travel time and waiting time (D. Li et al., 2020).

There are also some studies applying policy-based DRL for traffic light control optimization in single-
modal simulation of SUMO. Z. Li, Xu, and Zhang introduced a multi-agent deep deterministic policy gradient
(MADDPG) method with centralized learning and decentralized execution, which builds upon the actor-critic
policy gradient algorithms. The simulation results of the model demonstrate that this method can efficiently
manage traffic lights (Z. Li, Xu, & Zhang, 2021). C. Li et al. presented the Fairness Scheduling Proximal
Policy Optimization (FSPPO), a DRL algorithm that integrates the Proximal Policy Optimization (PPO)
algorithm with a fairness criterion. The algorithm aimed to reduce the longest waiting time for drivers during
a traffic light cycle, and the results indicated its efficient optimization for the fairness criterion (C. Li et al.,
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2020). Ma et al. introduced a traffic light timing optimization strategy utilizing Proximal Policy Optimization
(PPO), which enables traffic lights to select proper phases based on the traffic conditions for each direction
of the corresponding intersection. and to dynamically adjust the duration of these phases. Experiments
conducted on actual traffic data using SUMO demonstrate that this approach significantly reduces the
queue length and vehicle waiting times under different traffic scenarios compared to conventional traffic
light control methods (Ma et al., 2021). Kumar et al. suggested a traffic-light scheduling scheme using
SDDRL, incorporating the dynamics of vehicles from real-time traffic environments. Their SUMO simulation
results demonstrate that the suggested method has improved multiple performance indicators including
throughput, mean speed, mean waiting time, and mean queue length compared to several state-of-the-art
methods including DQN, NFM, FLTC, FTA, and MPA (Kumar et al., 2022). Z. Li, Yu, et al. introduced
Knowledge Sharing Deep Deterministic Policy Gradient (KS-DDPG), a multi-agent DRL approach for
optimizing traffic light control through enhanced agent cooperation. By enabling knowledge sharing, every
agent is able to access the combined traffic environment data gathered by all agents. Experiments with
synthetic and real-world data show that KS-DDPG outperforms traditional traffic light control methods and
state-of-the-art RL-based methods in efficiently managing large-scale road networks and handling traffic
flow fluctuations (Z. Li, Yu, et al., 2021).

Morever, some studies utilize both value-based and policy-based DRL for traffic light control optimization
in single-modal simulation. Louw et al. applied two DRL algorithms PPO and DQN to improve urban
traffic management on a simulated intersection in SUMO. The experiment results show that both methods
showcase significant enhancements over conventional traffic light control methods (Louw et al., 2022).
Mei et al. applied two DRL algorithms PPO and DQNs to establish a model in SUMO simulation in an area
with two signalized intersections and two railroad crossings. The results of SUMO simulation underscore
the superior performance of the presented DRL-based traffic light control method over the fixed traffic light
control (Mei et al., 2023).

In conclusion, this review underscores the diverse and effective applications of deep reinforcement
learning for optimizing traffic control at the intersection level within single-modal SUMO simulations. The
studies discussed demonstrate that value-based DRL methods, particularly Deep Q-Networks (DQN)
and its variations, have consistently improved traffic efficiency by reducing delays, queue lengths, and
travel times across various traffic scenarios. Additionally, policy-based DRL approaches, such as those
utilizing Proximal Policy Optimization (PPO) and Deep Deterministic Policy Gradient (DDPG), have proven
effective in more complex, multi-agent environments, further enhancing traffic signal control. Moreover,
hybrid approaches combining both value-based and policy-based methods have shown significant promise,
underscoring the adaptability and robustness of DRL in managing urban traffic at intersections. These
findings collectively suggest that DRL offers a powerful and flexible solution for optimizing traffic signal
control, paving the way for more intelligent and responsive urban traffic management systems.

2.1.2. Deep reinforcement learning for traffic control optimization at vehicle level

in single-modal simulation of SUMO
In terms of the studies about deep reinforcement learning for traffic control optimization at vehicle level in
single-modal simulation of SUMO, value-based or policy-based DRL is also applied in the existing relevant
research.

Many related studies use value-based DRL, Deep Q-Network (DQN) or its variants, as the main research
methods to optimize traffic control at vehicle level. Koh et al. introduced an improved DQN approach for
constructing a smart vehicle routing and navigation system that operates in real time. The experimental
results show that the introduced approach showcased superior performance over the benchmark algorithms
for routing optimization (Koh et al., 2020). Makantasis et al. used Double Deep Q-Network (DDQN) DRL
for developing a driving policy under the traffic situations both involving manual and autonomous driving
vehicles on the road. The simulation results of SUMO show that the developed DRL-based driving policy
has better performance over SUMO policies, under the scenarios with and without the introduction of
uncertainties (Makantasis et al., 2020). In a different study, Zhao et al. utilized the DDQN DRL to model
the decision-making process and interactions among vehicles during highway driving. The agent vehicle,
as per the simulation results, demonstrated the capability to accomplish the highway driving task easily,
approximating the maximum safe driving velocity that avoids collisions (Zhao et al., 2020).

There are also some studies applying policy-based DRL for traffic control optimization at vehicle level
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in single-modal simulation of SUMO. Bagwe et al. introduced an innovative method for ensuring the
robust on-ramp merge of Connected and Autonomous Vehicles through Augmented and Multi-modal DRL
considering comfortable driving behavior, driving safety, and traffic efficiency. To enhance the reliability
of the merging operations, surveillance images and basic safety messages are both used at the same
time for multi-modal observation to train a policy model using PPO with augmented data. The simulation
results of SUMO demonstrate the effectiveness and efficiency of their robust on-ramp merging design in
two typical merging scenarios (Bagwe et al., 2023). In another study, M. Li et al. used Deep Deterministic
Policy Gradient (DDPG) to develop a driving strategy for individual vehicles with the purpose of reducing
oscillations and enhancing traffic safety in stop-and-go waves. Their SUMO simulation results demonstrate
that the developed strategy outperforms the adaptive cruise control and jam-absorbing driving strategies,
showcasing its effectiveness in lowering the risk of accidents (M. Li et al., 2020). Szbke et al. employed
the Vanilla Policy Gradient method to develop an agent for navigation and driving behavior optimization.
The experimental results reveal that the developed agent can safely navigate through varying highway
traffic conditions and successfully traverse the specified section while maintaining the reference velocity in
a preset highway situation (Sz6ke et al., 2020).

In summary, the application of deep reinforcement learning (DRL) for traffic control optimization at
the vehicle level within single-modal SUMO simulations has yielded promising results. Both value-based
and policy-based DRL approaches have been effectively employed to enhance vehicle routing, driving
policies, and decision-making processes. Studies utilizing Deep Q-Networks (DQN) and its variants have
demonstrated significant improvements in vehicle navigation, route optimization, and highway driving
scenarios, showcasing the ability of these methods to adapt to dynamic traffic conditions and avoid
congestion. Additionally, policy-based DRL methods, such as Proximal Policy Optimization (PPO) and
Deep Deterministic Policy Gradient (DDPG), have proven effective in addressing challenges like safe
merging of autonomous vehicles and mitigating traffic oscillations. Collectively, these findings highlight the
potential of DRL to optimize vehicle-level traffic control, enhancing both safety and efficiency in various
driving environments.

2.1.3. Deep reinforcement learning for traffic control optimization at combined
level in single-modal simulation of SUMO

In terms of the studies about deep reinforcement learning for traffic control optimization at combined level,

much fewer studies are conducted and the existing study of C. Wang et al. uses policy-based DRL methods

to learn optimal policies.

C. Wang et al. presented a centralized traffic control system featuring a unique double-layer structure
designed to synchronize a plurality of variable speed limit and ramp metering traffic controllers. The
policy-based DRL approaches are incorporated in the system to learn coordinated actions within a high-
dimensional traffic environment on the freeway. The simulation results indicate the superiority of policy-
based methods over alternative approaches including TD3, DDPG, fixed-time ramp metering, and integrated
feedback control in terms of the total travel time savings in the scenarios of a single-ramp interweaving
area and a large freeway corridor with a plurality of off-ramps and on-ramps (C. Wang et al., 2022).

In conclusion, research on deep reinforcement learning for traffic control optimization at the combined
level in single-modal SUMO simulations is relatively sparse, with only a few studies exploring this complex
area. The work by C. Wang et al. stands out by employing policy-based DRL to develop a centralized
traffic control system that synchronizes multiple traffic management strategies, such as ramp metering
and variable speed limits. This approach has demonstrated the potential to significantly enhance freeway
mobility and reduce congestion, particularly in challenging traffic environments. The results of the study
underscore the effectiveness of policy-based DRL in managing high-dimensional traffic scenarios, offering
a promising direction for future research in integrated traffic control systems.

2.2. Deep reinforcement learning for traffic control optimization in

multi-modal simulation of SUMO
Compared to the research about deep reinforcement learning for traffic control optimization in multi-modal
simulation, much fewer studies conduct the research in multi-modal simulation. And it is often the case
that only one kind of traffic control at intersection or vehicle level is used in each study.
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2.2.1. Deep reinforcement learning for traffic control optimization at intersection
level in multi-modal simulation of SUMO

As for the research regarding deep reinforcement learning for traffic control optimization at intersection

level, most studies focus on using DQN as their training algorithms to optimize traffic light control.

Shen et al. utilized DQN for managing bus signal priority at intersections within a bus network, which
considers the needs of both general traffic and pedestrians while ensuring priority access for each bus flow.
The simulation experiments using SUMO demonstrate that the proposed method significantly decreases
bus waiting times and the mean waiting time of all vehicles in comparison to the actuated traffic light control
and the fixed-time traffic light control methods (Shen et al., 2023).

A system that uses connected vehicle technology to give priority to transit signals is proposed by Zhong
et al., employing DQN for traffic light control optimization. The system utilizes Vehicle-to-Infrastructure (V2I)
communication technology to gather real-time data on vehicle movement, traffic light phase information,
and states of the road traffic. Experiments conducted using SUMO demonstrate that the proposed system
has significant reductions in both vehicle delay and cumulative delay per passenger in comparison to the
conventional traffic light control under the scenarios with low and medium traffic densities (Zhong et al.,
2023).

Han et al. proposed a traffic light control method considering pedestrian behavior based on the Dueling
Double Deep Q-Network (3DQN) algorithm, which integrates the strengths of Double DQN and Dueling
DQN algorithms. The method simultaneously considers traffic safety, traffic efficiency, pedestrian waiting
times, and vehicle waiting times. Simulation experiments conducted using SUMO on real intersection
scenarios demonstrate that the proposed approach significantly reduces both pedestrian waiting times
and the number of pedestrians waiting at crossroads compared with the Dueling DQN method (Han et al.,
2022).

In summary, the application of deep reinforcement learning (DRL) for traffic control optimization at
the intersection level in multi-modal SUMO simulations has primarily focused on enhancing traffic light
management using DQN-based approaches. The studies reviewed have shown significant advancements
in reducing vehicle and pedestrian waiting times while improving overall traffic flow. By incorporating
considerations for various traffic participants, such as buses and pedestrians, these DRL methods have
demonstrated superior performance compared to traditional control techniques. The success of these
approaches highlights the potential of DRL to create more efficient and responsive traffic control systems
in multi-modal urban environments.

2.2.2. Deep reinforcement learning for traffic control optimization at vehicle level
in multi-modal simulation of SUMO

As for the research regarding deep reinforcement learning for traffic control optimization at vehicle level,

only the existing study of Codeca and Cahill has been known so far.

Codeca and Cahill assessed the potential of employing multi-agent PPO (MAPPO) to coordinate journey
plans in large-scale events like concerts and sports events. They utilize multi-agent MAPPO to develop
synchronized plans that consider the availability, needs, and constraints of various traffic modes with the
objective of increasing just-in-time arrival. The findings indicate that the devised plan effectively enhances
the mean travel time and punctuality rates compared to a simplistic decision-making algorithm relying on
estimated travel times (Codeca & Cahill, 2022).

In conclusion, the study by Codeca and Cahill offers valuable insights into the use of multi-agent PPO
for optimizing vehicle-level traffic control in multi-modal SUMO simulations, particularly in the context of
large-scale events. Their research demonstrates the effectiveness of coordinated transportation planning,
taking into account various transportation modes and infrastructure constraints. The results highlight the
potential of advanced DRL methods like MAPPO to significantly enhance travel efficiency and punctuality,
providing a promising approach to managing complex traffic scenarios during major events.
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2.3. Other traffic management strategies for traffic control optimiza-

tion in multi-modal simulation of SUMO

In addition to deep reinforcement learning being used to optimize traffic control in multi-modal simulation
of SUMO, other traffic management strategies have also been applied in this field.

Plenty of studies utilize different traffic management strategies to optimize traffic light control in multi-
modal simulation of SUMO. Schmidt et al. proposed a framework to prioritize buses according to their
occupancy and delay in a SUMO simulation set in Ingolstadt. They implemented four levels of prioritization
interventions, adjusting traffic light cycles to advance preferred green phases based on bus priority levels.
Simulation results under various conditions show that the proposed framework effectively reduces the
number of stops and travel times for prioritized buses (Schmidt et al., 2024). Zeng et al. applied fixed cycle
and induction control in SUMO simulation respectively to achieve bus priority. Their comparative experiment
results show that the delay of buses under two controls reduces a lot while the parking frequency of social
vehicles is almost not influenced (Zeng et al., 2023). Ying-Chuan Ni and Huang proposed a traffic light
control optimization model to coordinate signal offsets along the Bus Rapid Transit (BRT) routes to reduce
BRT vehicle delays without significantly impacting other traffic. Experiments set in the Taichung BRT
System in Taiwan show that the proposed passive transit signal priority control significantly reduces transit
delays, moderately affects other traffic, and enhances system capacity with reliable service (Ying-Chuan Ni
& Huang, 2022). Nesmachnow et al. developed a parallel evolutionary algorithm to optimize public transport
by coordinating traffic lights for Bus Rapid Transit systems. A case study on Garzén Avenue in Montevideo,
Uruguay demonstrates that the developed algorithm significantly improves service quality, increasing the
mean velocity of buses and other vehicles (Nesmachnow et al., 2019). Ali et al. introduced an adaptive
traffic light control system using fuzzy logic combined with Webster and modified Webster’'s formulas. The
experimental results show that the introduced methods have a better performance than traditional fuzzy
logic-based and fixed-time traffic light control systems on the average delay of vehicles, velocity, and travel
time (Ali et al., 2021). Colombaroni et al. proposed a model-based optimization procedure to design a
control system that includes real-time bus priority, traffic light control coordination, and green light speed
advisory for car drivers. Simulations on a main street with a tram line in Rome show that offline signal
optimization and online signal priority can significantly reduce travel times for bus riders and overall traffic
delays, and incorporating speed advisory for drivers into traffic light control optimization can improve delays
for both drivers and transit passengers by enabling more efficient road use (Colombaroni et al., 2020).
Lee and Wang presented a Person-based Adaptive traffic light control approach with Cooperative Transit
signal priority, in which on-board units offer in-vehicle velocity advice to reduce delays and road-side units
optimize traffic light control. Simulation results of SUMO show that the proposed approach significantly
decreases delays for transit and auto passengers compared with preoptimized signal plans, especially
when the occupancy weight factor is high, indicating its potential for signal preemption (Lee & Wang, 2022).

There are also some studies applying traffic management strategies for other traffic control optimization
in multi-modal simulation of SUMO. Rakkesh et al. suggested a method to balance multi-modal traffic
environments after roadblocks through Vehicular ad-hoc network scenario simulations by using the VEINS
architecture to combine OMNeT++ and SUMO. The experiment results of the simulations set in Kandy and
Colombo show that this method decreases the waiting time of vehicles and trip durations, and improves
traffic flow compared to the method not using the equilibrating module (Rakkesh et al., 2017). Lu et al.
presented a Green Light Optimal Speed Advisory (GLOSA) system in multi-modal traffic environments to
reduce vehicle fuel consumption by integrating SUMO and OMNET++ using the VEINS architecture. The
results of the experiment set in the Haidian District of Beijing demonstrate that the proposed system can
largely reduce waiting time and CO2 emissions in multi-modal traffic settings (Lu et al., 2020).

In summary, a variety of other traffic management strategies have also been applied to optimize traffic
control in multi-modal simulation of SUMO. These strategies range from bus prioritization frameworks
and adaptive traffic light control systems to algorithms designed for public transport coordination and fuel
consumption reduction. Whether focusing on prioritizing buses, coordinating signal offsets, or balancing
traffic environments after disruptions, each method demonstrates significant improvements in traffic
performance like delays, waiting times, and emissions. These approaches collectively highlight the
versatility and effectiveness of traffic control optimization strategies within the SUMO simulation platform
for diverse traffic conditions and multi-modal environments.
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2.4. Discussion

The reviewed literature has shown that the potential of DRL for traffic control optimization is significant,
and has provided valuable insights into the application of DRL for traffic control optimization. However,
there are still several limitations existing in the relevant literature.

One of the limitations is the limited consideration of using total travel time as the optimization indicator
for the application of DRL in multi-modal simulation of SUMO. Most existing studies focus on scenarios
with only passenger vehicles, while real-world traffic systems also include other traffic modes. Even though
there are few relevant studies considering multiple traffic modes, they did not use total travel time as the
optimization indicator. Total travel time includes not only the time spent waiting at traffic lights but also the
time spent moving through the network. And total travel time can also capture the impact of various traffic
conditions, including congestion, traffic light delays, and road capacity, which makes it a more holistic
indicator than other factors like total waiting time, total delay, and so on.

The second limitation is that the potential of using single agent to control multiple traffic lights re-
mains unexplored. So far, for the case of multiple intersections, related studies have used multi-agent
deep reinforcement learning methods but have not considered using a single agent to control multiple
intersections.

Another limitation is that the performance of different DRL for traffic light control optimization in multi-
modal simulation in road networks of different sizes is not explored. Exploring the performance of deep
reinforcement learning for traffic light control optimization in road networks of different sizes is crucial
because it allows for a comprehensive understanding of the scalability and adaptability of DRL algorithms.
Different road network sizes present unique challenges and complexities, such as varying traffic patterns,
congestion levels, and infrastructure constraints. Applying DRL only to a single road network cannot well
show the strengths, limitations, and its applicability for different situations.

In addition, the evaluation of DRL-based traffic light control policies is very limited in the reviewed
literature. Most of the related studies only mention the training process and do not conduct a reasonable
and diversified evaluation of the DRL training model. Therefore, the effect and applicability of DRL on
traffic control can not be fully reflected.

Based on the findings of the literature review, several points are presented to address the current
limitations:

+ Expand the scope of DRL research to use total travel time as the optimization indicator in
multi-modal simulation.
Total travel time accounts for the entire journey of a vehicle from start to finish, providing a more
comprehensive measure of traffic efficiency.

+ Explore the use and effectiveness of using different single-agent DRL to control multiple
traffic lights in multi-modal simulation.
A single-agent DRL system has the potential to optimize traffic flow holistically by considering the
states and the impact of decisions on the entire network rather than making independent decisions
for each intersection, which might lead to better training performance compared to the multi-agent
DRL system.

» Explore the performance of different DRL for traffic light control optimization in multi-modal
simulation in road networks of different sizes.
By exploring the performance of different DRL for traffic light control optimization in multi-modal
simulation in road networks of different sizes, the effectiveness of different DRL in different situations
can be fully demonstrated.

+ Evaluate different DRL in terms of different aspects.
By evaluating different deep reinforcement learning methods considering more factors, the ad-
vantages and disadvantages of each deep reinforcement learning can be analyzed from a more
comprehensive perspective, showing the effect and applicability of each method.

By addressing these research limitations, DRL has the potential to revolutionize traffic control and signifi-
cantly improve traffic efficiency, safety, and sustainability.
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2.5. Conclusion

This literature review provides a comprehensive overview of the application of deep reinforcement learning
for traffic control optimization in multi-modal simulation of SUMO at three different levels (intersection level,
vehicle level, and combined level) as well as other traffic management strategies in this field. Plenty of
studies on DRL-based traffic control have demonstrated promising results in improving traffic efficiency
and reducing congestion. However, there are still some limitations in the existing relevant literature to be
addressed. Several points are presented to solve the limitations existing in the relevant research.



Research methodology

This chapter illustrates the research methodology used for this research in detail. In this research, the
process of traffic light control is modeled as a Markov Decision Process. And different single-agent and
multi-agent deep reinforcement learning methods including PPO, A2C, MAPPO, MAA2C, and MADQN are
applied to optimize traffic light control in multi-modal simulation as all of them support multiple action choices
for one agent at each step. In order to test the effectiveness and performance of these DRL algorithms,
fixed traffic light control and max-pressure traffic light control are also implemented for comparison.

3.1. Markov Decision Process
A Markov Decision Process (MDP) is introduced by Puterman, which provides a framework for representing
and analyzing the interaction between an agent and its environment. It is a mathematical model used for
sequential decision-making, where the cost and transition functions depend solely on the current state and
action (Puterman, 1990). The goal of an MDP model is to determine an optimal policy that maximizes
expected rewards over time (Puterman, 1990).

An MDP is defined by a collection of states, a set of actions available to the agent in each state, a
transition model that specifies the probability of moving from one state to another given a particular action,
and a reward function that assigns a numerical reward to each state-action pair as shown below:

1. States: The possible configurations of the environment.
2. Actions: The possible choices for the agent to execute.

3. Transition probabilities: The probabilities of transitioning from one state to another after taking a
specific action.

4. Rewards: The immediate incentives received for taking actions in particular states.

An MDP model is formulated as follows:
M= (S,A,T,R) (3.1)

where S is a set of states, A is a set of actions, 7: S x A — S is a transition probability function that maps
from a state-action pair to the probability of transitioning to a new state, R: S x A — R is a reward function
that maps from a state-action pair to the immediate reward received after taking that action in that state.

Traffic light control in multi-modal simulation using SUMO can be effectively formulated as an MDP for
several reasons:

1. State Dependence: MDPs rely on the principle of Markov property, where the future state depends
on the current state and chosen action. This aligns well with traffic light control, where the current
traffic conditions fully determine the potential outcomes of the next action.

2. Discrete States and Actions: Even though the real traffic environment is continuous, SUMO
discretizes both states and actions for simulation purposes. This discrete nature makes it compatible
with the discrete framework of MDPs.

14
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3. Sequential Decision Making: Traffic light control involves making a series of decisions over time,
where each decision affects the subsequent state and possible future decisions. This sequential
decision-making process mirrors the core concept of MDPs.

4. Reward Signal Definition: MDPs require a reward signal to evaluate the effectiveness of chosen
actions. In traffic light control simulations, various relevant indicators can be defined as rewards,
such as travel time, queue length, and fuel consumption.

5. Reinforcement Learning Compatibility: MDPs offer a solid foundation for applying reinforcement
learning algorithms, which are particularly suited to multi-agent environments. By learning from reward
feedback, the control system can adapt its actions dynamically to optimize chosen performance
metrics.

3.1.1. State design

In deep reinforcement learning, states are the core representation of the environment, encapsulating all the
essential information an agent requires to make decisions. A state is like a snapshot of the environment at
a specific moment, and it is vital for the agent to learn and improve its behavior over time. The significance
of states lies in their role in reflecting the current condition of the environment, which directly impacts the
actions of the agent and subsequent learning process (AlMahamid & Grolinger, 2021).

Currently, there are different kinds of states being used for the research regarding deep reinforcement
learning for traffic light control optimization. Among them, the queue length of the incoming lanes of the
intersection is commonly used as an essential observation element (Chen et al., 2019; Guo et al., 2019;
Bouktif et al., 2021; Louw et al., 2022; Shen et al., 2023). Some research chooses to discretize the space
to collect more detailed information about vehicle states like presence, location, speed, and direction in
which the vehicle passes through the intersection, at each section of the road (Guo et al., 2019; Bouktif
et al., 2021; B. Wang et al., 2022; D. Li et al., 2020; Ma et al., 2021; Shen et al., 2023; Han et al., 2022). In
addition, different factors like mean speed (Chen et al., 2019; D. Li et al., 2020), traffic volume (D. Li et al.,
2020; Z. Li, Xu, & Zhang, 2021), the current green phase of traffic light (Bouktif et al., 2021; Ma et al.,
2021; Shen et al., 2023; Han et al., 2022), the ratio of the current green time to the maximum green time,
lane occupancy (Yu et al., 2023; Ma et al., 2021), number of phase switches during the last ten action
steps, bus space headway, actions taken by the immediate neighborhood traffic light (Yu et al., 2023), the
release time of the vehicle phase, the red light time of the vehicle phase, and the red light waiting time of
pedestrian phase (Shen et al., 2023) are also applied to represent the states of the traffic.

In this research, the traffic information of each edge in the road network is assumed to be known. The
weighted traffic volume (i.e. number of vehicles) and weighted queue length at each intersection are used
as the states for observation, as they can well reflect the traffic conditions on the road and help realize the
transit priority.

The weighted traffic volume of the incoming lanes of each green phase for each traffic light at each
time step is calculated by the sum of the results of multiplying the total number of each vehicle type
in the incoming lanes of each green phase for each traffic light at each time step by the weight of the
corresponding vehicle type as shown in Equation 3.2.

Voli" = Z ap *x ™ Yt e T,m € M,p e P™ (3.2)
veV,leLmp

where Vol;"" is the weighted traffic volume of the incoming lanes of the green phase p for the traffic
light m at the time step ¢, nv[™" is the number of vehicles of vehicle type v of the incoming lane I of the
traffic light m at the time step ¢, V' is the vehicle type set, «, is the weight for the vehicle type v, M is the
traffic light set, P™ is the green phase set of the traffic light m, and L™? is the lane set of the phase p of
the traffic light m, T is the time step set, the length of a time step § is set to be 5 seconds, because the
length of a time step has to be larger than yellow time (3 seconds) to ensure that the new green phase
chosen at the last time step can be activated before the new green phase. (¢ is the number of seconds
between consecutive actions of an agent. When an agent selects a new green phase different from the
green phase selected at the last time step, the corresponding traffic light will first shift to the yellow phase
for 3 seconds. If § is no larger than 3 seconds, the traffic light would skip the green phase selected at the
last time step to execute the new selected green phase.)
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The weighted queue length of the incoming lanes of each green phase for each traffic light at each
time step is calculated by the sum of the results of multiplying the total queue length of each vehicle type
in the incoming lanes of each green phase for each traffic light at each time step by the weight of the
corresponding vehicle type as shown in Equation 3.3.

Quey™? = Z a, xnst™ VteT,me M,pe P™ (3.3)
veEV,IeLmp

where Que;'? is the weighted queue length of the incoming lanes of the green phase p for the traffic
light m at the time step ¢, ns!"!V is the number of stopping vehicles of vehicle type v of the incoming lane [
of the traffic light m at the time step t.

According to the research conducted by Network for Transport Measures (NTM) which is a non-profit
organization striving to develop a unified framework for assessing the environmental impact of diverse
transportation modes encompassing both freight and passenger travel, the usual passenger occupancy
of the bus is 15-20 (NTM, 2024). Thus, in this research, the weight for bus oy, is set to be 20, and the
weight for passenger car apassenger 1S S€t to be 1.

As for multi-agent DRL, each agent controls one traffic light and the state of the agent is the state of
the controlled traffic light, including the normalized weighted volume and the normalized weighted queue
length, as shown in Equation 3.4.

Vol Que;™
200 * 200

where s} is the state for the traffic light m at the time step ¢, S™ is the state set of the traffic light m, P™ is
the green phase set of the traffic light m.

st =

| VteT,me M,pe P", sj"eS™ (3.4)

As for single-agent DRL, one single agent controls all the traffic lights and the state of the agent is the
combination of the states of all the traffic lights as shown in Equation 3.5.

sy =[st,82,..,8""] VteT,me M,pc P",s,€ S (3.5)

3.1.2. Action design

In deep reinforcement learning, an action is a decision made by the agent that causes a change of the
current state of the environment, and it results in a new state. The action space can be either discrete,
consisting of a finite set of actions, or continuous, comprising an infinite set of actions within certain limits.
The action selected in each state is dictated by the policy, which is a mapping from states to actions
(Mohan et al., 2024).

As for the action space, the most prevailing and widely used action is to choose one green phase
at each step (Genders & Razavi, 2016; Chen et al., 2019; Guo et al., 2019; B. Wang et al., 2022; D. Li
et al., 2020; Z. Li, Xu, & Zhang, 2021; Ma et al., 2021; Louw et al., 2022; Shen et al., 2023; Zhong et al.,
2023; Han et al., 2022). Among these research as mentioned above, some of them also determine the
associated phase duration on the basis of green phase selection (Guo et al., 2019; Bouktif et al., 2021),
while C. Li et al. choose to decide the green phase time under the framework of a fixed green phase
sequence (C. Li et al., 2020). In particular, Chen et al. adopt two action sets with both choosing the green
phase, and extending or shortening the green phase duration difference (Chen et al., 2019).

In this research, the action for each traffic light is assumed to be which green phase to activate at each
time step so that the number of actions for each episode is fixed, which is beneficial to the learning process.
Every time a green phase change occurs, the next phase is preceded by a corresponding yellow phase
with a duration of 3 seconds.

For multi-agent DRL, each agent controls one traffic light, so the action space of each agent has to
be Discrete, which allows each agent to determine the action of the controlled traffic light as shown in
Equation 3.6.

actiony* =p Vte€T,m e M,actiony* € A™,pe P™ (3.6)
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where A™ is the action set of the traffic light m. At each time step ¢, each agent chooses the action
action]" for the controlled traffic light m from its green phase set P"*. The number of actions of the traffic
light m is equal to the number of green phases of it. That is, |A™| = |P™|.

For single-agent DRL, one single agent has to control the actions of all the traffic lights. Therefore,
the action space of the agent in this research has to be MultiDiscrete, which allows one single agent to
determine the action for each traffic light at each time step as shown in Equation 3.7.

ar = laction}, action?, ..., action]"] ¥t € T,m € M,a; € A,action]* € A™ (3.7)

where A is the action set of the agent. At each time step ¢, the agent chooses the action action]* for
the traffic light m from its green phase set P™.

3.1.3. Reward design

In deep reinforcement learning, the reward function is essential for guiding the learning process of the
agent, as the reward can directly reflect how well the agent executes an action under a certain set of states
in the environment, which in turn influences the future actions of the agent.

Regarding the reward design of DRL for traffic light control optimization, by reviewing the relevant
literature, it can be found that waiting time and queue length are the most commonly used factors. Some
related studies use the difference of waiting time for reward computation (B. Wang et al., 2022; Liang
et al., 2018; Ma et al., 2021; Zhong et al., 2023) while others use the difference of queue length instead
(Guo et al., 2019; Bouktif et al., 2021). There are also some studies that directly use the waiting time as
the reward (C. Li et al., 2020; Louw et al., 2022) while others directly use queue length as the reward
(Bouktif et al., 2021). Z. Li, Xu, and Zhang use both waiting time and queue length as the reward (Z. Li,
Xu, & Zhang, 2021). Different from previous mentioned research, D. Li et al. use the ratio of waiting time
to the set waiting time threshold in the reward design (D. Li et al., 2020). Moreover, there is also some
research combining one of the two factors with another one. Chen et al. consider both the net outflow
(global reward), and the absolute negative difference between queue lengths (local reward) in the whole
reward function (Chen et al., 2019). Han et al. also consider the vehicle throughput in their reward design
(Han et al., 2022). Particularly, Genders and Razavi adopt the change in cumulative vehicle delay between
actions as the reward (Genders & Razavi, 2016).

In this research, the weighted travel time of vehicles in all the incoming lanes of the intersection
controlled by each traffic light at each time step is calculated by multiplying the weighted traffic volume of
the incoming lanes of each green phase for each traffic light at each time step by the length of a time step
as shown in Equation 3.8.

TTS = > Vol x5 VteT,meM (3.8)
pepP™

where T'T'S" is the weighted travel time of vehicles in all the incoming lanes of the intersection controlled
by the traffic light m at the time step t.

And the total weighted travel time of vehicles in all the incoming lanes of all the intersections at each
time step is the sum of the weighted travel time of vehicles in all the incoming lanes of the intersection
controlled by each traffic light at each time step as shown in Equation 3.9.

ITS; = > TTS" VteT,meM (3.9)
meM

where TT'S, is the total weighted travel time of vehicles in all the incoming lanes of all the intersections
at the time step ¢.

For multi-agent DRL, the reward at each time step for each agent r}* in this research is defined as
the normalized negative total weighted travel time of vehicles in all the incoming lanes of the traffic light
controlled by each agent at the time step ¢ as shown in Equation 3.10.
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rm___TTS?
1000

VteT,me M,r™ € R™ (3.10)

where ;" is the reward of the traffic light m at the time step ¢, R™ is the reward set of the traffic light m.

And the total reward at each time step is defined as the sum of reward of all the agents as shown in
Equation 3.11.

e = Z rit YteT,meM,r, € R (3.11)
meM

where r; is the total reward at the time step ¢, R is the total reward set.

For single-agent DRL, the reward at each time step r; of the agent in this research is defined as the
negative total weighted travel time of vehicles in all the incoming lanes of all the traffic lights at the time
step t as shown in Equation 3.12.

re=-TTS, VteT,r, € R (3.12)

3.2. Q-Learning

As stated in the paper of Neufeld and Sester, Q-Learning is well-suited for solving Markov Decision Process
(MDP) (Neufeld & Sester, 2023). Q-Learning, developed by C. J. C. H. Watkins, is a reinforcement learning
algorithm that learns an action-value table (Q-table) to map states to the expected value of taking a
particular action in that state (C. J. C. H. Watkins, 1989).

Initialize the values of
2-table

h 4

Choose the action
according to CH-table

h 4

Execute the chosen
action

h 4

Measure the reward

{ of the action
4[ Update Q-table

Figure 3.1: Architecture of Q-Learning
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As shown in Figure 3.1, the Q-Learning algorithm mainly works in the following way:
1. Initialize an empty Q-table with zeros
2. For each episode, do:

(a) Initialize an empty state vector with zeros

(b) Repeat until episode termination

i. For each step, do:

Observe the current state vector s,
Choose an action a;.
Execute action a; on traffic light s,
Observe the next state vector s, after executing action a,

mOoOow>»

Calculate a reward r(s¢|s¢y1, at)
F. Update Q-table with r(s;|s;11, a;)
ii. If episode termination condition is met, break out of loop
3. Return Q-table as output.

However, Q-Learning faces several challenges when applied to traffic control:

+ High-Dimensional State Space: The state space of a traffic system is very large and complex,
making it difficult for Q-Learning to learn an accurate Q-table. The state can be represented by a
combination of traffic volume, traffic density, signal phases, and other factors. This large number of
variables makes it challenging for Q-Learning to learn the Q-values effectively.

» Sparse Rewards: Traffic control often involves delayed rewards, making it difficult for Q-Learning
to reinforce desired behaviors. The reward in traffic control is typically the overall traffic efficiency,
which is a long-term consequence of the actions taken. This delayed reward makes it difficult for
Q-Learning to learn the optimal policy.

» Exploration vs. Exploitation Tradeoff: Q-Learning must balance exploration (trying new actions to
discover better policies) with exploitation (taking the best known action based on the current Q-table).
In traffic control, it is crucial to strike a balance between these two strategies to avoid inefficient traffic
flow. Over-exploration can lead to poor traffic performance, while over-exploitation can prevent the
agent from discovering better policies.

3.3. Deep Q-Network

As can be seen from Table 2.1, many relevant studies apply Deep Q-Network for traffic light optimization,
which shows that DQN has already been a commonly used DRL method for traffic control optimization in
traffic simulation of SUMO.

The Deep Q-Network (DQN) algorithm was first introduced by Mnih et al. to address the limitations
of Q-Learning (Mnih et al., 2013). It is a pioneering algorithm in the field of deep reinforcement learning
that utilizes a convolutional neural network (CNN) to approximate the Q-values, enabling the agent to
generalize across similar states and actions based on their representations in the neural network. This
architecture allows DQN to handle complex and high-dimensional state spaces more effectively than
traditional Q-Learning (Mnih et al., 2015).
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Figure 3.2: Architecture of a Deep Q-Network

As can be seen from Figure 3.2, the DQN agent interacts with the environment and stores its experiences
(state, action, reward, next state) in an experience replay buffer. From this buffer, random mini-batches
of experiences are sampled and passed through the prediction network, which estimates Q-values for
various actions. To stabilize learning, a target network, updated less frequently, is used to generate target
Q-values. These target values are compared with the predicted Q-values using the DQN loss function,
and the resulting error is used to update the prediction network, gradually improving the performance of
the agent.

So far, DQN has been successfully applied in various tasks including traffic light control and has shown
significant effects in improving traffic flow, reducing congestion, and optimizing traffic light control as stated
in Chapter 2.

3.4. Proximal Policy Optimization

Proximal Policy Optimization (PPO) is a deep reinforcement learning algorithm introduced by Schulman
et al. and is part of the broader category of policy gradient methods, where the policy directly maps states
to actions.
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Figure 3.3: Architecture of Proximal Policy Optimization

As can be seen from Figure 3.3, the PPO agent interacts with the environment, storing its experiences
in a sample memory. Mini-batches of these experiences are drawn from memory and passed to both the
actor and critic networks. The actor network calculates the probability ratios, which are then clipped to
ensure stable policy updates. Meanwhile, the critic network computes the value function, providing an
estimate of the expected returns. The advantage function is used to guide the policy improvement by
comparing actual returns with the estimated value. The PPO loss is a combination of the clipped probability
ratio (for stable policy optimization) and the value loss (for accurate state-value predictions), and this loss
is minimized to improve both the actor and critic networks.

So far, PPO has gained widespread popularity for its ability to train complex policies in a stable and
efficient manner and has been successfully applied in numerous domains, including robotics, game playing,
and autonomous systems. lts ability to handle high-dimensional action spaces and complex environments
has made it a go-to algorithm for many reinforcement learning practitioners. Additionally, the balance
of PPO between computational efficiency and training stability makes it suitable for both research and
practical applications.

3.5. Advantage Actor Critic

Advantage Actor-Critic (A2C) is a synchronous version of the Asynchronous Advantage Actor-Critic (A3C)
algorithm which is a deep reinforcement learning method introduced by Mnih et al. that enhances the
stability and efficiency of training by running multiple actors in parallel, each interacting with separate
environments (Mnih et al., 2016; Dhariwal et al., 2017).
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Figure 3.4: Architecture of Advantage Actor Critic

As can be seen from Figure 3.4, the A2C agent interacts with the environment, gathering information
about the current state. The actor network uses this state to determine the optimal action policy, deciding
which actions the agent should take. Simultaneously, the critic network evaluates the state by estimating
the value function, which assesses the expected rewards for the given state. The actor and critic networks
work together: the actor optimizes the policy, and the critic helps guide the actor by providing feedback on
how good or bad the chosen actions are based on the expected future rewards.

While A3C uses multiple independent neural networks to generate trajectories and update parameters
asynchronously, A2C achieves this synchronously. This synchronous update mechanism is more cost-
effective and performs better than asynchronous implementations and can leverage GPUs efficiently
(OpenAl, 2017). So far, A2C has been widely used in reinforcement learning tasks, including Atari games
and continuous control (Mnih et al., 2016; Dhariwal et al., 2017).

3.6. Multi-agent deep reinforcement learning

Multi-agent deep reinforcement learning (MADRL) builds on traditional DRL by applying it to settings
with multiple agents that may have individual goals or work towards a common objective. In these
scenarios, agents make decisions through interactions with their environment and each other, refining their
strategies based on the rewards or feedback they receive. Based on the way of learning, multi-agent deep
reinforcement learning can be classified into two categories: centralized multi-agent DRL and decentralized
multi-agent DRL.

In centralized multi-agent deep reinforcement learning, agents either follow a shared policy or are
directed by a central controller with access to the global state of the environment. This centralized method
enables better coordination among agents, as the central controller can evaluate the actions and states of
all agents at once. This can result in more optimized collective strategies, especially in situations where
agent interactions are intricate and closely linked (Lowe et al., 2017).

However, centralized multi-agent deep reinforcement learning can be demanding in terms of com-
putation and may struggle to scale with an increasing number of agents or a larger environment. It can
also face communication bottlenecks and delays, as the central controller must process and respond to
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data from all agents in real time. This can be a significant disadvantage in dynamic settings where quick
decision-making is crucial.

In contrast, decentralized multi-agent deep reinforcement learning enables each agent to function and
learn on its own, relying solely on its local observations and experiences. Each agent formulates its own
policy, striving to enhance its performance while taking into account the actions of nearby agents as part
of the environment. Decentralized methods are generally more scalable and robust, as they reduce the
reliance on a single point of failure and are better equipped to manage the complexity of environments
with numerous agents.

In summary, decentralized multi-agent deep reinforcement learning is used in this research due to its
scalability and robustness in complex urban environments.

3.7. Fixed traffic light control

Fixed traffic light control is the most common and straightforward method for managing traffic flow at
intersections. It operates on a predetermined schedule, cycling through green, yellow, and red lights
according to a fixed timing plan which is based on average traffic conditions and remains unchanged
regardless of real-time traffic variations. The simplicity and predictability of fixed traffic light control make it
an easily implemented and widely used approach.

However, fixed traffic light control also has some disadvantages. The most significant is its lack of
adaptability. Because the timing of the lights does not change in response to real-time traffic conditions,
fixed traffic light control can lead to unnecessary delays during off-peak hours or when traffic is unusually
light. Additionally, it can struggle to effectively manage traffic during unexpected surges or incidents.

Despite these limitations, fixed traffic light control remains a viable option for managing traffic in many
situations, particularly in areas with predictable traffic patterns or limited resources for more advanced
control systems. The research conducted by Allsop illustrates the effectiveness of fixed light control in
situations where traffic demand is relatively predictable (Allsop, 1974).

3.8. Max-pressure traffic light control

Max-pressure traffic light control, designed by Varaiya, is an advanced adaptive traffic light control method
for managing traffic at signalized intersections in real time (Varaiya, 2013). Unlike fixed traffic light control,
max-pressure traffic light control dynamically adjusts the phase based on the current traffic state, aiming to
minimize congestion and delays.

The core idea behind max-pressure control is to calculate the pressure of each phase, which is a
measure of the imbalance between the incoming and outgoing traffic on links of each phase connected to
the intersection. By prioritizing movements that relieve the most pressure, this approach helps to prevent
the buildup of queues and smooths traffic flow across the network (X. Wang et al., 2022).

So far, max-pressure traffic light control has showed its effectiveness in traffic light control optimization.
Comparative experiments conducted by Varaiya demonstrate that the max-pressure control system offers
a more reliable and efficient solution for managing traffic at intersections compared to other local controllers
such as priority service and fully actuated control (Varaiya, 2013).



Case study

This chapter describes the case study of the research in detail including the simulation setups, the
implementation of different DRL algorithms (PPO, A2C, MAPPO, MAA2C, MADQN), the comparison
methods (fixed, max-pressure), the computation setups as well as the experimental evaluation for these
methods.

4.1. Simulation setups

4.1.1. Network setups
Network setups are conducted by using netedit, which is a graphical network editor in SUMO to create the
road network for simulation (Lopez et al., 2018).

This research conducted training under three different cases including a road network of single inter-
section, a road network of 2*2 intersections, and a road network of 3*2 intersections as shown in Figure
4.1, Figure 4.2, and Figure 4.3 respectively. For all the cases, each edge has three lanes and the length
of each edge is 1 km. At the end of the three lanes, only the left turn, straight ahead, or right turn is
allowed respectively. And there are traffic lights controlling the traffic flow at each intersection of both road
networks.
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Figure 4.1: Case 1: road network of single intersection
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4.1.2. Phase setups

As for the phase setups, the typical phase settings are applied in the case study. As shown in Figure 4.4,
the straight and right turns of each pair of opposite roads are designed in one separate phase, and the left
turns of each pair of opposite roads are also designed in one separate phase to ensure smooth passage
of left-turning traffic.

Figure 4.4: Phase settings

4.1.3. Public transport setups
For Case 1, there is a bus line with two opposite routes designed as shown in Figure 4.5.
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Figure 4.5: Bus routes of road network of single intersection
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For Case 2, there are two bus lines with two opposite routes designed as shown in Figure 4.6.
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Figure 4.7: Bus routes of road network of 3*2 intersections
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To simplify, one bus stop is set in the middle of each edge that bus routes pass through. And at each
bus stop in these routes, the bus is set to stop for 15 seconds to imitate the behavior of a bus picking up
and dropping off passengers.

4.1.4. Demand setups
As there are two kinds of traffic modes, passenger cars and buses, considered in this research, the
demands of both are set up.

As for the demands of vehicle passengers, randomTrips of SUMO is used to generate a set of random
trips starting from and ending towards the marginal edges of the road network for passenger cars. For
Case 1, the demand for passenger cars is set to be 1500 veh/h. For Case 2, the demand for passenger
cars is set to be 2500 veh/h. For Case 3, the demand for passenger cars is set to be 3000 veh/h. The
values of these demands are set to cause bottlenecks in each case and avoid the complete blockage of
the road network. And the generated random demands are uneven for each direction in the road network.

As for the demands for buses, 6 buses per hour are set for each bus route for all 3 cases.

4.2. DRL algorithm implementation

For DRL algorithm implementation, there are some kinds of available sources to help realize the application
in multi-modal simulation of SUMO: (1) an open source repository SUMO-RL in GitHub to provide an
interface between RL and SUMO; (2) an open source repository sumolights in GitHub to provide the
function of reading road network information of SUMO and obtaining the controlled lanes of each phase for
a traffic light based on the paper of Genders and Razavi (Genders & Razavi, 2019); (3) a Python package
stable_baselines3 providing PPO, A2C, and DQN algorithms (Raffin et al., 2021); (4) an open source
repository RL TrafficManager providing examples of applying multi-agent PPO, A2C, and DQN algorithms
from stable_baselines3 (YanivHacker, 2022). This research takes advantage of these codes and adapts
them for the implementation of different DRL algorithms in multi-modal simulation of SUMO.

The implementation process of the single-agent DRL algorithm is shown in Figure 4.8.
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Figure 4.8: Flow chart of the single-agent DRL algorithm implementation process
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netedit and randomTrips are first used to create the network file, additional file of bus stops, route file
of passenger cars, and route files of buses respectively. Then, these files are used by TraCl for initializing
and running the simulation. During the simulation process, the agent in the DRL algorithm assigns the
actions for the corresponding traffic lights, and then the simulation continues by conducting the actions
and feeding the states and rewards back to the agent in the DRL algorithm. This process is repeated
until the maximum number of training episodes is reached, and the trained model is obtained. After the
training process of the DRL algorithm is finished, the obtained trained model is evaluated by using two
new multi-modal simulations set up by adding 10% random demand and deleting 10% random demand for
passenger cars to the original multi-modal simulation.

The implementation process of the multi-agent DRL algorithm is shown in Figure 4.9.
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Figure 4.9: Flow chart of the multi-agent DRL algorithm implementation process

The implementation process of multi-agent DRL algorithm is roughly the same as that of single-agent
DRL, but the implementation of multi-agent DRL algorithm utilizes a multi-agent system containing multiple
DRL agents to interact with the multi-modal simulation instead of making the DRL agent to interact with
multi-modal simulation directly in the implementation process of single-agent DRL algorithm. The system
transfers the states and rewards of each traffic light to each corresponding agent and collects the actions
of each agent, which ensures that all the agents can obtain their own observation and reward information
and execute their actions in a certain order at the same time step to avoid confusion.

In the implementation process of multi-agent DRL algorithm, all the agents interact through a shared
environment, which is the multi-modal simulation. The actions taken by each agent affect the states of the
shared environment, which in turn influences the decisions of each agent.

For Case 1, only the two single-agent DRL algorithms (PPO, A2C) are implemented due to the fact that
there is only one intersection with one traffic light in the road network. For Case 2 and 3, both the two
single-agent DRL algorithms (PPO, A2C) and the three multi-agent DRL algorithms (MAPPO, MAA2C,
MADQN) are implemented.
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4.2.1. PPO implementation
The parameter settings of PPO and MAPPO for training are shown in Table 4.1, 4.2 and 4.3 respectively.

Table 4.1: PPO training hyperparameters

Parameters Value Parameters Value
Policy MipPolicy N episodes 10
Learningrate  0.0001 Gae lambda 0.95
N steps 128 Clip range 0.2
Batch size 256 Vf coef 0.5
v 0.99 Max grad norm 0.5

Table 4.2: MAPPO training hyperparameters of Case 2

Parameters Value Parameters Value

Policy MipPolicy N episodes 20

Learning rate 0.001 Gae lambda 0.95
N steps 128 Clip range 0.2
Batch size 64 Vf coef 0.5
~y 0.99 Max grad norm 0.5

Table 4.3: MAPPO training hyperparameters of Case 3

Parameters Value Parameters Value

Policy MipPolicy N episodes 20
Learningrate  0.0005 Gae lambda 0.95

N steps 128 Clip range 0.2
Batch size 64 Vf coef 0.5
~y 0.99 Max grad norm 0.5

4.2.2. A2C implementation
The parameter settings of A2C and MAA2C for training are shown in Table 4.4, 4.5 and 4.6 respectively.

Table 4.4: A2C training hyperparameters

Parameters Value Parameters Value
Policy MipPolicy Gae lambda 1.0

Learning rate  0.0001 Vf coef 0.5
N steps 5 Max grad norm 0.5

¥ 0.99 Rms prop eps  0.00001
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Table 4.5: MAA2C training hyperparameters of Case 2

Parameters Value Parameters Value
Policy MipPolicy Gae lambda 1.0
Learning rate 0.001 Vf coef 0.5
N steps 5 Max grad norm 0.5

~ 0.99 Rms prop eps  0.00001

Table 4.6: MAA2C training hyperparameters of Case 3

Parameters Value Parameters Value
Policy MipPolicy Gae lambda 1.0
Learningrate  0.0005 Vf coef 0.5
N steps 128 Max grad norm 0.5

5 0.99 Rms prop eps  0.00001

4.2.3. DQN implementation
The parameter settings of MADQN for training are shown in Table 4.7 and 4.8 respectively.

Table 4.7: MADQN training hyperparameters of Case 2

Parameters Value Parameters Value
Policy MipPolicy Gradient steps 1
Learning rate 0.001 T 1.0
Buffer Size 1000000 Target update interval 10000
Learning starts 100 Exploration fraction 0.1
Batch size 32 Exploration initial eps 1.0
~ 0.99 Exploration final eps 0.05
Train freq 4 Max grad norm 10

Table 4.8: MADQN training hyperparameters of Case 3

Parameters Value Parameters Value
Policy MipPolicy Gradient steps 1
Learning rate 0.0005 T 1.0
Buffer Size 1000000 Target update interval 10000
Learning starts 100 Exploration fraction 0.1
Batch size 32 Exploration initial eps 1.0
~ 0.99 Exploration final eps 0.05
Train freq 4 Max grad norm 10

In this research, the majority of hyperparameters use the default value in the python package sta-
ble_baselines3, while the learning rate and number of steps per update vary a little bit.

With more agents involved in the simulation, the interactions and dependencies between them become
more complex and the amount of noise in the learning process also increases. A lower learning rate is used
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as the number of agents increases to stabilize the learning process, improve coordination, and reduce
noise. And a larger number of steps per update is also needed with the increase in the number of agents
to capture the intersections between agents more accurately, better understand the impact of the actions
of one agent on other agents, and have a stable and reliable learning.

In the setup of using single agent to control multiple traffic lights, the agent has to manage a much larger
state and action space because it needs to consider the status of all traffic lights and their interactions,
which requires more careful and gradual updates. Therefore, the single-agent DRL in this research needs
a lower learning rate compared to decentralized multi-agent DRL to manage the larger state and action
spaces, coordinate actions, and filter out noise for stable updates.

4.3. Fixed traffic light control implementation

In the case study, the implementation of fixed traffic light control is set to shift to the next green phase
every 15 seconds, and the next green phase is determined by a fixed green phase sequence schedule,
which is the sequence as shown in Figure 4.4.

4.4. Max-pressure traffic light control implementation

As the max-pressure traffic light control is very complicated and difficult to program and implement directly,
many studies use a variant of max-pressure for research instead. A variant of max-pressure used by some
research (Genders & Razavi, 2019; Wei et al., 2019) is implemented in this case study. In the case study,
the implementation of max-pressure traffic light control is set to choose the next green phase every 15
seconds to guarantee the release of the traffic pressure in time and avoid wasting traffic efficiency due to
too frequent green phase changes, and the next green phase is determined by max pressure green phase,
which is the green phase having the most difference between the total weighted incoming traffic volume
and the total weighted outgoing traffic volume.

4.5. Computation setups

In this research, the computation of the learning process is fulfilled with one CPU by Delftblue, which is the
supercomputer of Delft University of Technology (DHPC, 2024). The environment variable SUMO_HOME
is set to the path of the Python package Libsumo, and the variable LIBSUMO_AS TRACI is declared
to be 1 for the purpose of obtaining a large performance boost (Alegre, 2019).

4.6. Experimental evaluation
The experimental evaluation compares the results of fixed traffic light control and max-pressure traffic light
control with the learning results of different DRL methods in multi-modal simulation of SUMO: (1) PPO; (2)
A2C; (3) MAPPO; (4) MAA2C; (5) MADQN.

In the evaluation process, different performance indicators including total reward, total travel time of
passenger cars and buses are measured, and different relevant experiment results including training
results, model evaluation results, and average training time of an episode for each DRL algorithm are
presented. These results can reflect how well each method can be applied to improve traffic flow efficiency
and achieve transit priority compared to conventional methods in multi-modal simulation. And Python
is used to plot the line plots, box plots, and violin plots of these results to facilitate demonstrating the
performance of different control methods.

4.7. Results

This section provides a description and discussion of the training results, model evaluation results, and
training time results of different DRL algorithms in different cases.

4.7.1. Training results
The training results use line plots to show the change, trend, and training performance of different DRL
algorithms in different cases.
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Training results of Case 1
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Figure 4.12: Total travel time of buses of different algorithms of Case 1

In Case 1, the total weighted travel time, the total travel time of passenger cars, and the total travel time of
buses of fixed traffic light control are 712355 s, 445855 s, and 13325 s respectively.

As can be seen from Figure 4.10, 4.11, and 4.12, both PPO and A2C perform slightly better than
max-pressure after the convergence of the training process, and A2C shows smaller fluctuations than
PPO. Compared to the deep reinforcement learning methods without considering transit priority, the deep
reinforcement learning methods considering transit priority have a higher total travel time of passenger
cars but a lower total travel time of buses, which proves the achievement of transit priority in Case 1.
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Training results of Case 2

Total weighted travel time (s)

Total weighted travel time (s)

I
kS
L

g
N}
L

g
=)
L

e
o
L

= Max_pressure
—— PPO

[y
o
L

I
kS
L

=
]
L

=
=]
L

e
)
L

T T T T
3000 4000 5000 6000

Episode

T T
0 1000 2000

(a) Training process of PPO

le6

P
o
L

[
kS
L

— Max_pressure
—— MAPPO

=
]
L

P
o
L

0.8 4

T T T T T
4000 5000 6000 7000 8000

Episode

T T T
0 1000 2000 3000

(c) Training process of MAPPO

le6

le6
1.3
@
L)
£ 1.2
z
T
=
g 114 —— Max_pressure
- —
b Az2C
b
2
2 1.0
B
k!
0.9 4
0.8 1 T T T T T T T
4] 2000 4000 6000 8000 10000 12000
Episode
(b) Training process of A2C
1le6
5
24l
w
E
=
T
>
g 34 — Max_pressure
b= —
b MAA2C
2
=y
[
Z 2
=
e
H e ——

T T T T
6000 8000 10000 12000

Episode

T T T
0 2000 4000

(d) Training process of MAA2C

1.8 1

= = =
] » o
L L L

Total weighted travel time (s)
=
o
|

0.8

—— Max_pressure
= MADQN

T T
6000 8000

Episode

T T
0 2000 4000

(e) Training process of MADQN

T
10000

Figure 4.13: Training Process of different DRL algorithms of Case 2



4.7. Results 36
le6 le6
1.8 114
1.6+
1.0 |

B . o ||| A
o —— Passenger Car (Max_pressure) e 0.9 4 - Passenger Car (Max_pressure)
5 — Passenger Car (PPO) 5 ) —— Passenger Car (A2C)
§ 124 = Passenger Car (PPO without transit priority) ﬁ = Passenger Car (A2C without transit priority)
(=% o
- + 0.8

104

0.8 - 0.7 4

0.61 T T T T T T T 0.6 4 T T T T T T T

(4] 1000 2000 3000 4000 5000 6000 [} 2000 4000 6000 8000 10000 12000
Episode Episode

(a) Total travel time of passenger cars for PPO

(b) Total travel time of passenger cars for A2C

= Passenger Car (Max_pressure)
- Passenger Car (MAA2C)
—— Passenger Car (MAA2C without transit priority)

e e

le6 le6
1.4 4.0 4
3.5 1
124
3.0 4
C) @
s s
o = Passenger Car (Max_pressure) 225
g 104 —— Passenger Car (MAPPO) 3
§ —— Passenger Car (MAPPO without transit priority) ﬁ 204
o a 2.
- ol
0.8 4 15 4
' l N | N
1.0+
0.6 4
0.5 4
T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 6000 7000 8000 0 2000 4000
Episode

(c) Total travel time of passenger cars for MAPPO

T_passenger (s)

144

=
[N
L

=
o
'

0.8

0.6

leb
—— Passenger Car (Max_pressure)
— Passenger Car (MADQN)
- Passenger Car (MADQN without transit priority)
T T T T T T
o 2000 4000 6000 8000 10000
Episode

(e) Total travel time of passenger cars for MADQN

T T T T
6000 8000 10000 12000
Episode

(d) Total travel time of passenger cars for MAA2C

Figure 4.14: Total travel time of passenger cars of different algorithms of Case 2



4.7. Results 37

25000 4 14000 4
225004 13000 -
200004 12000 +
@ 17500 4 —— Bus (Max_pressure) @ 11000 4 —— Bus (Max_pressure)
K —— Bus (PPO) K —— Bus (A2C)
fl 15000 = Bus (PPO without transit priority) ﬁ\ 10000 4 = Bus (A2C without transit priority)
12500 9000
10000 8000 1
7500 4 7000 ~
6 1060 20‘00 30‘00 40‘0[} 50‘0[) ﬁUIUU 6 20‘00 40‘00 ﬁﬂbﬂ EUIUU 10600 12600
Episode Episode
(a) Total travel time of buses for PPO (b) Total travel time of buses for A2C
50000 +
14000 4
40000
12000
I —— Bus (Max_pressure) W 30000 4 —— Bus (Max_pressure)
@ —— Bus (MAPPO) n —— Bus (MAA2C)
)_I 10000 - —— Bus (MAPPO without transit priority) '_\ —— Bus (MAA2C without transit priority)
20000 4
8000 1
-'!‘::."W: e *A.-'.!!-:_.'.‘“------L‘,;r =3 100007 | 'Pranerw . st ad .
6000 7 T T T T T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 6000 7000 8000 0 2000 4000 6000 8000 10000 12000
Episode Episode
(c) Total travel time of buses for MAPPO (d) Total travel time of buses for MAA2C

16000
14000 4
— 12000
w —— Bus (Max_pressure)
Ei —— Bus (MADQN)
il = Bus (MADQN without transit priority)
10000 4
8000 +
6000 +— T T T T T
o 2000 4000 6000 8000 10000
Episode

(e) Total travel time of buses for MADQN

Figure 4.15: Total travel time of buses of different algorithms of Case 2

In Case 2, the total weighted travel time, the total travel time of passenger cars, and the total travel time of
buses of fixed traffic light control are 2514635 s, 1951935 s, and 28135 s respectively.

As can be seen from Figure 4.13, 4.14, and 4.15, the single-agent deep reinforcement learning
methods PPO and A2C become more volatile and perform worse than max-pressure in Case 2, while
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multi-agent deep reinforcement learning methods MAPPO, MAA2C, and MAPPO perform better than
max-pressure and demonstrate smaller fluctuations than single-agent deep reinforcement learning methods
after convergence. Among the three multi-agent deep reinforcement learning methods, MAA2C performs
best after convergence, MAPPO needs more episodes to converge, and MADQN shows the largest
fluctuations after convergence. Compared to the deep reinforcement learning methods without considering
transit priority, the deep reinforcement learning methods considering transit priority have a higher total
travel time of passenger cars but a lower total travel time of buses, which proves the achievement of transit
priority in Case 2.
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Training results of Case 3
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Figure 4.18: Total travel time of buses of different algorithms of Case 3

In Case 3, the total weighted travel time, the total travel time of passenger cars, and the total travel time of
buses of fixed traffic light control are 3126960 s, 2533160 s, and 29690 s respectively.

As can be seen from Figure 4.16, 4.17, and 4.18, the single-agent deep reinforcement learning
methods PPO and A2C become more volatile and perform worse than max-pressure in 3, while multi-
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agent deep reinforcement learning methods MAPPO, MAA2C, and MAPPO perform better than max-
pressure and demonstrate smaller fluctuations than single-agent deep reinforcement learning methods after
convergence. Among the three multi-agent deep reinforcement learning methods, MAPPO performs best
after convergence, MAA2C needs more episodes to converge, and MADQN shows the largest fluctuations
after convergence. Compared to the deep reinforcement learning methods without considering transit
priority, the deep reinforcement learning methods considering transit priority have a higher total travel time
of passenger cars but a lower total travel time of buses, which proves the achievement of transit priority in
Case 3.

4.7.2. Model evaluation results

In this research, the model evaluation experiments are conducted under two scenarios with 10% less
demand of passenger cars and 10% more demand of passenger cars. In each scenario, the evaluation
experiments are repeated for 10 times. The model evaluation results use not only tables to demonstrate
the mean and standard error of the three indicators of DRL performance for different DRL algorithms in
different cases, but also box plots and violin plots to show how the evaluation results of different DRL
algorithms in different cases are spread out with outliers identification and compare the distribution of
evaluation results between different DRL algorithms respectively as shown in Appendix B, thus explaining
the values of the standard error in model evaluation results.

Model evaluation results of Case 1
The statistics of model evaluation results of Case 1 are shown in Table 4.13 and 4.14.

Table 4.9: Statistics of model evaluation results with 10% less demand of Case 1

Method Tiotal () | Ttotar Tpassenger (8) | opassenger Tous (S) | Obus
Fixed 665095.0 - 398395.0 - 13335.0 -
Max-pressure | 135125.0 - 108425.0 - 1335.0 -

PPO 131690.5 | 633.9 105290.5 477 1 1320.0 | 13.6

A2C 129384.0 | 442.5 103164.0 417.8 1311.0 | 6.6

Table 4.10: Statistics of model evaluation results with 10% more demand of Case 1

Method Tiotar (S) | Ototar | Tpassenger (S) | Opassenger | Tbus (S) | Obus
Fixed 753430.0 - 486830.0 - 13330.0 -
Max-pressure | 158260.0 - 131260.0 - 1350.0 -

PPO 157036.0 | 843.2 129716.0 950.7 1366.0 | 26.9

A2C 154631.0 | 694.3 127561.0 713.9 13535 | 25.3

As can be seen from Table 4.9 and 4.10, both PPO and A2C perform better than max-pressure with a
small standard error in terms of total weighted travel time and total travel time of passenger cars under the
scenarios with 10% less demand and 10% more demand. As for total travel time of buses, PPO and A2C
perform similarly to max-pressure. As for standard errors, A2C has lower standard errors for evaluation
results than PPO, which means A2C has lower variance than PPO. Overall, A2C performs best with lower
total travel time of passenger cars, similar total travel time of buses to max-pressure, and lower variance
among all the deep reinforcement learning methods in Case 1.
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Model evaluation results of Case 2

Table 4.11: Statistics of model evaluation results with 10% less demand of Case 2

Method T (s) Ototal | Tpassenger (8) | Opassenger | Thus (S) | Obus
Fixed 2296885.0 - 1734685.0 - 28110.0 -
Max-pressure | 736890.0 - 606690.0 - 6510.0 -
PPO 819064.0 | 20272.4 655684.0 15746.6 | 8169.0 | 316.2
A2C 816489.0 | 6043.8 679729.0 5683.3 6838.0 | 101.0
MAPPO 663550.5 | 4359.4 533970.5 3236.2 6479.0 | 67.9
MAA2C 641319.0 | 2794.6 514089.0 3166.9 6361.5 | 354
MADQN 675208.5 | 6119.8 540848.5 5961.2 6718.0 | 88.7

Table 4.12: Statistics of model evaluation results with 10% more demand of Case 2

Method T (s) Ototal | Tpassenger (S) | Opassenger | Thus (S) | Obus
Fixed 2721580.0 - 2158680.0 - 28145.0 -
Max-pressure | 886675.0 - 757775.0 - 6445.0 -
PPO 1078274.5 | 32353.1 883344.5 22847.8 | 9746.5 | 546.1
A2C 1047563.0 | 16627.0 905913.0 16078.0 7082.5 | 107.8
MAPPO 805418.0 | 74771 672558.0 7118.7 6643.0 | 50.3
MAA2C 780059.0 | 4990.4 650749.0 4933.8 6465.5 | 57.6
MADQN 851752.5 | 27663.1 704052.5 18478.0 7385.0 | 496.0

As can be seen from Table 4.11 and 4.12, both the single-agent deep reinforcement learning methods PPO
and A2C perform worse than max-pressure, but still much better than fixed traffic control. The multi-agent
deep reinforcement learning methods MAPPO, MAA2C, and MADQN perform better than max-pressure in
terms of total weighted travel time and total travel time of passenger cars and they all have a similar total
travel time of buses to max-pressure. MAPPO and MADQN perform worse than MAA2C in terms of total
weighted travel time in both scenarios and have quite large standard errors for evaluation results which
means that the performance of MAPPO and MADQN have large variance. Overall, MAA2C performs best

with the lowest travel time of each mode and variance among all the deep reinforcement learning methods
in Case 2.

Model evaluation results of Case 3
The statistics of model evaluation results of Case 3 are shown in Table 4.13 and 4.14.

Table 4.13: Statistics of model evaluation results with 10% less demand of Case 3

Method T (s) Ototal Tpassenger (8) | Tpassenger Tous () | Obus
Fixed 2836885 - 2245185 - 29585 -
Max-pressure | 1007545 - 831145 - 8820 -
PPO 1125164.0 | 14061.4 917664.0 13030.7 | 10375.0 | 175.5
A2C 1116447.5 | 20277.9 912877.5 18981.8 | 10178.5 | 203.3
MAPPO 857570.5 3508.6 680670.5 2737.3 8845.0 77.4
MAA2C 869156.5 9406.5 693766.5 9277.3 8769.5 | 457
MADQN 879149.0 7454.0 695799.0 5926.4 9167.5 | 1474
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Table 4.14: Statistics of model evaluation results with 10% more demand of Case 3

Method T (s) Ototal Tpassenger (8) | Tpassenger Tous () | Obus
Fixed 3396745.0 - 2804445.0 - 29615.0 -
Max-pressure | 1214005.0 - 1035305.0 - 8935.0 -
PPO 1374221.5 | 25523.1 1156591.5 22259.8 | 10881.5 | 251.3
A2C 1379712.0 | 407841 1168222.0 39914.3 | 10574.5 | 390.1
MAPPO 1026981.5 | 4987.7 847811.5 4829.3 89585 | 63.1
MAA2C 1034160.0 | 12214.5 855570.0 12007.7 8929.5 | 59.3
MADQN 1064534.5 | 10186.8 876634.5 8238.0 9395.0 | 136.5

As can be seen from Table 4.13 and 4.14, both the single-agent deep reinforcement learning methods
PPO and A2C perform worse than max-pressure, but still much better than fixed traffic control. The
multi-agent deep reinforcement learning methods MAPPO, MAA2C, and MADQN perform much better
than max-pressure in terms of total weighted travel time and total travel time of passenger cars and they
all have a similar total travel time of buses to max-pressure. MAA2C and MADQN perform worse than
MAPPO in terms of total weighted travel time in both scenarios and have quite large standard errors
for evaluation results which means that the performance of MAA2C and MADQN have large variance.
Overall, MAPPO performs best with the lowest total weighted travel time and variance among all the deep
reinforcement learning methods in Case 3.

4.7.3. Training time results
The training time results present the average training time of different DRL algorithms in different cases

under different scenarios.

Table 4.15: Average training time of Case 1

Method | Average training time of an episode (s)
PPO 1.96
A2C 1.99

Table 4.16: Average training time of Case 2

Method | Average training time of an episode (s)
PPO 4.87
A2C 5.28

MAPPO 6.14

MAA2C 6.38

MADQN 5.76

Table 4.17: Average training time of Case 3

Method | Average training time of an episode (s)
PPO 14.26
A2C 9.62

MAPPO 8.88

MAA2C 9.81

MADQN 8.27
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As can be seen from the above three tables, single-agent deep reinforcement learning methods PPO
and A2C have less average training time than multi-agent deep reinforcement learning methods MAPPO,
MAA2C, and MADQN in Case 2 while single-agent deep reinforcement learning methods PPO and A2C
have more average training time than multi-agent deep reinforcement learning methods MAA2C and
MADAQN, which shows that single-agent deep reinforcement learning methods become less time-efficient
with the increase in the number of actions to be determined. As for the policy-based multi-agent deep
reinforcement learning methods, MAPPO need less average training time than MAA2C in both Case 2 and
3. As for the value-based multi-agent deep reinforcement learning method MADQN, it needs less time for
training than the policy-based multi-agent deep reinforcement learning methods MAPPO, MAA2C in both
Case 2 and 3.

4.7.4. Discussion

By reviewing all the results, it can be seen that A2C, MAA2C, MAPPO are the deep reinforcement learning
methods with the best training performance, evaluation performance, lowest variance, and fast training
time in the situations of single traffic light, 2*2 traffic lights, and 3*2 traffic lights respectively. A2C achieves
the best traffic light controls on total travel time of each traffic mode in Case 1. Even though MAA2C and
MAPPO perform slightly worse than max-pressure in terms of total travel time of max-pressure in the
evaluation with 10% more demand of passenger cars in Case 2 and 3 respectively, they have a much
better performance in total weighted travel time and total travel time of passenger cars, which proves their
best general performance under the premise of considering both traffic efficiency and transit priority.

Both single-agent deep reinforcement methods PPO and A2C perform well in the training and evaluation
with fast average training time in the situation of single traffic light while A2C performs slightly better than
PPO. The reason can be that the clipping mechanism of PPO to prevent large updates might inadvertently
cause it to overfit to suboptimal policies in simple environments while less constrained updates of A2C
allow it to explore and generalize better in straightforward tasks. Therefore, both PPO and A2C are
recommended for traffic light control optimization in the road network of single traffic light in multi-modal
simulation.

Even though single-agent deep reinforcement learning methods PPO and A2C perform well in the
situation of single traffic light, they struggle to achieve a good performance in the situations of multiple traffic
lights. This is due to the fact that the single-agent DRL integrates the states of each traffic light to form a
large state set and the formed large state set can not directly show what states belong to which traffic light,
which makes the training process more difficult with the increase in the number of traffic lights. Therefore,
it is recommended to use multi-agent deep reinforcement learning methods instead of single-agent deep
reinforcement learning methods in the situation of multiple traffic lights in multi-modal simulation to avoid
too large size of state set and help the better learning process for DRL algorithms.

As for value-based deep reinforcement learning method MADQN, it performs worse than policy-based
deep reinforcement learning methods MAPPO and MAA2C in both Case 2 and 3. The reason for this
is probably that policy-based deep reinforcement learning methods MAPPO and MAA2C directly learn
a policy, which is a probability distribution over actions, and generate actions from it, allowing them to
explore different strategies and action combinations more effectively for better discovery of optimal policies
in environments where multiple agents interact while the value-based deep reinforcement learning method
MADAQN focuses on estimating the Q-value function for each possible action and optimizing it, which can
lead to overfitting to specific action values, potentially limiting exploration. Therefore, it is advisable to
use policy-based deep reinforcement learning methods for traffic light control optimization in multi-modal
simulation.

As for policy-based deep reinforcement learning methods, MAA2C performs better than MAPPO in the
road network of small sizes but performs worse in the road network of large sizes. This is probably due
to the reason that the advantage-based updates in MAA2C can lead to more aggressive policy changes,
which might be beneficial in simpler, less crowded environments. However, in more complex environments
with more agents, this aggressive updating can lead to poor performance due to over-exploitation, which is
adverse to the coordination between agents. The conservative updates of MAPPO based on the clipping
mechanism encourage more consistent exploration across episodes. This becomes an advantage in
scenarios with more agents, where the environment is more complex, and the need for consistent policy
updates is crucial to maintain performance. Therefore, it is recommended to use MAA2C in road networks
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of multiple traffic lights with small sizes and use MAPPO in road networks with large sizes for more
optimized traffic light control.



Conclusions

5.1. Conclusions

In conclusion, the research applied both single-agent deep reinforcement learning methods PPO, A2C
and multi-agent deep reinforcement learning methods MAPPO, MAA2C, MADQXN for traffic light control
optimization in multi-modal simulation. Experiments are conducted in 3 different cases, which are set in
road networks of different sizes respectively. And all the deep reinforcement methods used are evaluated
in terms of training process, model evaluation, and training time.

The results of the research show that A2C, MAA2C, and MAPPO perform best in road networks of
single traffic light, 2*2 traffic lights, and 3*2 traffic lights respectively. Both PPO and A2C are recommended
for traffic light optimization in the road network of single traffic light in multi-modal simulation. But for
road networks of multiple traffic lights, it is recommended to use multi-agent deep reinforcement learning
methods instead of single-agent deep reinforcement learning methods in multi-modal simulation to avoid
too large size of state set and help the better learning process for DRL algorithms. And it is advisable to
use policy-based deep reinforcement learning methods for traffic light control optimization in multi-modal
simulation. As for road networks of multiple traffic lights, it is recommended to use MAA2C in road networks
of multiple traffic lights of small sizes and use MAPPO in road networks of multiple traffic lights of large
sizes for more optimized traffic light control.

The innovations of the research are mainly reflected in the following three points.

1. The research innovatively considers both traffic efficiency and transit priority for traffic light control
optimization by using the way of assigning a weight for each traffic mode in the computations of queue
length, traffic volume, and travel time for states and rewards in the application of deep reinforcement
learning methods for traffic light control optimization in multi-modal simulation, which can guide
people to choose more environmentally friendly traffic modes and ultimately achieve the goal of
forming a more sustainable transportation system in the urban area.

2. The research explores the use and effectiveness of using different single-agent deep reinforcement
learning methods to control multiple traffic lights in multi-modal simulation.

3. The research evaluates different deep reinforcement learning methods in terms of different aspects
including training curves, performance of each traffic mode, training time, performance of model
evaluation, and performance in road networks of different sizes under the topic of the application
of different deep reinforcement learning methods for traffic light control optimization in multi-modal
simulation.

In summary, this research discovers the use and effects of different deep reinforcement learning
methods in multi-modal simulation, evaluates their performance in road networks of different sizes from
different aspects, and paves the way for developing efficient DRL agents that consider the needs of different
road users and prioritize public transport for the application of DRL in multi-modal simulation, which is
of great significance for achieving more optimized traffic light control that considers multiple factors and
realizing a more efficient and sustainable urban transportation system.

As the research is simplified to some extent, some further measures can be further applied to transform
the research into a mature product in the real world.
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. Different types of sensors like loops and cameras should be installed on each edge of the study area

to obtain the traffic information including weighted traffic volume and weighted queue length and
identify the appearance of buses on the road.

. Enough historical traffic demand data of the study area can be used as the input for training.
. The weight assigned for each traffic mode can be determined based on the actual importance of

each traffic mode defined by the traffic management sector.

However, there are still some limitations existing in this research as shown below:
1.

Only two traffic modes, passenger cars and buses, are considered.

In modern urban traffic, the participation and interaction of multiple traffic modes have become the
norm. Therefore, covering more traffic modes in multimodal simulation is of great significance for the
optimal control of traffic lights in complex scenarios.

The action is only limited to selecting the green phase without involving the corresponding green
phase duration.

In the current framework, the duration for a green phase is just a multiple of 5 seconds, which is less
flexible than also considering the corresponding green phase duration in the action selection directly.

Only the travel time is considered as the reward and performance indicator.

Actually, the control of urban traffic is a large and complicated task considering plenty of factors like
efficiency, safety, energy consumption, level of public transport service, sustainability, and so on. A
more comprehensive reward design and evaluation can be of great significance to optimizing the
DRL-based traffic light control in multi-modal simulation for achieving a balance of multiple goals.

. The road network used is simpler than the real road network.

The road network used in this research is simple, which may not adequately reflect the complexity of
real road network scenarios.

5.2. Recommendations for future work

Based on the limitations mentioned in Section 5.1, further research regarding the application of DRL
algorithms in multi-modal simulation of SUMO can focus on the following several points:

1.

Incorporate more traffic modes.

This can enhance the realism and complexity of the simulated environment, better approximating real-
world scenarios with diverse traffic compositions, and enable the exploration of complex interactions
and dependencies between different traffic modes.

Use both the green phase and the corresponding green phase duration as the action choice.
The application of both kinds of actions can achieve more accurate traffic light control. But this
has to be considered carefully as this could increase the difficulty for the learning process of DRL
algorithms.

Consider multiple factors in reward design.
A more comprehensive reward function allows for promoting the system performance from a more
holistic perspective.

Consider multiple factors in model evaluation.

Evaluating trained models based on a variety of performance metrics provides a more robust
assessment of their capabilities, identifying potential trade-offs and enabling the selection of agents
that excel in specific operational conditions or prioritize particular performance criteria.

Use a part of a real road network as the case study.

This provides a more realistic and complex environment compared to synthetic networks, allowing for
the validation of algorithm performance under realistic traffic conditions. This also enables the direct
comparison of DRL-based policies with existing traffic management systems, providing insights into
the potential benefits and challenges of implementing such algorithms in real-world applications.
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Deep reinforcement learning for traffic light control optimization
in multi-modal simulation of SUMO

Yimin Xu

Abstract

This research investigates the application of different deep reinforcement learning methods for optimizing traffic light
control in multi-modal urban traffic environments using the SUMO traffic simulator. Urban traffic congestion, with its
significant economic, environmental, and social impacts, necessitates more sophisticated control strategies that can adapt
to varying traffic conditions. Traditional traffic control systems, like fixed-time and adaptive methods, are often insufficient
in handling the complexity of multi-modal traffic, which includes various traffic modes such as passenger cars and buses.
Deep reinforcement learning, with its ability to dynamically optimize traffic light control without requiring prior knowledge
of traffic patterns, is a promising method to improve traffic efficiency and achieve transit priority in multi-modal traffic.
The research aims to address the limitations of the existing relevant research by employing several deep reinforcement
learning algorithms, particularly multi-agent deep reinforcement learning methods, to coordinate multiple traffic lights in
SUMO simulation. Research experiments are conducted in three different cases, which are set in road networks of different
sizes respectively, and fixed traffic light control and max-pressure traffic light control are implemented for comparison.
The applied deep reinforcement methods are evaluated in terms of training process and model evaluation. And the
research results demonstrate that deep reinforcement learning methods, especially multi-agent deep reinforcement learning
methods, can significantly enhance traffic flow efficiency and achieve transit priority in complex urban settings in multi-
modal simulation.

1 Introduction

Traffic congestion poses a significant challenge in many urban areas, detrimentally impacting the quality of life and envi-
ronmental sustainability. Increased travel times, fuel consumption, and emissions associated with congestion contribute to
economic losses, air pollution, and greenhouse gas emissions. Additionally, congestion-induced stress and reduced accessibil-
ity to essential services disproportionately affect vulnerable populations, highlighting the urgent need for effective solutions
to optimize multi-modal traffic flow and mitigate the adverse consequences of traffic congestion.

Multi-modal traffic refers to the traffic flow of two or more traffic modes within a road network, which can include
different major transport modes like passenger vehicles, buses, trams, trains, bicycles, pedestrians, and so on. Achieving
transit priority in multi-modal traffic is of great importance as this can help to reduce congestion and improve the efficiency
of public transportation [13]. Traffic control is one of the key strategies to reduce congestion, improve traffic flow, and
achieve transit priority. However, it is also a complex and dynamic task that requires careful planning and coordination
among different modes of transportation, such as passenger cars, and public transport. Traditional control methods like
fixed traffic light control rely on handcrafted rules or fixed schedules that may not adapt well to changing traffic conditions
or user preferences. Adaptive traffic light control systems are not effective in handling highly dynamic and complex traffic
patterns [40]. Responsive traffic light control systems may struggle with scalability and adaptability to rapidly changing
traffic conditions [8].

Currently, reinforcement learning (RL), especially deep reinforcement learning (DRL), has also attracted attention as
a promising technique for helping optimize traffic control [39, 14, 45], as it can potentially overcome the limitations of
traditional methods such as the need for prior knowledge, and adapt to changing traffic patterns in real-time, making them
suitable for dynamic and unpredictable environments like urban traffic networks. It is a type of machine learning where
agents learn from their actions and states within an environment to maximize rewards.

Based on the methods used in reinforcement learning, it can be divided into the following three categories [7]:

e Model-based RL: In model-based reinforcement learning, the main goal of the learner is to estimate the underlying
model of the environment and then improve the policy based on this estimated model [7].

e Value-based RL: In value-based reinforcement learning, attention turns towards approximating the value function,
and policy updates are guided by the estimated value function [7].

e Policy-based RL: Policy-based reinforcement learning enhances the performance of the agent through direct policy
updates [7].

Deep reinforcement learning (DRL) extends traditional reinforcement learning by using deep neural networks to approx-
imate decision-making functions like the value function, policy, or environmental model. This advancement has allowed
agents to function in high-dimensional, complex environments where traditional methods fall short.

SUMO is an open-source microscopic traffic simulator that supports the modeling of complex, multi-modal traffic systems,
including vehicles, public transport, and pedestrians. It accounts for various factors influencing traffic flow, such as road



layout, vehicle behavior, and user interactions. SUMO also supports custom model integration and provides multiple APIs for
external simulation control. A notable feature is the Traffic Control Interface (TraCI), which enables real-time manipulation
of an active traffic simulation [24]. Due to these features, SUMO is employed as the simulation tool in this research.

Even though there are already many studies on deep reinforcement learning for traffic control optimization in traffic
simulation of SUMO, there are still some limitations in the existing relevant studies as stated in Section 2.3. This research
aims to address the mentioned limitations by applying different deep reinforcement learning methods for traffic light con-
trol optimization to improve traffic efficiency and achieve transit priority in multi-modal traffic scenarios by using SUMO
simulator.

The scope of this research includes the following aspects:

e The research area is set in the urban area, as urban areas typically have multi-modal traffic and more complex traffic
dynamics, which makes traffic control a challenging problem and an interesting domain for applying deep reinforcement
learning.

e The traffic control in this research focuses on traffic light control, as it is the main traffic control means in the urban
area.

e The traffic light control in the research is formulated as a discrete-time process, as it allows for more manageable and
computationally efficient modeling of the complex traffic dynamics.

e The multi-modal traffic simulation is set up by using SUMO, as SUMO is able to model different traffic modes and
achieve good interactions between vehicles and traffic lights.

e DRL algorithms, especially MADRL which can handle the situation of multiple traffic lights and facilitate collaboration
between traffic lights, are applied to optimize traffic light control.

The main objective of this research is to optimize and evaluate DRL-based traffic light control for multi-modal traffic
scenarios using SUMO simulator, which is achieved by answering the following main research question:

How can deep reinforcement learning algorithms be effectively applied to optimize traffic light control in multi-modal sim-
ulation of SUMO?

And the main research question is jointly answered by the following sub-questions:

1. How to achieve transit priority in multi-modal simulation?

2. How to effectively represent the state space of a traffic system in multi-modal simulation of SUMO for deep reinforcement
learning?

3. What actions are applied to improve traffic flow and reduce congestion in multi-modal simulation of SUMO?

4. What reward functions can effectively incentivize traffic control algorithms to improve traffic flow and reduce congestion
in multi-modal simulation of SUMO?

5. What deep reinforcement learning algorithms can be used for traffic light control optimization in multi-modal simulation

of SUMO?

6. How to define performance metrics and evaluate the performance of deep reinforcement learning algorithms for traffic
light control optimization in multi-modal simulation of SUMO?

The structure of the following paper is arranged as follows. Section 2 explores the existing literature concerning deep
reinforcement learning for traffic control optimization in traffic simulation of SUMO and identifies some research limitations in
the relevant research so far. Section 3 describes the principle of the main research methods used for multi-modal simulation.
Section 4 describes the case study of the research including the simulation setups, the implementation of different DRL
algorithms, the comparison methods, the computation setups, the experimental evaluation for these methods, as well as
the experimental results with analysis and discussions on different DRL algorithms in different cases. Section 5 summarizes
the main findings, contributions, limitations, and implications of the thesis, and propose some recommendations for future
research.

2 Literature review

This section provides a review of the application of deep reinforcement learning for traffic control optimization in traffic
simulation of SUMO at three different levels: intersection level, vehicle level, and combined level. The intersection level
focuses on optimizing traffic light control to improve traffic flow and reduce congestion. The vehicle level focuses on optimizing
the behavior of individual vehicles to improve traffic efficiency and safety. The combined level focuses on coordinating controls
of different levels to achieve optimal traffic performance across an entire transportation network.

The literature review presented in this section discusses the application of DRL for traffic control optimization at each
of these levels. The various DRL algorithms that have been used, the performance of these algorithms, and the challenges
and opportunities for future research are discussed.



2.1 Deep reinforcement learning for traffic control optimization in single-modal simulation
of SUMO

Currently, the majority of the relevant research about deep reinforcement learning for traffic control optimization using
SUMO is conducted in single-modal simulation, and the utilized traffic control varies a lot including at intersection, vehicle,
and combined level for different optimization objectives.

2.1.1 Deep reinforcement learning for traffic control optimization at intersection level in single-modal sim-
ulation of SUMO

In terms of the studies about deep reinforcement learning for traffic control optimization at intersection level in single-modal
simulation of SUMO, DRL of different categories are applied.

Many related studies use value-based DRL, Deep Q-Network (DQN) or its variants, as the main research methods to
optimize traffic light control in single-modal simulation. Genders and Razavi employed DQN to construct an adaptive
traffic light control agent in SUMO. This system effectively reduced average cumulative delay, average queue length, and
average travel time [10]. Chen, Zhu, and Lu introduced a new adaptive signal control method utilizing DQN to coordinate
traffic light controls on arterial roads. Through traffic data detected in real time, the hybrid global and local reward
functions were optimized, showcasing the effectiveness and efficiency of the method over actual and fix-time traffic light
control methods in SUMO simulations [4]. Guo et al. utilized a DQN DRL approach for traffic light control optimization
at urban intersections. Their simulation results demonstrated that the approach converged well and generalized effectively,
showing notable improvements in wait time and queue length compared to some benchmarking traffic light control approaches
[11]. Bouktif, Cheniki, and Ouni adopted a Parameterized Deep Q-Networks (P-DQN) DRL, considering both continuous
and discrete decisions for traffic light control optimization. Their SUMO simulation results illustrated that the presented
framework using P-DQN markedly reduced average queue length and travel time compared to the alternative traffic light
control systems based on deep reinforcement learning [3]. Wang et al. introduced EP-D3QN, a DRL method for optimizing
traffic light timing that utilizes double dueling deep Q-network (3DQN), self-organizing traffic light control, and max pressure
traffic light control. The simulation results using SUMO demonstrated that EP-D3QN is better than the other four methods
in the scenarios of heavy and light traffic flow respectively, reducing the travel time and waiting time of vehicles [43]. Yu
et al. introduced an innovative approach to enhance the service level of both the bus system and car traffic within a multi-
modal road network. By integrating bus priority and holding strategies with traffic light control using decentralized DQN
controllers, the proposed approach surpasses the performance of model-based adaptive traffic light control approaches and
the centralized reinforcement learning approach in terms of bus stability and traffic efficiency [48]. Shabab, Ali, and Zaki
applied DQN for traffic light control optimization in the road network of multiple intersections. Simulations conducted in
SUMO demonstrate that the suggested deep reinforcement learning model, by optimizing traffic signal timing across multiple
intersections, greatly decreases both waiting time and traffic conflict when compared with the benchmark and is beneficial
for both safety and mobility [37]. Li et al. presented an enhanced Distributional DQN to develop a traffic light control
optimization decision-making model , which effectively leverages intersection environment information for each phase action
to predict the distribution of future total returns. Their experiment results show that the Distributional DQN achieves a
quicker rate of convergence compared to DQN and has a much lower cumulative intersection delay and higher mean driving
velocity [19]. Liang et al. used Dueling Double Deep Q-Network (3DQN) for traffic light control optimization by using the
states of small grids discretized from the intersection and the reward calculated by the difference in cumulative waiting
time between two consecutive time steps. The simulation results using SUMO demonstrate the effectiveness of the model in
managing traffic lights [23]. Li et al. developed an adaptive traffic light control model in SUMO using the Deep Q-Network
algorithm. Real-time traffic data, including the number of vehicles and mean speed at one or more intersections, are utilized
as the states of the model. To minimize the mean waiting time, an optimal traffic signal phase and duration are determined by
the agents for both single-intersection and multi-intersection scenarios. Testing the model with datasets from three different
traffic situations shows that it outperforms three other methods including Q-learning, Webster fixed timing control, and
longest queue first method in terms of the mean travel time and waiting time [18].

There are also some studies applying policy-based DRL for traffic light control optimization in single-modal simulation of
SUMO. Li, Xu, and Zhang introduced a multi-agent deep deterministic policy gradient (MADDPG) method with centralized
learning and decentralized execution, which builds upon the actor-critic policy gradient algorithms. The simulation results of
the model demonstrate that this method can efficiently manage traffic lights [21]. Li et al. presented the Fairness Scheduling
Proximal Policy Optimization (FSPPO), a DRL algorithm that integrates the Proximal Policy Optimization (PPO) algorithm
with a fairness criterion. The algorithm aimed to reduce the longest waiting time for drivers during a traffic light cycle,
and the results indicated its efficient optimization for the fairness criterion [17]. Ma et al. introduced a traffic light timing
optimization strategy utilizing Proximal Policy Optimization (PPO), which enables traffic lights to select proper phases based
on the traffic conditions for each direction of the corresponding intersection. and to dynamically adjust the duration of these
phases. Experiments conducted on actual traffic data using SUMO demonstrate that this approach significantly reduces
the queue length and vehicle waiting times under different traffic scenarios compared to conventional traffic light control
methods [27]. Kumar et al. suggested a traffic-light scheduling scheme using SDDRL, incorporating the dynamics of vehicles
from real-time traffic environments. Their SUMO simulation results demonstrate that the suggested method has improved
multiple performance indicators including throughput, mean speed, mean waiting time, and mean queue length compared to
several state-of-the-art methods including DQN, NFM, FLTC, FTA, and MPA [16]. Li et al. introduced Knowledge Sharing
Deep Deterministic Policy Gradient (KS-DDPG), a multi-agent DRL approach for optimizing traffic light control through



enhanced agent cooperation. By enabling knowledge sharing, every agent is able to access the combined traffic environment
data gathered by all agents. Experiments with synthetic and real-world data show that KS-DDPG outperforms traditional
traffic light control methods and state-of-the-art RL-based methods in efficiently managing large-scale road networks and
handling traffic flow fluctuations [22].

Morever, some studies utilize both value-based and policy-based DRL for traffic light control optimization in single-
modal simulation. Louw, Labuschagne, and Woodley applied two DRL algorithms PPO and DQN to improve urban traffic
management on a simulated intersection in SUMO. The experiment results show that both methods showcase significant
enhancements over conventional traffic light control methods [25]. Mei et al. applied two DRL algorithms PPO and DQNs
to establish a model in SUMO simulation in an area with two signalized intersections and two railroad crossings. The results
of SUMO simulation underscore the superior performance of the presented DRL-based traffic light control method over the
fixed traffic light control [29].

In conclusion, this review underscores the diverse and effective applications of deep reinforcement learning (DRL) for
optimizing traffic control at the intersection level within single-modal SUMO simulations. The studies discussed demonstrate
that value-based DRL methods, particularly Deep Q-Networks (DQN) and its variations, have consistently improved traffic
efficiency by reducing delays, queue lengths, and travel times across various traffic scenarios. Additionally, policy-based
DRL approaches, such as those utilizing Proximal Policy Optimization (PPO) and Deep Deterministic Policy Gradient
(DDPG@), have proven effective in more complex, multi-agent environments, further enhancing traffic signal control. Moreover,
hybrid approaches combining both value-based and policy-based methods have shown significant promise, underscoring the
adaptability and robustness of DRL in managing urban traffic at intersections. These findings collectively suggest that DRL
offers a powerful and flexible solution for optimizing traffic signal control, paving the way for more intelligent and responsive
urban traffic management systems.

2.1.2 Deep reinforcement learning for traffic control optimization at vehicle level in single-modal simulation
of SUMO

In terms of the studies about deep reinforcement learning for traffic control optimization at vehicle level in single-modal
simulation of SUMO, value-based or policy-based DRL is also applied in the existing relevant research.

Many related studies use value-based DRL, Deep Q-Network (DQN) or its variants, as the main research methods to
optimize traffic control at vehicle level. Koh et al. introduced an improved DQN approach for constructing a smart vehicle
routing and navigation system that operates in real time. The experimental results show that the introduced approach
showcased superior performance over the benchmark algorithms for routing optimization [15]. Makantasis, Kontorinaki,
and Nikolos used Double Deep Q-Network (DDQN) DRL for developing a driving policy under the traffic situations both
involving manual and autonomous driving vehicles on the road. The simulation results of SUMO show that the developed
DRL-based driving policy has better performance over SUMO policies, under the scenarios with and without the introduction
of uncertainties [28]. In a different study, Zhao, Qu, and Xu utilized the DDQN DRL to model the decision-making process
and interactions among vehicles during highway driving. The agent vehicle, as per the simulation results, demonstrated
the capability to accomplish the highway driving task easily, approximating the maximum safe driving velocity that avoids
collisions [49].

There are also some research applying policy-based DRL for traffic control optimization at vehicle level in single-modal
simulation of SUMO. Bagwe et al. introduced an innovative method for ensuring the robust on-ramp merge of Connected and
Autonomous Vehicles through Augmented and Multi-modal DRL considering comfortable driving behavior, driving safety,
and traffic efficiency. To enhance the reliability of the merging operations, surveillance images and basic safety messages
are both used at the same time for multi-modal observation to train a policy model using PPO with augmented data. The
simulation results of SUMO demonstrate the effectiveness and efficiency of their robust on-ramp merging design in two
typical merging scenarios [2]. In another study, Li et al. used Deep Deterministic Policy Gradient (DDPG) to develop a
driving strategy for individual vehicles with the purpose of reducing oscillations and enhancing traffic safety in stop-and-go
waves. Their SUMO simulation results demonstrate that the developed strategy outperforms the adaptive cruise control and
jam-absorbing driving strategies, showcasing its effectiveness in lowering the risk of accidents [20]. Sz6ke et al. employed the
Vanilla Policy Gradient method to develop an agent for navigation and driving behavior optimization. The experimental
results reveal that the developed agent can safely navigate through varying highway traffic conditions and successfully traverse
the specified section while maintaining the reference velocity in a preset highway situation [41].

In summary, the application of deep reinforcement learning (DRL) for traffic control optimization at the vehicle level
within single-modal SUMO simulations has yielded promising results. Both value-based and policy-based DRL approaches
have been effectively employed to enhance vehicle routing, driving policies, and decision-making processes. Studies utilizing
Deep Q-Networks (DQN) and its variants have demonstrated significant improvements in vehicle navigation, route optimiza-
tion, and highway driving scenarios, showcasing the ability of these methods to adapt to dynamic traffic conditions and avoid
congestion. Additionally, policy-based DRL methods, such as Proximal Policy Optimization (PPO) and Deep Deterministic
Policy Gradient (DDPG), have proven effective in addressing challenges like safe merging of autonomous vehicles and miti-
gating traffic oscillations. Collectively, these findings highlight the potential of DRL to optimize vehicle-level traffic control,
enhancing both safety and efficiency in various driving environments.



2.1.3 Deep reinforcement learning for traffic control optimization at combined level in single-modal simu-
lation of SUMO

In terms of the studies about deep reinforcement learning for traffic control optimization at combined level, much fewer
studies are conducted and the existing study of Wang et al. uses both policy-based DRL and actor-critic DRL which uses
both a policy network (actor) and a value network (critic) to learn optimal policies.

Wang et al. presented a centralized traffic control system featuring a unique double-layer structure designed to syn-
chronize a plurality of variable speed limit and ramp metering traffic controllers. The policy-based DRL approaches are
incorporated in the system to learn coordinated actions within a high-dimensional traffic environment on the freeway. The
simulation results indicate the superiority of policy-based methods over alternative approaches including TD3, DDPG, fixed-
time ramp metering, and integrated feedback control in terms of the total travel time savings in the scenarios of a single-ramp
interweaving area and a large freeway corridor with a plurality of off-ramps and on-ramps [44].

In conclusion, research on deep reinforcement learning (DRL) for traffic control optimization at the combined level in
single-modal SUMO simulations is relatively sparse, with only a few studies exploring this complex area. The work by C.
Wang et al. stands out by employing policy-based DRL to develop a centralized traffic control system that synchronizes
multiple traffic management strategies, such as ramp metering and variable speed limits. This approach has demonstrated
the potential to significantly enhance freeway mobility and reduce congestion, particularly in challenging traffic environments.
The study’s results underscore the effectiveness of policy-based DRL in managing high-dimensional traffic scenarios, offering
a promising direction for future research in integrated traffic control systems.

2.2 Deep reinforcement learning for traffic control optimization in multi-modal simulation

of SUMO

Compared to the research about deep reinforcement learning for traffic control optimization in multi-modal simulation, much
fewer studies conduct the research in multi-modal simulation. And it is often the case that only one kind of traffic control
at intersection or vehicle level is used in each study.

2.2.1 Deep reinforcement learning for traffic control optimization at intersection level in multi-modal sim-
ulation of SUMO

As for the research regarding deep reinforcement learning for traffic control optimization at intersection level, most studies
focus on using DQN as their training algorithms to optimize traffic light control.

Shen et al. utilized DQN for managing bus signal priority at intersections within a bus network, which considers the
needs of both general traffic and pedestrians while ensuring priority access for each bus flow. The simulation experiments
using SUMO demonstrate that the proposed method significantly decreases bus waiting times and the mean waiting time of
all vehicles in comparison to the actuated traffic light control and the fixed-time traffic light control methods [38].

A system that uses connected vehicle technology to give priority to transit signals is proposed by Zhong, Liu, Li, et al.,
employing DQN for traffic light control optimization. The system utilizes Vehicle-to-Infrastructure (V2I) communication
technology to gather real-time data on vehicle movement, traffic light phase information, and states of the road traffic.
Experiments conducted using SUMO demonstrate that the proposed system has significant reductions in both vehicle delay
and cumulative delay per passenger in comparison to the conventional traffic light control under the scenarios with low and
medium traffic densities [50].

Han et al. proposed a traffic light control method considering pedestrian behavior based on the Dueling Double Deep
Q-Network (3DQN) algorithm, which integrates the strengths of Double DQN and Dueling DQN algorithms. The method
simultaneously considers traffic safety, traffic efficiency, pedestrian waiting times, and vehicle waiting times. Simulation
experiments conducted using SUMO on real intersection scenarios demonstrate that the proposed approach significantly
reduces both pedestrian waiting times and the number of pedestrians waiting at crossroads compared with the Dueling DQN
method [12].

In summary, the application of deep reinforcement learning (DRL) for traffic control optimization at the intersection level
in multi-modal SUMO simulations has primarily focused on enhancing traffic light management using DQN-based approaches.
The studies reviewed have shown significant advancements in reducing vehicle and pedestrian waiting times while improving
overall traffic flow. By incorporating considerations for various traffic participants, such as buses and pedestrians, these
DRL methods have demonstrated superior performance compared to traditional control techniques. The success of these
approaches highlights the potential of DRL to create more efficient and responsive traffic control systems in multi-modal
urban environments.

2.2.2 Deep reinforcement learning for traffic control optimization at vehicle level in multi-modal simulation
of SUMO

As for the research regarding deep reinforcement learning for traffic control optimization at vehicle level, only the existing
study of Codeca and Cahill has been known so far.

Codeca and Cabhill assessed the potential of employing multi-agent PPO (MAPPO) to coordinate journey plans in large-
scale events like concerts and sports events. They utilize multi-agent MAPPO to develop synchronized plans that consider the
availability, needs, and constraints of various traffic modes with the objective of increasing just-in-time arrival. The findings



indicate that the devised plan effectively enhances the mean travel time and punctuality rates compared to a simplistic
decision-making algorithm relying on estimated travel times [5].

In conclusion, the study by Codeca and Cahill offers valuable insights into the use of multi-agent PPO for optimizing
vehicle-level traffic control in multi-modal SUMO simulations, particularly in the context of large-scale events. Their research
demonstrates the effectiveness of coordinated transportation planning, taking into account various transportation modes and
infrastructure constraints. The results highlight the potential of advanced DRL methods like MAPPO to significantly enhance
travel efficiency and punctuality, providing a promising approach to managing complex traffic scenarios during major events.

2.3 Discussion

The reviewed literature has shown that the potential of DRL for traffic control optimization is significant, and has provided
valuable insights into the application of DRL for traffic control optimization. However, there are still several limitations
existing in the relevant literature.

One of the limitations is the limited consideration of using total travel time as the optimization indicator for the application
of DRL in multi-modal simulation of SUMO. Most existing studies focus on scenarios with only passenger vehicles, while
real-world traffic systems also include other traffic modes. Even though there are few relevant studies considering multiple
traffic modes, they did not use total travel time as the optimization indicator. Total travel time includes not only the time
spent waiting at traffic lights but also the time spent moving through the network. And total travel time can also capture
the impact of various traffic conditions, including congestion, traffic light delays, and road capacity, which makes it a more
holistic indicator than other factors like total waiting time, total delay, and so on.

The second limitation is that the potential of using single agent to control multiple traffic lights remains unexplored. So
far, for the case of multiple intersections, related studies have used multi-agent deep reinforcement learning methods but
have not considered using a single agent to control multiple intersections.

Another limitation is that the performance of different DRL for traffic light control optimization in multi-modal simulation
in road networks of different sizes is not explored. Exploring the performance of deep reinforcement learning for traffic light
control optimization in road networks of different sizes is crucial because it allows for a comprehensive understanding of the
scalability and adaptability of DRL algorithms. Different road network sizes present unique challenges and complexities, such
as varying traffic patterns, congestion levels, and infrastructure constraints. Applying DRL only to a single road network
cannot well show the strengths, limitations, and its applicability for different situations.

In addition, the evaluation of DRI-based traffic light control policies is very limited in the reviewed literature. Most of
the related studies only mention the training process and do not conduct a reasonable and diversified evaluation of the DRL
training model. Therefore, the effect and applicability of DRL on traffic control can not be fully reflected.

Based on the findings of the literature review, several points are presented to address the current limitations:

e Expand the scope of DRL research to use total travel time as the optimization indicator in multi-modal
simulation.
Total travel time accounts for the entire journey of a vehicle from start to finish, providing a more comprehensive
measure of traffic efficiency.

e Explore the use and effectiveness of using different single-agent DRL to control multiple traffic lights
in multi-modal simulation.
A single-agent DRL system has the potential to optimize traffic flow holistically by considering the states and the
impact of decisions on the entire network rather than making independent decisions for each intersection, which might
lead to better training performance compared to the multi-agent DRL system.

e Explore the performance of different DRL for traffic light control optimization in multi-modal simulation
in road networks of different sizes.
By exploring the performance of different DRL for traffic light control optimization in multi-modal simulation in road
networks of different sizes, the effectiveness of different DRL in different situations can be fully demonstrated.

e Evaluate different DRL in terms of different aspects.
By evaluating different deep reinforcement learning methods considering more factors, the advantages and disadvantages
of each deep reinforcement learning can be analyzed from a more comprehensive perspective, showing the effect and
applicability of each method.

By addressing these research limitations, DRL has the potential to revolutionize traffic control and significantly improve
traffic efficiency, safety, and sustainability.

2.4 Conclusion

This literature review provides a comprehensive overview of the application of deep reinforcement learning for traffic control
optimization at three different levels: intersection level, vehicle level, and combined level. Plenty of studies on DRL-based
traffic control have demonstrated promising results in improving traffic efficiency and reducing congestion. However, there are
still some limitations in the existing relevant literature to be addressed. Several points are presented to solve the limitations
existing in the relevant research.



3 Research methodology

This section illustrates the research methodology used for this research in detail. In this research, the process of traffic
light control is modeled as a Markov Decision Process. And different single-agent and multi-agent DRL including PPO,
A2C, MAPPO, MAA2C, and MADQN are applied to optimize traffic light control in multi-modal simulation as all of them
support multiple action choices for one agent at each step. In order to test the effectiveness and performance of these DRL
algorithms, fixed traffic light control and max-pressure traffic light control are also implemented for comparison.

3.1 Markov Decision Process

A Markov Decision Process (MDP) is introduced by Puterman, which provides a framework for representing and analyzing
the interaction between an agent and its environment. It is characterized by a set of states, a set of actions available to the
agent in each state, a transition model describing the probability of moving from one state to another given a specific action,
and a reward function that assigns a numerical reward to each state-action pair.

Traffic light control in multi-modal simulation using SUMO can be effectively formulated as an MDP for several reasons:

1. State Dependence: MDPs rely on the principle of Markov property, where the future state depends on the current
state and chosen action. This aligns well with traffic light control, where the current traffic conditions fully determine
the potential outcomes of the next action.

2. Discrete States and Actions: Even though the real traffic environment is continuous, SUMO discretizes both states
and actions for simulation purposes. This discrete nature makes it compatible with the discrete framework of MDPs.

3. Sequential Decision Making: Traffic light control involves making a series of decisions over time, where each decision
affects the subsequent state and possible future decisions. This sequential decision-making process mirrors the core
concept of MDPs.

4. Reward Signal Definition: MDPs require a reward signal to evaluate the effectiveness of chosen actions. In traffic
light control simulations, various relevant indicators can be defined as rewards, such as travel time, queue length, and
fuel consumption.

5. Reinforcement Learning Compatibility: MDPs offer a solid foundation for applying reinforcement learning al-
gorithms, which are particularly suited to multi-agent environments. By learning from reward feedback, the control
system can adapt its actions dynamically to optimize chosen performance metrics.

3.1.1 State design

In this research, the traffic information of each edge in the road network is assumed to be known. The weighted traffic
volume (i.e. number of vehicles) and weighted queue length at each intersection are used as the states for observation, as
they can well reflect the traffic conditions on the road and help realize the transit priority.

The weighted traffic volume of the incoming lanes of each green phase for each traffic light at each time step is calculated
by the sum of the results of multiplying the total number of each vehicle type in the incoming lanes of each green phase for
each traffic light at each time step by the weight of the corresponding vehicle type as shown in Equation 1.

Vol = Z oy ¥no™ Yt e T,m e M,pe P™ (1)
veV,leL™p

where Vol;"? is the weighted traffic volume of the incoming lanes of the green phase p for the traffic light m at the time
step t, nv/""" is the number of vehicles of vehicle type v of the incoming lane I of the traffic light m at the time step ¢, V is
the vehicle type set, «,, is the weight for the vehicle type v, M is the traffic light set, P™ is the green phase set of the traffic
light m, and L™P is the lane set of the phase p of the traffic light m, T is the time step set, the length of a time step § is
set to be 5 seconds, because the length of a time step has to be larger than yellow time (3 seconds) to ensure that the new
green phase chosen at the last time step can be activated before the new green phase.

The weighted queue length of the incoming lanes of each green phase for each traffic light at each time step is calculated
by the sum of the results of multiplying the total queue length of each vehicle type in the incoming lanes of each green phase
for each traffic light at each time step by the weight of the corresponding vehicle type as shown in Equation 2.

Que;"? = Z a, xnsi™ YVt e T,m e M,pe P™ (2)
veV,leLm»

where Quey™? is the weighted queue length of the incoming lanes of the green phase p for the traffic light m at the time
step t, nsy"’ is the number of stopping vehicles of vehicle type v of the incoming lane [ of the traffic light m at the time step
t.

According to the research conducted by Network for Transport Measures (NTM) which is a non-profit organization striving
to develop a unified framework for assessing the environmental impact of diverse transportation modes encompassing both
freight and passenger travel, the usual passenger occupancy of the bus is 15-20 [33]. Thus, in this research, the weight for
bus s is set to be 20, and the weight for passenger car apgssenger is set to be 1.



As for multi-agent DRL, each agent controls one traffic light and the state of the agent is the state of the controlled traffic
light, including the normalized weighted volume and the normalized weighted queue length, as shown in Equation 3.

Voli"" Quey™
200 7 200
where s}” is the state for the traffic light m at the time step ¢, S™ is the state set of the traffic light m, P™ is the green

phase set of the traffic light m.
As for single-agent DRL, one single agent controls all the traffic lights and the state of the agent is the combination of
the states of all the traflic lights as shown in Equation 4.
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3.1.2 Action design

In this research, the action for each traffic light is assumed to be which green phase to activate at each time step so that
the number of actions for each episode is fixed, which is beneficial to the learning process. Every time a green phase change
occurs, the next phase is preceded by a corresponding yellow phase with a duration of 3 seconds.

For multi-agent DRL, each agent controls one traffic light, so the action space of each agent has to be Discrete, which
allows each agent to determine the action of the controlled traffic light as shown in Equation 5.

action* =p VteT,m e M,action;” € A™,p e P™ (5)

where A™ is the action set of the traffic light m. At each time step ¢, each agent chooses the action action]® for the
controlled traffic light m from its green phase set P™. The number of actions of the traffic light m is equal to the number
of green phases of it. That is, |[A™| = |P™]|.

For single-agent DRL, one single agent has to control the actions of all the traffic lights. Therefore, the action space of
the agent in this research has to be MultiDiscrete, which allows one single agent to determine the action for each traffic light
at each time step as shown in Equation 6.

ar = laction}, action?, ..., action™] ¥t € T,m € M,a; € A,action]* € A™ (6)

where A is the action set of the agent. At each time step ¢, the agent chooses the action action}* for the traflic light m
from its green phase set P™.

3.1.3 Reward design

In this research, the weighted travel time of vehicles in all the incoming lanes of the intersection controlled by each traffic
light at each time step is calculated by multiplying the weighted traffic volume of the incoming lanes of each green phase for
each traffic light at each time step by the length of a time step as shown in Equation 7.

TTS = > Vol x5 VteT,meM (7)
pepm™

where TT'S{" is the weighted travel time of vehicles in all the incoming lanes of the intersection controlled by the traffic
light m at the time step ¢.

And the total weighted travel time of vehicles in all the incoming lanes of all the intersections at each time step is the
sum of the weighted travel time of vehicles in all the incoming lanes of the intersection controlled by each traffic light at each
time step as shown in Equation 8.

TTS; = » TTS VteT,meM (8)
meM

where TT'S; is the total weighted travel time of vehicles in all the incoming lanes of all the intersections at the time step

For multi-agent DRL, the reward at each time step for each agent r;” in this research is defined as the normalized negative
total weighted travel time of vehicles in all the incoming lanes of the traffic light controlled by each agent at the time step ¢
as shown in Equation 9.

m TTS?rL m m
Tyt =— 1006 VieT,meM,r{" € R (9)

where r}" is the reward of the traffic light m at the time step ¢, R™ is the reward set of the traffic light m.
For single-agent DRL, the reward at each time step r; of the agent in this research is defined as the negative total weighted
travel time of vehicles in all the incoming lanes of all the traffic lights at the time step ¢ as shown in Equation 10.

ry = 7TTSt Vit € T, re € R (10)



3.2 Deep Q-Network

As can be seen from Section 2, many relevant studies apply Deep Q-Network for traffic light optimization, which shows that
DQN has already been a commonly used DRL method for traffic control optimization in traffic simulation.

The Deep Q-Network (DQN) algorithm was first introduced by Mnih et al. to address the limitations of Q-Learning [32].
It is a pioneering algorithm in the field of deep reinforcement learning that utilizes a convolutional neural network (CNN) to
approximate the Q-values, enabling the agent to generalize across similar states and actions based on their representations
in the neural network. This architecture allows DQN to handle complex and high-dimensional state spaces more effectively
than traditional Q-Learning [31].

The DQN agent interacts with the environment and stores its experiences (state, action, reward, next state) in an
experience replay buffer. From this buffer, random mini-batches of experiences are sampled and passed through the prediction
network, which estimates Q-values for various actions. To stabilize learning, a target network, updated less frequently, is
used to generate target Q-values. These target values are compared with the predicted Q-values using the DQN loss function,
and the resulting error is used to update the prediction network, gradually improving the performance of the agent.

3.3 Proximal Policy Optimization

Proximal Policy Optimization (PPO) is a deep reinforcement learning algorithm introduced by Schulman et al. and is part
of the broader category of policy gradient methods, where the policy directly maps states to actions.

The PPO agent interacts with the environment, storing its experiences in a sample memory. Mini-batches of these
experiences are drawn from memory and passed to both the actor and critic networks. The actor network calculates the
probability ratios, which are then clipped to ensure stable policy updates. Meanwhile, the critic network computes the value
function, providing an estimate of the expected returns. The advantage function is used to guide the policy improvement
by comparing actual returns with the estimated value. The PPO loss is a combination of the clipped probability ratio (for
stable policy optimization) and the value loss (for accurate state-value predictions), and this loss is minimized to improve
both the actor and critic networks.

3.4 Advantage Actor Critic

Advantage Actor-Critic (A2C) is a synchronous version of the Asynchronous Advantage Actor-Critic (A3C) algorithm, which
is a deep reinforcement learning method introduced by Mnih et al., Dhariwal et al. that enhances the stability and efficiency
of training by running multiple agents in parallel, each interacting with separate environments.

The A2C agent interacts with the environment, gathering information about the current state. The actor network uses
this state to determine the optimal action policy, deciding which actions the agent should take. Simultaneously, the critic
network evaluates the state by estimating the value function, which assesses the expected rewards for the given state. The
actor and critic networks work together: the actor optimizes the policy, and the critic helps guide the actor by providing
feedback on how good or bad the chosen actions are based on the expected future rewards.

While A3C uses multiple independent neural networks to generate trajectories and update parameters asynchronously,
A2C achieves this synchronously. This synchronous update mechanism is more cost-effective and performs better than
asynchronous implementations and can leverage GPUs efficiently [34]. So far, A2C has been widely used in reinforcement
learning tasks, including Atari games and continuous control [30, 6].

3.5 Multi-agent deep reinforcement learning

Multi-agent deep reinforcement learning (MADRL) builds on traditional DRL by applying it to settings with multiple agents
that may have individual goals or work towards a common objective. In these scenarios, agents make decisions through
interactions with their environment and each other, refining their strategies based on the rewards or feedback they receive.
Based on the way of learning, multi-agent deep reinforcement learning can be classified into two categories: centralized
multi-agent DRL and decentralized multi-agent DRL.

In centralized multi-agent deep reinforcement learning, agents either follow a shared policy or are directed by a central
controller with access to the global state of the environment. This centralized method enables better coordination among
agents, as the central controller can evaluate the actions and states of all agents at once. This can result in more optimized
collective strategies, especially in situations where agent interactions are intricate and closely linked [26].

However, centralized multi-agent deep reinforcement learning can be demanding in terms of computation and may struggle
to scale with an increasing number of agents or a larger environment. It can also face communication bottlenecks and delays,
as the central controller must process and respond to data from all agents in real time. This can be a significant disadvantage
in dynamic settings where quick decision-making is crucial.

In contrast, decentralized multi-agent deep reinforcement learning enables each agent to function and learn on its own,
relying solely on its local observations and experiences. Each agent formulates its own policy, striving to enhance its
performance while taking into account the actions of nearby agents as part of the environment. Decentralized methods are
generally more scalable and robust, as they reduce the reliance on a single point of failure and are better equipped to manage
the complexity of environments with numerous agents.

In summary, decentralized multi-agent deep reinforcement learning is used in this research due to its scalability and
robustness in complex urban environments.



3.6 Fixed traffic light control

Fixed traffic light control is the most common and straightforward method for managing traffic flow at intersections. It
operates on a predetermined schedule, cycling through green, yellow, and red lights according to a fixed timing plan which
is based on average traffic conditions and remains unchanged regardless of real-time traffic variations. The simplicity and
predictability of fixed traffic light control make it an easily implemented and widely used approach.

However, fixed traffic light control also has some disadvantages. The most significant is its lack of adaptability. Because
the timing of the lights does not change in response to real-time traffic conditions, fixed traffic light control can lead to
unnecessary delays during off-peak hours or when traffic is unusually light. Additionally, it can struggle to effectively manage
traffic during unexpected surges or incidents.

Despite these limitations, fixed traffic light control remains a viable option for managing traffic in many situations, particu-
larly in areas with predictable traffic patterns or limited resources for more advanced control systems. The research conducted
by Allsop illustrates the effectiveness of fixed light control in situations where traffic demand is relatively predictable [1].

3.7 Max-pressure traffic light control

Max-pressure traffic light control, designed by Varaiya, is an advanced adaptive traffic light control method for manag-
ing traffic at signalized intersections in real time [42]. Unlike fixed traffic light control, max-pressure traffic light control
dynamically adjusts the phase based on the current traffic state, aiming to minimize congestion and delays.

The core idea behind max-pressure control is to calculate the pressure of each phase, which is a measure of the imbalance
between the incoming and outgoing traffic on links of each phase connected to the intersection. By prioritizing movements
that relieve the most pressure, this approach helps to prevent the buildup of queues and smooths traffic flow across the
network [46].

So far, max-pressure traffic light control has showed its effectiveness in traffic light control optimization. Comparative
experiments conducted by Varaiya demonstrate that the max-pressure control system offers a more reliable and efficient
solution for managing traffic at intersections compared to other local controllers such as priority service and fully actuated
control [42].

4 Case study

This section describes the case study of the research in detail including the simulation setups, the implementation of different
DRL algorithms (PPO, A2C, MAPPO, MAA2C, MADQN), the comparison methods (fixed, max-pressure), the computation
setups as well as the experimental evaluation for these methods.

4.1 Simulation setups
4.1.1 Network setups

Network setups are conducted by using netedit, which is a graphical network editor in SUMO to create the road network for
simulation [24].

This research conducted training under three different cases including a road network of single intersection, a road network
of 2*2 intersections, and a road network of 3*2 intersections as shown in Figure 1, Figure 2, and Figure 3 respectively.

For all the cases, each edge has three lanes and the length of each edge is 1 km. At the end of the three lanes, only left
turn, straight ahead, and right turn is allowed respectively. And there are traffic lights controlling the traffic flow at each
intersection of both road networks. For Case 1, there is a bus line with two opposite routes. For Case 2, there are two bus
lines with two opposite routes. For Case 3, there are also two bus lines with two opposite routes. To simplify, one bus stop
is set in the middle of each edge that bus routes pass through. And at each bus stop in these routes, the bus is set to stop
for 15 seconds to imitate the behavior of a bus picking up and dropping off passengers.
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Figure 3: Case 3: road network of 3*2 intersections
turns of each pair of opposite roads are designed in one separate phase, and the left turns of each pair of opposite roads are
11

As for the phase setups, the typical phase settings are applied in the case study. As shown in Figure 4, the straight and right

4.1.2 Phase setups



also designed in one separate phase to ensure smooth passage of left-turning traffic.

(f) (2)

Figure 4: Phase settings

4.1.3 Demand setups

As there are two kinds of traffic modes, passenger cars and buses, considered in this research, the demands of both are set
up.

As for the demands of vehicle passengers, randomTrips of SUMO is used to generate a set of random trips starting from
and ending towards the marginal edges of the road network for passenger cars. For Case 1, the demand for passenger cars
is set to be 1500 veh/h. For Case 2, the demand for passenger cars is set to be 2500 veh/h. For Case 3, the demand for
passenger cars is set to be 3000 veh/h. The values of these demands are set to cause bottlenecks in each case and avoid the
complete blockage of the road network.

As for the demands for buses, 6 buses per hour are set for each bus route for all 3 cases.

4.2 DRL algorithm implementation

The implementation process of the DRL algorithm is shown in Figure 5.
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Figure 5: Flow chart of the DRL algorithm implementation process

netedit and randomTrips are first used to create the network file, additional file of bus stops, route file of passenger
cars, and route files of buses respectively. Then, these files are used by TraCI for initializing and running the simulation.
During the simulation process, the agents in the DRL algorithm assign the actions for the corresponding traffic lights, and
then the simulation continues by conducting the actions and feeding the states and rewards back to the agent in the DRL
algorithm. This process is repeated until the maximum number of training episodes is reached, and the trained model is
obtained. After the training process of the DRL algorithm is finished, the obtained trained model is evaluated by using two
new multi-modal simulations set up by adding 10% random demand and deleting 10% random demand for passenger cars
to the original multi-modal simulation.

In this research, the majority of hyperparameters use the default value in the python package stable_ baselines3, while the
learning rate and number of steps per update of MAA2C vary a little bit. The learning rate of single-agent DRL is 0.0001,
the learning rate of multi-agent DRL in Case 2 is 0.001, and the learning rate of multi-agent DRL in Case 2 is 0.0005. The
number of steps per update of MAA2C is 128.

4.3 Fixed traffic light control implementation

In the case study, the implementation of fixed traffic light control is set to shift to the next green phase every 15 seconds,
and the next green phase is determined by a fixed green phase sequence schedule, which is the sequence as shown in Figure
4.

4.4 Max-pressure traffic light control implementation

As the max-pressure traffic light control is very complicated and difficult to program and implement directly, many studies
use a variant of max-pressure for research instead. A variant of max-pressure used by some research [47, 9] is implemented
in this case study. In the case study, the implementation of max-pressure traffic light control is set to choose the next green
phase every 15 seconds to guarantee the release of the traffic pressure in time and avoid wasting traffic efficiency due to
too frequent green phase changes, and the next green phase is determined by max pressure green phase, which is the green
phase having the most difference between the total weighted incoming traffic volume and the total weighted outgoing traffic
volume.

4.5 Results

This section provides a description and discussion of the training results and model evaluation results of different DRL
algorithms in different cases.
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4.5.1 Training results

The training results use line plots to show the change, trend, and training performance of different DRL algorithms in
different cases.
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Figure 6: Training Process of different DRL algorithms of Case 1

In Case 1, the total weighted travel time, the total travel time of passenger cars, and the total travel time of buses of

fixed traffic light control are 712355 s, 445855 s, and 13325 s respectively.
As can be seen from Figure 6, both PPO and A2C perform slightly better than max-pressure after the convergence of
the training process, and A2C shows smaller fluctuations than PPO.
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Figure 7: Training Process of different DRL algorithms of Case 2

In Case 2, the total weighted travel time, the total travel time of passenger cars, and the total travel time of buses of
fixed traffic light control are 2514635 s, 1951935 s, and 28135 s respectively.

As can be seen from Figure 7, the single-agent deep reinforcement learning methods PPO and A2C become more volatile
and perform worse than max-pressure in Case 2, while multi-agent deep reinforcement learning methods MAPPO, MAA2C,
and MAPPO perform better than max-pressure and demonstrate smaller fluctuations than single-agent deep reinforcement
learning methods after convergence. Among the three multi-agent deep reinforcement learning methods, MAA2C performs
best after convergence, MAPPO needs more episodes to converge, and MADQN shows the largest fluctuations after conver-

gence.
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Figure 8: Training Process of different DRL algorithms of Case 3

In Case 3, the total weighted travel time, the total travel time of passenger cars, and the total travel time of buses of
fixed traffic light control are 3126960 s, 2533160 s, and 29690 s respectively.

As can be seen from Figure 8, the single-agent deep reinforcement learning methods PPO and A2C become more volatile
and perform worse than max-pressure in 3, while multi-agent deep reinforcement learning methods MAPPO, MAA2C, and
MAPPO perform better than max-pressure and demonstrate smaller fluctuations than single-agent deep reinforcement learn-
ing methods after convergence. Among the three multi-agent deep reinforcement learning methods, MAPPO performs best
after convergence, MAA2C needs more episodes to converge, and MADQN shows the largest fluctuations after convergence.

4.5.2 Model evaluation results

In this research, the model evaluation experiments are conducted under two scenarios with 10% less demand of passenger
cars and 10% more demand of passenger cars. In each scenario, the evaluation experiments are repeated for 10 times. The
model evaluation results use tables to demonstrate the mean and standard error of the three indicators of DRL performance
for different DRL algorithms in different cases. The statistics of model evaluation results of Case 1 are shown in Table 5 and
6.

Table 1: Statistics of model evaluation results with 10% less demand of Case 1

Method Ttotal (S> Ototal Tpassenger (S) Opassenger Tbus (S) Obus
Fixed 665095.0 - 398395.0 - 13335.0 -
Max-pressure | 135125.0 - 108425.0 - 1335.0 -

PPO 131690.5 | 633.9 105290.5 477.1 1320.0 | 13.6

A2C 129384.0 | 442.5 103164.0 417.8 1311.0 6.6

Table 2: Statistics of model evaluation results with 10% more demand of Case 1

Method T'iotal (S) Ototal Tpassenge'r (S) Opassenger Thus (S) Obus
Fixed 753430.0 - 486830.0 - 13330.0 -
Max-pressure | 158260.0 - 131260.0 - 1350.0 -

PPO 157036.0 | 843.2 129716.0 950.7 1366.0 | 26.9

A2C 154631.0 | 694.3 127561.0 713.9 1353.5 | 25.3

As can be seen from Table 1 and 2, both PPO and A2C perform better than max-pressure with a small standard error
in terms of total weighted travel time and total travel time of passenger cars under the scenarios with 10% less demand and
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10% more demand. As for total travel time of buses, PPO and A2C perform similarly to max-pressure. As for standard
errors, A2C has lower standard errors for evaluation results than PPO, which means A2C has lower variance than PPO.
Overall, A2C performs best with lower total travel time of passenger cars, similar total travel time of buses to max-pressure,
and lower variance among all the deep reinforcement learning methods in Case 1.

Table 3: Statistics of model evaluation results with 10% less demand of Case 2

Method T (S) Ototal Tpassenger (S) Opassenger Tbus (S> Obus
Fixed 2296885.0 - 1734685.0 - 28110.0 -
Max-pressure | 736890.0 - 606690.0 - 6510.0 -
PPO 819064.0 | 20272.4 655684.0 15746.6 8169.0 | 316.2
A2C 816489.0 6043.8 679729.0 5683.3 6838.0 | 101.0
MAPPO 663550.5 4359.4 933970.5 3236.2 6479.0 67.9
MAA2C 641319.0 2794.6 514089.0 3166.9 6361.5 35.4
MADQN 675208.5 6119.8 040848.5 5961.2 6718.0 88.7

Table 4: Statistics of model evaluation results with 10% more demand of Case 2

Method T (S) Ototal Tpassenge'r‘ (S) Opassenger Thus (S) Obus
Fixed 2721580.0 - 2158680.0 - 28145.0 -
Max-pressure | 886675.0 - 757775.0 - 6445.0 -
PPO 1078274.5 | 32353.1 883344.5 22847.8 9746.5 546.1
A2C 1047563.0 | 16627.0 905913.0 16078.0 7082.5 | 107.8
MAPPO 805418.0 7477.1 672558.0 7118.7 6643.0 50.3
MAA2C 780059.0 4990.4 650749.0 4933.8 6465.5 57.6
MADQN 851752.5 27663.1 704052.5 18478.0 7385.0 496.0

As can be seen from Table 3 and 4, both the single-agent deep reinforcement learning methods PPO and A2C perform
worse than max-pressure, but still much better than fixed traffic control. The multi-agent deep reinforcement learning
methods MAPPO, MAA2C, and MADQN perform better than max-pressure in terms of total weighted travel time and total
travel time of passenger cars and they all have a similar total travel time of buses to max-pressure. MAPPO and MADQN
perform worse than MAA2C in terms of total weighted travel time in both scenarios and have quite large standard errors
for evaluation results which means that the performance of MAPPO and MADQN have large variance. Overall, MAA2C
performs best with the lowest travel time of each mode and variance among all the deep reinforcement learning methods in
Case 2.

The statistics of model evaluation results of Case 3 are shown in Table 5 and 6.

Table 5: Statistics of model evaluation results with 10% less demand of Case 3

Method T (S) Ototal Tpussenge'r‘ (S) Opassenger Thus (S) Obus
Fixed 2836885 - 2245185 - 29585 -
Max-pressure | 1007545 - 831145 - 8820 -
PPO 1125164.0 | 14061.4 917664.0 13030.7 10375.0 | 175.5
A2C 1116447.5 | 20277.9 912877.5 18981.8 10178.5 | 203.3
MAPPO 857570.5 3508.6 680670.5 2737.3 8845.0 77.4
MAA2C 869156.5 9406.5 693766.5 9277.3 8769.5 45.7
MADQN 879149.0 7454.0 695799.0 5926.4 9167.5 147.4

Table 6: Statistics of model evaluation results with 10% more demand of Case 3

Method

T (s)

Tpassenger (S>

Tbus (S)

Ototal Opassenger Obus

Fixed 3396745.0 - 2804445.0 - 29615.0 -

Max-pressure | 1214005.0 - 1035305.0 - 8935.0 -
PPO 1374221.5 | 25523.1 1156591.5 22259.8 10881.5 | 251.3
A2C 1379712.0 | 40784.1 1168222.0 39914.3 10574.5 | 390.1
MAPPO 1026981.5 | 4987.7 847811.5 4829.3 8958.5 63.1
MAA2C 1034160.0 | 12214.5 855570.0 12007.7 8929.5 59.3
MADQN 1064534.5 | 10186.8 876634.5 8238.0 9395.0 | 136.5

As can be seen from Table 5 and 6, both the single-agent deep reinforcement learning methods PPO and A2C perform

worse than max-pressure, but still much better than fixed traffic control. The multi-agent deep reinforcement learning
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methods MAPPO, MAA2C, and MADQN perform much better than max-pressure in terms of total weighted travel time
and total travel time of passenger cars and they all have a similar total travel time of buses to max-pressure. MAA2C and
MADQN perform worse than MAPPO in terms of total weighted travel time in both scenarios and have quite large standard
errors for evaluation results which means that the performance of MAA2C and MADQN have large variance. Overall,
MAPPO performs best with the lowest total weighted travel time and variance among all the deep reinforcement learning
methods in Case 3.

4.5.3 Discussion

By reviewing all the results, it can be seen that A2C, MAA2C, MAPPO are the deep reinforcement learning methods with
the best training performance, evaluation performance, and lowest variance in the situations of single traffic light, 2*2 traffic
lights, and 3*2 traffic lights respectively. A2C achieves the best traffic light controls on total travel time of each traffic mode
in Case 1. Even though MAA2C and MAPPO perform slightly worse than max-pressure in terms of total travel time of
max-pressure in the evaluation in Case 2 and 3 respectively, they have a much better performance in total weighted travel
time and total travel time of passenger cars, which proves their best general performance under the premise of considering
both traffic efficiency and transit priority.

Both single-agent deep reinforcement methods PPO and A2C perform well in the training and evaluation in the situation
of single traffic light while A2C performs slightly better than PPO. The reason can be that the clipping mechanism of
PPO to prevent large updates might inadvertently cause it to overfit to suboptimal policies in simple environments while less
constrained updates of A2C allow it to explore and generalize better in straightforward tasks. Therefore, both PPO and A2C
are recommended for traffic light control optimization in the road network of single traffic light in multi-modal simulation.

Even though single-agent deep reinforcement learning methods PPO and A2C perform well in the situation of single
traffic light, they struggle to achieve a good performance in the situations of multiple traffic lights. This is due to the fact
that the single-agent DRL integrates the states of each traffic light to form a large state set and the formed large state set can
not directly show what states belong to which traffic light, which makes the training process more difficult with the increase
in the number of traffic lights. Therefore, it is recommended to use multi-agent deep reinforcement learning methods instead
of single-agent deep reinforcement learning methods in the situation of multiple traffic lights in multi-modal simulation to
avoid too large size of state set and help the better learning process for DRL algorithms.

As for value-based deep reinforcement learning method MADQN, it performs worse than policy-based deep reinforcement
learning methods MAPPO and MAA2C in both Case 2 and 3. The reason for this is probably that policy-based deep
reinforcement learning methods MAPPO and MAA2C directly learn a policy, which is a probability distribution over actions,
and generate actions from it, allowing them to explore different strategies and action combinations more effectively for better
discovery of optimal policies in environments where multiple agents interact while the value-based deep reinforcement learning
method MADQN focuses on estimating the Q-value function for each possible action and optimizing it, which can lead to
overfitting to specific action values, potentially limiting exploration. Therefore, it is advisable to use policy-based deep
reinforcement learning methods for traffic light control optimization in multi-modal simulation.

As for policy-based deep reinforcement learning methods, MAA2C performs better than MAPPO in the road network of
small sizes but performs worse in the road network of large sizes. This is probably due to the reason that the advantage-based
updates in MAA2C can lead to more aggressive policy changes, which might be beneficial in simpler, less crowded environ-
ments. However, in more complex environments with more agents, this aggressive updating can lead to poor performance
due to over-exploitation, which is adverse to the coordination between agents. The conservative updates of MAPPO based
on the clipping mechanism encourage more consistent exploration across episodes. This becomes an advantage in scenarios
with more agents, where the environment is more complex, and the need for consistent policy updates is crucial to maintain
performance. Therefore, it is recommended to use MAA2C in road networks of multiple traffic lights with small sizes and
use MAPPO in road networks with large sizes for more optimized traffic light control.

5 Conclusions

5.1 Conclusions

In conclusion, the research applied both single-agent deep reinforcement learning methods PPO, A2C and multi-agent deep
reinforcement learning methods MAPPO, MAA2C, MADQN for traffic light control optimization in multi-modal simulation.
Experiments are conducted in 3 different cases, which are set in road networks of different sizes respectively. And all the
deep reinforcement methods used are evaluated in terms of training process, and model evaluation.

The results of the research show that A2C, MAA2C, and MAPPO perform best in road networks of single traffic light, 2*2
traffic lights, and 3*2 traffic lights respectively. Both PPO and A2C are recommended for traffic light optimization in the road
network of single traffic light in multi-modal simulation. But for road networks of multiple traffic lights, it is recommended
to use multi-agent deep reinforcement learning methods instead of single-agent deep reinforcement learning methods in
multi-modal simulation to avoid too large size of state set and help the better learning process for DRL algorithms. And
it is advisable to use policy-based deep reinforcement learning methods for traffic light control optimization in multi-modal
simulation. As for road networks of multiple traffic lights, it is recommended to use MAA2C in road networks of multiple
traffic lights of small sizes and use MAPPO in road networks of multiple traffic lights of large sizes for more optimized traffic
light control.
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The innovations of the research are mainly reflected in the following three points.

1.

The research innovatively considers both traffic efficiency and transit priority for traffic light control optimization by
using the way of assigning a weight for each traffic mode in the computations of queue length, traffic volume, and
travel time for states and rewards in the application of deep reinforcement learning methods for traffic light control
optimization in multi-modal simulation, which can guide people to choose more environmentally friendly traffic modes
and ultimately achieve the goal of forming a more sustainable transportation system in the urban area.

. The research explores the use and effectiveness of using different single-agent deep reinforcement learning methods to

control multiple traffic lights in multi-modal simulation.

. The research evaluates different deep reinforcement learning methods in terms of different aspects including training

curves, performance of each traffic mode, performance of model evaluation, and performance in road networks of
different sizes under the topic of the application of different deep reinforcement learning methods for traffic light
control optimization in multi-modal simulation.

In summary, this research discovers the use and effects of different deep reinforcement learning methods in multi-modal
simulation, evaluates their performance from multiple aspects, and paves the way for developing efficient DRL agents that
consider the needs of different road users and prioritize public transport for the application of DRL in multi-modal simulation,
which is of great significance for achieving more optimized traffic light control that considers multiple factors and realizing
a more efficient and sustainable urban transportation system.

However, there are still some limitations existing in this research as shown below:

1.

5.2

Only two traffic modes, passenger cars and buses, are considered.

In modern urban traffic, the participation and interaction of multiple traffic modes have become the norm. Therefore,
covering more traffic modes in multimodal simulation is of great significance for the optimal control of traffic lights in
complex scenarios.

. The action is only limited to selecting the green phase without involving the corresponding green phase duration.

In the current framework, the duration for a green phase is just a multiple of 5 seconds, which is less flexible than also
considering the corresponding green phase duration in the action selection directly.

. Only the travel time is considered as the reward and performance indicator.

Actually, the control of urban traffic is a large and complicated task considering plenty of factors like efficiency, safety,
energy consumption, level of public transport service, sustainability, and so on. A more comprehensive reward design
and evaluation can be of great significance to optimizing the DRL-based traffic light control in multi-modal simulation
for achieving a balance of multiple goals.

. The road network used is simpler than the real road network.

The road network used in this research is simple, which may not adequately reflect the complexity of real road network
scenarios.

Recommendations for future work

Based on the limitations mentioned in Section 5.1, further research regarding the application of DRL algorithms in multi-
modal simulation of SUMO can focus on the following several points:

1.

Incorporate more traffic modes.

This can enhance the realism and complexity of the simulated environment, better approximating real-world scenarios
with diverse traffic compositions, and enable the exploration of complex interactions and dependencies between different
traffic modes.

. Use both the green phase and the corresponding green phase duration as the action choice.

The application of both kinds of actions can achieve more accurate traffic light control. But this has to be considered
carefully as this could increase the difficulty for the learning process of DRL algorithms.

. Consider multiple factors in reward design.

A more comprehensive reward function allows for promoting the system performance from a more holistic perspective.

. Consider multiple factors in model evaluation.

Evaluating trained models based on a variety of performance metrics provides a more robust assessment of their
capabilities, identifying potential trade-offs and enabling the selection of agents that excel in specific operational
conditions or prioritize particular performance criteria.

. Use a part of a real road network as the case study.

This provides a more realistic and complex environment compared to synthetic networks, allowing for the validation of
algorithm performance under realistic traffic conditions. This also enables the direct comparison of DRL-based policies
with existing traffic management systems, providing insights into the potential benefits and challenges of implementing
such algorithms in real-world applications.
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Figure B.28: Violin plots of T},qssenger With 10% less demand of Case 3



10700 4 10400 +
10600 10300 4
10500 + 10200 +
) a
E] ]
a < 10100
! 10400 -
10000 4
10300 +
9900 -
10200 +
9800
PPO A2C
(a) Box plot of Tj,, s for PPO (b) Box plot of T3, s for A2C
8850 - ¢
8950
8825 1
8900 8800 4
) < 87754
1 8850 - @
g\ jI
[ " 8750 1
8800
8725 4
8750 4 8700 4
8675 4 +
MAPPO MAA2C
(c) Box plot of Ty, s for MAPPO (d) Box plot of T3, s for MAA2C

9400 -

9300

9200

T _bus (s)

9100 4

9000 -

MADQN
(e) Box plot of T}, for MADQN

Figure B.29: Box plots of T;,,; with 10% less demand of Case 3
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Figure B.30: Violin plots of T3, with 10% less demand of Case 3
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Figure B.31: Box plots of total weighted travel time with 10% more demand of Case 3
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Figure B.32: Violin plots of total weighted travel time with 10% more demand of Case 3
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Figure B.33: Box plots of T4ssenger With 10% more demand of Case 3
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Figure B.34: Violin plots of T},qssenger With 10% more demand of Case 3
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Figure B.35: Box plots of T3, with 10% more demand of Case 3
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