Reinforcement Learning-based Traffic Signal
Control for Signalized Intersections

by

Dunhao Zhong

Thesis submitted to the University of Ottawa
in partial Fulfillment of the requirements for the

Master of Computer Science

School of Electrical Engineering and Computer Science (EECS)
Faculty of Engineering

University of Ottawa

(© Dunhao Zhong, Ottawa, Canada, 2021



Abstract

Vehicles have become an indispensable means of transportation to ensure people’s travel
and living materials. However, with the increasing number of vehicles, traffic congestion has
become severe and caused a lot of social wealth loss. Therefore, improving the efficiency of
transport management is one of the focuses of current academic circles. Among the research
in transport management, traffic signal control (TSC) is an effective way to alleviate traffic

congestion at signalized intersections.

Existing works have successfully applied reinforcement learning (RL) techniques to
achieve a higher TSC efficiency. However, previous work remains several challenges in
RL-based TSC methods. First, existing studies used a single scaled reward to frame
multiple objectives. Nevertheless, the single scaled reward has lower scalability to assess
the controller’s performance on different objectives, resulting in higher volatility on different
traffic criteria. Second, adaptive traffic signal control provides dynamic traffic timing plans
according to unforeseeable traffic conditions. Such characteristic prohibits applying the
existing eco-driving strategies whose strategies are generated based on foreseeable and pre-
fixed traffic timing plans. To address the challenges, in this thesis, we propose to design a
new RL-TSC framework along with an eco-driving strategy to improve the TSC’s efficiency

on multiple objectives and further smooth the traffic flows.

Moreover, to achieve effective management of the system-wide traffic flows, current
researches tend to focus on the design of collaborative traffic signal control methods. How-
ever, the existing collaboration-based methods often ignore the impact of transmission de-
lay for exchanging traffic flow information on the system. Inspired by the state-of-the-art
max-pressure control in the traffic signal control area, we propose a new efficient RL-based
cooperative TSC scheme by improving the reward and state representation based on the
max-pressure control method and developing an agent that can address the data transmis-
sion delay issue by decreasing the discrepancy between the real-time and delayed traffic
conditions. To evaluate the performance of our proposed work more accurately, in addition
to the synthetic scenario, we also conducted an experiment based on the real-world traffic
data recorded in the City of Toronto. We demonstrate that our method surpassed the
performance of the previous traffic signal control methods through comprehensive experi-

ments.
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Chapter 1

Introduction

Traffic congestion is an ever-growing problem due to increasing volume of vehicles. The
delay per auto commuter in large cities has increased from 30 hours in 1982 to around
63 hours in 2014 [1]. The problem also brings financial costs to drivers. According to
the report of INRIX [2], the cost of a single driver due to traffic congestion in Boston
was increased by $2,291 on average in 2017. Due to skyrocketing vehicle volume, the
traffic congestion problem has become increasingly severe, leading to higher traffic delays,
energy consumption and carbon dioxide emissions, and even more traffic accident events
[3]. Therefore, transport requires an intelligent transport management system to alleviate
the traffic congestion problem [4]. This chapter first introduces the thesis’s motivation
and then describes the problems that are focused on in this research. Further, the main
contributions are highlighted, and the thesis outlines are described at the end of this
chapter.

1.1 Motivation

Intelligent traffic signal control (ITSC) plays a pivotal role in an intelligent transport
management system and has been receiving a surge of consideration as a potential solution
to address the traffic congestion problem [5, 6]. ITSC is an effective way to improve traffic
signal timing plan’s efficiency by adjusting the signal timing plan dynamically according

to detected traffic conditions [7-9]. Several early ITSC studies have focused on actuated



traffic signal control (TSC) systems at intersections, such as Split Cycle Offset Optimization
Technique (SCOOT) [10], Sydney Coordinated Adaptive Traffic System (SCATS) [11] and
Real-time Hierarchical Optimizing Distributed Effective System (RHODES) [12]. The
designers of the actuated TSC systems design the rules and traffic patterns before applying
the system to the intersections [13-16]. After installing the system, the signal controllers
match the traffic patterns with the real-time collected traffic information and responsively
control signals based on the designed rules. However, actuated TSC methods responsively
control signals for the real-time traffic conditions. They do not consider the long-term
traffic flows, such as the upstream platoons, resulting in a higher percentage of vehicles

stopping [16-19].

To improve the efficiency of TSC for long-term traffic flows, strategies based on artificial
intelligence (AI) methods have attracted research interest in recent years. Reinforcement
learning (RL) algorithms [20], as a branch of artificial intelligence, have attracted research
interest and seen increasing applications in addressing TSC problems [21-23]. The self-
learning nature of RL makes it a powerful approach to formulating TSC problems. First,
it does not depend on supervised learning labels, which require a large and reliable dataset
to train the controller. Moreover, the online adaptive learning characteristic is embedded
in the process of model learning [20]. This intrinsic characteristic of RL allows the signal
controllers to update their models incrementally with new traffic observations in a dynamic

traffic environment.

Several developments of techniques significantly promote the application of RL tech-
niques in TSC problems. More traffic features (vehicle speed, positions, fuel consumption,
and emissions, etc.) are available to be collected by detectors and analyzed by signal con-
trollers due to the development of mobile communication techniques in recent years (e.g.,
GPS, vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communication tech-
niques) [24-27]. These substantial features significantly enhance the capabilities of signal
controllers to learn the traffic environment and find the optimal global solutions for traffic
conditions. Moreover, the new generation of telecommunications 5G mobile communica-
tions [28-30] improves the efficiency of data transformation, providing a solid fundamental
for signal controllers to efficiently interact with traffic devices and moving vehicles [31-34].
Higher computing power enhances the computational ability of controllers to efficiently

learn the environment and policies in a shorter period [35-37].
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Therefore, the RL technique is among many essential benefits for solving TSC problems,
and it is valuable to investigate the application of RL techniques in TSC to improve traffic
control efficiency. In this thesis, we aim to address the problems of applying RL techniques

toward TSC and improve TSC efficiency in a realistic traffic environment.

1.2 Problem Statement

1.2.1 Problem Statement for Isolated Intersection

The traffic signal control for an isolated intersection only measures the local intersection’s
traffic conditions, such as the traffic flows of the connecting lanes. The traffic conditions
of the adjacent intersections are not considered in such traffic environments. Many stud-
ies have put considerable effort into designing reward models to improve RL-based TSC
methods’ performance on multi-objectives. The common structure of the reward models is
scaling the reward values by combining a set of weighted rewards for different objectives.
However, the agent is less sensitive to each individual’s behaviours due to the scaled single
reward. Furthermore, the pre-set weights of each reward have lower scalability to assess

the actions for dynamic traffic states.

Signalized intersections in urban areas increase the frequency of stop-go movements,
leading to increased accelerating and decelerating times. Such accelerating and deceler-
ating times consume extra fuel when drivers accelerate or decelerate vehicles hardly [38].
With the development of connected vehicle technology, researchers have been studying on
eco-driving strategies to avoid hard acceleration and deceleration by taking the advances
of vehicle-to-vehicle (V2V) and vehicle-to-infrastructure(V2I) technologies [39-41]. These
eco-driving approaches aim to find the optimal speed profiles and trajectories for approach-
ing vehicles based on the foreseeable traffic signal timing plans, such as pre-fixed traffic
signal timing plans. Such characteristic prohibits their applications of the adaptive TSC

methods whose traffic signal plans are dynamic.

To address these problems on the isolated intersection, we focus on improving traffic
flow regulation stability for multi-objectives and finding an efficient way to control vehicle

speed profiles based on the dynamic traffic signal timing plans.



1.2.2 Problem Statement for Multi-intersections

In a traffic road network, the traffic condition at an intersection depends on the signal con-
trol of the intersection and is affected by the signal controls and traffic flows of its adjacent
intersections [42, 43]. Therefore, the cooperative traffic signal control method consider-
ing the associated traffic conditions of those inter-dependent intersections is essential to

achieve the system-wide/global optimal signal control.

Many studies have put considerable effort into designing traffic state representations
and reward models in formulating the cooperative TSC problem by RL algorithms [44].
However, the associated traffic conditions of multiple intersections have higher dimen-
sions of traffic states than the traffic conditions of an isolated intersection. Concatenating
the traffic states of multiple intersections increases exponentially the dimensions of traffic
states. It becomes worse in the case of adding more traffic features in the traffic state
representations. Furthermore, a higher traffic state dimension requires a higher learning

cost in the process of agent learning.

Existing RL-based cooperative TSC methods, such as the Presslight method [45], ig-
nored the data transmission delay issue in their traffic environment. However, the delay
of the vehicular networks is inevitable in a real traffic environment [46-51]. The signal
controllers are incapable of receiving all traffic conditions in real-time because of some
delayed vehicle information. Owing to moving positions and dynamic directions of on-road
vehicles, the traffic states generated by delayed information may not be identical to those
in real-time traffic conditions [52]. The differences between delayed and real-time traffic

states affect the reliability of signal control policies.

To address these problems on multi-intersections, we focus on finding an efficient way
to cooperatively control traffic signals in a traffic road network and addressing the data

transmission delay issue in a realistic traffic environment.

1.3 Contribution

This thesis comprises the following contributions to improve traffic signal control efficiency:

e We proposed a DRL-based framework for multi-objective using multi-rewards. Each

4



reward develops a traffic signal control model for the agent to achieve its correspond-
ing objective. Moreover, we proposed an action voting policy for the agent to take

the optimal action from a collection of candidates selected by different objectives.

e We proposed a vehicle speed profile control method that can optimize the vehi-
cle’s instantaneous velocity and acceleration/deceleration based on our adaptive TSC

method.

e To reduce the dimensions of traffic states for multi-intersections, we adopted the max-
pressure control method in this research to design a new traffic state representation

and reward model.

e To address the data transmission delay issue in a traffic road network, we proposed
a state prediction method predicting real-time traffic states based on the delayed

vehicle information.

e We designed synthetic traffic scenarios and a realistic traffic scenario with the real-
world dataset in Toronto to demonstrate the effectiveness and significance of the

thesis work.

1.4 Thesis Outline

The remainder of this thesis is organized as follows: in Chapter 2, we present the literature
review of RL-based traffic signal control methods. In Chapter 3, we introduce the prelimi-
naries of this research for a better understanding of our proposed TSC methods. Chapter 4
describes the proposed DRL-based framework for the TSC at an isolated intersection and
presents experimental results to demonstrate the effectiveness of the proposed method.
Chapter 5 describes the proposed cooperative TSC scheme and presents experimental re-
sults to demonstrate the effectiveness in an arterial traffic road network. Finally, Chapter

6 concludes the thesis and points the future work.



Chapter 2

Related Work

This chapter introduces the literature research of reinforcement learning-based traffic signal
control (RL-based TSC) methods. Section 2.1 presents the primary designs of RL meth-
ods for addressing TSC problems, including traffic state representation, action, and reward
models. Section 2.2 summarizes the related RL-based TSC approaches in previous work.
We first classify the RL-based T'SC methods into model-based and model-free groups and
then introduce the cooperative RL-based TSC methods for a traffic road network environ-
ment. The state-of-the-art RL-based TSC methods based on deep learning techniques are

presented in this chapter for addressing TSC problems in a large scale traffic road network.

2.1 Designs of Reinforcement Learning-based Traffic

Signal Control

State, action, and reward designs are critical parts of RL-based traffic signal control meth-
ods. The state transforms the traffic environment into a representation that can be iden-
tified and learned by the controller agent. The action defines the action space that the
agent can execute to impact on the traffic environment. The reward frames the objectives
of the agent by evaluating the executed actions. A higher reward indicates that the agent
has a higher probability of repeating the same action for a similar state in the future steps.
This section presents state, action, and reward literature designs for solving traffic signal

control problems.



2.1.1 State Design

State design is the fundamental of RL-based TSC methods, since it describes the envi-
ronment that can be learned by the controller agent. A state representation contains
several traffic measurements, such as vehicle motion data and traffic signal condition, to
let the agent know the condition of the traffic environment. Below, we list several critical

measurements that are used to represent the state of the traffic environment.

e Queue Length (QL): QL denotes the number of vehicles queueing at a signalized
intersection or represents the length of queueing vehicles in meters. A vehicle is

counted into queue length when the speed is lower than 0.1m/s.
e Vehicle Speed (VS): VS represents the instantaneous speed of an approaching vehicle.

e Vehicle Position (VP): VP describes the physical positions of vehicles on lanes. VP is

usually described as the distance from the vehicle to the stop line of an intersection.

o Waiting Time (WT): WT denotes the total time of a vehicle queueing at an inter-

section. The time is counted when the speed of a vehicle is lower than 0.1m/s.

e Traffic Signal Phase (TSP): TSP represents the current traffic signal phase of a
signalized intersection. A traffic signal phase describes the time process of traffic

signals to regulate non-conflict vehicular movements.

e Traffic Signal Phase Elapsed Time (TSPET): TSPET calculates the elapsed time of
a traffic signal phase. Longer elapsed time allows the lanes with green signals more

time for free traffic flows but longer stop time on the other lanes.

e Street Density (SD): SD denotes the number of vehicles that are inside a correspond-
ing segment, or the percentage of a segment occupied by vehicles. A segment can be

a partial area of a street or a whole street.

e Vehicle Number (VN): VN describes the number of vehicles that enter an intersection
or a traffic road network. VN can be the total number of moving vehicles running

over a period or at the current time step.

e Throughput: Throughput denotes the number of vehicles that pass through an inter-

section or a traffic network during a period.
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Based on the traffic measurements above, state representation design can be cate-
gorized into vector-based representation and image-based representation. Vector-based
state representation consists of traffic measurements by using vectors. A state vector
s = [f1, fa, -+, fu] consists of several different measurements f to represent the traffic
environment. Each measurement f; can be represented by a sub-vector or a value. Image-
based state representation consists of features by a stack of matrices, each containing a
single or multiple features. The following sections summarize these two state representa-

tions.

Vector-based State Representation

QL of connecting lanes at an intersection is a commonly used features for describing traffic
conditions. As an example in [53], a state with the QL of all lanes L is represented as
s = [q1,492, -+ ,qz]. In order to reduce the state dimensions, the QL of a lane can be
discretized into multiple levels, such as low, medium, and high [54]. The state vector can
be extended by adding more traffic measurements. For example, the feature of TSPET can
be appended to the state vector to enhance the state representation [55]. The enhanced
state is represented as s = [q1,G2, -+, qLs t1reds toreds "+ > tLred)s Where t;,.q denotes the
elapsed time of red signals on the lane 7. Another state design is a vector with the size
of 2+ P [56, 57]. The first two elements are TSP, TSPET, and the last P elements are
maximum QL associated with the TSP. These representations collect the overall features
of the intersection. It is flexible in removing or adding features to describe the traffic
state, but the disadvantage of this design is that the state dimension’s size exponentially

increases when adding a new feature into the state vector.

Vehicle-based state design is another vector-based state representations [58, 59]. It
describes the state of an individual vehicle queueing at an intersection instead of the
overall traffic conditions. The state of a vehicle is represented as [TSP, VP, V], where
Vies denotes the destination of the vehicle. This representation design significantly reduces

the state space from an infeasible size to the number of moving vehicles in the intersection.
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Figure 2.1: Image-based state representations. Representation A creates a matrix to rep-
resent the snapshot of the intersection and fills cells with value 1 if a vehicle is present in
the cells. Representation B creates a matrix with size r x ¢, where r denotes the number
of connecting lanes, ¢ denotes the maximum capacity of lanes.

Image-based State Representation

Image-based state representation is commonly used in deep RL methods since deep learning
techniques can extract features from a broad state representation to a hyperspace. Such
generalization helps the controller agent learn new states based on the similar encountered

state, increasing its learning ability.

Matrix is the most common data structure to store state features for DRL-based TSC
methods. The lanes of an intersection are discretized into small segments with a fixed size,
normalized by the average length of vehicles and the length of lanes. The segments are
put together into a matrix as the form of an image-like structure to represent the traffic
environment. Fig. 2.1 shows two ways of image-based state representations using the
matrix data structure. Representation A creates a snapshot of the intersection and fills
cells with value 1 if vehicles are present in the cells [60]. Representation B removes all

unused zeros in the representation A and stacks the cells of lanes [61].

Multiple matrices describing different features can be stacked to represent a traffic state.
For example, Shabestary et al. [61] and Liang et al. [62] used two matrices to represent
VP and VS features, respectively. A cell in VP matrix denotes the presence of a vehicle
or the absence of a vehicle. Value 1 denotes that a vehicle is in the cell area. Otherwise,
the cell value is 0. The VS matrix collects the velocities of the approaching vehicles at an

intersection. The VS matrix cells are the speed values (m/s) of vehicles corresponding to



the cells with value 1 in the VP matrix. The value of the VS matrix can be normalized

into range [0, 1] by the speed limits of lanes to balance the weights of lanes due to different

speed limits [63-66].

Using a raw pixel image of the intersection and its streets is another way to represent
traffic state [67-69]. The image is taken by the cameras installed at an intersection or the
snapshot of the intersection if the traffic environment is a graphical simulator (e.g., SUMO
[70]) [67, 7T1-73]. This representation takes advantage of DL techniques. It detects vehicles’
positions and possibly predicts the speeds and travel directions of vehicles according to the

sequence of input images.

2.1.2 Action Design

Action defines an action space that an agent can take to change or impact on environment
[20]. The action in the TSC problems describes the way of controlling the traffic signal
timing plans to alleviate the congestion problem. Below summarizes three categories of

action designs in RI-based traffic signal control methods.

The first category of the action designs is a TSP-based action space. The action space
is defined as A = {p1,p2, - ,pn}, where p; denotes a TSP of the traffic signal timing
plans. The new selected TSP replaces the current TSP if they are different. Otherwise,
the agent keeps the current TSP until a different TSP is selected [60, 67, 74]. In order to
avoid TSP flickering issue, the duration of a TSP can be limited by a pre-set duration. For
example, Ha-li and Ke [75] set minimum and maximum duration to each TSP, meaning that
the agent cannot replace the current TSP until the TSPET is higher than the minimum
threshold and the TSP must be replaced by another TSP when the elapsed time is higher

than the maximum threshold.

The second category of the action designs is binary-based action space [65, 76]. The
action is defined as A = {0,1}, where 0 denotes keeping the current TSP, and 1 means
switching to the next TSP according to the defined TSP cycle. The primary drawback
of this design is that the extra phase time between the current TSP and the target TSP
reduces the TSC’s efficiency if the next TSP is not the optimal option for the current state.

The third action design is an action space representing the duration of TSP. One of the

10



functions of this action design is to define the ratio of TSP duration in a TSP cycle [77].
The action space is defined as A = {r,,,7p,, -+ ,7p, }, Where ), denotes the ratio of TSP p;
duration in a TSP cycle. Jin and Ma [78] and Liang et al. [62] proposed another approach
to adjust TSP duration by using an adjustment vector S®¥ = {—t;, —ty,- -+ ,0,t1,t9, - }.
The action is the adjustment in seconds to TSP duration. The lower and upper bounds of

the TSP duration are set to constrain the duration after the adjustments.

2.1.3 Reward Design

Designing a reward is a critical part of RL-based TSC methods. A reward is a signal to
frame an agent’s objectives and assess the agent’s actions in reaching the objectives [20].

Several objectives of TSC are listed below:

1. Minimizing waiting time (MWT): MWT is an objective to minimize the waiting time

of vehicles during their trips.

2. Minimizing queue length (MQL): MQL is an objective to minimize the number of

vehicles queueing at intersections.

3. Minimizing delay (MD): MD is an objective to minimize the extra time spent by
vehicles on the trips. The extra travel time is the absolute difference between the
expected travel time and the actual travel time. The expected travel time is the
duration of time for a vehicle to travel from the start place to destination in free

flows.

4. Mazimizing throughput (MT): MT is an objective to maximize the number of vehicles

passing through a traffic network in a period.

5. Minimizing travel time (MTT): MTT is an objective to minimize the time of vehicles
spending on their trips. Travel time of a trip includes both the time waiting and

moving in a traffic road network.

6. Minimizing trip stops (MTS): MTS is an objective to minimize the number of vehicle
stops during the trips. The stop times of a vehicle denotes how often the speed is
reduced to 0.1 m/s or less than 0.1 m/s. Fewer stop times means vehicles move more

smoothly in the traffic road network.
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7. Minimizing fuel consumption (MFC): MFC is an objective to minimize the fuel con-
sumption of vehicles on trips. Higher stop-go movements increase vehicle fuel con-

sumption.

Reward for a Single Objective

A reward model for a single objective evaluates the executed action by a single traffic
measurement. Similar to the reward model proposed in [79, 80] for the objective of MWT
(see Eq. 2.1), the reward calculates the difference in the waiting times of all vehicles
between two executing actions, where w; denotes the total waiting time or average waiting
time of approaching vehicles at time step ¢, a and b are scaling factors. An agent gets the

positive reward for the action a; if wyy; is reduced.

Ty = awgyq — bwy (2.1)

A reward design shown in Eq. 2.2 is another reward model for the objective of MQL
[23, 66, 76, 81]. The ¢ in Eq. 2.2 denotes total QL or average QL of the intersection
at time step t. The action a; results in a positive reward if ¢, is less than ¢;. Another
reward design for MQL is the absolute difference of QL between different directions (see
Eq. 2.3) [82, 83]. The ¢°™™, ¢“~¢, ¢°™, ¢"* denotes the QL on the movements from east
to west, west to east, south to north and north to south, respectively. This reward design

tries to balance the QL from north-south and west-east directions.

T = agi1 — bq (2.2)

ry = |mar{q;™", ¢} —mar{q; ™", ¢ "} (2.3)

The objective of MD is generally framed by the reward design shown in Eq. 2.4 [63, 67,
84]. The ¢; in Eq. 2.4 denotes the delay of approaching vehicles at time step ¢. It returns
a positive reward for the action if the overall delay of vehicles is reduced. Another design
with expected delay of vehicles is proposed in [85] (see Eq. 2.5). The design calculates the
difference between the current delay d; and the expected delay Dy instead of calculating

the differential delay between two actions. The reward design returns a better reward if
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the action a; reduces the difference between the vehicles” delay and the expected delay.
Ty = adyy 1 — bdy (2.4)
s = K x (DO — Dt) (25)

MT is another objective to maximize the throughput of a traffic network. Lin et al.
[86] designed a reward model as the difference between the number of vehicles entering and
leaving the traffic network, meaning that more vehicles remain in the traffic road network if
the number of exiting vehicles is lower than the number of entering vehicles. This objective
can also be framed by a reward that calculates the number of vehicles going through the

intersections after executing the action [69].

Reward for Multiple Objectives

A reward design for multiple objectives has been proposed in recent research in RL-based
TSC methods to let agents perform well on different demands. The reward design’s generic
way for multiple objectives is to combine multiple weighted factors into a single scaled
reward value. Eq. 2.6 shows a reward design for multiple objectives with five factors
[60]. The ¢ in Eq. 2.6 indicates whether or not the agent changes the TSP to avoid
the flickering issue, j denotes penalties for teleports, sz\il e; denotes the total number of
emergency stopping of vehicles, Zf\il d; denotes the total delay of vehicles, and Zf\il W;
is the total waiting time of all vehicles. This reward design lets the agent control traffic
signals to keep the five different traffic measurements as low as possible, including flickering
TSP, teleports, stops, delay, and waiting time at intersections. Wei et al. [87] designed a
reward model with six factors (see Eq. 2.7), which considers the objectives of MQL, MD,
MWT, MT, and MTT, and avoid the flickering issue as well. The > . , ¢; in Eq. 2.7
denotes the total QL over all lanes for the objective of MQL, >
all lanes for the objective of MD,

ser d; is the total delay of

e Wi 1s the total waiting time of vehicles running on
all lanes for the objective of MW'T, C' denotes changing or keeping TSP to avoid flickering

issue, N is the total number of vehicles going through the intersection for the objective of
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MT and T denotes the travel time of vehicles for the objective of MTT.

N N N N
Tt:—wlc—wQZjl-—wgzei—w42di—w5ZWi (26)
i=1 i=1 i=1 i=1

?"t:wlzqi+w22di+w32Wi+w4C+w5N+w6T (2.7)

ieL i€l i€l
Another reward design for multiple objectives depends on traffic conditions. Houli
et al. [59] designed a reward model for three different traffic conditions: free-flow condition
with the objective of MTS, medium vehicle demand condition with the objective of MW'T,
and oversaturated condition with the objective of MQL. In different traffic conditions, the

reward value r; = 1 if the traffic measurements of the objectives increase. Otherwise r; = 0.

Several other reward designs with fewer factors were proposed for multiple objectives.
For example, Ha-li and Ke [75] designed a reward model with QL and throughput factors
for MQL and MT objectives, Casas [77] designed a reward model with VN and VS factors
for MT and MD objectives, Xu et al. [88], [89] and Chu et al. [90] designed a reward model
with VN and WT factors for MT and MWT objectives, Tan et al. [91] designed a reward
model with the factors of QL and VN for the objectives of MQL and MT.

2.2 Reinforcement Learning-based Traffic Signal Con-
trol Methods

This section presents the traffic signal control methods based on reinforcement learning
techniques. Table 2.1 summarizes the methods and their strengths to solve the TSC prob-
lem. Model-based and model-free methods are first presented to show the methods of
learning expected value functions. Cooperative TSC methods are summarized in Section
2.2.3 to present methods for cooperatively learning and controlling among multiple inter-
sections. Section 2.2.4 presents the state-of-the-art DRL-based TSC methods that utilize

deep learning techniques to improve the agent learning capability.
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Table 2.1: Summary of RL-based Methods and Their Strengths for Traffic Signal Control
Problem.

Methods Section Description Strength
Model-based 2.2.1 Agents get the transition Improve learning speed.
Methods probability of states and the

expected rewards by proposed

models .
Model-free 2.2.2 Agents calculates the value of Solve TSC problems in dy-
Methods states or state-action pairs by namic traffic conditions.

delayed rewards without us-
ing proposed models.

Cooperative 2.2.3 Cooperatively control traffic Upstream and downstream
TSC Methods signals among multiple inter- traffic conditions are con-
sections. sidered to achieve global

TSC optimization.

Deep RL-based 224 Utilize deep learning tech- Address the issue of high
Methods niques to generalize traffic traffic state dimensions.
states and learn TSC policy.

2.2.1 Model-based RL Methods for Traffic Signal Control

Model-based RL methods model traffic environments to estimate the transition probability
P(s,a,s’) of the current state s transiting to the next state s’ by the executed action a. The
model predicts possible next traffic states S’ along with the state transition probabilities
based on the current traffic state s and the action a. The rest of this section summarizes

two proposed models for predicting state transition probabilities.

Vehicle-based Model for States Transition Probabilities

The vehicle-based model estimates the state transition probabilities by counting the num-
ber of states that occur based on vehicle positions. As an example in [58], the state of
a vehicle is represented as s[T'SP, VP, V.|, where TSP denotes the current traffic signal
settings including two possible entries: red or green for the vehicle, VP denotes the vehicle
position in the queue, and Vj., denotes the destination of the vehicle. Hence, the prob-
ability of the state transition probability from the current state s to the next state s’ is

represented as P(s[TSP, VP, V.|, TSP, s'| TSP, VP, V).
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Transition probabilities are calculated by following counters that are stored in a lookup

table:

e C(VP,Vy,): the number of times that a vehicle arrives at the position VP with the

destination V.

e C(TSP, VP, Vgs): the number of times that a vehicle arrives at the position VP with
the destination V., and traffic signal settings T'SP.

o C(TSP, VP, Vs, VP): the number of times that a vehicle arrives at the position VP
and will move to the position VP with the destination V., and traffic signal settings
TSP.

Then, the state transition probability P(s[TSP, VP, V.|, TSP, s| TSP, VP, Vyes]) is calcu-

lated in the equation below:

C(TSP, VP, Vi, VP>

P(s[TSP, VP, V), TSP, '[ TSP, VP, Vdes]> _ (2.8)

C ( TSP, VP, vdes>

The state transition probabilities are then used to updated Q-values of the state-action
pairs by Eq. 2.9. The reward r in Eq. 2.9 is designed by a binary value for the objective
of MWT. It returns 1 when the vehicle stays at the same place and 0 when the vehicle

moves forward.

0 (S[TSP, VP, Vi), TSP> -YF <s[ TSP, VP, Vy., TSP, s'[TSP, VP, Vdes]> (r+

(2.9)
7" P(TSP|s[TSP, VP, Vi, )Q(s| TSP, VP, Vi), TSP))
TSP
with
C ( TSP, VP, vdes)
P(TSP|5[TSP, VP, vdes]> - , (2.10)

C ( VP, v;les)

where P(TSP|s[TSP, VP, Vs]) denotes the probability of a vehicle at the position VP
when the traffic signal phase is TSP.
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The vehicle-based model proposed by Wiering [58] has been shown to reduce vehicle
waiting time and reduce the state dimensions. The model has been applied in [59], who
extended the MWT objective to multiple objectives, including MTS, MW'T, and MQL, by
designing three different reward designs corresponding to three levels of traffic demands:
free-flow traffic demand, medium, and congested traffic demand. Khamis et al. [92] also
applied the vehicle-based model and improved the way of calculating the transition prob-

ability by utilizing the Bayes rule.

Agent-based Model for States Transition Probabilities

The agent-based model estimates the state transition probabilities by counting the expe-
rience that the agent has encountered. As an example in [56], the model of transition
probability is collaboratively updated by the local signalized intersection (agent i) and its
neighbor intersections NB;. The experience of the agent ¢ is represented by joint state-
action pairs ([s;, sng,], [a:, anp,]) including the local states s;, local actions a;, neighbor

states syp, and neighbor actions ayg,.

Two kinds of lookup tables were applied by El-Tantawy and Abdulhai [56] to estimate
the state transition probabilities. The first lookup table M; yp,(; estimates the states
transition probabilities of the neighbor NB;[j], where NB;[j] € NB;. It counts the number
of times that the agent ¢ and neighbor NB;[j] have visited. The row of the table M; yg,[;
is represented by the joint state [s;, syp,[;)] and the columns are the actions ang,[j] of the
neighbor NB;[j]. The estimated states transition probabilities M; yg,(;)([si, Sns.[1)s ans, [7])
of neighbor NB;[j] is calculated by the following equation:

M; N, ([Siv SNBilj)), ans; [J]) = ¢ GZ&TEH GNS UD ; (2.11)
is SNB; ]

where C'(x) denotes the counts of the experience .

Another lookup table @Q; yp,[;) estimates the Q-values of the experience based on the
first lookup table M; yg,j;). The rows of Q; np,[j are represented by joint states [s;, syg,[J]]
and the columns are joint actions [a;, ayp,[j]]. Based on the estimated state transition

probabilities M; np,j([8i, SnBi[j]), @, [j]), the expected Q value Qi,NBi[j] of the next state
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s, is calculated by Eq. 2.12. It is then used to update the Q-value of the experience
([sis snm, (7], [@is ang,;[j]]) by using the Q-learning algorithm shown in Eq. 2.13.

Qi,NBi[j] = max [ Z Qi NB,[j] ([Si; sn,jl]; [ai, ans, [JH) X

a;€EA;
ans, [11€ANE, ;) (2.12)

)

M; v, ([Sia SNB,[j))s ANB; [ﬂ)

where A; denotes the action space of the agent 7 and Ayp,[;) denotes the action space of

the neighbor NB;[j].

Qg (56 sz i1 [ a [311) = (1 = @) Qv g (L3 s ] s, ans 5] ) +

T )
« |:Tz' + Qi N3, [j}]

where r; denotes the reward that is returned to the agent ¢ for the state-action pair
(s 58, 71 as, s 5] ).

The agent-based model proposed by El-Tantawy and Abdulhai [56] has shown the
improvements on multiple objectives, such as MWT, MQL, and MD. It controls traffic
signals based on the estimated models of the adjacent intersections. However, the joint
state-action pairs of local and adjacent intersections increase the lookup table’s dimensions,

leading to high memory and computing capability requirements.

2.2.2 Model-free RL Methods for Traffic Signal Control

Model-free RL methods learn value functions by way of trial-and-error learning progress
[20]. They do not estimate how the states will change in response to the executed actions,
which is opposite to the model-based methods that focus on learning the environment’s
models. In the traffic signal control problems, most RIL-based TSC methods rely on model-
free RL methods because it is hard to predict traffic states due to the large scale of the
traffic environment and dynamic traffic patterns. The rest of this section summarizes the

literature model-free RL-based TSC methods.
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One-step Tabular-based RL Methods for Traffic Signal Control

One-step tabular-based RL methods store the Q-values of state-action pairs in a lookup
table and update the Q-value of the current state-action pair immediately when the state
transits to the next state [20]. The lookup table’s rows are encountered traffic states, and
columns are actions that the agent can execute. Every cell in the table is the Q-value of
the corresponding state-action pair. Q-learning [54, 93, 94] and SARSA [95-97] are two
algorithms commonly applied to update the Q-values on every time step. We will further

introduce the Q-learning and SARSA algorithms in the next chapter.

One-step tabular-based RL methods have been shown to improve the efficiency of TSC
in small traffic road networks. However, these methods are not capable of extensive traffic

road network since the state-action space is too large to store in tables.

Multi-step Tabular-based RL Methods for Traffic Signal Control

Compared to one-step methods, multi-step tabular-based RL methods memorize multi-step
backups of experience to update the Q-values instead of updating the Q values immedi-
ately when the state transits to the next state. These methods are also called Temporal-
Difference(\) algorithms that utilize eligibility traces to achieve a smooth updating of Q
values, where A\ denotes the number of backup steps. As an example in [98], SARSA())
algorithm was applied to update Q values. Assuming that an episode of a learning progress
has T steps, then the Q value Q(s;, a;) of the state-action pair (s;,a;) at time step ¢ is
updated by the following equation,

Q(3t7 at) = Q(St, at) + aét(st, at)et(sta at) + a5t+1 (3t+1, at+1)€t+l(3t+l> at+1) (2 14)

+- -+ adp(sr,ar)er(sr, ar)
with
5t<5t7 at) =T+ ’YQ(StH, Gt+1) - Q(St7 at), (2-15)

where e; denotes the degree of the trace eligibility with two options defined in Eq. 2.16 and

Eq. 2.17. There are two ways to calculate the cumulative discounted trace eligibility. The
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first option adds more credits to the trace if the agent visits the same state-action pairs.
The second option replaces the credits of trace eligibility by 1 if the agent visits the same
state-action pairs, otherwise 0 if the actions are different. The eligibility of the new state

that the agent has not visited is calculated as a discounted trace eligibility by a discounted

factor p.
yuei_1(s,a)+1, if s=s;, and a=a
(s, a) = 4 (@) t '* (2.16)
yper—1(s, a), otherwise
1, if s=s; and a = a4
es,a) = 0, if s =s; and a # a; (2.17)

7H€t—1(3a C(,), if s 7& St

The multi-step tabular-based RL method in [98] has been shown to improve traffic
mobility efficiency in dynamic traffic environments. The multi-step eligibility smoothly
traces the updates of Q-values and enhances the representation of reward by multi-step
backups because a one-step reward shows little difference between two continuous actions

in a short period.

RL Methods with Function Approximation for Traffic Signal Control

Tabular-based RL methods can only address the TCS problems in the traffic environment
with small state and action space. However, in the real-world traffic scenarios, the dimen-
sions of traffic state and action space are too large to be represented as arrays or tables.
Therefore, the RL methods with function approximation are more applicable for addressing
the curse-dimensional state and action space issue. These methods use an approximated
function to generalize the traffic states to Q-values of actions so that the agent does not
need to store all encountered state-action pairs. One example is the approximated function
shown in Eq. 2.18 proposed by LA and Bhatnagar [55]. The function calculates the Q
values of the input state-action pairs (s,a) based on a set of parameters 6 and a vector of
features o. In this Q-value representation, the controller agent only needs to adjust the

parameters 6 instead of storing Q values of all possible state-action pairs in a lookup table.

Q(s,a) = QTUS@ (2.18)
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In [55], the features oy at time step t of the traffic environment is represented as a
vector, as shown in Eq. 2.19, which consists of the queue lengths of all lanes, the elapsed
time of TSPs and the actions of all intersections. The parameters 6 are updated at every

time step when the state transits to the next state by the Eq. 2.20.

Osia0 = (Uth,ta Ogopyr” " 7JQL,t7 Oct1,450eto gy " 70—5tL,t7 Oay,ty Oag,ts " " 7aam,t)7 (219)

where 04, ,,7 € L denotes the queue length of the lane i, L denotes the lanes of all in-
tersections, o, ,,7 € L denotes the elapsed time of the TSP on the lane i, 04, ] € m
denotes the action at the intersection j, m denotes the number of intersections in the

traffic environment.
9t+1 = et + Q0 4, (7} + 73161}41 61?0’8#1,@ - 0308t7“t>7 (2.20>

where « denotes the learning step size, v denotes the discount factor, r; denotes the reward
value at time step ¢, which is calculated by Eq. 2.21 to represent the cost value of queue

lengths and the elapsed time of TSPs.

Te= e (an'%ﬁz(l—m) ‘%,t) +(1=m)- (ZnQ'eti,t“‘Z(l — 1) '%‘,t) (2.21)

i€l i¢l, i€l ¢,

where I, denotes a set of lanes on primary roads, n;,72 € [0, 1] are weights of the lanes on

primary roads and minor roads, respectively.

RL method with function approximation in [55] has been shown to improve the speed
of learning progress in a traffic road network with multiple intersections, as well as reduce

the delay of vehicles.

2.2.3 Cooperative Traffic Signal Control Methods

Cooperative TSC methods enable all controller agents to control traffic signals coopera-
tively to achieve global optimization. The T'SC approaches for an isolated intersection only
collect local traffic states and control traffic signals for local objectives. These methods do
not consider the traffic conditions of system-wide/global intersections. However, the traffic

flows of an isolated intersection depend on the traffic conditions of its adjacent intersec-
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tions and itself [99-102]. Therefore, controlling traffic signals cooperatively for multiple
intersections is critical to the TSC application in a massive traffic road network. The rest
of this section presents several approaches for addressing traffic signal control problems

cooperatively among multiple intersections.

Cooperative Traffic Signal Control based on Max-plus Algorithm

The max-plus algorithm enables an agent to select an optimal action based on payoff
values among connected agents in a coordination graph [103-105]. A payoff value of an
agent is repeatedly sent to its neighbors until the payoff is convergent at a point in finite
iterations. The purpose of the Max-plus algorithm is to find the optimal joint actions so

as to maximize global payoff.

As an example in [106], a traffic road network is represented as a coordination graph.
Every intersection is an agent in the graph, and the link between two intersections is the
edge of the graph. Let us assume two connected agents ¢ and j represent two adjacent
intersections in a traffic road network. The payoff value from the local agent ¢ to the

neighbor agent j is defined by the following equation:

pija;) = max {Qz’j(3> ai,a) + Y /Mm’(ai)} + cij, (2.22)

kel (i)/j
where I'(i)/j denotes the neighbor agents of i except the agent j, ¢;; is a normalization
vector, s; denotes the state of agent ¢, a, and a; are the actions of the agent ¢ and j,
respectively. Q;;(s,a;, a;) is the local value function that maps the state s, local action q;
and neighbor action a; to a real number (see Eq. 2.23), indicating the payoff value of the
joint actions. The optimal action a* is selected by Eq. 2.24 when the sum of the payoff

value received by the local agent 7 is convergent or the iteration is terminated.

Qij (37 i, aj) = Z OPli ) sz,. (sz,. » Qiy aj) + Z Opzj ’ szj (Splj » Ay CL,-), (2'23)

i, P

where [; denotes the connecting lanes of the agent 7, p;, denotes the positions on lanes [,
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Op, is a binary value indicating the present vehicle at the position p,.

a; = argmax > wilas), (2.24)

JEI(3)

The max-plus algorithm has also achieved success in cooperative traffic signal control
in several other studies [60, 107]. Medina and Benekohal [107] used the payoffs of the
max-plus algorithm to represent the expected rewards of all possible actions. Van der Pol
and Oliehoek [60] applied the max-plus algorithm to optimize global joint actions based

on the transfer planning technique [108].

Cooperative Traffic Signal Control based on Joint States

Joint states enable an agent to parallel learn both the local traffic environment and the
environment of the adjacent or even global intersections. It considers the traffic conditions
of the upstream and downstream intersections to avoid the congestion problem in a system-

wide traffic road network.

As an example in [23], the technique of graph attention networks [109] was applied
to learn the influence of neighbor intersections. It enables the local agent ¢ to consider
the state of neighbor intersections by evaluating their influences. The intersection with
more significant influence increases its attention to the local agent ¢ to impact the action
selection of the agent i. Three steps were proposed to calculate the influence of neighbor

Intersections:

1) Observation Interaction: It calculates the importance of the neighbor intersection j

by joining the state s; of the neighbor j with the local state s; by the following equation:
eij = (RWi) - (hWy)" (2.25)

with
h=o(s:W.+b), (2.26)

where h denotes the embedded state of the state s, W, and b. are weight matrix and bias
vector, respectively, W; and W; are the scaled parameters of the embedded states h; and

hj, respectively, o is ReLU function to transform the embedded state to a real value.
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2) Attention Distribution: This step is to generalize the influence of the neighbor in-

tersections by the softmax algorithm shown below:

exp(e;;/T)
ZjeNBi exp(e;;/T)’

(2.27)

a;; = softmax(e;;) =

where NB; denotes the neighbor intersections of the agent .

3) Neighborhood Cooperation: The last step is to calculate the overall influence hs; of
several neighbor intersections on the local agent ¢ by combining their weighted influences.

The overall influence is calculated by the following definition:

hSZ‘ =0 (Wq : Z Ckij(hj . WC) + bq> (228)
JENB;
where W, denotes the weight parameters for the neighbor intersections, W, and b, are

scaled factors.

Joint states for cooperative TSC in [23] have shown to improve the efficiency of TSC
in large-scale traffic road networks. The algorithm of calculating the influence of neighbor
intersections significantly reduces the dimension of joint states compared to the earlier
studies in [21, 110], who applied the joint states by concatenating local and neighbor
states directly.

Cooperative Traffic Signal Control based on Joint Q-Values

Joint Q-values enable the agents to share Q-values among adjacent intersections and co-
operatively learn the global optimal value functions. The optimal action that is selected
by the agent not only depends on the local Q-values, but also considers the Q-values of

adjacent intersections.

For example, in [22], the Q-values of agents were exchanged among adjacent agents
to learn both local and adjacent Q-values. In this case, the local agent i selected the
optimal action based on both the reward of the local state-action pair and the rewards of
the adjacent state-action pairs. This assumed that at time step ¢, the Q-value of a state-
action pair (s;, a; ;) of the agent i is defined as @Q; +(s;+, ai+). The collection of the neighbor

agents of the local agent 7 is defined as NB;. Hence, the joint Q-value of a state-action pair
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(sit,a;¢) at time step ¢ is updated by following equation:

Qit(Sitsair) = Qie(Sit, air) +a|rie+7y mgx Qit(St11,a) — Qii(Sit, ai,t)i|

+ Z Wi Qj+1(8je415 A1)

JENB;

(2.29)

where w; ; denotes the weights of the Q-values from the neighbor agent j, which is repre-

sented as w;; = x5
3

Another similar example of joint Q-values learning was proposed in [66]. The value
function they proposed is represented by two deep Q-networks with parameters 6 and ¢,
respectively. The exchanged Q-values of the neighbor agents are not the Q values of the
next time step t + 1. Instead, they used the Q-values of the previous time step t — 1. The

updating function of the joint Q-values is defined as follows:

Qz}t(si,t» ai,t) = (1 - @)Qi,t(si,t, Q; ¢, Qz‘) +« [Ti,t + Vmgx Qi,t(st-l—la a; 0;)

+ ) wiiQiaa(sja-1,050-1;6;)

JENB;

(2.30)

where 6’ denotes the parameters of the target value function with a lower updating fre-

quency in order to avoid overestimated QQ values.

Centralized Cooperative Traffic Signal Control

Centralized cooperative TSC methods learn the global optimal TSC policy for multiple
intersections. These methods have a single agent to learn a global value function of the
entire intersections and cooperatively output joint actions for every intersection. As an
example of the centralized cooperative TSC method proposed by [55], the state of the
entire intersections is represented as a vector, including the queue lengths of all lanes and
the elapsed time of the TSP at every intersection (see Section 2.2.2). However, the size of

the state-action space is enormous when the traffic road network scale is massive.

Tan et al. [91] proposed an approach called decentralized-to-centralized coder to solve
the issue of curse dimensionality. The approach consists of two layers of learning models
to find the global optimal @ function QY. The first layer of the approach is a decentralized

learning model. It segments the large-scale traffic road network into several small regions,
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Figure 2.2: The architecture of deep reinforcement learning in traffic signal control problem.

containing a small number of intersections. The agent of a region learns the optimal
policy based on the regional traffic states and reward values. The second layer aggregates
regions’ optimal actions to learn a global ) function to generate the optimal global actions

for regions.

Centralized cooperative TSC methods in [55, 91| have been shown to improve the
performance of cooperative TSC in the traffic environment with multiple intersections.
However, these methods increase the learning cost compared to the distributed methods

for isolated intersections.

2.2.4 Deep Reinforcement Learning-based Traffic Signal Control
Methods

The Deep Reinforcement Learning (DRL) technique is an approximation function-based
RL method. It applies deep learning techniques as an approximation function to address
high-dimensional problems. In traffic signal control problems, a large scale of a traffic road
network and detected features result in the curse dimensionality issue in constructing traffic
states, meaning that tabular-based representation, such as arrays or tables, is not enough
to store such high-dimensional states. Therefore, DRL techniques have been attracted to

the interests of the research in the TSC problems to address high dimensionality.

Figure 2.2 shows the architecture of DRL based on DQN for addressing traffic signal
control problems. Convolutional neural networks (CNN) is applied as the DQN in the

architecture, allowing the agent to learn raw and high-dimensional traffic states. Let us
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(a) The architecture of Phase-Gate DQN [87]. (b) The architecture of Dueling DQN with graph
convolutional neural networks [111].

Figure 2.3: The architecture of deep Q-network in value-based DRL methods.

assume that the traffic environment features are detected by detectors and transformed
into image-based state representation as to the input of the DQN at time step t. The
agent controls traffic signals based on the output of the DQN and stores the experience
(8¢, ay, Sgr1,Te+1) in memory for experience replay. The rest of this section presents the

DRL-based methods for the TSC problem based on the architecture.

Value-based Deep Reinforcement Learning for Traffic Signal Control

Value-based DRL methods use natural deep Q-networks (DQN) as an approximation func-
tion to generalize traffic states to the Q values of actions [60]. In the experience replay, the
parameters of the DQN are adjusted by the temporal difference (TD) of action Q-values
based on rewards to minimize the TD. The agent performs experience replay in learning

progress until the action Q-values are convergent.

As an example in [87], a state representation of an intersection consists of a matrix
denoting vehicle positions, QLs of connecting lanes, number of on-road vehicles, WT of
the vehicles, current TSP and the next TSP. These features are concatenated and flattened
into a vector as the input of the DQN. A “Phase-Gate” DQN was proposed to learn action
Q-values separately (see Figure 2.3a) based on different TSPs in order to solve the bias
of action Q-values because the TSP feature in the state representation is represented as
a single value, resulting in lower importance compared with the features represented by
matrices or vectors. The experience in memory is also separately stored and sampled by

TSPs for the experience replay progress.

Another example in [111] applied dueling DQN [112] instead of the natural DQN to
improve the learning efficiency and stability (see Figure 2.3b). Dueling DQN is a neural
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network containing two separate DQN streams. One stream estimates state values V (s; 6)
and the other one estimates state-dependent action advantages A(s, a;0). The output of
the dueling DQN is the Q-values of state-action pairs (s, a;#) combining the state values
V (s;0) and the value of state-dependent action advantages A(s, a; 0) (see Eq. 2.31). Double
dueling DQN (3DQN) improves the dueling DQN by addressing overestimated Q-values
(62, 79, 89]. It consists of two dueling DQNs based on the idea of the natural DQN. One
of the dueling DQNs is a target network that is trained with a lower frequency than the

other one.

Qs.a:60) = V(s:6) + (Als.ai8) = =5 3" As, i) (2.31)

acA
Policy-based Deep Reinforcement Learning for Traffic Signal Control

Policy-based DRL methods learn policy parameters of the DQN instead of learning the
Q-values of actions. The actor-critic DRL method is a policy-based DRL method that
has been widely applied in traffic signal control problems. It consists of two models:
“actor” and “critic”. “Actor” is a policy modelled by a DQN, which generates the action
probability distribution for the controller agent instead of action Q-values. “Critic” is a
value-based model that can be represented as either a DQN or a linear function for learning
action Q-values. At every learning step, “critic” calculates the temporal difference of the
action QQ-values based on the received reward, and then uses the difference to adjust the
parameters of the policy “actor”. The agent chooses an action based on the output of the

policy “actor” instead of comparing action Q-values.

As an example in [91], Wolpertinger architecture [113] was applied with deep determin-
istic policy gradient (DDPG) [114] to learn a policy for traffic signal control in a traffic road
network. The goal of the Wolpertinger algorithm is to map the continuous action space,
which is generated by the policy-based RL method (DDPG), to a discrete action space by
the k-nearest neighbor (KNN) algorithm. The architecture of the Wolpertinger algorithm
applied by Tan et al. [91] is shown in Figure 2.4. The policy “actor” is represented as a
neural network that takes traffic states s as input and outputs a continuous proto-action
space A. Based on KNN algorithm, the continuous proto-action space A is then mapped

into discrete actions A by gy(A) = argmin®_ , || a— A ||z, which returns k-nearest Ly norm
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Figure 2.4: The architecture of wolpertinger algorithm [91].

values of discrete actions A, € A. The Q-value function “critic” is represented as a DQN
that takes the traffic states s and A, as input and outputs the Q-values of state-action
pairs. The agent selects the action a with the highest state-action Q-value as the optimal
action from A,. In the experience replay progress, the parameters of “critic” DQN are
updated by the optimal action a and the parameters of “actor” DQN are updated by the

continuous proto-action space A.

DRL-based methods have achieved significant success in addressing the TSC problems
in large-scale traffic road networks. It solves the issue of curse-dimensional state space in
a dynamic traffic environment and is able to map the traffic state to both discrete and

continuous action space for different settings of traffic signal timing plans.

2.3 Summary

This chapter outlines the literature studies on the domain of traffic signal control by using
reinforcement learning algorithms. Traffic states, actions and reward designs are summa-
rized at the beginning of this chapter to present the overview of formulating traffic signal
control problems by reinforcement learning algorithms. Based on the summary shown
in Table 2.1, RL-based traffic signal control methods are classified into model-based and
model-free methods. The methods of the model-based classification try to model the traf-
fic environment. The goal of the studies is to find the state transition probability of the
traffic environment and the expected rewards for actions. While the model-free methods
adjust the state-action QQ values step by step based on delayed rewards instead of the

models. The approaches to cooperative traffic signal control in a traffic road network are
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also summarized in this chapter. Compared with the traffic signal control on an isolated
intersection, cooperative traffic signal control methods improve the efficiency of the traffic
flow regulation at an intersection by considering the traffic conditions of its adjacent inter-
sections. Deep reinforcement learning-based traffic signal control methods are summarized
at the end of this chapter. Deep reinforcement learning algorithms take the advances of
deep learning to generalize traffic states so that the signal controllers have capabilities to
learn high-dimensional traffic states. Since the dimensions of traffic states in the real traffic
environment are too large to store in the tabular-based data structure, deep reinforcement
learning algorithms have become the focus of the studies in the domain of traffic signal

control.
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Chapter 3

Preliminaries

This chapter provides basic concepts of traffic signals in the first section before diving
into traffic signal control problems, including the primary attributes of traffic signals and
categories of traffic signal control strategies. The second section of this chapter presents
the fundamentals of reinforcement learning (RL) techniques for better understanding the

RL-based traffic signal control algorithms.

3.1 Traffic Signal Control System

A traffic signal control system (TSCS) adjusts traffic signal timing plans of intersections
to regulate traffic movements based on real-time traffic states, and intersection capacity,
vehicle demands, vehicular movements, intersection conditions [115]. It broadly cooperates
with different areas, such as traffic detection [116-120], data collection [121-125], and V2X
communication technology [126-129], to improve the efficiency of traffic signal control.
TSCS utilizes algorithms that can determine the optimal traffic signal timing plans in
real-time, such as signals’ split, phase duration, and sequences to alleviate congestion at
intersections, achieving the improvement of TSCS efficiency. This section presents the
primary attributes and concepts of TSCS to better understand the algorithms introduced

in the subsequent sections.
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3.1.1 Traffic Signal Concepts

Traffic signals have three traditional colours: red (“stop”), yellow (“warning”) and green
(“go”). They serve users at intersections by regulating users’ movements to avoid conflict

movements.

The users at an intersection include pedestrians, bicycles, and different categories of
vehicles that want to go through the intersection [13]. According to the definitions of
Federal Highway Administration (FHWA)!, vehicles are generally categorized into eight
classes based on gross vehicle weight rating (GVWR) and the maximum weight of the
vehicle specified by manufacturers. Classes 1-2 are defined as light-duty vehicles whose
GVWR is lower than 10,000 lbs, classes 3-6 are defined as medium-duty vehicles with
GVWR between 10,001 and 26,000 lbs, and classes 7-8 are defined as heavy-duty vehicles
with GVWR more than 26,001 Ibs.

User movement describes the actions of users regulated by traffic signals at intersections
[13]. The actions usually denote the directions of user movements. At an intersection with
four two-way approaches, vehicles have three movements, including left-turn movement,
go-through movement, and right-turn movement. Pedestrian and bicycle movements are
both associated with the go-through movement of the vehicles, since the traffic signals do

not regulate the left-turn and right-turn movements of the pedestrians and cyclists.

3.1.2 Traffic Signal Timing Plan

Traffic signal timing plan is defined by various parameters for regulating user movements at
intersections [13]. It designs traffic signal phase (TSP), duration, and sequences to manage
user movements to avoid conflict movements at intersections. The traffic signal timing
plan for vehicular movements is mainly introduced in this thesis work since pedestrian and

bicycle movements are both associated with vehicles’ go-through movement.

Vehicular movements include 12 one-way movements at an intersection with four ap-
proaches according to the definitions in Highway Capacity Manual (HCM) [130]. Figure 3.1
shows the vehicular movements signed by numbers based on HCM definitions. Note that

the right-turn movements are signed with the number that is ten more than the number of

Thttps://afdc.energy.gov/data/10380
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Figure 3.2: The design of left-turn permitted traffic signal phases.

adjacent go-through movements [13]. We can see that the movements with even numbers
can be associated with go-through movements, and the movements with odd numbers are
left-turn movements. The movements with dashed arrows denote that they must yield to
go-through movements in some scenarios. Every movement can be assigned with one or
more street lanes; for example, the right-turn movements are usually assigned on the right-
most lanes, and the go-through movements can be assigned on both middle and right-turn

lanes.

A traffic signal timing plan defines TSPs for non-conflict multiple movements at the
same time [13]. A TSP determines which movements can be assigned with green signals
simultaneously and the duration of the TSP for vehicles going through the intersections.
It mainly includes two types of TSP designs: permitted left-turn design and protected
left-turn design [13]. Permitted left-turn TSP design assigns a TSP with green signals for
both go-through and left-turn movements, as shown in Figure 3.2. In this scenario, left-

turn movements share the green signals with go-through movements, but they must yield
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Figure 3.3: The design of left-turn protected traffic signal phases.

to the go-through movements. Meanwhile, protected left-turn TSP design, as shown in
Figure 3.3, assigns an individual TSP for left-turn movements and red signals for the rest
movements. In both permitted and protected left-turn designs, right-turn movements are
signed with a dashed red circle since they share the same TSP with go-through movements

and must yield to the go-through movements.

3.1.3 Traffic Signal Control

Traffic signal control (TSC) is a critical part of intelligent transportation management [131—
135]. The goal of TSC is to control traffic signal timing plans at intersections to improve
traffic management efficiency. Several objectives and strategies have been proposed to
achieve the goal of TSC. The rest of this section presents the objectives and corresponding

performance measures of TSC algorithms and the categories of TSC strategies.

Objectives and Performance Measures

The objectives of TSC determine the solutions of the TSC algorithms. Objectives affect
algorithms to generate different solutions to achieve corresponding objectives. There are
four main perspectives for the objectives: pedestrians, bicycles, transit, and vehicles [13].

Different perspectives have their own criteria on traffic signal timing plans.

The performance measures evaluate the efficiency and effectiveness of TSC algorithms.
In this research scope, Table 3.1 summarizes the objectives and corresponding measures

from the vehicles’ perspective.

The vehicle mobility objective is to improve the efficiency of vehicle movements [13].
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Table 3.1: Objectives and performance measures of traffic signal control [13, 136].

Objectives Measures

e Percent arrival on green
e Intersection throughput
Vehicle Mobility e Waiting queue length

e Stops

e Waiting time
Vehicle Costs e Delay

o Travel time

Environmentally Friendly | e Fuel consumption & CO,, emissions

Percent arrival on green (PAG) calculates the proportion of vehicles that arrive at inter-
sections when the signals are green [136]. Higher PAG denotes that more vehicles receive
green signals in their trips, resulting in better performance on the vehicle mobility objec-
tive. Intersection throughput (IT) calculates the volume of vehicles that can go through
the intersections in a specific period or the time cost for a specific traffic volume moving
through the intersections. Improving IT can significantly improve the efficiency of TSC
and alleviate congestion. Waiting queue length (WQL) calculates the number of vehicles
queueing at the intersections in a specific period. It evaluates the capability of balancing
vehicle volumes from different approaches. Stops measures the number of stops that vehi-
cles have per mile. Fewer stops smooth the traffic flows and improve fuel efficiency since

the high frequency of go-stop movements has a significant impact on fuel consumption [38].

Vehicle costs objective is mainly to minimize the time and dollar costs of vehicles or
drivers [136]. Waiting time (WT) measures the cumulative waiting time that vehicles
spend at intersections. Delay calculates the extra time that vehicles spend on their trips.
It includes WT and the extra time cost when vehicles’ speeds are lower than the speed
limit of lanes. Travel time calculates the total time that a vehicle spends from an original

place to the destination of the vehicle.

Environment friendly measures the fuel consumption and CO, emissions that a vehicle
would consume on a trip. It can be calculated by vehicle fuel consumption models (e.g.,
Handbook Emission Factors for Road Transport (HBEFA) [137]) based on various factors,

such as vehicle mass and driving resistances.
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Traffic Signal Control Strategies

Traffic signal control algorithms provide solutions for the signal controllers to adjust traffic
signal timing plans. Three stages of TSC algorithms are summarized below according to

the historical development [138].

Stage 1 - Pre-timed Strategy: The signal controller of the pre-timed strategy uses the
predefined traffic signal timing plans to control traffic signals [138]. It does not detect any
real-time traffic data, such as vehicle volume, or speed, to dynamically adjust its signal
plans [13]. Instead, it usually observes and learns historical traffic data to find an optimal
signal plan for a specific objective, such as reducing vehicle delay [139]. The pre-timed
strategy is the least flexible but the most economical way to control signals compared
to other strategies because it does not depend on detection devices at intersections and

complicated algorithms for dynamic traffic conditions.

Stage 2 - Actuated Strategy: With the development of sensing and V2X communication
techniques [140-143], the actuated strategy was proposed to control traffic signals for
dynamic traffic conditions. It is a real-time responsive signal control considering the traffic
measurements detected by the detectors at intersections [144-147]. Semi-actuated and
fully-actuated TSC are the two main types of actuated strategies [13]. Semi-actuated
TSC controls traffic signals depending on detection of partial movements, especially the
movements on minor streets [144]. It assigns green signals to the movements of minor
streets when the traffic conditions of minor streets are fitted to the designed rules or
patterns. The major drawback of semi-actuated TSC is that unpredictable minor street
conditions may cause congestion issues on major streets [144]. Fully-actuated TSC controls
traffic signals based on all detectors at intersections. It improves the performance of semi-

actuated TSC but increases the cost and complexity of TSC.

Stage 3 - Adaptive Strategy: Adaptive traffic signal control (ATSC) is the state-of-
the-art way to control signals compared to traditional ways. ATSC controls signals based
on detectors at intersections and signal control algorithms [13]. Unlike actuated strategy,
which uses designed rules and traffic patterns, ATSC is more flexible for adjusting signal
timing plans based on real-time traffic conditions. Furthermore, it predicts future traffic
conditions and control signals for long-term traffic flows. ATSC is the most costly way

to build a traffic signal control system because it usually requires microscopic traffic data,
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such as the instantaneous vehicle speed, position, and volume, to adjust traffic signal
timing plans. However, it is the most efficient compared to traditional strategies because

it controls signals for dynamic and unforeseeable traffic conditions.

3.2 Reinforcement Learning

Reinforcement learning (RL) is an algorithm that lets a learner agent learn what to do for
the environment to maximize its reward [20]. There are four main elements in reinforcement
learning: policy, reward, value function, and model of environment [20]. A policy defines
mappings from the environment to actions. The agent senses environment states for the
policy and receives an action that the agent can execute to affect the environment. Reward
frames the objectives or goals of the agent. It is a numeric value that evaluates how good
or bad the executed action is. Value function defines the cumulative reward of states. It
outputs the expected reward value for the given state. The environment model predicts
the future state and reward for the given inputs of states and actions. It is used in model-
based RL methods for planning the sequence of state-action pairs, which is the opposite

of model-free RL methods.

Figure 3.4 shows the fundamental interactions and iterations between an agent and the
environment. At time step ¢, the agent receives the state s; from the environment and
executes an action a; based on the state. In the next step t 41, a reward r;; for the action
a; along with the next state s;.; are returned to the agent for the next iteration. Over a
set of trial and error learning iterations, the agent tries to learn which action is optimal

for a given state of the environment, resulting in the highest reward in the future.
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Figure 3.5: The outlines of reinforcement learning methods based on the categories of
value-based, policy-based and hybrid methods.

3.2.1 Reinforcement Learning Methods

Reinforcement learning methods can be categorized into value-based and policy-based
methods [20, 148]. This section briefly introduces RL methods based on the outlines

shown in Figure 3.5.

Value-based Reinforcement Learning

Value-based RL methods try to learn value functions of given states or state-action pairs
[20]. Q-learning and state-action-reward-state-action (SARSA) are two value-based RL
methods corresponding to off-policy and on-policy temporal-different (TD) learning, re-

spectively [20].

Q-learning [149], defined by Equation 3.1, is an off-policy TD method that estimates
state-action values that are independent of the exploring policy [20]. At time step ¢ of
the Q-leaning control, state-action Q-value Q(s;, a;) is updated by the delayed reward ryyq
and the maximum state-action Q-values Q(s;11,a) of the next step ¢ + 1, which may be

unrelated to the Q-value Q(s;11,a,+1) followed by the exploring policy.
Qs8¢ a¢) = Q(s¢,ar) + afrey + ’Ym;iXQ(StH? a) — Q(st, ar)] (3.1)

SARSA is an on-policy TD method that estimates state-action values following the
exploring policy [20]. At time step t of the SARSA control, state-action Q-value Q(s;, a;)
is updated by the delayed reward 7,1 and the state-action Q-values Q(s;11,as41) of the
next step t + 1, which is followed by the exploring policy. The definition of SARSA is
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Algorithm 1: Value-based RL method

1 Parameters: step size a € (0, 1], discount factor v € (0,1], € > 0

2 Initialize: sq, a1, Q(s,a),Vs € S

3 for stepst =1 to N do

4 Take action a,

5 Observe the next state s;.1, get delayed reward 7,

6 Choose action a;11 based on Q(s;41) using e-greedy

7 if SARSA then

8 | Update Q value: Q(sy,ar) = Q(s1, ar) + afreys +vQ (8141, ar1) — Q(s1, ar)]
9 else

10 Update ) value:

Q(s,ar) = Q(s1, ar) + afripr + ymax, Q(siy1,a) — Q(se, ar)]

11 end

12 Ay <= Q415 St < S41
13 end

shown as follows:
Q(st,ar) = Q(St, a) + a[rtﬂ +YQ(St41, A1) — Q(Stv at)] (3-2)

e-greedy method is commonly used in RL methods. It helps the agent of RL continue to
explore new conditions and improve the probability of finding the optimal global solution
and avoiding the local optimum issue [20]. The basic algorithm of value-based RL methods,

including Q-learning and SARSA, is shown in Algorithm 1.

Policy-based Reinforcement Learning

Policy-based RL methods learn a parameterized policy my for the action selection instead
of value functions [20]. It outputs the probability of an action that can be taken by the
agent. The one of policy-based RL method is the policy gradient method. It learns policy

—

parameters 6 based on the gradient V.J(6) of parameters. They usually use value functions

—

v(s,w) to calculate the stochastic estimate V.J(6) for updating parameters 6.

REINFORCE [150] is an episode-based policy gradient method. It uses the cumulative
reward GG of an episode to estimate V/J\@) by the following definition [20]:

—

VJ(0) =E, {Gt

M} | (3.3)

m(ay|ss, 0
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Algorithm 2: One step of Actor-Critic RL method

1 Inputs: a policy 7(als, ) as “actor” with parameter 6, a value function v(s,w) as
“critic” with parameter w, current state s

Parameters: o, 0¥, a" € (0,1], 7v%,7* € (0,1], e > 0

Initialize: sy, a1, Q(s,a),Vs € S

begin

a~ 7(|s,0)

Take action a

Observe the next state s’ and delayed reward r

d=r+~"v(s,w)—v(s,w)

w=w+a*dVu(s,w)

© 00 N O Utk W N

o 9 ¢ Vr(als,0)
10 =0+ a" als 0)
11 s+ s
12 end

Value function v(s,w) can be used in REINFORCE to reduce variance of gradient by the
following definition [20]:

— = V’/T(Clt‘st,et)

VJ(O) =E, [(G; —v(s,w)) (3.4)

7T(Clt|$t,9t

The actor-critic method is another policy-based RL method. It learns both value func-
tions and policy parameters at the same time in learning progress [20]. The actor-critic
method uses “actor” to learn a policy for action selection and “critic” to learn a value
function for improving the performance of “actor”. It is an online method for both episode-
based and continuing problems. In every learning step, “critic” learns the value function
and outputs the TD errors § for “actor”. The policy of “actor” calculates the estimated

gradient V.J(#) based on the generated TD errors §. Algorithm 2 represents the one-step

learning progress of the actor-critic method.

3.2.2 Deep Reinforcement Learning Methods

Deep reinforcement learning is a technique that takes the advantages of deep learning
(DL) techniques to address the high-dimensional problems [148]. Due to a large number of
discrete states in TSC problems, tabular-based RL methods are unable to store the states

in arrays or matrices. However, DRL effectively addresses the issue by utilizing Q-network
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Algorithm 3: Value-based DRL algorithm

1 Parameters: discount factor v € (0, 1], small € > 0, updating delay C' for target
DQN

2 Initialize: DQN () with parameters 6

s Initialize: Target DQN Q with parameters §~ = 0

4 Initialize: Experience memory pool D

5 begin

6 Take action a based on state s using e-greedy algorithm

7

8

9

Observe the next state s’, reward r
Store experience [s, a,r, s'| in D
Sample a batch of experience from D

~

10 Set y = r 4+ ymazxyQ(s',a’;0,)
11 Perform a gradient descent step to update parameters 6 of (s, a, ) using

(y - Q(S,CL,Q))Q
12 if steps % C' = 0 then

13 ‘ Q<+« Q

14 end

15 a<+a;s<« s
16 end

to generalize the continuous states to a hyperspace. Such generalization helps the agent
extract features from the input and find the similar encountered states in the previous

experience.

DRL uses deep Q-network (DQN) as a value function to estimate state or state-action
values [151] (see Algorithm 3) or as a policy for continuing action space [114] (see Algorithm
4). DQN is a deep neural network that uses a convolutional neural network (CNN) to
generalize raw visual states to hyperspace so that the agent can learn patterns from the
high-dimensional state space. Two techniques are applied in DQN to address the problem
of over-estimated Q-values in DRL methods: experience replay [152] and target network
[151]. Experience replay stores the state-action transitions (s;, a;, S¢11,7¢+1) in memory so
that the agent can sample the past experience for training the DQN. Several improvements
have been proposed, such as batch sampling and prioritized experience replay, to improve
the efficiency of learning progress and reduce the variance of parameter updates [153]. The
Target network is another DQN maintained by the agent with a lower updating frequency
of parameters compared to the learning DQN. The architecture of the target DQN is the

same as the learning DQN except for the learning frequency. The Lower learning frequency
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Algorithm 4: Policy-based DRL algorithm

1 Parameters: discount factor v € (0, 1]

2 Initialize: DQN Q. (s, ) as the policy of “actor”

3 Initialize: Value function @, (s, a,w) as “critic”

4 Initialize: Experience memory pool D

5 begin

6 Take action a based on state s by policy Qx(s,0)
7 Observe the next state s’, reward r

8 Store experience [s, a,r, s'] in D

9 Sample a batch of experience from D

10 Set y =1 + ymax,Q(s', d', w)

11 | Setloss L = (y—Q(s,a,w))?

12 Update w of Q(s,a,w) to minimize the loss £

13 Perform a gradient descent step to update 6 of Q. (s, ) using loss £
14 a<+a; s« s

15 end

of the target DQN helps the agent keep the earlier parameters to reduce the fluctuating

estimates of the Q-values.

3.3 Summary

This chapter presents the preliminaries of traffic signal control and reinforcement learning
techniques. Section 3.1 provides an overview of a traffic signal control system at inter-
sections. The basic concepts of traffic signals are firstly presented to explain the signal
definitions, users, and how the signals are designed to regulate user movements at an
intersection. Also, Section 3.1 summarizes the objectives and performance measures of
traffic signal control problems and three signal control strategies. Section 3.2 introduces
the preliminaries of RL algorithms. The natural RL algorithms are presented based on
the classifications of value-based and policy-based groups. Moreover, the state-of-the-art
RL algorithms based on deep learning techniques are introduced to better understand the

algorithms in the following chapters.
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Chapter 4

Traffic Signal Control for Isolated

Intersection

4.1 Introduction

In this chapter, we propose to improve the efficiency of traffic control for an isolated
intersection by deep reinforcement learning-based traffic signal control and vehicular speed
profile control. The approach utilizes deep reinforcement learning (DRL) techniques that
take the advance of both deep learning and reinforcement learning techniques so that the
signal controller agent can learn a high-dimensional traffic environment and adjust traffic
signal timing plans efficiently. Moreover, based on the improved adaptive traffic signal
control policy, the approach provides the optimal speed profiles for the approaching vehicles
to smooth the traffic flows and improve the vehicle fuel economy. In this chapter, we refer
to the proposed TSC method for an isolated intersection as Fuel-Eco TSC (FECO-TSC)
method.

The first benefit of the FECO-TSC approach is that the agent can control traffic sig-
nals to regulate traffic flows on multiple objectives smoothly. With a one-objective TSC
approach, the agent performs well on the objective but can not guarantee the performance
on the other conflict objectives. For example, the objective of minimizing waiting queue
length at an intersection can not guarantee that the agent can minimize the waiting time

of approaching vehicles because the long waiting time of vehicles can happen on the lanes
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with short waiting queue length.

Another benefit of the proposed TSC approach is that the optimal speed profiles for
approaching vehicles are provided based on the adaptive traffic signal control policy instead
of the pre-timed traffic signal control policy. A speed profile describes the motion infor-
mation, including the instantaneous velocity and acceleration/deceleration of the vehicle.
Controlling vehicle speed profiles prevents hard accelerating or decelerating movements and
reduces the number of stop-go movements, leading to smooth traffic flows and improving
the efficiency of vehicle fuel consumption. The approach allows the agent to provide the
optimal instantaneous speed profiles for on-road vehicles according to the dynamic traffic

signal control policy.

This chapter first describes the architecture of the Fuel-ECO TSC approach. Then
the agent designs are explained to formulate the TSC problem to the DRL-based TSC
method for multiple objectives. Following the section on the agent designs, the TSC
strategy is described for controlling traffic signals on multiple objectives. An approach of
speed control for vehicles based on the dynamic traffic signal control is then explained to
further smooth traffic flows and improve the fuel efficiency of the approaching vehicles at
signalized intersections. Finally, we describe the experimental environment and results to

demonstrate the effectiveness of the proposed method.

4.2 DRL-based Traffic Signal Control Method

4.2.1 Framework

RL is an advanced algorithm based on Markov Decision Processes (MDPs) [20]. The
agent in RL takes action to impact the environment and gets a reward for the executed
action. Based on RL’s architecture, the framework of FECO-TSC is mainly composed of
a learner agent and two control components to impact the environment. The agent learns
traffic states and trains a TSC model containing DQNs for multiple objectives to find the
optimal actions. Two control components utilize the actions to impact the traffic states.
Control traffic signals (CTS) component controls traffic signals by the action generated

from the TSC model to smooth the traffic flows. Control speed profiles (CSP) component
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Figure 4.1: The framework of DRL-based Fuel-ECO TSC.

controls the instantaneous speed profiles (speeds and acceleration/deceleration) of moving

vehicles based on traffic signals to improve driving styles.

Figure 4.1 shows the interactions between the traffic environment, agent, and control
components. At time step ¢, the agent collects the traffic environment information via
V2I techniques and transforms to state representation s;. Given the state s;, the agent
chooses an action a; based on the TSC model to find the optimal TSP for the current
traffic state s;. Based on the TSP information, the CTS component controls the TSP by
keeping the current TSP or switching to the new TSP, and the CSP component controls
the speed profiles of the moving vehicles in the intersection area according to the TSP
information. Both controls of CTS and CSP components have impacts on the traffic state
s¢y1 at time step ¢ + 1. CTS impacts the moving vehicles by controlling traffic signals,
which allow vehicular movements on specific lanes by green signals and stop vehicular
movements on the rest of the lanes. CSP impacts traffic states by adjusting vehicle speed
profiles. It controls the speeds and acceleration/deceleration of moving vehicles, leading
to changes in vehicle movements and positions. The state s;,1 is then returned from the
traffic environment with the reward r; of the state-action pair (s;, a;) at time step ¢, and
used as the input of the TSC model for the next time step. The agent’s experience at time
step t is defined as (sy, as, 74, S¢41). It is stored in memory for the agent to learn and update

the TSC model periodically by experience replay method [151].

The following sections introduce the designs of the agent and two control components

in the framework.
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Figure 4.2: Intersection and state representation.

4.2.2 Agent Design

Traffic state representation

We proposed an image-based traffic state to represent the traffic environment since the DL
technique has the ability to extract the features and generalize the input to a hyperspace.
Such transformation significantly reduces the traffic state space’s size and enhances the

feature representation for the traffic environment.

Figure 4.2 shows our image-based state representation. In our design, the state is
represented as a four-channel matrix M/, x4, Where L denotes the number of lanes, n
denotes the capacity of a lane, and 4 denotes the depth of the matrix, including the presence
of a vehicle, the vehicle’s velocity, the acceleration/deceleration of the vehicle, and the index
of the traffic signal phase. The first channel stores the positions of approaching vehicles
at an intersection. To more accurately indicate vehicles” presence through a matrix, we
map lanes into a grid structure in which each grid’s length is equal to the average vehicle
length plus the minimum safe interval between vehicles. Then, we adopt the position
representation method introduced in [62], where the cell value is 1 if there is a vehicle in
the grid cell. The second and third channels store the speed profiles of vehicles. With
the same dimension of the first channel, we put vehicle speed data in the second channel
and vehicle acceleration/deceleration information in the third channel. We put the TSP
information in the fourth channel matrix. The cell value in the fourth channel matrix is
a binary value where 1 denotes that the traffic signal is green for the vehicle in the cell

areas, and 0 denotes a red or yellow traffic signal.
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Action

Action space defines the actions that the agent can take to impact the environment [20].
Our action space is defined as A = {ay,as, as,as} to represent four TSPs respectively.
The selected action by the agent means that the agent will receive higher rewards in the

following steps.

Reward

The reward is a critical part of the DRL technique. It frames the application’s objectives
and evaluates how good or bad the executed action is [20]. Here, we design three reward

models to evaluate actions for three objectives as follows:

Minimize AWT: AWT denotes the average time that a vehicle waits at an inter-
section area before going through the intersection. Longer AWT contributes to extra fuel
consumption and longer delay. Here, we design the reward of the objective as the difference
of AWT between two executing actions. The reward returns a positive value if the average
waiting time of approaching vehicles at an intersection decreases. Otherwise, it returns a

negative value,

Rty = —(@ ) — ), (4.1)

where w®) denotes the average waiting time of approaching vehicles in the state matrix at

step t.

Minimize AQL: AQL denotes the number of vehicles waiting at an intersection. The
objective is to balance AQL among incoming lanes to avoid congestion in some directions.
The incoming lanes with longer waiting queue lengths indicate higher priority for accessing
green signals. In order to receive a higher reward if the agent reduces the higher waiting
queue length, we design the reward for the objective as the difference of the cumulative

sum of waiting queue length between two executing actions,

1 ql(t+1) ql(t)

4 _ .

Rigr=-7 (222 3-2_> k|, (4.2)
leL j=1 leL k=1

where ql(t) denotes the number of waiting vehicles on the lane [ in the state matrix at step

L.
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Figure 4.3: The architecture of Deep Q-Network (DQN).

Minimize AD: delay is defined as the extra time that a vehicle travels [13]. The lower
delay means that the vehicle moves through the intersection at a higher speed. We design

the reward as the difference of the average delay between two executing actions,
R}, = —(d"Y) — ), (4.3)

where d® denotes the average delay of moving vehicles in the traffic state matrix s;. To
evaluate the control of traffic signals and speed profiles, we adopt the delay definition based
on speed profiles in [60] to evaluate the delay of vehicles. The delay is a function of average
vehicle speed, meaning that moving vehicles’ speed profiles have a lower delay with higher
moving speed. The delay of vehicles is calculated by the following equations:
ZV—1 U(t)
d =1 == v 4.4
V X Umaz (44)
where v, is the legal speed limit for the corresponding road segment, vgt) denotes the

measured speed of the vehicle ¢ at time step ¢.

Traffic Signal Control Model

TSC model is composed of several DQNs for multiple objectives. Each of the DQNs
learns traffic states and outputs the optimal action based on its corresponding objective’s
instantaneous traffic states. Figure 4.3 shows the architecture of the individual DQN. The
given state matrix is mapped to action Q values by passing through convolutional layers
and fully connected layers. Since each row of the matrix represents the traffic flow of a

lane, we apply the filter with size 1x3 and stride 2 in the convolutional layers to extract

48



], DQN for Objective 01 | |—>[az,]—+]
:‘:\\\\ DQN for Objective 02 |J—'_'
DQN for Objective O3 |J—>—'

H |
’/’/\ DQN for Objective O] |—>[5,}—>

Figure 4.4: The architecture of DRL-MRs framework using Deep Q-Network (DQN).

—a”
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features of each lane individually. The convolutional layer’s output is then flattened into a
vector as the input of the first fully connected layers. The optimal action has the highest

Q value since the Q value quantifies the agent’s rewards in the future steps.

To train the DQN, we store the agent’s experiences e = (s,a*,r,s') at each time step.
Experience replay technique [151, 152] on the samples from the memory, and Q-learning

algorithm [20] are performed to update DQN’s weights 6.

Based on the DQN architecture above, we apply a DRL-based framework with multiple
resources of rewards (DRL-MRs) for multiple objectives [154] to train the agent so that the
agent can perform effectively on multiple objectives. DRL-MRs combines several DQNs
to learn policies for multiple objectives and controls traffic signals more stably by action
voting policy (AVP). The architecture of DRL-MRs is shown in Figure 4.4, where O denotes
the collection of objectives, and Q represents DQNs. According to its own predetermined
objective o € O, each DQN @, € Q calculates the corresponding optimal solution a, based
on the input state matrix at each time step. Finally, the action voting layer computes
AVP’s optimal action from all candidate actions C (see Eq. 4.5). We also apply e-greedy
algorithm to select actions, in which case if votes of every action are equal, the optimal
action is randomly selected from all candidate actions,

argmax,ca V(a), 1—¢
a* = oA , (4.5)

randomgec a, eor V(a;) = V(a;),Vi#j

where A denotes the action space, C denotes candidate actions, a; denotes the action with

index 7 in A, V(a) denotes the number of the appearance of action a in C.
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4.2.3 Control Traffic Signals

TSP is a traffic signal pattern used by the agent to regulate traffic flows to avoid intersec-
tions’ conflict movements. Based on the output of the TSC model, the optimal TSP is set
to the intersection in order to improve the efficiency of TSC, such as reducing the waiting
time of vehicles in the intersection areas. However, due to the unpredictable and changing
traffic states, the TSC model may produce different actions in a short period, leading to
the issue of flickering TSP. Such an issue causes a higher frequency of vehicular stop-go
movements along with higher VFC. Here, we adopt the way in previous studies [66, 84, 91]

to solve the issue by setting a minimum duration At seconds for each TSP.

Keeping the current TSP or switching to the new TSP are two ways of controlling
traffic signals. These are achieved by adjusting the duration of the current TSP. We
assume that the optimal action at time step t for the state s; is a; and the TSP is p;. If
the corresponding TSP p,, of a; is the same as p;, meaning that keeping the current TSP
is optimal for the current traffic state, then the agent extends the duration of p, by At
seconds. Otherwise, we compare the elapsed time e,, with At to ensure that the duration
of p; is long enough for the vehicular movements to pass through the intersection. In this
case, the agent switches the current TSP p; to the new TSP p,, after a 5-second yellow
signal phase when the elapsed time of the current TSP p;, is greater than At. Based on the

control strategy above, the duration 7}, of the current TSP p; can be defined as follows:

Ep; + tY7pt 7é DPay s Ep, 2 At

Ty = § At +ty,pr # Paysep < AL (4.6)

ep, + Al +ty, Pt = Do,

where ty denotes the duration of 5-second yellow signal.

4.2.4 Control Speed Profiles

This section describes a speed profile control method that can smooth vehicular movements
by controlling speed profiles of on-road vehicles presenting in the state matrix based on the

TSP information. The control method is based on the idea of trying to reduce the number
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of vehicle stops and keep the vehicles moving at high speed for a lower delay. Further,
instead of using fixed traffic signal timings, the method calculates the speed profiles of

moving vehicles based on the one-step TSP provided from the DRIL-based TSC.

Here, we formulate the expected time for a leading vehicle to pass through the desig-

nated intersection as follows,

p{l—p
tacc + M if D(()t? Z Dacc;
Umax ’
T — (4.7)
2
\/ U(()fg + 2accmaID(()2 - v(()fl)
, otherwise;
aCCmazx
@
where Dy = vi(t)tacc + %accmaxtgcc and tye. = % v[()fl) and Dé? denote the measured

speed of the leading vehicle and its distance to the intersection at time step t, respectively.
ACCmae 18 the maximum acceleration, t,.. is the time that the vehicle accelerates to v,,q4,

and D, is the corresponding moving distance when the speed reaches v,,4..

Based on the expected-through time T of the leading vehicle, we let the leading vehicle
travel through the intersection as fast as possible if 7}, > 7Y and the signal is green for
the vehicle, meaning that the duration of the current TSP is long enough for the leading
vehicle safely through the intersection. Otherwise, the leading vehicle has to decelerate
until the speed is 0 km/h, or the signal turns to green. We gently decelerate the leading
vehicle as early as possible, using Eq. 4.8, to avoid hard deceleration. Furthermore, gentle
deceleration delays the leading vehicle stop at the stop line, leading to less waiting time

compared to the earlier vehicle stops.

where dec,,.,, denotes the maximum deceleration.

Moreover, we also need to control the instantaneous speed profiles of the vehicles follow-

ing the leading vehicle. Accordingly, we define the speed of the vehicle ¢ that is immediately

following the leading vehicle [ at time t as vgl) (¢ > 1). Then the instantaneous target speed

(®) (®)

0;; is set as the speed of the vehicle i — 1 represented as v;”’, ;. Based on the idea of gently

controlling vehicle speed profiles, we control the acceleration/deceleration of the following
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Algorithm 5: FECO-TSC algorithm

1 Initialize: Agent g, time step ¢, minimum duration At

2 begin
3 g collects traffic state s,
4 g feeds s; to the defined DQNs representing multiple objectives O
5 g collects the candidate actions C = {a}}, 0 € O based on Q-values of DQNs
6 g chooses the optimal action a; based on Eq. 4.5
7 g maps a; to the TSP p,,
8 begin control traffic signals
9 if e,, < At then
10 ‘ Keep current TSP p,
11 else
12 if p; == p,, then
13 ‘ Extend p; by At
14 else
15 ‘ Switch to p,, after yellow signal
16 end
17 end
18 end
19 begin control speed profiles
20 Calculate the current TSP duration 7, by Eq. 4.6
21 for lane l € L do
22 for vehicle © € vehicles do
23 if 1 == 0 then
24 // this is leading vehicle
25 Calculate the 7" by Eq. 4.6
26 if T,, > T."” then
27 ‘ Through the intersection freely
28 else
29 ‘ Set the speed profiles by Eq. 4.8
30 end
31 else
32 ‘ Set the speed profiles by Eq. 4.9
33 end
34 end
35 end
36 end
37 Update s; to s;41 by the new speed profiles and vehicle positions
38 end
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vehicle ¢ based on the target speed vi(t_)u by the equation as follows:

, (4.9)

where @,ftl) = Uz(t_)u denotes the target speed of the vehicle i. acc/dec is constrained by the
predetermined maximum acceleration acc,,,, and maximum deceleration dec,,q,, respec-

tively.

The full algorithm of FECO-TSC is represented in Algorithm 5. At controlling time
step t, lines 3-7 find the optimal TSP p,, for the traffic state s;. Lines 8-18 are the algorithm
of the CTS component. The algorithm of CSP is represented in lines 19-36. The new speed
profiles and vehicle positions are then updated the traffic state s;,; at time step t +1. We
limit the frequency of the CTS component by the minimum TSP duration At to reduce
computation complexity, meaning that the agent controls the traffic signals per At s. In
comparison, the frequency of the CSP component is higher than the frequency of the CTS

component. The agent controls speed profiles per 1s to avoid a two-vehicle crash.

4.3 Experiments and Results

4.3.1 Simulation Environment

Here, we adopt the SUMO [70] to conduct the simulation experience by considering two

scenarios:

Synthetic scenario

Here, we first set up a hypothetical experimental scenario, that is, an arbitrary four-leg
intersection, in which every leg (incoming road segment) has two lanes (see Figure 4.5).
Lane 1 and Lane 2 are used for go-through (or right-turn) vehicular movements and left-
turn vehicular movements, respectively. The length of each incoming and outgoing street is
150 meters. Left-turn protected TSP design was adopted in this scenario (see Figure 3.3).
TSP 1 and TSP 3 set the green signal to the lanes for go-through and right-turn movements
in East-West and North-South direction, respectively. Accordingly, TSP 2 and TSP 4 set
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Figure 4.6: Vehicle arrival rates in the synthetic scenario

the green signal to the lanes for left-turn movements in the corresponding lane-directions,
respectively. We initially set 60 seconds for TSP 1 and TSP3, and 15 seconds for TSP 2

and TSP 3. To approximate the real-world scenarios, we set a five-second yellow signal

between two adjacent phases.
Further, an unbalanced traffic flow generated by binomial distributed vehicle arrival

rates is adopted to conduct the experiments, see Figure 4.6. Here, the arrival rates denote
the probability of emitting a vehicle each second. We can see that the vehicle demand
starts increasing at around 10 minutes and decreasing after around 30 minutes. We set
the unbalanced vehicle demands in different directions by setting vehicle arriving rates in
North-South direction roughly 5 times more than West-East directions. By adopting the
setting introduced in [154], we set the following turning rates of all approaching vehicles,

i.e., 40% for go-through movements, 35% for right-turn movements and 25% for left-turn

movements.

o4



1.King St W / Peter St 3.University Ave / King St W 5.Bay St /King St W
O King St O O King St O @)
2.King St W / John St 4.King St W / York St 6.King St E / Yonge St
O O H N O |

Figure 4.7: King St. intersection map in Toronto generated by OpenStreetMap®.

Real-world scenario

Besides the synthetic scenario, we also adopt the traffic low data recorded by the City
of Toronto [155], i.e., six signalized intersections on King St. in Toronto. The names of
intersections are 1) King St. W/Peter St. (I-KP); 2) King St. W/John St. (I-KJ); 3)
University Ave./King St. W (I-UK); 4) King St. W/York St. (- KWY); 5) Bay St./King
St. W (I-BK); 6) King St. E/Yonge St. (I-KEY), respectively (see Figure 4.7). More
specifically, the traffic data of six intersections that are collected by using a video-based
counting system and aggregated by 15-minute time bins. It counts the volumes of five
types of users, including articulated trucks, bicycles, lights, pedestrians and single-unit
trucks on four approach legs (N, S, E, W) and directions of travel (NB, SB, EB, WB),
respectively. In our test, we evaluated our method on the traffic flows of light vehicles

recorded on February 12th, 2018 in the time period of 6:00 to 20:00.

To conduct the simulation, we calculate the turning ratios of every leg based on the
original incoming volume bins per 15 minutes. We assume that the right-turn ratio, the
through ratios and the left-turn ratios are represented as R,, R; and R;, respectively.
Hence, the turning ratios of legs (N,E,S,W) ares Ng,, Ng,, Ng,, Eg,, Er,, Egr,, Sg,. Sg,,
Sk, Wr,, Wr,, Wh,, respectively. And the incoming volumes per 15 min of approach legs
are VL, Vg, ViEg, VA%, and the outgoing volumes are Vi, Vg, Vg, VIV, respectively.

Then we can get a solution of the turning ratios of all legs by a system of equations as

Thttps://www.openstreetmap.org

55



follows,

Vg =V - Er, + Vg Sg, + Vi - Wh, (4.10)
Vip = V& Np, + Vi, Ep, + VY - Wk, (4.11)
Ve, =V, - Nr, + Vg - Sr, + Viy - Wha,, (4.12)
Vg =Vas - Nr, + Vg - Sr, + Vit g - Eg,, (4.13)

subjecting to NRT + NRl + NRt = 1, SRT + SR; + SRt = 1, WRT + WRZ + WRt = 1 and
Egr, + Eg, + Eg, = 1.

Evaluation method of fuel economy

To evaluate the fuel economy, in this paper, the method introduced in Handbook Emission
Factors for Road Transport (HBEFA) [137] is adopted to evaluate the instantaneous VFC.
In detail, HBEFA estimates VFC based on seven emission standards from EURO 0 to
EURO 6 according to various factors, such as vehicle mass, driving resistances, loss in the
transmission system. Here, we adopt EURO 4, which is the default setting in SUMO, as
our emission standard for gasoline passenger cars to guarantee all vehicles have the same

traffic situation, driving resistance and transmission loss.

4.3.2 Compared Methods

We conducted two rounds of performance comparisons with TSC and eco-driving counter-
parts. First, we compared with fixed time TSC policy and pure FTM-based eco-driving
methods to show that FECO-TSC achieves a success in VFE collaborating with eco-driving
technology.

1) Fixed Time Model (FTM): We set 60 seconds for phase p; and ps3, 15 seconds

for phase py and p4, and 5 seconds for yellow traffic signals between two phases.

2) FTM-based Speed Guidance Strategy (SGS) [40]: SGS is an eco-driving
strategy based on a car-following model for the leading vehicles in successive signalized
intersections. It calculates the target velocities and trajectories for the leading vehicles

through the intersections with lower fuel consumption and stop times. The approach
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improves the performance of the leading vehicles in the traffic environment with FTM

settings.

3) FTM-based Speed & Acceleration/Deceleration Control (SADC) [41]:
SADC is an instantaneous eco-driving strategy for the approaching vehicles in the traf-
fic environment with successive signalized intersections. It estimates the vehicles’ feasible
vehicle speed and acceleration based on the predicted queue lengths and a car-following
model. The approach demonstrates the effectiveness of the traffic environment with FTM

settings.

Second, we compared our method with FTM and pure DRL-based TSC methods to

evaluate the effectiveness of our method.

1) TSC using DRL for Single Objective with single reward (TSC-SO) [63]:
TSC-SO applies DRL techniques to develop an adaptive TSC agent for the objective of
minimizing average travel delays. The reward model is defined as the difference in vehicle

delays between two successive actions.

2) TSC using DRL for Multiple Objectives with scaled reward (TSC-MO)
[60]: TSC-MO applies DRL techniques to develop an adaptive TSC agent considering
multiple traffic measurements. The reward model is defined as a scaled value by combining
multiple weighted traffic measurements, including vehicle delays, waiting time, crashes,
stops, and the switching status of traffic signal phases, in order to improve the performance

of the agent on different objectives.

4.3.3 Parameter Settings

Here, we provide detailed information on the simulation parameters’ setting. We assume
that the length of each vehicle is 4 meters. The minimum gap between the two cars is
1 meter. Accordingly, for representing the traffic state, the length of the grid will be
5-meter. To simulate the motion of vehicles, We adopt the Krauss car-following model
with 50 km/h as maximum vehicle speed, 2.6 m/s* as maximum acceleration, -4.5 m/s* as

maximum deceleration.

Table 4.1 presents the parameters of training DQN progress referring to the parameters

in [62, 87]. The € decays from 0.5 to 0.01 by a factor 0.99999 at every time step. We adopt
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Table 4.1: Parameters of DQN with DRL-MRs framework

Parameters Value
Experience memory pool D size 1000 [87]
Starting e 0.5
Ending e 0.01
Discount factor 0.8 [87]
Learning rate « 0.001 [62]
Action time interval At 5 s [87]
Leaky ReLU f 0.01 [62]
Target update delay steps 300 [87]

the action time interval At = 5s used in [87], which is the minimum duration of a TSP.

Based on the DQN architecture shown in Figure 4.3, the first hidden layer convolves 8
filters with size 1x3 and stride 2 on the input state matrices. The second hidden layer is a
fully-connected layer consisting of 128 Leaky ReLU units. This is followed by a third fully-
connected layer consisting of 64 Leaky ReLLU units. The output layer is a fully-connected

layer with 4 outputs for 4 actions, each of which represents the corresponding TSP.

4.3.4 Evaluation Metrics

We evaluated the performance of our method by the following metrics.

1) Vehicle Fuel Consumption (VFC): It is the total fuel consumption of vehicles

going through intersections. Lower VFC denotes higher vehicle fuel efficiency.

2) Average Waiting Time (AWT): It is the average cumulative waiting time when-
ever a vehicle stops. Lower AW'T denotes that vehicles spend less waiting time at intersec-

tions, leading to less extra fuel consumption.

3) Average Delay (AD): It is the delay of vehicles measured by definition in Section
4.2.2. The lower AD denotes vehicles move faster in the trips, contributing to lower fuel

consumption since a vehicle consumes less fuel when the moving speed is close to around

70 km/h [137].

4) Average Waiting Queue Length (AQL): It is the average number of waiting
vehicles at an intersection. Lower AQL denotes fewer vehicles queueing at the intersection,

meaning a lower probability of congestion occurring.
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Figure 4.8: Performance on synthetic data with respective to vehicle fuel consumption.

5) Stability of TSC: It compares the stability of TSC methods when the traffic volume
changes dynamically, especially when the traffic volume increases in a short period. Higher
stability denotes that the VFC, AWT, AD, and AQL have lower standard deviations during
the period of changing traffic flows.

4.3.5 Simulation Results on Synthetic Scenario
Overall Analysis

We first compare our method with other baseline methods on one intersection scenario.
Figure 4.8 shows the average VFC per 5 minutes, corresponding to the changing vehicle
arrival rates. We can see that our FECO-TSC method had the best performance. The
highest VFC per 5 minutes of the FECO-TSC method was less than 200 ml/km during the
peak time. However, the average VFC of FTM increased dramatically when the vehicle
arrival rates rose and surpassed 300 ml/km around peak time. Moreover, the peak-time
VFCs of SGS, SADC performed better than FTM but fluctuated around 250 ml/km. The
results suggest both eco-driving strategies and the FECO-TSC method can significantly
reduce VFC due to speed profile control and delay reduction, respectively. Moreover, our
FECO-TSC achieved a higher amount of VFC savings, indicating TSC collaborating with
eco-driving strategy provides a better solution to VFE by reducing vehicle stops, delays,

and speed loss of moving vehicles.

Figure 4.9a demonstrates that our FECO-TSC outperformed FTM, TSC-SO, and TSC-
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Figure 4.9: Performance on synthetic data w.r.t. AWT, AD and AQL.

MO on the AWT metric. Our FECO-TSC achieved consistent lower AWT in an episode
with the peak AWT as 2.91s, while TSC-MO, TSC-SO, and FTM did not regulate AWT
consistency and had significantly higher peak AWTs with 11.42s, 13.05s, and 30.30s, re-
spectively. The result shows that FECO-TSC not only optimizes the signal policy but also

provides better speed profiles to move vehicles smoothly.

Figure 4.9b shows the performance of the AD metric. The peak AD of FECO-TSC
was 0.63, which was lower than TSC-SO with 0.74 and TSC-MO with 0.92. It means the
average speed of vehicles in peak hours controlled by FECO-TSC was 5.1 m/s compared
with 3.6 m/s of TSC-SO and 1.1 m/s of TSC-MO. The results suggest that the vehicles
controlled by FECO-TSC moved faster compared to TSC-SO and TSC-MO’s. This is
because FECO-TSC not only provides a longer green time for the lanes with higher vehicle
volumes but also adjusts vehicle speed more moderately than pure TSC methods, in which

case more vehicles could pass the intersection with a higher speed.

Figure 4.9¢ shows the performances of the AQL metric. FECO-TSC achieved the best
performance with a near-zero queue length during peak time compared to TSC-SO with 2.6,
TSC-MO with 3.2, and FTM with 3.8. We can see that FECO-TSC reduced the number of
vehicles waiting at the intersection by moderately adjusting vehicles’ deceleration. While
under the control of TSC-SO and TSC-MO, vehicles stopped at the intersection with the
highest deceleration if the signal was red, suggesting an inefficient adjustment of the queue

length.
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Table 4.2: The stability comparison of TSC on synthetic scenario.

Methods ~ AWT|Std. AD|Std. AQL|Std.

FTM 12.7013.77  0.630.42  1.36/2.04
TSC-SO 4811856  0.37)0.42  0.73|1.45
TSC-MO 3.64/7.04  0.42(0.43  0.88]2.43

FECO-TSC 0.21/1.15 0.33|0.38 0.02(0.07

Stability Comparison of TSC

Here, we compared the stability of FECO-TSC and pure DRL-based TSC methods on the
synthetic data through the standard deviations (Std.) of AWT, AD, and AQL metrics.
Table 4.2 shows the average performance on AWT, AD, and AQL metrics of FTM and
TSC methods. Based on the arrival rates shown in Figure 4.6, the vehicle demands increase
dramatically in the first 30 minutes and decrease in the second 30 minutes. We can see
that FECO-TSC outperformed FTM and other pure DRL-based TSC methods when the
arrival rates of vehicles fluctuated in a short period. With the control of FECO-TSC,
AWT, AD, and AQL were lower than the other methods, meaning that every vehicle spent
less waiting time at the intersection and passed through the intersection with a higher
speed, and the waiting queue length of the intersection was shorter. The reason is that
a more efficient TSC reduced the red signal time for approaching vehicles, and a better
speed profile control increased vehicle speed, and prevented vehicles from stopping at the

intersection.

Furthermore, the standard deviations of AWT, AD, and AQL were lower than FTM
and pure DRL-based TSC methods, meaning that FECO-TSC improves the ability to
stably control the traffic flows to prevent the dramatic increments of AWT, AD, and AQL
in a short period. Such improvement reduces the delay of the traffic flows and alleviates
congestion at intersections. The reason for the stability improvement is that DRL-MRs
provides a framework to trade-off the candidate actions for the traffic states, leading to
the optimal action under multiple objectives. Therefore, FECO-TSC has higher stability

for smoothing the traffic flows by controlling traffic signals and speed profiles.
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4.3.6 Simulation Results on Real-world Scenario

In this section, we compared FECO-TSC with other baseline methods on real-world datasets.

4001
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E 300
=< 250+
£ 200
O 150
100
501

O.

FIM FTM-SGS FTM-SADC FECO-TSC

Figure 4.10: Performance on the real-world scenario w.r.t. vehicle fuel consumption (FC)
(ml/km).

Overall Analysis

Figure 4.10 shows the performance of FECO-TSC with respect to the fuel consumption on
the six successive intersections. The performance in Figure 4.10 is calculated as the average
fuel consumption that a vehicle needs to pass through the six intersections. Note that the
performance includes the vehicles that left the traffic road network in the middle of six
intersections. Compared with FTM and pure eco-driving techniques, FECO-TSC achieved
significant vehicle fuel savings and outperformed FTM-SGS and FTM-SADC. The average
VEC of FECO-TSC is 154.15 ml/km, which reduced VFC by 62.65% compared to FTM,
50.26% compared to FTM-SGS, and 45.12% compared to FTM-SADC, respectively. The
significant improvements benefitted from both the advances of TSC and eco-driving tech-
niques. Based on TSC techniques, FECO-TSC provides an optimal traffic signal timings to
assign longer green signal timing to the lanes with higher demands to minimize the vehicle
waiting time, waiting queue length, and delays. Vehicles can pass through the intersections

with fewer stops than the vehicles controlled by FTM-based methods.

Moreover, FECO-TSC provides the optimal speed profiles from approaching vehicles
to prevent speed loss. We know that hard stop-go movements at signalized intersections
consume more fuel than smooth movement. Therefore FECO-TSC controls the acceler-

ation/deceleration of vehicles so that vehicles can smoothly slow down or accelerate to
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Figure 4.11: Performance on the real-world scenario w.r.t. AWT, AD and AQL.
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Figure 4.12: Performance on real-world scenario w.r.t. average waiting time per 15 min
from 6:00 to 20:00 at the six intersections.

move through the intersections instead of multiple instances of hard stop-go movements.
Although pure eco-driving methods improved fuel economy to some extent by controlling
vehicle speed profiles, these methods can hardly achieve satisfactory performance because
they control vehicles’ speed based on fixed traffic signal timings of incoming intersections.
However, the traffic signal timings controlled by adaptive TSC methods are changing due

to dynamic vehicle demands, so pure eco-driving methods can hardly perform as well as

the FECO-TSC method.

Figure 4.11 presents the overall performance of FECO-TSC on real-world data com-
pared to FTM and pure DRL-based TSC methods. We can see that FECO-TSC outper-
formed FTM and pure DRL-based TSC methods on AWT, AD, and AQL metrics. With the

advances of the eco-driving technique, FECO-TSC controls the acceleration/deceleration of
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Figure 4.13: Performance on real-world scenario w.r.t. average delay per 15 min from 6:00
to 20:00 at the six intersections.

vehicles to smooth the movements and prevent the unnecessary stops at the intersections.
Since more stop times result in not only higher fuel consumption due to acceleration from
0 m/s to the expected speed but also longer waiting time, delays and waiting queue length
of intersections, FECO-TSC smooths the speed reduction instead of hard stop so as to
keep vehicles moving and through the intersections. On the other hand, pure DRL-based
TSC methods can hardly achieve satisfactory performance as FECO-TSC because these

methods only control traffic signal timings, not approaching vehicle movements.

Stability Comparison of TSC

Here, we analyze the stability of FECO-TSC and pure DRL-based TSC methods on a

real-world dataset.

Figure 4.12 compared the stability performances of FECO-TSC and pure DRL-based
TSC methods on the AWT metric. We can see that FECO-TSC improves stability over
FTM and pure DRL-based TSC methods with dynamic vehicle demands. The average
waiting time of TSC-SO and TSC-MO was fluctuated more during the rush hours compared
to FECO-TSC, especially at the intersections with higher volume demand, such as the

performance shown in Figure 4.12c. The improvement was benefited from the framework
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Figure 4.14: Performance on real-world scenario w.r.t. average waiting queue per 15 min
from 6:00 to 20:00 at the six intersections.

DRL-MRs, which collectively optimized the TSC policy for multiple objectives and traded
off the actions by AVP method. Moreover, the efficient speed control approach smoothed

vehicular movements and prevented vehicles from stopping at the intersections.

Figure 4.13 compared the stability performances of FECO-TSC and pure DRL-based
TSC methods on the AD metric. Based on the definition of delay in Eq. 4.4, lower AD
denotes that vehicles can move through the intersections at higher speeds. From the
performances in Figure 4.13, we can see that the average speeds of vehicles were higher
than FTM and pure DRL-base TSC methods on six intersections, and also were stably
controlled in higher values when the vehicle volumes were increased during the rush hours.
The reason is that vehicles controlled by TSC-SO and TSC-MO had longer waiting time
at intersections, leading to longer instances of 0 km/h speed. Meanwhile, FECO-TSC
efficiently controlled vehicle speed profiles to keep vehicle speeds as high as possible. It

prevented speed loss and improved the average speed of moving vehicles.

Figure 4.14 compared the stability performances of FECO-TSC and pure DRL-based
TSC methods on the AQL metric. Lower AQL denotes fewer vehicles waiting at the
intersections, meaning that the intersections have a lower probability of being congested.

According to Figure 4.14, we can see that FECO-TSC stably controlled the waiting queue
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lengths of intersections in lower values compared to other methods. While the AQL of
TSC-SO and TSC-MO fluctuated more during the test period and had a more sensitive
response to the dynamic vehicle volumes; for example, the AQL at the intersection [-UK
of the TSC-MO method was increased remarkably due to the high vehicle volumes from
10:00 to 14:00 and 17:00 to 20:00. The figure demonstrates that FECO-TSC has a higher
ability to keep vehicles moving and prevent vehicles from stopping at the intersections,

reducing the probability of stops and waiting at intersections.

Based on the performances on the synthetic and real-word multi-intersection traffic
scenarios, we can see that the proposed method can be easily adopted in both an isolated

intersection and multiple intersections.

4.4 Summary

In this chapter, an efficient DRL-based traffic signal control scheme is described to improve
the efficiency of traffic management for an isolated intersection. The proposed method
describes the design of the agent in the formulation of traffic signal control problem by
DRL algorithms, as well as two strategies for controlling traffic signals and on-road vehicle
speed profiles. The agent design explains the designs of traffic state representation, actions
and reward models for formulating the traffic signal control problem by DRL algorithms.
A multi-objective deep Q-networks model is presented in this chapter to help the agent
stably regulate traffic flows under multiple criteria by controlling traffic signals. Moreover,
a speed profile control strategy is proposed based on the traffic signal control strategy to

further smooth the traffic flows.
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Chapter 5

Cooperative Traffic Signal Control

for Multi-intersections

5.1 Introduction

In Chapter 4, we have demonstrated that the proposed method not only significantly im-
proves the efficiency of TSC for an isolated intersection but also smooths traffic flows and
improves vehicle fuel efficiency. In the more realistic traffic environment, however, the
traffic flows of an isolated intersection depend on the traffic conditions of its adjacent in-
tersections and itself [99, 156-159]. Therefore, cooperative endeavours are requested from
those associated intersections. Cooperative traffic signal control of multiple intersections
helps better regulate traffic flows in connected intersections, improve the efficiency of traffic
management, and even prevent traffic congestion problems. The achievement of cooper-
ative traffic signal control requires the ultra-low-latency traffic information on on-road

vehicles and adjacent intersections [160-164].

Many existing RL-based cooperative TSC methods try to improve the efficiency of
signal control based on real-time joint traffic information [21] or joint Q-functions [22]
in an ideal traffic environment. However, they expose several limitations. First, joint
traffic information and Q-functions introduce high dimensions of traffic states and Q-
values, increasing the learning complexity of RL methods on a large-scale traffic road

network. Second, the ideal traffic environment does not consider data transmission delays
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in vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communication [165-169].
However, vehicular networks in real traffic environments are incapable of providing real-
time traffic information without data transmission delays [170-172]. Such transmission
delay affects the real-time traffic information collection and the cooperative traffic signal

control over a vehicular network[172-176].

In this chapter, we propose an RL-based cooperative TSC scheme with the following

contributions:

1) A new traffic state representation method was designed based on queue length-based
max-pressure measurements [177-179] that considers the traffic states of both local and
adjacent intersections. The proposed representation lets the signal controllers know the

upcoming traffic flows from adjacent intersections in the future steps.

2) We improved the reward model used in [45] by considering the capacity of connecting
lanes and upcoming vehicles from adjacent intersections. The improved reward model
avoids the traffic congestion in the case of letting vehicles move into fully occupied lanes
and reduces the frequency of switching traffic signals by considering the upcoming vehicle

demands instead of the local traffic condition.

3) A new method was introduced to address the data transmission delay from ap-
proaching vehicles to intersections to enhance the state measurements for the real-time
traffic conditions. Due to the data transmission delay in vehicular networks [180-183], we
conducted comprehensive experiments with different ranges of data transmission delays to

demonstrate the effectiveness of the method in the traffic environment.

5.2 RL-based Cooperative Traffic Signal Control Method

5.2.1 Architecture

Based on RL’s architecture introduced in [20], the architecture of the proposed MP-CTSC
is mainly composed of a traffic environment and an agent. The traffic environment is
a traffic road network containing multiple connected intersections. The agent learns the
collected traffic information and trains a function approximation model to find the optimal

signal control action for the given traffic states. Due to the data transmission delay issue in
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Figure 5.1: The architecture of the proposed MP-CTSC.

vehicular networks [184-188], the agent has a traffic state measurement module to predict

the real-time traffic conditions based on the delayed traffic information.

Fig. 5.1 shows the interactions between the traffic environment and the agent at time
step t. The agent listens continuously incoming control messages My from the traffic
environment and transforms the messages to traffic states. Due to the delay for forwarding
control message My , the traffic state measurement module predicts the traffic state, s;, at
time step t to reduce the discrepancy between the real-time and delayed traffic conditions.
Given the predicted traffic state, the function approximation module generates the optimal
action (a;) for controlling the signals. The reward (r;) for the executed action (a;) and the
next traffic state (s;41) are returned to the agent at time step ¢t 4+ 1 and stored in memory
with the s; and a;. The agent’s experience is stored in the memory for improving the

function approximation model through the experience replay process.

The following sections describe the agent design, function approximation module, and

traffic state measurement module.
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Figure 5.2: Traffic state representation.

5.2.2 Agent Design
Traffic state representation

In this thesis work, we use four traffic features to describe the traffic states of an arbitrary
intersection. These four features are local current traffic signal phase, vehicle volumes,
speed, and acceleration. The current traffic signal phase is the index of the current phase.
Vehicle volumes, speed, and acceleration are represented by three matrices My, My, Ms,
respectively. Fach matrix has dimension |L| x4, where L denotes the connecting lanes of the
intersection, and |L| is the number of the lanes. In these matrices, the row vectors represent
the feature states of the vehicles moving in the corresponding lanes. As shown in Fig. 5.2,
each lane is evenly divided into three segments in order to reduce the dimensions of the state
representation. Cell 1, cell 2, and cell 3 of the rows describe the features of corresponding
segments on the connecting lanes, and cell 4 indicates the states of approaching vehicles
from adjacent intersections. For example in Fig. 5.2, cell 1, cell 2, and cell 3 in My, Mo,
and M3 denote the the number of vehicles, the average vehicle speed, and the average
acceleration of the vehicles in the lane segment 1, segment 2, and segment 3, respectively.
Cell 4 in My, M,, and M; describes the three features of approaching vehicles from the

right adjacent intersection.

Action

Action space defines the actions that the agent can take to impact the environment [20].
Our action space is defined as A = {ay,as} to represent two left-turn permitted TSPs,
respectively. The action space A can also be defined as {ay, as, as, as} if the TSP design is
left-turn protected TSPs. We define a minimum duration of a TSP (At) to avoid flickering
TSP due to dynamic traffic states. The TSP can not be switched to another TSP until the
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Figure 5.3: Pressure movements between two intersections.

elapsed time of the current TSP is higher than At. A five-second yellow TSP is applied
between two different TSPs. When a newly selected TSP is different from the current one,
the agent switches to the five-second yellow phase before updating the current phase to

the target TSP.

Reward

Reward frames the application’s objectives and assesses the executed action for improving
the agent’s performance in future steps [20]. Here, we design a reward model based on MP
that measures the pressure of vehicular movements at an intersection based on incoming

and outgoing queue length measurements.

We assume that a traffic environment contains an intersection ¢ and an adjacent in-
tersection 7 € N B;, where the N B; denotes the collection of neighbor intersections of the
intersection i (see Figure 5.3). Then, we define the pressure of a vehicular movement from

incoming lane [ to outgoing lane m at time step t as follows:

P(l,m) = qi(l,m) — co(m) + > _ sju(k, 1) - qu(k, 1), (5.1)

kELj

where ¢:(l, m) denotes the number of vehicles moving from lane [ to lane m, L; denotes the
incoming lanes of adjacent intersection j. s;(k,l) = {1,0} is a binary variable denoting
the traffic signals of the vehicular movements from lane k to lane [. The value 1 means that
the signal is green for the vehicular movement (k,1) at time step ¢; otherwise, it returns
0. c/(m) denotes the vacancy of exiting lane m that is available for incoming vehicles
at time step t. The values of ¢;(m) describe the capability of reducing the intersection’s

pressure. When ¢;(m) = 0, the lane m is full of vehicles and no space for feeding vehicles
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from upstream lanes. ¢;(m) > 0 denotes the number of vehicles that can go through the

intersection and enter into lane m.

Based on the pressure measurements described above, the pressure of intersection ¢ at

time step t is defined as
P, =Y P(l,m). (5.2)
Il,meL;
The objective of the traffic signal controller is to minimize the total pressure of the

intersection. Therefore, we define the reward r; at time step t as follows:

Ty = _Pt' (53)

5.2.3 Function Approximation

In this work, we adopt Q-network as the function approximation to estimate Q-values of
actions for the given traffic states. As shown in Figure 5.4, the four features (one scalar,
three matrics) of a given traffic state are flattened and concatenated into an array before
passing through a neural network. The neural network consists of several fully connected
layers and an output layer. In practical applications, the number of hidden layers of the
network can be adjusted according to the actual conditions of different intersections. The
output values of neurons in the output layer represent the Q-values of actions. The action
with a higher Q-value is selected by the agent to control traffic signals. e-greedy algorithm
is used in action selection. The agent randomly selects an action with a small probability

of €, and generally selects the optimal action with the highest Q-value since the Q-value
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quantifies the agent’s rewards in the future steps.

To train the TSC model, we adopt experience replay techniques [151, 152] to update
model’s parameters . An experience cache is maintained in memory to store the encoun-
tered traffic states and executed actions and the corresponding rewards from the traffic
environment. The cache is represented as a sequence queue structure with a maximum size
and automatically removes the least recently inserted experience. To stabilize the learning
progress, a target Q-network [151] is applied in our traffic signal model. Although similar
to the structure of the learning Q-network, the target Q-network updates parameters 6~

based on # with a lower frequency.

5.2.4 Traffic State Measurement

Date transmission delay is inevitable in wireless communications [189-194], especially in
vehicular networks due to dynamic traffic environments [49, 195-198]. Various factors can
cause the delay of messages sent by a vehicle to an intersection, such as the vehicle speed,
the distances between the vehicle to the intersection or the front vehicles. Therefore, the
traffic states collected by the controller agent at every time step can not represent the
real-time traffic conditions. Here, we design a traffic state measurement to address the

delay in vehicular networks.

Contents of the Control Message

In our traffic state measurement, the content of a control message must capture the nec-
essary information needed in our later state prediction. Accordingly, in this work, we
designed a new control message consisted of five fields representing the instantaneous vehi-
cle data transmitting from a vehicle to an intersection agent (see Table 5.1). The first field
is the timestamp t..,; of the message sent from the vehicle that creates the message. The
timestamp field is used by the agent to estimate the delay of the message transmission.
The second field is the globally unique id of the approaching vehicle. The third field is the
position (psent) Of the vehicle at timestamp fteens. We assume that the position data can
be fetched by the vehicle through GPS devices. To simplify the method’s description, we

define the vehicle position by the distance between the vehicle and the approaching inter-
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Table 5.1: The field definitions of a control message content.

Field Description

teent The timestamp of a message sent by a vehicle
id Global unique id of a vehicle

Dsent Vehicle position at timestamp teent

Ssent Vehicle speed at timestamp tgent

Osent Vehicle acceleration at timestamp tgent

section. The forth and fifth fields are the speed profile information of the vehicle including

the vehicle speed (Sgent) and acceleration (asent) at timestamp gept-

State Prediction

To reduce the adverse effect of data transmission delay on the control efficiency of the
TSC system, we propose a way to predict the real-time traffic state based on the received

messages of upcoming vehicles from adjacent intersections.

Assuming that at time step ¢, an agent has received a sequence of messages My of
upcoming vehicles V' from adjacent intersection j in the previous control cycle. The delay

of the message My, from vehicle V; to the intersection can be calculated as follows:

d(Vi) =t — My, (fsent)- (5.4)

Since the speed of vehicle V; is changing dynamically, the control agent does not know the
instantaneous speed of the vehicle V; during the delay period d(V;). Hence, we assume that
the received vehicle speed sqp is the average speed of the vehicle V; in the delay period.
Based on the speed assumption, the expected moving distance of V; can be estimated as
follows:

E(dis(Vi)) = d(Vi) x My, (sent) (5.5)

Here, we analyze the expected position of the vehicle V; in two cases:

Case 1: We assume that V| is the leading vehicle on its lane. The expected position

E(py,) of the vehicle V} is calculated based on the expected moving distance and the signal
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status of the adjacent intersection j as follows:

MVO,l(psent) - E(dZS(‘/O)), if Signal =G

E(py,) =
’ max{0, My, ;(Psent) — E(dis(Vp))}, otherwise

(5.6)

When E(py,) < 0 and the signal is green, the vehicle V4 has already left the adjacent
intersection 5 and moved into the incoming lane of the intersection i. In this case, we must
re-estimate E(py,) as Vp is currently on the lane of the intersection i. Since we present
the position of a vehicle by the distance between the vehicle and the intersection, we can
recalculate the expected position of Vg using E(py,) = len — |E(py,)|, where len is the

length of the lane at the intersection 4.

Case 2: V; is not the leading vehicle (i # 0). The expected position of the vehicle V;
is calculated by the expected moving distance and constrained by the expected position
of the front vehicle V;_;. By assuming the vehicle is not allowed to change the lane and

overtake front vehicles, we can calculate the expected position of the vehicle V; as follows:

E(pv,) = max{ My, (psent) — E(dis(V)), E(pv,_,) + Gap}, (5.7)

where Gap denotes the length of a vehicle plus the minimum gap between two vehicles.

5.3 Experiments and Results

Based on the experimental settings in Chapter 4, we further conducted the experiments
to evaluate the performance of our max-pressure-based cooperative traffic signal control
(MP-CTSC) in the traffic environment with multi-intersections. The measurements we
used to evaluate the performance of our method fall into two categories: intersection-
based and vehicle-based. The intersection-based measurements include queuing time and
queue length at intersections. The vehicle-based measurements include vehicle waiting

time, average vehicle speed and the number of stop times, and vehicle fuel consumption.

5.3.1 Traffic Environment

To evaluate the performance of our MP-CTSC method more accurately, we tested our work

by considering two distinctive traffic scenarios.
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Figure 5.5: Traffic road network structure in Traffic Scenario 1.
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Figure 5.6: The vehicle arrival rates in Traffic Scenario 1.

Traffic Scenario 1

Based on the synthetic scenario in Chapter 4, we used SUMO to extend the traffic environ-
ment to an intersection connecting with four adjacent intersections (see Figure 5.5). The
traffic signals of intersection No. 0 was controlled by MP-CTSC, and the rest intersections
were controlled by pre-timed traffic signal phases. The pre-timed TSPs follows the left-turn
permitted design in Figure 3.2. We set 60 seconds for each phase and 5 seconds for the

yellow signal phase.

Figure 5.6 shows the arrival rates of vehicles entering the traffic environment in an

hour. Unbalanced and dynamic vehicle demands were used to imitate real-world traffic
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conditions. We simulated the vehicle demands from intersection No. 1 and 3 lower than the
demands from intersection No. 2 and 4. Furthermore, the demands from intersection No. 2
and 4 were rising faster than the demands of other intersections. We increased the demands
gently in the first half-hour and then boosted the demands of intersection No. 2 and 4
in the second half-hour to evaluate the performance of methods on the boosting vehicle
demands. The vehicle routes were generated by the JTRROUTER tool provided by SUMO
with the turning ratios of 35% for right-turn movements, 40% go-through movements, and

25% for left-turn movements.

In this scenario, in order to show the effectiveness of addressing data transmission delay
issues by the proposed MP-CTSC, we estimated the average message transmission delay
from vehicle V; to an intersection as AD; = k x §, where k denotes the expected number
of hops that a message can be successfully transmitted to the intersection, § denotes the
average delay of one-hop [199]. Since our study focuses on the urban traffic road network
environment, we ignored the data transmission delay in sparse traffic conditions. We set the
transmission range of V2V and V2I communication as 50 meters in our test environment
and the delay factor 6 = {0s,0.5s, 1s,2s} to evaluate the performance on different ranges

of delay.

Traffic Scenario 2

Traffic scenario 2 is a real-world traffic environment defined in Section 4.3.1. As shown in
Figure 4.7, the traffic signals of the six intersections signed by circles were controlled by
the proposed MP-CTSC method. Pre-fixed traffic signal timing plans controlled the traffic
flows of the rest of intersections signed by squares with 60 seconds for each phase and 5

seconds for the yellow signal phase.

5.3.2 Compared Methods

We conducted performance comparisons with the following methods.

1) Pre-timed Traffic Signal Control: Pre-timed TSC is a natural way to control
traffic signals with manually designed traffic signal phases. Here, we set 60 seconds for

each green TSP and 5 seconds for the yellow warning phase.
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2) Max-pressure Traffic Signal Control: Max-pressure TSC [177] is an actuated
control method that greedily selects a TSP based on the real-time pressure of vehicular
movements. The pressures of vehicular movements are measured by incoming queue lengths

and exiting queue lengths without considering the capacity of lanes.

3) Travel Time-based Max-pressure Traffic Signal Control: TTMax-pressure
TSC [179] is an actuated control method that greedily selects a TSP based on the travel

time of the incoming and outgoing lanes.

4) Presslight Traffic Signal Control: Presslight [45] is a RL-based TSC method
that uses scaled max-pressure algorithm [200] to design their reward model in learning
progress. The pressures of vehicular movements are measured by the difference between

the occupancy of incoming and exiting lanes.

5.3.3 Parameter Settings

We reused the parameters presented in Table 4.1 to train the g-network. We trained our
g-network based on the sampled experience per control cycle and updated the parameters

of our target g-network every 300 control cycles.

Based on the g-network architecture shown in Figure 4.3, the input traffic states are
firstly fed in flatten and concatenated layers and then two fully connected layers. The first
fully-connected layer consists of 128 Leaky ReLU units. The second fully-connected layer
consists of 32 Leaky ReLU units. The output layer is a fully-connected layer with two

outputs for two actions, each representing the corresponding traffic signal phase.

5.3.4 Simulation Results on Traffic Scenario 1
Performance on Intersection-based Measurements

Figure 5.7 shows the performances on the synthetic traffic scenario using the intersection-
based measurements of average queuing time (AQT) in seconds and average queuing length
(AQL) in meters at intersection No. 0. According to the vehicle arrival rates shown in
Figure 5.6, we compared the performance on the low changing arrival rates and boosting

arrival rates.
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Figure 5.7: Performances of the intersection-based measurements at the intersection No.
0 in Traffic Scenario 1.

Figure 5.7a and Figure 5.7b are results of AQT and AQL metrics, respectively, without
data transmission delay, meaning that the agent can receive instantaneous vehicle data
immediately. We can see that all compared methods had similar performances on AQT
and AQL metrics in the period with low arrival rates. Actuated and RL-based TSC
methods only contributed to slightly better results compared to pre-timed TSC.

When the arrival rates were boosted, the performances of the methods demonstrated
significant differences. With the increasing vehicle demands in the second half-hour, MP
had the worst performance than others on the measurement of AQT. It was because that
the objective of MP is to maximize the throughput of the intersection, which assigns
the green signals to the lanes with higher pressures, leading to the higher frequency of
switching TSPs in the case when the number of queuing vehicles is changing from different

lanes. TT-MP performed better than MP on the AQT metric due to the travel time-based
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pressure measurements. Presslight improved the performance of MP on AQT metric by
using RL techniques to achieve adaptive TSC for long-term traffic conditions. It reduced
the frequency of switching TSPs compared to the actuated TSC methods. MP-CTSC had
the best performance on both AQT and AQL metrics compared to other methods. Based on
the same advances of RL techniques applied in Presslight method, MP-CTSC considered
the traffic pressures of adjacent intersections. Such consideration assigned longer green
time to the lanes with higher pressures, including the local pressures and the incoming
pressures from adjacent intersections, allowing the agent to keep green signals to the lanes
with lower local pressures but higher incoming pressures. While in the Presslight without
considering the adjacent pressures, the agent switches green signals to the lanes with higher
local pressures, which may be different to the current TSP, and then switches back until the
incoming pressures from adjacent intersections move to the local pressures. More switching

TSP times cause longer yellow signal duration, resulting in lower efficiency of TSC.

Figure 5.7¢ and Figure 5.7d are results of AQT and AQL metrics respectively with
data transmission delay. We set 6 = 1 to ensure that the agent can only receive the
instantaneous vehicle data within one hop, meaning that the agent can not receive the
vehicle data with a delay of more than one second. Pre-timed traffic signal control had the
same performance showed in Figure 5.7a and Figure 5.7b because it does not detect the
traffic conditions. MP, TT-MP, and Presslight performed worse in the traffic environment
with data transmission delay compared to § = 0. It is because that the agent was unable
to detect the vehicles that had long distances to the intersection due to data transmission
delay, resulting in lower pressures of the lanes that contained the undetected vehicles.
Such delayed pressure measurements misguided the agent to control the traffic signals,
leading to worse performances compared to the scenarios without data transmission delay
[167, 201-203]. We can see that MP-CTSC kept the same performances on both traffic
conditions owing to the traffic state measurements with prediction. The agent reused the
delayed vehicle data to predict the traffic states at the current timestamp, reducing the

gap between the traffic states with and without data transmission delay.
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Figure 5.8: Performances of intersection-based measurements at six intersections in Traffic
Scenario 2 with data transmission delay 6 = 1.

Performance on Vehicle-based Measurements

Table 5.2 summarizes the performances of compared methods on vehicle-based measure-
ments for waiting time (WT) in seconds, stop times, average speed (m/s), and fuel con-
sumption (ml/km) in Traffic Scenario 1. We can see that the pre-timed method resulted
in the highest fuel consumption since the high frequency of go-stop movements can cause
higher fuel consumption [38]. MP, TT-MP, and Presslight performed slightly worse in the
traffic environment with data transmission delay than in the environment without delays.
Such results are because of the loss of traffic state measurements due to delayed vehicle
data. MP-CTSC outperformed other compared methods on those metrics in both traf-
fic conditions § = 0 and § # 0. We evaluated MP-CTSC with different delay ranges to
demonstrate the effectiveness of our state prediction method. The performance of MP-
CTSC was close to each other in all delay conditions, meaning that MP-CTSC with traffic

state prediction can effectively address the issue of delayed traffic states.

5.3.5 Simulation Results on Traffic Scenario 2

We further compared the methods in a real-world traffic scenario with a delay factor of
0 = 1. Figure 5.8 shows the performance of intersection-based measurements in Traffic
Scenario 2, excluding the performance of the pre-timed method because it performed worse

than other methods. The figures present the average AQL and AQT per 15 mins of all six
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Table 5.4: The average green signal duration (GSD) and yellow signal duration (YSD) at
six intersections in Traffic Scenario 2.

Method | GSD (s) YSD (s) Percentage of YSD
MP 36195 14509 0.29
TT-MP 36324 14377 0.28
Presslight 37504.6 13321.4 0.26
MP-CTSC 39110 11598 0.23

intersections. We can see that their performances were close to each other, but MP-CTSC
performed more stably in the dynamic traffic flows. MP, TT-MP, and Presslight performed
more fluctuated than MP-CTSC due to delayed vehicle data. Table 5.3 presents the results
of vehicle-based measurements in Traffic Scenario 2. The vehicles had the lowest waiting
time, stop times, fuel consumption, and the highest speed in the real-world traffic scenario,
meaning that the traffic signal control of MP-CTSC is the most efficient compared with
other methods. The reason behind the results is benefited from traffic state measurements
with prediction. With the delay factor 6 = 1, the agents can only receive the vehicle data
within the previous second and miss the data that delayed more than one second. Such
missing vehicle data presents a delayed traffic condition at every time step for the agents,
leading to a poor decision in the case when the agents assign red signals to the lanes
with high pressure. MP-CTSC addresses the data transmission delay issue by traffic state
measurements with prediction. It collected traffic vehicle data per second and predicted
the current traffic state based on the previous 5-second traffic states. The state prediction

reduces the gap between the real-time traffic states and the delayed traffic states.

On the other hand, when considering the pressure of adjacent intersections, our method
reduced the frequency of switching TSPs and the duration of yellow signal phases, indi-
cating that MP-CTSC achieved the improvement of the efficiency of the traffic control.
Table 5.4 shows that MP-CTSC had the lowest yellow signal duration compared to other
methods, meaning that MP-CTSC had fewer switching times during the test. Since the
yellow signal phase happened only when the agent attempted to switch the current traffic
signal phase to another phase, a higher frequency of switching traffic signal phases can

increase the duration of yellow time and reduce the efficiency of the traffic signal control
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at intersections because all vehicles must stop during the yellow signal phase.

We also evaluated the performance of MP-CTSC with the different ranges of the delay
factor § = {0,0.5,1,2} to show the effectiveness of the proposed traffic state prediction
method in the real-world traffic scenario. From Table 5.3, we can see that the increasing
data transmission delay did not seriously worse the performances of MP-CTSC in the real-
world traffic scenario. The performance in the traffic condition with delay factor 6 < 1 had
the closest performance with the delay factor 6 = 0, and we found that the performance
of 6 = 2 was worse compared to the performances of lower delay factors. It shows that the
traffic state prediction method can thoroughly address the data transmission delay within
one second per hop in our traffic scenarios. A longer delay may reduce the accuracy of the

prediction and lower the efficiency of the traffic signal control [204-207].

5.4 Summary

In this chapter, we proposed a reinforcement learning-based cooperative traffic signal con-
trol scheme to promote the efficiency of cooperative TSC in multiple intersections. Our
method considers the traffic conditions of both the local intersection and adjacent intersec-
tions. We proposed a max-pressure-based traffic state representation and a reward model
to develop an agent that can evaluate a local pressure and the pressure from its adjacent
intersections to avoid the unnecessary controls of switching traffic signal phases. Moreover,
we proposed a traffic state prediction method to address data transmission delay in vehic-
ular network environments. We evaluated our traffic state prediction method by setting
different ranges of delays. The results show that our method achieved good performances
on both vehicle-based and intersection-based metrics under boosting vehicle demands com-
pared with previous max-pressure control methods. Also, our state prediction method can
significantly reduce the gap between real-time traffic states and delayed traffic states. Our
method demonstrated the ability to address the data transmission delay issue in vehicular

networks.
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Chapter 6

Conclusion and Future Work

Traffic congestion is a growing public concern worldwide, especially in urban areas. Re-
cently, a considerable literature has grown up around the theme of traffic signal control
(TSC) and shown the its power to improve the efficiency of traffic flow regulation. An ef-
ficient TSC policy significantly improves intersections’ capacity and on-road vehicles’ fuel
efficiency by smoothing traffic flows and reducing vehicles” waiting time or delay. The the-
sis work, including literature reviews, methodologies and experimental results, has been
presented in previous chapters to show the significance of TSC and the effectiveness of the
proposed TSC methods. This chapter concludes the main contributions of the thesis work

and discusses future research arising from the current work.

6.1 Contribution

In this thesis, we investigated traffic signal control problems for both an isolated intersec-
tion and a traffic road network containing multiple intersections. We proposed to employ
reinforcement learning techniques to formulate TSC problems in different traffic scenarios
and improved the efficiency of traditional RL-based TSC schemes in a more realistic traffic

environment. Here, the main contributions of this thesis are summarized as follows:

e Reward designing is a critical part of RL-based TSC methods. Many studies have put
effort into designing a scaled reward to achieve multi-objective by combining multiple

weighted traffic measurements. However, the single reward value is less sensitive to
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each individual’s behaviours due to the scaled traffic measurements. In this thesis,
we proposed a DRL-MRs framework to enable the agent to learn the optimal TSC
solution for various objectives collectively. Meanwhile, an action voting policy was

proposed to improve the performance of the action selection.

Smoothing traffic flows is an essential objective in TSC. Many eco-driving approaches
have been proposed to smooth vehicular movements. However, these methods are
based on foreseeable traffic signal timing plans. They are inapplicable for the adaptive
traffic signal control solutions. In this thesis, we proposed a vehicle speed profile
control method to optimize the vehicle’s instantaneous speed profiles based on the

dynamic traffic timing plans generated by our TSC method.

The traffic state dimension and the complexity of TSC problems are exponentially
increased in the traffic environment with multiple intersections. In this thesis work,
we adopted the max-pressure (MP) method [177] in this thesis to design a new

efficient traffic state representation and reward model.

An effective TSC method requires low-latency traffic conditions. However, the data
transmission delay issue is unavoidable in a realistic traffic environment. In this
thesis, we proposed a state prediction method to reduce the gap between the real-time
traffic conditions and the delayed traffic conditions. Our experiments demonstrate
that our state prediction method can keep the performance of the agent in different

ranges of data transmission delays.

Synthetic and real-world traffic scenarios were designed and set up in this thesis
experimental parts. We evaluated our DRL-MRs framework with the vehicle speed
profile control method on both traffic scenarios. The results show that the DRL-
MRs TSC scheme can stably regulate traffic flows and improve the efficiency of
the TSC under different criteria. Moreover, we evaluated our RL-based cooperative
TSC method in a more realistic traffic scenario by adding data transmission delays.
The results demonstrate that the proposed method can improve the efficiency of the
TSC in a system-wide/global traffic road network and have better performance in
the traffic environment with delayed traffic conditions compared to previous TSC

methods.
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6.2 Future Work

In this thesis, we proposed TSC schemes for both an isolated intersection and multi-
intersections. Further research needs to be studied in the next work to apply the proposed
method into the real-world traffic environment. This section presents the research direc-

tions of the RL-based TSC domain in future work.

Improving State Design in RL-based Traffic Signal Control. More traffic measurements
can be added to state designs to enhance the representation of the traffic environment.
For example, the feature of the vehicle category was ignored in the previous researches.
However, different vehicle categories may impact the TSC solution. Buses, police cars, and
ambulances have a higher priority than private cars to obtain green signals. Meanwhile,
the traffic state dimension can be exponentially increased due to adding more features into
traffic state representation, leading to higher learning cost and computational requirement.
Therefore, improving the representation of the traffic state design with less information loss

remains a challenge in future research.

Fvaluating TSC Methods in a More Realistic Traffic Environment. Many previous TSC
studies were evaluated to show the effectiveness in an ideal traffic environment. However,
many unforeseeable issues would be emerged in the real-world traffic environment, such as
the data transmission delay issue [199, 208]. Therefore, more realistic traffic factors need to
be considered in the designs of RL-based TSC schemes. In future work, vehicular networks
with road-side units [209, 210] will be investigated to evaluate the data transmission delays
between signal controllers and on-road vehicles. Moreover, missing data will be considered
because it may occur if some on-road vehicles are unable to communicate with the signal

controllers via vehicular networks.

FEvaluating TSC Methods in a Large Scale Traffic Road Network. Applying the TSC
methods to the real-world traffic environment requires a comprehensive evaluation in a large
scale traffic road network. Due to a large number of vehicle volumes and intersections in
a traffic road network, the proposed TSC method must have the capability to evaluate
the large-scale traffic conditions efficiently and accurately. In our future work, higher
traffic demands and more intersections will be designed to evaluate the effectiveness of the

proposed TSC methods.
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