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ABSTRACT OF THE THESIS

Agent-Based Urban Traffic Management for Connected and Automated Vehicles
by

Shangrui Liu
Master of Science, Graduate Program in Electrical Engineering
University of California, Riverside, December 2021
Dr. Matt Barth, Chairperson
Traffic congestion has always been a serious problem in metropolitan areas. Fortunately,
the emergence of autonomous vehicles (AVs), vehicle-to-everything communication
(V2X), and advanced machine learning algorithms have unlocked uncountable
opportunities to improve transportation system management and vehicle operations in
terms of safety, mobility, efficiency, and environmental sustainability. In this dissertation,
agent-based traffic management strategies have been developed to mitigate traffic
congestion for three representative scenarios, including: 1) signalized intersection control
using deep reinforcement learning (DRL); 2) signal-free intersection management based
on first come first served policy; and 3) reservation-based network traffic management

with a multi-agent system (MAS) approach.

The first part focused on the signal timing problem at an isolated intersection by using

deep reinforcement learning approach. The system is designed and tested in a realistic

v



transportation simulation platform (Simulation of Urban, n Mobility) and the intersection
configuration is also developed from a real-world scenario (University Ave @ Chicago
Ave, Riverside, California). The method significantly achieved improvement in terms of
both congestion mitigation and energy saving when compared with traditional signalized
intersection management methods. As for the second part, an autonomous centralized
intersection management strategy was developed and realized in multiple Raspberry Pi
based vehicle models to determine the optimal passing sequence at signal-free
intersections in an artificial urban network. The last part moved from small scale
scenarios (intersection) to large scale scenarios (network). A reservation—based network
traffic management method using MAS was proposed to route individual CAV traversing
a given network in terms of minimizing its arrival time. The results show that our system
can reduce travel time in the range of 8 — 12%, compared with the state-of-the-practice

strategy.
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Chapter 1 Introduction

1.1 Overview

This thesis focuses on transportation systems, applying the latest advances in Intelligent
Transportation Systems (ITS) to mitigate the environmental and energy issues associated
with the movement of goods and people [1]. To be more specific, this thesis focuses more
on the traffic management problem under the fully Connected and Automated Vehicles
(CAVs) environment to improve transportation system management and vehicle

operations in terms of safety, mobility, efficiency, and environmental sustainability.

Intelligent Transportation System

Intersection Metwork Traffic
Management Management

Signalized
Traffic Signal

MAS Optimal
Signal-free Route Choice

Intersection
Management

Figure 1. 1 Overview of the study area for this thesis

The traffic management problems are studied in microscopic and macroscopic scenarios,
as shown in Figure 1.1. As for the microscopic scenarios, this thesis focuses on managing

the traffic at isolated intersections which include signalized intersection and signal-free



intersection; As for the macroscopic scenario, the work is focused on routing an
individual CAV to traverse a given network in terms of minimizing its travel time.
Overall, the research in this thesis belongs to the advanced transportation area and
gradually moves from a small scale (an isolated intersection) to a large scale (a grid

network).

1.2 Motivation

1.2.1 Traffic Congestion

Rising traffic congestion is an unavoidable condition in large and growing metropolitan
areas across the world. Valuable time is wasted by vehicles stuck in traffic. A 2017 report
from Texas A&M Transportation Institute [2] shows that the annual travel delay cost by
congestion for each commuter in Los Angeles is 119 hours, and 47.9% of the travel delay
(caused by congestion) occurred during peak hours in downtown area. Moreover, traffic
congestion increases vehicle emissions and degrades ambient air quality. Some previous
studies [3] developed scenarios to examine associations between traffic volume,
exposures, and health risk, showing that traffic jams may significantly increase the level
of environmental pollution. Figure 1.2(A, B) shows concentrations predicted for various
emission estimates, traffic volume, and rush hour periods in the freeway scenario. Figure
1.2(C, D) shows predicted concentrations in the arterial scenario. Concentration levels

increased nearly linearly to about 3000 vph (vehicle per hour) and then increased sharply.
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Figure 1. 2 Predicted speed and NO, concentrations versus traffic volume in the freeway and arterial
scenarios [3]

1.2.2 Autonomous Vehicles (AVs)

Fortunately, the emergence of Autonomous Vehicles (AVs) and Vehicle-to-everything
(V2X) communications [54] have unlocked uncountable opportunities to improve
transportation system management and vehicle operations in terms of safety, mobility,

efficiency, and environmental sustainability.

AVs can detect surroundings by using information from radar, laser light, Global
Positioning System (GPS), odometry, and computer vision. Thus, AVs can detect the
road segment and everything around them and operate in isolation from other vehicles.
Figure 1.3 shows a brief explanation of the different levels of driving automation [4]. An

active and engaged driver is required if a vehicle has a level 0, level 1, or level 2 driver



support system. Drivers are always responsible for the vehicle’s operation, always
supervise the technology, and take complete control of the vehicle when necessary. To
the current position, various car manufacturers could produce vehicles with automation
level 2 or level 2.5. In the coming future, if a vehicle has level 3, level 4, or level 5
automated driving system, the technology takes complete control of the driving without
human supervision. However, with level 3, if the vehicle alerts the driver, and requests

driver takes control of the vehicle, he or she must be prepared and able to do so.

LEVELS OF DRIVING AUTOMATION

O 6 06 6 0 ¢
Z W7

0 1 2 3 4 5
NO DRIVER PARTIAL CONDITIONAL HIGH FULL

AUTOMATION ASSISTANCE AUTOMATION AUTOMATION AUTOMATION AUTOMATION

THE HUMAN MONITORS THE DRIVING ENVIRONMENT THE AUTOMATED SYSTEM MONITORS THE DRIVING ENVIRONMENT

Figure 1. 3 Levels of Driving Automation [56]

1.2.3 Vehicle-to-everything Communications (V2X)

By having richer traffic data, it is critical to transmit them to other parts of the traffic
system to manage the traffic better. Vehicle-to-everything (V2X) is a vehicular
communication system that supports transferring information from a vehicle to any parts
of the traffic system that may affect the vehicle. The primary purpose of V2X technology

is to improve road safety, energy savings, and traffic efficiency on the roads. The critical



components of V2X technology include vehicle-to-vehicle (V2V) and vehicle-to-
infrastructure (V2I), which are shown in Figure 1.4 [5]. V2V allows vehicles to
communicate with other vehicles on the road, while V2I enables vehicles to share vehicle
dynamics with external entities, such as traffic lights, parking spaces, cyclists, and
pedestrians. The external entities can integrate all those received information into the
server, which helps improve road safety, increase road mobility, reduce fuel consumption,
and enhance the experience between drivers and other road users. For example, the
roadside infrastructure can estimate the time-dependent traffic volume by receiving the
vehicle’s information on the road segment, which is critical when solving the traffic
management problem. More than sending data to the infrastructure, AVs equipped with
V2X systems may also receive the information or guidance from the infrastructure.
Although the V2X technique is still in its early stages, most manufacturers have started
incorporating the technology, and vehicles are increasingly becoming connected to other
vehicles and infrastructure. As a result, the users benefit from safer, more efficient

journeys with reduced carbon emissions.

Vehicle-to-Network Vehicle-to-Vehicle
Communication Communication
Vehicle-to-Infrastructure V2X Communication Vehicle-to-Pedestrian

Communication Communication

Figure 1. 4 Framework of Vehicle-to-everything (V2X) communication



In general, with the emergence of AVs and V2X communication, richer real-time
information is becoming available, and higher definition control (at the individual vehicle
level) can be applied to mitigating traffic congestion. Studies in this thesis take advantage
of the new technology in intelligent transportation systems and try to solve the
intersection management and traffic network management problems from a new

perspective.

1.2.4 Artificial Intelligence

Machine learning (ML) has great applicability in the transport industry. Transportation
systems have been influenced by the growth of machine learning, particularly in
intelligent transportation systems (ITS). Through deep learning, ML explores the
complex interactions among road uses, infrastructure, and other environment elements.
ML also has great potential in daily traffic management and the collection of traffic data.
Figure 1.5 illustrates the growth of applying machine learning approaches to solve a
variety of problems in ITS [6].

90
80
70
60
50
40
30

20
10
0
2012-2014 2015 2016 2017 2018
# Traffic Characteristics ® Traffic Incidents Vehicle ID
# Traffic Signal Timing  #» Public Transport Visual Recognition
Figure 1. 5 Year-wise publication growth in ITS domains using ML [6]



Reinforcement learning (RL), a branch of machine learning, is applied in this thesis to
solve the signalized intersection management problem. The reason for using RL is these
techniques can directly learn from the observed data without making any strong
assumptions. Different from other types of ML techniques, RL does not require any
sampled data. Instead, the RL must first take action to change the signal plans and then
learn from the outcomes. This trial-and-error approach is also the core idea of RL. The

detailed information on RL will be discussed in the following part of this thesis.

1.3 Work Summary

This section briefly introduces all the works in the thesis and summarizes major
contributions of my study. First, the study area belongs to the Intelligent Transportation
System (ITS), which applies the latest advances to the mitigation of the environmental
and energy issues associated with the movement of goods and people. To be more
specific, this thesis focuses more on the traffic management problem under the fully
Connected and Automated Vehicle (CAVs) environment to improve system performance

in terms of safety, mobility, efficiency, and environmental sustainability.

There are in total three main topics in the thesis, including:

1. Signalized intersection control using deep reinforcement learning (DRL).

2. Signal-free intersection management based on first come first served (FCFS) policy.
3. Reservation-based network traffic management with a multi-agent system (MAS)

approach.



In general, agent-based traffic management strategies are developed to mitigate traffic
congestion for these three representative scenarios. The studies are moved from a small
scale (an isolated intersection) to a large scale (a grid network), from contemporary to

futuristic.

The first part focuses on the signal timing problem at an isolated intersection using a deep
reinforcement learning approach. The system is designed and tested in a realistic
transportation simulation platform (Simulation of Urban MObility). The intersection
configuration is also developed from a real-world scenario (University Ave @ Chicago
Ave, Riverside, California). The method significantly improved from the perspective of
both congestion reduction and energy saving compared with traditional signalized
intersection management methods. The main contributions are:
® Develop a flexible traffic light state dual-ring controller with 64 traffic states. This
controller provides extra flexibility in the traffic light transitions process, which
gives the DRL agent more freedom to learn the optimal policy from the environment.
® Develop a DRL model for the TLC at a single intersection. In the model, traffic
lights are controlled by an independent agent. In addition, a knowledge-assisted
decision-maker algorithm is embedded in the DRL model to prevent frequent traffic
light transitions, and a Deep Q-Network (DQN) algorithm is utilized to help the
agent find the optimal policy.
® Validate and compare the proposed algorithm with classical traffic signal control

methods (fixed time and actuated) under scenarios of varying traffic demands. The



results of simulation experiments confirm the superior performance of the proposed
algorithm over other state-of-the-art methods in terms of average travel delay,

emission (CO, CO,, NOy), and fuel consumption.

As for the second part, an autonomous (signal-free) intersection management module is

installed in four Raspberry Pi-based vehicle models to solve the passing sequence at

signal-free intersections in an artificial urban network. The major contributions are:

® Propose a centralized agent-based autonomous intersection management strategy by
following the first come first served (FCFS) policy.

® Test the strategy in both simulation environment and real-world environment.

The last part moved from a small scale scenario (an isolated intersection) to a large scale
scenario (a grid network). A reservation-based network traffic management method using
MAS is proposed to route individual CAV traversing a given network to minimize its
arrival time. The results show that proposed strategies can reduce travel delay in the
range of 8 — 12%, compared with the state-of-the-practice strategy. The major
contributions are:
® Develop a multi-agent system (MAS) based framework for network management of
fully CAVs environment, where the network management agent (NMA), link agents
(LAs) and vehicle agents (VAs) would cooperate with each other, and their
functionalities are clearly defined in a scalable manner.

® Propose a link-level reservation-based routing algorithm for each CAV, considering



its origin/destination and entry time. The first-come-first-served (FCFS) protocol is
applied, when reserving the link occupancy.
® Evaluate the mobility and network usage rate performance of different MAS based

network traffic management strategies.

1.4. Structure of Thesis

The thesis is structured as follows; Chapter 1 introduces the whole thesis, including the
scope, motivation, a summary of the thesis, and major contributions, followed by a
detailed literature review and essential background information for some previous related
works in Chapter 2. Then Chapter 3 to Chapter 5 discuss three major topics studied in the
thesis, which are signalized intersection control using deep reinforcement learning,
signal-free intersection management based on first come first served policy, and
reservation-based network traffic management with a multi-agent system (MAS)
approach. Each chapter introduces the motivation, methodology and experiment results
regarding the different topic. Chapter 6 concludes the thesis with further discussion and

possible future work. The detailed structure of the thesis is shown in Figure 1.6.
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Chapter 2 Literature Review

In the past few decades, many efforts have been made on intersection management and
network traffic management problems. This chapter reviews essential background

information and related previous works.

2.1 Deep Reinforcement Learning

In this thesis, reinforcement learning (RL) and deep learning (DL) work together to solve
the signalized traffic signal control problem. Those two techniques are both belonging to
the machine learning area. In recent years, ML techniques have become a part of smart
transportation. Transportation systems have been influenced by machine learning growth,

particularly in intelligent transportation systems (ITS).

Types of Machine Learning

Machine
Learning

Supervised Unsupervised Reinforcement
Task Driven Data Driven Learn from
(Predict next value) (Identify Clusters) Mistakes

| &3 i

Figure 2. 1 Three types of machine learning
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These are three types of machine learning: supervised learning, unsupervised learning,
and reinforcement learning, which are shown in Figure 2.1. In terms of reinforcement
learning, it is a machine learning training method based on rewarding desired behaviors
and/or punishing undesired behaviors. In general, a reinforcement learning agent can
perceive and interpret its environment, take actions, and learn through trial and error. It is
rapidly growing and producing a huge variety of learning algorithms that can be used for

various applications.

The reason for using reinforcement learning to solve the signalize intersection
management problem is that it does not require any sampled data for the training process.
And the labeled training data are hard to obtain in the transportation area since the traffic
environment is highly dynamic and none-stationary. Differs from supervised learning, RL
is directly learning from the interaction with environment, which is shown in Figure 2.2.
An agent interacts with the environment to generate state, action, and reward signals, and
its policy is then adjusted from another round of interaction. The final goal of RL is to
find the optimal policy in terms of maximizing the long-term reward.

Environment \

Y \
) = -
Rew =
€ ,'y{”“, \ (E /
Interpreter v
\. SE; (OO
X '”g) \ 1 J
=N » !:_’
1
Agent

Figure 2. 2 Brief framework for reinforcement learning
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The formulation of RL is first introduced, usually a single-agent RL problem is modeled

as a Markov Decision Process (MDP) equation < S, A, P,R,y >, where S,A,P, R,y are

the set of state representations, the set of action, the probabilistic state transition function,

the reward function, and the discount factor respectively. The definitions are given as

follows:

S: At time step t, the agent observes state s ¢ € S.

A, P: At time step t, the agent takes an action at a® € A, which induces a

transition in the environment according to the state transition function:
P(st*1st,a):SxA—> S 2.1

R: At time step t, the agent obtains a reward rtby a reward function.

R(s%,a"):SxA—>R (2.2)

y: The goal of an agent is to find a policy that maximizes the expected return,
which is the discounted sum of rewards:

Gt i= X,y x vttt (2.3)
where the discount factor y € [0.1] controls the importance of immediate

rewards versus future rewards.

Besides RL, deep learning (DL) is also applied to solve the signalized traffic signal

problem in this thesis. Like RL, DL is also a subset of machine learning, which is

essentially a neural network with three or more layers. These neural networks attempt to

simulate the behavior of the human brain, allowing it to learn from large amounts of data.
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While a neural network with a single layer can still make approximate predictions,
additional hidden layers can help to optimize and refine for accuracy. The popular deep
learning algorithms are Convolutional Neural Networks (CNNs), Long Short-Term
Memory Networks (LSTMs), Recurrent Neural Networks (RNNs), Generative
Adversarial Network (GANSs), and so on. They have different advantages and are used in
various research areas. This thesis uses CNNs, which were designed to map image data to
an output variable. Figure 2.3 shows the architecture of a general CNN. Three layers
make up the CNN: the convolutional layers, pooling layers, and fully connected layers.

When these layers are stacked, a CNN architecture is formed.

Pooling
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ofo 0

Input Image

Convolutional Layer Pooling Layer

1

Figure 2. 3 Architecture of Convolution Neural Network (CNN)
As for the convolutional layer, it is the first layer which is used to extract the various
features from the input images. In this layer, mathematical operation of convolution is
performed between the input image and a filter of a particular size. In most cases, a
convolutional layer is followed by a pooling layer. The primary aim of the pooling layer

is to decrease the size of the convolved feature map to reduce computational costs. This is
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performed by decreasing the connections between layers and independently operates on
each feature map. The pooling layer usually serves as a bridge between the convolutional
layer and the fully connected layer. As for the fully connected layer, it consists of the
weights and biases along with the neurons and is used to connect the neurons between
two different layers. The fully connected layer is usually placed before the output layer
and forms the last few layers of a CNN Architecture. The input images from the previous
layers are flattened and fed to the fully connected layer. The flattened vector then
undergoes few more layers where the operations of the mathematical function usually

take place. In this stage, the classification process begins to take places.
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Figure 2. 4 Generation of Deep Reinforcement Learning (DRL) [55]
In addition to these three layers, there are two more important components: the dropout
layer and the activation function. These two components are not discussed in detail in this
thesis. In general, the integration of RL and DL is Deep Reinforcement Learning (DRL).

DRL incorporates deep learning into the solution, allowing agents to make decisions
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from unstructured input data without manual engineering of the state space. DRL
algorithms can take in very large inputs (features of traffic data) and decide what actions
to perform to optimize an objective. In recent years, some studies in transportation have

already used DRL as a tool, especially in signalized traffic signal problems.

2.2 Traffic Signal Control

Traffic signal control at road intersections allows vehicle movement to be controlled by
allocating time intervals, during which separate traffic demands for each approach of the
intersection can make use of the available road space. Intersections are bottlenecks of
traffic flow and a major cause of traffic accident. According to National Highway Traffic
Safety Administration (NHTSA) [7], about 40 percent of the estimated 5,811,000 crashes
that occurred in the United States in 2018 were intersection-related crashes. Moreover,
major traffic congestion in urban areas is caused by inefficient management methods at

intersections.

2.2.1 Background Information

Here are some basic notations and definitions for traffic signal control problems:
® Approach & lane: The approach is the roadway meeting at an intersection. The
approaches can be defined as incoming approaches (vehicles enter the intersection)
and outgoing approaches (vehicles leave the intersection). Figure 2.5 (a) shows a

typical intersection with four incoming approaches and outgoing approaches. For
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example, the westbound incoming approach is denoted in this figure as the vehicles

which are traveling in the westbound direction.

Similar to the definition of approach, there are two types of lanes: incoming lanes
and outgoing lanes. Each approach consists of a set of lanes. Figure 2.5(a) shows
there are three lanes from each coming approach, which include one dedicated right-
turn lane, one dedicated through lane and one dedicated left-turn lane. However, in

some other intersections, right-turn/through and left-turn/through share the same lane.

Through movement on
westbound incoming
approach

East

_____ . : =
9 & ,’/ by S e, U
=< ,' —————
““““ v \ _—
11 - 1 2 E] 4
West |1 Left-tum movement on — ‘
westbound incoming Movement Signal
| 1 approach s ° 7 [
¥ T[T
|1 South
(a) . (b)

Figure 2. 5 Definitions of traffic movements and traffic signal phase [50]
Traffic movement and movement signal: A traffic movement represents vehicles
moving from an incoming approach to an outgoing approach. In general, there are
three types of traffic movements from each approach, which include right turn,
though, and left turn. Figure 2.5(a) gives an example of traffic movement: (r; — 1),

where 7; 1s an incoming lane and 7, is an outgoing lane.
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A movement signal is defined on the traffic movement, with a green signal indicating
the corresponding movement is allowed and a red signal indicating the movement is

prohibited. For the four-leg intersection, there are eight movement signals in use.

Phase and phase sequences: A phase is a combination of non-conflict movement
signals. Figure 2.6 shows an intersection with four legs and corresponding phases
[8]where the right turn on each leg is unrestricted. Ring 1 and Ring 2 are two
conflicting movement sets; for example, movement 1 and movement 5 can be
compatible in the same phase, while movement 1 and movement 2 cannot be
compatible in the same phase. A phase sequence is a sequence of phases that defines

a set of phases and their order of change.

1 2 3 B ing 1
5 6 7 8 Fmg 2
Main Street Side Street
Barner

Figure 2. 6 An intersection with four legs and corresponding phases [8]
® Signal Plan: A signal plan for a single intersection is a sequence of phases and their
corresponding starting time. A signal plan is denote as (pq,t1) (p2, t2) ... (Pi,ti)--

where p; and t; stand for a phase and its starting time.
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The objective of traffic signal control is to facilitate the safe and efficient movement of
vehicles at the intersection. Safety is achieved by defining phases and appropriate yellow
light time and all-red time. As for the efficiency, various measures have been proposed to
quantify the efficiency of the intersection from different perspectives:
® Travel time: In traffic signal control, travel time of a vehicle is defined as the
time difference between the time one car enters the system and the time it
leaves the system. One of the most common goals is to minimize the average
travel time of vehicles in the network.
® Queue length: The queue length of the road network is the number of queued
vehicles in the road network.
® Number of Stop: The number of stops of a vehicle is the total occurrences of

stopping (or speed being less than a threshold) that a vehicle experiences.

2.2.2 Fixed-time Traffic Signal Control (FTTSC)

Traffic lights are an integral part of the modern-day traffic infrastructure that controls
traffic flow by adjusting signal timings. A poorly designed signal control could cause
traffic jams and incidents at intersections. In the past few decades, many efforts have
been made to design an efficient traffic signal control method to reduce vehicle delays.
Traditional traffic signal approaches are mainly rule-based. Experts developed
mathematical models to determine the optimal signal timings using historical traffic

observations which simply change signal phases based on traffic state thresholds.
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For a single (isolated) intersection, the most traditional traffic signal control method is
fixed-time traffic signal control, which usually consists of a pre-timed cycle length, fixed
cycle-based phase sequence, and phase split. Webster’s method [9] is one of the widely
used methods to calculate the cycle length and phase split for a single intersection.
Assuming the traffic flow is uniform during a certain period (i.e., 5 or 10 minutes), it has
a closed-form solution shown in Eq. (2. 4) and (2. 5) to generate the optimal cycle length
and phase split for a single intersection that minimizes the travel time of all vehicles

passing the intersection.

The calculation of the desired cycle length is relying on Webster’s Equation:

Caes(Ve) = ——"yt—— 24

s
where N is the number of phases; t; is the total loss time per phase, which can be treated
as a parameter related to the all-red time and the acceleration and deceleration of vehicles;
the parameter h is saturation headway time (seconds/vehicle), which is the smallest time
interval between successive vehicles passing a point; PHF stands for peak hour factor,
which is a parameter measuring traffic demand fluctuations within the peak hour; and the
parameter v/c is desired volume-to-capacity ratio, which indicates how busy the
intersection is in a signal timing context. These parameters usually vary in different
traffic conditions and are usually selected based on observations. Once the cycle length is

decided, the green split is then calculated to be proportional to the ratios of critical lane

volumes served by each phase, as indicated in Eq. (2.5):
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where t; and ¢; stand for the phase duration for phase i and j, respectively.

Also, there are other wildly used methods to calculate the optimal cycle length and green
split, including GreenWave [10], Maxband [11], and so on, but they would not be

discussed in detail in this thesis.

In summary, FTTSC strategies are based on observed daily patterns of traffic flow
parameters such as volumes and speeds. The signal timing for each phase is already
predefined based on mathematical models and historical traffic observations. FTTSC
cannot respond to the presence of vehicles or pedestrians at the intersection, and is
recommended in downtown areas, central business districts, and urban areas in which
pedestrians are anticipated or traffic demand along each phase is high. The advantage of
FTTSC is that it is the most stable traffic signal control method and performance well
under the steady and heavy traffic conditions. However, the disadvantages of FTTSC are
also obvious, it is lacking the flexibility and non-sensitive to the real-time traffic volume.
FTTSC is now wildly used in some developing countries, like China and India, where the

traffic is usually heavy and mixed with pedestrians and other non-motorized vehicles.
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2.2.3 Fully Actuated Traffic Signal Control (FATSC)

Fully actuated traffic signal control (FATSC) is another type of traditional control
method. Different from FTSC, the signal timing is not fixed and is entirely influenced by
traffic volumes. The traffic condition is detected through sensors at all the approaches.
Qing et al. [16] formulated a mixed-integer linear program (MILP) that explicitly
accommodates multiple priority requests from different modes of vehicles and
pedestrians while simultaneously considering coordination and vehicle actuation.
Another work [17] proposed to use vehicular ad hoc networks (VANETS) to collect and
aggregate real-time speed and position information on individual vehicles to optimize
signal control at traffic intersections. Moreover, Khayatian et al. [18] described a new
approach to control traffic signals at isolated intersections by capturing vehicles’ delay

times and utilize them to adjust the green times.

2.2.4 Adaptive Traffic Signal Control (ATSC)

Excepted from FTSC and FATSC, there are also many studies on adaptive traffic signal
control (ATSC) method. Cools et al. [19] and Gershenson et al. [20] proposed the Self-
Organizing Traffic Signal Control (SOTSC), where the main difference between SOTSC
and FATSC is on the definition of request on the current phase: in FATSC, the request on
the current phase will be generated whenever there is a vehicle approaching the green
signal, while in SOTSC, the request will not be generated unless the number of vehicles

approaching the green signal is larger than a predefined threshold.
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Figure 2. 7 Illustration of max pressure control in two cases. In both cases, there are four movement signals:
North—South, South—North, East—-West and West—East and there are two phases: Phase (N — S) which
sets green signal in the North—South and South—North direction, and Phase (N — S) which sets green
signal in the East—West and West—East direction. In Case A, MPSC selects Phase (N — S) since the
pressure of Phase (N — S) is higher than Phase (W — E); in Case B, Max-pressure selects Phase (W —
E). [21]

Another ATSC is called max-pressure traffic signal control (MPTSC) method. MPTSC
[21] aimed to reduce the risk of over-saturation by balancing queue length between
neighboring intersections (or by minimizing the maximum “pressure” of the phases for an
intersection). The concept of pressure is illustrated in Figure 2.7. Normally, the pressure
of a movement signal can be defined as the number of vehicles on incoming lanes (of the
traffic movement) minus the number of vehicles on the corresponding outgoing lanes; the
pressure of a phase is defined as the difference between the total queue length on
incoming approaches and outgoing approaches. By setting the objective as minimizing
the pressure of phases for individual intersections, MPSC is proved to maximize the

throughput of the whole road network.
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Traditional traffic signal methods, including fixed-time signal control, fully actuated
signal control, semi-actuated signal control, self-organizing signal control, and the max-
pressure signal control, are well developed. Some of them are wildly used in the real
world. However, the traffic environment is highly dynamic and complex. These
traditional signal control approaches can hardly adapt well to the real-world traffic

conditions.

2.2.5 Reinforcement Learning-based Traffic Signal Control (RLTSC) for Isolated

Intersection

Thrope [29] first attempted to apply the state-action-reward-state-action (SARSA) RL
algorithm to control traffic signals for an isolated intersection in 1997 and found it
outperformed the fixed-time controller in terms of reducing vehicle waiting time. Since
then, several RL-based traffic signal control algorithms have been proposed to optimize
signal control strategies. For example, Abdulhai et al. [30] used the Q-learning to control
an intersection with two signal phases. They defined the state as the queue length and
reward function as the total delay caused by vehicles between two successive decision
points. The results showed that the proposed controller can significantly reduce the

average travel delay under variable traffic flows compared with the fixed-time controller.

When researchers tried to solve TSC using the RL, the most popular method was the Q-
learning. However, given the highly varied traffic environment, it is impossible to trace

all state-action pairs for traffic signal control problems. Currently, combining RL and
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deep learning algorithms becomes a paradigm to solve intractable high-dimensional
problems. In the past years, various deep neural network structures, such as convolution
neural networks (CNN) and recurrent neural networks (RNN), have been used to
automatically extract traffic state information for the RL to effectively learn traffic signal
control policies. For example, Li et al. [31] applied the deep-stacked auto-encoders neural
network to estimate the state-action function. It took the queue length on each lane as
inputs and output the Q-value for actions of either keeping the current phase or changing
to another phase. The experimental results showed that the DRL method outperforms the
conventional Q-learning method. Mousavi et al. [32] proposed two types of DRL
algorithms: a value-based and a policy-based approach to control signals at a single
intersection. Both methods used an image-like state representation based on the positions
and speeds of vehicles, and applied a CNN model to compress those high-dimensional

traffic states.

2.2.6 Reinforcement Learning-based Traffic Signal Control (RLTSC) for Multiple

Intersections

Many efforts have been devoted to designing agent-based RL algorithms to coordinate
signals at multiple intersections. The joint control method [33] used a single agent to
manage multiple intersections. The agent learned the joint actions based on the global
traffic state information. This method is highly sensitive to the data quality at
intersections. If the data collection sensors at one intersection fails, it might lead to

control performance deterioration at other stations or even model collapse. Aslani et al.
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[34] and Gong et al. [35] applied a fully independent control method using an
independent RL agent. Each controller decided it action solely based on the local traffic
state information without considering partial state information of neighboring
intersections. This method is easy to scale up to a road network compared with the joint
control method. In [36], [37], the partial environment information and control strategy of
neighboring intersections are shared to target intersections to assist agents in making

decisions.

In general, the traditional RL and advanced DRL methods have been successfully applied
to traffic signal control at both single intersection and multiple intersections scenarios.
However, challenges remain for designing RL-based traffic signal control algorithms to

improve the flexibility of traffic light transitions and intersection mobility

2.3 Autonomous (Signal-free) Intersection Control

Advances in AVs and intelligent transportation systems indicate a rapidly approaching
future in which intelligent vehicles will automatically handle the process of driving.
However, increasing the efficiency of transportation infrastructure will require intelligent
traffic control mechanisms that can help AVs passing through intersections smoothly. By
applying vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V21) communication,
the behaviors of multiple connected vehicles can be coordinated at the intersection area.
A highly cited paper on autonomous intersection management is [24]. In the paper, the

authors suggested an alternative mechanism for coordinating the movement of
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autonomous vehicles through intersections. In this multiagent system, intersection uses a
reservation-based approach built around a detailed communication protocol. The main
idea for the reservation-based management is that the AVs must make requests to reserve
the traversing of intersections from both the spatial and temporal perspectives. Figure 2.8

shows a general flow chart for reservation-based autonomous intersection management.
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Figure 2. 8 Flow chart for reservation-based autonomous intersection management
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Figure 2. 9 Interaction between Driver Agent and Intersection Manager
In [24], the problem is formed as a multiagent system, and an intersection manager is
placed at each intersection. The driver agent attempts to reserve a block of space-time in
the intersection. According to an intersection control policy, the intersection manager
decides whether to approve or reject the reservation reserve requested. Figure 2.9 shows
one interaction between a driver agent and the intersection manager. Different scheduling
mechanisms [25] were further proposed to improve the “first come, first served” (FCFS)

policy commonly used in resource reservation. Moreover, trajectory planning-based
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methods [26], [27] were also proposed to achieve collision-free passing by eliminating
potential trajectory overlaps and cross-collision risks. Instead of reserving the whole
intersection, these two papers require VAs to reserve the collision points inside the
intersection, which can further increase the utility rate at the intersection. Figure 2.10 [28]
demonstrates the conflict points in a typical 4-lane 4-leg intersection. The red points
represent conflict points. As shown in the figure, there are 20 conflict points for

approaching vehicles from 4 different approaches.
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Figure 2. 10 Demonstration of conflict points in a typical 4-lane 4-leg intersection

2.4 Network Traffic Management

This section reviews some previous work in network traffic management. In the past few

decades, a great amount of attention has been paid to study aggregated route choice
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problems. Mahmassani and Chang [38] proposed a boundedly rational user equilibrium
(UE) in a transportation network where all users were satisfied with their current travel
choices. An alternative approach for UE presented in [39] applied the Game Theory,
where the network users “played through” all the possible eventualities before selecting
their best routes. Stemmed from UE, stochastic user equilibrium (SUE) and dynamic user
equilibrium (DUE) have also been wildly studied. De Cea and Fernandez [40] presented
an SUE assignment model for the route choice problem on the congested system. They
defined an absolute capacity for each link that cannot be exceeded in
practice. Huang and Lam [41] considered a simultaneous route and departure (SRD) time
choice equilibrium assignment problem in the network. The main challenge for such
DUE problems is to estimate the real-time traffic flow on each link. Wang et al. [42]
employed a multi-agent system approach to determine the next turning direction from the
route assignment perspective. The system proposed in [42] focused on the re-routing

process if downstream road congestion was detected.

Compared with traditional UE formulations, the approach used in this thesis can get the
time-dependent traffic volume on each link easily since the vehicle routing is formulated
as a reservation-based problem, which means every CAV must reserve every link on its
route for a certain amount of period before starting its trip. Reservation based method has
been widely wildly applied in the autonomous intersection management problems. For
example, Dresner and Stone [24] resolved CAVs’ conflictions at signal-free intersections

by requested approaching vehicles to reserve spatial and temporal occupancies via a first
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come, first served (FCFS) policy. Also, other work focused on vehicles passing through
an intersection in platoons [43] also apply the reservation-based management method to
reserve the conflict points inside the intersection area. Jin et al. [44 — 46] presented an
intersection management system using a multi-agent system approach. The major
modules in their system included a vehicle behavior planning module, a dynamic

intersection time-space reservation module, and a vehicle trajectory planning module.
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Chapter 3 Traffic Signal Control Using Deep Reinforcement Learning

3.1 Introduction and Motivation

Traffic signal control is a fundamental and challenging real-world problem that manages
the traffic at intersection areas by adjusting signal timing and phases sequence. With the
emergence of Connected and Automated Vehicles (CAVs) and Vehicle-to-Infrastructure
(V2I) communication, richer real-time information is becoming available (vehicle’s
speed and position), which can be applied to mitigate traffic congestion. This chapter
proposes a deep reinforcement learning (DRL)-based traffic signal control (TSC) at an
isolated intersection, where vehicles’ position and speed are processed by a convolution
neural network (CNN) and fed into the RL system as inputs. The innovation point in this
method is that this thesis introduces a flexible traffic light state dual-ring controller to
maximize the flexibility at the intersection. Four different reward functions are designed
and compared with the traditional TSC methods, including fixed-time and actuated TSC,
under two traffic demands. As for the experiment, real-world intersection configurations
are imported in Simulation in Urban Mobility (SUMO) and the traffic demands are
generated based on real-world conditions. The result shows that our DRL model
outperforms the traditional traffic signal control method in terms of average travel delay,

emission (CO,, CO, and NOy), and fuel consumption.

Traffic congestion has continued to increase worldwide over the past decade — primarily

due to population growth and ongoing urbanization. The increasing congestion level
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forces scientists and engineers to rethink how to effectively utilize the existing traffic
infrastructure to improve mobility within the limited resources, and traffic lights system
is an integral part of the modern-day traffic infrastructure that controls traffic flow by
adjusting signal timings and signal sequences. However, only relying on traditional TSC
methods cannot perceive and react to real-time traffic patterns and need to manually
change the traffic signal timings in the signal control system under certain conditions. A
poorly designed signal control could cause traffic jams and accidents at intersection areas.
Thus, developing intelligent TSC systems that can correctly react to real-time traffic

conditions is vital to improve safety and mitigate traffic congestion.

Fortunately, the emergence of Connected and Automated Vehicles (CAVs) , and Vehicle-
to-infrastructure (V21) communications have unlocked uncountable opportunities to
improve TSC in terms of mobility, efficiency, and environmental sustainability. For
example, CAVs’ real-time positions and speeds can be obtained under the fully CAVs
environment, which are the essential resources to improve the TSC system. At the same
time, with the recent successes in reinforcement learning techniques, there is an
increasing interest in using RL to improve traffic signal control. RL can directly learn
from the observed data without making any strong assumptions. This trial-and-error
approach is also suitable for solving TSC problems. However, the current studies for RL-
based TSC are lacked the flexibility of traffic light transitions and do not give the agent

enough freedom to directly learn from the environment.
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3.2 Problem Formulation
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This chapter considers a deep reinforcement learning-based traffic light control problem.
Figure 3.1 shows the geometry of the intersection in the study. Each approach has five
lanes, including two dedicated left turn lanes (Lane I and Lane 2), two dedicated through
lanes (Lane 3 and Lane 4), and one dedicated right turn lane (Lane 5). Vehicles entering
the intersection are managed by a traffic signal, including green, yellow, and red lights,
which correspond to different movements from each approach. Traffic signals are
grouped into several signal phases to guarantee safety at the intersection area. The set of

all signal phases at the intersection is denoted by M. In some previous studies, they
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assumed that the phases sequence is predefined. However, fixed phases sequence may
limit the RL agent to seek the optimal policy that minimizes vehicles’ delay at the

intersection. Thus, the flexible phases sequence is applied in the study.

Besides, the minimum and maximum green times of phase m € M, namely, t;, gmin and
tm,gmax are set to use as the lower bound and upper bound for each phase duration.

Figure 3.2 is an illustration of signal phase diagram. In this case,

M ={[1,5],[1,6],12,5],[2,6],[3,7],3,8], [4.7], [4.8]}

v

A
B

Figure 3. 2 Signal phase diagram and dual ring controller [8]
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As for the dual ring controller, the two rings in Figure 3.2 are {1,2,3,4} and {5,6,7,8},
which are two sets of self-conflicting movement. Two movements from different rings
are active, one from each ring, at any given time. The two rings operate independently,
bounded by each movement’s minimum and maximum green time. At every time step,

the active movements are must from the same side of barriers (Main Street or Side Street);
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for example, movement 1 and movement 6 can be activated simultaneously at the same

time, while movement 1 and movement 7 cannot be activated simultaneously.

The objective of this research is to propose a deep reinforcement learning-based
algorithm to control a flexible traffic light state dual ring at isolated intersections to
maximize the number of vehicles passing through intersections and minimize the

imbalance of the number of vehicles belong to different signal phases.

3.3 Methodology

This section models the TSC as a DRL problem and proposes a DQN agent-based
algorithm to learn the optimal control policy and a knowledge-based decision-maker

Algorithm to prevent unnecessary traffic signal transitions.

3.3.1 Model

This section uses the Markov decision process (MDP) framework to model the TSC
problem in an RL context. The MDP is defined by a tuple < S, 4, P, R,y >, where S is
the state space, A is the action space, P is the state transition dynamic model, R is the
reward function and y € [0, 1] is the discount factor. The traffic signal control at signal
intersection is formulate as a RL problem. A RL agent will learns the control strategy

independently.
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Figure 3. 3 Reinforcement learning based traffic signal control framework
At atime step t € T, the agent I receives the traffic state s® from the environment. Given
the state s*, the agent takes an action a‘ based on the policy 7. The traffic environment
transit from state s* into a new state st*1 according to the state transition dynamics
P(st*1|st, a'), and the agent receives a reward r¢*1. The goal of the learning-based
agent [ is to find an optimal policy m* that maximizes the expected cumulative rewards

E[XTyR(s")] from the time step ¢t onward.

a) State space S
The selection of state space is important since it determines agent decisions. For the
traffic signal control problem, the states could be traffic information collected by
road infrastructures such as loop sensors and cameras, including speeds, positions,
and queue lengths. This study is deployed under the fully CAVs environment, and all
vehicles’ dynamics information can be real-time and accurate obtained via the V2X
communication. This DRL model selects CAVs speed, position, and traffic light state

as the state space, A new state will be generated at the beginning of each time step.
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Figure 3. 4 Demonstration of traffic state conversion into state space
All the lanes joining at the intersection are discrete into a square grid with a length c.
The value of ¢ is selected to be the average length of regular vehicles that make sure
no two vehicles fall into the same cell. Figure 3.4 demonstrates an example of the
speed and position matrices from the eastbound edge. Each cell in Figure 3.4(a)
contains a two-tuple to store the position and velocity shown in Figure 3.4(b, c). As
for the position matrix, the value in each cell could be 0 and 1, depending on the
corresponding cell's occupancy condition in Figure 3.4(a). The position value will be
0 if no vehicle is present and 1 if a vehicle is present in the cell. As for the velocity
matrix, it stored the speed normalized by the speed limit of the vehicle present in the
perspective cell. The sizes of the speed matrix and position matrices remain the same

(m X n), where m is the number of lanes from every approach (|I|) andn = L/c,
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b)

where L is the length of road segments near the intersection. Besides these two
matrices, the third element in the state space is the traffic light states vector. It is a
1 X |M| vector, where |M| is the total number of phases at the intersection. The
corresponding position in the traffic light states vector of the current active phase is

set to 1, and other values in the vector are set to 0.

Action space A

There are several common ways to define actions for traffic signal controllers [48],
including 1) randomly switch to a signal phase among a set of all phases, change to
the next phase based on pre-defined phase sequence, and 3) set the current phase
duration. In this study, the phase sequence is not predefined, and it will always
switch to the phase which can maximize the reward. The action space is defined as a
1 X |M| matrix. The agent I selects an action among all the phases at each time step,
and the corresponding position in the action matrix is set to 1 while other values in
the matrix are set to 0. To guarantee the safety at intersection, the yellow light state
with duration ty¢;50y and all-red state with duration tgy,¢q are triggered when the
traffic signal transit from one phase to another phase. In addition, minimum green
time ¢, gmin and maximum green time tp, gmq, are predefined for each phase

separately to supervise the behaviors of RL agents.
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¢) Transition dynamics P
The state transition P is a critical element in the RL problem. It shows how the
environment reacts to the action taken by the RL agent. Applies to the TSC problem,
the state transition shows how the traffic light transfers from one state to another. In
this study, the traffic light transition is controlled by a flexible dual ring controller, as
shown in Figure 3.5. This controller can provide maximum flexibility for the traffic
light transitions. In most previous studies, any two non-conflict movement must be
activated and inactivated together, limiting the agent to learn the optimal policy. The
traffic light transitions in this study do not necessarily have a strict coupling of
movement such as movement 1 & movement 6 or movement 2 and 6. Any
movement can be activated with any non-conflict movements from the same side of
barriers. In Figure 3.6, there are in total 33 possible traffic signal states, which are
represented as circles. Green circles occur where two green movements are activated;
yellow circles occur where at least one movement is yellow and red circles appear
where all traffic light is red or if all but one signal phase is red. The arrows in the
figure show how the traffic light is transited from one state to another state, and the
blue lines are different from the traditional dual ring controller. Those transitions also
do not exist in other DRL-TSC studies. The RL agent can always transfer to the most
appropriate traffic state based on real world traffic conditions by applying this

flexible controller.
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Figure 3. 5 Main Street Flexible dual ring controller, adapted from [49]
Figure 3.5 shows the dual ring controller for the Main Street. As for the Side Street,
it is identical to the main street half and when the traffic light cross from one side of
barrier to another side of the barrier, an all-red state must occur which is shown in

Figure 3.6.

Figure 3. 6 Illustration of dual ring connectivity between Main Street and Side Street
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d)

In this research, the agents are trained on a microscopic traffic simulation platform,
Simulation in Urban Mobility (SUMO) [50]. The dynamics of vehicles in SUMO are
built by a car-following model that considers drivers' physical and psychological
factors. Given the decision of traffic light, vehicles will adjust their trajectory
according to the car-following model. With the movements of vehicles and the
transitions of traffic signals, the traffic environment transits from one state into

another state during every time step.

Reward function R

The reward function determines not only the convergence speed of RL algorithms
and the intersection performance as well. The average travel delay, average waiting
timing, and queue length are often considered as the objective functions [50].
Though some information may be hard to obtain in the real world, with the fully
CAVs environment in the future, these individual vehicle levels information can be
easily obtained. The reward function directly influences the performance of the
model. To figure out which type of reward function is the most suitable for the
proposed model, this study defines four different reward functions:

1) Lane level max queue length related

rtl = |MAXi=iane id {qg,i} — MaXj=iane id {qu}l (.1)

2) Lane level average queue length related

rtz = |Zi=lane id qg‘i /lll - Zj:lane id CI?J /|]|| (3.2)
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3) Waiting time related

e =1,-1 (3.3)
4) Combination of r? and r3
= wyxrf +wy k1 (3.4)

Where qf'i, qf 7 are the number of queued vehicles at time step t for phases a, b
respectively; 1,, 1, are the cumulated waiting time for vehicles corresponding to

phases a, b.

3.3.2 Algorithms

Two algorithms are developed for the proposed DRL-TLC problem. The first is a model-
free DRL algorithm that uses Q-learning to find the optimal policy. The second is a
knowledge-based decision algorithm that helps the RL learn the policy and prevent the
frequent change of traffic lights.
a) Deep Q-learning Traffic Light Control Algorithm
A model free DRL algorithm, called Q-learning, is applied in the study to guide
traffic signal controller to select control policy. The Q-learning uses a Q-value
function Q(s,a) to evaluate how good an action is in each state. The Q-value
function is update in Equation (3.5):
Q(s,a) < Q(s,a) + afr; + ymax,Q(s',a’) — Q(s, a)] (3.5)
Where s and s’ are the current and next state, a and a’are the current action and

action for next state, r; is the immediate reward based on which type of reward
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function is chosen, max,/Q(s’,a’) is the maximum possible reward for the next

state, @ € [0,1] is the learning rate, and y € [0,1] is the discount factor.

One challenge for using Q-learning to solve the DRL-TSC problem is that the traffic
environment is extremely complex and highly dynamic. The traffic state changes at
each time step. It is not only infeasible to store all the state-action pairs into a Q-table.
It is also almost impossible to trace all the possible traffic states, even for a single
intersection. Thus, the RL agent faces a non-stationary learning problem since the
traffic environment of the intersection changes at every iteration. Therefore, a Deep
Q-Network (DQN) is introduced as a function approximator to estimate Q-value. The
architecture of DQN is shown in Figure 3.7. The network input is the observed states,
including position matrix (P), speed matrix (V) and traffic light states vector (L). The
first layer of convolution network has 16 filter of 4*4 with stride 2 and it applies
ReLU as the activation. The second layer has 32 filter of size 2*2 with stride of 1,
also allies ReLU as the activation. The third and fourth layers are fully connected
layers of sizes 128 and 64 respectively. The final layer is the linear layer outputting

Q values corresponding to every possible action that the agent takes.
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Figure 3. 7 The architecture of proposed Deep Q-Network (DQN)

As for the training of the neural network, the neural network is initialized with random
weights. At the beginning of every time step, the RL agent observes the current time step
state s;, and it forms the input to the neural network and performs action a, with the
highest cumulative future reward. After performing the action, the agent receives reward
r} and next state Sy, by the environment. Agent stores this experience (S;, Ay, 1/ , Se41 )
in memory. Oldest data is removed when memory space is full. DNN is trained by
extracting training examples of type (s;, a; ) from the memory. After collecting the
training data, agent learns features 0 by training the DNN network to minimize the

following Mean Squared Error (MSE):

, 2
MSE(0) = i t=1 {(Ttl +ymax, Q(Sei1, Arya; 9t+1)) — Q(sp, ag; 9)} (3.6)
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where m is the size of the input data set. Since m is large, the computational cost to
calculate MSE(0) is large, a stochastic gradient descent algorithm RMSProp is
applied with a minibatch of size of 32.

Algorithm 1: Deep Q-Network for Flexible Dual Ring Controller

Input: Mini-batch size B, learning rate «a,
discount factor y ,exploration probability € ,
exploration decent rate k, reward type i

Output: optimal Q-value Vector

1: Initialize replay memory D, random weight @
2: for episode=1 to E do

3: Receive initial state s;

- while t <T do

5: if probability €

6: select random action a,
7: else a, = max - Q(s¢, ae; 0)
8: if frequent change flag = 0:

9: Execute a;

10: Receive reward Tti, new state Sy, 4

11: Store transition (S, @, 7, Sg4q) in D
12: t—t+1l,e—exk

13:  Sample random mini-batch of experience
14:  y=r+ ymax Q(St41) Q415 0p41)
15:  performance a gradient descent

16:  update Q

b) Knowledge-based Decision Algorithm
The knowledge-based decision algorithm is proposed to prevent frequent traffic light

transitions. Since the flexible dual ring controller is applied in the study, the state space is
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larger than previous work. It may cause frequent traffic light transitions, which are
inefficient in traffic light management. To prevent this from happening, the RL agent has
installed a knowledge-based decision algorithm. This algorithm guarantees that the traffic

light will not transit to the next phase if the current phase is not fully evacuated.

Traffic environment [«

Execute RL agent
action

Frequent Change Flag is True

Remain same active
phase

Figure 3. 8 Frequent change flag flow chart

An unnecessary traffic signal states changing indicator is introduced to supervise the
agent action. The indicator is set to 1 if there are still queues in current activated phase,

otherwise, indicator is set to 0. Equation (3.7) shows how the flag supervise the RLagent,

_f(a, iff=0
m= {mt_l, if f=1 3.7)

where m is the phase executed at the current time step, a, is the action suggested by the
RL agent, and m;_; is the active phase at the last time step. If f is set to true, then the

action suggested by the agent will be denied and remain the same active phase; otherwise,
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the traffic light is transited based on the action calculated by the RL agent. Algorithm 2
summarizes the proposed Knowledge-based decision algorithm.

Algorithm 2: Knowledge-based Decision Algorithm

Input: last ttime step active lane level queue
vehicle 1d list I_pre, last time step active phase
m_pre

Qutput: Frequent Change flag f

1: Initialize Queue vehicle 1d hist I_cur

2: for lane in m_pre

3: store veh to I _cur

4.if [_cur inI_pre

f < 1 & reject a;

f < 0 & execute a,

Ippe <get vehicle 1d list corresponding
to a,

9: return f

5:
b:
6: else
7
R:

3.4 Simulation and Results

3.4.1 Simulation Environment

The simulations are conducted in a micro-simulation environment in SUMO. The SUMO
is an advanced and flexible microscope traffic simulation software that provides a user-
friendly Graphical User Interface (GUI) and an Application Programming Interface (API)
- Traci, allowing users to design road networks and control simulation. The study uses
Python scripts to code the DRL controller. The real-time traffic states information can be

obtained, and traffic lights in the simulator can be controlled using 7raci.
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As for the intersection configuration, a real-world intersection scenario is imported from
OpenStreetMap [51] and slight modified to make the intersection symmetrical. The
intersection’s final structure is shown in Figure 3.9, there are five lanes from each
approach, including one combined left turn and U-turn Lane, one dedicated left turn lane,
two dedicated through lanes, and one dedicated right turn lane. The minimum and

maximum green time (t,, gmin and t,;, gmax) are set to be 10s and 40s, the yellow lights

duration and all-red lights state duration are set to be 5s and 1s, respectively.

Figure 3. 9 Configuration of intersection used for simulation

3.4.2 Baseline Traffic Light Control Methods

In this study, the proposed DRL-TSC is compared with two types of traditional traffic
signal control methods, fixed-time traffic light control and actuated traffic light control

methods.
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a) Fixed-time traffic signal control (FTTSC)
For FTTSC, the optimal signal timing plan is pre-determined based on historical
traffic flow information and does not change with the varying traffic flow. For a fair
comparison, the real-world traffic timing is applied at the same intersection.

b) Actuated traffic signal control (ATSC)
For ATSC, the signal controller reacts to real-time traffic flow, and each phase can
be actuated. Thus, loop sensors are installed under every lane near the intersection.
The loop sensor is installed 100m from the stop line. To fairly compare with

proposed DRL-TSC, each phase's t,; gmin and ty, gmax are set as same in the DRL

controller.

3.4.3 Traffic Demand

As for the traffic demand, two types of traffic demands are introduced to test the
robustness of the proposed DRL controller. The first traffic demand is imported from the
real world. The table 3.1 is the real-world traffic demand at weekday afternoon's peak
hours. The traffic demands from 4:30 pm to 5:30 are selected and imported to the
simulation environment. In total 3855 vehicles are passing through intersections from this
time period, and the traffic demands varies every 15 minutes. As for the second type of
traffic demand, the total number of vehicles remains the same but imbalanced the
proportion of traffic demands every 15 minutes. Table 3.2 shows the different traffic

proportions for two types of traffic demands.
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Table 3. 1 Real-world Traffic Demand at Weekday Afternoon Peak Hours
PM

NS/EW Streets: Chicago Ave | Chicago Ave | University Ave | University Ave |
NORTHBOUND SQUTHBOUND EASTBOUND WESTBOUND UTURNS
NL NT NR SL ST SR EL ET ER WL WT WR TOTAL NE SB EB WB
LANES: 2 2 1 2 2 0 2 2 1 2 2
4:00 PM 43 99 29 40 185 14 39 152 61 52 81 9 804 0 2 11 9
4:15PM 56 82 36 49 180 26 53 162 63 52 74 20 853 0 3 8 10
4:30PM 64 103 49 44 194 20 49 159 76 63 53 13 902 0 0 12 10
4:45PM 68 11 59 53 226 14 54 206 20 65 83 7/ 1026 o 2 7 3
5:00 PM 62 83 48 38 191 15 52 167 69 74 96 9 904 0 1 10 7
5:15PM 55 102 40 46 198 24 42 202 74 56 98 16 953 0 1 8 4
3:30PM 59 95 38 2 181 19 43 175 71 45 107 15 880 0 1 7 8
345 PM 59 102 20 35 183 14 50 218 24 59 82 1 927 1 0 6 8
NL NT NR SL ST SR EL ET ER WL WT WR TOTAL NE SB EB WB
TOTAL VOLUMES :| 466 782 329 337 1538 145 382 1441 578 466 679 105 7249 1 10 69 64
APPROACH %'s 1| 29.55% 49.59% 20.86%]| 16.67% 76.10% 7.22%| 15.91% 60.02% 24.07%| 37.28% 54.32% 8.40%

PEAK HR START TIME : 430 PM TOTAL

PEAKHRVOL :| 249 404 196 181 809 73 197 734 299 258 335 50 3785

PEAK HR FACTOR : 0.892 0.907 0.904 0.398 0.922

CONTROL : Signalized

Table 3. 2 Traffic Proportions for Two Types of Traffic Demands

Time period Real-world demand (RWD) Imbalance demand (ID)
4:30 - 4:45 24.0% 35%
4:45 - 5:00 27.1% 15%
5:00 - 5:15 24.1% 30%
5:15-5:30 24.8% 20%

3.4.4 DRL Controller Parameters

The Deep Q-Network (DQN) architecture of the proposed controller is shown in Figure
3.7. The network input is the observed states, including position matrix (P), speed matrix
(V) and traffic light states vector (L). The sizes of P and V are both 20*12, since 20 lanes

approach to the intersection, each lane is discrete into 12 cells, with the length of each
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cell c is set to be 7m. The first layer of the convolution network has 16 filters of 4*4 with
stride 2, and it applies ReLU as the activation. The second layer has 32 filters of size 2*2
with a stride of 1 and also allies ReLU as the activation. The third and fourth layers are
fully connected layers of sizes 128 and 64, respectively. The final layer is the linear layer
outputting Q values corresponding to every possible action that the agent takes. The
outputting Q values vector has the size of 1*8 since the total number of possible phases

M| is 8. Table 3.3 summarizes the parameters of RL algorithms.

Table 3. 3 Parameters of RL Model

Parameter Value
Episodes E 300
Time step interval A Ss
Mini-batch Size B 32
Learning rate a 0.0002
Discount factor y 0.95
Initial exploration rate € 0.99
Minimize exploration rate €,,;, 0.01
Exploration decay rate k 0.99

3.4.5 Performance Validation

In this section, the performance of proposed DRL controller is examined in terms of the

average travel delay, emission (CO, CO,, PM), and fuel consumption.
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a) Average travel delay
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Figure 3. 10 Average travel delay with different TLC methods

Table 3. 4 Average Travel Delay and Improvement

30.87
I 2iI 260I
DRL-Waiting DRL-Waiting DRL-Average

time & avg
queue length

DRL-Max
queue length queue length

Fixed-time Actuated | DRL- DRL- DRL — DRL — Max
Waiting Waiting Average gueue length
time time & avg queue length
queue length
Real-world | 35.16 (-) 31.29 28.23 28.10 27.85 26.07
Demand (11.0%) | (19.7%) (20.0%) (20.7%) (23.8%)
Imbalance 47.32 (-) 40.69 32.78 32.34 32.52 30.87
Demand (14.0%) | (30.7%) (31.5%) (31.3%) (34.7%)

Figure 3.10 and Table 3.4 present the average delay per vehicle for the six TLC methods

and percentage improvement compared with FTTSC. For the FTTSC and ATSC, the

average delay is the same for each simulation because the number of vehicles generated

at each time step is fixed. For the DRL-based TLC control methods, all of them over-

performance when compared with the traditional TLC methods (FTTSC and ATSC).
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Among all DRL-based models, the one applies max queue length as the reward function
is performed best. The average delay per vehicle under two traffic demands are 26.07s
and 33.87s, improved 23.80% and 34.70 % respectively. The DRL-based models are
performed more stable under the imbalance traffic demand. For the FTTSC, the average
travel delay increased 40.2% when the traffic demand changed from real-world demand

to imbalance demand, while the DRL — Max queue length method only increased 18.4%.

b) Emission and Fuel Consumption
In this part, the emission and fuel consumption related results are evaluated,
including CO,, CO, NOy and fuel consumption. Table 3.5 presents Emission and fuel
consumption-related results for different TSC methods under real-world traffic
demand. Similar to the average travel delay, the DRL-based TSC control models
over performance when compared with the traditional TSC method (FTTSC and
ATSC). Among all DRL-based methods, the one applies max queue length as the
reward function is still performed the best, the CO,, CO, NOy and fuel consumption

are 14.7%, 18.5%, 13.5%, and 12.6% better than FTTSC, respectively.
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Table 3. 5 Emission and Fuel Consumption Related Result for Different TLC Methods under Real-world

Traffic Demand.

TLC Method

C02 (g/mile)

CO (g/mile)

NOy (mg/mile)

Fuel
consumption(mile/gallon)

Fixed-time 417.7 (<) 2.86(-) 478.5 (-) 18.2 (-
Actuated 375.7(10.1%) | 2.54 (11.2%) | 443.6 (7.3%) 19.2 (5.5%)
DRL — Waiting 356.1(14.7%) | 2.37 (17.1%) | 427.0(10.7%) 20.0 (9.9%)
time

DRL — Waiting 362.5(13.2%) | 2.46 (14.0%) | 438.7 (8.3%) 20.0 (9.9%)

time & average
queuve length

DRL — average
queue length

358.4 (14.2%)

2.35 (17.8%)

421.8 (11.8%)

20.2 (11.0%)

DRL — max queue
length

354.1 (14.7%)

2.27 (18.5%)

414.0 (13.5%)

20.5 (12.6%)
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Chapter 4 Signal-free Intersection Management based on First Come First Served

(FCFS) Policy

4.1 Introduction and Motivation

Connected and Automated Vehicles (CAVs) can significantly improve the operation
efficiency of traffic in the urban network. Specifically, the coordination among CAVs can
mitigate potential conflict and reduce unnecessary stop-and-go at intersections, thus
increasing the throughput of the entire network. As a result, understanding the system
impacts is of unprecedented importance due to the introduction of CAVs and cooperative
traffic management in the urban environment. However, it is difficult to test and verify

such scenarios and strategies in the real world.

In this chapter, a signal-free intersection management strategy based on a first come, first
served (FCFS) policy is developed. The goal of the management strategy is to decide the
passing sequence of CAVs at each intersection if there are potential conflicts along the
respective routes. A centralized autonomous intersection management strategy for all the
CAVs travel inside the network is proposed, which guarantees safety at intersection areas
and improves efficiency. The proposed management strategy is first tested in a numerical
network environment coded by python and then tested in a miniature urban scenario in

the real world. The result shows that the proposed signal-free intersection management
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based on a first come, first served (FCFS) policy can guarantee safety at intersection

areas and improve travel efficiency.

4.2 Problem Formulation

A group of small-scale CAVs are built to travel in a miniature urban environment in this
research to address the problem. As shown in Figure 4.1, the gride-shape scenario
represents a typical urban traffic network with one-lane tracks and twelve intersections.
During the test, four vehicles (differentiated by different colors, i.e., red, green, blue, and
yellow) can recognize traffic signs with the associated color at the intersections. Through
Vehicle-to-vehicle (V2V) communications, the signal-free intersection management
algorithm collects the information about the states of all the vehicles. It controls CAVs

access priorities by a centralized reservation-based management strategy.

Figure 4.1 Hlustration of artificial urban environment
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4.3 Methodology

4.3.1 Reservation Policy

This section introduces a centralized reservation-based signal-free intersection
management strategy. The role of this strategy is to decide the passing sequence of CAVs
at each intersection if there are potential conflicts along respective routes. An intersection
manager is introduced to coordinate the passing sequence at intersections for CAVs

inside the network.

The reservation-based method has been widely applied in the autonomous intersection
management problems. For example, Dresner and Stone [24] resolved CAV’s
conflictions at signal-free intersections by reserving spatial and temporal occupancies via
a first come, first serve (FCFS) to approaching vehicles. Also, other work focused on
vehicles passing through an intersection in platoons [43] also apply the reservation-based
management method to reserve the conflict points inside the intersection area. Apply the
reservation-based idea to this specific case, only one CAV can reserve a particular link
and intersection at each time step. Since the lanes in the designed scenario are one-way
lanes, it is hard to solve the conflict when two CAVs with opposite head directions drive
into the same one-way road. An example of the reservation policy is shown in Figure 4.2.
In this example, the four solid circles represent four CAVs traveling in the network, and
other hollow circles are the lanes and intersections they need to reserve before entering
the coming intersection. At the time step shown in Figure 4.2, the next movements for

those four vehicles are: left turn (Blue and Green) and through (Red and Yellow). In
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general, the reservation policy is defined as each CAV must successfully reserve both the

coming intersection and lane before entering the heading intersection area.

Figure 4. 2 An example of reservation policy for proposed management strategy

4.3.2 Intersection Manager

The primary responsibility of the intersection manager (IM) is to monitor the state of
each CAV and decide the passing sequence of CAVs at intersections if there are potential
conflicts along the respective routes. A centralized management strategy is installed in
IM and a reservation matrix is introduced to store real-time reservation information.
Table 4.1 shows the reservation matrix corresponding to the traffic condition presented in
Figure 4.2. It is a matrix with size m X n, where m and n are the width and length of the
given network. If an intersection or lane is not reserved by any CAV, the corresponding
position is 0; otherwise, it is set by 1, and different colors represent four CAVs

reservation information, respectively.
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Table 4. 1 Example of Reservation Matrix

0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 | 0 0 0 0
0 0 0 0 0 0 | 0
0 0 0 0 0 0 | 0 0 0 1
0 0 0 0 0 0 0 0 0 1 1
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0 0 0 0

The sequence diagram of the proposed agent-based signal-free intersection management

is shown in Figure 4.3. There are three steps to determine the passing sequence of CAVs

at potential conflict intersections:

1)

2)

3)

When CAV is reaching an intersection, it must send its dynamic traffic data,
including vehicle position and heading direction to the IM to request permission to
pass the intersection.

Once the IM receives the data send by CAV, it looks up the reservation matrix to
check whether the intersection and lane the CAV requests to reserve are occupied or
already reserved by other CAVs in the network.

If the intersection and lane CAV requests to reserve are not occupied and reserved by

others, the IM sends the passing permission back to CAV, and CAV can pass
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through the coming intersection without stop. At the same time, IM updates the
reserve matrix to upload the reservation information. Otherwise, the IM rejects the

request, and CAV must stop before the stop line and go back to step 1).

CAVs Intersection Manager

Vehicle Dynamic Data

Casel: Approve - Check Reservation Matrix
- the passing :‘

Stop : request :

before the -

stop line - . -
P ) Pass_ g . Update Reservation Matrix
intersection : -—
without stop d .

Case2: Reject the
passing request

A

Figure 4. 3 Sequential diagram for the proposed agent-based signal-free intersection management

4.4 Simulation and Real-world Application

To verify the proposed signal-free intersection management strategy, two test scenarios
are created, one is for numerical simulation in python, and another is a miniture urban

environment in real world with the same network configuration.

Figure 4.4(a) is a screenshot of the numerical simulation environment; it is a typical
urban traffic network with one-lane tracks and twelve intersections. Four solid circles
with different colors represent four CAVs. The route for each CAV traveling inside the

network is predefined and this study assumes all CAVs are equipped with V2V
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communications devices. Thus, the traffic management algorithm collects the states of all

CAVs and controls CAVs' access priorities by sending the passing permissions.

(@) (b)

Figure 4. 4 Test Scenarios in both numerical simulation environment and real world

Figure 4.5 shows a typical example of the proposed autonomous intersection
management strategy. In Figure 4.5(a), the red CAV desires to through at the coming
intersection, and the blue CAV desires to turn right at the same intersection. Here a
potential conflict happens since both CAVs request to reserve the same intersection in an
overlapped time window. In this case, the intersection manager rejects the request from
the red CAV and gives the passing permission to the blue CAV, based on the First Come
First Serve (FCFS) policy. Thus, in Figure 4.5(b), the blue CAV passes the intersection
without stop while the red CAV stops before the intersection and requests permission
repeatedly. In Figure 4.5(c), after the blue CAV successfully passes the intersection, the
intersection manager gives permission to the red CAV and rejects the request sent from
the yellow CAV. Finally, all three CAVs (red, blue, and yellow) passing the intersection

smoothly and efficiently, as shown in Figure 4.5(d).
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Figure 4. 5 A typical example for signal-free intersection management

After verifying the proposed signal-free reservation-based intersection management in
the simulation environment, a miniature urban environment is built with the same
configuration, shown in Figure 4.4(b). Also, four miniature CAVs are set up based on the
Raspberry Pi 3.0 [52] system, and the system architecture for CAV model is shown in
Figure 4.6, the proposed autonomous intersection management is served as the
intersection management module in the network management part. The role of the
module is to decide the passing sequences of miniature CAV at each intersection if there
is potential conflict along respective routes. The module inputs are:

® Position (from link level positioning module)

® Heading direction (from link level positioning module)

® Traffic sign direction (from traffic sign recognition module)
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Figure 4. 6 Architecture for miniature CAV model

As for the result, similar to the numerical simulation, all CAVs can pass through every
intersection smoothly and efficiently. In addition, the proposed autonomous intersection
management strategy served as a key module in a cooperation traffic management system
which represented the University of California, Riverside to participate in the JRC

AUTOTRAC Competition [53] and rewarded 2nd place among all participate teams.
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Chapter 5 Reservation—based Network Traffic Management with a Multi-agent

System (MAS) Approach

5.1 Introduction

Due to the increase in population and traffic demand, traffic congestion has become a
significant concern in urban areas. With the emergence of Connected and Automated
Vehicles (CAVs) and Vehicle-to-infrastructure (V2I) communications, richer real-time
information is becoming available, and higher definition control (at the individual vehicle
level) can be applied to mitigating traffic congestion. This chapter proposes an innovative
network traffic management (NTM) framework for CAVs using a multi-agent system
(MAS) approach. Three agents are defined as network management agent, vehicle agents,
and link agents. A link-level reservation-based strategy and optimal route searching
algorithms are developed to route individual CAV traversing a given network to
minimize its arrival time while balancing the flow rate of each link. A numerical example
is presented to evaluate the system performance under different scenarios. The results
show that the system can reduce travel time in the range of 8 - 12%, compared with the
state-of-the-practice strategy. The system can also balance link utilization across the

network, which is another key feature due to reservation.
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5.1.1 Motivation

Rising traffic congestion is an inescapable condition in large and growing metropolitan
areas across the world. Valuable time is wasted by vehicles stuck in traffic. A 2017 report
from Texas A&M Transportation Institute [2] showed that the annual travel delay cost by
congestion for each commuter in Los Angeles is 119 hours, and 47.9% of the travel delay

(caused by congestion) occurred during peak hours on the freeway.

Fortunately, the emergence of Connected and Automated Vehicles (CAVs) has unlocked
uncountable opportunities to improve transportation system management and vehicle
operations in terms of safety, mobility, efficiency, and environmental sustainability [2].
From the network traffic management perspective, real-time exchange of vehicle
information (e.g., origin, destination, and entry time) and link-level traffic conditions
(such as time-dependent link volumes) enable more dedicated routing control at the
individual vehicle level, which improves the utilization of network capacity for better

mobility performance.

5.1.2 Background Information

Traffic network management is another research topic in this thesis. With the growing
population, the need for transportation facilities is increasing day by day. As the available
land area for new roadway infrastructure has become limited, it is needed proper

transportation planning so that limited resources can be efficiently utilized. However, the
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heart of transportation planning is the prediction of future travel demand. With the
emergence of CAVs and V2X communication, richer real-time information is becoming
available, and higher definition control (at the individual vehicle level) can be applied to
solve traffic network management problems. The selection of routes (alternative called
paths) between origins and destinations in a transportation network is more concerned in
the traffic network management problem or route assignment problem. The number of
travelers on each route or link of the network (a route is a chain of links between an
origin and destination) needs to be identified to determine the optimal route. Here are the
basic notations in a general network traffic management problem:

G: network topology.

i: subscript for origin node, i € I;

Jj: subscript for destination node, j € J;

n: node in the network, n € N

a: subscript for a link in the network, a € 4;

k: subscript for a path in the network, k € k;;, fori €l and j € J;

ij
T: departure time interval, 7 = 1, ..., T;

t: current time interval, t = 1, ..., T;

A: length of a time interval

S+

a;:: subscript for links leaving from node n, a;; € A;

a, : subscript for links entering to node n, a,, € 4;
Tta.

ijk - time-dependent link-path indicator, equal to 1 if vehicles going from i to j assigned

to path k at time 7 are on link a in period t;
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Tiz'k: time-dependent path travel time for vehicles going from i to j that are assigned to

path k at time t;
diTjt,?: number of vehicles going from i to j assigned to path k in period 7 that are on link

a at time t

Tta.

m;j; - number of vehicles going from i to j assigned to path k in period T which exit link

a in period t
rl-z-: number of vehicles departure from i to j in period t:

rl-z-k: number of vehicles departure from i to j in period 7 assigned to path k;

xt

@: number of vehicles on link a at the beginning of period ¢;
d®@: number of vehicles which enter link a in period t;
m'®: number of vehicles which exiting link a in period t;

It : number of vehicles generated at node n in period t;

0%: number of vehicles exiting the network through node n in period t;

5.2 Problem Description and System Architecture

In this chapter, a multi-agent-based network management system is proposed. Given a
connectivity-enabled roadway network, respective origin/destination, and entry time of
each CAV, the goal is to find the optimal route and release time (into the network) for
each vehicle to minimize its arrival time while balancing the link-level utilization (i.e.,
avoiding oversaturation along with a certain link) across the entire network. This section

describes how formulate the problem in a multi-agent system (MAS) framework.
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5.2.1 Problem Description

To deploy the proposed MAS, a directed network is denoted by G = (N, A, W), where
N = {n4,n,, ...,n;} is the set of nodes, A € N X N is the set of directed arcs or links, and
W is the weight matrix representing the travel time on each link. Two subsets are defined
as the origin/destination node sets, I and J. All vehicles in this system must enter and exit
the network from an origin/destination node belong to I and /. Note that the travel time
on each link depends on the time-dependent link volume. Therefore, the total travel time
for the route r is the sum of the weight on each visited link. In general, vehicles can

utilize every link in the network but can only use the same link once.

5.2.2 System Architecture

This section proposes a network traffic management system for CAVs using a multi-
agent system (MAS), where vehicles and road segments are defined as individual agents.
Then, the behaviors of different agents are coordinated to effectively manage the entire
system. The block diagram in Figure 5.1 outlines the function for each type of agent and
the relationship between different types of agents. More specifically, the proposed
network traffic management system consists of three types of agents: vehicle agent (VA),
link agent (LA), and network management agent (NMA). VA is responsible for
calculating its route based on the information/guidance from NMA. Each road segment in
the network has an associated LA to record the traffic conditions (e.g., the number of

vehicles on the segment, estimated travel time) and to keep a reservation table for those
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vehicles to enter it in the future. The network management agent acts as a coordinator
between VA and LA, whose main functions are: 1) to receive information from VA and
determine the set of links (i.e., network partition) that should provide information for
routing support based on VA’s origin and destination; 2) to request traffic information
and reservation table from LAs of interest and send them to target VA, and 3) to receive
VA’s travel route request and provide permission or guidance on the route request.

Section 5.3 presents the description of each agent’s function in more detail.

reservation table network partition data center

Link Agent i @

time-varying traffic information

@;ﬂh@ conflict solver decision maker
initial vehicle information
- Wy A
niny <, LN <—>F G
route information
Vehicle Agent e '

MNetwork Management Agent

Figure 5. 1 Network management multi-agent system architecture.
The sequence diagram of the proposed system is shown in Figure 5.2. There are seven
steps to determine a route for each CAV entering the network:
1. Once a VA enters the network (or its previous request gets rejected), it sends its
origin/destination and entry time information to the NMA.
2. The NMA partitions the network and requests time dependent traffic information
from involved LAs.

3. LAs send the link information (including estimated future travel time based on the
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reservation) to the NMA upon request, and the NMA forwards this to the target VA.
In the meantime, the NMA may request VA to provide more than one route as
candidates based on the entry traffic conditions. If only one VA enters the partitioned
network at a particular time step, then VA(s) may only provide one route (e.g., with
earliest arrival time). If multiple vehicles enter at the same time step, then VAs need
to calculate the first k shortest routes in terms of travel time.

Based on the information provided by the NMA, VA applies a k-th shortest path
algorithm to generate the desired route/route set and sends the reservation request to
the NMA for approval. Note that the request will include each involved link index
and the respective entry/exit time.

If one or multiple non-conflicting route(s) for each involved VA can be identified,
the NMA will select the set of routes with minimal total delay (for all involved VAS).
Otherwise, the NMA will make decision(s) to reject some VAs’ requests.

Based on the decision, the NMA notifies the involved LAs and VAs

LAs update their reservation lists, while the VA starts its trip by following the

reservation or request again in the next time step.
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Figure 5. 2 Sequential diagram for the proposed MAS

=

5.2.3 Assumptions

To demonstrate the properties of the proposed MAS, several assumptions are made in the
management mechanism:
® All VAs are CAVs with perfect communication and control performance.
® \/As can only start their trips with approvals by the NMA.
® V/As can and must follow the reservation (in terms of links and entry/exit
time) exactly.
® Conflicts of VAs from different directions at the intersection (if any) are not

considered in this study
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5.3 Description of Different Agents

This section describes the functionality of each type of agent in the proposed system.

5.3.1 Link Agent

Primary functions of a link agent (LA) include:
1. Monitoring its prevailing traffic condition.
2. Updating its reservation list.

3. Providing its travel time profile (over time) based on the up-to-date reservations.

An example of the reservation list and profile for a LA is shown in Table 5.1 and Figure
5.3, representing time-dependent link volume due to reservation. In this example, the free
flow travel time of this link i is set to 5 seconds. Vehicle A reserves the link from 0 — 5s;
vehicle B and C both reserves the link from 2 — 7s; vehicle D reserves the link from 6s to
11s. Every LA in the network keeps a reservation profile similar to the one shown in
Table 5-1. The reservation profile keeps updating as new requests come in. In addition,
since the travel speed on each link is dependent on the time-dependent traffic volume, we
convert the reservation list to the time-dependent link volume based on the reservation

information, as shown in Figure 5.3.

Table 5. 1 Example of Link Reservation List

Vehicle ID Reserve period (s)
A 0-5

B 2-7

C 2-7

D 6-11
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Figure 5. 3 Time dependent link volume based on reservation
Another information in the reservation profile is the link weight (or travel time) at each
time step. In the proposed system, a weight in W is a time dependent variable and
determined by the traffic volume. To obtain the weight or travel time, a triangular

fundamental diagram [47] is applied, as shown in Figure 5.4, which represents the

relationship between density and traffic flow for the i-th LA. More specifically, the link

capacity qic P link length L;, critical density kl.c P jam density kij 4™ and link free flow

speed vif are predefined for all the links in the network. To estimate the link travel time
of a VA entering the i-th LA at time t,, Algorithm 3 is proposed, considering the speed
fluctuations due to the change of downstream (with respect to the VA) traffic density. At
time t, VA’s instantaneous travel speed is determined by the downstream traffic density

k! and calculated in Eq. (5.1).

v/ if kf < k%P
t .

vl = cap, jam_ t 5.1
i q;  =(k; i) if kit > kicap CRY

cap jam t
(e = kg )k
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Algorithm 3: Time Dependent Weight (Travel Time) Calculating

0. Imtialize link parameters, W, L; (traveled distance)
1. Input t, (time entered link )

2. 1:‘;" = equation (1)

3. t=t,

4. while L, < L;:

5. v{ = equation (1)

6. ifvf < v

7. L, +=v° * time step solution
8. else:

9. L, +=v{ * time step solution
10. t += time step solution

11. W += time step solution

12. return W

>

kﬁﬂ‘ﬁ K jam k

Figure 5. 4 Fundamental diagram for link inside the network
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5.3.2 Network Management Agent

The network management agent (NMA) has three main functions. The first function is to
serve as the data/information exchange media for the entire system. Both LAs and VAs
are communicated via NMA, as shown in Figure 5.1. The second function is to partition
the network upon receiving (multiple) VAs’ requests (along with their origins and
destinations). This function mitigates potential conflicts in routing among VAs and helps
reduce the computational load of each VA. In addition, network partition may enhance
the system's scalability. The third function is to solve reservation conflicts for VAs that
enter the network simultaneously. In this study, reservation conflict may only occur when
multiple CAVs enter the network at the same time and they both request to reserve the
same link in the same time window. Figure5.5 shows the flow chart of the NMA’s

decision-making process in the proposed multi-agent system.

TeECe1ves
mformation from
VAs

partition network

receives traffic

requests traffic
mformation from LAs

sends traffic information
and route set sizeto VAs

information from
LAs

1evieves route set
from VAs

none conflict routes exist?

randomly rejects the request from
one VA and approves others

sends route

approves request to all

information to . .
sending request VA(s)

LAs

Figure 5. 5 Network management agent flow chart
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5.3.3 Link Agent

The main function of a VA is to calculate the optimal route based on different objective
functions and the up-to-date LA reservation profiles from the NMA. A Depth First
Search (DFS)-based optimal route searching algorithm is developed for each VA to find
the optimal route. The basic idea is to find all the possible routes in the partitioned map
given by the NMA and sort them out by travel time. Because this algorithm (see
Algorithm 4 below) explores each branch as far as possible before backtracking.
Therefore, travel time on each link can calculated by checking its reservation information
in a forward manner.

Algorithm 4: DFS-based k-th Optimal Route Searching

0. Initialized visited record

1.  Function DFS (u (start node), d (end node), 7 (time entry network), K)
2. ifu==d:

3 APPEND cur_path to path_list

4. SORT path_list by weight_calcution (t, cur_path)
5. RESIZE path_list to K

6. Return path_list

7. SET u as visited

8. for v in adjacency point of u:

9. APPEND v to cur_path

10. CALL DFS

11. Return u visited

Figure 5.6 shows the flow chart of a VA in the proposed multi-agent system. Once a VA
enters the network, it sends its origin/ destination information and entry time to the NMA.

The NMA responds to the VA with the set of LAs and their reservation lists as well as a
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value of K. Then, VA applies the DFS k-th Optimal Route Selection Algorithm to find
the optimal route/route set, depending on the value of K. Next, VA sends a request to the
NMA for initiating the trip with the candidate route/route set. If the NMA approves the
request with the suggested route, VA will start the trip by following the instruction.
Otherwise, VA needs to wait at the start node till next time step and resend the request as

well as re-calculate the optimal route/route set.

vehicle enter sends OD mformation
network and entry time to NMA

Y
—

recieves traffic
information from
NMA

M

v
applies Optimal }

Route Searching |
algorithm J

sends route/route
set to NMA

waits until next
time step

A

request
approved?

Tes

starts trip with
approved route
information

Figure 5. 6 Vehicle agent flow chart
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. 5.4 Simulation and Results

5.4.1 Simulation Setup

To evaluate the performance of the proposed network management system, a 3 by 3
network (Figure 5.7) along with different traffic conditions and management strategies

have been coded in python on an agent basis microscopic numerical environment.
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Figure 5. 7 Network illustration
The simulation setup in this paper is described as follows:

@ Simulation time step solution: 1s

® Link length L: 500m

® Free flow speed V;: 17.9 m/s (40 mph)

® Link capacity q.qp: 2000 veh/hr/In

® Critical density kg, 0.03 veh/m (50 veh/mi/In)

® Jam density kjqp,: 0.14 veh/m (229 veh/mi/In)

Note, for simplicity, we set the same parameters for all links inside the network.
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5.4.2 Management Strategies

Three types of management strategies are deployed in this paper, whose goals are all to

minimize the arrival time.

1. Optimal route using traffic condition upon entry (ORE)
In this strategy, each VA can only access traffic conditions at the time when it enters
the network. Then, VA calculates the optimal route with the earliest arrival time
based on current traffic conditions. This strategy is considered as the baseline since it

is similar to the state of the practice.

2. Optimal route using reservation information (ORT)
The second strategy is to find the optimal route with the earliest arrival time, based
on LAs’ reservation information (Figure 5.3) rather than LAs’ current traffic
conditions. With LA’s reservation information, a VA can determine its route based
on future traffic conditions. Note that both ORE and ORT strategies require VAS to

start the trip right away upon arriving at the network.

3. Earliest arrival with reservation information and flexible departure time window
(ORTD)
The last strategy also considers LAs’ reservation information, but it allows a VA to
not only make a reservation on its route but also specify its departure time to achieve

its earliest arrival (i.e., the VA may postpone its leaving time at the origin node). To
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find the route with the earliest arrival time for VA, a candidate departure time
window [t,, to + T] is casted:

T = torr(to) — tf (5.2)
where t, is the current time; tort(ty) is the VA’s earliest arrival time if it starts the
trip at t, with the reservation information up to ty; t¢is VA’s earliest arrival time if
the vehicle travels through the network at free flow speed V;. It turns out that the best
departure time (with the earliest arrival) needs to fall within the time window
specified in Eq. (5.2). Otherwise, the VA should start the trip at time t,. Please note

that the calculation and decision are made at time t,.

5.4.3 Route Set Size (k)

As aforementioned, to mitigate potential route conflict(s), each VA will provide k-th
shortest routes to the NMA for decision making. In this section, the impact of the route
set size k on the network mobility performance is examined. The k’s value is varied from
1 to 5 and the average trip delay (compared with free-flow speed) is calculated is the
measurement. Table 5.2 shows the results from the ORT strategy, where each value
represents 10 simulation runs with different seeds. As illustrated in the table, the average
trip delay decreases as the value of k increases from 1 to 3. However, no further
degradation in mobility is observed when the value of k keeps increasing till 5 in this
study case. It is also expected that the computational efforts increase as the value of k

grows. Therefore, the value of route set size k is set to be 3 in following analyses.
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Table 5. 2 Sample Landscape Table

Value of k Average Trip Delay(s)
1 3.01
2 2.98
3 2.95
4 2.95
5 2.95
5.4.4 Mobility Analysis

The system mobility performance is evaluated in this section by calculating the average
trip delay (compared with the free flow speed). Totally 1000 vehicles are spawned into
the network with two inflow rates, representing two different traffic conditions. For a
lighter traffic condition, 2 vehicles are generated per time step; for a heavier traffic
condition, 3 vehicles are generated per time step. For each VA, the origin and destination
are generated randomly. Figure 5.8 shows the average link volume/maximum link
volume under light/ heavy traffic conditions over time by applying ORT, where the
dotted line represents the link capacity. As shown in Figure 5.8, under the light traffic
condition, the maximum link volume across the network does not exceed the link

capacity for most of the time, while congestion (when the maximum link volume is

greater than the capacity) occurs frequently under the heavy traffic condition.

Table 5. 3 Average Trip Delay under Different Strategies and Traffic Conditions

Traffic condition | Management | Average Trip Delay(s) Improvement (%)
Strategy
ORE 0.23 -
Light ORT 0.21 8.33%
ORTD 0.20 13.02%
Heavy ORE 3.45 -
ORT 3.04 11.67%
ORTD 2.92 15.31%
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Figure 5. 8 Key statistics over time for different traffic conditions

Results of average trip delays are shown in Table 5.3, and 10 simulations run with
different random seeds for each scenario. Under the light traffic condition, most vehicles
travel at the free flow speed and the average trip delay is around 0.2s. Compared with
ORE (baseline), average trip delays for ORT and ORTD are reduced by 8.33% and
13.02%, respectively. Under the heavy traffic condition, links in the network become
more congested and the average trip delay with ORE strategy is 3.45s. The system
performs significantly better with the ORT and ORTD strategy, where the average trip

delays are shortened by 11.67% and 15.31%, respectively.
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5.4.5 Network Usage Rate Analysis

This section analyzes the network usage rate under different management strategies and
check if reservation-based strategies (i.e., ORT and ORTD) would help balance link
utilization across the network. The results are analyzed under the heavy traffic condition.
Figure 5.9 presents the standard deviation of the volumes of all links in the network over
time with different management strategies. It can be observed that vehicles under the
ORE and ORTD strategies can utilize the entire network resources more efficiently,
compared with the ORE strategy. This also explains the improvement in system mobility

with the proposed strategies.
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Figure 5. 9 Standard deviation of vehicle number on each links over time by applying different
management strategies
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Chapter 6 Conclusions and Future Work

6.1 Conclusions

This thesis was focused on the area of the transportation system and applied the latest
advances in the field of Intelligent Transportation Systems (ITS) to the mitigation of the
environmental and energy issues associated with the movement of goods and people. The
motivation of this thesis is the increasing traffic congestion and the emerging autonomous
vehicles (AVs), vehicle-to-everything (V2X) communication, and advanced machine
learning algorithms. Traffic management problems were studied in the thesis, which can

be divided into intersection management and network management problems.

As for the intersection management problems, this thesis first studied the signalized
intersection management problem using deep reinforcement learning, where vehicles’
position and speed are processed by a convolution neural network (CNN) and fed into the
reinforcement learning system as inputs. And a Deep Q-Network (DQN) was introduced
to estimate the Q value. The most innovative point in this study was the 65 states flexible
traffic light state dual-ring controller. It can maximize the flexibility at the intersection. In
addition, four different types of reward functions were designed and compared with
traditional TLC methods, including fixed time and actuated control, under two different
traffic demands. As for the experiment, the real-world intersection was imported in

SUMO and generated the traffic demand based on the real-world conditions. The results
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showed that proposed DRL model over-performance traditional traffic signal control
method in terms of average travel delay, emission (CO, CO,, NOy) and fuel consumption
by 23.8%, 14.7%, 18.5%, 13.5%, 12.6%, perceptively. Among all the reward functions,
the one using max queue length had the best performance mainly due to this reward
function designed to better balance the number of vehicles from different approaches.
Then, the thesis moved from signalized intersection management to a signal-free
intersection management problem and proposed a centralized reservation-based
management strategy to decide the passing sequence of CAVs at each intersection if there
are potential conflicts along the respective routes, which guarantees the safety at
intersection areas and improves the efficiency. To validate the strategy, the proposed
strategy was first tested in a numerical network environment coded by python and then
tested in a miniature urban scenario in the real world. The result showed that the
proposed signal-free intersection management based on a first come, first served (FCFS)

policy can not only guaranteed safety at intersection areas and improved travel efficiency.

As for the network traffic management problem, a scalable multi-agent system (MAS)
framework had been proposed for network traffic management, where the network
management agent (NMA), link agents (LAs), and vehicle agents (VAs) would cooperate
with each other, and their functionalities were clearly defined in a scalable manner. Also,
a reservation-based strategy had been developed to help the system find and secure the
route for each vehicle agent (VA) based on the up-to-date network traffic conditions. A

simulation study illustrated promising results of the proposed framework and strategy in
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improving system mobility and balancing link usage across the entire network. The
results showed that the proposed system could reduce average travel delay in the range of

8 - 12%, compared with the state-of-the-practice strategy.

6.2 Future Directions

This section lists possible future directions for three topics studied in this thesis. As for
the signalized traffic signal control using reinforcement learning, the future directions are:
® To apply propose DRL model to network scenarios to control multiple intersections.
® To further improve the reward functions.

® To change the DQN Architecture.

As for signal-free intersection management, one of the future works can be to obtain
numerical results and to compare with other signal-free intersection management

strategies, e.g., all-way stop.

As for the reservation-based network traffic management with a multi-agent system

(MAS) approach, the future directions are:

® To compare proposed strategies with traditional network management methods (UE
and SO)

® To improve the management strategy to deal with the situation that vehicle agents
cannot follow the reserved time slots correctly

® To test proposed the management strategy in a real-world network environment.
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