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Abstract

The decision-making module is crucial for safe and e�cient driving in autonomous vehi-

cles (AVs). However, AVs face signi�cant challenges in coexisting with human road users,

making fast and optimal driving decisions, and operating in unknown tra�c environments

with only incomplete information. Unsignalized intersection and lane-changing scenarios

are particularly representative of such challenges, which involves complex dynamic interac-

tions. AVs need to assess and predict the driving preferences of nearby vehicles to optimize

and adaptively adjust their own driving policies while considering uncertainties arising from

incomplete observations. This dissertation investigates game-theoretic and learning-based

methods to address these challenges.

In this dissertation, a novel approach for integrating game-theoretic decision-making

with deep reinforcement learning (DRL) is proposed to enable AVs to navigate unsignalized

intersections using an onboard sensor. The game model predicts the surrounding vehicles'

reactions to the ego-vehicle's movements without relying on coordination or vehicle-to-

vehicle communication. The proposed algorithm employs cognitive hierarchy reasoning

and a DRL algorithm to achieve a self-play training mode for getting a near-optimal driving

policy in a realistic simulator before transferring to the real world.

Second, this dissertation introduces a practical algorithm based on DRL for enhancing

lane-changing decision-making, addressing low sample e�ciency in DRL, and improving
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the generalization capability in Imitation Learning (IL). To narrow the gap between sim-

ulation and reality (sim-to-real gap), a digital twin platform is developed for simulating

LiDAR sensing, model training, and algorithm evaluations. To tackle multi-objective op-

timization and imbalanced data concerns, a hierarchical decision-making framework is

proposed, breaking down the complex decision-making problem into subtasks for improved

convergence of driving policies.

Third, a robust adaptive game-theoretic decision-making algorithm by utilizing reced-

ing horizon optimization and level-k game theory is presented. To reduce the potential

safety risk arising from an inaccurate motion prediction of surrounding vehicles, the pro-

posed approach can estimate driving aggressiveness of surrounding vehicles online. Then,

the generated trustworthiness is used to formulate a safe, e�cient, and robust adaptive

driving policy. Additionally, a switching interaction graph is introduced into the adaptive

level-k framework to reduce the computational complexity.

Validation on both a high-�delity simulator and hardware con�rms the feasibility, ef-

fectiveness, and real-time performance of the proposed methods. Overall, this dissertation

contributes novel approaches to address decision-making challenges in AVs. The integra-

tion of game theory and model-based/model-free optimization showcases the potential for

improving safety and e�ciency of AVs' operation in dynamic tra�c environments.
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1 Introduction

1.1 Motivation

Recent advancements and progress in the �eld of Advanced Driver Assistance Systems

(ADAS) have shown signi�cant strides towards achieving widespread autonomous driving

capabilities. Most recent ADAS of various car manufacturers have raised the level of

autonomy over the past years. Ongoing projects are now targeting a SAE level of 4

or higher [1], signifying the pursuit of fully autonomous vehicles, which requires ADAS

that are capable of handling complex situations. The goals of autonomous driving are

to signi�cantly increase safety in individual transport, to increase ride comfort and fuel

e�ciency as well as to improve mobility for the young, elderly, and disabled.

An AV is a sophisticated intelligent system that combines technologies for environ-

mental sensing, decision-making and planning, and motion control [2]. Throughout this

dissertation, AVs are sometimes referred to as ego vehicles, with both terms representing

the same concept. The decision-making system serves as the �brain� of AVs, playing a

crucial role in ensuring their safe and e�cient operation. Consequently, designing a highly

intelligent and robust decision system has become the central focus of research in the �eld

of autonomous driving (AD). The decision-making module is designed to generate driving

actions that align with experienced human drivers, taking into account the environment,
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predicted trajectories of other road users, and the state estimation of the ego vehicle.

These driving actions are subsequently integrated by the motion control module to ensure

the satisfactory performance of the AVs [3, 4]. In addition, it has been estimated that

AVs need to be running for 275 million miles without a fatality to assure the same rate of

reliability as existing human drivers [5, 6]. There is no doubt that the road-testing phase

is already costly and energy-consuming, not to mention poses a threat to pedestrians.

Therefore, modelling various driving behaviors and testing decision-making algorithms in

a high-�delity simulator are of great signi�cance to improve the safety of AVs, as well as

reduce their dependence on road tests. To enable the AVs to navigate safely and reliably

in complex real-world scenarios, various challenges need to be taken into account.

In the near future, AVs, together with other road users (e.g. human-driven vehicles

(HDVs) and pedestrians), will be employed in tra�c scenarios where the interactions of AVs

and road users will constantly occur. Current mainstream autonomous driving solutions

with level-2 autonomy [7] usually limits these interactions rather than accelerate them. For

example, in complicated interactive cases, the AV decides to slow down and pause rather

than spontaneously �nd another way through [8]. The main di�culties of decision-making

for AVs in dynamic interactive tra�c scenarios are twofold: 1) the behavioral patterns

and intents of other vehicles are complex and cannot be directly observed, therefore, the

capability of interaction with surrounding vehicles is needed and 2) the perception module

of the AVs is uncertain due to noise and occlusions.

Solving decision-making problems for AVs in dynamic and interactive environments is

challenging since it is almost impossible to achieve high automation in AVs by utilizing

hard-coding or rule-based methods. The interaction process of AVs in real tra�c scenarios

has the following characteristics. First, the actions to be taken by AVs will be a�ected by

the actions of surrounding vehicles, and vice versa. Secondly, vehicles not only cooperate
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to avoid collision but also compete due to their di�erent driving strategies, thus producing

rich dynamic interaction behaviors. The driving policies of HDVs are unknown to AVs,

which can only be estimated by observing actions taken by surrounding vehicles. Therefore,

how to design robust, optimal, and computationally e�cient decision-making algorithms

has become a research hotspot.

In general, decision-making methods can be divided into classical methods and learning-

based methods. Usually, AVs are operating in complex, dynamic environments with coop-

eration with other tra�c participants. Classical methods such as control-based methods

or optimization-based methods are not always e�ective in such driving environments due

to poor robustness to uncertainty, high computational complexity, and di�culty in scaling

to multi-vehicle scenarios. In addition, with the emergence of new powerful computational

technologies, learning-based methods have indeed gained signi�cant traction in the realm

of AVs due to their ability to adapt and improve based on data. However, they come with

their own set of challenges, including data dependency and interpretability. Therefore, it is

essential to combine learning-based methods with classical methods judiciously to ensure

safety, reliability, and robustness. The optimal approach should be leveraging the strengths

of both paradigms while mitigating their respective weaknesses.

1.2 Related Work and Challenges

1.2.1 Collision Avoidance

The most crucial task of decision-making systems is to avoid collisions. There are four main

categories of collision avoidance (CA) methods: motion planning-based, risk assessment-

based, game-theoretic-based, and learning-based (supervised and DRL). Studies have been

conducted in each category [9]. Motion planning methods are commonly used to solve CA
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problems [10], but their application can be limited because the CA constraints they rely

on are typically non-linear and non-convex. This can make the problem NP-hard [11].

Two methods for risk assessment have been developed, namely the deterministic ap-

proach and the probabilistic approach. The deterministic approach predicts whether a

collision will occur or not by using a pre-determined threshold of speci�c indicators such

as time headway or time to collision [12]. Although this approach has a low computational

burden, it is not e�ective in more complex scenarios and does not model input data un-

certainties. On the other hand, the probabilistic approach [13] uses empirical criteria as

safety thresholds, limiting its adaptiveness in di�erent tra�c scenarios and leading to over-

conservative actions. Existing safety methods often neglect the vehicle's ability to

learn about surrounding road users during runtime interactions (make static

modeling assumptions), leading to unsafe driving behaviors (overly conserva-

tive or aggressive).

1.2.2 Game-Theoretic Decision-Making

Game theory, mathematical models of strategic interaction among rational decision-makers,

is a promising way to study the strategic reasoning of multiple vehicles and to model the

interaction behavior between vehicles in mixed tra�c scenarios. In traditional approaches,

the interaction behavior between vehicles is modeled by a one-shot normal-form game, in

which each vehicle will choose driving actions (�move� and �wait�) through the payo� matrix

without considering the dynamic characteristics of the vehicle. Nash-equilibrium [14, 15],

Stackelberg game, and di�erential game approaches [16] have been used to model driving

con�icts as well as to model interaction behaviors of vehicles at di�erent tra�c scenes.

Level-k game theory is a cognitive hierarchy game model, which can be used to formulate

vehicle interactions as a dynamic game. It considers the states of surrounding vehicles,
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predicts their actions, and �nds the optimal response, which di�ers from previous game

models as it breaks down the Nash-equilibrium rational-expectations logic and assumes

that drivers regard others as less sophisticated than themselves. There have been numer-

ous previous works in the �eld of AD, which have utilized a combination of level-k game

theory and receding horizon control. For instance, in [17], a multi-vehicle interaction model

was proposed to address driving con�icts at unsignalized intersections, but only two-car in-

teractions were considered due to computational limitations. There have been some studies

using [17,18] game-theoretic approach to model vehicle interactions in highway or intersec-

tion cases. [19] modeled the interactions among vehicles at unsignalized intersections using

the leader-follower game. [20] proposed an adaptive control strategy that accounts for the

uncertainties in the vehicle dynamic model and the driver model estimation. However,

taking MPC as an example, as the number of vehicles and prediction horizon

increase, the computational complexity of such algorithms grows exponentially,

making real-time decision-making for AVs challenging..

One promising way is to move works of driver-type estimation and behavior prediction

to o�ine training and use a trained model online to reduce the run time of algorithms.

In [21], an explicit online implementation scheme was proposed that uses function approx-

imation techniques to avoid optimization problems in real-time. In [22], the algorithm was

extended to di�erent intersection shapes, and an IL-based algorithm for level-k control poli-

cies was proposed. [23] proposes a method to accurately predict lane-changing behaviors

in complex transportation environments by integrating driving environments and drivers'

cognitive processes using a fuzzy inference system and long short-term memory neural

network (LSTM). But, performance is limited by the quality of training data, and the

learning-based method lacks interpretability. To the best of our knowledge, there has

been insu�cient research on reducing the computational complexity of level-k
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theory based decision-making algorithms while maintaining interpretability as

well as increasing scalability.

1.2.3 Reinforcement Learning based Decision-Making

In recent years, DRL-based autonomous driving technology has become a research hotspot

in both academia and industry. Compared to IL, optimizing long-term goals and policy ex-

ploration give DRL a great potential advantage in achieving human-like driving behavior,

which can cover extreme driving conditions. However, DRL training requires policy explo-

ration. Training samples of colliding or nearly colliding is essential to the learning process,

enabling future policy rollout to incorporate these critical experiences. How are we to

provide safe multi-vehicle learning experiences without forgoing the realism of high-�delity

training data? There is a shortage of work that addresses this challenge.

Applying DRL to the decision-making of AVs still faces several challenges

that need to be addressed, including i) gap in simulation to the real world (sim-

to-real) transfer, leading to di�culties in transferring models from simulation

to reality; ii) low sample e�ciency, requiring a massive amount of interactions;

iii) incomplete observation information, leading to unstable training.

1.2.3.1 Sim-to-Real Transfer and End-to-End Training

The unapologetic nature of the trial-and-error process in DRL compounds the di�culty

of ensuring functional safety. These adversities call for learning that �rst takes place

in simulation before transferring to the real world [24]. Sim-to-real transfer is a class of

methods to bridge the reality gap, connecting and integrating digital entities in simulations

with their physical counterparts in the real world. The most challenging problem

of this lies in the sim-to-real gap, which comes from three aspects: (i) the
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di�erence in perception level; real tra�c scenarios are more complex than the

simulated environment. (ii) The raw data generated by the sensor hardware

is noisy. (iii) The di�erence between the interaction features in the simulated

environment and the real scene [25].

Currently, existing studies on sim-to-real transfer can be divided into two categories,

namely Domain Adaptation (DA) and Domain Randomization (DR). Generative Adver-

sarial Network (GAN) is a popular technique in the �eld of DA for transforming synthetic

images to resemble those captured from the Target Domain [26, 27]. DR is a simple yet

e�ective concept that operates by randomizing the dynamic properties of the Source Do-

main while undergoing training [27�29]. Recently, some researchers also start focusing on

multi-agent reinforcement learning (MARL) sim-to-real transfer. They use DR to develop

their multiple AVs and multiple unmanned aerial vehicles (UAVs) for di�erent application

backgrounds [30,31].

ALVINN [32,33] is the �rst work of IL for an end-to-end AD. After ALVINN, more com-

plex and successful end-to-end driving systems were developed in [34�36], which utilized

multiple cameras, enabling the system to extract distance information and learn to control

the lateral motion of vehicle in an end-to-end fashion. Recently, various DRL methods have

been used to train Light Detection and Ranging(LiDAR) information-based end-to-end AD

and navigation policies. In [37], the authors utilize unsupervised contrastive learning to

di�erentiate between similar and dissimilar pairs of high-dimensional LiDAR data to learn

representations of environments. While, in [38], the author used a convolutional neural net-

work (CNN) to learn environmental features by converting LiDAR point clouds into gray

images, achieving motion control in a static environment. To train the local navigation

policy, in [39], a single frame of laser scan is combined with polar coordinates of way-

points to achieve collision-free exploration tasks. End-to-end algorithms map relationships
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between observations and vehicle operations [40, 41], showing improvements in real-time

performance and �exibility for multi-vehicle scenarios. However, uncertainties from

unknown driving preferences were not considered in these works, potentially

reducing AV safety.

1.2.3.2 Improving Learning E�ciency via Human Demonstration

Instead of learning from scratch, there are three categories of methods that can help DRL

methods to speed up training process: (1) rule-based guidance [42], aiming to reduce

unreasonable exploration behavior; (2) human-based guidance [43], incorporating human

intervention during the training process; (3) IL based guidance [44, 45], utilizing human

demonstration to pre-train and/or train DRL network.

Some researchers have proposed using prior knowledge from humans to guide the in-

teraction of DRL in a training environment, as opposed to training policies from scratch.

To prevent unsafe exploration, [42, 46] suggested the addition of a rule-based safety check

module to the DRL-based control system to achieve fast training. In [47], a human-

guidance-based learning method allowing human experts to intervene in the interaction

process in real-time was proposed to speed up the training of RL agents. However, this

approach comes at the cost of increasing human workload. To solve this problem, Hug-

DRL [43] was proposed with the aim of reducing the human workload and enhancing the

performance of RL for training and testing on AD by utilizing intermittent guidance. An-

other promising method is to use limited demonstration data to pre-train an expert policy

that can achieve a reasonable level of performance. IL is an e�ective method to mimic

expert behavior. However, it performs poorly in some scenarios where the training data is

not covered, especially in some extreme conditions (e.g., collision, near-collision). There-

fore, a reasonable idea is to combine the strengths of IL and DRL to e�ciently train a
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robust model. In [44,45,48], the authors employed an imitative expert policy to aid in the

learning process of the actor-critic-based DRL agent for di�erent tra�c scenarios. Another

approach is to design a loss function that enables the IL algorithm to learn the value func-

tion of actions in certain states, thereby achieving pre-training of the DRL network [49],

rather than learning the expert behavior policy based on a classi�cation task.

1.2.3.3 Multi-Objective Learning Problem

Driving policy modeling, such as lane-changing policy, is a typical multi-objective problem,

including adaptive cruise control (ACC), switching lanes, and merging. An e�ective way

to solve such problems is to design each modularized skill through a hierarchical decision-

making framework. The high-level strategic module is mainly responsible for macro-level

decision-making with optimization goals including travel e�ciency and safety. It will trig-

ger a speci�c task that needs to be executed by technical level submodules in real-time

based on the environment states. When the ACC module is activated, it will control the

longitudinal motion of the AV with optimization goals including comfort, driving speed,

and safety. When the lane-changing task is triggered, it will plan a collision-free and

smooth trajectory to switch lanes. Currently, the industry commonly adopts a hierarchical

decision-making framework for modular ADAS consisting of perception, decision-making,

and control. Although rule-based methods can create policies for each submodule e�ec-

tively, they face challenges when scaling to complex scenarios, exhibiting overly conserva-

tive driving behaviors.

There have been several studies addressing the decision-making problem for AD through

a hierarchical decision framework. In [50], the authors used the Deep Q-Network (DQN)

algorithm to learn the longitudinal control policy in a highway case with some assumptions

about the high-level policy. In [51], the authors proposed an e�ective state-action abstrac-
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tion and a hierarchical training framework for DRL to achieve multi-lane cruising, and

demonstrated that the model trained in a non-dynamic simulation environment has good

transferability in a more realistic simulator. However, a challenge faced by the previous

methods is that the decision module overly relies on the performance of the perception

module. The failure of the perception module may result in fatal tra�c accidents [52].

The hierarchical decision-making framework used in this work is di�erent from previous

research. Decision-making and motion planning modules of AVs are trained in an end-to-

end manner with LiDAR-based observation. These modules directly learn useful features

from the raw sensor data, thereby preventing an excessive dependence on the performance

of the perception module, especially the accuracy in predicting the future trajectories of

surrounding vehicles.

1.3 Contributions

Figure 1.1 summarizes several mainstream methods currently used to address the chal-

lenges of human-vehicle interaction in driving scenarios, along with their respective advan-

tages and disadvantages. This dissertation will focus on developing new decision-making

algorithms by leveraging the strengths of these methods and addressing their respective

shortcomings. The goal is to enhance the safety and robustness of autonomous driving,

to reduce computational complexity without sacri�cing performance and to improve the

scalability of the algorithms.

This dissertation aims to address the research gaps reported in Section 1.2 to help AVs

make fast and optimal driving decisions in complex and unknown tra�c environments,

and eventually be used in daily transportation. Speci�cally, the main contributions of this

dissertation are as follows:
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Figure 1.1: Methodology and challenges

1.3.1 Digital Twin for Training, Veri�cation, and Validation

� To reduce the gap in sim-to-real transfer, a digital twin platform is developed for

self-play training, and algorithm veri�cation & validation, which largely di�ers from

previous DRL-based works that usually rely on relatively simple simulations with-

out considering the noise existing in observation or dynamics in physical AVs, thus

imposing a large gap on their application to real vehicles;
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� Sim-to-real transfer is successfully achieved by applying DR. Experimental veri�ca-

tion is carried out, which indicates that the trained DRL models can be directly

applied on the hardware platform after training, exhibiting driving behaviour con-

sistent with it in the simulator;

� The developed digital twin platform supports various tra�c scenarios (including

unsignalized intersections and highways), which is capable of simulating di�erent

sensors, vehicle dynamics, replaying real tra�c data, and evaluating decision-making

algorithms in terms of scalability, multi-vehicle interaction, interpretability, and real-

time implementation;

1.3.2 Reinforcement Learning Based Decision-Making

� An adaptive game-theoretic decision-making strategy with DRL is proposed for the

AVs sharing the road with other drivers in a multi-agent tra�c scenario, where all

the drivers make strategic decisions simultaneously, instead of modeling the AV as a

decision-maker and assuming predetermined actions for the rest of the drivers;

� A learning-e�cient Deep Recurrent Q-learning from Demonstration (DRQfD) frame-

work is proposed to model lane-changing decisions as a partially observable Markov

decision process (POMDP), in which a small amount of expert data is employed to

pre-train the DRL network parameters and train the IL policy to guide early policy

exploration for the vehicle;

� An end-to-end modularized skill-based decision-making framework with two layers of

hierarchy (strategic and tactical planner) is proposed to address the multi-objective

problem in complex lane-changing scenarios;

� The decision-making scheme proposed in this dissertation relies solely on the onboard
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sensors, without assuming any coordination, communication, or shared control with

the surrounding cars. Also, the actual actions and movements of the vehicle are

performed on a realistic simulator;

1.3.3 Scalable Game Theoretic Decision-Making

� An adaptive decision-making algorithm is designed using receding horizon optimiza-

tion, level-k game theory, and a directed switching graph to address interactions

between AV and other vehicles with varying driving preferences in complex unsignal-

ized intersections;

� By utilizing the switching interaction graph, AVs can establish instantaneous inter-

active connections with other vehicles, allowing them to adapt their decision-making

strategies to complex tra�c situations, which e�ectively addresses the challenges of

computational complexity and scalability faced by previous level-k based algorithms;

� The proposed adaptive strategy adjusts the size of anticipated disturbances based on

the aggressiveness of other interacting vehicles, which provides a `balanced' control

action for the AV that is safer than aggressive strategies while also being more e�cient

than conservative strategies.

1.4 Dissertation Organization

This dissertation is organized in �ve chapters in addition to the Introduction. Chapter 2

mainly introduces the preliminary knowledge of learning algorithms and the AD platform.

Section 2.1 introduces a DRL algorithm to be employed in this dissertation. Section 2.2

provides an overview of our developed digital twin platform used for training, veri�cation,

and validation.
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Chapter 3 is about the DRL-based game theoretic decision-making algorithm for AVs

in a dynamic interactive environment. Section 3.1 de�nes a decision-making problem at an

unsignalized intersection scenario. Section 3.2 applies level-k game theory, LSTM network

along with DRL algorithm to model decision-making for multiple cars. The algorithm is

tested in Section 3.3 by both a simulator and hardware. The work is summarized and

concluded in Section 3.4. The developments listed in this chapter, and related materials

have been published in the journal article [40].

Chapter 4 is about improving the learning e�ciency of the DRL algorithm for address-

ing decision-making problems of AVs in urban lane-changing scenario by leveraging human

demonstrations. Section 4.1 introduces the research problem at a lane-changing scenario

and a learning e�cient DQRfD algorithm. Section 4.3 describes the human driving data

set and the implementation details. Section 4.4 provides the experimental results. Section

4.5 concludes the work. The developments listed in this chapter, and related materials

have been published in the journal article [4], book chapter [53], and conference paper [54].

Chapter 5 is about solving the scalability, robustness, and computational complexity of

decision-making algorithm for AVs in complex multi-vehicle interaction scenarios. Section

5.1 presents the problem formulation at an unprotected left-turn scenarios. Section 5.2 in-

troduces a kinematic model with pure pursuit controller. Section 5.3 describes the details of

a scalable adaptive game-theoretic decision-making framework. Hardware and simulation

results are provided in Section 5.4 to show the e�ectiveness of proposed method. Section

5.5 concludes this work. The developments listed in this chapter, and related materials

have been published in the journal article [3].

Finally, the conclusion and the future work are presented in Chapter 6, followed by the

references.
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2 Learning Algorithm and Digital Twin

Development

This chapter will introduce a DRL algorithm, which is used to optimize long-term goals

and to solve POMDP problem. In addition, a digital twin platform will be also introduced,

including hardware con�gurations, simulated tra�c scenarios, sensor con�gurations, vali-

dation scheme for decision-making algorithms, as well as low-level control modules.

2.1 Recurrent Dueling Double Deep Q Network with

Prioritized Experience Replay Algorithm

Recurrent dueling double deep Q-network with prioritized experience replay algorithm

(RD3QN PER) combines the strengths of various DQN variants developed over the past

decade, including neural networks for handling large state spaces, Double DQN for mitigat-

ing overestimation issues, Dueling DQN for e�ective learning, PER for e�cient sampling

and Deep Q-Learning from Demonstration (DQfD) for improving learning e�ciency by

utilizing expert demonstration. The history of DQN algorithms is illustrated in Figure 2.1.

The key components of the RD3QN PER algorithm are brie�y described below.
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Figure 2.1: The history of DQN

2.1.1 Vanilla DQN Algorithm

The Vanilla DQN algorithm [55] is designed to address challenges in learning optimal

policies for Markov Decision Processes (MDPs) with large state and action spaces. It

leverages a neural network, known as the Q-network, to approximate the Q-function, which

represents the expected cumulative reward for taking a particular action in a given state.

The Vanilla DQN algorithm follows a Q-learning framework with the addition of deep

neural networks. It employs experience replay and target networks to stabilize training

and improve sample e�ciency. The key components of the algorithm include:

� Q-Network: A neural network that takes the state as input and outputs Q-values

for each possible action. The network is trained to minimize the temporal di�erence

error.
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� Experience Replay: A technique where past experiences, represented as tuples of

state, action, reward and next state, are stored in a replay bu�er. During training,

random batches are sampled from this bu�er to break temporal correlations in the

data.

� Target Network: To enhance stability during training, two separate networks are

used � the Q-network and the target network. The target network's parameters are

periodically updated to the Q-network's parameters.

The DQN algorithm uses Q-learning to provide labeled samples for the deep Q-network:

Q(s, a; θ) with parameters θ, which can be estimated by optimizing the following loss

function Eq. (2.1) at iteration i:

Li (θi) = E
[(
yDQN
i −Q (s, a; θi)

)2]
, (2.1)

with

yDQN
i = r + γmax

a′
Q
(
s′, a′; θ−

)
, (2.2)

where r is the reward for taking action a in given state s; a′ is next action taking

in next state s′; γ is discount factor; θ− represents the parameters of target network

Q
(
s′, a′; θ−

)
which are frozen for a �xed number of iterations while updating the online

network Q (s, a; θi) by gradient descent. The speci�c gradient update is given by Eq. (2.3)

∇Li (θi) = E
[(
yDQN
i −Q (s, a; θi)

)
∇θiQ (s, a; θi)

]
. (2.3)

2.1.2 Double DQN with PER

In Vanilla DQN, the Q-value estimates are used both for action selection and value es-

timation, which can lead to overestimation of action values. To address this issue, the
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Double DQN algorithm [56] was introduced. The fundamental idea behind Double DQN

is to decouple the selection and evaluation of actions.

The Double DQN algorithm modi�es the Q-value update equation by using two sep-

arate networks: one for action selection and another for value estimation. The network

responsible for action selection is used to choose the best action, while the network for value

estimation is utilized to calculate the Q-value of that chosen action. This decoupling helps

mitigate the overestimation bias observed in traditional DQN, resulting in more stable and

accurate Q-value estimates.

The update rule for the Double DQN is given by Eq. (2.4):

Q(s, a)← r + γQ

(
s′, argmax

a′
Q
(
s′, a′; θ

)
; θ−

)
(2.4)

Double DQN has been shown to provide more accurate Q-value estimates and improved

learning performance in various reinforcement learning tasks compared to traditional DQN.

The idea behind the PER [57] is that some experiences may be more important than

others for training. We can take in priority experience that has a big error between deep

Q-network and target network instead of selecting the experiences randomly. To generate

the probability of being chosen for a replay, we have Eq. (2.5)

P (i) =
pαi∑
k p

α
k

, (2.5)

where pi = |δi| + e and |δi| is the absolute temporal di�erence error (TD-error). Small

constant e assures that no experience has 0 probability to be taken. If α = 1, it selects the

experiences with the highest priorities while α = 0 for pure uniform randomness. Since

we use priority sampling, which leads to the bias toward high-priority samples. To correct

this bias, importance sampling weights (ISW) is used to adjust the updating by reducing

the weights of the often seen samples [57], according to Eq. (2.6)

ωi =

(
1

N
· 1

P (i)

)β

(2.6)
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where β controls how much the ISW a�ect learning, and N is the size of replay bu�er.

2.1.3 Dueling DQN

Dueling DQN [58] introduces a novel architecture that disentangles the estimation of the

value and advantage functions, enhancing the learning process in reinforcement learning

tasks. Traditional DQN architectures face di�culties in distinguishing the importance of

di�erent actions in a given state. The Dueling DQN architecture aims to overcome this

limitation by explicitly separating the estimation of the state value and the advantage of

each action. This separation allows the neural network to better understand the intrinsic

value of being in a particular state and the additional value associated with taking speci�c

actions in that state.

The key innovation of Dueling DQN lies in the decomposition of the Q-function into

two distinct components: the state value function V (s) and the advantage function A(a).

The Q-function is then reconstructed using Eq. (2.7):

Q(s, a) = V (s) +

A(a)− 1

|A|
∑
a′

A
(
a′
) (2.7)

where, Q(s, a) represents the state-action value, V (s) is the state value, A(a) is the advan-

tage of taking action a in state s, and |A| denotes the total number of possible actions.

Dueling DQN o�ers several advantages over traditional DQN architectures. By mod-

eling the state value and advantage, the algorithm gains improved stability and e�ciency

during training. This proves particularly bene�cial in scenarios where certain actions have

little impact on the overall outcome, as Dueling DQN enables the network to discern and

assign appropriate values to each action independent of the state value.
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2.1.4 Long Short-Term Memory Networks

LSTM networks [59] are a type of recurrent neural network (RNN) [60] architecture de-

signed to overcome the vanishing gradient problem associated with traditional RNNs.

LSTMs are well-suited for processing and predicting sequences of data due to their ability

to capture long-range dependencies.

The key feature of LSTM networks is their memory cell, which can store information

over extended periods. This is achieved through a set of gates, including an input gate, a

forget gate, and an output gate. The input gate regulates the �ow of new information into

the cell, the forget gate controls the retention or removal of existing information, and the

output gate determines the information to be output from the cell.

LSTMs have found widespread application in various domains, including natural lan-

guage processing, time series analysis, and, relevant to autonomous driving, in modeling

and predicting vehicle trajectories. Their ability to e�ectively handle sequential data makes

them valuable for capturing temporal dependencies in dynamic driving scenarios.

2.2 ROS-Enabled Digital Twin

Digital twin for AV refers to a virtual replica or simulation of an AV and its driving

environments, used for training, testing, and ensuring the safety and reliability of AV

systems. It can be used to conduct comprehensive assessments, re�ne algorithms, and

simulate various scenarios without real-world risks. Its advantages include accelerated

development cycles, cost savings, enhanced safety, and the ability to explore edge cases

and rare scenarios e�ciently. By leveraging learning based methods like RL algorithm

within the digital twin framework, AVs can learn and adapt their behaviour based on

feedback from simulated environments. This approach enables AVs to improve decision-
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Figure 2.2: Leveraging computer simulations to improve real-world AD performance

using three types of techniques: sim-to-real, self-play training, and algorithm validation.

making, navigate complex scenarios, and enhance overall performance more e�ciently.

Additionally, RL within the digital twin facilitates safer experimentation and iteration,

contributing to the advancement of AV technology.

Traditional AD systems are typically composed of several key functional modules, in-

cluding perception, mapping, prediction, decision-making & planning, and control [61].

For a considerable period, each module underwent internal technological iterations and

solution evolution. However, with the expansion of AD applications and increased de-

mands for functionality and performance, various issues with modular system architecture

have become evident. These challenges include vague interface de�nitions between mod-

ules [62], di�culty aligning performance metrics and inconsistencies between optimization

goals within modules. End-to-end uni�ed modeling in AD integrates perception, decision-

making, and control into a single model, simplifying integration, optimizing performance,
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and improving adaptability compared to a modular scheme [33,35,38]. It reduces latency,

handles uncertainty better, and o�ers holistic optimization. Despite challenges like data

requirements, it's seen as the ultimate solution for AD architecture due to its e�ciency

and e�ectiveness [63�65].

Currently, numerous emerging technological solutions, such as DRL algorithms, o�er

signi�cant advantages in enhancing overall AD performance [43, 66�68]. However, until

these algorithms mature, there is substantial economic and research value in their prelim-

inary application in indoor and simulation scenarios.

Inspired by this demand, this dissertation establishes a comprehensive digital twin AD

research platform for training, validation, and veri�cation of various AD algorithms as

shown in Figure 2.2. The platform possesses the following advantages:

(i) A high-�delity simulator developed based on ROS-Gazebo that can simulate the

vehicle's kinematics and onboard sensors, including inertial measurement unit (IMU),

LiDAR, and cameras.

(ii) A decentralized control scheme is employed to simulate complex dynamic interactions

among di�erent vehicles in diverse tra�c scenarios.

(iii) Algorithm validation encompasses real-time decision-making, control performance,

and computation complexity of algorithms.

2.2.1 Sim-to-Real Transfer

To train diverse driving policies across various tra�c scenarios through an end-to-end

approach, a high-�delity simulator is needed capable of simulating vehicle dynamics and

sensor information. This is essential for the eventual transfer of trained driving policies

from simulation to real-world scenarios. Our simulator supports various sensors, including
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(a) Four Way Intersection (Studied in Chapter 3)

(b) Highway (Studied in Chapter 4)

Figure 2.3: Simulation and hardware environments

an IMU, an RGB-D camera (D435), four CSI cameras providing a 360 view of the vehicle,

and a 2D LiDAR. The LiDAR can operate in two scan modes: standard mode with 360

points per scan and boost mode with 1160 points per scan.

In this dissertation, 2D LiDAR mounted on the top of the car will be used to provide

observation information about the environment. To enhance the point cloud data from

the LiDAR detection of surrounding cars, we mounted an isosceles triangle frame (or box)

behind LiDAR. The scanning region of LiDAR is [135◦, -135◦] and the scanning range is

set to [0.1, 3.0] m. The scanning frequency is 12 Hz. Figure 2.3a depicts an unsignalized
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intersection scene, where each vehicle can be individually controlled and follows its own

driving preferences (e.g., conservative or aggressive) according to its chosen path (turning

left, going straight, or turning right). The left image in Figure 2.3b shows a bird's-eye

view (BEV) of the simulated environment, displaying the LiDAR scan of surrounding

vehicles from the perspective of the ego vehicle (denoted as �1�), with other numbers

representing surrounding vehicles. The right image shows the corresponding hardware

testing environment, where the ego vehicle is in the middle lane with a blue triangular

frame. The point clouds scanned by the ego LiDAR hardware is provided in the right

�gure. Surrounding vehicles are distinguish with dashed circles in di�erent colors.

2.2.2 Naturalistic Human Driving Data Set Replay

In a simulation environment, there are two schemes for validating algorithms. The �rst is

modeling di�erent driving behaviours and assigning these strategies to surrounding vehi-

cles to validate the decision-making algorithm. Chapter 3 will detail how to achieve this

goal through DRL and game theory. The second is real tra�c datasets contain rich human

driving information and can be used for open-loop [69] test to verify the algorithm's ro-

bustness by replaying tra�c data in the simulation environment. The digital twin platform

supports both of these requirements. The following describes how to preprocess tra�c data

and use it in the simulator. Chapter 4 will provide a detailed explanation of how to replay

tra�c data to test whether the decision-making algorithm successfully models human-like

driving behaviours.

Taking highway as an example, vehicles with lane-changing behaviours can be randomly

selected from real tra�c data. The data used in this dissertation was recorded by eight

cameras for 10 minutes of all vehicle information in the US101 road segment with a length

of 640 m containing 3000 vehicles. The data includes vehicle number, global time, position,
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speed, and lane number. A total of 25 types of information were recorded [70]. The road

consists of six lanes, each with a lane width of 3.66 m. The sixth lane is the on-ramp,

the o�-ramp, and the auxiliary lane between them. The actual road structure is shown

in Figure 2.4 [70�72]. Since some vehicles need to leave the expressway via the o�-ramp,

their lane-changing policies are di�erent from that of other vehicles running on the �rst

three lanes. Therefore, only these vehicles on the �rst three lanes are considered, and all

selected trajectories are shown in Figure 2.5. To train/test lane-changing policies, a road

section is reconstructed in the simulator as shown in Figure 2.6, each with a lane width of

0.366 m. Since our scaled car is 10 times smaller than real vehicles, we need to scale the

tra�c data proportionally in order to replay real tra�c data for testing in the simulation

environment.

Figure 2.4: US-101 road segment

Considering the size of our in-door environment, the speed limit of our scaled car is

set to 1.5 m/s in the simulator (equivalent to 15 m/s (54 km/h) for full-size vehicle in

real scenario), therefore, we remove all cases with vehicle speeds above 15 m/s from the

real tra�c data. During the testing, if policy under test selects the same lane-changing

action as the human driver in a given scenario, we consider that the driving behaviour
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Figure 2.5: The trajectories of 100 randomly selected vehicles

Figure 2.6: Simulated environment

of the current case is successfully modeled. Due to the presence of noise in the original

data, the trajectories of surrounding vehicles are �tted by a �fth-order polynomial, which

is introduced in Section 2.2.4.1. To obtain the boundary conditions for generating the

trajectories of surrounding vehicles, we can directly scale the speed and distance in real

tra�c data by the ratio of the vehicle size λ (λ = 10 in our case). The duration required

for a vehicle to complete a lane-changing in the scenario remains consistent with real tra�c

data. Assuming that the initial and �nal time of the lane-changing in the real tra�c data

are t0 and tn, the testing duration for each scenario is denoted by Eq. (2.8)

∆t = tn − t0 (2.8)

The position and speed information of vehicles in real tra�c dataset can be expressed
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as p̃i(t) =
(
p̃ix(t), p̃

i
y(t)

)
and ṽi(t) =

(
ṽix(t), ṽ

i
y(t)

)
. i is the vehicle number. i = 0 indicates

a lane-changing vehicle. The boundary conditions including position and speed of vehicles

in simulated environment can be calculated by Eq. (2.9) and Eq. (2.10):(
pix(t), p

i
y(t)

)
=

1

λ

(
p̃ix(t), p̃

i
y(t)

)
(2.9)

and (
vix(t), v

i
y(t)

)
=

1

λ

(
ṽix(t), ṽ

i
y(t)

)
(2.10)

2.2.3 Validation and Veri�cation

This digital twin platform supports the validation of both decentralized and centralized

algorithms. The physical car is an open-architecture scaled model vehicle, powered with

NVIDIA Jetson TX2 supercomputer, and equipped with a wide range of sensors, including

cameras, LiDAR, encoders, and user-expandable IO. Algorithms can be run on each car

with onboard computer, supporting a set of software tools including Python, Matlab, and

Robot Operating System (ROS).

To experimentally validate the e�ectiveness of centralized algorithms, scaled model

vehicles can also receive control commands via Wi-Fi from a workstation with Intel(R)

Core(TM) i7-7700 CPU, see Figure 2.7a. An OptiTrack system consisting of 16 Flex 13

cameras is used to capture motion states of all cars and feed them back to the workstation

via USB cables.

The high-�delity simulator not only has the capability to simulate various sensors,

vehicle kinematics, and di�erent tra�c scenarios but also possesses the advantage of easy

scalability, as shown in Figure 2.7b. In the simulator, an arbitrary number of vehicles can be

generated to validate the algorithms in terms of scalability and computational complexity.

The ROS-Gazebo environment is developed on Ubuntu 18.04 workstation with Intel Xeon

W-1290P CPU.
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(a) Hardware platform (b) Intersection

Figure 2.7: Autonomous driving research studio (studied in chapter 5)

2.2.4 Low Level Control

The control performance needs to be guaranteed using controllers once the decision-making

module generates acceleration and steering commands. This subchapter will introduce the

proportional-integral-derivative (PID) controller at the low-level module for longitudinal

control and the Stanley controller, illustrated in Figure 2.8, for steering control.

Figure 2.8: Stanley controller
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2.2.4.1 Trajectory Generation Module

To achieve smoother driving, a �fth-order polynomial [73] is utilized to create a trajectory

for lane-changing. This approach enables us to set six boundary conditions (position,

velocity, acceleration) at both ti = 0 and tf = T , which represents the time it takes to

complete the lane-changing. The reference trajectory can be represented as Eq.(2.11),

which includes six coe�cients for each equation.

x(t) = a5t
5 + a4t

4 + a3t
3 + a2t

2 + a1t+ a0

y(t) = b5t
5 + b4t

4 + b3t
3 + b2t

2 + b1t+ b0

(2.11)

Then the time-dependent parameter matrix can be de�ned as Eq.(2.12):

M6×6 =



t5i t4i t3i t2i ti 1

5t4i 4t3i 3t2i 2ti 1 0

20t3i 12t2i 6t1i 2 0 0

t5f t4f t3f t2f t1f 1

5t4f 4t3f 3t2f 2t1f 1 0

20t3f 12t2f 6t1f 2 0 0


(2.12)

The module mentioned above will be used in Chapter 4 to generate smooth trajectories

for an AV to perform lane changes from the current lane to a target lane.

2.2.4.2 Lateral Control

The Stanley control method achieves lateral control by minimizing heading error ψ(t)

and cross-track error e(t), as illustrated in Figure 2.8. ψ(t) is the angle between the car

heading and the trajectory heading, while e(t) is the distance between the front wheels'

center reference point (xc, yc) and the path (xt, yt) at the current time t. The linear speed

of the front wheels is denoted as v(t), and the steering angle as δ(t). The steering angle

is limited by the vehicle's angle constraint, δ(t) ∈ [δmin, δmax]. The controller equation is

expressed as Eq.(2.13) [74].
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δ(t) = ψ(t) + tan−1

(
ke(t)

ks + v(t)

)
(2.13)

where softening constant ks is added to ensure the denominator be non-zero, and k is a

constant parameter serving as the weight of the cross track error.

Figure 2.9: Longitudinal control

2.2.4.3 Longitudinal Control

To regulate speed, the controller examines the car's velocity and modi�es the throttle to

align with the predetermined speed determined by the decision-making module (see Figure

2.9). The PID consists of three components [75]: the proportional, integral, and derivative

terms. The proportional term Kp is in direct proportion to the di�erence between the

desired and actual speeds, while the integral term KI is proportional to the error's integral,

and the derivative term Kd is proportional to the error's derivative. The controller can be

represented as Eq.(2.14)

u = KP (vd − v) +KI

∫ t

0
(vd − v) dt+KD

d (vd − v)
dt

(2.14)

In motion control, there are two types of tracking errors used to assess the performance

of robots: trajectory tracking error and path tracking error. The di�erence lies in that

trajectory tracking typically involves four states: positional information (x and y), velocity

(v), and temporal information (t). However, path tracking error typically only considers

positional deviation without accounting for time. The control performance of the scaled

car for both longitudinal and lateral controllers is shown in Figure 2.10 and 2.11. It is
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noticeable that the speed tracking error measures below 0.02 m/s, the trajectory tracking

error measures below 0.05 m, and the path tracking error measures below 0.01 m. These

values satisfy the criteria for self-driving vehicles.

Figure 2.10: Speed control

2.3 End-to-End Training Scheme

Previous two sections introduced several variants of the DQN algorithm, the LSTM neural

network for processing temporal information, and the digital twin platform. To train

driving policy in an end-to-end manner, a multi-sensor fusion solution along with recurrent

D3QN PER algorithm will be introduced in this section. Firstly, the features of 2D LiDAR

point cloud data and car states are extracted through LSTM to generate latent space

information as observation of DRL. If visual information needs to be incorporated into

the decision-making framework, image information can be added through the stacking

of images. After processing through a CNN, it can be concatenated with the output

of the LSTM. Secondly, Q value is output through the full connection layer with dueling

structure. Finally, the best action in each state can be generated by choosing the maximum
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Figure 2.11: Trajectory tracking

Q value. Since the road centerline can be represented by a series of waypoints, we can use

lateral controllers (e.g. pure pursuit controller and Stanley controller) to generate steering

commands to drive the car on the road. The overall structure of RD3QN PER algorithm

is shown in Figure 2.12. In Chapter 3 and Chapter 4, detailed studies will be provided

on how to train driving policies with di�erent reasoning levels to address decision-making

problems related to unsignalized intersection and lane-changing scenarios.

Figure 2.12: End-to-end training scheme with RD3QN PER algorithm
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3 Reinforcement Learning Based Game

Theoretic Decision-Making for AVs

This chapter applies the RD3QN PER algorithm, integrated with game theory, to model

decision-makers at various reasoning levels within an unsignalized intersection scenario.

Unlike approaches that isolate the ego vehicle as the sole decision-maker with prede�ned

policy for surrounding vehicles, this method treats all drivers as strategic vehicles acting

simultaneously in a multi-move environment. Through self-play training, di�erent driving

modes are modeled, ultimately leading to an adaptive driving policy. This policy can

successfully navigate complex environments with a mix of conservative and aggressive

driving behaviors, relying solely on onboard sensors to achieve safe and e�cient driving.

3.1 Problem De�nition

3.1.1 Modeling Scenarios

In this work, an unsignalized intersection is chosen as the scenario where each car chooses

to enter the intersection area, and drivers constantly interact with the surrounding road

users to safely and e�ciently cross the intersection, since it is much more complex than

other tra�c scenarios.

The unsignalized intersection scenario has been introduced in Section 2.2.1, it consists
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of 12 paths and four cars, among which car 1 is ego vehicle and the rest of the vehicles

are opponents as shown in Figure 2.3a. To better show the results, the problem can

be simpli�ed as follows. The number of opponents ego encounters at the intersection

is generated randomly, which can be 0, 1, 2 or 3. Ego has three tasks: turning left,

going straight, and turning right. All opponents go straight but have two optional trained

policies, namely conservative and aggressive driving behavior which is unknown to the Ego

vehicle. The details about training of various driving policies are presented in Section 3.2.

It's worth noting that the method proposed in this chapter can naturally be applied to more

complicated scenarios, where all cars have no limitation of path. In this research, there are

81 scenarios in total as mentioned above since there are 24 combinations in the case of ego

versus three opponents, 36 combinations in the case of ego versus any two opponents, and

18 combinations in the case of ego versus one opponent. There are also 3 combinations

when the ego passes through an empty intersection. To focus more on complex scenarios,

the probability of having four cars, three cars, two cars, and one car interaction scenario

will occur with probability 40%, 30%, 20%, and 10% respectively during the training.

3.1.2 Observation Space

LiDAR is one of the most important sensors in the development of self-driving cars because

of its ability to adapt to di�erent lighting conditions and its robustness to the environment.

The point clouds generated by LiDAR belong to long sequences information. To process

the point cloud data, the LSTM network with 512 cell units is used in this chapter to deal

with partially observed environments. Due to various strategies of the opponent cars, the

ego car may be confused if it is heavily rewarded for selecting an action in one state and

then penalised for choosing the same action in the same situation next time, making the

training process unstable. Therefore, the action chosen by ego depends not only on the
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current observation but also on a �xed number of the most recent observations.

The point cloud information is controlled to be 360 dimensions; the frequency is 12

Hz; the detection distance is [0.1, 3.0] m. In the intersection scenario, there are 8 collision

areas where ego vehicle and opponent vehicle's path overlap, as shown in Figure 2.3a.

To combat limitations of using only 2D LiDAR, each vehicles' distance to the collision

points are added. Also, vehicle's own state information, and velocities of the opponent

vehicles, represented as an array [v1, v2, v3, v4, p1, p2, p3, p4], where v1 to v4 are the

speeds of car 1 to car 4 at each time step, and p1 to p4 correspond to the path each car

selected (obtaining from turn signal) to further supplement the observation space. It can

be extended to more complex cases without loss of generality.

3.1.3 Action Space

The action space includes 5 possible actions that each vehicle can undertake:

(i) Maintain: Maintain current speed.

(ii) Accelerate: Increase speed of vehicle at 1.5 m/s2, ignored if maximum velocity is

reached.

(iii) Fast Accelerate: Increase speed of vehicle at 3 m/s2, ignored if maximum velocity is

reached.

(iv) Brake: Reduce speed of vehicle at 1.5 m/s2, ignored if vehicle is stationary.

(v) Hard brake: Reduce speed of vehicle at 3 m/s2, ignored if vehicle is stationary.
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3.2 Driver Interaction Model

The driver interaction model developed in this section enables the modeling of driver-to-AV

interactions through the use of level-k reasoning and RD3QN PER algorithm. The model

is a �policy� which is a stochastic map from the observation space of the driver to their

action space (see Section 3.1). In other words, this map assigns a probability distribution

over possible actions for every observation. In the following sections, we explain how this

model is trained.

3.2.1 Level-k Reasoning

In order to model the strategic decision-making process of human drivers, a game-theoretical

concept named level-k reasoning is used. The level-k approach is a hierarchical decision-

making concept and presumes that di�erent levels of reasoning exist for di�erent humans.

The lowest level of reasoning in this concept is called level-0 reasoning. A level-0 agent is

a non-strategic/naive agent since their decisions are not based on other agents' possible

actions but consist of predetermined moves. In one level higher, a strategic level-1 agent

exists, who determines their actions by assuming that the other agents' reasoning levels

are level-0. Hence, the actions of a level-1 agent are the best responses to level-0 actions.

Similarly, a level-2 agent considers other agents as level-1 and makes their decisions ac-

cording to this prediction. The process continues following the same logic for higher levels.

In some experiments, humans are observed to have at most level-3 reasoning, which may,

of course, depend on the type of game being played. To generalize, all level-k agents,

except level-0, presume that the rest of the agents are level-(k-1) and make their decisions

based on this belief. Since this belief may not always hold true, the agents have bounded

rationality [76,77].
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3.2.2 Combining Level-k Reasoning with RD3QN PER

To generate vehicles with di�erent levels of reasoning, the RD3QN PER algorithm is run in

the developed simulator, where the ego vehicle is the level-k learner. According to level-k

theory, trained level-(k-1) policies (or prede�ned level-0 behavior) are assigned to the rest

of the vehicles consisting the training environment.

In the proposed approach, the predetermined, non-strategic level-0 policy is the an-

choring policy from which all the higher levels are derived using RD3QN PER. To obtain

the level-1 policy, a tra�c scenario is created where all drivers are level-0 agents except the

ego car that is to be trained to best respond to the level-0 policy. There are 5 prede�ned

velocities (0.3 m/s, 0.6 m/s, 0.9 m/s,1.2 m/s, and 1.5 m/s) that opponents can choose

randomly. At level k = 0 of reasoning, opponent vehicles travel at the selected constant

speed without considering the motions of others. To avoid collisions between opponents

a�ecting the training process of the ego vehicle, we set priority for speed selection of each

opponent. For example, car 2 can select a speed �rst, and then car 4 will randomly pick a

speed from our pre-de�ned �safe speed set� to avoid collisions with car 2 at collision area

2 (see Figure 2.3a). Finally, car 3 will randomly select a safe speed to avoid collision with

car 4. Once the training is completed, the ego becomes a level-1 driver. The procedure

for obtaining the level-k policy through the proposed combination of level-k reasoning and

RD3QN PER is explained in Table 3.1, where nd is the number of drivers.

Now, we have trained level-1 and level-2 policies in turn, but the problem is that

these trained models are based on the assumption that all opponents are playing level-(k-

1). If the true strategies chosen by opponents do not meet this assumption, the con�ict

between them will not be well resolved. The test results in Section 3.3 can well re�ect

this issue. To solve the problem, all opponents will choose policy among trained models

following uniform distribution, and the ego car explores the adaptive strategy in this mixed
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Table 3.1: Training of level-k agent

Algorithm 1 Obtaining the Level-k Policy

1: Load the trained level-(k-1) (or rule-based level-0) policy, πk−1;

2: Set the reasoning levels of all opponents in the environment,

pi, to level-(k-1): πpi = πk−1, i = 2, 3, . . . , nd;

3: Initialize the ego driver's policy to a uniform action

probability distribution over all states: πp1 = πuniform;

4: Train the ego driver using RD3QN PER algorithm;

5: At the end of the training, ego driver learns to best respond

to πk−1,therefore the resulting policy is the level-k policy, πk.

environment through RD3QN PER. Since each vehicle cannot access the driving policies

of others, all vehicles can observe only a partial state of the tra�c via the LiDAR sensor.

An LSTM recurrent neural network inside of the RD3QN PER algorithm is used to

resolve the hidden state by making the chosen action that depends not only on the current

observation but also on a �xed number of the most recent observations which is a black box

way to learn the pattern of various driving policy instead of using Bayesian-based method

to estimate the belief of driver model of other vehicles. Training process of adaptive policy

is described in Table 3.2.

Table 3.2: Training of adaptive agent

Algorithm 2 Obtaining the Adaptive Policy

1: Load the previously obtained level-1 and level-2 policy randomly,

π1 and π2 (see Algorithm 1);

2: Set the agents in the environment, pi, as level-1 agents or

level-2 agents: πpi = π1 or πpi = π2, i = 2, 3, . . . , nd;

3: Initialize the ego driver's policy to a uniform action probability

distribution over all states: πp1 = πuniform;

4: Train the ego driver using RD3QN PER algorithm;

5: At the end of the training, ego driver learns to best respond to π1

and π2. Thus, the resulting policy is the adaptive policy, πadap.
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It is noted that the hierarchical learning process explained above decreases the com-

putational cost since at each stage of learning, the agents other than the ego agent use

previously trained policies and hence become parts of the environment. This helps to ob-

tain tra�c scenarios, containing a mixture of di�erent levels, where all the vehicles are

simultaneously making strategic decisions. This sharply contrasts conventional decision-

making approaches, in crowded tra�c, where one driver is strategic decision-maker and the

rest are assigned prede�ned policies that satisfy certain kinematic constraints. A visual

representation of the process of combining level-k reasoning and RD3QN PER is given in

Figure 3.1.

Figure 3.1: Combination of level-k theory and RL

3.2.3 Setting of Algorithm Parameters and Reward Function

Table 3.3 shows the parameter settings of the RD3QN PER algorithm. To speed up the

training process, each sequential training after obtaining the level-1 policy was done by

loading the previous model to the ego vehicle and assigning the starting value of ϵ to 0.5

instead of 1.

39



Table 3.3: Parameter settings

Parameters Values

Discount factor (γ) 0.95

Learning rate 0.001

Starting (ending) value of ϵ greedy policy (ϵ) 1 (0.01)

Number of actions 5

Size of replay memory 6000

Maximum value of training steps 150

Number of steps to update the target network 500

Mini-batch size 32

Training steps (Ntraining) 15000

e 0.00001

Priority (α) 0.6

Adjusting the deviation (β) 0.4

In order to avoid insu�cient exploration and to accelerate convergence, the parameter

of the ϵ-greedy method decrease from 1 linearly according to the training steps, as shown

in Eq. (3.1), and remain unchanged until it equals ending value.

ϵ = ϵ− 1.0

Ntraining
. (3.1)

Parameter e in the PER algorithm is used to prevent the saved experience from not

being replay after TD-error equals 0. The exponent α determines how much prioritization

is used, with α = 0 corresponding to the uniform case. Parameter β fully compensates for

the non-uniform probabilities P (i) if β = 1. It's increased linearly according to Eq. (3.2).

β = β +
1.0

Ntraining
. (3.2)

The reward function shown in Table 3.4 is used to evaluate the performance of the

ego vehicle, which encourages ego vehicles to learn e�cient human-driving behaviours.

A reward function was designed to penalize collisions or being in dangerous states, and

reward e�cient behaviours, such as reaching the destination or progressing.
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Table 3.4: Setting of reward function

Conditions Values

Collision status -5

Dangerous zone status and car approaching -0.1*∆(t)

Changes in acceleration -0.05*(|at − at−1|)
Reach destination 2

Reach each checkpoint 0.1

According to the setting of reward function, the ego car will receive a reward of 0.1 for

reaching each checkpoint. If ego successfully reaches the destination, when going straight,

it receives a reward of 2 points for passing the 20 checkpoints. Similarly, for turning left

or right, the ego vehicle receives a reward of 1.5 or 1.2 points. When a collision occurs, 5

points are deducted. When ego vehicles and opponents cars are in a deadlock, 0.1 point

will be deducted for each time-step, which will be a total of -1.5 points for the maximum

number of steps each episode. When an ego vehicle reaches the destination, the score will

be rewarded 2 points.

3.3 Simulation and Experimental Results

3.3.1 Comparison of Di�erent Algorithms

To compare learning e�ciency, all algorithms were trained 8,000 episodes in an environment

where all opponents were level-0 reasoning. All curves in Figure 3.2 are smoothed with

a moving average over 300 episodes. We can �nd that the prioritized reply and dueling

structure are the two most crucial components of the RD3QN PER algorithm, in that

removing either component caused a large drop in learning performance. Nature DQN and

Dueling DQN perform worst during training, which could be caused by the overestimation

mentioned in Section 3.2.
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Figure 3.2: Comparison of various DQN algorithms

3.3.2 Simulation Results

According to the scheme proposed in Section 3.2, we have successfully trained level-1,

level-2, and adaptive driving strategies, respectively 1. After obtaining the trained polices,

we �rst tested the two scenarios of ego vehicles being of level-k and opponents' vehicles

being level-(k-1) each for 1000 episodes, when k =1, 2. They all have a success rate of

over 96%, which meets expectations of level-k theory. Then, the trained level-1 policy and

level-2 policy were tested on level-k versus level-k scenarios for 1000 episodes each, k =1,

2. These scenarios have a much lower success rate, which is reasonable because all the cars

have wrong assumptions about the driving policy of others. And the level-1 policies often

result in deadlock due to conservative driving behaviours, and level-2 policies often result

in collisions due to aggressive driving behaviours (see Table 3.6).

We also compared the performance of our algorithm with the autonomous vehicle con-

troller which is based on the driver interaction models and online model estimation pro-

posed in [17], and their results are shown in the third column of Table 3.5 named AV

controller. We named our algorithm GTDRL since it is based on GT and DRL. The com-

1Video for both training and testing is available at https://youtu.be/mPtoojXh2-s
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parison shows that our end-to-end scheme integrating perception, decision, and control

has better performance in terms of the success rate than the results shown in [17], which

focuses on a simpler two-car interaction without considering the noise existing observation

information.

Table 3.5: Comparison with existing work

No. Interaction type GTDRL AV controller [17]

1 L1 vs. L0 96.2% 99%

2 L2 vs. L1 99.6% 95%

3 L1 vs. L1 94.9% 84%

4 L2 vs. L2 85.9% 57%

5 L2 vs. L0 83.1% 41%

6 Adapt. vs. Mixed Env. 96.2% 94-95%

Finally, we tested the level-1, level-2, and adaptive policy 1000 times in the 81 scenarios

following the distribution mentioned in Section 3.1. As shown in the Table 3.6, the adaptive

policy has the highest success rate in all three policies, which measures the ego vehicle's

ability to pass through the intersection without collision and deadlock. The deadlock rate

is highest for level-1 policy because it's conservative driving behaviour that tends to react

by decelerating to a halt. Level-2 has the highest collision rate because it models an

aggressive driving behaviour that tends to collide with other vehicles. The adaptive policy

successfully combines the advantage of both level-1 and level-2 policies to reduce deadlock

and collision when interacting in the mixed scenario.

Table 3.6: Comparison of policies in mixed environment

Interaction type Deadlock (%) Collision (%) Success (%)

L1 vs. Mixed 4.3% 1.7% 94.0%

L2 vs. Mixed 2.3% 9.3% 88.4%

Adapt. vs. Mixed 3.5% 0.3% 96.2%
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3.3.3 Hardware Implementation

To show the performance of the trained model, owing to space constraints, four scenarios

with four cars are selected to show the interactions among level-k vehicles at unsignalized

four-way intersection (see Figure 2.3a left). Four vehicles are controlled by di�erent policies.

It can be observed from Figure 3.4 that when level-1 (L1) and level-2 (L2) vehicles interact

with each other, the con�icts between them can be resolved. This is expected since level-

1 vehicles, representing cautious drivers, will yield the right of way and level-2 vehicles,

representing aggressive drivers, will proceed ahead.

Figure 3.4 (a)-(d) show �ve subsequent steps in a hardware testing where each vehicle

can be controlled by level-1 or leve-2 policies that are pretrained in the simulator. Figure

3.3 shows the corresponding time histories of the four vehicles' motion state. All paths

are divided into 200 waypoints. For each point the car reaches, the number of passed

waypoints increases by one, e.g., the number of passed waypoints is 1 when the car is in

its initial position and it's 200 when the car reaches its destination.

All vehicles are located outside the intersection at t = 0 s. (a) column shows the

interactions of car 1 controlled by the level-1 policy (conservative) with three cars controlled

by the level-2 policy (aggressive). Because car 2, 3 and 4 all use the level-2 policy, they

usually choose to pass the intersection as quickly as possible. By observing the motion

state of each vehicle in Figure 3.3, we can �nd that car 4 pass the intersection �rst and

does not take any deceleration action. Although car 2 and car 3 also adopt level-2 policy,

since car 4 enter the collision area �rst, car 2 and car 3 chose to adopt deceleration actions

of di�erent degrees at around t = 4 s based on their observation. Car 3 is in front of car 1

at around t = 6 s, therefore, car 1 takes deceleration action at around t = 5 s, and car 2

chooses to wait for car 1 to pass the collision area again. Finally, all four cars safely pass

through the intersection in turn. Similarly, (b) column shows car 1 and car 4 controlled
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by level-1 policy interact with car 2 and car 3 controlled by level-2 policy. Car 2 and car

3 enter the collision area �rst, and car 1 and car 4 take deceleration action to wait them

to pass at around t = 3 s. (c) column shows car 2 controlled by level-2 interacts with

others controlled by level-1 with car 1 turning left. (d) column shows car 1 turning right

controlled by level-2 interacts with others controlled by level-1. The last two situations are

similar: the car adopting level-2 strategy will pass through the intersection �rst, and the

other vehicles with level-1 policy will pass through the intersection subsequently.

The examples above show that trained models obtained from simulator can deal with

complex interaction scenarios without knowing the policies of others, which veri�es the

feasibility of the proposed method for modeling di�erent driving behaviours proposed in

this chapter.

Figure 3.3: Travel e�ciency under: (a) policy [l1, l2, l2, l2]; (b) policy [l1, l2, l2, l1];

policy [l1, l2, l1, l1]; (d) policy [l2, l1, l1, l1]

3.4 Summary and Discussion

An adaptive game-theoretic decision-making strategy with DRL has been proposed for the

ADVs sharing the road with other drivers in a multi-agent tra�c scenario. The interactions

between vehicles are modeled using a level-k game-theoretic framework. The ego estimates

the driver model of opponents at each time step based on real sensor data and is shown to
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use it to adapt its behaviour in both simulation and hardware implementation.

Both simulation results and hardware tests were reported and showed that the vehicle

interaction model exhibited reasonable behaviour expected in tra�c. The performance

of the model was then evaluated based on several ways, including the success rate, colli-

sion, deadlock, and snapshot of hardware testing. It was shown that the adaptive model

had reasonably high rates of success in resolving tra�c con�icts matching the expected

behaviour of each reasoning levels.

The framework proposed in this chapter for modeling multi-vehicle interactions can be

used as simulation tool for calibration, validation and veri�cation of autonomous driving

systems. In addition, it may also be used in high-level decision-making algorithms of ADVs,

and to support intersection automation/autonomous intersection management. Moreover,

vehicle interactions in some other tra�c scenarios, such as highway merging and driving in

parking lots, can be modeled based on the proposed framework with modi�ed road layouts

and geometries.
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Figure 3.4: 10 sec motion state of car 1 to car 4 shown in the column under (a) policy

[l1, l2, l2, l2] with car 1 going straight; (b) policy [l1, l2, l2, l1] with car 1 going straight;

(c) policy [l1, l2, l1, l1] with car 1 turning left; (d) policy [l2, l1, l1, l1] with car 1 turning

right. All surrounding vehicles are going straight. The numbers represent the car IDs
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4 Enhancing Reinforcement Learning via

Human Demonstration

This chapter will introduce a comprehensive solution for achieving human-like AD through

DRL. The challenges of low sample e�ciency, partial observability, and sim-to-real transfer

in DRL-driven AD will be discussed. A novel algorithm called Deep Recurrent Q-learning

from demonstration algorithm (DRQfD) is proposed for lane-changing decision-making,

mitigating low sample e�ciency in DRL and improving generalization in IL. Additionally,

a twin high-�delity simulator based on ROS-Gazebo is developed to bridge the sim-to-real

gap, incorporating LiDAR sensing, model training, and evaluations. This chapter will

also cover some other challenging problems in DRL, including generalization ability in real

world scenarios, and multi-objective optimization in DRL training.

4.1 Problem Formulation

In lane-changing scenarios, vehicles must be able to adjust their actions to �t into the

dynamic tra�c environment safely and e�ciently. Given the unknown driving behavior

and intentions of the surrounding vehicles, the decision-making problem of AV in lane-

changing scenarios can be modeled as a POMDP [78]. To train driving policies, this chapter

proposes a hierarchical decision-making architecture, as shown in Figure 4.1, which is
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mainly divided into two levels. The �rst is the high-level decision-making module achieved

by Global DQN Network, which is about transitioning between discrete actions including

car-following, changing the lane to the left, and changing the lane to the right subject to

the following conditions:

� Safety - releasing restrictions on lane-changing action under the condition that there

will be no collision with surrounding vehicles.

� Travel e�ciency - navigating the ego vehicle to the target lane where the car can

drive faster.

In other words, this module should be able to give AV a strategic task to perform at the

current stage after observing the environment.

Next, once the car-following command is generated from the high-level decision-making

block, Local DQN Network will serve as a tactical module to maintain a safe distance and

speed with the vehicle in front of AV while considering travel speed, comfort, and reducing

energy consumption. Trajectory generation is a non-learning-based tactical module. It will

generate a smooth and comfortable trajectory using a �fth-order polynomial according to

its current lane and speed, as well as the target lane and target speed when getting a

switching lane command from the high-level module. However, the outputs from the Local

DQN Network and trajectory generation block are still at the command level, such as the

desired acceleration, velocity, position, and steering angle. Ideal driving behavior requires

precise control performance, which can be guaranteed by implementing a low-level control

module consisting of throttle control and steering control. In the following sections, we

will introduce how to implement the above modules in detail.
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Figure 4.1: Hierarchical decision-making framework.

4.1.1 Observation Information

When driving a car, we make decisions primarily based on the information captured by our

eyes. However, the driving policies of the surrounding vehicles are unknown to us, and we

have to observe them for a period of time to approximately estimate their future motions.

Therefore, in our study, we prohibited the use of accurate speed and position information

from other vehicles. All observations were obtained from onboard 2D LiDAR plus the ego

vehicle speed. It is worth noting that the method proposed in this chapter can also be

extended to 3D LiDAR, but requires more computational power.

The LSTM network is used to implicitly learn and predict the driving behavior of

surrounding vehicles by feeding the past multiple frames of point clouds concatenated with

ego speed and lane information to the DRL. It can help reduce the ambiguity of LiDAR-

based end-to-end AD to stable training processing of DRL. The scanning frequency is set

to 12 Hz with 1160 points/scan. In Figure 2.3b, the left image o�ers BEV of a simulated

environment, showcasing LiDAR scans of nearby vehicles as seen from the ego vehicle
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("1"). Other numerical labels identify surrounding vehicles. On the right, the hardware

testing environment is depicted, featuring the ego vehicle positioned in the middle lane and

represented by a blue triangular frame. The corresponding point clouds generated by the

ego LiDAR hardware are presented in this �gure. Surrounding vehicles are di�erentiated

by dashed circles in various colors.

4.1.2 Reward Function and Action Space

To avoid manually designing a large number of prede�ned driving behaviors like rule-based

methods, we adopt a coarse-grained reward function to encourage RL to learn near-optimal

driving behaviors through exploration. A punishment mechanism is added to prevent the

car from learning unsafe driving behaviors based on human common knowledge.

4.1.2.1 Car-Following Policy

According to the US101 data [70], the intervehicle distance is mainly maintained between

11 m and 25 m above 50% of the time. The distribution of intervehicle distance can be

found in section 4.3. Because the size ratio of the car used in our study and a sedan car

is 1:10. Therefore, the values for both the distance and the acceleration will be divided by

10 to de�ne our reward function and action space.

The stage reward function for car-following is de�ned as

R = w1ϕ1 + w2ϕ2 + w3ϕ3 + w4ϕ4 + w5ϕ5 (4.1)

where ϕi represent indicator variables and wi are the weight variables where i ∈ [1, 5]. The

values of weights corresponding to each factor are shown in Table 4.1. If a collision occurs,

indicator variable ϕ1 equals to 1, otherwise 0. According to the distance (D) between the

ego vehicle and the car in front of ego car (to simplify the description, we denote this

vehicle as the leader vehicle), three zones are de�ned: unsafe zone (D ∈ [0.5, 1.1] m),
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interaction zone (D ∈ [1.1, 2.5] m), and safe zone (D ∈ [2.5,+∞] m). When ϕ2 =1, it

indicates that the leader vehicle is in its unsafe zone, and is 0 otherwise. When ϕ3=1,

which indicates that the leader car is in its interaction area. Ego car is encouraged to

maintain a relative velocity of 0 m/s to the leader vehicle. When ϕ4 = 1, the leader car

is outside the interaction area, and we encourage the ego vehicle to keep the speed above

the average speed. The �fth term, ϕ5 is introduced to consider energy consumption (or

unnecessary driving actions) and equals to 2 if the action is a hard acceleration or a hard

deceleration, 1 if the action is acceleration or deceleration, and 0 if the action is maintain.

The action space of the car-following policy consists of �ve actions: maintaining the current

speed (0 m/s2); hard acceleration (1.2 m/s2); hard deceleration (−1.2 m/s2); acceleration

(0.6 m/s2); deceleration (−0.6 m/s2). This discrete representation of the action space is

based on the distribution of vehicle accelerations obtained by processing the real tra�c

data [78,79], which is recognized as a reasonable approximation to the set of human drivers'

actions in highway tra�c. It should be pointed out that we set speed saturation during

training and evaluation, thus, the AV is only allowed to drive within the maximum speed.

When the AV reaches the maximum speed, it cannot further obtain additional rewards

through increasing speed. Therefore, the AV will �nally learn to maintain its highest

speed (by choosing 0 m/s2) when there is no leader vehicle in the current lane by the

trade-o� between travel e�ciency and energy consumption factors.

4.1.2.2 Lane-Changing Policy

For the high-level module, we expect the ego car to learn a more e�cient driving behavior

similar to that of an experienced driver. That is, the ego car will take any opportunity

to navigate to the target lane where it can gain a higher speed under the premise that it

will be collision-free. Therefore, we list some unsafe driving behaviors and encouraged the
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Table 4.1: Setting of reward function

Conditions Values

Collision violation (w1) -1000

Unsafe zone violation (w2) −(1.1D )3

Relative speed (w3) −2 · |vego − vfront|
Travel e�ciency (w4) vego − (vmax + vmin)/2

Energy consumption (w5) -0.6

Note: vmax = 1.5 m/s, and vmin = 0.0 m/s.

car to change lanes without triggering penalties. To obtain a positive reward during the

training process, the ego car needs to avoid the following unsafe lane-changing behaviors:

(i) The penalty is -1 for lane-changing, if there's no leader vehicle in the current lane

within the LiDAR detection range.

(ii) The penalty is -1.5, if the car in front in the current lane is farther than the car ahead

in the target lane.

(iii) The penalty is -5, if a collision occurs during lane-changing.

The action space of the high-level module consists of {switching left, switching right,

car-following}. To simplify the training scenario, we assume that the speed of the ego vehi-

cle before and after the lane-changing remains the same. The logic behind this assumption

is that the ego vehicle �rst generates a trajectory to a target lane where it can gain higher

speed, and then accomplishes the acceleration goal in the target lane by using a trained

car-following policy. Trajectories are generated based on the �fth-order polynomial under

the following boundary conditions: (1) the target speed of the trajectory is the `same' as

the current speed, and (2) the target position of the trajectory is the location in the target

lane right `behind' its leading vehicle in the original lane to achieve a safe lane-changing.

It should be noted that to obtain more �exible trajectories, we can modify the boundary
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conditions of the �fth-order polynomial by expanding the action space of the high-level

module such as {switching left faster, switching right faster, switching left, switching right,

Car-following}, where the constraints of polynomial trajectory for switching lanes faster

are (1) the target speed is `higher' than the current speed, and (2) the target position

of the trajectory is the location in the target lane `parallel' to the leading vehicle in the

original lane.

4.2 Deep Recurrent Q-learning from Demonstrations

Given the high-�delity simulator introduced in the Section 2.2.2, we can manually collect

human demonstrations and automatically score the expert's action at a certain state ac-

cording to the pre-designed reward function. To enhance the training e�ciency of DRL,

we propose a DRQfD framework, which involves using a small set of demonstrations to

pre-train DRL network, followed by IL to guide its early exploration. The overall structure

of the algorithm is shown in Figure 4.2. Given the LiDAR-based perception scheme and

the POMDP, RD3RQN PER [57,80] becomes an ideal choice for our DRL algorithm. The

parameter setting of algorithm is provided in Table 4.2.
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Figure 4.2: Algorithm structure

4.2.1 Pretrained DRL Network

The pre-training phase aims to teach the vehicle to imitate the demonstrator while also

satisfying the Bellman equation for its value function, which can then be updated through

TD error during interaction with the environment. To get pretrained DRL Network, the

learning vehicle updates the network by sampling mini-batches from demonstration data

and applying four losses. These include 1-step and n-step double Q-learning losses to ensure

the network satis�es the Bellman equation, large margin classi�cation loss to enforce the

value of the demonstrator's action, and L2 regularization loss to prevent over-�tting on

the small demonstration dataset. The details of the loss function implementation can be

found in [49].
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4.2.2 IL-Based Guidance Policy

After completing the pre-training phase, a hybrid policy combining ϵ-greedy exploration

and Guidance policy, is used to increase the probability of the vehicle taking the correct

actions during early exploration through the IL-Based Guidance policy. During the ϵ-

greedy exploration process, learning vehicle has a certain probability of taking actions

generated by IL, which needs to be adjusted to balance exploration and exploitation to

mitigate the bias introduced by using an IL policy on the replay bu�er. It should be noted

that both DRL and IL use LSTM network to process a �xed number of past sequential

observations as input.

4.2.3 Experience Replay

During the DRL training, the learning vehicle interacts with surrounding vehicles in the

simulator, generating its own data and adding it to the replay bu�er Dreplay. The expert

demonstration data will be permanently stored in the experience replay bu�er Dexpert and

assigned a constant value in PER to ensure that the data is sampled during the training

process.

4.2.4 IL Training

In order to avoid increasing human workload, both pretrained DRL network and IL Guid-

ance policy mentioned earlier are trained on a small amount of demonstration data collected

by a human player using our simulator. To ensure a fair comparison of the performance

between DRL policy and IL Guidance policy in Section 4.3, we increase the amount of

demonstration data to the same number as DRL training episodes. For both the IL Guid-

ance policy and the IL Baseline policy, we performed supervised classi�cation of the demon-

strator's actions using a cross-entropy loss, with the same network architecture used by
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DRL. Additionally, we still used L2 regularization loss to prevent over�tting of the model.

Table 4.2: Parameter settings

Parameters Values

Discount factor (γ) 0.95

Learning rate 0.001

Starting (ending) value of ϵ greedy policy 1 (0.01)

Number of car-following actions 5

Number of high-level module actions 3

Size of replay memory (Dreplay) 10000

Size of expert memory (Dexpert) 2000

Number of steps to update the target network 100

Mini-batch size 32

e 0.00001

Priority (α) 0.6

Adjusting the deviation (β) 0.4

N-step returns (steps) 10

4.2.5 Simulation to Real World

For DRL training, a high-�delity simulator is developed based on ROS-Gazebo. To re-

duce the sim-to-real gap, Domain Randomization is adopted to improve the robustness

and generalization ability of DRL policies by randomizing the dynamic properties of the

Source Domain. In this work, key factors for closing the sim-to-real gap include percep-

tion, environment complexity, vehicle dynamics, and interaction features. Regarding the

perception, we adopt a LiDAR-based end-to-end scheme, since the LiDAR is insensitive to

di�erent lighting conditions. Thanks to the Uni�ed Robotics Description Format (URDF)

setting supported by ROS, we can keep the dynamics and sensor data of the virtual car

as close as possible to the physical car. We set our simulator parameters based on the

data obtained from system identi�cation of physical cars, such as the physical properties
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(e.g. mass, inertia, geometry) and LiDAR parameters (e.g. sampling frequency, noise,

detection range). Real-world scenarios are more complex than the simulated environment,

which could also a�ect the performance of DRL models. As we conduct hardware tests

indoors, in order to avoid the in�uence of irrelevant indoor obstacles on the model, we

limit the maximum detection distance of LiDAR to 2.7 m and apply a mask function to

set the point cloud data beyond the detection range to 0. In addition, during the training

and hardware evaluation phases, point cloud data and ego speed are normalized based on

their maximum value settings before feeding into the DRL algorithm. Finally, to make

the trained model generalize well in the test scenarios, we encourage the vehicle to expe-

rience as many interaction scenarios as possible during training by randomizing dynamic

properties including the position and velocity of surrounding vehicles. Training scenarios

and reward functions can be e�ectively designed by referring to the distribution of human

driving characteristics (e.g., inter-vehicle distance and driving action) in real tra�c data,

as described in the Section 4.3 and the Section 2.2.4.1.

4.3 Experimental Validation

4.3.1 Implementation in Car-Following Scenarios

The distribution of the distance to the leader vehicle in car-following scenarios maintained

by human drivers is shown in Figure 4.3a. Since the size ratio of our scaled model to a

real vehicle is 1:10, the distance value considered in both training and testing environment

is 10 times smaller than that in the real world. The simulated environment consists of

six scaled cars and three 100-m road segments. One car is the ego vehicle, and the others

are surrounding vehicles that adopt rule-based driving policy. To train and evaluate the

Adaptive Cruise Control (ACC) using the scaled model, we set the initial intervehicle
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distance to obey the uniform distribution between 0.5 m and 3.0 m with maximum LiDAR

detection of 2.7 m. The maximum speed limit of surrounding vehicles in each episode obeys

uniform distribution between 0.5 m/s and 1.5 m/s. The maximum speed limit of the ego

vehicle is 1.5 m/s. The trained model was tested on 1000 randomly generated scenarios.

Testing results indicate that the ego vehicle can always maintain a safer driving distance

with the leader car when performing the car-following task. The distance between the ego

vehicle and the leader vehicle follows a normal distribution with µ = 1.85 and σ2 = 0.8

m, as shown in Figure 4.3b. In Figure 4.3b, the blue bars represent the distribution of

initial distance between the ego vehicle and the leader car, and the orange bars represent

the distribution of average intervehicle distance in each episode, which is similar to the

distribution of intervehicle distance in the real tra�c data, especially in the detection

range, as shown in the Figure 4.3a.

(a) US-101 data set (b) Testing results

Figure 4.3: Distribution of distance to the car in front.
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4.3.2 Pretraining and Baseline Comparison

To benchmark the performance of the DRL-based high-level policy, human player policy

and IL-based policies are considered in this work as baselines. All policies use our trained

car-following policy to achieve the ACC on the current lane. We randomly generated 100

evaluation scenarios, and the tested vehicle randomly selected a lane to start the test (0:

left lane; 1: middle lane; and 2: right lane). The maximum speed of the ego vehicle is set

to 1.5 m/s, while the speed limit for other vehicles in each episode is uniformly distributed

between 0.5 to 0.8 m/s. In addition, the longitudinal distance between surrounding vehicles

and the ego vehicle follows a uniform distribution between 1.0 to 3.0 m. All vehicles are

located in front of the tested vehicle and each lane is guaranteed to have at least one

vehicle.

We had a human player drive the tested vehicle in simulated environments about 100

episodes using joystick. Each episode was played either until the driving task terminated

or exceeded 50 seconds. During the human player driving, we collected the vehicle's laser

scan concatenated with ego speed and lane number, actions, rewards, and terminations.

This data serves two purposes. First, pretrained DRL network and the IL Guidance policy

are trained on this small dataset. Second, IL Guidance policy will also be regarded as one

of the baselines for later comparison with DRQfD policy. We noticed that the data related

to the car-following scenarios is about 20 times that of the data for changing the lane to

left or right. Therefore, the pre-trained model converges more easily to a local optimal

policy (i.e., following strategy). To ensure a fair comparison between the RL policy and

the IL Baseline policy, we increased the demonstration data to 700 episodes (equivalent to

28,000 steps, close to the total training steps of the RL algorithm). To avoid over�tting

the model, we balanced the number of three types of scenarios in the training dataset.
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4.3.3 Naturalistic Human Driving Data Set

To further evaluate the generalization ability of the DRL policy, we test the DRL-based

high-level model on real tra�c data. We randomly selected 100 vehicles with lane-changing

behaviors from real tra�c data containing 3000 vehicles for comparison. The data was

recorded by eight cameras for 10 minutes of all vehicle information in the US101 road

segment with a length of 640 m. To train the lane-changing policy, we reconstructed the

road section in the simulator as shown in Figure 2.6.

Since our scaled car is 10 times smaller than real vehicles, we need to scale the tra�c

data proportionally in order to replay real tra�c data for testing in the simulation envi-

ronment. Considering that the speed limit of our scaled car during training was set to 1.5

m/s (equivalent to 15 m/s in real scenario), therefore, we remove all cases with vehicle

speeds above 15 m/s from the real tra�c data. During the testing, if the trained policy

selects the same lane-changing action as the human driver in a given scenario, we consider

that the driving behavior of the current case is successfully modeled. Due to the pres-

ence of noise in the original data, the trajectories of surrounding vehicles are �tted by a

�fth-order polynomial, as introduced in Section 2.2.2. See Section 2.2.4.1 for details about

preprocessing real tra�c data and replaying it in the simulator to test the trained policy.

4.4 Implementation Results

4.4.1 Robustness Analysis of Car-Following Policy

To verify the driving performance of the trained ACC policy, we compared it with human

drivers. In the comparison experiments, we selected three male drivers (aged 25-35) from

di�erent countries, including China, Canada, and India, representing di�erent driving styles

and preferences. In each group of comparisons, human players control the speed of the car
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using a joystick, and the trained policy was also tested in the same tra�c scenarios. All

human players and the trained policy use the same observation information to ensure the

fairness of the comparison. Human drivers watch the speed information of the controlled

car as well as the point cloud data detected by the LiDAR to obtain the position information

of the vehicle in front. For example, if the intervehicle distance is out of the maximum

detection range, players cannot observe the point cloud information of the front vehicle in

the simulator. In each group of tests, we considered 30 cases where the leading vehicle,

in the beginning, is located in the unsafe zone (gap<1.5 m), the interaction zone (1.5

m< gap <2.7 m), and the safe zone (gap>2.7 m) of the controlled vehicle respectively.

The maximum speed limit of the leading vehicle is set to change within the range of [0.5,

1.5] m/s. In each episode, the simulator will randomly select a pair of parameters (initial

distance, max speed) from list D = [0.8, 1.0, 1.25, 1.4, 1.5, 2, 2.25, 2.7, 2.9, 3.0] m and list

v= [1.0, 0.75, 1.2] m/s. The evaluation includes safety, comfort, and energy consumption.

The last two factors are re�ected by the change of the vehicle's acceleration. To save fuel

consumption, drivers usually try to use minimum e�ort to achieve the desired behaviors.

In other words, the less often the driver uses deceleration actions, the better. The order of

each action with respect to comfort is as follows: maintain the current speed>acceleration

(or deceleration)>hard acceleration (or hard deceleration). In order to improve safety, the

car-following policy needs to be able to maintain a stable distance from the leading vehicle

and maintain a relative speed of around 0 with it.
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Figure 4.4: Comparison of learned policy with human players on features of intervehicle

distance, relative speed and actions: (a) learned policy vs. player 1 (unsafe zone) with

1.25 m/s speed limit of the leader car; (b) learned policy vs. player 2 (safe zone) with

1.0 m/s speed limit of the leader car; (c) learned policy vs. player 3 (interaction zone)

with 0.75 m/s speed limit of the leader.
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Table 4.3: Comparison with human players

Policy Rewards Unsafe rate ∆d (m) ∆v (m/s)

RL policy -235.54 0.0% 2.06 0.105

Player 1 -427.08 6.7% 2.51 0.248

Player 2 -488.31 63.3% 1.82 0.238

Player 3 -408.13 3.3% 2.23 0.257

During the test, we use the reward function de�ned in Section 4.1.2.1 to score the

driving behaviors. The action frequency is 16 Hz, and the maximum number of steps is 300.

We counted the average score for each group of tests, the probability of violating the unsafe

zone, the distance between the ego car and the leader, and the speed di�erence separately.

Table 4.3 shows that the trained car-following policy outperforms human players in the

above aspects. To understand why the trained policy scored high, we analyzed the recorded

data further. We selected three representative sets of comparative data respectively, as

shown in Figure 4.4. In Figure 4.4a, the initial distance is 1.0 m, and the maximum speed

of the leader is 1.25 m/s. Both the DRL policy and player 1 choose to maintain the current

speed of 0 to avoid collision with the leader. Compared to the performance of player 1,

the trained policy can adjust actions quicker to maintain a stable distance and to get a

smaller speed di�erence with the leader. From the speed curve, we can �nd that player

1 focuses more on comfort, and the DRL policy is more on travel e�ciency. In Figure

4.4b, the leader is out of the LiDAR detection range at the beginning, and both the DRL

policy and player 2 choose to accelerate. As the distance decreases, the leader begins to

enter the detection range of the LiDAR. However, player 2 cannot take actions as quickly

and e�ectively as the DRL policy to maintain a safe interactive distance with the leader.

Finally, the car controlled by player 2 enters the unsafe area, thereby increasing the risk

of collision with the leader. According to Figure 4.4c, we can see that both the DRL
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policy and player 3 can e�ectively take actions to maintain a safe interaction distance with

the leader, and take as few �deceleration� actions as possible to save energy consumption.

To compare the robustness of di�erent driving behaviors during testing, we performed a

statistical analysis of the recorded data. From Figure 4.5a, we can see that compared to

the other three human players, the DRL policy uses more �maintain� actions and uses less

�deceleration� action to reduce energy consumption. Figure 4.5b shows that the average

distance between the ego vehicle and the leader is 2.06 m and the �uctuation range is 1.2

m smaller than other three groups of tests. According to Figure 4.5c, the average score

of the DRL policy in the 30 groups of tests is -235.54, and the �uctuation of the scores is

signi�cantly smaller than that of human players which proves that the trained car-follow

policy is more robust. Although the discrete actions adopted in this chapter is di�erent

from the continuous action space in real world, we can conclude from the above comparison

that the learning-based driving policy can perform the same or even better than human

drivers on some speci�c driving tasks. Unlike human drivers, the machine will not be

fatigued due to repetitive tasks which leads to unsafe-driving in humans.
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Figure 4.5: Comparison of driving preference and robustness of di�erent policies (a) ac-

tion distribution of di�erent policies; (b) head-way space distribution of di�erent policies;

(c) score distribution of di�erent policies.

4.4.2 Training Results

To maintain the conciseness of this section, we demonstrate the results of utilizing proposed

DRQfD framework to enhance the training e�ciency of the DRL algorithm for the high-

level policy. We also compare it with vanilla D3QN PER and IL Guidance policy, as shown

in Figure 4.6. The red dashed line in the �gure represents the performance of the Guidance
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policy trained by the IL algorithm on a small dataset, which is used to guide DRL training.

Due to the small data size, Guidance policy falls into a local minimum of choosing the car-

following policy most of the time. On average, IL Guidance policy obtains an accumulated

reward of around 2.75/episode, demonstrating a lower travel e�ciency. The blue curve

represents the training process using the DRQfD framework. We can see that the proposed

framework can e�ectively help the DRL algorithm to converge quickly to the optimal policy

level, saving about 30% of training episodes. The orange line represents the training curve

of the vanilla D3RQN PER algorithm. We cut o� the training curve at the termination of

the DRQfD training. However, as the number of training episodes increases, we found that

the vanilla D3RQN PER algorithm can also converge to the level of the DRQfD algorithm.

Therefore, we can conclude that the pre-trained DRL network and the IL Guidance policy

trained on a small amount of expert demonstration can e�ectively help to improve the

learning e�ciency of DRL. In the next section, we will compare the DRL policy with the

IL and human player policies in randomly generated scenarios.

Figure 4.6: Training processes of di�erent learning methods in the lane-changing scenar-

ios.
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Table 4.4: Baseline comparison results

Methods Collision ∆d vavg (m/s) Invalid a

Human Player 5% 42.5 0.85 0.03%

DRQfD 7% 44.5 0.89 0.27%

IL Baseline 20% 38.5 0.77 1.06%

IL Guidance 13% 36.0 0.72 0.88%

4.4.3 Comparison with Imitation Learning

Since the Vanilla D3QN PER and our DRQfD algorithms eventually converge to the same

level, for the sake of simplicity, we only select one model to represent the DRL policy. We

compare the performance of DRL policy with a human player, IL Guidance policy, and

IL Baseline policy in the same scenarios. We evaluate the driving safety of each policy

based on the collision rate. The driving distance and average speed are used to evaluate

the tra�c e�ciency. Invalid action rate is the proportion of the total number of actions

taken by the ego vehicle during the entire testing, in which either the ego changed lanes

despite no vehicles being present in front of it, or the lane-changing action caused the ego

to leave the road. To provide consistent observation information for the human player

and other trained policies, similar to the car-following scenario introduced earlier, we only

provided the human player with the visualized point cloud of surrounding vehicles through

RViz, without displaying information about vehicles out of the LiDAR detection range.

The test results are shown in Table 4.4. The human player has lower collision rate and

invalid action rate than all trained policies, indicating ideal driving behavior. Although

the DRL policy has slightly higher values than the human driving policy in these two

metrics, it is signi�cantly better than the IL policy. This result is reasonable, as even

though we provided the IL policy with the same amount of data as the DRL training, the

demonstration data only includes successful driving scenarios. It may not generalize well to
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new and unseen scenarios during testing. We also analyzed the reasons why human players

had collisions. This was mainly due to the fact that in order to be compatible with the

size of the indoor validation environment, we set the detection range of LiDAR to 2.7m.

Therefore, all collision scenarios of human players occurred when there were no displayed

vehicles in front of the target lane before the lane-changing. However, when the human

drivers choose to change lanes to get a higher speed, vehicles suddenly appeared in front

of the ego in the target lane, leading to collisions. The above reasons also apply to other

learning-based policies that experienced collisions in the same scenarios. This problem

can be solved by increasing the maximum detection range of the LiDAR. Regarding the

evaluation of driving e�ciency, we found that the DRL policy performed the best in terms

of driving e�ciency, with an average driving speed of 0.89 m/s, higher than the other

driving policies. Additionally, this speed was higher than the maximum driving speed

setting of surrounding vehicles (0.8 m/s), indicating that the DRL policy can e�ectively

take lane-changing actions to improve driving speed. To evaluate the similarity between

di�erent learning-based policies and human driving behavior, Figure 4.7 shows the action

distribution of each driving policy in the same 100 test scenarios. Overall, the DRL policy

is closest to human driving behavior with a slightly higher proportion of lane-changing

actions than human players, which explains why DRL achieves higher travel e�ciency.

However, based on Figure 4.7 and Table 4.4, we can see that the generalization ability of

the IL Baseline policy is unsatisfactory, showing a higher collision rate and invalid action

rate. The red bar represents the IL Guidance policy used to guide DRL early exploration.

Due to the small amount of data, IL Guidance policy falls into a local minimum of choosing

car-following policy most of the time. The proportion of lane-changing actions taken by

IL Guidance policy is signi�cantly lower than that of the other policies. We can conclude

that our DRL-driven policy outperforms IL-based policy in terms of driving safety, travel
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e�ciency, and human likeness.

Figure 4.7: Distribution of high-level actions.

4.4.4 Test Results in Real Tra�c Data

According to the previous section, we demonstrated that the DRL policy outperforms the

IL policy. In this section, we aim to validate whether the DRL policy can choose lane-

changing actions consistent with human drivers in the given scenarios. The primary factors

considered by a vehicle during lane-changing decision-making involve relational attributes

such as position and speed relative to other vehicles in the surrounding environment. As

explained in Section 2.2.2, we scaled the boundary conditions of surrounding vehicles based

on real tra�c data to generate trajectories for replaying in the testing environments. After

testing 100 lane-changing scenarios, the modeling success rate under the scaled speed

settings is above 81%. The remaining cases, which involve collision or not selecting a lane-

changing action, are considered as modeling failures. Here, we take three cases from the

100 testing scenarios as examples to demonstrate the driving performance of the trained

policy. The position and speed information of surrounding vehicles as well as the testing

duration for each case are shown in Table 4.8.
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Taking vehicle 953 as �rst example, the �rst two values of each set of data in the second

row of Table 4.8 indicate the initial and �nal scale positions of surrounding vehicles. From

Figure 4.9a, we can see that 959 (blue), 950 (cyan), 945 (red) are the vehicles in front of

the tested vehicle (953, black) at the very beginning, of which the 945 (red) is the farthest

from the tested vehicle (black). The �rst values of the fourth and �fth set of data in

the second row of the table are smaller than initial position of ego car (p0y = 11.31 m),

indicating that 966 (yellow) and 957 (green) are the vehicles behind the tested vehicle

(black). The last two values of each set of data in the table are the initial and �nal scale

speeds of surrounding vehicles. We can see that the initial speed of the vehicle 950 (cyan)

ahead of tested vehicle in the current lane and the rear vehicle 957 (green) in the target

lane are smaller than the initial speed of tested vehicle (v0y = 1.25), indicating that their

current speeds are lower than the ego vehicle speed while the current speed of vehicle 945

(red) in the target lane is faster than the tested vehicle. The trajectories and speeds of

surrounding vehicles extracted from real tra�c data for case 1 are shown in Figure 4.9a.

Figure 4.9b shows the testing result in the simulated environment, and we can �nd that

speed pro�les of surrounding vehicles in the simulated environment have the same trend as

the real tra�c data. The ego vehicle chooses to change the lane to the right similar to the

decision made by human driver. Therefore, the driving behavior in this scene is considered

to be successfully modeled. Similarly, the other two examples are about real scenarios

where the tested vehicles change lane to the left from the middle lane and the bottom lane

respectively as show in Figure 4.9c and 4.9e. Tested vehicles all made decisions to change

the lane same as human drivers as shown in Figure 4.9d and Figure 4.9f. It should be noted

that the reward function designed for high-level policy focuses more on driving safety and

travel e�ciency under di�erent driving conditions rather than �tting the true trajectories

of lane-changing vehicles, therefore, we have excluded the speed curve of tested vehicles
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Figure 4.8: Boundary conditions of surrounding vehicles.

from test results to avoid confusion. More details about tests can be found in video 1.

4.4.5 Hardware Implementation

To verify the performance of sim-to-real transfer, in this section, we select three scenarios

with four cars to show the lane-changing behavior in real world. Both the car-following

model and the lane-changing model are loaded to the cars and conducted continuous testing

for 5 hours. The size of the physical car and the virtual car in the simulator are completely

identical. Each car is equipped with an Nvidia Jetson-TX2 GPU and a 2D LiDAR. The

decision frequency is 12 Hz and the control frequency is 100 Hz. Although there are only

four physical cars available for use, we select the testing scenarios where the surrounding

vehicles can directly in�uence decision-making made by the ego car. The surrounding

vehicles are set to execute the trained car-following policy only during testing, and the ego

car adopts the complete policy proposed in this chapter. To facilitate continuous testing,

we designed an elliptical three-lane scene as shown in Figure 4.10 where the outer lane

is lane 3 and the inner lane is lane 1. All cars move counter-clockwise. We use motion

capture system to get the ground truth of positions and velocities. From Figure 4.10a, we

can see that the ego car is currently in the lane 3 where the speed of car 1 (yellow) in front

1Experimental Video can be viewed at https://youtu.be/Svp2S1OaSB8
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is lower than the speed of car 3 (red) in the target lane. And the gap between car 2 (blue)

and car 3 (red) in the target lane is safe enough for the ego car to complete lane-changing.

According to Figure 4.10b, the ego car is in the lane 2 while the speed of car 3 (red) in

the current lane is the slowest. In addition, car 1 (yellow) in the left lane is faster and

farther away from the ego car than car 2 (blue) in the lane 3, therefore, the ego car chooses

to overtake car 3 (red) from lane 1 in this case. From Figure 4.10c, the ego car is in the

lane 2, and the gap between car 3 (red) in the lane 1 and car 2 (blue) in the current lane

of the ego car is smaller than that of car 1 (yellow) in the lane 3. Therefore, the ego car

chooses to overtake the car 2 (blue) in front from lane 3. Refer to the video for other test

scenarios. From the above examples, we can see that the policies learned from simulator

can be directly used on the hardware. The performance of the ego car in the real scene

is consistent with the driving behaviour in the simulated environment, which proves the

feasibility of the method proposed in this chapter.

4.5 Summary and Discussion

In this work, we systematically studied the application of a DRL method in lane-changing

scenarios from three aspects: learning e�ciency, partial observability, and sim-to-real trans-

fer. Speci�cally, we �rst propose a new DRQfD algorithm, which has three advantages: (i)

improving the learning e�ciency of DRL; (ii) improving the generalization ability of IL;

(iii) solving the POMDP problem in decision-making of AD through the LSTM network,

thereby stabilizing the training process. Secondly, a hierarchical decision-making frame-

work training car-following policy and high-level policy separately in an end-to-end manner

is proposed to address the multi-objective problem in lane-changing scenarios. Third, to

validate the e�ectiveness of our method, we build a high-�delity simulation platform based

on ROS-Gazebo for training and evaluating of di�erent driving policies. According to the
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testing results in car-following scenarios, the DRL-driven policy is capable of performing

as well as or even better than human drivers in safety and energy consumption. Regarding

the high-level lane-changing policy, we compared our DRQfD method with a pure DRL

method showing about 30% improvement in learning e�ciency. Qualitative and quantita-

tive comparisons between our model and IL baseline are also conducted. The experimental

results show that our proposed method outperforms IL in terms of safety, travel e�ciency,

and human likeness. To further validate the generalization ability of our model, we test

the model on real tra�c data, demonstrating a successful modeling rate of 81%. Finally,

we load the trained model onto our hardware platform for evaluation, which exhibits con-

sistent behaviors with the simulation. As a result, the overall decision-making framework

proposed in this work exhibits great potential to enhance the practical application of DRL-

driven AD.
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(a) Real tra�c data (ID: 953)

(b) Test results of 953 on scaled data

(c) Real tra�c data (ID:1054)
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(d) Test results of 1054 on scaled data

(e) Real tra�c data (ID:2610)

(f) Test results of 1054 on scaled data

Figure 4.9: Comparing driving behavior of DRL policy with human driver policy under

simulated environment: (a), (c), (d) the trajectory and velocity information extracted from

US101 with lane-changing vehicle of 953, 1054, and 2610; (b), (d), (f) are the testing results

of DRL policy with replaying the trajectories of surrounding vehicles on scaled data.
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(a)

(b)

(c)

Figure 4.10: Testing results of the hardware implement in di�erent scenarios (a) chang-

ing the lane to the left from lane 3; (b) changing the lane to the left from lane 2; (c)

changing the lane to the right from lane 2.
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5 Scalable Game-Theoretic Decision-Making

for AVs

The previous chapters have focused on model-free optimization algorithms for decision-

making of AVs. These algorithms allow DRL vehicles to learn driving policies o�ine

through interaction with the environment, addressing real-time decision-making challenges

in complex scenarios. This chapter focuses on model-based optimization algorithm, aim-

ing to improve scalability and to reduce the computational complexity of the algorithm.

This chapter introduces a novel approach to address the challenge of sharing the road

with other road users with di�erent driving behaviors. The proposed method focuses on

resolving tra�c con�icts in unprotected left-turn scenarios by designing a robust adaptive

game-theoretic decision-making algorithm. This algorithm incorporates receding horizon

optimization, level-k game theory, and a switching directed graph to ensure scalability.

Considering the potential mismatch between predicted driver types in level-k theory and ac-

tual driver behavior, the chapter presents a novel solution, which estimates the driver types

of surrounding vehicles based on interactions and adapts AV's driving strategy accordingly

to improve safety and driving e�ciency. Additionally, the computational complexity of the

algorithm is signi�cantly reduced by incorporating switching interaction graph into the

adaptive level-k framework, disconnecting the ego vehicle from nearby vehicles that do not

impact its driving behavior. The feasibility, e�ectiveness, and real-time implementation of
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the proposed algorithm will be validated on both hardware and the ROS-Gazebo platform.

5.1 Problem Formulation

There are 12 possible paths for AVs at a four-way single-lane unsignalized intersection as

shown in Figure 5.1. One vehicle is chosen as the ego vehicle and the others are classi�ed as

opponent vehicles with di�erent reasoning levels. Following [16], we de�ne the roles of AVs

and potential tra�c con�icts. Each vehicle is seen as an independent decision-maker and

can be divided into four categories based on their potential con�icts: Host vehicles (HV),

leading vehicle (LV), interactive vehicle (IV), and other vehicles (OV). At an unsignalized

intersection, there are three types of driving con�icts determined by the moving trajectories

and speeds of AVs.

Figure 5.1: Unsignalized intersection scenario

� Following Con�ict arises when a HV is traveling on the same path as a LV at a

higher speed.
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� Con�uence Con�ict occurs when two vehicles traveling on di�erent paths merge

into the same lane. If an IV passes the collision point before HV, the Con�uence

Con�ict becomes a Following Con�ict.

� Cross Con�ict happens when two vehicles traveling on di�erent paths with an

intersection point are heading in di�erent directions

The collision points highlighted in Figure 5.1 demonstrate tra�c con�icts faced by AVs

at intersections. Interactions among AVs are depicted through a switching directed graph,

which will be further explained later. To de�ne the Laplacian matrix of the graph, we

refer to the AV experiencing Con�uence Con�icts or Cross Con�icts with the HV as an

IV. Vehicles that do not impact the actions taken by HVs are considered as OVs. The

designations of LV, IV, and OV are subject to change according to the tra�c states of AVs

in real time.

To resolve the tra�c con�icts of AVs at unsignalized intersections, we propose a scal-

able adaptive game-theoretic decision-making framework, which consists of two modules:

modeling, and decision-making, as illustrated in Figure 5.2. First, the interaction topology

of HV is established according to the tra�c states obtained from perception system. Since

the driving aggressiveness of IV has signi�cant e�ects on their driving behaviors, HV must

account for the driver type of IV during the decision-making process. Speci�cally, HV

uses the kinematic model to predict the future actions of IV based on the level-k game

theory following a receding horizon strategy to �nd its own optimal actions. Then, HV's

belief on the driver type of IV is updated by comparing the actual actions taken by IV

and corresponding predictions made by HV. Finally, the generated speed command will

be executed by the controllers. In this work, PID and pure pursuit controllers are used to

achieve the longitudinal and lateral control, respectively.
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Figure 5.2: Game-theoretic decision-making framework

5.2 Vehicle Dynamic Model

Kinematic bicycle model is commonly used to design decision-making algorithms for AVs

[20] denoted by Eq. (5.1):

x(t+ 1) = x(t) + v(t) cos(ψ(t) + β(t))∆t+ ux(t) (5.1a)

y(t+ 1) = y(t) + v(t) sin(ψ(t) + β(t))∆t+ uy(t) (5.1b)

ψ(t+ 1) = ψ(t) +
v(t)

lr
sin(β(t))∆t (5.1c)

v(t+ 1) = v(t) + a(t)∆t (5.1d)

β(t) = arctan

(
lr

lr + lf
tan

(
δ(t)

))
(5.1e)

δ(t) = arctan

(
2L sinα(t)

ld

)
(5.1f)

The pair of (x(t), y(t)) represents the center of gravity's coordinate position at time t, while

v(t), ψ(t), and β(t) denote the longitudinal speed, yaw angle, and slip angle relative to the

vehicle's longitudinal axis, respectively. a(t) represents the longitudinal acceleration. δ(t)

denotes the steering angle. The distances of vehicle's center of mass to the front and rear

axles are denoted by lf and lr. To account for uncertainties resulting from a simpli�ed
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model and unknown driving models, we use ux(t) and uy(t) to represent the position

uncertainties in both longitudinal and lateral directions. ∆t represents the sampling period.

Since we focused on optimizing acceleration, control of lateral movements have delegated to

the pure pursuit controller by incorporating Eq. (5.1f). The look-ahead distance, denoted

as ld, represents the distance between the vehicle's rear axles and a speci�ed point on

a desired path, which is calculated using the parameter kvv(t). The angle between the

vehicle's body heading and the look-ahead line, as de�ned by the center of the rear axles

and the target point, is known as α.

5.3 Scalable Decision-Making Algorithm with Level-k

Theory

5.3.1 Graph Theory Notions

The interactions among vehicles in the intersections are denoted by switching directed

graphs. Let

{
Gk =

(
V, Ek,Wk =

[
wk
ij

])
| k ∈ P

}
be the set of all possible graphs with

P = {1, ..., Q} where Q > 1 is an integer. V = {Car1, Ego, Car2, ..., CarN} is a set of

N + 1 nodes in Gk and Ek ⊂ V × V represents the set of edges. Wk =
[
wk
ij

]
denotes the

weighted adjacency matrix, where wk
ij is the weight of the directed edge (j, i) and wk

ij > 0

if (j, i) ∈ Ek; wk
ij = 0 otherwise. Let wk

ii ≡ 0, ∀i ∈ V. The Laplacian matrix of Gk is

de�ned as Lk = diag
{
∆k

1, ...,∆
k
N

}
−Wk, where ∆k

i =
∑N

j=1w
k
ij is the in-degree of node

i = 1, ..., N [2]. Given any graph G, V(G), E(G), and L(G) are represented its node set,

edge set, and Laplacian matrix, respectively [81,82].

The topology of the interaction graph is updated in real time according to the tra�c

con�icts de�ned in Section 5.1. A sequence of waypoints representing the future path

of HV at time t intersects with that of another vehicle leading to a Cross Con�ict or a
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Con�uence Con�ict, such vehicle is classi�ed as an IV. The length of the future path of

vehicle l is de�ned by

L
(
pt[l]

)
=

N̂−1∑
j=0

|p̂t+j+1 − p̂t+j |, (5.2)

where p̂t+j represents the coordinates of the next jth waypoint starting from the center

point of its rear axle. N̂ is the total number of waypoints in its future path, pt[l], of vehicle

l.

Then the edge between the HV and IV will be denoted by a double arrow, which

represents an interaction among them. For the Following Con�ict, the edge between HV

and the other vehicle will be denoted by a single arrow pointing to the HV, which represents

a collision avoidance task for HV and no interaction among them. Taking Figure 5.1 as an

example, in traditional level-k based decision-making algorithms, the interaction topology

between vehicles can be represented by Figure 5.3(a), which could limit the scalability and

real-time implementation of algorithms due to its strongly connected property. However,

some vehicles that do not a�ect the actions taken by HV should be removed from the

interaction graph for reducing computational burden purposes. Switching directed graph

can help to e�ectively simplify the interactions between vehicles as shown in Figure 5.3(b)

with solid edges. Therefore, the ego only needs to account for Car 1 instead of all of them

in this case.

Remark 1: Set D̂[l] represents the group of vehicles for which HV needs to account for

their potential actions when making decisions, while set Ô[l] includes the vehicles that

pose collision risk or are in a Following Con�ict situation with HV.

5.3.2 Action Set and Running Reward for Decision-Making

To resolve driving con�icts, we assume that a vehicle has a �nite set of acceleration levels

to choose to adjust its speeds along the desired path at each time step, i.e., a(t) ∈ A =
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Figure 5.3: Interaction graph: (a) undirected graph (strongly connected); (b) directed

graph

{
a1, · · · , aM

}
, ∀t. The acceleration to be applied to the vehicle at each step is decided

according to the optimization of a reward function described as follows.

The cumulative reward is given by

R (γt) =

N−1∑
j=0

λjRt+j . (5.3)

An optimal action sequence of HV with prediction horizonN , γ∗t =
{
a∗t , a

∗
t+1, · · · , a∗t+N−1

}
,

can be obtained by maximizing above cumulative reward given by Eq. (5.3) following a

receding horizon strategy. Since the HV only executes the �rst element of the action se-

quence at each time step, and repeats for every control cycle, it provides a certain degree

of inherent robustness to uncertainties because of the feedback loop [83].

The stage reward is de�ned as:

Rt+j = w1ϕ
(1)
t+j + w2ϕ

(2)
t+j + w3ϕ

(3)
t+j + w4ϕ

(4)
t+j + w5ϕ

(5)
t+j (5.4)

where ϕ
(k)
t+j is kth indicator variable for a speci�c driving feature at prediction step j.

ωk > 0 is the weight of the corresponding factor. More features could be added to Eq.

(5.4) for more driving preferences of HV.

There are four approximations of vehicle perceptions, i.e., Collision zone (Cz), Safe

zone (Sz), Uncertainty zone (Uz), and the length of future path (L (p)), which will be used
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to de�ne the reward function. Cz is red dashed rectangular with the length of lv m and

the width of wv m; the Sz is yellow dashed rectangular with the length of (lv+2sx) m and

the width of (wv+2sy) m; Uz is blue dashed rectangular with the length of (lv+2sx+2ux)

m and the width of (wv+2sy+2uy) m, in which sx, sy, ux, uy ≥ 0, as shown in Figure 5.1.

According to the observations de�ned above, driving features of the reward function

are characterized by:

� Interaction Status determined by the Cross/Con�uence Con�ict between HV and

IV. If intersection of their future paths is detected ϕ
(1)
t = Jttc; and 0 otherwise.

ϕ
(1)
t =

n∑
i=1

{
−Jttc, pt[l] ∩ pt[i],∀i ∈ D̂[l]

0, otherwise
(5.5)

Jttc = 1/

((
∆T(i,l)

)2
+ ε

)
; ∆T(i,l) = Tĉ[l]− Tĉ[i]

Tĉ[l] = ∆sĉ[l]/vl;Tĉ[i] = ∆sĉ[i]/vi

(5.6)

where pt[i] represents the sequence of waypoints of the ith vehicle at time t. And the

HV is denoted by l. We assume that the cross point between future paths is ĉ. The

time for vehicle l and vehicle i to reach the cross point ĉ at current velocity from

their current positions can be expressed as Tĉ[l] and Tĉ[i], respectively. The closer

∆T(i,l) is to zero, the greater the risk of collision between them.

� Collision status: If an overlap, representing a vehicle collision, between the Cz of

HV and that of any other cars is detected then ϕ
(2)
t = -1; and 0 otherwise.

ϕ
(2)
t =

n∑
i=1

{
−1, Ct[l] ∩ Ct[i], ∀i ∈ Ô[l]

0, otherwise
(5.7)

� Safe zone violation status: If an overlap between the Sz of HV and that of any

other cars is detected then ϕ
(3)
t = -1; and 0 otherwise.

ϕ
(3)
t =

n∑
i=1

{
−1, St[l] ∩ St[i], ∀i ∈ Ô[l]

0, otherwise
(5.8)
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� Uncertainty zone violation status: If an overlap between the Uz of HV and that

of any other cars is detected then ϕ
(4)
t = -1; and 0 otherwise.

ϕ
(4)
t =

n∑
i=1

{
−1, Ut[l] ∩ Ut[i],∀i ∈ Ô[l]

0, otherwise
(5.9)

� Travel e�ciency: ϕ
(5)
t is to encourage vehicles to pass the intersection e�ciently,

which is described by

ϕ
(5)
t = −

∣∣∣vt − vref ∣∣∣ (5.10)

where reference speed vref is typically chosen as the legislated speed limit of the tra�c

scenario.

The calibration of model-based controllers is challenging [20], however, intuitively, we

prioritize driving safely over travel e�ciency when tuning the weights of these factors in

the reward function. Therefore, the tuning parameters are chosen as,

w2 > w3, w4 > w1 > w5 (5.11)

5.3.3 Robust Adaptive Game-Theoretic Decision-Making

5.3.3.1 Level-k Decision-Making

To model multi-vehicle interactions, all driving features except ϕ(5) in the stage reward

function (5.4) are utilized to reveal the interactive behaviors, depending on the states of

vehicles. A sequence of action of a HV is represented by γt[l]. The action sequence of

ith IVs with reasoning depth `k' predicted by HV is denoted by γ
(k)
t [i]. These actions are

used to calculate the cumulated reward in Eq. (5.4) according to the corresponding tra�c

states at prediction steps j ∈ Z[0,N−1], denoted by

st+j =
[
xt+j [1], yt+j [1], ψt+j [1], vt+j [1],

· · · , xt+j [n], yt+j [n], ψt+j [n], vt+j [n]
]T
.

(5.12)
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Remark 2: It should be noted that st+j is the state information of selected vehicles,

represented by the Lσ(t) of interaction graph in the set of O[l] = D̂[l]⊕Ô[l], that a�ect the

action of HV instead of accounting for interactions among all vehicles in the unsignalized

intersections.

Inspired by skilled human drivers (HDs), they could navigate complex unsignalized

intersections e�ectively due to: (1) driving di�culty being dependent on the number of

interacting vehicles rather than the total number present; (2) prioritization of driving tasks

based on con�ict types with surrounding vehicles; and (3) personalized driving preferences

that experienced HDs utilize to estimate and predict others' behaviors, leading to optimal

actions for safety and e�ciency.

The level-k theory adopted in this chapter exactly works in the way mentioned above.

Speci�cally, level-`k' represents the reasoning level of decision-makers starting from non-

strategic policy, level-0, that usually takes action to achieve its goal without accounting

for the interactions between itself and other agents. However, decision-makers above this

level of reasoning will assume that all the other agents are level-(k-1). They will predict

the future actions taken by IV based on such an assumption and take their own optimal

actions accordingly.

In this chapter, level-0 HV, representing an aggressive driver, mainly behaves as a

collision avoidance strategy in static environments with a shorter length of future path

and zero uncertainty to others. A level-1 HV will assume that all IVs are drivers with

level-0 reasoning, therefore, responds to them cautiously. The length of its future path

and the size of the uncertainty zone around IVs will always be the maximum values from

the perspective of HV. Similarly, further higher levels can be de�ned. In this work, only

level-0 and level-1 drivers are considered due to the similarity between level-0 and level-

2 [17, 20]. However, this algorithm can be extended to higher levels at the expense of
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increased computational complexity. Once the level-0 is de�ned, the action calculation for

�nding level-k action, k ≥ 1, in the case of N-vehicle interactions is represented by the

following form:

R
(k)
t+j [l] = Rt+j

(
γ
(k)
t+j [l] | s0, γ

(k)
t [l], γ

(k)
t+1[l], · · · , γ

(k)
t+j−1[l],

γ
(k−1)
t [i], γ

(k−1)
t+1 [i], · · · , γ(k−1)

t+j−1[i]
)
i ∈ D̂[l],

(5.13)

and its cumulative reward is

R(k)
(
γ
(k)
t [l]

)
=

N−1∑
j=0

λjR
(k)
t+j [l] (5.14)

5.3.3.2 Robust Adaptive Decison-Making

The assumption that level-k HV always interacts with IVs with level-(k-1) reasoning level

is unrealistic. Mismatch between the (k-1) assumption and actual driver type may lead to

unsafe action selection and reduce the driving safety. Intuitively, the interactions of level-k

versus level-k could lead to unexpected driving behavior, i.e., congestion or collision [40].

Inspired by HDs, HV should also be capable to assess the driver type of each IV via

interactions. The trust (or belief) of HV on the driving model of each IV should also

be updated in real time by comparing the actual action applied by each IV, γ[i](t), and

corresponding predictions for a level-k driver, γ
(k)
t [i], made by HV, which can be represented

as a continuous parameter between level-0 and level-1. The HV's trust, TK=k∗
HV [i](t), can

be represented by a probability that the i-th IVs can be modeled as model k driver, given

by

k∗ = arg min
k∈{0,1}

∥∥∥γ[i](t)− γ(k)t [i]
∥∥∥ (5.15a)

T̃
(K=k∗)
HV [i]l(t) = T

(K=k∗)
HV [i](t− 1) + ∆P (5.15b)

T
(K=k)
HV [i](t) =

T̃
(K=k)
HV [i](t)∑1

k′=0 T̃
(K=k′)
HV [i](t)

, ∀k ∈ {0, 1}, (5.15c)
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where the rate of increment of the trust is denoted by ∆P , which is a positive constant.

Since there may exist some scenarios in which the actions taken by drivers are the same

regardless of the driver types, the probability of each driver type remains the same. Oth-

erwise, the HV's trust in driver model k∗ that matches the actual action best increases

by ∆P . Then, the probability distribution is normalized by Eq. (5.15c). An algorithm

�owchart is provided to help illustrate the decision-making process of above level-0, level-1,

and adaptive policies, see Figure 5.4.

Figure 5.4: Algorithm �owchart

The adaptive decision-making approach proposed in this chapter is based on the multi-

model strategy, it �nds an optimal action sequence for HV at each time step according

to the estimated driver model of each IV. The expected accumulated reward of an action
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sequence is calculated by

RP

(
γt[l]

)
=

1∑
k=0

T
(K=k)
HV [i](t)R(k)

(
γ
(k)
t [l]

)
, ∀i ∈ D[l] (5.16)

To improve the robustness of the algorithm, two sources of modeling errors are consid-

ered during the decision-making process of HV. Speci�cally, a simpli�ed kinematic model

could introduce the model uncertainty to the decision-making process, which is denoted

by u(m) = (u
(m)
x , u

(m)
y ) ∈ Um, and unknown driver type could lead to an interaction un-

certainty denoted by u(d) = (u
(d)
x , u

(d)
y ) ∈ Ud. To deal with the uncertainties from the

simpli�ed kinematic model, the safe margin of the safety zone is used to compensate for

the model uncertainty, u(m), which is a mismatch in the position between the actual posi-

tion of IV and the corresponding prediction by HV, the values of which will not be changed

all the time. The uncertainty zone of a vehicle is also a rectangle area that subsumes the

safe zone of the car with margins on both longitudinal sides and lateral sides to handle the

interaction uncertainty. To realize the adaptive scheme, the size of it is modi�ed according

to the HV's trust in the driver type of each IV. The uncertainty set could be denoted by

UHV [i](t) = Um ⊕ T (K=0)
HV [i](t)Ud (5.17)

To ensure safety, the probability that the driver type of IV can be modeled as level-0

is set to 1 initially in Eq. (5.15), which is reasonable since HV should behave cautiously

when it does not have too much interaction data with IV at the beginning.

In addition, unlike the highway scene where cars are only moving in the longitudinal

direction, HV should be capable to resolve lateral con�icts including Cross Con�ict and

Con�uence Con�ict in unsignalized intersections, therefore, the length of its future path

should be modi�ed according to the value of Trust in the model of each IV as well, given

by

L̂
(
pt[l]

)
= L

(
pt[l]

)
T
(K=0)
HV [i](t) (5.18)
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The driving feature about interaction con�ict status will be calculated based on the length

of it. To �nd the optimal action sequence, γ̂[l], it essentially solves an optimization problem

by maximizing the expected cumulative reward Eq. (5.16), given by

γ̂t[l] = arg max
γt[l]∈A

min
ut+j∈Ul[i](t)

RP

(
γt[l]

)
s. t. ∀j ∈ Z0,N−1, [5.1a− 5.1f ],∀i ∈ O

(5.19)

A decision tree approach is used for searching an optimal action sequence at each time

step by enumerating all possible combinations of discrete actions. Then, the �rst element

of γ̂t[l] is applied to the vehicle, and the cycle continues.

5.4 Experimental Validation

To evaluate the performance of our algorithm in terms of adaptability, computational

complexity, real-time performance, and scalability, we analyze test results on both hard-

ware platform and high-�delity simulator, including switching interaction graph, travel

e�ciency, drivers' type estimation, computational load and its comparison with a tradi-

tional method.

5.4.1 Performance of Adaptive Policy on Hardware

To experimentally validate the e�ectiveness of the scalable adaptive game-theoretic decision-

making algorithm (Adpt.), four AVs in indoor environment unsignalized intersection are

utilized, see Figure 2.7a. More details about our hardware platform can be found in the

Section 2.2.3.

Due to space limitations, unprotected left turn is chosen as the primary testing scenario

since it is the most challenging case among intersection-related problems [44], where all

vehicles navigate intersections based on their local observation. In each test, di�erent
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Table 5.1: Policy setting at unprotected left turn scenarios

Case Car1 Ego Car2 Car3 Car4 Car5 Car6

1 L0(l) Adpt.(l) L0(l) L1(s) ∅ ∅ ∅
2 L0(l) Adpt.(l) L1(l) L1(s) ∅ ∅ ∅
3 L0(l) Adpt.(l) L1(l) L1(s) L0(l) L1(r) ∅
4 L0(l) Adpt.(l) L1(l) L0(r) L0(l) L1(r) L1(s)

Note: L0: level0; L1: level1; Turn left (l), right (r); straight (s).

driving strategies were assigned to vehicles as shown in Table 5.1, where the level-0 policy

can be regarded as an aggressive driver (Aggr.) while level-1 is a conservative driver

(Consrv.). These driving policies are unknown to each other. Ego adopts the proposed

adaptive driving policy that allows it to navigate through an unsignalized intersection

where surrounding vehicles exhibit varying degrees of aggressive driving behaviour safely

and e�ciently via interaction1.

The decision-making result of Case 1 is shown in the �rst row of Figure 5.5, where the

dotted line in grey with �xed length indicates the future path of each vehicle, which is

used to de�ne the driving con�icts, i.e., Cross, Con�uence, and Following con�icts. Solid

lines in di�erent colors in front of all vehicles except ego can be regarded as the ground

truth of the driver type of each vehicle, which is used to calculate stage rewards at each

time step. The length of which will not be changed until the next round of tests. The

length of the line segment represents the aggressiveness of a driver. The more conservative

the driving behaviour, the longer the line segment. The maximum length is equal to that

of the gray dotted line. For ego car, there are multiple line segments in front of it. And

the number of lines depends on the number of IVs. The bounding box of each vehicle

in di�erent colors represents the uncertainty zone from the perspective of ego. Both the

1More testing scenarios, algorithm parameters, and experimental settings can be found at https:

//youtu.be/q6vKrjqHD54
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(a) t = 0 s (b) t = 2 s (c) t = 4 s (d) t = 6 s (e) t = 12 s

(f) t = 0 s (g) t = 1 s (h) t = 3 s (i) t = 4 s (j) t = 7 s

Figure 5.5: Adaptive decision-making results of ego vehicle in unprotected left turn sce-

narios (a-e) aggress: car 1, car 2; consrv.: car 3; (f -j) aggress: car 1; consrv.: car 2, car

3

(a) 2 Aggr. & 1 Consrv. Drivers (b) 1 Aggr. & 2 Consrv. Drivers

Figure 5.6: Driver models identi�cation history of ego vehicle
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(a) 2 Aggr. & 1 Consrv. Drivers (b) 1 Aggr. & 2 Consrv. Drivers

Figure 5.7: Travel e�ciency of four vehicles

(a) 2 Aggr. & 1 Consrv. drivers (b) 1 Aggr. & 2 Consrv. drivers

Figure 5.8: Computational time

length of each line segment in front of the ego car and the size of the bounding box of

each IV have a linear dependence relation with the probability that a speci�c car can be

modeled as level-0 driver. Intuitively, the higher the con�dence that a certain vehicle can

be modeled as an aggressive driver, the larger the reserved safety interaction space would

be. In the beginning, the length of all line segments of ego and the size of the bounding

boxes of IVs are the maximum. This is because ego initially assumes that the driving

types of surrounding vehicles are all level-0. Ego would behave cautiously due to the lack

of interactive data. From 0 s to 4 s, car 1 and car 2 start to accelerate and choose to

pass through the intersection �rst while car 3 and ego choose to yield the right of the way
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to them. At t = 6 s, ego car is interacting with car 3. The length of the green line of

ego indicating the probability that car 3 can be modeled as level-0 starts reducing. This

is because car 3 chooses to continue to yield the right of way to the ego, therefore, car

3 �nally is regarded as a level-1 driver after interactions instead of level-0. However, the

length of the solid red line and yellow line in front of ego car does not change during the

interactions, which means that the driver types of car 1 and car 2 identi�ed by ego are

level-0. The driver model identi�cation history of ego car in case 1 can be also found in

Figure 5.6a.

The travel e�ciency of vehicles at the intersection can be represented by Figure 5.7a,

in which the number of waypoints for each path is normalized. The y-axis represents the

completion progress of vehicles on their path, and the time corresponding to the progress of

1 can be used to indicate the order in which each vehicle exits the intersection. In Case 1,

aggressive vehicles, car 1 and car 2, are the �rst to pass through the intersection, followed

by ego vehicle. And the conservative vehicle of car 3 is the last to exit the intersection.

In Case 2, level-0 policy is assigned to car 1 while level-1 policy is assigned to car 2

and car 3. According to the second row of Figure 5.5, all cars choose to stop and let car

1 pass the intersection before t = 3 s. Then car 2 and car 3 continue to wait until ego

passed the potential collision points. After that car 2 choose to move since it is closer

to the exit point of the intersection. Two level-1 drivers are successfully identi�ed by ego

according to Figure 5.6b. The order of exiting the intersection is car 1, ego, car 2, and car

3, respectively as shown in Figure 5.7b. Due to space limitations, more test scenarios and

model parameter settings can be found in the video.

The computational load mainly comes from solving the optimal actions for the HV

following receding horizon optimization while considering all possible driving behaviours

of the IVs, which is mainly a�ected by the number of IVs. The switching interaction graphs
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of the ego vehicle are generated according to its local observation and corresponding trust

as shown in Figure 5.5. In such four-vehicle intersection scenarios, the proposed algorithm

e�ectively simpli�es the interaction relationship between the ego car and surrounding vehi-

cles, thereby reducing the computational cost of game-theoretic decision-making algorithm.

Compared with the traditional level-k decision-making algorithm [20], the computational

time of our algorithm is reduced by around 50% on average as shown in Figure 5.8. The

advantage of the proposed algorithm in reducing computational complexity is more obvious

in more complex multi-vehicle scenarios, which will be discussed in the next section using

our high-�delity platform.

5.4.2 Scalability and Computational Complexity

Developing a high-�delity simulator for verifying the AV system is of great signi�cance

for improving the driving safety of AVs and saving costs of road tests. In this work,

we developed a high-�delity testing platform for the unsignalized intersection scenarios

with multiple vehicles using ROS-Gazebo, which supports dynamic simulation, sensor data

acquisition, and customized tra�c environments helping to narrow the gap between the

simulation and the real world, see Figure 2.7b in the Section 2.2.3.

To validate the scalability and computational e�ciency of the proposed algorithm, more

complex scenarios are considered in this section, where 6 or 7 vehicles are navigating the

intersection at the same time with di�erent combinations of aggressiveness as shown in

Table 5.1. Case 3 is a six-car scenario, where the ego car adopts an adaptive policy while

the rest vehicles use the level-1 strategy except car 1 and car 4 using level-0. In Case 4,

an additional car 6 is added behind car 3 and goes straight with a level-1 driving strategy.

The other vehicles are basically the same as Case 3 except the car 3 turning right with a

level-0 strategy. According to Figure 5.9, the ego car passed the intersections successfully
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(a) t = 0 s (b) t = 10 s (c) t = 16 s (d) t = 25 s (e) t = 33 s

(f) t = 0 s (g) t = 7 s (h) t = 15 s (i) t = 17 s (j) t = 27 s

Figure 5.9: Adaptive decision-making results of ego vehicle in unprotected left turn sce-

narios (a-e) consrv.: car 2, car 3, and car 5; aggr.: car 1 and car 4; (f -j) consrv.: car 2,

car 5, and car 6; aggr.: car 1, car 3, and, car 4

(a) Six-car Scenario (b) Seven-car Scenario

Figure 5.10: Travel e�ciency

without any collisions with other cars. The orders of exiting the intersections for these two

cases are shown in Figure 5.10. Similar to the previous four-car scenarios, vehicles with

aggressive policy pass through the intersection before vehicles with conservative policy.

And ego car adjusted its driving strategy adaptively based on the aggressiveness of IVs
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(a) 2 Aggr. & 3 Consrv. Drivers (b) 3 Aggr. & 3 Consrv. Drivers

Figure 5.11: Driver models identi�cation history of ego vehicle

while guaranteeing both tra�c e�ciency and driving safety. According to Figure 5.11, ego

has successfully identi�ed that level-1 policy is assigned to car 2 and car 3 in Case 3 and

assigned to car 2 and car 6 in Case 4. It should be noted that although car 5 adopts

a level-1 policy in both scenarios, ego car does not update its trust level for car 5 as a

level-0 driver. This is because car 5 turns right in both cases, according to the switching

interaction graph provided in Figure 5.9, there is no interaction between the ego car and

car 5. Therefore, the ego's trust level for car 5 as a level-0 driver remains at its initial

value.

The reduction in computational complexity in this work is mainly attributed to the

introduction of a switching interaction topology mechanism. In the following, we will use

the seven-vehicle scenario to demonstrate how this algorithm can e�ectively reduce com-

putation time. At t = 0 s, ego's future path has no intersections with that of surrounding

vehicles, resulting in no interaction behavior and allowing the algorithm to run at its fastest

state, close to 0.03 s. However, at t = 7 s, ego vehicle models car 1 and car 2 as interactive

vehicles because their future paths intersected. Additionally, car 6 was also considered an
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interactive vehicle because the driving behaviour of car 1 is going to be in�uenced by the

car 6, indirectly a�ecting ego's decision-making. The interaction topology between ego and

the surrounding vehicles can be seen in the upper right corner of each �gure, see Figure

5.9 (g). Therefore, the computation time rapidly increases in Figure 5.12 (b), peaking at

around 0.17 seconds. As the vehicles proceed, the interaction topology changes, and by

t = 17 s, only car 2 is a�ecting ego's actions, leading to a decrease in computation time.

After t = 27 s, ego successfully passes through the intersection, terminating all interaction

behaviour and returning to its fastest-running state. In contrast, for the traditional algo-

rithm, ego needs to consider the behaviour of all vehicles, resulting in a computation time

of approximately 0.4 s.

(a) Six-car Scenario (b) Seven-car Scenario

Figure 5.12: Computational time

In summary, the computational time of our algorithm does not increase with the num-

ber of vehicles compared with the traditional algorithm, as shown in Figure 5.12. The

computational load is reduced by 55% in six-car scenario and reduced by 63% in seven-car

scenario on average, where the blue dotted line represents the computational e�ciency

of the traditional level-k algorithm and the yellow line represents that of our algorithm.

This is because the proposed algorithm can e�ectively cut o� the relationship between ego
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and other vehicles that do not a�ect its decision-making directly, thereby improving the

scalability and performance in real-time implementation. We remark that more vehicles

could be added to the simulator at the expense of increasing the computational burden

due to the physics calculation of the Gazebo.

5.5 Summary and Discussion

Based on game-theory and interaction graph, a novel scalable decision-making framework

for AVs is proposed for resolving driving con�icts at unsignalized intersections. The ag-

gressiveness of drivers and uncertainties arising due to the simpli�ed model are taken

into account in the decision-making framework. In the payo� function design of decision-

making, multiple driving features are considered including driving safety, travel e�ciency,

and driving aggressiveness. To reduce the inherent computational complexity of level-k

game theory, the concept of switching directed graphs is incorporated into the adaptive

decision-making framework. Finally, the algorithm is veri�ed on both self-driving car hard-

ware and a high-�delity simulator with multiple vehicles. According to the testing results,

it can be conducted that the proposed algorithm makes robust adaptive decisions for AVs,

meanwhile, the performance of the algorithm in terms of interpretability, computational

e�ciency, and scalability can be guaranteed. Our future work will focus on the real time

implementation of the proposed method in continuous action space. Game Theory-Model

Predicted Control-Deep Reinforcement Learning hybrid approach could further boost the

performance of proposed algorithm in computational complexity and safety.
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6 Conclusion and Future Work

6.1 Conclusions

To guarantee safe and e�cient functioning of AVs, that share the road with other road

users, it is crucial to equip them with robust decision-making and control systems. These

systems must reliably adapt and respond to interactions with other road users. This

dissertation tackles pressing issues in the development and trustworthy validation of these

systems, approaching the challenges from the following distinct perspectives.

Firstly, an e�cient and stable DRL algorithm has been introduced as a tool in this dis-

sertation to achieve the long-term goal optimization of a AV in partially observable driving

environments. Based on this algorithm, a generic algorithmic framework for multi-sensor

fusion has been proposed, enabling end-to-end decision-making in AD. To validate the

various decision-making algorithms proposed in this dissertation, a comprehensive digital

twin platform has been developed, facilitating end-to-end RL training in diverse tra�c

scenarios, sim-to-real transfer, and algorithm veri�cation across di�erent environments.

Secondly, an adaptive game-theoretic decision-making strategy utilizing DRL has been

proposed for AVs navigating in a multi-agent tra�c scenario. The interactions between

vehicles have been modeled using a level-k game-theoretic framework. The ego vehicle

potentially estimates the aggressiveness of other vehicles in real-time based on sensor data
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and adapts its behaviour accordingly. Simulation and hardware tests demonstrate that

the proposed model exhibits reasonable behaviour in tra�c situations. The framework is

suggested for use in calibrating, validating, and verifying AD systems. The proposed model

can also be extended to model vehicle interactions in various tra�c scenarios without loss

of generality, such as highway merging and parking lots, with modi�cations to road layouts

and geometries.

In addition, decision-making in lane-changing scenarios with DRL is discussed, focus-

ing on improving learning e�ciency, solving POMDP, and achieving sim-to-real transfer.

A novel DRQfD algorithm and a hierarchical decision-making framework have been in-

troduced. Results indicate that the RL-driven policy performs competitively with or sur-

passes human drivers in safety and energy consumption. The DRQfD method improves

learning e�ciency compared to pure DRL for high-level lane-changing policy. Compre-

hensive comparisons with IL reveal superior safety, travel e�ciency, and human-likeness.

Generalization tests on real tra�c data show success. And, hardware platform evalua-

tion con�rms consistent behaviours with simulation, suggesting signi�cant potential for

practical application in DRL-driven AVs.

Finally, a novel scalable decision-making framework has been proposed for AVs at

unsignalized intersections, integrated with game theory and interaction graphs. The frame-

work considers the aggressiveness of drivers and uncertainties in a simpli�ed model. The

payo� function incorporates multiple driving features such as safety, travel e�ciency, and

aggressiveness. To address computational complexity, the adaptive decision-making frame-

work incorporates switching directed graphs. The algorithm is validated on both hardware

and a high-�delity simulator, demonstrating robust adaptive decisions for AVs with inter-

pretability, computational e�ciency, and scalability.
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6.2 Future Work

In this dissertation, the integration of MPC and DRL with game theory have been discussed

in terms of optimizing long-term objectives for addressing the complex interaction problems

faced by AVs. While the results are promising, we still identi�ed several issues that require

further exploration. The following are potential future research directions to enhance this

work.

Firstly, in MPC, there is a trade o� between computational complexity and the perfor-

mance of the decision module (dependent on the prediction horizon of the future trajec-

tories of surrounding vehicles). Speci�cally, if the prediction time is too short, the driving

policy exhibits myopic behaviour, focusing solely on maximizing immediate returns, with

the advantage of lower computational complexity. Conversely, with a longer prediction

time, the driving policy aims for maximizing long-term cumulative rewards, aligning with

human driving behaviour, but signi�cantly increasing computational complexity and com-

promising real-time performance. Given the advantage of DRL algorithms in optimizing

long-term cumulative rewards, it intuitively aids in addressing the computational complex-

ity of MPC. However, e�ectively combining MPC and DRL for real-time optimization of

long-term objectives and improving the learning e�ciency of DRL is a meaningful research

direction [84, 85]. This direction presents several challenges: (1) MPC optimizes based on

a �nite prediction horizon, and its solution may be locally optimal rather than globally

optimal. Improving performance based on imperfect policies (e.g., MPC) is meaningful,

especially for agents with lifelong learning capabilities [86,87]. (2) DRL algorithms involve

unnecessary exploration during interaction with the environment. E�ectively guiding DRL

to explore the environment and improving training stability are essential in future works.

(3) Although building high-�delity simulators can assist in transferring trained models to
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real-world scenarios, it cannot completely eliminate the gap between simulation and real-

ity. Investigating whether improvements in DRL e�ciency and exploration could enable

direct hardware training is an intriguing research direction [88].

Additionally, to enhance the safety of AVs, accurate prediction of the driving trajec-

tories of surrounding vehicles is crucial for planning the optimal trajectory of the ego

vehicle. Most current work on vehicle trajectory prediction focuses on short-term motion

prediction [89], neglecting the impact of interactive behaviour between vehicles on future

trajectories. Furthermore, as vehicles interact, they continually update their understanding

of each other's driving preferences, making accurate identifying multimodality of driving

behaviour of surrounding vehicles crucial [90,91]. Some recent works [92] attempt to design

the decoder part using game theory in Transformer-based models for autonomous driving

prediction and planning. This approach e�ectively considers the multimodal characteris-

tics of driving strategies when predicting the trajectories of surrounding vehicles, showing

promising driving performance. Another approach involves modeling the evolution of a

complex dynamic driving environment through a world model [93�95]. Using the input of

historical driving information (e.g., vision-based observational data) and employing AGI

technique [96�98], this approach generates future driving scene videos, o�ering the poten-

tial for end-to-end autonomous driving.
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