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Abstract

Autonomous techniques are becoming increasingly integrated into our daily lives. Many ad-
vanced driver assistance systems (ADAS) functions, such as lane-keeping assist and car-following,
are already implemented in manufactured vehicles. However, achieving true autonomy still
poses many challenges. For instance, in urban areas with diverse types and numbers of traf-
fic participants, the interactions are highly complex. Considering these strong interactions are
time consuming and challenging. Additionally, the fast-changing nature of urban driving sce-
narios requires the decision-making of self-driving vehicles to be performed in real-time. The
various behaviors of different traffic participants also make the corresponding decision-making
challenging. Finally, in urban traffic scenarios, following traffic rules is the premise of any
decision-making. However, the extensive and often difficult interpretation of traffic rules adds
another layer of complexity.

This thesis aims to bring the decision-making process of autonomous driving techniques
closer to real life by proposing a motion planning and decision-making framework for autonomous
vehicle urban driving that addresses the aforementioned challenges. The framework utilizes
game theory to formulate and consider strong interactions.

The behaviors of surrounding traffic participants are estimated more accurately by extracting
realistic behavioral characteristics from real-world driving datasets. This helps establish more
realistic modeling and estimation of various kinds of traffic participants, including aggressive,
neutral, and conservative types. Accurate modeling of traffic participants improves the quality of
interaction formulation, leading to sounder decision-making.

To ensure adherence to traffic regulations, the proposed framework extracts right-of-way
information from traffic rules to generate behavioral parameters. This acts as a bridge integrating
traffic rules into the decision-making process. The traffic rules not only help the ego vehicle
estimate the future behaviors of surrounding traffic participants by extracting precedence but
also generate rule-adhering behaviors for the ego vehicle.

Additionally, to improve the real-time performance of the framework in very crowded urban
scenarios, the framework is equipped with a human-like attention-based traffic actor filter. This
enables the autonomous vehicle to focus on critical traffic participants with a higher risk of
collision, simplifying the decision-making and planning process, reducing computational effort,
and ensuring real-time performance.

To implement the proposed framework in the real world, a full-size vehicle platform was de-
veloped, equipped with appropriate hardware sensors and onboard computers. A corresponding
hierarchical software system was also developed to ensure the vehicle’s operation.
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The proposed framework was tested in both simulation and real-world scenarios. The results
demonstrate that the autonomous vehicle can properly estimate the types of traffic participants
by observing their behavior using the proposed technique. The vehicle then behaves according
to these types, enabling interactive and human-like planning and decision-making at intersec-
tions. Furthermore, the autonomous vehicle is able to consider and adhere to traffic rules in
very complicated urban traffic scenarios. These results demonstrate that the algorithm can make
safe and efficient decisions in various urban traffic scenarios involving multiple types of traffic
participants in real-time.

The simulation results show that the autonomous vehicle is able to properly estimate the
types of traffic participants by observing their behavior using the proposed technique. Then
the autonomous vehicle behave according to the types of those traffic participants to enable
interactive and human-like planning and decision making at intersections.



Acknowledgements

I would like to express my deepest gratitude to my supervisor for his exceptional care, kind-
ness, and understanding, not only in guiding my research endeavors but also in supporting me
through life’s challenges. His encouragement has been a driving force in my exploration of new
concepts and learning experiences. Additionally, the guidance on research ideas and approaches
has played a crucial role in shaping my comprehensive research mindset.

I am immensely thankful to my wonderful lab mates, whose presence has made my doctoral
journey a truly enjoyable experience. Their innovative ideas, unwavering support, and provision
of software and hardware resources have been instrumental in advancing my research efforts.

To my parents, I owe a debt of gratitude for their unwavering support and encouragement
throughout my academic journey. Their belief in my abilities has been a constant source of
strength and motivation.

I am also grateful to my friends, both on the varsity team and in club games, whose com-
panionship has made my time in Waterloo truly memorable and fulfilling. Their camaraderie
prepares me for each day’s research challenges with renewed vigor and enthusiasm.

vi



Dedication

This is dedicated to the one I love.

vii



Table of Contents

Examining Committee ii
Author’s Declaration iii
Abstract iv
Acknowledgements vi
Dedication vii
List of Figures xi
List of Tables xiii
List of Abbreviations Xiv
1 Introduction 1
1.1 Background . . . . . . . . .. 1
1.2 Remaining Challenges . . . . . . . . . . . . . .. .. e 2
1.3 Thesis Objectives . . . . . . . . . . . o e e 4
1.4 Outline . ... . . . . . e e e e e 5

viil



2 Literature review and background

2.1
2.2

2.3
24
2.5

2.6

Introduction . . . . . ... o
Review of decision-making and planning algorithms at intersections
2.2.1 Traditional intersection decision-making and planning . . .
2.2.2  Game theory based decision making and planning . . . . . .
Human behavior modeling . . . . ... .. ... ... .......
Traffic rule extraction and integration . . . . . .. ... ... ...
Background information . . . .. ... ... . oL L.
2.5.1 Game theory background . . . . . ... .. ... ... L.
2.5.2 Non-cooperative Linear Quadratic game . . . . . . . .. ..

Conclusion . . . . . . . . e e

3 Strong-interaction decision making: Problem formulation and solving

3.1
32
33

34

Introduction . . . . . . ... L
Iterative linear quadratic game formulation. . . . . . . .. ... ..
Gamesolving . . . . . . . . ...
3.3.1 Solving the linear-quadratic game (LQ game) . . . . . . . .

Conclusion . . . . . . . . . e

4 Traffic participant behavioral model and estimation

4.1
4.2

43
4.4

Introduction . . . . . . ... L oL
Realistic interaction behavioral analysis and modeling . . . . . . . .
4.2.1 Interactive behaviors extraction and analysis . . . . . . ..
4.2.2 Data-based behavior model estimation . . . . . . ... ...
Utility function for realistic behavioral model . . . . . ... .. ..

Conclusion . . . . . . . v i e e

X

10
13
16
17
17
20
25

26
26
26
33
33
37



5 'Traffic rule 50

5.1 Introduction . . . . . . . . . .. 50

5.2 Trafficrule extraction . . . . . . . . . . ... 50

5.3 Implement right-of-way into decision-making framework . . . . . ... ... .. 56

54 Conclusion . . . ... 59

6 Real-world vehicle implementation 60
6.1 Introduction . . . . . . . . . .. 60

6.2 Self-driving vehiclesetup . . . . . . . . ..o 60

6.3 Implementing game-theory-based decision making and planning on the shuttle bus 64

6.4 Conclusion . . . . .. . . 69

7 Simulation and real-world testing results 71
7.1 Introduction . . . . . . . . L e e 71

7.2 Behavioral style estimation and implementation in decision making . . . . . .. 71
7.2.1 Two vehicle interaction scenario . . . . . . . . . . .. ... . 72

7.2.2 Two vehicles and a pedestrian interaction scenario . . . . . . .. .. .. 77

7.3 Traffic-rule-adherence game-based decision making . . . . . ... ... ... .. 79
7.4 Real-world full-size vehicle implementation . . . . . . ... ... ........ 84

7.5 Conclusion . . . . ... 92

8 Conclusion and future work 94
References 97



List of Figures

3.1

4.1
4.2
43
4.4

4.5

4.6
4.7

5.1
5.2
5.3

6.1
6.2
6.3
6.4

7.1

Simplified nonholonomic vehicle model for path generation [91] . . . . .. ... 29
Selected scenarios in the INTERACTION dataset [96] . . . . . . ... ... .. 39
Traffic participants’ minimum distances distribution . . . . . . . . ... ... .. 40
Traffic participants’ speed profiles and distribution of maximum speed . . . . . . 41

Typical interactive left-turning scenarios: (a) left-turning vehicle passes the in-
tersection first; (b) oncoming vehicle passes the intersection first . . . . . . . .. 42

Relative distance and speed of left-turning vehicle and oncoming vehicle at turning-

decision point . . . . . . . ... e e 44
Left-turning time gap distribution . . . . . . . . .. .. ..o oL L. 45
Traffic participants’ minimum distances distribution . . . . . . . . ... ... .. 46
Scenario with complex trafficrule . . . ... ... ... ... . ......... 51
Parameterized traffic rule extractionmodel . . . . . . . ... ... Lo 52
Derivable space with regarding to trafficrule . . . . . . .. ... ... ... .. 58
Self-driving shuttle bus hardware setup [97] . . . . . . . .. .. ... ... ... 61
Perception system’s sensing result on campus ring road [97] . . . ... ... .. 63
Traffic participants’ minimum distances distribution . . . . . . . ... ... ... 65
Actor filter potential risk detection . . . . . . . ... ... L. 67
Typical left-turning scenarios and simulationresults . . . . . .. . ... ... .. 72

X1



7.2

7.3
7.4
7.5

7.6
7.7
7.8
7.9
7.10
7.11
7.12
7.13
7.14
7.15
7.16
7.17
7.18

Speed profiles along trajectories of left-turning and oncoming vehicles in typical

left-turning scenarios . . . . . . . .. ... L. e 73
Accepted time gap distribution in simulation . . . . . . .. ... 0oL L 74
Comparison between proposed framework with a baseline method . . . . . . .. 76

Scenario simulation result of left-turning at a intersection with the presence of

human-driven vehicle and pedestrians . . . . . . .. ... .. ... ... 77
Real-time performance evaluation . . . . .. ... .. ... ... ........ 78
Uncontrolled intersection simulationresults . . . . . . .. ... .. ... .... 80
Speed profiles of the uncontrolled intersection scenario . . . . . ... ... ... 81
Intersection with yield signs’ simulationresults . . . . ... ... ... ... .. 82
Four-way stop intersection simulationresult . . . . . .. ... ... ....... 83
Speed profiles of intersection with four-way stops . . . . . . .. ... ... ... 83
Real-time performance evaluation . . . . .. .. ... ... ........... 85
Simulation result in a high-interactive intersection . . . . . . . . .. ... .. .. 86
Speed profiles of traffic participants . . . . . ... ..o oL 87
Minimum distance between the ego vehicle and the surrounding traffic participants 88
Real-time performance evaluation . . . . . ... ... ... . ... ....... 89
Decision-making framework on real-world shuttlebus . . . . . . . ... ... .. 90

Testing results on the real-world vehicle platform: (a)-(b) ego vehicle approach-
ing the intersection; (c) ego vehicle stopping at stop sign; (d)-(h) ego vehicle
initiating movement through the intersection . . . . . . . . . ... ... ... .. 92

Xii



List of Tables

4.1 Intervals of driving characters for various drivers .

5.1 ROW extraction from parameterized traffic scenario

xiil



List of Abbreviations

AV autonomous vehicle 24, 10, 11, 13, 15-17, 27

CAV Connected Autonomous Vehicle 11

CL-RRT Closed-loop Rapidly-exploring random tree 8

IDM intelligent driver model 13
iLQ iterative linear-quadratic 27, 28, 37, 38, 58, 60, 66, 69

LQ game linear-quadratic game ix, 12, 13, 17, 20-24, 33, 36, 37

MCTS Monte Carlo tree search 10
MDP Markov decision process 8, 9

MPC Model predictive control 9

NE Nash equilibrium 12, 15, 19-24

NN neural networks 15
POMDP partially observable Markov decision process 9, 10

RL Reinforcement learning 8, 9, 17

RRT Rapidly-exploring random tree 7, 8

TP traffic participant 2-6, 10, 11, 13, 16-18, 26-29, 33, 35, 37-40, 43, 44, 47-50, 52-60, 62,
64, 66, 68, 69, 71, 75,79, 94-96

Xiv



TPo turning point 40, 43, 46

TTC time-to-collision 44-48, 75

XV



Chapter 1

Introduction

1.1 Background

With the flourishing development of Autonomous Vehicles (AVs), automotive planning and
decision-making technologies have seen significant advancements in both academia and indus-
try. Since the inaugural DARPA Grand Challenge in 2004 [ 1], numerous types of planning and
decision-making algorithms have been introduced in the literature. These algorithms encom-
pass graph-based methods, receding-horizon optimization-based methods, and machine learning-
based methods [2], all of which have found applications in various urban scenarios. These fam-
ilies of planning algorithms share similar objectives: reaching the designated point as swiftly as
possible while avoiding potential collisions with surrounding objects. Additionally, some algo-
rithms aim to enhance ride comfort or cater to specific requirements based on the deployment
scenario [3].

In industry applications, autonomous driving systems are typically employed under limited
conditions. For instance, Waymo [4] has introduced its self-driving systems for implementation
in "robo-taxis," where a backup driver is required to remain inside the vehicle, prepared to take
over when necessary. Audi has unveiled its Level 3 automated traffic jam pilot [5], designed for
highway scenarios with slow-moving traffic. According to the SAE Level 3 classification [6], this
autonomous system allows drivers to momentarily divert their attention from the steering wheel
and brake pedal. Tesla, on the other hand, has introduced its "Autopilot" system [7], designed for
more generalized scenarios and operating at Level 2 automation. Here, drivers are responsible
for driving safety and must keep their hands and feet ready to take over control at any time.

From both research and industrial perspectives, autonomous driving systems have demon-
strated promising performance in specific areas. However, to achieve full autonomy in self-
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driving vehicles, algorithms must prove effective in handling more general and complex sce-
narios. Despite advancements, significant limitations persist. Several leading technology and
automotive companies have encountered severe accidents in urban and highway scenarios, such
as Uber’s self-driving incident in 2018 [&] and a fatal accident in 2016 [9]. Most recently (2024),
news reported that a Robotaxi collided with a bicyclist [10]. These tragic events underscore the
critical need for the development of autonomous driving systems capable of navigating complex
scenarios.

One such critical case is urban intersection planning for AVs in mixed traffic environments,
where interactions occur between autonomous vehicles, human-driven vehicles, cyclists, and
pedestrians. Even for human drivers, intersections pose significant risks, with 40% of all in-
jury accidents in the US occurring at intersections annually [ 1]. Traditional planning methods
typically treat surrounding traffic participants as dynamic obstacles with static characteristics
and prioritize safety through obstacle avoidance algorithms. Consequently, many autonomous
driving algorithms struggle to balance efficiency and safety simultaneously [12].

1.2 Remaining Challenges

Several challenges persist in achieving safe and efficient driving for autonomous vehicle (AV)s
in urban traffic scenarios with mixed traffic: 1) modeling the intricate interactive behavior be-
tween AVs and surrounding third-party entities (traffic participant (TP)s) remains a formidable
task; 2) accurately capturing TPs’ behavior to represent realistic traffic scenarios and behavioral
estimation is challenging; 3) adhering to and accounting for traffic rules in urban areas poses sig-
nificant hurdles; and 4) ensuring the real-time performance of the decision-making and planning
framework is imperative for its implementation on real-world vehicles.

In strongly interactive scenarios, the behaviors of surrounding TPs are not entirely self-
decided; they are also influenced by the surrounding TPs. Failing to consider this interactive
nature and only performing obstacle avoidance could cause serious problems, known as the clas-
sical "freezing robot" problem [ 13]. The "freezing robot" phenomenon occurs when, under mixed
traffic conditions, human TPs become aware of the AVs’ obstacle avoidance strategy and take
advantage of this by adopting more aggressive strategies, such as cutting in front of the AV with
lower or equal right-of-way. As a result, the ego vehicle which in this case is the AV, may be
bullied by human TPs, potentially coming to a complete stop and "freezing" before a conflict
point. This could cause traffic congestion, as one direction of the traffic would not be moving.

Therefore, there is a critical need to study the interaction principles between AVs and sur-
rounding humans. When an AV is making a safe and efficient decision, it needs to consider the



reactions of other TPs to its actions. This enables AVs to make more efficient and safe planning
and decision-making by considering these two-way interactive behaviors.

One necessary condition for a comprehensive study of the two-way interaction between AV's
and humans is high-quality human behavior modeling. However, accurately modeling and esti-
mating the reactions of human TPs is challenging, as their reactions and performance are based
on multiple and complex internal and external factors [14]. External factors include weather
conditions, traffic light phases, and the actions of surrounding people, among others. Internal
factors include human age, driving style, etc. [15]. Among all human TPs, human drivers are
comparatively easier to model since they have clear traffic rules to follow, and vehicles have
more constrained dynamics. Pedestrians and cyclists, on the other hand, are far more difficult
to model. The fast-changing nature and the complex influencing factors at intersections make
accurately modeling pedestrians and cyclists a formidable task. Therefore, properly modeling
human behaviors at intersections is a crucial and urgent problem.

The performance of planning and decision-making frameworks is intricately linked to how
they consider the traffic scenario and the behaviors of TPs within it. However, creating testing
environments that closely mirror reality is a formidable challenge, particularly for interactive
planning algorithms that account for interaction behaviors among TPs. Utilizing a universal
model to define the behavioral characteristics of TPs simplifies implementation and facilitates
rapid verification. However, this simplification compromises the generality of the testing sce-
nario.

Developing a more realistic behavioral model for TPs is challenging due to the diverse pref-
erences and characteristics exhibited by different types of TPs. For example, pedestrians often
display greater flexibility than vehicles, and their proximity to other objects is typically smaller.
Additionally, TPs with varying driving styles exhibit different behaviors, presenting an addi-
tional challenge in modeling. Achieving a comprehensive representation of these behaviors in
the behavioral model is complex and requires careful consideration.

Urban driving poses the challenge of ensuring that Autonomous Vehicles (AVs) adhere to
traffic rules, which are fundamental to everyday driving. Traffic rules establish precedence for
every Traffic Participant (TP) and help streamline interactions, especially in complex scenarios
like intersections. However, incorporating traffic rules into AV systems is inherently challenging.

Traffic rules vary across scenarios and regions. For instance, in some Canadian provinces,
right-turning vehicles must stop at red lights before proceeding, while in others, they can con-
tinue after a full stop. Such variations make it nearly impossible to create a universal model
representing traffic rules.

The dynamic nature of TPs at intersections leads to rapid changes in precedence. In some
cases, precedence may not be clearly defined, such as at uncontrolled intersections, adding com-
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plexity to rule interpretation. Moreover, translating traffic rules into programming logic and
language is also challenging. Representing both clear and unclear precedence among TPs with
a single model complicates interpretation, further exacerbating the issue. Failure to adhere to
traffic rules can result in critical traffic incidents. Therefore, dynamic consideration of traffic
rules is crucial [16].

Ultimately, a primary objective in developing decision-making and planning frameworks for
AVs is their real-world deployment with full-size vehicles. However, transitioning to practical
implementation presents numerous challenges. One initial hurdle involves selecting the appro-
priate platform for deploying the decision-making and planning framework—one that seamlessly
integrates with separately developed perception and control models. This necessitates strong co-
operation among the various models involved.

Another challenge in real-world implementation pertains to the real-time performance of the
planning and decision-making framework on full-size vehicles. Real-time performance enables
the vehicle to promptly react to scenario changes, which is crucial for ensuring the safety of
the framework. This performance is closely tied to the computational resources available on the
vehicles, as well as the algorithmic complexity of the framework. Thus, reducing the algorithmic
complexity to facilitate frequent execution is essential for successful real-world implementation.

1.3 Thesis Objectives

To address the challenges mentioned previously, this thesis focuses on the following aspects:
considering realistic TP behavioral models for more accurate decision-making; incorporating
traffic rules into decision-making; and improving real-time performance to enable deployment
on real-world vehicles.

* Model the strong interactions between TPs to incorporate two-way interaction using game
theory in the decision-making and planning framework.

* Propose more realistic TP behavioral models for more accurate decision-making, allowing
the ego vehicle to better estimate the possible future behaviors of other TPs.

* Interpret traffic rules in urban driving scenarios and integrate them into the decision-
making and planning framework, enabling the ego vehicle to adhere to traffic rules while
making decisions.

* Improve the computational efficiency of the decision-making and planning process to en-
hance real-time performance, allowing the AV to react promptly to changes.
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* Apply the proposed framework to a real-world vehicle to verify its effectiveness.

1.4 Outline

The thesis is organized as follows. Chapter 2 reviews the common methods of decision-making
algorithms for self-driving vehicles, compares the game formulation methods of decision-making,
and provides a brief introduction to differential game backgrounds. Chapter 3 describes how
the decision-making framework considers the strong interaction among TPs by formulating the
problem as a differential game. Chapter 4 explains how the framework estimates and incorpo-
rates various realistic behavioral characteristics of TPs. Chapter 5 introduces how the proposed
framework extracts and adheres to traffic rules, and describes how the framework estimates the
behaviors of TPs based on the assumption that they will follow traffic rules. Chapter 6 details
the hardware structure and software system of the experimental platform, which is a full-size
real-world shuttle bus. Chapter 7 presents the simulation and real-world testing results of the
proposed framework. Finally, Chapter 8 concludes the work presented in this thesis.



Chapter 2

Literature review and background

2.1 Introduction

Planning and decision-making algorithms have undergone extensive development to address var-
1ous requirements across interactive traffic scenarios. These approaches encompass a wide range,
including rule-based, graph-based, reinforcement-learning-based, and game-theory-based meth-
ods. Among these, identifying an approach capable of effectively considering strong interactions
between TPs is paramount. Moreover, when accounting for these interactions in decision-making
processes, developing a robust behavior modeling method for TPs becomes crucial and warrants
thorough investigation. Additionally, strict adherence to traffic regulations is essential. There-
fore, methods that seamlessly integrate traffic rules into game-theory frameworks also necessitate
scrutiny and evaluation. This section provides a concise overview of existing literature methods,
followed by a detailed examination of the game-theory-based approach, including human behav-
ior modeling and methods for integrating traffic rules.



2.2 Review of decision-making and planning algorithms at in-
tersections

2.2.1 Traditional intersection decision-making and planning
Rule-based approach

One of the most commonly applied algorithms is the rule-based algorithm. This family of algo-
rithms maps different scenarios to the actions of the ego vehicle, forming a state-action map, also
known as a policy tree. When the ego vehicle reaches a certain state, it maps the current state to
the corresponding state in the policy tree and generates its action accordingly. Klingelschmitt et
al. [17] developed a selection system based on different situation hypotheses, which also applied
a classical regression method to speed up the risk evaluation procedure. The proposed algorithm
was able to reduce the computationally costly unnecessary state hypotheses. Hubmann et al.
[18] introduced a speed planning algorithm on a fixed path that analyzed the Inevitable Colli-
sion States and used this information to avoid collisions with moving and static objects. The
algorithm was specifically modified to ensure good real-time performance and the ability to be
implemented in real-world applications. These approaches are quick to implement. However,
the performance of the planner is closely related to the completeness of modeling every scenario,
which is nearly impossible for complex cases such as intersections.

Graph-based approach

Another popular intersection planning algorithm is the graph-based method, also known as the
sampling-based method. This method transforms the road topology from global space into plan-
ning space. Road information, including road shape and width, is considered to help sample
the free space and obtain graph-based candidate paths. Nodes and edges of the graph are then
assigned speeds, forming costs along the graph. The ego vehicle can select the optimal path
and speed according to certain heuristics. One of the most popular graph-based planning algo-
rithms is the Rapidly-exploring random tree (RRT) algorithm family [19]. This algorithm family
searches by sampling the free space with tree nodes and forms the path by connecting and recon-
necting the nodes with edges [20]. The tree generation process of the general RRT algorithm is
presented in Algorithm 1 [21].

The RRT family has seen many deviations from the original algorithm [21]. For instance, the
classical RRT* algorithm [22] obtains asymptotically optimal paths by incorporating a rewiring



Algorithm 1 Rapidly-exploring random tree algorithm

1: function GENERATE RRT (z;,;, K, At)

2 T . init(:0)

3 for kK =1to K do

4: Trand — RANDOM_SAMPLE()

5: Znear < CLOSEST_NODE(Z;4n4, T)
6:

7

8

9

u < SELECT_INPUT(%, 414> xnear)
Zpew < SELECT_INPUT(Z, 0nds Tnear)
T . add_vertex(Zpew)

T . add_edge(znews Tnear> 1)
return 7

and refining process into the tree growing process. Additionally, the Closed-loop Rapidly-
exploring random tree (CL-RRT) algorithm [23] utilizes closed-loop simulation after generating
the initial tree to enhance the control feasibility of the planning result. With the emerging devel-
opment and research of the RRT family, RRT-based algorithms have been able to find feasible
and optimal paths with low computational power, making them suitable for various scenarios,
including intersections.

Ma et al. [24] developed a sampling-based RRT algorithm for intersections. Leveraging the
known intersection road shape, the algorithm initially generates polynomials accordingly. By
using spline polynomials as the initial tree before any tree search, the RRT algorithm can be
applied based on this initial tree to increase computational speed. With the guidance of a road-
geometry-shaped initial path, the algorithm can quickly generate collision-free paths and react
to dynamic objects at high frequencies. However, RRT algorithms were originally designed
for maze and other static environments. Given the high complexity and interactive nature of
intersections, the real-time performance may not be optimal for busy intersections.

Reinforcement learning-based approach

Reinforcement learning (RL)-based decision-making and planning algorithms are also com-
monly used approaches for intersection scenarios. These algorithms formulate the scenario as a
Markov decision process (MDP) problem, which includes state space, action space, reward func-
tion, transfer function, etc. By manually modifying the MDP to closely mimic decision-making
as close as possible to reality and properly tuning the reward function, the ego vehicle can make
human-like decisions as desired.

Bouton et al. [25] combine a "model-checker" with the classical RL framework to improve



safety. They also introduce a learning-based belief update method that allows the ego vehicle to
deal with occlusions caused by surrounding vehicles and perception errors. Kamran et al. [26]
develop a high-level decision-making framework for ego vehicles at busy and large (multi-lane)
intersections. The reward function is designed with risk-aware sections to enable risk assessment
while making decisions using the deep network-based Q reward function. This enables the algo-
rithm to evaluate the risks before making safe but less cautious actions. Du et al. combine RL
with learning-based Model predictive control (MPC) to perform motion planning and tracking
for autonomous vehicles [27].

Tram et al. [28] consider typical behaviors of surrounding vehicles to enable better and
quicker cooperation between the ego vehicle and surrounding vehicles. The driving speed of
the surrounding vehicles and the distance between the vehicles are merged into the model to
perform appropriate driving behaviors of various drivers. The algorithm outperforms classical
decision-making and planning algorithms at intersections and avoids collision almost all the
time. In traditional RL algorithms, the reward is preset to enable the ego vehicle to achieve
desired heuristic behaviors. However, hard-coding the reward function is rigid with respect to the
complex nature of decision-making. Therefore, Deep-RL [29] is introduced, where the reward
function is learned and represented by neural networks trained by real-world driving data. In this
way, the complex behaviors of the ego vehicle are described nonlinearly by a deep network [30].

Isele et al. [31] learn dynamic sensing behaviors from real-world driving data and replace
the trained neural network with the reward function of the MDP model, guaranteeing safety in
a congestion environment. Qiao et al. [32] obtain the reward function of the ego vehicle at in-
tersections by using an automatically generated curriculum (AGC) which increases the training
speed. The deep network can represent the policies of the ego vehicle without using a very com-
plex mathematical representation. It can obtain the reward output directly from driving behaviors
or even raw data from the onboard camera. Therefore, the quality of the representation of the
reward function is closely related to the training data. To enable the ego vehicle to operate safely
under extreme circumstances, driving data of corner cases is necessary. However, it would be
nearly impossible to obtain all the dangerous-scenario driving data, which may eventually lead
to unsafe performances.

Partially observable Markov decision process-based approach

In a MDP model, all states are assumed to be fully observable to the ego vehicle. However, in
reality, states are only partially observable. Therefore, a partially observable Markov decision
process (POMDP) model was introduced to address this issue by adding uncertainties to the
components of the MDP framework, which is beneficial in solving decision-making and planning
problems at intersections.



Bouton et al. [33] considered highly changeable intersection scenarios with human-driven
vehicles and AVs by formulating the problem as a POMDP problem and solved it using the clas-
sical Monte Carlo tree search (MCTS) algorithm. Simulation results showed that the proposed
algorithm outperformed traditional rule-based methods and threshold-based heuristic methods in
both transportation efficiency.

Similarly, Hubmann et al. formulated the intersection decision-making problem [34] and
considered the unknown intentions of surrounding vehicles by incorporating uncertainties into
the state space and transfer function. Using MCTS and particle filters, speeds were generated
along the fixed pre-planned path of the ego vehicle. The algorithm was extended to more gen-
eral intersection scenarios with more surrounding vehicles and operated under continuous state
spaces [35]. It also used MCTS-based algorithms and demonstrated real-time capabilities. Ad-
ditionally, [36] considered corner cases with "phantom" vehicles emerging from areas blocked
by occluded vehicles, enabling the vehicle to operate under unexpected and dangerous corner
cases. Lin et al. proposed an algorithm to assist ego vehicles in making decisions in congested
intersections with both static and dynamic obstacles. Focusing on the observable area, the algo-
rithm predicted objects’ behaviors in the occluded area with extra attention to avoiding severe
collisions. The proposed algorithm enables safe decisions and performs human-like behaviors.

The aforementioned traditional planning and decision-making algorithms at intersections
were developed with the assumption that surrounding TPs act as moving obstacles, and the ego
vehicle performs obstacle avoidance algorithms to reach the goal point safely. However, this as-
sumption does not always hold, as the right-of-way and priority of TPs change according to road
scenarios, such as traffic light phase changes or traffic rule violations at intersections. Treating
surrounding TPs as obstacles emphasizes safety by assuming the "obstacles" have a dominant
status in intersection behaviors. However, this conservative policy may affect the transportation
efficiency of the ego vehicle. This is known as the classical "freezing robot" problem [13].

In reality, a TP’s actions are usually related to the behaviors of other TPs around it and
the environment it is in. Therefore, surrounding TPs are not obstacles but active agents whose
behaviors are related to the ego vehicle’s behavior and the behaviors of other surrounding TPs.
Considering the two-way interaction behaviors between TPs by formulating the problem as a
game is an effective way to overcome the "freezing robot" problem [37].

2.2.2 Game theory based decision making and planning
In the past decades, game theory had been applied at intersection decision making and planning

while considering the interaction between vehicles and surrounding vehicles as well as pedestri-
ans. Game theory-based decision making formulates the interaction behavior in a mathematical

10



way which helps to make decisions explicitly and eventually perform stable and sound decision
results. Different kinds of games as well as modeling strategies of surrounding TPs had been
developed and applied. In general, they can be formulated into cooperative games and non-
cooperative games, where cooperative game is used in situations where players could negotiate
and work as a team which benefits to all players over-all.

A cooperative game is very strong in solving problems where cooperation is needed, which
is most commonly used under-connected environment, where the utility functions are shared
through V2V or V2I connections. [38] applied cooperative game to find solutions for traffic
conflicts at intersections of Connected Autonomous Vehicle (CAV)s. The algorithm tried to find
a balance between energy consumption and self-defined time usage. A cooperative game rep-
resented the consequent cooperation opportunities derived from different players’ heterogeneity,
which were then solved in good computational efficiency and achieved a good balance between
traffic efficiency and energy consumption for each vehicle. [39] proposed a cooperative game
algorithm to solve the roundabout penetration rate problem. At roundabouts, if a stream of vehi-
cles from one direction passes, then the stream of vehicles coming from the other direction pass,
the transportation efficiency would be very high. However, at real roundabouts, each vehicle
would try to enter the roundabout as soon as possible to increase its efficiency, which decreased
the whole transportation efficiency. This paper took advantage of the V2V communication struc-
ture of the roundabout and computes the equilibrium between the entire transportation efficiency
and the travel time for individual vehicles. [38] proposed a decentralized approach for routing
CAVs to enhance network coverage. Routes selection problem was formulated into a collabora-
tive game-theoretic problem and the results had shown that cooperation between CAV can help
enhance the overall network connectivity in a pre-defined geographical area.

However, until now, connected vehicles are still in the developing phase in a real-world ap-
plication, and most AV operation environments are unconnected. That is, the ego vehicle will
not be able to access the utility functions of the surrounding vehicles. Cooperation under these
circumstances is very hard to establish. Also, even in the connected environment, the ego vehi-
cle will not be able to know the “utility functions" of the pedestrians. In other words, the ego
vehicle is unable to see the response of the pedestrians. Due to the aforementioned problems, the
cooperative game has its limitations in interaction-based decision making and planning currently.

Under mixed traffic scenarios, a classical game theory-based decision-making modeling is
the leader-follower game model, also known as the Stackelberg game [40]. The leader and
follower model assigns a role for each player based on certain rules, such as the right-of-way
of the vehicles. Li ef al. [41] applied this framework under uncontrolled intersection scenario.
They formed the vehicles with leader-follower pairs based on common traffic rules and realized
the interaction-based planning and decision-making for all the vehicles. [42] applied Stackelberg
game modeling to enable better unprotected left turns at intersections. Driving data are applied
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to tune the parameters of the players’ utility functions, and the interaction behaviors between the
vehicles are more realistic.

The work presented in [43] introduced driving style into decision-making and planning for
AV cooperatives with surrounding vehicles. This paper implements two primary methods for
high-level decision-making, adjusted Nash equilibrium (NE) and Stackelberg game theory, re-
spectively. The result shows that the Stackelberg game outperformed the adjusted NE. In [44],
five rewards have been selected. The first four are set to ensure that they operate without collision
and otherwise minimize their cost concerning their free-space motion. The fifth cost decides the
additional information, like keeping their distance away from each other. Instead of NE, they
also set a new steady-state condition for the dynamic game.

Since at intersections, the right-of-way changes rapidly and the interaction between vehicles
is very strong. Thus, these kinds of methods are more commonly applied at merge in, or lane
change scenarios [45, 46], where the right-of-way is clear, and the interaction behavior is usually
simple.

Another trendy method is the level-k game method [47]. This method considers the effects
of the vehicles on one another. It starts with one vehicle making an initial decision based on its
own heuristic and does not consider the interaction behavior of the surrounding vehicle. Then
the second player makes the decision based on the initial decisions made by the first player. After
that, the first player makes a new decision based on player two’s decision. This goes on in an
iterative way for k times, which ideally, the updated decisions made by the players do not change
much in the last few iterations [48]. [49] applied level-k algorithm for uncontrolled intersection
decision making and planning with vehicles violating traffic rules. Each vehicle finds its own
optimal decision based on its utility function and finds the NE iteratively. The paper tested the
algorithm with different kinds of malicious vehicles in different scenarios in simulation.

Li et al. [50] also implemented a level-k time-extended, multi-step, and interactive decision-
making framework for uncontrolled intersections. Operating in a centralized manner, the frame-
work was tested in simulation. Karimi et al. [51] utilized k-level game theory to predict sur-
rounding vehicles’ behaviors quickly in merging scenarios. They combined a receding horizon
algorithm with Monte Carlo tree search to make decisions based on these predictions, demon-
strating good real-time performance in simple scenarios. Additionally, Wang et al. [52] showed
that implementing the dynamic level-k model at intersections could enhance traffic efficiency.

Despite these progress, traditional algorithms often operate within discrete action spaces, lim-
iting the range of considered actions and potentially leading to suboptimal results. Differential
games address this limitation by incorporating continuous action and state spaces [53]. However,
expanding the action space can worsen the curse of dimensionality, impacting real-time perfor-
mance. To address this challenge, LQ game methods have been introduced [54]. Differential
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games provide a robust theoretical framework for modeling interaction behavior and deriving
optimal actions.

Hang et al. addressed unsignalized intersection decision-making using the differential game
framework, considering the ego vehicle’s aggressiveness. They integrated a Gaussian potential
field model for collision avoidance to enhance safety [55]. Kessler ef al. tackled AV high-
way planning by combining LQ game with mixed-integer programming, incorporating soft con-
straints for prediction errors. They introduced a joint cost function to encompass altruistic, coop-
erative, and egoistic behavior factors [56]. Shu et al. focused on capturing more realistic driving
behaviors of TPs using features extracted from real-world data. Their proposed behavior model
demonstrated improved solutions closer to optimality for the ego vehicle [57].

2.3 Human behavior modeling

The AV needs to interact with various types of TPs, including pedestrians and other vehicles, in
high-interaction scenarios. In most interactive algorithms, such as game-theory-based decision-
making methods, the ego vehicle must predict or estimate how surrounding TPs will react based
on the current environmental states or the ego vehicle’s behaviors.

The driver behaviors have been studied and modeled since the last century [58]. Researchers
studied intersection driving datasets with natural human behaviors (naturalistic behaviors) and
modeled the behaviors of the human driver using various statistical models [59, 60, 61]. One
of the very popular intersection driver model is the cooperative intelligent driver model (IDM)
model [62] which is developed from the classical IDM model [63]. The IDM model was first
designed to demonstrate vehicle following and merging behaviors, considering the velocity v,,
velocity difference Av, as well as the gap s, with the heading or merging vehicle through the

following equation:
5 . A )
=@ 1= ) - () eal
vy Sa

where s* is the desired gap between the ego vehicle and the other vehicle.

The cooperative IDM [62] takes into account specific intersection typologies where the fol-
lowing vehicle could become the leading vehicle if it crosses the intersection first [64]. It treats
the intersection as an overtaking scenario and implements all the properties of the merging or
overtaking IDM accordingly [65].
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Modeling pedestrian behavior at intersections poses more challenges [66]. Pedestrians ex-
hibit more flexible dynamics and a wider range of actions compared to vehicles. Their tra-
jectories are more diverse, and the factors influencing pedestrian decisions are numerous [67],
with implicit relationships between these factors and pedestrian behaviors. Therefore, pedestrian
modeling and the interactive decision-making algorithms based on these models have been key
research topics over the years.

Various methods have been proposed to describe how pedestrians behave and react to their
surroundings [68]. One early technique for modeling pedestrian behaviors is the network-based
model [69]. Initially used to model shopping path selection behaviors, this model has been
extended to more general environments. It involves converting the road map into network maps,
with nodes filling the free space. Possible routes are then generated by connecting these nodes.
Pedestrians are assigned utility functions to select a route based on route information. Along
the chosen route, pedestrians may make impulse stops due to changing scenarios, analogous to
vehicle actions along a path. However, this method is primarily used for high-level modeling,
such as microscopic-level simulation of multi-intersection pedestrian flows.

The social forces model is a popular physics-based approach used to model pedestrian be-
havior, applying virtual forces based on the concept of people attempting to avoid collisions and
reach their goal [15]. This model divides forces into acceleration forces, which attract pedes-
trians toward their goal, and repulsive forces, which keep pedestrians away from surrounding
objects, both moving (other pedestrians) and static (walls). Later developments extended this
model to incorporate more cognitive features, such as pedestrians imitating the behavior of oth-
ers in multi-pedestrian scenarios [70]. More complex acceleration modeling has been proposed,
with social force models considering interactions between multiple pedestrians [71].

Cellular automaton methods provide another approach to simulating pedestrian behavior. In
this method, each pedestrian is represented by an original coordinate, with lattice cells generated
around them to represent possible future moves. For instance, a pedestrian restricted to constant
longitudinal and lateral movements would have a three-by-three cell generated around them at
each time frame, with the pedestrian placed in the middle. The surrounding eight cells represent
potential movements. Possibilities for transitioning to any cell are determined considering factors
like the presence of other pedestrians in surrounding cells, proximity to the goal, or social forces.
However, this simulation is high-level and operates in discrete space, potentially yielding rough
approximations for highly interactive environments that require precise positions and actions.

The Mehrabian-Russell Model, as applied in [72], focuses on estimating pedestrian behavior
by considering their intentions rather than specific trajectories. This approach acknowledges the
difficulty in predicting precise pedestrian paths and instead aims to understand broader intentions,
such as whether pedestrians intend to step off the sidewalk or remain on it.

14



In recent years, there has been a growing interest in leveraging machine learning techniques,
driven by advancements in computational power, to model pedestrian behavior and patterns [73].
One prevalent approach is the use of neural networks (neural networks (NN)) for pedestrian
behavior learning. These algorithms typically utilize the states of pedestrians and surrounding
traffic participants over a certain time period, along with the actions taken in the next time step,
to train the neural network. The neural network acts as a black box, capturing the relationship
between previous states and subsequent actions. Various types of neural networks, such as recur-
rent neural networks, convolutional neural networks, and encoder-decoder structures, have been
employed to improve learning outcomes [68].

While these methods benefit from utilizing comprehensive scene information to predict pedes-
trian behavior, they may face challenges such as overfitting and sensitivity to noisy data intro-
duced by extraneous factors in the scenario. More recent learning methods aim to address these
challenges by considering specific features of pedestrians and using data to learn these features
more effectively.

These intersection AV decision-making and planning algorithms leverage pedestrian mod-
eling to enhance their effectiveness. For instance, [74] developed a bi-level interaction model
considering pedestrian-pedestrian and pedestrian-vehicle interactions. In this model, each level
focuses on the nearest player and employs a payoff function to determine coarse direction, speed,
and detailed speed. The payoff function incorporates factors like target speed, distance, and rel-
ative speed, with undetermined values learned through a learning-based method. Game theory is
then applied to find the NE, optimizing the reward functions defined in the model.

Another example is the four-layer decision model proposed by [75], which includes percep-
tion, expectation, decision, and motion models. The decision model employs game theory to
select optimal actions based on estimated reward functions. This approach enhances decision-
making logic, particularly when vehicles reach the edge of intersections.

Similarly, [50] sets vehicles at different interaction levels, defining the number of interaction
steps and operating recurrently until reaching a steady state. The vehicle state and action spaces
are combined in a manner resembling a Markov Decision Process (MDP), allowing simulation
of scenarios with varying levels of interactions.

Moreover, [76] proposed a game structure to analyze optimal decision-making by pedestri-
ans, emphasizing collision avoidance behavior. This framework incorporates learning techniques
from game theory, enabling pedestrians to adapt their walking behavior in response to surround-
ing pedestrians’ strategies, ensuring safer pedestrian interactions. These advancements under-
score the importance of integrating pedestrian modeling into intersection decision-making and
planning algorithms for AVs.

In most interactive decision-making algorithms at intersections, the ego vehicle must consider
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the potential behaviors of other vehicles and pedestrians. It then makes decisions based on the
interactive modeling discussed earlier. For instance, when the ego vehicle has a set of actions, it
evaluates the potential consequences of each action on the surrounding pedestrians — how they
will react. Therefore, human modeling in traffic scenarios is crucial for planning and decision-
making at intersections.

2.4 Traffic rule extraction and integration

Incorporating traffic rules is paramount for autonomous vehicles (AVs) to seamlessly integrate
into everyday driving scenarios alongside human drivers. Moreover, integrating traffic rules into
high-interaction decision-making processes enables ego vehicles to simulate interactions more
realistically. Consequently, numerous researchers have focused on integrating traffic rules into
decision-making and planning to navigate AVs in urban and highway environments [77].

However, traffic rules often exhibit both explicit and implicit nuances, posing challenges in
translating them into machine-understandable content. Additionally, traffic rules can vary signif-
icantly between different regions, complicating the creation of a universal model to incorporate
them. Consequently, some researchers opt for simpler and more general rules in the decision-
making and planning of AVs.

For instance, Shu et al. extracted speed limits from traffic rules and implemented them
by modifying the utility functions of TPs, integrating these characteristics into TPs’ behavioral
models as well [57]. However, considering only simple traffic rules may not adequately address
the complexities of AV navigation in urban traffic scenarios. Thus, there is a need to interpret
and integrate more comprehensive rules into decision-making frameworks.

To address this, Liu ef al. incorporated soft traffic rules into the decision-making of AVs,
using game theory to determine whether the vehicle should adhere to or violate a soft traffic
rule in emergency situations [78]. Additionally, [79] explored the differences between decision-
making using game-theory-based models and pure traffic-rule-based algorithms. The findings
indicate that game theory can enhance the understanding of traffic rules in the decision-making
and planning processes of AVs."

A prevalent approach involves real-time monitoring of traffic violation behavior, followed by
generating traffic-rule-adherent decisions and paths accordingly. Ma et al. introduced a trigger-
based layered compliance decision-making framework that utilizes TPs’ intentions to monitor
potential traffic rule violations and identify their types. Subsequently, if a violation is detected,
the framework generates a compliance decision to correct the behavior [80].
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Similarly, [81] employed a trigger-based hierarchical online monitoring system for driving
behavior that violates traffic rules. The authors proposed general principles for determining
ambiguous compliance thresholds and tested the algorithm using both real-world datasets and
real-vehicle field tests. Additionally, Fan ef al. investigated interactions among traffic partici-
pants in urban areas, including TPs adhering to traffic rules and those violating them, to enhance
commute efficiency in uncontrolled intersections [82].

Another emerging method is the application of temporal logic to interpret traffic rules, owing
to its capacity to express time-dependent reasoning and model condition-solution formats effec-
tively. Liu et al. transformed natural language-based traffic laws into logical expressions using
the Linear Temporal Logic model. They then employed a long-term RL action space to monitor
traffic violation behavior and utilized a sample-based planner to replan paths when violations oc-
curred. This framework was validated in real-world lane-change and overtaking scenarios [33].
Furthermore, they extended the algorithm to address three typical scenarios where traffic laws
differ, such as formal rule amendments, regional law disparities, and temporary traffic control

[84].

Other methodologies integrate traffic rules into decision-making for AVs as well. Bhuiyan
et. al. incorporated defeasible deontic logic into their decision-making framework for AVs, al-
lowing for handling rule exceptions and vague terms. They also integrated ontology for AV
driving behavior and detailed environmental information to enhance traffic rule adherence. The
algorithm demonstrated the ability of AVs to follow traffic rules in overtaking scenarios [35].
Through testing across over 40 experiments spanning 8 traffic scenarios, the proposed algorithm
demonstrated the ability of defeasible deontic logic to extract and interpret exceptions, potential
conflicts, and open-texture elements in rules.

Peiss et. al. utilized Deep-RL in formulating decision-making and planning for autonomous
vehicles, applying curriculum learning to enable the agent to incorporate sub-tasks, including
consideration of traffic rules derived from temporal logic [86].

2.5 Background information

2.5.1 Game theory background
Static game and dynamic game

As discussed earlier, non-cooperative games are well-suited for representing interactive behav-
iors and the dynamics of interactions in mixed traffic scenarios. LQ game falls within this cate-
gory of non-cooperative dynamic games. In such games, each player operates without knowledge
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of the utility functions of others, striving to achieve their individual optimal outcomes. The ego
vehicle must anticipate the behaviors of other players in the next time step, essentially "guessing"
their actions.

Non-cooperative game methods can be classified into dynamic games and static games, both
of which are non-zero-sum games since the summation of each player’s cost may not be zero.
Additionally, they are considered perfect information games, as each player has complete knowl-
edge of the actions taken by all players in recent time steps.

In a static game, players make decisions simultaneously, assuming that the future actions of
surrounding players remain static. Put simply, players do not consider the consequences of their
actions on other players when making decisions. Consequently, during each time step, all players
observe the state of surrounding TPs and decide instinctively. A more formal definition could be
found in Definition 1 [87]:

Definition 1 Non-cooperative static game

1. P={Py,..., Py} where P - set of players, N - finite number of players;

2. A=A x - x Ay, af € A, - actions (j = {1,2,...,M;}, M, - count of actions ) of
player P; where A; - action set for each player P; € P. ;

3 Jit Ay x Ay x - x Ay — RU {0} (P; € P)- cost function .

Where ¢ indicates the number of player, and each player P; have their actions af € A; as well
as their costs J;. The subscript j indicates the index of an action in the action set, for example,
a] is the jth action out of M; actions of the player P,

A static game is most suitable for addressing straightforward problems such as chart-like
decision-making or games involving only a few actors and actions. However, when dealing with
complex scenarios like those found at mixed-traffic intersections, employing a static game ap-
proach may oversimplify the problem. An alternative modeling method is the dynamic game
approach, where players take actions sequentially. For instance, one vehicle initiates an action,
while the other observes this action along with the current state, and subsequently makes its de-
cision. The vehicle that moves first then takes a second action, thus creating a dynamic interplay
between the actors. A more formal definition of the dynamic game could be found in Definition 2

[87]:
Definition 2 Non-cooperative dynamic game
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1. P=A{Py,..., Py} where P - number of players, N - finite number of players;
A=A x - x Ay,
End nodes Z

L

Ji + Z = RU{oo} i - player index
Set of selectable choice node 'H
Action selection function x : H — 24 - connect actions with each choice node

Player function p : H — P - assigned a player to each node to select actions at the node

L N S =

Successor function 0 : H X A — H U Z - uniquely arrange and assign a choice node
along with a subsequent node

It is important to note that the representation of dynamic games as tree-like structures, while
effective in certain contexts, is just one possible formalization method. In cases such as differen-
tial dynamic games, this tree-like representation may lack generality and fail to capture the full
complexity of the problem. In such instances, a more abstract description or alternative modeling
approach may be more appropriate for accurately representing the dynamics of the game and its
policies.

Strategies in solving games: finding Nash Equilibrium

Definitions 1 and 2 lay out the fundamental components of two major types of games and
the format of their potential solutions. However, to delve deeper into the specifics of game
solutions, it is essential to explore the renowned concept of NE. At its core, NE seeks to identify
a solution where no player can unilaterally improve their outcome if all other players maintain
their current strategies. Essentially, each player aims to optimize their strategy given the existing
circumstances. When NE is attained, no player can achieve a superior outcome, indicating that
each player has reached their best response.

However, it is crucial to acknowledge that this solution hinges on certain assumptions. Firstly,
it assumes that all players in the game are rational and will respond logically to the current
situation. Additionally, each player is presumed to possess complete knowledge of the action
set of every other player and can accurately estimate their utility functions based on common
knowledge.
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Based on these assumptions, the solution of a game is usually presented as each player P,
selects their current best strategy s{ from all of their possible strategy set S; where 7 indicates the
number of players. For different kinds of games and solving methods, there lie different types
of strategies which are pure strategies and mixed strategies. The pure strategies are constant
and static methods that will perform the same actions according to strategy. The actions are
sampled from a fixed distribution in a mixed strategy, and the performed action could be different.
Given this, the solution for the game is the combination for every player’s best response strategy
st = (s{*, . 33\,) (The asterisk marks indicates the optimum of the strategy). The formal

definition of the NE could be found in Definition 3 [44].

Definition 3 Nash equilibrium
J* " J* JoJ" " J*
J1 (sl , S ,...,SN) < J <81,82 , S3 ...,5N>

J* JoJ” J
Jo <51 ,52 ooy SN )<J2 <51 ,82,83,...,SN)

J* o J" J* J
JN(Sl,SQ,.. )<JN<81,...,SN_1,SN)

€ S;). This vector of

strategies indicate the NE of a game with N players if all of the strategies S; follows inequalities
in Definition 3. Other solution concepts such as the Pareto optimally [87] were proposed and
applied to solve game-related problems but are not as popular and feasible as the classical NE.

i

where (s]l*, e 35\7) is the strategies in the N-dimension vector, and (s

2.5.2 Non-cooperative Linear Quadratic game

As discussed in Section 2.2.2, LQ game emerges as a prudent choice for navigating interac-
tive scenarios within a continuous space. The LQ game framework begins by transforming the
coupled state transfer function (the operating process) into a set of linear differential equations.
Subsequently, it formulates the utility function of each player into quadratic forms. With this
setup, numerical solutions can be obtained.

Each player can then independently tackle the problem at each time step using optimal control
techniques, including the ego vehicle. The linearization process not only accelerates computa-
tional speed but also streamlines intersection planning. Here, players predominantly adhere to
their original paths, deviating only slightly in speed or trajectory. This approach minimizes the
search space and enhances computational efficiency.
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For illustrative purposes and without loss of generality, let’s delve into a more mathematical
expression of LQ game in a two-player scenario. We begin by assuming that each player’s cost
function is, or can be represented as, a quadratic form:

(2.2)
where ¢« = 1,2,j # . The Q;, R;;, R;;and (7, in (2.2) indicate the matrices of the quadratic
cost, which are all symmetric and R;; is positive definite. During the process, each player tries
to minimize their cost J;. (t) and u,(t) are the states and input of each player. The states x(t)
can be influenced by the state transfer function:

where the initial state is 2(0) = x¢. A and B;,7 = 1, 2 are the state transfer matrix representing
the players’ dynamic. In most cases, the utility functions of the two players are in conflict.
That is, the optimal input u] could influence the optimum of player two. There are two main
frameworks suitable for addressing decision-making scenarios: cooperative and non-cooperative
games. In a cooperative game, players can negotiate and bargain with each other to achieve
optimal cooperation. However, in reality, this level of cooperation is often unattainable, as each
vehicle seeks to optimize its objectives independently, leading to a non-cooperative setting.

Within non-cooperative LQ games, two major approaches prevail: open-loop and feedback
strategies. In open-loop cases, players can only observe the initial states and dynamics of all
players in the game. Each player then decides on their actions for the entire planning horizon
simultaneously. It is assumed that players adhere strictly to their pre-planned actions throughout
the horizon, without responding to deviations from other players’ actions.

In contrast, feedback LQ games enable each player to observe the states of other players
influenced by the ego player and adjust their actions accordingly. This dynamic observation and
response mechanism characterize feedback LQ game strategies, offering a more adaptive and
responsive approach. Detailed explanations of both open-loop and feedback L.Q game strategies
will be provided in the following subsections.

Open loop LQ game

In an open-loop LQ game, players make decisions for the entire time period simultaneously,
without accounting for deviations from planned paths and speeds by other players. In a two-
player game scenario, one player acts as the ego vehicle, while the other player adheres strictly
to the planned path and speed. In this non-cooperative game setting, following the definition of
NE, the NE for this game can be formally expressed as:
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Definition 4 Open loop LQ game NE

An possible action set (uf,u}) exist as an NE if for all possible (uy, us) the following condi-
tions hold: Jy (ui,ud) < Jy (uy,u3) and Jo (uf, ul) < Jo (ui, ug)

This definition showed that any player in this game can not obtain a better solution than the
NE if other players dose not change it current policy. Also, it is easy to prove that when a NE is
found based on the current cost functions J;, (i = 1,2). They are also the NEs of game with cost
functions o, J;(i = 1,2, o; > 0).

This definition provides one way of achieving the solution of the game. However, this method
of finding the solution is too hard to apply. Thus, the following algorithm 2 [88] provides a more
applicable approach for finding the solutions of open-loop LQ game using Riccati differential
equations. Consider the following coupled asymmetric Riccati differential equations:

P, = —A"P, = PA~ Qi+ PS;P,+ PS;Py; PAT) = Qir (2.4)

where i € {1,2}, j is the rest of the {1,2} set, and S; := B;R;;' BI'. Solving 2.4 and obtains F;,
this gives us the NE actions of the game as:

ui(t) = —R;;"BI Pi(t)®(t, 0)xo (2.5)

where i = 1,2, and ®(¢,0) = (A — S1P; — Sy P5) ®(t,0) with &(¢,t) = I.

This algorithm first checks if the Riccati equation 2.2 have stablized solution (line 2 of algo-
rithm 2), then it checks whether M has n-dimensional stable graph subspace (line 4 of algorithm
2). Then finally, it obtains the unique solution ;.

While open-loop modeling offers rapid solutions and simplicity, it necessitates high temporal
consistency from each player in the planning process to model interaction behaviors effectively.
However, individuals in real-world scenarios often exhibit time inconsistency, deviating from
planned initial actions during the game. Consequently, it is advantageous for the ego vehicle to
anticipate such deviations and identify a NE that is highly robust. This is where Feedback Linear
Quadratic Gaussian (LQG) control proves invaluable.

Feedback LQ game

Since the dynamics of the players as long as the system are linear, it is often argued that the
NE feedback actions are linear functions of the states. Similar to the open-loop definition, the
feedback LQ game’s NE is defined as [85]:
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Algorithm 2 Nash equilibrium of open loop LQ game [88]
1: function SOLUTION OF OPEN LOOP LQ GAME

2: if H;, .= { _122. __j} } (1 = 1, 2) have n-dimensional stable graph subspace then
A =5 =5
3: calculate spectrum of M = | —@Q; —AT 0
—Qy 0 AT
4 if not Numbers of eigenvalues of M with a negative real part is n then
X
5: Calculate 3n *x n matrices X,Y, Zthat P=1Im | Y
Z
6: if X is inevitable then
7: ul(t) == — Ry BT PeAaty
8: where P, =YX I, P:=ZX'and A, := A— S|P, — S, P,
9: end if
10: end if
11: end ifreturn v (t)

Definition 5 Feedback LQ game NE

The actions from the players uf(t) = F(t)x(t) are the linear NE solution if the players’
costs follow: Jy (wh,ub) < Jy (uy,u}) and Jy (wh,us) < Jy (uh, uy) for any u; € T

where TY/" = {u;(0, T) | us(t) = F;(t)z(t) with F(.) as the piece wise continuous function.

Also similar with the open loop LQ game, the NE for the feedback L.Q game could also be
found by solving the coupled Riccati equations.

Theorem 1 The linear feedback NE exist for a two player LQ game if and only if the following
set of coupled Riccati equations have symmetric solutions on [0, T'], which is K| and K:

- Qz - Kj(t)S]ZK](t)7 Kz(T) = QiT ((27]) S (17 2)7 (27 1))
If a feedback LQ game follows theorem 1, then a unique equilibrium exist, which is
ui(t) = —Ry;'BI K;(t)z(t),i = 1,2. (2.7)
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The cost for each player in this case is z K;(0)x with i = 1, 2. Finding solutions for the Reccati
equations is very hard if directly solving (2.6), therefore, an algorithm is introduced in [88] to
solve the feedback LQ game’s Riccati equations, given the dynamics of the game and the utility
functions.

Algorithm 3 Nash equilibrium of feedback LQ game [88]

1: function SOLUTION OF FEEDBACK LQ GAME
—a S1 S 0

2: calculate M = | ¢+ ¢ 0 =5 and 0 := max; b2—q
q2 0 a —S Ti
0 %(]2 %Ch %CZ
3: calculate the eigenvalues \; of M and relevant multipliers m;
4 for : = 1 — k k is the number of players do
5: if)\ZER/\)\Z>O/\)\Z220then
6: if m; == 1 then
7: finds the eigen vector v = [vg, vy, va]” of M
' J - ;U0
9: Jj = kjad where j =1, 2
10: continue
11: if m; 1 then
b2q;
12: 0; = ;ﬂ—
13: fort; and 5 in —1,1 do
14: yj =N+t /A —oj,7=1,2
2
15: Ni==—a+3 1y
16: f] = ylrl/rjbj
17: else
18: continue
19: end if
20: end if

21: end if )
return f; where j € 1,2

Using algorithm 3, the NE could be calculated. In general, LQ game has the following strong
points compared with other game theory modeling:

* mathematical expression (derivative) of the system with interaction;

* possible to add input boundaries to each player;
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* good real-time performance in intersection scenarios by linearization;

* at intersections, each vehicle have nominal paths and speeds, they will deviate due to the
interaction behaviors. This type of problem suit well in a distributed optimal control model.

2.6 Conclusion

This chapter reviews various methods for intersection planning and decision-making of Au-
tonomous Vehicles (AVs). While most of these methods ensure the safe passage of AVs through
intersections, they often overlook the interactions between Traffic Participants (TPs) during
decision-making. Conversely, game theory-based approaches show promise in considering these
interactions, which is crucial for real-world applications. The chapter also explores different
models for TP behavioral characteristics, highlighting their diverse features for realistic repre-
sentation. Furthermore, it surveys methods for traffic rules extraction and interpretation, encom-
passing both hard rules and soft rules interpretation. Lastly, the chapter provides an overview of
general game theory and linear quadratic game background.
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Chapter 3

Strong-interaction decision making:
Problem formulation and solving

3.1 Introduction

Decision making and planning in urban driving scenario is challenging due to the strong in-
teraction present between autonomous vehicles and human TPs. The decisions made by the
autonomous vehicles and other TPs have influence on each other, therefore, considering this
two-way interaction in the decision making process is critical for the safety and effectiveness
of the self-driving vehicle. Game theory is a strong tool to formulate interaction behaviors and
would be an ideal tool to help generate sound decisions for Autonomous vehicles.

This Chapter demonstrates how the decision-making and planning problem is formulated into
a game theory format and how the problem is solved that the obtained Nash-equilibrium leads to
safe and efficient behaviors of the ego vehicle.

3.2 Iterative linear quadratic game formulation

In urban driving traffic scenarios, the interaction between ego vehicle and the surrounding TP
could be very strong due to the closer distance between TPs comparing to highway scenarios, and
also the more free movements from pedestrians and cyclists. Additionally, the moving pattern of
human TPs is less regular comparing to highway scenarios. Which all make the interaction very
strong.
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In strong interactive scenarios, the behaviors of the surrounding TPs are not entirely self-
decided, it is also considered to be influenced by the surrounding TPs including the ego vehicle.
Failing to consider this interactive nature and only performing obstacle avoidance could cause
serious problems known as the classical “freezing robot" problem [!3].

The freezing robot" is demonstrated as: under mixed traffic, when the surrounding human
TPs know about the strategy of the autonomous vehicles (“obstacle avoidance"), the TP would
take advantage of this nature and take more interactive strategies such as cutting in the road with
lower or equal right-of-way. As a result, the ego vehicle would be bullied by the human TPs, and
it is possible to come to a complete stop and “freeze" before the conflict point. This would cause
traffic congestion because one direction of the traffic is not moving.

Therefore, to study and formulate the interaction principle between AVs and the surrounding
humans and incorporate that into the decision-making framework is critical. When one AV is
trying to make a safe and efficient decision, it needs to consider the reaction of other TPs for its
own action. This enables the AVs to make more efficient and safe planning and decision making
considering these two-way interaction behaviors.

Game theory is a good model to formulate this strong interaction among TPs. General-sum
non-cooperative game-theory-based decision making and planning of AVs is able to describe
the nature of the interactive urban traffic scenario. The TPs’ interest dose not necessary to be
all zero-sum, that there could be cases that one TP could benefit from an optimal policy from
another TP. For example, at a all-way stop sign intersection, other vehicle can not pass until
the vehicle first in line could pass the intersection. Also, the TPs probably would not know the
future behavior of each other, in this case, they would not cooperate with each other, therefore,
non-cooperative game model well suits the urban traffic scenario.

The general-sum non-cooperative game is characterized by Hamilton-Jacobi equation(s) [89]
for each player, where every player’s Hamiltonian’s are coupled with each other. Finding the
solutions of the coupled Hamilton-Jacobi equations led to the result of the game. However, the
computation load and solving difficulty increase dramatically with the number of Hamiltonian
(number of players).

To address the issue of curse of dimensionality, an effective method to reduce computational
power requirements is by transforming the general-sum non-cooperative game into an iterative
linear-quadratic (iLQ) game. The iLQ game operates iteratively: it generates nominal paths
(potential optimal paths) for each TP using a specific linearized dynamic model. These paths
are then evaluated based on utility functions, and the corresponding utilities are linearized and
quadratized. These calculations, along with the linearized dynamics, are used to determine the
possible optimal strategy. This strategy is updated iteratively until convergence is achieved. The
final outcome of the iLQ game is expressed in a feedback format, leading to a Nash equilibrium.

27



The linearized dynamic and the linearized and quadratized utility allows the game to be
solved in a less computationally costly manner, therefore help reduce the curse of dimension.
Therefore, improves the real time performance of the decision making framework.

A more detailed description of the iLQ game formulation is presented in the rest of this
section. Which includes two major part, the dynamic formulation of each TP and the utility
function set up for each TP.

Dynamics of players

Different types of TPs have different move patterns, for example, vehicles have more dynamic
constrains given the mechanical structures, and pedestrians on the other hand, able to move in a
more arbitrary pattern. Therefore, using the correct model to represent the correct dynamics of
the TPs is critical for behavior estimation and short-term action prediction.

In urban driving scenarios, the majority of the TP are vehicles, cyclists and pedestrians.
For autonomous vehicles and human-driven vehicles, a 5-D kinematic bicycle model [90] was
implemented. The states of the vehicles are (z, y, v, 0, 0). x and y are the Cartesian positions
of the vehicles, v is the speed, ¢ is the heading angle, and 0 is the steering angle of the vehicle.
The dynamics of the vehicles can be formalized as follows:

;

T = vcosb

Yy =wvsinf

0 = (vtano)/l 3.1)
0=

\’I‘JZUQ

where 1, and us are the inputs of the vehicle, that is, the inputs are the steering rate and accel-
eration. The inputs of the vehicles can be expressed as u = (uy, uz). [ is the wheelbase of the
vehicle, using this character, the curvature of the trajectory of the vehicle could be constrained in
a more realistic manner. The 5-D kinematic bicycle model is also presented in Fig. 3.1, where the
states are indicated in the figure with the same notation as of (3.1) to clarify the vehicle model.
For cyclists, the same dynamic model is implemented, since the key dynamic which is having
front and back wheel connected by a beam mechanical pattern is similar as the vehicle.

For pedestrians, due to the all-directional moving nature and the smaller size, the kinematic
model is simplified as a point-mass model in which the states of the pedestrian could be expressed
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Figure 3.1: Simplified nonholonomic vehicle model for path generation [91]

as x, y, v, 0, that x and y are the positions and v and 6 are the velocity and the humans’ facing-
direction angle accordingly. Thus the dynamics for pedestrians are:

T =1vcost

" wsing

Z Zsm , 3.2)
= Up

@ZUQ

where the inputs u; and usy are the turning rate and acceleration accordingly.

Utility functions of players

Given the dynamics of the TPs, it is possible to generate trajectories for each. Establishing a
utility function for every TP represents the preferential behavior and the corresponding trajectory
of each. This aspect is critical in the decision-making process of the ego vehicle, especially
considering the strong interactions among the TPs.

To analytically formulate the behaviors of the players, various features have been used in the
utility functions. For all TPs, including autonomous vehicles, human-driven vehicles, cyclist and
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pedestrians, the utility functions are defined as the affine combination of different heuristics as:

Rsa fe
Rnom

Rcom f
Rrule

Gi (tu l‘(t)’ UI:N(t)) - [Ksafea Knom’ Kcomfa Krule] ) (33)

where g;(+) represents the utilities of the ith traffic participant. The features of the vehicles could
be divided into three main categories: the safety feature R, ., the nominal path and speed feature
Ryom, the riding comfort feature R, and the utilities for following traffic rules R, ;.. K. is
the coefficient of each of these features. These features with their coefficients together describe
how a vehicle would behave in a given scenario.

The safety feature 125, f. could be expressed as:

Rure= | 1] G4

where R, is the heuristic such that vehicles need to keep a minimum safe distance from all
other traffic participants, and R, is the accepted gap feature to ensure the left-turning vehicle has
enough time and space to make the left turn. More specific explanation of 17, and Iz, are made
as follows.

The minimum distance heuristic R4 could be written as:

B if dis(pi, pj) >
= 2 (4 — st >pj<xay>>>2

if dis(p;, p;) < dm,

L F I, 3.5)

where p; = (z;,;) and p; = (z;,y;) are the positions of the ego vehicle and the traffic par-
ticipants around it in the Cartesian space. /N is the total number of players in the intersection
scenario, where j indicates any traffic participant around traffic participant 7. d,, stands for the
minimum distance between the vehicle and the other traffic participants. dis(-) represents the
distance between the two traffic participants. If dis(-) is smaller than the safety distance d,,, then
an exponential cost will be assigned to the vehicle.

The minimum gap feature R, is also a safety feature, which ensures the left-turning ego
vehicle maintains a “turning-safe" gap with the oncoming vehicle. This safe gap is the /*-norm
distance between the left-turning vehicle and the oncoming vehicle in the oncoming vehicle’s
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1D direction, which is proposed inspired by the accepted gap concept [92]. The d is positively
proportional to the oncoming vehicle’s speed, and a penalty is given if the [*-norm safe gap is
smaller than d,.

The nominal speed and path feature R, could be expressed as:

Ry
Rnom = |: Rl ‘| ) (36)

where R, and R, are the heuristics for keeping the traffic participants moving along the nominal
path with the nominal speed profile. R; could be expressed as:

kﬁ|pr0j (pi (:Ev y)? lpOly) |7
R, — if dis(pi(z,y), lpory) <l 3.7)
kb(pr0j<pi ($7 y)a lpoly) - lb)27 ’

if dZS(pZ<ZZI, y>7 lpoly) Z lb

where [, represents the polynomial nominal trajectory that is generated using road geometry,
the length of this polynomial is adaptable corresponding to the derivable space, which will be
explained in further detail in Chapter 5. [, is half of the road width. proj(-) is a distance projection
function that calculates the closest distance from the vehicle’s planned future trajectory to the
center line of the given nominal path. Finally, k,, and k; are constants which scale the utilities.
Ry 1s designed to provide a huge penalty for vehicles that are off the road and a relatively small
penalty for off-setting from the nominal path. Therefore, &, shall be much larger than £,,.

R, is designed for the vehicle to follow the nominal speed and does not violate speed limits.
This heuristic could be expressed as:

k;]m(sv - Smaa})2a if Sy > Smax
Ry = < ks, — sal, if 0 < s, < Spmaw (3.8)
kY (s,)?, if s, <0
where s, is the current speed of the ego vehicle, s,,,. 1s the speed limit of the intersection and s,
is the nominal speed profile of the vehicle. £/, k;, and k} are constant ratio. The heuristics are

designed to give a huge penalty if the vehicle is driving over the speed limit or going backwards,
therefore, k;, and k7 are relatively much larger than £.

The passenger riding-comfort feature is defined as R, which represents the drivers’ in-
tention to avoid abrupt accelerate, decelerate and steer as less as possible. The expression of this
feature is:

R,
Reomys = { iy ] , (3.9)
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where
Rajw = (ajw)?. (3.10)
a and w are the acceleration and steering angle of the vehicle.

The traffic rule feature R 18 set for vehicles (with absolute right-of-way) to follow traffic
rule for example fully stop before the stop sign or red light. For the safety feature, the primary
focus is on maintaining adherence to road boundaries, operating within the speed limit, and
maintaining safe distances from other traffic participants. These safe distances vary depending
on the type of traffic participant and their behavioral style. The utility function will impose
significant penalties on traffic participants not adhering to safe behavior. This feature could be
expressed as:

r07

if (s V/((@a(t) = 2ot = 1)) + (0i(6) = galt = D)) (D), 9s(1)) € leenter
_dss) Z O
ke (e /(@) = 2t = 1)) + (a(t) — it = D)P)(a(1), 4:(t)) € Loenter
if (30— /(i) = 2t = 1)) + (alt) — it = D)P)i(t), 4:(£)) € Leenter
\ _dss> <0
(3.11)
where the ..., represents the center line of the drivable space. For a vehicle approaching the
stop sign, this would correspond to the center line of the road from the current position to the
stop line of the intersection. p;(x,y)(t) denotes the position of the traffic participant at time ¢.
ds 1s the distance from the ego vehicle to (z, y,), which is the position of the furthermost point
of the drivable space along [.c,s.,. The expression ZL()) denotes the length from position
(x;(t),y;(t)) on the current planned path p;(x(t),y(t)) of the ith vehicle along the planning
horizon ¢ € (0,7'). A more detailed description of the derivable space will be described in
Chapter 5. Finally, k; represents a large ratio for the utility. Please note that this feature applies
only to the traffic participant that needs to stop in front of the stop line.

Rrule =

With this utility function, if any part of the planned path deviates from the drivable space, a
large utility penalty will be assigned to the traffic participant. It’s important to note that for traffic
participants with constrained drivable space, the nominal path will be aligned with the center line
of the drivable space for all other utility features.

Since the driving behavior features Ry fe, [2nom and R,y are written in an array format, the
coefficients of the features: Ky, fe, Kpom, Kcoms are also in a array format: Kyqpe = [Kq4, K g]T,
Knom - [KS7 KZ]T’ and Kcomf - [Kaa Kw]T'

For pedestrians behavior modelling, the features are similar to the vehicle’s modelling which
also have utilities in three aspects, RY . . RP R? s and R? However, there are still

safe’ **nom ° com rule*
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some minor differences. For R, , the minimum gap [} is not considered. For Rl ., since
a point-mass model is being implemented for the pedestrians modelling, instead of considering
minimizing acceleration and steering angle, this model considers minimizing the acceleration in
the  and y axis. Finally, similar to driver’s utility function (3.3), K f’. ) is the coefficient of the

pedestrians’ features.

However, in real-world application, different TPs might behaves differently in similar sce-
nario due to various behavioral characters as well as behavioral style. Therefore, implementing a
uniform model could be less efficient to represent realistic TP behavioral models. Therefore by
setting the parameters of the utility functions closer to reality is necessary, which is presented in
Chapter 4. Additionally, in order to cooperate traffic rule into the game-theory game formulation,
the utility function includes the traffic rule adherence feature R’ ,, which will be explained in
further detail in Chapter 5.

3.3 Game solving

3.3.1 Solving the LQ game

After the dynamic used for path generation are defined and the utilities are formulated to repre-
sent realistic TP models. Then the game could be solved in an feedback format iteratively. To
better demonstrate the process of the game solver, each step made in one iteration is explained
in further detail in this subsection.

Nominal trajectories generation

As briefly explained in Chapter 3.2, the first step of solving the game is to generate nominal
(initial) trajectories for the players given their initial states and control input. More specifically,
given the initial position, speed, heading angle (state(0)) of the players at time 0, also apply the
corresponding dynamics of each player for time horizon 7’ given the feedback control sequential
strategies yf ~!, the trajectories of each player can be obtained and are presented as the states and
the inputs for each player from ¢ = 0 to ¢ = 7. It is worth noticing that the in the first iteration,
the initial policy is generated from scratch, it could either be no change of action (maintain
current speed) or the strategies could be generated considering traffic rules and the TP accelerate
or decelerate.
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Dynamics linearlization

After the trajectories are obtained with the states and control input along the time sequence
through the nonlinear dynamics (5-D kinematic bicycle model or point mass model), however,
dealing with nonlinear system is very time consuming, therefore to generate dynamic matrices
that linearly represent the nonlinear system is very critical. In this algorithm, Jacobian lineariza-
tion [93] is used. That it is assumed that the original system follows:

2(t) = f((t), u(t)) (3.12)
where z is the states and w is the input. Instead of finding the linear system representing x(t) and

u(t), the linear relationship between the different values of the origin and the obtained states and
input

(3.13)

can be found, which is presented as:
0u(t) = Ad,(t) + Bo,(t) (3.14)
o=z € R"" and B = 8—1{ 2=z € R™ ™, It is demonstrated in [93] that when

0, and ¢, are “small" then the linearlization holds. For discrete systems, the approximation is a
little different where the system dynamics could be represented by:

x[k + 1] = e*"x[k] + A™' (e*" —I) Bulk]. (3.15)
Thus, the new “A" is now ¢*” and the new “B"is A~! (¢4 —I) B.

Using the Jacobian linearization method, the system could be linearized. Instead of comput-
ing the direct linear relationships between the states and the input, the linear relation between the
difference from the future state and current, and future input and current input is obtained:

6z (t) ~ ) + Z B;(t)du;(t)

where A = a—f

where:
dz(t) = x(t) — 2(t) (3.16)
du;(t) = u;(t) — ()
A(t) = Daf (t,2(t), tr.n(t))
Bi(t) = Dq, f (t, (1), t1:n(1))
x(t) are the current states and z(¢) represents the initial states. w;(t) are the inputs of the current

states of the " player, and 4;(¢) are the initial input of the i’ player. A(t) and B(t) are the
Jacobian matrix according to the current state and current input accordingly.
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Quadratic costs formulation

Next, the utility functions of the players are approximated to be able to be formalized into
quadratic forms. The quadratic approximation is a more in-depth approximation compared to
linear approximation. Given the second-order Taylor expansion of the utility functions g(z, u;, k)
of TPs in (3.3):

g(x 4+ dr,u;(0:T), k) ~
9(x,u;(0: T), k) + Va'dz + 0.5h;(7) - (da" Hygdw + Y du;(0 = T)" Hoy0:1yu, 0y dua(0 : T))

(3.17)
where [ stands for the Hessian of the cost function g according to states = and input of the ¢ th
player from time step O to 7". Given this, the quadratic form could be found. For each player
i, set Vo = [;, H,, = @Q; and H,;u; = Rij, where 7 is not only the index of players but also
the column of the L(k), Q(k) and R(k) matrices, which is the L, ) and R matrices at time k.
Given this, at time £, for player ¢, the utility function can be expressed as:

g(s+0s,ur.n(k) + dui.n(k), k)

~ gs, (k). k) + %hm) (k) - Qu(t) - 5s(k)T + ha(y) - 55(k)T - (k)

b5 3 B ) -Gy (k) (Ry(k) - day (k) + 20y (k).
]

JEIN

(3.18)

where [;(t) is the gradient vector D;g;, 75 is the gradient vector Da; g;. (); and R;; represent the
Hessians D3, g; and ngﬁj g;. % indicates the number of players, and N denotes the total number
of players. At each time frame, the cost of each player is calculated and given its states at that
time frame, the gradient and Hessian matrices can be calculated. Stacking these vectors and
matrices of all the players will provide us with the column of the quadratic parameters for time
frame £k, that is, the L(k), Q(k) R(k) matrices. By stacking L(k), Q(k) R(k) matrices of all
the time frames, we can obtain the quadratic cost matrices of L, () and R accordingly. h(y) €
H () is the behavioral factor of each traffic participant, which is the traffic rule parameter. The
behavioral factor decreases as the behavioral parameter (right-of-way) increases within the range
of (—0.25,0.25). When the behavioral parameter is negative, the behavioral factor is greater than
1; otherwise, it is smaller than 1. More detailed description of how the traffic rule parameter
influence the game formulation given right-fo-way as a bridge will be explained in more detail
in Chapter 5.
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Solve LQ game

From here, the non-linear multi-robot decision-making problem is derived into a finite-horizon
LQ game. This kind of problem could be solved mathematically using the coupled Riccati dif-
ferential equations. It is demonstrated in [94] that the feedback-loop strategy of each vehicle in

the game is:

i (t,a(t) = wit) — Pf(t)ox(t) — o (t) (3.19)
where 7% (¢, z(t)) represents the feedback strategy of each player that enables the system to reach
feedback Nash equilibrium of the game. PF(t) € R™*" are the gains of the states and of(t) €

7

R™: are the affine terms. These terms could be determined by (3.20) and (3.21) [94]:

o

Dk | pkToktlpk) bk | pET oktl 2k Dk
(Rii+Bi Z; Bi)Pi+Bi Z; ZBJ'PJ'

j#i (3.20)

(1‘%; +J§§T§§“féf) &4 BETZEYT BRGH
i (3.21)

where o is the number of iterations of the solution, and 7 and j are the indices of one traffic

o
participant and its surrounding traffic participant, R ¥ is the Hessian matrix of the the utility with
respect to the input a. The two matrices Z and ( are calculated iteratively using (3.22):

Sk kT o k+l ;mk kT hk Dk | Ak
jEN

Ok kT [ Tk+1 |, Skl 0k kT ok Ok
(F=F (gi + 27} 5)+ZPJ. REGY,

JEN

(3.22)

] o o o o o o o
EA Ak kEpk kA 2k kTS k -k k ;
where F'* = A > en BiPiand B* = ¢ > Bi aj. (" and Z" are calculated in a

JEN
o o o
inverse iterative manner by setting ( X' = 0 and Z ™t = Q K.
o o
Given values of ( ZK *land Z ZK +1 which is ¢ and Z at time step K + 1, the values of these
parameters for the rest of the horizon k& could be calculated in an inverse manner using (3.22).

Then given these (s and Zs as well as initial guess of P; which is other traffic participants’
feedback parameter, the feedback parameters of the ith traffic participant P; and «; could be
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calculated using (3.20) and (3.21). Putting P; and «; back into (3.19), provides the feedback
strategy for traffic participant ¢. Each traffic participant’s feedback strategy could be generated
in this manner at iteration o = 1 (where the guessed strategy is o = 0).

Then, the strategy from the previous iteration is adjusted towards the new strategy in this
iteration to create a mixed strategy for evaluation. This mixed strategy is then executed, and the
corresponding behaviors of the traffic participants are evaluated using the utility function. If the
utility of this iteration differs significantly from the previous one, the strategies are regenerated
in the same manner until the utility evaluated from that policy converges. In this manner, the
strategies of all traffic participants collectively lead to Nash equilibrium for the strong interaction
decision-making problem. More detailed description of the iterative linear quadratic differential
game solving algorithm could be found in [94].

The use of line search (small step) towards optimal in an iterative manner to decrease cost
and gradually converges to a stable solution is the key difference between iLQ game and other
LQ game methods. However, doing a line search in a non-cooperative game may not lead to
optimal result, since the convexity may not always hold and the solution that is “closer” to the
optimal action may not be accordingly “closer” to the lowest cost. As the result, with most of
the other local search methods in games, the algorithm may not provide optimal result for any
starting states of the players. However, it is found in [95] that the algorithm could converge (cost
of the game decreasing) by using a constant and small step size, which showed the applicability
of the algorithm.

3.4 Conclusion

In this chapter, the strong-interaction decision making and planning problem formulation is
demonstrated. General-sum non-cooperative differential game has shown the potential to repre-
sent the interaction between TPs in an urban driving scenario. The differential game formulation
transfer the dynamic game into a optimization problem, and the optimal point of the problem is
also the Nash equilibrium of the game. The utility designed for each traffic participant repre-
sent realistic behavioral characters of TP, as well as traffic rule adherence. The problem solving
is under a iterative format, stepping towards optimal until the ego vehicle’s strategy converges.
The utility set up and the problem solving which considers behavioral characters and traffic rule
adherence will be explained in further detail in the next chapters.
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Chapter 4

Traffic participant behavioral model and
estimation

4.1 Introduction

Understanding the realistic behavioral model of traffic participants TPs is crucial for analyzing
strong interactions between ego vehicles and their surrounding TPs. In the research presented in
this thesis, the interaction among TPs is formulated using the iLQ game model, which incorpo-
rates the behavioral model of TPs through utility functions. Therefore, extracting key features of
TPs and implementing them in their utility functions could enhance the representation of the re-
alistic characteristics of TPs. This chapter endeavors to develop more realistic behavioral models
by analyzing real-world naturalistic human behavior datasets and extracting interactive behaviors
and characteristics from the interactions of TPs in real-life scenarios.

4.2 Realistic interaction behavioral analysis and modeling

The interactive behavior model of a TP is a key aspect in considering strong interactions between
TPs in urban driving scenarios. However, extracting the interactive behavior model can be chal-
lenging due to the diverse behaviors exhibited by different types of TPs. Developing a universal
behavioral model is particularly difficult. Additionally, the interactions between TPs are often
implicit, making it challenging to represent their interactive nature in urban scenarios. Further-
more, various TPs may adopt different behavioral strategies in the same scenario due to their
individual behavioral characteristics. Therefore, representing these behavioral characteristics is
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Figure 4.1: Selected scenarios in the INTERACTION dataset [96]

critical. However, defining behavioral characters is often more intuitive than providing specific
and numerous classifications.

In real-world scenarios, the behavioral traits of TPs are often implicit, influenced by factors
such as individual mental characteristics (e.g., anxiety) or specific events (e.g., being late for
work). However, inferring behavioral traits directly from these factors is impractical. Instead,
behavioral traits are deduced from another perspective: by initially examining the explicit fea-
tures exhibited by various types of TPs, and then extrapolating behavioral traits based on these
features.

In urban driving environments, one of the most crucial behavioral traits that impacts the
interaction among TPs is the level of aggressiveness exhibited by a TP. Given the diversity among
different types of traffic participants, varying levels of aggressiveness are observed. Thus, to
accurately portray this diversity in behavioral styles and define TPs with more realistic features, a
real-world naturalistic urban intersection dataset is utilized for evaluation in aiding the behavioral
modeling of TPs. The dataset used for behavioral character classification and identification is the
INTERACTION dataset [96] which records the naturalistic TPs’ trajectories in various kind of
highly interactive driving scenarios which include irregular intersections.

The stereoscopic representation of a typical intersection of the dataset is presented in Fig-
ure 4.1. The difference and irregular shape of the intersection enables more generalized driving
behavior observation. Additionally, the dataset includes a wide range of traffic behavior of dif-
ferent types of TPs, i.e., left-turning vehicle yielding to oncoming traffic; vehicle yielding to
pedestrians; right-turning vehicle yield to pedestrians, etc. Therefore, provides sufficient evalua-
tion source to make more generalized driving behavior observation.

All scenarios in the dataset were utilized for extracting and evaluating driving behavior based
on their corresponding position and speed profiles. To identify interactive behaviors between
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Figure 4.2: Traffic participants’ minimum distances distribution

TPs, trajectories were initially extracted over time. Fig. 4.2 is a demonstration of the trajectories
being extracted from a typical urban scenario in the dataset, which includes multiple T-shaped
intersections without traffic lights.

The black lines represent the boundaries of the road, while the dashed lines indicate interior
boundaries and lane guidelines. The colored curves and gray lines depict vehicle trajectories
within the scenario, with colored curves representing left-turning trajectories and gray curves
representing other trajectories.

From these trajectories over time, features of turning point (TPo)s can be derived. This study
extracts both non-interactive and interactive features from the dataset. Non-interactive features
encompass nominal attributes such as nominal speed, while interactive behavior features include
metrics like minimum distance between traffic participants and accepted gap between left-turning
vehicles and oncoming traffic.

Non-interactive behaviors extraction and analysis

One crucial feature of non-interactive behaviors is the nominal speed, which is derived from these
behaviors. Consequently, interactive left-turning trajectories are filtered out from the dataset.

We make a bold yet rational assumption that non-interactive drivers do not engage in hard
braking. For instance, if a scenario involves a left-turning vehicle decelerating at a rate exceeding
2.5 m/s? it is considered an interactive scenario.
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Figure 4.3: Traffic participants’ speed profiles and distribution of maximum speed

Once the non-interactive behaviors are filtered out, speed profiles along all left-turning tra-
jectories are obtained and depicted in Fig. 4.3, with speed plotted against time. However, as each
trajectory operates for different durations, presenting speed profiles with varying time lengths
can obscure the information. To address this, we regulate the time duration for each trajectory

to a universal length, ensuring consistent presentation of all speed profiles within the same time
frame.

In the left sub-figure of Fig. 4.3, the grey and colored lines represent speed profiles over time,
while blue scattered dots denote maximum speeds, which correspond to the nominal speeds of
the vehicles.

The right-hand side sub-figure of Fig. 4.3 is the distribution of the maximum speed of the
left-turning behaviors, the figure shows that the nominal speed varies from 3 m/s to over 12
m/s and majorly lies in the 4 m/s - 8 m/s range. The oncoming speed profile are extracted in
the same way and the speed varies from 5 m/s to 12 m/s and majorly falls in the 6 m/s - 10
m/s range.
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Figure 4.4: Typical interactive left-turning scenarios: (a) left-turning vehicle passes the intersec-
tion first; (b) oncoming vehicle passes the intersection first
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4.2.1 Interactive behaviors extraction and analysis

To assess interactive behaviors and extract behavioral characteristics of TPos at intersections,
interactive driving scenarios were identified and evaluated. One significant interactive scenario
involves vehicle turning with TPos present.

Turning scenarios were thus extracted from the dataset. Figure 4.4 illustrates a typical inter-
active vehicle-turning scenario. The trajectories of drivers are represented by two polynomials,
with color along the trajectories indicating the time step of the TPo at each position. The color
bars on the right serve as time frame indicators, measured in milliseconds (ms). Blue hues along
the trajectories signify the beginning of the scenario, transitioning to yellow hues at the scenario’s
end. Pointers along the trajectory’s polynomials indicate the direction of vehicle movement. No-
tably, the trajectories of left-turning and oncoming vehicles overlap, indicating close proximity
and significant interaction.

Given that the data aim to capture realistic human-driver interactive behaviors, the extracted
interaction driving data should be inclusive for comprehensive analysis. For instance, scenarios
involving both left-turning vehicle yielding and oncoming vehicle yielding were considered and
extracted from the dataset, as depicted in Figure 4.4 (a) and (b).

As shown in Fig. 4.4 (a), left-turning vehicle passes the intersection earlier than the oncom-
ing vehicle, since, at the overlapping point, the time frame (indicated y color) of the left-turning
vehicle is smaller than the oncoming vehicle. Similarly, as shown in Fig. 4.4 (b), there are also
scenarios where the left-turning vehicle yield to the oncoming vehicle. All the related informa-
tion such as the vehicles’ speed, acceleration, heading angle, etc. are extracted from all these
scenarios.

Given these comprehensive information from the interactive scenarios, the interactive behav-
iors of human TPs could be extracted. By studying how human behave, and extracting corre-
sponding features which influence human drivers’ decision make and behavior accordingly, the
interactive behavioral model of TPs could be setup in a more realistic manner.

An effective approach to extracting and evaluating human behavior involves comparing dif-
ferent factors that contribute to various decisions and behaviors. At intersections, vehicle prece-
dence (e.g., whether a left-turning vehicle yields to oncoming traffic) is a conspicuous behavior,
readily identifiable for extracting corresponding features. Hence, typical scenarios involving
vehicles traversing intersections with interactions between left-turning vehicles are considered.
In these scenarios, precedence is determined by identifying points where left-turning vehicles
decide to yield or proceed first, while accounting for all relevant factors.

Identifying these decision-making points can be challenging as they are implicitly presented
in the scenario. Nevertheless, it is feasible to extrapolate from explicit behaviors. Therefore,
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Figure 4.5: Relative distance and speed of left-turning vehicle and oncoming vehicle at turning-
decision point

decision-making points are defined as the locations where left-turning vehicles begin to accel-
erate or decelerate before the heading angle starts to change to the left. These points and their
corresponding states—such as relative distance and speed between the ego vehicle and the on-
coming vehicle—are depicted in Fig. 4.5.

In the figure, dots represent decision points, defined as where left-turning vehicles commence
acceleration or deceleration before the heading angle changes to the left. Yellow and blue col-
ors correspond to scenarios where left-turning or oncoming vehicles pass the intersection first,
respectively. The x-axis and y-axis indicate the relative distance and speed between the two
vehicles.

The deep-blue shaded area represents instances where most left-turning vehicles yield to on-
coming vehicles, while the deep-yellow shaded area indicates scenarios where most left-turning
vehicles make the left turn first. The lightly-colored middle area encompasses situations where
both behaviors occur. This depiction illustrates the dataset’s richness, containing a substantial
number of scenarios with diverse precedence patterns of TPs. Moreover, the dataset encompasses
a significant amount of strong interactive data, as evidenced by the light-colored middle area in
the figure. Thus, the dataset includes a broad and well-distributed range of interaction scenarios.

With scenarios extracted from rich data, interaction characteristics can be derived. An essen-
tial feature for intersection interaction behaviors is the accepted gap, which is considered in this
paper in terms of time gap, specifically the time-to-collision (TTC) between the turning vehicle
and the going-straight vehicle. This time gap serves as a major indicator of the driver’s behav-
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Figure 4.6: Left-turning time gap distribution

ior style. For instance, if one left-turning vehicle makes a left turn under a 5-second gap while
another yields to the oncoming vehicle under a 5-second gap, the first vehicle is deemed more
aggressive than the second. This principle also applies to oncoming vehicles.

This phenomenon is illustrated in Fig.4.5, where subtracting relative distance from relative
speed yields an approximation of the TTC for each scenario. Despite similar TTC values in the
light-colored middle area of Fig.4.5, different left-turning vehicles make different decisions.

Since the accepted time gap is a major indicator of driver behavior style, trajectory sets
for left-turning and oncoming vehicles are extracted, and the time difference between the two
vehicles reaching the potential collision point (referred to as TTC) is calculated. This information
is presented in Fig. 4.6.

The figure illustrates the distribution of TTCs for all interaction sets. Orange bars represent
cases where the left-turning vehicle yields to the oncoming vehicle, while blue bars represent
cases where the oncoming vehicle yields to the left-turning vehicle.

Observing the figure, it’s apparent that a left-turning vehicle typically makes a left turn before
the oncoming vehicle if the time gap is around 10 seconds (£ 3 seconds) or larger. When the
time gap is less than 4 seconds, the left-turning vehicle yields. Between 4 to 8 seconds, both
driving behaviors occur. This figure demonstrates that drivers accept various minimum time
gaps, representing diverse driving styles.

Another crucial interactive feature is the minimum distance maintained between vehicles,
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Figure 4.7: Traffic participants’ minimum distances distribution

which serves as a key representation of different drivers’ behaviors. Scenarios where vehicles’
relative distance falls below a certain threshold (in this case, 13 meters) are extracted. Subse-
quently, the minimum distances of these scenarios are calculated and their distribution is pre-
sented in Fig. 4.7.

In the figure, the x-axis represents the minimum distance value, while the y-axis indicates
the distribution. It is evident from the figure that most vehicles maintain a minimum distance
ranging from around 4 to 9 meters.

4.2.2 Data-based behavior model estimation

As discussed in the previous sub-section, various 9TPo exhibit distinct behaviors in similar sce-
narios due to differing traffic behavioral styles. To integrate these styles into decision-making
frameworks, the ego vehicle must first identify them.

In real-world applications, traffic participants are unaware of each other’s driving styles.
Therefore, autonomous vehicles must accurately estimate the driving styles of other participants
to facilitate effective interaction.

One prominent feature indicating different driving styles is the accepted Time to Collision
(TTC). For instance, if one left-turning vehicle makes a left turn with a 5-second gap while
another yields to oncoming traffic with a 5-second gap, the former is deemed more aggressive
than the latter. This principle applies to oncoming vehicles as well.
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Thus, two features closely related to accepted TTC are considered for driving style estima-
tion. The autonomous ego vehicle utilizes speed and positions of surrounding traffic participants
to calculate TTC, subsequently making estimations based on this feature.

Ms - kttttc + kiittc if tmm < tttc < tma:p; (41)

where M, is the estimated driving style, t;;,. and {1 are the TTC and the change of TTC respec-
tively, k; and k; are constants, t,,,, and t,,;, are the estimation threshold of the the TTC. If the
TTC is out of the estimating range (too small or too large), e.g. if the TTC is too small, then no
matter what the driver’s character is, the autonomous vehicle needs to yield to the human driver.

Thus, the autonomous vehicle only estimates the human driver’s driving style if ¢ € (£min, tmaz)s
which decreases the computational load of the algorithm. The value of M, decides the aggres-
siveness of the human driver, the smaller the value is, the more aggressive the driver is, and vice
versa. For example, if the TTC (¢4.) is very large, and is increasing (tie > 0) throughout the left-
turning process, which means M is increasing, this indicates that the oncoming human driver is
conservative. Then the driving style characters mentioned above such as d,,,, d,, etc. will change
continuously according to M.

4.3 Utility function for realistic behavioral model

Given the extracted behavioral characters as well as the different behavioral style of various TPs
from the real-world traffic data, the more realistic behavioral models of TPs could be set using
these extracted behavioral characters.

The utility function of all TPs are presented with (3.3) in Chapter 3, which represents the
behavior model and indicates the preferred behavior of TPs on the road. However, this is still an
universal model which assumes one type of TP behaves identically. Which is not real, since in
the real world, every person have different characters. Therefore, to make the behavioral model
of each TP to be more realistic, different behavioral characters are added to the utility functions
considering driving style for vehicles and behavioral style for pedestrians and cyclists.

One of the main behavioral characters to describe a TP is the minimum safety distance they
would like to maintain among other TPs, which could be represented by the minimum distance
d,, in (3.5). That with more aggressive TPs, the minimum safe distance would be smaller, and
for conservative TPs the d,, is larger.

As presented in chapter 4.2.1, when interacting with other TPs, most vehicles have a min-
imum distance of 4m to 9m. This difference in the minimum distance is caused by various
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Table 4.1: Intervals of driving characters for various drivers

Aggressive Neutral Conservative

dm (m) <5 5-9 >0
dm (s) <4 4-8 > 8
s, (m/s) <6 6-10 > 10

driving style, therefore have a various cognition of minimum distance. A aggressive drivers will
get closer to other TPs (minimum distance less than 4 m), and the conservative drivers will stay
further to other TPs, (larger than 9 m).

For driver TPs, the TTC, also known as the accepted time gap is also a critical feature that
represent realistic TP’s behavioral model. As extracted from real-world data in Chapter 4.2.1, the
different range of accepted gap indicates various types of TPs from aggressive to conservative.
To represent more realistic behavioral characters, this accepted gap could be represented by d,
of R, in 3.4.

According to TTC extracted in Chapter 4.2.1, the majority of TTC falls in the 4 s to 8 s
range, therefore, aggressive driver have TTC less than 4 s and more conservative drivers have
TTC larger than 8 s.

The characters minimum safety distance and accepted gap represents the interactive charac-
ters of TPs. However, TPs’ behavioral characters could also be represented with other features
and aspects. The nominal speed also plays an important role in describing the characters and
style of a TP. Which could be represented in s,, of R in (3.8).

The non-interactive trajectories’ speed profiles extracted in chapter 4.2.1 (presented in Fig. 4.3)
shows that the majority turning vehicles have a nominal speed between 4 m/s - 8 m/s. While
most straight running vehicle has nominal speed ranged in the 6 m/s - 10 m/s domain. Given
this observation, the driving behavioral style could be extracted in an intuitive manner, that at
strong-interactive intersections, for conservative drivers, the nominal speed is smaller than 4
m/s, and for aggressive drivers, the nominal speed is larger than 10 m/s.

Table 4.1 concludes the previous mentioned critical features that represent TPs with different
behavioral characters, which are the minimum distance the minimum time gap and the nominal
speed for conservative drivers to aggressive drivers. The features are designed in a continuous
way. The word "Neutral" here does not mean purely neutral but indicates that the driver is “in-
between" the most aggressive and conservative styles.

After the behavioral characters and style are identified from the data-based behavior model
estimation model presented in Chapter 4.2.2, these realistic variance of behavioral characters
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could be added into the model, the applied parameters’ intervals could then be put into the utility
function.

To consider more realistic driving behaviors during urban driving, other behavioral parame-
ters are also set as closely as possible with real-world traffic rules and naturalistic driving behav-
iors. For example, the maximum speed is extracted from the traffic rule and regulations.

Finally, the ratio parameters K} in (3.3) can also represent various driving behaviors, how-
ever, they are implicitly presented in driving data and would be very difficult to find the exact
values that represent fully natural driving characters. Therefore, these parameters are defined
through common knowledge and expert driver experience. The safety feature ratios are set to the
highest values because safety should be the first priority while driving. The ratios for nominal
path and speed cost features are set to smaller values. The ratios for comfort riding features are
defined on the smallest scale.

4.4 Conclusion

In this chapter, various TPs’ behavioral characteristics were extracted and identified from a real-
world driving dataset. The key features distinguishing aggressive, conservative, and relatively
neutral TPs were classified in a numerical and explicit manner. Additionally, a method for infer-
ring TPs’ behavioral styles from real-time driving behaviors was presented.

Finally, leveraging the estimated behavioral styles, the dynamics of the TPs were modeled,
and a more realistic behavioral model was established considering behavioral styles. This model
was constructed using the features extracted from the real-world dataset and implemented in the
utility functions.
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Chapter 5

Traffic rule

5.1 Introduction

To better formulate interaction behaviors in urban driving, traffic rules also need to be considered
during the interaction process. The traffic rules provide a reference for the precedence of TPs,
which allows for a more realistic interaction formulation. In order to consider this traffic rule
adherence feature in the interaction process, the right-of-way of different TPs is considered as
the bridge to connect the game formulation and the traffic rules. In this chapter, the traffic rule
extraction method is proposed, and the way the traffic rule is integrated into the game is also
demonstrated.

5.2 Traffic rule extraction

Traffic rules are a fundamental component of safe and efficient driving for autonomous vehicles.
Under interactive urban driving scenarios, behavior is less predictable, and the behaviors of TPs
influence each other. With the presence of traffic rules, the behaviors of TPs could be estimated
by inferring the precedence from traffic rules. This decreases the level of uncertainties and also
makes the interaction less intense.

However, interpreting traffic rules into decision-making frameworks can be challenging due
to their ambiguity and rapidly changing nature in complex traffic scenarios. The proposed frame-
work addresses this challenge by extracting right-of-ways from the positions and types of traf-
fic participants and translating these right-of-ways into behavior parameters for the differential
game.
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Figure 5.1: Scenario with complex traffic rule
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Figure 5.2: Parameterized traffic rule extraction model

In real-world driving scenarios, traffic rules can range from definite and clear instructions,
such as vehicles stopping at red traffic lights or yielding to pedestrians on the crosswalk, where
the TPs have clear precedence as well as the right-of-way. In these cases, the ego vehicle needs to
stop and yield to some other TPs. In other scenarios, the right-of-way generated from the traffic
rule is clear; however, the precedence is uncertain, such as intersection left-turning with oncom-
ing traffic and intersections with yield signs, where the left-turning vehicle should yield to the
oncoming traffic but may still pass the intersection first. Finally, there are more scenarios where
traffic rules do not decide both the right-of-way and precedence of TPs, such as uncontrolled
intersections, where the right-of-ways are equal for all TPs, and the interaction is strong.

To effectively interpret both definite and indefinite precedence from traffic rules in urban
driving, the extraction of right-of-way is essential to adapt to this complexity. The extracted right-
of-way includes absolute high or low, as well as relative high or low right-of-way, corresponding
to the definite and indefinite precedence from traffic rules. Proper extraction of right-of-way for
different traffic participants necessitates consideration of their type, location, and the specific
traffic scenario.
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For instance, pedestrians and cyclists on or near the road are assigned the highest right-of-
way, while vehicles on the side of the road with a yield sign have lower right-of-way compared
to those on the main road.

Before the decision-making system starts extracting right-of-ways for each TP, the number
of TPs at an intersection needs to be constrained into a smaller size. Since the right-of-way of
some TPs is related to the behavior of other TPs, and in some cases, the right-of-way of the TPs
is hard to accurately assign due to the long-term action estimation. For example, at an all-way
stop intersection with multiple TPs, as presented in Fig. 5.1, the right-of-way of TPs could be
very vague and rapidly evolving. As presented in the figure, the ego vehicle is the one with the
index "ego", and the rest of the vehicles labeled with numbers are human-driven vehicles.

In this scenario, the right-of-way and the corresponding precedence of vehicles number 5-7
are mainly related to the behaviors of vehicles number 1-4, since only when the vehicle in front
of the line passes the intersection, the ones at the back may pass. Where the behaviors of the
vehicles in front of the queue are hard to estimate, making the right-of-way hard to estimate
already. Therefore, the inference of the right-of-way and the corresponding precedence of the
vehicle at the back of the line of an all-way-stop-sign intersection is very complicated and may
possibly be inaccurate.

Additionally, the ego vehicle will only be having strong interactions with the vehicle readying
to pull into the intersection or the ones already pulled into the intersection. Thus, at intersection
scenarios, the framework only considers the vehicle at the front of the line on each side of the
road, the rest of the vehicles that are having lower possibility of interaction with the ego vehicle
are considered for right-of-way assignment. For pedestrians as well as cyclists under the ego
vehicle’s sensor system, they are also considered as strong interaction TP, disregarding their
position at the intersection.

Then, given the vehicles that are interacting with the ego vehicle, as well as cyclists and
pedestrians, the right-of-way could be assigned to them. In this proposed framework, two critical
features were used to infer the right-of-way, which are the type of the TP as well as the type of
the traffic scenario along with the position relation of the TPs.

The type of these TPs is first considered in generating the right-of-ways. In everyday driving,
regarding traffic rules as well as ethical standards, even if a pedestrian is violating traffic rules
and not following the proper traffic rule, the vehicles on the road should still try their best to
yield to the pedestrian and take it as if the pedestrian has the highest right-of-way. Therefore, the
pedestrians and cyclists are assigned to have absolute high right-of-way despite the scenario and
right-of-way generating from traffic rules. All other traffic participants are categorized as having
relative high, low, or neutral right-of-way.

Next, the traffic scenario also needs to consider the traffic rule regarding the traffic scenario
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Table 5.1: ROW extraction from parameterized traffic scenario

Ego Vehl Veh2  Ped Cyc
E1-S N2-S \ E3 SO
4-way stop sign Neu AbsL \ AbsH Neu

0 -1 \ 1 0
Uncontrolled E1-S W2-L N2-R S3 N3
H L L AbsH AbsH
0.05 —-0.1 -0.1 1 1
WE stop sign E1-S NI1-S \ N3 SO
AbsL Neu \ AbsH Neu
-1 0 \ 1 0
) . 1-S NI1-S \ N3 SO
WE yield sign — H \ AbsH Neu
—0.05 0.05 \ 1 0

all the TPs are in. For example, in an uncontrolled intersection where there is no designated
main road, each vehicle is able to pass the intersection when it is able and according to traffic
law does not mandatory have to yield to any other vehicles. In these traffic scenarios, all vehicles
are assigned the equal right-of-way. Conversely, in a controlled intersection with traffic lights,
vehicles on lanes with a red light are assigned absolute low right-of-way. Among vehicles on
lanes with a green light, those proceeding straight are given relative high right-of-way, while
those making left or right turns are assigned relative lower right-of-way.

In an intersection with a yield sign, where one way is designated as the main road and the
other as the secondary road, vehicles on the main road are assigned higher right-of-way than
those on the secondary road. At an all-way stop sign intersection, right-of-way is assigned based
on the distance of each vehicle to the stop line. The vehicle closest to the stop line is set as having
neutral right-of-way, while the rest of the vehicles are assigned absolute low right-of-way.

To illustrate the extraction of right-of-way for different traffic participants, various possible
traffic scenarios are presented in this section in Fig.5.2, along with the extracted right-of-way
shown in Table5.1. These scenarios are depicted using Fig. 5.2, where "N", "W", "S", and "E"
denote the sides of the road at the intersection, and the dash-contour blocks labeled with numbers
0 to 3 represent the potential positions of each traffic participant.

The corresponding Table 5.1 describes the scenario, where the first column indicates the
traffic environment, e.g., all-way stop sign intersection and uncontrolled intersection. For each
traffic environment, the first row indicates the position and predicted future path of each traffic
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participant, e.g., the ego vehicle in the first 4-way stop sign environment is at the east side of
the intersection at the block with number 1 on it (ones closer to the stop line.). The second
and third rows represent the corresponding right-of-way and behavioral parameters, respectively.
Subsequent columns indicate the other traffic participants, including the ego vehicle, human-
driven vehicle 1, human-driven vehicle 2, pedestrian, and cyclist.

In the first traffic environment described in Table 5.1, which is a 4-way stop sign intersection,
the pedestrian is assigned absolute high right-of-way as it is on the intersection crosswalk on the
east side of the intersection. The cyclist is designated as having neutral right-of-way since it is
not within the intersection drivable space. Vehicle 1, being farther from the stop line than the ego
vehicle, has its right-of-way assigned as absolute low, while the ego vehicle is set as neutral.

In the second uncontrolled intersection scenario, the right-of-ways for vehicles are deter-
mined by their distance to the stop line. Vehicles 1 and 2, located in section 2 of the road and
farther from the stop line, are assigned relative low right-of-way, while the ego vehicle, posi-
tioned in section 1 of the road closer to the stop line, has relative high right-of-way. The cyclist
and pedestrian are granted absolute high right-of-way as they are both on the crosswalk.

For the remaining two traffic environments presented in Table 5.1, which include scenarios
with stop signs and yield signs on the WE-side of the road, similar methods can be employed to
assign right-of-way.

After extracting the right-of-way of each traffic participant, the behaviors of the TPs are esti-
mated to follow the right-of-ways and at certain scenarios with absolute different right-of-ways
have a more definite precedence of the TPs. However, the right-of-way is more of a verbalized
concept, which is hard to implement in the decision-making framework. In order to transfer this
right-of-way and corresponding possible precedence into the behavior of the TPs, they are then
converted into behavioral parameters that the game-theory-based decision-making framework
can utilize to generate behaviors while considering traffic rules. The behavioral parameters, de-
noted as 7, are set under a continuous and numerical manner. It is also unified to range from -1 to
1 to consider the difference of all TPs with various right-of-way in the same model, where 1 cor-
responds to traffic participants with absolute high right-of-way, and -1 corresponds to absolute
low right-of-way.

For traffic participants with relative high or low right-of-way, their behavioral parameters are
mapped between -0.25 and 0.25. In general intersection scenarios, behavioral parameters are
assigned based on the distance from the vehicle to the stop line in a discrete manner with a step
of 0.05. The behavioral parameters for vehicles with relative high right-of-way are positive and
increase as they approach the intersection, while those for vehicles with relative low right-of-way
are negative and increase as they approach the intersection.
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([4u],  if ROW = H
—[das],if ROW = L
BP =< 1, if ROW = Abs H , (5.1)
—1, if ROW = Abs L
0, if ROW = Neu

(5.1) demonstrates how the right-of-way is transferred into behavior parameters. B P indi-
cates the behavior parameter, ROW indicates the right-of-way, dy;; indicates the distance from
the vehicle to the intersection stop line, while d;.,, indicates the length of each road section pre-
sented in Fig. 5.2(e.g., length of part “1"), for each vehicle, the behavior parameter is calculated
by rounding the value of %.

Through (5.1), behavior parameters can be computed and are presented in the third row of
each scenario in Table 5.1. A more detailed explanation of how the behavior parameters influence
the decision-making framework will be provided in the next section.

5.3 Implement right-of-way into decision-making framework

Given the right-of-way and its corresponding behavioral parameters B Ps extracted from the
traffic rule in urban driving scenarios, the traffic participants are assumed to follow these right-
of-way to adhere to traffic rules. Therefore, in order to represent the behavior of traffic rule
adherence of TPs, the behavior parameters B Ps are merged into the game formulation as well
as game solving.

In game formulation, the utility functions represent the preference of behaviors of the TPs.
Therefore, to represent the traffic adherence feature, (3.11) in Chapter 3.2 is set as one of the rule-
adherence features. This feature represents vehicles trying to follow the drivable space generated
from the traffic rule as well as the topology of the road.

The drivable space is the possible operating space where the future path of the vehicle could
be planned. When there are no traffic rules constraining the drivable space of the ego vehicle,
the drivable space is the area where the ego vehicle can safely operate, it is generated using the
nominal path as the center line within the planning horizon. However, when there are constraints
from the traffic rule, the part of the drivable space violating traffic rules will be deleted. For
example, if the vehicle has to stop for a red traffic light, then the part of the drivable space that is
passing the stop line is deleted.
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Fig. 5.3 is a demonstration of the drivable space of the ego vehicle (blue) driving at an all-way
stop sign intersection. In the scenario presented in sub-figure (a), the red vehicle on the right stops
at the stop sign first; therefore, the ego vehicle has to stop in front of the stop sign according to the
traffic rule. Therefore, the drivable space is constrained from the ego vehicle’s current position
to the stop line, which is presented as the white rectangle in the figure. In sub-figure (b), the
ego vehicle stops at the stop sign and has no constraints from traffic rules; therefore, the drivable
space is the space assuming the vehicle driving at speed limit in the planning horizon.

The utility R, detects if the vehicle’s planned path exceeds the drivable space by comparing
the length of the ego vehicle’s planned path along the center of the road and the length of the
drivable space. If the planned path exceeds the drivable space, a large cost will be generated as a
penalty.

Additionally, the traffic rule is also considered in game formulation. As proposed in Chap-
ter 3, when solving the game, the behaviors of the surrounding TPs are estimated given their
utility functions. In urban driving, the TPs are assumed to follow the traffic rule and yield to TPs
having higher right-of-ways. This feature could be represented by modifying the utilities that are
used for game formulation, which also influence the solving of the game.

The TPs with higher right-of-way will assume others will follow the traffic rule, therefore
are less focused on maintaining safe distance than the TPs having lower right-of-way. This
feature could be presented by modifying the L, (), and R matrices of the quadraticized utility
functions of TPs presented in Equation (3.18). A larger L and () matrices provide larger costs
for TPs deviating from the current states (i.e., having a larger ds in Equation (3.18)). While
decreasing the R matrix decreases the utilities of generating strategies with more actions (e.g.,
larger acceleration to increase speed), which indicates that when possible collision presents, the
TP will be less likely to change their initial policy (nominal policy) to yield to other TPs.

The modified L, (), and R matrices represent a more dominant behavior while interacting
with other TPs, which allows the ego vehicle to better estimate the behaviors of other TPs dur-
ing strong interaction scenarios. By applying an affine behavioral factor h;(y) € H(y) over
these matrices as presented in Equation (5.2), the TPs’ traffic-rule adherence tendency could be
established.

However, for TPs with different levels of right-of-way, the level of domination of behavior
varies. Therefore, the scale of the behavioral factor needs to be bridged with the right-of-way in
order to represent different kinds of behavior regarding various traffic rules.

The scaling relation between right-of-way and behavioral factor is defined and is presented
in Equation (5.2), where H () denotes the behavioral factor vector, which includes the behav-
ioral factor h() of each traffic participant, and ~ represents its behavioral parameter vector.
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(a) Drivable space with constrains (b) Drivable space without constrains

Figure 5.3: Derivable space with regarding to traffic rule

The behavioral factor decreases as the right-of-way increases within its preset range, which is
(—0.25,0.25).

hi(7)
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Given this setup, when the TP is at relative high (right-of-way ranged from 0 to 0.25), the
behavioral factor ranges from 1 to 0.675. For example, at an uncontrolled intersection with
all TPs having neutral right-of-ways (0), the behavioral factor could be calculated as 1 using
Equation (5.2). Therefore, the corresponding L, (), and R matrices are at their original value,
which indicates that no TP behaves dominantly. In another case, at an intersection with one TP
having relative high right-of-way, the behavioral factor decreases, which leads to larger L and
() matrices and smaller R matrix, leading to more dominant behaviors. For TPs with relative
lower right-of-way, the implementation of the behavioral factor will represent the less dominant
behavior of the vehicle according to traffic rules.

After the game is formulated considering traffic rule using right-of-way as the bridge, the
proposed framework also considers traffic rules while solving the game. Given the nature of the
iLQ game, the game is solved given the nominal paths and speed profiles, then the players update
their strategies in an iterative manner until the strategies converge. The initial strategy when
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not considering traffic rule is a neutral strategy, which means not changing the speed or path.
However, since the linearization of the game is done using Taylor expansion, which assumes ds is
small enough, in each iteration, the change of strategy is small, and it takes a lot of iterations until
the strategy converges. This influences the real-time performance of the proposed framework.

However, given the traffic rule and the corresponding right-of-way, the behaviors of the sur-
rounding TPs could be better estimated. Therefore, the initial strategy could be estimated given
the precedents of TPs given the right-of-ways. For example, at an all-way stop intersection, the
vehicle stopped and having a high right-of-way may behave more dominantly, and the TPs that
haven’t stopped having relative low right-of-way may tend to decelerate and yield to the traffic.
Given this nature, the initial strategy is generated considering the behavioral factor generated
from the right-of-way.

Specifically, the vehicles’ acceleration for the first five time steps is set to the same value
as the behavioral parameters. For example, if a vehicle has a relatively low right-of-way and a
behavioral parameter of -0.03, its initial policy’s acceleration for the first time step is -0.05 m /s
It’s important to note that if the future speed generated from the initial policy is less than 0 m/s
or exceeds the speed limit, the initial policy becomes an inaction policy.

For pedestrians or cyclists, if their behavioral parameter is 0, the initial policy is set to an
inaction policy. If they have an absolute high right-of-way (i.e., their behavioral parameter is
1), the acceleration of the initial policy for the first five time steps is set to 0.01 m/s*. With
this setup, the initial policy is capable of incorporating the precedence of traffic participants
according to traffic rules. In most cases, the initial policy is closer to optimal compared to an
inaction initial policy.

5.4 Conclusion

At strong interactive scenarios, the traffic rule is a good reference to infer the behavior of the
surrounding TPs and to generate strategies accordingly. In this chapter, the traffic rule is extracted
from the road geometry as well as traffic signs, e.g., stop signs, yield signs. The right-of-way and
corresponding behavioral parameter extraction model is proposed, and the extracted behavioral
parameter is the bridge connecting the traffic rule into the behavior preference of TPs following
traffic rule. Then the game could be formulated considering traffic rule. In order to improve the
real-time performance of the proposed framework, the game solving also considers the traffic
rule by generating initial strategy given the extracted right-of-way. By considering traffic rule in
the game, the ego vehicle is able to make more reasonable decisions in a timely manner.
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Chapter 6

Real-world vehicle implementation

6.1 Introduction

The decision-making and planning framework is formulated into an iLQ game in order to con-
sider strong interaction among TPs. A more realistic behavioral model, as well as a traffic-rule-
based iLQ game formulation and solving, are also implemented to allow the ego vehicle to make
sound decisions in real time. To further verify the effectiveness of the decision-making and plan-
ning framework, it is implemented on a real-world full-size vehicle. The hardware and software
setup of the vehicle are introduced, and the relative modifications for a more real-world-related
setup and improvement are also demonstrated in this chapter.

6.2 Self-driving vehicle setup

The full-size self-driving vehicle is a shuttle bus that operates on the university campus, as shown
in Fig. 6.1. This bus can operate in fully autonomous mode on the campus’s ring road. The
self-driving system’s hardware structure of the shuttle bus follows a hierarchical format, which
includes the perception layer, the decision-making layer, as well as the control layer.

The perception system is based on multiple sensors collaborating together in real time to
provide positions and classifications of the surrounding TPs, as well as geometry information
and the location and size of static objects on the road. This perception system also generates
localization information to identify the position and direction of the shuttle bus itself.
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Side LIDAR

Figure 6.1: Self-driving shuttle bus hardware setup [97]
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The perception system generates perception information by fusing multiple sensoring infor-
mation from multiple sensors. As presented in Fig. 6.1, the self-driving shuttle bus is equipped
with 3.2MP Basler Ace cameras on the side and front of the shuttle bus. The bus is also equipped
with powerful 32-channel Robosense LiDARs, accompanied by an Applanix POS LVX GNSS,
and 2 Continental ARS408-21 Radars to sense abundant sensing information [97].

Each type of perception sensor receives sensoring information individually. The Cameras
use YOLOV4 [98], which acts as a real-time object detector, enhancing accuracy and speed. The
domain-specific training data were collected from the campus environment using ROS packages.

The LiDAR detects objects under various weather conditions where cameras are less effi-
cient, such as snowy weather. The point clouds detected from multiple LiDARs are segmented
into ground points with augmentation from the High-definition map for accurate road surface
estimation. Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [99] algo-
rithm is used to cluster objects and TPs in the environment, such as pedestrians and road signs,
etc.

Radar-based perception provides strong results in scenarios with poor visibility. It is also
able to detect objects that are relatively far away and distinguish moving objects from stationary
objects. The bus has a custom tracking algorithm which estimates object velocities and paths,
enhancing anticipatory driving.

To take advantage of each type of sensor to enhance the perception quality, a late fusion
strategy was proposed to combine sensing outputs from cameras, LiIDAR, and radar, and create a
clear 3D representation of the environment. Combining the sensing information together aligns
detection results and reduces errors coming from sensors that are not performing at their best due
to application scenarios, improving the overall accuracy of the perception quality and reliability
in various weather conditions.

This is verified in the real-world traffic environment, which is presented in Fig. 6.2. The left
side sub-figures show the sensed TPs, and the right side sub-figures are the traffic scenarios on
the road sensed from a camera. It could be seen from the figure that the object is successfully
detected and shown as a green box even under extreme weather conditions.

The perception system is also capable of generating localization information, as precise po-
sitioning is crucial for the bus to operate safely in different weather conditions. This localiza-
tion information includes current position information in the Cartesian frame and heading angle,
along with information about corresponding surrounding road boundaries and nearby landmarks
given the High Definition (HD) maps. All the fused information as well as the localization infor-
mation are generated in real-time to be sent to the decision-making system of the shuttle bus.

The perception and localization systems operate on a Jetson Orion on-board computer next to
the main computer, with an operating frequency of 10 Hz, and the localization function operates

62



Figure 6.2: Perception system’s sensing result on campus ring road [97]
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at a frequency of 50 Hz. The perception system runs in real-time, and all corresponding informa-
tion is sent to the next layer, the decision-making layer, through Ethernet communications using
ROS messages.

The decision-making of the shuttle bus is performed on the main computer on the bus. The
on-board main computer used for decision-making features an AMD® Ryzen 7 4800u CPU with
30.8 GB memory, located on the left bottom of Fig 6.1, labeled as "Main Compute", running the
proposed algorithm as a ROS package and subscribing to ROS topics published by the perception
system. The shuttle bus’s planned future path and speed profile along the path within a certain
horizon are calculated and sent to the control layer. This decision-making layer also operates at
arate of 10 Hz.

Finally, the planned path and speed profile are sent to the control layer, which uses a model
predictive controller (MPC) to process the input signal and generate smooth and effective control
inputs considering the realistic dynamic shuttle bus model. The calculated control inputs are sent
directly to the low-level chassis to execute the decision.

The two monitors shown in the bottom sub-figure of Fig. 6.1 are used for visualizing the
sensing information as well as the planned path from the shuttle bus. This allows the driving
supervisor on the bus to monitor whether the perception information is accurate and the planned
path and speed are sound. Therefore, using this three-layer self-driving system, the shuttle bus is
able to safely operate on the university’s ring road.

6.3 Implementing game-theory-based decision making and plan-
ning on the shuttle bus

Under the proposed three-layer self-driving system, the shuttle bus is capable of operating within
the university-ring-road environment. To accommodate more realistic driving behavior of the
traffic participants (TPs), which involves strong-interaction behavior among them and adherence
to traffic rules, the decision-making model is structured in a general-sum non-cooperative differ-
ential game format presented in Chapter 3. This model incorporates the functions and features
proposed in Chapter 4 and Chapter 5.

The detailed description of the shuttle bus’s decision-making software structure is depicted
in Fig. 6.3. In the top-left sub-figure, the perception model collects the states of the surrounding
TPs as well as the localization of the ego vehicle (shuttle bus). These states include Cartesian po-
sitions of the TPs and the bus, the heading angle (facing direction for pedestrians), acceleration,
type, and the nominal path of the TPs. The type encompasses vehicles, cyclists, and pedestrians.
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Figure 6.3: Traffic participants’ minimum distances distribution
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The nominal path of the ego vehicle is generated from the High-definition map, representing the
center of the road. The surrounding human-driven vehicles’ nominal paths are also determined
from the road geometry, with their intended paths generated from the perception system.

With the list of states information of the TPs and the ego vehicle, the decision-making frame-
work can generate sound decisions accordingly. Employing the iLQ game framework presented
in Chapter 3, the ego vehicle can consider strong interactive behavior among TPs. However,
the computational effort increases significantly as the number of TPs considered grows. For in-
stance, the utilities considering safety distance between TPs are factorial with the number of TPs
in the scenario.

In urban scenarios, especially campus traffic scenarios, roads often become highly congested
with pedestrians walking in various directions and cyclists biking along the road. The interac-
tion between the ego vehicle and the surrounding traffic participants intensifies. Managing this
complex interaction can be time-consuming and may impact real-time performance.

In real-life driving scenarios, drivers manage the robust interaction between their vehicle
and surrounding traffic participants by focusing their attention on critical ones. Typically, this
includes traffic participants in close proximity to the ego vehicle and those with a high risk of
collision. For instance, at a two-way intersection, the vehicle on the main road pays less attention
to the TPs on the side of the intersection with stop signs, focusing instead on those more likely to
collide. The shuttle bus’s decision-making model, inspired by human decision-making, attempts
to mimic this strategy by introducing an attention-based filter to reduce the number of traffic
participants considered in the game.

The attention-based traffic participant filter employs two evaluation criteria for selecting crit-
ical participants:

* Proximity to the Ego Vehicle: In urban scenarios where road restrictions are minimal,
some traffic participants may have access to the entire scenario. Given the challenges in
predicting the long-term behaviors of pedestrians and other traffic participants, prioritizing
those in close proximity to the ego vehicle becomes crucial. This criterion ensures that
attention is directed towards participants that are immediately relevant to the ego vehicle’s
current position and trajectory.

* Collision Risk Assessment: This criterion involves analyzing the time-related trajectories
of each traffic participant and the ego vehicle. If their positions are too close, indicating
a potential risk of collision, the traffic participant is considered critical. By evaluating the
relative positions and velocities of the ego vehicle and other participants, the system can
identify situations where immediate action may be necessary to avoid a collision. This
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Figure 6.4: Actor filter potential risk detection

dual-criteria approach ensures that attention is directed towards both nearby participants
and those with a higher risk of collision, optimizing safety in complex traffic scenarios.

The filtering of traffic participants based on the risk of collision is visually represented in
Fig. 6.4, where the Cartesian coordinates (x and y axes) are plotted against the time coordinate (z-
axis). The colored lines depict trajectories over time, with the blue line representing the trajectory
of the ego vehicle, the red line denoting the trajectory of a left-turning human-driven vehicle, the
green line illustrating a pedestrian walking along the road, and the orange line representing a

cyclist crossing the street.
In this particular scenario, at a certain time coordinate (z value), both the cyclist and the

human-driven vehicle are in close proximity to the ego vehicle in the z-y plane. This close
proximity classifies them as critical traffic participants, identified through the risk-of-collision

criteria.
More detailed demonstration of the traffic participant filter is presented as follows. Consider

a road scenario with an ego vehicle and multiple traffic participants. Let A, be the set of
surrounding actors, and each actor ac; has a trajectory Traj, defined by a set of points (z;, y;, t;).
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The trajectory of the ego vehicle is denoted by Traj,,. The traffic participants are evaluated by
this binary function Close(a;, Tego, ditreshola):

Filter(a;, Trajey,, ihreshold) =

1 if mingegy;, Distance(TrajegO, Traj;,t) < diStireshold

1 1f||('r17y270) - (wegmyegmo)H (61)
0 otherwise

where Distance (1, T;,t) is a function that calculates the minimum distance between the ego
vehicle and traffic participant ¢ along their trajectories over all time steps in 7;. (z;,v;,0) and
(Zegos Yego, 0) represent the positions of the traffic participant and the ego vehicle at the current
time frame. dyesnolq 1S the threshold used to determine whether a traffic participant is too close
to the ego vehicle.

The filtered traffic participants are represented as a vector CTP with the same length as the
full actor set Aset. In this representation, critical traffic participants are denoted by 1s at the
corresponding indices of Xset as:

—
CTP = [Filter(al, T'egoa dthreshold), Filter(ag, Tegoa dthreshold)a .. ] . (62)

The top-right sub-figure of Fig. 6.3 presents the filtered results of the intersection scenario
based on the attention-based actor filter. In this scenario, critical traffic participants with future
paths overlapping the shuttle bus’s trajectory are denoted as P1, P4, and P3. Conversely, traffic
participants with low potential for collision, such as P2, are filtered out. Critical actors are
labeled in red, orange, and yellow, while less critical actors are labeled in green. This filtering
reduces the number of TPs considered in the game, simplifying the problem and improving real-
time performance, thus enhancing the safety of the shuttle bus operation.

Following the filtered critical TPs, the decision-making framework considers more realistic
behavioral characteristics of TPs to better estimate their future behaviors. This is achieved by in-
corporating features extracted from real-world datasets, as proposed in Chapter 4 and Chapter 5.
Each TP’s behavioral style is identified, and corresponding features, such as nominal speed and
minimum distance with other TPs, are set accordingly in the utility function used for formulating
the game.

The traffic-rule-adherence feature is also integrated into the decision-making process. Critical
and non-critical TPs are labeled in the big table, with less critical ones shown in green and critical
ones in other colors. Right-of-way information extracted from traffic rules is represented, with
the ego vehicle in blue, absolute high right-of-way TPs in red, and relative low right-of-way
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vehicles in yellow. The corresponding behavioral parameters extracted from the right-of-way are
demonstrated in the smaller blue table under the big table. These parameters help formulate the
game to consider traffic rules and generate traffic-rule-based initial strategies to expedite game
solving.

The decision-making problem is then formulated into an iLQ game format, as indicated in
the bottom-right corner of Fig. 6.3. The game is solved iteratively until convergence to a Nash
equilibrium, resulting in a list of future states of the ego vehicle, including acceleration, yaw rate,
and future positions (z, y), forming the vehicle’s path.

These planned future states are sent to the control model, which employs model predictive
control to generate control signals considering the dynamic vehicle model. The generated low-
level control commands are then executed by the chassis controller to actuate the wheels of the
shuttle bus.

With this hardware and software setup, the decision-making framework has been imple-
mented on the shuttle bus for real-world testing. Proper configurations have been made to ensure
smooth decision-making in various scenarios. In the event of real-time performance issues, the
bus continues executing the planned path from the previous time step until new future paths can
be generated.

In urban scenarios, the shuttle bus considers the relative distance from other traffic partici-
pants in both lateral and longitudinal directions. For instance, pedestrians near the road curb are
sensed, and the shuttle bus adjusts its trajectory accordingly. Additionally, non-conventional TPs
such as geese and squirrels are also detected and accounted for in collision avoidance measures
during operation.

6.4 Conclusion

The chapter provides a comprehensive overview of the hardware and software system of the
real-world full-size experiment platform, which is the shuttle bus. The self-driving system is
structured hierarchically, comprising the perception system, decision-making system, and control
system.

A key aspect of the decision-making model is its consideration of strong interaction, achieved
by formulating the problem into an iLQ game. This game formulation accounts for the behav-
ioral styles of the traffic participants (TPs) and incorporates traffic-rule adherence during the
interaction process. By considering these factors, the decision-making system can make more
informed and safer decisions in complex traffic scenarios.
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Moreover, the self-driving system of the shuttle bus incorporates realistic modifications for
real-world implementation. These modifications enhance the robustness and reliability of the
system, making the shuttle bus an ideal platform for testing the proposed decision-making model
in real-world settings.

Overall, the chapter provides a detailed description of the hardware and software components
of the shuttle bus, as well as the decision-making framework implemented on it. This sets the
stage for conducting real-world experiments to validate the effectiveness and performance of the
proposed decision-making model in actual traffic environments.
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Chapter 7

Simulation and real-world testing results

7.1 Introduction

A game-theory-based decision-making framework is proposed, which considers the strong inter-
actions among TPs and incorporates their behavioral styles and adherence to traffic rules. The
ability of the framework to estimate and incorporate the behavioral style of TPs, as well as its
ability to consider their adherence to traffic rules, should be evaluated in both simulation and
real-world vehicle platforms. To ensure the safety of shuttle bus operations, the real-time per-
formance of the proposed framework should also be evaluated, verifying the effectiveness and
soundness of the decision-making framework.

7.2 Behavioral style estimation and implementation in deci-
sion making

To test the ability of the proposed framework to handle urban traffic, which includes TPs with
multiple behavioral styles, it is evaluated in a simulation scenario at an intersection with vari-
ous kinds of traffic participants. The purpose is to assess the feasibility and performance of the
framework. Since the primary goal is to verify the soundness of the decision-making framework,
the perception system is simplified to assume that the ego vehicle has perfect perception infor-
mation regarding surrounding traffic participants, including their speed, position, acceleration,
etc. However, their driving behavior character (driving style) remains unknown.
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Figure 7.1: Typical left-turning scenarios and simulation results

Before the simulation begins, the driving characteristics of each human traffic participant,
as well as the autonomous vehicle, are defined through utility functions but are unknown to the
shuttle bus. To ensure more realistic driving behaviors during intersection left turns, parameters
are set as closely as possible to real-world traffic rules and naturalistic driving behaviors. For
instance, the maximum speed is extracted from traffic rules and regulations, while minimum

time gaps are defined through human driving behaviors extracted from real-world driving data in
Chapter 4, as demonstrated in Table 4.1.

The simulation operates in a receding horizon format with a time step of 0.25s and a horizon
of 5s. Various driving styles of human drivers are represented by behaving differently (more
aggressively or conservatively) than the autonomous vehicle expects.

7.2.1 Two vehicle interaction scenario

The simulation verification begins with a simple two-vehicle interaction scenario, specifically
a left-turning scenario involving only one oncoming vehicle and one left-turning autonomous
vehicle. Three types of driving styles are designed for the oncoming vehicle, where all vehicles
start from the same position, speed, and initial strategy. The driving styles of the oncoming vehi-
cles are determined by adding a A/(0.5, , 0.5) (aggressive), N'(0.0, ,0.5) (neutral), N'(—0.5,,0.5)
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Figure 7.2: Speed profiles along trajectories of left-turning and oncoming vehicles in typical
left-turning scenarios

(conservative) value to the acceleration that the ego vehicle expects during the interaction time
steps.

The simulation results are depicted in Fig. 7.1. The sub-figures, from left to right, represent
scenarios with aggressive, neutral, and conservative oncoming human-driven vehicles. The black
lines denote the boundaries of the road and median strip. The colored lines illustrate the trajec-
tories of the vehicles, with the color indicating the speed of the vehicle along the trajectory. The
relationship between speed and color is depicted in the color bar on the right. The orange dots
along the vehicles’ trajectories represent time stamps providing time-state information. In the
sub-figures, the red car denotes the autonomous ego vehicle, while the blue vehicle represents
the oncoming vehicle. The light-green-colored arrow at the beginning of the red vehicle’s trajec-
tory indicates the direction of the autonomous vehicle’s travel. Lastly, the red arrows depict the
traveling direction of the oncoming human-driven vehicle.

In the sub-figures presented in Fig. 7.1, the autonomous vehicles exhibit different behaviors
when interacting with different human drivers. Given the same initial position and speed, var-
ious human drivers exhibit different driving styles, which are reflected in their behaviors. The
neutral and aggressive human drivers (sub-figures (a) and (b)) adjust their speed slightly, while
the conservative driver (sub-figure (c)) decreases its speed before entering the intersection.

When interacting with neutral and aggressive human drivers, the autonomous vehicles yield
to the oncoming vehicle. This can be observed by comparing the positions of the two vehicles
at the 6th timestamp for Fig.7.1 (a) and (b). When cooperating with conservative human drivers,
autonomous vehicles pass through the intersection earlier than the oncoming vehicle. Fig.7.1
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also demonstrates that the proposed framework enables the ego vehicle to adjust its trajectory
and speed in different scenarios. The trajectories and speeds of the ego vehicle in Fig.7.1 (a) and
(b) differ from those in Fig.7.1 (c).

The color bar in Fig.7.1 provides a rough representation of the speed profile along the tra-
jectories of each vehicle. More detailed speed profiles of the two vehicles are plotted in Fig.7.2,
where Fig.7.2 (a) and Fig.7.2 (b) correspond to the scenarios in Fig.7.1 (a) and Fig.7.1 (c), re-
spectively.

The blue and orange lines represent the speed of the oncoming vehicle and the autonomous
vehicle, respectively. When interacting with the aggressive human driver, the left-turning au-
tonomous vehicle estimates the human driver’s behavior in real-time, then decreases its speed
and yields to the oncoming traffic accordingly. When interacting with more conservative human
drivers, the ego vehicle increases its speed and attempts to pass the intersection quickly, before
returning to its normal driving speed at intersections.

These results demonstrate that the proposed framework can properly interact with various
types of human drivers while estimating the aggressiveness of surrounding vehicles and adjusting
its behavior accordingly.

Another feature of the proposed framework is also tested, which is how similarly autonomous
vehicles behave compared to experienced human drivers. One key feature that influences the
riding experience and receptivity of surrounding human drivers is the accepted time gap that the
left-turning vehicle takes. Similar scenarios to those in Fig. 7.1 were tested with various initial
speeds and positions to record the accepted time gap the ego vehicle took.

Scenarios where the left-turning vehicle passes through the intersection first were extracted,
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and the Time-to-Collision (TTC) is calculated and presented as a histogram in Fig. 7.3. The x-
axis represents the TTC, while the y-axis represents the relative frequency of the corresponding
TTC. From the figure, it can be observed that in most interactive scenarios, the left-turning
vehicle takes a time gap of around 4.5 seconds.

It’s worth noting that the TTC presented in the figure shows the upper limit of the time gap.
For instance, there are scenarios where the two vehicles are very far apart, and the left-turning
vehicle feels safe to make the turn, resulting in a large time gap. However, in such cases, the
interaction is light, and the ego vehicle has a high possibility of taking a smaller time gap in
more interactive scenarios. Therefore, the figure represents the upper limit of the TTC of TPs at
intersections, and the time gaps presented on the left side of the figure represent TTCs that are
closer to reality.

By observing the left range of Fig.4.6, the TTCs follow a normal-wise distribution, with
most time gaps falling within the 3 to 5.5-second range. The real-world driving TTC distri-
bution presented in Fig.4.6 shows that the left bound is around 5 seconds. This demonstrates
that the proposed framework behaves similarly to real-world human drivers, verifying that the
autonomous vehicle will behave like experienced drivers.

The major difference between the simulation and real-world driving behavior is due to the
intensity of the scenario. The recorded dataset contains various scenarios where the oncoming
lane is very empty. In our testing simulations, the scenarios were set to be much more interactive,
which might not be very common in the real world. Therefore, the simulation results have larger
portions on the 5-second side and fewer portions on the 10-second side. However, the simulation
results of the accepted gap lie within the range of real-world driving data, showing that the
autonomous vehicle is able to perform like humans in this aspect.

To evaluate the effectiveness of our proposed framework in enabling the autonomous vehicle
to make sound decisions considering various driving characteristics, a comparison experiment
was conducted between our proposed method and a baseline decision-making framework that
considers a uniform driver model.

The testing scenario involves a left-turning autonomous vehicle interacting with a conser-
vative oncoming human-driven vehicle, and the results are presented in Fig.7.4. Fig.7.4(a) and
Fig. 7.4(b) represent the baseline and our proposed framework, respectively.

Trajectories of the vehicles in each scenario are presented on the left side of Fig. 7.4. The
color indicates the speed, and the dots represent time stamps. More specific speed profiles are
presented on the right side. The testing results show that when dealing with drivers other than
neutral drivers, the proposed framework enables the ego vehicle to adapt appropriately to the sur-
rounding driver. At the same time, it maintains a higher speed to ensure higher travel efficiency
while keeping a safe distance from human-driven vehicles.
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Figure 7.4: Comparison between proposed framework with a baseline method
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Figure 7.5: Scenario simulation result of left-turning at a intersection with the presence of
human-driven vehicle and pedestrians

7.2.2 Two vehicles and a pedestrian interaction scenario

After verifying the two-vehicle interaction scenario, a more complicated scenario involving
pedestrians was used for behavioral style estimation and implementation. This scenario con-
sists of an intersection scenario with both oncoming vehicles and pedestrians, as demonstrated
in Fig. 7.5 (a). The blue pedestrian icon represents the starting point of the pedestrian, and the
pink arrow indicates the direction in which the pedestrian is walking.

All vehicles in the new pedestrian-involved scenario have a similar starting position and speed
as the scenario in Fig.7.1. The driving style is the same as that in Fig.7.1 (¢). The pedestrian is
set to cross the intersection with a nominal speed of 1 m/s and a minimum safety gap of 3 m.
Without loss of generality, the human driver’s driving style is neutral, and all pedestrians are set
with a static driving style.

The trajectories of the traffic participants are plotted in Fig. 7.5 (a), with time information
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Figure 7.6: Real-time performance evaluation

represented as time stamps (orange dots) along the trajectory. The trajectories for the autonomous
vehicle (red), human-driven vehicle (blue), and pedestrians are represented as orange, blue, and
green lines, respectively.

Comparing Fig.7.1 (c¢) and Fig.7.5 (a), it can be observed that in a scenario with conserva-
tive drivers and no pedestrians, the left-turning vehicle makes the left turn before the oncoming
vehicle. However, in the same scenario with a pedestrian, the autonomous vehicle yields to the
oncoming vehicle because the left-turning path was temporarily blocked by the pedestrian.

A more detailed speed profile of each traffic participant can be found in Fig. 7.5 (b), where
the color of the speed profiles matches the color of the trajectories. It can be observed that the
conservative human driver decreases its speed first, while the autonomous vehicle also decreases
its speed to yield to the pedestrian and the oncoming vehicle. Then, the oncoming vehicle feels
safe and proceeds through the intersection at its nominal speed. The pedestrian, on the other
hand, tries to increase speed and pass through the intersection as quickly as possible. The sim-
ulation results show that the autonomous vehicle is able to consider the interaction with both
drivers and pedestrians.

The real-time performance of the behavioral-style-incorporated decision-making algorithm
is also evaluated. The computational time used for each time step is recorded during each sim-
ulation. The computational time over the length of a single time step is calculated, and its dis-
tribution is presented in Fig. 7.6. This figure illustrates that in most cases, the algorithm utilizes
less than 10% of the time in one time cycle, and even in severe cases, it is still able to operate
in real-time. Thus, the simulation results indicate that the proposed framework is feasible for
real-world application from a timing perspective.
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It’s worth noting that although the simulation scenarios involve autonomous vehicles making
left turns, the proposed framework could also be applied in other operating conditions, such as
right-turning scenarios, by modifying the autonomous vehicle’s nominal path and speed profile
in the decision-making process.

From the simulation results regarding both the simple strong-interactive intersection scenario
and the more complicated multi-traffic participant scenario with different kinds of TPs exhibiting
various behavioral styles, the proposed algorithm demonstrates the ability to properly estimate
and consider different driving styles of drivers and behavioral styles of pedestrians. The real-
time evaluation also indicates that the behavioral-style-based decision-making does not require
excessive computational effort and generates decisions in real-time.

7.3 Traffic-rule-adherence game-based decision making

Simulation tests were also conducted to verify the traffic-rule-adherence feature of the proposed
framework. The simulation scenario was set at an intersection with various traffic rules, including
rules leading to definite and indefinite precedence of traffic participants.

Initially, the framework was tested at an uncontrolled intersection where each vehicle has
the same right-of-way, and pedestrians and cyclists have absolute right-of-way. The simulation
results are presented in Fig. 7.7. In the figure, the yellow vehicle and orange vehicle represent the
ego vehicle and human-driven vehicles, respectively, and the blue icon indicates pedestrians. The
color along the trajectories of the traffic participants indicates their speed, with the relationship
between traveling speed and color depicted on the right-side color bar. Yellow indicates higher
speed, while blue indicates slower speed.

It’s important to note that the trajectory of the pedestrian on the right is colored grey, indi-
cating that the framework’s actor filter has excluded this traffic participant due to a small chance
of interaction, and therefore, it is not considered by the framework. The dots along the trajecto-
ries indicate the position of the traffic participant at different time steps, helping to illustrate the
relative positions of different traffic participants.

The corresponding speed profiles of this scenario are also presented in Fig.7.8. The blue,
orange, green, and red curves correspond to the speed profiles of the ego vehicle (shuttle bus),
human-driven vehicle, pedestrian 1, and pedestrian 2. From Fig.7.7 and Fig. 7.8, it can be ob-
served that at an intersection where traffic rules do not provide any precedence for TPs and
vehicles are interacting freely (with very strong interaction), the ego vehicle is able to adjust its
speed to properly interact and maintain a safe distance from all traffic participants.
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Figure 7.8: Speed profiles of the uncontrolled intersection scenario

The framework’s ability to manage more complicated traffic rule scenarios is tested under a 2-
way yield sign intersection scenario, as depicted in Fig.7.9. In sub-figures (a) and (b), the yellow
and orange vehicles represent the ego vehicle and the human-driven vehicle, respectively. The
rest of the graphical representations, including lines and dots, are consistent with those shown in
Fig.7.7. Sub-figures (c) and (d) display the speed profiles of the traffic participants in scenarios
presented in sub-figures (a) and (b), respectively, where the blue and orange lines represent the
speed profiles of the ego vehicle and the human-driven vehicle.

In the 2-way yield sign intersection scenario, the right-of-way is clear, but the precedence of
the traffic participants is indefinite. In the simulation scenarios depicted in Fig. 7.9 (a) and (b),
the initial speeds and positions of the traffic participants are the same. However, due to various
traffic rules, where the ego vehicle has different right-of-way in those scenarios, its behaviors
change accordingly. When the ego vehicle is at the side of the intersection with the yield sign, it
maintains a low speed to yield to passing traffic. Conversely, when the other side of the road has
the yield sign, the ego vehicle drives with more confidence and passes the intersection first.

The simulation results show that the framework allows the vehicle to incorporate complicated
traffic rules by making sound decisions regarding the precedence of traffic participants while
maintaining a safe distance from all other traffic participants.
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The framework’s ability to manage strict traffic rules was also tested under a 2-way stop sign
intersection. The traffic scenario and the corresponding speed profile are presented in Fig.7.10
and Fig.7.11, respectively. All graphical representations are consistent with those presented in
Fig.7.7 and Fig.7.8.

From the simulation results, it can be observed that the ego vehicle, which is on the side of
the intersection with stop signs, is able to follow the traffic rule and stop before the stop sign,
then pull into the intersection.

To ensure safe and efficient decision-making for autonomous vehicles in real-world practice,
the real-time performance of the rule-adherence feature of the proposed framework was also
tested. The framework was tested in a traffic-rule-complicated scenario, and the computation
time for each time step was recorded. The distribution of the percentage of time used for com-
putation for each time step is plotted in Fig. 7.12. The z-axis represents the percentage of time
used for computation for each time step, while the y-axis represents the relative frequency.

From this figure, it is evident that the rule-adherence-based decision-making feature, along
with the game formulation and solving, takes less than 30% of the time in each time step to
find a sound path and speed profile. This demonstrates that the proposed framework with rule-
adherence feature is computationally efficient.

7.4 Real-world full-size vehicle implementation

With all the features of the proposed framework being tested and verified in simulation, the
aforementioned features could be merged into the proposed framework for final implementation
in the real world on a full-size vehicle.

To ensure the effectiveness of the proposed framework, before the algorithm was put into
practice, the proposed decision-making framework was tested in a near-to-reality simulation in-
tersection environment. To thoroughly assess the framework’s capability in handling complex
traffic scenarios, the simulation environment was designed to feature numerous traffic partici-
pants traversing an intersection, where no traffic signals are present, creating a highly interactive
setting.

A more detailed demonstration of the simulation scenario can be found in Fig. 6.1. In the
simulation environment, the ego vehicle, which in this case is the yellow shuttle bus (traffic
participant 1), is pulling through the intersection by going straight, while a human-driven purple
oncoming vehicle (traffic participant 6) is making a left turn, and a human-driven orange vehicle
(traffic participant 2) is also pulling into the intersection from the left. Additionally, there are
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Figure 7.12: Real-time performance evaluation

cyclists (traffic participant 3) and pedestrians (traffic participants 4 and 5) crossing the street that
might interact with the ego vehicle.

The planning and decision-making results are also presented in Fig. 7.13. The color along
the trajectory of each traffic participant corresponds to the speed profile, with the relationship
between speed and color presented in the color bar on the right. The dots along the trajectories
represent the positions of traffic participants at different time steps.

In the figure, each color of the dots corresponds to a specific traffic participant. For example,
blue dots represent the ego vehicle, and green dots represent the cyclist. These dots provide a
rough representation of the positions of traffic participants at each time frame. It can be observed
from the figure that the orange human-driven vehicle passes the intersection first, followed by the
ego vehicle, and finally, the left-turning purple vehicle passes the intersection last. Importantly,
the figure shows that the ego vehicle does not collide with any other traffic participants.

It can be observed that the trajectories of traffic participants 4 and 5 are grey in color. This
indicates that these traffic participants are determined to have little chance of collision by the
actor filter of the decision-making framework, and therefore, they are not considered by the ego
vehicle.

A more specific speed profile description is presented in Fig.7.14, where the y-axis represents
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speed and the z-axis represents the time of the scenario. The number of traffic participants
matches the color of the dots in Fig.7.13, and the number of traffic participants also matches
between the two figures. It is noticeable that the ego vehicle drives at a low speed to let the
human-driven vehicle from the left pass the intersection first. Subsequently, it increases its speed
to pass the intersection and maintains a high speed afterward. All other traffic participants exhibit
appropriate behavior. For example, the purple vehicle reduces its speed to yield to the cyclist at
the beginning of the scenario and then further decreases its speed to yield to the ego vehicle,
following traffic rules.

To evaluate the decision-making framework in terms of safety, the minimum distance be-
tween the ego vehicle and all surrounding traffic participants is presented in Fig. 7.15. The
y-axis indicates the minimum distances, and the x-axis represents the time in the scenario. The
colored solid lines represent the minimum distances between each traffic participant and the ego
vehicle, while the dotted black lines depict the minimum distance between the ego vehicle and
any other traffic participants.

The figure illustrates that, in a very complicated and close-to-reality environment, the ego
vehicle is able to maintain a minimum distance of at least 5 meters from all other traffic partici-
pants. This result indicates that there are no collisions in this scenario, and the decision-making
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Figure 7.15: Minimum distance between the ego vehicle and the surrounding traffic participants

framework is effective in ensuring safe driving in high-interaction scenarios.

In urban traffic scenarios, especially on campus roads, where there is a huge number of stu-
dents and vehicles between classes, the number of traffic participants can significantly influence
the real-time performance of the decision-making framework. To assess the real-time perfor-
mance of the proposed decision-making framework in scenarios close to the real world, a real-
time evaluation has been conducted for a very complicated scenario. Additionally, a comparison
was also made between the framework with and without the proposed actor filter. The scenario
used for real-time evaluation was the same as the one presented in Fig. 7.13, with a time step of
100 ms.

The decision-making framework was executed and run multiple times under the same simu-
lation scenario, both with and without the actor filter, in an evenly distributed manner. The time
spent on decision-making at each time step was recorded, and the real-time performance was
calculated and presented in Fig. 7.16.

The x-axis of the figure represents the portion of time used for decision-making in each
time step. For example, with a time step of 100 ms, if the time used to find a sound path and
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make decisions is 100 ms, the corresponding x-axis value is 1.0. Alternatively, if no time is
used for decision-making, then the corresponding x-axis value is 0.0. The y-axis indicates the
relative frequency of each corresponding x-axis value. The blue bins in the histogram depict the
evaluated real-time performance for the decision-making framework using the actor filter, while
the red bins represent the results without using the actor filter.

From the figure, it can be observed that the proposed framework with all the aforementioned
features is able to run in real time. By comparing between the framework using and not using
the actor filter. it could be observed that, without using the actor filter, in most time steps, the
decision-making model utilized 40% of one time step. However, when using the actor filter, this
value improved to up to 27%. Additionally, in all scenarios, the time used for decision-making
does not exceed 55% of the time step. This result demonstrates that the proposed framework
can operate in real-time under a relatively high rate, and the proposed actor filter significantly
improves the real-time performance.

Finally, the proposed framework is put into real-world implementation on the full-size au-
tonomous vehicle (shuttle bus), which is shown in Fig. 6.1. The shuttle bus is tested in a scenario
with multiple traffic participants, which the shuttle bus is driving on the road and there are pedes-
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trians walking along the sideways, when suddenly a pedestrian tries to cross the road. The testing
results are presented in Fig. 7.17, in which the visualization tool is developed based on the work
presented in [100]. The white bus in the figure represents the ego vehicle, which is the shuttle
bus, and the red lines indicate the planned future paths of the ego vehicle.

The green contoured areas represent objects on the road, including both moving and static
objects. The history trajectories of moving objects are presented as purple lines on the figure. To
emphasize the positions of pedestrians, black and white pedestrian icons are added to the figure.
In this scenario, the shuttle bus is driving along the road where pedestrians are crossing the street
and walking along the side of the road.

The sub-figures indicate the time progression of the scenario. At the start of the scenario,
where the ego vehicle is far away from the pedestrian, the vehicle is driving at its normal speed.
When a pedestrian comes into the interaction range, the vehicle starts to consider the pedestrian’s
behavior and decreases its speed. It almost comes to a full stop at sub-figure (d) at 7' = 3 s, while
maintaining a safe distance with the pedestrian. Then, when the road is clear (after 7' =5 s), the
ego vehicle starts to regain its nominal speed. In this scenario, it can be observed that the vehicle
does not make straight stop-and-go actions but gradually and smoothly interacts with the traffic
participants, which is more human-like than state-machine-based algorithms. At the same time,
it keeps a safe distance from all the traffic participants.

To further test the ability of the proposed framework to incorporate more complicated urban
traffic rules, such as following to stop-sign regulations, the shuttle bus is tested at a 2-way stop
sign intersection, as presented in Fig. 7.18. This figure is visualized based on [100]. The inter-
section features stop signs and walkways at the upper and lower sides, with the left and right
sides being the major roads.

In the figure, the white vehicle icon labeled “ego" represents the ego vehicle (shuttle bus).
Other traffic participants (human-driven vehicles and pedestrians), are also labeled and their
positions are indicated with green boxes. The red lines represent the planned path for the ego
vehicle, while the purple lines depict the historical trajectories of human traffic participants.

The planning results are depicted in the figure, showcasing the planned path of the ego vehicle
and the positions of surrounding traffic participants at different time frames. The time frame is
indicated at the bottom of each subfigure.

From the figure, it can be observed that the ego vehicle enters the intersection (T = 0s),
decreases its speed (T = 1.5s), and stops in front of the stop sign (T = 3s). After the oncoming
vehicle completes the left turn and the pedestrian on the same side of the intersection passes, the
ego vehicle starts to increase its speed and moves into the intersection (T = 6s). It then maintains
a low speed to yield to pedestrians on the other side of the intersection (T = 7.5 - 10.5s), before
increasing its speed when the road is clear (T = 12s).
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Figure 7.18: Testing results on the real-world vehicle platform: (a)-(b) ego vehicle approaching
the intersection; (c) ego vehicle stopping at stop sign; (d)-(h) ego vehicle initiating movement
through the intersection

Throughout the planning process, the ego vehicle is able to operate in real time and maintain
a safe distance from all traffic participants. The planning results demonstrate that the decisions
made by the ego vehicle comply with traffic rules while interacting with other traffic participants.

7.5 Conclusion

In this chapter, the performance of the features of the proposed decision-making framework is
verified. The simulation results demonstrate that the proposed framework is able to estimate the
behavioral character of the traffic participants (TPs) with whom it is strongly interacting, and
successfully apply and consider the features of the corresponding behavioral character into the
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decision-making problem formulation (iLQ game). The simulation results also show that the pro-
posed framework is able to consider the traffic rule adherence of the TPs within the interaction
process and is also able to follow traffic rules itself. Additionally, the proposed framework has
been put into real-world testing on a full-size vehicle, which demonstrates that it is able to en-
able safe and efficient driving in real-time and navigate smoothly under urban strong-interactive
scenarios.
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Chapter 8

Conclusion and future work

In this work, a decision-making and planning framework for self-driving vehicles under urban
conditions with strong interactions was proposed. The framework is capable of considering more
realistic features, specifically aiding safer and more efficient navigation in urban areas.

In urban traffic scenarios, the interaction between TPs (traffic participants) can be very strong
due to the irregular road geometry and the omni-directional movements of pedestrians, resulting
in movements with a lot of uncertainties that are hard to estimate. Consequently, deciding the cor-
responding behavior becomes difficult. Additionally, in the real world, the interaction between
the self-driving vehicle and the surrounding TPs occurs in a two-directional manner. The behav-
ior of the ego vehicle could influence the behavior of the TP, and vice versa. In order to consider
this strong two-way interaction among the ego vehicle and TPs, as well as the interaction among
TPs in the decision-making process of the ego vehicle, a general-sum non-cooperative differ-
ential game was implemented to mathematically model this interaction behavior and be able to
consider this two-way interaction while making decisions. By properly linearizing the dynamics
of the TPs and linearizing and quadraticizing the utility functions of the TPs, the computational
time of the problem decreases, and iteratively calculating the solution can be performed in real-
time.

In the real world, the behaviors of different TPs in the same scenario could be different due to
various behavioral characteristics and driving styles, which influence the interaction between the
ego vehicle and the surrounding TPs, bringing more burdens to decision-making for autonomous
vehicles. The framework addressed this problem by studying the natural behavior of human TPs
using real-world naturalistic datasets. From the dataset, the features of various types of TPs were
extracted, which could be used to estimate the behavioral style by mapping the observed features
with the corresponding style. Once the style had been identified, the corresponding features
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were also implemented in the utility functions of the TPs to allow the ego vehicle to consider the
various behavioral styles when making decisions.

In urban driving, traffic rules are very complicated due to the various types of rules regarding
different types of roads, as well as different kinds of regulations (e.g., stop signs, traffic lights,
yield signs). Following those traffic rules is critical for the safety of the ego vehicle as well as
other TPs. Additionally, at times, the traffic rules can help guide the precedence of the TPs,
thus decreasing the level of interaction and simplifying the interaction process. The proposed
framework can consider traffic rules in the decision-making process. It extracts the right-of-way
of each TPs from the traffic rules, then converts the right-of-way into behavioral parameters.
These parameters were implemented in the utility function to represent the traffic-adherence
feature of the TPs. This parameter was also used for the ego vehicle’s game-solving process to
adapt to the interaction influenced by the traffic rules. Using this framework, the ego vehicle
is able to consider various types of traffic rules, including yield signs, pedestrian crosswalks,
and stop sign scenarios, and shows that it adapts to the traffic rules while maintaining safe and
efficient navigation.

Finally, to implement the proposed framework on a real-world full-size vehicle that acquires
solid real-time performance, considerations must be made. However, in the differential game
setup, the increase in the number of TPs being considered will dramatically increase the com-
putational power, which influences the real-time performance. In urban scenarios, the scenario
could be very crowded with crowds of pedestrians walking along the side of the road or waiting
to cross the road, which influences the real-time performance of the decision-making of the ego
vehicle. Therefore, to ensure that the proposed framework includes an actor filter to decrease
the computational power while still maintaining the decision-making and planning quality. The
actor filter finds the TPs that are at risk of a collision with the ego vehicle and marks them as
critical TPs that are considered in a more interactive way, which helps decrease the number of
actors considered in the game format, ensuring the real-time performance of the decision-making
framework.

The proposed framework was tested in a simulation environment as well as on a real-world
full-size self-driving shuttle bus. Some real-world implementation setups were made, and the
simulation as well as real vehicle testing results show that the ego vehicle is able to make deci-
sions in real-time, estimate and consider various types of TPs, follow the traffic rules, and also
consider traffic rules in the interaction process, and finally, maintain a safe distance with all the
surrounding human TPs. The precedence of the shuttle bus adheres to the traffic rule and is the
same as the human driver, and the time gap for making turns is also similar to human behav-
iors, showing that the proposed framework is close to human interpretation of the scenario and
decisions accordingly.
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The current proposed decision-making and planning framework operates given the informa-
tion of the perception system and generates decisions in real-time accordingly. The information
collected by the perception system includes dynamic object information such as TPs and also
static object information such as the road curb for stop signs. However, under the shuttle bus
nature, the vehicle is always running on the same road repeatedly. Therefore, collecting the same
road geometric information every time as if the bus is driving to a new environment could be a
waste of computational time. Therefore, the decision-making framework could make better use
of the pre-collected high-definition map and improve the real-time performance of the shuttle
bus to a new level.
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