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ABSTRACT

Automated driving technology has developed rapidly over the past decades, profoundly
transforming traditional modes of transportation. It offers significant conveniences by re-
placing human drivers in simple scenarios and improves safety through driver assistance
systems. However, despite these advances, achieving full automation still faces substan-
tial challenges. One critical challenge is accurately predicting the motion of surrounding
vehicles in real time and incorporating these predictions into the control of autonomous
vehicles to ensure safety. The diversity in individual driving behaviors, coupled with the
complexity of modeling interactions among traffic participants under uncertainties, makes
this problem particularly difficult. To provide insights into these challenges, this thesis
focuses on interaction-aware traffic prediction and the safe control of autonomous vehi-
cles on highways. Highways are chosen as the study environment due to their structured
lanes and lower traffic density. The aim is to establish a research foundation in this set-
ting that can later be extended to more complex traffic environments, such as urban roads.
Specifically, this thesis investigates two primary research directions to address these chal-
lenges. The first direction separates the tasks of interaction-aware traffic prediction and
safe control of autonomous vehicles. The second direction aims to integrate these tasks
into a unified control architecture for greater simplicity and efficiency.

In the first research direction, diverse intention-based models along with the Interact-
ing Multiple Model Kalman Filter IMM-KF) algorithm are employed to estimate and pre-
dict vehicle motion states while considering interactions. Possible vehicle motion maneu-
vers are represented by a finite number of normal scenarios. Additionally, a “worst-case”
scenario is considered along with normal scenarios in a Scenario-based Model Predictive
Control (SCMPC) architecture to ensure the safety of the autonomous vehicle. Moreover,
to reduce the conservatism of the control strategy associated with considering the “worst-
case” scenario, a new Contingency Model Predictive Control (CMPC) scheme is explored
with time-varying prediction horizons and an enlarged terminal set. In the second research
direction, the Minimizing Overall Braking Induced by Lane Change (MOBIL) model is
employed to find out the possible lanes that vehicles may occupy based on vehicle inter-

actions. With this lateral traffic prediction, the longitudinal states of surrounding vehicles



are modeled simultaneously with those of the autonomous vehicle within a Model Predic-
tive Control (MPC) structure. They are determined by minimizing the collective control
costs of all vehicles through dynamic interaction-aware mechanisms. All proposed con-
trol architectures are validated in a high-fidelity IPG CarMaker simulation environment.
Simulation results demonstrate the effectiveness of these approaches in safely controlling
autonomous vehicles while considering vehicles’ interactions on highways.

The findings of this thesis provide new perspectives on addressing challenges in high-
way autonomous driving and establish the foundation for extending safe control strate-
gies to more complex traffic scenarios involving interactive behaviors. This research
advances the understanding of interaction modeling in multi-agent traffic environments,
contributing structured approaches to represent and leverag vehicle interactions for safer
autonomous control. The modular design of the proposed frameworks facilitates their in-
tegration with broader automated driving systems, such as perception and planning mod-
ules. Moreover, validation in a high-fidelity simulation environment offers a practical

reference for a potential real-world implementation.

Keywords: Interaction-aware, Traffic Prediction, Model Predictive Control, Safety, IPG
CarMaker Validation.
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ZUSAMMENFASSUNG

Die Technologie des automatisierten Fahrens hat sich in den letzten Jahrzehnten ras-
ant entwickelt und traditionelle Verkehrsmittel grundlegend verindert. Sie bietet enorme
Vorteile, indem sie menschliche Fahrer in einfachen Szenarien ersetzt, und erhoht die
Sicherheit durch Fahrerassistenzsysteme. Trotz dieser Fortschritte gibt es bei der vollstan-
digen Automatisierung noch einige grofle Herausforderungen. Eine wichtige Heraus-
forderung ist es, die Bewegungen der anderen Fahrzeuge in Echtzeit genau vorherzusagen
und diese Vorhersagen in die Steuerung der autonomen Fahrzeuge einzubeziehen, um
die Sicherheit zu gewihrleisten. Die Vielfalt individueller Fahrweisen, kombiniert mit
der Komplexitit, Interaktionen zwischen Verkehrsteilnehmern unter Unsicherheiten zu
modellieren, macht dieses Problem besonders schwierig. Um neue Einblicke in diese
Herausforderungen zu gewinnen, konzentriert sich diese Arbeit auf interaktionsbewusste
Verkehrsprognosen und die sichere Steuerung autonomer Fahrzeuge auf Autobahnen. Au-
tobahnen werden als Untersuchungsumgebung gewihlt, da sie iiber strukturierte Fahrspu-
ren und eine geringere Verkehrsdichte verfiigen. Ziel ist es, eine Forschungsgrundlage in
diesem Umfeld zu schaffen, die auf komplexere Verkehrsumgebungen, wie innerstidtische
Strallen, erweitert werden kann. Konkret untersucht diese Arbeit zwei zentrale Forschung-
srichtungen zur Bewiltigung dieser Herausforderungen. Die erste Richtung trennt die
Aufgaben der interaktionsbewussten Verkehrsprognose und der sicheren Steuerung au-
tonomer Fahrzeuge. Die zweite Richtung zielt darauf ab, diese Aufgaben in einer ein-
heitlichen Steuerungsarchitektur zu integrieren, um gréfere Einfachheit und Effizienz zu
erreichen.

In der ersten Forschungsrichtung werden verschiedene absichtsbasierte Modelle zusam-
men mit dem Interacting Multiple Model Kalman Filter (IMM-KF) Algorithmus einge-
setzt, um Fahrzeugbewegungszustinde unter Beriicksichtigung von Interaktionen zu schi-
tzen und vorherzusagen. Mogliche Fahrzeugmanover werden durch eine endliche Anzahl
normaler Szenarien dargestellt. Zusitzlich wird ein “worst-case” Szenario zusammen
mit den normalen Szenarien in einer Scenario-based Model Predictive Control (SCMPC)
Architektur beriicksichtigt, um die Sicherheit autonomer Fahrze-uge zu gewdhrleisten.

Um die mit der Berticksichtigung des “worst-case” Szenarios verbundene Vorsicht der
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Steuerungsstrategie zu verringern, wird auflerdem ein neuartiges Contingency Model Pre-
dictive Control (CMPC) Schema mit zeitlich variablen Vorhersagehorizonten und einem
erweiterten Terminalset untersucht. In der zweiten Forschungsrichtung wird das Modell
Minimizing Overall Braking Induced by Lane Change (MOBIL) verwendet, um mogliche
Fahrspuren zu ermitteln, die Fahrzeuge basierend auf Interaktionen einnehmen konnten.
Mit einer solchen lateralen Verkehrsp-rognose werden die longitudinalen Zustinde um-
liegender Fahrzeuge gleichzeitig mit denen des autonomen Fahrzeugs innerhalb einer
Model Predictive Control (MPC) Struktur modelliert. Diese Zustinde werden durch Min-
imierung der kollektiven Steuerungsk-osten aller Fahrzeuge mittels dynamischer, inter-
aktionsbewusster Mechanismen bestimmt. Die vorgeschlagenen Steuerungsarchitekturen
werden in einer hochauflosenden IPG CarMaker Simulationsumgebung validiert. Die
Simulationsergebnisse zeigen die Effektivitit dieser Ansitze bei der sicheren Steuerung
autonomer Fahrzeuge unter Berii-cksichtigung der Interaktionen von Fahrzeugen auf Au-
tobahnen.

Die Ergebnisse dieser Arbeit bieten neue Perspektiven zur Bewiltigung der Heraus-
forderungen beim autonomen Fahren auf Autobahnen und schaffen die Grundlage fiir die
Erweiterung sicherer Steuerungsstrategien auf komplexere Verkehrsszenarien mit inter-
aktiven Verhaltensweisen. Diese Forschung trigt zum Verstidndnis der Interaktionsmod-
ellierung in Multi-Agenten-Verkehrsumgebungen bei und liefert strukturierte Ansitze
zur Darstellung und Nutzung von Fahrzeuginteraktionen fiir eine sicherere autonome
Steuerung. Das modulare Design der vorgeschlagenen Frameworks erleichtert die Inte-
gration in umfassendere autonome Fahrsysteme, wie Wahrnehmungs- und Planungsmod-
ule. Dariiber hinaus liefert die Validierung in einer hochauflésenden Umgebung einen

praktischen Bezug fiir eine potenzielle Umsetzung in der realen Welt.

Schliisselworter: Interaktionsbewusst, Verkehrsprognose, Modellpridiktive Regelung,

Sicherheit, IPG CarMaker Validierung.
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CHAPTER 1

Introduction

This chapter presents the research motivation, historical development, and current chal-
lenges of automated driving. It also reviews the relevant background and concludes by

highlighting the thesis contributions and outlining its overall structure.

1.1 Motivation

Over the past few decades, automated driving technology has advanced rapidly, bring-
ing transformative developments to the transportation sector [4,5]. The implementation
of automated driving technology enhances travel safety, alleviates congestion, reduces
energy consumption, and improves resource efficiency while generating economic ben-
efits [6]. Given the complexity of real-world traffic environments, significant research
efforts continue to address the key challenges in automated driving to further advance the
technology.

Unlike urban environments, highways feature structured lanes, lack pedestrians, and
are characterized by high speeds and distinct traffic patterns, such as frequent lane changes,
merging, and platooning. These characteristics make highways a suitable environment for
the early deployment of fully automated driving systems [7, 8]. Consequently, within the
broader domain of automated driving technology, an increasing amount of research has
focused on highway scenarios.

Since vehicles usually operate at high speeds on highways, often exceeding 60 mph
(97 km/h) [9], sudden lane changes or braking could result in severe accidents if the
Autonomous Vehicle (AV) fails to anticipate potential dangers in advance. Reliable pre-
diction of surrounding vehicles’ future motions is therefore essential for safe AV control.
However, motion prediction of surrounding vehicles is inherently coupled with the AV’s
own actions at each time step, as vehicles continuously influence one another’s behavior
over time. This mutual influence between vehicles is commonly referred to as interac-
tion. As defined in [10], interaction arises when the behaviors of two or more road users
depend on the possibility that they may attempt to occupy the same region of space in
the near future. Despite its importance, many existing automated driving systems as-

sume independent vehicle motions, resulting in overly simplistic and sometimes unrealis-



tic predictions [11]. Incorporating interaction enables motion forecasts that better reflect
actual driving behavior [12], and integrating these predictions within the control loop al-
lows AVs to plan more adaptive and less excessively cautious maneuvers [13]. Neverthe-
less, interaction-aware prediction remains challenging for automated driving, particularly
when it must operate in real-time within a control framework. Because the intentions and
driving styles of surrounding vehicles are unknown, their future motions are inherently
uncertain. Moreover, modeling multi-agent interactions in a form suitable for control
integration, while preserving computational efficiency, introduces substantial complexity.

Beyond the challenges of interaction modeling and motion prediction, ensuring safety
in uncertain and dynamic highway environments also poses significant challenges for con-
trol design. Overly strict safety constraints can result in conservative behaviors, reducing
efficiency and limiting practical responsiveness [14]. Balancing conservatism and robust-
ness in control strategies across diverse traffic scenarios represents an important research
direction [15]. This thesis addresses these challenges by investigating methods for model-
ing vehicle interactions, and develops advanced control architectures for safe autonomous
highway driving. By advancing the understanding of vehicle interactions, the proposed
approaches aim to enhance the safety, computational efficiency, and reliability of future

autonomous highway systems.

1.2 Historical perspective

1.2.1 History

According to the official classification document, SAE-J3016, issued by the Society of
Automobile Engineers (SAE) in 2014, driving automation is categorized into six levels,
from Level O to Level 5 [16]. Fig. 1.1 illustrates the main characteristics of these levels,
ranging from no automation to full automation.

One of the earliest public demonstrations of automated vehicle technology dates back
to the early 1970s, when the British Road Research Laboratory released a video of a
guided driverless car prototype. Although it relied on dedicated road infrastructure, the
demonstration attracted considerable attention from both academia and industry [5]. Sub-
sequent efforts further advanced the field. In 1977, researchers at the Tsukuba Mechanical
Engineering Laboratory in Japan developed one of the earliest vision-guided AV proto-
types, which used on-board cameras and analog image-processing circuitry to detect road
markings on a dedicated test track [17].

From the 1980s to the 1990s, the development of self-driving technology experienced
its first major acceleration, driven by advances in computing power and the emergence
of new sensing technologies such as cameras, Radio Detection and Ranging (Radar), and
experimental Light Detection and Ranging (LiDAR) systems [18]. In the mid-1980s,
Defense Advanced Research Projects Agency (DARPA) initiated the Autonomous Land
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Fig. 1.1 Features of six levels of driving automation [1]. Level 3 systems are now avail-
able from BMW, Mercedes-Benz, and Honda under specific operating conditions and in
limited regions [2].

Vehicle (ALV) program with substantial Army support [19]. Around the same time,
Carnegie Mellon University launched the ‘Navlab’ project. The first ‘Navlab’ vehicle was
constructed in 1986, using a combination of sensors and computing systems [20]. During
this period, Ernst Dickmanns and his team at the Bundeswehr University Munich, Ger-
many, developed a vision-guided autonomous Mercedes-Benz van. The system achieved
autonomous driving at speeds up to 36 km/h on a closed test track and later reached
96 km/h on an empty highway segment in 1987 [5]. After approximately three years
of work by DARPA, an ALV prototype was successfully demonstrated navigating con-
trolled off-road terrain [21]. The ‘Navlab’ series continued to advance through the early
1990s. ‘Navlab 5’ completed a 3,100-mile cross-country trip in 1995, achieving 98.2%
autonomous driving with minimal human intervention [22]. In 1997, an automated high-
way system was demonstrated in San Diego, illustrating coordinated vehicle platooning
and automated control along dedicated highway test segments, marking another milestone
in early large-scale automation research [23].

Starting in the early 2000s, DARPA launched the Grand Challenges for AVs. Teams
from around the world participated, testing their autonomous systems under demanding
real-world conditions [24]. In the first event in 2004, no team was able to complete the
course [25]. However, substantial progress followed in 2005, when Stanford University’s
AV ‘Stanley’ successfully finished the course and won the competition [26]. The 2007
DARPA Urban Challenge further advanced the field by requiring vehicles to navigate
complex urban-like environments, follow traffic rules, and interact with other AVs [27].

In 2009, Google launched its AV program, later spun off as Waymo, initiating major



efforts toward commercial and industrial development of AV technology [28].

In 2010, the University of Parma’s VisLab conducted the VisLab Intercontinental Au-
tonomous Challenge, completing a 15,900 km trip in 100 days from Parma, Italy to
Shanghai, China [29]. In 2013, VisLab ran the PROUD project [30], which involved
autonomous driving in mixed traffic on public roads through Parma, Italy [30]. Parallel
European initiatives also advanced the field. The HAVEit, ABV, and CityMobil projects
demonstrated autonomous highway and urban driving capabilities around 2011 [7], and
platooning-based highway driving was achieved in the 2012 SARTRE Project [7]. In
2013, Daimler and the Karlsruhe Institute of Technology completed autonomous driving
along Bertha Benz Memorial Route, showcasing both city and highway operation [31].
Alongside academic research, the autonomous driving industry grew rapidly, with numer-
ous systems developed to assist human drivers [4,32]. In 2014, Tesla introduced Autopi-
lot, a consumer-oriented Advanced Driver Assistance System (ADAS) providing Level 1
automation [33]. Tesla subsequently expanded its capabilities, and by 2019 offered fea-
tures marketed as Full Self-Driving, which correspond to Level 2 automation [32, 34].
Waymo also played a significant role in industrial progress, launching a public pilot ride-
hailing program in the Phoenix area in 2017 with autonomous minivans [28], and ex-
panding its fully autonomous robotaxi operations to additional U.S. cities beginning in
2022 [35,36].

More than half a century of research and development has produced significant achieve-
ments in automated driving [5, 6,37]. Despite these advancements, most commercially
available automated driving systems remain at Level 2, requiring drivers to monitor the
vehicle and take control when necessary [1]. More recently, Honda in Japan, Mercedes-
Benz in Germany and select U.S. states, and BMW in Germany have introduced certified
Level 3 systems, allowing drivers to disengage from monitoring the highway under spe-
cific conditions [2,32]. Meanwhile, companies worldwide continue to advance higher
levels of automation, with ongoing research, testing, and limited deployment of Level 4

and above autonomous systems [32].

1.2.2  Current state of technology and future challenges

ADAS is the most widely deployed form of automated driving technology, providing par-
tial automation to support drivers [38,39]. The system integrate sensors, control units,
software algorithms, and vehicle actuators, such as steering and braking systems, to en-
hance safety and convenience. Current ADAS functionalities, corresponding primarily to
SAE Levels 1 and 2 [1], include Adaptive Cruise Control (ACC), Lane Departure Warn-
ing (LDW), Automatic Emergency Braking (AEB), and Automated Parking (AP) [40].
In highway driving applications, ADAS focuses on enhancing safety by supporting lon-
gitudinal and lateral vehicle control, particularly in tasks related to maintaining stability
and avoiding collisions. Commonly deployed ADAS features include ACC, AEB, LDW,
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Lane Keeping Assist (LKA), Lane Change Assist (LCA), and Intelligent Speed Adapta-
tion (ISA), which assist drivers in maintaining lane position, controlling speed, perform-
ing lane changes, and respecting speed regulations [7].

In the commercial mobility sector, automated driving technology is increasingly be-
ing deployed. Waymo operates autonomous ride-hailing services in several U.S. cities,
allowing passengers to hail driverless robotaxis [35, 36], while autonomous shuttle ser-
vices are offered in controlled environments such as campuses, airports, and urban areas,
often under human supervision [41,42]. Tesla’s Full Self-Driving system provides Level
2 automation under specific conditions, gradually expanding driver-assistance capabili-
ties [32,34]. These examples demonstrate the growing adoption and versatility of auto-
mated driving technology and its potential to impact various industries and day-to-day
activities.

Despite these advancements, significant challenges remain. Technical limitations,
such as sensor constraints, computational delays, and perception uncertainty continue
to affect system reliability [1]. Accurately predicting the motion behavior of surrounding
vehicles is critical for safe AV operation, yet inherently difficult due to the interactive and
dynamic nature of traffic. Interaction-aware motion prediction must account for multi-
agent behaviors and the coupling between the AV’s own actions and those of surrounding
vehicles, introducing considerable uncertainty and complexity [13,43].

Ethical and regulatory challenges further complicate the development. In situations
where accidents are unavoidable, determining appropriate AV actions raises ethical dilem-
mas [4,44,45]. Legal frameworks must accommodate diverse traffic environments and
evolving technology. Additionally, increased connectivity, such as Vehicle-to-Vehicle
(V2V) and Vehicle-to-Everything (V2X) communication, exposes AVs to cybersecurity

threats, which can compromise passenger safety and privacy [46,47].

1.3 Literature review and fundamentals of automated driving

1.3.1 System architectures for automated driving

From the perspective of a layered architecture [1], an automated driving system is typi-
cally divided into three layers: the perception and Simultaneous Localization and Map-
ping (SLAM) layer, the planning layer, and the control layer, as illustrated in Fig. 1.2.
The layered architecture functions as follows: in the first layer, the surrounding environ-
ment of the AV, such as objects, buildings, and traffic signs, is captured and processed
as data by sensors [48,49]. In addition to Global Positioning System (GPS) and Inertial
Measurement Units (IMUs), camera, LiDAR, and Radar are commonly used to detect,
track, and localize objects of interest [50,51]. Then, the important messages, like the
states of objects (e.g., position, velocity, attitude, etc.), are estimated and integrated into

a representation of the environment [52,53]. The first-order mapping subsystem, part of
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the SLAM system, receives offline maps and the vehicle’s state as input to produce on-
line maps. This enhances the information available to the decision-making system [1].
In the subsequent layers, decision-making and planning for the AV are performed using
the integrated algorithms based on the processed data [54-56]. Finally, after generating
a reference path, the control unit guides the AV to follow it and achieve its goal through
actuators [57-59].

Perception and SLAM Layer: Environmental perception in automated driving relies
heavily on advancements in sensor technologies [48,49]. Specifically, the camera excels
at interpreting subtle nuances of textures and colors with remarkable precision, making it
indispensable for critical automated navigation tasks such as lane detection and traffic sign
recognition [1]. However, processing the rich information captured by cameras requires
significant computational resources. The development of Machine Learning (ML) algo-
rithms, particularly Deep Learning (DL), has become the foundation for meeting these
computational demands. These advanced algorithms utilize Neural Network (NN) in-
frastructure as their computational backbones, enabling the extraction of rich information
through complex neural networks, which enhances both accuracy and efficiency in per-
ception tasks [1,52,60]. LiDAR, provides high-resolution and high-precision informa-
tion, i.e., point clouds, even in dynamic environments. Its capabilities are crucial for tasks
like navigation, obstacle detection, and collision avoidance in complex traffic scenarios.
The raw data collected by LiDAR is processed through advanced computational tech-
niques, including point cloud processing, SLAM algorithms, and DL-based approaches.



These technologies enable the creation of detailed 3D maps, providing a comprehen-
sive representation of the surrounding environment [61-63]. Despite the acknowledged
precision, LiDAR performance can degrade under adverse weather conditions such as
heavy rain or fog, and its relatively high cost and physical size still limit widespread
adoption [64]. In contrast, the Radar is robust under adverse weather conditions and
excels at detecting objects over considerable distances [65]. Automotive Radar trans-
mits frequency-modulated-continuous waveform at millimeter-wave frequencies, which
supports high-resolution target range and velocity estimation at a much lower cost than
LiDAR technology [66]. Although Radar offers lower spatial and angular resolution, it
remains widely deployed in features such as ACC and collision-avoidance systems [1].
Additionally, ML algorithms and deep NNs have also been applied in automotive Radar
for target recognition and classification [66].

Planning Layer: Followed by the perception layer, path planning/trajectory planning,
and decision-making are executed in this layer using the processed data. According to the
classification, most studies categorize this layer based on three levels of skills and tasks:
strategical (planning), tactical (maneuvering), and operational (control) [67]. Five main
functions in the motion strategy hierarchy are accordingly defined: (i) route planning, (ii)
traffic prediction, (iii) decision-making, (iv) trajectory generation, and (v) trajectory de-
formation [7]. It works as follows: firstly, a general long-term path is generated through
the road network from the initial position to the desired destination [68]. Then, the AV’s
surrounding objects’ motion behaviors are estimated and predicted. The associated long-
term risks are evaluated, and the path is re-planned for the AV [11]. Subsequently, under
high-level predictive planning based on risk evaluation, criteria minimization, and con-
straint submission, the decision-making module chooses the best behavior motion from
all candidates’ generations [69]. Finally, low-level reactive planning deforms the gen-
erated motion from the high-level planning according to a deformation function [70].
The goal of this layer is summarized as to build an admissible path/trajectory from the
starting point to the desired destination point smoothly, and constrained by safety, traf-
fic rules, and other relevant factors that influence safe driving conditions. Traditional
path and trajectory planning algorithms are generally classified as search-based [71,72],
probability-based [73,74], Al logic-based [1, 75], parametric and semi-parametric curve
based [76,77], and numerical optimization-based [78, 79].

Control Layer: The role of the control layer is to follow the planned trajectory gener-
ated from the last layer as a reference in the presence of modeling error and other forms
of uncertainties [59]. The Pure Pursuit controller and its variants are among the earliest
approaches applied to vehicle control [80, 81]. The method follows a predefined path
by steering toward a dynamically selected look-ahead point. Although the method faces
challenges in dealing with sharp curves due to its use of a fixed look-ahead distance, it

has been practically used in early AVs because of its simple implementation and great



performance [26,27]. The rear wheel position-based feedback method is another solu-
tion, in which the control law regulates the steering angle based on the position of the
rear-axle center (i.e., the midpoint of the rear axle) relative to a reference path, and the
vehicle dynamics. The method provides good stability at low-speed but limited perfor-
mance at high-speed, which makes it suitable for parking or low-speed navigation [59,82].
A related approach is front wheel position-based feedback control, which regulates both
the front-wheel position error and the heading error. Because it better accounts for ve-
hicle geometry and heading dynamics, this method generally provides improved stability
at higher speeds compared with rear wheel position-based feedback [26, 59, 82]. How-
ever, on slippery roads or in emergency situations, the above control methods fail to
generate sufficiently sophisticated control actions due to the simplicity of the underly-
ing vehicle model [59]. Model Predictive Control (MPC) is an effective methodology for
addressing this limitation [83]. Vehicle models with actuation limitations can be incorpo-
rated as hard constraints in the optimization problem formulation, commonly referred to
as a Constrained Finite-time Optimal Control Problem (CFTOCP). Driving performance
goals, such as ensuring safety and enhancing driver comfort, can be included as soft con-
straints [84]. In addition to handling multiple constraints, MPC enables the achievement
of various control objectives by designing the objective function to minimize the dif-
ference between decision variables and reference values, such as trajectory tracking and
energy efficiency. Due to its compact and straightforward structure, MPC has been suc-
cessfully applied to vehicle control in various traffic scenarios [85]. Al-based approaches
offer another solution, leveraging vast datasets of recorded human driving behaviors to
train networks capable of producing human-like control actions for AVs [57,86]. Though
Al-based methods are widely applied in real-world AV applications, their further devel-
opment is hindered by the lack of safety guarantees [87], the need for interpretable control
outputs, and the requirement for reliable datasets [88].

Summary: A layer-structured automated driving system organizes driving tasks into a
systematic hierarchy to support efficient execution. Although the boundaries between
layers are not always strict, the architecture highlights the importance of coordinated
interactions among them. For example, decision-making processes may span both the
motion-planning and control layers rather than residing in a single layer. However, the
use of multiple interconnected layers can also increase computational complexity and

introduce delays in the system’s overall response [1].

1.3.2 Terminology

Relevant terminology and scenario context used in this thesis are defined below.

Ego Vehicle (EV): The AV employing the proposed control method is referred to as
the EV.

Target Vehicle (TV): A vehicle surrounding the EV that may interact with it is referred



to as the TV. The TV is assumed to be human-driven.

Leading Vehicle (LV): The TV drives in front of the EV is referred to as the LV.

Interaction-aware control: This term refers to control methods that account for the
mutual influence between the EV and surrounding TVs (see Section 1.1 for a definition
of interaction).

Interaction awareness: This term refers to the capability of a vehicle receiving and
responding other surrounding vehicles’ motion decisions.

The definition of the term “interaction-aware” is not consistent in the literature and
may depend on the specific application context. The authors in [89] summarized studies
on predicting vehicle lane change decision-making on highways under the term “intention-
aware”, where collected road users’ information is used to infer human-driven vehicles’
intentions at three sub-levels: strategic, tactical, and control levels. The methods for de-
scribing intentions are categorized into four types: generic models [90-93], such as Hid-
den Markov Model (HMM), Artificial Neural Network (ANN), and Bayesian Network
(BN); discriminative models [94, 95], like Support Vector Machine (SVM); DL meth-
ods [96-98], including deep Convolutional Neural Network (CNN); and cognitive mod-
els [99, 100], which are built based on the Adaptive Control of Thought-Rational frame-
work. “Behavior-aware” is introduced in [101] to describe DL-based prediction meth-
ods with the different input types [102, 103], such as history data of vehicles [104, 105],
and raw sensor data [106, 107]. In [108], motion trajectories are predicted by incorpo-
rating vehicle interactions and additional contextual information to enhance DL models,
ensuring interpretability and explainability in automated driving systems. These driving-
related factors are collectively termed as “driving knowledge”. Some proposed concepts
combine these key terms. For instance, in [109], “behavioral-intention-aware” is defined
to summarize prediction methods that simulate human reasoning to anticipate the be-
haviors of vehicles and pedestrians in urban settings. Additionally, “context-aware” and
“situation-aware” are widely used in current literature to describe the vehicle awareness

of the surrounding environment from the EV’s perspective [110-112].

1.3.3 MPC for automated driving

Compared to traditional control methods and advanced Al-based control methods, MPC
is more suitable for developing a simple and compact control structure that explicitly in-
corporates interactions between vehicles [83]. Its optimization-based formulation allows
multiple inputs, objectives, and constraints to be handled in a unified manner, enabling ve-
hicle interactions to be represented directly and efficiently within the constraint formula-
tion, with decisions that remain transparent and interpretable. Under the MPC framework,
predicting states over a horizon allows the controller to account for the future motion of
both the EV and surrounding TVs, further possibly ensure the EV’s safety under uncertain
environments. Based on whether TV motion prediction and EV control are addressed as
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separate modules or are integrated into a unified framework, the existing literature can be

broadly categorized into two control approaches:

* MPC with interaction-aware predictions: The MPC controller uses precomputed

predictions of TVs’ behaviors to generate control actions.

* Fully interaction-aware MPC: Vehicle interactions are incorporated directly within
the MPC optimization to compute control actions for the EV, considering how TV's

may respond.

1.3.3.1 MPC with interaction-aware predictions

For traffic prediction, there are different approaches to model interaction awareness of
vehicles [113, 114]. One representative method is to use interaction-aware models to
simultaneously predict the motion behaviors of TVs and the EV [115]. Car-following
models are widely used as the longitudinally interaction-aware models, like the Intel-
ligent Driver Model (IDM), the Optimal Velocity (OV) model, etc [116-118]. In the
lateral direction, due to the uncertainties of the lane change decision, lane change time,
and the way to do lane change, different interaction-aware lane change models are devel-
oped, like the Gipps model, the Minimizing Overall Braking Induced by Lane Change
(MOBIL) model, etc [119, 120]. The above car-following and lane-change models are
usually built based on unknown parameters. These parameters are usually estimated or
learned to represent the driver’s personality [115,121]. Moreover, vehicles’ interactions
can be effectively and compactly encoded in the vehicle’s motion modeling, and also in
Markov chain transitions under the Interacting Multiple Model Kalman Filter IMM-KF)
framework. The IMM-KF algorithm has been successfully applied in predicting highway
scenarios [122, 123].

In addition to the model-based traffic prediction approaches, model-free traffic predic-
tion approaches have also been intensively studied [124, 125]. Game theory is a popular
choice, where traffic participants are assumed to make decisions by maximizing their
utility [126, 127]. Vehicle interactions are represented by enumerating the possible ma-
neuvers at each time step [128, 129]. Game trees are then formulated considering the
probability of maneuvers from different aspects, like drivers’ intentions, observations, or
associated risks. However, solving for an equilibrium is still a challenge.

NN based approaches have been extensively investigated due to the development of
perception systems, which makes obtaining data from various driving agents and the en-
vironment easier [10]. Spatial and temporal interaction of vehicles are modeled based on
the dataset, using methods such as Recurrent Neural Networks (RNNs) [130], and Graph
Neural Networks (GNNs) [131]. A DL-based method is applied in [132], where a graph
NN encodes the interaction feature by modeling the traffic scene as a graph, and assuming

traffic agents and their interconnection as nodes and edges, respectively.
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Traffic predictions are then incorporated into the controller design to prevent the EV
from colliding with TVs. Within the MPC framework, traffic predictions, along with the
EV’s dynamics and actuation limitations, are systematically formulated as constraints.
Unknown driving intentions and styles of the drivers of TVs introduce uncertainties to
traffic predictions. The corresponding uncertainty in real future motion behaviors of
TVs has to be reflected in the formulation of the constraints of the MPC. Stochastic
MPC (SMPC) handles uncertainties by modeling them as statistical probability distribu-
tions, and computes control actions that minimize the expected cost [133]. The result-
ing performance, however, strongly depends on the accuracy of the underlying proba-
bilistic model [134]. In practice, constructing such stochastic models can be difficult or
even infeasible for certain control applications, limiting the applicability of SMPC. [135].
The Scenario-based MPC (SCMPC) approach addresses uncertainty based on a lim-
ited number of scenarios [136, 137], and it is easily compatible with the traffic prediction
component. It has been widely applied in various autonomous highway driving scenar-
ios [115,129].

1.3.3.2  Fully interaction-aware MPC

Some studies propose methods for directly determining the states of the EV and TV's con-
sidering their possible interaction models, by solving an optimization problem formulated
within MPC framework [43, 138]. However, the amount of existing literature on this ap-
proach is significantly smaller compared to studies focusing on separate traffic prediction
and MPC control methods. Since the states of both the EV and TVs are treated as deci-
sion variables, it is challenging to appropriately update vehicles’ states, and propagate the
uncertainties of their interactions within the prediction horizon. The formulation of the
problem plays a crucial role in determining the complexity of solving the corresponding
optimization problem. One possible solution is SMPC, where the EV’s motion is mod-
eled as a stochastic process based on the interaction with TVs, and mode transitions are
modeled as a Markov chain. The transition model is either learned or estimated from
previous EV and TVs measurements [139]. Another approach is Branch MPC, which
employs a scenario tree and a trajectory tree to represent the possible motion behaviors of
the EV and TVs. The branch probability of both trees influences each other based on their
interactions [140]. However, the method proposed in [140] considers only one EV and
one TV, and an increment in the number of TVs incredibly complicates the interaction
formulation. Additionally, one method representing the EV and TV states simultaneously
in an Affine Time-Varying (ATV) system within MPC is introduced in [141], where the
system model and interactions are processed as nodes and edges in the Long Short-Term
Memory (LSTM) networks. Despite their advantages, these methods suffer from high

computational complexity due to the complicated interaction formulation within MPC.
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1.3.3.3 Ensuring safety in MPC for automated driving

Safety is one of the most critical aspects of controlling the EV. This feature becomes even
more challenging in emergency scenarios, such as an unexpected deceleration of the LV
or a sudden cut-in by a TV. Considering these emergency scenarios is essential to ensure
safety-guaranteed control actions. These circumstances are identified as a Safety-Critical-
Event (SCE) [142], where the EV immediately brakes against the crash, potentially lead-
ing to a standstill due to rapid deceleration [143]. ACC is an example of a driver assis-
tance system for resolving SCEs. In this system, the EV reacts based on information about
the LV. However, a large time headway in this algorithm may lead to over-conservative
actions [144]. [145] proposes a safety controller based on ACC, where the EV uses a
predefined deceleration profile. Another representative solution to SCEs is the rigorous
formalizing mathematical model of Responsibility-Sensitive-Safety (RSS) [146]. In this
model, a safety distance is defined by assuming a “worst-case” scenario, and the EV re-
sponds to an SCE by decelerating at a predefined rate without full braking. This approach
might be sensitive to the parameter design, a subtle change of the parameter set might
lead to a different decision strategy [147].

Moreover, incorporating the safety guarantee into the MPC framework is crucial yet
challenging due to the existing uncertainties. Contingency MPC (CMPC) offers a promis-
ing direction, as it integrates contingency resolutions alongside nominal ones under its
framework to achieve safety. Meanwhile, uncertainties arising from predicting TVs mo-
tion behaviors can be presented by a finite number of nominal scenarios. The key to
designing a CMPC controller lies in defining the contingent scenario, obtaining nomi-
nal scenarios, and ensuring safety, which also distinguishes different studies. A CMPC
method proposed by [148], introduces two prediction horizons of different lengths during
nominal and contingent scenario generations. Two sets of control actions are computed to
meet the nominal and contingent objectives, respectively. Safety is guaranteed by align-
ing both types of control actions to be identical in the first step. Meanwhile, to regulate
the trade-off between conservativeness and performance incentives, two tunable weight
variables are employed, with their sum constrained to 1. However, selecting appropriate
weights is non-trivial and requires expertise or prior knowledge. SMPC typically ensures
safety probabilistically by constraining the risk probability within a predefined threshold
using chance constraints. One approach fulfills the stochastic safety guarantee by prov-
ing the generalization bound for the predictive model through post-bloating, SVM, and
conformal analysis methods, where a set of all possible TV trajectories within a given
scenario is obtained by the trained predictive model [149]. However, a key limitation of
SMPC is that chance constraints inherently allow for a small probability of safety viola-
tions. To address this problem, [14] proposes to exploit SMPC and fail-safe trajectory

planning sequentially. Initially, SMPC is used to generate a safe trajectory based on a pre-
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defined risk threshold. To further ensure safety, a backup trajectory is incorporated based
on reachable sets, which is activated when the primary SMPC trajectory risks violating
safety constraints. Despite its advantages, SMPC faces computational challenges due to
the probabilistic formulation in the cost function and the complexity of solving schance

constraints efficiently.

1.4 Contributions

The multi-layer structure of the automated driving architecture can introduce delays be-
tween processing stages, which in turn add to the overall computational burden [1]. To
address this computational challenge, this thesis integrates planning and control into a
unified framework. This integrated component, referred to as the control implementa-
tion for EVs, constitutes the main focus of the thesis and is highlighted in the red box in
Fig. 1.3.
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Fig. 1.3 Research scope of the thesis

At the same time, this thesis focuses on the real-time prediction of surrounding TVs’
motion maneuvers based on their interactions, with the goal of ensuring safe EV opera-
tion. Building on the identified challenges and opportunities in modeling vehicle interac-
tions and achieving safe control for autonomous highway driving, the following research

questions are formulated to be addressed:

e Questions on control methodology and algorithm derivation:

13



1. How can a control framework be developed to enable the implementation of both

planning and control for the EV?

2. How can interactions between the EV and TVs be modeled and predicted under

the proposed control framework?

3. How can decision-making be realized for the EV under the proposed control

framework?

e Question on the feasibility of solving optimization problems:

4. How can the recursive feasibility of MPC be guaranteed?

e Questions on controller performance for autonomous highway driving:

5. What are the key performance characteristics of the proposed control approaches?

The main contributions of this thesis are summarized as follows. A computationally
efficient IMM-KF-based algorithm is introduced to produce possible interaction-aware
scenarios, simplifying interaction modeling with the MPC framework [122] (Chapter 3).
Moreover, this thesis proposes an improved IMM-KF-based algorithm to enhance the
interaction-aware traffic prediction by adaptively updating the transition probability ma-
trix according to vehicle’s motion mode switch, and further improve accuracy of model
likelihoods (Chapter 3). A SCMPC controller is proposed to compute collision-free ac-
tions for the EV by considering the generated nominal scenarios (Chapter 4). Unlike
methods that include the decision-making of lane-change for the EV during the interac-
tion process [139-141], this approach simplifies the decision-making by considering only
two control modes, ‘lane-keeping’ and ‘lane-change’, and selecting the mode with the
lower associated cost. To guarantee the safety of the control actions, a “worst-case” sce-
nario is introduced into the SCMPC formulation, and the recursive feasibility is rigorously
proved.

A CMPC controller is also proposed to reduce the conservativeness arising from con-
sidering the “worst-case” scenario (Chapter 5). For the nonlinear vehicle model used in
CMPC, a differential flatness based method is employed to obtain a feedback linearized
representation. This ensures that the vehicle model is locally controllable, in contrast to
the negative controllability result observed for its linearization at an arbitrary equilibrium.
This method also simplifies the optimization problem while maintaining accuracy in de-
scribing the vehicle’s motion. Compared to the terminal set introduced in the SCMPC
controller, the considered one within the CMPC scheme is enlarged. Additionally, this
approach reduces the number of decision variables by using time-varying prediction hori-
zons.

In addition, this thesis proposes a fully interaction-aware control approach by fusing
the motion states of the EV and the longitudinal motion states of TVs within the MPC
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framework (Chapter 6). Instead of predefining the interaction mechanism of TVs, they
are optimally determined by minimizing the total effort of all vehicles across various
traffic scenarios. For the lateral motion uncertainties of vehicles, a rule-based MOBIL
model, is proposed to predict the possible lanes vehicles will occupy, based on the overall
benefit to traffic flow. Unlike approaches that consider all possible TV motion behaviors
at each prediction step, this method incorporates the causality of lane changes at each
decision-making step, leading to fewer and more realistic predicted traffic scenarios. In
the proposed control structure, the MPC formulation eliminates the need for information
about all states of TVs, requiring only the possible lateral positions. Also, by introducing
different control modes for the EV, decision-making, planning, and control are integrated
into a single module for autonomous driving. The interaction of vehicles over the pre-
diction horizon is considered from the viewpoint of the entire traffic environment. The
proposed method is computationally efficient because of the linearity of the optimization
problem and the compact control structure.

Evaluating the designed controllers in an appropriate environment is essential for
demonstrating the effectiveness of algorithms. On the one hand, during controller de-
sign, a simplified vehicle model is usually used because fully accounting for the vehicle’s
real complex dynamics within the MPC framework is nearly impossible. The highly
nonlinear vehicle dynamics also pose challenges for solving the associated optimization
problem. Therefore, applying the calculated control actions in an environment that re-
flects real vehicle dynamics is both important and necessary. On the other hand, we focus
on modeling the interactions between vehicles to obtain safety-guaranteed control actions.
It is thus crucial to ensure that the simulated TVs in the environment interact with the EV
similarly to how real human drivers would. Considering these requirements, we choose
IPG CarMaker to evaluate the developed control approaches in this thesis. In particular,
the EV’s dynamics are represented by a realistic, real-time capable model, which can be
expanded to 280 degrees of freedom. Traffic scenarios can be configured arbitrarily or
generated based on real-world data. TVs’ motion behaviors are modeled in automated
driving mode using human-like models, such as the Human Driver Model (HDM). Addi-
tionally, IPG CarMaker’s compatibility with other interfaces, particularly with Simulink,

facilitates seamless implementation.

1.5 Thesis outline

Fig. 1.4 illustrates the overall structure of the thesis. Chapter 2 reviews the theoreti-
cal foundations and relevant knowledge for MPC (Section 2.1) and MPC-based control
methods (Section 2.2), with a particular focus on SCMPC (Section 2.3.2) and CMPC
(Section 2.3.3).

Considering the distinctive advantages of the control methods, several controllers for
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autonomous highway vehicles are designed in the following chapters with different de-
sign considerations and objectives. In particular, Chapters 3, 4, and 5 develop MPC-
based methods with interaction-aware predictions, sequentially examining interaction-
aware traffic predictions, integrated planning, decision-making and control, and recursive
feasibility of the associated optimization problems to ensure safety. The logical flow
between Chapters 3 and 4 is illustrated in Fig. 1.5. The corresponding results are sum-
marized in: X. Zhang, S. Zeinali and G. Schildbach, “Interaction-aware traffic prediction
and Scenario-based Model Predictive Control for autonomous vehicles on highways,”
in 2024 European Control Conference (ECC), IEEE, 2024, pp. 3351-3357 [115], and
in the extended journal version: X. Zhang, S. Zeinali and G. Schildbach, “Interaction-
aware traffic prediction and Scenario-based Model Predictive Control for autonomous
vehicles on highways,” IEEE Transactions on Control Systems Technology, vol. 33, no. 4,
pp. 1235-1245, 2025 [150]. Chapters 3 and 5 also share a similar setup based on the
separate control structure, which corresponds to the following manuscript currently under
revision: X. Zhang, H. Wen, H. Abbas, and G. Schildbach, “Efficient Contingency Model
Predictive Control for safe and less conservative autonomous driving,” manuscript under

revision for resubmission.
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Fig. 1.5 Structure of the MPC with interaction-aware predictions

Chapter 6 proposes a fully interaction-aware MPC, integrating interaction-aware traf-
fic prediction and EV control within the MPC framework. A corresponding overview
is presented in Fig. 1.6, and the results are reported in: X. Zhang, S. Zeinali, H. Wen,
and G. Schildbach, “MOBIL-based traffic prediction and interaction-aware Model Predic-
tive Control for autonomous highway driving,” Control Engineering Practice, vol. 164,
pp- 106434, 2025. Finally, Chapter 7 concludes the thesis by summarizing the main find-

ings and outlining their implications.
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CHAPTER 2

MPC Formulations for autonomous highway driving

MPC-based methods are extensively employed in automated driving, as they provide a
systematic framework to account for vehicle dynamics, interactions with surrounding traf-
fic, and operational constraints [7,11,84]. This chapter introduces the relevant theoretical

background and controller formulations.

2.1 Optimization and constrained optimal control

2.1.1 Numerical optimization

Convexity: A set X C R"™ is convex if
Az + (1 = N)ag € X forall xy,7 € X, and A € [0,1]. (2.1
A function f : X — R is convex if X is convex and it satisfies the inequality
FOAz1+(1—=XNxg) < Af(x1)+(1—=N)f(xs) forall xy,2o € X, and A € [0,1]. (2.2)

A function f : X — R is concave if X is convex, and — f is convex.

The convex combination of a finite set of points x1,...,x, € R" is defined as any
point of the form \yx; + - - - + A\yxg, where \; > Oforallt =1,..., k, and Zle A= 1.
The convex hull of a set K C R"™* is the set of all convex combinations of points in /C, and
it is denoted by conv(K) [3]:

k
conv(K) = { Z i
i=1

Polyhedron and polytope: A polyhedron P in R"* is defined as the intersection of a

k
2 €K, N\ >0, Z)\izl}. (2.3)
=1

finite set of closed halfspaces in R™~:
P={zxeR"™: Az < b}, 2.4)

where Ax < b represents a finite set of linear inequalities. A is the constraint matrix with
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rows a; ,a ,...,a, ,and b € R™ is a vector of corresponding dimension. A polytope

is a bounded polyhedron.

An optimization problem is generally formulated as:

min J(x) (2.5a)

xT

s.t. z € X C dom(J), (2.5b)

where z denotes the decision variables, dom(.J) C R" is the domain of the objective/cost
function J, and X C dom(./) is the set of feasible or admissible decisions. The objective
function J assigns a real-valued cost J(x) € R to each decision z.

Solving the problem (2.5) means to find a decision z* € X that minimizes .J(x). The
minimal cost is denoted by J*, referred to as the optimal value, and the corresponding
decision x* achieving J* is called an optimal solution. If the feasible set X is empty,
the problem is infeasible, and by convention, we set J* = +o0o. If the feasible set co-
incides with the domain of the objective function, i.e., X = dom(.J), the problem is
unconstrained.

A standard formulation of an optimization problem is given by:

min J(z) (2.6a)

s.t. gi(x) <0, i=1,...,npy, (2.6b)

hj(x) =0, j=1,...,n,. (2.6¢)

Here, g1,92,...,9n,, and hy, ho, ..., hnp represent the inequality and equality constraint

functions, respectively, where g; : R"™ — R, h; : R"™ — R. The feasible set X is
defined by the intersection of dom(.J) with the region satisfying all constraints. The
optimization problem (2.6) is convex if J is convex and the feasible set X is convex. A
key property of convex optimization problems is that any locally optimal solution is also
globally optimal. Common classes of optimization problems include Linear Program
(LP)s, Quadratic Program (QP)s, and Mixed Integer Program (MIP)s.

When the objective function and constraint functions of the optimization problem (2.6)
are affine, the problem is called an LP. A commonly used standard formulation of an LP

is given by:
min ¢’z (2.7a)

s.t. Az <b. (2.7b)

Here, + € R™ is the decision variable, ¢ € R" is the linear coefficient vector. A €
R™m*"= g the constraint coefficient matrix, b € R™™ is the constraint bound vector. Since

both the objective function and constraints are affine, LPs are convex optimization prob-
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lems.
The optimization problem (2.6) is called a QP when the objective function is a convex

quadratic function, and the constraint functions are affine. Its general form is given by:

1
min §:BTH$ +cla+r (2.8a)

st. Azx < b, (2.8b)

where x € R"= is the decision variable, H € R"**"+ is a symmetric positive semidefinite
matrix (H = H' > 0), ¢ € R™ is a linear coefficient vector. A € R"»*"= and b € R™
define the linear inequality constraints. The term 7 is a constant, and does not affect the
optimal solution, so it can be omitted if only the optimal z is of interest. Since H is
positive semidefinite, QPs are convex optimization problems.

The optimization problem (2.6) is called an MIP when the feasible set X is the Carte-
sian product of a binary set and a real Euclidean space, i.e., X C {(z., xp) : x. € R" 2} €
{0,1}™}. A standard formulation of an MIP is given by:

min J(x., zp) (2.9a)
T, Th
sit. gi(xe,xp) <0, i =1,...,np, (2.9b)
hj(xe, ) =0, j=1,...,np, (2.9¢)
x € {0,1}"™, (2.9d)
where the objective function .J, inequality constraint functions g1, go, . . . , gn,,, and equal-
ity constraint functions /iy, ha, . .., h,, are real-valued functions defined over X.

When the objective function of the optimization problem (2.9) is quadratic and con-
vex, and the constraints are affine, the problem is called a Mixed Integer Quadratic Pro-

gram (MIQP). A general formulation is given by:

1
min §Z‘THQZ +cla+r (2.10a)
s.t. Acx. + Apxy < b, (2.10b)
xp € {0, 1}, (2.10¢)

where A, € R"*" A, € R"*™ b € R", and n, = n. + n,. MIQPs are generally
non-convex due to the presence of binary variables. When H = 0, the problem reduces
to a Mixed Integer Linear Program (MILP), which remains computationally challenging

because of the integer constraints.
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2.1.2  Constrained optimal control

Consider the discrete linear time-invariant (DLTT) system
x(k+1) = f(x(k),u(k)) = Azx(k) + Bu(k), (2.11)

where z(k) € R™, u(k) € R™ denote the state and input vectors, respectively. A and
B are the system and input matrices of appropriate dimensions. The state and input must

satisfy the admissible sets X and U, respectively:
z(k) e X, wu(k)elU, VE>O0. (2.12)

The sets X C R™*, and U C R"™ are assumed to be polyhedra.

The objective function over the time horizon from time O to time NV is defined as:

J(:c(O), U) = Jf(J?N) + Jq(xk,uk), (213)
0

=z

i

where the variable x;, denotes the predicted state at time k, which is obtained by starting
from the measured state xo = x(0), and applying the input sequences uy, . . ., uy_1 to the
system (2.11). The input sequence is collected in U = [uOT . u}_l] T. The terms
Je(xy) and J,(zg, uy) are referred to as the terminal cost and stage cost, respectively.

Both cost functions are assumed to be positive definite.

A CFTOCP is given by:
N—-1
J*(xg) = mUin Je(xn) + Jy(Tr, ug) (2.14a)
k=0
s.t. xpy1 = Axp + Bug, k=0,...,N —1, (2.14b)
xeX, k=1,...,N, (2.14¢)
u, €U, k=0,...,N—1, (2.144d)
ry € Xy, (2.14e)
xo = 1(0). (2.14f)

Here, Xy C R"* denotes the terminal set, which the system state must reach at the end
of the prediction horizon. We distinguish between the current state (k) of system (2.11)
at time k&, and the optimization variable x, used in the optimization problem (2.14). x
represents the predicted state at time &, obtained by propagating the initial state x, un-
der input sequences wuy, . . . , ug_1 according to (2.14b). Similarly, u(k) denotes the actual
input applied to the system at time %, while uy, is the k-th decision variable in the opti-

mization problem. When designing the objective function (2.14a), different norm choices
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can be applied to represent various control objectives. In general, the state and terminal

costs can be expressed as:
Ji(rn) = [Wpanllp,  Jo(wn, ur) = [Wozkll, + [Wrullp, (2.15)

where p € {1,2,00}. The weighting matrices Wp, Wg, Wg are assumed to have full
column rank and serve as tuning parameters. When p = 1 or p = o0, the objective
function represents a linear or max-norm formulation, resulting in an LP problem. In
contrast, when p = 2, the objective is based on the Euclidean norm. Using its squared
form yields a smooth and convex quadratic objective function, leading to a QP formulation

under linear constraints [3].

2.1.3 Reachability and invariance

Consider a DLTI system (2.11) with state and input constraints (2.12), the successor set
from the set S is defined as [3]

Suc(S) = {:E ER"™ :dxg €S, Jug e Us.t.x = f(:vo,uo)}. (2.16)
The precursor set to the set S is defined as [3]
Pre(S) = {x eR™: JueUst f(x,u) € 8}. (2.17)

For a given initial set Xg C X, the N-step reachable set R (Xy) of the system (2.11)
subject to the constraints (2.12) is defined as [3]

Ri+1(X0> = SUC(RZ<X0>) N X, Ro(Xo) = Xo, 1= 0, ey N —1. (218)

For every zy € X, there exists an admissible input sequence such that the state at time NV
belongs to Ry (X).
For a given target set S C X, the N-step controllable set Ky (S) of the system (2.11)

subject to the constraints (2.12) is defined recursively as [3]
]CJ(S) = PI'C(]Cj_l(S)> NX, Ko(S) =§,j¢€ {1, ceey N} (2.19)

All states zo € ICn(S) can be driven to the target set S in N steps by a suitable choice of
admissible inputs, while satisfying state constraints.

A set C C R™ is said to be a control invariant set for the system (2.11) subject to the
constraints (2.12), if C C X and

xp €C = Fu, € U fag,u,) €C. (2.20)
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The set Coo C R™ is called a maximal control invariant set if it is not a strict subset of
any other control invariant set.

Consider a DLTI system with additive disturbance or uncertainty:
Tpy1 = [z, up, wy) = Axg + Bug +wg, wp € W, (2.21)

subject to state and input constraints (2.12).

The robust successor set from the set S is defined as [3]

Suc(S, W) = {x eR"™ : Jzp €S, Ju € U, Jw € W, such that x = f(xg,u,w)}.
(2.22)
Thus, the successor set Suc(S, V) contains all states that can be reached in one step from
xo € S under at least one admissible input and at least one admissible disturbance.

The robust precursor set to the set S is defined as [3]
Pre(S, W) = {x eR™ : JueUs.t. f(x,u,w) €S, Yw € W} (2.23)

For a system with inputs, Pre(S, W) is the set of states which can be robustly driven into
the target set S in one time step for all admissible disturbances.

For a given initial set X, C X, the N-step robust reachable set Ry(Xy, W) of the
system (2.21) subject to the constraints (2.12) is defined recursively as [3]

Ri-l—l(XOa W) = SUC(RZ'(X(), W), W) ﬂX, Ro(Xo, W) = Xo, 1= 0, N N —1. (224)

Thus, for every zy € X, there exists an admissible input sequence such that the state at
time NV lies in R (X, W) for all disturbances.

For a given target set S C X, the N-step robust controllable set IKCn(S, W) of the
system (2.21) subject to the constraints (2.12) is defined recursively as [3]

ICJ<S,W) = Pre(/Cj,l(S,W),W) ﬁX, ’CU(S,W) = S, j € {1, R ,N} (225)

All states x belonging to the N-Step robust controllable set I (S, W) can be robustly
driven, through a time-varying control law, to the target set S in NV steps, while satisfying
input and state constraints for all possible disturbances.

A set C C R" is a robust control invariant set for the system (2.21) subject to the
constraints (2.12), if C C X and

zp €C = Ju, € U fag, ug, wi) € C, Ywr, € W. (2.26)

The set Co, C R™ is called a maximal robust control invariant set if it is not a strict

subset of any other robust control invariant set.
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2.2 Model Predictive Control (MPC)

2.2.1 Nominal MPC

A receding horizon controller, in which the finite time optimal control law is computed by

solving a CFTOCP online, is usually referred to as MPC [3]. The key idea of the receding

horizon controller is to shift the optimization horizon forward in time, as illustrated in

Fig. 2.1.
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Fig. 2.1 Receding horizon control at current (top) and next (bottom) steps [3]

Considering the regulation of the DLTI system (2.11) to a desired point, based on the

current state x(¢), an open-loop CFTOCP is solved

N-1
J*(xy) = Hll]in Jp(resn) + Jo(Tesk, Ut (2.27a)
' k=0
S.t. xt+k+1|t = Axt+k|t + But_;'_k‘“ kf = 0, ey N — ]_7 (227b)
$t+k|t € X, k= 1, Ce 7]\[7 (2270)
Ut k|t S U, k= 0, R ,N — 1, (227(1)
T4 N|t € Xf, (2276)
Here, U; = [u,]t UtT+1|t utTJr N_1j¢| Tepresents the stacked vector of predicted con-

trol inputs over the prediction horizon N. ), represents the k-th predicted state vector
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at time ¢, which is obtained by starting from the current time step ¢ and applying con-
trol sequences to the system model (2.27b). Similarly, wu;,; represents the k-th com-

puted input vector at time ¢. Let the optimal solution to CFTOCP (2.27) at time ¢ be

o
* _ * T * T * T
t—t+Nt — Y e - YNt ] :

The first element is applied to the system (2.11):
u(t) = uj,. (2.28)

CFTOCP (2.27) is then repeatedly solved with the moving horizon, based on newly col-
lected measurements.

Additionally, since the objective function, the system dynamics, and the constraints
in (2.27) are time-invariant, the solution to this problem is a time-invariant function of the

initial state x(¢). Therefore, to simplify the notation, we replace ¢ with 0 in (2.27), and

omit |, rewriting it as:

N-1

J*(xg) = H(ljin Je(xn) + Jy(Tg, ug) (2.29a)
0

k=0
s.t. Xpp1 = Avg + By, k=0,...,N —1, (2.29b)
r,€X, k=1,...,N, (2.29¢)
u, €U, k=0,...,N—1, (2.29d)
zy € Xy, (2.29¢)
xo = z(0) . (2.291)

Here, U, represents the computed control sequence at the current time step. xy represents

the initial state at the current time step.

2.2.2 Robust and Stochastic MPC

According to how uncertainties are handled in the control formulation, MPC is typically
classified into Robust MPC (RMPC) and SMPC categories [151]. RMPC employs a set-
based description of uncertainty, assuming all disturbances lie within a bounded set and
designing the controller to satisfy constraints for every admissible realization [152, 153].
RMPC formulations define such robust sets by characterizing the disturbance through
compact sets and constructing robust positive invariant sets or robust reachable sets for
the error dynamics. These sets enable robust MPC to maintain feasibility and satisfy
constraints for every admissible disturbance [151]. In contrast, SMPC represents un-
certainties probabilistically in the constraint formulation [153]. A probabilistic model,
such as a known distribution, an estimated distribution, or samples-based representation,

is used to describe the uncertainty. Constraints are enforced through chance constraints,
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which restrict the probability of violation to remain below a specified threshold [133,134],
typically resulting in less conservative control than RMPC [154].

2.2.3 Recursive feasibility

Depending on the initial condition, MPC may lead to states where the CFTOCP becomes
infeasible due to the finite horizon considered. To ensure recursive feasibility, solving
the MPC problem with an infinite horizon is ideal, but this is computationally intractable.
Therefore, it is necessary to include appropriate terminal conditions that compensate for
truncation errors introduced by the finite horizon in MPC, thereby guaranteeing recursive
feasibility. The concept of recursive feasibility is defined as follows [3].

Definition 2.2.1. (Recursive Feasibility). The MPC problem (2.29) is said to be recur-
sively feasible if, whenever it is feasible at the initial state x., the closed-loop system
under MPC feedback remains feasible for all k > 0.

The terminal cost J¢(zy) in (2.29a), along with the terminal set X in (2.29e), serves
as terminal conditions that help approximate the effect of the infinite horizon [155, 156].
In particular, the terminal set Xy, usually chosen as a control invariant set or a robust
control invariant set, ensures that the system can always stay within feasible regions.
The terminal cost approximates the infinite-horizon cost-to-go, promoting closed-loop
stability and improving performance. The terminal conditions need to be specifically

designed for different applications [3, 151].

Remark 2.2.1. While stability is another desirable property in MPC design and is of-
ten achieved together with recursive feasibility via terminal cost and terminal set de-

sign [151], it is not the main focus of this thesis.

2.3 MPC formulations for autonomous highway driving

2.3.1 Objective function, constraints and uncertainty handling

Considering the nominal formulation of a CFTOCP (2.29) in MPC, the objective func-
tion (2.29a) can be designed by incorporating various goals, such as tracking a reference
trajectory, reducing energy consumption, or reaching a destination quickly [7,54,83,157].
In parallel with the objective design, constraints play a critical role in ensuring safe and
feasible vehicle motion. Traffic rules such as speed limits and lane boundaries are typi-
cally treated as hard constraints that the EV must strictly obey [7]. Safety constraints that
capture vehicle interactions are also usually modeled as hard constraints [7, 11]. How-
ever, some requirements may instead be modeled as soft constraints to retain feasibility,
meaning they can be relaxed when necessary through slack variables [83,84]. Whether a

specific objective is implemented as a hard or soft constraint depends on the application
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needs [83]. Additionally, the vehicle’s kinematic or dynamic model in (2.29b), which
may also be nonlinear, imposes further constraints on the system [11, 158]. All of these
constraints together define the feasible state set X and input set U of (2.29), ensuring that
the resulting control inputs remain physically realizable.

The terminal constraint in (2.29¢) ensures that the predicted state at the end of the
horizon lies in a region where safety is maintained, thereby guaranteeing safe future op-
eration [152, 159]. The recursive feasibility of MPC can then be established even in
uncertain environments [83, 115]. For the application of autonomous driving, a common
strategy to define a terminal set is using the reachable set derived from vehicle dynamics
and safety considerations [160, 161]. For instance, in [160], a terminal set for a LV-EV
pair is constructed by first defining a robust positive invariant set enforcing three con-
ditions: (i) the EV’s speed must not exceed the LV’s speed, (i1) its maximum possible
deceleration must be lower than that of the LV, (iii) a required safety distance must be
maintained. This set is then iteratively expanded to obtain an inner approximation of the
maximal robust control invariant set, from which the terminal set is selected. Another
representative approach to guarantee safety in the presence of multiple moving obstacles
is presented in [162]. This method defines the terminal set as a robust positive invariant
set under a pre-stabilizing feedback law. The EV’s occupancy over the horizon is over-
approximated using set-based dynamics to account for disturbances, forming a tube that
ensures all predicted states and inputs satisfy tightened constraints. Recursive feasibil-
ity is preserved by assuming the existence of sets that provide consistent EV occupancy
across time steps, so each newly computed tube lies within the previously predicted one,
and that each obstacle’s actual position remains within its predicted set. Additionally,
without relying on a terminal set, an alternative option for recursive feasibility guarantee
is to hand-craft a back-up controller, which gets invoked whenever the optimal control

problem is infeasible [163].

2.3.2  Scenario-based MPC (SCMPC)

As a variant of SMPC, SCMPC approximates system uncertainties using a finite set of
representative scenarios [164]. These scenarios are generated as independent and iden-
tically distributed (i.i.d.) samples from the underlying uncertainty distribution, ensuring
that they capture the statistical properties of the uncertainty [136].

In the context of automated driving, each scenario represents a specific evolution of the
traffic environment over the prediction horizon while capturing interactions between the
EV and the TVs [115]. Let the number of surrounding TVs be V. The state information
of each TV is denoted with a superscript ‘(TV)’. A scenario is defined as a tuple that

includes the predicted state sequences of all V' TVs over the prediction horizon:
{a™ 2™ 1Y (2.30)
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Scenarios in SCMPC provide the basis for constructing safety constraints that ensure
robust behavior of the EV under varying and uncertain traffic conditions. Suppose there
are n, scenarios, the related feasible state set under the safety constraints of scenario s is
denoted with X2fey:s) Then, the feasible set X satisfies:

Ns
X C () Xwews), (2.31)
s=1
Given that the objective function is in a squared Euclidean form, the controller aims
to track a reference trajectory while minimizing control effort. The general framework of

SCMPC under this setup is formulated as follows:

N-1
J*(wo) = min ;;kaﬂ — et i, + luxllv, (2.32a)
s.t. xpyq = fag,ug), k=0,...,N—1, (2.32b)
rneX, k=1,...,N, (2.32¢)
wel, k=0,... N—1, (2.32d)
oy € X}, (2.32¢)
xo = z(0), (2.32f)

where . 1+1 represents the reference trajectory for the EV. The reference trajectory is
designed according to the desired control task, such as tracking a target speed, maintaining
a lane, or following a high-level planned path.

Different SCMPC methods employ distinct optimization formulations, especially re-
garding scenario generation and the formulation of scenario-based safety constraints.
Representative approaches for scenario generation include the use of motion modes, such
as car-following and lane-change models [116, 119, 165, 166]. In the automated driving
application of [164], the motion modes ‘lane-keeping’, ‘lane-change-right’, and ‘lane-
change-left’ are considered for each TV. A learning-based method identifies the maneu-
ver each TV is likely to perform from a real-world dataset, from which the probability
distributions of motion parameters are also estimated, while mode transitions are mod-
eled using HMMs. Scenario trajectories are then generated by sampling the parameters
for each mode. The number of scenarios is required to satisfy a lower bound determined
by the prescribed risk level. An alternative approach bypasses predefined motion modes
and instead evaluates TV behaviors at each step based on safety-related indices (e.g.,
time-to-collision) [129]. For each EV tactical decision, a decision-conditioned scenario
tree is constructed, where plausible TV reactions are enumerated, and their likelihoods
are derived from these indices. An SCMPC problem is then solved over each scenario

tree, tracking a reference velocity while enforcing safety constraints. The EV selects the
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tactical option with minimal expected cost, and the resulting trajectory is executed by a
lower-level tracking MPC. Beyond these methods, scenario trees can also be generated us-
ing alternative approaches. Game-theoretic interaction models [126—128] and data-driven
behavior models [130,131,167] have also been proposed for interaction-aware traffic pre-
diction, offering additional possibilities for scenario generation.

Based on the predicted motion of TVs, the EV is required to respond safely under all
generated scenarios. These scenarios can be assigned probabilities [133, 152, 164, 165]
or treated equally [129]. In particular, in the SCMPC proposed in [164], each TV’s
reachable set over the prediction horizon under a given mode is approximated as a con-
vex hull. Mode-dependent safety distance requirements are then incorporated into the
SCMPC formulation via chance constraints, ensuring that the EV maintains a safe sepa-
ration from these convex hulls with a prescribed confidence level. The convex-hull over-
approximation reduces the available safety margin, and the confidence level directly af-
fects the conservativeness of the resulting control inputs. While in [165], the unsafe region
associated with a TV is approximated by combining multiple ellipses, each corresponding
to the TV’s predicted position under a different motion mode. The EV is required to main-
tain a safe distance from this combined ellipse region with a predefined probability level.
To enforce this requirement, the safety-based chance constraints are reformulated into de-
terministic constraints by generating a sufficient number of sampled scenarios that capture
the TV’s motion uncertainty under a specified trajectory risk parameter. Approximated
combination of ellipses also enlarge the considered unsafe area, potentially increasing the
conservativeness of the resulting control inputs. In the approach of [168] specifically, the
assigned scenario probabilities are further used in the cost function, where the controller
minimizes the expected total scenario cost over the prediction horizon. Alternatively,
in [129], a separate SCMPC is solved for each EV tactical decision using a correspond-
ing decision-conditioned scenario tree. Within each SCMPC, all branches of the scenario
tree are treated as equally relevant possible evolutions of traffic, and the safety constraints
must be satisfied for every branch. This ensures that the computed control actions remain

safe under all traffic realizations.

2.3.3 Contingency MPC (CMPC)

CMPC is an extension of MPC that explicitly accounts for potential future events or cir-
cumstances, which are referred to as contingencies. A contingency is defined as a possible
future event or circumstance that cannot be predicted with certainty [148]. Two key char-
acteristics distinguish contingencies from general uncertainties: one is that their risk of
occurrence is situational, and can often be recognized through context or sensors, and an-
other is that their high salience demands anticipation and the discrete focus of a dedicated
safety plan [169]. The consideration of contingency scenarios is an important aspect of

ensuring safety in automated driving applications [170]. For example, EVs must handle
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unexpected scenarios that human drivers routinely encounter. These include safely ma-
neuvering in response to an abrupt vehicle cut-in or a sudden hard braking by the LV.
The consideration of a contingency might affect both the constraint and objective formu-
lations of the control problem. For instance, in the case of a potential sudden cut-in by
another vehicle, collision avoidance becomes the highest priority. As a result, the original
objectives defined for nominal scenarios, such as passenger comfort, energy efficiency, or
time optimality, may be overridden. Highly dynamic maneuvers, which would typically
be undesirable, may become acceptable or even necessary to ensure safety [169].

CMPC is formulated by augmenting the typical MPC structure with the second type of
control inputs , which account for the contingency scenario and enable the generation
of a safe motion trajectory in response to it. The structure of CMPC is illustrated in the
Fig. 2.2 below.

Fig. 2.2 CMPC structure

Both the nominal and contingency trajectories originate from the current measured
state (0), while terminating at xy and &y, respectively. The nominal state trajectory,
denoted xy, £ = 1,2,..., N, represents the states the system is expected to follow under
normal conditions by applying the nominal inputs u,. In parallel, Z; and u; define the
contingency trajectory and input, respectively, which are subject to additional constraints
imposed by the contingency scenario. These constraints reflect potential hazards that are
not considered in the nominal trajectory. A critical feature of CMPC is that the root
inputs ug and 1, are constrained to be identical. This equality condition ensures that the
first control input applied is both performance-optimized under the nominal scenario and

robust against the contingency scenario.
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The general formulation of a CFTOCP under the CMPC framework is as follows:

J*(w0) = minJ (o, U) (2.33a)
s.t. w1 = f(og,ug), k=0,...,N—1, (2.33b)

Fopr = f(Fe i), k=0,...,N—1, (2.33¢)

a1 €X, up €U, k=0,...,N—1, (2.33d)

i1 €X, upel, k=0,...,N—1, (2.33¢)

zy € Xy, (2.33f)

iy € Xy, (2.339)

u = o, (2.33h)

xo = o = (0), (2.33i)

where the feasible state and input sets under the nominal scenario are denoted by X and
U, while X and U denote the feasible sets under the contingency scenario. The associated
terminal sets for the nominal and contingency horizons are X; and X £, respectively.

The definition of a contingency scenario is the key aspect that differentiates CMPC-
based approaches. In safety-critical automated driving applications, common choices for
the contingency scenario include modeling the LV’s maximum braking [150], or the sud-
den appearance of obstacles [148]. Beyond the specific contingency definitions, CMPC
methods also differ in several structural aspects. One distinguishing factor is the num-
ber and type of contingency branches considered. Some approaches focus on a single
hypothesis [150], while others incorporate multiple contingency hypotheses represent-
ing different critical events, as seen in multi-branch contingency formulations [171,172].
CMPC approaches also vary in their planning-horizon structure. While some use identical
horizons for both the nominal and contingency branches [150], others employ shortened

contingency horizons to reduce computational load [148].

Remark 2.3.2. In this thesis, the MPC with interaction-aware predictions-based con-
trollers integrate approaches from both SCMPC and CMPC. Traffic uncertainties are
captured using scenario-based formulations, while a dedicated contingency scenario is

incorporated to guarantee the recursive feasibility of the resulting optimization problems.

2.4  Summary

This chapter reviews the background of the MPC approaches that will be developed.
Specifically, the mathematical formulations for nominal MPC, SCMPC, and CMPC are
presented, highlighting their structural differences and the types of problems each is de-
signed to solve. These formulations will serve as the foundation for the design of the

control algorithms introduced in the upcoming chapters.
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CHAPTER 3

Generation of interaction-aware traffic scenarios

3.1 Problem statement

The motion decision of the EV at each time step depends on the maneuvers of the sur-
rounding TVs, and vice versa. Properly modeling their interaction over a certain horizon
remains challenging. A common approach to modeling a vehicle’s response is to imitate
the behavior of rational human drivers: first predicting the motion intentions of the other
vehicles of interest based on their current relative distance or velocity, then assuming those
vehicles will maneuver as predicted, and finally making decisions accordingly to maintain
safety. However, due to uncertainties in real vehicles’ motion styles, the predicted motion
maneuvers may differ from the actual ones. Nevertheless, because safety is the highest
priority for vehicles, drivers tend to make safe decisions despite these uncertainties.

To handle the uncertainty in vehicle driving styles, multi-modal modeling is a promis-
ing approach, as many existing models can effectively represent vehicle motion charac-
teristics and interaction awareness [116,119]. Accordingly, in this thesis, IMM-KF-based
algorithms are employed to estimate motion states and their associated probabilities us-
ing multiple longitudinal and lateral interaction-aware motion models. These models are
referred to as ‘policy modes’ in the following discussion. Based on the state estimation,
predictions under different modes are subsequently generated while ensuring the safety

of all vehicles.

3.2 Interaction-aware estimation and prediction

Accurately estimating and predicting the motion intentions of surrounding TV is essen-
tial for the safe control of the EV. The KF serves as an effective tool for this purpose,
as it provides optimal and unbiased state estimation for linear time-invariant systems. It
also effectively attenuates measurement noise, handles incomplete or intermittent obser-
vations, and supports predictive state propagation. Furthermore, its recursive formulation
enables efficient real-time implementation with low memory requirements.

The motion decision-making of a vehicle in the real-world can be regarded as a con-

tinuous process. However, discrete decision-making sequences often emerge, particularly
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when vehicles change their maneuvers. For instance, if an LV initiates a lane change, it
may trigger a deceleration or a lane change response from a following vehicle in the target
lane. This highlights a causal relationship in vehicle behavior, i.e., some vehicles act first
while others react, which is typically analyzed in the time domain. To capture this causal-
ity, we introduce a priority-based estimation and prediction framework in a discrete-time
setting. In this approach, vehicles are assigned priority levels, and predictions are made
sequentially accordingly. The predicted motion states of higher-priority vehicles are then

used as inputs for estimating and predicting the behavior of lower-priority vehicles.

3.2.1 A short review of the Kalman Filter (KF)

The KF is a state estimator for a linear system:

Tht1 = Fkl‘k + Ek + wg, (313)
yr = Hypxy + v, (3.1b)

where £ € N represents the current time step. x; € R™ and y, € R™ represent the sys-
tem state and measurement vectors, respectively. Fj is the system matrix, Fj is the system
input vector, and Hy, is the measurement matrix. The process noise wj, and measurement
noise vy, are assumed to be zero-mean Gaussian with covariances () and R, respectively.

The KF involves a prediction and an update step. The prediction step yields:

‘fj]i_—l = Fk—lx]:_l -+ Ek—la (32&)
P =F P Fl + Qi (3.2b)

where Z;_, is predicted (a priori) state estimate at time k based on the posterior estimate

x,_, from time k — 1, and P,j_ , 1s predicted state error covariance at time k& computed

from the posterior covariance P, at time k — 1. The update step is:

Ayp = yp — Hpdf_,, (3.3a)
Sk = HyPF \H + Ry, (3.3b)
K, =P} H! S, (3.3¢)
Ty = &, + KAy, (3.3d)
Py = (I - KHy) By, (3.3¢)

with the innovation residual Ay, and its covariance Sy, the Kalman gain K}, the posterior

state estimate £, , and the estimate covariance ]5,; at time k.
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3.2.2 Interacting Multiple Model Kalman Filter IMM-KF)

The IMM-KEF extends the KF by operating multiple KFs in parallel, each associated with
a distinct motion mode. Through probabilistic mode interaction, the IMM-KF fuses the
outputs of these filters, dynamically weighting them based on the likelihood of each model
given current observations. This mechanism allows the IMM-KEF to switch between mod-
els or mix them as needed, enabling robust and adaptive state estimation in systems char-
acterized by hybrid or switching dynamics. By effectively managing model uncertainty
and leveraging inter-model interactions, the IMM-KF is well suited for EV control while
accounting for vehicle interactions [122].

Considering the Markov jump linear systems as follows:

i = ROl + BY +wl, (3.4a)
i = H 2 o + ), (3.4b)
where ¢ indicates the current active mode, ¢ = 1,2,..., M, and M denotes the total

number of considered modes. The transition from mode m ¥ to m") is described through
a Markov chain.

The state and error covariance estimates for each mode are first initialized based on

the mode probabilities uﬁﬁl, state estimation fcgi, and error covariance estimation 13,51_);

from the previous time step & — 1. The transition probability (%) denotes the likelihood

of transitioning from mode 7 to mode j. The mixing conditional mode probability u(j )=

is then calculated based on the fused initial state estimation x,(gzl, and error covariance
estimation P,El)l_ as follows:

M
D) — Zﬂ(m M](jjp (3.52)
j=1
oo i) M(Jz
m = (3.5b)
. M .. .
=y m e (3.5¢)
=1
. M . e . . T
PO = mitt [Péi)l + (22 —al) (5 -2 } SRR
j=1

The related state and covariance of each KF is then predicted with the system mode:

0% = 00+ ), 360
POF = FO pOTEOT L QW (3.6b)

The prior state estimation i,(;hr and error covariance p]g;r are thus obtained. According
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to the current step’s measurement y,(f), the innovation residual Ay,(f) and its covariance

S,gi) are then calculated:

Ay =y — gz (3.7a)
SO = {1, POTH! + RV (3.7b)

By balancing the difference between the predicted mode and the observed measurement,
the Kalman gain K ,gi) is computed to update the posterior predicted state icff)f and error
covariance f),gi)_ estimations:

. e =1
K = B2 H S (3.80)
07 =20 L kDAY, (3.8b)
PO =1 - KV H)PY. (3.8¢)

Each mode’s likelihood LS) is calculated to update the probability u,(f):

)T i) — 7
Lo _ exp(—30) 50 Ay)

k (i) 1/2 ’ (39&)
2m S,
, (@) 7,
(i) Ly
= —Fr 3.9b
My, Z;vil L0 (3.9b)

The final optimal state and error covariance estimations, #, and IE’k_ , are obtained by

combining the individual estimation with the updated probability:

M

b= om (3.10a)
=1

P =" 0RO+ (@ - 207 @ - 20T, (3.10b)
=1

3.2.3 Intention-based policy mode

In contrast to many driver assistance systems, like ACC, autonomous driving on high-
ways requires the EV to consider multiple TVs simultaneously. The TVs of interest are
numbered sequentially as TV1, TV2, and so on. In the longitudinal direction, two pol-
icy modes are used: ‘Velocity Tracking (VT)’ and ‘Distance Keeping (DK)’. The vehicle
tracks a reference velocity in VT while keeping a safe distance from its LV in DK [122].
In the lateral direction, three policy modes corresponding to ‘lane 1°, ‘lane 2°, and ‘lane
3’ represent the target lanes of the vehicles, as illustrated in Fig. 3.1. Therefore, the total

number of modes M is 6.
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Fig. 3.1 Illustration of lanes and vehicles

The common state vector z;, in all modes at time & is

T
A DPionk  Vionk  Qlonk  Platk  Viatk Qlatk
>

— (. (.
-~ -~

ZLlon, k Llat, k

: (3.11)

where p, i, Vs i, @, i, are respectively the position, velocity, and acceleration in the corre-
sponding direction, * € {lon, lat}. The unknown reference variable 7., i.e., reference
velocity vy, or the reference time gap fg,p 1, 18 also included in the longitudinal policy

mode to be estimated. Therefore, the full state vector z; in each policy mode at time £ is

T
A [xlon,k Tref & mlat,k]

e NN (3.12)

Zlon, k Zlat, k

Note that we use x,(;@) or z,(c®) to clarify the common or full state of a specific vehicle,

where ® € {EV, TV, LV}. To make the policies closer to the driver’s real intention, two
linear quadratic regulator LQR-based feedback controllers are included in longitudinal

and lateral policy modes. The associated control gains are defined as follows:

T
Kl(on) = [K1(<)<;),1 Kl(gl)g Kl(o?,:%} ) (3.13a)
T
Ky = [Klat,l Klat,2 Klat,?)] ) (3-13b)

where ¢ € {VT, DK}. Denoting the sampling time as 7, the discrete form of each policy
mode at time £ is

(o) (©)
z F 0 z
lon k1 [ lonk 4&)3 lonfel IE’;)’“ +wy, (3.14a)
Rlat,k+1 0354 Flat,k lat,k Elat,k
z;; ;“; 2k Ej,
Y = Irxr2i + v, (3.14b)

where 3, € R” and I, are the measurement vector and observation matrix. wy, and v,

are assumed to be normally distributed process noise and measurement noise, with the
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covariances () and R. The longitudinal system matrices are

2
1 T e 0
(VT) (VT) (VT)
VT) 0 1 _ Klon,2T2 _ Klon,3T2 Klon,2T2
0 _Klon,QT 1 Klon,BT Klon,2T
0 0 0 1
- KK 73 KK 72 17
1 _ lon,1 _ ““lon1 _K(DK)T 0
6 2 lon,1
(DK) (DK)
DK T — Klon,2T3 1 — I(lon,2T2 _K(DK)T 0
lE)n k) = K<D6K>T3 K(D2K>T2 fon.2 ; (3.15b)
’ T_2 _ lon,3 T _ lon,3 1 _ K(DK)T O
2 6 2 lon,3
Kl(‘]i]’(zvlead,kTs K]?,?]I’?U]ead,kT2 DK) T 1
L™ 6 - 2 4 Xon,2 Ulead, k
and the LQR-related input matrices are
(VD) _
Elon,k = O4x1, (3.16a)
(DK) __
B = (3.16b)
™ - (DK) 3 (DK) (DK) 7]
Klnn,le _ 1 Klon,2T3 _ T K]on,3T3 _ T_2 0 (LV)
6 6 6 2 lon,k
(DK) (DK) (DK)
Klon,1T2 [(1011,2T2 _ 1 [(lon,ST2 _ T 0 ](LV/)C
( 1321<> 2(DK) ( 1§K> (‘E’V’) . (3.16¢)
Klon,lT Klon,2T Klon,3T -1 0 lon,k
0 0 0 of L0

Consider the position p™ of the center line of the target lane A, A € {1,2, 3}, the lateral
system and input matrices are

M KuaT? Ko T? K 373
6 6
Oy Ky 1 T? Ky 2T? Kia,3T?
F), = | - Hwal K g (3.17a)
| — K1 T — KT — KT — 1
_Klal,lT3 A
Tp( )
A : 2
By, = Buad 200 | (3.17b)
_Klat,lTp(A)

3.2.4 IMM-KF-based interaction-aware estimation and prediction

Considering the interaction between vehicles, their motion states are estimated and pre-
dicted using the IMM-KF algorithm based on priority rules. Specifically, for vehicles in
the same lane, the front vehicle is assigned higher priority, while for vehicles in differ-
ent lanes, priority is given to the one with the higher speed. Moreover, the safety of the
studied vehicle is ensured by maintaining a safe distance from the vehicles ahead while
driving in the same lane. If the safety distance cannot be maintained within the prediction

horizon based on the considered mode, the related mode probability MS) in (3.9b) needs
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to be modified to meet the required safety distance. To this end, an MIQP problem is in-
troduced. After using IMM-KF and obtaining the posterior predicted state i,(f)_ and error

covariance Plgi)_ estimations in (3.8b) and (3.8¢), the following MIQP problem is solved:

(4)

S(1) S(i)— A(z‘)—H 318
Yi g(:z%{l 2, 2y, W’ (3.18a)
st 240" = o(t, )50 + Z o(t,8)Es_1, (3.18b)
o=k+1
HELENDT ift > 6
P(t,0) = ILy=sFy) : (3.18¢)
I7><77 lft = 5
‘ (o)
o(i)+ +l
/\ |p10n,t|k: lon t|k|
te{k,k+1,...,k+N}
: b+ b
i [Pracie = Pl < =5 (3.18d)

where 73,(:)_ and E,(:)_ represent the current posterior full state estimation and the cor-

responding modification. Their difference is represented by gj,(:). zt(‘ 11 represents state
predictions over time stepst = k + 1,...,k+ 1+ N, where N is the prediction horizon.
o indicates each vehicle that is prioritized over the studied vehicle, which may be a TV or

an EV. [ and 0 denote the vehicle’s length and width, respectively.

Remark 3.2.3. The objective of (3.18) is to obtain a modified state estimation that pre-
vents collision. Specifically, without solving (3.18), there is no feedback indicating whether
a collision occurs based on the current reference state estimation fﬁ;}; Therefore, to
achieve collision-free prediction, TAE;)(; is primarily adjusted among all estimated states

,(f)f by appropriately selecting weight matrix W, > 0.

Denote the covariance of the cost in problem (3.18) as S,(:). The innovation residual
Ay,(:) and its covariance S,gi) are then augmented as follows to yield the modified likeli-
hood IN/,(:):

@ _ v TSI , (3.19a
yaug,k ](g) aug,k [ 0 S]iz) ) )
| (1,0
ngz) _ ( anugk aug,k1/2 yaug, ) (319b)
‘ZWSaug K
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Then, the policy mode probability is updated based on the modified likelihood f/g):

, (@) )
~ (@) ¢l
o Ly

The state estimation and its covariance are then obtained according to the updated proba-

bility /1" of the individual mode

M

o= ey (3.21a)
i=1

Pr =Y B0 + (& — a0 )@, -2 7)) (3.21b)

=1

Note that the state estimation of each policy mode remains as 2,(:)_. Only the state

prediction is modified in terms of 5,?)_ and (3.18b).

3.2.5 Improved IMM-KF-based interaction-aware estimation and prediction

Conventionally, the transition probabilities in the IMM-KF are often fixed based on the
prior information or heuristic assumptions. However, such conservative settings may re-
sult in suboptimal or inaccurate state estimations [173], particularly in dynamic traffic
environments with rapidly changing behaviors. To address this limitation, the transition
probability 7r,(j' D is adaptively updated based on the difference in mode probabilities be-
fore and after solving the MIQP problem. Specifically, this update is informed by the

modified mode probability ,E,(f), calculated from (3.20), and the original mode probability
ug), computed from (3.9b):

Ap = Al — . (3.22)

The difference between these two values is used to guide the adjustment of the transi-
tion probabilities, allowing the IMM-KF to better reflect the evolving motion intentions
and interactions of surrounding vehicles. By identifying the change direction for each
mode based on the mode probability difference AMS), the transition probability matrix is

modified and normalized as follows:

. 1 .
m) = ——m, (3.23a)
1—Apy,
. 1 .
R p— D) (3.23b)

M
2 i=1

Using the adaptively updated transition probability 7?,(3 “), the modified fused mode
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probability ¢*) is computed:
M
& =" #7000 (3.24)

(@) .

The final modified mode probability jz,” is accordingly calculated by

~(i)z(i)
ZM ~(J)L(J)

i) =

(3.25)

In summary, to obtain more accurate and safe interaction-aware traffic predictions,
the IMM-KF is enhanced by modifying both the mode likelihood distribution and the
associated transition probabilities. These adjustments are based on an evaluation of the
potential risk introduced by the estimated reference values. As a result, the probabilities
of higher-risk modes and their associated transitions are reduced, guiding the prediction

process toward safer behaviors.

3.3 Scenario generation

Based on these interaction-aware predictions, scenarios that represent traffic uncertainties
can be generated. These scenarios capture the possible future evolutions of surround-
ing vehicles’ states, incorporating their motion intentions and interactions. A scenario
is defined as a tuple of motion maneuvers for all TVs. Assuming that the number of
investigated TVs is V, then a total of M" possible scenarios can be generated. ,ugn) is
the probability of TV n with the policy mode 4, ¢ € {1,2,...,6}. Assuming statistical
independence of each vehicle’s no-collision prediction over the prediction horizon, then

the probability of the scenario s is calculated by
1%
s) =", s=1.....M", (3.26)

where Zi\g Pr(s) = 1.

To ensure computational tractability, a finite set of representative scenarios is selected
through filtering based on a predefined threshold P. This results in a scenario set that bal-
ances accuracy with efficiency, providing sufficient diversity to cover the main behavioral
uncertainties without overwhelming the optimization process. Specifically, scenarios with
a probability less than P are not considered. The probability of the remaining scenarios

is normalized by

- Pr(s)
NS YN e}

s=1,...,M"V —n;, (3.27)

where nj is the total number of scenarios with probability less than P.
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3.4 Simulation and discussion

To compare the proposed improved IMM-KF-based algorithm (Section 3.2.5) with the
nominal IMM-KF-based algorithm (Section 3.2.4), the following traffic scenarios are

designed to evaluate their ability to capture critical motion mode changes. The initial

.
conditions of the base scenario are: (™) = [440 28 0 26.94 0 O] , (V2 =

(395 32 0 2694 0 0] ' and 2®) — (350 35 0 2298 0 0] ', The initial
scene is illustrated in Fig. 3.2. Over a simulation horizon of 35 s, TV1 maintains a con-
stant velocity for the first 6 s, accelerates to 30 m/s over the next 2 s, and then maintains
the velocity thereafter. TV2 switches to the lane where the EV stays from 6 s to 12 s.
The EV drives behind the two TVs and react to their motion. Based on this scenario
setup, we consider other scenarios by varying the TV1’s longitudinal position within
[445 m, 450 m], and the EV’s initial velocity within [32 m/s, 28 m/s|. A total of nine
scenarios are obtained.

lane 3

lane 2

lane 1

Fig. 3.2 Initial traffic scene used in IMM-KF-based algorithms comparison

The simulation results are analyzed based on the base scenario, with trajectories, lon-
gitudinal velocities, and lateral positions of the three vehicles shown in Fig. 3.3. The EV
is controlled by a controller, but since the focus here is on motion estimation and pre-
diction using IMM-KEF, the controller itself is not discussed. From Fig. 3.3, we observe
that after TV2 moves into lane 2 at 9 s, the EV decelerates and initiates a lane change
around 10 s and 12 s, respectively. As TV1 moves slightly farther away, completing the
maneuver within 3 s. The EV then remains in lane 1 for another 10s until the distance to
TV1 decreases, prompting a return to lane 2 between 25 — 28 s.

We evaluate the probability distribution results for the EV to demonstrate the im-
provement of the newly proposed IMM-KF-based algorithm compared to the nominal
one. A representative example is shown in Fig. 3.4. To keep the main text concise, the
remaining eight scenarios, which exhibit similar behaviors and reinforce the conclusions,
are provided in Appendix A. From Fig. 3.4, we observe that the probability distribu-
tion aligns well with the actual motion of the EV. A notable difference between the two

algorithms occurs between 10 — 16s. During this interval, with the nominal IMM-KF-
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Fig. 3.3 Trajectories, longitudinal velocities and lateral positions of three vehicles

based algorithm, the most probable modes switch among DK-lane 2, VT-lane2, VT-lane
1 at 10.5,11.5,12.5 s, respectively. In contrast, the improved IMM-KF captures the lane
change earlier, identifying VT-lane 1 as the most probable mode at 11.5 s. This im-
provement arises because the proposed IMM-KF-based algorithm adaptively updates the
transition probability matrix, which only changes when the motion mode changes. As
a result, the advantage of the proposed IMM-KF is most apparent during policy mode

switches, where accurate and timely prediction of vehicle motion is critical.

—— VT-lanel VT-ane2 ~—— VTane3 —— DK-lanel ~~—— DK-lane2 —— DK-lane3

IMM (TV1: 440 m, EV: 35 m/s) IMM - Zoomed Interval 10-16 s
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Fig. 3.4 Probability distribution comparison of two IMM-KFs in the base scenario

3.5 Summary

This section presents IMM-KF-based frameworks for estimating and predicting the mo-
tion maneuvers of traffic participants. Six distinct longitudinal and lateral policy modes
are utilized to capture vehicles’ possible motion patterns. By modeling multiple possible
motion behaviors, fusing their outputs based on probabilities, and adjusting the probabil-

ity distribution based on risk assessment, the IMM-KF provides reliable state estimation
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in uncertain traffic environments. To further account for inter-vehicle dependencies, a
priority-based estimation and prediction mechanism is introduced, where the estimated
states of higher-priority vehicles influence the predictions of others. This interaction-
aware prediction approach enhances the realism of the traffic representation. An im-
proved IMM-KF is also proposed by adaptively updating both the mode likelihood and
the transition probability matrix using the information from solving an MIQP problem.
The resulting predictions are used to generate scenarios that represent probabilistic fu-
ture traffic evolutions. These scenarios are critical for anticipating potential risks and are

subsequently integrated into the controller design to enhance safety and robustness.
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CHAPTER 4

SCMPC for autonomous highway driving

4.1 Problem statement

The interaction-aware traffic prediction module provides a finite number of scenarios that
represent possible traffic evolutions. SCMPC offers a powerful framework to process
these scenarios in a structured optimization problem. In the presence of the uncertainty
of the traffic environment, the primary objective of the controller design is to ensure the
safety of the EV, which can be achieved by incorporating collision avoidance based con-
straints. Meanwhile, SCMPC also accommodates other important driving considerations
to ensure that the control actions are physically realizable, such as the vehicle’s physical
maneuvering limitations and applicable traffic regulations.

The goal of this thesis is to integrate planning and control tasks within a unified
framework to improve control efficiency and avoid the time delay typically introduced
by multi-layered architectures. To achieve this, we introduce a simplified reference tra-
jectory generation module for the EV, rather than incorporate a sophisticated high-level
path planner. This module is designed based on two key principles: maintaining the cur-
rent velocity and following the center line of the target lane. To further account for the
lateral uncertainty in the driving environment, multiple control modes are defined, each
corresponding to a distinct target lane. Decision-making for the EV is embedded within
the control process by evaluating and comparing the costs associated with each control
mode. The mode that yields the minimum cost is selected, allowing the system to deter-
mine the optimal control action in a cost-driven manner. Through this approach, the tasks
of trajectory planning, motion control, and decision-making are efficiently integrated and

jointly optimized within the MPC framework.

4.2 SCMPC design and validation

By employing the IMM-KF-based algorithm introduced in Section 3.2.4, interaction-
aware traffic scenarios are generated. Based on these predicted scenarios, a feasible tra-
jectory for the EV is computed by solving a CFTOCP in a moving horizon fashion. The

objective of the optimization problem is to track the reference trajectory with minimal
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control effort while satisfying safety constraints, adhering to traffic rules, and maintain-

ing driving comfort.

4.2.1 Triple-integrator vehicle model

A triple integrator is adopted to represent the motion dynamics of the EV in both lon-
gitudinal and lateral directions. This model captures the evolution of position, velocity,
and acceleration over time, offering a balance between modeling accuracy and computa-
tional simplicity suitable for real-time control. The discrete-time representation for each

direction is given by:

(EV)

van| [V T ST [RET] [ET

O =01 T | B+ AT (4.1)
af,z/il 0 0 1 af;/ ) T Y

(EV) A (EV) B |

x T

* k41

where 7' is the prediction time step, and * € {lon, lat} indicates the longitudinal and

EV) " denotes the state vector at time step k,

*,k+1
consisting of position, velocity, and acceleration, while uiE;’) represents the jerk input

-(EV)
j*,k .

To model the combined longitudinal and lateral dynamics in a compact form, (4.1) is

lateral components, respectively. Here, x

rewritten as a block-structured system:

A 0 B
xgiyl) _ 3x3 x;ﬂEV) + u}f"), 4.2)
O3xg A B
\—;—/ \fd
A B

(EV)

where x| € RS contains both longitudinal and lateral states, and u;,EV)

€ R? includes the
corresponding jerk inputs. A and B are compact system and input matrices, respectively.
This discrete-time double-axis model is used within the SCMPC framework for trajectory

planning and control.

4.2.2 SCMPC framework

The proposed SCMPC scheme has two control modes: (i) the EV remains in the current
lane and keeps its velocity (ii) the EV switches to the target lane and keeps its velocity.
For each control mode, a CFTOCP is solved for a corresponding reference trajectory.
The decision-making module then compares the resulting costs and selects the control
mode with the lower cost. In addition to generated interaction-aware predicted scenarios,
a so-called “worst-case” scenario is introduced to ensure the recursive feasibility of the

CFTOCEP. In this scenario, the LV is assumed to decelerate with its minimum allowable
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acceleration throughout the prediction horizon. We introduce two sets of control inputs
Up = {ufY, . uEY Y and Uy = {aFY, ..., @EY)}. The first input set of sequences is
calculated to avoid collision between the EV and the LV/TVs under the generated scenar-
i0s, and to minimize the cost function with associated states x(EV) The second set of se-
quences is obtained by considering the safety constraints under the “worst-case” scenario,

with associated states & “(EV)

, and the terminal set of the states X;EV), which is detailed in
Section 4.2.4. To guarantee the recursive feasibility, it is required that the first computed

inputs u(EV) and u “(EV) must be equal, as stated in (4.3f). The CFTOCP is formulated as

7o) = i z [ =8, + [, (4.3
stoaiy) = Axﬁfw +Bul", k=0,1,..,N -1, (4.3b)
) = AxY + BuY, k=0,1,..,N — 1, (4.3¢)

2BV e XEV G EY e XEV k—0,1,...,N —1, (4.3d)

uchV) € UEY), QECEW eU®Y), k=0,1,...,N —1, (4.3e)

UV = V), (4.31)

BV € XV, (4.3g)

I(()EV) _ j:(()EV) _ I(EV)(O)_ (4.3h)

Here a:ﬁffv,z 1 Trepresents the reference state based on the relevant control mode. In the

lane-change mode, it is assumed that the EV is permitted to change only one lane at a
time, depending on the current traffic context. Consequently, the number of reference tra-
jectories depends on the current lane of the EV. The weighting matrices W, € R%*% and
Wgr € R?*? are tunable and positive definite, used to penalize state deviation and control
effort in the cost function, respectively. The feasible state sets XEY) and XEY) | as well as
the input sets UEY) and UEY) are defined by appropriate safety, physical, and traffic-rule-

related constraints. These sets are described in detail in the following subsections.

Remark 4.2.4. If there is no LV in reality, it is assumed that there is an LV far away from
the EV.

Remark 4.2.5. Once the lane-change mode is activated, it stays active until the lane-
change maneuvers are completed. For SCMPC in lane-change mode, except for consid-
ering the “worst-case” scenario of the LV in the target lane, the “worst-case” scenario

of the LV in the previous lane is also considered during the EV’s lane change.

47



4.2.3 Constraint formulation

The EV’s motion state and action are limited by traffic rules and driving comfort. The

lateral position is constrained by the lane bounds [ly, ly):

EV EV
0< Ul(on,li’ llb S p{at,k) S luba (44&)
(EV — (EV) - —
Qjon S alon,lzz S Qlon, Qg S alagk) S QJat, (44b)
. .(EV) - . -(EV) -
‘Zlon S ]lon,k S Jlons ‘llat S ]lat,k S Jat> (44C)

where e and e denote the minimum and maximum values of the associated variables.

A safe distance between the EV and the LV in the same lane is required:
d, > d, (4.5)

and the safety distance d is computed by

d = Tu) + Ad, (4.6)

with the design parameters 7 and A\d [174]. If the reference point of all vehicles is in their
respective center, for example, choose Ad > w, where IBY) and I(™V) are the length
of EV and LV. During the lane-change period, in addition to keeping a safe distance from
the LVs in both the current and target lane, the EV also maintains a safe distance with
the TV behind it in the target lane. The required safety distance also satisfies (4.6). The
safety constraint under the generated scenario is based on (4.6), while the safety distance

for considering the “worst-case” scenario collapses to Ad.

4.2.4 Recursive feasibility analysis for SCMPC

Given the uncertainty of the traffic environment, multiple interaction-aware scenarios are
generated and considered for EV control. However, the safety of the EV cannot be fully
guaranteed under such considerations if an unexpected traffic scenario occurs due to an
emergency. To address this, we incorporate a “worst-case” scenario alongside the gener-
ated scenarios in the controller design, which provides a safety guarantee for the computed
control strategy. The corresponding recursive feasibility of the optimization problem is
discussed below.

The definition of recursive feasibility under the SCMPC framework is given by:

Definition 4.2.2. (Recursive Feasibility) The SCMPC is recursively feasible if (4.5) al-
ways holds. Namely, in lane-keeping mode, a collision between the EV and the LV is
always avoidable. In lane-change mode, no accident occurs between the EV and the
other vehicles during the lane-change process, and then the EV remains safe in the target

lane.
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If the safety constraints are satisfied in the “worst-case” scenario, it means that the
EV can handle any traffic situation under the SCMPC framework. This capability is
characterized by a parameter called the minimal stopping horizon, denoted as /N, and
defined as follows:

(EV)

Definition 4.2.3. (Minimal Stopping Horizon) Given the initial velocity v, and the

(EV)

minimal acceleration a;,,” of the EV, the minimal stopping horizon N € N satisfies

2
N=|—"mwns 7| 4.7)

‘alon

where [e] is defined as the smallest integer that is not smaller than a real number e.

If we choose the prediction horizon N > N, the terminal set Xf at the time ¢ is

]
& a1y = [P, 0 0 p 0 0] 1 (48)

where the stopping longitudinal position pl(OEnV])V|0 of the EV is determined by its initial
position pfg/ ), initial velocity vfflf’ ) and minimal acceleration ai-"". The terminal lateral
position of the EV is the position of the center line of the target lane p®») under the specific
control mode. Based on the general traffic situation and rules, we make the following

assumptions.

Assumption 1. All vehicles only drive forward, and the EV is only responsible for front

collisions.
Assumption 2. u(EV) [0 0} is one element of the feasible set U.
The recursive feasibility of the SCMPC can then be proved.
Theorem 4.2.1. If SCMPC is initially feasible, and the prediction horizon N > N, then

the controller is recursively feasible based on Assumptions 1 and 2.

Proof. Let two initial control inputs of the generated normal scenarios and the “worst-

EV EV EV) o (EV o (EV o (EV
case” scenario be {uo\o)7“§|0)7'"7“(M0)>“ “5\1\0 } and {u0|0 , 5\0)7“ ug\,‘o),...,ug\[m)}
Choose the second control sequence as the initially feasible solution:

EV)* 3 (EV)* o (EV)* o (EV)*
{ 0|0 1|0 7"‘7“&‘0 7“'7UN|0 }7 (49)

and its related state sequence is:

EV)* ¥ (EV)* o (EV)* o (EV)*
{ 0|0 1|0 7"‘7xﬂ‘o 7"'7xN|0 } (410)

(EV)
N|o

v (EV)*

* is determined according to (4.8). We apply o

The terminal state &
(4.2), and obtain

to the system

o™ = 4™ 4 Buly " = & (4.11)
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Then the following is a feasible solution for the MPC problem initialized at xgEV):

(EV)  (EV) (EV) (EV) EV) _
{um » Ug)q ’“'7uﬂ|17“"uN71|1’U'N\1} = “412)
C(EV)x o (EV)* o (EV)x o (EV)x T )
{ 10 s lgg Uy 5 Uy )05 |0 0 }
T .
where [0 0} € UEY), The related state sequence is
(EV) _(EV) (EV) (BV) (EV) y _
{ ol 231 s Ty T 733N+1|1} =
JEVE LBV} L(BV)x LBV 7oEV)e | T (4.13)
{ a0 L300 s dnjg o dyjg ALy B0 0 s
SLEV)x | B T BV .
where At No T B-10 0| =2 Nlo - Both sequences are feasible for the MPC problem
because they satisfy the dynamics and the constraints. [

4.3 Simulation and discussion

In IPG CarMaker, a real vehicle is represented by a simulated vehicle as the EV. To apply
l(iv) and lateral jerk ul(ft\,? to the EV, they need to be

converted into actions appropriate for the actuator, i.e., the engine torque or brake torque

the control inputs longitudinal jerk

and steering angle. Particularly, the considered longitudinal conversion model is

EV)  lgk€
a) = ni—ka. (4.14)
Here 74, represents the time-varying gear ratio, { is the drivetrain efficiency, m is the
vehicle’s overall mass, and r,, denotes the wheel radius. When al((ivlz > —0.2 m/s?, Wy
represents the engine torque. Otherwise, it represents the brake torque. In IPG CarMaker,
the range of the values for gas and brake are in [0, 1], so the calculated engine or brake
torque is divided by the related maximal value before being applied.

Based on the calculated u](i\;c) the desired lateral states ﬁl(i\,?, @l(i\,?, dfi?,? are obtained
by a triple integrator model with the sampling time 7. The steering angle o is com-
puted from a PD controller plus the feedforward compensation by considering the lateral

position error as follows:

(EV)
€
o1, = Kpefny + KD% +alky, (4.152)
EV EV _(EV
el(at,k:) = l(at,k;) _pl(at,k:)7 (415b)

where efi?,/g) is the lateral position error, which shows the deviation of the EV’s real posi-

tion from the desired one. Kp, K are the PD control gains for tuning.

The presented approach is evaluated in three different traffic cases by controlling the
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Table 4.1 Design parameters used in the SCMPC simulation study

t[s] Ts] N o [m /s’
30.00 0.40 15 —4.00
a0 m/s? || aE[m/s?] aw ) [m/s?] 5V [m/s?]
1.50 —2.00 2.00 —5.50
Fom/s?) | 5V [m/s? 700 [ /s?] a2 [m/s?)
5.50 —4.00 4.00 —4.00
3 T[] K P DOy
1.00 0.40 [1.15,3.39, 3.58] {-12.13,-8.38, —4.63}
mlkg] {17, 1.} [m] 1® [m] lo[m]
1463.00 {0.99, 1.54} {4.47,4.1274.28} {—14, —10.25, —6.5, —2.75}
7, [m] p(®) [m] Wr Wq
0.33 {1.97,1.80,1.80} || diag([0.1,0.01]) || 0.01 = diag([10,1,1,10,1,1])
P {Kp, Kp}
0.075 {0.7,1.5}

EV under a high-fidelity environment, IPG CarMaker. We use DemoCar as the EV, IPG
CompanyCar 2018 Blue, and Audi TT 2015 as the TVs.

To demonstrate the interaction awareness of traffic participants, we consider three dif-
ferent traffic scenarios, where the initial motion states of vehicles are set differently. Then,
the TVs and the EV react differently to others. Specifically, when a slower vehicle is in
front of a TV/EV, the latter might overtake or brake, depending on their relative distance,
velocity, and surrounding vehicles. Therefore, these three cases, as comparisons with
each other, are chosen to show the interaction results of vehicles from different perspec-
tives. Table 4.1 shows the parameters used in the case studies. The total simulation time
is denoted as t,. The variable [, represents the position of lane boundaries. Note that in
the current simulation setup, if the EV is in lane 2, we only consider EV changes to lane
1, not to lane 1 or lane 3 in the lane-change mode of the SCMPC. When the SCMPC is
infeasible in a certain control mode, we set the corresponding cost function value to 150.
Once the EV starts to change lanes, it will complete the lane change without being able
to change the decision. We assume it enters the new lane within 4 s. The cost of the

lane-keeping mode during this time is also set to 150.

4.3.0.1 Case 1: the EV changes lanes and brakes

Fig. 4.1 gives the initial traffic scene of case 1. Specifically, the position, velocity, and

=
acceleration of TV1, TV2, and EV are (V) = [375 20 0 —8.38 0 0] , 2™V =

T T
288 20 0 —12.13 0 0] , 2B = [350 189 0 —8.38 0 o} , respectively.
Given the initial traffic situation, TV1 keeps its speed in the first 5 s and then decelerates

with —4 m/s? until 7 s and eventually returns to 20 m/s in the following time. The priority
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of the three vehicles is TV1, EV, TV2 in descending order. Therefore, the EV reacts to
TV1, and TV2 reacts to TV1 and the EV.

EV

=)—18.9mis

Fig. 4.1 Initial traffic scene of Case 1 used for SCMPC structure validation

Figs. 4.2, 4.3, 4.4, and 4.5 show the simulated information of Case 1. From Fig. 4.5,
we can see that the EV stays in lane 2 until 5.6 s due to a lower cost of lane-keeping
mode. After that, as the lane-changing mode is less costly given that TV1 decelerates
continuously, the EV changes to lane 1 at 8 s (as seen from Fig. 4.2). During the lane
change, the EV decreases longitudinal velocity to around 17.5 m/s to avoid colliding
with TV1. Then, the EV drives with this constant velocity for the rest of the time. As
for TV2, as a vehicle behind the EV in the new lane, it decreases its velocity to the same

velocity as the EV to maintain a safe distance from the EV.

lat.pos [m]
-
*

200 300 400 500 600 700 800 900 1000

lon.pos [m]
1000 -8 [
-9
‘T 800 T
3 210 (8,-10.25)
= =
c -
©
2 =1
400 12 |
0 10 20 30 0 10 20 30
time [s] time [s]

Fig. 4.2 Motion trajectories of vehicles and EV position in Case 1

Furthermore, the policy mode probabilities of TVs, as the basis of scenario genera-
tion, are provided and analyzed. Since the EV’s policy mode probabilities influence the
policy mode probability result of TV, whose priority is lower than the EV, its policy mode
probabilities are also studied. The first three subplots of Fig. 4.6 show each vehicle’s pol-
icy mode probabilities throughout the simulation time. The fourth subplot is the enlarged
result of the third one during the time slot 4 s to 11.5 s. From the figure, we can see
that TV1 performs VT maneuvers and stays in lane 2 almost all the time with the high-
est probability. The tracked velocity is time-varying according to TV1’s actual motion

behavior.
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Fig. 4.3 Traffic scenes in Case 1 at 7.2 s, 13 s, and 24 s
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Fig. 4.4 Longitudinal and lateral velocity of all vehicles in Case 1

For the EV, the VT in lane 2 mode probability increases to almost 1 from the ini-
tial setting after 0.4 s. Then TV1, as the LV, decelerates between 2 s and 5 s. Their
relative distance decreases continuously. Therefore, the probability of the VT in lane
2 mode decreases at 5.2 s, while the probability of the DK in lane 2 mode increases.
In addition, based on the cost of the SCMPC in two control modes, the EV initiates a
lane change at 5.6 s. After analyzing the relevant innovation residual g,(j) of these two
most probable modes, we conclude that their related probabilities are sometimes modi-
fied from the MIQP during the simulation. For instance, at 6 s, the calculated 6 policy

(proj)—
k

modes’ state estimation errors between Z,” and 2 from solving the MIQP problem

are [0.001 0.76 0.001 0.001 0.12 0.001] ' 0.001 is a designed value representing
the related state estimation error 0. The augmented estimation errors of driving in lane
2 in VT mode and DK mode, 0.76 and 0.12, decrease the corresponding modified prob-
ability in the IMM-KF. However, they are still the most likely ones. Solving the MIQP
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Fig. 4.5 Optimal cost and control actions of SCMPC in Case 1

problem reduces the related probability of the mode that might lead to a collision, making
the generated scenarios more reliable. During 6.4 s to 7.2 s, the most likely mode is VT
in lane 1, with a probability above 0.7, and the mode of DK in lane 1 has the second-
highest probability of about 0.3. After that, the most probable mode fluctuates between
staying in lane 1 or lane 2 until 10.4 s. For example, for the situation at 8 s, where the
EV has entered lane 1 (as seen in Fig. 4.2), driving in lane 2 has the highest probability.

The lateral acceleration value at this time point is around 0. By computing these two
4 T
modes’ innovation residual y;, in the lateral direction, gj,(cl) = [—0.36 0.17 1.63] , and

-
3],22) = [—0.39 0.17 0.1} , we obtain that the lateral acceleration error of staying in

lane 1, equal to 1.63, is larger than that of staying in lane 2, equal to 0.1. Consequently,
the second mode has a smaller innovation residual and a higher probability. From Fig. 4.4,
we see that during lane change from 5.6 s to 9.6 s, and before the EV reaches the center
position of the new lane at around 15 s, the EV’s real lateral acceleration changes ac-
cordingly. It fluctuates, especially after becoming positive based on IPG CarMaker. The
fluctuation makes obtaining accurate mode probability estimation difficult. Finally, the
most probable mode is VT in lane 1 constantly due to the ‘stable’ lateral acceleration.

TV2 tracks the velocity and stays in lane 1 from the beginning to 8.4 s with probability
1. After that, since the EV comes to the front of TV2 in lane 1 at 8 s, the probability of this
policy mode drops to 0.95, and the probability of keeping the distance in lane 1 increases
to 0.05.

Moreover, to investigate the effect of TV characteristics on EV control, the TV2’s
driving style is changed to aggressive by tuning the interactive parameter in IPG Car-

maker, while the remaining vehicle’s initial conditions are the same.
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Fig. 4.6 Policy mode probabilities of all vehicles in Case 1. Policy mode () €
{VT-lane 1, VT-lane 2, VT-lane 3, DK-lane 1, DK-lane 2, DK-lane 3}

Fig. 4.7 shows the related motion trajectories of vehicles. The detailed velocity and
acceleration profiles are represented in Fig. 4.8. Combined with Fig. 4.9, we can con-
clude that the EV still starts to change lanes at 5.6 s, and moves to the new lane at 8 s.
Finally, Fig. 4.10 shows the policy mode probabilities of all vehicles during the simu-
lation. The simulation results in this case are almost identical to the simulation results
when TV2 aggressiveness is low. In addition, for TV2, after the EV changes lanes, it
starts to decelerate at around 16.6 s, which is later than when it is more defensive. The
result comparison shows that TV2, which has a lower priority than EV, does not affect the

decision-making of the EV.

4.3.0.2 Case 2: the EV keeps the lane and brakes

The initial traffic scene of Case 2 is shown in Fig. 4.11. The motion states of vehicles
T

are o™ = [375 22 0 838 0 0| L™ — [330 20 0 —1213 0 0| .
and z(®Y) = [350 189 0 —838 0 O}T, respectively. The corresponding priority of
the three vehicles is TV1, EV, TV2 in descending order. After 2 s, TV1 decelerates at
—2 m/s? for 4 s and then accelerates back to the initial velocity of 22 m/s.

Figs. 4.12, 4.13, 4.14, and 4.15 are simulation results of Case 2. From Fig. 4.15, we
observe that for the EV, the cost of the lane-keeping mode is always lower than that of
the lane-change mode, and it increases between 5 s and 8 s. This is because TV1, as the
LV of the EV, drives slower than the EV due to the deceleration between 2 s and 6 s. The
EV then reduces its speed to maintain the distance from TV1 until TV1 accelerates to a

higher velocity than the EV. For the EV, lane change is not possible until around 16 s, as
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Fig. 4.8 Longitudinal and lateral velocity of all vehicles when TV2 is aggressive

TV2 drives behind the EV with a higher speed in lane 1. Then, lane change is feasible
but at a higher cost than keeping the lane. Therefore, the EV maintains its velocity in the
following simulation time. TV2 drives at the initial constant speed. The vehicles’ asso-
ciated motion trajectories and detailed velocities are shown in Figs. 4.12, 4.14. Fig. 4.13
provides some snapshots of traffic scenarios of Case 2 during the simulation.

The first three subplots of Fig. 4.16 show the policy mode probabilities of each vehicle
throughout the simulation time. The fourth subplot is a zoomed-in view of the third
subplot for the time interval 5 s to 7 s. For TV1, tracking the velocity in lane 2 is always
the most likely mode with probability 1. Tracking the velocity in lane 1 is the most likely
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Fig. 4.10 Policy mode probabilities of all vehicles when TV2 is aggressive. Policy mode
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Fig. 4.11 Initial traffic scene of Case 2 used for SCMPC structure validation
mode with probability 1 for TV2. Staying in lane 2 and tracking its velocity is the most

likely mode most of the time for the EV, while between 5.6 s and 6.4 s, the probability of
keeping the distance mode is higher due to the deceleration of TV1.
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Fig. 4.13 Traffic scenes in Case 2 at 6 s, 14 s, and 20 s

4.3.0.3 Case 3: the EV changes lanes and keeps velocity

Fig. 4.17 shows the initial traffic scene of Case 3. Vehicles’ motion states are z(TV!) =

T T
[375 17 0 —838 0 0} , 2™V = [358 20 0 —12.13 0 0| , and 2®EY) =

.
[350 189 0 —8.38 0 0} . Given the initial traffic situation, TV1 and TV2 move

constantly in autonomous driving mode. The priority of the vehicles is TV2, TV1, EV in
descending order. The EV responds to the motion maneuvers of TV1 and TV2.

Figs. 4.18, 4.19, 4.20, and 4.21 are simulation results of Case 3. From Fig. 4.21, we
see that even though TV1 is slower than the EV, before 3.2 s, the cost of the SCMPC
in lane-keeping mode is lower than that of SCMPC in lane-change mode. After that, as
the relative distance between EV and TV1 decreases, the less costly mode switches to
lane-change mode until 7.2 s. The EV changes to lane 1 at around 5.5 s (as seen from
Fig. 4.18). Then, since TV1 is laterally close to the EV, the EV can only stay in the new
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Fig. 4.15 Optimal cost and control actions of SCMPC in Case 2

lane at a lower cost. The EV’s lane-keeping and lane-change motion behavior can be seen
in Fig. 4.18. The EV maintains its speed throughout the simulation time.

Fig. 4.22 shows three vehicles’ policy mode probabilities. Specifically, TV1 contin-
ually tracks the speed at 17 m/s and stays in lane 2 with a probability of around 1. TV2
maintains the initial speed and stays in lane 1 with probability 1. As for the EV, before
4 s, it might perform VT or DK maneuvers in lane 2 with probability 0.93 and 0.07. After
that, the most probable policy mode is time-varying between staying in lane 1 and lane 2
until 8 s, as seen from the fourth subplot. Based on these two policy modes and the real

measurements from IPG CarMaker, it is difficult for the IMM-KF to get an accurate mode
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Fig. 4.18 Motion trajectories of all vehicles and EV position in Case 3

probability estimation of the EV’s lane change maneuver. Finally, it is most probable that

the EV keeps the velocity and stays in lane 1.
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Fig. 4.20 Longitudinal and lateral velocity of all vehicles in Case 3

4.4  Summary

An SCMPC framework is presented for EVs on highways in this Chapter. After applying
an IMM-KF to predict possible traffic evolutions, multiple interaction-aware scenarios are
generated. In addition to the generated scenarios, a “worst-case” scenario is incorporated
into the formulation of the safety constraints to ensure the safety of the EV. To address the
uncertain lateral motion decisions of the EV, lane-keeping and lane-change control modes
are designed within the SCMPC, where the control input with a lower cost function value
is implemented. Moreover, the recursive feasibility of the optimization problem under
the SCMPC framework is guaranteed by ensuring no collision between the EV and its
LV over the minimal stopping horizon of the EV. The proposed algorithm is validated
in three highway scenarios in IPG CarMaker. Simulation results demonstrate that the

proposed SCMPC enables the EV to perform safe maneuvers.
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CHAPTER 5

CMPC for autonomous highway driving

5.1 Problem statement

Safety control for the EV is achieved by considering nominal scenarios together with a
“worst-case” scenario in the previous chapter. In this setup, the EV is required to main-
tain different safe distance values from the LV for the two categories of scenarios, and
the first-step control actions computed from both categories of scenarios are enforced to
be identical. However, this design might lead to more conservative EV behavior com-
pared with a controller that does not include a “worst-case” scenario, implying that other
performance aspects may be compromised to guarantee safety.

Although a “worst-case” scenario is incorporated to ensure safety, we can nevertheless
seek ways to mitigate any conservatism that introduces. One way to achieve this is that the
EV could maintain its current motion state, such as the velocity, throughout the prediction
horizon, and adjust it only when necessary. Because MPC applies only the first-step
control input at each iteration, the resulting feedback mechanism provides the EV with
additional flexibility to adjust its motion according to the actual scenario observed in the
next step, thus reducing the potential conservatism. To this end, we propose a CMPC

framework that introduces new terminal constraints based on this idea.

5.2 CMPC design and validation

We utilize the improved IMM-KF-based algorithm introduced in Section 3.2.5 to esti-
mate and predict the motion behaviors of vehicles and generate interaction-aware scenar-
10s. Based on the predicted scenarios of the TVs, the EV is controlled under a CMPC

framework.

Remark 5.2.6. In the previous chapter, the superscript for the EV was retained for clar-
ity. In this chapter, to simplify the notation, the superscript for the EV is omitted unless

otherwise specified.
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5.2.1 Differential flatness based kinematic unicycle vehicle model

We adopt a nonlinear kinematic unicycle model to represent vehicle dynamics. Its sim-
plicity enables easier implementation of control algorithms [175]. Although it does not
capture lateral slip dynamics, the model offers a good balance between computational effi-
ciency and accuracy for highway scenarios with less abrupt lane changes and turns [176].

The continuous-time form of the nonlinear kinematic unicycle vehicle model is:

Dion cosf 0
v
Pt | = [sinf 0O L], (5.1
0 0 11& -
W—/
X

where Ujon = Pion» Vit = Prae are the longitudinal velocity and the lateral velocity, and
the total velocity is v = /v + vZ,. 6 is the vehicle orientation angle. w denotes the
associated orientation angular velocity here. The kinematic unicycle model of a vehicle

front axle is shown in Fig. 5.1.

Diat

\ 4

Dion
Fig. 5.1 Kinematic unicycle model of a vehicle front axle

Direct linearization of the nonlinear model (5.1) around an arbitrary equilibrium re-
sults in a non-controllable linear model, despite the nonlinear model being locally control-
lable. To address this, we apply a differential flatness method to derive an equivalent flat

system, simplifying the problem compared to the original nonlinear model. We choose
T

=
the flat output v = [plon plat} , the new system state y = [plon Plat Prai| > and the new

T T
system input u = [ul U2:| = [pkm j)’lat] , where Dy = ayy 1s the lateral acceleration.
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The corresponding flatness system is written as

}jlon

0 0 O] [pon 1 0 )
X=|pu| =100 1] [pa|+ |0 0 [“] (5.2)
) 100 0f [pu) [0 1] U™
A B

Then, we use the Euler method with the sampling time 7" to obtain the discrete-time form

of the system equation (5.2) at time k.

Xes1 = (AT + I3) xi + B? U (5.3)
A B

The related output equation is

1 0 0
— . 54
Vi [O ) O] Xk (5.4)

After obtaining the control input uy, using the following equations to get the original

control input &:

vp = —kk (5.5a)
cos 0,

Usg J; COS 0,2 — Uy 1, sin Oy cos Oy,
Wy, = , (5.5b)

U,k

where the original state ¢, and 1, ;, are computed by

Vlat, k . Uy — UL k—1
0, = arctan( ), Uy = ——FF .

5.6
Ulon, k T ( )

5.2.2 CMPC framework

Lane-keeping and lane-change are possible motion strategies for the EV, which corre-
spond to two control modes. The final decision of the EV is made by choosing the mode
with the minimal cost. For path planning, the related reference output “yef s, € R? is gen-
erated to guide the EV to drive at a constant high longitudinal velocity, and to stay at
the center of the target lane. In particular, the EV attempts to switch to the new lane in
one step during the lane change. To ensure the safety of the EV, an extra “worst-case”
scenario is included in the MPC design, where the LV is assumed to decelerate maxi-
mally to a standstill over the prediction horizon. The corresponding control sequences iy
act as contingency strategies and are subject to a proposed terminal constraint, as shown

in (5.7g). A detailed recursive feasibility proof is discussed in Section 5.2.4.
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The objective of the CFTOCP is to minimize the control effort of the EV to follow
the designed reference trajectory as closely as possible while avoiding collision with sur-
rounding TVs. Uy = {ug,...,un_1} and Uy = {ilp, ..., ily_1} are two sequences of
decision variables. The first control sequences are used to evaluate the cost function with
associated output ~;, and ensure the EV’s safety under the generated scenarios. The sec-
ond control sequences guarantee the EV’s safety in the “worst-case” scenario. To handle
the possible “worst-case” scenario based on the applied control sequences wuy, the open-
loop state y y is set to equal to the contingency one Yy at time step N. The CFTOCP is

formulated as follows:

N

J*(x0) = min Y _ Iy — 'Yref,kH?/VQ + (5.7a)
Yo.to 320

st Xws1 = Axp + Bug, k=0,1,.... N —1, (5.7b)

e =Cxx, k=0,1,...,N, (5.7¢)

Xit1 = AXp + By, k=0,1,....N —1, (5.74d)

wveEX, vweX, k=01,..N, (5.7¢)

u, €U, €U, k=0,1,...,N, (5.7f)

XN = XN, XN € Xf: (5.7g)

Xo = Xo = x(0). (5.7h)

Here Wy € R?*? and Wi € R?*? are positive definite weighting matrices for tuning.
The admissible state sets X, X, and X ¢, and input set U are restrained by appropriate con-
straints, as detailed below. Note that when a lane change is possible, two CFTOCPs are
solved corresponding to lane-keeping and lane-change control modes. The EV executes

according to the command from the less costly mode.

5.2.3 Constraint formulation

The states and inputs of the EV are constrained by lane bounds, traffic rules, and driving

comfort as follows:

0 < Viongs I < Drack < b, (5.8a)

Qlon S alon,k S alona Qlat S alat,k S alata (58b)

where [ly, lip] are the upper and lower bounds of the lane. e and ® denote the minimum
and maximum values of the associated variables.

A safety distance d between the EV and LV needs to be maintained:

dy>d, k=0,1,.. N, (5.9)
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where d is computed by
d = Tuin . + Ad, (5.10)

with the design parameters 7 and Ad. If the reference point of all vehicles is in their

respective center, for example, choose Ad > MQ(LV), where [ and [V) are the length of
the EV and LV. During the lane change, the EV needs to maintain a safety distance from
the LVs in the current and the target lane, and also from the successor TV in the target
lane. The safety constraint under the generated scenario is based on (5.10), while for the

“worst-case” scenario, the safety distance needs to satisfy d = Ad.

5.2.4 Recursive feasibility analysis for CMPC

The recursive feasibility of the proposed control method is guaranteed by introducing a
terminal constraint. The definition of recursive feasibility and the related assumptions are

provided below.

Definition 5.2.4. (Recursive Feasibility). The CMPC is recursively feasible if and only if
for all initially feasible states, and for all optimal sequences of control inputs the MPC op-
timization problem remains feasible for all time [177]. Namely, the safety constraint (5.9)

always holds.

Assumption 3. All vehicles are assumed to drive forward, and the EV is only responsible

for avoiding front collisions.

Assumption 4. The EV and its LV have identical deceleration capabilities. In other

words, the minimum acceleration values of the EV and the LV are the same.

The minimal stopping horizon of the LV determines the prediction horizon at each

time step, and is given by
(LV)

N = [, (5.11)
al )]T

~lon

&V(% represents the

initial velocity of the LV at the current time step. For notation simplicity, it is abbreviated

(LV)
lon,k
minimum acceleration of the LV. Denote the initial position of the LV at the current time

where [e] represents the smallest integer greater than or equal to . v

from v, ; o, When the current time step is . ] QI(OLHV)] represents the absolute value of the

is pl%:/()) The LV’s stopping position at time N, pflo“: )N is then computed by:
1
Plony = Plon *+ Vion o NT + 5 100 (NT)?. (5.12)

2

To prevent the EV’s reaction from being overly conservative in the “worst-case” sce-

nario, the EV is considered to stop later than the LV. The relative distance dy between the
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EV and LV at the final prediction step must satisfy the following condition to ensure the
EV’s safety when the LV stops:

1
dNZd&c@:ﬁmWANT+§%MANTF+A¢ (5.13)

where d, represents the minimal distance that the EV travels from time N to a standstill.
Uion, v Tepresents the EV’s contingency velocity at time N, and AN is the minimal extra

time for the EV to stop from time /V, which is calculated as:

Qu]lon N
AN = ol (5.14)
|Qlon | T

Consequently, the terminal set can be expressed as:
Xy = ] Pony < Plomy — ds}- (5.15)

Theorem 5.2.2. (Recursive Feasibility). The optimization problem (5.7) is recursively
Seasible based on Assumptions 3, 4, and the prediction horizon N in (5.11).

Denote the control sequences and state sequences by considering the generated nor-
mal scenarios at time k& as {wk, Ukt1|k, s UNp—1]k } ANA {Xkt1]ks Xt2lk» --» XNy [k }» the
control sequences and state sequences by considering the “worst-case” scenario as { |,

Uk 1|y s uNk,l‘k} and {Xk+l|k:a Xk+2[ks s XNka:}a and the optimal control sequences and

> K > K >k K K 23
state sequences as {uk|k, Up i 1)r o> uNk_l‘k} and {Xkﬂ‘k, Xk+2lkr = XNk\k}-

Proof. Let two control sequences by considering the generated normal scenarios and the
“worst-case” scenario at time 0 be {ug|o, u1)o, ..., Uny—1j0}> and {oj, U1[o; ---, Ung—1]0}>
respectively. Choose the second control sequence as the initially feasible solution {ﬁglo,
Wjos -+ 117\,0_1‘0}. Its related state sequence is {ﬁm’ Xa(0: -+ )Zjvo‘o}. The terminal state

)Zjvolo is determined according to (5.15). We apply 716'0 to the system (5.3), and obtain
X1 = Axo + Biig, = Xijo-

In the next time step, the prediction horizon N is determined by the current real velocity
of the LV U&Yi +0|1according to (5.11). The worst case is that the LV does decelerate
maximally at time 0. Then N; < N, because the LV’s velocity is decreased. Due to
N7 < Ny, the optimal input sequence at time 1 is shorter than that of time 0. The following

is a feasible solution for the MPC initialized at x:

_ >k -k >k
{U1|1,U2|1, ---7UN1—1|1} = {Ul\mugm, e UN1_1|0},
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The related state sequence is

{X2|17 X3\17 sy XN1|1} - {)u(a()? )%§|07 T} 5&?\[1‘0}7

where )2},1'0 eX +. Both sequences are feasible for the MPC problem because they satisfy

the dynamics and the constraints. O

Remark 5.2.7. The prediction horizon N and the additional time AN required for the

EV to stop are time-varying due to the time-dependent variables UZ(ULHVB) and Vjpn N

The CFTOCP is a second-order cone programming problem based on the terminal

constraint, which is still a convex problem yielding a unique and global solution [178].

5.2.5 Discussion

The main advantages of the proposed CMPC over the SCMPC in Chapter 4 are summa-
rized as follows:

1) The proposed terminal set in (5.15) is larger, resulting in an expanded feasible set.
In SCMPC, the terminal set is defined based on the EV employing maximum de-
celeration as a contingency strategy, with the corresponding terminal position being

the EV’s stopping position.

1) The proposed CMPC approach reduces the number of decision variables. Based on
the proposed CMPC, the prediction horizon N is computed based on the minimal
stopping horizon of the LV. Consequently, the size of the decision variable for the
CFTOCP is 2N. However, in SCMPC, the prediction horizon is determined by the
minimal stopping horizon of the EV, which is N + AN. As a result, the decision
variable size becomes 2(/N + AN) when identical prediction horizons are used to

compute two control sequences.

ii1) The proposed contingency scheme enables the EV to operate safely and less con-
servatively under the “worst-case” scenario compared to the method in SCMPC,

which is further elaborated through various scenarios in the subsequent section.

5.3 Simulation and discussion

The effectiveness of the proposed control structure is validated in a high-fidelity IPG Car-
Maker and Simulink co-simulation environment. To properly implement the calculated
control action in IPG CarMaker, the longitudinal control input is converted to gas or brake
torque, while the lateral control inputs are converted into steering angle, as described in

Section 4.3. Moreover, the conservatism of the proposed control approach is evaluated
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and compared with other methods in three different cases. Table 5.1 presents the param-
eters used in the studied cases. The total simulation time is represented by ;. The length
and width of TV1, TV2, and the EV are specified in sets [ and b, respectively. It is noted
that, in the simulation, changing to lane 3 is not considered in the lane-change mode. The

problem is solved using Gurobi [179].

Table 5.1 Design parameters used in the CMPC simulation study

t,(s) T(s) aw (m/s?) aie) (m/s?)

30.00 0.7 3.00 —3.00

7(s) p @ (m/s?) ) (m/s?)

0.40 0.075 3.00 —3.00

Lo (m) lip(m) an(m/s?) ape (m/s?)

33.80 21.00 3.00 —3.00

Q R [(m) b(m)

I; I; {5.96,4.35,4.85} {2.32,2.50,2.02}
 We ] Wr | Kia | p @O () |
10, | 101, | [1.15,3.39,3.58] || {22.98,26.88,31.3} |
5.3.1 IPG CarMaker evaluation

The initial traffic scenario under IPG CarMaker evaluation is illustrated in Fig. 5.2. The

&
corresponding states of the three vehicles are: (™Y1 = [445 28 0 22.98 0 0] ,

-
, Te-

#™ — 1395 32 0 2298 0 0] ' and 2®) = 350 35 0 2694 0 0]
spectively. A longer simulation time of 50 s is considered for IPG CarMaker implemen-
tation to observe more diverse control performances of the EV. Based on the initial traffic
setup, the three vehicles interact with one another, and the EV is controlled by the de-
signed control structure. According to the initial traffic configuration, the priority of the
vehicles is [TV1, TV2, EV] in descending order. Consequently, TV2 reacts specifically to

TV1, and the EV reacts to both TV1 and TV2.

lane 3

lane 2

lane 1

Fig. 5.2 Initial traffic scene used in IPG CarMaker evaluation
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The simulation results are illustrated in Figs. 5.3 and 5.4, which show the trajectories,
and the position and velocity profiles of the three vehicles, respectively. As observed in
subplot (1) of Fig. 5.4, due to interaction with TV2 and TV, the EV slightly decelerates
starting from 2.5 s, as it predicts TV2’s intention to lane changes, and decides to cooperate
and leave enough space for TV2. At 3 s, TV2 initiates a left lane change, as shown
in subplot (3) of Fig. 5.4. This happens because TV2 has a higher velocity than TV1.
By interacting with both TV1 and the EV, TV2 changes lanes ahead of the EV instead
of decelerating to maintain a safe distance from TV1. In response, the EV continues
to decelerate. After TV2 moves to lane 1 at 4.4 s, the gap between TV2 and the EV
decreases, prompting the EV to switch to lane 1 for a higher speed at 5 s, reaching the
new lane at 7.8 s. TV1 accelerates from 28 m/s to 30 m/s at 8 s. However, about 5 s
after the EV’s lane change, based on the interaction with TV1 and TV2, given that TV2
has moved farther ahead of the EV than TV1 due to its higher velocity, the EV decides
to return to lane 2 at 13 s (as observed in subplot (3) of Fig. 5.4), and reaches the goal at
15.8 s (as shown in subplot (2) of Fig. 5.4). Afterward, the EV continues behind TV2,
maintaining nearly the same velocity. As observed in subplot (3) of Fig. 5.4, around 38 s,
the EV initiates a right lane change again to pursue a higher velocity. At this time, both
TV2 and the EV run ahead of TV1, and there is sufficient space for the EV to safely move
in front of TV1. At 41.8 s (as shown in subplot (2) of Fig. 5.4), the EV reaches lane 1
and accelerates to 35 m/s. These simulation results demonstrate the effectiveness of the

proposed control architecture in enabling the EV to perform safe maneuvers.

W
[=}

25

lat.pos [m]

20

T T T T T T T T T
250 500 750 1000 1250 1500 1750 2000 2250
lon.pos [m]

Fig. 5.3 Motion trajectories of vehicles (shown at each 5 s)

5.3.2 Evaluation of conservatism

The inclusion of the “worst-case” scenario may raise concerns about the conservatism
of the control actions. In this section, we first investigate the EV’s performance when
the “worst-case” scenario does occur in three different traffic scenes. The objective is
to demonstrate that even under these challenging cases, the EV controlled by the pro-
posed control approach operates with minimal conservatism. Undoubtedly, in normal
situations where the “worst-case” scenario does not occur, the EV is expected to behave

in a less conservative manner as well. This conclusion will be further validated in the
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Fig. 5.4 Lateral position and velocity profiles of vehicles

cases studied. Furthermore, the conservatism of the proposed method is compared to the
approach presented in Chapter 4, as well as another method that does not account for the
“worst-case” scenario. These methods are referred to as CMPC, SCMPC, and NORMAL-
MPC, respectively, in the simulation study. The initial traffic scenes of three studied cases
are illustrated in Fig. 5.5, which are constructed by progressively worsening the initial
condition of the EV. The analysis is based on open-loop simulation results of the initial
simulation time.

lane 3

lane 2

lane 1

Fig. 5.5 Initial traffic scenes of studied cases showing TV2’s initial condition changes

5.3.2.1 Casel

N
The initial conditions for three vehicles are z(TV!) = [127.87 32.48 0 2252 0 0] ,

T T
2™ = 18819 24 3 2642 0 0] ,and 2™ = [3 35 0 2565 0 0]
respectively. TV2 is ahead of the EV and decelerates at —3 m/s? until it comes to a stop.

The “worst-case” scenario does occur for the EV.
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To evaluate whether incorporating the “worst-case” scenario leads to conservative
control actions, we analyze the safe control sequences derived from CMPC and SCMPC.
At the initial time, the corresponding open-loop safe sequences based on the CMPC (plot-
ted in blue solid lines), the open-loop safe sequences based on the SCMPC (plotted in yel-
low dashed lines with markers), are depicted in Fig. 5.6, as well as the open-loop normal
sequences based on the NORMAL-MPC (plotted in green dotted lines). The prediction
horizons used in CMPC, SCMPC, and NORMAL-MPC are 8 s, 12 s, and 12 s, respec-
tively. The first two prediction horizons are determined based on the minimal stopping
time of the TV2 and EV. The prediction horizon for NORMAL-MPC is chosen to match
that of SCMPC. Two subplots present the longitudinal position profile and the velocity
step profile of the EV, as well as the longitudinal position profile of TV2 (plotted in a pur-
ple dot-dashed line). In response to the “worst-case” scenario, the EV behaves differently
under the control of two safety-guaranteed MPCs. Based on the CMPC, the EV maintains
the velocity for 2 s before gradually decelerating. In contrast, based on the SCMPC, the
EV begins to decelerate at 0.5 s. Under the NORMAL-MPC, however, the EV maintains
the velocity for 8 s, but due to no safety guarantee, it then collides with the TV2 at 8 s, as
highlighted by a red marker in the figure. From the analysis of the control actions calcu-
lated from the three MPCs, we observe that if the “worst-case” scenario happens, the EV
operates less conservatively under the proposed CMPC compared to SCMPC, particularly
in terms of the braking start time. The way the EV behaves based on the CMPC can be
regarded as the least conservative possible manner that still ensures safety.

For the first step of the initial time, the results for CMPC, SCMPC and NORMAL-
MPC are almost identical. This indicates that incorporating the “worst-case” scenario
does not make the control action conservative at this step. In the subsequent steps, the
behavior of TV2 affects the response of the EV. If lane changes are not considered for
the EV, the worst scenario assumes that TV2 continues to decelerate at its maximum rate.
This situation has been accounted for in the design of the CMPC and SCMPC. Conse-
quently, the EV will operate as predicted by the MPCs under the “worst-case” scenario
from the first step onward. Then it is concluded that the EV performs better under CMPC
compared to the other two MPCs while maintaining a safety guarantee. The proposed
control structure, however, goes beyond lane-keeping by including a lane-change control
mode. This additional mode provides the EV with more options when a contingent event
occurs in the current lane. To demonstrate this, the closed-loop simulation results based
on three MPCs are presented in Figs. 5.7 and 5.8 for the “worst-case” scenario. The
results show that, due to the lane change option, the EV changes lanes instead of decel-
erating under all three MPCs. Moreover, the EV remains in its lane longer under CMPC,
primarily because the shorter prediction horizon used in the lane-keeping mode results in
a lower associated cost compared to the lane-change mode. The motion distances covered
by the EV under three MPCs are nearly identical.
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Fig. 5.6 Open-loop simulation results of the initial simulation time under the “worst-case”
scenario in Case 1
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Fig. 5.7 Motion trajectories of vehicles (shown at each 3 s) under the “worst-case” sce-
nario in Case 1

Next, we evaluate the EV’s performance under different control methods when TV2
maintains the initial velocity. Figs. 5.9 and 5.10 illustrate the motion trajectories of
vehicles, and the longitudinal position, velocity, and lateral position of the EV over the
simulation time for the three MPCs. Specifically, under the CMPC, the EV maintains
its velocity and lane for the first 5 s, then decelerates for another 4 s due to the reduced
relative distance with TV2. Subsequently, the EV switches lanes to minimize cost. After
remaining in the new lane for 9 s, the EV moves longitudinally farther ahead of TV2
while achieving a higher velocity. It then drives back to the original lane due to the lower
cost of lane-change mode. Under the SCMPC, the EV travels at a constant velocity in the
current lane for 7 s before switching lanes. It remains in the new lane for the rest of the
simulation time. Similarly, under the NORMAL-MPC, the EV behaves almost identically
to the behavior under the SCMPC. By analyzing the EV motion states, it is observed that

the EV covers almost the same longitudinal distance under all MPCs.
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Fig. 5.8 EV’s longitudinal position and velocity, and lateral position under the “worst-
case” scenario in Case 1
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Fig. 5.9 Motion trajectories of vehicles (shown at each 3 s) when TV2 keeps its velocity
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Fig. 5.10 EV’s longitudinal position and velocity, and lateral position when TV2 keeps its
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5.3.2.2 Case?2

In this case, the initial relative distance between the EV and TV?2 is shorter than tt%e Case
1. The initial conditions for TV2 is «™> = [158.19 24 -3 2642 0 0| . The
remaining initial conditions are the same as in Case 1. The open-loop safe sequences for
the initial simulation time based on the CMPC and SCMPC are illustrated in Fig. 5.11,
along with the open-loop normal sequences based on the NORMAL-MPC. The second
subplot shows that the first-step longitudinal velocities of the EV are identical across all
three approaches at this time. In response to the “worst-case” scenario, based on the
CMPC, EV maintains its velocity for a longer time compared to SCMPC. In contrast,
under NORMAL-MPC, the EV collides with the TV2 at 7 s, as highlighted by a red
marker in the first subplot. From an overall control perspective, the closed-loop simulation
results for the three MPCs are presented in Figs. 5.12 and 5.13. Specifically, when the
“worst-case” scenario occurs, under CMPC, the EV stays in its lane for 1.5 s before
gradually decreasing speed. It then switches lanes and recovers the original velocity. At
9 s, with TV2 far behind, the EV returns to the original lane as this becomes the less costly
option. Under SCMPC and NORMAL-MPC, the EV behaves similarly. It changes lane
after 0.5 s and remains in the new lane for the remainder of the simulation. Despite these

differences, the EV covers almost the same longitudinal distance under all three MPCs.

400 SCMPC
— P

« ++ NORMAL-MPC
= 300 9 _.. w2

200

lon.pos [m

Fig. 5.11 Open-loop simulation results of the initial simulation time under the “worst-
case” scenario in Case 2

Then, we investigate the EV’s performance under different control methods when TV2
accelerates. TV2 accelerates at 3 m/s? until reaching the maximum admissible velocity
of 35 m/s. Figs. 5.14 and 5.15 illustrate the motion trajectories of vehicles, as well as the
longitudinal position, velocity, and lateral position profiles of the EV over the simulation
for three MPCs. In this case, all three MPCs direct the EV to maintain the velocity and
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Fig. 5.12 Motion trajectories of vehicles (shown at each 3 s) under the “worst-case” sce-
nario in Case 2
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Fig. 5.13 EV’s longitudinal position and velocity, and lateral position under the “worst-
case” scenario in Case 2

the lane throughout the simulation. The EV performs almost identically under the three
MPCs.
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Fig. 5.14 Motion trajectories of vehicles (shown at each 3 s) when TV2 accelerates
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Fig. 5.15 EV’s longitudinal position and velocity, and lateral position when TV2 acceler-
ates

5.3.2.3 Case 3

In Case 3, the initial condition for TV2 is (V3 = [118.19 24 -3 2642 0 O] T,
where the relative distance between the EV and TV?2 is shorter than Case 2. The remaining
initial conditions are identical to those in the first two cases. The corresponding open-loop
safe sequences for the initial simulation time, based on the CMPC and SCMPC, are illus-
trated in Fig. 5.16, along with the open-loop normal sequences based on the NORMAL-
MPC. At this time, the first-step longitudinal velocities obtained from safety-guaranteed
MPCs, i.e., CMPC and SCMPC, are nearly identical, but different from the longitudi-
nal velocity computed by the NORMAL-MPC. This difference arises because, given the
initial condition, to respond to the potential “worst-case” scenario, the EV is forced to de-
crease velocity correspondingly under safety-guaranteed MPCs. However, based on the
NORMAL-MPC, since the “worst-case” scenario is not considered, the EV just maintains
its velocity, but it will collide with TV2 at 6 s, as indicated by a red marker in the first
subplot. The results show that when the traffic situation is particularly challenging for
the EV, the CMPC directs the EV to decelerate more aggressively to ensure safety. This
required deceleration is greater than that calculated by the SCMPC. When considering the
possibility of the lane change under the “worst-case” scenario, the closed-loop simulation
results for the three MPCs are shown in Figs. 5.17 and 5.18. Under CMPC, the EV de-
celerates immediately, switches lanes after 2 s, accelerates back to 35 m/s, and returns to
the original lane at 9 s due to lower lane-keeping costs. In contrast, the other two methods
keep the EV at a constant velocity and in the new lane for the entire simulation.

In conclusion, from analyzing these cases, it is obtained that incorporating the “worst-

78



SSMPC e
—aMpC et
300 4 ==+ NORMALMPC et
e -2 e L
-----

200 4

lon.pos [m]

100 +

20 1

10 4

lon.vel [m/s]

0 2 4 6 8 10 12
time [s]

Fig. 5.16 Open-loop simulation results of the initial simulation time under the “worst-
case” scenario in Case 3

28 4 — aMPC

= NORMAL-MPC
- V1
-2 V2

26

24

lat.pos [m]

221

T T T T T
0 200 400 600 800 1000 1200
lon.pos [m]

Fig. 5.17 Motion trajectories of vehicles (shown at each 3 s) under the “worst-case” sce-
nario in Case 3

case” scenario into the controller design does not necessarily limit the EV’s performance.
When the “worst-case” scenario does not occur, the EV’s performance across all three
MPC:s is nearly identical. However, when the “worst-case” scenario happens, integrating
the “worst-case” scenario into the controller ensures the EV’s safety. Moreover, the pro-
posed CMPC leads the EV to operate less conservatively. Specifically, in response to this
situation, the EV maintains the velocity as long as possible, before gradually decelerating
to a maximum value. However, if the resulting cost of hard braking becomes too high, the
EV will change lanes due to the consideration of the lane-change mode. Therefore, the
integration of lane-keeping and lane-change control modes, along with the safety guaran-
tee by accounting for the “worst-case” scenario, ensures that the proposed CMPC is both

safe and minimally conservative in its control of the EV.
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Fig. 5.18 EV’s longitudinal position and velocity, and lateral position under the “worst-
case” scenario in Case 3

5.4 Summary

In this chapter, a CMPC framework is presented by investigating the EV’s reaction be-
havior under the “worst-case” scenario to reduce the conservatism of control actions. The
CMPC has a similar structure to SCMPC introduced in Chapter 4, but with different ter-
minal constraints. Based on the state estimation and prediction using improved IMM-KEF,
interaction-aware scenarios representing traffic uncertainties with high prediction accu-
racy are generated, which are integrated into the MPC design along with the proposed
“worst-case” scenario. The CMPC is designed to allow the EV maintain its motion veloc-
ity and decelerate only when necessary to react to the “worst-case” scenario by aligning
the normal state and the contingency state at the final step. This design principle reduces
the conservatism of the EV’s motion decisions, and the number of decision variables is
also reduced by introducing time-varying prediction horizons. Furthermore, the proposed
CMPC approach is validated and compared with the SCMPC, demonstrating the effec-

tiveness of the proposed method in safely and less conservatively controlling the EV.
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CHAPTER 6

Fully interaction-aware MPC for autonomous highway driving

6.1 Problem statement

In previous chapters, the presented SCMPC and CMPC approaches utilize the informa-
tion of surrounding TVs, obtained from the scenario-generation component, for EV con-
trol. However, since MPC inherently solves an optimization problem in a receding hori-
zon manner, it offers the potential to incorporate the states of both the TVs and the EV
within a unified MPC framework while explicitly accounting for their interactions, i.e.,
a fully interaction-aware MPC. When all vehicle states are treated as decision variables
within the MPC, it becomes difficult to characterize how one unknown decision variable
influences another, and even more challenging to propagate such uncertainties over the
prediction horizon. This significantly complicates interaction modeling within the MPC
framework. Although several MPC-based methods have been developed following these
principles, they typically suffer from high computational complexity and limited scalabil-
ity, making real-time implementation difficult [140, 180].

To address these challenges, this chapter proposes an MPC-based scheme that sim-
plifies interaction modeling within the MPC framework while reducing computational
burden. Specifically, we aim to decouple the vehicle’s longitudinal and lateral decision-
making processes. By handling the lateral and longitudinal decisions separately, the com-
plexity introduced by uncertainties in velocity and lane selection is reduced, resulting in

a more tractable optimization problem that can be solved efficiently.

6.2 Interaction-aware lateral motion model and traffic prediction

To determine the lateral motion of vehicles over the prediction horizon while accounting
for their interactions, we apply the MOBIL model. This model evaluates lane selection
based on the resulting longitudinal acceleration benefit for all vehicles in the environment.
Once the lateral positions of vehicles at each prediction step are determined, a portion of
the traffic context becomes known. This information can then be utilized for the EV’s
subsequent path planning according to the possible lanes the EV may occupy, as well as

for formulating safety constraints to avoid collisions with other vehicles in the same lane.
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6.2.1 MOBIL model

The MOBIL model describes vehicle interactions by evaluating the advantages or disad-
vantages of a vehicle changing lanes in the context of the overall traffic situation. The
utility of a lane and the associated risks of lane changes are determined according to the
longitudinal accelerations computed using microscopic traffic models [120]. This com-
pact model couples vehicle lateral and longitudinal motion strategies by introducing two
design parameters, the politeness factor p¢, which quantifies the willingness of a vehicle to
cooperate in traffic, and the acceleration threshold Aay,, which determines the conditions
under which a lane change is considered beneficial or risky. Specifically, a lane change
is considered feasible if the utility gained by the involved vehicles exceeds a predefined
threshold; otherwise, it is deemed infeasible. The utility is calculated by combining the
change in longitudinal acceleration of the lane-changing vehicle with a weighted sum of
the longitudinal acceleration changes of both its new and old followers. The MOBIL

model is formally expressed as:

ae — Qe +pe| Gy — an + Go — Ay | > Aay, (6.1)
—— —— ——
driver new follower  old follower

where a. and a, represent the considered vehicle’s longitudinal acceleration before and af-
ter lane change. The considered vehicle is named ’driver’ for the simplicity of description,
which can be either the TV or the EV. a, and a, represent the longitudinal accelerations
of the new follower of the driver before and after the driver lane change, respectively. a,
and a, represent the longitudinal accelerations of the old follower of the driver before and
after the driver lane change. The politeness factor pr ranges between [0, 1], where a higher
value indicates a more altruistic driving style. Since the degree of the driver’s altruism
is uncertain, multiple candidate values are considered to enrich the content of traffic pre-
diction. Specifically, the values ps = {0,0.5, 1} are evaluated to capture different driving
behaviors, ranging from self-interested to highly cooperative. Similarly, the switching
threshold Aay,, which serves as a baseline for evaluating the overall acceleration gains
versus the acceleration losses of the driver lane change, is varied to examine its effect on
the lane change decision. The values considered for Aay, include Aay, = {0.1,10} [120].

To determine the vehicles’ longitudinal acceleration values before and after the driver’s
lane change, the following rules are designed based on typical driver reactions in real traf-

fic situations:

1) The vehicle’s longitudinal acceleration after the driver’s lane change depends on its
new LV. If a new LV exists, the acceleration can be computed using a car-following

model. Otherwise, the longitudinal acceleration value is assumed to be zero.

i1) The vehicle’s current longitudinal acceleration is used as its acceleration before the
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Fig. 6.1 Vehicle c (driver) considers changing lanes to the left. The new and old follower
vehicles are denoted as n and o, respectively.

driver’s lane change.

Remark 6.2.8. Note that there is no need to use the MOBIL model to determine lane
changes in the following cases: i) the vehicle drives in a lane without an LV, ii) the safety
distance between the vehicle and its LV, or with a successor vehicle in the target lane, is
not maintained over a certain prediction horizon. In these cases, the vehicle is assumed
to remain in its current lane. Additionally, once a lane change is initiated, it is assumed

that the vehicle will complete the maneuver.

6.2.2 Interaction-aware collision-free traffic prediction

By evaluating the benefit of each vehicle’s lane change with various design parameters,
possible motion behaviors are predicted. For simplicity, it is assumed that lane changes
happen instantly, i.e., between two subsequent time steps. For longer prediction hori-
zons, the MOBIL model is applied at each decision-making interval Ty, to assess lane
change possibilities. To predict vehicle motion over the horizon, a double-integrator mo-

tion model with a sampling time 7" is used to update the longitudinal state:

xl(sg,kﬂ = Axl(:xzk + Bul(;z,kv (6.2a)
1 T - T
=1, 1| B= [§T T} , (6.2b)

.
where the states, xl(;z Ly = [pl(;z o o) k} , % € {EV, TV}, denote the vehicle’s longitudi-

nal position and velocity. The input, ul(;ﬁ = al(:i i» represents the longitudinal accelera-
tion, as determined by the MOBIL model. After updating the vehicle’s motion state using
(6.2), if a collision with its LV is detected, the acceleration is adjusted to ensure collision-
free prediction. At each prediction step, the relative distance between the vehicle and its
LV is checked using the following condition:

P — P < d, (6.3)
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where * € {EV, TV}, and p%;’ ). denotes the longitudinal position of its LV. d is a design
parameter representing the relative distance threshold between the vehicle and its LV. A
relatively large d is recommended to account for potential collisions. If the inequality
in (6.3) is satisfied, the vehicle’s longitudinal acceleration is adjusted to decelerate to
maintain the distance:

Qo o = Ggon; (6.4)

where dl(;z .. 18 the adjusted longitudinal acceleration. @, is minimum allowable longitu-

dinal acceleration. By combining the possible motion predictions of all vehicles, traffic

environment uncertainties are represented in a deterministic manner.

Remark 6.2.9. Only one vehicle’s lane change is considered at each decision-making
step. If a vehicle has just changed lanes or is predicted to change, lane changes are not

considered in the subsequent steps.

6.2.3 Traffic prediction categorization

To incorporate lateral interaction awareness into the controller design, the predicted mo-
tion behaviors of vehicles are categorized based on the EV’s possible lateral motion be-
haviors. For example, in Fig. 6.1, the vehicle c is referred to as the EV. When the predic-
tion horizon spans one decision step, based on the MOBIL model, the EV is predicted to
drive in the current lane, or switch to the left or right lane. Then, all TVs’ predicted be-
haviors are categorized according to these three potential EV motion modes. We take the
EV’s old follower (noted as *0’) and new follower (noted as 'n’) in Fig. 6.1) as an exam-
ple. In the EV’s lane-keeping mode, vehicle o might remain in the middle lane or switch
to either the left or right lane, while vehicle n might maintain the lane or switch to the
right. Thus, three potential motion actions for vehicle o and two for vehicle n are consid-
ered in the EV’s ’lane-keeping’ motion mode. In contrast, for the EV’s left-lane-change
mode, assuming only one vehicle changes lanes at each decision step, lane changes by
either vehicle o or n are not considered. Similarly, other TVs’ motion actions are catego-
rized and considered in the EV’s different modes. This lateral traffic prediction process is
illustrated in Fig. 6.2. The differences in TVs” motion behaviors across the EV’s different

modes reflect their mutual influence in the lateral direction.

Remark 6.2.10. Besides using the MOBIL-based traffic prediction module, machine learning-
based methods can also be employed to predict possible lateral motion behaviors of ve-

hicles.
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Fig. 6.2 Tree structure of lateral traffic prediction

6.3 Controller design and validation

6.3.1 Vehicle model

Based on the categorized traffic predictions, separate controllers are designed for each
control mode. In the ith control mode, assume that n distinct traffic prediction branches
are generated, with the jth branch denoted by 7 = 1,2,... n. The motion states of the
EV and TV are jointly modeled as follows. For a single surrounding TV, the discrete-time
system model corresponding to the ¢th control mode and the jth traffic prediction branch
is defined as:

X = AX() + BUS. (6.5)

The associated full system state and input vectors are:

[ (EV) (EV) _(EV) (EV) (TV) (TV) T
.7 lon,k lon,k lat,k lat,k lon,k lon,k
X]E?’L’j) = . ~ [\ ~ J \ ~ J/ s (6.6a)
(EV),(i,) m(E\’)v(i-j) x(TV)-(iJ)
B lon, k lat,k lon, k
r T
(EV) (EV) (V)
1,J lon,k lat,k lon,k
Ui = |k , (6.6b)
u(lfV),(iJ)

where pl(:z,k, v(*rlk, and (") . with € {EV, TV}, denote the longitudinal position, ve-

lo lon,k°

locity, and acceleration of the respective vehicle under the given mode (i, j). Here the
superscript (Z, j) is omitted for notational simplicity. Similarly, pfi\g, v](i\;c), and al(ft\g rep-

resent the lateral position, velocity, and acceleration of the EV. The system dynamics are
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governed by the following system and input matrices:

A Oxa 02y

A= 055 A 022, (6.7a)
02><2 02><2 A

- T

B= [B B B} , (6.7b)

where A and B are defined in (6.2b). The system state and input vectors, denoted by X ,g” )
and U, ,5” ), along with the system and input matrices A, B, are appropriately augmented

by the number of TVs considered in the model.

6.3.2 Fully interaction-aware MPC framework

Based on the EV’s categorized motion modes, such as lane-keeping or lane change, mul-
tiple MPCs corresponding to different control modes are designed, each with a distinct
reference trajectory. The CFTOCP is solved for each mode by minimizing the control
efforts of both the EV and surrounding TV's while ensuring constraint satisfaction. Simul-
taneously, the EV aims to follow its assigned reference trajectory. After solving multiple
CFTOCPs for all control modes, the decision-making module selects the first-step con-
trol action from the minimal-cost control mode by comparing the respective costs of each

mode. Specifically, the CFTOCP for each control model is formulated as follows:

2 2

(EV),(4,5) EV), ()

TOK0) = min ST | QY+ ol esa
st X0 = AXU + BUYY ) k=0,1,.,N =1, j=1,2,..,n, (6.8b)

X" eX, k=01,..,N—1,j=12 ..n, (6.8¢)

Ui eU, k=0,1,..N—1,j=1,2,....n, (6.8d)

u(OEV),(i,l) _ uéEV),(i,2) _ uE)EV),(i,n), (6.8¢)

X" = x(0), j=1,2,...,n. (6.8)

Here, decision variables (") and X (® represent the feasible inputs and states in the ith
control mode across n traffic prediction branches over the prediction horizon NV, respec-

tively. Specifically,

.
T 4,1 i,2 in
U()Z[USNN L UéJ._?’N_J , (6.92)

---------

X0 =[xy Xy - xiE] (6.90)

As defined in (6.6b), U ,5” ) consists of the longitudinal and lateral inputs (acceleration)

of the EV under the jth traffic prediction branch, represented by ufv)’(i’j ), as well as the
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longitudinal input of the TVs. Similarly, X ,g” ) consists of the corresponding longitudinal

and lateral states (position and velocity) of the EV, represented by z\. ,)ﬁ’(i’j) and a:l(aEt\Q’(i’j),

along with the longitudinal states of TVs. va)’(i’j ) represents the full state of the EV, i.e.,

xf‘v)’(i’j = [xff: ,l’(i’j ), xii\g(” )] T. Additionally, xieEfV ,zfl) represents the reference state
for the EV in the ith control mode. The reference trajectory directs the EV to maintain
its velocity and travel in the center of the desired lane. For lane-change mode, the refer-
ence trajectory guides the EV to switch to the desired lane after one prediction step. The
matrices W € R¥4, and Wp € RO™2x(m+2) are positive definite weighting matrices
used for tuning, where m represents the number of surrounding TVs. The sets X and U
represent admissible state and input sets based on the constraints from Section 6.3.3. To
ensure the EV’s safety in an uncertain environment, the first control action from each traf-
fic prediction branch is set identically, as described in (6.8¢). The initial state is denoted
as X (0). As the prediction horizon N increases, the EV has more lane change options.
The number of control modes for the EV increases. However, due to computational cost,

the number of control modes investigated is limited to five.

6.3.3 Constraint formulation

The constraints are formulated by considering traffic rules, driving comfort, and safety.
The longitudinal velocity and the lateral position of vehicles are restricted by speed lim-

itations and lane bounds. Driving comfort is guaranteed by limiting the accelerations.

* — EV
0 < Vs i < Vions b < Pl < lubs (6.10a)

* — EV —
Uon < Ao < Tlony Ay < Al p < iy (6.10b)

where Iy, l;p] represent the lane bounds of the studied lane. e and ® denote the related
variable’s minimum and maximum value. A relative longitudinal distance between the
vehicle and its LV is maintained all the time to ensure safety as follows:

P = Doy > d, 6.11)

where p&:’ L represents the longitudinal position of the LV of the studied vehicle, and x €

{EV,TV}. The design parameter d represents the safety distance between two vehicles,

which satisfies
HLY) 4 (%)

2 ?

where b denotes the width of the corresponding vehicle.

d> (6.12)

For the most Preceding Vehicle (PV) in each lane, it is assumed that it maintains its
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velocity over the prediction horizon. Thus, its longitudinal acceleration is constrained by:
PV
ajen ), = 0. (6.13)

Remark 6.3.11. The longitudinal states of TVs are treated as decision variables to en-
sure that, at each prediction step, TVs and the EV interact longitudinally to optimize
overall traffic flow. The optimal longitudinal interaction-aware mechanism of vehicles is
determined directly by solving the problem. Alternatively, to explicitly account for the
longitudinal interaction awareness of TVs in MPC, their longitudinal accelerations can

be constrained as follows:
() _ (LV) (V) (TV) (TV)
Aone = KV(Ulon,k o Ulon,k) + Kd(dlon,k —d )? (6.14)
where K,, K, are the ‘VI’ and ‘DK’ control gains, respectively. vl((f: )k, represents the

longitudinal velocity of the LV of the TV. dgf)k is the relative longitudinal distance between

the TV and its LV. d™ denotes the safety distance for the TV. The parameters K,, K , and
d( TV)

are design parameters that characterize each TV, and can be selected, estimated, or

learned appropriately.

6.4 Simulation and discussion

6.4.1 Simulation setup

The proposed control structure is validated in a high-fidelity environment, [IPG CarMaker.
In this environment, a real car is represented as a simulated EV, and TVs interact with sur-
rounding vehicles based on the HDM. The HDM provides a sophisticated representation
of longitudinal and lateral maneuvers grounded in real-world driver behavior. The HDM
used in [PG CarMaker is built upon the Improved Intelligent Driver Model (IIDM) [181],
a widely recognized model that enhances the realism of acceleration and deceleration be-
haviors compared to conventional IDM [182]. Specifically, the HDM allows for detailed
customization of parameters for both individual TVs and overall traffic flow. Each TV’s
longitudinal and lateral driving style is configured using comprehensive parameters nor-
malized within the range [0, 1]. To properly implement the calculated control action in
IPG CarMaker, the longitudinal control input is converted to gas or a brake torque, while
the lateral control inputs are converted to steering angle, as described in 4.3.

Three representative cases are first studied to demonstrate the effectiveness of the pro-
posed method in accounting for vehicle interactions during EV control. For comparison,
the EV is also controlled by a non-interaction-aware MPC in these cases, where vehicles
are not modeled to respond to each other within the receding horizon. In this approach,

the motion predictions of TVs are generated using a Constant Velocity model. The non-
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interaction-aware MPC shares the same control goals and constraints as the interaction-
aware controller. Moreover, the proposed control structure is validated with Monte Carlo
simulations under different initial traffic conditions and diverse driving styles. The pa-
rameters used in the simulations are listed in Table. 6.1. The total simulation time is
denoted as ¢,. Lane bounds and central positions are represented by sets I, and /.. The
height and width of vehicles {EV, TV1, TV2, TV3} are given in the sets [ and b.

Table 6.1 Design parameters used in the proposed MPC scheme

tls] Tls| P Aay[m/s?]
30.00 1.00 {0.00,0.50, 1.00} {0.10,10}
N Ta[s] Gion/ Ui [ /5] lp[m]
6 6 —3.00 (—14, -10.25, —6.5, —2.75}
d[m] WolWg [[m] b[m]
20.00 1,/1; [4.58,4.97,4.15,4.12} 11.59,1.97, 1.73, 1.80}
d[m] Dion [m/5] Tion/Trar [ /5°] L [m]
6.00 40.00 3.00 {—12.13,—8.38, —4.63}

6.4.2 Case studies

6.4.2.1 Case 1: TV2 nudges the EV to change lanes

.

The initial conditions for vehicles are: xEY) = [372 18 0 —8.38 0 0] L 2TV —
T T

[404 130 —-1213 0 0] , 2™ = [325 28 0 —838 0 0} , and (™3 =

1
[322 20 0 —4.63 0 0} , respectively. The initial traffic scene of this case is shown
in Fig. 6.3.

TV3——>20m/s

TV2B ——28mis

Fig. 6.3 Initial traffic scene of Case 1 used for the proposed MPC structure validation

Fig. 6.4 shows the motion state information of all vehicles during the simulation.
Subplot (1) represents the position of each vehicle at every 2 s. The EV starts to change
lanes to the left at the first time step, and completes the lane change around after 4 s. Since
the EV is initially much slower than its successor, TV2, changing lanes is more beneficial
for the overall traffic situation than staying in the current lane. The left lane change
is considered safe by the EV under interaction-aware control, as it ’communicates’ with
TV3, and anticipates that TV3 will decelerate to avoid a collision. However, the right lane
change is considered dangerous because TV 1, driving ahead of the EV at a relatively slow

speed, would make it less beneficial for the traffic environment. From subplots (2) and
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(4), we observe that, when the EV enters the left lane at 2 s, TV3 does start to decelerate
from 20 m /s, eventually matching the EV’s velocity. Meanwhile, TV1 and TV2 continue

to drive at constant velocity in their respective lanes.

e EV V1 V2 = = = -TV3
(1)
— T T A T T T T T T T T
é _5k - . :-:t-t;\.---.:.:'-:'-ﬂl.“-':-:.:-:.ﬂl.":- ]
-
8 - “-‘.---.-- - LaG—LGaG—LbGG—6G86GG8G—GaG—_G88—_Gu
2-10F -
(_U _15 1 1 1 1 1 1 1 1 1 1
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lon.pos [m]
(2 (3
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=25 135 E o2
Q20 mmm — e
c 15 =
5 L 02
0 10 20 30 0 10 20 30
time [s] time [s]
— (&) — (5)
o ! Y 1
Eo512s E o5,
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o <
0 10 20 30 0 10 20 30
time [s] time [s]

Fig. 6.4 Motion trajectories and velocity/acceleration profiles of vehicles under the
interaction-aware MPC in Case 1

Fig. 6.5 shows the simulation results under the non-interaction-aware control in Case
1. Subplot (1) indicates that the EV stays in its lane throughout the simulation. As shown
in subplots (2) and (4), TV2 decelerates sharply and converges to the EV’s speed from the
beginning until 9 s to ensure safety. In contrast to the interaction-aware control pattern,
lane changes are not feasible for the EV under the non-interaction-aware control. This is
because, without considering the interaction between TV3 and the EV, TV3 is predicted
to maintain a constant speed rather than slow down if the EV moves in front of it. The
right lane change is also neither possible nor desirable for the EV, as TV1 blocks the lane
with a slower velocity. Afterward, TV2 and the EV drive at 18 m /s, making lane-keeping
the optimal decision for the EV. For comparison, two traffic scene screenshots from the
IPG CarMaker at 8 s under the interaction-aware and non-interaction-aware MPCs are

shown in Fig. 6.6.

6.4.2.2 Case 2: EV changes lanes to avoid collision with TV1

N

The initial states of vehicles in this case are: z(EY) = [372 25 0 —8.38 0 0] ,
T T

2TV — [428 18 0 —838 0 o} , 2TV — [434 15 0 —12.13 0 0}  and

-
2(TV3) _ [302 28 0 —4.63 0 0} , respectively. The initial traffic scene of Case 2
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Fig. 6.5 Motion trajectories and velocity/acceleration profiles of vehicles under the non-
interaction-aware MPC in Case 1

— ) R,
(W Pp—>13mis

—>20m/s
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Fig. 6.6 Traffic scenes at 8 s under the interaction-aware (top) and non-interaction-aware
(bottom) MPCs in Case 1

is shown in Fig. 6.7.

Fig. 6.7 Initial traffic scene of Case 2 used for the proposed MPC structure validation

The simulation results for Case 2 under the interaction-aware control are shown in
Fig. 6.8. Subplot (1) illustrates the motion of each vehicle at every 3 s, showing that
the EV stays in the middle lane for the first 3 s. During this time, the relative distance
between the EV and its LV, TV1, decreases due to the EV’s higher speed. At around
6 s, the EV switches to the left lane to avoid decelerating in the current lane and causing
traffic congestion. The EV predicts a safe lane change to the left based on the expected
deceleration of TV3 under the interaction-aware control. Subplots (2) and (4) show the

longitudinal velocity and acceleration profiles of TV3, which decelerates when the EV
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enters the left lane at around 4 s, eventually matching the EV’s speed. Meanwhile, TV1

and TV2 drive continuously at a constant speed in their lanes.

[rresssssne EV V1 TV2 = = = - Tv3
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Fig. 6.8 Motion trajectories and velocity/acceleration profiles of vehicles under the
interaction-aware MPC in Case 2

The simulation results for Case 2 under the non-interaction-aware control are shown
in Fig. 6.9. Subplot (1) presents the position of all vehicles at each 3 s. Combined with
vehicles’ longitudinal velocity and acceleration profiles in subplots (2) and (4), it is shown
that all TVs maintain their initial speed in their respective lanes throughout the simulation.
Additionally, the EV begins to slow down with an acceleration above —1 m/s? at 2 s. In
contrast to EV’s lane change decision under the interaction-aware control, the EV decides
to keep the lane and brake. Lane changes are infeasible since TV2 and TV3 are predicted
to drive at a constant velocity if the EV moves into their lane. As a result, the EV must
stay in its lane and brake to ensure safety. After around 10 s, its speed equals TV 1’s. Two
traffic scene screenshots from the IPG CarMaker at 12 s under the interaction-aware and
non-interaction-aware MPCs are shown in Fig. 6.10. Compared to the EV’s performance
under the interaction-aware control, the inability to predict the TVs’ potential reactions
under the non-interaction-aware control leads the EV to behave more conservatively by

braking, potentially worsening the overall traffic situation.

6.4.2.3 Case 3: TV1 changes lanes to the front of the EV

.
Vehicles’ initial motion states in this case are: zEY) = [299 18 0 —12.13 0 O] ,

.
[265 95 0 —4.63 0 0} . and

-
(VD = —838 0 0

355 13 0

, L
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Fig. 6.9 Motion trajectories and velocity/acceleration profiles of vehicles under the non-
interaction-aware MPC in Case 2
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Fig. 6.10 Traffic scenes at 12 s under the interaction-aware (top) and non-interaction-
aware (bottom) MPCs in Case 2

.
(T3 = [210 28 0 —838 0 0| , respectively. As TV1 drives much slower in

front of TV3, and considering the left lane is blocked by TV2 with a higher velocity, TV1
is set to start to switch to the right lane at 7 s, and complete the lane change within the
next 4 s. The initial traffic scene of Case 3 is shown in Fig. 6.11.

L1 D—>25m/s

e — EV
—>18m/s

Fig. 6.11 Initial traffic scene of Case 3 used for the proposed MPC structure validation

The simulation results for Case 3 under the designed interaction-aware controller are
shown in Figs. 6.12 and 6.13. Subplot (1) of Fig. 6.12 shows the trajectories of all vehicles
at each 5 s. Detailed position information is provided in Fig. 6.13, including the enlarged
view of the EV and TV1’s longitudinal position profile from 8 s to 14 s. Subplot (2) of
Fig. 6.12 displays the longitudinal velocity profile of vehicles. TV3 decelerates from 3 s
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to 9 s before TV1 moves to the new lane. Afterward, it accelerates back to the initial
velocity and drives in the middle lane. After interacting with the surrounding vehicles,
the EV begins to slow down at 5 s as it anticipates that the TV1 will move in front of
it in a few time steps. When TV1 indeed moves to its front at around 9 s, in response,
the EV is constantly braking with the maximum deceleration of —1.8 m/s* until 12 s,
its velocity eventually converges to the velocity of TV1. Fig. 6.14 illustrates the traffic
prediction result at 6 s, where four scenarios are predicted. These scenarios include the
EV performing lane-keeping, left lane change, and right lane change maneuvers, leading

to the design of three corresponding MPC control modes.
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Fig. 6.12 Motion trajectories and velocity/acceleration profiles of vehicles under the
interaction-aware MPC in Case 3

The simulation results for Case 3 under the non-interaction-aware control are pre-
sented in Fig. 6.15. Similar to the simulation results in the interaction-aware control
pattern, before TV1 moves to the right lane, TV3 is continuously slowing down from 3 s
to 9 s. Then, TV3 increases the speed to the initial value. For the EV, it decelerates at 9 s
with the deceleration maximum of —2.9 m/s?* when TV1 drives in front of it. Compared
to the reaction under the interaction-aware control, the EV brakes later and more sharply
as TV1 is not predicted to do the lane change by the EV before it does happen. Then,
the EV converges to the velocity of TV1. Two traffic scene screenshots from the IPG

CarMaker at 9 s under the interaction-aware and non-interaction-aware MPCs are shown
in Fig. 6.16.
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Fig. 6.13 Longitudinal and lateral position profiles of vehicles under the interaction-aware
MPC in Case 3
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Fig. 6.14 Traffic prediction at 6 s in Case 3

6.4.3 Monte Carlo simulation

To rigorously validate the proposed control structure, Monte Carlo simulations are con-
ducted by varying the TVs’ initial conditions and driving styles. Specifically, we use Case
2 from Section 6.4.2 as the base scenario, and vary the initial condition of TVs accord-

ing to Normal distributions. For example, in the base scenario, TV 1’s initial longitudinal

(TV1) (TV1)
p lon,base Ulon,base

the initial longitudinal position and velocity of TV1 follow Normal distributions centered

=
position and velocity are given by . In the Monte Carlo simulations,
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Fig. 6.15 Motion trajectories and velocity/acceleration profiles of vehicles under the non-
interaction-aware MPC in Case 3
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Fig. 6.16 Traffic scenes at 9 s under the interaction-aware (top) and non-interaction-aware
(bottom) MPCs in Case 3

around these base values, as follows:

Plono’ ~ N Pion pase: 20),

Viono ~ N (Vian pase: 5)-
Similarly, the other TVs’ initial longitudinal position and velocity in the Monte Carlo
simulations are varied based on the base scenario, with a position variance of 20 m, and
a velocity variance of 5 m/s. To ensure realistic and diverse behavior of the TVs, key
HDM parameters are adjusted to reflect different driving styles. In particular, three dif-
ferent driving styles, are considered for TV1 and TV3: defensive (D), normal (N), and
aggressive (A), achieved by varying the key parameters in the HDM [181]. The driving
style of TV2 is set to normal and remains unchanged due to its limited influence on the
decision-making of the EV. The specific parameter set used in the driving style configura-
tion is provided in B. For the Monte Carlo simulations, we first run 120 simulations with
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different initial conditions for TVs based on a specific set of TVs’ driving styles. Then,
we change TV1 and TV3 driving styles from defensive to aggressive, considering 120
different initial conditions of the TVs. Thus, in total, we run 1080(120 x 9) Monte Carlo
simulations using both the proposed interaction-aware controller and the non-interaction-
aware controller. The simulation time for each case is 15 s.

Considering the different driving styles of TV1 and TV3 (collectively and sequentially
listed in square brackets), the simulation results are analyzed using evaluation metrics, in-
cluding the number of feasible simulations (denoted as ’feasible’), EV lane-change sim-
ulations (denoted as ’lane-change’), and EV lane-keeping simulations (denoted as ’lane-
keeping’), along with the corresponding percentages over the entire set of 120 simula-
tions.

Table 6.2 Monte Carlo results: interaction-aware vs non-interaction-aware controllers
with different TV driving styles

] H feasible H lane-change H lane-keeping ‘
interaction-aware [DD] 120 (100%) 91 (75.8%) 29 (24.2%)
non-interaction-aware [DD] 104 (86.7%) 1 (0.8%) 103 (85.8%)
interaction-aware [DN] 120 (100%) 89 (74.8%) 31 (25.2%)
non-interaction-aware [DN] 103 (85.8%) 1 (0.8%) 102 (85%)
interaction-aware [DA] 120 (100%) 92 (76.7%) 28 (23.3%)
non-interaction-aware [DA] 103 (85.8%) 1 (0.8%) 102 (85%)
interaction-aware [ND] 120 (100%) 91 (75.8%) 29 (24.2%)
non-interaction-aware [ND] 103 (85.8%) 1 (0.8%) 102 (85%)
interaction-aware [NN] 120 (100%) 90 (75%) 30 (25%)
non-interaction-aware [NN] 103 (85.8%) 1 (0.8%) 102 (85%)
interaction-aware [NA] 120 (100%) 91 (75.8%) 29 (24.2%)
non-interaction-aware [NA] 103 (85.8%) 1 (0.8%) 102 (85%)
interaction-aware [AD] 120 (100%) 91 (75.8%) 29 (24.2%)
non-interaction-aware [AD] 104 (86.7%) 1 (0.8%) 103 (85.8%)
interaction-aware [AN] 120 (100%) 92 (76.7%) 28 (23.3%)
non-interaction-aware [AN] 104 (86.7%) 1(0.8%) 103 (85.8%)
interaction-aware [AA] 120 (100%) 90 (75%) 30 (25%)
non-interaction-aware [AA] 103 (85.8%) 1 (0.8%) 102 (85%)

Table 6.2 presents the Monte Carlo simulation results under different driving styles of
the TVs. As an example, we consider the results where both TV1 and TV3 follow the
driving style [NN]. In this scenario, the interaction-aware controller results in all simula-
tions being feasible, whereas the non-interaction-aware controller results in 103 feasible
simulations (85.8%). In the remaining infeasible cases, the EV executes lane changes
under the interaction-aware controller, indicating that it anticipates potential infeasibility
and proactively avoids it through lane changes. Moreover, the EV changes lanes more of-

ten under the interaction-aware controller, with 90 out of 120 (75%) simulations involving
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lane changes, compared to only one lane change observed with the non-interaction-aware
controller. These results suggest that the interaction-aware controller enables a more effi-
cient traffic flow, while the non-interaction-aware controller behaves more conservatively,
leading to higher infeasibility. Furthermore, under the non-interaction-aware controller,
the EV mainly maintains the lane, with 102 out of 120 (85%) simulations, whereas the
interaction-aware controller demonstrates a more adaptive balance between lane-change
and lane-keeping behaviors. The results also indicate that the proposed interaction-aware
controller remains robust across different driving styles. Variations in the behavior of
surrounding vehicles do not significantly impact its performance. This adaptability fur-
ther demonstrates the controller’s capability to ensure safe and efficient autonomous driv-
ing in diverse traffic environments. However, it is worth noting that the EV’s decision-
making differs depending on the TVs’ driving styles, even though the overall statisti-

cal results across different styles appear similar. For example, given the initial condi-
=
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when both TV1 and TV3 follow the normal driving style [NN], the EV performs a left
lane change at 7 s and drives in front of TV3 under the interaction-aware controller. In
contrast, when both TV1 and TV3 adopt a defensive style [DD], the EV instead switches

to the right lane and drives in front of TV2 at 8 s under the interaction-aware controller.

6.5 Summary

This chapter presents a fully interaction-aware control framework for safe and efficient
EV control in uncertain traffic environments. The longitudinal states of both the EV and
TVs are treated as MPC decision variables while accounting for their interactions. The
MOBIL model is used to describe the lateral interactions between vehicles. The lateral
decision uncertainties of vehicles are modeled using distinct traffic predictions, which
are categorized based on the EV’s potential lateral decisions. These lateral decisions
correspond to different MPC control modes. In each control mode, and for each traffic
prediction branch, the associated longitudinal states and inputs of the EV are computed,
with the first control input being identical across all branches. Among all control modes,
the one with the minimum cost is selected for execution. The proposed control approach
is validated across three traffic scenarios and through a Monte Carlo simulation study.
Simulation results demonstrate that the EV consistently perform safe maneuvers under
the proposed control regime. Compared with a non-interaction-aware controller, the EV

also behaves less conservatively through possible lane changes.
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CHAPTER 7

Findings, conclusions, and future work

The thesis is motivated by the challenges associated with safely and efficiently control-
ling EVs in uncertain highway environments. The primary objectives are to design MPC
control structures capable of capturing uncertainties in vehicle motion behaviors and in-
teractions, to determine appropriate motion strategies for EVs, and to formulate compu-
tationally efficient optimization problems. A series of research questions are formulated
based on these objectives in Section 1.4 and are addressed throughout Chapters 3—6. This

chapter systematically summarizes the corresponding findings.

7.1 Findings and conclusions

Control methodology and algorithm derivation

MPC is an effective approach for handling uncertainties in traffic environments and sup-
porting decision-making for EVs. This research addresses the question of How can a
control framework be developed to enable the implementation of both planning and con-
trol for the EV by proposing a unified MPC formulation in which reference generation and
control optimization are performed simultaneously. By tracking a specific velocity (e.g.,
the current velocity or a designated high-speed value) within the MPC framework, the pro-
posed approaches eliminate the need for a separate high-level motion planner, leading to a
compact control structure and avoiding delays associated with multi-layer planning. Both
the MPC with interaction-aware predictions and the fully interaction-aware MPC
frameworks adopt this unified design principle, demonstrating that planning and control
can be effectively integrated within an MPC-based structure without relying on external
planners. However, generating reference trajectories by simply tracking the current ve-
locity may sacrifice maneuvering flexibility, since accelerating back to the original or a
higher velocity may become infeasible once the EV decelerates. This limitation moti-
vates the need for more advanced reference generation strategies that preserve feasibility
while retaining sufficient maneuvering flexibility. Additionally, the SCMPC and CMPC
approaches retain an explicit separation between traffic prediction and EV control.
Accurate future information about TVs is essential for the EV to react safely under the

MPC framework, making interaction modeling a central research challenge. To address
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the question of How can interactions between the EV and TVs be modeled and predicted
under the proposed control framework, different approaches are employed in the two cate-
gories of frameworks. In the SCMPC and CMPC frameworks, interactions are captured
through interaction-aware traffic prediction that explicitly represents multiple plausible
interaction patterns, together with an additional uncertainty adjustment module to ensure
collision-free predictions. This design allows the controller to account for uncertainties
in surrounding vehicle behavior while maintaining a simple and computationally efficient
interaction modeling structure. The fully interaction-aware MPC framework captures
mode-conditioned interactions through the optimization process, using the predicted lat-
eral configurations of vehicles to determine their coupled longitudinal behavior. This
leads to a tighter integration of interaction modeling and control. However, its reliance
on lane-change interaction models may limit fidelity in highly complex traffic scenarios
or unstructured environment.

With the predicted information of TVs considering their interactions, solving the cor-
responding optimization problems addresses the questions of How can decision-making
be realized for the EV under the proposed control framework. Specifically, multiple con-
trol modes are designed to represent the EV’s possible lateral motion behaviors, such
as lane-keeping and lane-changing. The decision-making module operates by evaluat-
ing the cost associated with each control mode and selecting the control actions from
the least costly one. This decision-making principle simplifies the controller design by
evaluating distinct control modes instead of solving a single optimization problem that
incorporates lateral uncertainty, thereby facilitating more tractable and efficient lateral
decision-making. Moreover, in both the SCMPC and CMPC frameworks, the gener-
ated scenarios are treated without explicit probability weighting across different control
modes, rather than being treated probabilistically in a mode-dependent manner. As a
result, the available probability information is not fully exploited, which may lead to con-
servative behavior compared to stochastic control approaches that explicitly incorporate
scenario probabilities, or methods that condition predictions on the selected control mode.
In contrast, within the proposed fully interaction-aware MPC framework, the predicted
scenarios are distributed across different control modes based on vehicle interactions,
allowing for decision-making that is conditioned on inter-vehicle interactions. Addition-
ally, both the MPC with interaction-aware predictions and the fully interaction-aware
MPC approaches are scalable with respect to the number of TVs, with a manageable in-
crease in computational cost. In the SCMPC and CMPC frameworks, the computational
burden increases due to the longer execution time required for vehicle state prediction as
the number of TVs grows. In the fully interaction-aware MPC framework, the number
of decision variables increases with the number of TVs, leading to higher computational
demand. However, since the optimization problem remains linear, the resulting computa-

tional cost remains tractable.
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Recursive feasibility guarantee of optimization problems

Guaranteeing the recursive feasibility of optimization problems under the MPC frame-
work is a strict but essential requirement for ensuring the safety of the EV, particularly in
some safety-critical scenarios. In the thesis, except for the fully interaction-aware MPC
framework, both the SCMPC and CMPC frameworks incorporate safety guarantees by
involving a “worst-case” scenario and introducing appropriate terminal conditions. This
design methodology directly addresses the research question of How can the feasibility of
the associated optimization problem be guaranteed. In the SCMPC control framework,
safety is ensured by requiring the first-step control action computed from the nominal
scenarios to be identical to that lower-bounded by the “worst-case” scenario. While this
strategy guarantees safety, it may introduce conservatism compared to approaches that
do not explicitly account for such scenario. In contrast, the CMPC framework does not
require both first-step control actions to be identical. Instead, safety is enforced through
terminal constraints that guarantee convergence to a safe set even under the “worst-case”
scenario, thereby relaxing the requirement on the applied first-step input. The termi-
nal conditions employed in recursively feasibility frameworks rely on the assumption of
bounded and negligible system modeling errors, which must be carefully considered in

practical implementations.

Controller performance for autonomous highway driving

The three proposed frameworks address different trade-offs among interaction modeling
fidelity, safety guarantees, and computational complexity, and are therefore suitable for
different application scenarios. Evaluation results across a range of representative traffic
scenarios demonstrate that the proposed SCMPC framework enables the EV to perform
safe and efficient maneuvers in complex traffic environments, while the CMPC frame-
work is validated for its ability to safely control the EV. Compared to the SCMPC ap-
proach, the EV behaves less conservatively under the CMPC approach, primarily due to
the larger terminal state set and the greater flexibility in control decisions. Accordingly,
the SCMPC framework is particularly appropriate for safety-critical situations where
conservative behavior is acceptable and recursive feasibility guarantees are required. The
CMPC framework is preferable when reduced conservatism and improved driving ef-
ficiency are desired while still maintaining formal safety guarantees, making it suitable
for more dynamic highway scenarios. For the proposed fully interaction-aware MPC
framework, simulation results demonstrate that the EV consistently performs safe actions
with high computational efficiency, and behaves less conservatively through possible lane
changes compared to a non-interaction-aware controller. This framework is most advan-
tageous in structured highway environments where interaction patterns can be reasonably

approximated, offering the highest level of integration between planning and control with
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favorable computational properties. Overall, these findings answer the research ques-
tion of What are the key performance characteristics of the proposed control approaches.
Moreover, all frameworks rely on standard onboard sensing and perception data, includ-
ing positions, velocities, and lane-level information of surrounding vehicles. Such data
can be obtained from automotive sensors such as Radar, LIDAR, and cameras in real im-
plementation, or from high-fidelity simulation and traffic datasets for development and

validation purposes.

7.2 Future work

Based on our investigation and exploration of traffic prediction and EV control on high-
ways, with a focus on vehicle interactions, we recommend several directions for future
research in this section.

The first suggestion for future research is to extend the application of the developed
control frameworks to more complex traffic environments, such as urban areas, dense
traffic conditions, and lane-merging scenarios. Applying the proposed control strategies
in these settings presents promising research opportunities. Modeling interaction in such
environments is more challenging due to the increased number and diversity of traffic
agents, including pedestrians, various types of vehicles, and traffic signals. Future re-
search should explore more sophisticated interaction-aware models capable of handling
these diverse agents and their interactions. Interaction-aware models often incorporate
personalization parameters to represent individual driving styles. A promising direction
is the use of learning-based techniques to estimate or identify such parameters from col-
lected vehicle data, allowing for more personalized and accurate motion prediction. An-
other important research direction is the integration of traffic prediction and control frame-
works. As proposed in this thesis, integrating TVs’ motion states in the MPC framework
enables simultaneous decision-making for both the EV and TVs through solving opti-
mization problems, and the interactions between vehicles are dynamically determined
accordingly. In this context, modeling interactions efficiently when accounting for both
longitudinal and lateral uncertainties within an MPC structure is critical and presents an
interesting research direction.

A second suggestion is to establish systematic evaluation metrics for assessing the
performance of the proposed controllers. Although a variety of MPC-based control ap-
proaches have been developed, most are evaluated using Monte Carlo simulations, real-
world traffic data, or standard traffic simulation platforms. Generalized evaluation stan-
dards for benchmarking and comparing the developed control algorithms are still lacking.
Developing such performance metrics is challenging due to the difficulty of standard-
izing and quantifying driving objectives across various traffic scenarios. Investigating

and defining evaluation standards across different traffic contexts represents a valuable
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research direction for objectively comparing controller performance.

The third suggestion is to develop safety-guaranteed control actions for safety-critical
scenarios. A “worst-case” scenario is incorporated in the developed SCMPC and CMPC
frameworks to ensure the safety of the EV. However, this design approach may lead to
conservative control actions. Since different predicted scenarios can be represented with
probabilities, an important research direction is to incorporate prediction probability into
the MPC formulation, while still guaranteeing the recursive feasibility of the optimization
problem. Addressing this challenge could enable the design of robust yet less conservative
control strategies.

Last but not least, it is important to evaluate the robustness and effectiveness of the
proposed controllers in more practical situations where noise and delays are present in
the control loop. In this thesis, we use IPG CarMaker as the simulation environment to
test the proposed controllers. However, in this setting, the vehicle dynamics of the TVs
are simplified, and motion prediction errors due to modeling inaccuracies are negligible.
In real-world applications, data from on-board sensors are subject to noise, and delays
are present in vehicle dynamics. Therefore, evaluating the performance of the proposed
controllers under these conditions within the MPC frameworks is of particular interest for
assessing their robustness and practical effectiveness. Such issues may compromise both
the accuracy of traffic prediction and the performance of the controller. Consequently,
improving control strategies to better handle inaccuracies and delays in the control loop

is a worthwhile direction for future research.
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Appendix A

Probability Distribution Comparison of Two IMM-KFs

For completeness, this appendix provides probability distribution comparisons of the two
IMM-KF-based algorithms across the remaining eight traffic scenarios not included in
the main text (Section 3.4). These cases exhibit similar interaction patterns and confirm
that the improved IMM-KF-based algorithm predicts motion mode changes earlier, more

stably, and with higher accuracy by adaptively updating the transition probability matrix.

— VTanel

VTdane2 —— VTlane3 —— DKdanel —— DKlane2 ~—— DK-ane3

— VTfanel

Vldane2 —— VIlane3 —— DKlanel ~—— DKlane2 —— DKdane3

IMM (TV1: 440m, EV: 28m/s)

IMM (TV1: 440m, EV: 32m/s)

X

Improved IMM Improved IMM
10 - 10 -
08 o8
Zos 2os
Zos Zoa
02 02 H
0.0 - 00 +
H 5 P % E 3 o E3 %
et tme )
— VPnel —— VTlone? —— Viones — DKimel — DKlone2 — Dkiane3 — Vlonel —— VTlone? — Vrione3 — Dinel — DKlone2 — Dine3
10 IMM (TV1: 445m, EV: 35m/s) 10 IMM (TV1: 445m, EV: 32m/s)
08 o8
Zos Zos
fos 2o
02 02
00 00
Improved IMM Improved IMM
10 ~ 10 -
08 o8
Zos Zos
fos Zos
02 | 0z
0.0 - 0.0
7 W 5 > £ E 3 o s ) % %

Fig. A.1 Probability distribution comparison of two IMM-KFs across Scenarios 2—5
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Appendix B

Parameter Setting Used in IPG CarMaker

The following parameter settings are used in the HDM of IPG CarMaker to configure
different driving styles of the TVs [181].

Table B.1 Parameter setting in HDM for different driving styles

Driving Style Defensive (D) Normal (N) Aggressive (A)
Estimation Ability 0.4 0.5 0.6
| Safety Need | 0.8 | 0.5 | 0.2 |
‘ Acceleration Behavior H 0.2 H 0.5 H 0.8 ‘
] Speed Limit Compliance H 0.7 H 0.5 H 0.3 ‘
| Foresighted Driving || 0.7 | 0.5 | 0.3 |
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