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(")sszefoglalo'

Az autoném jarmiivek koziton vald bevezetésének célkitiizése az utébbi idében sok fe-
jlesztés mozgatérugdjava valt. Szinte minden, az autdiparban jelen 1évé multinaciondlis
cég rendelkezik olyan részleggel, ahol az autoném technoldgiaval kapcsolatban végeznek ku-
tatasokat. A teljes problématér igen komplex, ugyanis szamos feladatot kell megoldani a cél
eléréséhez. Elso lépésben meg kell tervezni egy globalis utvonalat, azaz, hogy milyen utakon
keresztiil szeretnénk eljutni a kiinduldsi pontbdl a célpontba. Ezt kovetoen meg kell ter-
vezni azt, hogy mi lesz az a tényleges palya, amelyen a jarmi végighalad. Ehhez figyelembe
kell venni a kornyezetet, a kozlekedés tobbi résztvevojét, valamint az esetleges felmeriilo
akadalyokat és az it mindségét. Lehetdség szerint kommunikélni kell a kornyezettel és a tobbi
kozlekedovel is. A kornyezet ismerete mellett pontos informéacidékkal kell rendelkezniink a
jarmi belsé dllapotvaltozdirdl is. A meghatarozott palyéat a jarmiikonfiguracié (aktudtorok,
szenzorok) altal definidlt adottsdgok ismeretében kell minél nagyobb stabilitdssal és biz-
tonsaggal lekovetni. FEzen feladatok mellett szamos olyan problémakér van az autoném
jarmivek vilagaban, melyek nem kifejezetten mérncki feladatokat fednek le. Ezek kozé tar-
tozik példaul a jogi kérdések tisztazasa, valamint a kozuti szabalyzatok feliilvizsgélata.

Jelen disszertacio kifejezetten a jarmuiranyitasi feladatokra fokuszal. Ezen feladatrészben
a kovetendd6 palya adott, valamint rendelkezésiinkre all a szenzorokbdl és az allapotbecslobol
szarmazdé informacio a jarmu allapotairdl. A tavlati cél egy olyan rendszert alkotni, mely akar
egy autdversenyzo képességeit is képes tulhaladni, ezaltal biztositva azt, hogy barmilyen szi-
tuacioban képes legyen a lehet6 legjobbat nytijtani a jarmi adta keretek figyelembevételével.
Ezen megkozelités segitségével az utak biztonsdga nagymértékben novelhet6.

A palyakovetési problémara szamos megoldas adott. A szamitasi kapacitasok boviilésének
koszonhetden elétérbe keriiltek az olyan modell-alaptd megoldasok, melyek optimalizalasi fela-
datként kezelik az iranyitasi feladatot. Jelen megkozelités konvex optimalizalas médszerével,
prediktiv alapon keresi a feladat megoldasat. A konvex feladatok jellemzoje, hogy ezek a
legkomplexebb olyan feladatok, melyek véges idoben egyértelmiien megoldhatdak. A fela-
dat megfogalmazasakor tobb kiilonbo6zo cél is felmeriil, igy egy tobbcéli optimalizalési fe-

ladatrol beszéliink. Az egyik legelterjedtebb megoldés a modell-prediktiv kontroller (MPC)



a skalarizacié modszerével oldja meg a tobbcélusdg kérdését. Ezen prediktiv kontrollerek
gyengeségei két O csoportba oszthatdak. Egyrészt a skaldrizacié sulyozéparamétereket vezet
be a rendszerbe, ami azt eredményezi, hogy egy intuitiv hangolasi folyamat alapvetéen be-
folyasolja a rendszer teljesitményét. Masrészt mivel a kontroller modell alapt, érzékeny a
modell pontatlansagra, valamint az egyéb kiilsé zavarasokra. Jelen disszertacié ezen két 6
problémakorre keres megoldasi lehetoségeket.

A dolgozatban a kovetkezokben Osszefoglalt 1j tudomanyos eredmények keriilnek részle-
tezésre. Az elsO tézisben egy olyan kaszkad struktiura kertil bemutatasra, amely a hagyo-
méanyos MPC megkozelitést egy belsé modell alapi struktiraval (IMC) egésziti ki, mely
igy robusztussa vélik az additiv és multiplikativ zajokkal (modell paraméterek bizonyta-
lansédga, valtozd kornyezeti paraméterek, vératlan, nem mérheté zavarasok) szemben. Emel-
lett a hagyomanyos MPC optimalizacios feladata keriil atalakitasra gy, hogy a hangolopa-
raméterek kikeriiljenek a célfliggvénybol ezaltal eredményezve egy olyan koltségfiiggvényt,
amely fizikai jelentéstartalommal bir. A masodik tézis kiegésziti az elsd tézis strukturajat
ugy, hogy az a palyatervezés és kovetés feladatat integralva oldja meg azzal a modositassal,
hogy a palya cs6 formajaban, a hatarvonalai altal definidlva van megadva. Ez a pélyaleiras
lehet&séget biztosit arra, hogy a jarmi maximalizalja a tartalékait. A feladat megoldasara
szolgal6 szekvencidlis optimalizalasi algoritmus is bemutatdasra keriil a masodik tézisben. A
harmadik tézis a kaszkad struktira belso korét, az IMC metodust egésziti ki gy, hogy a
lateralis-longitudinalis szabalyozast integraltan valdsitsa meg, egy rendszerben kezelve az
Osszes aktuatort. Ezen alulhatarozott problémat a harmadik tézis szintén optimalizalasi
feladatként hatarozza meg, melynek koltségfiiggvénye fizikai jelentéstartalommal bir. A dol-
gozat soran ismertetett elméleti eredményeken kiviil azok gyakorlati vonatkozasai is bemu-
tatasra keriilnek, ugyanis a megvaldsitott algoritmusok egy valds tesztjarmiiben kertiltek

implementalasra.
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Abstract

The objective of introducing autonomous vehicles on public roads became the motor of lots
of recent developments. Almost all automotive companies have a department working on
research topics connected to autonomous technology. The whole problem space is quite
complex, and several tasks must be solved to reach the goal. The global path should be
constructed as the first step, interpreting a track on the map to reach a target from an
initial point. After that, the real trajectory should be planned for the vehicle to follow. The
trajectory, the local environment, the other transportation participants, the road quality,
and the possible obstacles should be considered. If it is possible, the vehicle should com-
municate with the other participants. Besides knowing the environment, there should be
available accurate information on the inner states of the vehicle. The vehicle should track
the defined path with the highest possible vehicle stability and safety using the available
vehicle configuration (actuators and sensors). There are several other problem areas around
autonomous vehicles that are non-engineering tasks besides these. These are, for example,
the legal issues and the supervision of the public road rules.

The thesis focuses on vehicle control problems. In this subtask, the reference path is
given, and the information about the vehicle states is provided based on the data from
the sensors and the state estimators. The long-term goal is to create a system that can
exceed the abilities of a racecar driver, ensuring that the vehicle performs the best under
all circumstances considering its limitations. With this approach, safety on roads can be
increased intensively.

Currently, there are several existing solutions for the path-following problem. Thanks to
the increased computational capacities, model-based computation-intensive solutions that
handle the task as an optimization problem came into view. The presented approach deals
with the problem using convex optimization based on prediction. Convex problems are the
most complex problems that can be solved in a finite time while giving unique solutions.
During the problem formulation, several different objectives can occur. Therefore this is a
multi-objective optimization problem. The most widespread solution, the Model Predictive

Control (MPC), solves the multi-objective problem using the scalarization method. The
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present work focuses on answering two critical problems of the MPC controllers. On the
one hand, scalarization introduces tuning parameters and weights into the system, resulting
in an intuitive tuning process that fundamentally affects the performance of the system.
On the other hand, since the controller is model-based, it is sensitive to uncertainties and
disturbances.

In this thesis documentation, the following novel scientific contributions are detailed. In
the first thesis, a novel cascade controller structure is presented, which integrates the clas-
sical MPC structure with the internal model control (IMC) method, which becomes robust
against additive and multiplicative disturbances (model parameter uncertainty, changing
environmental parameters, and unexpected disturbances). Besides the structure, the opti-
mization approach of the MPC structure is reformulated, eliminating the tuning parameters
from the cost function, resulting in a goal that has physical meaning.

The second thesis expands the cascade structure of the first thesis by integrating the local
path planning and tracking problems by handling the path as a tube defined by its borders.
The tube-based path description allows the vehicle to perform reserve maximization during
maneuvers. A sequential optimization algorithm is presented in the second thesis, solving
the integrated problem.

The third thesis updates the inner loop of the cascade structure, the IMC method. It
presents an integrated lateral-longitudinal control algorithm, dealing with all the actuators
in one hand. This underdetermined problem is handled as an optimization problem, intro-
ducing cost functions with physical meaning. The presented theoretical results are supported
by practical solutions since the created algorithms were implemented and tested in an ex-

perimental vehicle.
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Chapter 1

Introduction

The main aim of developing autonomous vehicles is to increase road safety by replacing
human drivers with machines. With the widespread of electric vehicles, there are further
possibilities for increasing safety. One global system can be placed over all actuators, han-
dling each actuator individually to gain a synchronized operation. This way, all steering
assistance system functionalities (ABS, ESP, etc.) can be integrated into one system. The
primary approach is to maximize the reserves of the vehicle, turning it more resistant to
disturbances and sudden changes. According to safety and vehicle stability, there are sev-
eral critical points concerning these systems. One of the most critical points is handling
extreme operating conditions (e.g., high dynamic maneuvers, changing friction, and external
disturbances) and providing consistent responses to di erent, unplanned situations.

During our work, we have engaged in ongoing research activities at ThyssenKrupp Com-
ponents Technology Hungary Ltd. The company is one of the most important suppliers
for big car manufacturers. Here, in the competence center of Hungary, the core business is
developing Electrical Power Assisted Steering [Bar+20]. Four years ago, the vehicle motion
control (VMC) project started focusing on developing autonomous systems. Therefore a
professional team was established, which implemented the software and hardware environ-
ment to support the development process of autonomous vehicles. Also, the implementation
of di erent autonomous solutions started within that project. The presented research has
been made loosely connected to the topics of the project, so we had the possibility to use the
infrastructure of the company (simulation environment, test car, test driver support, and
test track). We want to thank them for the opportunity and the supportive attitude both
in the technical and theoretical elds. Our goal was to extend the directions of the VMC
project, seeking solutions providing diversity.

Mainly, due to the improved computer calculation capacity, there are broader possibili-
ties in the world of autonomous vehicles. However, there are several problems to be solved.



Almost every problem can cover an entire research eld. The eld presented in this thesis
project is a narrow but deep segment dealing with low-level control, path and trajectory
planning, and tracking problems extended with the control allocation problem. The most
e ective vehicle control approach is built on examining the dynamic behavior of autonomous
vehicles [Raj12]. The key points concerning vehicle stability and safety can be determined
by getting to know the system and the ongoing physical processes deep down in the struc-
ture. With these key points, the knowledge of an o cial chau eur or racecar driver can
be formalized and depicted in the system. The main goal, road safety, can be more e ec-
tively reached when the dynamics and the limitations are fully considered in the maneuvers.
Therefore our research focused on understanding the physical behavior and creating struc-
tures and cost functions considering the depth of the system. After building a model, the
model predictive control approach can be used [RL18]. This method is quite widespread
nowadays due to the increase in computational capacity. This thesis creates alternatives for
the model predictive control focusing on its conceptual weaknesses and providing solutions
that can be implemented in real-time environments. Therefore, our approach focuses on
eliminating the tuning parameters and establishing feedback for model uncertainties while
creating a physical phenomenon-based solution in a convex optimization-based predictive
algorithm framework to answer the real-time constraint.

In the following, Chapter 2 collects and structures the related works that functioned as
a starting point for our research. After a brief overview of autonomous vehicles, the control-
related problems are gathered. The control methods and objectives focus on the model
predictive controller (MPC) and the internal model control (IMC) methods. The end of
Chapter 3 contains the vehicle modeling methods with the path description approach used
in the dissertation. Then the simulation and the real-time environments are presented with
the evaluation and testing methodologies. The following three chapters describe a novel
cascade controller structure with updates in both loops. In all chapters, an independently
interpretable part of this system is presented and evaluated. Chapter 4 presents the novel
cascade MPC-IMC structure, detailing its loops and extending it with envelope control.
The outer loop of the cascade structure is extended in Chapter 5, presenting a sequential
optimization algorithm. Then, in Chapter 6, the inner loop update is presented, establishing
a multi-actuator controller, handling the lateral-longitudinal parts integrated. Finally, in
Chapter 7, the Thesis project is concluded, gathering the possibilities for future works, and
the contribution is described in the form of three Theses.



Chapter 2

Related Works

The chapter discusses the related works in the autonomous vehicle control research eld.
First, we give a brief overview of the tasks around autonomous vehicles, and then we address
the detailed topic to deal with. After that, the control problems are detailed with the possible
objectives. At the end of the chapter, the optimization problems and the arising questions
are presented to provide a mathematical background.

2.1 Overview of Autonomous Vehicles

Driver assistance systems and autonomous driving aim to increase safety on roads. Safety is a
complex strategic eld aiming to minimize the occurrence and dire consequences of accidents.
There are passive and active safety systems. Passive safety systems include devices helping
to protect people during a crash (seatbelts, airbags, etc.). Active systems intervene before or
after the accident, assisting the driver. Increasing the safety level of a system requires high
e orts during development (the system should be prepared to handle several rarely occurring
events), manufacturing (redundant and complex systems with strict regulations), and also
operation (software redundancy requires multiple computation capacities).

If human-driven cars are replaced with autonomous vehicles, accidents caused by human
errors can be eliminated [Wan+20]. With autonomous systems, all vehicles on the roads
can have the driving ability of a tireless driving instructor or car racer, who can handle
the vehicle up to its limits [Hin13; Funl5; Sha+20]. When all actuators are coordinated
by one central system, even higher performance can be reached because the human drivers
cannot directly request di erential torque or braking on the wheels. This central system also
includes redundancy: in some cases, when an error appears on the actuators or one actuator



reaches its limits, another actuator can be activated to reach the target. A good example is
presented in [Li+21a] for di erential steering that can be used as a backup when the steering
motor fails.

Autonomous driving is a complex problem, so it can be separated into subproblems,
creating logically independent tasks. The rst is nding the route between the start and
destination, considering di erent targets, e.g., minimal time or consumption [Deb+19]. The
second task is to detect and interpret the environment of the vehicle: localize the vehicle
[YWX21], de ne the road with its borders, and other participants of the transportation to
determine the range of motion of the car, even in urban environments, where sensor fusion
techniques are needed [Li+20a; SS18]. After that, two main steps are followed, separated in
most cases. The rst is the trajectory or motion planning, which is responsible for giving
a path for the centerline of the vehicle that can be followed. The second is the actuator
control, which determines the control signals for the steering wheel, the motors, and the
breaks to follow that centerline.

The safety of autonomous vehicles is handled in two manners. First, safety should be
considered a strategic aspect when creating algorithms and formulations at all system levels.
The path or motion planning part and the lower-level controller system should include safety
aspects during their design. Second, active safety systems such as vehicle stability control
methods are implemented to handle various vehicle operating conditions (load, speed, tire
friction) and disturbances. Here, the main idea is to prevent the vehicle from slipping and
spinning, so concerning vehicle control, this is called vehicle stability.

The system can be even more complex if we consider having more than one (autonomous)
vehicle. In that case, the vehicle-to-vehicle connection, networking problems, communication
issues, and cyber security also have to be handled [NMG21]. Additionally, we cannot ignore
legal issues since this is quite a challenging eld for autonomous vehicles. The question of
responsibility in case of damage has to be managed well, as well as when autonomous and
human-driven vehicles meet [Kan19].

This work focuses on the lower levels of autonomous vehicles: the trajectory planning
and tracking problem. There are numerous questions and problems to solve even in this
subdivision.



2.2 Optimization Problems

In this section, the mathematical background describing the optimization problems, which is
the basis of the presented approach, is given. Additionally, the relation between the control
and optimization problems is detailed.

Mathematical Description

An optimization problem aims to nd the best solution from all feasible solutions. A con-
tinuous optimization problem can be given in the standard form [BVO04]:

mxinf (x)
st: g(x) 0 (i=1;2...m) (2.1)
hi(x)=0; (=1:2..;p);
where:
x 2 R" is the optimization variable vector
f:R"I R is the objective function
g(x) O are the inequality constraints (2.2)
h;(x)=0 are the equality constraints
m O p O

A linear programming (LP) problem is given iff (x); gi(x), and h;(x) are linear. If
the objective function is quadratic, and the constraints are linear, then it is a quadratic
programming (QP) problem. If the optimization task, using the same variable vectorx(2
R") and denoting the Euclidean norm withjjxjj», can be written in the form:

min f Tx
X
st jiAix +hji. c'x+d; (i=1;2..;m) (2.3)
g'x = hy; (G=12..p);

with the parameters ¢;c;g) 2 R";, A2 R" "; b 2 R"; (di;h;) 2 R, then it is a second-
order cone programming (SOCP) problem. It should be noted that an LP can be formulated
as QP, and both LP and a QP can be formulated as SOCP convex problems.

Concerning these tasks, if one or multiple solutions exists within the constraints, the prob-
lem is feasible. There are available calculation-e cient algorithms to solve these problems



nding the local minimum, which is also the global minimum of the problem. If a problem is

not convex, it has multiple local minima, and a global optimizer is needed to solve it. Still,
these algorithms are more complex and computation-intensive, and the nding of the global
minimum is not ensured.

Optimization-based Control

The latest control approaches in the vast majority realize postmodern control methods by
handling the control task as an optimization problem. These methods de ne constraints,
requirements, and a solution in the form of an algorithm. There are challenges in front of
these algorithms since they should solve an inverse-like problem in real-time with a stable
and unique solution. Therefore we have to deal with the problems related to optimization
tasks such as feasibility, convexity, and other criteria determining whether a problem has to
be handled globally with a global solver or more operable local solvers can deal with it. In
our work, we aimed to form convex optimization problems [AGO03]. These problems provide
unique solutions, and some available algorithms and methods can solve these problems in
real-time, tting into the computational capacity provided by autonomous systems.

Feasibility, uniqueness, and real-time solvability are crucial points of control algorithms.
A potential function-based method was introduced in [LT22], but this cannot always ensure
feasibility, so it creates an emergency maneuver controller activated by a trigger, introducing
an intuitive switching method. A yaw-rate-based model predictive method is presented in
the form of a global optimization task [HLK19]. Therefore the online evaluation of the
problem in a real-time environment is questionable since several local solutions should be
handled when solving the global problem. Additionally, the global cost function includes
parameters to be tuned di erently for several scenarios. The methods presented in [ML14]
and [Jal+16] use linearization around the prescribed nominal trajectory to gain a real-time
solvable problem.

2.3 Control-related Problems

The fundamental questions of control theory are determining the requirements for a con-
trolled system and de ning the methods to ful Il them. An optimization problem can be
formulated to solve the control problem if the requirements for the inputs and the outputs
of the system can be given mathematically in the form of cost functions. The tasks having
multiple cost functions are called multi-objective problems. The objective function of such



an optimization problem can be formulated as follows:

gi}pfl(x);fz(x);:::;fk(x); (2.4)
wherex is the state vector,X stands for the set of the feasible solutions, arfg. denotes the
scalar cost function with the subscriptk indicating the number of objectives to be minimized
(k 2).

Having objectives for both the inputs and the outputs results in at least two cost func-
tions, even in a SISO system. However, the complexity of the system increases the number of
objective functions. The real challenge of the problem is that the cost functions are typically
rivals, so it is not obvious to de ne the minimum since small intervention results in a signif-
icant error, and a small error requires signi cant intervention. Several approaches to solving
these problems can determine the Pareto-optimum using a priori (scalarization methods) or
a posteriori (mathematical programming, evolutionary algorithms) solutions [HM12].

Path Planning and Tracking

There are several solutions for path planning and tracking. However, these methods primar-
ily focus strictly on either problem without thinking globally, such as performing maneu-
vers. The motion planning and tracking control techniques are gathered and compared in
[Pad+16], illustrating that there is much research to be done concerning the stability and
complexity of the nonlinear model-based methods to have them used in practice.

Path planning problem has several approaches in the literature. The trajectory planning
task can be solved by the state lattice method [Zha+19] and the Bezier curve-based planning
[Bae+13] using the kinematic model. Both methods can ensure real-time evaluation; how-
ever, the kinematic model-based plan cannot handle dynamic situations. These algorithms
can be run in real-time environments and can handle obstacle avoidance problems [NYT16]
but without considering the dynamic constraints. In a two-level structure, the planning and
tracking are handled separately [Li+14]. The planning part generates cubic polynomial spi-
rals based on a boundary value problem and selects the best path from the candidates based
on a cost function, including intuitive parameters.

Paper [CSAL17] gives a comprehensive list of trajectory tracking controllers that do not use
optimization and have short runtime. However, these methods cannot handle nonlinearities
such as tire saturation or actuator limitations. In [Cha+18], path-tracking controllers are
compared, emphasizing the advantages of preview-based solutions.

The problems of path planning and trajectory tracking have to be brought closer to
each other to react more dynamically to changes (e.g., appearing obstacles) and increase the
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space of future possibilities during maneuvers, improving safety [Guo+14]. The maneuver-
based approach allows the construction of the control signal to minimize the control e ort
and increase robustness to provide acceptable performance even if there are changes in the
parameters of the vehicle or the environment. The path planning and tracking are handled
semi-integrated in a hierarchical structure, where the motion planner is based on a particle
Iter and runs at a low rate [Qui+20]. The planner provides additional information as
covariance matrices to the predictive, self-tuning high-rate controller. A composite scheme
structure consists of three levels [Zho+20]. An arti cial sh swarm algorithm is responsible
for creating the global path concerning smoothness, safety, and control e ort. Then there is a
local planner handling obstacles and other disturbances, and nally, the lowest level handles
the physical constraints. A multi-level optimization task created for the con guration space
can solve the planning and tracking problem integrated [Woo+19; SEC13], and a platform-
independent, service-oriented solution is presented in [Aro+18].

The tube control approach describes the path with its edges, de ning a driving corridor. A
potential eld is generated for the tube concerning the centerline, the position, and the speed
of the obstacles and the vehicle [GEO15]. The lateral control is a proportional-derivative
controller calculated based on the potential eld, and it has an intuitive tuning method for the
controller parameters. Another potential-based method with a prediction-based controller
considers physical limitations and can handle the dynamic vehicle model [Ji+16; TKG11].
The tube-based approach can provide a wieldy framework for the integrated path planning
and tracking problem.

Lateral and Longitudinal Control

In this level, the reference path is given, for example, calculated by a receding horizon control
algorithm [Nil+15]. The trajectory tracking can also be divided into lateral and longitudinal
control parts as it is done in most cases, for example, based on the G-G diagram [NHX17].
However, to get the most out of the vehicle, the interaction between the two parts has to be
considered concerning the dynamics. An integrated lateral and longitudinal controller can
be more e ective in high dynamic situations than combining two separate controllers.

The lateral control methods for autonomous ground vehicles with the modeling consid-
erations are gathered in [Ame+17], including linear and nonlinear approaches. An improved
structure of the state-of-the-art lateral control pure pursuit method can be found in [Joo+21].
This method is good in handling the question of the distance of the look-ahead point, but the
vehicle dynamics and limitations are not considered. A Linear Parameter Varying (LPV)



method is expanded with the H control for handling uncertainties [HCL19], solving the
problem separately. The goal of the controller is determined based on generalized forces
summed up using weighting factors.

A hierarchical controller deals with the lateral and longitudinal control problem by pri-
oritizing lateral control [Xio+21] or using a atness-based linear parameter-varying method
[Soh+17]. The tire force-based approach creates a piecewise control for longitudinal speed
that requires a complex tuning method for smooth transitions.

Multi-actuator Control

In developing autonomous systems, there is a need for a di erent approach to control. Instead
of independent actuators with independent controllers supervised by the driver, the whole
vehicle should be controlled by one central system, the so-called vehicle motion control. In
this case, the required forces and moments are determined that a ect the center of gravity
of the vehicle. In the multi-actuator control problem, the distribution between the wheels
and the road wheel angle should be selected, resulting in the required forces and moments.

Hierarchical structures are preferred in several applications, having the control allocation
problem at the lowest level. A robust tube-based model predictive control (RMPC) creates
the upper level with the nominal system model, extended with its pseudo-inverse control
allocator [Yan+18]. AH1 -based [Jin+15] and a sliding mode control-based [GC20] approach
can handle the four wheels independently actuated vehicles with fault tolerance. A global-
local control structure is presented in [WFH17], performing driving force distribution on
split-friction surfaces.

2.4 Control Methods and Objectives

As the rst step towards autonomy, driver assistance systems (such as ABS, ESP, ESR,
etc.) were developed and are integrated into commercial vehicles to support inexperienced
drivers increasing safety and vehicle stability and addressing di erent challenges. According
to [TTH15; MQW17], PID, output feedback, and LQR control is used for longitudinal and
lateral control to increase the stability of the human-driven vehicle. In [DPH15], a robust
driver assistance control is presented for chassis stability using the linear matrix inequality
(LMI) method with a fuzzy system. The active yaw stability control methods for driving
assistance systems are gathered in [Ari+14; Jin+19; WC18].

Later on, these assistance systems formed the basis of autonomous vehicles. In this



section, the di erent challenges concerning vehicle control are gathered, and the existing
solutions are presented with their advantages and disadvantages.

High Dynamics and Vehicle Stability

The high dynamic situations are the most critical ones concerning autonomous vehicle stabil-
ity and safety. One way to handle high dynamic situations is implementing special controllers
and a switching method to change between the di erent controllers or control rules [AOB20].
Since the high dynamic problems are complex, nonlinear optimization problems arise. These
problems are usually handled by solvers that can only nd local minima.

A constrained model predictive controller (MPC) maximizes the tire stability margin with
yaw moment control [ZGZ21]. However, due to the number of parameters, the robustness of
the MPC is needed to be improved. Yaw rate can also form the basis of a lateral controller
concerning the stability of the motion of the vehicle [Guo+20]. The stability is ensured
by determining a stability region and creating a controller that ensures the system stays
in the envelope. The phase plane evaluation of vehicles is a standard method examining
the stability burden of the systems [Liu+17; Bob+19]. Stability limitations can be handled
di erently, using envelope constraints in the phase plane (sideslip angle - sideslip rate or
sideslip angle - yaw-rate) [Li+20b; Hao+11; Far+13; JS18]. A sliding mode control (SMC)
based approach is presented in [BG13; TTC13], and a yaw moment controller in [NH17],
using the envelope stability approach.

System Nonlinearities

One crucial point of the usability of theoretical controllers is whether they can handle non-
linearities. Using a linear model for the vehicle and the tire in a linear matrix inequalities
(LMI) method [MA18] or a atness-based method [Men+14; BL19] can highly limit the
performance of the controllers. The feedback linearization using LMI [AB12] and the linear
parameter-varying (LPV) method in a polytopic form [Li+21b] can be e ectively used for
handling nonlinearities. However, these methods include complex weighting functions and
scheduled gains.

In [Jia+20], a hybrid Fuzzy-MPC controller is presented, handling the vehicle in the linear
range and under tire saturation. An SMC law is developed in [Ji+21], handling the linear
and nonlinear model mismatch. However, it introduces several tuning parameters to the
system. In [Rig+20], anH; controller is presented, handling the nonlinearities successfully.
Unfortunately, its approach needs a suitable parameter selection for its Ricatti-equation to be
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solvable, and an upper level is needed in the control structure to handle feasibility problems.
An integral backstepping control realizes a feedback control rule for the nonlinear dynamics
[Tan+00], ensuring stability based on the Lyapunov theory. Two parameters are weighting
the lateral position and the orientation errors for the feedback loop that should be tuned
for the controller. Even di erent delays in the system can cause a performance drop in the
system that can be handled using prediction [Jal+17].

Modeling Errors

The modeling is also critical in creating the control structure since uncertainties, inaccuracies,
and limits always appear. Additive and multiplicative uncertainties can cause a problem
concerning the stability of the system. The additive errors are handled using a robust tube-
based control [SBZ22] but using only the linearized model. A sliding mode control-based
approach with an online adjusted control law handles parameter uncertainties, and system
nonlinearities [FIR18]. An indirect gradient descent method handles parameter uncertainties
in [DB21] but increases the system complexity. A linear-quadratic integral and regulator
control is designed in [Oma+18], using particle swarm optimization for parameter setting,
but this structure assumes known road friction parameters. The parameter changes can be
handled with an adaptive MPC [Lin+19b], but the adaptation rule presupposes that speci c
parameters are measured. A linear quadratic Gaussian controller handles the model changes
using an adaptive method [Lee+19].

External Disturbances

Various external disturbances can burden the environment of autonomous cars, so the system
should be well-prepared for disturbance rejection. The main disadvantage of only feedback-
based methods [DOS98] is that noises and disturbances can result in unnecessary control
actions compared to methods that consider future references, so these latter methods are
preferred. A data-driven controller is presented in [For+17; Gal+19] to overcome external
disturbances. However, this approach does not take advantage of the possibilities arising
from the knowledge of the model. In [Yak+16], the external crosswind e ect was handled
successfully using MPC.

Physical Limitations

In general, the physical abilities of the system, such as the limitations of the actuators,
mainly a ect its performance, especially in extreme situations, since these introduce massive
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nonlinearities into the system. In [Wan+17], the upper level of a hierarchical controller con-
siders the physical limitations of the system, using the sliding mode control approach based
on the force-distribution method. A linear matrix inequality (LMI) based fuzzy controller

is created for the lateral control [Ngu+20; Ngu+21], considering the physical limitations
of the vehicle and possible lateral disturbances successfully. A multi-constraint approach
of a nonlinear MPC can handle input saturation, where an autoregressive neural network
supports the yaw stabilization of the controller [Tag19]. The performance of MPC-based
methods is tuned experimentally by weighting matrices based on rules and cost functions
that are created intuitively, merging di erent physical phenomena. A model inversion-based
solution can handle parameter variations also, besides the physical limitations, using the
global optimization method [Vic+21].

2.4.1 Model Predictive Control (MPC) Methods

The MPC is a control technique that is recently become more popular. This method provides
a solution for the multi-objective problems represented by Eq. (2.4). The basis of this method
is a model that describes the controlled system. For vehicles, we have numerous models with
varying complexity (two/four wheels, linear/nonlinear, kinematic/dynamic [Raj12]). Using

a model, we can estimate the future values of the system state variables. In common, the
problem is de ned in discrete time, so the control horizon length numben\)) de nes the
amount of the handled future states, which fundamentally a ects the runtime of an MPC.
The key question is the complexity of the used model since the computing capacity is nite
in real-time environments.

A path following robust tube-based MPC is introduced in [MZP19]. This approach is used
to handle model uncertainties based on a linear model, but it is computation-intensive, and its
weighting matrices were tuned experimentally. A hybrid incremental MPC using a simpli ed
dual neural network for separated longitudinal and lateral control is presented in [Che+21;
Lin+19a; Wan+19]. However, many parameters and weights need to be tuned intuitively
for their proper performance. The envelope-based stability approach can be integrated into
the MPC method [Beall; BG12] using only the linear vehicle model.

The computational burden of MPCs is reduced by introducing a hierarchical solution pro-
cess [KRH20]. The input-output constraints of the system are handled by a learning-based
approach introducing space mapping [AKE22]. It results in a much more computationally
e ective solution than custom MPC, but the learning-based approach introduces intuition
into the design. A cascaded approach handles model complexity by solving the optimization
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problem with di erent models assigned to di erent levels [LG22]. The drawback of this solu-
tion is that it includes several weights, and the feasibility is ensured based on suppositions.

According to the aspects highlighted above, one main aim of our research was to nd
solutions for the most signi cant disadvantages of MPC controllers. These controllers use
linear scalarization to solve the multi-objective problem. They create a quadratic objective
function by summing up each cost function value multiplied by weights. This method can
be given in a general form:

min ! fi(x); (2.5)

where! ' denotes the corresponding weighting parameter for tHe quadratic cost function.
This approach results in the cost function expression mixing several signals, so it does not
carry physical meaning, which is a disadvantage.

2.4.2 Internal Model Control (IMC) Methods

The MPC lives with the supposition that its model perfectly ts reality. Therefore the basic
structure realizes a control method without direct feedback so that static o set can appear
due to model error and output disturbances. There are several solutions to this problem.
One introduces state estimators into the system to re ne and update the model, and the
other creates low-order models from experimental data [Pup+20]. However, these solutions
also use tuning parameters, and their tuning process is not exact and cannot be standardized.

The internal model control scheme is an excellent solution for robustness against the
parameter changes without introducing external parameters. Internal Model Control (IMC)
is a well-known technique for robust control in various control engineering elds [Zhu+95;
Li+19], especially in driver assistance systems performing yaw control [Can+07]. There are
several usages of this method for vehicle control. A direct yaw control and active front
steering with a modi ed internal model control structure can formulate a robust driver
assistance system [Jia+15; Jia+16], which has quite quickly changing control signals that
cause a terrible passenger experience. Also, according to [Can+09], an IMC structure-
based system is presented withi; optimized feedback control that sacri ces performance
to enhance stability.

Considering and re ecting on the drawbacks above, the IMC method can be used to
extend the MPC problem formulation in a cascade structure, as presented in this thesis work.
This way, a preview-based scheme can be created with a reactive part, so the advantages of
both prediction and instant feedback can be used within this structure.
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Chapter 3

Modeling Considerations and
Measurement Environments

In this chapter, the applied models and the environments of the development are detailed.
First, we describe the applied models and then the path description used in the control
problems. After that, the simulation framework and the real-time measurement environment
are introduced. The evaluation methods are detailed at the end of the chapter: the test cases
and the comparison metrics.

3.1 Modeling Considerations

Di erent approaches need di erent models. A model is given by a di erential equation
system, de ning its states, parameters, input and output variables, and its additive and
multiplicative uncertainties and disturbances optionally. The validity range is an essential
characteristic of a model. All models should be as simple as possible, neglecting unnecessary
e ects and, simultaneously, complex enough to handle the modeled phenomenon when using
it. This section details the framework used and the models.

3.1.1 System Frames

The vehicle motion, i.e., the time function of its con guration, can be examined in di erent
frames. The physical behavior of the vehicle can be interpreted only locally in a frame that is
xed to a speci ed point of the chassis. The global view considers the system con guration
related to the world. The path and the inter-vehicle relations are interpreted in the rst
step using this frame. In our work, we consider only planar motion, so it is supposed that
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the vehicle goes on a at road. There are di erent approaches to handling global behavior.
Considering the calculation complexity, each has its advantages and disadvantages when
applied to di erent tasks. This section presents the used frames with their properties.

Cartesian Frame

The cartesian frame is the basic approach to describing system con gurations. Usually,
the states and the con guration descriptors in this frame are determined by sensors and
environment detection subsystems (GPS, IMU, localization) relative to bases de ned in the
global space. Three global variables describe the vehicle con guration in that frame:

x =[p;p; 1% (3.1)

where p, and p, denote thex y position in the global frame, and denotes the orienta-
tion. The con guration description of the vehicle usually refers to three signi cant points:
the center of gravity (COG), the intersection of the front axle and the centerline, and the
intersection of the rear axle and the centerline. In our work, the COG reference is used.

The cartesian frame is also used for the local description of the vehicle to describe the
physical e ects. The frame xed to the COG is used when describing the forces and moments
a ecting the chassis. Also, in the four-wheel model, this frame is the basis for describing
the lateral and longitudinal forces appearing on each tire. This description de nes the
transformation between the frame of the tire and the frame of the vehicle.

Frenet Frame

The Frenet frame realizes a path-based description [DOS98] that uses the following three
variables in describing the con guration of the vehicle:

x =[s;d; o]"; (3.2)

as can be seen in Fig. 3.1. Theres denotes the path distanced is the lateral distance
between the center of gravity and the reference path, and, stands for the relative orienta-
tion. These three variables can be gained by performing a path-relative transformation from
the standard Cartesian coordinate system if the path is a line that is continuous without
loops and its curvature is continuously di erentiable. If the actual position and the reference
path are given in the cartesian frame, as the rst step of the transformation, the closest
point of the reference path is calculated using Euclidean distance. The resulting distance is
denoted byd. Then, the distance taken along the path from the start until the closest point
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Figure 3.1: The unicycle model in the Frenet frame

is nameds. The angle | is de ned as the heading di erence between the vehicle and the
reference trajectory at the closest point. The description in this frame has great advantages
when creating the prediction horizon for the MPC and calculating the constraints for the
path-following task.

3.1.2 Tire Models for Lateral Forces

Dynamic models include the forces a ecting the vehicle, so the lateral characteristics of the
tire forces should be modeled. The tire model is a function that de nes the relation between
the sideslip angle of the tire and the lateral force. The sideslip angle, denoted byde nes
the angle between the plane of the wheel and the velocity vector. Three di erent tire models
were used in this thesis, each with di erent complexity: the linear, the saturated linear, and
the nonlinear with relaxation. The tire models are compared in Fig. 3.2.

The linear tire model uses only the cornering sti nes€;, the steepness as a parameter:

Fyi= FziCatha i= GCi; 1 2ffirg; (3.3)

whereF, denotes the vertical force, is the vehicle-road friction coe cient, g, and by are
parameters de ning the characteristics of the nonlinear model de ned later, anfl refers to
the front and r to the rear tire.

The saturated linear model has one additional parameter: the maximal tire force, which
de nes the breakpoint in the characteristics, giving an approximation for the nonlinear be-
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Figure 3.2: Comparison of the Linear and Nonlinear tire models

havior of the tire. The stars in Fig. 3.2 denote the sliding angle §.un ;s ), the
breakpoint, where the saturated linear tire model reaches the maximal lateral force.

The nonlinear tire model describes the lateral forces with the shape factog;, and
sti ness factor b [Kab+19]:

Fyi = Fzi sin(cg arctan( by 1)); 12ffrg (3.4)

The linear tire model was used for the dynamic model predictive formulation, the saturated
model for the envelope stability control, and the nonlinear model for the inverse calculation
of the IMC loop.

3.1.3 Vehicle Models

Di erent controllers and system descriptions require di erent models. For example, each
level can have the corresponding model in a hierarchical structure. The models can dier
in several aspects: having linearization or including nonlinearity, including dynamics or
only kinematics, handling 3D or planar motions, and having four independent wheels or
two lumped wheels. Therefore, we can implement models describing the states assigned to
con gurations having 1 to 16 degrees of freedom (DoF) in the global frame. In this section,
we detail the models used for this thesis project.
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Unicycle Model

The unicycle model is the simplest vehicle model that considers only the vehicle kinematics
with one or two state variables. The model has two state variables if the longitudinal
velocity alternates beside the orientation and one if it is constant. This model carries the
nonholonomic property of the vehicle by its constraints. It is supposed that the vehicle is on
a at road, and the forces needed for the lateral and longitudinal movements are provided
without limitation, so only the kinematic constraints have to be handled. The equations in
the Cartesian frame describe the planar motion of the vehicle:

Px = Uxcoy( )
Py = uxsin( ) (3.5)
_=r
where is the orientation of the vehicler is the yaw rate, its angular speed around the axis
that is perpendicular to the at road (r = ). The unicycle model in the Cartesian frame
results in a highly nonlinear model. Therefore other considerations should be introduced.
The interpretation of this model in the path-based coordinate system can be seen in Fig.

3.1. The nonholonomic constraints of the vehicle can be examined over the equations of its
movement, written in the previously presented path-based frame:

d= uxsin , (3.6)
where . is the angle of the tangential at the closest point of the path. By introducing an
expression for the curvature ¢):

(3.7)
the problem can be reformulated so that the formulas include yaw-rate besides curvature.

After substitution and rearrangement, a nonlinear di erential equation can be gained for the
state variables [KLT18]:
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coSs p |

27 T dc™
d= uxsin , (3.8)
Cos ,

=r c Uy:
ki 1 dc*
This model represents the lateral and the longitudinal behavior of the vehicle, so for the
given inputs u, and r, the output state variables can be determined.

Linearized Unicycle Model and State Prediction

The structures presented later are prediction-based. For the prediction equations, convex
expressions are needed as the problem is targeted to be solved using convex optimization, so
the nonlinear model should be simpli ed. Concerning this model, the possible simpli cation
results in linear models and state equations providing a quasilinear expression to give the
future state variables. Using the linear equation, we can derive linear constraints and convex
costs for optimization. We aimed to de ne the model in the following quasilinear form:

= f(x;siu)+ g(x): (3.9)

Assumptions have to be introduced for linearization. First, the small angle assumptions
were used: cos, 1 and sin , p- The possible actual curvature value of the path
is a small number. Also, it can be supposed that the path-following controller will result
in a small lateral error, sod is limited, and dds) << 1 can be considered. Using these
simpli cations, and the rst-order Taylor approximation, the expression of , represented
by Eqg. (3.8) can be transformed:

CoS ,
1 dc

For the longitudinal part, approximation s  uy is used, supposing that the vehicle goes

1+ dc: (3.10)

close enough to the centerline with a satisfactory small orientation error. The state equations
can be reordered in a matrix form, resulting in a system that is linear in its state variables
and one of its inputs ¢):

32 3 2 3
S 0 0 4
E d—é = §0 0 ux(s)ég é §O é o 311
0 c(s)’uy(s) O o1 C(S) Ux(S)
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It can be seen that this system is nonlinear concerning the longitudinal velocityy) and
the path distance @), so further considerations will be needed in the speci c tasks.

Using the linearized state model de ned by Eq. (3.11), the future values of the model can
be determined in discrete time, with Euler approximation, if the lengths of the time steps
(Tx) are known in advance together with the longitudinal velocity and the path curvature.
This way, yaw-rate () becomes the only input. For practical reasons detailed later, the
derivative of the yaw rate is de ned and used as input:

r=: (3.12)

With the known longitudinal speed, a linear state matrix equation can be formulated for the
states using new input:

2 3 20 . 0 32 3 23 2 . 3
r r 1

E Oé = §0 0 ux(s)ég dé + §o§ + § 0 é ; (3.13)
- 1 ofs)’ux(s) 0 b 0 c(S)uy(s)

A future horizon can be de ned ins, nameds,,, created fromN steps with equidistant
step size ( s), so the corresponding curvature values can be de ned in a straightforward
way, and the time steps are not equal. From the equidistant step size and the number of
steps, the horizon length can be expressed:

Sw = N s (3.14)

Finally, the yaw-rate, the distance from the centerline, and the relative position are the
state variables that are placed in a state vector:

x =[rd; o (3.15)
The inputs are formulating the input vector for the horizon:
u=1[ 1 2;.. nJ": (3.16)
For the discrete-time description, the following notations are introduced:

(s)= «

(s+ s)= i,

(3.17)

where denotes all the discretized variable ( 2f C;T;u; xQ).
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The state vector of the next horizon step can be determined from the actual values and
the inputs using these notations:

Xk+1 :2Aka + By «+ Ck;SWhere

0 0
Ay = go 1 UX;kaé;
2Tk3 -(ﬁux;szk 1 3 (3.18)
Tk 0
B, =50Z:Cc=§ o0 &:
0 -Ci Ux:k Tk

Therefore,N values of predicted states can be determined using linear matrix equations,
depending only on the yaw-rate input sequence and the initial state values:

y=FXo+Gu +H; (3.19)

where Xq is the initial state determined by measurements, ang denotes the vector of the
predicted state values:

y =[x3ixz5 X T

. (3.20)
=[ry;d; paraidz; p2s-osfnsOas ] e
The linear matrices can be expressed using Eq. (3.18):
2 3
0 0 0
A Bo Bi 0 0
G = zA BO AzBl Bz 0 ;
' Q, Q. |
1AiBo i AiB o AiB, ... B
2 i=N 3 [ N21 21 i=N 17V 3 N 1 (3.21)
Ao Co
A1Ap A1Co+ Cy
F = A2A1A0 ; H = A2A1C0+A2C1+C2
Qo Q
iO=N 1Ai ilzN 1AiC0+...+ Cn

Finally, the model prediction part of the presented controllers can base on these results.
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Figure 3.3: The dynamic bicycle model

Bicycle Model

The nonlinear bicycle model used for our work considers the lateral dynamic behavior of the
vehicle by calculating tire forces, lateral accelerations, and moments. The model is shown in
Fig. 3.3. This model can include linear or nonlinear tire models and can be linearized using
small-angle assumptions.

The dynamic state equations can be gained by writing up lateral forces and moment
balance for the COG. The model description depends on the actual longitudinal speeg )
so longitudinal dynamics are not considered within this framework. Therefore, it assumed
that the longitudinal velocity slowly varies concerning the lateral changes. The di erential
equations of the model de ne the lateral dynamics with the state variables, the yaw-rate)(
and the lateral velocity (uy) [Bob+19]:

_ Fyscos + Fy,

m
aFy; cos bR, (322)

r =
— IZ

wherem is the vehicle mass|, is the yaw moment of inertia, anda and b are the distances
between the COG and the front and rear axles. The road wheel angle isand Fy;; Fy.
are the front and rear lateral forces, respectively. For the calculation of the lateral forces,
the vertical forces a ecting the front and the rear tires have to be calculated:

F.+ = mg
atb (3.23)
For = :
2 = M99 b
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The slip angles are also needed for the calculation of the lateral forces. They can be cal-
culated based on the model presented in Fig. 3.3, using the trigonometrical and geometrical
considerations:

uy + ar
¢ = arctan -
X
u br (3.24)
. = arctan :
Uyx

Therefore, after selecting the desired tire model, the lateral behavior of the vehicle can
be determined using the bicycle model.

Linearized Bicycle Model and State Prediction
Using the small angle assumptions:
cos =1
(3.25)
sin = ;
and considering known longitudinal velocities, Eq. (3.22) and Eq. (3.24) can be linearized.

A linear state equation system can be gained for the dynamic bicycle model using the linear
tire model:

Cf + Cr aCf bCr Cf

u, = u Uy + ————)r + —
e mu, (U mu, ) m (3.26)
aC bG a’Cs + IPC, aC '
r= —/——U r+ :
I Uy I Uy I,

This linearized model also can be placed into the linearized Frenet frame. Using the state
vector:
x =[d; puy; ] (3.27)

and as the input variable, a linear state equation can be gained by describing the dynamic
behavior of the vehicle in the environment of a reference path:

2 3 32 3 2 2
cﬁux K 0 0 -Ck Ux:k
Eu_é = 0 Ci+C, acf bC: cf " : (3.28)
= mu .k mu .k
r 0 aC; bGC aZCf + bZCr aCf

Iz Uxk Iz Ux:k
This representation can be used for linear state prediction resulting in similar equations
as it is given by Eq. (3.19), Eqg. (3.20), and Eq. (3.21). In this case, the only di erence is
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Figure 3.4: The four wheels model

the contents of the input and output vectors used for the prediction equations. Here, the
following vectors are used:

u=_[ 1 25..5 nI"

T

_[XT.XT. X ]T_[d. “u rd “Uveo' [o° d . “u r ]T. (329)
y_ 19 21" N - 1, p;li y;la 1, Y2, p;2a y;2! 23+ UN p;N’ y;Na N .

Four-wheel Model

The four-wheel model also called the two-track dynamic model, should be used when the four
wheels of the vehicle are aimed to be handled independently. This model can deal with the
four independent brake actuators and the di erential drive. Since this model includes four
tires, the vehicle-environment connection becomes more detailed because, for example, the

of each tire can di er. Also, this model is useful when considering high dynamic behavior.
This model can be seen in Fig. 3.4.

For the tire forces calculation, rstly, the lateral and the longitudinal speeds have to be

calculated in local frames [Ame+17]:
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Uyl = (ux IS¢ ) Cos + ( Uy + ra) sin
Ue = (Ux  rsg)sin +(uy + ra)cos

Ugir = (Ux + rsg)cos +(uy + ra)sin

Uy:fr (ux + rsg)sin +(uy + ra)cos

uX;r| = UX rSr (330)
ux;rr = uX + IS r

Uyr = Uy rb;

where is the angle of the front wheelsyy is the lateral speed of the vehicless and sg are
the front and rear wheelbases, and and b are the distance between the center of gravity
(COG) and the front or rear axle, respectively. The rst character of the lower index denotes
the position of the wheel lengthwise (front:f or rear: r) and the second broadwise (lefti
or right: r).

From the local lateral and longitudinal velocities, the tire slip angles can be calculated
for the four wheels:

i = arctan Yy ;i 2fflfrrr g (3.31)

Uy;i
The vertical force is calculated from the physical con guration of the vehicle, a ected by
the forces generated by longitudinal acceleratioru§) [WQD18]:

mb g mh
F.qi = F,¢ = =
z:fl z:fr a+ b2 a+ ng (3 32)
ma mh '
I:z;rl = I:z;rr = g

a+ b2 a+ b

As can be seen from the equations, this model is still considered to be on a at road, and
the suspension system and other parts or states of the vehicle that can a ect asymmetry
in the vertical force are simpli ed in the system. The lateral forces can be calculated using
either the linear or the nonlinear tire model from the sideslips and the sideslip angles.

The dynamic equations can be gained by writing up the force and moment balance for
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the COG of the vehicle [Li+15]:

M = (Fxf €cOS  Fyg Sin Fyn cOos + Fyq sin ) se
+(Fxrr Fxn) SR
+(Fyn sin + Fyg cos + Fype sin + Fyy cos ) a (3.33)
+( Fy;rr I:y;rl )b

Fx = Fur + Fan +(Fxir + Fxni)cos (Fyne + Fyn)sing

where notations were introduced:F, for the cumulated longitudinal force andM for the
cumulated yaw moment a ecting the COG. From these expressions, the dynamic state equa-
tions can be derived:

2 (3.34)
ax = U = Uyl + —:

As can be seen, the four-wheel model is a highly nonlinear formulation. Classical lin-
earization methods cannot provide satisfactory solutions for state prediction in a linear form.
Therefore, this model can be used only in the inner loop of the cascade structure, realiz-
ing the IMC formulation. The parameter values of the vehicle used in the simulation and
experiments to describe the vehicle with the presented models can be found in Table 3.1.
These parameters were identi ed and determined during previous activities by the System
and Vehicle Dynamics department of ThyssenKrupp.

3.1.4 \Vehicle Dynamics Analysis

This section presents further considerations related to the vehicle models and dynamic be-
havior. These methods are used when creating the control algorithms for simpli cations in
the model and help in handling the nonlinearities and the high dynamic situations.

Actuator Dynamics

A control algorithm can be e ective if it considers the main dynamic properties of the
actuators. In the presented algorithms, we handle two di erent actuators: the road wheel
actuator and the drive/brake actuator.

The electric motor is the most signi cant part of modeling the road wheel actuator. The
other e ects can be neglected from the controller's point of view. In general, the generation
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Symbol Name Value

m Vehicle mass 152%&g

I, Inertia around z-axis 233kgm?
a Distance between COG and front axle 1.5

b Distance between COG and rear axle 1

h Distance between ground and the COG  0.50#
St Front half wheelbase 0.6nm

S Rear half wheelbase 0.6n

I Radius of wheel 0.32n

[ Inertia of wheel 0.9kgn?
Ciat Shape factor 1.4724
Dat Sti ness factor 10.87

J Tmax] Maximum of wheel torque 2605(9"5“—22
J Trnax ] Maximum steepness of wheel torque 500@”;—32
J max] Maximum of road wheel angle 0.35ad

J -max ] Maximum steepness of road wheel angle 1.3?

Table 3.1: Parameters of the vehicle

of the motor torque that indicates the steering movement can be modeled as a rst-order
process with one parameter and can be described by the equation:

oty = —e &5 (3.35)

where , is the steering wheel angle that can be measured on the output,is the requested
steering wheel, and s is the time constant. The ¢ parameter can be given for each vehicle
con guration by measurements.

The drive and brake actuation strictly depend on the longitudinal tire model. Firstly
we suppose that the friction coe cient and the requested longitudinal acceleration will not
exceed certain limits. Additionally, we consider that the inertia of the wheel is negligible
compared to the inertia of the vehicle, so the requested torque appears without any delay
or damping. Therefore longitudinal forces awaking in the tire and torques actuated on the
axle of the tire have a linear correlation [HCL19]:

Fyi = :_—' i 2fflfrrl;rr g; (3.36)

W

whereT; denotes the requested wheel torque, ang, is the e ective radius of the wheel.
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Friction Circle

The lateral and longitudinal control is handled separately in most cases. However, high
dynamic situations when the vehicle approaches its limits require solutions considering the
dynamics of both directions in one system. The friction circle is a methodology to analyze
vehicle stability based on lateral and longitudinal forces, examining scenarios with great
lateral or longitudinal acceleration [NHX17].

According to the tire models [Pac05], the forces are limited by vertical force that is
a ected by vehicle mass and the friction coe cient:

FZ F2+F2 (3.37)

4

which de nes a circle for the physical limits on the force. However, not only this circle de nes
the limits. Further simpli cations can be made. The possible maximum longitudinal force is
determined by the power of the motors and becomes a stricter constraint on the longitudinal
force:

Fx  Fxiim : (3.38)

The brakes can also be limited to that level, considering regular operation and comfort
aspects, so the following inequality has to be satis ed during the maneuvers:

Fx 'Fx;lim : (3.39)

In general, concerning standard systems capabilities and especially the system used for the
experiments, the following inequality is satis ed regarding the vertical and the longitudinal
forces:

Faim < 2 (3.40)
In a dynamic situation, if the longitudinal force, Fy, is known, substituting it into Eq. (3.37),
the maximal possible lateral force can be calculated:y.ax . Based on Eq. (3.40), due to
trigonometrical considerations, it is a good approximation to calculate a constafy.i, by
substituting Fyim into Eqg. (3.37). Finally, using these limits, the friction circle is reduced to
a rectangle, as shown in Fig. 3.5, so the lateral-longitudinal dynamics can be handled using
linear constraints instead of quadratic ones. This rectangle reduction is a great advantage
that will be applied later in the control algorithm.

Phase Plane Method

The phase plane method examines the vehicle in the r phase plane, where is the vehicle
sideslip, andr is the yaw rate. The main idea of the phase plane analysis is to examine the
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Figure 3.5: The circle and the rectangle dynamic limitations

dynamic limitations of the vehicle, focusing on lateral behavior. Therefore this method is
based on the nonlinear dynamic bicycle model with the nonlinear tire model.

In [Liu+17; Bob+19], the phase plane method is presented based on the steady-state
analysis of the vehicle. A stability envelope was developed based on this analysis, and a
controller was presented that ensures the system remains within the envelope.

The envelope equations were determined using the sliding anglg, which is the angle
belonging to the largest lateral force in the wheel according to the tire model. This sliding
angle is denoted by an asterisk in Fig. 3.2. If the sliding angle is known, the maximal stable
steering angle (max) can be determined by solving the equation system:

uy br
s = atan
Ux
- Uy + ar (3.41)
sl = max atan '
X
9

uy = (acoq max) *+ b):

a+b

Two curves describe the maximal tire front {) force for both directions in the phase

plane. These can be determined by solving the following equation fogs = ¢, and
sf = s, using the sliding angle, which is characteristic of all the wheels:
+
fr(ruy) = atan(uy ar) = qf: (3.42)

X

It should be noted that this curve is shifted when the steering wheel angle is modi ed. The
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front force boundaries are de ned based on these curves using the maximal steering angle
together with the nullcline examination [BG13].

The maximal rear force boundaries are simpler since they are not a ected by the steering
wheel and can be calculated by solving the following equation fog., = g and g, = o

Uy

f(nuy= aan(Y_Ph= (3.43)

X

A linear de nition can be given for the envelope by solving these equations using the small-
angle assumptions [BG13]. The front tire de nes the top and bottom lines of the parallel-

ogram, and the rear tire de nes the side borders. The boundaries de ned for linear and
nonlinear tire models di er since the sliding angle is di erent, as can be seen in Fig. 3.2.

3.2 Path Description

In this section, the path generation methods are presented. Since the controllers mostly
use the Frenet-frame and linear prediction, the reference paths are constrained to have
continuously di erentiable curvature.

Centerline Path

The reference paths are created based on the curvature to ful Il the constraints immediately
during the reference generation. The curvature is calculated from the orientation:

c(s) = (3.44)

@s’
Curvature constraints (maximum value, rate, and rate change) must be considered when
creating the centerline of a smooth trajectory feasible for a vehicle with a certain longitudinal
velocity. The path is generated from path primitives: lane change, turn, and straight line.
The lane change results in only lateral o set without orientation modi cation. The turn
results in lateral o set and orientation, while the straight line has no o sets.

A sinusoid-based curvature representation minimizes the path parameters during the
path generation while ful lling the constraints. Therefore this method was used to generate
these primitives. Here, we provide the method of generating the curvature for a lane change
primitive, which is the most complex and is used in several test cases. The curvature of the
sinusoid-based lane change reference path can be built up from three parts described in a
closed form:
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c(s) = 0:5Cpeax COS + +1 ((0:2%sc)  (0))

0:2$LC
s 0:25s
+ Cpeak cos( . c) ( (0:75s.c) (0:25s.c)) (3.45)
0:5s, ¢
s 0:75s
+0:5Cpeak COS + M 1 ((sc) (0:758.¢)) ;
0:25s, ¢

where is the Heaviside function, antt,eax is the peak value of the curvature along the path
primitive. The parameter w ¢ denotes the width of the maneuver, and,¢ is the length of
the maneuver, de ned in the path distance §). The curvature is continuously di erentiable,
and its integral over the primitive is zero, so the primitive does not change the orientation
of the vehicle. The sinuses provide a smooth transition between the right and left turns.
The parameters for the lane change path can be calculated by solving a nonlinear equation
system:

[Xc(8); ye(S)] = fc2p(C(S))
Ye(Sic) = Wic;

wheref , is the nonlinear transformation that generates the global path witkx y coordi-

(3.46)

nates from the curvature.

A double lane change is built up from two lane changes and straight lines. An example
double-lane-change maneuver reference path generated using this method can be seen in
Fig.3.6. The path distance §) is the basis of the path representation. It is assumed that the
vehicle always goes forward during the movement, so parameteincreases. This parameter
is sampled with equal steps (typically im). The global coordinates X.(s);Y.(s)), the
orientation ( (s)), and the curvature (c(s)), parametrized in s, describe the centerline.

Tube Path

One presented method handles the path as a tube. The tube represents the maximum
free area ahead of the vehicle, considering the given prediction distance for the predictive
controller. In the presented systems, the tube is given by an upper module of the system,
which deals with environment detection. The upper level determines the forbidden and
allowed areas, ts a centerline curve inside the allowed area, and then determines the left
and right borders relative to the centerline. Therefore primarily, the centerline de nes the
tube-based path, so the Frenet-frame description can be applied here also in the same manner
as for the centerline path (de ningd; ,, ands). The free area is given by two additional
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Figure 3.6: An example of the curvature-based path representation

vectors, providing the borders.

In the presented case, the centerline path is prede ned and generated as detailed above.
The border parameters are given independently from the centerline constraints. The borders
of the tube are de ned as a parameter o$, providing the Euclidean distance () between
the border and the centerline. The two borders are di erentiated as left and right borders
(wi(s); w;(S)), de ned relative to the heading of the vehicle and ful lling the inequality:

wi(s) > w,(s): (3.47)

In this approach, the vehicle is represented as a point, so the borders have to be set af-
ter considering the physical dimensions of the vehicle. The previously shown Figure (Fig.
3.6) presents a centerline extended with the tube representation for the double lane change
maneuver, where the path border distances are constant.

3.3 Simulation Framework

The simulations were executed in a MatLab & Simulink test environment called Vehicle Test
Framework, developed by ThyssenKrupp in software version r2018b. The framework consists
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of a vehicle model, described in the global frame with 12 degrees of freedom con guration,
with black box tire models developed by TNO automotive [TNO10]. The simulation ran
with a xed step size ( t = 0:00%), using the ode4 solver. The optimization problems
were implemented as MatLab function blocks using the Optimization Toolbox of MatLab
[MAT22b]. The simulations were run on a laptop with Intel(R) Core(TM) i5-6300U CPU @
2.40GHz 2.50 GHz inside, using the Microsoft Windows operating system.

The simulator structure depicts the real-time environment structure with the localization
block, emulation of the sensors with noise, actuators with modeled dynamics, and the vehicle
model. The simulation has the same interface as the real-time system so that the same control
algorithm can be run in both environments. The correspondence between the simulation and
the real-time environment is veri ed by ThyssenKrupp. The controller parameters used in
the simulation and real-time were always the same. The parameters of the tests were also
identical in both measurements (maximal speed, size of the track, etc.) to have comparable
results.

During the development of the algorithms, all the measurements were created and per-
formed rst in simulation. After the successful simulations, real-time experiments were done
to validate the system and the algorithm. In some special cases, the tests were performed
only in simulation to reduce costs. For example, concerning the robustness tests, parameter
changes and external disturbances are hard and quite expensive to be induced in real-time.

3.4 Real-time Environment

The real-time tests were performed at the Tokol airport test track on an autonomous electric
test vehicle developed and supported by ThyssenKrupp. Electric vehicles will be the most
determining factor of future vehicles [Sun15], which is why the experiments and evaluations
on a real vehicle played an essential role in our project. The Lotus Evora test vehicle and
its measurement setup can be seen in Fig. 3.7.

The inner structure of the test vehicle will not be detailed here, only the main parameters
regarding the control methods. There are two independent electrical motors on the rear axle
(denoted byM, and M, ), each with 1400Nm capacity. A TTC 200 electronic control unit
drives the motors, and the actuator of the steering system is one of ThyssenKrupp's control
units. The four independent brakes (denoted b®;, i 2 f fl;fr;rl;rr g) are by-wire solutions
provided by Meccanica 42, overall with its driver system. The inner states are measured by
an inertial measurement unit (IMU) and di erential global positioning system (DGPS) with
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Figure 3.7: The measurement layout

a dual antenna, providing orientation information.

The head of control in the vehicle is a Real-time application running on MicroAutoBox
Il, developed in MatLab & Simulink. This application is responsible for processing the
measurement signals, calculating references with the localization algorithm, and handling
actuators. Extended Kalman- lter-based state estimation is responsible for vehicle state
estimation. The control interface is provided by dSPACE Control Desk v6.4 for the Real-time
application. This software is responsible for the con guration of the vehicle and recording
the measurement data. The real-time application is connected via a point-to-point UDP
connection to an industrial PC that runs the optimization-based control algorithm under
MatLab r2020b.

There are pre-recorded paths integrated into the real-time application that can be fol-
lowed by the vehicle, and also generated references can be used. Safety aspects are considered
in the real-time environment. There should be a test driver sitting in the driver's seat who
can intervene in case of malfunction or forthcoming objects. The test driver can enable the
autonomous mode of the vehicle by a remote controller. Also, he can override the control
signal, so robustness tests can be performed by inserting errors in the control signal using
this feature.
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3.5 Testing Methods

In this section, the testing methods are detailed. Firstly the used test tracks and test cases
are presented, then the evaluation methods are gathered. Since the presented method is a
cascade controller structure with two loops, both the inner and outer loops should be tested
and appropriately evaluated.

3.5.1 Test Tracks and Test Cases

The testing methodology can be approached from two directions. One focuses on the perfor-
mance of the planned operation, supposing that the circumstances are ideal, and the other
focuses on the performance of disturbance rejection and parameter change handling when
facing real environmental issues. Also, in advanced tests, the two approaches can be mixed
by de ning test scenarios to have a more profound examination of the behavior of the vehicle
[NHX17]. Therefore, in the following, the test tracks and disturbance cases used to evaluate
the presented solutions will be introduced.

Test Tracks

The following test tracks were used in testing the vehicle in simulation and in real time:

~ A straight line with an initial error

The initial error can be lateral error ( y) and orientation error (). These tests
can give a picture of the controller upon its state error rejection and path-following
performance.

Lane change maneuver

This test is the most classical vehicle dynamic test. The track is3m wide and 28m
long (an approximate solution that ts the ISO lane change standard), composed using
the sinusoidal curve reference generation. This test can be performed with constant
longitudinal and varying speeds.

Turning maneuver

Besides the lane-change maneuver, the turning maneuvers are the other critical test
cases. In these situations, the understeering and oversteering e ects can be examined.
Also, the hairpin turning maneuver is critical concerning vehicle dynamics.
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" Closed path following

After successfully testing the algorithms for the di erent test scenarios, it is worth
creating a test track that consists of multiple scenarios after each other, so the controller
should handle the transitions. This results in the test case getting closer to the real-life
use cases.

Test Cases for Robustness

The external disturbances and the parameter changes can test the robustness of a system
the most e ectively.

" Changing

The only parameter that refers to the road conditions is the , as can be seen from
the models presented above. It is the most critical parameter concerning the control
methods since it directly in uences the intervention ability of the actuator. Addition-
ally, this parameter is the most variable since the road surface, road coverage, weather
conditions, and many other e ects can change its value.

Step disturbance

The robustness of the controller was tested with discontinuous reference in [Len+17].
Therefore, the step disturbance can be placed in the reference both for the inner and
the outer loops. Also, additive step disturbances can be performed, especially in simu-
lation. The forces and the moments calculated by the simulation model can be shifted
by the step disturbance, imitating the e ect of a wind gust or other force jerks.

Internal parameter change

Internal parameter changes of the vehicle are also a test case that is usually performed
via simulation. In this case, the parameters of the simulated vehicle are changed with-

out updating the parameters of the controller. Basically, the change of the vehicle mass

(m) and the inertia (I ;) are the most realistic dangers since the number of passengers
or luggage can cause it.

3.5.2 Evaluation Methods

Performance indicators were implemented to have scalar values that can describe the be-
havior of the controller and can form the basis of comparisons. These indicators focus on
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the controlled values, the longitudinal speedJ), the lateral displacement from the path
(y), and the control signals: the steering angle, the yaw acceleration, and the tire torques.
The integral of the absolute error (IAE) is a standard indicator measuring the di erence
between the reference signal and the measured output [ZGZ21]. For the control signals, the
most meaningful descriptor is the total energy used during the investigated period. The
cost functions were also evaluated to see clearly their e ect in the comparison. Later on,
di erent cost functions are introduced. For the evaluation description, the cost function is
generally denoted byg.est(U;t). The following scalar-based approaches were used during the
evaluations:

The IAE of output values measures the reference tracking performance:
Z
Ey = Jyer () y(D)jdt (3.48)

0

The maximal absolute value of the error measures the worst-case performance:
y = max jyret (1) Y(b)j: (3.49)

The energy of the control signal measures the resource used:
Z
P, = u(t)2dt: (3.50)
0
The maximal absolute value of the control signal details how close the control value
was to its limit:

P" = max ju(t)j: (3.51)

The integral value of cost functions for the maneuver can be calculated:
Z
Geost = Qeost(U; t)dt: (3.52)
0
The maximum value of the cost function during the maneuver can emphasize its e ec-

tiveness concerning safety in some cases:

Geost = MaX Geost(U; t)dt: (3.53)

It should be noted that in some cases, the scalar values do not give a proper outlook on
the performance. Therefore the overshooting and the setting ability of the reference tracking
were also investigated and compared.
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Chapter 4

The MPC-IMC Structure

In this chapter, the lateral, path-following control problem is discussed. According to the
aspects highlighted in Chapter 2, we targeted to create solutions that de ne cost functions
based on dynamic considerations, have physical meaning, and exclude tuning parameters.
We also aimed to select modeling methods that provide a convex formulation for the MPC
optimization problem to allow for a unique solution in real time. First, a cascade control
structure is presented, realizing a novel MPC-IMC method for vehicle control. The outer
loop is a tuning-parameter-free MPC scheme, and the inner loop is a nonlinear IMC structure
that implements robustness into the system. After detailing the method, comparisons with

a reference structure are presented, supporting the advantages and bene ts of the presented
structure. At the end of the chapter, an envelope control method is introduced, providing
stability constraints for the high dynamic maneuvers.

4.1 Cascade Structure

In this section, a novel cascade MPC-IMC structure is presented that can be seen in Fig.
4.1. The outer loop uses a linearized, kinematic model-based MPC scheme with a prob-
lem formulation that uses minimal tuning parameters. The inner loop consists of an IMC
structure, handling the nonlinearities, the dynamics of the model, and modeling errors.

The presented structure exceeds the classical MPC method with a feedback loop. This
system can react faster to disturbances since the most critical internal state parameter is
controlled in the inner loop. Additionally, this structure can be extended to handle multi-
actuator systems, as later detailed in Chapter 6.
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Figure 4.1: The novel MPC-IMC cascade control structure

41.1 MPC Part

The outer loop of the structure is a prediction-based method that is responsible for the
trajectory-tracking problem using an MPC scheme. In this subsection, rstly, the general
solution of the MPC controllers is presented, emphasizing its weaknesses and disadvantages.
Then, a novel, sequential MPC scheme is detailed, answering the arisen problems.

Classical MPC Solution

The model predictive control method is an advanced technique widely used in various elds
of control problems [RL18], which is becoming popular due to the development of computing
capacity. The most obvious implementation of model predictive controllers is the discrete-
time version with nite prediction and control horizon, using the receding horizon approach.
For the sake of simplicity, for this description, the prediction and the control horizons are
de ned as equal.

In general, the cost functions of predictive controllers include two components, the control
signal power and the reference tracking error are included in them [RL18]. De ning as
the length of the horizon,N as the number of the statesN, as the number of inputs,N,
as the number of outputs, the vectors of the optimization problem can be given. Using the
state vector:

x 2 RV x = [xg %oyt nixn, IT; (4.1)
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the input vector:

u2 R u=Tugugiiiun, ] (4.2)
and the output vector:

y2RY 1y =[yyaiiiw, ] (4.3)
the general MPC problem formulation can be described. Minimize:

Xy X N R
J(Xo;Upiiuy) = I 5 & + Lo U (4.4
i=1 k=1 j=1 k=1
where! ? is the corresponding weight, and, is the di erence between thg ™ reference and
the predicted state value at thek™ time step:

O = Vi Yk (4.5)

For the control signal, ufk corresponds to the control e ort performed at thej ™ input at
the k™ time step and! ik Is the corresponding weight.

The minimization should be performed subject to constraints coming from the state
equations of the controlled system:

Xke1 = Fx(Xi;uk); (k=1;2;...;N)
Yk = fy(xisuk);  (k=1;2..;N); (4.6)

and to the constraints derived from the limitations of the states, the inputs, and the outputs:

Xmin Xk Xmax; (kK=1;2;...;N)
Umin Uk Umax; (k=1;2...;N) 4.7)
Ymn Yk Ymax; (K=1;2..;N):

It can be seen that this cost function formulation hasN (N, + N,) weighting parameters.
These weights provide the possibility for the designers of the controller to determine di erent
weighting strategies in the cost function. The simplest solution is when the weights are
constant for the whole horizon for each input and output. In some cases, the cost concerning
the nal state is highlighted compared to the running cost.

The existence of this amount of tuning parameters is twofold. On the one hand, the
system performance can be maximized in prede ned speci ¢ scenarios by nding the proper
parameter tuning. On the other hand, the cost function, including these parameters, is a
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mixture of di erent values (considering physical meaning) on a di erent scale. Even if these
values are normalized in some approaches, it is hard to interpret the real meaning of the cost
function in the control environment, and it is not de ned by physical law. However, there is
no proper method given to nd this parameter tuning. Additionally, there is no insurance
on using the found parameter set that the performance of the system will remain if the test
scenario or the system parameters change.

Novel MPC Approach

In our case, the linearized kinematic model, de ned by Eq. (3.13), is used for state prediction:
the future states and outputs can be determined in a closed form using the linear equations
if the future inputs are known. After solving the optimization problem, the determined
inputs can be the reference signal for the inner loop to follow. The inner loop works based
on yaw rate, so its derivative, , will be this reference, which is the most important state
variable of the system concerning the lateral behavior of the vehicle. The linearized problem
results in a convex quadratic programming (QP) optimization problem. These optimization
problem formulations will be detailed in this subsection. Due to the improvement of the
available computing capacities, this problem can be solved in real-time, using, for example,
the optimization toolbox of Matlab [MAT22b].

A novel MPC formulation focuses on the main disadvantage of classical methods. These
methods have cost functions that mix up di erent result values of the evaluated phenomena,
such as error, control e ort, and safety indicators, by tuning weights. The parameter-free,
sequential method answers this problem by transforming the parts of the cost function into
hierarchized constraints to eliminate these parameters. This is reached by decomposing the
mixed cost function represented by Eq. (4.4). For the actual lateral control problem, the
cost function should be used with the following variables:

y=[ pd";u=r, u= : (4.8)

According to the approach of a chau eur, the path following is performed by minimizing the
lateral and orientation error at a certain looking ahead distance. By default, these errors
can be driven to zero during the control horizon so that these parts can be transformed into
equality constraints prescribing the states at the end of the time horizon. Finally, it results
in that the remaining part includes only the control e ort that was requested at the control
input. It should be noted that proper limitations should be used in the outer loop to ensure
feasibility in this cascade structure.
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In some cases, for example, if the vehicle is too far from the reference path, this trans-
formation of the cost function may cause infeasibility since the equality constraints cannot
be satis ed at the end of the horizon within the limitations. The novel sequential, hierarchic
solver method is developed to solve this feasibility problem. This method drives the system
step by step toward feasibility. Each equality constraint is rst introduced as a cost func-
tion to minimize the distance from reaching equality. If equality is reached, it is introduced
as a constraint, while the following constraint is transformed into a cost function. After
introducing all constraints that continuously maintain feasibility, the original cost function
minimizing the control e ort can be used in the optimization.

The output state variables of the lateral control problem formulate an integrator chain
since the lateral error is connected to orientation via integration, as represented by Eq.
(3.13). This chain determines the order of the introduction of the constraints: rstly, the
orientation constraint is satis ed, then the position, to prevent overshoot. The schematic
representation of the sequential approach that introduces the constraints hierarchically can
be seen in Figure 4.2. The algorithm ensures that the system stays on a feasible trajectory
while introducing the constraints during the preparation steps. After reaching the nal step,
the optimal control value can be determined.

Due to this sequential, hierarchic algorithm, the general optimization solution given by
Eq. (2.5) can be transformed, eliminating the scalarization method:

minfa(x) ! min f(x) I min f5(x); (4.9)

where X ; and X , are the narrowing feasible subset of the solutions.
The rst optimization problem minimizes the orientation error while ensuring to meet
the physical constraints:

minj p. ()
st jil max; (i=1:2....N) (4.10)
jr:i( )J I max » (i:1;2;---;N);
where the inequality constraints are determined by the limitations derived from the physical
parameters of the vehicle, and subindex in the expressions denotes that the linearized
kinematic model is used for the problem formulation, which depends on as the input

variable. In case of the orientation error can be made zero, the next step is minimizing the
position error while introducing the zero orientation error as an equality-type constraint.
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Figure 4.2: The operation of the sequential, hierarchic solver method in the space of the
control variables

minjd ()]

S.t.: p.;N ( ) =0 (411)

Jil mad (i=1;2..;N)
ira()i rmax; (i=1;2..5N):
Finally, the control e ort is minimized, while the position and the orientation errors are
eliminated by introducing equality-type constraints:

X
min
i=1
st: pn()=0
dn()=0
JlJ max 1 (i:1;2;...;N)
jr;i( )J IMmax s (i=1;2;...;N)Z

Suppose the optimization process runs successfully (the zero criteria reached) at one

(4.12)
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preparation step. In that case, the algorithm passes on to the next step. Once the zero
criterion is not reached, the algorithm exits by the actual value closest to ful lling the
equality requirement, determining an approximate reference value. The nal step determines
the optimal reference value that satis es all the constraints if all the preparation steps are
nished.

4.1.2 IMC Loop

The inner loop receives the reference signals determined by the outer loop. It aims to
track it as accurately as possible under all circumstances, compensating for the appearing
disturbances. Therefore, it corresponds to de ning the requested control signals that are
sent to the actuators. Although the predictive controller determines the control vector for
the total length of the horizon, due to the receding horizon approach, only its rst value
is transmitted to the inner loop in each control period. Here, the yaw momer¥l is the
controlled value for the lateral control. The robust internal model-based controller structure
for yaw-moment can be found in Fig. 4.1, highlighted by the box drawn with dashed lines.

A realizable inverse of the model is placed on the feedforward branch that can determine
the required road wheel angle (RWA) control value, denoted by.. The inverse is calculated
using the nonlinear functionf 3 ., , describing the vehicle around the actual measured state,
using the nonlinear model of the vehicle and the actuator described by Egs. (3.4, 3.22, 3.23,
3.24, 3.35). The nonlinear equation for is solved using numerical approximation starting
from the actual value of the RWA as the initial value:

0="f3 0 (req) rea: (4.13)

Therefore, the inverse calculation considers the measured states and the steering angle as
a rst-order element and is limited in F, to prevent tire saturation. Supposing that there is
no exact solution for Eq. (4.13) due to the constraints, an optimization problem can provide
an approximative solution ensuring the existence and unicity of the realizable inverse:
2

min £ o (req)  req (4.14)

req

After the inverse, the model of the physical limitations of the system is placed (rate limit
and nal value limits), so the controller can compensate for its e ect. The reference RWA
is then actuated in the vehicle and inputted to a model connected parallel with the plant
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(the vehicle). The parallel model is also the one that was used for the inverse calculation
providing static transfer in steady-state.

The di erence in the output value of between the model and the controller is de ned for
the feedback. Since is not an internal state of the model and can not be measured by the
IMU, it is calculated from the measured yaw rate using a di erentiator FIR ( nite impulse
response) lter (such as the Savitzky-Golay Iter). This di erence is fed back through an
autoregressive low-pass Iter to suppress measurement noises in the real-time application.
The discrete-time implementation of the lter is the following:

Y= X+ )Yk u (4.15)

whereyy is the lItered value, xi is the di erence between the model and the system, both
values are represented in discrete time, andis the Iter parameter. For the lateral control,
the ltered value is , the time derivative of the yaw rate, which is calculated by numerical
approximation since sensors can measure only the yaw rate.

The whole feedback loop is responsible for compensating additive and multiplicative
errors, the external noises appearing in the input or the output of the plant, and also the e ect
of parameter mismatch. It should be noted that in some high dynamic cases, this feedback
loop can reach its limit of compensation capability. This is why the original structure was
extended further to maintain stability in these high dynamic situations.

4.2 Envelope-based Control

The envelope-based dynamic limitation is a classical method that is widespread among air-
craft vehicle control systems. This method can also be applied in driver assistance systems
[NH17]. The envelope de nes an area over the phase plane de ned in Chapter 3. The con-
troller aims for the vehicle to stay within this area by introducing inequality constraints into
the optimization problem.

A novel approach was needed to implement this method into autonomous ground vehicles.
The previously presented cascade envelope controller structure is evolved by adding two new
modules for the controller, as can be seen in Fig. 4.3, ensuring that the vehicle states remain
in the envelope. Since the sliding angle di ers in the linear and the nonlinear tire models, the
envelope constraints have also changed. The outer loop handles the vehicle dynamics using
the linear tire model and the corresponding envelope constraints. The inner loop consists
of an IMC structure, handling the nonlinearities and the dynamics of the model with the
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Figure 4.3. The envelope controller structure

corresponding nonlinear envelope constraints.
The envelope parameters are determined based on [BG13], with the nonlinear calculation
extension of the maximal steering angle represented by Eq. (3.41). Its four borders de ne

Figure 4.4: The nonlinear-linear projection of the envelope approach
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the linear and the nonlinear envelopes:

Right (DF): =hr+ b
Top(DC): r = +
p(_) by + by (4.16)
Left (EC): =hr b
Bottom (EF): r="b; |l
using:
- b
=0
by =tan
_ b Trc
D C
=Tr. Cth
(= 9 (4.17)
c - Uy
Uyx
p = a+t b(tan( st max) tan sl)
b
c = gz tan g
X
= L(tan( + ) tan g)+tan g;
D — a+ b sl max sl sls

where the notations of the apexes are represented in Fig. 4.4.

The Outer Loop Envelope Extension

Since the envelope focuses on the dynamic behavior, the outer loop was updated using the
linearized dynamic bicycle model introduced in Chapter 3.1.3. With this linear description,
the N number of future dynamic state values can be determined by a simple linear matrix
equation using the Euler approximation if the control input and the prediction time stepT,)
are known [Lin+19a]. In this approach, the longitudinal velocity of the vehicle is considered
to be constant during the maneuver. Similar to the proposed solution, a linear MPC scheme
with problem formulation of the minimal tuning parameter method is created.

The dynamic model was also placed into the Frenet-frame, and the orientation with
the lateral error was targeted to be zero at the end of the prediction horizon. Therefore,
the sequential, hierarchic solver was also applied to handle the infeasibility of the system
(Fig. 4.2). The algorithm constantly stays on the feasible trajectory while introducing
the constraints for the path following when determining the optimal control vector, which
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contains the road wheel angles in this case:

2 RN : =[ 1 20 N (4.18)
The rst optimization tries to approach the zero orientation error while maintaining
feasibility and ensuring that the vehicle stays within the envelope:

minj p. ()i
stroJi) max; (i=1;2...;N)
j ij max (i=1;2;...;N)
ri() +()2Eun; (i=1;2....N);

(4.19)

whereE |y de nes the linear envelope calculated according to Eq. (4.16), and subindex
denotes that the linearized dynamic model is used for the problem formulation with as
input. The inequality constraints are derived from physical model-based considerations for
the road wheel angle and the road wheel angular speed. It should be noted that the initial
state of the controller should be inside the envelope. The lateral error is minimized after
ful lling the orientation constraint and introducing the cost function:

minjd:n ()J; (4.20)
and setting the previous cost as a constraint, introducing the equation constraint:
pn ()=0: (4.21)

Finally, the control e ort is minimized, maintaining the equality constraints:
X
min 2
i=1
st: dn()=0
pn()=0 (4.22)
Jil max; (i=1;2..;N)
il max (i=1;2;...;N)
() i()2Eun;  (i=21;2..5N):

After solving the optimization problem, one further step is needed. The optimized vector
gives the steering angle, while Fig. 4.3 denotes thaf.q should be given for the inner loop.
Therefore, the yaw rate derivative reference was determined using the linear dynamic model
after optimization.
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The Inner Loop Envelope Extension

The inner loop realizes the IMC structure, which is modi ed only in the inverse calculation
by introducing the envelope constraints. Without the envelope, the inverse can be calculated
numerically by solving a nonlinear equation. Here, the inverse is calculated by linearizing the
nonlinear model around its actual state, so a convex optimization problem can be introduced
to solve it, considering the envelope limitations.

The control interval and the steering rate limit are small, so the local linearization results
in the accurate inverse calculation for the model when determining the state values for the
next time step:

Meer = Ar( ki Tks Uyi) ¢+ Br( ks M Uyk)
kit = A (koo Uyk) ¢t B (i i Uyk);
whereA and B denote the linear model coe cients. The inverse considers staying inside the

(4.23)

envelope when calculating the required steering wheel, even if it results in an error compared
to the reference input:
rc+1(c)s w+1(¢) 2 Enc: (4.24)

The feasibility question of the inverse calculation arises when introducing these envelope
constraints. Therefore, a sequential optimization algorithm in the inner loop introduces
the envelope linear constraints step by step in a hierarchical order (similarly to the process
presented in the outer loop). First, the top and bottom borders are considered by minimizing
the yaw rate to meet the limits. If the yaw rate envelope constraints are satis ed, the vehicle
sideslip is minimized, considering the left and right borders, and maintaining the introduced
yaw rate limits. Finally, the required road wheel angle is determined if all constraints are
satis ed for the nonlinear envelope, providing accurate reference tracking behavior.

State Projection

The MPC-based state prediction in the outer loop uses the actual measured state values. The
yaw rate derivative reference between the loops de nes a moment-based connection. Hence,
the rotating forces play an essential role in the structure. Since the outer loop uses the linear
tire model and the inner loop the nonlinear one, di erent envelopes can be derived for the
system using the corresponding models due to the dissimilar sliding angles. Additionally,
the tire sideslips can di er, so the di erence between the state values of the models increases
when approaching the highly nonlinear regions. Later, the envelope calculated using the
saturated linear tire model is denoted byLIN , and the one created using the nonlinear tire
model iSNL.
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The MPC starts from the actual states, but these states can be out of the envelope
region de ned based on the linear tire model since the nonlinear envelope is larger due to
the greater sliding angle. Therefore a nonlinear to linear projection was introduced into the
state feedback, as can be seen in Fig. 4.3. The measured states of the nonlinear plant are
transformed based on the tire force characteristics into the linear model-based state values.
The projection algorithm receives the state values, then calculates slip angles ( ), and
then determines the lateral forces using the nonlinear model. After that, the linear slip angles
and state values are calculated using the linear model from the lateral forces. Therefore we
receive a projected state that is ensured to be inside the linear envelope, providing feasible
initial conditions for the outer loop.

4.3 Simulation and Experiment Results

This section introduces the measurement results, supporting the presented control architec-
ture. First, the MPC-IMC cascade structure was implemented in the simulation. Then after
validation, real-time experiments were performed in the development process. The whole
structure for lateral control was tested in the environment presented in Section 3.4. The
real-time experiments were performed in a closed path with a constant F0longitudinal
velocity. The results can be seen in Fig. 4.5, providing an insight into the lateral control
method under operation.

Figure 4.5: The real-time evaluation of the MPC-IMC structure in a closed path
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Table 4.1: Parameters of the controller

Symbol Name Value
Tp Prediction time step 50 ms
Tmpc Outer loop control period 4 ms
Timc Inner loop control period 2 ms
fsim Simulation frequency 500Hz
N Prediction horizon length 15
Filter parameter 0.3

Table 4.2: The controllers for comparison

Name Comp. MPC model MPC Dyn. Disturb. Loop 1 Loop 2
PF-IMC All Kinematic Hierarchic IMC IMC
MIX-IMC  All Kinematic Mix IMC IMC
PF-D All Dynamic Hierarchic Model - -
LKA Structure  Dynamic Mix Model EKF -

Later in this section, the in-depth evaluation of the structure without the envelope is
presented through comparisons with reference controllers. After describing the three ref-
erence structures, the comparison results are presented in detail. Finally, the behavior of
the envelope control is presented through the evaluation of two test cases. The controller
parameters used in the simulation can be found in Table 4.1.

4.3.1 MPC Controllers for Comparison

This section presents the three MPC models used as a base for the proper comparison to
demonstrate the advantages of the parameter-free MPC solution and the IMC-based dynam-
ics, nonlinearities, and disturbance handling approach. The presented novel parameter-free
MPC-IMC structure is named PF-IMC. This controller was compared to the other three con-
trollers. The main attributes of the reference structure are gathered in table 4.2, highlighting
the similarities and the di erences between the structures, supporting the descriptions given
later upon these controllers.

Firstly, the outer and the inner loops of the proposed method will be examined separately,
compared to the speci c controller created for comparison. Then the whole structure will
be compared to a nominal solution, implemented and released by MatLab.
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Figure 4.6: The reference controller for the outer loop comparison (MIX-IMC)

Kinematic MPC with Mixed Cost and IMC

Firstly, the parameter-free MPC method is compared to the classical MPC with a mixed-cost
function. Therefore the inner loop is the same IMC structure, and only the optimization
problem of the outer loop di ers, so MIX-IMC denotes it. The outline of the controller used
as a reference can be seen in Fig. 4.6.

The reference model also uses the kinematic bicycle model represented by Eqg. (3.13).
The optimization problem is formulated as follows:

min Phg ()+ 1 P )+ 7
i=1

st ] max ; (i=1;2;,...;N)
i) Tmax; (i=1;2..;N);

where! 9;1 »; and ! are the weights for the lateral error, orientation error, and yaw

(4.25)

acceleration, respectively.

It should be noted that, in this case, these weights are considered constant over the
control horizon. However, in some cases, better performance can be reached by having
weights that change over the horizon. It results in the cost function of the optimization
problem represented by Eq. (4.25) may containNB parameters.

Dynamic MPC with Parameter-free Cost Function

The second comparison focuses on the presented inner loop approach, the IMC structure.
The reference controller for this comparison is created based on the linear dynamic model
represented by Eq. (3.28) and denoted by PF-D. Using this model, the predictive controller

handles the system dynamics and determines the control signal using the parameter-free
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Figure 4.7: The reference controller for the inner loop comparison

approach, but without having feedback for the internal states of the system. The outline of
the model reference for the inner loop comparison can be seen in Fig. 4.7.

Since the model includes the road wheel angle, it serves as an input for the system.
The optimization problem is formulated similarly to the sequential, hierarchical approach
presented in Section 4.1.1. The only di erence is that the linear dynamic model is used
instead of the kinematic model. Therefore, the cost function is calculated similarly based
on for a proper comparison. Because the dynamic model includes the road wheel angle,
based on this model, the control output (;) can be directly calculated using optimization.
However, this approach does not consider the nonlinearities in the system and does not have
direct feedback for the dynamic behavior (is not considered, onlyr).

LKA Subsystem

The publicly available most complex and advanced controller is chosen for the complete
comparison of the system. The lane-keeping assist (LKA) subsystem of Matlab & Simulink
[MAT22a] includes the linearized dynamic model (Eq. (3.28)) expanded with state estimation
for handling the input-output disturbances.

This module includes an adaptive model predictive control structure implemented using
the Frenet-frame. The MPC formulation of this system is quite similar to the one presented
in the previous section. The disturbance rejection is realized by estimating the plant model
and the controller states based on a disturbance model and the measurement noise model,
using a linear-time-varying Kalman Iter (LTVKF). The state estimation introduces further
tuning parameters since two gain matrices are needed for its algorithm. Additionally, this
system uses scale factors that the controller designer should specify.

For the comparison, the default values of this subsystem were used (estimator gains, scale
factors, etc.). Only the cost function weights were tuned during the evaluation method.
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4.3.2 Comparison with the MPC Controllers in Simulation

This section compares the cascade MPC-IMC scheme to the presented MPC controllers
using simulation-based evaluation. Firstly, the outer loop, then the inner loop, and nally,
the whole loop is compared for path following and lateral error or external disturbance
rejection under conditions with di erent

Comparison of the Outer Loop Solutions

Firstly, the outer loop was compared so that the MPC algorithms were examined concerning
the proposed cost function approach. The tuning parameter-free method (PF-IMC) and the
MPC with the mixed-cost function-based method (MIX-IMC, see Fig. 4.6) were evaluated
to examine the outer loop. The IMC-based inner loop is realized for the dynamics handling
for both loops, as described in Section 4.1.

For the proper comparison, we designated one test case as the reference and highlighted
one performance measure as the key for the comparison. The goal was to nd a parameter
set where the tuneable controller has the same performance as the parameter-free one. The
designated test case was the lane change maneuver, and the key measure was the control

Figure 4.8: The simulated trajectories of the parameter-free and the mixed MPC methods
performing the lane change maneuver while using the same lateral control e ort
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e ort. The three parameters of the MIX controller were tuned so that during the lane-change
maneuver, it reaches the same control e ort as the PF has, resulting in the parameter tuning:
Kg=6; K =0:5 K =10. The performed maneuver can be seen in Figure 4.8.

In another scenario, the lateral error test was performed using the same parameter set
tuned for the lane change to see the sensitivity and robustness of the parameter tuning. The
results of the lateral error test (y) can be seen in Figure 4.9. It should be noted that the top
gure is an adaptively scaled XY plot of the vehicle path, while the others are time plots of
the variables. The parameter set performed well for the path-following problem. However,
the lateral error rejection results in a signi cant overshoot.

Both maneuvers were evaluated, and the results are presented in Table 4.5. It can be seen
that in the LC maneuver, as was the goal of the tuning process, both controllers perform
almost identical control e orts (P ). Also, in the rst test case, the MIX controller performs
better in all the evaluations corresponding to the control input and the lateral error. The PF
controller beats only the orientation error. There is a big di erence between the controllers
in the second test case. The MIX controller has an aperiodic setting in the position and the
orientation; therefore, the results of the evaluations are signi cantly worse. It is shown that
the parameter-free method is now independent of the test scenario, providing an aperiodic

Figure 4.9: A simulation comparison of lateral error elimination with the parameter set
tuned for the lane change maneuver
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___ Table 4.3: Maneuver evaluation of controllers
Man. | Cont. | P' pm Eq ET E' E™
LC PF 1.263| 1.271| 22098 10 2| 1:427 101! | 7:762 10 4| 2:842 10°?
LC MIX | 1.251| 1.262| 1:257 102 | 1:074 10 ' | 8554 10 4| 2941 10°?
dy PF 2.740| 2.108| 24.15 5 0.132 0.350
dy MIX | 7.437| 2.220| 20.52 5 0.288 0.571

setting in all the test cases. This stability and reliability are a great advantage among
predictive controllers, even when the MIX-based approach performs better concerning the
errors or the control signal.

Comparison of Dynamics Handling

In this section, the dynamics handling solutions are compared via simulation. The cascade,
tuning parameter-free (PF) method using IMC in the inner loop (see Fig. 4.7) is com-
pared with the method that uses the linearized dynamic model with the PF method in the
optimization problem formulation. Therefore, only the dynamics handling method di ers
between the two approaches.

The rst test case was the orientation error rejection under low conditions. The pa-
rameters of the test case were: = 0:5, (= =6 [rad], andu, = 10 [T]. The results of this
test can be seen in Fig. 4.10.

The IMC-based controller can successfully handle the nonlinearities of the bicycle model,
even if the vehicle-to-road friction coe cient changes. The handling method induces that at
steering movements with high amplitude, the vehicle gets closer to its limits. The controller,
using the linearized dynamic model-based method, results in a periodic setting in the errors.
However, the IMC-based method can handle the nonlinearities with an aperiodic setting.

The second test was performed during straight-line following, examining the external
disturbance handling ability of the controllers. In this test case, the vehicle ran straight, with
constant speed x = 10 [T]), and then at time t = 0:5 [s], a constant torque disturbance
(M4 = 9000 [Nm]) around axis z was added, inducing yaw moment into the system. The
results of this test can be seen in Figure 4.11.

Both controllers compensate for the disturbance by turning the steering wheel in the
proper direction in the steady state. However, the PFD version starts the intervention in
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the opposite direction. Due to the IMC loop, the proposed algorithm can react much faster
to the disturbance, as can be seen in the bottom sub gure, resulting in total disturbance
rejection and eliminating the position error of the vehicle. However, the dynamic model-
based controller has a signi cant constant lateral error resulting from its structure since only
the output states are fed back within the MPC method. To sum up, the proposed IMC
method can handle the nonlinearities and parameter changes, together with the unmeasured
external disturbances appearing on the vehicle.

Comparison with the LKA Subsystem

Finally, the proposed controller structure is compared with the LKA subsystem. Since the
LKA subsystem should have the same control frequency and prediction frequency, both were
set to befc = 50[Hz]; dt, = 0:05[s]. The parameters of the LKA subsystem were tuned
similarly to the method presented in Section 4.3.2. The lane change was the designated test
case, the control e ort was the key measure, and the parameters of the LKA were tuned to
have the same values in the control e ort. The weight of the manipulated variables rate was
set to be 4, and the output variables weight (concerning the default scaling factor given by

Figure 4.10: A simulation comparison of the dynamic model-based MPC and the kinematic-
IMC-based controllers in low situation
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the subsystem) was equally 1.

The rst test was the repetition of the torque disturbance test with a straight-line fol-
lowing. The LKA subsystem can compensate for external disturbances due to its internal
state estimator, as can be seen in Fig. 4.12. The Parameter-free method, thanks to its
IMC loop, can react faster than the LKA system, so it is worse in control e ort. However,
concerning the lateral and orientation errors, it performs much better, as seen in Tab. 4.4.
It can be seen in the second from the top sub gure that the parameter-free approach reaches
the nal orientation (which is needed to provide a zero yaw rate during the compensation)
much earlier than the LKA system.

Table 4.4: A simulation comparison of LKA and PF-IMC under torque disturbance

Controller | P! Pm | E} EmM E' E™
PF-IMC 0.348| 2.947| 1:427 102 | 4483 102 | 2757 1031981 10?2
LKA 0.316] 2.947| 3361 102 | 8761 1072|3247 103 | 2436 10?2

Figure 4.11: A simulation comparison of the dynamic model-based MPC and the kinematic-
IMC-based controllers under torque disturbance

58



Figure 4.12: A simulation comparison of the PF-IMC scheme and the LKA system under
torque disturbance

Table 4.5: A simulation comparison of LKA and PF-IMC under low

Controller | P! Pm™ | E} EmM E' E™
PF-IMC 2.112| 1.538| 1:524 103 | 3591 10 2| 2634 10 4| 1516 102
LKA 2.488| 1.930| 4510 103 |6:536 10 2| 4168 10 “|2:049 102

The second test was the dynamic lane change examination performed on lo¢ = 0:6).
The results can be seen in Figure 4.13 and the scalar evaluations in Table 4.5.

The results show that both systems can su ciently perform the maneuver. However, the
LKA system has an overshoot at the end of the maneuver, resulting in a small oscillation in
the control signal. Also, it is signi cant that the proposed controller performs better in all
the points of comparison.

4.3.3 Envelope-based MPC-IMC Control

In this section, the simulation results of the envelope-based MPC-IMC controller are pre-
sented. Firstly, the envelope-based method is compared to two other limitation methods.
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Figure 4.13: A simulation comparison of LKA and PF-IMC under low

After, the envelope operation is examined on a lane change track by performing the maneuver
on the same path with increasing speed.

Comparing Di erent Limitation Methods

In this test case, a lane change maneuver was de ned as a reference path with an2@ngth
and 35 m width. The vehicle speed was set to 3M=s, ensuring it reached its limit.

The test illustrates the advantages of using the envelope-based stability de nition (de-
noted as Envelope) compared to static and basic dynamic limitations. The static one
(denoted as Static) only limits the yaw rate in the outer reference generator loogrj <
0:8 rad=s. If the vehicle goes with the prede ned nominal speed, this limit can be assigned
to this path. The basic dynamic limit (denoted as Basic) uses the steady-state cornering
approach, de ned based on the centripetal forces:

Fim = ui: (4.26)

X

The comparison results are plotted in Fig. 4.14 for the phase plane and Fig. 4.15 for
the state variables. It can be seen that the controller with the static limitation goes o.
The controller with the basic dynamic limitation crosses the safe boundary twice and has
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Figure 4.14: The phase-plane plot of the limitation methods comparison in the simulation

a high lateral error at the beginning of the maneuver. The envelope-based limitation saves
the vehicle from sliding while performing the best path-following performance with 13% less
integrated and 33% less maximal lateral error than the simple dynamic limitation.

Lane Change Speed Test

The second test scenario illustrates how the envelope becomes more limiting when the vehicle
goes on the same path with increasing longitudinal speed. The speed-dependent change
of the envelope can be examined in Fig. 4.16. The smaller envelope corresponds to the
higher speed. At the lowest speed, the vehicle does not reach the limits that meet the
preliminary expectations since this lane change is designed form&s constant longitudinal
velocity (urban environment). The examined speed linearly increases until 30=s, which
approaches the magnitude of the speed limit on expressways, so this examination gives a
good approximation within the interpretable domain.

The vehicle reaches its limitations by increasing the speed, and the controller success-
fully keeps it inside the envelope. The path and the state trajectories can be seen in Fig.
4.17, plotted using the path-based frame. It can be seen that by increasing the speed, the
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Figure 4.15: The internal state plot of the limitation methods comparison in the simulation

trajectory becomes smoother, the maximal value of the steering angle becomes smaller, and
the lateral error, together with the overshoot, becomes bigger. Since the prediction horizon
is de ned in time, the faster the vehicle, the earlier the intervention begins.

4.4 Conclusion

This chapter presented the novel parameter-free MPC-IMC cascade structure and detailed its
two loops. Then the envelope extension of the novel structure was presented, supplementing
the system in handling high dynamic situations. After that, three reference controllers
were introduced, and the proposed novel scheme was compared and evaluated in detail.
Finally, the envelope method was evaluated under high dynamic conditions. The new MPC-
IMC structure successfully answers the two main questions of the classical MPC structures.
It eliminates the tuning parameters from the system and, by using the nonlinear model,
provides robustness against additive and multiplicative errors.
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Figure 4.16: The phase-plane plot of the increasing speed test in the simulation

Figure 4.17: The state plot of the increasing speed test in the simulation
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Chapter 5

Integrated Lateral-longitudinal Path
Planning and Tracking Algorithm

This chapter details an extension of the previously presented cascade control structure by
completing the outer loop with a longitudinal velocity planning part, determining anuy
trajectory besides the yaw-rate trajectory. The novel structure also handles the lateral and
the longitudinal behavior of the vehicle in the inner loop, controlling the wheel torques be-
side the road wheel angle based on longitudinal acceleration and yaw acceleration references
calculated by the planner part. Additionally, the novel structure uses the tube-based path
representation (presented in Section 3.2), de ning the reference path using its border, pro-
viding broader possibilities for the controller. The presented new controller handles the path
as a constraint and performs local trajectory planning and tracking in one single system.

In the rst section, the problem formulation focuses on the advantages and the central
guestion of integrated systems. The modi ed control structure extends the lateral control
with the longitudinal direction in the following section, and the safety concept that can
be implemented using this integrated approach is detailed. Then, the sequential control
algorithm is proposed that integrates the local trajectory planning and trajectory tracking
problem based on the longitudinal velocity pro le generation. Finally, the simulation and
the real-time experiments are presented.

5.1 Problem Formulation

The advantage of the tube-based control problem is that the space of the possible solutions is
more extensive than in other approaches. In this case, the path is given by its borders and the
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centerline, so there is more room to nd an optimal solution. The main task is to de ne the
control goals properly. After the goal de nition, the solution should be formulated to remain
solvable in a real-time environment. The proposed method aims to gain as much safety as
possible, considering parameter and path uncertainties, disturbances, and extreme scenarios,
while reaching the destination within a nite time. If only the disturbances and parameter
uncertainties are considered, the safest solution results in the slowest maneuvers, spending
much time moving. However, the optimal solution for the second goal is the minimum time
problem when the destination is reached as fast as possible.

The main di culty is that these two goals are contradictory. The customers want per-
formance and e ciency, while safety, comfort, economy [Sou+18], and reliability also must
be ensured [Lam+17]. Finally, a multi-objective approach arises, where the balance between
the two opposing objectives must be maintained [FNG20]. This balance can be a parameter
describing the attitude of the controller prescribed by the passenger, making the vehicle
imitate di erent driving habits [Wo0+19]. However, priority can be assigned to the objec-
tives: safety is more important than the time spent with the displacement. Additionally, the
system to be handled is highly nonlinear.

The novel solution sets safety as the objective by minimizing the control e ort and ex-
panding it with speed requirements for the second objective. The prediction-based approach
handles the path with its borders and the physical limits of the vehicle as constraints. Only
one parameter has to be introduced to adjust how intensively considering the second require-
ment, the speed. One approach for the minimal e ort cost function is to calculate the work
invested into the lateral and longitudinal movement of the vehicle.

The lateral-longitudinal dynamics can be examined using the friction circle, presented
in Section 3.1.4. Physical and constructional constraints appear in the vehicle (the tire
driving and braking torques are maximalized). Due to these constraints, the expressions
of the lateral and longitudinal forces a ecting the COG can be simpli ed and separated by
introducing the rectangle approach. This dynamic decoupling leads to a sequential algorithm
that handles the lateral-longitudinal planning such that only the control e ort appears in
the cost function.

The longitudinal control e ort is the power of the wheel torques, which can be derived
based on Eqg. (3.36), from longitudinal force=,, given in the local frame of the vehicle.
According to Newton's second law, the longitudinal force is proportional to the longitudinal
acceleration @y):
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Fx = may, = muy: (5.1)

Therefore, the following equation was used in the minimization of the longitudinal control
e ort:

_ X
minPy, =min  &;: (5.2)
i=1
Concerning the lateral part, the lateral control e ort is written on the moment applied to
rotate the vehicle:

M=1, =1l (5.3)

The lateral cost function for the optimization is formulated, denoting the yaw acceleration
with
_ X
min P, = min 2: (5.4)
i=1

Due to the sequential approach, the velocity reference can be calculated independently
before the prediction-based lateral trajectory generation. Therefore, the linear state predic-
tion method presented in Chapter 3 can be used for the lateral behavior, which considers
the speed to be pre-de ned. Both the longitudinal and the lateral parts aim to minimize the
control energy invested into the vehicle, taking into account the physical limitations given
by the vehicle and the dynamic considerations. These methods use the prediction-based
approach with equidistant path steps for the horizon, parametrized by the step lengths
and the number of the steps\.

Knowing the safe-stop constraint and the speed limit, the maximal possible speed (de ned
by the local tra c rules or the passenger) can be set as the desired longitudinal velocity for
the vehicle. An additional constraint is needed for the minimal energy-based cost function
considering the longitudinal control to keep the vehicle moving. The speed control distance
is introduced, which determines the distancs,, where the vehicle aims to reach the desired
velocity. This parameter formulates the balance between the dual targets: comfort and
e ciency. The value of the speed control distance must satisfy the inequalities:

S<S,<Sy; (5.5)
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wheres,, denotes the length of the horizon. Therefore, the passenger chooses how dynamic
the longitudinal behavior is. Since the control horizon is discretized, and the speed control
distance is a limit in the state prediction, practicallyN di erent settings can be done:

su=k s; k2f1,2...;Ng: (5.6)

The selected step size that determines the control distance is denoted Ny.

The dynamic constraints are formulated using the maximal lateral acceleration de ned
by the friction rectangle and considering the curvature of the reference path. Since the
centripetal acceleration keeps the vehicle on the track, a limit can be calculated for the

speed from the curvature and the lateral acceleration limit:
r

2
U 0 Ay;lim |
ay = R ugc! Uy ~c (5.7)

whereR is the actual radius andc is the curvature given by the centreline of the tube path.

5.2 Extended Controller Structure

The cascade controller structure presented in Chapter 4 should be modied so that the
presented approach can be implemented within that framework. The extended cascade
control structure can be seenin Fig. 5.1. In the outer loop, the predictive, lateral-longitudinal
local planning and tracking algorithm is responsible for the behavior of the vehicle, handling
the multi-objective planning-tracking problem and generating the acceleration references for
the inner loop based on prediction, dealing with the tube path. The prediction horizon
de nes the look-ahead distance in meters, a constant parameter of the system. It is assumed
that the path on that horizon will not change, so only the track excluded from the horizon
can vary due to the tra c. The most trivial consideration of safety is that the vehicle should

be able to stop within the horizon. Together with the acceleration limits, this constraint
brings a speed limit into the system, named the safe-stop constraint.

The outer loop should determine the lateral-longitudinal behavior of the vehicle, provid-
ing (uxref , @and r ) for the inner loop. Like the lateral controller presented in Chapter 4,
the predictive approach is used with a receding horizon, so only the rst of the calculated
values is actuated. The inner loop structurally uses the time derivatives of these reference
signals, so the yaw acceleration reference« ) and the longitudinal acceleration reference
should be calculated:

Aref = Uxref (5.8)
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Figure 5.1: The updated cascade controller structure for the integrated lateral-longitudinal
control approach

and provided to that part, as can be seen in Fig. 5.1. This loop is responsible for robust
reference tracking, handling the lower control level of the vehicle, including the actuators
with its constraints.

The inner IMC part structurally performs a MIMO controller for the lateral and the
longitudinal behavior, as can be seen in Fig. 5.2. The input of this loop is the longitudinal
acceleration referencea...; ) and the yaw acceleration reference (s ), generated by the
predictive method. The wheel torque vector T;) controls the longitudinal, and the road
wheel angle the lateral behavior. In the physical implementation of the inner loop, the
lateral and the longitudinal parts are separated on the IMC controller level. Therefore it
has two independent loops, one for the robust lateral control, using the road wheel anglée (
as the control signal, and the other for the robust longitudinal control, using the motor and
brake torques {Tj). The IMC controller presented in Chapter 4 is used for the lateral part.

For the longitudinal controller, the wheel torques are actuated symmetrically, not gener-
ating rotational forces on the chassis, maintaining the lateral-longitudinal independence on
the lower level. The longitudinal velocity controller is structurally the same as the moment
controller. However, the control signal is the torque of the wheels, and the reference is the
acceleration. Its whole structure is built around the longitudinal force a ecting the center
of gravity. The longitudinal model is created using the dynamic equations of a rigid body
having three degrees of freedom in the global frame. The longitudinal force can be calcu-
lated directly from the wheel torques T;) using the approximation described by Eq. (3.36).
Therefore, the inverse of the longitudinal force controller is a simple linear expression:

Fx = m(aref ruy): (5.9)

The longitudinal acceleration used for the feedback loop is measured by sensors (IMU
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Figure 5.2: The IMC loop extension for robust longitudinal control

and GPS). It should be noted that the limitations of the system (rate limits and nal value

limits) are also applied after the model inverse, so the IMC handles this kind of nonlinearity.
The test vehicle has four breaks, and its rear wheels are driven, so the wheel torques are

calculated by an equable distribution from the vehicle torque calculated by the inverse:

8
< Tea jf Tq< O
To=Tp = * h
-0 otherwise
8 (5.10)
ST if Treq< 0
Tr| - Trr - . T4 req
req

otherwise

where subscriptdl; fr; rl; rr - denote the front-left, front-right, rear-left, and rear-right wheels,
respectively.

The di erence between the outputs of the model and the process is fed back through
an autoregressive lter to suppress measurement noises in the real-time application. The
discrete-time implementation of the Iter is the same as presented by Eq. (4.15). It should
be noted that the Iter parameters can be di erent for the lateral and the longitudinal IMC
loops.

5.3 Sequential Optimization Algorithm

The novel sequential optimization algorithm has three main steps responsible for transform-
ing the problem to eliminate tuning parameters by introducing the parts of the cost function
as constraints and creating physical phenomenon-based cost functions. The general solution
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Figure 5.3: The outline of the sequential optimization algorithm for the integrated planning
and tracking problem

for the model predictive control optimization problem de ned by Eq. (2.5) can be interpreted
by using the mathematical formulation:

min fl;A(Xl) ! min fl;B(Xl) ! min fZ(XZ;X]_); (511)
X12X1 X12X1 X22X 2

where the rst optimization, performed on a constrained setX ;), determines the feasible set
(X 1) for the second one, and the third optimization depends on the optimum of the previous
expression X ;) and also depends on its constraints{ ;). Each step includes an optimization
process for the horizon, two steps for the longitudinal part (where the variable x5, ), and one
for the lateral (denoted asx,). Figure 5.3 outlines these steps, representing the optimization
tasks with their cost function and the parameters needed to formulate the equality and
inequality constraints. First, the maximum feasible speed trajectory vector is determined
for the control horizon, using minimization over acceleration vectoa, considering speed
and safe-stop limits €1.4). Then, the minimal control e ort-based longitudinal trajectory

is de ned, considering the speed control distance (also called setting distance) constraint,
resulting in the longitudinal acceleration referencefg.g). This second step relies on the
output of the rst step since the maximum feasible speed trajectory is needed to create the
equality constraints of the second step. Finally, the derived velocity pro le and step times are
the inputs for the lateral optimization, which calculates the yaw rate pro le considering the
limitations of the vehicle and path constraints, resulting in the yaw rate derivative reference

(f2).
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5.3.1 Optimization-based Longitudinal Reference

The longitudinal reference generation has to deal with the longitudinal velocity limit (de ned
by the rules on the roads), the acceleration limits of the vehicle (determined by motor and
brake torque limitations), and the safe-stop constraint. The safe-stop constraint declares
that when the vehicle maximizes its speed, it can stop by the end of the horizos,| if
needed. The maximal braking force, so the maximal deceleration is known (see Chapter 3).
Therefore the speed limit can be expressed as:

p—
Uxs = 2Swaxlim ; (5.12)

whereuy.s denotes the safe limit for the longitudinal velocity.

There is a standard method to simplify the expressions and create a linear system with
linear constraints and cost functions in a discretized system [NV19]. This simpli cation is
performed by introducing a variable transformation with new variables for the rst and the
second derivatives of the state variable. For the longitudinal control, the position, the speed,
and the acceleration are the variables. The discretization is made based on the position, and
it should be assumed that the acceleration is constant during each step and the velocity is
positive:

bei = Ugis @i = Ui

Ug = U3 ;+2 sag; (5.13)
2 s
Uxi 1 + Uy;i ’
whereb,; denotes the square of the longitudinal velocity, and t stands for the elapsed time.
The minimal time cost function becomes a linear expression with these novel parameters.

ti:

The minimal energy cost function with the later introduced linear equality and inequality
constraints is a quadratic problem.

Time-optimal Solution

The time-optimal problem determines the maximal feasible speed reference trajectory for
the second step. This problem is solved by writing up the problem for the input vector:

ay =[ag1; a2 e ] (5.14)

The elapsed time calculation formula can be the cost function for the minimal time:
X 1 S

t=2  p—>P

i=1 t:3(;i + l:3<;i +1

; (5.15)
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which can be changed [NV19] so that the following linear programming (LP) problem can

be de ned:
b\
max 2 B

ax .
i=1

sitt by = b t2a S; (i=1;2...;N)

b u)zl;max ; (i=1;2;,...;N) (5.16)
B ay;clﬂ; (i=1;2;...;N)
b 2Sy Ax;max ; (1=1;2,...;N);

where the rst equality constraint corresponds to the state equation, and the three inequal-
ity constraints are the maximal velocity constraint, curvature constraint, and safe-stop con-
straint. If this optimization is solved, the velocity bound vector , containing the velocity
pro le for the minimal time solution, can be calculated using the second expression of Eq.
(5.13), which is needed for the second optimization.

Minimal Longitudinal Energy Solution

The minimal longitudinal energy, also called the minimal control e ort problem, uses the
previously introduced novel variables and almost the same problem formulation as the pre-
vious optimization with two signi cant changes. The cost function of this optimization aims
to minimize the control e ort used over the horizon. This results in a quadratic cost func-
tion, including acceleration. Compared to the time-optimal solution, an additional equality
constraint is de ned to enforce the speed limit at the control distance. Finally, quadratic
programming (QP) optimization problem can be formulated:

- X
min a2,
ax !
1

sitt by = b t2a¢ s; (1=1;2..;N)

B U ma (i=1;2...;N)

B uyqﬂ (i=1:2..:N) (5.17)
Bei  2Swaxmax (i=1;2..;N)

bon, = l%lu

b(;N = ,313

After solving this optimization, the velocity vector, u,, and the time step vectorT can
be calculated using the second and third expressions of Eq. (5.13). The processes of the
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Figure 5.4: The result of the rst two steps: the maximal available speed (red) and the
output of the second optimization created with two di erent control distances (blue and
green)

two steps are illustrated in Figure 5.4. The rate limit determines the nal speed reference
trajectory, the maximal speed, the control distance, and the curvature of the path (resulting
in the half-circle cut in the middle). According to the receding horizon approach, the rst

element of the optimal acceleration vector is set to be the input for the inner loop:

Ayref = Ax:1- (5.18)

The calculated vectors are inputs for the third optimization problem.

5.3.2 Optimization-based Lateral Reference

The lateral part handles the tube path as a constraint: the vehicle should stay between the
borders. The nal state values (position and relative orientation) of the horizon vector are
also set so that the vehicle tends to the centerline of the path.

The problem is handled based on the yaw rate, forming a vector as the input for the
optimization:

=[ 1 2z N (5.19)

It should be noted that due to the receding horizon approach, only the rst element of
the optimal solution vector is actuated. The cost function aims to minimize the control
e ort invested into the rotation of the vehicle calculating yaw acceleration. This results in a
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guadratic cost function so that using the linearized model for the constraints, the quadratic
programming (QP) problem can be formulated:

X
min
i=1
st wy <di( ) <wy; (1=1;2..,;N)
pn( ) =0 (5.20)
dv( )=0
j ij max 1 (i:1;2;...;N)
IEC)l Tmax(ugi); (1=1;2..,N);

where the rst inequality and the equality constraints refer to the tube path, using the
linearized prediction expression of the unicycle vehicle model introduced in Chapter 3. The
last two inequalities constrain the yaw-rate trajectory. The derivative limit is set by the
capacity of the road wheel actuator, and the maximal value is speed-dependent, set by the
limitations of the vehicle (determined by vehicle geometry and the min-max value of the
road wheel angle).

The equality and inequality constraints for the state variablesd and ) on the control
horizon are determined by using the linearized expressions derived in Chapter 3. After
solving the optimization, the rst value of the optimal vector is chosen to be the yaw rate
derivative reference for the inner loop:

fref = 1 (5.21)

Therefore, the two-looped structure can be implemented and tested.

5.4 Simulation and Experiment Results

In this section, the simulation and the real-time experiment results are presented. Both were
performed using the controller parameters gathered in Table 5.1.

5.4.1 Simulation Results

The simulation measurements aim to test the robustness of the algorithm against external
and internal parameter changes. The e ect of the mass and inertia change as internal and
the vehicle-road friction coe cient as an external parameter was examined on di erent test
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Table 5.1: Parameters of the controller

Name Description Value
fe Control frequency 50 Hz
Sw Length of the horizon 30m
N Number of prediction steps 30
lat Lateral Iter parameter 0.3
lon Longitudinal Iter parameter 0.2

paths. In all simulations, the longitudinal velocity constraint was set to beN,, = 30, focusing
on the most comfortable case.

Firstly, the vehicle performed a double lane change maneuver, initialized with the speed
given by the safe-stop constraint. The mass and inertia parameters of the 12DOF vehicle
model in the simulation were changed without modifying the model parameters in the con-
troller. The results of three di erent parameter sets were compared: nominal parameters,
their increased and decreased value B})and % times the nominal value. The results of this
examination can be seen in Fig. 5.5. The IMC controller can successfully compensate for the
parameter changes signi cantly in the longitudinal behavior. The wheel torques are adjusted
to compensate for the parameter changes. The lateral paths are pretty similar, as can be
seen by the overlapping trajectories.

The second test examined the e ect of an internal parameter change by testing the
algorithm with a reduced vehicle-to-road friction coe cient. The reference path is a turning
tube generated with the sinusoidal lateral reference. Two maneuvers are compared with high

and low . High ( = 1) simulates the contact between the dry asphalt and a perfect
wheel tire. The low value ( = 0:6) represents the contact situation between wet asphalt
and worn tires. The comparison between the low and the high maneuvers can be seen
in Fig. 5.6. The algorithm compensates for this parameter change with adjustments on the
steering wheel and the longitudinal force. Only the low path runs on a slightly higher
radius after the apex of the curve.

Overall, the simulation results show that the proposed algorithm can successfully perform
the basic maneuvers even if the parameters of the controller are not describing the real world
accurately. This ability is crucial concerning the stability and reliability of autonomous
vehicles.
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Figure 5.5: Examining robustness to internal parameter changes in the simulation

5.4.2 Test Results

In the real-time experiments, the main focus was to examine the e ect of parametsy on
the behavior of the vehicle. The test path is a special spiral with one round to illustrate the
starting and stopping maneuvers of the longitudinal constraints. The path was generated
using the sinusoid curve representation presented in Chapfér 3, including several parts imi-
tating di erent scenarios: double lane change (DLC) maneuver, slalom among three cones,
and two turns with di erent sharpness. The di erent parts are analyzed in detail.

The main e ect of the change ofs, on the behavior of the vehicle can be seen in Fig.
5.7. The longitudinal velocity and the required wheel torques are plotted for the entire path.
With the increase ofs,, the control signal of wheel torques becomes smoother while the
speed changes more slowly. For the largest longitudinal speed constraint, the vehicle does
not even reach its maximal value on the straight parts of the track. Figure 5.7 also illustrates
the safe-stop rule since the vehicle stopped at the end of the track.

The DLC part can be seen in Fig. 5.8. The e ect of, is conspicuous on the straight
part of the lane change maneuver. The more minor parameter results in more intensive
break-torque actuation: the vehicle accelerates in the small straight part of the path during
the lane change. It can also be observed that the highsy results in lower yaw rate absolute
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Figure 5.6: Examining robustness to external parameter changes in the simulation

values in both turning directions (ats = 38 and s = 65).

The slalom maneuver also illustrates the acceleration-deceleration ability and willingness
of the longitudinal part, as can be seen in Fig. 5.9. The shortest preview path included the
most intensive torque dosage. The limit of comfort concerning the passengers was passed,
so comfort was sacri ced in favor of speed or time. The e ect &, on the lateral behavior
becomes emphasized during the slalom maneuver. Figure 5.10 shows that with the smaller
speed constraint length, the vehicle tends to go on a smoother trajectory that is straighter.

Summing up, the measurement results supported the proposed method. The noise sup-
pression was successful concerning the e ects created by the real environment. Thanks to
the problem formulation, the sequential optimizations and the solver for the nonlinear model
can be performed in a real-time environment. The e ect of the longitudinal constraint length
on the control signals was examined and compared to have an overview of how to determine
the constraint length parameter.

77






	Introduction
	Related Works
	Overview of Autonomous Vehicles
	Optimization Problems
	Control-related Problems
	Control Methods and Objectives
	Model Predictive Control (MPC) Methods
	Internal Model Control (IMC) Methods


	Modeling Considerations and Measurement Environments
	Modeling Considerations
	System Frames
	Tire Models for Lateral Forces
	Vehicle Models
	Vehicle Dynamics Analysis

	Path Description
	Simulation Framework
	Real-time Environment
	Testing Methods
	Test Tracks and Test Cases
	Evaluation Methods


	The MPC-IMC Structure
	Cascade Structure
	MPC Part
	IMC Loop

	Envelope-based Control
	Simulation and Experiment Results
	MPC Controllers for Comparison
	Comparison with the MPC Controllers in Simulation
	Envelope-based MPC-IMC Control

	Conclusion

	Integrated Lateral-longitudinal Path Planning and Tracking Algorithm
	Problem Formulation
	Extended Controller Structure
	Sequential Optimization Algorithm
	Optimization-based Longitudinal Reference
	Optimization-based Lateral Reference

	Simulation and Experiment Results
	Simulation Results
	Test Results

	Conclusion

	Multi-actuator Control
	Extended Controller Structure for the Underdetermined Problem
	IMC-based Control Allocation
	Longitudinal Reference Generation

	Min-max Optimization Algorithm
	Optimization Problem
	Cost Functions
	Control Algorithm Description

	Simulation and Experiment Results
	Comparison with the State-of-the-art Solutions
	Comparison of the Two Cost Functions in Real-time Experiments

	Conclusion

	Summary and Conclusion
	Conclusion
	Statement of Contribution
	Thesis I
	Thesis II
	Thesis III

	Future Works


