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SUMMARY

This thesis addresses the challenge of controlling automated vehicles performing evasive
manoeuvres at the limit of handling. Special attention is paid to the development of nonlinear
controllers, which can prioritise obstacle avoidance over path tracking objectives while
considering vehicle stability constraints, to improve passenger safety. The goal of this
work is to develop the entire pipeline for obstacle avoidance controllers, focusing on three
aspects: vehicle state estimation, collision avoidance and control beyond the stable handling
limits, e.g. drifting. Vice-versa, this work does not aim to enhance motion planning or
obstacle detection algorithms. First, a brief introduction to automated vehicles is provided
to highlight their advantages and limitations. Subsequently, the introduction presents the
operating principles of vehicle collision avoidance controllers, focusing on ensuring that
automated vehicles can adeptly avoid obstacles in normal driving as well as the limits of
handling. This capability is essential for maximising safety not only in normal driving but
especially in emergency driving scenarios.

Active vehicle controls and collision avoidance systems play a crucial role in maintaining
vehicle stability and enhancing safety, particularly when avoiding obstacles at the limit of
handling. These systems rely on accurate vehicle sideslip angle and yaw rate information to
ensure stability and controllability. A high sideslip angle indicates that the vehicle is nearing
or has exceeded its handling limits, a condition where traditional control strategies may no
longer suffice to prevent a loss of control. While low-cost gyroscopic sensors can directly
measure the yaw rate, the vehicle sideslip angle typically needs to be estimated. Therefore,
this thesis first focuses on the vehicle sideslip angle estimation. This thesis combines the
accuracy of data-driven approaches, such as neural networks, in operational conditions they
have been trained on with the robustness and reliability of physics-based models in unseen
emergency scenarios. A novel physics-informed data-driven vehicle sideslip angle estimator
is proposed, which leverages the physical knowledge from an Unscented Kalman Filter based
on a nonlinear single-track vehicle model to enhance the estimation accuracy of a neural
network. The hybrid approach employs a mutual relationship between the model-based and
data-driven approaches enforced by the end-to-end training. The proposed architecture is
developed on a large-scale experimental dataset of 216 manoeuvres, which contains a great
diversity of vehicle behaviours. The results show a notable improvement in the accuracy
of the proposed architecture compared to the current state-of-the-art hybrid approaches.
Furthermore, the architecture demonstrates significant robustness even when trained on a
limited dataset.

The thesis then explores how the vehicle dynamics and stability information can be
leveraged to improve automated vehicles’ ability to perform evasive manoeuvres. Generally,
collision avoidance algorithms are based on a hierarchical controller architecture, which
separates motion planning, path tracking, and vehicle stability tasks. Although each task can
be optimised separately, in an evasive manoeuvre, the three objectives could be in conflict
with each other. For instance, the vehicle stability constraints could lead to tracking errors,
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potentially causing collisions. Therefore, to avoid potential conflict, a Model Predictive
Contouring Control (MPCC) based on a nonlinear single-track vehicle model is proposed.
The proposed approach integrates all the controllers’ objectives into a single cost function
and, if needed, modifies the desired trajectory to keep the vehicle stable and at a safe distance
from the obstacle. To address this, the proposed MPCC computes a desired steering angle
and a force at the vehicle’s centre of gravity, which is used to brake and accelerate. Results
in a high-fidelity simulation environment prove an enhanced performance in a double-lane
change for vehicle obstacle avoidance at the limit of handling on a high friction surface. The
proposed controller’s performance is experimentally validated by performing a double-lane
change evasive manoeuvre on a low friction surface using a TU Delft experimental Toyota
Prius. Furthermore, the validation proves the robustness of the proposed MPCC to different
road friction coefficients.

Following this, the thesis analyses how the recent development of new electric power-
trains can be used in vehicle collision avoidance controllers to increase automated vehicle
safety. In particular, a focus is put on vehicles employing multiple in-wheel electric motors.
For this reason, the previously developed MPCC is extended to consider torque vectoring
capabilities to improve the vehicle’s lateral agility at the limit of handling. This is achieved
thanks to the adoption of a double-track vehicle based on an extended Fiala tyre model
while maintaining real-time feasibility on a rapid prototyping platform. Results show that
the proposed approach successfully avoids obstacles and maintains vehicle stability in a
high-fidelity simulation environment validated with experimental data collected at a proving
ground. Extended Monte Carlo analyses demonstrate the controller’s robustness to variations
in vehicle parameters, electric motor delay, road friction, perception accuracy, number of
false negatives in the perception stack, and localisation errors. Particularly relevant is the
statistical assessment of how each variation impacts performance. The sensitivity analysis re-
veals that tyre parameters, along with obstacle localisation accuracy, are the most influential
factors affecting the controller’s performance.

Building on this, the thesis delves into strategies for mitigating the impact of tyre model
mismatches on the performance of the MPCC. To address this, a Learning-based Model
Predictive Contouring Control approach is proposed, utilising a Student-t Process (STP)
to predict mismatches between the prediction model and the vehicle measurements. The
selected measurements are the yaw rate, measured by the inertial measurement unit and
the lateral tyre forces measured by intelligent (force-sensing) bearings. Unlike traditional
approaches that focus on vehicle velocity states, the proposed method directly reduces
mismatches in the tyre model, improving the controller’s pro-activity. This results in
successfully performing evasive manoeuvres at a higher velocity than the current state-of-
the-art MPCC. The algorithm uses the STP not only to minimise model mismatches but
also to evaluate the associated uncertainties. These are then propagated in the prediction
horizon and employed in the MPCC cost function, where they are minimised. By doing so,
the proposed controller reduces the vehicle’s operating time in unstable conditions. As a
result, the proposed approach performs evasive manoeuvres with greater stability than the
current state-of-the-art learning-based MPCC.

Subsequently, the thesis aims to prove the capability to control and stabilise a vehicle
beyond the stable handling limits. A novel approach to automated drifting with a standard
passenger vehicle based on a Nonlinear Model Predictive Control is proposed. The proposed
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architecture is split into three components. The first part consists of the offline computed
equilibrium maps, which provide the equilibrium points for each vehicle state given the
desired sideslip angle and radius of the path. The second is the predictive controller, which
minimises the errors between the equilibrium and actual vehicle states. The third is a path-
following controller, which reduces the path error, altering the equilibrium curvature path.
This thesis experimentally verifies the correspondence between the vehicle state equilibria
computed using a nonlinear single-track model and those measured in a proving ground.
Experiments with a standard passenger vehicle demonstrate that the proposed approach
can achieve and maintain a desired 30 degree sideslip angle in both high and low friction
conditions in real-world testing.

In conclusion, this thesis introduced innovative and robust solutions to key challenges
in obstacle avoidance control for automated driving. By addressing the complexities of
tyre-road nonlinearities, uncertainties in perception and localisation, and the control of
vehicles beyond stable handling limits, the proposed framework advances the safety and
robustness of automated vehicles.
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SAMENVATTING

Dit proefschrift behandelt de uitdaging van het besturen van geautomatiseerde voertuigen die
ontwijkende manoeuvres uitvoeren op de limiet van handelbaarheid. Bijzondere aandacht
gaat uit naar de ontwikkeling van niet-lineaire regelaars die obstakelvermijding kunnen
prioriteren boven baanvolgingsdoelen, terwijl ze rekening houden met stabiliteitsbeperkingen
van het voertuig om de veiligheid van passagiers te verbeteren. Het doel van dit werk is
het ontwikkelen van de volledige pijplijn voor obstakelvermijdingsregelaars, met focus
op drie aspecten: voertuigtoestandschatting, botsingsvermijding en controle voorbij de
stabiele limiet van handelbaarheid, bijvoorbeeld driften. Omgekeerd is het niet de bedoeling
van dit werk om bewegingsplanning of obstakeldetectie-algoritmen te verbeteren. Eerst
wordt een korte introductie gegeven over geautomatiseerde voertuigen om hun voordelen en
beperkingen te benadrukken. Vervolgens presenteert de introductie de werkingsprincipes
van botsingsvermijdingsregelaars voor voertuigen, met de nadruk op het garanderen dat
geautomatiseerde voertuigen behendig obstakels kunnen vermijden tijdens normaal rijden
en op de limiet van handelbaarheid. Deze capaciteit is essentieel voor het maximaliseren
van de veiligheid, niet alleen tijdens normaal rijden maar vooral in noodsituaties.

Actieve voertuigbesturingen en botsingsvermijdingssystemen spelen een cruciale rol
bij het handhaven van voertuigstabiliteit en het verhogen van de veiligheid, vooral bij het
vermijden van obstakels op de limiet van handelbaarheid. Deze systemen zijn afhankelijk van
nauwkeurige informatie over de zijsliphoek en giersnelheid van het voertuig om stabiliteit
en bestuurbaarheid te waarborgen. Een hoge zijsliphoek geeft aan dat het voertuig zijn
limiet van handelbaarheid nadert of heeft overschreden, een toestand waarin traditionele
regelstrategieén mogelijk niet langer volstaan om verlies van controle te voorkomen. Terwijl
goedkope gyroscopische sensoren de giersnelheid direct kunnen meten, moet de zijsliphoek
van het voertuig doorgaans worden geschat. Daarom richt dit proefschrift zich eerst op de
schatting van de zijsliphoek van het voertuig. Dit proefschrift combineert de nauwkeurigheid
van data-gedreven aanpakken, zoals neurale netwerken, in operationele omstandigheden
waarmee ze zijn ontwikkeld, met de robuustheid en betrouwbaarheid van fysisch-gebaseerde
modellen in nieuwe noodscenario’s. Een nieuw fysica-geinformeerde, data-gedreven schat-
ter voor de zijsliphoek van het voertuig wordt voorgesteld, die de fysieke kennis uit een
Unscented Kalman Filter, gebaseerd op een niet-lineair sinlge-track voertuigmodel, benut
om de schattingsnauwkeurigheid van een neuraal netwerk te verbeteren. De hybride aanpak
maakt gebruik van een wederzijdse relatie tussen de modelgebaseerde en data-gedreven
benaderingen, afgedwongen door de end-to-end optimalisatie. De voorgestelde architectuur
is geoptimaliseerd met een grootschalige experimentele dataset met 216 manoeuvres, die
een grote diversiteit aan voertuiggedragingen bevat. De resultaten tonen een aanzienlijke
verbetering in de nauwkeurigheid van de voorgestelde architectuur vergeleken met de huidige
state-of-the-art hybride benaderingen. Bovendien vertoont de architectuur significante robu-
ustheid, zelfs wanneer geoptimaliseerd met een beperkte dataset.
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Het proefschrift verkent vervolgens hoe de informatie over voertuigdynamica en sta-
biliteit kan worden benut om het vermogen van geautomatiseerde voertuigen te verbeteren
bij het uitvoeren van ontwijkende manoeuvres. Over het algemeen zijn botsingsvermijd-
ingsalgoritmen gebaseerd op een hiérarchische regelaararchitectuur, die bewegingsplanning,
baanvolging en voertuigstabiliteitstaken scheidt. Hoewel elke taak afzonderlijk kan worden
geoptimaliseerd, kunnen bij een ontwijkende manoeuvre de drie doelstellingen met elkaar
in conflict komen. Bijvoorbeeld, de voertuigstabiliteitsbeperkingen kunnen leiden tot vol-
gfouten, wat mogelijk tot botsingen kan leiden. Daarom wordt, om potentiéle conflicten
te vermijden, een Model Predictive Contouring Control (MPCC) voorgesteld, gebaseerd
op een niet-lineair single-track voertuigmodel. De voorgestelde aanpak integreert alle doel-
stellingen van de controllers in een enkele kostfunctie en past, indien nodig, het gewenste
traject aan om het voertuig stabiel te houden en op veilige afstand van het obstakel. Om
dit te bereiken, berekent de voorgestelde MPCC een gewenste stuurhoek en een kracht
op het zwaartepunt van het voertuig, die wordt gebruikt om te remmen en te accelereren.
Resultaten in een hoogwaardige simulatieomgeving bewijzen een verbeterde prestatie in een
dubbele rijstrookwissel voor voertuigobstakelvermijding op de limiet van handelbaarheid
op een oppervlak met hoge wrijving. De prestaties van de voorgestelde regelaar worden
experimenteel gevalideerd door het uitvoeren van een dubbele rijstrookwissel ontwijkende
manoeuvre op een oppervlak met lage wrijving met behulp van een experimentele Toyota
Prius van de TU Delft. Bovendien bevestigt de validatie de robuustheid van de voorgestelde
MPCC voor verschillende wegwrijvingscoéfficiénten.

Vervolgens analyseert dit proefschrift hoe de recente ontwikkeling van nieuwe elek-
trische aandrijflijnen kan worden ingezet in botsingsvermijdingsregelaars om de veiligheid
van geautomatiseerde voertuigen te verhogen. In het bijzonder wordt de focus gelegd op vo-
ertuigen met meerdere in-wiel elektromotoren. Om deze reden wordt de eerder ontwikkelde
Model Predictive Contouring Control (MPCC) uitgebreid om rekening te houden met kop-
pelverdeling (torque vectoring) capaciteiten, met als doel de laterale wendbaarheid van het
voertuig op de limiet van handelbaarheid te verbeteren. Dit wordt bereikt door de toepassing
van een double-track voertuigmodel gebaseerd op een uitgebreid Fiala-bandenmodel, terwijl
de real-time uitvoerbaarheid op een rapid prototyping platform behouden blijft. De resultaten
tonen aan dat de voorgestelde aanpak obstakels succesvol vermijdt en de voertuigstabiliteit
handhaaft in een hoogwaardige simulatieomgeving, gevalideerd met experimentele data
verzameld op een testcircuit. Uitgebreide Monte Carlo-analyses demonstreren de robuustheid
van de regelaar tegen variaties in voertuigparameters, wegwrijving, perceptienauwkeurigheid,
het aantal fout-negatieven in perceptiesysteem en localisatiefouten. Bijzonder relevant is de
statistische beoordeling van hoe elke variatie de prestaties beinvloedt. De gevoeligheidsanal-
yse onthult dat bandparameters, samen met de nauwkeurigheid van obstakellocalisatie, de
meest invloedrijke factoren zijn die de prestaties van de regelaar beinvloeden.

Voortbouwend hierop verdiept het proefschrift zich in strategieén om de impact van
het verschil in bandmodel op de prestaties van de MPCC te verminderen. Om dit aan te
pakken, wordt een op leren gebaseerde Model Predictive Contouring Control-benadering
voorgesteld, waarbij een Student-t-proces (STP) wordt gebruikt om verschillen tussen het
voorspellingsmodel en de voertuigmetingen te voorspellen. De geselecteerde metingen
zijn de giersnelheid, gemeten door de inerti€le meeteenheid (IMU), en de laterale band-
krachten, gemeten door intelligente (kracht-sensorische) lagers. In tegenstelling tot tradi-
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tionele benaderingen die zich richten op snelheidstoestanden van het voertuig, vermindert de
voorgestelde methode direct verschillen in het bandmodel, wat de proactiviteit van de rege-
laar verbetert. Dit resulteert in het succesvol uitvoeren van ontwijkende manoeuvres bij een
hogere snelheid dan de huidige state-of-the-art MPCC. Het algoritme gebruikt de STP niet
alleen om modelverschillen te minimaliseren, maar ook om de bijbehorende onzekerheden te
evalueren. Deze worden vervolgens gepropageerd in de voorspellingshorizon en toegepast in
de kostfunctie van de MPCC, waar ze worden geminimaliseerd. Door dit te doen, vermindert
de voorgestelde regelaar de tijd dat het voertuig in onstabiele omstandigheden opereert. Als
gevolg hiervan voert de voorgestelde benadering ontwijkende manoeuvres uit met grotere
stabiliteit dan de huidige state-of-the-art op leren gebaseerde MPCC.

Daaropvolgend heeft dit proefschrift tot doel de mogelijkheid aan te tonen om een voer-
tuig te besturen en te stabiliseren voorbij de stabiele limieten van handelbaarheid. Een nieuwe
benadering voor geautomatiseerd driften met een standaard personenvoertuig, gebaseerd op
een niet-lineaire modelvoorspellende regelaar, wordt voorgesteld. De voorgestelde archi-
tectuur is opgedeeld in drie componenten. Het eerste deel bestaat uit de offline berekende
evenwichtskaarten, die de evenwichtspunten voor elke voertuigtoestand leveren, gegeven
de gewenste zijsliphoek en de straal van het pad. De tweede is de voorspellende regelaar,
die de fouten tussen de evenwichtstoestand en de werkelijke voertuigtoestand minimaliseert.
De derde is een padvolgregelaar, die de padfout vermindert door de evenwichtskromming
van het pad aan te passen. Dit proefschrift verifieert experimenteel de overeenkomsten
tussen de toestandsevenwichten van het voertuig berekend met behulp van een niet-lineair
single-track model en die gemeten op een testcircuit. Experimenten met een standaard
personenvoertuig tonen aan dat de voorgestelde benadering een gewenste zijsliphoek van 30
graden kan bereiken en handhaven onder zowel hoge als lage wrijvingsomstandigheden in
tests in de praktijk.

Concluderend heeft dit proefschrift innovatieve en robuuste oplossingen geintroduceerd
voor belangrijke uitdagingen in obstakelvermijdingscontrole voor geautomatiseerd rijden.
Door de complexiteiten van band-weg niet-lineariteiten, onzekerheden in perceptie en
lokalisatie, en de controle van voertuigen voorbij de stabiele limiet van handelbaarheid aan te
pakken, verbetert het voorgestelde kader de veiligheid en robuustheid van geautomatiseerde
voertuigen.






INTRODUCTION

Consider well the seed that gave you birth:
you were not made to live your lives as brutes,
but to be followers of worth and knowledge

Canto XXVI, Inferno, The Divine Comedy, Dante Alighieri
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HE vision of automated vehicles (AV) has captivated people all over the world, driven by
T the goal of achieving a "zero fatalities" future. Automated driving technology aims to
revolutionise transportation by eliminating human error. Advances in artificial intelligence,
motion planning, and vehicle control are rapidly propelling this vision forward, making
automated vehicles an increasingly attainable reality. For instance, in 2015, Mr. Elon Musk,
CEO of Tesla Motors, predicted his cars would be capable of "complete autonomy" by
2017 [1]. General Motors said in 2018 that it would launch a fleet of cars without steering
wheels or pedals in 2019. Waymo, the Alphabet subsidiary widely seen as the industry
leader, committed itself to launching a driverless taxi service in Phoenix at the end of 2018
[1]. Together with the increased expectations, from 2014 to 2017, investment in automated
vehicle technology increased to 80 billion [2], with accompanying spikes in acquisitions,
publications, patents, and media coverage. However, recent history has shown that the arrival
of fully automated vehicles was overestimated, and only incremental advancements, like
lane-keeping and automatic parking, are currently widespread in the automotive market.
A series of self-driving car accidents dampened expectations, and market valuations have
adjusted accordingly. Waymo has faced delays, leading to a reduced valuation by 40 %
in 2019 [3]. The unforeseen challenges, such as frequent disengagements, revealed the
limits of the technology, causing the industry to follow a typical hype cycle, from inflated
expectations to disillusionment, see Fig 1.1.

Despite setbacks delaying the widespread deployment of automated vehicles, the mo-
bility community continues to agree that automated driving has the potential to reshape
transportation [5]. For instance, in June 2024, Waymo launched its fully operational robotaxi
service for the public in San Francisco [6], with plans to expand the service to Austin and
Atlanta by 2025 [7]. These recent advancements highlight the interest in automated driving
to deliver new levels of safety and convenience to consumers and generate value within the
automotive industry.

This chapter first provides an overview of what constitutes an automated vehicle and
how such technologies can enhance vehicle safety. It then explores how automated vehicles
improve safety during emergency manoeuvres. Finally, the chapter presents this thesis’s
contributions to advancing the safety of automated vehicles in emergency situations.

Peak of Inflated
Expectations

Slope of
Enlightenment

Plateau of
Productivity

Expectations

Automated

Vehicles
Innovation Trough of
Trigger Disillusionment
Time

Figure 1.1: The Gartner hype cycle [4].
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1.1 AUTOMATED VEHICLES

In 2018, the Society of Automotive Engineers (SAE) introduced a classification system for
automated driving, known as SAE J3016, which defines six levels of automation [8]. These
levels are as follows:

* Level O (LO, manual driving): The vehicle lacks any form of driving automation
technology, and the driver is responsible for all tasks.

e Level 1 (L1, driver assistance): Some systems assist with specific driving tasks, such
as acceleration, braking, or steering. An example is adaptive cruise control.

e Level 2 (L2, partial driving automation): Vehicles at this level provide partial automa-
tion, taking over acceleration, braking, and steering in specific scenarios while the
driver remains engaged. Examples are the adaptive cruise control plus lane keeping or
the Tesla Autopilot [9].

e Level 3 (L3, conditional driving automation): The vehicle can independently manage
all driving tasks under certain conditions, but the driver must be ready to take control
when requested by the system. An example is the Drive Pilot for highways by
Mercedes [10].

* Level 4 (L4, high driving automation): These vehicles can fully control all driving
tasks without human intervention, but their operation is typically limited to specific
conditions or predefined areas, such as certain weather conditions or geographic zones
(e.g., designated routes). For instance, Waymo robotaxi [6].

» Level 5 (L5, full driving automation): This level represents full automation, where the
vehicle can operate independently in any conditions or environment without the need
for human oversight.

Currently, Level 2 (partial automation) and Level 3 conditional driving automation
are the prevailing standards among many automakers, where vehicles still rely on human
attention and intervention. However, the widespread interest from diverse societal groups
can likely be attributed to the anticipated and promised advantages of fully automated
(Level 5) vehicles. Broadly speaking, the most commonly envisioned benefits can be split
into three key categories: safety, comfort, and economic impact [11-13]. This thesis will
focus on the widely recognised argument that traffic safety is the primary justification
for the introduction of self-driving cars [14, 15]. Driver error is the leading cause in
approximately 94 % of motor vehicle crashes, according to the National Motor Vehicle
Crash Causation Survey (NMVCCS) conducted by the National Highway Traffic Safety
Administration, [16]. Currently, vehicle active safety systems, e.g. autonomous emergency
braking, lane departure warning, and electronic stability control, help mitigate the human
risk factor in vehicle collisions and have been effective in reducing the types of crashes
[17]. Only fully automated vehicles (Level 5 automation) could potentially eliminate all the
crashes resulting from human error [18]. Unlike humans, AVs are not limited by perceptual
shortcomings and are immune to risks such as distraction, inattention, alcohol impairment,
or incapacitation [19]. However, AV behaviour will still be programmed by humans, often
modelled on idealised human driving behaviour to ensure acceptance by riders and other
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road users [20]. This leads to the crucial task of examining the role of human error in
crash causation. Using data from the NMVCCS, crashes can be attributed to five driver
factors: sensing and perceiving (failure to recognise hazards), predicting (misjudgement of
other vehicles’ behaviour), planning/deciding (poor decision-making related to traffic laws),
execution/performance (inadequate vehicle control), and incapacitation (impairment due to
alcohol or other causes) [19]. Given the expected superior perception capabilities of AVs and
their immunity to incapacitation, it is expected that a significant portion of crashes caused
by these two factors could be prevented by AV technology. However, research indicates
that approximately 67 % of crashes may still persist even when the sensing/perception and
incapacitation categories are removed from the causes, but were not designed to avoid other
types of human error, particularly planning/deciding (41 %), execution/performance (23 %),
and predicting (17 %) factors [19].

Therefore, this thesis specifically addresses potential crashes related to the decision-
making and execution performance of the driver. Particular attention is placed on the
most dangerous scenarios, such as incorrect evasive actions when the vehicle is subjected
to a high lateral acceleration [21]. A key contributor to these potential collisions is the
complexity of vehicle behaviour in these situations. At the limits of handling, vehicle
dynamics become highly nonlinear due to the interaction between the tyres and the road
surface. This nonlinearity is further complicated by variable factors like road conditions
(e.g., wet, icy, or dry surfaces) and by the coupling between longitudinal and lateral forces,
making precise vehicle control extremely challenging. Most drivers, except for highly
trained professionals, lack the experience or skill to execute effective evasive actions in
emergencies, particularly when the vehicle approaches or exceeds its handling limits. To
address this, the thesis focuses on developing an advanced obstacle avoidance controller
as part of the automated vehicle control system. This critical component is responsible
for vehicle state estimation to assess stability and controllability, vehicle motion control
for obstacle avoidance at the limit of handling with a focus on prioritising safety over path
tracking and stability, and automated drifting to stabilise and control the vehicle beyond the
stable handling limits or at high sideslip angles. By developing these solutions, the thesis
aims to bridge the gap in automated vehicle safety during emergency manoeuvres, providing
a robust system capable of safely performing evasive actions in the most challenging driving
conditions.

1.2 SCOPE OF THIS THESIS

A UTOMATED vehicles have proven they can effectively reduce the number of injury-
causing crashes in the first ~ 35 million km driven fully automated by Waymo [22, 23].
Although the relatively low number of crashes involving automated vehicles makes it
difficult to statistically analyse collision types, there is broad consensus that events leading to
potential high-severity collisions are rare in real-world driving [24, 25]. However, the primary
challenge for AV design lies not only in reducing actual collisions but in effectively managing
potential high-severity collision scenarios. These high-risk events, though infrequent, are
critical for ensuring safety and demand superior performance from the system. While AVs
can already excel in routine driving, high-severity situations push the system to respond to
rare but critical events that significantly impact overall safety outcomes [22, 24, 25].

An example of these critical situations is when a vehicle, person, or object may suddenly
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appear in front of a car, leaving insufficient distance to avoid a crash through emergency
braking alone. In such cases, an evasive manoeuvre involving precise steering is necessary.
An abrupt movement of the steering wheel in an attempt to avoid the obstacle can result in
loss of control, causing the vehicle to spin or collide with other cars [19, 26]. Automated
vehicles face similar challenges when performing evasive manoeuvres because most driving
technologies are programmed for moderate lateral accelerations and standard, smooth
manoeuvres. However, vehicle dynamics change significantly during extreme manoeuvres,
with the tyres entering a nonlinear operating mode that cannot be accurately measured by
standard sensing technologies [27]. For this reason, there is strong interest in new sensor
technologies that can provide accurate tyre-road force estimation during both regular and
extreme manoeuvres. Recent examples include intelligent bearings developed by SKF [28—
30], and Intelligent/Cyber tyres by Pirelli [31-33]. Simulations have shown that utilising
this technology for proactive wheel slip control in anti-lock braking systems outperforms
standard rule-based control by approximately 75 % in various longitudinal manoeuvres [34].
However, the benefits of these technologies in more complex manoeuvres, beyond straight
braking, remain unknown, particularly for scenarios involving the coupling of longitudinal
and lateral dynamics, such as evasive manoeuvres at the limit of handling. These manoeuvres
frequently occur in edge cases, where operating conditions are atypical, further complicating
the vehicle’s response. Despite substantial research, a significant gap remains between
current vehicle automation technologies and fully safe automation, primarily due to these
limitations [21]:

* The absence of accurate, real-time information on vehicle states, particularly sideslip
angle and tyre forces, across all possible scenarios, particularly edge-cases.

» The lack of proactive control capabilities in AV systems to effectively respond to the
nonlinear behaviour of tyre dynamics.

* The inability to stabilise and control the vehicle beyond the stable handling limits or
at high sideslip angles, limiting the range of controllable vehicle states and possible
trajectories.

Edge-cases, in particular, present unique challenges because they occur outside the nominal
operational envelope of automated driving systems. These scenarios often involve unpre-
dictable or rare conditions that push the limits of the vehicle’s control systems and sensors.
Addressing edge cases requires innovative control strategies that go beyond routine driving
manoeuvres to manage the added complexity of multiple dynamic factors. While significant
advancements have been made in automated driving, its full potential has yet to be realised.
Therefore, this thesis aims to unlock that potential by developing innovative control strategies
specifically designed to address edge-cases in automated driving.

The objective of this thesis is to develop innovative nonlinear motion control algo-
rithms for obstacle avoidance at the limit of handling in automated vehicles and to
evaluate the benefits of integrating tyre force sensing bearing technology.

The design of the innovative motion control algorithms is divided into three sub-goals:
vehicle sideslip angle estimation to assess stability and controllability, vehicle motion control
for obstacle avoidance at the limit of handling with a focus on prioritising safety over path
tracking and stability, and automated drifting to stabilise and control the vehicle beyond the
stable handling limits or at high sideslip angles.



1.2 SCOPE OF THIS THESIS 7

1.2.1 SUB-GOAL 1: VEHICLE SIDESLIP ANGLE ESTIMATION
Designing vehicle motion controllers for obstacle avoidance at the handling limit requires
accurate real-time estimation of key parameters like sideslip angle. While yaw rate can be
reliably measured, sideslip angle estimation is challenging, especially under high-excitation
driving conditions. This thesis aims to develop filter architectures for real-time sideslip angle
estimation with an error of less than one degree [35]. Existing methods for sideslip estimation
fall into three categories [36, 37]: model-based, data-driven, and hybrid approaches. Model-
based methods rely on nonlinear vehicle models but struggle under transient and near-steady-
state conditions. Data-driven approaches leverage historical data and generally provide
higher accuracy but require large, high-quality datasets, and performance degrades when the
dataset lacks representation in certain conditions. Hybrid methods combine both approaches,
achieving better results but often without creating a mutualistic relationship between them.
Therefore, the entire hybrid approach potential for sideslip angle estimation has not been
exploited yet. Regarding the use of tyre force measurements, they enhance the accuracy of
all these approaches, but further development is needed for optimal integration performance
improvement assessment.

To address all these gaps, the objective of Sub-goal 1 is to design a hybrid model-based
and data-driven algorithm for vehicle sideslip angle estimation with intelligent (force
sensing) bearings integration, which works for a large diversity of vehicle manoeuvres,
e.g. steady-state, transient, low, and high excitation.

1.2.2 SUB-GOAL 2: OBSTACLE AVOIDANCE AT THE LIMIT OF HAN-
DLING

The safety of automated vehicles largely depends on their ability to execute effective evasive
manoeuvres to avoid obstacles. At the core of any nonlinear motion control algorithm
designed for such manoeuvres is the obstacle avoidance controller. Despite significant
advancements in automated vehicle safety systems, nonlinearities in tyre behaviour remain
a persistent challenge, particularly during manoeuvres at the limit of handling [38]. The
most common solution is a hierarchical controller architecture that separates the tasks of
motion planning, path tracking, and vehicle stability control [39]. However, during evasive
manoeuvres, these objectives can sometimes conflict with one another [26]. For example,
prioritising vehicle stability can introduce path tracking errors, which may increase the
risk of a collision, as the vehicle may fail to follow its intended trajectory accurately [26].
Resolving these conflicts, especially in the presence of tyre nonlinearities, is critical to
improving the safety and performance of automated vehicles during evasive manoeuvres
where multiple control objectives must be balanced simultaneously.

To address all these gaps, the objective of Sub-goal 2 is to design nonlinear model
predictive controls which can prioritise obstacle avoidance even at the limit of handling
while compensating for inaccuracies in localisation and perception systems, as well as
non-nominal road and vehicle conditions.

1.2.3 SUB-GOAL 3: AUTOMATED DRIFTING

The ability to control a vehicle beyond the stable handling limits or at high sideslip angles
significantly extends the range of controllable vehicle states and trajectories. This capability
is crucial for enhancing safety during extreme collision avoidance manoeuvres, where a
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conventionally driven vehicle would have already reached its handling limits and potentially
lost control [40—42]. In such scenarios, maintaining a desired path while operating at high
sideslip angles poses a considerable challenge. It demands precise control over the nonlinear
interactions between longitudinal and lateral tyre forces, which becomes more complex at
higher slip angles due to the nonlinearities in tyre dynamics [43]. Furthermore, to achieve
stability in these conditions, it is critical to ensure that the rear tyres remain saturated,
providing the necessary lateral force in the front axle to maintain the vehicle’s trajectory
without exceeding its physical limits [44].

For this reason, the objective of Sub-goal 3 is to design a controller for automated
drifting, enabling the vehicle to induce oversteer while maintaining control and driving
the vehicle through the entirety of a corner.

1.3 THESIS OUTLINE AND CONTRIBUTIONS

HIS section outlines the approach adopted in this thesis to achieve the primary objective
T and sub-goals outlined in Section 1.2. To facilitate ease of navigation, the thesis is
structured into seven chapters and one appendix, as shown in Fig. 1.2. Each chapter and
the appendix contribute to the overall aim of the thesis, with specific chapters addressing
distinct sub-goals. Chapter 2 addresses Sub-goal 1 by proposing an innovative Unscented
Kalman Filter-Informed Neural Network for vehicle sideslip angle estimation. Chapters 3,
4 and 5 focus on Sub-goal 2. In particular, Chapter 3 proposes a novel Model Predictive
Contouring Control (MPCC) for evasive manoeuvre at the limit of handling capable of
prioritising obstacle avoidance over path tracking and vehicle stability in case of emergency.
Chapter 4 provides a detailed evaluation and original guidelines for how the proposed MPCC
deals with inaccuracies in the localisation and perception stacks, as well as handling non-
nominal road and vehicle parameters. Building on this, Chapter 5 proposes an innovative
Learning-based Model Predictive Contouring Control (L-MPCC) for evasive manoeuvres at
the limit of handling that minimises the model mismatches and uncertainties online through
the adoption of a Student-t Process (STP). Chapter 6 is dedicated to Sub-goal 3, presenting
a novel Nonlinear Model Predictive Control (NMPC) designed to bring and stabilise a
standard passenger vehicle at a high sideslip angle. Finally, Chapter 7 summarises the thesis
results, demonstrating how each component contributes to the overarching objectives. It also
discusses the limitations of the work and offers recommendations for future research. The
Appendix A describes a novel two-stage Bayesian Optimisation, designed to speed up and
improve the tuning of the approaches proposed from Chapter 2 to Chapter 5.

A more comprehensive description of the proposed approaches and their contributions
to the existing literature is provided below. It is also important to note that each Sub-Goal
of this thesis contains an experimental validation using the vehicles shown in Fig. 1.3. For
Chapters 4 and 5, which do not include experimental campaign, it should be emphasise that
these have been validated in a high-fidelity simulation environment, itself validated with
experimental data.
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Figure 1.2: Thesis structure.

Figure 1.3: A BMW Series 5451 is used at the Automotive Testing Papenburg GmbH to record the vehicle sideslip
angle dataset for Sub-goal 1 and Appendix A, see Fig. 1.3a. An experimental TU Delft third-generation Toyota
Prius is used to validate the proposed MPCC controller for obstacle avoidance at the limit of handling, see Fig.
1.3b. Additionally, a BMW M3 Competition is used to experimentally validate the NMPC for automated drifting,
see Fig. 1.3c.
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1.3.1 CHAPTER 2: AN UNSCENTED KALMAN FILTER-INFORMED
NEURAL NETWORK FOR VEHICLE SIDESLIP ANGLE ESTIMA -
TION
Chapter 2 introduces a hybrid method that integrates a mutual relationship between a model-
based and a data-driven approach for vehicle sideslip angle estimation. It establishes a
mutual relationship between a Convolutional Neural Network (CNN) and an Unscented
Kalman Filter (UKF), where the NN’s inputs and outputs correspond to the UKF’s inputs
and measurements. The training process is end-to-end, enabling back-propagation between
both the CNN and UKF. The NN assists the UKF by providing pseudo-measurements of the
vehicle sideslip angle, particularly in scenarios where the UKF’s process model encounters
significant mismatches, such as high tyre model nonlinearity. Simultaneously, the UKF im-
parts physics-based knowledge to the NN, improving its robustness and accuracy, especially
in emergency situations that may not be adequately captured in a vehicle sideslip angle
estimation dataset.

The contributions of this chapter are threefold. The first contribution is the mutual hybrid
approach in which the CNN is trained end-to-end with the UKFE, developing an innovative
stochastic, deterministic state estimation method for vehicle sideslip angle estimation. Hence,
the proposed hybrid approach enhances the accuracy of the state-of-the-art model-based,
data-driven, and hybrid approach for vehicle sideslip angle estimation. The UKF-informed
CNN outperforms the state-of-the-art deep ensemble-UKF, achieving a 24.84 % reduction in
the nonlinear mean squared error for vehicle sideslip angle estimation on an experimental
test set comprising 23 manoeuvrers: 2 braking in a turn manoeuvrers, 2 skidpads, 5 J-turns,
4 slaloms, 4 lane changes, 2 random steers, 3 spirals, and 1 lap on a track.

The second contribution of the proposed hybrid architecture is its consideration of the
hetero-stochasticity in model dynamics. By estimating the UKF process model uncertainties
online through the NN and UKF'’s end-to-end training, the approach improves estimation
accuracy and provides greater robustness, even when trained on a limited dataset. While
the improvement compared to model-based methods, tuned with the approach proposed in
Appendix A, is modest, the result is significant as it demonstrates the hybrid approach’s
robustness, showing a 30.04 % lower mean squared error compared to a purely data-driven
approach, even with a limited dataset.

The third contribution is the hybrid architecture integrates domain knowledge from the
UKF into the neural network, ensuring it adheres to the physical laws governing vehicle
dynamics. The UKF-informed CNN achieves a 5.60 % lower average nonlinear maximum
error on the test set compared to the hybrid state-of-the-art approaches.

1.3.2 CHAPTER 3: MODEL PREDICTIVE CONTOURING CONTROL FOR

VEHICLE OBSTACLE AVOIDANCE AT THE LIMIT OF HANDLING
Chapter 3 presents a Model Predictive Contouring Control approach for obstacle avoid-
ance, utilising a nonlinear single-track vehicle representation with a Fiala tyre model as the
prediction component. The MPCC extends previous work on robot motion planning and
lap-time optimisation [45, 46] by addressing both obstacle avoidance and vehicle stability.
By incorporating lag and contouring errors into the cost function, the MPCC approximates
state-of-the-art Frenet-based Model Predictive Control (MPC) while using a Cartesian refer-
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ence system. This approach avoids overestimating vehicle-to-obstacle and vehicle-to-edge
distances, simplifying the optimisation process. A double lane change manoeuvre with two
obstacles is designed to evaluate the controller’s performance in avoiding obstacles at the
limit of handling.

The contributions of this chapter are threefold. The first contribution is that the proposed
MPCC improves overall obstacle avoidance performance compared to a state-of-the-art
MPC [38]. While both controllers can successfully avoid collisions during a double-lane
change manoeuvre, the baseline MPC fails to maintain a safe distance from obstacles and
road edges. Specifically, the state-of-the-art controller passes just 48 cm from the second
obstacle, missing the defined safety distance of 70 cm.

The second contribution focuses on improved vehicle stability by minimising sideslip
angle peaks and increasing the minimum velocity during manoeuvres, thanks to better
prioritisation of the obstacle avoidance objective within the MPCC framework. The baseline
controller produces a sideslip angle peak of 9 deg and requires counter-steering to return
the vehicle to linear behaviour. In contrast, the MPCC with collision avoidance offers a
higher stability margin by reducing the sideslip angle peak to 3 deg, eliminating the need for
counter-steering. As a result, the vehicle maintains a minimum velocity of approximately
6km/h, closer to the desired one.

The third contribution is the successful experimental validation of the proposed MPCC,
tested on a Toyota Prius performing a double lane change at 30 km/h on a low-friction sur-
face in heavy rain conditions. Additionally, the low road friction in the experimental scenario
highlights the robustness of the proposed controller across varying friction conditions.

1.3.3 CHAPTER 4: ON THE BENEFITS OF TORQUE VECTORING FOR
AUTOMATED COLLISION AVOIDANCE AT THE LIMITS OF HAN-
DLING

Chapter 4 proposes an MPCC controller based on a nonlinear double-track vehicle model

with an extended Fiala tyre model for collision avoidance at the handling limit. The ap-

proach, initially introduced in 3, is extended to incorporate torque vectoring capabilities and
integrates motion replanning, path tracking, torque vectoring, and vehicle stability tasks,
with a focus on prioritising collision avoidance. The MPCC leverages torque vectoring to
enhance the vehicle’s lateral agility at the limit of handling. The extended Fiala tyre model
accurately captures variations in cornering stiffness under combined slip conditions, enabling
the MPCC to directly optimise longitudinal tyre forces and yaw moments without requiring

a lower-level controller for force allocation. This improves the accuracy of the prediction

model and reduces architectural conservativeness while maintaining real-time feasibility on

a rapid prototyping platform. The performance and robustness of the proposed MPCC are

evaluated in a high-fidelity simulation environment validated with experimental data.

The contributions of this chapter are threefold. The first contribution is the development of
the first real-time feasible MPCC controller augmented with torque vectoring functionalities
that can safely avoid vehicle collisions in a double-lane change manoeuvre at the limit of
handling. In contrast, existing state-of-the-art approaches [38, 41] (Chapter 3) would result
in a collision under similar conditions. By leveraging the enhanced responsiveness provided
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by torque vectoring, the vehicle is driven away from obstacles while maintaining stability,
significantly reducing the sideslip angle peak to 1.5 deg, compared to 16 deg in the baseline
controller without torque vectoring, and preventing potential crashes. Notably, the proposed
controller also demonstrates similar performance in low-friction conditions, such as during
heavy rain.

The second contribution is the development and application of an extended Fiala tyre
model that accurately captures variations in cornering stiffness in relation to longitudinal
and vertical forces, while adjusting the gradient within the tyre’s saturation region without
disrupting function continuity. This model significantly improves the prediction accuracy,
making it highly suitable for MPC applications in scenarios with strong force coupling, such
as when torque vectoring is enabled.

The third contribution is the improved robustness of the proposed MPCC with torque
vectoring against vehicle and tyre parameter variations, perception inaccuracies, number
of false negatives, and localisation errors compared to baseline controllers. The proposed
controller demonstrates robustness, showing collision rates of 31.20 % and 38.50 % for
vehicle parameter variations and perception inaccuracies, respectively, whereas the baseline
controllers always crash into obstacles. Additionally, the percentage of crashes with simu-
lated values near nominal vehicle parameters and common perception inaccuracies is below
1.5 %. A sensitivity analysis further provides numerical insights into which parameters and
perception inaccuracies contribute most to performance degradation in obstacle avoidance
MPCC controllers.

1.3.4 CHAPTER 5: A LEARNING-BASED MODEL PREDICTIVE CON-

TOURING CONTROL FOR VEHICLE EVASIVE MANOEUVRES
Chapter 5 addresses the most influential parameters affecting controller performance, as
identified in Chapter 4, by proposing a learning-based Model Predictive Contouring Control
approach based on a Student-t Process for obstacle avoidance at the limit of handling. The
STP predicts the mismatches between the L-MPCC prediction model and the vehicle’s yaw
rate and lateral tyre forces, measured by intelligent (force sensing) bearings [29]. Unlike
traditional methods that focus on vehicle velocity states [47], this approach directly reduces
mismatches in the tyre model, enhancing the controller’s pro-activity. Additionally, the
proposed controller minimises prediction model uncertainties by utilising the STP posterior
covariance of tyre forces to propagate lateral state uncertainties along the prediction horizon.
This reduces the vehicle’s time spent at unstable operating points or unnecessarily close to
the handling limit.

The contributions of this chapter are threefold. The first contribution is the development
of the L-MPCC using a Student-t Process, which directly addresses prediction model mis-
matches in the tyre model, rather than relying on a Gaussian Process that focuses on vehicle
velocity states, as typically used in traditional methods [47]. This results in successfully
performing evasive manoeuvres at 8.5 % higher velocity than the current state-of-the-art
L-MPCC [47].

The second contribution pertains to the Student-t Process, which enhances outlier
resistance compared to the state-of-the-art Gaussian Process. Additionally, the STP posterior
covariance is influenced by the observed measurements, leading to higher variance for
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operating points that differ from the training set and lower variance for those more closely
aligned with the training data [48].

The third contribution is the improvement in vehicle stability, demonstrated by a 76 %
reduction in the sideslip angle peak during an evasive manoeuvre compared to the current
state-of-the-art L-MPCC based on Gaussian Process [47]. This improvement is achieved by
reducing model mismatches and minimising vehicle lateral state uncertainties, which in turn
reduces the unnecessary time spent at the limit of handling.

1.3.5 CHAPTER 6: A NONLINEAR MODEL PREDICTIVE CONTROL
FOR AUTOMATED DRIFTING WITH A STANDARD PASSENGER

VEHICLE

Chapter 6 introduces a novel architecture for automated drifting, composed of three inter-
connected components. The first component is the offline computation of equilibrium maps,
which define the equilibrium points for all vehicle states, given a specific desired sideslip
angle and the radius of the intended path. These maps serve as references for initiating and
stabilising the vehicle during high sideslip angle manoeuvres. The second component is the
proposed Nonlinear Model Predictive Control, which is based on a nonlinear single-track
vehicle model and a simplified Pacejka tyre model. A key modification in the NMPC predic-
tion model is the inclusion of the vehicle’s sideslip angle as a state variable, which helps
simplifying the cost function formulation. The third component is a path-following controller
designed to minimise path errors by dynamically adjusting the equilibrium path curvature
[49], ensuring the vehicle stays on the desired trajectory while drifting. This integrated
architecture enables robust and precise control during automated drifting, extending the path
tracking capabilities introduced in Chapters 3, 4 and 5.

The main contributions of this chapter are threefold. The first contribution is that the
proposed architecture is capable of stabilising the vehicle during automated drifting along
a desired path, with a maximum lateral path deviation of 1 m while maintaining a sideslip
angle of 30deg, in a high-fidelity simulation environment validated by experimental data.

The second contribution is the experimental validation of the offline computed steady-
state drifting equilibria at a proving ground. The results highlight also the challenges faced
by a human driver in maintaining the vehicle at a true equilibrium point due to various
disturbances, such as road surface irregularities, which require continuous adjustments to
the steering angle and throttle commands.

The third contribution is the experimental validation of the NMPC for automated drifting
using a standard passenger vehicle, distinguishing it from previous research, which has
either been limited to simulations [50-52] or required extensive hardware modifications
[53, 54]. This validation is performed with both high and low friction conditions, successfully
stabilising the vehicle at a sideslip angle of 30 degree.
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AN UNSCENTED KALMAN
FILTER-INFORMED NEURAL
NETWORK FOR VEHICLE
SIDESLIP ANGLE ESTIMATION

The key to artificial intelligence has always been the representation.

Jeff Hawkins

This chapter is based on [2) A. Bertipaglia, M. Alirezaei, R. Happee and B. Shyrokau, “An Unscented Kalman Filter-
Informed Neural Network for Vehicle Sideslip Angle Estimation,” in IEEE Transactions on Vehicular Technology,
vol. 73, no. 9, pp. 12731-12746, 2024 [55]. This chapter builds on [3) A. Bertipaglia, M. Alirezaei, R. Happee,
and B. Shyrokau, “Model-based vs data-driven estimation of vehicle sideslip angle and benefits of tyre force
measurements,” in International Symposium on Advanced Vehicle Control, Kanagawa, Japan, 2022 [56].
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ABSTRACT

This paper proposes a novel vehicle sideslip angle estimator, which uses the physical
knowledge from an Unscented Kalman Filter (UKF) based on a nonlinear single-track
vehicle model to enhance the estimation accuracy of a Convolutional Neural Network
(CNN). The model-based and data-driven approaches interact mutually, and both use the
standard inertial measurement unit and the tyre forces measured by load sensing technology.
CNN benefits from the UKF the capacity to leverage the laws of physics. Concurrently, the
UKEF uses the CNN outputs as sideslip angle pseudo-measurement and adaptive process
noise parameters. The back-propagation through time algorithm is applied end-to-end to
the CNN and the UKF to employ the mutualistic property. Using a large-scale experimental
dataset of 216 manoeuvres containing a great diversity of vehicle behaviours, we demonstrate
a significant improvement in the accuracy of the proposed architecture over the current state-
of-art hybrid approach combined with model-based and data-driven techniques. In the case
that a limited dataset is provided for the training phase, the proposed hybrid approach still
guarantees estimation robustness.
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2.1 INTRODUCTION

A CTIVE vehicle control systems rely on the sideslip angle and yaw rate information to
ensure stability and controllability [57, 58]. Whereas low-cost gyro sensors measure the
yaw rate, the vehicle sideslip angle must be estimated. Its direct measurement is possible via
optical speed sensors or real-time kinematic positioning-global navigation satellite system
(RTK-GNSS), but they are expensive to be installed in passenger vehicles [59]. Hence, the
development of filter architectures is required to estimate the sideslip angle in real-time and
with the desired accuracy error below one degree in high excitation driving conditions [35].
Sideslip angle estimation is particularly challenging for the following aspects:

* A large diversity of vehicle manoeuvres, e.g. steady-state, transient, low, and high
excitation.

* The highly nonlinear behaviour of tyres leads to a substantial limitation due to tyre
model accuracy.

* Data collection requires expensive and high calibration sensitive instruments.

* Numerous external disturbances, e.g. bank angle, road slope, road irregularities, and
road friction coefficient.

Several approaches have been proposed for vehicle sideslip angle estimation [36, 37].
They are split into three main groups, i.e. model-based, data-driven and hybrid approaches.
The model-based approach relies on the physical knowledge of a vehicle model for state
estimation. Open-loop deterministic models are insufficient to provide an accurate estimation,
so stochastic closed-loop observers, e.g. extended Kalman filter (EKF), unscented Kalman
filter (UKF), and particle filters are currently applied to estimate unmeasurable states. EKF
and UKF are the industrial state-of-the-art for vehicle sideslip angle estimation because
their accuracy can be guaranteed in a specific operating region, and their properties are
easily assessed [60]. However, they both struggle in transient and high excitation driving
conditions due to the growing nonlinearities in the vehicle model [56]. Another branch of
model-based approaches is based on deterministic observers adapted to deal with stochastic
noise, e.g. Luenberger observer, the sliding-mode observer and H-infinity methods. Despite
their advantage in computational complexities, their need for a higher model fidelity makes
them less utilised in industry [61, 62]. Nevertheless, these model-based approaches require
extensive system knowledge. The data-driven approach has higher accuracy than the model-
based approach when enough quality data are provided in the training phase [56]. Different
neural network (NN) architectures have been proposed, e.g. feed forward neural network
(FFNN) and recurrent neural network (RNN). However, they all lack interpretability and
generalisation capabilities. Thus, a purely data-driven approach is hardly applicable for safety
applications in the automotive domain [60]. The third approach, named hybrid, combines
the pros of the model-based and data-driven approaches. It improves the model-based
accuracy thanks to the NN outputs and, simultaneously, gives the data-driven approach an
interpretability thanks to the vehicle model. In the proposed hybrid architectures[60, 63, 64],
the model and the neural network work in a unidirectional way. Thus, the model in the
hybrid architecture relies on the NN knowledge without backward communication, reducing
the approach’s potential.
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Figure 2.1: Framework overview of the CNN-UKF approach. A CNN provides a sideslip angle pseudo-measurement
and the process noise parameters to a UKF based on a single-track vehicle model. The UKF monitors and weights
the CNN’s estimation through physical laws.

This paper proposes a new hybrid approach for vehicle sideslip angle estimation. Its
novelty is in the mutualistic relationship between the model-based approach, characterised
by a UKF based on a single-track model, and the data-driven approach, represented by
a Convolutional Neural Network (CNN). The proposed approach consists of a sequential
hybrid architecture in which the CNN passes the pseudo-measurement of the sideslip angle,
the level of distrust of its estimation and the process noise parameters of the vehicle model to
the UKF, see Fig. 2.1. A key aspect of the proposed hybrid approach is the training process,
which allows the development of a physics-informed NN [65]. Considering that the nonlinear
vehicle dynamics are described in a UKF, the physics-informed NN will also be referenced
as a UKF-informed NN. The training is end-to-end, so the Back-Propagation Through Time
(BPTT) algorithm moves through the CNN, the UKF and backwards. Thus, the CNN is
constrained to respect the physical laws of vehicle dynamics. Furthermore, it allows the
CNN to estimate variables for which a reference is unavailable, i.e. the process noise
parameters and pseudo-measurement level of distrust. This will lead to a high estimation
accuracy compared to the state-of-the-art hybrid approaches, which always separate the
data-driven component from the model-based one during the training [63, 64, 66—68]. The
split proposed in the literature makes the hybrid approach training lighter from a memory
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Table 2.1: Overview of the vehicle sideslip angle estimation approaches.

Approach Features & Authors
Kalman filter based on a kinematic model [69-71]
Kalman filter based on IMU & GNSS [72-78]
EKF based on a dynamic model [79-85]
UKEF based on a dynamic model [33, 86-90]
Model-based Sliding mode observer [91-93]
H-infinity observer [94, 95]
Luenberger observer [96]
Hybrid - dynamic & kinematic models [59, 97-99]
Online gradient descent [100]
Modular estimation scheme [101, 102]
FFNN [103, 104]
Data-driven RNN [105-107]
ANFIS [66]
Kernel-based LPV [108]
FFNN, ANFIS & UKF [67, 109, 110]
RNN (GRU) & UKEF [68]
Differentiable EKF [111]
Kalman filter & FFNN [112]
Hybrid Piecewise Affine & Takagy-Sugeno [113]
FFNN & Kalman in the back-propagation [114]
KalmanNet [115]
Kinematic model & RNN (GRU) [60]
Deep Ensemble Network (LSTM) & EKF [63], UKF [64]

and computational point of view. However, it does not allow the model-based approach
to understand when it can rely on the CNN and at the same time, it does not allow the
CNN to learn the physical laws of vehicle dynamics. The performance is evaluated using a
large-scale, real-world experimental dataset. The dataset contains a great diversity of driving
situations, recorded with a constant high friction coefficient.

The paper is organised as follows. Section 2.2 contains a summary of the previous
works and the main paper contributions. Section 2.3 describes the CNN and UKF used in
the proposed hybrid approach. Section 2.4 describes how the experiments are conducted
and evaluated. Section 2.5 reports the obtained results, and Section 2.6 summarises the
conclusions and future research paths.

2.2 RELATED WORKS

ﬁ summary of the three categories, i.e. model-based, data-driven and hybrid, is presented
in Table 2.1.
The first approach is called model-based and relies on the laws of physics. The vehicle
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behaviour can be described using the geometric constraints, i.e. kinematic model, or
considering the forces and moments acting on the vehicle, i.e. dynamic model. The
kinematic model requires only geometrical parameters and does not need extensive vehicle
parametrisation because its reliability depends mainly on sensing capabilities. The state-of-
art kinematic observer [71] is based on a linear parameter varying system, where the states
are the vehicle velocities, and the accelerations are the inputs. This approach leads to high
accuracy in transient manoeuvres, but the model is not observable in nearly steady-state
conditions [59]. Hence to avoid unobservability, a heuristic function is applied to lead the
lateral velocity to zero when the vehicle is moving straight or nearly straight [71]. The
downside is the amount of data necessary to define the heuristic function. Moreover, despite
the performance improvement, it is still susceptible to integration error and sensor drifting.
Thus, in recent publications [72—75], the measurements from the Inertial Measurement Unit
(IMU) are coupled with those from a Global Navigation Satellite System (GNSS) to increase
the amount of information available for the estimator. The velocities measured by the
GNSS are integrated into an estimation-prediction framework, which estimates the sideslip
angle and partially compensates for the error induced by the low GNSS sampling rate [72].
However, GNSS/IMU fusion kinematic approach still suffers from the low GNSS sampling
rate. Furthermore, a high-precision GNSS is too expensive as the standard sensor in passenger
vehicles, and signal reception cannot always be assured. Therefore, it is mainly applied to
racing [76]. Thus, a solution is to consider dynamic models to rely less on the sensor signal
quality. Dynamic models allow a more robust noise computation of the accelerations than
kinematic models [59]. However, dynamic models require a more profound knowledge of
vehicle parameters and the presence of a tyre model, which is a critical source of uncertainty
[33]. EKF and UKF are the state-of-art estimation techniques for the model-based approach,
and the process and the observation noises are commonly assumed to be Gaussian and
uncorrelated. The EKF uses a first-order Taylor series expansion to linearise around the
current mean and covariance. It has excellent accuracy in nearly steady-state conditions and
when the vehicle behaves close to linearity, i.e. up to a lateral acceleration of approximately
4m/s? [56]. When the vehicle behaves with strong nonlinearities, UKF assures a better
estimation accuracy because it approximates up to the third order of the Taylor series
expansion [56]. However, both observers suffer from the mismatches between the physical
and modelled tyre behaviour. A possible solution is to combine the pros of dynamic
and kinematic models to develop a hybrid kinematic-dynamic observer [97, 98]. This
family combines the accuracy in transient manoeuvres of the kinematic models and the
better robustness to sensor noise of the dynamic models. The kinematic and the dynamic
filters work simultaneously, and the final sideslip angle estimation is a weighted average
of the two approaches. The weights are chosen according to the lateral acceleration signal
[98]. However, the weighting coefficients’ tuning is complex, and the optimum solution
varies according to the considered manoeuvres. Another solution to combine dynamic and
kinematic models is the development of a modular scheme to estimate in sequential steps
tyre forces, longitudinal and lateral velocities [101]. It consists of monitoring the wheel
capacities under combined slip at each vehicle corner to estimate the individual forces and
velocities. The approach is experimentally validated in different road conditions, but the
results do not show its performance when the vehicle is driven at the limit of handling. Thus,
the approach’s applicability to evasive manoeuvres is limited.
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Despite EKF and UKF being the most implemented filters for vehicle sideslip angle
estimation [62], also different kinds of observers are proposed in the literature for their
advantages in computational complexity and theoretical guarantees of convergence [61], e.g.
sliding mode observer [91-93], H-infinity [94, 95], state-dependent Riccati equations [84]
and Luenberger observer [96]. Particularly interesting is the combination of an adaptive
sliding mode observer to estimate the lateral tyre force with an adaptive compensation
algorithm to estimate the sideslip angle [95]. Despite the improved performance compared
with EKF in an experimental scenario, there is no comparison with UKF, which is the
state-of-the-art in extreme driving conditions. Moreover, these observers fail to perform well
in evasive manoeuvres due to increased model mismatches, especially in tyre forces [116].

A solution to enhance the state estimation robustness to tyre model inaccuracies of
dynamic model is the introduction of adaptive tyre models [79, 109] or new proprioceptive
load-sensing technology, e.g. intelligent bearings or smart tyres [29, 33]. The Kalman
filter can use tyre force measurements as an additional feedback to improve the estimation
and magnify the Kalman gain, especially in the case of nonlinear vehicle behaviour. The
enhanced vehicle safety and the sensor’s cost efficiency (lower than 1000 € per vehicle)
make the innovative load-sensing technologies candidate to become part of the standard
sensor setup for passenger vehicles [33].

A data-driven approach reduces extensive requirements of system knowledge compared
to the model-based approach. A deep NN with eight hidden layers, each having a different
number of long short-term memory (LSTM) cells, is proposed [106]. Despite the increased
training time of such a deep NN, the authors state that a smaller network was incapable of
reaching the level of accuracy of deeper NN. The issue is that deep NNs are prone to overfit,
and their performance strongly lacks generalisation capabilities. To overtake this issue, an
NN classification is applied to choose which available NN is most suitable for specific road
conditions [105]. Each of the three FFNNs is built with a single hidden layer, and they are
trained with three different datasets corresponding to three different road friction conditions,
i.e. dry, wet and icy. Moreover, the performance of data-driven approach can be enhanced by
the availability of tyre force measurements [56]. In this case, a FFNN with two hidden layers
outperforms the accuracy of a more complex RNN architecture based on LSTM cells. A
FFNN also exceeds the performance of various model-based approaches, even if it tends to
sporadic higher maximum error. However, the data-driven performance is highly dependent
on the amount of representative data, and the data-driven approach will lack performance
as soon as the dataset contains a lower amount of data in a particular range of the sideslip
angle.

Although the data-driven approach generally has a better estimation performance than
the model-based approach, it is impossible to guarantee robust performance over vehicle
operating conditions. Conversely, a model-based approach based on a dynamic model with
tyre force measurements has lower accuracy, but its performance is consistent over the
working region[56]. Thus, a hybrid model-based and data-driven approach is proposed. We
employ two leading typologies, model-to-NN and NN-to-model, as explained below.

The model-to-NN family aims to augment the number of the NN’s inputs using the
output of a vehicle model. This will transfer some immeasurable physical states to a NN.
A kinematic vehicle model can compute the derivative of the sideslip angle, which is used
as extra input for the following RNN based on a Gated Recurrent Unit (GRU) cell [60].
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The kinematic model provides the NN with a pseudo-measurement that contains significant
errors, biases and drift. However, with the extra vehicle model information, the NN reduces
the sideslip angle’s Mean Squared Error (MSE) of the non-informed NN by 2.7 %, 5.6 %, and
1.2 %, respectively, for dry, wet and snow conditions [60]. The slight improvement shows
the benefits of developing a hybrid approach and highlights the importance of providing a
more accurate pseudo-measurement.

The NN-to-model family aims to provide a sideslip angle pseudo-measurement to the
following EKF/UKE. In this case, the NN output is post-processed by a Kalman filter to
improve the sideslip angle estimation. One of the first approaches combines an Adaptive
Neuro-Fuzzy Inference System (ANFIS) [66] with a UKF to estimate sideslip angle. The
model-based component is employed as a filter to minimise the noise of the NN output and
the variance of the estimation mean square error [67]. The ANFIS is trained using synthetic
data generated through a high-fidelity simulation environment (CarSim). The ANFIS-UKF
improves the performance of only an ANFIS [66] by 21 % on average for five manoeuvres
with high friction conditions. However, the presented figures show a maximum value of
sideslip angle of only 3 deg in absolute value, which makes the estimation performance
easier than in extreme driving conditions. Furthermore, there is no explanation of how the
observation noise parameter related to the pseudo-sideslip angle is tuned. This value is
essential because it defines the level of distrust the UKF can give to the NN output. A similar
approach involves integrating an FFNN with a UKF based on a kinematic vehicle model
[110]. Contrary to the ANFIS-UKF approach, the model-based component of the hybrid
approach is responsible for filtering the estimation noise and correcting the NN output. This
is possible thanks to a proportional feedback correction, which improves the performance of
the pseudo-sideslip angle. Although the NN is trained using synthetic measurements, the
approach is validated using experimental data and the presented results. Unfortunately, all
the results are normalised, so it is impossible to understand if the vehicle was driven at the
limit of handling. The presented approach improves the data-driven approach estimation
accuracy of 73.3 %. However, there needs to be an analysis of how to decide the distrust level
of the pseudo-sideslip angle. Otherwise, when the NN is uncertain due to a lack of data, it
will negatively influence the UKF’s performance. Furthermore, the kinematic vehicle model
is highly susceptible to measurement noise and is not observable in steady-state driving. For
this reason, the FFNN is substituted by a deep ensemble NN in more recent publications
[63, 64].

Deep Ensemble (DE) of RNN, based on LSTM cells, estimates a sideslip angle pseudo-
measurement and its level of distrust, which are then provided as extra measurements to a
UKF [63, 64]. The level of distrust is modified through a user-defined linear function before
being used by the UKF. This further step is mandatory to scale the NN’s distrust level to
a meaningful value for the UKF. This hybrid architecture reduces the Root Mean Squared
Error (RMSE) by, on average, 8 % vs the RNNs[63]. The extra tuning of the level of distrust
can easily lead the approach to overfit. Moreover, the level of distrust is computed through
the standard deviation of the sideslip angle pseudo-measurements estimated by the RNNs.
This does not lead to a physics-informed NN, so it is still complex to assess the properties of
this hybrid approach. The reason is that the DE-RNN is not aware of the performance of
the UKEF, so the estimated level of distrust is not scaled according to the UKF’s accuracy.
Vice-versa, a physics-informed NN learns the Kalman filter’s precision during the training,
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providing the best level of distrust to maximise the hybrid sideslip angle estimation.

This work proposes a hybrid approach employing a mutual relationship between the
model-based and data-driven approaches for vehicle sideslip angle estimation. The inputs
and outputs of the NN are, respectively, inputs and measurements of the UKF. The end-to-
end training enforces the mutual relationship, meaning that the back-propagation algorithm
passes through the NN, UKF and vice-versa. The UKF benefits from the CNN when the
mismatch in the UKF process model is particularly significant, for instance, due to the high
nonlinearity in the tyre model or the non-modelled phenomena. Thus, the CNN provides a
vehicle sideslip angle pseudo-measurement to the UKF, which guides it towards an accurate
estimation. At the same time, a purely model-based approach, unable to rely on any extra
information, would only face a decrease in the estimation accuracy. On the other hand,
the CNN gains from the UKF a physics domain knowledge, which helps CNN improve its
robustness and accuracy in all the real-life situations that were not fully described by the
data used during the training. This is particularly relevant in emergencies that cannot be
adequately represented in a vehicle sideslip angle estimation dataset.

The main contribution of this paper is threefold. The first is a mutual hybrid approach
in which the CNN is trained end-to-end with the UKF, developing an innovative stochastic,
deterministic state estimation method [114] for vehicle sideslip angle estimation. Thus,
the UKF observation model has access to CNN’s deterministic estimation of a pseudo-
measurement of the sideslip angle and its level of distrust. On the other hand, CNN is
informed by the following stochastic state estimation filter during the training, so it learns
how to estimate the level of distrust independently without requiring extra tuning after
its training, as previously proposed in the literature [63, 64]. Hence, the proposed hybrid
approach enhances the accuracy (MSE) of the state-of-the-art model-based, data-driven, and
hybrid approach for vehicle sideslip angle estimation.

The second contribution is that the proposed hybrid architecture considers the hetero-
stochasticity of the model dynamics [114, 117, 118]. Thus, the proposed approach estimates
the UKF process model uncertainties online thanks to the CNN and UKF end-to-end training,
which helps improve the estimation accuracy. Moreover, it provides higher robustness than
the state-of-art, even when a limited dataset is used for the training.

The third contribution is that the proposed hybrid architecture is a UKF-informed NN,
which means that the NN incorporates the domain knowledge described in the UKF, and
it complies with the vehicle dynamics laws of physics. Thus, the proposed approach has
a lower Maximum Error (ME) than a state-of-art model-based [33] and data-driven [56]
approach, as well as the state-of-art hybrid approach [63].

2.3 UKF-INFORMED NEURAL NETWORK
T HIS section describes the proposed hybrid approach based on a CNN end-to-end trained
with a UKF (CNN-UKF). A comparison between the proposed mutualistic hybrid
approach and the hybrid unidirectional baseline [63] is represented in Fig. 2.2a and Fig.
2.2b, respectively. The proposed approach develops a UKF-informed NN, where the NN is
constrained to respect the vehicle dynamics. At the same time, the baseline (DE-UKF) corre-
sponds to a UKF augmented by the DE outputs. The approach’s discretisation is performed
through a zero-order hold method [101] due to its good trade-off between simplicity and accu-
racy. The discretisation works at 100 Hz, the standard frequency for vehicle state estimation.
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Figure 2.2: Fig. 2.2a shows the proposed hybrid approach architecture (CNN-UKF). Fig. 2.2b shows the baseline
hybrid architecture (DE-UKF) proposed by [63]. The black arrows show the flow of information during the online
estimation, while the green arrows show the flow of information during the back-propagation. The dashed green
arrow represents a term used in the cost function computation but not used by the optimiser to update the NN
weights.

2.3.1 DATA-DRIVEN COMPONENT

A straightforward CNN can cope with the complexity of the task because the approach’s
strength is inside the hybrid architecture. It consists of an input layer, two hidden layers and
an output layer.

Seventeen measurements form the input layer (x): longitudinal and lateral accelerations
a, and ay respectively, longitudinal velocity V., road wheel angle 6, yaw rate i, and longi-
tudinal, lateral and vertical tyre forces for each of the four wheels, respectively F, F, and
F,. Before being used, the input measurements are normalised because each input has a
different physical meaning and order of magnitude. Thus, all the inputs are mapped onto the
interval [0, 1] to speed up and stabilise the training process [119]. A different normalisation
method which scales the data to a mean of zero and a standard deviation of one has been
tested. Still, the mapping onto the interval [0, 1] produced the best results after the training.

The two hidden layers consist of 200 and 100 neurons and Rectified Linear Unit (ReLU)
activation functions. The hidden layers are 2D convolutions with kernel sizes 1 X 1, 0
padding, stride equal to 1 and active bias. The CNN uses a dropout regularisation technique
equal to 0.2 and a Xavier weight initialisation to avoid overfitting.

The output layer is formed by four neurons corresponding to the pseudo-measurement of
the sideslip angle Spp, the level of distrust in the pseudo-measurement o pp, the uncertainty
of the UKF process model lateral velocity oy, and the uncertainty of the UKF process model
o A reference is available only for Bpp, but the other three outputs strongly affect the
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Figure 2.3: Single-track vehicle model.

estimation of the model-based component, which is used in the training loss function; see
Section 2.3.3 for further details. Thus, all four CNN outputs are correctly trained during
the end-to-end training. oy, o, and opp are further processed with a sigmoid function to
constrain their values inside the meaningful interval [0, 1]. This last step assures that the
CNN can produce uncertainties which not lead to UKF failure.

2.3.2 MODEL-BASED COMPONENT

A UKF based on a nonlinear single-track model with tyre axle forces computed by the
Dugoff tyre is chosen as the model component of this study [56], see Fig. 2.3. The Dugoff
tyre is adapted to only assume pure lateral slip condition, reducing the computational
complexity [56, 80, 83]. The tyre model parameters (p;), i.e. tyre cornering stiffness,
peak friction coefficient and velocity reduction friction coefficient, are optimised offline
using experimental skidpad measurements [33, 86, 88]. The implemented optimisation is a
genetic algorithm due to its efficiency with a nonlinear and nonconvex cost function. The
vehicle’s symmetry is exploited to merge the left and right wheels into a single central
axle, which emulates the entire vehicle’s behaviour. This model considers only the in-plane
dynamics, so the lateral weight transfer, roll and pitch dynamics are ignored. The static
weight distribution is considered together with the effect of steady-state longitudinal weight
transfer concerning the normal forces on the front and rear axle. A UKF is implemented
for its superior estimation accuracy when the vehicle behaves strongly nonlinearly. The
vehicle states (x,) are the V, and the , while the vehicle inputs (u,) are the V, and the 6.
The stochastic process model is responsible for predicting the next time steps of the states
according to the following equation:

X5 (1) = f (x5 (@), uy (1), p) + w (D) 2.1
where f (x; (¢),u, (t), p;) is the nonlinear single track vehicle model, eq. 2.2, and w is the
vector containing the process noise parameters [o7y,, o7 ].

f (xs,uy, po) =
_ {Vy = L (Fyy (xoo . p) 08 (8) + Fyp (1, 1) = Vi 2.2)
0 = £ (L Fyy (o, p) €08 (8) = Ly (x4, 1y, 1)
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where m (1970kg) is the vehicle mass, I.. (3498 kgm?) is the vehicle moment of inertia
about the vertical axis, /y (1.47m) and /, (1.41 m) are, respectively, the distance of front and
rear axles from the vehicle CoG. Fy and F), are, respectively, the lateral tyre forces at the
front and rear axles. The process noise parameters, av, and o, are assumed Gaussian and
uncorrelated and they capture the uncertainties due to:

* The mismatch between the physical and modelled vehicle behaviour.
* The discretisation error.
 The various operational environments in which the sensors operate.

The filter performance is strongly connected with the process noise parameters, so these
are initially tuned using a two-stage Bayesian optimisation (TSBO) [120], see Appendix A.
During the estimation, they are computed online by CNN. This is only possible thanks to the
mutualistic relationship between CNN and the UKF.

The observation model is responsible for comparing the process model predictions with
the available measurements, according to the following equation.

Y (1) = 8 (x5 (1) uy (1), p1) + v () 2.3)

where g (x; (¢),u, (1), p;) is the measurement vehicle model, eq. 2.4, and v is the vector
containing the observation noise parameters [0q,,,.» T,..» OF,nes O Fypmes ODD]-

g(xs’ Uy, pt) =

Ayme = % (Fyf (xg, uy, p;) cos (6) + Fyr (xg, Uy, pt))

bne =0 on
= Fyfme = I'yf (xg, Uy, pt)

Fyrme = Fyr (xs, uty, pt)

v,
Bopp = atan(ﬁ)

where ay e, Yime Fyfme and Fy, . are the vehicle measurements, and Spp is the pseudo-
measurement, corresponding to the CNN’s output. The observation noise parameters o,
(0.033m/s?), . (0.001rad/s), of,, (26N) and of,,, (S6N) are the uncertainties of
the vehicle measurements and they compensate for the sensor noises. They are tuned by
a statistical analysis of the vehicle sensor measurements, which consists of computing the
standard deviation of the low-pass measured signal when the steering angle is null and the
longitudinal velocity is constant [120], see Appendix A. The variable opp is the level of
distrust assigned to the pseudo-measurement Bpp provided by CNN. The level of distrust
computed by the CNN differs from a classic uncertainty measurement because it corresponds
to the uncertainty of the pseudo-measurement scaled to match the weight of the noise
parameters.

The observability analysis is performed to assess under which conditions it is possible
to infer the internal states given the vehicle inputs and measurement. Being the mode
highly nonlinear, only the local observability around an operating point can be computed,
performing a system linearisation [86]. The observation matrix is built on the Jacobian
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matrices of the process and observation models, and it is full rank, equal to two, for all
the operating regions in which ¢ # kn, Yk € Z and V, # 0, where Z is the integers set.
The second condition is always respected because the measurement is considered when V,
is higher than 5m/s. The steering angle is always inside the range |§| < /2, so the only
realistic unobservability happens when ¢ = (0. However, the vehicle sideslip angle is relevant
for lateral dynamics, so it only happens when ¢ # 0.

2.3.3 TRAINING PHASE
The UKF-informed CNN is trained in a supervised way using a labelled dataset. The training
is split into two phases: pre-training and end-to-end learning.

PRE-TRAINING

IIt consists of the back-propagation algorithm applied only to the CNN to speed up and
stabilise the following end-to-end training phase. The pre-training loss function is constituted
by the sum of oy,, o, MSE losses and by the Bpp, opp Gaussian negative log-likelihood
loss. The MSE loss functions (MS Ey, v, and MSE; » w) are represented as:

N
MSELq, =~ > (o, - ov)

1 N
MSE;,, = N.Z

[

2.5)

1l
—_

where N is the mini-batch size (256), &y, (0.0007 m/s) and &, (0.002 rad/s) are the initial
process model uncertainties tuned by the TSBO for the model-based approach. These
losses steer the CNN to predict the process model uncertainties with a meaningful order
of magnitude. For opp, the Gaussian negative log-likelihood loss function (NLL; g,,)
represented in the following equation is chosen:

2
(Bme.i = Bpp. i) ) 2.6)

N
NLLL»ﬁDD (ﬁDD, U%)Dlﬁme) = % ; (IOg (max (oppi,€)) + max (G ppr, €)
where € (107%) is a constant term for stability, and f3,,, is the sideslip angle ground truth.
Thus, this loss function adjusts CNN’s weight to maximise the likelihood of the observed
data, performing negative log-likelihood minimisation. This process naturally leads to the
CNN learning to predict both the mean (8pp) and the variance (a’% p)- By predicting the
variance alongside the mean, the pre-training leads the CNN to provide a point estimate and
a measure of confidence or uncertainty associated with each prediction. Thus, it assures a
meaningful o pp, even without its ground truth.

The sideslip angle ground truth is measured through the Corrsys-Datron optical speed
sensor installed in the vehicle’s front bumper. The sensor reference system is moved to
correspond with the vehicle CoG. The measurement is filtered using a zero-phase low-pass
filter (bandwidth 5 Hz) because the training phase is sensitive to extreme outliers or noisy
references [37]. The cost function is minimised by a mini-batch stochastic gradient descent
algorithm based on a standard ADAM optimiser with a learning rate (0.0008). The training
procedures’ user-defined parameters are optimised through a Bayesian optimisation.
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END-TO-END LEARNING

The back-propagation through time (BPTT) algorithm is applied end-to-end to the CNN and
UKEF. This step creates a mutualistic relationship between the model-based and data-driven
approaches. Thus, the UKF is treated as a computation graph unrolled through time, so
the CNN-UKEF is discriminatively trained over the entire mini-batch length and not on a
single step. The procedure to compute the loss function gradient is close to [114], but in the
proposed study, a UKF is implemented rather than a linear Kalman filter. The first step is
the computation of a loss of a function (L (8)) that connects the output of the UKF-CNN
(B) structure with the available ground truth (8, ), given the CNN weights (6). The training
phase minimises the loss function error between the estimated and the measured sideslip
angle, allowing to correctly estimate 8 and all the variables influencing it, so opp, o, and
oy,. The loss function depends on the CNN’s weights () and is based on the following
equation:

1 & 1 &
L@®) = v ; Bone.i = Bop.i) + v ; Bune.i = Bi)° 2.7

where Bpp is the output of the CNN, and S3,,, is the sideslip angle ground truth. The first
loss function part, % Zf\i 1 Bie,i — Bop, i)z, helps the CNN to estimate the correct pseudo-
measurement Spp. The second part of the loss function, 1%, Zﬁi 1 Bone,i — ﬂi)z, is affected by
all four CNN outputs and the UKF. The following step to train the proposed UKF-CNN is
the computation of the loss function’s gradient with respect to the CNN weights (V4L (6)).
This is performed following the typical BPTT algorithm. Moving backwards from the loss
function, the V4L (6) is computed by a recursive computation of the loss function gradient
with respect to the vehicle states from ¢ — 1 to ¢ according to:

oL oukf,_, OL . Oxs, OL
axs,t—l 8xs)t—l 6Mkft_1 8xs,t—l 6xs,t

2.8)

where ukf,_; represents all the functions that describe the UKF algorithm, i.e. process model,
observation model and Kalman gain computation. The UKF process and observations model,
see eq. 2.2 and eq. 2.7 respectively, are nonlinear models with a nondifferentiable point
only in the tyre force model. Thus, the Dugoff tyre model, described in eq. 2.9, has been
modified to be fully differentiable according to eq. 2.10.

U= o (1 — e, Vy+/Kk? + tan (a)z)

i uF. (1 - k)
2 \/(CXK)Z +(Cytan (@) 2.9)
P {/11(2—/1), if 1<=1
Fy = G, telln_(z) fa
o= 2 (2.10)



2.4 EXPERIMENT SETUP 29

where py is the peak friction coefficient, e, is the friction reduction coefficient, V. is the
longitudinal velocity, « and « are the longitudinal and lateral slip, C, is the longitudinal
slip stiffness, and C, is the cornering stiffness. Regarding all the UKF operations, they are
differentiable and available in the open-source machine learning platform TensorFlow or
PyTorch. The gradient computation continues applying the chain rule to eq. 2.8 and moving
backwards, computing the derivative to each CNN weight as for a normal NN. This step is
performed automatically by the chosen machine learning platform, PyTorch. The training is
based on a mini-batch stochastic gradient descent algorithm (mini-batch size of 256) based
on a standard ADAM optimiser with a learning rate equal to 0.0008.

2.4 EXPERIMENT SETUP

T HIS section describes how the experiments have been conducted and how the proposed
approach has been compared to the baseline methods.

2.4.1 EXPERIMENTAL SETUP AND DATASET

The experiments have been conducted at the Automotive Testing Papenburg GmbH with
the test platform based on a BMW Series 545i. The test vehicle was instrumented with the
standard IMU, Kistler wheel force transducers and SKF intelligent bearings for each wheel,
a dual antenna GNSS from Oxford Technical Solutions and a Corrsys-Datron non-contact
optical sensor to measure the sideslip angle (measurement accuracy of +0.2°). The high-end
optical speed sensor was used to measure the ground truth of the vehicle sideslip angle. The
vehicle was equipped with a dSPACE 1007 AutoBox as a real-time control platform. All
the equipment was interconnected through the Controller Area Network (CAN) interface,
and the sampling rate was set up at 100 Hz. The intelligent bearings demonstrate a similar
accuracy to the wheel force transducer [30], the most common sensor technique in research
for tyre force measurement. Thus, the tyre forces in the training dataset are taken from the
wheel force transducers, making the paper easier to reproduce. The dataset contains 216
manoeuvres corresponding to two hours of driving and consists of standard vehicle dynamics
manoeuvres, e.g. double-lane change, slalom, random steer, J-turn, spiral, braking in the
turn, and steady-state circular tests, together with recorded laps at the handling track. All
manoeuvres were driven on dry asphalt with tyres inflated according to the manufacturer’s
specifications. The bank angle and the road slope were negligible, and the friction coefficient
was approximately constant. Two different electronic stability control settings (On, Off) were
used. All the measurements were recorded at 100 Hz, the standard frequency for vehicle
state estimation. A statistical outlier removal has been applied to remove extreme outliers.
However, particular attention is paid to not deleting edge case measurements, which are the
most valuable data. Furthermore, all the manoeuvres were manually inspected to check the
outlier removal efficacy. The measurements are considered when V, is higher than 5m/s
and are filtered using a low-pass zero-phase filter with a cut-off frequency of 5 Hz based on
a finite impulse response technique [37].

The log distribution of the sideslip angle and lateral acceleration is represented in Fig.
2.4. The lateral acceleration is almost spread equally in the range [~10, 10] m/s?. In contrast,
the sideslip angle measurements mainly distribute in the range [-3, 3] deg. The latter is a
common phenomenon because it is challenging to perform manoeuvres with a high sideslip
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Figure 2.4: Log distribution of sideslip angle and lateral acceleration. Each bin corresponds to 1 deg and 1 m/s?

angle, even when the vehicle has a very high lateral acceleration. Especially in dry road
conditions, only a professional driver can induce a high sideslip angle.

A second dataset is selected from the same measurements. It will be referenced as limited
dataset because it only contains measurements of when the vehicle has lateral acceleration
la,| < 7m/s%. This simulates the cost and complexity of recording a large number of
manoeuvres in which the vehicle is driven at the extreme vehicle behaviour, but not at the
handling limits. Such a situation is common in the automotive field because, at the handling
limits, the driver can easily lose the vehicle’s control. Thus, the limited dataset will be
used to analyse the proposed hybrid approach regarding its robustness and generalisation
capabilities.

Both datasets are split into three sub-sets: training (75 %), validation (15 %) and test
(10 %). The test set contains the same manoeuvres for both the full and limited datasets. It
consists of manoeuvres representing the entire driving behaviour, but more focus is paid to
highly nonlinear situations. It includes 23 manoeuvres: two braking in the turn, two skidpad,
five J-turn, four slalom, four lane change, two random steers, three spiral and one lap track.

2.4.2 KEY PERFORMANCE INDICATORS
The performance of the different approaches is assessed through four key performance
indicators (KPIs), which are commonly used in sideslip angle estimation [33, 56, 86].

* The MSE assesses the overall estimation performance.

* The nonlinear MSE (MSE,) corresponds to the MSE computed only when |a,| >
4 m/s?. It measures the estimation performance when the vehicle behaves nonlinearly.

* The absolute maximum error (ME) measures the worst estimation performance.

* The nonlinear ME (ME,;) measures the worst estimation performance in the case of
nonlinear vehicle behaviour.

The nonlinear KPIs analyse the hybrid approach performance in the most critical scenarios.
The MSE and MSE,; are used to evaluate the estimation accuracy, while ME and ME;
are used to assess temporary high errors in the estimation. The latter is relevant to assess
whether the estimation is always coherent with the physical vehicle behaviour.
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2.4.3 BASELINE METHODS

The proposed hybrid approach is compared with the state-of-art model-based, data-driven
and hybrid approaches. All the considered baselines are adapted and optimised to use the
same sensor setup and dataset, ensuring an objective and fair comparison.

The model-based approach is a UKF-based on a single-track model with tyre force
measurements, as presented in [56]. The process noise parameters are tuned with the TSBO,
and the observation noise parameters associated with the tyre force measurements are adapted
online to enhance the observer’s performance. The adaptability is related to the reduction of
the level of noise coupled with tyre force measurements, this increases the Kalman gain when
the vehicle behaves nonlinearly. Thus, the effect of the Kalman gain is magnified during
manoeuvres at the handling limit. Otherwise, a magnified Kalman gain when the vehicle
behaves linearly could influence the vehicle states to follow the measurement sensor noises.
The adaptability is triggered with a hysteresis loop to avoid the chattering phenomenon.

The data-driven approach is a FFNN that uses IMU and tyre force measurements as
inputs, as evaluated in [56]. A simple FFNN reaches a better performance than a RNN when
the tyre force measurements are included in the input set because the RNN prediction power
is insufficient to compensate for the higher numbers of parameters to be trained. The NN is
formed by two hidden layers with respectively 250 and 125 neurons each and ReLU activation
functions. It uses a dropout regularisation technique (0.2) and a Xavier initialisation to avoid
overfitting. An early stopping method with patience equal to 20 is applied for the same
reason. The MSE is the loss function minimised by a mini-batch stochastic gradient descent
algorithm based on a standard ADAM optimiser with a learning rate (0.001). The mini-batch
size is 1024. For the training procedures, user-defined parameters are optimised through a
Bayesian optimisation.

The hybrid approach is a deep ensemble-UKF (DE-UKF) [63] adapted to maximise the
estimation performance on a dataset with tyre force measurements. The DE is formed by
20 FFNNSs trained independently on the same dataset. The FFNNs different estimations are
combined in a model averaging. Hence, the final Spp is the mean of the FFNNs estimations,
and o pp is the variance of the different model estimations. Each FFNN is trained using
a Gaussian negative log-likelihood cost function optimised through mini-batch stochastic
gradient descent based on an ADAM optimiser with a learning rate (0.0008). The epoch’s
number for each FFNN is 30. DE relies on the stochasticity of neural network training, which
allows every FFNN to converge to a different set of parameters. However, the estimation
accuracy is low when all models predict incorrectly, and there is no guarantee that the opp
will be high. This especially happens when the error is in the low sideslip angle range
because the NNs estimations tend to be closer. A high level of distrust suggests that the UKF
does not rely on the data-driven pseudo-measurement but trusts the estimation of the UKF
process model. Vice-versa, when the level of distrust is low, the UKF considers the neural
network estimation reliable. opp must be scaled before being used by the UKF because the
output of the DE does not match the weight of the other noise parameters. Otherwise, the
UKEF puts too much trust in Bpp. The scaling is based on an exponential function (eq. 2.11)
which differentiates approximately similar opp.

ODD,sc = 10p10-[l;2D (211)

where p; (-4.2690 for the full dataset and -1.4353 for the limited one) and p;, (0.7901 for the
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full dataset and 1.465 for the limited one) are two scaling parameters tuned using a Bayesian
Optimisation. The values of p; and p, change according to the dataset because they strongly
influence the DE’s estimation performance. If p; and p, are not re-tuned for the limited
dataset, the UKF will put too much trust in the DE, even if it lacks performance.

2.5 RESULTS

HIS section demonstrates the performance of the proposed approach. Subsection 2.5.1
T analyses how accurate the proposed approach is with respect to the baselines when it is
trained using a full dataset. Subsection 2.5.2 shows the results of the robustness analysis
when only a limited dataset is available. This demonstrates that the data-driven approach
is highly influenced by the amount and quality of the data. Subsection 2.5.3 proves the
approaches’ robustness to different tyre model parameters.

2.5.1 FULL DATASET RESULTS
The CNN-UKEF, the DE-UKF and the data-driven approach have been trained using the full
dataset.

The overall comparison is presented in Table 2.2. Both hybrid approaches perform better
than the model-based and data-driven approaches considering all four KPIs. This highlights
the importance of the hybrid architecture for vehicle sideslip angle estimation. For instance,
the model-based approach has a higher MSE and MSE,; than the data-driven approach but
a lower average ME and ME,;. The hybrid approaches have the same estimation accuracy
(MSE and MSE,))) as the data-driven approach without the average higher ME. The reason is
that in a hybrid approach, data-driven estimation is always validated through the model-based
approach.

It can be seen that CNN-UKF outperforms the three other approaches for all the proposed
KPIs. However, it does not have the same benefits in magnitude for all of them. The overall
MSE and ME of DE-UKF and CNN-UKF are comparable. The minor improvements for
the linear vehicle behaviour are respectively 1.15 % and 0.20 % in favour of the CNN-UKF.
Anyhow, if the performance is evaluated when the vehicle behaves nonlinearly, the CNN-
UKF will strongly outperform DE-UKF with an improvement of 24.84 % for the MSE,; and
5.60 % for the ME,;. A possible explanation is that the end-to-end training informs CNN
about the vehicle dynamics compensating for the lower amount of data in this operating
condition.

Table 2.2: Sideslip angle estimation comparison using the full dataset.

MSE MSE,, ME ME,
[deg’] [deg’] [deg] [deg]
Model-based 0.161 0.277 1.111 0991
Data-driven 0.096 0.157 1.293 1.123
DE-UKF 0.087 0.157 00981 0.822
CNN-UKF 0.086 0.118 0.979 0.776

Approaches
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Figure 2.5: Distribution of the sideslip angle error when the vehicle |ay| > 4 m/ s? for every approach in the test
set. Each bin is 0.25 deg wide. The x represents the mean and the line between the vertical symbols (| — |) is the
standard deviation of the sideslip angle error.

On the contrary, the DE during the training is not aware of the physical vehicle behaviour,
so it is subjected to a decay in performance where the dataset has fewer samples. The DE
becomes aware of the UKF performance only while tuning the level of distrust scaling
parameters. Furthermore, the process model noise parameters are online adapted in the
CNN-UKE, allowing the UKF to accommodate better the mismatches between the physical
and modelled vehicle behaviour.

Similar conclusions can be stated from the log distribution of the sideslip angle error in
the nonlinear operating range, see Fig. 2.5. The data-driven and the hybrid approaches have a
similar amount of 3 error samples in the range [—-1.5, 1.5] deg. In contrast, the model-based
approach suffers from the lower accuracy of the vehicle model in the nonlinear operating
region. However, the data-driven approach and partially the DE-UKF are more prone to high
estimation errors (>1.5 deg) than the model-based and CNN-UKEF. The latter outperforms all
other approaches and has the 8 error mean closest to zero and the lowest standard deviation.
Hence, a UKF coupled with a data-driven approach has the same performance as a data-
driven approach in a low error range, but it reduces the sporadic high errors of a purely
data-driven approach. Furthermore, the end-to-end training and the process noise parameters
adaption allow the CNN-UKF to maximise the hybrid capability especially when the vehicle
|a,| > 4m/s%.

Fig. 2.6 analyses how the estimation performance change for different manoeuvres. The
model-based approach has a weak accuracy, especially in braking-in-the-turn, J-turn and
skidpad tests. The braking-in-the-turn involves a coupling between the longitudinal and
lateral dynamics, which is not modelled in the used single-track vehicle model. In a J-turn
manoeuvre, the vehicle is driven at the limits of handling, where the mismatches between
the physical and modelled vehicle behaviour are higher. Whereas for skidpad tests, the
explanation is that it is a quasi steady-state manoeuvre, so the vehicle yaw acceleration is
almost null, and the difference between estimated and measured tyre forces becomes essential
for the S estimation. The tyre model is one of the most significant uncertainty sources in
the model-based approach. The data-driven approach almost constantly behaves better than
the model-based but worse than the hybrid approaches for estimation accuracy. However,
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Figure 2.6: Sideslip angle MSE,;; comparison for every group of manoeuvres.
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Figure 2.7: Slalom manoeuvre. Comparison of the sideslip angle estimation between all four approaches.

it outperforms the DE-UKF in a spiral manoeuvre, and a possible explanation is that the
DE-UKEF puts too much trust in the UKF process model. The CNN-UKEF outperforms all the
other approaches in five out of seven manoeuvres. Particularly relevant is the improvement in
the slalom and spiral manoeuvres. The slalom has the highest number of sideslip angle peaks
(Fig. 2.7), which are the most difficult moments to estimate sideslip. Spiral manoeuvres are
particularly challenging because it has an extra turn respect the J-turn. Fig. 2.7 shows the
sideslip angle estimation in a slalom manoeuvre at the handling limits. All four approaches
provide a reliable estimation, but the CNN-UKF outperforms the other approaches when
the vehicle reaches a 8 peak of 10deg at around 14s. This is a typical situation where
a correct estimation of S is essential to help the vehicle control system maintain vehicle
stability. Thus, an improved estimation in this condition is particularly relevant for safety.
The already mentioned high nonlinearities reduce the accuracy of the model-based approach.
The data-driven approach lacks accuracy at 15s due to the few data in the training set
describing this vehicle’s operation point. The DE-UKF improves the estimation performance
between 5s and 13 s combining the pros of the model-based and data-driven approach, but it
lacks performance at around 14 s. CNN-UKF improves the estimation accuracy not only in
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Figure 2.8: Fig: 2.8a shows the estimated and the pseudo-measurement of the sideslip angle. Fig: 2.8b shows
the process noise parameter associated with the Vy. Fig. 2.8c shows the level of distrust in the NN for the hybrid
approaches. Fig. 2.8d shows the process noise parameter associated with the .

the range of [5, 10] s but also in the highest peak at 14 s, as can be observed in Fig. 2.8.

Fig. 2.8a shows the 8 and Bpp for the hybrid approaches. CNN-UKF and DE-UKF
Bops lack accuracy between 12s and 15s, but the CNN-UKF § is accurate because the
UKEF is correctly weighting the UKF process model’s information with the NN’s pseudo-
measurement. Vice-versa, the UKF of the DE-UKEF puts too much trust in 8pp. When the
Bpp error rises, the corresponding level of distrust (Fig. 2.8c) also grows. CNN-UKF and
DE-UKF o pps have the same order of magnitude in normal driving, but the one related
to CNN-UKEF rises much more than the DE-UKF. This broader range makes the proposed
approach much less confident in the NN when its output is incorrect. This is not possible for
the DE-UKEF due to its training process. The DE-UKF does not have end-to-end training,
s0 its o-pp cannot match the weight of the other UKF noise parameters. The DE-UKF o pp
nonlinear scaling compensates only partially this issue. Fig. 2.8c clearly demonstrates how
the CNN-UKF distrust level range is [10‘3, 1], while the range for the DE-UKEF is only
[1073, 1072,

Another explanation for the better performance of the CNN-UKEF is related to the online
adaptation of the process noise parameters. The adaptive parameters allow the UKF to know
the current mismatches between the modelled and physical vehicle behaviour. The process
noise parameters of the DE-UKF and model-based approach are constant, so they correspond
to a trade-off between the different driving conditions. Vice-versa, the CNN-UKEF relies on
optimal tuned process noise parameters every instant. Fig. 2.8b and 2.8d show the values
of oy, and oy, respectively. As expected from the literature [121], both increase with the
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Figure 2.9: Spiral manoeuvre. Comparison of the sideslip angle estimation between all four approaches.

growth of vehicle nonlinearities. This further proves that CNN-UKF behaves according to
physical vehicle motion. oy, has a peak at 14, corresponding to the last vehicle’s right
turn, where the rear inner tyre is even detached from the ground due to the aggressiveness of
the manoeuvre. This extreme condition is created by a transient lateral load transfer (not
modelled) which strongly influences lateral tyre force production, resulting in a significant
V), model mismatch. Moreover, the effect of the front axle longitudinal force (F,y) on the
lateral velocity is not modelled (F'%m(a)) Overall, the constant and the adapted process
noise parameter have the same magnitude. Still, the one associated with CNN-UKEF is
generally bigger (apart from 13 s to 14s). The reason is that the constant oy, was optimised,
considering also less aggressive manoeuvres where the vehicle model is more reliable.

The process noise parameter o rises by two orders of magnitude when the vehicle has a
high sideslip angle. At the same time, when 3 is low, the adapted o7, is slightly lower than
the constant process noise parameter. A possible explanation is that the mismatches of the
modelled ¢ are higher than that of V. The meaningful adaptability of the process parameter
noises shows the CNN-UKF has an insight into vehicle dynamics physics and it can online
compensate for it.

Similar conclusions are obtained from the spiral manoeuvre represented in Fig. 2.9. Here,
the CNN-UKEF approach outperforms the accuracy of all other three approaches, particularly
from 5s to 13 s. The performance of the CNN-UKF is similar to sum of the best estimation
between the data-driven approach, from 4 s to 6 s, and the model-based approach, from 6 s to
10s.

The test set also contains a recording of an entire lap in a racing circuit, where the
effect of combined slip is maximal. Fig. 2.10b shows the vehicle’s lateral and longitudinal
acceleration, and it highlights how the driver is pushing the vehicle at the limit of handling
in all the corners, see [1, 7] s, [16, 19] s and [23, 29] s. The sideslip angle estimation
performance of the four approaches is represented in Fig. 2.10a. The model-based approach
has the lowest performance, especially in the range [1, 7] s. This result is expected because
the implemented Dugoff tyre model works in pure slip conditions. A similar conclusion is
also visible in the spiral manoeuvre, Fig. 2.9. The data-driven approach performs better
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Figure 2.10: Fig. 2.10a compares the sideslip angle estimation between four approaches in a portion of a racing
track. Fig. 2.10b shows the recorded lateral and longitudinal acceleration of the vehicle. It highlights the combined
slip situation at which the vehicle is driven. Fig. 2.10c shows the level of distrust in the NN for the hybrid
approaches.

than a model-based approach. However, it has the maximum absolute error at 23 s and 26s,
where the vehicle performs a cornering while braking. Both proposed hybrid approaches
have higher accuracy than the others, but the CNN-UKF has the best performance. A
possible explanation is the physic-informed NN architecture, which allows evaluating a very
accurate NN level of distrust. Fig. 2.10c shows the NN level of distrust for the DE-UKF
and CNN-UKEF. While the DE-UKEF level of distrust is almost constant along the manoeuvre,
the one associated with CNN-UKEF has two peaks in correspondence with the data-driven
maximum errors. This allows the CNN-UKF to avoid following the high estimation error of
the data-driven component. It is further proof of how the CNN-UKF is a physics-informed
NN in which the UKF and NN are mutually cooperating to improve the overall estimation of
the hybrid approach.

2.5.2 ROBUSTNESS ANALYSIS USING THE LIMITED DATASET

A sideslip angle filter must not only be accurate, but it should be robust to a different amount
of qualitative data during the training and tuning phase. Hence, to prove the robustness of
the proposed hybrid approach, its estimation performance is compared with the baseline
methods when they all have been trained using the limited dataset.
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Table 2.3: Sideslip angle estimation comparison using the limited dataset.

MSE MSE,, ME ME,
[deg’] [deg’] [deg] [deg]
Model-based 0.161 0277 1.111 0.991
Data-driven 0.223 0.358 1445 1.284
DE-UKF 0.157 0.270 1.103 0.983
CNN-UKF 0.156 0.269 1.099 0.975

Approaches

The overall comparison is presented in Table 2.3. Here, the model-based approach shows
the same performance as with the full dataset (see Table 2.2), because it is not influenced by
the amount of data. As expected the other approaches show a reduced performance with the
limited dataset where the MSE is more than doubled while the ME sees a moderate increase.
Now the data-driven approach has the worst performance in all four KPIs. The accuracy
loss is higher than 30 % for all the indicators, without a particular weakness in one of the
proposed KPIs. An explanation is that the dataset does not have representative data of the
vehicle driven with |ay| > 7m/ s2, so it must generalise much more than with a full dataset.
Significantly, the NN must reconstruct the extreme nonlinear vehicle behaviour, the most
complex vehicle operating region, without having representative data for these conditions.

The model-based and hybrid approaches’ performance is very similar, but DE-UKF
and CNN-UKEF have the best KPIs. The explanation is that hybrid approaches use the best
estimation accuracy of the model and the NN together. Both hybrid approaches strongly rely
on the estimation of the UKF process model because they cannot put much trust in the data-
driven part. However, the NN still has benefits when the vehicle behaves linearly due to the
excellent amount of data in that range. This highlights how the hybrid approaches improve
the robustness of both model-based and data-driven approaches. The hybrid approach shows
a minor improvement compared with the model-based approach. However, the result is
significant because it highlights how the hybrid approach is as robust as a model, even if
trained with a limited training dataset. On the contrary, a purely data-driven approach is not
robust for using a small training set resulting in poor estimation accuracy.

The CNN-UKEF performs slightly better than DE-UKEF in all four KPIs. However, the
CNN-UKEF outperforms the DE-UKF, mainly for the MSE and MSE,;. The main reason
is the adaptability of the process noise parameters, which cope with the change of vehicle
model mismatches in the various vehicle operating points. However, the improvement in
accuracy is not enough to be considered significant (< 5 %).

Fig. 2.11 shows the sideslip angle error log distribution in the nonlinear operating range.
All the approaches which rely on a model highly outperform the data-driven approach. The
latter have g error samples in the range [—3.8, 4] deg, while the other approaches have 8
errors between [—1.8, 1.8] deg. This proves that the data-driven approach is highly prone to
high estimation errors when trained with a limited dataset. The performance of the model-
based and hybrid approaches is very similar. They also share an equal error distribution. The
data-driven approach slightly outperforms the other approaches in the very low error range
[-0.3, 0.6] deg. This explains why the hybrid approaches are more accurate overall than the
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Figure 2.12: J-turn manoeuvre. Comparison of the sideslip angle estimation between all four approaches using the
limited dataset.

model-based one, despite mainly relying on it.

Fig. 2.12 shows the sideslip angle estimation in a J-turn manoeuvre at the handling
limits. The model-based and hybrid approaches behave almost identically, and all strongly
outperform the purely data-driven approach. The only visible differences are between
[1.5, 3] s, where the CNN-UKF captures slightly better the conclusion of the peak and
between [4, 7] s where the DE-UKF is closer to the S reference.

The major difference between DE-UKF and CNN-UKEF is visible from the comparison
of the Bpp, see Fig. 2.13. The Spp computed by the CNN-UKF is highly outperforming the
one estimated by the DE-UKF. The explanation is that the CNN-UKEF is trained end-to-end,
so the output of the CNN has physical information that the NN uses to increase its accuracy.
The DE is trained independently, performing similarly to the purely data-driven approach.
An higher accuracy of Spp implies that the following UKF can rely on a better sideslip
angle pseudo-measurement. This proves the benefits of using a physical informed-NN.
Despite this, the S estimation of DE-UKF and CNN-UKEF is similar because the model-based
approach still outperforms both 8pp. Thus, both hybrid approaches mainly rely on the UKF.
Due to the high chances of dealing with a limited dataset, the hybrid approach is fundamental
to improving vehicle sideslip angle estimation.

However, the performance of the proposed CNN-UKF approach is still influenced by
the amount and quality of data in the training set. Thus, it still represents a limitation of
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Figure 2.13: J-turn manoeuvre. Comparison of the estimated 8 and Spp between the hybrid approaches using the
limited dataset.

the proposed approach that must be addressed in the future. This highlights the importance
of defining standards procedure to collect valuable and broad datasets. Regardless, the
proposed CNN-UKEF allows the introduction of possible solutions for lack of data, e.g.,
weakly-supervised learning during the end-to-end training, which allows for using data
recorded without expensive sensors.

2.5.3 ROBUSTNESS ANALYSIS TO TYRE MODEL PARAMETERS

An essential property of vehicle sideslip angle estimators is the robustness to vehicle pa-
rameter variations. The variation of cornering stiffness strongly influences the sideslip
angle estimation, because it can vary from its nominal value due to numerous factors, e.g.
tyre pressure, temperature, and wear [33]. Thus, to prove the robustness of the proposed
approach, Fig. 2.14 shows how the MSE,;; (2.14b) and the MSE (Fig. 2.14a) of the vehicle
sideslip angle vary at the variation of the axle cornering stiffness. In particular, the front
and rear axle cornering stiffnesses are changed by =10 % [33]. Overall, it is visible that
the model-based approach is the most sensible to the variation of the inner model, while
the data-driven approach, which does not have a physical model, is not affected. Both
hybrid approaches are less influenced by the variation in the physical model than the purely
model-based approach. However, Fig. 2.14 shows that the CNN-UKF performance is more
influenced by the model mismatch than the DE-UKF. A possible explanation is that the
CNN-UKEF varies the level of distrust in the NN during the manoeuvre according to how it
learned during the training, giving more trust to the UKF at some specific moments. When it
faces a different model mismatch than previously learned, it is more influenced by it than
the DE-UKEF, which does not vary the level of distrust to the NN, always prioritising the
data-driven side of the approach. Despite this, the CNN-UKF consistently has a lower MSE,;
than the DE-UKEF, see Fig. 2.14b and only when both axle cornering stiffness of the vehicle
model are increased by 10 % as, on average, a higher MSE than the DE-UKF. Thus, it can
be concluded that hybrid approaches are more robust to parameter uncertainties than purely
model approaches and that the DE-UKF performance is less affected by the internal model
accuracy than CNN-UKF.
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Figure 2.14: 2.14a shows how the axle cornering stiftness influences the vehicle sideslip angle MSE of all four
approaches. 2.14b shows how the axle cornering stiffness influences the vehicle sideslip angle MSE, of all four
approaches.

2.6 CONCLUSION
T HE paper presents a novel hybrid approach to vehicle sideslip angle estimation, which
involves utilising the physical knowledge from a UKF based on a single-track vehicle
model to enhance the estimation accuracy of a CNN. Using a large-scale experimental dataset
of 216 manoeuvres, it has been shown that the hybrid approach is more accurate than purely
model-based or data-driven approaches. Moreover, the CNN-UKEF is slightly reducing the
MSE of the DE-UKF. However, when the MSE,; is compared, the CNN-UKF outperforms
the DE-UKF by 25 %, providing a much higher accuracy in the most critical operating
region for active vehicle control systems. The CNN-UKEF, thanks to the end-to-end training,
is forcing the CNN to comply with the vehicle physics, reducing the ME and ME,; of all
other approaches. When a limited dataset is provided, the proposed hybrid approach has
a minor improvement in the estimation robustness over the model-based and the DE-UKF
approach for all the KPIs. The CNN-UKF is highly outperforming the estimation of a
purely data-driven approach. Future works involve testing the generalisation capability of the
CNN-UKEF utilising a dataset with different levels of road grip, e.g. wet, snow or icy roads.
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MODEL PREDICTIVE
CONTOURING CONTROL FOR
VEHICLE OBSTACLE AVOIDANCE
AT THE LIMIT OF HANDLING

Compromise consists of reconciling divergent claims through mutual concessions. For this,
it is necessary that both parties have a valid claim and something of value to offer each other.

The Virtuous Egoist, Ayn Rand

This chapter will be extended with more experimental data and submitted for publication as: [2) A. Bertipaglia,
M. Alirezaei, R. Happee, and B. Shyrokau, “Experimental Validation of Model Predictive Contouring Control
for Vehicle Obstacle Avoidance at the Limit of Handling”. This chapter builds on [2) A. Bertipaglia, M. Alirezaei,
R. Happee, and B. Shyrokau, "Model predictive contouring control for vehicle obstacle avoidance at the limit of
handling," in Symposium on the Dynamics of Vehicle on Roads and on Tracks, Ottawa, Canada, 2023 [41].
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ABSTRACT

This paper proposes a nonlinear Model Predictive Contouring Control (MPCC) for obstacle
avoidance in automated vehicles driven at the limit of handling. The proposed controller
integrates motion planning, path tracking and vehicle stability objectives, prioritising obsta-
cle avoidance in emergencies. The controller’s prediction model is a nonlinear single-track
vehicle model with the Fiala tyre to capture the vehicle’s nonlinear behaviour. The MPCC
computes the optimal steering angle and brake torques to minimise tracking error in safe
situations and maximise the vehicle-to-obstacle distance in emergencies. Furthermore, the
MPCC is extended with the tyre friction circle to fully exploit the vehicle’s manoeuvrability
and stability. First, the performance is compared with a state-of-the-art Model Predictive
Control (MPC) in a high-fidelity simulation environment. The double lane change scenario
results demonstrate a significant improvement in successfully avoiding obstacles and main-
taining vehicle stability at the limit of handling. Afterwards, the proposed MPCC is validated
by performing a double lane change with the TU Delft experimental Toyota Prius.
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3.1 INTRODUCTION

A UTOMATED vehicles’ safety relies heavily on their ability to effectively avoid obstacles
through evasive manoeuvres. Nevertheless, tyre nonlinearities pose a significant chal-
lenge in this regard [38]. A hierarchical controller architecture typically separates motion
planning, path tracking, and vehicle stability tasks [39]. Although each task can be optimised
separately, in an evasive manoeuvre, the three objectives could be in conflict with each other
[26]. Therefore, to avoid potential conflict, we integrate motion planning, path tracking, and
vehicle stability into a single controller for obstacle avoidance at high speed.

Recent studies highlight that vehicle stability constraints could lead to tracking errors,
potentially causing collisions [26, 42]. A potential solution is integrating an obstacle
avoidance controller with objectives including motion planning, path tracking and vehicle
stability [122]. Model Predictive Control (MPC) based on a nonlinear single-track vehicle
model can integrate all the controllers’ objectives and modify the desired trajectory to
keep the vehicle stable and at a safe distance from the object [26]. In order to run the
MPC controller in real-time, the nonlinear single-track vehicle model is linearised into an
affine time-varying model. The longitudinal and lateral control is considered separately.
However, the affine model diminishes the model’s accuracy and limits the control capabilities.
Furthermore, the model fidelity is particularly affected when the lateral and longitudinal
dynamics are coupled [38]. Thus, to address these limitations, a nonlinear vehicle model
and nonlinear optimisation must be adopted [38, 57]. The vehicle and the obstacles are
represented as a set of circles, and their distance is constantly measured in the cost function
of the nonlinear MPC [38]. Vehicle kinematics is described using the Frenet coordinate
system because it allows an easy determination of the vehicle location relative to a reference
line. Despite these advantages, when the trajectory has a curvature, the vehicle-to-obstacle
(V20) distance in the Frenet coordinate system is over-estimated with respect to the distance
in the Cartesian coordinate system [41]. Furthermore, the computation of the travelled
distance of the vehicle with respect to the reference line at every time step requires an
additional optimisation [46].

This paper proposes a Model Predictive Contouring Control (MPCC) based on a nonlin-

Figure 3.1: TU Delft experimental automated vehicle (third-generation Toyota Prius) used in the experimental
validation.
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ear single-track vehicle model for obstacle avoidance. The MPCC, using a Cartesian frame,
aims to approximate the MPC based on the Frenet reference system, thanks to the introduc-
tion of the lag and contouring error in the cost function. Thus, it avoids overestimating the
V20 distance due to the Frenet coordinates, and it eliminates the additional optimisation
to compute the travelled distance of the vehicle with respect to the reference line. We
exhaustively assess the controller performance in a high-fidelity simulation environment
designing a double-lane change for vehicle obstacle avoidance. Furthermore, we validate
the proposed controller in an experimental test, see Fig. 3.1, under heavy rain conditions,
successfully performing the evaluated double-lane change at 30 km/h.

This paper is organised as follows: Section 3.2 reviews previous work and outlines the
main contributions of this paper. Section 3.3 introduces the prediction model, and Section
3.4 details the proposed controller. Section 3.5 describes the experimental setup, with results
summarised in Section 3.6. Finally, Section 3.7 presents the key findings and suggests
directions for future work.

3.2 RELATED WORKS

A substantial body of literature addresses vehicle control for obstacle avoidance in automated
driving at the handling limit. The common obstacle avoidance architecture is often referred
to as hierarchical, as it divides the task into three separate control layers: motion planning,
which generates a collision-free trajectory; path tracking, which computes the actuator
commands; and vehicle stability, where the previously computed commands are adjusted
to ensure that the vehicle remains within the stability envelope [123]. A typical approach
involves using a high-level motion planning algorithm to compute a trajectory via nonlinear
MPC based on a simplified point-mass vehicle model. The friction circle then constrains
the point-mass model’s accelerations to determine the vehicle handling limit. At the low
level, a linear-time-varying MPC controller optimises the actuator commands to follow the
planned trajectory. To minimise tracking error, the vehicle model must more accurately
reflect vehicle dynamics; so, the low-level controller utilises a nonlinear single-track vehicle
model with Pacejka tyre formulations rather than a simple point-mass model [39].

In this architecture, the performance of each controller is optimised independently, and
potential conflicts between their objectives are not thoroughly analysed [39, 124-126]. For
instance, the simplified point-mass vehicle model can generate unfeasible trajectories near
the handling limit that the path-tracking controller cannot accurately follow. For instance, a
single-track or a double-track vehicle model has handling limits different from those of a
point-mass model. The difference can be negligible at low velocity, but it becomes relevant
when the vehicle’s absolute lateral acceleration exceeds 4 m/s?. Another notable issue is
that the vehicle stability controller may modify the inputs computed by the path-tracking
controller, thereby increasing tracking errors and potentially leading to a collision with an
obstacle, even though it successfully maximises its objective of maintaining vehicle stability
[124].

As a result, path-tracking and vehicle stability objectives are often integrated into a
single controller [42, 57, 127, 128]. For instance, a possible solution consists of a path-
tracking nonlinear MPC (NMPC), which can ensure stability by constraining the vehicle’s
sideslip angle [57]. The control inputs are the steering angle and the brake torque at
each wheel. The NMPC prediction model is based on a double-track vehicle model with
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the Dugoff tyre model, incorporating braking actuator dynamics via a first-order transfer
function. The Dugoff-modified cornering stiffness is provided to the controller as an external
parameter at every iteration, and its dynamic is excluded from the prediction model to
reduce computational load. This simplification is accurate enough for the controller to
follow the reference trajectory while staying inside the linear tyre working range. When
the controller works in the tyre nonlinear region, particularly near the handling limit, the
prediction model mismatches become relevant, limiting the NMPC’s overall performance.
The NMPC works in real-time with a sampling interval of 0.035 s [57]. Regardless, none of
these approaches accounts for the consequences that tracking errors can have on obstacle
avoidance performance.

To address these limitations, an alternative obstacle avoidance architecture is proposed,
often referred to as "integrated" because it combines motion planning (re-planning), path
tracking, and vehicle stability into a single controller [26, 38, 129]. This approach considers
potential path-tracking errors that could lead to a collision and incorporates them into the
trajectory re-planning process. Additionally, the controller can prioritise collision avoidance
by temporarily relaxing stability constraints in emergencies, ensuring a more robust response.

One possible solution is to use an MPC to compute the optimal steering angle for
obstacle avoidance, while a simple feedforward-feedback longitudinal controller calculates
the required braking or acceleration force [26]. The MPC optimisation is split into two parts:
a short prediction horizon is used for vehicle stability, while a longer horizon is employed
for obstacle avoidance. The complex nonlinear coupling between longitudinal and lateral
dynamics is ignored, and the single-track vehicle model in the MPC is linearised into an
affine time-varying model. This allows the controller to work with a quadratic cost function
and operate in real-time with a sampling interval of 0.01 s. Despite successful experimental
validation in a hairpin manoeuvre, the controller’s performance is limited by the lack of
accuracy in modelling the longitudinal and lateral dynamic coupling [38]. An alternative
approach uses an NMPC, which simultaneously optimises the steering angle, longitudinal
force, and optimal brake distribution between the front and rear axles [38]. Due to the highly
nonlinear dynamics involved, the prediction model cannot be linearised, so a nonlinear
interior point solver is used to solve the NMPC. The controller’s time step is increased to
0.05 s to ensure real-time performance. The vehicle and obstacles are modelled as circles, and
the distance between them is continuously measured within the cost function. The controller
prioritises obstacle avoidance over path tracking by considering the distances between the
vehicle and obstacles and the vehicle and road edges to avoid passing dangerously close to
them. The vehicle kinematics are modelled using a Frenet reference frame, simplifying the
calculation of the vehicle’s position relative to a reference line. The V20O distance is also
measured using this coordinate system. However, when the trajectory has curvature, the
Frenet system tends to overestimate the V20 distance compared to the Cartesian coordinate
system [41].

This paper proposes a Model Predictive Contouring Control (MPCC) approach based
on a nonlinear single-track vehicle model with a Fiala tyre model for obstacle avoidance.
Originally introduced for robot motion planning at low speeds [45] and lap-time optimisation
for scaled vehicles [46], the MPCC is extended here to address obstacle avoidance and
vehicle stability. Unlike traditional MPCs that utilise the Frenet reference system, the MPCC
operates in a Cartesian frame, incorporating lag and contouring errors into the cost function.
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This approach prevents the overestimation of the vehicle-to-obstacle (V20) distance, a
common issue with Frenet coordinates, and eliminates the need for additional optimisation to
compute the vehicle’s distance travelled along the reference line. The MPCC simultaneously
optimises the steering angle, longitudinal force, and brake distribution between the front and
rear axles. Despite the increased complexity of the prediction model, the controller achieves
improved accuracy while maintaining real-time feasibility on a rapid prototyping platform.

The contributions of this paper are threefold. The first is improving the overall obstacle
avoidance performance of the proposed MPCC over a state-of-the-art MPC [38]. Both
controllers can successfully avoid a collision between the vehicle and the obstacle in a
double-lane change. However, the baseline MPC cannot keep the vehicle outside the unsafe
area close to obstacles or road edges. The second contribution encompasses improved vehicle
stability by minimising the peaks in sideslip angle and increasing the minimum velocity
during manoeuvres due to better prioritisation of the obstacle avoidance objective within the
MPCC framework. The third contribution is the successful experimental validation of the
proposed MPCC, tested on a Toyota Prius performing a double-lane change at 30 km/h on a
low-friction surface under heavy rain conditions. Additionally, the experimental scenario
with a low road friction coefficient demonstrates the robustness of the proposed controller to
different friction conditions.

3.3 PREDICTION MODEL

Nonlinear single-track vehicle model (Fig. 3.2) is used in the proposed MPCC. Only
A the in-plane dynamics are considered, ignoring the lateral weight transfer and the roll
and pitch dynamics. The vehicle position is described using a Cartesian reference frame
by the states (x =[X, Y, ¥, vy, vy, 1, 6,6, Fx]): longitudinal position (X), lateral position (Y),
and the heading angle (¢) of the vehicle centre of gravity (CoG) relative to an inertial frame.
The velocity states are the longitudinal and lateral velocity at the CoG, respectively (v,) and
(vy), and the yaw rate (r). Furthermore, an additional state corresponding to the vehicle
travelled distance () is introduced, and the MPCC cost function uses it to compute the
vehicle position relative to the reference line. The steering angle (§) and the longitudinal
force (F) correspond to the integral of the control inputs. The implemented state derivatives,
(%), correspond to the following equations:

X = vy cos () — vy sin ()

Y = v, sin (i) + v, cos (i)

i=r

. =Fyp(nuy) sin(0)+F oy (x,uy) co8(6)+F o (X,uy)=Farag

V= m T vy 3.1
. F\r(x,u,) cos(6)+F, f sin(6)+Fy, (x,u,

Vy — )f( L) ( ) xf ( ) )r( \) _ rvx

m
_ L Fyp(xuy) cos()+1y Fop(x,uy) sin(6) =1, Fy,(x,uy)

r [
)= 2442
0= vy +v;

where F,; and F; are, respectively, the longitudinal and lateral tyre forces, i stands for front
(f) or rear (r), Iy and I, are the distance between the front and rear axle to the CoG, I; is
the vehicle inertia around the z-axis, m corresponds to the vehicle mass and Fg is the
aerodynamic drag resistance.
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Figure 3.2: A nonlinear single-track vehicle model.

The vehicle model inputs (u,) are the road-wheel angle rate (§), the total longitudinal
force rate applied at the CoG (F) and the brake repartition between the front and rear axle
(Ap).

The control input rates are integrated into the prediction model before being applied to
the vehicle. The inputs governing the longitudinal dynamics are F, and A, and not F,; and
F ... The reason is that the vehicle must be able to accelerate and brake, but it is forbidden to
accelerate and brake simultaneously [38]. Thus, the constraint (F fFr 2 O) is commonly
applied. However, it introduces a saddle point when both F,, and F,, are equal to zero,
not guaranteeing the Hessian to be positive-definite [38]. For this reason, the constraint is
implicitly formulated inside the prediction model as follows:

o = (3.2)

xXr —

B (1 -2y F,, otherwise

pF, ifF. <0 1-a)F, ifF,<0
Aq4F ., otherwise

where A, represents whether the vehicle is front- or rear-wheel driven.

A Fiala tyre model computes the lateral tyre force for each axle, while the longitudinal
force is defined as an input of the system [38]. The nonlinear coupling between F,; and
Fy; is captured according to the friction circle [57]. The tyre parameters are optimised
by performing quasi-steady-state circular driving in a high-fidelity simulation based on a
Delft-Tyre model 6.1.

The vehicle and obstacles are represented as circles so that their Euclidean distance can
constantly be computed as follows:

Dyso = X = Xop? + (¥ = Yo = o = e (3.3)

where X, Y and X, Y,ps are, respectively, the longitudinal and lateral position of the vehicle
and obstacle centre, and r,,;, and r,, are the radius of the vehicle and obstacle circles. Thus,
the vehicle and the obstacle collide when the V20 distance Dy»¢ is lower than zero. The
controller aims to keep Dy, always positive and above a user-defined safety distance.

3.4 MODEL PREDICTIVE CONTOURING CONTROL

This section describes how the proposed MPCC controller integrates motion planning, path
tracking, and vehicle stability objectives.
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Figure 3.3: A representation of the contouring ec,, and lag error ez,¢. 6 and 6 are the vehicle travelled distance
and the distance with respect to the reference line, respectively.

3.4.1 CoST FUNCTION

The MPCC employs an iterative approach to solve an optimal control problem, enabling
the vehicle to operate at its handling limit while avoiding obstacles. The cost function
objectives encompass several aspects: tracking a reference longitudinal and lateral position,
maintaining a desired velocity, dynamically adjusting the indicated trajectory to ensure a safe
distance from obstacles while maintaining stability, and guaranteeing the physical feasibility
of input signals. The proposed cost function (J) is:

N
2 2 2 22 i 2
J= Z(qeameCon,i + quageLag,i + queleVel + 5]565 + qFXFXi +
i=1
3.4

Nobs Nedg

2 2 2
T qr€,,, Z (qevzoeVZO,j,i) + Z (qeszeVZE,j,i))

J=1 J=1

where N is the length of the prediction horizon, N, is the number of obstacles in the road,
Negg = 2 is the number of road edges, and parameters g. are the weights of the respective
quadratic errors, defined below. The weights are fine-tuned to optimise controller perfor-
mance by minimising longitudinal velocity error and sideslip angle peaks [120] and enabling
the vehicle to avoid obstacles while maintaining a safe distance from obstacles and road
edges.

The reference trajectory is tracked through the introduction of the contouring error (ec,,)
and the lag error (eLag) [45, 46], see Fig. 3.3. ec,, corresponds to the projection of the vehicle
position over the desired trajectory. It is computed as a function of the vehicle travelled
distance with respect to the reference line (65). However, based on the Cartesian coordinate
frame, the controller cannot determine the distance 6, in the prediction model of Eq. 3.1.
Vice versa, it corresponds to a state when a Frenet reference system is employed [38, 57].
Thus, in the MPCC, 6, is approximated by the total vehicle travelled distance 8 computed as
in Eq. 3.1. To ensure the validity of this approximation, the norm between the two distances,
called lag error, must be minimised. The errors are approximated as follows [45, 46]:

econ = sin (¥ (0)) (X — X, (6)) — cos (¥, (6)) (Y - Y, (6))

3.5
21ag = — cos (F, () (X - X, (0)) — sin (¥, (6)) (¥ — ¥, (6)) )
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where X;, Y7, and Wy are the desired longitudinal, lateral position and heading angle. It
should be noted that &;,, is minimised by following the reference trajectory and modifying
the vehicle velocity. Thus, if the desired velocity is unfeasible for the given trajectory, the
controller will reduce it to keep the &, close to zero.

The velocity is tracked by computing ey,;, which corresponds to the difference between
the vehicle’s velocity and the desired one.

The controller dynamically adjusts the reference trajectory to ensure a safe distance
from obstacles. This is possible by evaluating the V20O distance. The error function
(evzo = Dy, — Dg f,,o) is computed as the difference between a user-defined safety distance

between the vehicle and the obstacle (Dsf,,o), and the V20 distance Dy;p, see eq. 3.3. It
should be noted that when Dy>p > Ds .0, qv20 is automatically set at zero, while when
Dy < Dsyi 0 the error is computed to keep the vehicle always at a safe distance from
the object. A similar error is introduced to keep the vehicle away from the road edges
(esz = Dyog — Ds ;. E) Ds 1, s the safety distance between the vehicle and the road edge,
and Dy, is the distance between the vehicle and the road edge.

The other cost terms focus on the smoothness and feasibility of control inputs. Thus, the
cost terms are introduced to the steering angle rate and the longitudinal force rate applied at
the vehicle CoG. Furthermore, the controller minimises the error (e,,) between the actual
brake repartition and the ideal one, similar to the ideal brake force distribution. The ideal
brake repartition, %/ %, corresponds to the percentage of the total braking force that
should be applied to the front axle to lock the front and the rear axle simultaneously. The
error e, helps the controller provide the ideal braking repartition. It also allows a variation
depending on various factors, e.g., the tyre saturation in the front and rear axle or the value

of the steering angle.

3.4.2 CONSTRAINTS

The cost function is constrained based on actuator limitations, vehicle stability and road
track width. The road-wheel steering angle, the total longitudinal force and their respective
rates are limited by upper and lower constraints.

The vehicle stability is enforced by restricting the total available tyre force at each axle
using the tyre friction circle. At first, the longitudinal force (F) is restricted considering
|Fy| < sfuF,. Given the difficulties of estimating the road friction coefficient (1), the
tyre friction circle is multiplied by a safety coefficient (sf) equal to 0.95, which limits the
available longitudinal force. The Fiala tyre in the prediction model limits the maximum
lateral tyre force according to the tyre friction circle at a given F,.

The vehicle is enforced to stay on the track using the following constraint:

5] 15

where X, and Y., are the longitudinal and lateral location of the centre of the track, and
W; is the width of the road track [46].

2 Wt

)
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3.4.3 OBSTACLE AVOIDANCE PRIORITISATION

The cost function combines different objectives and needs to prioritise collision avoidance
during an evasive manoeuvre. Thus, the weights associated with the V20 or vehicle-to-edge
(V2E) distance vary dynamically, according to:

Pk, if DV20 <0
_ _2’;2‘/20
qv2o = Pye D0 , elseif 0 < Dyyp < Ds,y’g

0, otherwise

3.7

where Py represents the maximum value that gy, can reach. This value prioritises collision
avoidance as the V20 distance decreases. It increases up to Py in a Gaussian shape curve.
This prioritisation approach is more gradual than the step growth from [38], which results
in faster and more robust convergence of the MPCC solver. It is important to note that
prioritising collision avoidance may result in a larger tracking error and deviation from the
vehicle’s desired velocity.

3.5 SIMULATION AND EXPERIMENTAL SETUP

HIS section is divided into two subsections. Subsection 3.5.1 describes how the proposed

MPCC is evaluated in a high-fidelity simulation environment during a double-lane
change at the limit of handling. Subsection 3.5.2 outlines the experimental validation of the
proposed MPCC.

3.5.1 SIMULATION SETUP
The proposed control is firstly tested on the SCALEXIO dSPACE real-time platform, based
on a multi-core DS6001 processor (2.8 GHz quad-core, 1 GB DDR2 SD RAM). The MPCC
is set up in a separate core from the vehicle plant. The prediction model is discretised
using Runge-Kutta 2 for its proper trade-off between accuracy and simplicity [38]. A
0.05 s sampling time and 50 steps prediction horizon is selected to make the controller
real-time implementable. The optimisation problem is solved using the nonlinear interior
point solver of FORCESPro [130]. The optimisation Hessian is approximated using the
Broyden—Fletcher—Goldfarb—Shanno algorithm, and a user-defined initial Hessian matrix is
provided to speed up the solving time. All the other solver parameters are kept as defaults.
The platform successfully solves the nonlinear optimisation with an average time of 15.6 ms
and max solving time of 18.6 ms. However, there is no mathematical guarantee that the
solver will converge in time. The vehicle plant runs in a separate core at 1000 Hz. It is
a high-fidelity BMW Series 545i vehicle model based on an IPG CarMaker simulation
platform. Its parameters are determined through experimental inertia measurements, while
the suspensions are characterised using a Kinematics & Compliance test rig. The tyre
dynamics are based on a Delft-Tyre 6.1. The actuator dynamics are included through a
second-order transfer function to increase the simulation accuracy [57]. Including actuator
delays is particularly important for vehicle stability, as these delays contribute significantly
to the onset of unstable limit cycles [131-133].

A double lane change manoeuvre with two obstacles is considered to assess the proposed
controller’s capabilities in avoiding obstacles at the limit of handling. The manoeuvre
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Figure 3.4: Toyota Prius experimental setup 3.4a and the vehicle during the experimental validation 3.4b.

contains multiple obstacles because it is crucial to assess how the re-planning to avoid the
first obstacle influences the vehicle’s capacity to avoid the second one. A coarse trajectory
is provided, corresponding to the desired path from the behaviour planner. The desired
path indicates which side of the obstacle the collision avoidance controller needs to follow.
Thus, the proposed controller follows the desired trajectory while also making necessary
adjustments when the trajectory is too close to an obstacle or deemed infeasible. Considering
the initial vehicle position and orientation, the desired trajectory is determined as a function
of the road curvature and the distance along the reference line. The desired vehicle velocity
is constant along all the manoeuvres [38].

3.5.2 EXPERIMENTAL SETUP

The experimental validation of the proposed controller is conducted on a third-generation
Toyota Prius, currently available at the Intelligent Vehicle group at Delft University of Tech-
nology, as shown in Fig. 3.1. An Oxford Technical Solutions RT3000 V3 Global Navigation
Satellite System (GNSS) aided inertial measurement system is used to provide vehicle posi-
tion and orientation, as well as linear and angular velocities and accelerations at the vehicle’s
CoG. Due to physical constraints in the trunk, it was not possible to install the SCALEXIO
dSPACE real-time platform in the Toyota Prius. As a result, the controller is adapted to
run on a dSPACE 1007 AutoBox, as shown in 3.4a. The lower computational power of the
dSPACE 1007 AutoBox, compared to the SCALEXIO dSPACE, required modifications to
the proposed MPCC to ensure real-time performance on this rapid prototyping platform.
Specifically, the MPCC prediction horizon is shortened to 30 steps from the 50 used in the
simulation setup. Additionally, the optimisation problem is solved using the FORCESPro
nonlinear sequential quadratic programming solver [130].

The third-generation Toyota Prius does not permit control over the brake distribution
between the front and rear axles, which is one of the command inputs in the MPCC.
Therefore, the proposed controller is reformulated to use the steering angle rate and the
longitudinal force rate at the vehicle’s CoG as inputs. Specifically, the commanded inputs are
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the steering wheel angle and the longitudinal force, with factory brake distribution applied
during braking and front-wheel drive used during acceleration. The MOVE box, developed
by the Nederlandse Organisatie voor Toegepast Natuurwetenschappelijk Onderzoek (TNO),
serves as a gateway between the application platform and the vehicle’s electronic control
unit (ECU). The MOVE box interprets high-level commands received via the controller area
network (CAN) from the dSPACE AutoBox and translates them into low-level commands
tailored for the third-generation Toyota Prius.

The MOVE box incorporates safety mechanisms to ensure that internal safety limits are
not exceeded and that the driver can always regain manual control. For longitudinal control,
a maximum deceleration of —6 m/s” is permitted. Stricter rules apply to lateral control:
steering torque is restricted to 1.5 Nm, and the steering rate is limited to 3.4 rad/s, with this
limit further reduced as vehicle speed increases. Additionally, the steering wheel angle is
restricted to approximately 5.2 rad at vehicle speeds up to ~5 km/h and to about ~1 rad at
speeds of around ~18 km/h.

In the experimental scenario, a double-lane change manoeuvre with two obstacles
is considered. However, due to the limitations of the experimental setup, such as the
constraints of the MOVE box, the manoeuvre is performed at 30 km/h. Additionally, the
test is conducted on a low-friction surface under heavy rain conditions. A coarse trajectory,
representing the desired path from the behaviour planner, is provided and computed under
the assumption of a high-friction scenario. The MPCC prediction model is also tuned for
high-friction conditions. Therefore, this experimental test is designed not only to validate
the proposed controller but also to demonstrate its robustness to varying road friction
coefficients.

3.6 RESULTS

HIS section is divided into three subsections. Subsection 3.6.1 compares the assumptions
T of using a Cartesian reference system versus a Frenet reference system. Subsection 3.6.2
analyses and compares the performance of the MPCC with a baseline MPC for collision
avoidance at the limit of handling [38]. Finally, Subsection 3.6.3 presents the experimental
validation of the proposed MPCC, conducted using a Toyota Prius.

3.6.1 CARTESIAN VS FRENET REFERENCE FRAME

The proposed MPCC controller computes the V20 and V2E distances using a Cartesian
reference system. Vice versa, the baseline is an MPC built on a Frenet reference frame. The
difference in the coordinate system implies a disagreement on how distance is measured.
Fig. 3.5a and Fig. 3.5b show a vehicle driven on a 20 m radius circular road in the Cartesian
and Frenet reference system. An obstacle is located on one side of the circle, with a normal
displacement from the reference line equal to the radius of the obstacle. Assuming the
vehicle drives on the reference line, the V20 distance is computed using both coordinates
at every instance. Fig. 3.5¢ shows how the two distances vary depending on the vehicle’s
distance driven on the reference line. The distance in Frenet coordinate frame [38] is similar
to the one computed in the Cartesian coordinate frame only when the vehicle is close to the
obstacle. Vice versa, when the vehicle still needs to drive along the reference line, the V20
distance in the Frenet reference frame is overestimated compared with the Cartesian distance.
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Thus, the MPCC can prioritise the obstacle avoidance objective before the MPC based on the
Frenet reference frame, improving the chances of safely avoiding the obstacle while keeping
the vehicle stable. The difference between the Frenet and the Cartesian V2O distances
depends on the road’s curvature and the obstacle’s normal distance from the reference line.
Fig. 3.5d shows how the difference in V20 distance between Frenet and Cartesian changes
with the road curvature. It can be observed that the higher the road curvature, the greater
will be the overestimation.

3.6.2 SIMULATION RESULTS

Fig. 3.6a shows the vehicle trajectories obtained by three different controllers, the proposed
MPCC with and without collision avoidance (CA) objective and the baseline controller for
CA based on an MPC [38]. The MPCC without CA causes the vehicle to collide with the
first obstacle of the double-lane change, as visible from the negative V20O distance, see
Fig. 3.6d. The collision happens because the controller prioritises vehicle stability and
path tracking over obstacle avoidance, even when the desired trajectory passes dangerously
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Figure 3.6: States and control inputs for the double-lane change manoeuvre.

close to an obstacle. This situation can happen when the path tracker and the vehicle
stability controller affect the tracking performance without taking into account the position
of obstacles. Alternatively, when the desired trajectory is unfeasible due to a mismatch in
the handling limit of the motion planner and path-tracking prediction model. Vice versa,
the MPCC and the baseline, both with CA prioritisation, successfully avoid both obstacles,
see Fig. 3.6d. Despite the successful avoidance, the replanning around the first obstacle
generated by the baseline negatively affects the rest of the manoeuvre. Thus, the vehicle
trajectory has two noticeable overshoots at 125 m and 135 m, which causes the vehicle to
enter inside the unsafe area near the second obstacle and to the right road edge, respectively
Fig. 3.6d and Fig. 3.6c. The MPCC with CA can avoid both obstacles and keep the vehicle
outside the unsafe area. This shows that CA prioritisation comes at the cost of increasing the
path and velocity tracking errors and decreasing vehicle stability, pushing the vehicle to the
boundaries of the handling limit.

For this reason, the baseline creates a sideslip angle peak of 9 deg at 130 m, see Fig.
3.6f. The baseline needs to counter-steer to return the vehicle to linear behaviour; see Fig.
3.6g. On the contrary, the MPCC with CA has a higher stability margin than the baseline
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by reducing the vehicle sideslip angle peaks and allowing the vehicle to drive through the
manoeuvres at a higher velocity, see Fig. 3.6e. Considering Fig. 3.6h, the MPCC with CA
begins braking 20 m ahead of the baseline MPC, so the vehicle velocity at the entry of the
corner is lower, and the vehicle can release the brake to fully exploit the lateral tyre force.
However, the baseline applies hard braking during the central part of the corner, reducing
the tyre’s capability of generating lateral tyre force. Thus, the vehicle exceeds its handling
limit obliging the controller to brake for a longer time and to stabilise the vehicle.

The MPCC applies braking before the baseline for two reasons: the Cartesian reference
frame employed by the MPCC does not overestimate the V20 distance. The second reason is
that the MPCC performs the tracking computing the contouring and the lag error. When the
vehicle needs to replan the desired trajectory to avoid an obstacle, the MPCC controller tends
to reduce the velocity because it is the only way to decrease the lag error and, consequently,
the contouring error. However, the baseline MPC does not compute the lag error, so it
decreases the vehicle velocity later when it faces a contouring error during the corner.
However, it should be noted that the lag error in the MPCC brings complexity to the cost
function weights’ tuning due to the strong coupling between velocity and path tracking.
Considering the available road friction coefficient, Fig. 3.6b shows that all the controllers
reach the maximum lateral acceleration. However, the controllers do not fully exploit the
maximum braking capabilities.

3.6.3 EXPERIMENTAL RESULTS

Fig. 3.7a shows the trajectory followed by the experimental vehicle during the double-lane
change manoeuvre on a low-friction surface. Despite significant model mismatch caused
by heavy rain, which reduced the road friction coefficient to approximately 0.5, the vehicle
successfully avoided collisions with obstacles and remained within the road boundaries, as
shown in Fig. 3.7e. The experimental results align with the simulation’s conclusions, as
the MPCC with CA successfully replanned the trajectory around the first obstacle without
compromising the vehicle’s performance near the second obstacle. However, unlike in the
simulations, the vehicle entered the unsafe area near the first obstacle at approximately
63 m. This discrepancy could be due to two factors: first, the prediction model mismatch is
greater than in the simulations due to the different road friction conditions; second, software
constraints within the MOVE box, as indicated by the active flag in Fig. 3.7h, prevented the
actuators from fully applying the desired MPCC steering angle and steering rate. This effect
becomes particularly significant as the vehicle’s longitudinal velocity increases, because the
software constraints tighten exponentially with a linear increase in velocity.

The controller keeps the vehicle close to the desired velocity, as shown in Fig. 3.7c,
with slight acceleration even during the collision avoidance manoeuvres (see Fig. 3.7h). As
mentioned earlier, the proposed MPCC with CA successfully avoids both obstacles. However,
this comes at the cost of increased path tracking error and reduced vehicle stability, pushing
the vehicle to the limits of handling and achieving lateral accelerations of up to ~4 m/s>
(see Fig. 3.7b). In terms of vehicle stability, during the double-lane change, the vehicle
reaches a sideslip angle peak of —4 deg (Fig. 3.7d). Nevertheless, the MPCC eliminates the
need for counter-steering and, as observed in the simulations, does not negatively affect the
controller’s collision avoidance performance. The increased path tracking error, particularly
the peak error around 70 m, is not solely due to the prioritisation of collision avoidance and
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Figure 3.7: States and control inputs for the experimental double-lane change manoeuvre with low road friction
coefficient.

the vehicle operating at the handling limit, as seen in the simulation results. It can also be
attributed to the software limitations of the MOVE box.

Overall, the experimental test successfully validated the proposed controller, demonstrat-
ing the benefits of prioritising collision avoidance over path tracking and vehicle stability
during a manoeuvre. Additionally, the heavy rain conditions at the proving ground provided
an opportunity to evaluate the robustness of the proposed MPCC with CA under varying road
friction coefficients. However, the strict software constraints of the MOVE box prevented
a full evaluation of the controller near the limit of handling at a high friction coefficient.
This limitation can only be addressed with a different experimental setup, for instance,
substituting the MOVE box with a driving robot.

3.7 CONCLUSION
HIS paper proposed an innovative approach for obstacle avoidance in automated vehicles
driven at the handling limit. A nonlinear MPCC integrates motion planner, path tracking
and vehicle stability objectives into a single controller, prioritising obstacle avoidance in
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emergency situations. In a double-lane change manoeuvre, the MPCC successfully avoids
two obstacles, shortly re-planning the target trajectory from the behaviour planner. At the
same time, the same controller without CA prioritisation collides with the obstacles. The CA
prioritisation comes with decreased path-tracking performance and increased vehicle sideslip
angle peaks up to 3 deg. However, the vehicle remains stable and manoeuvrable along the
double-lane change. The state-of-the-art baseline also avoids the two obstacles but cannot
keep the vehicle outside the unsafe area close to the two obstacles. Furthermore, it loses
vehicle stability reaching a sideslip angle peak equal to 9 deg. The proposed controller is
experimentally validated under heavy rain conditions, successfully performing a double lane
change at 30 km/h with two obstacles using a third-generation Toyota Prius. The robustness
of the MPCC with CA is further confirmed through successful validation on a low road
friction surface. Future work will focus on implementing the proposed MPCC in a different
experimental setup that allows for validation near the limit of handling, including scenarios
with high friction coefficients.

ACKNOWLEDGEMENT
The Dutch Science Foundation NWO-TTW supports the research within the EVOLVE
project (nr. 18484).







61

ON THE BENEFITS OF TORQUE
VECTORING FOR AUTOMATED
COLLISION AVOIDANCE AT THE
LIMITS OF HANDLING

A statistical analysis, properly conducted, is a delicate dissection of uncertainties,
a surgery of suppositions.

Facts from Figures, Michael J. Moroney
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ABSTRACT

This paper presents a novel approach integrating motion replanning, path tracking and vehicle
stability for collision avoidance using nonlinear Model Predictive Contouring Control.
Employing torque vectoring capabilities, the proposed controller is able to stabilise the
vehicle in evasive manoeuvres at the limit of handling. A nonlinear double-track vehicle
model, together with an extended Fiala tyre model, is used to capture the nonlinear coupled
longitudinal and lateral dynamics. The optimised control inputs are the steering angle and the
four longitudinal wheel forces to minimise the tracking error in safe situations and maximise
the vehicle-to-obstacle distance in emergency manoeuvres. These optimised longitudinal
forces generate an additional direct yaw moment, enhancing the vehicle’s lateral agility and
aiding in obstacle avoidance and stability maintenance. The longitudinal tyre forces are
constrained using the tyre friction cycle. The proposed controller has been tested on rapid
prototyping hardware to prove real-time capability. In a high-fidelity simulation environment
validated with experimental data, our proposed approach successfully avoids obstacles and
maintains vehicle stability. It outperforms two baseline controllers: one without torque
vectoring and another one without collision avoidance prioritisation. Furthermore, we
demonstrate the robustness of the proposed approach to vehicle parameter variations, road
friction, perception, and localisation errors. The influence of each variation is statistically
assessed to evaluate its impact on the performance, providing guidelines for future controller
design.
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4.1 INTRODUCTION

NSURING automated vehicles can adeptly avoid obstacles at the limit of handling,
E which is essential for maximising safety in real-world driving scenarios. Nonetheless,
the highly nonlinear characteristics of tyres, mainly when longitudinal and lateral forces
interact, present a notable challenge [57, 135]. A prevalent strategy entails developing

collision avoidance controllers that optimise steering angle and total longitudinal brake force.

However, a pure braking force can potentially lead to dangerous situations. For example, a
vehicle must accelerate after performing an evasive manoeuvre to avoid a rear-end collision
or quickly steer to the original lane during a double-lane change manoeuvre. Furthermore,
purely braking and steering commands may not act fast enough to prevent a collision in
an emergency manoeuvre [136]. Thus, we develop a collision avoidance controller which
includes a positive acceleration force in addition to the typical inputs such as braking force
and steering angle. Moreover, we extend the controller with torque vectoring capabilities to
enhance vehicle lateral agility and yaw rate control.

Vehicle obstacle avoidance controllers are typically based on a hierarchical architecture
that splits motion planning, path tracking, and vehicle stability objectives into separate
controllers. This simplifies the cost function formulation of each layer and allows the
adoption of a different prediction model for each controller (Fig. 4.1a). For instance,
the motion planner can adopt a simple kinematic model to extend the prediction horizon
or include a probabilistic approach to deal with uncertainties [137]. However, the three
different objectives might conflict with each other, e.g. the vehicle stability controller
introduces an unwanted tracking error to keep the vehicle stable, or the path tracking cannot
perfectly track the motion planner trajectory due to the different complexity in the prediction
models. Thus, various Model Predictive Control (MPC) algorithms have recently been
introduced to integrate motion planning, path tracking and vehicle stability objectives into
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Figure 4.1: Hierarchical architecture for vehicle obstacle avoidance (Fig. 4.1a); proposed architecture (Fig. 4.1b).
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a single controller for vehicle collision avoidance during emergency manoeuvres [38, 41,
42, 138] (See Chapter 3). Despite the improved performance of integrated vehicle obstacle
avoidance controllers, they have yet to be enabled to utilise torque vectoring capabilities
(Fig. 4.1b). Emerging control methodologies incorporating torque vectoring have gained
significant appeal in light of the recent development of new electric powertrains, notably
those employing multiple in-wheel electric motors [139-141].

Thus, this paper proposes a vehicle obstacle avoidance approach consisting of Model
Predictive Contouring Control (MPCC), which combines motion planning, path tracking,
and vehicle stability tasks into a single cost function, prioritising vehicle collision avoidance
in case of an emergency. Furthermore, the approach employs torque vectoring capabilities to
improve the vehicle’s lateral agility at the limit of handling. The torque vectoring is enabled
in the optimal control problem formulation thanks to the adoption of a double-track vehicle
model based on an extended Fiala tyre model. The proposed tyre model captures the effect
of longitudinal force on the cornering stiffness and the diminishing tyre saturation region.
This improves the accuracy of the prediction model, reducing the vehicle model mismatch
with the plant while maintaining the real-time feasibility on a rapid prototyping platform.

This paper is organised as follows: Section 4.2 summarises the previous works and the
main paper contributions, highlighting the differences and improvements compared with our
previous conference paper [134]. Section 4.3 presents the prediction model. Section 4.4
describes the proposed controller. Section 4.5 shows the experimental setup, summarising
the results in Section 4.6. Section 4.7 concludes the essential findings and future works.

4.2 RELATED WORKS

Sizeable amount of literature exists on obstacle avoidance controllers. For the sake of
brevity, a selection of the most relevant research is presented herein.

One line of research has focused on solutions represented by a three-layer control
framework: a Nonlinear Model Predictive Control (NMPC) for path tracking, a stability
controller to compute the reference yaw rate, and an optimal tyre force allocation algorithm
for torque vectoring [142]. NMPC is based on a single-track formulation with a linear tyre
model. Given the significant model mismatch intrinsic in the simplistic tyre model, the
stability controller layer calculates a desired steady-state yaw rate to ensure vehicle stability.
Meanwhile, the torque vectoring layer optimally distributes tyre forces across each wheel
based on the pre-calculated desired yaw rate and longitudinal force. Simulation results
showcase enhancements in lateral stability and reductions in path tracking error. However,
the limited accuracy of the linear tyre model during emergency manoeuvres significantly
reduces performance. Additionally, separating the path tracking layer from the reference
yaw rate computation diminishes the advantages of torque vectoring. For instance, even
a simple Linear Quadratic Regulator controller with integrated path tracking and torque
vectoring achieves a higher entry speed and vehicle agility in a double-lane change than a
split controller configuration [143].

An integrated MPC [136] is proposed to address these challenges. The MPC incorporates
steering and differential braking strategies to facilitate collision avoidance [136]. The
approach splits the longitudinal and lateral dynamics, with the MPC utilising a linearised
brush tyre model to calculate the desired lateral tyre force and additional differential braking
moment. However, the accuracy of the linearised tyre model diminishes significantly at
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handling limits and neglects the interaction between longitudinal and lateral dynamics.
Moreover, the prediction relies on a single-track vehicle model, limiting the maximum
stabilising yaw moment by a portion of the tyre force capacity. This limitation is necessary
to safeguard the vehicle’s lateral force capacity from unmodeled dynamics, i.e. combined
slip and lateral weight transfer, resulting in a more conservative controller approach.

A similar approach relies on a single-track vehicle model to control the steering angle,
the braking force distribution and an additional yaw moment [51]. The controller can drive
the vehicle at the handling limit and even maintain the vehicle in a drifting equilibrium.
Nonetheless, due to the constrained prediction horizon of 1s necessary for real-time exe-
cution and the cost function formulation, there is no possibility for trajectory replanning
in emergency scenarios, when obstacles might suddenly change their position unless a
new reference trajectory is provided to the path tracking algorithm. A similar limitation is
recognisable also for a dynamic inversion-based path tracking controller recently proposed
to control the vehicle beyond and within the stability limits [144].

A Model Predictive Contouring Control (MPCC) based on a nonlinear single-track
vehicle model has been proposed for vehicle collision avoidance at the limit of handling [41]
(See Chapter 3). By adopting a Cartesian reference frame, the MPCC delineates the vehicle’s
kinematics, ensuring precise measurement of the vehicle-to-obstacle (V20) distance, a factor
prone to overestimation when employing the Frenet reference frame [38]. Additionally, it
circumvents the need for supplementary optimisation to compute the distance travelled by the
vehicle to the reference line [41, 46]. Thus, its safety performance is superior to controllers
based on hierarchical architecture [39, 42, 122] and even surpasses an integrated architecture
reliant on the Frenet reference system [38]. However, the controller does not consider the
torque vectoring capabilities, and the single-track vehicle model cannot accurately capture
the effect of lateral load transfer on vehicle handling.

This paper extends the design and the analysis of the solution presented in [134], propos-
ing an MPCC controller based on a nonlinear double-track vehicle with an extended Fiala
tyre model for collision avoidance at the limit of handling. The approach is extended to
consider the torque vectoring capabilities, and it integrates motion replanning, path tracking,
torque vectoring and vehicle stability tasks, prioritising vehicle collision avoidance. The
additional complexity brought by the longitudinal tyre force optimisation requires a reduction
of the model mismatch, specifically in the tyre. Thus, the Fiala tyre model is extended to
accurately reflect the variability of cornering stiffness with vertical and longitudinal forces
and adjustments to its saturation region to capture the tyre behaviour in the combined slip
conditions. The added complexity allows the MPCC to optimise directly the longitudinal
tyre forces and the yaw moment without using a lower controller for force allocation. This
reduces architecture conservativeness [145], improving the collision avoidance performance.
Despite the controller complexity, the proposed MPCC runs in real-time on a rapid proto-
typing platform, contrary to our conference paper [134], and is extensively evaluated in a
high-fidelity simulation environment validated with experimental data.

The contributions of this paper are threefold. The first is the development of the first
real-time feasible MPCC controller augmented with torque vectoring functionalities that can
safely avoid vehicle collisions in a double-lane change manoeuvre at the limit of handling.
In contrast, existing state-of-the-art approaches [38, 41] (Chapter 3) would result in a
collision under similar conditions or not work in real-time [134]. Leveraging the improved
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responsiveness induced by torque vectoring, the vehicle is directed away from the obstacle,
ensuring stability and preventing potential crashes. Unlike our previous conference paper
[134], the first contrition is extended to an analysis of the proposed controller in low friction
conditions (u = 0.5), e.g. in heavy rain. Even in these conditions, the proposed controller
can successfully avoid the obstacles without losing stability. Furthermore, it is tested at
different initial velocities, highlighting its higher performance in a broader set of initial
conditions compared to the baselines.

The second contribution involves developing and applying an extended Fiala tyre model
capable of capturing variations in cornering stiffness relative to longitudinal and vertical
forces and adjusting the gradient within the tyre’s saturation region without losing the
continuity of the function. It significantly enhances the accuracy of the prediction model, so
its applicability for the controller in scenarios with high levels of force coupling, e.g. when
torque vectoring is enabled. Due to the increased accuracy provided by the extended Fiala
tyre model, the wheel dynamics can be neglected in the prediction model. This simplification
allows for an increased sampling time and reduced computational effort.

In contrast to our conference paper [134], the third contribution is the robustness eval-
uation of the proposed MPCC with torque vectoring against variations in vehicle and tyre
parameters, perception inaccuracies, false negatives, and localisation errors, compared to
baseline controllers. Notably, the collision rate of the proposed controller is 31.20 % and
38.50 % for vehicle parameter and perception inaccuracies, respectively, compared to nearly
~100 % for the baseline controllers. Additionally, the sensitivity analysis offers numerical
insights into which parameters and perception inaccuracies have the most significant impact
on the performance degradation of obstacle avoidance MPCC controllers. Specifically,
the lateral peak friction coefficient and the obstacle localisation inaccuracies in the lateral
direction emerge as the most influential factors affecting controller performance.

4.3 PREDICTION MODEL

HIS section presents the prediction model implemented in the proposed MPCC controller.
At first, the double-track vehicle model is described. Second, the extended Fiala tyre
model with the proposed improvements is presented.

4.3.1 DOUBLE-TRACK VEHICLE MODEL

The proposed MPCC integrates a nonlinear double-track vehicle model, chosen over the
single-track vehicle model [38, 136, 146] due to its ability to capture lateral weight transfer
and its superior accuracy at the vehicle’s handling limits [135]. However, it is simplified by
neglecting roll and pitch dynamics due to their relatively small contribution to load transfer
for the considered vehicle class. The prediction model comprises twelve states denoted
by x = [X, Y, Y, v, vy, 1,0,6,Fy 11, Fx fr, Fx i1, i, v]. These states describe the vehicle’s
position and orientation in a Cartesian reference system: longitudinal position (X), lateral
position (Y), and the heading angle () of the vehicle’s centre of gravity (CoG) relative
to an inertial frame. Additionally, longitudinal and lateral velocities at the CoG (v, and
vy, respectively) and yaw rate (r) are included. The MPCC requires knowing the vehicle’s
travelled distance (), utilised by the cost function to compute the vehicle’s position relative
to the reference line; thus, 6 is incorporated as an extra state [41] (See Chapter 3). The road
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Table 4.1: Vehicle parameters description.

Parameters Symbol Value

Vehicle mass m 1997 kg
Vehicle inertia around the z-axis y 3198 kgm?
Distance between the front axle to CoG Iy 1.430 m
Distance between the rear axle to CoG I 1.455m
Front axle track width tr 1.540m
Rear axle track width t 1.576 m
Air density o 1.204kg/m?

Drag coefficient Ca 0.25

Rolling resistance Cao 45N

Vehicle frontal area Ay 2.4m?

wheel angle () and the longitudinal forces at the front left (F X, ﬂ), front right (F . f,), rear
left (F,. 1), and rear right (F', ) wheels are controlled via their derivatives, leading to five
additional equations of motion. The state derivatives are computed as follows:

X =v,cos () — vy sin(y)
Y = v, sin () + vy cos ()
J=r
Dy = L((Fupi + Fr gr)cos (8) = (Fy g + Fy ) sin (6) +
+ Fy i+ Fypr— Fm) +rvy
by = L((Fypi+ Fupr)sin(0) + (Fy pi + Fy pr) cos (8) + @1
+Fy 0+ Fv,rr) — 1y
= ,L( (Fy 1+ Fy.12) 008 ©) Iy = (Fy.ri + Fy o) i+
+ (Fx, i+ Fx,f,) sin (6) Iy + (Fy,f, - F, f,) sin (8) +
+7 (Fx,fr - Fx,fl) cos (6) + 5 (Fu.pr = Fx,rl))

)= 2442
0= \vi+vy

where F, ;; and F, ;; are the longitudinal and lateral tyre forces, i stands for front (f) or rear
(r), and j stands for left (/) or right (). All other vehicle parameters are reported in Table
4.1. Moreover, F,. is the aerodynamic drag and the rolling resistance computed according
to the following equation:

1
Fres = 5pA 7Cavi+ Cao 4.2)

The vehicle model inputs are the rates of the previously mentioned road wheel angle and
the rates of longitudinal forces applied to each wheel, i.e. (uv = [5, Fy i Fx fro Frn, ,,]).
The rates are used as inputs to apply constraints representing actuator dynamics and create
further responses. The decision to use longitudinal forces as inputs, rather than motor torques
or longitudinal slips, simplifies the vehicle model by eliminating the need to account for
wheel or motor dynamics in the MPC prediction model. This not only reduces computational
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complexity but also facilitates the implementation of constraints, allowing tyre forces to be
constrained using the tyre friction circle [38, 147].

The vehicle and obstacles are represented as circles so the MPCC controller can con-
stantly monitor the V20 distance. A similar approach is implemented for the vehicle-to-edge
(V2E) of the road distance. Their Euclidean distance is computed as follows:

Dy;o = \/(X - Xobs)2 +(Y - Yobs)2 — Tobs — Vveh (43)

where X, Y and X,p,, Y,ps are, respectively, the longitudinal and lateral position of the
vehicle and obstacle centre, and r,,.;, and r,,, are the radii of the vehicle and obstacle circles.
The proposed MPCC controller aims to keep Dy, above a user-defined safety distance. The
vehicle and the obstacles will collide if Dy,g is lower than zero.

4.3.2 EXTENDED FIALA TYRE MODEL
The lateral tyre forces for each wheel of the double-track vehicle model are captured by an
extended Fiala tyre model. The classic Fiala tyre model is modified to capture the variation of
cornering stiffness depending on the longitudinal and vertical force [135], and the saturation
region is adapted to include a negative gradient. The latter allows the prediction model not
to overestimate the maximum lateral force when the tyre works with a high lateral slip angle,
e.g. driving at the limit of handling or drifting. The extended Fiala tyre model is defined as
follows:

~Cy (o Fytan g + Sl
C3 (F\,F.)tana® '

- lal < amr
Fy(a,Fy, Fo) = DEpa (4.4)
20, (Fr F)¢~Dtana  C},(F,F:)({~1)tan o tan o]
3 - OFy max +
_Fy,maxg Sign(a), |(Y| > Uy

where « is the tyre slip angle, C, is the tyre cornering stiffness, which is a function of
the vertical (F;) and longitudinal (F,) tyre force, Fy ;4. is the maximum lateral tyre force,
a8 the tyre slip threshold corresponding to the peak of the tyre lateral force, and ¢ is a
parameter defined between 0 and 1 which characterises the gradient of the saturation region.
When a < ay,,, apart from the effect of F,, which is active also for low lateral slip, the
extended Fiala model is formulated as the classic Fiala tyre model [148], while the saturated
region (@ > ay,,) is modified to have a gradient that better captures the maximum lateral
force reduction with large slip angles. At the same time, the proposed model still keeps
the advantages of the classical Fiala tyre, so it is fully continuous and differentiable when
a = ay,. A gradient different from zero in the saturation region helps numerical optimisation
algorithms based on the gradient calculation to avoid derivative vanishing and to optimise
the road wheel angle when the tyre works in the saturation region [149]. Furthermore, the
proposed solution has a positive gradient when ¢ € [1, 2] and a negative one when ¢ € [0, 1].

To further reduce the tyre model mismatch, the C, is not considered constant, but it is
firstly adapted depending on the vertical force [135] as follows:

F
Cy (F;) = c1Fypsin (2 atan( z )) 4.5)
C2F20
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Table 4.2: Tyre parameters description.

Parameters Symbol Value
Lateral cornering stiffness effect cl 493
Lateral cornering stiffness peak effect c 35
Long. and Lat. tyre force coupling effect c3 4.1
Saturation region gradient e 0.87

Nominal vertical tyre force (as in .tir property file) Fy 4300N
Tyre friction coefficient u 0.95

where c¢; and ¢, are tunable parameters, and F is the nominal vertical load. Second, the
tyre model considers the coupling effect between longitudinal and lateral axle forces, so the
previously computed C, is further modified to capture the F; dependency in accordance
with literature [135, 150] as follows:

1 IF.| c3\ /3 1
Cym(Fx’Fz) =§ (ﬂFz_Fx)"‘(l_(’u;) ) (Cy(Fz)_zlle) (4'6)

Z

where cj3 is a user-defined parameter, which is in the range of 2 to 8 [150], and u is the
friction coefficient. The C,,, (Fy, F;) is used to compute the tyre slip threshold (ay,.) as

follows:
3Fy, max

Cym (Fy, F?)

The maximum lateral tyre force (F), ;,.,) is limited by the tyre friction circle, defined as

follows:
Fymax = \J(uF:)? - F? (4.8)

All the parameters used in the extended Fiala tyre model are reported in Table 4.2, and their
value is obtained by performing a nonlinear optimisation known as Two-Stage Bayesian
Optimisation [120]. The parametrisation process involves two steps: first, the tyre models are
optimised to minimize discrepancies in lateral forces compared to a high-fidelity Delft-Tyre
6.2 model, using nominal loads from 1000 N to 8000 N representative of double lane change
manoeuvres at the limit of handling. Second, the tyre parameters are further optimised
against experimental data from skidpad manoeuvres in clockwise and counterclockwise
directions. Notably, the optimisation and evaluation manoeuvres differ to avoid overfitting
and ensure robust model validation. Fig. 4.2 shows how the proposed extended Fiala tyre
model captures the effect of the normal load on the tyre cornering stiffness and how the
model mismatch between the Delft tyre model and the proposed one is reduced not only
in the linear region but also around the peak lateral force area. Particularly relevant is
the saturated region, which is well matched by the extended Fiala tyre model while it is
overestimated by the classic Fiala tyre model with a constant saturation region [38, 135, 148]

4.7)

QAhyr =

or by the simplified Magic Formula when subjected to an increased vertical force of 7300 N.

A model mismatch in the tyre’s large slip angle working area is particularly detrimental for
obstacle avoidance controllers at the limit of handling. Fig. 4.2 shows that the cornering
stiffness of the proposed extended Fiala model captures the longitudinal and lateral force
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Figure 4.2: Lateral force of the high-fidelity Delft tyre model, the classic Fiala, the simplified Magic Formula and
the extended (proposed) Fiala tyre model for pure slip conditions (a); lateral forces of the models in the combined

slip conditions (b).
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Figure 4.3: Front (a) and rear (b) lateral forces for the classic Fiala, the simplified Magic Formula, the extended
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(proposed) Fiala tyre model and experimental measurements in a quasi-steady-state circular driving test.

coupling more accurately, which is important for the scope of this work. The reason is that
the proposed MPCC uses torque vectoring capabilities, which implies using a longitudinal

force coupled with a lateral one.
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Figure 4.4: Front (a) and rear (b) lateral forces for the classic Fiala, the simplified Magic Formula, the extended
(proposed) Fiala tyre model and experimental measurements in four braking-in-a-turn manoeuvrers with different
longitudinal accelerations.

Furthermore, the optimised tyre model is experimentally validated by performing a
quasi-steady-state circular driving test and four braking in a turn manoeuvrers with different
longitudinal accelerations ranging from a minimum of —1.5 m/s? to a maximum of —8.5 m/s>.
Fig. 4.3 shows how the extended Fiala tyre model captures the linear and nonlinear tyre
working regions, slightly outperforming the simplified Magic Formula in these conditions.
Furthermore, the proposed extended Fiala tyre model outperforms both the classic Fiala
and simplified Magic Formula models in four experimentally recorded braking-in-turn
manoeuvrers, as shown in Figure 4.4. It is particularly noteworthy that as the longitudinal
force increases, the model mismatch between experimental data and both the classic Fiala
and simplified Magic Formula becomes more pronounced, whereas the extended Fiala tyre
model continues to maintain its accuracy.

4.4 MODEL PREDICTIVE CONTOURING CONTROL USING
TORQUE VECTORING

HIS section explains how the cost function and the constraints of the proposed MPCC are

formulated. Subsection 4.4.1 focuses on describing the MPCC cost function and how it is
designed to prioritise obstacle avoidance over path tracking in case of emergency. Subsection
4.4.2 explains how the MPCC constraints are defined to improve safety, taking into account
the vehicle actuators’ limitations, and avoid redundant torque vectoring utilisation.

4.4.1 CoST FUNCTION WITH OBSTACLE AVOIDANCE PRIORITISA-
TION
The proposed MPCC is based on iterative optimisation of a nonlinear cost function (J =

Jirack + Jinp + Jobs) [41], which is responsible for ensuring path tracking (J;4cr), minimising
the control effort (J;,,) and obstacle avoidance prioritisation (J,,) in case of emergency.
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The path tracking properties in the cost function are defined as follows:

N

— 2 2 2
Jirack = Z (quun €Con,i T eroyClagi T qt’wreVel) 4.9)
i=1

where N is the length of the prediction horizon, ec,, is the contouring error, e;,, is the
lag error, ey, is the velocity error and g, are the weights of the respective quadratic errors.
The path is followed by minimising the contouring (ec,,) and the lag error (eLag) [41, 46].
econ represents the vehicle position projection onto the desired trajectory, depending on the
vehicle’s travelled distance related to the reference line (6;). However, contrary to MPC
or NMPC controllers [57] based on a Frenet reference system, the 6, is unavailable for
an MPCC based on a Cartesian reference frame. Thus, 6; is approximated by the vehicle
total travelled distance (6), and the approximation accuracy is ensured by the lag error
minimisation, defined as the norm between the two distances. Mathematically, ec,, and e,
are defined as follows:

econ = sin (¥, (0)) (X — X, (6)) — cos (¥, (0)) (Y - Y, (6)

. (4.10)
erag = —¢0s (¥, (0)) (X — X, (6)) — sin (¥, (0)) (Y - Y, (0))

X;, Y;, and P, are the desired longitudinal and lateral positions and heading angle. Despite the
added nonlinearities and complexities of ec,, and e g, they allow an approximation of the
Frenet reference frame with a Cartesian reference frame, which means that V20O distance is
never overestimated [41]. Thus, the MPCC based on a Cartesian frame is more pre-emptive
than an NMPC based on a Frenet reference frame in prioritising collision avoidance over
path tracking [41]. Thus, the vehicle is more prone to stay inside a safe and stable working
area even when it needs to avoid a collision at the limit of handling. Furthermore, the e, is
equal to zero only when the vehicle follows the reference trajectory perfectly. As soon as the
desired velocity is unfeasible for the planned trajectory, the MPCC will modify the desired
velocity to minimise the e;,¢. The reference velocity is tracked by minimising the quadratic
error between the vehicle velocity (v,) and the desired one (v4.5). For what concerns the
weights, they are firstly empirically tuned to reduce the path tracking error and the vehicle
sideslip angle peaks [55, 56] (See Chapter 2). Second, they are fine-tuned using a two-stage
Bayesian optimisation [120] (See Appendix A). It is important to highlight that the g,,,, is
tuned to have a low weight in magnitude because the controller must allow the vehicle to
slow down in case of obstacle avoidance prioritisation [38, 41].
The minimisation of the control inputs is ensured in the cost function as follows:

N
.2 2 )
Jinp = Z;(%éi +qp Fypri 98 Fy prit @10
p

) -2
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where § is the road wheel angle rate, and F . FL> F x. FR» F x.RR» and F . kR are the rate of the
longitudinal forces applied to each of the vehicle’s four wheels. These cost terms are added
in order to make the control inputs smooth, and they are considered equal to simplify the
tuning.
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The motion replanning for obstacle avoidance prioritisation is defined as follows:

N (Nobs Nedg
2 2
Jobs = Z Z (qevzoev20,j,i) + Z (qfvzﬁeVZE,j,i) (4.12)
=1 \j=1 =1

where N, and N4, are the number of obstacles and road edges, eyyo and eyg are the
difference between the V20 and V2E distances and the user defined safety distances between
the obstacles (Ds f;,0) and the road edges (Ds f, £). When the vehicle is at a safe distance from
obstacles or road edges, it does not interfere with the path tracking properties of the MPCC.
On the other hand, the ey,p and ey, errors allow the MPCC controller to dynamically
perform a short trajectory replanning when the vehicle passes close to the obstacles. The
obstacle avoidance prioritisation is due to the dynamically varying weights associated with
eyyo and ey [41]. The weights, here reported only gy, for compactness, vary as follows:

Pk, if Dv20 <0
R 4.13
qv20 = Py e P o , elseif 0 < Dyyp < DSft,O (4.13)
0, otherwise

where P, denotes the upper limit of the achievable value for gy,o. The magnitude of gy»0
increases with a Gaussian-shaped curve with the decrease of the V20 distance, and it is zero
when V20 is above Dyg /0.

4.4.2 CONSTRAINTS
The constraints are designed to accommodate actuator limitations, vehicle stability, and
path tracking and to avoid redundant torque vectoring utilisation. The actuators’ limitations
are applied to 0, F, rr, Fy rr, Fx rr, and F, gg and their respective rates. The values
implemented are reported in Table 4.3.

The vehicle stability is enforced using the tyre friction circle, as described in the extended
Fiala tyre model, and as follows [38, 41]:

Fyij <SuF, (4.14)

where S ; is a safety factor that limits the applicable longitudinal force considering the tyre
road friction coefficient uncertainty (i), and the subscripts ij represent the front-rear axle
and left-right side.

The following inequality forces the vehicle to stay inside the road boundaries:

X|  [Xeen A%
H|:Y:| B [Ycen:| = (7) (415)
where X,., and Y., are the longitudinal and lateral locations of the track’s centre, and W, is
the road width [46].

The MPCC is constrained not to use redundant torque vectoring while driving in a
straight to avoid excessive tyre wear and energy consumption as follows:

2

|F,r — Fr rrRl < |F rr — Fo rrIT

(4.16)
|[F.re — Fx,rrl < |Fr — Fo rRIT s
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Table 4.3: Upper and lower constraints [41, 57], where i stands for front or rear, and j for left or right.

Symbol Boundaries Symbol Boundaries
5 +90deg/s 5 +18 deg
F, +7200N/s Fyij +3600 N

Lij

where T is a user-defined parameter which works as a safety coefficient, allowing a differ-
ence in the longitudinal forces higher than the normal load difference between the right and
left sides of the vehicle.

4.5 SIMULATION SETUP AND EXPERIMENTAL VALIDA-
TION

HIS section is split into three subsections. Subsection 4.5.1 describes how the proposed

MPCC is implemented in a real-time rapid prototyping platform and how it is assessed
in high and low friction conditions. Subsection 4.5.2 explains how the high-fidelity and
prediction models are validated using experimental data. Subsection 4.5.3 presents how
the MPCC robustness is evaluated and how the controller sensitivity to vehicle parameter
variations and perception inaccuracies is computed.

4.5.1 HARD REAL-TIME IMPLEMENTATION AND SIMULATION SETUP
The proposed MPCC is tested using the dSSPACE SCALEXIO real-time platform, which
operates on a multi-core DS6001 processor (2.8 GHz quad-core, | GB DDR2 SD RAM).
In this setup, the MPCC is allocated to a distinct core separate from the vehicle plant. The
prediction model is discretised using the Runge-Kutta 2 method, chosen for its balanced
trade-off between computational effort and accuracy [38]. A control integration interval of
0.05 s is used, with 10 integrator nodes and a prediction horizon of 30 steps to ensure the
real-time feasibility of the controller implementation. The optimisation problem is solved
using the nonlinear interior-point solver available in FORCESPro [130], with the Hessian
matrix approximation based on the Broyden—Fletcher—Goldfarb—Shanno (BFGS) algorithm.
Rather than initializing the Hessian with an identity matrix, an efficient initial estimate is
employed by averaging optimised BFGS matrices from multiple manoeuvrers, reducing
computational effort without compromising performance. To further decrease computational
time, especially on embedded platforms, the variational derivative method is utilised for
differentiation method instead of the conventional chain rule [130]. The maximum number
of iterations is set to 100 as extensive testing revealed that the solver consistently finds an
optimal solution within this limit. The platform demonstrates effective execution of the
nonlinear optimisation, achieving an average solving time of 38.9 ms, with minimum and
maximum solving times of 30.7 ms and 41.8 ms, respectively. The computational solving
time corresponds to the total time required by dSPACE to compute the parameters, such as
the reference trajectory sent to the MPCC, solve the optimization problem, and transmit the
optimized control inputs to the vehicle plant. Although the maximum number of iterations is
limited to 100 to partially control the solving time, it is important to note that there is no
formal guarantee of solver convergence within this predetermined time frame [38]. However,
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no convergence issues were observed in the performed test. The vehicle plant operates on a
separate core at 1000 Hz. It is a high-fidelity representation of a BMW Series 545i vehicle
built upon an IPG CarMaker platform, modified to include four in-wheel electric motors.
Experimental measurements conducted on a proving ground are used for validation purposes
to appropriately select the vehicle parameters. The suspension settings are tuned based on
Kinematics & Compliance test rig measurements, while the tyre dynamics are described
using the experimentally validated Delft-Tyre 6.2 model. Steering dynamics are accounted
for using a second-order transfer function to enhance the fidelity of the vehicle model [151].
The electric motors exhibit faster dynamics than conventional powertrains, and they are
modelled with a first-order transfer function and a delay adjusted based on measurements
conducted on a powertrain rig provided by the electric motor manufacturer. The electric
motor has a time constant of ~25ms, and the initial inverter reaction can be neglected
[152, 153]. The control inputs for the MPCC, representing longitudinal forces mapped to
the desired torque, are subsequently passed to a low-level control system that tracks these
inputs [152, 153]. It is important to highlight that, although the MPCC prediction model
does not account for wheel and electric motor dynamics, these dynamics are incorporated in
the vehicle plant model. The torque ripple is modelled as a Fourier series as follows [154]:

T,ip = Asy sin(piw,) + Acy cos (prw,) + Asy sin 2piw,) + Acs cos (2piw,) “4.17)

where w, is the rotor velocity, p; is the least common multiple of the electric motor’s stator
slots and pole numbers, and Asy, Asy, Aci, and Ac; are coefficients dependent on the electric
motor. The torque ripple (T,ip) is added to the electric motor torque calculated by the
first-order transfer function.

The proposed MPCC controller with torque vectoring and collision avoidance properties
(MPCC TV+CA) is compared with two baselines:

e MPCC CA: it uses the state-of-the-art MPCC controller for path tracking and motion
replanning [41], but without torque vectoring capabilities. The goal is to evaluate
the benefits of torque vectoring in terms of added stability and agility during evasive
manoeuvrers, specifically for obstacle avoidance at the limit of handling;

e MPCC TV: it uses the same MPCC with torque vectoring as the proposed approach but
excludes the collision avoidance prioritization term J,,, see Eq. 4.12, from the cost
function. The goal is to demonstrate that the proposed approach provides advantages
not only in torque vectoring but also in enhancing overall vehicle safety by prioritising
collision avoidance.

All the controllers are evaluated on a double lane change manoeuvre with two obstacles
with high and low friction conditions, respectively 1 and 0.5. Additionally, a split i« condition
is analysed to assess the controllers’ ability to adapt to varying friction levels, thereby
preventing excessive sideslip angles while manoeuvring to avoid obstacles. The split u
condition is designed with a high friction coefficient on the right lane (u = 1) and a low
friction coefficient on the left lane (1 = 0.5). A coarse trajectory function of the road distance
and the road curvature is provided to the MPCC, simulating the output of a behavioural
planner [41, 136]. The desired velocity is assumed constant along the manoeuvre. The
controller must track the reference trajectory and perform an online trajectory replanning
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Figure 4.5: Experimental model validation of the vehicle characteristics for a skidpad manoeuvre with 40 m radius:
(Fig. 4.5a) understeer gradient, (Fig. 4.5b) yaw rate and (Fig. 4.5¢) sideslip angle.
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Figure 4.6: Experimental model validation of the vehicle characteristics for a brake-in-turn manoeuvre with a [§|
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angle.

o

~ Experiment
A |—Pred. Magic Formula

= Experiment
— Pred. Magic Formula

) Lat. acc. - [m/sz]

Yaw rate - [deg/s]
°o
Sideslip angle - [deg]

5 — High-fidelity
— Pred. Extended Fiala
20
0 2 4 6 8
Time - [s] Time - [s]
() (b) ©

Figure 4.7: Experimental model validation of the vehicle characteristics for a double lane change at 70 km/h: (Fig.
4.7a) lateral acceleration, (Fig. 4.7b) yaw rate and (Fig. 4.7c) sideslip angle.

when the vehicle passes dangerously close to one of the obstacles. This can happen due
to different handling limits of the behaviour planner and the path tracking controller, as
well as the intervention of the stability controller. The scenario contains two obstacles to
demonstrate that the short trajectory replanning around the first obstacle does not interfere
with the vehicle’s capacity to avoid the subsequent obstacle. The key performance indicators
(KPIs) are the V20 and the V2E distances, which must be higher than zero to avoid a
collision and preferably higher than 0.5 m to avoid a near-miss collision. A test is considered
failed when the vehicle collides with an obstacle or goes outside the road edges.

4.5.2 EXPERIMENTAL MODEL VALIDATION

The computationally efficient vehicle model with the extended Fiala tyre used within the
MPCC and the high-fidelity vehicle model with Delft Tyre model are validated with ex-
perimental data collected on a proving ground. The test platform was equipped with the
conventional Inertial Measurement Unit (IMU), Kistler wheel force transducers, and SKF
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intelligent bearings installed on each wheel. Additionally, it had a dual antenna GNSS
system and a Corrsys-Datron non-contact optical sensor dedicated to measuring the sideslip
angle, boasting a measurement accuracy of approximately +0.2 deg. Interconnection of all
equipment was facilitated through the Controller Area Network (CAN) interface, with the
sampling rate configured to operate at 100 Hz.

The accuracy of the models during a 40 m radius skidpad test, a brake-in-turn manoeuvrer
with longitudinal and lateral accelerations of 8 m/s? and 4 m/s? respectively, and a double
lane change at 70 km/h are depicted in Figs. 4.5, 4.6, 4.7. In the quasi-steady-state behaviour,
both the prediction models and the high-fidelity model demonstrate high accuracy across
both linear and nonlinear regions of tyre operation. The only minor discrepancy observed is
an overestimation of the sideslip angle by the prediction model, remaining below 1 deg. This
overestimation is more pronounced when the Magic Formula tyre model is used, particularly
when the absolute value of lateral acceleration exceeds 4 m/s?. The high-fidelity model
exhibits the highest alignment with experimental data during the brake-in-turn manoeuvrer.
The prediction model based on the extended Fiala tyre model also achieves high accuracy
in predicting yaw rate and vehicle sideslip angle, albeit with a slight overestimation of
lateral acceleration. In contrast, the prediction model using the Magic Formula tends to
overestimate lateral acceleration and shows a differing trend, underestimating the vehicle’s
yaw rate during combined longitudinal and lateral forces due to a greater mismatch in the
tyre model under such conditions. Given that torque vectoring inputs increase the duration
of coupled longitudinal and lateral forces, these results emphasize the importance of the
proposed extended Fiala tyre model. Regarding transient vehicle behaviour, all models can
capture even the lateral acceleration and the yaw rate peaks recorded with the experimental
vehicle. The most significant difference is noticeable in Fig.4.7c, which shows that the
high-fidelity model overestimates the measured vehicle sideslip angle at most 0.5 deg, while
the prediction model based on the Magic Formula slightly underestimates the peaks of the
sideslip angle by a similar margin. However, this minor discrepancy does not interfere
with vehicle model validation. The superior accuracy of the prediction model based on the
proposed extended Fiala tyre model, compared to the one based on the Magic Formula,
underscores the importance of the proposed tyre model. Additionally, it validates the
design choice to neglect wheel dynamics in the prediction model, which facilitates increased
discretisation time and reduces the computational time of the MPCC, making the real-time
implementation feasible on an embedded platform.

4.5.3 ROBUSTNESS AND SENSITIVITY ANALYSIS SETUP

The collision avoidance performance and robustness of the proposed controller are evaluated
by considering variations in vehicle parameters and perception inaccuracies. Two different
Monte Carlo analyses are conducted to simplify the evaluation of the results, focusing on
a double lane change manoeuvre with two obstacles and high friction conditions (u = 1).
The first only assesses the performance by altering the vehicle and tyre parameters, and the
second evaluates the effects of obstacle and vehicle localisation inaccuracies. The first Monte
Carlo analysis considers the variation of the additional mass (Am) and corresponding moment
of inertia (/;), electric motor time delay (7.,,), and the scaling factors of the front and rear
cornering stiffness (Kyr, Kyg), lateral peak friction coefficients (u,,, uy,), longitudinal
stiffness shape factors (Kxr, Kxg) and tyre relaxation lengths of the vehicle plant (Rel),
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Figure 4.8: Gaussian distribution of additional mass Am (Fig. 4.8a); normal multivariate distribution of the scaling
factors for the cornering stiffness, lateral peak friction coefficients, and longitudinal stiffness shape factors (Fig.
4.8b).

leaving the vehicle prediction model unchanged. The additional mass variation simulates the
change in the vehicle mass due to different amounts of fuel, number of passengers and pieces
of luggage. Thus, the nominal additional mass correspondent to 160 kg is varied by +10 % of
the total vehicle mass according to a Gaussian distribution [51], and its changes are associated
with the corresponding variation of I,;. The Am distribution is visible in Fig. 4.8a, and the
same approach is used for all the parameters varied according to a Gaussian distribution. A
variation of +15 % is associated with the electric motor delay, and it simulates the effect of
different load conditions, power supply and environmental factors [155]. The tyre cornering
stiffnesses, lateral peak friction coefficients, longitudinal stiffness shape factors and tyre
relaxation lengths of the vehicle are modified by +15 % over their nominal value to simulate
the effect of tyre wear, temperature variations, suspension kinematics, bushing wear and
other effects [51, 156]. Considering that tyre wear is not always homogeneous in the four
wheels and that the wear in the suspension bushings can affect the characteristics of the
front and rear axles differently [156], the parameters variations of the front and rear axles
are varied according to a multivariate normal distribution, see Fig. 4.8b. This can model the
different front and rear axle variations, but it avoids the unrealistic scenario of a simultaneous
increased front cornering stiffness equal to 15 % and a —15 % reduction in the rear axle
cornering stiffness. A similar concept is applied for scaling the u,,, py, and Kxp, Kxg.
Specifically, the prediction model can accommodate a maximum estimation error of +15 %
for the friction coefficient, distributed according to a multivariate normal distribution, as
depicted in Fig. 4.8b. The same variation is considered for the front and rear axles regarding
the relaxation length. The first Monte Carlo analysis consists of 11 000 different simulations
generated by a random combination of the varied parameters.

The second Monte Carlo analysis considers the variation of obstacle localisation error in
the longitudinal (ogpsx) and lateral direction (o-gps,y) [157, 158], vehicle localisation error
in the longitudinal (oy.;x) and lateral direction (oy.;x) [159, 160] and the percentage of
false negative obstacle detections [161]. The obstacle localisation inaccuracies in X and
Y directions are modelled as random Gaussian noises in which the standard deviations are
varied according to a multivariate normal distribution, see Fig. 4.9a. The longitudinal and
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Figure 4.9: Multivariate distribution of the standard deviations for lateral and longitudinal errors of obstacle (Fig.
4.9a) and vehicle (Fig. 4.9b) localisation; (Fig. 4.9¢) distributions of the vehicle and obstacle localisation distance
errors generated by the nominal standard deviations.

lateral inaccuracies are not always considered equal because the performance of the obstacle
detection algorithm is influenced by the obstacle aspect ratio bias and camera perspective,
which can influence in which direction the perception algorithm is more accurate [157].
Fig. 4.9c shows that the most probable standard deviation combination creates a mean
distance error equal to 0.13 m for vehicle obstacle localisation, corresponding to the mean
average translation error in vehicle detection for the leaderboard works using the nuScenes
dataset [162]. The same approach is applied to vehicle localisation which errors in the
longitudinal and lateral directions are treated as random Gaussian noises. The noises are
varied according to a multivariate normal distribution; see Fig. 4.9b. In this situation, the
nominal standard deviations create a mean distance error equal to 0.19 m, see Fig. 4.9c.
The mean value is chosen comparing the performance of different localisation techniques
for automated vehicles [163]. Furthermore, the analysis considers the percentage of false
negatives modelled through the parameter (1) of a Poisson distribution, which defines the
number of times a random event occurs given a period. It is varied according to a Gaussian
distribution with a mean equal to 0.5 and a standard deviation of 0.15. Thus, it corresponds
to a probability equal to 16.3 % of having a single false negative during the simulation,
1.7 % of two and 0.2 % of three, corresponding to the performance of the leaderboard works
[162]. It is essential to specify that we only model the probability that this event occurs,




80 4 ON THE BENEFITS OF TORQUE VECTORING FOR AUTOMATED COLLISION AVOIDANCE

but where and for how many times it happens is not regulated in the simulation scenario,
but it depends on the Poisson distribution. This Monte Carlo analysis consists of 3000
simulations generated by a random combination of the varied parameters. The lower number
of simulations compared to the first Monte Carlo analysis is due to the lower number of
assessed parameters.

The controller performance is evaluated by computing the Collision Rate (CR), defined
as the percentage of simulations in which the vehicle collides with an obstacle or goes out
from the road edges. This is measured through the minimum distance between the V20 and
V2E, represented by the symbol (mVD). Furthermore, the robustness is evaluated through
the Near Miss Rate (NMR), which measures the percentage of simulations in which the
vehicle has a mVD lower than 0.5 m.

The mVD is also used to perform a sensitivity analysis and mathematically evaluate the
standing of which vehicle parameters and perception inaccuracies influence the controller
performance most. The proposed sensitivity analysis is based on the PAWN approach [164],
and it computes the density-based sensitivity (SI) indices. The PAWN approach assesses the
impact of input variables, e.g. vehicle parameters, on the cumulative probability distribution
of the output, e.g. mVD, considering the entire distribution rather than just specific moments.
Thus, it is less sensitive to skewed or multi-modal distribution than the classical Variance-
based sensitivity analysis [165]. The SI indices are dimensionless absolute measures ranging
between zero and one. Thus, the non-influential inputs will have a value of zero, and, vice
versa, the most influential ones will have a value closer to one.

4.6 RESULTS

HIS section is split into three subsections. Subsection 4.6.1 demonstrates the improved
T performance of the proposed MPCC over the baselines in high and low friction condi-
tions with the high-fidelity model based on nominal parameters. Subsection 4.6.2 proves the
robustness of the proposed approach to varying vehicle parameters and perception inaccu-
racies in the high-fidelity vehicle model. Subsection 4.6.3 presents the sensitivity analysis
results aimed at evaluating the parameters that most significantly influence the controller’s
performance.

4.6.1 CONTROLLER PERFORMANCE

Fig. 4.10a shows the trajectories of the high-fidelity vehicle model with nominal parameters
attained by the three different controllers. The proposed MPCC TV+CA is the only controller
to drive through the double lane change manoeuvre without colliding with either of the
two obstacles. The MPCC TV is unaware of the obstacles’ location, so its path tracking
and vehicle stability objectives lead the vehicle to collide with the first obstacle located at
99 m. On the other hand, the MPCC CA can successfully avoid the first obstacle, replanning
the initial trajectory in a very similar way to the MPCC TV+CA. However, it cannot avoid
a collision with the second obstacle due to a loss of stability despite harsh braking from
~105m to ~115 m. Vice versa, the MPCC TV+CA stabilises the vehicle between 100 m and
120 m, reducing the vehicle sideslip angle from a peak higher than 15 deg to a peak equal to
7.5 deg. This is possible thanks to the extra yaw moment, up to ~2000 Nm, at the vehicle
CoG generated by torque vectoring. Furthermore, it is relevant to notice that thanks to the
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Figure 4.10: States and control inputs of the controllers in a double lane change manoeuvre with high friction
conditions (u = 1).

lower sideslip angle, the vehicle controller MPCC TV+CA can drive through the double lane
change at a higher speed than the MPCC CA, without performing any harsh braking after
avoiding the first obstacle. Fig. 4.10f shows that the minimum speed of the vehicle driven
by the MPCC TV+CA is 16 m/s, while the MPCC CA cannot avoid the second obstacle
despite reducing the speed to 13 m/s. The MPCC TV+CA also optimises the front and
rear longitudinal force repartition (Fig. 4.10c). The controller moves the brake repartition
to the front axle during the hard braking at 90 m. However, the front-rear ratio is restored
to 50 % or even moved to the rear axle, when the vehicle enters the corner, and the front
axle has a high road wheel angle (Fig. 4.10¢). It is relevant to notice that in both the front
and rear axle, the added yaw moment generated by the torque vectoring is substantial in
magnitude only during the manoeuvre and at its exit to stabilise the vehicle. On the contrary,
the added inequality constraints prevent the MPCC TV+CA from using torque vectoring
when the vehicle is driving straight. Regarding the road wheel angle computed by the MPCC
CA, it is visible how it already exceeds the constraints at ~120 m because the controller
cannot converge to an optimal solution. Fig. 4.10b shows that both MPCC controllers with
CA capabilities reach the maximum lateral acceleration, which can be generated with the
available road friction coefficient. On the contrary, the maximum braking capability is not
fully exploited by any controller. This work demonstrates that the TV can be integrated
into an MPCC with CA avoidance prioritisation and that the TV is essential to stabilise
the vehicle while avoiding obstacles at the limit of handling. However, the strong coupling
between longitudinal and lateral dynamics brings complexity to the MPCC. For this reason,
it was essential to improve the accuracy of the prediction model, e.g. including an extended
version of the Fiala tyre model.

The proposed controller and the two baselines are also tested in a double lane change
manoeuvre with a low friction condition (¢ = 0.5) and a 55 km/h desired and initial velocity,
corresponding to a heavy rain scenario. Fig. 4.11a shows the three vehicle trajectories, and it
is visible how only the newly developed controller can successfully avoid the two obstacles.
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Figure 4.11: Vehicle trajectories and G-G diagram in a double lane change manoeuvre with low friction conditions
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Figure 4.12: States and control inputs of the controllers in a double lane change manoeuvre with split ¢ conditions.
The white area has ¢ = 1, and the light blue area has p = 0.5.

This further proves the robustness of the proposed controller to different friction conditions.
Fig. 4.11b shows how this is achieved while the proposed controller drives the vehicle at
the handling limits. To evaluate the controllers’ capacity to react to a sudden change in
the friction coefficient, we tested the proposed controllers and baselines during a double
lane change manoeuvrer under a split i condition with a desired initial velocity of 55 km/h.
This manoeuvrer featured a high-friction surface on the right lane (4 = 1) and a low-friction
surface on the left lane (u = 0.5), as shown in Fig. 4.12a. An analysis of the trajectories,
shown in Fig. 4.12a, indicates that only the proposed controller and the baseline MPCC TV
successfully avoided the two obstacles, guiding the vehicle at the limit of handling (see Fig.
4.12b). However, while the baseline MPCC TV approaches the unsafe area near the first
obstacle, generating a near-miss event, the proposed approach maintains a safer distance,
highlighting the importance of collision avoidance prioritisation. The baseline without
collision avoidance prioritization successfully navigates around the first obstacle but fails to
avoid the second one due to the sudden drop in road friction. The friction drop, together with
the saturation of the steering actuator, leads to an instability which can only be mitigated
by controllers that incorporate torque vectoring. The additional yaw moment applied at the
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Figure 4.13: Analysis of the mVD at the variation of desired and initial vehicle velocity in a double lane change.

vehicle’s centre of gravity (Fig. 4.12d) stabilizes the vehicle during the manoeuvrer, allowing
it to avoid obstacles effectively. Conversely, the MPCC CA attempts to manage the sudden
change in friction primarily through adjustments in the road-wheel angle (Fig. 4.12¢) and
additional braking force. A particularly notable aspect is the comparison of the additional
yaw moment generated by controllers with torque vectoring in the split 4 condition versus
scenarios with a constant friction coefficient. Fig. 4.12¢ demonstrates that both controllers
with torque vectoring generate additional yaw moments to stabilize the vehicle under the
split u condition, which was unnecessary during the high-friction scenario. This confirms
the ability of the proposed controllers to effectively react to sudden changes in the tyre-road
friction condition.

4.6.2 ROBUSTNESS ANALYSIS

The performance of all the controllers is also evaluated in the same double lane change
with high friction conditions (u = 1), varying the initial and desired vehicle velocities to
determine the point at which each controller begins to fail. Fig. 4.13 shows that the proposed
controller effectively avoids the obstacles in the simulated scenario with velocities up to
73 km/h, a 7.5 % improvement over the MPCC CA. In contrast, the MPCC TV successfully
executes the manoeuvre only at velocities up to 60 km/h. This analysis further highlights
the advantages of incorporating collision avoidance prioritisation and torque vectoring.

The robustness of the proposed controller MPCC TV+CA and the baseline MPCC CA,
as explained in section 4.5.2, are compared at varying velocities in Fig. 4.14. The controller
without collision avoidance is not analysed in this section because it already shows a low
performance in nominal conditions; see Fig. 4.13. Both the analysed controllers show an
exponential growth of the collision rate with the increase of vehicle velocity; see Fig. 4.14a.
However, the proposed controller is substantially more robust to vehicle parameter variations
for velocities higher than 60 km/h. On the other hand, they show a similar CR, corresponding
to ~5 % for lower velocities because the vehicle behaves less nonlinearly and the scenario
allows a higher margin of error. Thus, the controller task is simplified, and both can achieve
an optimum level of robustness. Vice versa, vehicle dynamics become highly nonlinear at
high velocities, and the scenario becomes more challenging. In this situation, both controllers
reduce their robustness. However, the MPCC TV+CA can achieve adequate robustness
thanks to the extra added yaw moment, which increases the vehicle responsiveness.
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Figure 4.14: Robustness evaluation to vehicle parameters (Fig. 4.14a) and perception inaccuracies (Fig. 4.14b) of
the analysed controllers at varying velocities.

Fig. 4.14b shows the controllers’ robustness to vehicle perception inaccuracies at
different velocities. Similar to the above case, the proposed approach shows a higher
robustness than the controller without torque vectoring. However, it is noticeable that the
MPCC TV+CA and the MPCC CA show similar robustness to velocities up to 65 km/h. A
possible explanation is that the most significant cause of failure up to this velocity is the
obstacle lateral error noise, which leads to an impossible scenario for both MPCCs. Thus,
the major difference between MPCC TV+CA and MPCC TV for perception inaccuracies
robustness happens at a velocity equal to 70 km/h, where the torque vectoring allows a
higher accuracy even in nominal conditions.

Considering the scope of the paper, which is to assess the performance of the proposed
controller at the limit of handling, we will focus on the robustness analysis of the MPCC
TV+CA during the double lane change at 70 km/h. Table 4.4 presents the results of the
controller robustness analysis against variations in vehicle parameters. The proposed MPCC
TV+CA is the only one with a CR lower than 100 % among the controllers evaluated.
Although the vehicle parameters variations impact the proposed controller’s performance, a
CR equal to 31 % and an NMR of 35 % demonstrate the MPCC TV+CA robustness. The
slight difference between NMR and CR suggests that the controller can avoid obstacles
only a few times when it enters the danger zone. However, the vehicle collides with a
velocity on average 29 % lower than its reference velocity. Thus, it can still mitigate the
consequences of collisions. Particularly interesting are the collision patterns at the variation
of the vehicle parameters; see Table 4.5. Approximately 50 % of collisions occur due to the
vehicle driving off-road on the right side. This indicates that the controller can successfully
drive the vehicle around the obstacles, but it compromises its ability to rejoin the original
trajectory. This behaviour may stem from increased model mismatch caused by parameter
variations, impacting the controller’s efficacy. Further proof is the 23 % of collision with
the second obstacle, which indicates how the vehicle can safely avoid the first collision
but cannot avoid the second one. Although the collision rate is at 31 %, as depicted in
Fig. 4.15a, it is evident that the trend in collision rates is exponentially decreasing with the
occurrence of vehicle parameter configurations with higher probability. This observation
underscores the robustness of the proposed controller to vehicle parameter variations, as it
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Table 4.4: Monte Carlo analysis results related to vehicle parameter variations and perception inaccuracies for the
proposed controller.

Collision Rate Near Miss Rate

Configuration (%] (%]
Parameter 31.20 34.80
Variations
Perception 38.50 49.50

Inaccuracies

Table 4.5: Different collision patterns observed in the Monte Carlo analysis for the proposed controller.

Obstacle 1 [%] Obstacle 2 [%] Edge Left[%] Edge Right[%]
CR NMR CR NMR CR NMR CR NMR
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Figure 4.15: Collision and Near Miss Rates change to the probabilities variation of parameter configurations for
parameter variations (Fig. 4.15a) and perception accuracies (Fig. 4.15b)

highlights that the 90 % of collisions occurs for configurations where parameters are situated
in the tails of the Gaussian distribution, so less probable configurations in a real-life scenario.
The configurations with the highest probability have only ~1 % of collisions.

Table 4.4 also presents the results of the controller robustness to perception inaccuracies.
The proposed MPCC TV+CA demonstrates robustness comparable to that under vehicle
parameter variations, achieving a CR of 38.5 % and an NMR of 49.5 %. This underscores
the robustness of the proposed approach not only against vehicle parameter variations but
also against uncertainties in vehicle and obstacle localisation. In contrast to the previous
scenario, when the controller fails, it leaves the roadway only 44 % of the time, see Table
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4.5. Particularly noteworthy is that in 55 % of collision cases, the first obstacle encountered
results in a collision. This suggests that the MPCC TV+CA, influenced by uncertainties
in the vehicle and obstacle localisation, can fail to promptly replan its trajectory around
obstacles. In comparison, under vehicle parameter variations, the MPCC TV+CA primarily
fails after successfully avoiding the first and second obstacles. An explanation for this
could be the increased error in obstacle localisation, which causes the MPCC TV+CA to
be unaware of its proximity to obstacles, leading to hazardous situations. Furthermore,
erroneous obstacle localisation can mislead the MPCC TV+CA into believing that the road
ahead is obstructed, preventing the vehicle from passing safely with adequate distance.

Figure 4.15b shows the trend in collision and near miss rates as the probability of
perception inaccuracies decreases. As expected, the 75 % of collisions happens when the
proposed controller is affected by the lowest probability of perception accuracies. Once
again, the exponential decrease in the number of collisions and near-miss rate events with
the increase of perception accuracy probability highlights the robustness of the proposed
controller.

4.6.3 SENSITIVITY ANALYSIS

Fig. 4.16a shows the SI indices for the PAWN sensitivity analysis evaluating the vehicle
parameter variations. The box plot area represents the uncertainty of these indices, which
has been minimised due to the extensive number of simulations conducted. It is visible that
the nine analysed parameters can be split into three influential groups. The most influential
group consists of only one parameter: the lateral peak friction coefficient for the rear axle
(ty,). This suggests that u,, influences the performance of the proposed controller the most,
which can be explained by the fact that a decrease in u,, can lead the vehicle to an oversteer
behaviour, which is particularly difficult to control and stabilise even for a human driver
[166]. The second group is composed of Am, the front and rear axle cornering stiffness (Kyg
and Kyg) and the front axle lateral peak friction coefficient. Once again, the parameters Ky,
Kyg and 1, can strongly vary the vehicle behaviour, changing it from understeer to oversteer
and vice versa. A similar conclusion can also be stated for Am because it is not placed in the
vehicle CoG, so it moves the CoG location. The least influential parameters are the front and
rear axle longitudinal stiffness shape factors (Kxr and Kxg), the tyre relaxation length (Rel)
and the electric motor delay (7). The relative non-influential effect on the proposed controller
performance can be explained by the fact that the analysis scenario involves primarily the
vehicle lateral dynamics and not the longitudinal one, which is most affected by the Kxr and
Kxg. The analysis of the effect of Rel and 7 suggests that the controller can deal adequately
with an additional delay, even though delays can significantly contribute to the onset of limit
cycles [131-133]. This capability is further evidenced by the successful implementation of
a similar MPCC controller for a vehicle with hydraulic brakes, which exhibit even slower
dynamics (See Chapter 3) [41].

Fig. 4.16b shows the SI indices for vehicle perception uncertainties. The analysis reveals
that the five examined parameters can be categorised into three distinct levels of influence.
The most influential one consists of the lateral obstacle localisation (o-gps,y) error which
strongly limits the controller’s capacity to avoid obstacles. A possible explanation is that the
increased o gps,y can lead to an impossible scenario for the MPCC. For instance, a further
step of the first or second obstacle towards the road centre can make collision avoidance
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Figure 4.16: Sensitivity analysis results for vehicle parameter variations (Fig. 4.16a) and vehicle perception
inaccuracies (Fig. 4.16b).

unfeasible. The second group consists of 0y x. Interestingly, controller failure can occur
not only due to the magnitude of noise but, more critically, due to the direction and timing of
misleading obstacle localisation. This means that vehicle obstacle localisation errors are the
most influencing factors for controller performance, and they must be carefully considered
during the controller design. The third group include the vehicle localisation errors and the
false negative probability. It is expected that oyep x, O ven,y could have a similar effect on the
MPCC performance than o5 x and o gpsy. However, the MPCC feedback on the vehicle
localisation can partially compensate for their effect. The relatively lower influence of the
false negative percentage (coefficient 1) can be attributed to its probabilistic nature. Since
we cannot control when a false negative occurs within a scenario, it may happen when the
vehicle is too far from the obstacle to be influenced by it. However, controlling the timing of
false negatives is unrealistic and, thus, has not been analysed in this study.

4.7 CONCLUSION

HIS paper presents a novel approach to vehicle obstacle avoidance. It is based on
T a nonlinear Model Predictive Contouring Control, which employs torque vectoring
capabilities to stabilise the vehicle, performing evasive manoeuvres at the limit of handling.
The proposed controller with torque vectoring and collision avoidance successfully avoids the
two obstacles in the Double Lane Change manoeuvre with high and low friction conditions,
and it has proven to work on a rapid prototyping platform in real-time with an average solving
time of 38.9 ms. The first baseline controller without collision avoidance collides with the
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first obstacle due to its lack of motion replanning capability. The second baseline controller
without torque vectoring cannot stabilise the vehicle after avoiding the first obstacle, and it
collides with the second one. The proposed controller produces an extra yaw moment up to
~2000 Nm in magnitude, increasing the vehicle’s lateral agility to avoid the obstacles and
reduce the vehicle sideslip angle peak down to 7.5 deg rather than the 16 deg for the second
baseline controller without torque vectoring. However, the proposed controller requires
a more accurate prediction model, so an extended Fiala tyre model has been developed
to describe the tyre behaviour in combined slip conditions. Using extended Monte Carlo
analyses, the proposed controller shows robustness to vehicle parameter variations and
perception inaccuracies with a collision rate of respectively 31.20 % and 38.50 %. As
further proof, the percentage of crashes occurring with simulated values near the nominal
vehicle parameters and the most probable vehicle perception inaccuracies is below 1.5 %.
Furthermore, the results of sensitivity analysis are statistically assessed to evaluate the
sensitivity indices to each analysed parameter. The lateral peak friction coefficient of the
rear axle and the obstacle localisation error in the lateral direction have a higher effect on the
controller performance. Future works involve the experimental validation of the proposed
controller and the enhancement of the algorithm to better deal with the most influential
parameters.
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A LEARNING-BASED MODEL
PREDICTIVE CONTOURING
CONTROL FOR VEHICLE
EVASIVE MANOEUVRES

Uncertainty is the only certainty there is,
and knowing how to live with insecurity is the only security.

A Mathematician Plays the Market, John Allen Paulos

This chapter is based on [2) A. Bertipaglia, M. Alirezaei, R. Happee, and B. Shyrokau, "A Learning-Based Model
Predictive Contouring Control for Vehicle Evasive Manoeuvres," in International Symposium on Advanced Vehicle
Control, Milan, Italy, 2024 [167].
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ABSTRACT

This paper presents a novel Learning-based Model Predictive Contouring Control (L-MPCC)
algorithm for evasive manoeuvres at the limit of handling. The algorithm uses the Student-
t Process (STP) to minimise model mismatches and uncertainties online. The proposed
STP captures the mismatches between the prediction model and the measured lateral tyre
forces and yaw rate. The mismatches correspond to the posterior means provided to the
prediction model to improve its accuracy. Simultaneously, the posterior covariances are
propagated to the vehicle lateral velocity and yaw rate along the prediction horizon. The
STP posterior covariance directly depends on the variance of observed data, so its variance
is more significant when the online measurements differ from the recorded ones in the
training set and smaller in the opposite case. Thus, these covariances can be utilised in
the L-MPCC'’s cost function to minimise the vehicle state uncertainties. In a high-fidelity
simulation environment, we demonstrate that the proposed L-MPCC can successfully avoid
obstacles, keeping the vehicle stable while driving a double-lane change manoeuvre at a
higher velocity than an MPCC without STP. Furthermore, the proposed controller yields a
significantly lower peak sideslip angle, improving the vehicle’s manoeuvrability compared
to an L-MPCC with a Gaussian Process.
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5.1 INTRODUCTION

A Crucial safety element of automated driving is to prove the capacity to avoid obstacles
at the limit of handling. A common solution is based on Nonlinear Model Predictive
Control (NMPC), which optimises the steering angle and the longitudinal force of a vehicle.
However, in such scenarios, where longitudinal and lateral dynamics are coupled, the
uncertainties and inaccuracies due to the tyre’s nonlinear behaviour pose a particularly
challenging problem [41, 134]. Therefore, we focus on developing a Student-t Process
(STP) combined with a Model Predictive Contouring Control (MPCC), which improves the
prediction model, reducing the tyre model mismatches and minimising the vehicle lateral
state uncertainties. An L-MPCC based on a sparse Gaussian Process (GP) has recently been
proposed for lap-time optimisation [47]. It leverages the capacity of the GP to predict the
mismatches between the prediction model and the measured vehicle states: longitudinal
and lateral velocity and yaw rate. Furthermore, the vehicle is constrained inside the track,
tightening the track boundaries with the vehicle position uncertainty. The latter is first
computed as the GP’s posterior covariance, then open-loop propagated along the prediction
horizon using successive linearisation similar to an Extended Kalman Filter (EKF) [47].
However, the propagated position uncertainty can increase exponentially over the prediction
horizon, strongly limiting or eliminating the allowable driving area. This results in a very
conservative controller. A possible alternative is to consider the uncertainty in the vehicle
velocity states rather than in the vehicle position [129]. For instance, the NMPC cost function
can be extended by the vehicle lateral velocity and yaw rate variance. Thus, the latter can
be minimised to reduce the operating time in the unstable region of the vehicle. However,
these variances are computed and propagated by linearising the prediction model with a
constant tyre model uncertainty optimised offline. This simplification does not consider the
remarkably different accuracy of the tyre model in different operating regions, and therefore,
it does not reduce the prediction model mismatches in all regions.

We propose an L-MPCC based on an STP, which predicts the mismatches between the
prediction model and the vehicle yaw rate and the lateral tyre forces measured by intelligent
(force-sensing) bearings [29]. The proposed controller minimises the vehicle’s operating
time at unstable working points, thanks to the STP posterior covariance of the tyre forces.
The latter ones are used to compute and propagate the vehicle lateral state uncertainties
along the prediction horizon.

The contributions of this paper are threefold. The first is the development of the L-MPCC
based on an STP, which directly reduces the prediction model mismatches in the tyre model
rather than in the vehicle velocity states typically used [47]. This results in successfully
performing evasive manoeuvres at 8.5 % higher velocity than the current state-of-the-art
MPCC [41]. The second contribution is related to the STP, which improves the outlier
resistance of the state-of-the-art GP. Furthermore, the STP posterior covariance depends
on the observed measurements, providing a higher variance than a GP for operating points
different than in the training set and a lower one in the opposite situation [48]. The third
contribution is improving the vehicle stability by reducing the sideslip angle peak of a 76 %
during an evasive manoeuvre, thanks to the reduction of the model mismatches and the
minimisation of the vehicle lateral state uncertainties. Thus, the controller decreases the time
the vehicle spends in operating points close to the vehicle’s handling limits.
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5.2 LEARNING-BASED MODEL PREDICTIVE CONTOUR-

ING CONTROL

HE proposed L-MPCC controller is based on an MPCC for obstacle avoidance at

the limit of handling [41]. The prediction model is a nonlinear single-track vehicle
model. The Cartesian reference system describes the vehicle kinematics, as the contouring
formulation requires. The vehicle dynamics, the longitudinal (v,) and lateral (v,) velocity,
and the vehicle yaw rate (r) are described as follows:

. F, 0)—(Fy, p+AF, ) sin(@)+Fx k—F arq
V= (Fur coS@)~(Fy,r+AFy, ) SN0+ Fr p~Farag) +(r+Arvy
- —(r+Ar)v, 5.1
P ((Fy, p+AFy, £ ) cos(0)ly—(Fy,g+AFy g)l,+F . p sin(8)ly)
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m
b= (Fx r sin(0)+(Fy, p+AF,, 1) cos()+Fy g+AFy g)

where the road-wheel angle (6) and the longitudinal force at the front (F,, r) and rear axle
(Fy,r)- The lateral front and rear tyre forces, respectively F, r and F) g, are computed using
validated Fiala tyre model [134]. However, during an evasive manoeuvre, the prediction
model inaccuracies can increase significantly, so the model mismatches of the front (AF,, r)
and rear (AF), g) lateral tyre forces and the yaw rate (Ar) are computed by an STP.

The proposed L-MPCC cost function is responsible for ensuring path tracking, maintain-
ing the physical feasibility of the control inputs, prioritising obstacle avoidance in case of
collision risk, and minimising the uncertainties of the prediction model, thus limiting the
operating time in nonlinear regions. The cost function (J) is defined as follows:
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where N is the length of the prediction horizon, Nops and Ngg, are respectively the number
of obstacles and road edges, and qe,,,> €0bs> ey, aNd egqy are used to prioritise obstacle
avoidance and keeping the vehicle away from the road edges in case of emergency [41].
The tracking performance is ensured by the minimisation of the contouring (ec,,), lag (er4g)
and velocity ey, errors with their respective cost terms, i.€. Ge,,» €Lag> Gey,- Lhe lateral
velocity and yaw rate uncertainties are minimised through the o, and o, parameters of
the cost function. The o, and o, are propagated open-loop, so they can increase rapidly,
potentially overpowering the other elements of the cost function. To avoid the problem,
they are propagated not over the entire prediction horizon, N = 30, but only for the reduced
horizon Np,,;, = 20 [47]. Furthermore, the cost parameters, 9o, and ¢,,, are tuned not
to exceed the cost related to obstacle avoidance prioritisation. Therefore, the proposed
controller pushes the vehicle to work at operating points close to normal driving. However,
it allows the vehicle to drive at operating points close to the handling limits if it helps avoid
a collision.
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5.3 STUDENT-T PROCESS & UNCERTAINTY PROPAGATION

This study uses an STP as a stochastic process with a Laplace inference to estimate model
mismatches and uncertainties for two reasons. First, the Student-t distribution allows the
algorithm to define the level of Kurtosis, reducing the influence of the outliers and improving
the accuracy of the predictions [168, 169]. The robustness to outliers is an essential property
for L-MPCC, which relies on online measurements with sensor noise. For instance, a single
outlier can highly influence the GP prediction; pushing the posterior means far away from
the level of the other observations, which is not the case in an STP [169]. The second reason
is that the STP posterior covariance directly depends on the observed measurements and
not only on the location of the observed measurements. This implies that the covariance
increases when the measurements vary more than expected, i.e., a higher difference between
training and test sets, and vice-versa decreases when the difference is lower [48, 168]. Once
again, this is an essential property for an L-MPCC, which can work in conditions with a high
discrepancy from the training scenario. Regarding the kernel selection, this work opts for the
automatic relevance determination Matérn 5/2 function due to its generalisation capabilities
and interpretability properties. The STP is implemented using the GPML Matlab Code
version 4.2 [170].

We predict the AF, ¢, AF,  and Ar model mismatches, rather than the errors in v, and
vy as usually done in literature [47] because it allows the reduction of the mismatches in a
proactive way. It also directly targets the source of the errors, i.e., the tyre forces, and not the
states that depend on them. This is possible thanks to the availability of tyre lateral forces at
the front and rear axle, measured by the intelligent bearings [29], the vehicle yaw rate and
the control inputs F, and 6. Thus, we assume that the discrepancies are independent of the
vehicle position [47] and that the velocity states, not measurable through the standard sensor
setup for passenger vehicles, are entirely dependent on the tyre forces. The training data is
derived from the algebraic difference between the measurements and the nominal model
predictions.

The training set is composed of 2 double-lane changes at respectively 55 km/h and
80km/h, and a double-lane change with collision avoidance prioritisation at 55 km/h. The
manoeuvres are selected to identify the mismatches in the linear and nonlinear regions of the
vehicle. The test set comprises a double-lane change at 60 km/h and the same manoeuvre
with collision prioritisation. Despite the high prediction model accuracy and the reduction
of the model mismatches, some unmodeled effects can still influence the prediction model.
These are captured by the STP posterior covariance for the front and rear lateral tyre force,
respectively or, . and of, ,. Thus, the tyre forces are not only evaluated as a single point
but also as a distribution [129]. The STP variance and degrees of freedom are transformed
and simplified into a Gaussian variance to be able to propagate it through the prediction
horizon and relate them to the lateral states related to vehicle stability, i.e. v, and r, using a
procedure similar to an EKF [47, 129].
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Figure 5.1: States and control inputs in a double-lane change.

5.4 RESULTS

IGURE 5.1 shows the performance of the evaluated controllers in a double-lane change

with collision avoidance prioritisation at 65 km/h. Fig. 5.1a shows that only the learning-
based controllers can successfully avoid the two obstacles and stay inside the road track. Vice
versa, the MPCC baseline [41] leaves the track on the right side at 130 m. The improvement is
due to reduced model mismatches in the L-MPCC. For instance, the proposed L-MPCC+STP
reduces the root mean square of the Fy, r, Fy g and r mismatches by respectively 33.14 %,
24.85 % and 60.61 % compared to the MPCC and further 20.14 %, 11.85 % and 61.33 %
with respect to the L-MPCC+GP. This proves the importance of implementing an STP rather
than a GP to predict the model mismatches. The enhanced performance of the proposed
controller is also visible from the reduction of the vehicle lateral velocity peak; see Fig.
5.1c. Furthermore, the L-MPCC+STP can reduce the lateral velocity and, consequently, the
sideslip angle peak by 76 %, maintaining an overall higher velocity during the manoeuvre
than the L-MPCC+GP. Figs. 5.1c and 5.1f show that the vehicle sideslip angle reduction
and the increased operating time in the stable vehicle behaviour are not only due to the
lower model mismatches but also to the reduced uncertainties for the vehicle lateral states.
However, it has a lower vehicle longitudinal acceleration when the obstacle avoidance
manoeuvre is over to achieve the desired velocity, Fig. 5.1e.
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5.5 CONCLUSIONS

HIS paper presented a novel Learning-based Model Predictive Contouring Control based
T on a Student-t Process for evasive manoeuvres with an online minimisation of model
mismatches and uncertainties. In a high-fidelity simulation environment, we demonstrate
that our proposed controller successfully avoids obstacles, keeping the vehicle stable while
driving a double-lane change manoeuvre at a higher velocity compared to a non-learning-
based baseline. Furthermore, the proposed controller reduces the peak of vehicle sideslip
angle by 76 %. The performance enhancement is due to the properties of the Student-t
Process, which can further reduce the prediction model mismatches and better capture the
vehicle state uncertainties. Future work involves the proposed controller implementation on
rapid prototyping hardware to prove its real-time capability.
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A NONLINEAR MODEL
PREDICTIVE CONTROL FOR
AUTOMATED DRIFTING WITH A
STANDARD PASSENGER VEHICLE

True stability results when presumed order and presumed disorder are balanced. A truly
stable system expects the unexpected, is prepared to be disrupted, waits to be transformed.

Even Cowgirls Get the Blues, Tom Robbins

This chapter is based on [3) S. Meijer, A. Bertipaglia and B. Shyrokau, "A Nonlinear Model Predictive Control for
Automated Drifting with a Standard Passenger Vehicle," in IEEE International Conference on Advanced Intelligent
Mechatronics, Boston, USA, 2024 [171].
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ABSTRACT

This paper presents a novel approach to automated drifting with a standard passenger vehicle,
which involves a Nonlinear Model Predictive Control to stabilise and maintain the vehicle
at high sideslip angle conditions. The proposed controller architecture is split into three
components. The first part consists of the offline computed equilibrium maps, which provide
the equilibrium points for each vehicle state given the desired sideslip angle and radius of the
path. The second is the predictive controller minimising the errors between the equilibrium
and actual vehicle states. The third is a path-following controller, which reduces the path
error, altering the equilibrium curvature path. In a high-fidelity simulation environment, we
validate the controller architecture capacity to stabilise the vehicle in automated drifting
along a desired path, with a maximal lateral path deviation of 1 m. In the experiments
with a standard passenger vehicle, we demonstrate that the proposed approach is capable of
bringing and maintaining the vehicle at the desired 30 degree sideslip angle in both high and
low friction conditions.
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6.1 INTRODUCTION

HE ability to control the vehicle beyond the stable handling limits or at a high sideslip
T angle extends the number of controllable vehicle states and possible trajectories. Thus,
it improves vehicle safety for the collision avoidance manoeuvres in which a conventionally
driven vehicle would have reached its handling limit [40-42]. However, driving along a
desired path while sustaining a large sideslip angle is particularly challenging because it
requires exploiting the coupled nonlinearities in the tyre force response [43]. Furthermore, it
is necessary to keep the rear tyres saturated [44]. Thus, in this paper, we focus on designing
a nonlinear model predictive control (NMPC), which can stabilise a vehicle in a drifting
motion while remaining on a desired path. Furthermore, we aim to implement and evaluate
the proposed controller in a real-world experiment on a standard passenger vehicle without
hardware modification (Fig. 6.1).

Different control techniques for automated drifting have recently been proposed in the
literature. A possible solution is applying a linear quadratic regulator (LQR) controller
based on the single-track model combined with a Fiala tyre model [172]. The control inputs
are the steering angle and rear wheel speed, computing from the required rear longitudinal
force component. The internal model has also been upgraded with a double-track vehicle
model based on a Pacejka tyre model, to reduce the model mismatches [40]. However, all
the proposed LQR controllers only stabilise the vehicle in the drifting equilibrium while an
external path-tracking controller executes the path following control.

Thus, other approaches are proposed that simultaneously ensure the path-following
properties and control the vehicle into a desired equilibrium drifting state [53, 54]. These
controllers use the lateral error with respect to a reference path to control the vehicle along
the desired trajectory. At the same time, the sideslip error with respect to a reference sideslip
angle brings the vehicle into a state of drifting. The steering angle and rear drive torque
are treated as control inputs, and they are determined through a function of imposed error
dynamics, a nonlinear model inversion followed by a wheel speed control. The imposed error
dynamics convert the lateral and sideslip errors into a desired yaw rate and yaw acceleration.
A numerical approach of nonlinear model inversion is applied to determine the desired
steering and throttle angles. The steering angle is directly applied to the system, while
the throttle angle is mapped to a desired wheel speed. Experimental verification of these
controllers has shown that the approach can successfully track a reference path and sideslip
with good performance. However, the vehicle powertrain layout includes independent
electric engines simulating the behaviour of a fully locked differential, which is uncommon
for standard passenger vehicles.

Figure 6.1: BMW M3 Competition in automated drifting.
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Several solutions based on Model Predictive Control (MPC) are proposed in the liter-
ature [173-175]. For instance, a simplified linear vehicle can be implemented as an MPC
prediction model [175]. The MPC modifies a human driver input such that a vehicle is
stabilised on the handling limits. As modified linear vehicle and tyre models are used, the
optimisation becomes convex, reducing the computational effort and increasing real-time
feasibility. However, the controller is not designed to bring a vehicle into a steady-state
drift fully. Thus, another solution is linearising the nonlinear single-track vehicle with a
Fiala tyre model around defined state and input variables [173]. As a steady-state drift
requires a reference equilibrium state, the system will change according to the values of
equilibria through equilibrium-varying simulation. The approach shows that the prediction
model states can be chosen arbitrarily, as the sideslip angle is not chosen as a state, but
tracking the reference drifting state is still possible. However, the approach still suffers
from a computational point of view, making the controller not real-time feasible. Thus, in
this paper, we develop a real-time NMPC based on a nonlinear single-track vehicle with
a simplified Pacejka tyre model, using the sideslip angle as a vehicle state. The proposed
controller aims to bring the vehicle to a high sideslip angle and stabilise the vehicle in this
unstable equilibrium, considering high and low friction conditions.

The main contribution is the experimental validation of the proposed NMPC for auto-
mated drifting with a standard passenger vehicle, contrary to previous works in the literature
that are limited to simulations [50, 51] or experimental demonstrators with heavy hardware
modifications [53, 54].

6.2 VEHICLE MODEL
S UBSECTION 06.2.1 describes the nonlinear single-track model, and subsection 6.2.2
explains the tyre model.

6.2.1 SINGLE-TRACK VEHICLE MODEL

The single-track vehicle model simplifies the dynamics of a four-wheel vehicle model
by lumping the tyres on the left and right sides together in the centre axis of the vehicle
and ignoring the lateral load transfer. The kinematics of the single-track vehicle model is
described using the Frenet reference system as follows:

l,b S KVcos(w+ﬁ)

1-¢,K
¢, =Vsin( +p) 6.1)
§ — V cos(y+p)
x 1-e,K

where  is the heading angle, s, is the travelled distance with respect to the desired path, and
ey is the normal distance from the desired path. The relation between the absolute vehicle
velocity V, path curvature K and yaw rate r describes the desired trajectory.

The dynamics of the nonlinear single-track vehicle model are defined in Eq.6.2, where
the vehicle states are the sideslip angle 3, the yaw rate, and the absolute vehicle velocity.
The absolute velocity describes the actual velocity of the vehicle in space, combining both
the lateral and longitudinal velocity components with respect to the vehicle frame. The
sideslip angle is the angle between the vehicle’s longitudinal axis and the absolute velocity,
which is, therefore, the main indication for a vehicle being in a drift at large sideslip angles
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[55, 56, 120]. Using the absolute velocity, a path following property is established, as path
curvature can be expressed as a function of absolute velocity divided by the yaw rate. The
suspension dynamics are not modelled to reduce the computational effort, so the longitudinal
weight transfer is considered in a quasi-static way.

V= n%(FxF cos(6 — B) — Fyp sin(6 — B)+

+ Fygcos 3+ Fyg sin )
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B= m—V(FyF cos(6 — B) — Fr sin(6 — B)+ (6.2)
— Fgsinf + FygcosfB) —r
a(Fyp siné + Fyp cos6) — bF g

r =

I

Z

6.2.2 TYRE MODEL

The vehicle and road surface interaction is essential for the drifting motion. The transition
between conventional driving and drifting requires a large rear lateral force to establish
a state of drift. Similarly, a high optimal lateral force must be maintained to remain in a
steady-state drift. This implies that the knowledge of the tyres should be as accurate as
possible, capturing most characteristics with the lowest complexity. This work combines the
standard Magic Formula (5.2) and its simplified version. Results on computational capacity
and tracking performance show that the simplified Magic Formula can be applied at the front
wheels. In contrast, the standard formula is desired to better capture rear tyre characteristics.
The simplified model can capture those characteristics as front wheels are considered within
the tyre friction limits during a drift. Regarding rear tyres, they work beyond the stable
handling limits, so tyre characteristics should be captured as well as possible.

6.3 EQUILIBRIUM ANALYSIS

S UBSECTION 6.3.1 describes how the locations of the desired steady-state drift equilibria
are computed, and subsection 6.3.2 shows the experimental validation of the drifting
equilibria.

6.3.1 STEADY-STATE EQUILIBRIUM LOCATIONS

The steady-state drifting equilibria are computed, imposing the derivative of the nonlinear
single-track vehicle model states to zero. Based on this condition, the differential equa-
tions are solved using nonlinear least-squares, allowing the incorporation of constraints on
respective states. An initial guess allows the solver to converge to a desired equilibrium,
e.g. a high sideslip drifting equilibrium. Furthermore, constraints on desired velocities,
wheel speeds, and wheel slip make finding equilibria significantly faster. Nevertheless, as
can be mathematically derived, the proposed model contains more variables than equations,
which means that specific equilibrium values must be user-defined, considering a value
that describes a drifting motion. Thus, the system of equations is solved using a set of
desired sideslip angles 8¢ with a set of experimentally confirmed feasible path radii R*? for
drifting motion. The optimisation variables are described by x., (Eq.6.3), which allows the
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computation of all the respective tyre force components.
X=[V4 g Wl w5 T (6.3)

The results of the equilibrium points are considered non-unique, as a drifting equilibrium is
controlled through a balancing relation between the front and rear force magnitudes. Thus,
the variations in rear-drive torques and their resultant slip coefficient may vary, as the front
axle is subject to varying poses and forces. Fig. 6.2 shows the equilibria maps, which have
the locations of the peak drive torques in e, rear lateral peak forces in e and the front lateral
peak forces in e. For the velocity state equilibrium, see Fig. 6.2f, which increases with
the desired path radius at a constant sideslip angle. In contrast, a constant radius causes
a decrease in sideslip angle due to the force balance required between the front and rear
axles. As a result, the vehicle’s yaw rate increases with the path radius. Fig. 6.2a and 6.2b
show that the lateral tyre forces are at their highest at relatively small sideslip angles. Thus,
towards these peaks, the vehicle is considered in conventional driving with the tyre working
in the linear range. This can also be deducted by the similar wheel speeds (Fig. 6.2c) and
positive steering angles (Fig. 6.2¢). Fig. 6.2c shows that the front and rear wheel speeds start
to deviate in magnitude at higher sideslip angles, and the steering angle approaches zero,
indicating that the vehicle is entering a drifting mode. However, the rear longitudinal force
has not reached its peak force (Fig. 6.2b). This means that the applied rear torque results in
a reasonable amount of slip such that the rear tyres become saturated in the lateral direction
with a reasonable sideslip angle. However, since the peak friction force in the longitudinal
direction is not reached, we consider the state towards this point a transient equilibrium,
i.e., a slight drift. Thus, tyres are not fully saturated, nor is countersteering taking place.
Once the peak in the longitudinal slip is reached, the difference in wheel speeds becomes
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Figure 6.3: Comparison of the computed and measured vehicle states in equilibrium.

more significant than the rear axle longitudinal velocity. Thus, the tyres are saturated in both
lateral and longitudinal directions, and a direct change in steering angle is required (Fig.
6.2¢) to balance the front and rear forces. Thus, larger sideslip angles describe fully drifting
equilibria where the proportional behaviour in the steering angle and the deviation in the
wheel speeds (Fig. 6.2¢) result from a more significant required rear slip and a decline in
front wheel speed due to a lower yaw rate.

6.3.2 EXPERIMENTAL VALIDATION

The steady-state drifting equilibria are experimentally validated in a proving ground and
Fig. 6.3 shows a comparison of the computed and measured vehicle state equilibria. The
results show the complexity of a human driver remaining at an actual equilibrium point due
to many disturbances on the vehicle, e.g., road surface. Real road surfaces are considered
non-homogeneous, where a ~5 % variation in the friction coefficient is measured for the
respective proving ground, which a driver needs to compensate for by changing the steering
angle or throttle commands. Thus, the measured steering angle and drive torque are never
constant. The vehicle’s slightly tilted position due to the surface’s conical shape is also
unmodelled in the single-track vehicle, causing variations in the vertical axle loads. In
addition, the driver has to stabilise the desired drifting state while stabilising on a desired
path. Thus, the experimental data are not in equilibrium for all time instants. However, the
comparison does show reasonable similarities in the order of magnitude. The comparison




104 6 A NMPC FOR AUTOMATED DRIFTING WITH A STANDARD PASSENGER VEHICLE

Vehicle state control

Plant

Rref Sveh
Path error

d(p,q) = /(@1 —p1)* + (@2 —p2)*-

Figure 6.4: Architecture of the proposed controller.

between computed and measured drifting states shows that many variations of drifting
equilibria exist around an actual drift equilibria.

6.4 PROPOSED CONTROLLER ARCHITECTURE

T HE proposed controller architecture is shown in Fig. 6.4, designed to stabilise the vehicle
into a high sideslip angle and follow a desired path. The NMPC is used to compute
the optimal control inputs to reach any feasible vehicle reference state. Thus, the NMPC is
deployed to stabilise the vehicle in a high sideslip state and for conventional driving. Thus,
it can bring the vehicle from conventional driving towards a drifting motion. The NMPC is
based on the following online optimisation:

N
Jin kzz(; J (X, ug) (6.4a)
S.t. X0 = Xinit (6.4b)
Xir1 = (X)), k=0,...,N -1 (6.4¢)

where J is the objective, which includes the quadratic errors between the defined equilibria
and the vehicle sideslip angle and yaw rate states; furthermore, it includes a penalty on the
steering rate &. The latter is possible by introducing & as an extra vehicle state correspondent
to the integration of the 4. Thus, two benefits are counted: first, it is possible to add a
constraint on §, modelling the physical limitation of the steering actuator, and second, the
control input 6 becomes smoother. The f(x, u;) corresponds to the nonlinear single-track
vehicle model. The optimisation problem in Eq.6.4 is solved using the ACADO toolkit
[176] with the Sequential Quadratic Programming solver at 50 Hz with a prediction horizon
N =25.

The desired equilibria are provided to the NMPC through dynamic referencing, which
is implemented to influence the vehicle’s direction. The offline computed equilibria are
selected dynamically using s, to alter the path curvature such that the lateral error e, of a
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desired path is decreased. This is established by altering the desired path curvature in relation
to the lateral error through a path-following controller that determines a compensating factor
on the path curvature. The altered path curvature functions as an input for a lookup table
that contains a complete set of equilibria, which, therefore, picks the optimal equilibrium
that functions as a reference for the controller.

6.5 SIMULATION RESULTS

S UBSECTION 6.5.1 describes how the proposed controller is evaluated in a high-fidelity
environment, and subsection 6.5.2 shows the proposed controller validation.

6.5.1 SIMULATION SETUP

The proposed controller is first evaluated in a simulation environment. The vehicle plant
is a high-fidelity model of a BMW M3 Competition. It is a rear-wheel drive vehicle with a
limited-slip differential (LSD), allowing for the locking rate modification. The vehicle plant
is based on a 17 degrees of freedom model, experimentally parameterised and validated
by BMW. Magic Formula 5.2 is used to model the tyre dynamics. An alternating drifting
manoeuvre on a high-friction surface is defined as a testing scenario. The manoeuvre is
initialised with a high yaw rate state within friction limits, i.e. conventionally turning.
Furthermore, measurement noises and friction coefficient variations are included in the
simulation. Friction coefficient variation is based on surface measurements at the BMW
proving grounds of Aschheim, showing that seemingly homogeneous surfaces tend to have
friction coefficient fluctuation of approximately 0.05. The amplitude and frequency of
simulated measurement noises are based on experimental vehicle measurements.

6.5.2 ALTERNATING DRIFTING MANOEUVRE

The simulated vehicle states in the alternating drifting manoeuvre are shown in Fig. 6.5.
Once the drifting reference is initialised, the proposed controller can successfully track
the initial left-hand drifting manoeuvre and perform a nearly instant transition into a right-
hand drift with optimal tracking performance. In this case, the response of a 30 % LSD is
reached as the left and right wheel speeds become similar, implying a locked differential
state. Furthermore, the results highlight that the nonlinear single-track model captures the
drifting vehicle dynamics, as the desired equilibrium is based upon that description. The
control inputs are shown in Fig. 6.6. Despite the same NMPC tuning for the complete
simulation showing some erratic behaviour in the linear driving range, the solver remained
stable. The results highlight that the steering angle remains smooth, as the § is constrained
in the optimisation.

The simulator’s response shows powertrain dynamics and systematic delays, as the
single-track model calculation of the left and right wheel drive torque is not of equal peak
magnitude. This implies that the rapid increase of desired drive torque is tracked slowly.
However, the drifting states are reached as the solver computes the equilibrium drive torque.
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Figure 6.7: Desired and applied control inputs during automated drifting experiment.

6.6 EXPERIMENTAL RESULTS

S UBSECTION 6.6.1 describes how the proposed controller is evaluated in the proving
ground, and subsection 6.6.2 shows the experimental validation of the proposed NMPC
for automated drifting.

6.6.1 EXPERIMENTAL SETUP

The experimental validation is conducted with a BMW M3 Competition vehicle. The
auto-generated real-time ACADO c-code is implemented on a dSPACE Autobox DS1007
platform, which also acts as an interface for desired Flexray and CAN bus communication
protocols to send and receive information from the vehicle and desired external devices,
e.g. GNNS or IMU. Measured and estimated state signals at 10 ms are found on the vehicle
Flexray. Regarding the control actuators, the human driver inputs provided to the driving
assistance systems interface are replaced by the NMPC-optimised control inputs. However,
the automated lane keeping, commonly available in a passenger vehicle, is not designed to
be active in fully automated mode, so applied steering torque and angle through the driving
assistance systems interface are greatly limited by safety features.

When the proposed controller is validated, ignoring these limitations, it can only success-
fully bring the vehicle to a high sideslip angle condition but not stabilise it. Fig. 6.7 shows a
deviation between the desired and measured steering angle for all performed tests reaching
a high sideslip angle, where the front axle aligns with the direction of travel rather than
compensates for the vehicle state. A possible explanation is the lack of applicable torque
from the standard electric power steering motor that should be able to apply sufficient torque
to overcome the self-aligning moment occurring at the front tyres. The e-motor can provide
a maximum of ~30 Nm of torque and is designed to function for several low-torque ADAS
systems, such as automatic lane change. Thus, the steering angle cannot be decreased as the
NMPC desires and, as a result, the actual steering angle remains on its limit, which causes
the vehicle to spin, as the front axle is not performing the desired compensation for the
deviations in absolute velocity and vehicle sideslip angle. Regarding these limitations, only
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Figure 6.8: Vehicle states in semi-automated drifting manoeuvre.

software/hardware modifications or a steering robot can solve the steering angle limitation.
Therefore, the proposed controller is validated with a semi-automated drifting manoeuvre.
The proposed NMPC computes the optimal control inputs, but only the desired drive torque
is provided to the vehicle while a human driver assists in the steering. In this experiment, we
can validate the NMPC drive torque and compare the actual and desired steering input of the
NMPC. The experiment is performed on a dry surface and a watered skid pad, respectively,
with high and low friction conditions.

6.6.2 SEMI-AUTOMATED DRIFTING MANOEUVRE

The vehicle states in a semi-automated drifting manoeuvre are shown in Fig. 6.8. The
vehicle successfully enters the desired drifting mode, and the high sideslip angle is stabilised
for multiple rounds at 30deg. Thus, the NMPC driving torque is sufficient and solved
optimally to bring the vehicle into drifting mode and maintain its steady-state drifting
position. However, it is visible that the tracking performance of the velocity and front wheel
speed is less accurate than the sideslip angle, yaw rate, and rear wheel speed. A possible
explanation is that the controller tuning is optimised to bring the vehicle into a high sideslip
angle, established with a high yaw rate and accurate rear wheel speed tracking. On the
contrary, the front axle aligns with the direction of travel, and the front wheel speed and
the absolute velocity are proportional under constant path curvature. Fig. 6.7 shows the
optimised and actuated control inputs. The comparison between steering angles demonstrates
that the steering angle provided by the human driver is very similar to the desired steering
angle optimised by the NMPC solver. The maximum variation in magnitude is ~5 deg,
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Figure 6.9: Actuated and optimised control inputs in a semi-automated drifting manoeuvre.

demonstrating the NMPC capacity to stabilise the vehicle in drifting mode with appropriate
actuators.

6.7 CONCLUSIONS

HIS paper presented a novel approach to automated drifting with a standard passenger
T vehicle, focused on a Nonlinear Model Predictive Control to stabilise and maintain
the vehicle at high sideslip angle conditions. In this work, we experimentally verified
the correspondence of the vehicle state equilibria computed with a nonlinear single-track
model with the one measured in a proving ground. The experimental verification of the
controller showed that using a standard production vehicle without significant hardware
and software modifications is not possible due to the limited steering torque provided
by the standard interface of electric power steering. However, a semi-automated drifting
manoeuvre demonstrated the controller’s capacity to bring a real vehicle into drifting mode
and stabilise it at a high vehicle sideslip angle of 30 deg. Future works involve performing
the experimental validation of the proposed controller in a fully automated mode, using a
steering robot as an actuator.
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We shall not cease from exploration
And the end of all our exploring
Will be to arrive where we started
And know the place for the first time.

Little Gidding, Four Quartets, Thomas Stearns Eliot
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HE preceding chapters explored the development of vehicle sideslip angle estimation

algorithms and obstacle avoidance controllers for evasive manoeuvres at the limit of
handling in automated vehicles. In this chapter, I present a comprehensive analysis of the
research outcomes, emphasising the key findings along with their limitations. Furthermore, I
conclude the thesis by proposing directions for future work based on the new questions and
insights that have arisen from this study.

7.1 DISCUSSION & MAIN FINDINGS

A UTOMATED vehicles have proven their effectiveness in reducing the number of injury-
causing crashes [22, 25], confirming the relevance of the technology for the entire
society. However, despite remarkable technological advancements, automated vehicles
still fall short of ensuring safety in the most hazardous situations, such as when a vehicle,
pedestrian, or object suddenly appears in front of the car, leaving insufficient distance to
prevent a collision through emergency braking alone [26]. In such instances, an evasive
manoeuvre involving precise coordination of steering and braking is necessary. Furthermore,
any abrupt control actions aimed at avoiding the obstacle can lead to loss of vehicle control,
potentially resulting in a spin or collisions with other vehicles [19, 26].

Therefore, the objective of this thesis is to develop innovative nonlinear motion
control algorithms for obstacle avoidance at the limit of handling in automated vehicles
and to evaluate the benefits of integrating tyre force sensing technology.

The design of the innovative motion control algorithms was split into three sub-goals:
vehicle sideslip angle estimation to assess stability and controllability, vehicle motion control
for obstacle avoidance at the limit of handling with a focus on prioritising safety over path
tracking and stability, and automated drifting to stabilise and control the vehicle beyond the
friction limit or at high sideslip angles.

7.1.1 SUB-GOAL 1: VEHICLE SIDESLIP ANGLE ESTIMATION

The design of vehicle motion controllers capable of safely avoiding obstacles at the limit of
handling demands a comprehensive understanding of the vehicle’s stability and controllability
envelope. This requires precise information on the yaw rate and sideslip angle, which are
critical to active vehicle control systems [57, 58]. While low-cost gyroscopic sensors can
reliably measure yaw rate, the sideslip angle must be estimated in real-time. Consequently,
the first sub-goal of this thesis was to design a hybrid model-based and data-driven algorithm
for vehicle sideslip angle estimation with intelligent (force sensing) bearings integration,
which works for a large diversity of vehicle manoeuvres, e.g. steady-state, transient, low,
and high excitation. Numerous approaches for sideslip angle estimation have been proposed
[36, 37], which can be categorised into three main groups: model-based, data-driven, and
hybrid approaches. The model-based approach relies on a nonlinear vehicle and tyre model.
However, it faces limitations in transient and high-excitation driving scenarios, where
the tyre’s nonlinear behaviour becomes more pronounced. Furthermore, its efficiency and
robustness depend on the process and observation noise parameters, which must be accurately
tuned for optimal performance [177, 178]. To address these challenges, I proposed a new
tuning methodology called Two-Stage Bayesian Optimisation [179], based on a Student-t
Process, as explained in Appendix A. This methodology accelerates the optimisation process
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while improving the accuracy of the Unscented Kalman Filter tuning, as demonstrated on
an experimental dataset. Additionally, I demonstrated that the Unscented Kalman Filter
outperforms the Extended Kalman Filter in terms of accuracy. However, when additional tyre
force measurements are utilised, their performance becomes comparable [56]. Data-driven
approaches, on the other hand, utilise historical data to model relationships between input
and output variables. These methods generally offer higher accuracy than model-based
approaches when sufficient, high-quality training data are available, as I also demonstrated in
Chapter 2 [56]. This becomes even more pronounced when the data-driven approaches utilise
the tyre force measurements [56]. However, their performance declines when the dataset
lacks adequate representation in specific ranges of sideslip angles. The data-driven approach
primarily relies on historical data collected to establish relationships between input, internal,
and output variables. Overall, it has a higher accuracy than the model-based approach when
enough quality data are provided in the training phase. However, its performance is highly
dependent on the amount of representative data, and it will lack performance as soon as the
dataset contains a lower amount of data in a particular range of the sideslip angle. Hybrid
approaches aim to combine the strengths of both model-based and data-driven methods.
While this leads to improved performance [63, 64], the literature to date has primarily
focused on integrating these approaches without creating a mutualistic relationship between
them. The entire hybrid approach potential for sideslip angle estimation was not exploited.

Chapter 2 presented a novel hybrid approach that establishes a mutual relationship
between model-based and data-driven approaches for vehicle sideslip angle estimation.
This approach leverages physical insights from an Unscented Kalman Filter based on a
nonlinear single-track vehicle model to enhance the accuracy of a Convolutional Neural
Network (CNN). The performance of the different approaches was evaluated not only using
traditional key performance indicators (KPIs) for sideslip angle estimation, such as the mean
squared error (MSE) to assess overall estimation accuracy and the absolute maximum error
(ME) to examine the worst-case performance. Additionally, I introduced two nonlinear
metrics: the nonlinear MSE (MSE,;) and the nonlinear ME (ME,;), which specifically
measure estimation accuracy when the vehicle exhibits nonlinear behaviour, such as when
the absolute value of the lateral acceleration exceeds 4 m/s?. These nonlinear KPIs offer a
more detailed assessment of the hybrid approach’s performance in the most critical driving
scenarios, directly aligning with the primary objective of this work: addressing obstacle
avoidance at the limit of handling. Using a large-scale experimental dataset consisting of
216 manoeuvres, the hybrid approach demonstrated superior accuracy compared to purely
model-based or data-driven methods. Moreover, the CNN-UKF approach slightly reduced
the MSE compared to the Deep Ensemble UKF (DE-UKF). However, when comparing the
MSE,,;, the CNN-UKEF outperformed the DE-UKF by 25 %, providing significantly higher
accuracy in the most critical operating regions for active vehicle control systems. This result
is particularly aligned with the main scope of this work. Through end-to-end training, the
CNN is complying with the vehicle’s physical dynamics, leading to reductions in both the
maximum error and nonlinear maximum error compared to all other approaches. The latter
results are particularly relevant to assess that the estimation is always coherent with the
physical vehicle behaviour.

A new vehicle state estimation algorithm must enhance performance under normal
conditions while also proving its robustness. The performance of the proposed CNN-UKF
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was tested on a limited dataset, which only included measurements where the vehicle’s
absolute lateral acceleration is below 7 m/s?. This scenario simulates the practical challenges
of collecting a large number of manoeuvres at the handling limits. Such conditions are
common in the automotive field, as driving at the limits of handling can result in the driver
losing control of the vehicle. In this context, the hybrid CNN-UKF approach showed a
slight improvement in estimation robustness compared to the model-based and DE-UKF
approaches across all KPIs. However, the CNN-UKF significantly outperformed the purely
data-driven approach in terms of estimation accuracy.

The main findings on Sub-Goal 1 can be summarised as follows:

* The benefits of measured tyre forces are quantified for vehicle sideslip angle esti-
mation using physics model-based and data-driven approaches with experimental
data.

* End-to-end training between a CNN and a differentiable UKF enables the de-
velopment of a hybrid approach that establishes a mutual relationship between
model-based and data-driven methods for vehicle sideslip angle estimation.

* The hybrid CNN-UKF approach ensures adherence to the physical laws of vehicle
dynamics, improving MSE and absolute ME estimation across a diverse range of
vehicle manoeuvres, such as steady-state, transient, low, and high excitation, all
of which recorded on a proving ground.

* The online estimation of UKF process model uncertainties thanks to CNN and
UKF end-to-end training improves accuracy and robustness, even when trained
with only a limited dataset.

¢ The proposed hybrid approach offers greater robustness in vehicle sideslip angle
estimation than data-driven approaches, even when trained on a limited dataset.

7.1.2 SUB-GOAL 2: OBSTACLE AVOIDANCE AT THE LIMIT OF HAN-

DLING

The safety of automated vehicles heavily depends on their ability to execute evasive manoeu-
vres, even at the handling limit. Central to any nonlinear motion control algorithm for these
manoeuvres is the obstacle avoidance controller, which must balance competing objectives
while remaining robust to real-world variations and uncertainties. For this reason, the second
sub-goal of this thesis was to design nonlinear model predictive controls which can prioritise
obstacle avoidance even at the limit of handling while compensating for inaccuracies in
localisation and perception systems, as well as non-nominal road and vehicle conditions.
Despite recent advancements in automated vehicle safety systems, tyre nonlinearities con-
tinue to present a significant challenge [38]. The most common approach is a hierarchical
controller architecture, which separates motion planning, path tracking, and vehicle stability
tasks [39]. However, during evasive manoeuvres, these objectives can conflict with each
other [26]. For instance, vehicle stability constraints could lead to tracking errors, potentially
causing collisions [26, 42]. To address this, I proposed a unified controller that integrates
motion planning, path tracking, and vehicle stability for high-speed obstacle avoidance.
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Chapter 3 introduced a Model Predictive Contouring Control (MPCC) based on a
nonlinear single-track vehicle model for obstacle avoidance at the limit of handling. The
nonlinear MPCC integrates motion planner, path tracking and vehicle stability objectives into
a single controller, prioritising obstacle avoidance in emergency situations. In a high-fidelity
simulation validated by experimental data, the MPCC successfully avoided two obstacles
during a double-lane change after re-planning the target trajectory from the behaviour
planner. In contrast, a controller without collision avoidance prioritisation failed, resulting in
a collision. The collision avoidance prioritisation slightly reduced path-tracking accuracy and
increased the sideslip angle peak to 3 deg, but the vehicle remained stable and manoeuvrable
throughout the manoeuvre. This demonstrates that prioritising collision avoidance increases
path and velocity tracking errors and reduces vehicle stability, pushing the vehicle closer
to the handling limits, but it is essential to maintain a safe distance from obstacles. The
state-of-the-art baseline, which employs a Model Predictive Control (MPC) approach using a
Frenet reference system, also avoids the two obstacles but fails to keep the vehicle outside the
unsafe zone near the obstacles, resulting in a near-miss event. Additionally, it compromises
vehicle stability, with the sideslip angle peaking to 9 deg. The improved performance of the
MPCC, which operates in a Cartesian frame, is attributed to its ability to approximate the
MPC based on the Frenet reference system by incorporating lag and contouring errors into
the cost function. This prevents the overestimation of the vehicle-to-obstacle distance caused
by Frenet coordinates and eliminates the need for additional optimisation to compute the
vehicle’s distance travelled relative to the reference line. The proposed approach was also
experimentally validated on a Toyota Prius performing a double-lane change at 30 km/h on
a low-friction surface in heavy rain conditions. The experimental validation demonstrated
the controller’s real-time implementability on an embedded platform, such as the dSPACE
AutoBox 1007, as well as its capacity to handle measurement noise, actuator delays and
constraints. Additionally, the low road friction in the experimental scenario highlighted the
robustness of the proposed controller across varying friction conditions.

The successful validation of the proposed MPCC proved the importance of prioritising
collision avoidance properties rather than path tracking and vehicle stability performance in
case of emergency. However, the assumptions of driving a vehicle at the limit of handling
and of a perfect obstacle perception may raise concerns about the robustness of the proposed
approach. To address this, the proposed approach’s robustness is analysed to vehicle and
tyre parameter variations, perception inaccuracies, the number of false negatives in the
perception stack, and localisation errors. Additionally, the computational complexity of the
MPCC highlights potential challenges in adapting it to emerging control methodologies that
incorporate torque vectoring. These methodologies have gained significant attention with the
development of new electric powertrains, especially those using multiple in-wheel electric
motors [139-141].

For this reason, chapter 4 extended the MPCC for obstacle avoidance, combining motion
planning, path tracking, and vehicle stability as described in Chapter 3 by incorporating
torque vectoring to enhance the vehicle’s lateral agility at the handling limits. Torque
vectoring is integrated into the optimal control problem through the use of a double-track
vehicle model with an extended Fiala tyre model. To address robustness concerns, the en-
hanced MPCC with torque vectoring was evaluated under varying vehicle and tyre parameter
variations, perception accuracies, number of false negatives, and localisation errors. Addi-
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tionally, a sensitivity analysis was performed to quantify which parameters and perception
inaccuracies most significantly degrade the performance of the obstacle avoidance MPCC
controllers.

The proposed controller with torque vectoring and collision avoidance successfully
avoided two obstacles during a double-lane change manoeuvre under both high and low
friction conditions. It was implemented on a real-time rapid prototyping platform (dSPACE
SCALEXIO), with an average solving time of 38.9 ms. The first baseline controller, lacking
collision avoidance, collided with the first obstacle due to its inability to replan motion
and stay away from the area near the obstacles. The second baseline controller, without
torque vectoring but with collision avoidance prioritisation, failed to stabilise the vehicle
after avoiding the first obstacle, leading to a collision with the second one. The proposed
controller generated an additional yaw moment of up to ~2000 Nm, significantly enhancing
lateral agility and reducing the vehicle’s sideslip angle peak to 7.5 deg, compared to 16 deg
for the baseline without torque vectoring. However, the controller requires a more accurate
prediction model, leading to the development of an extended Fiala tyre model to capture tyre
behaviour under combined slip conditions. In particular, the proposed tyre model captures
the effect of longitudinal and vertical force on the cornering stiffness and the diminishing
tyre saturation region.

Extended Monte Carlo analyses demonstrated the controller’s robustness to vehicle
parameter variations and perception inaccuracies, showing collision rates of 31.20 % and
38.50 %, respectively, while the baseline controllers consistently crashed into obstacles.
Notably, the percentage of crashes occurring near nominal vehicle parameters and typical
perception inaccuracies was below 1.5 %, indicating that most crashes occurred with param-
eter configurations that deviated significantly from the nominal values and were statistically
less probable.

A sensitivity analysis identified different influential groups for vehicle and road parameter
variations and perception and localisation inaccuracies. Regarding the first group, the rear
axle’s lateral peak friction coefficient had the greatest influence. This is likely because a
reduction in lateral friction can induce oversteer, which is particularly challenging to control
and stabilise, even for a human driver [166]. The least influential parameters included the
front and rear axle longitudinal stiffness shape factors, tyre relaxation length, and electric
motor delay. Their minimal effect can be attributed to the fact that the analysis primarily
focused on lateral dynamics, while the longitudinal parameters mainly affect longitudinal
dynamics. Moreover, the controller was designed to function also with hydraulic brakes,
which have even slower dynamics than electric motors, see Chapter 3 [41]. Regarding
perception and localisation inaccuracies, obstacle localisation errors in the lateral direction
had the highest impact on controller performance. Increased lateral error can create an
impossible scenario for the MPCC, such as shifting an obstacle too close to the road centre,
making collision avoidance infeasible. The lower influence of the number of false negatives
in the perception stack is due to its probabilistic nature; if a false negative occurs when the
vehicle is too far from the obstacle, it may not affect the outcome. However, since controlling
the timing of false negatives is unrealistic, it was not analysed in this study.

Chapters 3 and 4 successfully introduced an innovative nonlinear model predictive
control that priorities obstacle avoidance, even at the handling limits. Additionally, Chapter
4 demonstrated the robustness of the proposed approach to variations in vehicle and tyre
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parameters, perception inaccuracies, false negatives, and localisation errors when compared
to baseline controllers, while also identifying the most influential parameters affecting
controller performance. This achievement fulfils the objective of Sub-goal 2. The next
step to complete the overall objective of this thesis is to analyse the potential benefits of
incorporating tyre force sensing technology and addressing the most influential parameters
impacting controller performance.

To address this, Chapter 5 proposed a novel Learning-based Model Predictive Contour-
ing Control (L-MPCC) based on a Student-t Process (STP) for evasive manoeuvres, which
minimises model mismatches and uncertainties online. The STP predicts the mismatches
between the prediction model and the actual vehicle yaw rate and lateral tyre forces, mea-
sured through intelligent (force sensing) bearings [29, 180]. Unlike traditional approaches
that focus on vehicle velocity states [47], this method directly reduces mismatches in the
tyre model, improving the controller’s pro-activity. Additionally, the proposed controller
minimises the vehicle’s operating time at unstable points, leveraging the STP’s posterior
covariance of tyre forces. These uncertainties are propagated along the prediction horizon
and minimised within the MPCC cost function. In a high-fidelity simulation environment,
validated with experimental data, the controller successfully avoided obstacles and main-
tained vehicle stability during a double-lane change manoeuvre at a higher velocity than a
non-learning-based baseline. This performance enhancement is attributed to the properties
of the Student-t Process, which better captures vehicle state uncertainties than a Gaussian
Process (GP). Furthermore, the STP offers improved outlier resistance and adapts its variance
based on observed data. Thus, it can produce a higher variance for unseen operating points
and a lower variance for familiar ones [48]. Notably, the controller reduced the peak vehicle
sideslip angle by 76 % compared to a non-learning-based MPCC, a result of reduced model
mismatches and minimised lateral state uncertainties.

The main findings on Sub-Goal 2 can be summarised as follows:

¢ A MPCC that integrates motion planning, path tracking, and vehicle stability into
a single cost function, prioritising collision avoidance in emergencies, improves
safety for obstacle avoidance at the limit of handling compared to a hierarchical
approach.

¢ The distances between the vehicle and obstacles, as well as the vehicle and road
edges, are more accurately captured in a Cartesian frame, whereas they tend to
be overestimated in the commonly used Frenet reference frame.

* The proposed MPCC improves safety and vehicle stability compared to the state-
of-the-art MPC based on a Frenet reference frame largely due to the minimisation
of lag error. This feature encourages the vehicle to brake proactively when motion
replanning is required by the controller.

¢ The MPCC for obstacle avoidance at the limit of handling can be extended with
torque vectoring capabilities while maintaining the real-time feasibility on a
rapid prototyping platform.

* Torque vectoring improves vehicle responsiveness, ensuring stability and prevent-
ing potential crashes in both high and low friction conditions.
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* The extended Fiala tyre model accurately captures variations in cornering stiff-
ness with respect to longitudinal and vertical forces, while adjusting the gradient
within the tyre’s saturation region, significantly improving the accuracy in sce-
narios with strong force coupling.

* The proposed MPCC is robust to variations in vehicle and road parameters, as
well as to false negatives, perception errors, and localisation inaccuracies.

* Among the analysed parameters, the lateral peak friction coefficient of the rear
axle and the obstacle localisation error in the lateral direction have the greatest
impact on the controller’s performance.

« Intelligent (force sensing) bearings contribute to the performance improvement of
an L-MPCC based on an STP, directly reducing of prediction model mismatches
in the tyre model.

¢ An L-MPCC based on an STP can successfully avoid obstacles at higher speeds
compared to one based on a GP.

* A Student-t Process enhances outlier resistance and improves the estimation of
posterior covariance compared to the state-of-the-art Gaussian Process.

* The STP posterior covariance is influenced by observed measurements, resulting
in higher variance for operating points that deviate from the training set and
lower variance for those closely aligned with the training data.

* The uncertainty minimisation of the L-MPCC based on an STP enhances vehicle
stability during evasive manoeuvres by reducing unnecessary time spent near the
vehicle’s handling limits.

7.1.3 SUB-GOAL 3: AUTOMATED DRIFTING

The ability to control a vehicle beyond the stable limits of handling or at high sideslip angles
significantly expands the range of controllable vehicle states and trajectories. This capability
is crucial for enhancing safety during extreme collision avoidance manoeuvres, where a
conventionally driven vehicle would likely have reached its handling limits and lost control
[40, 42]. In such scenarios, maintaining a desired path while operating at high sideslip
angles presents a considerable challenge. It demands precise management of the nonlinear
interactions between longitudinal and lateral tyre forces, which become increasingly complex
at higher slip angles due to tyre dynamics nonlinearities [43]. For this reason, the third
sub-goal of this thesis was to design a controller for automated drifting, enabling the vehicle
to induce oversteer while maintaining control and driving the vehicle through the entirety of
a corner.

Various control techniques for automated drifting have recently been proposed in the
literature. One solution is the application of a Linear Quadratic Regulator controller based
on the single-track model combined with a Fiala tyre model [58]. Despite the high accuracy
in stabilising the vehicle at a high sideslip, the controller is unable to perform the transition
phase between low and high sideslip angles due to inherent nonlinearities. To address this
limitation, other approaches have proposed the use of a numerical approach of nonlinear
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model inversion to determine the desired steering and throttle angles [49, 52-54]. Experi-
mental validation has shown successful tracking of both the reference path and sideslip with
good performance. However, the powertrain layout in these experiments, which includes
independent electric motors simulating a fully locked differential, is uncommon in standard
passenger vehicles. A similar conclusion applies to the use of high negative camber and
toe-out in the front axle.

Chapter 6 presented a nonlinear model predictive control (NMPC) capable of stabilising
a vehicle in a drifting motion while following a desired path. The NMPC was implemented
and evaluated through experimental tests using a standard passenger vehicle, without any
hardware modifications, at a proving ground. The real-time NMPC is based on a nonlinear
single-track vehicle model with a simplified Pacejka tyre model, using sideslip angle as a
vehicle state. The experimental validation confirmed that the vehicle state equilibria com-
puted using the nonlinear single-track model corresponded with those measured on a proving
ground. Across 420 experiments on various surfaces, the proposed NMPC consistently
transitioned the vehicle from conventional driving to drifting. However, the vehicle was only
stabilised at a high sideslip angle in a few experiments due to limitations of the standard
electric power steering system, which could not robustly actuate the commanded angle
because of software and hardware constraints. As a result, the proposed controller was
validated through a semi-automated drifting manoeuvre. In this setup, the NMPC computed
the optimal control inputs, with the desired drive torque applied to the vehicle, while a human
driver assisted with steering (without overriding the steering input). This setup allowed
validation of the NMPC'’s drive torque and enabled comparison between the actual and
desired steering inputs. The semi-automated drifting manoeuvre successfully demonstrated
the controller’s ability to induce drifting and stabilise the vehicle at a high sideslip angle of
30 deg in both high- and low-friction conditions.

The main findings on Sub-Goal 3 can be summarised as follows:

* The proposed NMPC architecture stabilises the vehicle during automated drift-
ing along a desired path, achieving a maximum lateral deviation of 1 m while
maintaining a 30 deg sideslip angle in a high-fidelity simulation environment
validated by experimental data.

* The offline computed steady-state drifting equilibria are experimentally validated
at a proving ground using a standard passenger vehicle driven by a professional
driver.

¢ The proposed NMPC can successfully induce and stabilise the vehicle at a high
sideslip angle of 30 deg in semi-automated mode under both high and low friction
conditions.

7.2 LIMITATIONS & FUTURE WORKS

T HIS section aims to comprehensively present and explain the limitations and underlying
assumptions of this thesis, with the objective of offering clear recommendations for

future research and development.
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7.2.1 ROAD FRICTION COEFFICIENT

A common assumption throughout this thesis is the availability of an approximate value for
the road friction coefficient. This assumption is widespread in the literature, as it significantly
reduces the challenges in the controller design [38, 47, 54]. Typically, the road friction
coefficient is estimated by an independent system layer, separate from the obstacle avoidance
controller [33, 181]. This thesis highlights the importance of having an accurate estimation of
the road friction coefficient during obstacle avoidance manoeuvres. Chapter 4, for instance,
statistically analysed the impact of various road and vehicle parameters on the performance
of the obstacle avoidance controller. The analysis revealed that the road friction coefficient,
particularly the rear axle’s lateral peak friction coefficient, has the most significant influence
on controller performance. In light of this, the proposed controllers and estimators were
tested under both high friction conditions (simulating dry roads) and low friction conditions
(simulating heavy rain). Chapters 3, 4 and 5 incorporate a safety factor to account for
potential inaccuracies in road friction coefficient estimation. This safety factor has been
demonstrated to enhance the robustness of the obstacle avoidance controller, as discussed
in Chapter 4. Nevertheless, the reliance on an accurate road friction coefficient remains
a notable limitation of this work, and it is one that must be addressed in future research.
Future work could address this limitation by integrating road friction estimation directly into
the UKF-informed neural network presented in Chapter 2. One possible approach would
involve modelling the road friction coefficient dynamics using a random walk model [33, 79].
Alternatively, the advent of intelligent (force sensing) bearings offers the potential to estimate
road friction by the tyre aligning moments and lateral forces [182, 183]. Unfortunately, the
implementation and testing of these ideas were not feasible in this thesis due to the lack of an
experimental dataset featuring different road friction conditions, such as dry, wet, snowy, and
icy surfaces. As a result, Chapter 2 was limited to evaluate the robustness of the proposed
UKF-informed NN to a few manoeuvres recorded during light rain conditions.

Another promising line of research involves modifying the obstacle avoidance controller
itself. Chapters 3, 4, and 5 focus on tracking a reference trajectory and, in case of emergency,
prioritising the obstacle avoidance, which maximises the vehicle to obstacle distance. An
alternative approach could involve maximising the vehicle’s forces according to an accelera-
tion reference [184]. Despite the clever solution, it is currently limited to situations where the
vehicle must avoid a single obstacle, which differs from the more complex, multi-obstacle
avoidance scenarios addressed in this thesis.

Another direction for future work would be to build upon the approach presented in
Chapter 5. Specifically, the proposed Student-t Process, which currently estimates model
mismatches related to tyre nonlinearities and unmodeled dynamics, could be extended to
estimate mismatches caused by varying road friction coefficients. This solution would
require online training of the Student-t Process to adapt to sudden changes in road friction
conditions. However, a significant challenge lies in determining how quickly this online
adaptation could be achieved to effectively compensate for rapid changes in friction. Further
investigation is required to assess the feasibility of such an implementation in real-time
scenarios.

Regarding automated drifting, sensitivity analysis on road friction variations has shown
that controllers can still minimise path-tracking errors, although the vehicle is stabilised
around a different equilibrium point. This effect is particularly evident when the road friction
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coefficient is overestimated [52]. The ability to maintain path tracking during drifting,
despite variations in road friction, underscores the potential of further research in automated
drifting for collision avoidance.

7.2.2 ONE MANOEUVRE DOES NOT FIT ALL

In Chapters 3, 4 and 5, the benefits of the proposed obstacle avoidance controllers were
evaluated using a double-lane change manoeuvre with two obstacles. This scenario was
chosen because it aligns with the International Standard for evaluating vehicle obstacle
avoidance performance [185]. While this manoeuvre effectively represents a range of
emergency situations, it does not account for all potential edge cases that a vehicle may
encounter during obstacle avoidance. To improve the robustness of the proposed controllers,
future work should investigate their performance in a wider variety of scenarios beyond the
standard double-lane change. For example, manoeuvres such as hairpin turns [26] or curved
roads with multiple obstacles [136] could offer additional insights into their capabilities.
However, simply increasing the number of simulated scenarios may not fully resolve this
limitation, as it is crucial to avoid redundant scenarios [186]. Addressing this issue requires
identifying unknown unsafe scenarios that might not be captured by standard manoeuvres
[187]. Furthermore, the development of a dissimilarity metric to compare different known
unsafe scenarios is essential for ensuring a comprehensive and meaningful evaluation of the
controllers’ performance [186].

Another key assumption of Chapters 3, 4, and 5 is that obstacles appear during the
manoeuvre but remain static afterwards. The next step will be the inclusion of moving
obstacles in the scenario. Although this might seem straightforward, the presence of moving
obstacles could, in certain cases, simplify the emergency scenario. This is because the
location of static obstacles is carefully designed to push the vehicle to its handling limit
during the evasive manoeuvres. In contrast, realistic moving obstacles, which may attempt
to avoid collisions autonomously, could reduce the severity of emergency situations. On the
other hand, incorporating unrealistic moving obstacles that intentionally try to collide with
the vehicle could lead to unfeasible scenarios, which may not provide meaningful insights.
Once again, it is essential to conduct a thorough analysis of known-unsafe scenarios. This
approach will ensure a comprehensive evaluation of the proposed controllers’ performance
in dynamic environments without resorting to overly contrived or unrealistic situations.

7.2.3 CAN WE AvVOID OBSTACLES WHILE DRIFTING?

This thesis is built on the assumption that controlling a vehicle beyond stable limits of
handling or at high sideslip angles increases the number of controllable vehicle states
and potential trajectories, thereby enhancing vehicle safety during collision avoidance
manoeuvres [40]. Chapters 3 and 4 have demonstrated that during an emergency manoeuvre,
an automated vehicle must prioritise obstacle avoidance over path tracking and vehicle
stability. In fact, the vehicle was able to avoid obstacles effectively only by allowing a higher
sideslip angle than would have been achieved with a controller that prioritises stability and
tracking. Chapter 5 showed that a similar controller, which prioritises collision avoidance,
can achieve comparable evasive manoeuvres with a lower peak sideslip angle when the
cost function is designed to minimise model uncertainties. These findings underscore the
complexity not only of controlling a vehicle at high sideslip angles but also of generating
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an optimal reference for collision avoidance that incorporates drifting. Furthermore, these
controllers have proven their ability to bring a vehicle to a high sideslip angle, but they were
not designed to stabilise the vehicle to track a trajectory with a high sideslip angle. In contrast,
Chapter 6 proposed a controller capable of tracking a desired path while operating at high
sideslip angles, but it lacks the ability to prioritise obstacle avoidance during emergencies.
This highlights two limitations of this work. The first is the possibility of combining the
controllers developed in Chapters 3, 4 and 5 with the one presented in Chapter 6. The
second is the possibility of designing a motion planner capable of providing a reference that
pushes the vehicle into drifting as a deliberate strategy for avoiding obstacles. While the first
limitation has a straightforward solution, which consists of combining the cost functions and
tuning the prediction model to make it real-time feasible, addressing the second limitation is
more complex and challenging. Among the existing studies on drifting motion planning, the
optimisation based methods are the most popular. Most of these methods focus on lap-time
optimisation [188, 189], with only a few specifically targeting collision avoidance [190, 191].
The main complexity lies in the significant computational resources required to solve such
complex tasks in real-time. A potential solution could involve using the controller proposed
in Chapter 3 not only for controlling the vehicle during obstacle avoidance but also as a
motion planner in scenarios where drifting is required for collision avoidance. Subsequently,
the controller developed in Chapter 6 could be employed to track the resulting trajectory with
high sideslip angles. This combined approach could offer a more efficient way to manage
the complexity of the problem. However, it introduces a hierarchical architecture, which
may lead to conflicting objectives, as demonstrated in Chapter 3.

7.2.4 MACHINE LEARNING

Chapters 2 and 5 proposed solutions that integrate machine learning algorithms with vehicle
dynamics models, creating hybrid approaches that are both physical consistent and data
efficient. These models improve accuracy in standard driving conditions by leveraging
data-driven insights while mitigating performance degradation in unforeseen scenarios
through the inclusion of physics-based constraints. However, despite their data efficiency,
hybrid methods still require extensive training on experimental data, which is both complex
and costly to obtain. This challenge is particularly pronounced in the context of obstacle
avoidance, as the dataset must capture the full range of vehicle behaviours, from conventional
driving to manoeuvres at the limit of handling. The lack of datasets that contain such
scenarios, especially those accounting for varying road friction coefficients, complicates
the development of advanced data-driven or hybrid approaches for obstacle avoidance in
automated vehicles.

To address this limitation, future work should focus on exploring new methods for
constructing optimal training sets tailored to a specific machine learning algorithm and target
model. The goal is to efficiently learn the target model with a minimal number of iterations
and the smallest possible dataset [192]. This area of research is commonly referred to as
machine teaching [193, 194], which represents the inverse problem of machine learning. In
machine teaching, the objective is to identify an optimal training sequence that strategically
guides the learner toward the desired outcome [195]. While traditional machine learning
emphasises the development of new algorithms to enhance accuracy, machine teaching
concentrates on improving the effectiveness of the learning process. It focuses on how the
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machine teacher curates and presents the most relevant training examples at the appropriate
stages of the learner’s progression [196].

In the context of this thesis, the focus must be on determining how to obtain the optimal
training set for a given machine learning algorithm. Specifically, the research should aim
to identify the most effective sequence of manoeuvres or generate an optimal manoeuvre
profile that enhances the training of data-driven or hybrid approaches. This approach ensures
that the training process is both efficient and representative of the full range of vehicle
behaviours, especially in challenging scenarios such as manoeuvres at the limit of handling.
Furthermore, it would improve the interpretability of models by understanding how specific
training data influences learning outcomes.

7.2.5 AUTOMATED VEHICLES

Despite setbacks that have delayed the widespread deployment of automated vehicles, Level
4 robotaxi services are already fully operational for the public in San Francisco [6], with
plans to expand these services to other American cities [7]. These advancements mark a
significant milestone in automated driving research, demonstrating the feasibility of the
technology. However, this should not be considered the final destination but rather a new
starting point for further research. While the reduced number of crashes [197] underscores
the safety of automated vehicles, I believe, especially after my personal experience with
a robotaxi ride in San Francisco, that the current technology remains limited in executing
emergency manoeuvres to avoid obstacles. This is particularly concerning given that the risk
of serious injury increases exponentially with vehicle speed [198]. Although many current
robotaxi services operate at relatively low speeds, primarily in urban or sub-urban settings,
this limitation in evasive manoeuvre capability becomes even more critical as automated
systems begin to operate at higher speeds, such as on highways[199]. An example is the
Drive Pilot for highways by Mercedes [10] and the Level 3 Honda SENSING Elite [200].
These concerns emphasise the need for future research into automated vehicle collision
avoidance at the limit of handling. Advancements in this area could have a profound societal
impact by reducing the number of serious injuries in vehicle crashes. As automated vehicles
become more prevalent, there is also the potential for road users, including human drivers,
to overtrust the technology, crossing streets or merging into traffic with reduced caution.
Early signs of this overtrust can already be observed in incidents involving Tesla’s Autopilot
[201] and the fatal Uber robotaxi crash in 2018 [202]. As automated driving systems evolve,
particularly for higher speed scenarios, ensuring the vehicles’ ability to perform effective
evasive manoeuvres will be vital for public safety.

7.3 GENERAL CONCLUSION

This thesis developed innovative nonlinear motion control algorithms for obstacle avoidance
at the limit of handling in automated vehicles and analysed the benefits of introducing
tyre force sensing technology. Where feasible, results were derived from experiments
conducted on a proving ground; otherwise, they were obtained from a high-fidelity simulation
environment validated with experimental data.

In Chapter 2, I introduced the first mutual hybrid approach for vehicle sideslip angle
estimation, where a neural network is trained end-to-end with the Unscented Kalman
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Filter. Using a large-scale experimental dataset, I demonstrated significant improvements
in the accuracy of the proposed architecture when utilising tyre force sensing technology,
surpassing the current state-of-the-art.

In Chapter 3, I presented a nonlinear Model Predictive Contouring Control (MPCC)
algorithm for obstacle avoidance in automated vehicles operating at the limit of handling.
This approach integrates motion planning, path tracking, and vehicle stability objectives,
prioritising obstacle avoidance in emergencies. Through a double-lane change scenario in
both high-fidelity simulations and real experiments at low speeds, the proposed controller
showed significant improvements in successfully avoiding obstacles while maintaining
vehicle stability.

In Chapter 4, I extended the MPCC algorithm by incorporating torque vectoring capa-
bilities, demonstrating its benefits for vehicle stability and obstacle avoidance performance.
The robustness of the approach was validated against variations in vehicle parameters, road
friction, and perception and localisation errors. A statistical analysis was conducted to assess
the influence of these variations on performance, providing valuable guidelines for future
controller design.

In Chapter 5, I introduced a novel Learning-based MPCC algorithm for evasive ma-
noeuvres at the limit of handling. This algorithm employs a Student-t Process (STP) to
minimise the tyre model mismatches and uncertainties in real-time, utilising tyre force
measurements. In high-fidelity simulations, I demonstrated the superior performance of
this learning-based MPCC with STP over existing state-of-the-art methods, quantifying the
advantages of innovative tyre force sensing technology.

Finally, in Chapter 06, I presented a novel approach to automated drifting using a standard
passenger vehicle. Through experiments conducted on a proving ground, I demonstrated
that the proposed method successfully brings and maintains the standard passenger vehicle
at the desired 30 deg sideslip angle in both high and low friction conditions.

In conclusion, this thesis presented robust and novel approaches to addressing key
challenges in obstacle avoidance control for automated driving. By tackling the nonlinearities
in tyre-road interactions, uncertainties in the perception and localisation pipeline, and the
challenge of controlling vehicles beyond stable handling limits, the proposed framework
brings us one step closer to achieving safer, more reliable automated vehicles.
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A TWO-STAGE BAYESIAN
OPTIMISATION FOR AUTOMATIC
TUNING OF AN UNSCENTED
KALMAN FILTER FOR VEHICLE
SIDESLIP ANGLE ESTIMATION

Optimization hinders evolution. Everything should be built top-down, except the first time.
Simplicity does not precede complexity, but follows it.

Epigrams on Programming, Alan Jay Perlis

This chapter is based on [S) Alberto Bertipaglia, Barys Shyrokau, Mohsen Alirezaei, and Riender Happee, "A
two-stage bayesian optimisation for automatic tuning of an unscented kalman filter for vehicle sideslip angle
estimation,” in IEEE Intelligent Vehicles Symposium, pp. 670-677, 2022 [120].
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ABSTRACT

This paper presents a novel methodology to auto-tune an Unscented Kalman Filter (UKF). It
involves using a Two-Stage Bayesian Optimisation (TSBO), based on a student-t Process,
to optimise the process noise parameters of a UKF for vehicle sideslip angle estimation.
Our method minimises performance metrics, given by the average sum of the states’ and
measurement estimation error for various vehicle manoeuvres covering a wide range of
vehicle behaviour. The predefined cost function is minimised through a TSBO which aims
to find a location in the feasible region that maximises the probability of improving the
current best solution. Results on an experimental dataset show the capability to tune the
UKEF in 79.9 % in less time than using a genetic algorithm (GA) and the overall capacity to
improve the estimation performance in an experimental test dataset of 9.9 % to the current
state-of-the-art GA.
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A.1 INTRODUCTION

A N accurate and real-time estimation of the vehicle sideslip angle is essential to strengthen
the performance of active vehicle control systems. The state-of-the-art estimation of
sideslip angle mostly relies on model-based approaches using an Unscented Kalman Filter
(UKEF). Despite its efficiency and robustness, the process and observation noise parameters
must be accurately tuned to achieve good performance [177, 178]. The noise parameters
selection is particularly relevant because they need to capture the following aspects:

* Process and observation model mismatch with respect to the real vehicle dynamics.

* Discretisation error because the time-step in the Kalman filter influences the noise
parameters to achieve the best state estimation [203].

* Different working conditions of the sensors installed in the vehicle.

If the tuning is obtained through numerical optimisation, the cost function is highly non-
convex, non-smooth and nonlinear, calling for robust optimisation methods [177]. Several
optimisation algorithms for UKF tuning [204] have been studied: GA, Sequential Quadratic
Programming, Nelder-Mead, Artificial Bee Colony, Fruit Fly Optimisation (FFO) and
Differential Evolution. The comparison demonstrates that each algorithm leads to different
optimum locations, illustrating the importance of the optimisation method. However, a
comparison regarding the amount of data and the optimisation time has been omitted.
Furthermore, only stochastic optimisation algorithms have been compared that can be
inefficient if the UKF takes a long simulation time. For vehicle sideslip angle estimation,
large-scale training sets representing vehicle behaviour [33] make the cost function evaluation
very time-consuming. In different engineering applications, several solutions have been
proposed, e.g. Reinforcement Learning (RL) [205] or Bayesian Optimisation (BO) [177].
However, the majority of these are tested only on simulation data or toy examples. A more
detailed analysis of previous works is in Section A.2.

This paper proposes a new UKF tuning methodology using Two-Stage Bayesian Op-
timisation (TSBO) [179], based on a student-t Process (STP) for vehicle sideslip angle
estimation. The proposed methodology to tune the process noise parameters reduces the op-
timisation time and improves the optimum localisation. Both process and observation noise
are assumed Gaussian, zero mean and uncorrelated, as for the majority of the model-based
vehicle state estimation filters [206]. The methodology framework is represented in Fig.
A.l, a more detailed explanation will be presented in Section A.4. The observation noise
parameters are tuned by performing a statistical analysis of the vehicle sensor measurements
[33]. The process noise parameters’ tuning is based on optimising a cost function defined as
the sum of the Normalised Root Mean Squared Errors (NRMSE) of the vehicle states and
measurements for 8 manoeuvres. The 8§ manoeuvres which compose the training set and
the 23 forming the test set are selected from a real-world experimental dataset composed of
216 manoeuvres recorded at the Automotive Testing Papenburg GmbH. The manoeuvres
are chosen to cover a wide range of vehicle motions. The cost function is optimised using
the modified TSBO [179]. It consists of a fast exploration and a pure exploitation stage to
find the optimum, reducing the number of simulations required. Differently from the TSBO
proposed in [179], the surrogate model is a STP to enhance the robustness and the ability to
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Figure A.1: Framework utilising a Two-Stage Bayesian Optimisation to tune the process noise parameters of a
UKF.

capture heavy-tailed NRMSE. The methodology is experimentally validated using a UKF,
but can also be applied to an Extended Kalman Filter (EKF).

A.2 RELATED WORKS

ESPITE the extensive use of UKF for vehicle sideslip angle estimation, the tuning of the
D process and observation noise parameters is rarely investigated in the literature. The
observation noise parameters are usually tuned through statistical analysis, obtained after
sensor calibration tests [33]. The only exception is when the observation noise parameters
are tuned together with the process noise parameters [88]. This rarely happens because the
filter performance depends mainly on the ratio between the eigenvalues of the observation
and process covariance matrices. Thus, it is more convenient to fix the observation noise
parameters, which can be determined through sensor calibration, and optimise the process
noise parameters. The methodologies for process noise parameters tuning can be split
into three different categories: manual tuning, metaheuristic optimisation and data-driven
techniques. An overview of optimisation algorithms for UKF tuning is shown in Table A.1.

Manual tuning is a trial-and-error approach driven by the user experience. The idea
is to perform a grid search in the parameter space and reach the best tuning iteratively.
Despite the oversimplicity of the concept, it is still very often used, especially for vehicle
sideslip angle estimation [79], because the performance of Kalman filters is stable for a
range of process noise parameters settings [33]. The main drawback is the inefficiency of
the approach. Moreover, there is no proof to reach optimal performance. This leads to an
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Table A.1: Overview of the optimisation algorithm most used to tune the noise parameters of nonlinear Kalman
filter.

Authors Process noise tuning Dataset
van Aalst, 2018 [79] Manual Tuning Experimental
Abbeel, 2005 [178] Coordinate Ascent Algorithm Experimental
Powell, 2002 [207] Downbhill Simplex Algorithm Simulated
gls ?1?12111111, 22(;)0201 [[2362] Multi-Objective GA, GA Experimental
Acosta, 2019 [204] Fruit Fly Optimisation Simulated
Heidfeld, 2021 [88] Simulated Annealing Experimental

Tang, 2021 [205] Reinforcement Learning Experimental
Escoriza, 2021 [209] Recurrent Neural Network Experimental
Chen, 2018 [177], BO based on Gaussian & Simulated

Chen, 2019 [210] student-t Process
Current Paper TSBO with student-t Process Experimental

unreliable comparison when different filter architectures are analysed.

Thus, Kalman filter tuning with numerical optimisation techniques is widely used.
Gradient-based optimisations are the most straightforward algorithms which can be imple-
mented [29], but the nonconvex and nonlinear cost functions let them easily be trapped
into local minima. Thus, gradient-free optimisation algorithms are introduced. One of the
simplest algorithms is the coordinate descent algorithm [178], which consists of a cycling
increase or decrease of each parameter of the process covariance. A similar optimisation
technique is the downhill simplex algorithm [207], which consists of evaluating the cost
function at the simplex vertices of the predefined sample space. After this, the algorithm
should converge to the optimum through a series of movements: reflection, expansion, and
contraction. Interested readers can find more information on both algorithms in [178] and
[207], respectively. These algorithms may easily fall in local optima when the cost function
is nonsmooth, so more advanced metaheuristic optimisations have been proposed.

Metaheuristics are procedures that can provide an acceptable solution to an optimisation
problem with incomplete information about the cost function. Examples of metaheuristic
algorithms are: the already cited downhill simplex algorithm [207], GA [208] or the Multi-
Objective GA [33], Simulated Annealing (SA) [88] and FFO [204]. A comparison of
different metaheuristic algorithms for Kalman filter tuning [204] shows that GA and FFO
found the best cost function optimum. This explains why GA is the current state-of-the-
art for UKF tuning for vehicle sideslip angle estimation, which is applied in many recent
publications [33]. GA is an evolutionary algorithm that tries to emulate Darwin’s theory
of natural evolution. Due to the high number of generations required, GA can be very
time-consuming when the cost function is costly to evaluate.

Data-driven optimisation algorithms such as BO are based on the creation of a surrogate
model, Gaussian Processes GP [177], or STP [210], using as inputs the tuning parameters and
as output the value of the cost function. The surrogate model does not only approximate the
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cost function, but also it is associated with a model probability distribution. The acquisition
function takes this information to find the new parameters with the highest probability of
being the best new optimum. Standard BO fits the surrogate model on parameters randomly
taken from the sample space, but this can lead to a non-optimal surrogate model. Furthermore,
it will require many cost-function evaluations if the sample space is broad. Other data-driven
approaches can be implemented; for instance, Reinforcement Learning RL can be applied
to choose the parameters of the process noise, or RL can compensate for the error of the
Kalman filter [205] due to not-optimal process noise parameters. A similar concept is the
so-called "KalmanNet" [209], which uses a Recurrent Neural Network RNN to compute the
Kalman gain, reducing the problems of non-optimal Kalman tuning. Despite the potential
of RL and RNN, the amount of data required to train the Neural Networks makes them
impractical for the tuning/improvement of the Kalman filter for sideslip angle estimation.

The main contributions of this paper are twofold. The first is the development of a new
TSBO based on a STP for tuning the process noise parameters of UKF for vehicle sideslip
angle estimation. The TSBO in this paper differs from a recent TBSO related to electronic
design [179] because the surrogate model is based on a STP to increase its robustness and
ability to reach a better global optimum without increasing the required computational power.

The second contribution is that the developed TSBO reduces the number of simulations
required to tune the Kalman filter with respect to the state-of-the-art GA [33, 204] and
it improves the accuracy of the tuning respect GA. The tuning performance is tested and
validated using an experimental dataset for vehicle sideslip angle estimation.

A.3 BAYESIAN OPTIMISATION

ILTER tuning consists of minimising a nonlinear, nonconvex and nonsmooth cost function
due to the reasons already expressed in Section A.l. A minimisation problem is:

ming,e g J(g)

where Q ¢ R a1
where ¢ is the parameter vector of dimension d, J (g) is the cost function, and Q € R4 is
the solution space. The function J (g) is a "black-box" function because it is not accessible,
but its outputs are observed based on some given inputs. Thus, "black-box" stochastic
optimisation algorithms are considered. It is time-consuming to perform a dense sampling
of the solution space Q, so the algorithm should focus on sampling the subset of Q with the
highest probability to contain the cost function optimum g*. BO can deal with incomplete
and sparse knowledge of the solution thanks to its probabilistic approach. It is based on the
Bayes’ theorem:

P (beliefs) x P (data | belief
P (beliefs | data) = - 2He S); ( d;ta?)a| cliefs) (A2)

where data are the available observations of the function J (g), beliefs are the beliefs of
the shape of J (g), and P (beliefs | data), P (data | beliefs), P (beliefs), and P (data) are the
posterior, likelihood, and the marginal probabilities respectively. Thus, BO aims to find ¢*
learning the shape of J (g) through Bayesian inference. The TSBO overcomes the standard
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Figure A.2: GP and sTP model of the cost function varying the process noise parameter related with the vehicle
lateral velocity. The STP allows more outliers, and it can follow the measurements better than the GP. The shadow
area is the variance of the STP and the uncertainty for the GP.

BO due to its ability to define a better ratio between exploration (function shape learning)
and exploitation (approaching the optimum).

BO can be split into two steps: creating a stochastic process of the cost function, called
"Surrogate Model", and building an "Acquisition Function" that uses the surrogate model to
approach the optimum g*.

A.3.1 SURROGATE MODEL

BO approximates the "black-box" cost function through a stochastic process called the
surrogate model. It represents a probabilistic prior over the space of functions. The prior
is updated as soon as the cost function is evaluated thanks to Bayes’ Theorem. Different
priors are eligible for being the surrogate model; a partial list comprises GP, STP, Bayesian
neural networks and polynomial chaos expansion. GP are the current state-of-art because it
is a non-parametric model [179], and the Bayesian update step is analytical. Despite this,
in this paper, a STP prior is selected for the surrogate model due to two reasons. The first
one is that the student-t distribution allows defining the level of Kurtosis, so it allows much
more likely outliers [48, 168] than GP. The second reason is that the observations directly
influence the predictive covariance [48, 168]. Both properties are beneficial for the tuning
of UKF because the cost function can have discontinuities, for instance, due to the noise.
Fig. A.2 shows the explained differences between STP and GP modelling in an example that
models the cost function varying the process noise parameter related with lateral velocity. It
is visible how STP reduces the influence of the outliers, allowing the mean to have a better
fitting.

The STP is defined as:

f(@)=8STP(m(q), k(q.4'), v) (A.3)

where m (g) represents the mean which is assumed equal to constant zero mean function
because there is no prior [211], v are the degrees of freedom of the student-t distribution,
which defines the level of Kurtosis, and & (g, ¢’) is the Kernel function between the inputs
pair ¢ and ¢’. The choice of the Kernel is essential to have a reliable model fitting. This paper
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chooses the automatic relevance determination Matérn 5/2 function, due to its generalisation
capabilities and interpretability properties:

\s5r 5r2)_5r
ky o =kig, ¢)=02|1+ —+ = |e A4
e =k4q, q) f[ o0 302 (A4)

where r is the Euclidean distance between the two points g and ¢’ calculated as:

r=@-9"q-q) (A.5)

where oy and o4 are two hyperparamters, which are trained to minimize the negative log
marginal likelihood of the STP. It is essential to highlight that STP should be accurate only
when there are higher chances of finding the cost function optimum. Thus, every time a new
observation is available, the surrogate model is retrained. STP are implemented using the
GPML Matlab Code version 4.2 [170].

A.3.2 ACQUISITION FUNCTION

The Acquisition Function (AF) is responsible for moving the BO towards the optimum region
and choosing the next sample point to be evaluated. Thus, it is responsible for defining the
ratio between exploration, moving the search towards the area where the surrogate model
is uncertain, and exploiting, moving the search towards the area with a higher chance of
improving the current optimum. Ideally, the more focus is given to the exploration stage, the
higher the chances of finding the global optimum; however, it increases the computational
time due to a larger number of cost function evaluations.

The next point to be evaluated (q;+1) is usually obtained through an additional optimi-
sation of the AF. This paper evaluates the AF on some candidate points obtained through
the process that will be explained in Section A.4 to avoid further optimisation. The AF is
evaluated on the candidate points [48, 170] according to:

fistp(qi1) = kb K70 f(@) (A.6)

where g are the sampling points already evaluated, fi s7p is the posterior mean of a STP for a
new sampling point ¢ and k is defined in Eq. A 4.

v+ @ K;LT(@§) -2
orp (@is1) = -1 x (k(q,q) =k - K7k 3) (A7)

v+|D| -2 DR
where § s7p is the posterior covariance, and D is the following set of samples:
D =[(G1,J (1)), (G2, 7 (G2)), (g3, (G3)), -] (A.8)
Two AFs are selected: the Expected Improvement (EI) and the Confidence Bound

Minimisation (CBM) [212].
The EI is defined as:

v Z2
Elstr@ =6 s7r(@ (] (1 + f) 6@+ 5 - Asre] ) (A.9)



A.4 TWO-STAGE BAYESIAN OPTIMISATION 135

where ¢ (z;) and @ (z,) are the probability density function and the cumulative distribution
function of an univariate standard student-t’s random variable, z;, and J is the current
optimum sampled by the BO.

The CBM is formulated as:

CBMsrp(q) = 6s7p(q) B+ [f" —fisre] (A.10)

where the 3 defines the ratio between exploitation and exploration, and f* is the best known
optimum, representing the prior knowledge of the optimum.

A.4 TWO-STAGE BAYESIAN OPTIMISATION

HIS paper proposes an evolution of the BO to tune the process noise parameters of the

UKEF. It is called TSBO, code by [179], and aims to reduce the number of function
evaluations and improve the ratio between exploitation and exploration. The trade-off
improvement is obtained thanks to the subdivisions of the BO in two stages. The first, "fast
exploration”, aims to find the sample space region where the optimum is contained. The
second, "pure exploitation", aims to fine-tune the restricted sample space obtained from
the first stage. The first stage allows starting the surrogate model training from a single
evaluation at the centre of the sample space. This allows the user not to evaluate a random
set of process noises to fit the first surrogate model.

A.4.1 FAST EXPLORATION

The fast exploration aims to narrow the sample space Q € R¢ where the BO search the
optimum as fast as possible. It consists of subdividing the sample space into 2¢ hyper-
rectangles. Every hyper-rectangle centre point is a candidate point, which the AF evaluates
to choose the next sampling point ¢g,.; where the cost function is evaluated. The following
sampling point is not obtained as in the standard BO through an auxiliary optimisation
of the AF, but it is the candidate point with the maximum value of the AF between the
other candidate points. The cost function is only evaluated at points g,;. A new set of
hyper-rectangles is generated starting from the hyper-rectangle enclosing the best candidate
point. The two available AFs, EI and CBM, are alternatively used to evaluate the candidate
points. After a predefined number of iterations MAX,r, the AF which would have had the
greatest gain to the optimisation is selected as the final AF.

The fast exploration stage is repeated until the Euclidean distance between the new best
sampling point g1, mqyx and the previous best sampling point g; 4, is below a user-defined
threshold TRrg for a number of times MAXrg:

+1 > f max maxll < TR
0= n 1 ”thI, q 1, maxll FE (A.11)
0, otherwise

Every time the cost function is evaluated and a new measurement is available, the surrogate
model is retrained to improve the fitting with the black-box function. Algorithm | sums up
the fast exploration stage of the TSBO.
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Algorithm 1 Fast Exploration stage of the TSBO

Require: A sample space Q and an evaluated sampling point at the centre of Q
Fit the STP Surrogate model
Subdivide Q in 2¢ hyper-rectangles
while n < MAXyg do
Compute candidate points at the centre of hyper-rectangles
Evaluate AF at the candidate points
Pick the candidate points with the maximum AF
if ||qt+1max - qnnax” < TRFE then
n+len
else if ||qt+l max — qtmax” 2 TRFE then
n<n
end if
Evaluate the cost function in the sampling points
Train the STP of the Surrogate with the new observation
Subdivide the hyper-rectangle which were enclosing the best candidate points in 2¢
hyper-rectangles
end while

Algorithm 2 Pure Exploitation stage of the TSBO

Require: n = MAXpg
while n;,,, < MAXpg, and the output from Algorithm 1 do
Compute candidate points at the centre of hyper-rectangles
Evaluate AF at the candidate points
Pick the candidate points with the maximum AF
Evaluate the cost function in the sampling points
if Niter < MAXSM then
Train the STP of the Surrogate with the new observation
end if
Subdivide the hyper-rectangle which were enclosing the best candidate points in 3¢
hyper-rectangles
end while

A.4.2 PURE EXPLOITATION

The pure exploitation stage follows a procedure similar to fast exploration, but it specialises
in refining the optimum position. The first step is the computation of the sample space Q¢
around the optimum computed in the fast exploration stage:

(l-oq, (U+a)q,

o' = ; : (A.12)
I-a)q, (d+a)q,

where «a is a hyper-parameter that defines how wide the sample space should be, and g7 is

the optimum sampling point obtained in the fast exploration stage. The new sample space
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04 is divided into 3¢ hyper-rectangles to have more candidate points to evaluate. The higher
number of candidate points helps the pure exploitation stage to converge faster to the global
optimum of the function. The rest of the procedure is the same of the fast exploration. The
only difference is that when the number of evaluated sampling points 7, is higher than a
predefined threshold MA X, the STP is no more retrained. Algorithm 2 summarises the
pure exploitation stage of the TSBO, which is iterated until n;,, is lower than a user-defined
threshold MAXpg.

A.5 APPLICATION: UKF TUNING

HE proposed TSBO based on STP is tested on the tuning of the process noise parameters
T of a UKEF for vehicle sideslip angle estimation. In this paper, the single-track model
with tyre axle forces computed by the Dugoff tyre is chosen as the vehicle model. The states
are the longitudinal velocity at the Centre-of-Gravity CoG V,, the lateral velocity at the CoG
V, and the yaw rate s while the vehicle measurements are the V,, the lateral acceleration at

the CoG ay and the . The vehicle sideslip angle S, is obtained as 3, = arctan %

A.5.1 DATASET

All the manoeuvres that compose the training set and test set are taken from a real-world
experimental dataset composed of 216 manoeuvres, which correspond to 2 hrs of driving.
It puts together standard vehicle dynamics manoeuvres, e.g. double-lane change, slalom,
random steer, J-turn, spiral, braking in a turn, and steady-state circular tests, together with
recorded laps at the Papenburg track. All manoeuvres were performed on dry asphalt with
tyres inflated according to the vehicle specifications.

All manoeuvres are recorded using the BMW test platform instrumented by the inertial
measurement unit, wheel force transducers for all four wheels, GPS and an optical sensor
from Corrsys-Datron to measure the sideslip angle. The high-end optical speed sensor is not
present in consumer vehicles and will be used as a reference for TBSO tuning and validation.

The UKF should be tuned for different working conditions so various vehicle manoeuvres
are jointly considered in the training set. The training set is composed of 8 manoeuvres: 1
braking in a turn, 1 skidpad, 2 J-turn, 2 slaloms and 2 lance changes.

A test set composed of 23 manoeuvres is taken to prove the generalisation capability
of the approach. All 23 manoeuvres of the test set are different from the training set, even
if some of them have similar characteristics. The manoeuvres are: 2 braking in a turn, 2
skidpad, 5 J-turn, 4 slalom, 4 lane change, 2 random steer, 1 lap track and 3 spiral. The
characteristics of the manoeuvres cover a wide range of vehicle driving behaviours and
different settings of the Electronic Stability Control.

A.5.2 COST FUNCTION FORMULATION

In this paper, the UKF tuning aims to improve the accuracy of the vehicle state estimation;
therefore, this paper focuses on an objective function defined by minimising the Normalised
Root Mean Squared Error NRMSE rather than maximising the negative log-likelihood [178].
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The minimisation problem is described as:

mingc g J(q)

qd1,min 41, max

where Q = (A.13)
4d,min  4d max
where J is the cost function defined as:
J=WiEg+W,E;, + W3 E,
sNmer (NRMSE; ) Ny (A.14)

where E; =
J ZNman N .
i=1 S, 0

where Wy, W,, Wj are the weights of the cost function, N; is the length of the manoeuvre
measured in sampling points, N, is the number of manoeuvres considered in the training
set, and NRMS E is computed as follow:

P (Yk - Xk)z 1

NRMSE =
N max (1X])

(A.15)

where X and X are the vectors of the measured and estimated states respectively.

A.5.3 KEY PERFORMANCE INDICATOR

The accuracy of the estimation of sideslip angle is evaluated through the use of the root mean
squared error RMSE, maximum absolute error MAE, the RMSE and the MAE when the
absolute vehicle acceleration a, is greater than 4 m/s?, which are respectively abbreviated
with RMSE,; and MAE,,. The latter is used to analyse how the UKF tuning is especially
relevant when the vehicle behaves in a nonlinear way.

A.6 RESULTS

HE performance in terms of minimisation time and optimum localisation of the TSBO

based on STP is compared with the current state-of-the-art technique GA and with a
TSBO based on GP. All optimisations perform in the same sample space Q where all the
process noise parameters for V,, V; and ¢ vary from 107'% to 1.

The optimisation parameters for TSBO based on STP and GP are summarised in Table
A.2. The parameters for GA are summarised in Table A.3.

The optimum cost and optimisation time for the TSBO based on STP, TSBO based on
GP and GA are summarised in Table A.4 and Fig. A.3.

Fig. A.3 shows how both TSBOs approach the global optimum faster than GA. Where
TSBO converges after 40 evaluations of the cost function, the GA needs at least 220 evalua-
tions, resulting in TSBO being on average 79 % faster than GA. Thus, TSBOs are particularly
convenient when the cost function evaluation is computationally heavy, for instance, due
to numerous manoeuvres considered in the training set. Despite the faster optimisation,
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Table A.2: User-defined parameters for TSBO optimisations.

Parameters TSBO - STP TSBO - GP
Likelihood function student-t ’s Gaussian
Inference Variational Bayes Exact
Kernel function Matérn ARD 5/2 Matérn ARD 5/2
Mean function Constant Constant
v 15 NA
MAXrg 15 15
MAXpr 40 40
MAXs y 38 38
TRrg 0.011 ¢l 0.0L 1 ¢" |l
B 0.01 0.01
a 0.15 0.15
Wi, Wy, Ws 51,1 51,1

Table A.3: User-defined parameters for GA optimisation.

Parameters GA
Population size 15
Max generations 15

Elite count 0.75

Crossover fraction 0.8
W19W29 W3 57 151

TSBO based on STP reaches an optimum 16.4 % lower than the GA optimum. The proposed
algorithm outperforms the state-of-the-art approach both in terms of optimisation time and
optimisation accuracy. TSBO based on GP is 4.4 % faster than TSBO based on STP. The rise
in optimisation time is due to the surrogate model’s training phase, which is slower for the
STP due to the more optimisation parameters. The better optimisation accuracy, 21 %, of the
STP than the GP is due to the higher Kurtosis of the student-t’s distribution which makes the
nonparametric model capable of dealing with outliers. A much higher optimisation accuracy
compensates for the slight higher computational time.

Table A.5 presents the RMSE, MAE, RMSE,; and MAE,; of the sideslip angle for the
various optimised UKFs. The reported values are the average of all manoeuvres composing
the training set. Table A.5 highlights how the cost function’s minimisation is related to the
KPIs used to compare the estimation accuracy because TSBO based on STP outperforms the
other algorithms. On average, the RMSE of the sideslip angle optimised with tSBO based
on STP is 15.4 % lower than the one with GA, and the MAE is 15 % lower. Particularly
important is the improvement of the RMSE,; and of the MAE,; because when the |a,| >
4m/s? the sideslip angle estimation becomes more critical for vehicle stability control. The
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Table A.4: Numerical results of the optimum cost function and optimisation time using different algorithms for
UKEF tuning.

Algorithm Total cost [-] Optim. time [s]

Manual tuning 1.714 NA
GA 0.378 1599
TSBO - GP 0.400 306
TSBO - STP 0.316 320
3.5
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Figure A.3: Performance comparison of TSBO based on STP, TSBO based on GP and GA.

UKEF optimised by the TSBO based on STP reduces the RMSE,,, and the MAE,;; of the UKF
optimised by GA of 24.6 % and 12.5 %, respectively. The accuracy of the UKF tuned by GA
is higher than the one optimised by TSBO based on GP.

Table A.6 reports the same information as Table A.5, but for the test set, to check
that the numerical optimisation algorithms do not overfit the training set leading to worse
performance in other manoeuvres. Table A.6 shows that TSBO based on STP still behaves
better than all other algorithms for the 4 KPIs, proving better performance in tuning the
process noise UKF parameters.

On average, the RMSE of the sideslip angle optimised with tSBO based on STP is 9.9 %
lower than the one with GA, and the MAE is 17.6 % lower. The improvement of the RMSE;
and of the MAE, is particularly significant because when the |a,| > 4m/s?, the sideslip
angle estimation becomes more critical for vehicle stability control. The UKF optimised
with the TSBO based on STP reduces the RMSE,;;, and the MAE,; of the UKF optimised
with GA of 10.6 % and 9.8 %, respectively. The improvement in the test set is lower than the
one obtained in the training set but still particularly relevant, especially for what concerns
the MAE.

Fig. A.4 shows the relative improvement of the UKF tuned by TSBO based on STP and
GA in 6 different manoeuvres of the test set. The relative improvement is measured with the
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Table A.5: Comparison of the average KPIs for the UKF tuned by manual tuning, GA, TSBO based on GP and
TSBO based on STP. Results of the training set.

KPI Manual GA TSBO-GP TSBO -STP
RMSE [deg] 1.028  0.500 0.634 0.423
MAE [deg] 1.196  0.900 1.252 0.765

RMSE,; [deg] 0.716  0.568 0.855 0.428
MAE,; [deg] 0.818  0.671 0.961 0.587

Table A.6: Comparison of the average KPIs for the UKF tuned by manual tuning, GA, TSBO based on GP and
TSBO based on sTP. Results of the test set.

KPI Manual GA TSBO-GP TSBO -STP
RMSE [deg] 0.577  0.383 0.431 0.345
RMSE [deg] 0.672  0.529 0.689 0.436

RMSE,; [deg] 1.328  0.860 1.030 0.769
MAE,; [deg] 1.047  0.746 0.902 0.673

RMSE of the sideslip angle, a, and ¢. In 5 out of 6 manoeuvres the TSBO reaches higher
performance than the GA. The spiral manoeuvre is the only one which shows a degraded
accuracy in the RMSE of the sideslip angle of 8 %. Performance degradation in this particular
manoeuvre is considered acceptable due to the various driving conditions of the test set. The
relative improvement is significant, especially for the sideslip angle and for the a,, while the
Jr does not have this. The reason is that the ¢ has a lower maximum absolute error compared
with the other variables, so the relative improvement is less noticeable. Fig. A.4 shows
how TSBO can enhance the performance of the UKF for both transient (J-turn, slalom) and
steady state (skidpad) manoeuvres. Significant is the improvement in the skidpad; see also
Fig. A.5. The reason is that during a steady-state manoeuvre, the vehicle yaw acceleration is
almost null, so the difference between estimated and measured tyre forces becomes essential
for the V, estimation. The best way to reduce the tyre force error is to optimise the process
noise parameters.

The improvement in sideslip angle estimation is also noticeable for a J-turn and a slalom
manoeuvre, see respectively Figs. A.6b and A.6a. Fig. A.6a shows how the improvement in
the tuning of the UKF is noticeable at the sideslip angle peaks of the slalom manoeuvre. The
improvement at the peaks is more remarkable when the sideslip angle is above 3 deg, while
when it is between 0 and 3 deg, the difference is not visible due to the lower absolute error of
both UKFs. Fig. A.6b shows the sideslip angle estimation in J-turn, and it highlights another
time how the UKF tuned by TSBO based on STP reduces the estimation error, especially
when the sideslip angle is above 4 deg.



142

A TSBO FOR AUTOMATIC TUNING OF A UKF FOR VEHICLE SIDESLIP ANGLE ESTIMATION

40 T T T T T T
— -
=, 30F 1
5
7] 20' T w
: g
=) —
% 10f 12
: ] ni
i i

_10 1 1 1 l\ l6 1

s 3 < RS &
i 6@‘(\’&\% e S %\L@Q% ' %'\&\‘0
\,’b‘\ %@\é,\'(\

Figure A.4: Relative improvement of the UKF tuned by TSBO based on STP with respect to the UKF tuned by the
state-of-the-art GA. The improvement is measured through the sideslip angle’s RMSE for 6 different manoeuvres

chosen from the test set.
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Figure A.5: Sideslip angle estimation in a Skidpad manoeuvre.
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Figure A.6: Sideslip angle estimation in a slalom manoeuvre (Fig. A.6a) and in a J-turn manoeuvre (Fig. A.6b).
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A.7 CONCLUSIONS

This paper presented a two-stage Bayesian optimisation approach based on the student-t
process to tune the process noise parameters of an unscented Kalman filter for sideslip
angle estimation. The proposed approach reaches the cost function optimum 79.9 % faster
than the state-of-the-art GA and the optimum is 16.4 % better than the one obtained by
GA. The obtained results are tested on an experimental test set composed of transient and
quasi-steady state manoeuvres. Furthermore, two-stage Bayesian optimisation creates a
physical representation of the black-box cost function thanks to surrogate model training.
The performance of the two-stage Bayesian optimisation based on the student-t process is
also compared with the two-stage Bayesian optimisation based on the Gaussian process. The
algorithm based on the student-t process is 4.4 % slower than the one based on the Gaussian
process, but it reaches a 21 % better optimum. As future research, the plan is to tune not
only the process noise parameters of the unscented Kalman filter but also the parameters
defining the location of the sigma points.
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Propositions accompanying the dissertation
CONTROL OF EVASIVE MANOEUVRES FOR AUTOMATED DRIVING:
SOLVING THE EDGE CASES
by

Alberto BERTIPAGLIA

1. Algorithms that are based entirely on machine learning do not match the safety in
emergency scenarios of those that integrate physics-based knowledge.
This proposition pertains to Chapter 2.

2. Automated vehicles outperform average human drivers and have the potential to
surpass even professional drivers in evasive manoeuvres.
This proposition pertains to Chapter 3 and Chapter 4.

3. Incorporating tyre force information into learning-based Model Predictive Control
improves vehicle’s stability and performance during evasive manoeuvres.
This proposition pertains to Chapter 5.

4. Automated drifting improves collision avoidance systems by maximising safety.
This proposition pertains to Chapter 6.

5. Technological advancements reduce, but not eliminate, uncertainties; so, their quan-
tification must be a fundamental aspect of designing collision avoidance algorithms.

6. There is a significant difference between automotive and robotics research in collision
avoidance for automated vehicles.

7. Earning a PhD can open doors to a fulfilling career in academia or research, but the
competition and delayed rewards often lead to disillusionment and career shifts.

8. Watching films with complex characters and moral dilemmas enhances psychological
resilience by allowing viewers to navigate emotional ambiguity and uncertainty.

9. Algorithmic censorship and recommendation systems pose a greater threat to freedom
than government regulation, as they operate invisibly and with limited liability.

10. If you ignore your automated vehicle’s maintenance alerts, it will schedule its own
appointment and drive there.

These propositions are regarded as opposable and defendable, and have been approved as such by the
promotors Prof. Dr. Riender Happee, Dr. Barys Shyrokau and Dr. Mohsen Alirezaei.



CONTROL OF EVASIVE MANOEUVRES

FOR AUTOMATED VEHICLES

SOLVING THE EDGE CASES

This thesis addresses the challenge of controlling automated vehicles
performing evasive manoeuvres at the limit of handling. Special at-
tention is paid to the development of nonlinear controllers, which
can prioritise obstacle avoidance over path tracking objectives while
considering vehicle stability constraints, to improve passenger safety.
The thesis develops the entire pipeline for obstacle avoidance con-
trollers, focusing on three aspects: vehicle state estimation, collision
avoidance and control beyond the stable handling limits, e.g. drifting.
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