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Abstract

As the demand for automation for mining industries increases, the need for autonomous
transport vehicles becomes increasingly important. Articulated dump trucks (ADT), one
of the main transport vehicles in mining operation, pose challenges due to their articulated
steering mechanism. While considerable progress has been made in autonomous vehicle
research, the dynamic modeling and specific control methods for ADTs remain underex-
plored. This thesis investigates two main aspects in the deployment of ADT in mining
environments: simulation and control. The simulation aspect focuses on the challenges of
dynamic modeling, especially due to the unique steering mechanism in ADTs. Therefore,
a dynamic model is initially developed that emphasizes the indirect incorporation of
steering dynamics to preserve model differentiability. This indirect approach allows the
model to be used in model-based algorithms, extending its application beyond simulation
alone.

Following the successful implementation of the simulation environment, this thesis
investigates Model-Based Predictive Controller (MPC) to achieve trajectory following for
ADTs. The goal is to develop control strategies that support the full operational routine
of an ADT. Given that phase delays and system constraints are inherent in ADTs, the
MPC approach offers a viable solution due to its ability to incorporate system models,
including their delays.

Furthermore, this thesis presents the models required for the MPC, covering various
operational scenarios and accounting for system delays. These delays have been identified
through extensive testing and system identification. However, the system identification
process in this work relies on offline methods, meaning it does not adapt to changing
conditions in real time.

In addition, this thesis investigates the integration of sideslip angle estimation and
compensation as an important factor influencing control performance, especially while
cornering. The results show that sideslip compensation improves control performance in
such maneuvers. This thesis also differentiates between full-sized and compact ADTs,
emphasizing that the faster steering dynamics of compact ADTs require tailored system
models. All proposed methods have been validated through simulations and experimental
setups, confirming the effectiveness and adaptability of the developed control strategies
for real-world mining applications.
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Kurzfassung

Mit steigender Automatisierungsnachfrage in der Bergbauindustrie gewinnen autonome
Transportfahrzeuge an Relevanz. Als eines der wichtigsten Transportfahrzeuge im Berg-
bau stellen knickgelenkte Muldenkipper (ADT) jedoch aufgrund ihres speziellen Lenkmech-
anismus eine regelungstechnische Herausforderung dar. Während in der Forschung im
Bereich der autonomen Fahrzeuge bereits erhebliche Fortschritte erzielt wurden, sind
die dynamische Modellierung und die Regelung von ADTs noch nicht ausreichend er-
forscht. In dieser Arbeit werden zwei Hauptaspekte des Einsatzes von ADTs untersucht:
Simulation und Regelung. Der Simulationsaspekt konzentriert sich auf die durch den
Lenkmechanismus hervorgerufenen Herausforderungen. Es wird zunächst ein dynamisches
Modell entwickelt, bei dem schwerpunktmäßig die Lenkdynamik indirekt einbezogen
wird, um die Differenzierbarkeit des Modells zu gewährleisten. Dieser indirekte Ansatz
erlaubt die Verwendung des Modells in modellbasierten Algorithmen und ermöglicht
seine Anwendbarkeit über die reine Simulation hinaus.

Anschließend wird in dieser Arbeit die modellbasierte prädiktive Regelung (MPC) zur
Trajektorienfolgeregelung untersucht. Ziel ist es, Regler zu entwickeln, die den gesamten
Betriebsablauf eines ADTs unterstützen. In Anbetracht der Tatsache, dass Verzögerungen
und Beschränkungen den ADTs inhärent sind, bietet der MPC-Ansatz eine praktikable
Lösung, da er in der Lage ist, Systemmodelle, einschließlich ihrer Verzögerungen, zu
integrieren. Außerdem werden in dieser Arbeit die für die MPC erforderlichen Modelle
vorgestellt, die verschiedene Betriebsszenarien abdecken und die Systemverzögerungen
berücksichtigen. Diese Verzögerungen wurden durch umfangreiche Tests und Systemi-
dentifikation ermittelt. Die Systemidentifikation in dieser Arbeit beruht jedoch auf
Offline-Methoden, sodass diese sich nicht an veränderte Bedingungen in Echtzeit an-
passen lässt.

Darüber hinaus wird in dieser Arbeit die Integration einer Schwimmwinkelschätzung und
-kompensation als wichtiger Einflussfaktor auf die Regelgüte – insbesondere bei Kurven-
fahrten – untersucht. Bei diesen Manövern zeigen die Ergebnisse, dass die Kompensation
des Schwimmwinkels die Regelgüte verbessert. In dieser Arbeit wird weiterhin zwischen
großen und kompakten ADTs unterschieden, da die schnellere Lenkdynamik von kompak-
ten ADTs maßgeschneiderte Systemmodelle erfordert. Alle vorgeschlagenen Methoden
werden durch Simulationen und Versuchsaufbauten validiert sowie die Effektivität und
Anpassungsfähigkeit der entwickelten Regelungsstrategien für reale Bergbauanwendungen
bestätigt.
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1 Introduction

1.1 Motivation

The rising demand for finite raw materials and natural resources will force humanity to
face new challenges in sustaining the quality of life on Earth. The concept of sustainable
development, popularized in 1987 after the publication of the Brundtland Report by the
United Nations [18], is one of the concepts proposed and widely recognized to deal with
these challenges. This concept is essential to not only combat the depletion of resources
but also to conserve them [29]. In the broadest definition, the pillars of sustainable
development are efficient economic growth, protection of natural resources, and social
responsibility.

In the context of mining, too, the sustainable development should be realized. The
social responsibility aspect is particularly critical, as mining operations inherently involve
hazardous working conditions, such as risks of accidents, exposure to harmful materials,
and physically and mentally demanding labor [10, 29]. Therefore, it is essential to
implement strategies that enable mining industries to comply with the principles of
sustainable development.

One of the viable approaches promising to support sustainable development in mining
is automation. Defined as the use of technology to manage systems and reduce or
eliminate human involvement in all or parts of the process [51], automation in mining
brings both promising advances and potential challenges. These challenges may include
inadvertently heightening environmental impacts and introducing social challenges, both
within and outside of the mine, affecting nearby communities and ecosystems [71, 73].
Nevertheless, as the mining sector moves toward sustainable development, automation
remains a critical path forward, with its potential to enhance planning, monitoring, and
the overall efficiency of extraction and transportation processes [42].

The primary contribution of automation in mining is its potential to create safer working
conditions by reducing human presence in hazardous areas, as mining sites frequently
present high-risk situations. Examples of automation include using drones or satellites for
process monitoring, employing big data and predictive analytics for insights, implementing
Internet of Things systems for real-time updates on equipment and processes, and utilizing
autonomous or remotely operated vehicles for extraction and transport [41]. Additionally,
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automation promises to reduce the required and especially the lower-skilled labor while
the operators are removed from the site and are instead responsible for monitoring the
whole process remotely [97].

One of the promising areas of automation in mining industries is the autonomous
transportation of bulk materials. A transportation cycle generally includes parking a
mining truck in a probably tight loading area, driving to an unloading site by navigating
through mostly rough and unmarked terrains or tunnels, and reversing into an unloading
area. Drivers have to constantly monitor the surroundings and be careful and mindful
of others in a repetitive task in a poorly visible environment. The combination of such
monotonous operations with long hours and shift schedules leads to exhaustion and
fatigue in operators [10]. This is especially challenging since no traffic regulations apply
when no marking is present on the surface and no zone is strictly dedicated to heavy
vehicles, smaller trucks, or pedestrians. Figure 1.1 shows the unmarked ground of the
mining fields where the experiments of this work were conducted.

Autonomous transportation of mining bulk materials has the potential to enhance
productivity, reliability, and flexibility by reducing the on-site workforce needed for
transport and extending productive operational hours [11]. Additionally, depending on
the specific sensors and actuators implemented, automation can deliver more consistent
results by minimizing the impact of varying operating conditions, such as weather,
lighting, and temperature.

Besides the economical benefits, an autonomous transportation process contributes
to better and safer working conditions for employees, especially for the workers in
underground mining, by reducing their involvement and human errors. Furthermore,
considering that trucks in the transport process in mines are involved in more fatal

Fig. 1.1: Bird eye’s view of the testing mining fields. The left picture is a limestone mine in
Steyrling, Austria [30], and the right picture is a gravel pit in Buir, Germany [52].
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accidents compared to all other mining equipment [97], such automation has the potential
to reduce fatal accidents [94].

In this context, project ARTUS (Autonomes robustes Transportsystem für hybride
umweltschonende Rohstoffgewinnung auf Basis knickgelenkter Sonderfahrzeuge) was
introduced. The project was supported by the German Federal Ministry of Education
and Research (BMBF), project number: FKZ 033R126DN. The goal in this project is
to create an autonomous fleet of articulated dump trucks (ADT) for the transportation
of bulk materials in mining areas. The reason for choosing ADTs is that they are one
of the primary vehicle types widely used in mining operations. Furthermore, in recent
years, smaller-sized or compact ADTs have gained popularity in urban construction sites.
ADTs’ popularity and widespread use are due to the vehicles’ capability to carry heavy
loads relative to their own weight while maintaining a high maneuverability over rough
terrain. This high maneuverability is due to the special steering in these vehicles. ADTs
do not steer via steering the front wheels but by changing the orientation of the front
body relative to the rear body using cylinders that are mounted on the sides of the
pivoting point or the hinge [4]. Figure 1.2 illustrates an ADT with hydraulic cylinders
exaggerated in size for better visibility. This specific type of steering makes the high
maneuverability of ADTs possible despite their considerable weight but poses challenges
to control design, which will be explained in detail later.

The ARTUS project aimed to increase the efficiency and productivity of transportation
and at the same time to improve safety for employees. In this project, both compact
ADTs (c-ADTs) and full-sized ADTs (f-ADTs) are included in the autonomous fleet.
Figure 1.3 shows the ADTs used in this project.

For the objective of this project to come true, five categories of work packages needed
to be fulfilled. These are perception and mapping, localization, collision avoidance and

Fig. 1.2: Bird eye’s view of an ADT with the hydraulic cylinders.
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Fig. 1.3: Full-sized and compact-sized articulated dump truck (f-ADT and c-ADT) in a surface
mine.

trajectory planning, trajectory-following controller, and fleet management. Figure 1.4
demonstrates these packages and how they communicate.

• Fleet management: This module is responsible for making mission strategy
decisions. This includes assigning tasks to different vehicles by allocating them
destinations, giving the respective signal to the other modules about the start or
end of a transportation task, and to generally manage the movements of all of the
vehicles.

• Perception and mapping: To create a map of derivable areas and obstacles,
methods for environment perception need to be developed, which shall later help
plan the trajectory. This is especially a challenge in a mine since the common
perception methods that rely on vision sensors cannot be used with impaired
vision in mines due to dust and bad weather conditions. Alternatively, radar-based
environment perception is proposed for mines and is used in this project [69].

• Localization: The performance of the trajectory-following algorithms relies heavily

Fig. 1.4: Work packages for the project ARTUS.
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on the localization data. The localization module gives information about the
current pose of the vehicle.

• Collision avoidance and trajectory planning : Based on the data from the
previous two modules, an obstacle-free and drivable trajectory needs to be planned
from the vehicle’s current position to its destination.

• Trajectory-following controller: Finally, this module is responsible for giving
steering and speed commands to each vehicle, so that the vehicle follows the
reference trajectory.

In this work, the trajectory-following for ADTs will be studied, and the other work
packages were accomplished by other project partners.

1.2 State of the Art and Requirements

This Section presents an analysis of the state of the art in three categories. The first
category is the state of the art in terms of trajectory/path-following controllers, which
is the main goal of this work. The second category is the state of the art in terms of
modeling the vehicle either for model-based controllers or for simulations. The third
category is for developing estimation methods to estimate states that can be used in the
controller but are not available. In the following, these aspects are discussed in the same
order they are presented in the rest of this work.

1.2.1 ADT Modeling for Simulation: Requirements

In this work, vehicle models are needed for both simulation purposes and implementation
in model-based algorithms. A simulation environment is especially valuable to this
work since ADTs are not easily accessible for testing purposes. In the context of
simulation, model accuracy is the primary concern, as the complexity and computational
requirements are less restrictive. Time and computational resources are typically available,
allowing for more complex parameterization and tuning processes without significant
constraints. However, when models are intended for real-time applications, such as in
model-based control, efficiency becomes crucial. Models in this context must demand
less computational power to ensure they can run on hardware in real time. While
there is no strict statistical requirement, the objective here is to balance accuracy with
computational efficiency. In this Section, while the primary focus is on modeling for
simulation purposes, consideration is also given to ensuring that the resulting model
can be useful for model-based applications, such as controllers or estimation methods.
Furthermore, to ensure that the model accurately represents the vehicle, it is essential to
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incorporate the unique steering mechanism of the ADT, as this is the primary difference
between these vehicles and standard passenger cars.

Based on this discussion, the project requirements, and consultations with mine runners
and drivers, the following requirements for the ADT model in the simulation have been
established.

1. The simulation should use a dynamic model.

2. This model must be differentiable and in the form of ordinary differential equations
(ODE) since model-based algorithms rely on using the derivative of the model.

3. The model must define forces, accelerations, and velocities in the vehicle’s body
coordinates, expressed in the same direction that they affect the vehicle body and
are measured, to eliminate the need for further transformations when utilized in
model-based algorithms.

4. The simulation environment must have the same inputs as the actual vehicle.

5. The specific dynamics of the steering system must be incorporated into the model
to ensure that its effects on the vehicle are fully replicated without compromise.

6. The resulting model must provide improved accuracy in predicting the vehicle’s
position and moving angle compared to existing kinematic models.

1.2.2 ADT Modeling for Simulation: State of the Art

The following discussion presents the state of the art, highlighting the limitations of
existing methods that make them unsuitable for this project. At the end of this Section, a
summary of these shortcomings is provided, outlining the research gap that the proposed
modeling approach should fulfill.

In the context of autonomous driving and vehicle dynamics, the modeling of an ADT can
be generally categorized into two major types: kinematic and dynamic modeling [68]. As
the names also suggest, a kinematic model provides a mathematical description of the
vehicle’s movement, focusing solely on geometric and kinematic relationships without
considering the forces acting on the vehicle. Dynamic modeling, however, accounts for
forces, torques, mass, and inertia that influence the vehicle’s motion, providing a more
holistic representation of the vehicle’s behavior [68].

A baseline kinematic model for an ADT is presented in [25]. However, this model does
not include any of the system phase delays or dead times. The kinematic nature of
this model has the benefit that it is mathematically simpler and is easier to derive but
also the disadvantage that it neglects the dynamic aspects of the system. This makes
this model useful when developing a controller since it does not require considerable
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computation power or complex tuning. This model will be discussed in detail with the
controller in the upcoming Section. However, for simulation purposes, kinematic models
are not sufficient, and dynamic models are required.

For the sole purpose of simulation, using physics simulators such as ADAMS [61] or
Gazebo [34] is a popular option [37, 98]. In such works, the ADT is simulated in the
physics simulator by designing the front and rear bodies of the vehicle and connecting them
using hydraulic cylinders. However, these methods do not provide a deep understanding
of the system since the simulation is conducted in a physics engine and does not rely on
a detailed analytical framework. Another popular option for the simulation is using a
kinematic vehicle model in works such as [59]. As discussed earlier, kinematic models are
insufficient for the simulation.

Inspiration for ADT models can also come from semi-trailer truck models, despite
the differences in vehicle steering. Semi-trailer trucks consist of a tractor unit and a
semi-trailer, featuring a combination of a towing unit and a rear load unit similar to
ADTs. However, they differ from ADTs in their steering mechanism. While ADTs utilize
hydraulic cylinders at the hinge for steering, semi-trailer trucks employ Ackermann
steering, allowing the front and rear bodies to move freely without hydraulic cylinders
governing their relative rotation. Due to the dynamic similarity between these two
vehicles, studying methods of modeling semi-trailer trucks provided the author with
valuable information about the dynamics of ADTs. In [82], a model of a semi-trailer is
presented, and in [21, 50, 80], the model is derived by using the Euler-Lagrange equation
with the generalized forces in the inertial coordinates. However, it is desired that the
model utilizes forces, accelerations, and velocities in the vehicle’s body coordinates.
This is important because, in this framework, the forces acting on the vehicle’s body,
along with the associated kinematic parameters such as speed, acceleration, and angular
velocity, can be represented without the need for transformation to inertial coordinates.
This allows for a consistent representation of the system’s dynamics, as all relevant
quantities remain within the same coordinate system in which they are defined and
applied. Therefore, in the following, the focus is set on modeling in vehicle body’s
coordinates.

Another area of research in the dynamic modeling for ADTs is with explicit modeling
of the cylinders. This is especially useful if the goal of the modeling is having access to
the cylinders’ states, developing controllers for the cylinders, or analyzing the lateral
movement and oscillation due to the cylinders ([27, 32, 33, 54, 65]). This type of modeling
adds a layer of complexity to the modeling and to the parameterizing of the final model.
Furthermore, the nonlinearity added to the system by the cylinders is not directly
differentiable due to sign functions in cylinder models. This makes it unnecessarily
difficult to use these types of models in model-based algorithms since these methods
rely on differentiable models. Therefore, a more suitable approach involves modeling the
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cylinders implicitly, capturing their dynamic effect on the vehicle bodies without directly
employing the mathematical formulation of a cylinder.

To avoid the associated issues when modeling the cylinders explicitly, several approaches
have been explored in the literature. In [36], a timberjack grapple skidder, which is
an articulated vehicle with an identical steering system to the ADTs, is modeled. The
cylinders are once modeled explicitly and once replaced with a controller that finds the
torque that the cylinders would generate. While using this controller solves the issues that
the explicit modeling of the cylinders presents, discussed above, it fails to exactly behave
like the cylinders. For example, it cannot instantaneously and continuously determine the
appropriate torque value required to maintain a constant articulation angle when aiming
for an articulation angle rate of 0 rad s−1. In scenarios where a constant articulation
angle or an angle rate of zero is desired, the necessary torque to achieve this varies as the
vehicle moves. The effective torque on the hinge needed to maintain a constant angle
changes dynamically with the vehicle’s motion, making it challenging for a controller to
instantaneously calculate and apply the precise torque required to counteract all other
forces. In contrast, real vehicle cylinders can maintain an articulation angle by locking
the angle through closing the hydraulic valves and making the vehicle behave similarly to
a single rigid body. This is not possible when using a controller as suggested by [36].

In [38], the problem with the explicit modeling of the cylinders is addressed, and an idea
is discussed to avoid this, but only a simplified dynamic error model is presented, and a
slippage-free motion is assumed. This simplification and the slippage-free assumption
tailor the model to the special use case of the paper, which is to design a controller for
the cylinders. The resulting model is not suitable for simulation, since it cannot represent
the dynamic aspects of the vehicle, which is one of the main reasons for establishing
a dynamic model. In [26], the cylinders are not explicitly modeled either. However,
the model also assumes a slippage-free motion and neglects the dynamic effect of the
cylinders on the rear body. This means that the rear yaw angle is calculated by only
using the kinematics of the system and not by considering the dynamic effects of the
cylinders on the rear body.

In the following, the research gap, in accordance with the requirements outlined at the
beginning of this Section, is summarized. Several approaches have been proposed to
model an articulated dump truck (ADT) dynamically. Some of these approaches explicitly
model the cylinders, which means to establish a vehicle model that is not in the form
of ODEs and is not differentiable. Other attempts that model the cylinders implicitly
only consider their kinematic effects, neglecting dynamic aspects and failing to capture
the cylinders’ influence on the vehicle’s dynamics. Additionally, these approaches often
overlook the essential functionality of the cylinders: maintaining a constant articulation
angle to make the vehicle behave as a rigid body when no steering command is available
and articulating at a specified angle rate when a command is issued. These gaps must
be addressed by the proposed dynamic model.
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1.2.3 Control Concepts: Requirements

The primary goal of control in autonomous articulated vehicles is to follow a given track
while minimizing lateral error. However, the specific steering of articulated vehicles
poses challenges to the task of the controller design. These challenges arise from two
main factors: firstly, the relatively limited established approaches available in this area
compared to Ackermann-steered vehicles, and secondly, the considerable transport and
phase delay in the steering cylinders and the drivetrain of these vehicles. The mechanics
of ADT steering and the associated challenges will be explained in detail in Chapter 3,
and are assumed to be accepted here without further elaboration.

For the autonomous approach to be considered successful in this project, it has to be able
to do the maneuvers that a human driver is able to with at least the same accuracy and
the same speed. The required precision depends on the context, including the driving
scenario and vehicle size, and is discussed in detail throughout this Section. Additionally,
the trajectory-following controller should be able to drive with the same or higher speeds
as the human driver, be able to park the vehicle, be able to navigate through narrow
passages at lower speeds, and do all the mentioned tasks both when driving forward and
backwards [95]. Furthermore, similar to a human driver, the controller must be able to
determine both control inputs of the vehicle: articulation and speed command. Lastly,
as two sizes of ADTs were involved in this project, the control approach must be able to
function on both vehicle sizes.

To better understand the routine operation of an ADT, a best practice analysis (BPA) is
performed on the vehicle. The BPA, visualized in Figure 1.5, shows the routine operation
of an ADT over 118 h. The Figure illustrates the frequency of occurrences for specific
combinations of steering angle and speed. The data were sampled every second, and
each grid cell in the plot represents how many of these sampled points fall within a given
range of steering angles and speeds. The color intensity within each cell reflects the
frequency of sampled points in that range: warmer colors indicate higher frequencies
(more sampled points).

According to the BPA, for the autonomous system to match human driver performance,
it must be capable of operating the vehicle at speeds between 0 m s−1 and 3 m s−1 driving
forward using the full articulation angle range from −43 deg to 43 deg. At speeds above
3 m s−1, the articulation angle range decreases progressively, falling within the range of
−10 deg to 10 deg by 5 m s−1. As shown in the figure, speeds exceeding 5 m s−1 are only
achieved with minimal articulation angles.

With this brief introduction to the challenges and expectations of the autonomous
approach, and with the help of the discussions held with industry partners and mining
operators, the requirements of the final control approach can be summarized as follows:
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1. The control approach should be suitable for the routine operation scenarios of an
ADT, which include many stop-and-go situations, parking, navigation through
narrow passages, and sharp turns.

2. The control approach should also be able to drive backwards into narrow passages
and navigate through them by using a vehicle model with the reference on the rear
axle.

3. The control approach should be self-contained and find both the optimal articulation
and speed command, so that the vehicle drives slowly when required and faster
when possible to increase accuracy and efficiency.

4. The control approach must accommodate different ADT sizes.

To evaluate the successful fulfillment of these requirements, two metrics are considered.
The first is the maximum lateral tracking error, which is important when navigating
through narrow passages such as a crusher, passing obstacles, or reaching the end of a
trajectory, i.e. the destination. However, this metric is not as important when traveling
at higher speeds on the open, unmarked, and unpaved ground of a mine, as there are no
obstacles to avoid, and ground irregularities cause instances of high lateral errors. In this
case, the key metric is not the lateral tracking error itself but the mean absolute lateral
error (MAE) and the vehicle’s consistent and predictable behavior. Specifically, the MPC
should achieve a maximum lateral tracking error of 30 cm for the c-ADT and 50 cm for
f-ADT in narrow passages and an overall MAE less than 40 cm and 60 cm for the c-ADT
and f-ADT, respectively. Exceeding these requirements poses risks to other vehicles, the
physical surroundings, and the infrastructure of the testing mines, as these limits are

Fig. 1.5: Visualization of the BPA. Adapted from [M2] ©2022 IEEE.
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defined with consideration for the physical constraints of the mining fields. Furthermore,
while the speed in the state-of-the-art methods was limited to 4 m s−1, according to the
BPA, it is required that the control concepts can achieve these accuracies while reaching
over 4 m s−1 in the f-ADT on open grounds.

1.2.4 Control Concepts: State of the Art

The following presents the state of the art, highlighting its shortcomings. The challenges
and critical aspects on the path to realizing autonomous ADTs are addressed one by
one, and where applicable, existing approaches are reviewed. Each aspect is mentioned
here for brevity, with further detailed discussions provided throughout the rest of this
work. The gap between the literature and the requirements is presented at the end of
this Section.

Autonomous articulated vehicles are not a new area of science, and there have been
efforts as old as [79] in 1993 to create a simple PID control concept to steer the vehicle
autonomously while driving at a constant speed and to keep it at a reference distance
from the walls of an underground mine. With the rise of localization methods, the idea
became more general and the goal was to keep the vehicle on a reference path. Therefore,
models of articulated vehicles were presented that had a state describing distance error
to a reference path. For example, in [5], an ADT is modeled in Frenet coordinates where
the distance from a reference path is a state for both the front and the rear axle of the
vehicle. The benefit of modeling in Frenet coordinates compared to modeling in inertial
coordinates, is that it decouples the lateral and the longitudinal movement of the vehicle.
As a result, the control task can be divided into two: lateral and longitudinal movement.
This is of considerable benefit when using classical control theory for the path-following
task since it poses two relatively simple control tasks and not a single complex one. In
the mentioned work, the model is linearized, and a state feedback control is developed
for the path-following. Another type of modeling of the vehicle with the distance error
as a state is using error dynamics modeling, which is still a kinematic model not to be
mistaken with a dynamic model. In [24, 25, 39, 66, 70], vehicle error dynamics modeling
is presented and is followed by state feedback or feedback linearization control. Other
control concepts such as fuzzy control or linear quadratic regulator (LQR) have also been
employed on error dynamic models in works such as [3, 55, 83].

While the mentioned methods are relatively easy to implement and require less com-
putation power than the model-based methods, their performance and applicability are
limited. This is evident in the speed of the vehicles, which is limited to a maximum
of 4 m s−1 in simulations and to 2 m s−1 or 3 m s−1 in experiments, and in the testing
scenarios, which are low-dynamic paths and have limited or no changes in their directions.
This setup is inadequate especially when driving on the surface, where the controller
must be able to drive at higher speeds and more challenging turns with higher curvatures,
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as opposed to the simpler conditions of straight tunnels, so that the automation can
match human drivers.

The underlying cause for the limitations in these approaches can be attributed to two
key factors. The first factor is the non-predictive nature of these controllers. This means
that these controllers react to a curve in the path only after it has already caused a
distance error. The other problem is that the considerable transport and phase delays
of the vehicle are not considered. Neglecting dead time and phase delay amounts to
assuming that the control outputs are realized by the system actuators instantaneously.
While this problem does not pose an issue when dead time and phase delay are negligible
compared to the dynamics of the system and the reference, their large values in ADTs
can cause oscillations around the reference path. For example, if the ADT is on the right
side of a straight reference path, the controller will steer the vehicle towards the path
to minimize the lateral deviation. As the vehicle approaches the path, the controller
will reduce the steering angle so that the vehicle maintains the straight reference path.
However, as the controller’s outputs take time to be realized by the system, the vehicle
may traverse to the left side of the path during dead time and phase delay. At lower
speeds, this oscillation may gradually decay over time; however, as speed increases, the
oscillation amplifies with each pass, resulting in an unstable system.

As a result, model predictive control (MPC) is proposed due to its ability to integrate
a predictive aspect and to consider the noticeable delays and constraints of ADTs in
steering and speed.

In [7], a nonlinear MPC (NMPC), and in [9, 88], linear MPCs are implemented for
path-following, showing promising results at low speeds and in steady-state trajectories,
such as circles. Notably, the simulation environment in these studies uses the same model
as the controller, which likely contributes to the results. However, these methods do
not account for phase delay and dead times, which may contribute to oscillations in the
driven paths and limit achievable speeds in practical scenarios. The successful simulations
with circular reference paths likely reflect the stability of steady-state conditions, where
the effect of delays is less pronounced.

For non-constant speeds, the existing path-following controllers do not apply, because
path-following controllers in general find only the optimal articulation angle by assuming
a predefined and constant speed. When it is desired that the vehicle does not drive with
a constant speed, a secondary approach should be employed that controls the speed in
parallel. One approach involves establishing speed profiles for different sections of the
path based on the intensity of the curvatures. This means to instruct lower reference
speeds to a curve, the more intense its curvatures are. This can improve the results by
instructing lower speeds at sharp curves. An example of this implementation can be
found in [59]. Another method is presented in [9], where the optimization problem of
the MPC is solved for multiple constant speeds in parallel, and the control policy with
the lowest cost function value is selected. The goal of the cost functions is to minimize
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the distance to a reference trajectory while maintaining proximity to a set speed. The
MPC chosen in each decision cycle is the MPC that can best minimize the distance to
the reference trajectory while also driving at a high speed. The state weights in the
cost function regulate the importance of each objective. However, this introduces new
problems and challenges as the speed set point must be adjusted for each new path, and
the proposed approach is not fully self-contained.

The issue of delays persists in both proposed approaches, and neither method achieves the
optimal speed for a given reference track. While these methods broaden the application
of path-following controllers, a path-following controller remains most practical when a
constant speed is desired. As a result, path-following controllers are generally unsuitable
for scenarios that require a dynamic or frequently changing speed profile. In application,
this means that path-following controllers are not suitable for scenarios where a variety
of driving scenarios such as parking or stop-and-go situations are involved. For these
scenarios, trajectory-following MPCs are required, where the controller is self-contained
and finds the optimal articulation and speed command for a given trajectory simulta-
neously. It is however important to mention that creating a suitable trajectory for a
trajectory-following MPC requires computation power and effort to implement. This is
due to the substantial difference between a path and a trajectory and the inclusion of
time in the latter. This is a major advantage for path-following MPCs that makes them
easier to implement and use.

Using trajectory-following MPCs for ADTs is limited in the state of the art. A trajectory-
following MPC is implemented in [88] and compared to a path-following one, where both
controllers are limited to 2 m s−1. A trajectory-following MPC is also introduced in [43],
where the vehicle’s phase delays are also included in the model1. However, dead times
still remain an issue in these works, which explains the limited speed profile.

Another important aspect of the control task is the consideration of the sideslip angle,
which is the difference between the orientation of the vehicle’s front body or the yaw
angle of the front body and the orientation of the true movement of the vehicle. Sideslip
angle is explained in detail in Chapter 3. While ADTs are drift-less vehicles due to
their all-wheel drive and special steering leading to the sideslip being limited [4], sideslip
angle grows at higher speeds in curves. This means that sideslip plays an important role
in the vehicle’s movement at higher speeds. Since kinematic models cannot inherently
consider sideslip in their equations, using kinematic models in their original form in the
control means neglecting the sideslip angle. Therefore, in works such as [57, 58, 96] a
kinematic model is augmented with the sideslip angles as parameters in its equations.
Consequently, a path-following MPC is developed for these models. Since the inclusion
of the sideslip angle in the kinematic nature of these models is only as a parameter and

1This paper introduces an ADT model with phase delays. This paper was published after publications
[M3] and [M2], where, as far as the author knows, the delay was introduced to an ADT model for
the first time.
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not as a state, the MPC cannot consider the effect of the control variables on the value of
the sideslip angles. Furthermore, In these works, only the current sideslip angle is added
as a parameter to the MPC matrices, which raises two issues: firstly, the sideslip angle
is assumed to be zero or constant for the rest of the prediction horizon. Secondly and
more importantly, by doing so, the fact that the sideslip angle after the dead time might
be different is ignored. These issues are not addressed in these works. Additionally, the
testing is limited to simulations on circular tracks, where the constant sideslip inherent
to the track prevents these problems from becoming apparent.

Another important aspect of autonomous driving for ADTs (and all types of front-steered
vehicles) is driving backwards, as a crucial part of the routine work cycle of ADTs is to
reverse into narrow passages, such as a crusher. However, the position of the front axle
of these types of vehicles shows a non-minimum phase behavior in terms of the direction
of its movement when driving backwards. Specifically, the front axle initially moves in
the opposite direction of the steering before moving in the intended direction. This issue
is explained in detail in Chapter 5.

This phenomenon poses challenges even with an MPC with a sufficiently long prediction
horizon, or even an NMPC. The delay caused by the initial movement in the wrong
direction means that by the time the vehicle starts moving in the intended direction,
linearization and integration errors within the MPC’s prediction can accumulate. This
not only degrades the accuracy of the results but, in some cases, can lead to infeasible
control solutions, as simulations and experimental tests prove in Chapter 5.

In [78], this problem is resolved by replacing the front axle’s equations in the MPC with
the ones of the rear axle. The rest of the equations, however, remain the same and are not
adjusted to the new reference point. Similar to the rest of the state-of-the-art methods,
the system delays are not considered and the testing speed is limited to 2 m s−1.

For compact ADTs (c-ADT), which have faster steering dynamics, no specialized models
or controllers exist. Current ADT models are designed for the slow articulation process
of full-sized ADTs (f-ADT), where the articulation angle is the integral value of the
physically constrained articulation angle rate. In c-ADTs, however, this integral is not
required. To take advantage of this faster steering, a specialized model for the c-ADTs
should be presented. This problem is currently not addressed in the state of the art.

Given limitations in the state of the art, the gap between current approaches and the
requirements outlined at the beginning of this Section are summarized as follows. Most
existing methods focus primarily on path-following controllers, where the controller only
provides a reference articulation angle and assumes a fixed, predefined speed. However,
to meet the requirements, the controller must independently manage both articulation
angle and speed, allowing it to reduce speed in curves or narrow areas to minimize lateral
deviation from the reference trajectory. Additionally, current approaches have given
limited attention to backward driving and often overlook dead times and phase delays
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in vehicle actuation. Lastly, existing studies mainly address f-ADTs, which have slower
steering dynamics, and do not provide a dedicated approach for c-ADTs, which have
faster steering dynamics. These limitations require developing new ADT models and
controllers to address these challenges.

1.2.5 State Estimation Methods in ADTs: Requirements

As mentioned in the previous Section, vehicle models and respective MPCs will be
developed in the course of this work that consider the sideslip angle of the vehicle and
try to compensate for it. Therefore, the value of the sideslip angle is crucial for these
MPCs at all times. A global navigation satellite system (GNSS) is used in this project
to estimate the pose of the vehicle, and the pose can be used to calculate the sideslip
angle directly [13]. However, GNSS data and the resulting pose estimation lose accuracy
in mining fields since the direct line of sight to satellites is often lost or shadowed by the
knolls in the mine especially when the mining surface is deeper within an excavated area
[12]. Another possible method to directly measure the sideslip angle is to use optical
sensors. These sensors are expensive and are not suitable for the harsh environment
conditions encountered in mining environments, including dust, mud, and debris. As a
result, indirect estimation methods are interesting for calculating the sideslip angle.

The goal of the estimation in this work is to provide an accurate sideslip angle for the
controller. For this specific application, it is crucial that the estimated sideslip angle has
minimal phase delay to ensure that the value used by the controller remains current.
Additionally, simulations indicate that excessive error in the estimated sideslip angle can
negatively impact controller performance and lead to instability in control results.

1.2.6 State Estimation Methods in ADTs: State of the Art

There is a limited number of efforts in the state of the art for ADT state estimation. In
[74], a kinematic-slip model, which is similar to the models used for the MPCs that also
consider sideslip angle, is used in an extended Kalman filter (EKF) for sideslip angle
estimation. As also mentioned earlier, due to the kinematic nature of these equations,
the inclusion of the sideslip angle is solely as parameters. Therefore, for the estimation
of the sideslip angle in [74], the model is expanded to include the sideslip angle as a
state that is modeled as random walk. With the same modeling, the radius of the wheels
is also added as a state to the model. While using random walk in estimation is the
common practice for parameters or states with a slow dynamic, the estimated sideslip
with random walk cannot keep up with the very dynamic and fast-changing sideslip
angles and, as will be shown in this work in Chapter 6, experiences considerable phase
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delays and poor accuracy. Therefore, it is recommended to use model knowledge for such
states instead of relying on the random walk model.

In contrast to ADTs, state and parameter estimation for conventional front Ackermann-
steered vehicles is studied extensively and comprehensively in the state of the art. These
efforts fall into two categories for the model that is used in the estimation filter: The
first category uses kinematic point mass systems while the second category is based on
dynamic vehicle models. The specific use case for the filters is the determining factor
in deciding which category to use. The first category offers the advantage that the
estimation does not rely on the model parameters as heavily as the second one, which is
due to the relatively smaller number of parameters, which also remain constant during
driving. This helps the estimation to robustly deal with model uncertainties and makes
the setup process simpler. However, the second category offers the possibility to employ
different sensors in the estimation, which can increase the quality of the estimation and
the number of states and parameters that can be estimated. In the following, the state
of the art in utilizing these two types of models for estimation in Ackermann-steered
vehicles is presented, with a focus on the most prominent approaches.

In [20], [46], and [77], the point mass kinematic model is employed to estimate the sideslip
angle. In the first two works, this is done via an EKF, and in the last work via a heuristic
scheduling algorithm. An advantage of methods using point mass models is that they do
not require the position of the vehicle to be known since the vehicle position is not a
state of the system. However, IMU data is used as input in all of these works.

Turning to the second category, a two-track dynamic vehicle model is used in [28], where
the model employs suspension deflections as input. As mentioned earlier, using dynamic
models in estimation allows different inputs to be utilized for different use-cases and
sensor setups. A Kalman filter then estimates the tire normal forces, which are used
together with inertial measurement unit (IMU) data in another EKF and an unscented
Kalman filter (UKF) to find the sideslip angle. Another setup of a two-track dynamic
model is used in [6], where the inputs to the model are the wheel rotational speed, IMU
data, and propulsion and braking torque. An EKF and a UKF use the model and are
compared in performance. A similar setup of a two-track dynamic model is used in
[93] in a dual extended Kalman filter (DEKF) for state and parameter estimation. The
estimated parameters are the moment of inertia, mass, and the position of the center of
mass.

As mentioned earlier, the pose of the front body of the ADT is available in this project.
Therefore, the methods that are based on a kinematic point mass, which do not rely
on the current position of the vehicle, do not have an advantage compared to the other
approaches and are not studied further. Furthermore, the state-of-the-art methods
that utilize dynamic vehicle models in the estimation require information such as wheel
rotational speed, tire normal forces, etc. that are not available on the ADT in this project
and many commercial ADTs. This issue and the challenges associated with this topic
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are discussed in detail in Chapter 6. Furthermore, at the time this project started, there
was no dynamic model of an ADT available that could be employed in an estimation
algorithm.

Given the limitations in the state-of-the-art methods, at first, a dynamic model for an
ADT needs to be developed. This model has to first fulfill the requirements defined
in 1.2.2. Then, the model needs to be simplified and adapted for the sensor setups of
commercial ADTs, which include the ADTs of this work as well. This model should
be employed in an EKF for state and parameter estimation. For use cases where it is
desired to have a simple and fast solution to the state estimation problem for the sideslip
angle, a kinematic model and the respective Kalman filter need to be developed. This
kinematic model, however, in contrast to the state-of-the-art methods, should utilize
model knowledge in the equation of the sideslip angle by using a differential equation for
describing the sideslip angle.

1.2.7 Research Objectives and Questions

For autonomous fleets of ADTs to be actually applicable, it is important that they are able
to complete a transportation cycle. Considering the shortcoming in the state-of-the-art
methods, and considering the requirement that were defined for a suitable development
chain to achieve the controller, the following questions need to be answered or addressed
in this work:

1. How precisely can a dynamic model of an ADT be developed that accounts for the
effects of steering cylinders on overall system dynamics without explicitly modeling
them?

2. How well can an MPC control the vehicle?

3. What estimation models can be implemented to accurately determine the sideslip
angle in ADTs, and how do these techniques compare in terms of phase delay and
accuracy?

4. What is the impact of incorporating the sideslip angle on the vehicle’s control
performance?

In order for these questions to be answered in the course of this work, the structure
of this thesis is designed as follows and as illustrated in Figure 1.6. In Chapter 2, the
hardware setup of the ADTs is presented. This includes both an introduction to ADTs
in general and an overview of the ADTs in this project with their sensors and actuators.
Furthermore, the computation platforms, where the developed algorithms run in real
time for the experiments, are presented. In Chapter 3, a digital twin developed for both
ADTs of this work is presented. This digital twin contains different simulations of the
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Fig. 1.6: Sketch of the Chapters of this work with their content.

vehicles and the interfaces between a controller and other modules of the system so
that software in the loop and hardware in the loop can be achieved. In this Chapter,
the first research question is addressed. Chapter 4 presents a classic feedback control
method and a path-following MPC so that a direct comparison between model-based and
classic control methods is achieved. The path-following controller will also later be used
in comparison with trajectory-following controllers. In Chapter 5, trajectory-following
controllers for a routine operation of the ADTs, which includes driving forward and
backwards, will be presented. In this Chapter, the experimental results are also presented
and discussed. The content of this Chapter contribute to answering the second research
question. Chapter 6 presents the state and parameter estimation for these vehicles by
presenting a set of estimation techniques that employ different vehicle models. By doing
so, this Chapter addresses the third research question. Chapter 7 presents MPCs that
utilize the sideslip angle and try to compensate for it in the control process. This Chapter
discusses the fourth research question. Finally, in Chapter 8, the summary and outlook
of this work are presented, and it is discussed, what the shortcomings of the presented
methods are and how the results can be improved in future research.
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This Chapter introduces the hardware used in this project. It begins with an introduction
to ADTs in general, followed by a detailed technical explanation of the c-ADT and f-ADT
of this work. This discussion includes the sensors and actuators available in these vehicles,
their communication interfaces, and protocols. Furthermore, the modules responsible
for executing the developed algorithms in real-time and on the physical vehicles are
introduced.

2.1 Introduction to Articulated Dump Trucks

Articulated dump trucks (ADT) also known as articulated haulers are a class of large,
heavy, and heavy-duty dump trucks designed for transporting heavy or massive and
bulky loads over rough unpaved terrain. These vehicles consist of a front and a rear body
connected at the articulation point or hinge. In contrast to Ackermann-steered vehicles,
in ADTs, the front wheels cannot change their angle, and the steering is achieved by
changing the orientation between the front and rear body, which is called the articulation
angle. This is done by the steering cylinders that are mounted to the sides of the hinge
and can create the necessary torque for articulation.

The purpose of these steering cylinders is twofold. As mentioned briefly in Chapter 1.2,
they are responsible for steering the vehicle when a steering command is given. Secondly,
in the absence of a steering command (in other words, when the steering commands
the articulation angle to be constant), the cylinders are responsible for maintaining a
constant articulation angle, making the vehicle behave similarly to one rigid body. This
specific steering mechanism gives ADTs a high level of maneuverability even when they
are transporting heavy loads. Figure 1.2 illustrates a bird’s eye view of an ADT with its
cylinders.

This high maneuverability, however, comes at a cost. When there is no steering command,
the cylinders have closed valves and keep the articulation angle constant. When there
is a steering command, oil pressure has to reach a certain level before the vehicle can
actually articulate. This leads to considerable phase delay and dead times in the steering
mechanism of ADTs.
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To enable carrying their own and the load’s heavy weight, these vehicles are equipped
with powerful engines. While the engine provides the ADT with the required torque and
power to carry out its tasks, it introduces phase delay and dead time to the longitudinal
movement due to its mechanism, which is common for internal combustion engines [85].

ADTs are categorized into multiple classes depending on application and size. These are
for example underground mines, surface mines, construction sites, etc. Figure 1.3 shows a
full-sized and a compact ADT (f-ADT and c-ADT). In recent years, c-ADTs have gained
popularity since they are suitable for urban construction sites where heavy loads need to
be transported but there is not enough space for bigger transport vehicles.

The following Sections discuss the sensors and actuators that were available on the ADTs
and those that were added for the project. The remainder of this Chapter is presented in
two categories: the f-ADT and the c-ADT.

2.2 Compact ADT

2.2.1 Vehicle Introduction

The c-ADT of this project is a Wacker Neuson 1501, shown in Figure 2.1. Table 2.1
presents the vehicle dimensions. This vehicle weighs 1320 kg, can carry up to 1500 kg, has
a diesel motor with 18.9 kW (25.3 hp), and benefits from all-wheel drive. The maximum
allowed speed by the manufacturer is 4.5 m s−1. The ADT is a commercially available
vehicle, originally designed for a human driver, featuring a physical steering wheel and a

Fig. 2.1: c-ADT after the rebuild.
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Table 2.1: Dimensions of the c-ADT.

Parameter Value
Vehicle total length 3.3 m
Front axle to hinge 0.805 m
Rear axle to hinge 0.845 m
Vehicle width 1.305 m
Vehicle track width 1.07 m

driver’s seat. To adapt the c-ADT for autonomous driving, it had to be modified and
equipped with necessary sensors and actuators, enabling the sending of reference signals
to vehicle actuators and the receiving of the current vehicle states from the sensors. Fritz
Rensmann GmbH was tasked with this modification process, which involved removing
the seat and steering wheel to create space for additional components. The rebuild also
included adding an industrial personal computer (IPC) to the vehicle, which functioned
as the driver for the vehicle actuation and sensors. The vehicle IPC is connected to the
communication interface, allowing the sensor data to be transmitted and reference values
for the actuators to be set via the same interface. The details of the communication
interface will be discussed in Section 2.2.4.

In the following, the hardware and software components of the vehicle after the rebuild
are presented.

2.2.2 Sensors and Actuators

The c-ADT, following its rebuild, was equipped with various actuators and sensors. On
the actuation side, it was possible to send reference values for both the articulation angle
ϕref and engine speed Neng,ref. One key requirement for the ADT platform according to
the project design was to also include the reference speed as an input. However, after
the rebuild, it became evident that the vehicle was not able to track a given speed and
showed unpredictable behavior. To better understand this issue, the mechanism of the
new actuation of the vehicle must be explained.

The vehicle uses a motor that drives a pump, which generates hydraulic pressure. The
high-pressure oil then flows to the all-wheel drive system and rotates the wheels so that
the vehicle moves. This design is useful for the compact size of the vehicle since it removes
the need for a traditional gearbox and differential leading to a high-power and low-weight
vehicle. In order to add autonomous driving to the vehicle, a linear motor was added
to the vehicle by a project partner, which replaced the gas pedal. Unfortunately, the
linear motor did not have a feedback option and its position was unknown at all times
other than when reaching its zero or maximum length position. Furthermore, it was not
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possible to close the feedback loop using the current motor RPM or vehicle speed since a
change in the direction of the linear motor caused an unpredictable and additional dead
time of up to 2.5 s. Therefore, implementing a speed controller for the vehicle was not
possible.

The actuation behavior of the vehicle regarding articulation angle ϕref and engine speed
Neng,ref will be explained in the following Chapter, Section 3.3. Figure 2.2 shows an
overview of the signal flow in the c-ADT.

A further available actuator was the break percentage. However, due to the vehicle’s
special hydraulic drivetrain, unlike in normal passenger vehicles, the vehicle would stop
as soon as the engine speed Neng dropped to idle (at 1100 rpm). An increase in engine
speed would cause the vehicle to move. As a result, active braking via the vehicle’s brake
system was generally unnecessary, as the vehicle’s speed could be controlled solely by
adjusting the engine speed. Active braking was only required in emergencies when a
rapid stop was needed. The brake system of the vehicle did not provide feedback about
the current state of the brake.

On the sensor side, the engine speed (Neng with a resolution of 100 rpm) and the vehicle’s
articulation angle (ϕ with a resolution of 2 deg) were available. The Manufacturer does
not provide information about the accuracy of the sensors.

Furthermore, the pose of the vehicle was provided by the localization module. The
localization module, which is one of the work packages of this project according to the
introduction in Chapter 1.1, was implemented for the c-ADT by a project partner also at
IRT. This module is documented in [14]. The localization module provided the vehicle’s
position in inertial coordinates (x1, y1), its speed vx1 , vy1 , which are the longitudinal and
lateral elements of the velocity vector at the front axle, and the yaw angle ψ1 with an
error standard deviation of 0.1 m, 0.1 m s−1, and 3·10−4 rad, respectively [14].

Figure 2.2 illustrates the structure of the actuator and sensor signals and the vehicle’s
control loops. Since the brake system of the vehicle did not provide feedback about the
current state of the brake, it is illustrated as an open-loop control.

2.2.3 Computation Platform

The IRT’s computation platform for the c-ADT in this project is a Bachmann pro-
grammable logic controller (PLC), which is also an IPC. This module will be referred
to as the IRT IPC in this work. The IRT IPC was chosen due to its real-time capabili-
ties, which guarantee the execution of the algorithms with a defined rate. This unit is
responsible for running the software framework in real time. The IRT IPC consists of
the following elements:
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Fig. 2.2: Structure of the signal flow in the c-ADT after the rebuild.

• Processor module (MH230): The processor module is a dual-core processor with
2.3 GHz.

• Digital input/output (IO) unit (DIO232): This module has 32 channels that can
be programmed as digital inputs or outputs.

• Controller area network (CAN) Module (CM202): This module is responsible for
communications via CAN and can manage up to two different networks indepen-
dently.

The Bachmann PLC can run C++ code in real-time and also offers the possibility to
compile MATLAB/Simulink code directly from the MATLAB environment on it.

2.2.4 Software Framework and Communication Interface

The software framework inside the IRT IPC was given the task of running the localization
and control modules and also the communication interface. The communication interface
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for this vehicle was designed in cooperation with the Fachhochschule Aachen (FH Aachen)
and was designed as a controller area network (CAN) bus as is common in the automobile
industry. Using CAN bus for communication reduces wiring, enables distributed control,
and increases reliability for sending and receiving messages [89]. The CAN bus had the
task of transferring sensor and actuator signals and also signals regarding safety and
security features between the vehicle IPC and the IRT IPC.

For the safety aspect, two features were developed and implemented as a part of the
software framework. The first aspect was a heartbeat signal, which ensured that the IPC
in charge of driving the vehicle was operating properly and sending deliberate signals
to the vehicle’s IPC via the CAN bus. The heartbeat functioned by sending a series
of expected counting numbers together with reference actuation signals to the vehicle’s
IPC as a sign of the IPC in charge being still alive. The vehicle’s IPC would activate an
emergency stop if the heartbeat were interrupted or mistaken.

The second safety feature was realized by a signal from a remote dead man’s switch
connected directly to the vehicle’s IPC. This switch had to be in the vicinity of the
vehicle at all times.

The collaborative tasks of the controller and localization modules and the CAN bus can
be summarized in the following:

• CAN interface, bus management: Receive CAN messages and save them inside a
memory unit.

• CAN interface, decoding module: Decode the received CAN message using a CAN
database (DBC) file into a decimal number and save it inside another memory unit.

• Controller module: Run the algorithms such as the controller, the state estimation,
and the planner, and save the control signals into a memory unit. Furthermore,
this module was given the task of preparing the heartbeat signal. Therefore, at
each successful iteration of the controller, the heartbeat signal should be also sent
out.

• Localization module: Run the localization algorithms. More information about
this module can be found in [13].

• CAN interface, encoding module: Encode the control signals into can messages
using the DBC file.

• CAN interface, bus management: Send the CAN messages to the sending queue of
the IRT IPC.

The DBC file, which is used for decoding and encoding CAN messages and is responsible
for allocating CAN memory and priority to each signal, was developed by the author
and the partners from FH Aachen.
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When designing the software architecture, it is also important to assign a running rate
to each software module that guarantees the functionality of that module and aligns
with the computation power of the computer. In order to avoid a CAN message overflow
when receiving the CAN messages in the receive queue, the bus management runs with
2000 Hz. In order to ensure that the data used by the controller and localization modules
are not outdated, it was decided that the decoding module runs at 1000 Hz, adding
only 1 ms to the latency of the incoming signal. The controller module runs at 20 Hz.
The encoding module runs at 1000 Hz and the sending module at 2000 Hz, similar to
their receiving counterparts. In order to avoid over-trafficking the CAN bus, the sending
module only sends a message to the network when there is a change in the value of
the heartbeat indicating the existence of a new control message. Figure 2.3 presents a
graphical overview of the software framework in the Bachmann PLC.

The dead time introduced by this software framewrok is 50 ms, which complies with the
fact that the controller module runs with 20 Hz. The dead time of the entire actuation
cycle is discussed in the following Chapter, in Section 3.3.

2.2.5 Hardware Integration on the Vehicle

For the hardware integration on the vehicle, it was decided to use a switch box, where
the hardware components could be installed. The chosen switch box had to fulfill the
following requirements:

• House the power electronics required for the other modules,

• house the IRT IPC,

• house the localization module computers and the router,

Fig. 2.3: c-ADT software framework inside the IRT IPC.
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• be able to carry the weight of the mentioned components since it was to be mounted
vertically,

• have sufficient room for air circulation after the components were installed.

For these requirements, a switch box from the manufacturer Rital was chosen with
the dimensions 760×760×300 mm. The switch box and the elements inside weigh
approximately 50 kg. For mounting the switch box on the vehicle, damping elements
had to be added to the contact points to reduce the shocks given to the switch box and
consequently to the equipment when driving on the unpaved and rough grounds in a
mine. For this purpose, four damper elements from the manufacturer CAVOFLEX were
chosen. Figure 2.4 shows the mounted switch box and the elements inside. Different
elements of the switch box are marked with letters A, B, and C. Box A marks the
hardware that is required for the navigation and localization module, and box C marks
the power electronics. The Bachmann PLC is marked with B.

2.3 Full-Sized ADT

2.3.1 Vehicle Introduction

The f-ADT in this project is a Bell B30E, which weighs over 22 t and can carry up to 28 t.
This vehicle has a diesel motor with 260 kW (348 hp) and an all-wheel drive. Similar

Fig. 2.4: c-ADT and the switch box. Box A marks the modules that are parts of the navigation
and localization system. Box B marks the Bachmann PLC. Box C marks the power
electronics. Box D marks the GNSS antennas.
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to the c-ADT, this vehicle is also commercial and is available for purchase. However,
unlike the c-ADT, this vehicle comes equipped with a CAN interface and does not require
additional sensors and actuators for automation. Table 2.2 lists the dimensions of the
vehicle.

2.3.2 Sensors and Actuators

Figure 2.5 illustrates the structure of the signal flow in the f-ADT. On this vehicle, the
articulation angle and the wheel-based speed were available on the CAN. Thanks to the
implemented localization algorithm by Indurad GmbH, the position of the vehicle, its yaw
angle, and GNSS-based speed were also available, utilizing real-time kinematic (RTK)
corrections for enhanced accuracy. Neither of the manufacturers present the accuracy of
the sensors. Figure 2.6 shows the f-ADT equipped with the GNSS antennas.

The vehicle was able to follow a given reference for the speed, articulation angle, and

Table 2.2: Dimensions of the f-ADT.

Parameter Value
Vehicle total length 9.95 m
Front axle to hinge 1.36 m
Rear axle to hinge 4.48 m
Middle axle to hinge 2.81 m
Vehicle width 2.99 m
Vehicle track width 2.35 m

Fig. 2.5: Structure of the signal flow in the f-ADT.
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Fig. 2.6: f-ADT in the mining field.

articulation angle rate. The actuation behavior of the vehicle regarding these variables
will be explained in the following Chapter, Section 3.3.

The planner module for the f-ADT, which is one the work packages of this project
according to Chapter 1.1, was developed externally by Indurad GmbH. As shown in
Figure 2.5, the planner module communicates with the IRT node externally, providing
the controller with the reference trajectory xref.

2.3.3 Software Framework and Communication Interface

The f-ADT had an entirely different software framework than the c-ADT, which was
developed externally by Indurad GmbH. The software framework was tasked with running
the Indurad localization module, Indurad planner module, IRT controller module, and
the communication with the vehicle’s CAN bus. Due to safety and security reasons, the
vehicle manufacturer has implemented a negotiation protocol on the CAN interface, so
that only authorized parties can access the information on the CAN and send reference
signals to the vehicle. Indurad GmbH developed the software framework in ROS2 and
was authorized to communicate with the vehicle. As a result, the sensor information was
available in the ROS2 environment as well. The control algorithms developed for this
work were compiled and executed in this environment and no further development on
the author’s side was necessary.

The precise dead time introduced to the entire control loop by this framework cannot
be measured, as it operates as a closed black box not developed in-house, unlike in the
c-ADT. However, this does not pose an issue, since the overall system dead time remains
measurable, which is discussed in the following Chapter, in Section 3.3.
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2.4 Summary

In this Chapter, the hardware setup for the ADTs was presented, which included an
introduction to ADTs in general and a more detailed discussion about the ADTs in this
project. Furthermore, the setup of the sensors, actuators, and how they communicate
were explained. In the next Chapter, the concept of the digital twin for the ADTs will
be presented.
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3.1 Introduction to a Digital Twin

This Chapter presents a comprehensive overview of the steps involved in the development
of a digital twin for the ADTs. Digital twin is in simpler terms a virtual mapping from the
real world that allows the exploration of a complex system in a digital environment [15].
The development of a digital twin was of great importance in this project due to
the limited, expensive, and time-consuming access to the ADTs. The digital twin is
implemented both as software in the loop (SIL) and hardware in the loop (HIL).

In order for the digital twin to be practical for this project, certain requirements had
to be met. Firstly, the different modules of the digital twin and how their interfaces
communicate had to be identical to the real vehicles. A successful implementation with
this requirement met would mean that the algorithms could be executed on real vehicles
without any adaptation or change in their structure. Furthermore, the implementation
had to be modular, so that it was possible to replace the existing modules with a
plug-and-play concept when a newer and more accurate implementation of that module
became available. In the following, the required modules of the digital to fulfill these
requirements are presented.

3.2 Modules of the Digital Twin

3.2.1 Modules Architecture

In this project, the digital twin serves the purpose of replicating real-world setups
and conditions specifically from the perspective of control algorithms. Through this
perspective, four crucial modules interact with these algorithms: the planner, the sensor,
the vehicle, and the state estimation module. The control algorithms are embodied by a
fifth module: the controller module. This module is the module that is later compiled
and used in real experiments. In the following, these modules are explained. Figure 3.1
illustrates an overview of the entire system. In this Figure, the modules are highlighted
by thicker box lines.
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3.2.2 Planner Module

The first module is the planner, which has the task of providing the controllers with a
reference path or trajectory. As described in Chapter 1.1, the planner module is also
a stand-alone work package of this project. The task of this module is to generate the
reference trajectory while taking all the obstacles into consideration. The planner for
the f-ADT was developed by Indurad GmbH and could only be accessed on-site and not
beforehand. As a result, it had to be treated as a black box. Furthermore, the c-ADT
did not have a dedicated planner.

Given these circumstances, particularly because the planner module of the f-ADT was
only accessible on-site, the digital twin’s planner module was designed to generate pre-
recorded paths or trajectories rather than function as a full trajectory planner. It was
also decided that a version of this planner should also be used on-site for the c-ADT as
this vehicle lacks its own planner. This module is therefore implemented twice in the
digital twin, as also illustrated in Figure 3.1. The functions of these implementations are
as follows:

• The first implementation, located outside the controller module, corresponds to
the planner of the f-ADT. In reality, this is an external module that communicates
with the control algorithms.

• The second implementation, situated within the controller module, corresponds to
the planner for the c-ADT. It is integrated into the control algorithms to ensure
later inclusion in the compiled code.

In the digital twin, parameter P1 determines, which planner is utilized for the controller.

For the pre-recorded trajectories, different data recording methods were employed de-
pending on the specific objectives of each test. These included simple tracks such as
a circle or a rectangle for proof-of-concept tests or more complex tracks such as sine
curves with increasing frequency. Further details regarding each chosen path/trajectory,
how they were created, and a discussion about their specifics are presented accordingly
throughout this work prior to each test scenario.

3.2.3 Controller Module

The controller module of the digital twin corresponds to the controller module of the
work packages presented in Chapter 1.1 and is the main goal of this work. This module
in the digital twin primarily embodies all the control algorithms developed in this work.
As mentioned in Section 3.2.1, this module will ultimately be compiled and deployed in
both the ROS2 environment for the f-ADT and the CAN environment for the c-ADT.
As a result, its implementation in the digital twin includes additional components so
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Fig. 3.1: Block diagram of the digital twin. The modules of the digital twin are marked with
thicker boxes and are the controller module, the planner module, the state estimation
module, the vehicle module, and the sensor module.

that it can function as a stand-alone plug-and-play unit. As illustrated in Figure 3.1,
these components are the planner for the c-ADT, the interfaces needed to transmit the
controller output to both the c-ADT and f-ADT, and the state estimation module.
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3.2.4 Sensor Module

The objective of the sensor module is twofold. It should provide vehicle information
in data types that match those of the real vehicles and send them to the controller.
Furthermore, it should also add dead time to the signals so that the data flow in the
simulation is similar to the real vehicles. For testing the state estimation algorithms in
the digital twin, the sensor module needs also to provide the state estimation module
with the required data. In this case, noise needs to be added to the signals so that the
state estimation is tested under realistic conditions.

3.2.5 State Estimation Module

The next module is the state estimation module. This module receives the sensor
information with added noise and sends filtered and estimated states to the controller.

3.2.6 Vehicle Module

The vehicle module is responsible for simulating the physical behavior of an ADT
by receiving reference values for lateral and longitudinal movement from the con-
troller (ϕref, ωref, vref) and responding to them. The parameter P2 in Figure 3.1 is
symbolically responsible for switching between articulation angle ϕref or rate ωref as
the input to the system. To ensure that this simulation is close to the real vehicles in
its physical dynamic behavior and is identical to them in the interface setup, multiple
sub-modules need to be developed. As shown in Figure 3.1, these sub-modules are vehicle
models with different levels of complexity and fidelity, low-level PID controllers, wheel
models, and power distribution, which are explained below.

For different complexity and fidelity, kinematic and dynamic vehicle models are utilized
in the vehicle model. In Figure 3.1, parameter P3 is symbolically responsible for choosing
between the dynamic or kinematic vehicle model for the simulation.

The low-level controllers and power distribution in this module are designed to ensure that
the inputs of the real vehicles and the simulated vehicles in the vehicle module are identical.
These controllers serve the purpose of bridging the gap between the mathematical model
inputs and the real vehicle inputs. For the tuning of these controllers, identification
tests for both lateral and longitudinal movement are designed and conducted on the real
ADTs.

The rest of this Chapter presents the comprehensive development process of the vehicle
module. To do so, it first begins with vehicle identification. This includes test design,
real-world execution on the vehicles, and evaluation of the results. Following this, the
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vehicle models that are used in the simulation are presented, followed by the wheel models
and power distribution. Afterwards, the implementation of the vehicle module and the
digital twin in MATLAB/Simulink is presented, which is followed by the validation with
real-world data. This concludes the SIL of this work. Finally, a HIL system developed for
this project is also presented that is designed to test the compatibility of the controller
module with the IRT IPC where it is executed.

3.3 Identification

3.3.1 Identification Objective

In order to display the necessity of identification for the simulation and for the con-
trollers, the objective and function of identification must be discussed. As explained
before in Section 2.1, ADTs’ high maneuverability while transporting heavy loads is
what distinguishes them and makes them better suited for their use cases. This high
maneuverability is made possible by the special steering in these vehicles. However,
as a result of the special steering and the ability to carry heavy loads, there is a dead
time and a phase delay between receiving the steering command and realizing it. In the
context of autonomous vehicles, phase delays and dead times are not exclusive to ADTs;
however, their value is in this case considerable. A controller that functions properly
on a delay-free system, might not function similarly well on a delayed system or might
become infeasible. Therefore, it is crucial that these delays are present in the digital twin
and are also considered in the controllers.

The objective of the identification process is to design, implement, and evaluate exper-
imental tests that determine the vehicle’s dead times and phase delays, and then fit
mathematical models to these findings for integration into the controller. The ultimate
goal of this Section is not to necessarily reach a perfect match between the identified
function and the vehicle behavior but to represent the dead time and phase delay, which
are the features that are important to the controller.

In this Section, the design of the identification tests, experimental tests on the vehicle,
and evaluation and analysis of the results are presented. All the identification functions
were obtained using the MATLAB identification toolbox utilizing the TFEST function
with 20 iterations. The contents of this Section are based on the publication [M3].

3.3.2 Full-Sized ADT: Lateral Identification

The aim of this Section is to identify the lateral movement of the vehicle for the articulation
angle rate ω by finding a transfer function describing ω

ωref
, where ωref is the reference value
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for the articulation angle rate. In order to identify the lateral movement of the f-ADT,
a series of experiments were carried out on the vehicle. The aim of these experiments
was to collect data on lateral movement in different operating scenarios, such as at a
standstill, while driving with a range of higher and lower speed, and with or without a
load. In these tests, different reference set-points were given to the vehicle in the form of
step functions, and the vehicle response was recorded. The results of the experiments
were used to fit a first-order low-pass element using MATLAB’s Identification Toolbox.

These experiments were performed on the vehicle in four iterations. After each experiment,
the results of the identification were discussed with the vehicle manufacturer (Bell), and
the vehicle’s software was adapted to make the lateral movement as consistent as possible
in most operating scenarios. This consistency made it possible to use a single first-order
low-pass element to describe the articulation behavior. The results of one of the final
tests on the vehicle with the final version of the software are shown below. The following
function has been fitted to the final tests of the vehicle:

ω(s)
ωref

= 1
Ts+ 1e

−Tts. (3.1)

Here, s is the complex frequency variable or the Laplace variable, T =0.5 s, and Tt =0.5 s.
As these are the fitting results, the identified model might not perform as well in all
scenarios. In this specific test, the vehicle drives with 5 km h−1 and steers. Figure 3.2
shows the experiment and its results. The first steering command occurs at t =1.5 s. After
a dead time of 0.5 s, the vehicle reacts to the reference steering command. At t =5.8 s,
the vehicle reaches its end angle and cannot steer further, and the articulation angle
rate goes back to zero, regardless of the reference value. A new articulation command is
given to the vehicle at t =8.6 s in the opposite direction, and the vehicle shows similar
behavior. At t =16.6 s, the vehicle reaches its other end angle, and the articulation
angle rate drops to zero before the reference value does. The fitted function describes
the lateral movement of the vehicle and is consistent in the aforementioned operating
scenarios.

A direct identification of the articulation angle with a first-order low-pass element is
not possible due to the characteristics of the hydraulic articulation. In this steering
mechanism, oil pressure has to accumulate in the presence of an articulation command,
which causes an articulation angle rate. The maximum achievable articulation angle rate
of the vehicle is 12 deg/s. Considering the full range of articulation, which is −43 deg to
43 deg, depending on the desired ∆ϕ, the time required to reach the reference articulation
angle varies. This implies that representing the articulation angle itself with a first-order
low-pass element is not possible. In other words, when given an articulation command,
the articulation angle rate is built up and the integral of this rate yields the articulation
angle. Therefore, two equations are required to describe the articulation angle itself:
one is the equation for the articulation angle rate (3.1), and the other equation is the
integral.
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3.3.3 Full-Sized ADT: Longitudinal Identification

The aim of this identification procedure was to also find a function to describe the
longitudinal vehicle behavior when given a reference speed. For this experiment, similar
to the experiments for lateral identification, a step function was given to the vehicle as a
reference and the speed was recorded. The vehicle is able to follow the reference speed
by using the acceleration and brake systems. Similar to the lateral behavior, multiple
tests were conducted on the vehicle in cooperation with the manufacturer to achieve
consistency in the vehicle’s longitudinal behavior. Figure 3.3 shows segments of the
results of the final acceleration and deceleration tests.

The identification tests proved, that the vehicle’s speed shows behaviors that cannot be
modeled with first or second-order delay elements. Instances of this behavior are shown
in Figure 3.3 at t =12 s while decelerating and at t =2 s while accelerating in forms of
unpredictable undershoots and overshoots, respectively. According to the manufacturer,
this behavior occurs due to the gear shifts in the gearbox, leading to overshoots and
undershoots in the speed. Since the gearbox is treated as a black box, more information
about the exact operation points where the gear shifts occur is not available. As a result,
they cannot be directly modeled.

Nevertheless, the goal of identification in this Section is not to reach a perfect match
but to primarily identify dead time and phase delay, which are the important features
for the controller. This goal is achievable without making the model, and consequently,
the resulting control concepts too complex to be applicable to this problem, given the
limited resources such as the computing power on board. Furthermore, these deviations
happen only occasionally and are quickly corrected by the system, as also shown in the
Figure, which makes the use of a first-order low-pass element for the modeling sufficient.

Fig. 3.2: Lateral identification experiments and results for the f-ADT.
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Fig. 3.3: Longitudinal identification experiments and results for the f-ADT.

By using MATLAB’s identification toolbox, the following function has been fitted to the
first-order low-pass element with dead time:

v(s)
vref

= 1
Ts+ 1e

−Tts, (3.2)

where s is the Laplace variable, T =1.25 s, and Tt =0.5 s. As these are the fitting results,
the identified model might not perform as well in all scenarios.

3.3.4 Compact ADT: Lateral Identification

The lateral movement of the c-ADT is similar to the f-ADT in that they both are
articulated vehicles. However, the c-ADT is considerably lighter and requires less torque
to steer. Therefore, the maximum achievable articulation angle rate is not limited by
the actuators but by the articulation angle reaching its end of the range (−30 deg to
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Fig. 3.4: Lateral identification experiments and results for the c-ADT.

30 deg). Consequently, it is possible to identify the articulation angle directly, without
using the articulation angle rate. This is especially of interest since the rate is not a
possible control input for this vehicle. Figure 3.4 shows a segment of the identification
tests for the articulation angle and its results. The following is the identified equation:

ϕ(s)
ϕref

= 1
Ts+ 1e

−Tts, (3.3)

where s is the Laplace variable, T =0.67 s, and Tt =0.5 s. As these are the fitting results,
the identified model might not perform as well in all scenarios.

3.3.5 Compact ADT: Longitudinal Identification

Given the limitations of the vehicle discussed in Section 2.2.2, developing a speed controller
was not possible for the vehicle. Consequently, the speed behavior could not be directly
identified. As a result, it was decided that the best approach was to model and identify
the motor RPM values starting from the linear motor’s zero position. Furthermore, a
lookup table was created that mapped each motor RPM to a speed making it possible
to reach a reference speed. The experiment trajectories for testing the control concepts
were later designed with ideally constant speed so that the identified function matches
the vehicle.

Figure 3.5 shows a segment of the identification experiments. These experiments start
at the RPM corresponding to the linear motor’s zero position, which is approximately
1100RPM. A reference motor RPM is given to the vehicle and the data is recorded. The
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Fig. 3.5: Longitudinal identification experiments and results for the c-ADT.

identified first-order low-pass element is:

Neng(s)
Neng,ref

= 1
Ts+ 1e

−Tts, (3.4)

where s is the Laplace variable, Neng is the engine RPM, Neng, ref is the reference engine
RPM, T =1.25 s, and Tt =0.5 s. As these are the fitting results, the identified model
might not perform as well in all scenarios.

3.4 Introduction to Vehicle Modeling

In this Section, the vehicle models used in the vehicle module of the digital twin are
presented. In the following, a short introduction to wheel slip is presented since this
physical property plays an important role in this work. This introduction is followed by
the kinematic and dynamic modeling of the vehicle.

3.4.1 Wheel Dynamics

This Section is based on [63] and [68] and presents a practical yet short summary for
slip, which is useful in the context of modeling an ADT dynamically. For more detailed
information, please refer to [63].

Figure 3.6 is inspired by [63] and shows a side view of a tire with forces and torques
affecting it and caused by it. In this context, the following variables must be defined.
These variables will only be used in the context of this Chapter.
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• Longitudinal and lateral speeds of the wheel are marked by Vx and Vy. These are
elements of the total velocity vector V . Longitudinal here means at the direction
where the wheel is pointed, and lateral here means perpendicular to the longitudinal
direction.

• The longitudinal and lateral forces applied to the vehicle body from the wheel are
marked by Fx and Fy. Longitudinal and lateral here have similar meanings as for
the speeds. The normal load or vertical force acting on the wheel is denoted by
Fz. Although the z axis is in the opposite direction of Fz, this force is defined to
be positive in the upward direction for practical reasons and to comply with the
literature [64].

• The rotational speed of the wheel around its rotational axis is marked by Ω.

• The effective radius of the wheel is denoted by re. Effective in this context means
the radius of the wheel at free rolling.

• Effective rolling speed is marked by U and defined as U = Ωre.

• The self-aligning torque is denoted by Mz. It is the moment generated about the
vertical axis of the tire, which causes the tire to align itself with the direction of
travel. This is the moment exerted to the tire by the street.

• The torque applied to the wheel by the drivetrain is marked by T .

In the context of vehicle dynamics, slip refers to the relative difference between the actual
velocity vector and the theoretically ideal velocity vector of an object. Theoretically
ideal in this context indicates the velocity vector if the wheel were rolling without any
sliding or skidding, rolling in the same direction the wheel is pointed at. In the following,
firstly, the definition of slip in the wheels is presented and then the slip in the vehicle.

In the wheels, slip is possible due to the elasticity of a tire and manifests itself in the
longitudinal and lateral elements, named slip ratio and slip angle, respectively. The
longitudinal movement of a wheel is physically possible by the slip ratio, and a change in
the direction of the movement is possible due to the slip angle of the wheel.

3.4.1.1 Longitudinal Wheel Slip

Longitudinal slip, which is associated with the slip ratio parameter σ, occurs, assuming
ideal conditions, during acceleration and deceleration. When accelerating, a wheel’s
effective rolling speed U is faster than the actual longitudinal speed Vx due to tire
deformation. When decelerating tire deformation leads to the effective rolling speed U
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Fig. 3.6: Characteristic variables of a tire inspired from [64].

being smaller than the longitudinal speed Vx. Based on this phenomenon, the slip ratio
is defined as follows:

σ =


reΩ − Vx

reΩ
, during acceleration,

reΩ − Vx

Vx

, during deceleration.
(3.5)

This ratio is defined in a way so that it is positive when accelerating and negative when
decelerating.

3.4.1.2 Lateral Wheel Slip

Lateral wheel slip, which is associated with the wheel slip angle parameter α, happens
when making a turn with the vehicle. In other words, it ideally does not occur when
driving at free roll on a straight line. This quantity manifests itself as a difference between
the direction of the actual wheel movement and the direction the wheel is pointing toward.
Wheel lateral slip occurs when the wheel is trying to change the direction of the movement
and keep the vehicle on a curve by applying centripetal forces to the vehicle chassis, and
the vehicle body tries to maintain its longitudinal speed. This force transfer leads to
tire deformation, especially at the contact point with the road. The wheel slip angle is
therefore calculated by the following equation:

α = − arctan Vy

Vx

. (3.6)
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Fig. 3.7: Slip behavior of the tires inspired from [64].

3.4.1.3 Horizontal Wheel Forces

The importance of the wheel slip ratio and slip angle arises when calculating the wheel
forces applied to the vehicle body. Figure 3.7 shows the relationship between the lateral
force Fy and the wheel slip angle α, and the longitudinal force Fx and slip ratio σ. As this
Figure also indicates, with the increasing slip angle or ratio, the resulting force increases
at first as well. However, after a maximum is reached, where the grip is at its maximum,
any further slip leads to less transferred force between the wheel and the vehicle. There
have been many attempts in the literature to find and fit a function to the wheel slip
behavior. The Magic Formula in [63] and the Dugoff model in [68] are amongst the
best-known and used models. However, in cases where finding the tire parameters is not
impossible or not easily possible, or when drifting does not occur, linear tire models can
also be used, which are fitted to the curve at lower sideslip angles where the slope can be
assumed to be linear, as shown in Figure 3.7. The linear tire models are the following for
the longitudinal and lateral forces:

Fx = Cσσ, (3.7)
Fy = Cαα, (3.8)

where Cα is the lateral and Cσ is the longitudinal slip coefficient. Cα is also called tire
cornering stiffness.

3.4.2 Introduction to Kinematic Modeling

The modeling is generally referred to as kinematic when solely the kinematic character-
istics and properties of the vehicle are used in the process of modeling. These include
speed, and if desired, acceleration in both translational and rotational movement. These
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are translated into the vehicle’s speed, acceleration, articulation angle ϕ, and rate ω
in ADTs. Due to this limitation in choosing physical variables to model, not all the
characteristics of a vehicle can be modeled kinematically due to their dynamic nature
and the involvement of the dynamic properties, force and torque, in their behavior.
One of the most important dynamics that are neglected in kinematic models is wheel
dynamics, which leads to the assumption of no wheel slip angle in kinematic models.
This will be explained in detail in the next Section. However, a kinematic model is easier
to parameterize since it uses a limited number of parameters, which are generally easy to
measure, such as vehicle length.

An important feature of the vehicle is the vehicle sideslip angle. The sideslip angle
represents the difference between the vehicle’s yaw angle and the actual direction of
motion [76]. Figure 3.8 illustrates the sideslip angle in a vehicle. Kinematic models
generally calculate the sideslip angle of the vehicle solely geometrically and based on
the relative angle between the wheel and the vehicle body [76]. This is not a holistic
representation for the sideslip angle since dynamic features such as wheel slip also
contribute to it.

In the ADT kinematic models, since the angle between the wheels and the vehicle body
is zero, the geometrical calculation of the sideslip angle obtains also a zero for the sideslip
angle. In other words, in the kinematic modeling of an ADT, a sideslip-free motion is
assumed. This assumption holds at lower speeds but decays with increasing speeds [4].
Dynamic modeling, however, considers sideslip angle and therefore can in theory better
model the vehicle’s motion especially in curves. Therefore, it is recommended to use
dynamic models for the purpose of simulation. In the following, dynamic modeling is
introduced.

3.4.3 Introduction to Dynamic Modeling

Dynamic modeling is the next category of modeling, which generally refers to models that
include and consider forces, torques, mass, inertia, and, depending on the required level of
complexity, other dynamic characteristics of a vehicle. As the list of dynamic properties
also suggests, dynamic models can be developed arbitrarily complex for special purposes.
For example, for modeling cabin vibrations, which are useful when analyzing the comfort
in the cabin, or for modeling cylinder vehicle interactions when analyzing the durability
of cylinders. Other examples of the dynamic characteristics that can be dynamically
modeled include tire dynamics, suspension dynamics, mass transfer dynamics, and roll
and pitch dynamics [76]. This does not mean that all of these dynamics are automatically
included in all dynamic models, but that the possibility remains to add them to the
model.
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Fig. 3.8: Moving angle, yaw angle, and sideslip angle in a vehicle. In this context, an Ackermann
vehicle has been chosen to define the concepts of sideslip angle for simplicity and
better comparability with the existing literature. These concepts are applicable to
other moving objects including ADTs.

One of the most important dynamic features in vehicles, which is included in vehicle
dynamic models is wheel slip. Kinematic vehicle models neglect the wheel slip angle
and assume it to be zero. As a result, dynamic models can more accurately describe a
vehicle’s cornering behavior since wheel slip is considerable when cornering.

In the course of this Chapter, both kinematic and dynamic models for an ADT are
established, and the challenges in using either of them in control and estimation algorithms
are discussed. Furthermore, methods are introduced to augment the sideslip angle into
the kinematic model and to simplify the established dynamic model.

3.5 Kinematic Models of the Vehicle

3.5.1 Kinematic Vehicle Model in Inertial Coordinates (Baseline
Model)

Figure 3.9 illustrates the kinematic bicycle configuration of an ADT. In this configuration,
the front wheels of the ADT are replaced by a single wheel at the center of the front
axle. If the configuration represents an ADT with two wheels on the rear body, the rear
wheels are replaced by a single wheel placed at the center of the rear axle. For an ADT
with four rear wheels, all four wheels are replaced by a single wheel located in the middle
of the two rear axles. In this configuration, L1 is the distance between the articulation
hinge and the front axle, x1 and y1 are the Cartesian coordinates of the center of the
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Fig. 3.9: Kinematic configuration of an ADT from [M2] ©2022 IEEE.

front axle in the inertial frame, v1 is the speed at the center of the front axle, and ϕ is the
articulation angle. Similar to the front body, L2 is the distance between the articulation
hinge and the center of the rear axles, x2 and y2 are the Cartesian coordinates of the
center of the rear axles in the inertial frame, and v2 is the speed at the center of the rear
axles. The inertial frame is marked by FO = {O; i, j}. Note that the articulation angle
is ϕ = ψ1 −ψ2 and is therefore positive when steering left. The baseline kinematic model
of an ADT can be expressed as follows [25]:

ẋ1 = v1 cosψ1, (3.9a)
ẏ1 = v1 sinψ1, (3.9b)

ψ̇1 = sinϕ
L2 + L1 cosϕv1 + L2

L2 + L1 cosϕω, (3.9c)

ϕ̇ = ω (ϕ = ψ1 − ψ2), (3.9d)

where ω is the articulation angle rate. In this model, the inputs to the system are the
current speed at the front axle v1 and the current articulation angle rate ω = ϕ̇. This
model is the baseline kinematic model of an ADT and is established by assuming a
sideslip-free motion of the vehicle. This is noticeable when observing the equations of
motion for an ADT where ẋ and ẏ are functions of only the yaw angle ψ1 and not the
sideslip angle α. Furthermore, this model does not consider the actuator phase delay
and dead times in the steering and speed equations. Using this model in a simulation
or inside an MPC means to assume that the reference inputs for speed and articulation
angle rate are instantly realized by the vehicle.

This problem must be addressed in both control and simulation contexts. In the control
framework, it will be resolved by augmenting first-order low-pass elements into the existing
equations, as detailed in upcoming Chapters 4, 5, and 7 prior to the controller setup. In
contrast, the simulation will employ a similar approach with a different implementation,
as illustrated in Figure 3.1. Here, first-order low-pass elements are introduced into the
reference actuation signals before they enter the model, aligning with the identification
functions established in Section 3.3.

46



3.5 Kinematic Models of the Vehicle

3.5.2 Kinematic-Slip Vehicle Model in Inertial Coordinates
(Kinematic-Slip Model)

As mentioned earlier, the baseline model assumes a sideslip-free motion and cannot
represent the vehicle behavior accurately when compared to models that also include the
sideslip angles. Based on [58], a kinematic-slip model of the vehicle is presented here that
also includes the sideslip angles α and β in its equations while preserving the kinematic
nature of the model. Figure 3.10 shows the kinematic-slip configuration of the vehicle,
where v1 and v2 are the speed at the front and at the rear axle, respectively. The system
equations are expressed as follows:

ẋ1 = v1 cos(ψ1 + α), (3.10a)
ẏ1 = v1 sin(ψ1 + α), (3.10b)

ψ̇1 = sin(ϕ+ α− β)
L2 cos β + L1 cos(ϕ− β)v1 + L2 cos β

L2 cos β + L1 cos(ϕ− β)ω, (3.10c)

ϕ̇ = ω (ϕ = ψ1 − ψ2). (3.10d)

3.5.3 Vehicle Model in Frenet Coordinates

The kinematic model of an ADT can also be expressed in Frenet coordinates so that the
states of the system are not the Cartesian coordinates of the front axle in the inertial
frame but the distance between the axle and a given path. This type of modeling is
especially useful when designing a path-following controller. As mentioned earlier in
Chapter 1.2, in [5], the vehicle model is presented in Frenet coordinates. Since there
is a mistake in the model in that work, the derivation and the final model in Frenet
coordinates are presented in this Chapter. This derivation is based on [56] and [M5] and
is illustrated in Figure 3.11.

Fig. 3.10: Kinematic-slip configuration of an ADT from [M2] ©2022 IEEE.
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Fig. 3.11: Kinematic configuration of an ADT in Frenet coordinates from [M3].

Two reference curves Γ1 and Γ2 are assumed to be known for the front and rear axle,
respectively. Five coordinate systems need to be defined, which are:

1. FO = {O; i, j} the fixed inertial frame,

2. FP1 = {P1; iP1 , jP1} the moving frame located on the front axle of the ADT,

3. FP2 = {P2; iP2 , jP2} the moving frame located on the rear axle of the ADT,

4. FR1 = {R1; iR1 , jR1} the moving frame located on Γ1, where the reference point
R1 can be obtained by projecting P1 on the path orthogonally,

5. FR2 = {R2; iR2 , jR2} the moving frame located on Γ2, where the reference point R2
can be obtained by projecting P2 on the path orthogonally. The reference points
R1 and R2 exist and can be assumed to be unique when the distance between the
ADT and the path is smaller than the momentary radius of the path.

Three sets of variables need to be defined:

• s1, s2: the curvilinear abscissa at the reference points R1 and R2.

• d1, d2: the distances between P1 and R1, and P2 and R2, respectively.

• ∆ψ1 = ψ1 −ψΓ1 , ∆ψ2 = ψ2 −ψΓ2 : the orientation errors of the front and rear body
relative to the path. In other words, they are the difference between the front and
rear yaw angles of the ADT and the tangent of the path at the reference points.

The derivation is continued for the front axle. The curvature at the path Γ1 at the
reference point R1 is:

κR1 = ∂ψR1

∂s1
, (3.11)
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so that:
ṡ1κR1 = ψ̇Γ1 . (3.12)

The following equations are known for a sideslip-free motion:

rR1P1 = d1jR1 , (3.13)
drOR1

dt = ṡ1iR1 , (3.14)
drOP1

dt = v1iP1 (3.15)

= v1 cos ∆ψ1iR1 + v1 sin ∆ψ1jR1 . (3.16)

where rR1P1 is the position vector connecting R1 and P1. Furthermore, it is known
that:

djR1

dt = −ψ̇Γ1iR1 (3.17)

= −ṡ1κR1iR1 . (3.18)

Finally, since rOP1 = rOR1 + rR1P1 , the velocity at P1 can also be expressed as:

drOP1

dt = drOR1

dt + dd1jR1

dt (3.19)

= ṡ1iR1 + ḋ1jR1 − ṡ1κR1iR1 (3.20)
= ṡ1(1 − d1κR1)iR1 + ḋ1jR1 . (3.21)

Setting 3.16 equal to 3.21 yields the following:

ṡ1 = v1
cos ∆ψ1

1 − d1κR1

, (3.22)

ḋ1 = v1 sin ∆ψ1. (3.23)

Now that two states of the system have been established, the differential equation for
∆ψ1 can be introduced. According to its definition, the following holds:

∆ψ̇1 = ψ̇1 − ψ̇R1 . (3.24)

Substituting 3.9c and 3.12 in this equation yields the following for ∆ψ̇1:

∆ψ̇1 = sinϕ v1 + L2ω

L2 + L1 cosϕ − ṡ1κR1 . (3.25)
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For ∆ψ2 = ψ̇2 − ψ̇R2 , the following can be established:

∆ψ̇2 = ψ̇2 − ψ̇R2 (3.26)
= ψ̇1 − ϕ̇− ψ̇R2 (3.27)

= sinϕ v1 + L2ω

L2 + L1 cosϕ − ω − ṡ2κR2 (3.28)

= sinϕv1 − L1 cosϕω
L2 + L1 cosϕ − ṡ2κR2 . (3.29)

Now the state-space model of the system can be presented as follows:

ṡ1 = v1
cos ∆ψ1

1 − d1κR1

, (3.30)

ḋ1 = v1 sin ∆ψ1, (3.31)

∆ψ̇1 = sinϕv1 + L2ω

L2 + L1 cosϕ − ṡ1κR1 , (3.32)

ṡ2 = vx2

cos ∆ψ2

1 − d2κR2

, (3.33)

ḋ2 = vx2 sin ∆ψ2, (3.34)

∆ψ̇2 = sinϕv1 − L1 cosϕω
L2 + L1 cosϕ − ṡ2κR2 . (3.35)

In this system, the equation for ṡ2 and ḋ2 were established similarly to those of ṡ1 and
ḋ1 and were not discussed again.

This model can also potentially be presented with the inclusion of sideslip angles.
However, since the resulting model is not further used in this work, the sideslip-kinematic
model in Frenet coordinates will not be discussed here.

3.6 Dynamic Models of the Vehicle

In this Section, the dynamic modeling of an ADT is presented. At first, the dynamic
model of an ADT without the inclusion of wheels and hydraulic cylinders is introduced.
Then, a methodology is established that avoids the explicit modeling of the cylinders
while taking their dynamic effect into consideration. The simulation environment is then
complete when wheel models, power distribution, and low-level controllers for the speed
and articulation angle are added. In addition to the full dynamic model, a simplified
version is also presented that suits model-based algorithms better such as MPC or state
estimation. Finally, the presented models are validated using real driving data.
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The following dynamic models are established for the f-ADT of this project without loss
of generality since the methodology can be adapted for all setups of ADTs, including the
c-ADT of this project.

The contents of this Section are based on the publication [M2].

3.6.1 Full Dynamic Model of an ADT

3.6.1.1 Dynamic Model of an ADT Body

Before establishing the equations of motion for the vehicle, the required coordinate
systems need to be presented. Figure 3.12 shows the dynamic configuration of an ADT.
In this Figure, (uf , vf) and (ur, vr) are the front and rear speed elements, Fxi

and Fyi

are the wheel forces, T is the torque caused by the cylinders, Rx and Ry are the reaction
forces at the pivoting joint, and ψ1 and ψ2 are the front and rear yaw angle.

Furthermore, a1 and a2 are the distance between the articulation hinge and the front and
middle axle, respectively. The parameter b1 is the distance between the front CoG and
the front axle, while b2 is the distance between the rear CoG and the middle axle. The
distance between the rear CoG and rear axle is c2. The track width in a vehicle is the
distance between the centers of the wheels of the same axle. To simplify the derivation
of the vehicle model, variables tw1 and tw2 have been defined as half of the front and
rear track widths of the vehicle, respectively. Finally, the front body’s mass and moment
of inertia are marked by mf and If while those of the rear body are marked by mr and
Ir, respectively.

• The wheel-based frames: Each wheel (i ∈ [1, 6]) has its own frame, which is
fixed at the wheel.

• Front body frame: This is a vehicle-fixed frame at the front center of gravity
(CoG).

• Rear body frame: This is a vehicle-fixed frame at the rear CoG.

• Inertial frame: This is the locally fixed frame to describe the position of the
vehicle in Cartesian coordinates.

Using Newtonian mechanics, the equations of motion for a rotating system can be
established for the front and rear body of the vehicle in two dimensions (2D) with four
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Fig. 3.12: Dynamic configuration of an ADT from [M2] ©2022 IEEE.

degrees of freedom. The following sets of variables are defined for the better readability
of the equations:

c = cosϕ,
d1 = a1 + b1,

Fxf = Fx1 + Fx2 ,

Fxm = Fx3 + Fx4 ,

Fxr = Fx5 + Fx6 ,

∆Fxf = Fx2 − Fx1 ,

∆Fxr = Fx6 − Fx5 .

s = sinϕ,
d2 = a2 + b2,

Fyf = Fy1 + Fy2 ,

Fym = Fy3 + Fy4 ,

Fyr = Fy5 + Fy6 ,

∆Fxm = Fx4 − Fx3 ,

(3.36)

The articulation angle in this system is defined similarly to the kinematic model and
is:

ϕdyn = ψ1dyn − ψ2dyn . (3.37)
Equations of motion for the front body are the following:

mf (u̇f − vfψ̇1) = Fxf +Rx, (3.38)
mf (v̇f + ufψ̇1) = Fyf +Ry, (3.39)
If ψ̈f = T − b1Fyf − d1Ry + ∆Fxf tw1. (3.40)

For the rear body, similar equations can be established:

mr (u̇r − ψ̇2vr) = −Rx c+Ry s+ Fxr + Fxm , (3.41)
mr (v̇r + ψ̇2ur) = −Ry c−Rx s+ Fyr + Fym , (3.42)
Ir ψ̈2 = −T + Fym b2 − Fyr c2 (3.43)

+ ∆Fxm tw2 + ∆Fxr tw2 − d2 Ry c− d2 Rx s.
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The goal here is to establish ordinary differential equations of the four degrees of freedom
of the system, which are: uf, vf, ψ1, and ψ2. To achieve this, the reaction forces Rx and
Ry, the rear body speed ur and vr, and accelerations u̇r and v̇r need to be eliminated
from the equations. In the following, the relative speed and accelerations of the front
and rear body are presented, which remove the rear body speed and accelerations from
the equations when inserted in equations (3.38) and (3.41):

ur = uf c− s (vf − d1 ψ̇1), (3.44)
vr = c (vf − d1 ψ̇1) − d2 ψ̇2 + uf s. (3.45)

Calculating the derivatives yields the following for the acceleration:
u̇r = u̇f c− s (v̇f − d1 ψ̈1) − uf s (ψ̇1 − ψ̇2) − c (vf − d1 ψ̇1) (ψ̇1 − ψ̇2), (3.46)
v̇r = c (v̇f − d1 ψ̈1) − d2 ψ̈2 + u̇f s+ uf c (ψ̇1 − ψ̇2) − s (vf − d1 ψ̇1) (ψ̇1 − ψ̇2). (3.47)

After substituting the rear speed and acceleration with (3.44) to (3.47), the reaction forces
were eliminated by applying algebraic manipulations, including addition, subtraction,
and multiplication. This process resulted in the following set of four final ODEs that
govern the overall dynamics of the system:

mf u̇f − Fxf +mr u̇f − Fxm c− Fxr c− Fym s− Fyr s+ d1 mr ψ̇
2
1 (3.48)

−mf ψ̇1 vy −mr ψ̇1 vy − d2 mr ψ̈2 s+ d2 mr ψ̇
2
2 c = 0

− d2 mr s ψ̇
2
2 − Fyf +mf v̇f +mr v̇f − Fym c− Fyr c+ Fxm s+ Fxr s (3.49)

− d1 mr ψ̈1 +mf ψ̇1 vx +mr ψ̇1 vx − d2 mr ψ̈2 c = 0
Fyf b1 − T − ∆Fxf tw1 + If ψ̈1 + d1

2 mr ψ̈1 − d1 mr v̇f + Fym d1 c+ Fyr d1 c (3.50)
− Fxm d1 s− Fxr d1 s− d1 mr ψ̇1 vx + d1 d2 mr ψ̇

2
2 s+ d1 d2 mr ψ̈2 c = 0

T − Fym b2 + Fyr c2 + Fym d2 + Fyr d2 − ∆Fxm tw2 − ∆Fxr tw2 + Ir ψ̈2 (3.51)
+ d2

2 mr ψ̈2 − d2 mr v̇f c− d2 mr u̇f s− d1 d2 mr ψ̇
2
1 s

+ d1 d2 mr ψ̈1 c− d2 mr ψ̇1 vx c+ d2 mr ψ̇1 vy s = 0
Solving this system for the degrees of freedom yields the differential equation for each of
the degrees of freedom and has the following format:

ẋdyn :=


u̇fdyn

v̇fdyn

ψ̈1dyn

ψ̈2dyn

 =


gdyn1(Fxi

, Fyi
, T,xdyn, ·)

gdyn2(Fxi
, Fyi

, T,xdyn, ·)
gdyn3(Fxi

, Fyi
, T,xdyn, ·)

gdyn4(Fxi
, Fyi

, T,xdyn, ·)

 =: fdyn(Fxi
, Fyi

, T,xdyn, ·), (3.52)

In this model, if the torque T is set to zero, the model becomes a tractor-trailer system.
In a tractor-trailer system, the articulation angle reaches zero when driving on a straight
line, even when starting at a non-zero articulation angle, and it will reach a non-zero
angle when taking a curve, even when starting at a zero articulation angle. The following
Section presents a method for the implicit inclusion of the cylinders via the torque T in
the vehicle.
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3.6.1.2 Implicit Modeling of the Steering Cylinders

As mentioned earlier in Section 2.1, the task of the cylinders is twofold, which is:

• to maintain the articulation angle when there is no steering command (or when the
command requires the articulation angle to stay constant) and make the vehicle
behave like a rigid body, which from now on is called operating scenario one (OS1),

• and to steer the vehicle when the steering command is present and non-zero to
a given articulation angle or with a given rate, which is referred to as operation
scenario two (OS2) from now on.

The goal of this section is to introduce a method of incorporating the cylinders and their
dynamic effect on the vehicle without actually adding their model to the system. As
mentioned before in Chapter 1.2, this has the benefit, that the resulting model is simpler
to parameterize and has linearizable differential equations. The idea here is to calculate
the torque that actual cylinders would generate to fulfill OS1 and OS2.

In order to do so, torques T1 and T2 are first introduced, where T = T1 + T2. T1 is
responsible for the OS1 and realizes this by using the inverse dynamics of the vehicle
to compensate for all the forces and torques aimed at the articulation angle. T2 is
responsible for OS2.

Calculation of T1
The starting point is the equation for the articulation angle ϕdyn = ψ1dyn − ψ2dyn and its
second order derivative, which is set equal to zero:

ϕ̈dyn = ψ̈1dyn − ψ̈2dyn = 0. (3.53)

In this equation, the following steps are to be taken:

• Set T2 = 0.

• Solve (3.53) for T1. At this point, the required torque to set (3.53) to zero is
calculated T1.

• In the vehicle model (3.52), T1 is replaced by its newly calculated value.

In the resulting system, articulation angle rate ϕ̈dyn can now only be affected by T2
and other torques and forces on the system have no effect since they are canceled out by T1.

Calculation of T2
T2 can now be calculated with the following simple P control law to achieve the reference
articulation angle rate.

T2 = Pω(ωref − (ψ̇1dyn − ψ̇2dyn)) = Pω(ωref − ϕ̇dyn), (3.54)
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where Pω has to be chosen according to the identification results for articulation angle
rate so that the simulation’s articulation behavior is similar to the real vehicle. Due
to the nature of the relation between the control variable (articulation angle rate) and
manipulated variable (torque) and the existence of a natural integrator between them,
the control loop has no steady-state errors. Figure 3.13 illustrates the calculation of T
for the simulation environment. The results of the validation will be presented at the
end of this Chapter.

If it is desired, to have reference articulation angle ϕref instead of the reference articulation
rate ωref, another layer of P control can be added to the system and the value of T2 can
be calculated with the following P control law:

T2 = Pω(Pϕ(ϕref − ϕdyn) − ϕ̇dyn). (3.55)

This control law will also exhibit no steady-state error due to the existence of a natural
integrator between the articulation angle and articulation angle rate, which are the
control and manipulated variables, respectively.

3.6.1.3 Tire Model

With the model of the ADT body established, the tire models for the vehicle can be
discussed. A tire model represents the forces applied to the vehicle’s body Fxi

, Fyi
, i ∈

[1, 6] when an input torque is applied to the wheels. As discussed in Section 3.4.1, there
are a variety of tire models with different complexity and accuracy levels to be used
depending on the specific use case.

Nonlinear tire models, such as the Magic Formula, are highly effective for accurate
simulation. However, they require numerous parameters that can only be determined
through tire testing. Since such testing was not possible, complex tire models like the
Magic Formula were excluded from the simulation. Furthermore, due to the very rigid
structure of tires in ADTs, the heavy weight of the vehicle that prevents the vehicle
from drifting, and the speed limited to 30 km h−1, using a linear tire model presented a
plausible option. Therefore, the tire linear model was used in the simulation with the
following equations ([64]):

Fxi
= Cσσi, (3.56)

Fyi
= −Cα arctan vt,yi

vt,xi

, (3.57)

where Cσ is the longitudinal and Cα is the lateral slip coefficient, vt,yi
and vt,xi

are the
lateral and longitudinal speeds at each tire. The letter t in subscript is short for tire.
The longitudinal slip ratio is denoted by σ and can be calculated with:

σi = −
vt,xi

− re Ωi

vt,xi

, (3.58)
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Fig. 3.13: Block diagram of the dynamic simulation environment from [M2] ©2022 IEEE.

where Ω is the tire rotational speed, and re is the effective radius of the tire.

3.6.1.4 Power Distribution

As mentioned before, ADTs normally have all-wheel drive, which is very suitable for
their use case on uneven and unpaved mostly off-road terrain. Since the exact power
distribution used for the ADT in this project is not known and falls into the patents
of the manufacturer, and to maintain simulation generality, an alternative and simpler
power distribution is acquired for the simulation. In [45] a simple power distribution is
presented, where each wheel of a normal urban vehicle receives torque proportional to
the inverse of its distance to the center of gravity in the car. This cannot be directly used
for an ADT since there are two different centers of gravity. In this case, an interpretation
of the power distribution can be utilized: each wheel receives torque proportional to the
vertical load on it. This interpretation can be employed for the simulation since the
weight of the front and rear bodies of the vehicle are known and are divided equally
on their respective wheels. A PID control law controls the overall required torque for
achieving a given reference speed. The P, I, and D elements are chosen in a way, that
the speed behavior of the simulation is similar to the real vehicle, i.e., is similar to the
identification results from Section 3.3.

With the dynamic model of the ADT body, steering cylinder representation, tire model,
and power distribution established, the simulation environment can be set up in MAT-
LAB/Simulink. The validation of the simulation environment is presented in Sec-
tion 3.7.2.

3.6.2 Reduced Dynamic Model

The vehicle model presented in the previous Section has explicit models for the tires
and power distribution and is suitable for simulation purposes. However, a simplified
or reduced vehicle model is better suitable for online model-based algorithms such as
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model-based filters, controllers, and generally use cases where computationally less chal-
lenging equations are required. In the following, an approach is presented to achieve such
a model in three steps:

Step one
In this reduced model, the vehicle does not have to be presented with two tracks and a
bicycle presentation is sufficient. Therefore, it is assumed that the vehicle has a single
track. To achieve this, the variables tw1 and tw2 are simply set to zero in (3.52).

Step two
Similar to the approach presented in Section 3.6.1.2, a method is introduced to calculate
the required torque T for the two operating scenarios. However, in this new approach,
it is not required to define T1 and T2. It is assumed that the articulation angle rate
behavior of the ADT is known and can be described by a first-order low-pass element as
follows:

ϕ̇

ωref
= kω

Tωs+ 1 which is equal to: ϕ̈ = kωωref − ϕ̇

Tω

, (3.59)

where ωref is the reference, and ϕ̇ is the current articulation angle rate. Parameterskω

and Tω are the identified parameters. This equation describes the second-order derivative
of the articulation angle and can therefore be set equal to (3.53), which also describes
the same variable. This yields:

kωωref − ϕ̇

Tω

= ψ̈1dyn − ψ̈2dyn . (3.60)

When (3.60) is solved for the torque T , the required torque to achieve the identified
articulation behavior from (3.59) can be found. When the resulting value for T is set in
the model after Step one, the articulation input to the model changes from torque T to
the reference articulation angle rate ωref.

Step three
The proposed power distribution from [45] can be used here as well. Since the weight of
the vehicle in the front mf and in the back mr is known, the wheel forces Fxi

, i ∈ [2, 6]
can all be stated as functions of Fx1 :

Fx2 = Fx1 , (3.61)

Fx3 = Fx4 = Fx5 = Fx6 = Fx1

mr

2mf
.

By using (3.61), wheel forces Fxi
, i ∈ [2, 6] are removed from the equations and only Fx1

remains. Furthermore, the lateral forces of the tires Fyi
, i ∈ [2, 6] can be replaced by

the following equations, which is the simplified alternative to the linear tire model in
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(3.56):
Fyi

= −Cα

vt,yi

vt,xi

. (3.62)

This simplification uses the small-angle approximation assuming that vt,yi
is considerably

smaller than vt,xi
.

Step four
In this final step, similar to Step two, it is assumed that the longitudinal behavior of
the vehicle is known and can be described using a first-order low-pass element as:

uf

vref
= kv

Tvs+ 1 which is equal to: u̇f = kvvref − uf

Tv

, (3.63)

where vref is the reference speed, and uf is the current longitudinal speed. Since (3.63)
also describes the first-order derivative of the speed, it can be set equal to (3.52), which
describes the same variable u̇fdyn . This yields:

kvvref − ufdyn

Tv

= u̇fdyn . (3.64)

When this equation is solved for Fx1 , and the result is put in the resulting equation from
Step three, the longitudinal input of the system changes from Fx1 to the reference speed
vref, and the reduced, bicycle model of an ADT is defined by the following equation:

ẋred = f red(vref, ωref,xred, ·). (3.65)

In summary, it was managed to establish a dynamic model for ADTs that is simpler to
set up and requires less computation power when used in a program compared to the
full dynamic model. This simplification was achieved by using a single track instead of
two, removing the two-step calculation of the cylinder torque and introducing a simpler
method to obtain it, and finally removing the explicit tire models and inserting implicit
tire models inside the vehicle model instead.

3.7 Software in the Loop

In this Section, the setup of the SIL is presented by discussing the implementation of the
vehicle module and its interfaces with other modules in the digital twin. Furthermore,
the validation of the vehicle simulations using real-world data is presented.
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3.7.1 Software in the Loop Setup

The SIL is implemented in MATLAB/Simulink. Figure 3.14 provides an overview
of the top level of this environment. As the Figure illustrates, the Simulink blocks
correspond to the modules of the digital twin, which are the controller, the planner,
the vehicle, the sensor, and the state estimation module. In the vehicle module, the
presented dynamic model, reduced dynamic model, and the baseline kinematic model are
implemented for both the f-ADT and c-ADT. The setup of the dynamic models follows
the implementations and equations presented in Sections 3.6.1 and 3.6.2 for the full and
reduced dynamic model, respectively. The kinematic model setup is based on the model
in Section 3.5.1. The remainder of the modules used in the SIL follows the discussion
presented in Section 3.2.

The vehicle parameters are based on the data sheets of the vehicles [86] and [60] and
are presented in Tables 3.1 and 3.2. For the tuning of the speed PID controller and the
steering P controllers, the parameters were chosen with the help of the MATLAB PID
toolbox in a way, that the resulting longitudinal and lateral behavior of the vehicle aligns
with the identification results from Section 3.3.

The vehicle module runs with 1000 Hz with the fixed-step ODE45 setting.

Fig. 3.14: Schematic realization of SIL and HIL in the digital twin.
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Table 3.1: f-ADT dynamic model parameters

Parameter Symbol Value
Front body lengths a1, b1, tw1 1.36 m,0.9 m,1.2 m
Rear body lengths a2, b2, c2, tw2 2.82 m,0.83 m,0.83 m,1.2 m
Tire stiffness Cα, Cl 143 kN rad−1, 127 kN
Vehicle mass m1,m2 9750 kg, 9560 kg
Vehicle inertia I1, I2 17 293 kg m2,22 378 kg m2

Tire radius and inertia rw, Iw 0.8 m, 184.6 kg m2

Steering P control Pω, Pϕ 25 000 Nms/deg, 2 s−1

Speed PID control Pv, Iv, Dv 23 000 N s−1, 900 N s−1, 800 N s−1

Table 3.2: f-ADT kinematic model parameters

Parameter Symbol Value
Vehicle lengths L1, L2 1.36 m,3.65 m
Steering P control Pϕ 2 s−1

3.7.2 Software in the Loop Validation

3.7.2.1 Experimental Setup

In order to validate the simulation of the f-ADT, the results of a series of test drives
in a mining field are compared with the results of the full dynamic, reduced dynamic,
and kinematic simulation. During the real test drives, the speed, articulation angle, and
position were recorded. To carry out the comparison, the speed and the articulation
angle are given to the simulation as reference values, and the results are recorded. In
Figure 3.15, this comparison is shown. In this test drive, the vehicle drives with a
constant speed of 3 m s−1 and makes a left turn. The duration of this test drive is 35 s.
In Figure 3.15, the comparison is in terms of the position of the vehicle, the articulation
angle, and the moving angle.

The choice of moving angle for this comparison is based on the fact that it represents
important dynamic aspects of the vehicle, which are lateral speed, yaw angle, and sideslip
angle. This is evident from the equation of the moving angle, which is the sum of the
yaw and sideslip angles. By defining θ to be the moving angle only in the context of this
Section, it is given as:

θ = ψ1 + α = ψ1 + arctan vf

uf

, (3.66)

where ψ1 is the yaw angle of the front body, and α is the sideslip angle. This is
shown in Figure 3.8 for a simple vehicle. While comparing positions provides a visual
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understanding, it can show a difference between the simulation and the real vehicle that
does not necessarily indicate poor simulation behavior. This drift increases especially
in longer simulations. In contrast, the moving angle provides a more immediate and
meaningful comparison, which reflects the dynamic behavior of the vehicle better.

In the kinematic simulation, the moving angle is equal to the yaw angle, since a sideslip
angle free (α = 0) motion is assumed. In the dynamic simulations, the moving angle is
calculated using (3.66). The moving angle of the vehicle in the experiments is measured
with the localization data from the localization module as the ground truth.

3.7.2.2 Experimental Results

As Figure 3.15 illustrates, all simulations were able to follow the desired articulation
angle similarly and with negligible deviation. This indicates the successful identification
of the vehicle and tuning of the steering controller.

Fig. 3.15: Comparison between the real ADT in a mining field, the full dynamic, the reduced
dynamic, and the kinematic simulation from [M2] ©2022 IEEE.
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The results of the moving angle indicate a moving angle error of 3 deg, 5 deg, and 31 deg
for the full dynamic, reduced dynamic, and kinematic simulations, respectively. The
significant moving error in the case of the kinematic model can be explained by the
kinematic nature of this model and that it assumes a sideslip angle-free motion. This error
is responsible for the noticeable accumulated position error at the end of the simulation.
The full dynamic simulation delivers a more accurate moving angle due to its more
complex steering dynamic and its two-track model, in contrast to the reduced dynamic
model.

Although the results of the experiment seem promising and can validate the full dynamic
model simulation, it is important to mention that the experiment and t he models were
designed for the requirements of this work that were defined in Section 1.2.2. These
requirements are tailored for the purposes of this project. If, however, having a higher
accuracy for the moving error in more dynamic scenarios is also desired, the following
suggestions can be considered for the model:

• More accurate tire models such as Magic Formula [64].

• Using a three-dimensional model with nine degrees of freedom, which can better
simulate roll and pitch angles and their effect on the overall behavior.

• Alternatively, methods to estimate wheel load shift and the roll angle can be used
that replicate the roll and pitch angle effects on the vehicle in two-dimensional
modeling [76].

• More accurate power distribution that is closer to the power distribution of the
real vehicle, which is possible when a model of the vehicle’s power distribution is
available.

3.8 Hardware in the Loop

The HIL system was developed only for the c-ADT since the f-ADT’s hardware was
developed by Indurad GmbH.

The objective of the HIL system for the c-ADT was to create an environment where the
compatibility of the different modules of the software framework (see Section 2.2.4) with
the IRT IPC could be tested. Furthermore, the HIL could facilitate debugging scenarios
so that the functionality of the system could be tested and assured prior to the field
tests. The HIL setup consists of the IRT IPC with the software framework installed and
a secondary PC where a simulation of the vehicle runs in MATLAB. The communication
between the two systems is via CAN to replicate the real-world setup. The software
framework on the IRT IPC was explained in detail in Chapter 2. Figure 3.14 provides an
overview of the HIL.
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3.9 Summary

In this chapter, the digital twin of the ADT was established by first defining the various
modules of the digital twin, followed by presenting a novel approach to modeling the
vehicle, which serves as the pivotal component of the digital twin. The other modules
will be detailed throughout the remainder of this work.

To establish the vehicle module, the identification tests conducted on the vehicles were
presented, along with an evaluation of the results. The objective of these tests was to
model and parameterize the behaviors of the actuators by employing first-order low-pass
elements and introducing them to the vehicle models.

The modeling process began with the presentation of different kinematic models, followed
by the development of a novel dynamic model in accordance with the requirements
defined in Section 1.2.2. While the established dynamic model is suitable for simulation
purposes, a simplified version was also introduced for additional use cases with limited
computational resources. Subsequently, the SIL environment was set up using the
presented models and identification results, with validation conducted using real-world
data. Finally, the HIL setup was established, facilitating early debugging and functionality
testing.
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This Chapter initiates the control design process for this work by first presenting two
path-following controllers. One is based on classical feedback control methods while
the other is an MPC. Subsequently, this Chapter presents the simulation results of the
controllers, followed by field test results in a mining field with the f-ADT. Finally, a
comparison discussion about these controllers is presented at the end of this Chapter.
This comparison showcases the abilities of model-based controllers compared to classical
feedback controllers and presents the benefits of employing actuator identification in the
control concept. The contents of this Chapter correspond to [M3].

4.1 Path-Following MPC

This Section presents the components that the MPC setup requires.

4.1.1 MPC Model

The chosen model for the path-following MPC is a simplified variation of (3.30), which
is presented in the following in its original equations again for ease of access:

ṡ1 = v1
cos ∆ψ1

1 − d1κR1

, (4.1)

ḋ1 = v1 sin ∆ψ1, (4.2)

∆ψ̇1 = sinϕv1 + L2ω

L2 + L1 cosϕ − ṡ1κR1 , (4.3)

ṡ2 = v2
cos ∆ψ2

1 − d2κR2

, (4.4)

ḋ2 = v2 sin ∆ψ2, (4.5)

∆ψ̇2 = sinϕv1 − L1 cosϕω
L2 + L1 cosϕ − ṡ2κR2 . (4.6)

The inputs to this model are the speed at the front axle v1, articulation angle rate ω,
and front and rear curvatures κR1 and κR2 . These inputs should not be mistaken with
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control inputs of the MPC, which will be discussed later. The rest of the variables and
parameters were previously introduced in Section 3.5.3 and will not be reintroduced here
again. As the equations of this model indicate, the model exhibits many nonlinearities
specifically due to the existence of the input variables κR1 and κR2 in the denominator
of (4.1) and (4.4). However, by making the following assumptions and the resulting
adjustments in the model, the model and consequently the linearized model can be
simplified. These simplifications are partly based on [M5].

Assuming that the orientation errors ∆ψ1 and ∆ψ2 are close to zero, cos ∆ψ1 and cos ∆ψ2
can be approximated to be equal to one. Furthermore, by assuming that the curvatures
of the reference paths are also close to zero, indicating a path without sharp curves,
the denominator of the equation for ṡ1 and ṡ2 can be replaced by one. This yields the
following for ṡ1 and ṡ2:

ṡ1 = v1
cos ∆ψ1

1 − d1κR1

(4.7)

≈ v1,

ṡ2 = v2
cos ∆ψ2

1 − d2κR2

(4.8)

≈ v2.

Now that the model is established, the identification equation from Section 3.3 from (3.1)
should be added to the vehicle model. As discussed in Section 1.2.4, without the inclusion
of the identification equations, the MPC assumes that the reference for the articulation
angle can be realized by the vehicle instantly. However, this assumption is not valid for
most real systems and specifically for ADTs considering their phase delays.

Using the discussed approximations and including the articulation identification equation
yields the following kinematic ADT model in Frenet coordinates:

ḋ1 = v1 sin ∆ψ1, (4.9)

∆ψ̇1 = sinϕv1 + L2ω

L2 + L1 cosϕ − v1κR1 , (4.10)

ḋ2 = v2 sin ∆ψ2, (4.11)

∆ψ̇2 = sinϕv1 − L1 cosϕω
L2 + L1 cosϕ − v2κR2 , (4.12)

ϕ̇ = ω, (4.13)
ω̇ = (−ω + kωωref)/Tω. (4.14)

The state vector of this system is xpf-Fr = [d1,∆ψ1, d2,∆ψ2, ϕ, ω]T , with the subscript
indicating path-following control using the Frenet model, and the input to this system is
simply the reference articulation angle rate upf-Fr = ωref.
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Speed at the front axle v1 is an input to the model but is not a control variable and
is assumed to remain constant over the MPC’s prediction horizon. This assumption
is valid since the vehicle drives with a constant speed or only experiences instants of
speed change. Therefore, the identification equation for speed was not added to this
model. From the perspective of the MPC, the speed v1 is a parameter. The value of this
parameter is set equal to the current speed of the vehicle each time the MPC is called.

As one of the main factors for choosing an MPC is its predictive aspect, it is important
to discuss how the MPC receives information about the future by analyzing the model.
In many cases that involve a tracking MPC, the MPC attempts to follow a reference
trajectory over time. This means, that the reference itself provides the MPC with
information about the future of the environment. In this model, however, as the state
vector indicates, the lateral distances and orientation errors are the states. Consequently,
the future reference for these states is to maintain values as close to zero as possible.
As a result, the future reference is constant and is equal to zero. Consequently, for this
model, the reference cannot provide the MPC with information about the future. In
this case, the future curvatures κR1 and κR2 are the elements to provide information
about the future path. The curvatures of the upcoming path are considered as a known
disturbance in this model and form the disturbance vector zpf-Fr = [κ1, κ2]T .

While disturbance inputs do not typically need to be included in the MPC model, in
the case of this modeling, their inclusion plays an integral role in the functionality of
the MPC. This is because these curvatures are known in advance and provide the MPC
with critical information about the future of the paths. Removing them from the model
partly eliminates the predictive advantage that MPCs have over feedback controllers.

4.1.2 Model Linearization and Discretization

In this Section, the approach presented in [1] and [16] is utilized for setting up the MPC.
This approach requires linearized and time-discrete system matrices. In the following, the
linearization and discretization of a general nonlinear continuous system are presented.

The nonlinear continuous system in the following is assumed:

ẋ(t) = f(x(t),u(t)), (4.15)
y(t) = C · x(t), (4.16)

where f is the set of nonlinear system differential equations, and x, u, and y are the
state, input, and output vectors. Matrix C is the output matrix. For simplicity and
since it applies to all systems of this work, a linear output equation is assumed as also
shown in (4.16).
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Utilizing the Jacobian matrix at the current operation point, which is denoted by the
letters op in the subscript, (xop,uop) yields the linearized system matrices as follows:

A = ∂f

∂x

∣∣∣∣
xop,uop

=


∂f1
∂x1

· · · ∂f1
∂xn... . . . ...

∂fn

∂x1
· · · ∂fn

∂xn


∣∣∣∣∣∣
xop,uop

, (4.17)

B = ∂f

∂u

∣∣∣∣
xop,uop

=


∂f1
∂u1

· · · ∂f1
∂um... . . . ...

∂fn

∂u1
· · · ∂fn

∂um


∣∣∣∣∣∣
xop,uop

, (4.18)

assuming that the system has n states and m inputs. Here, the index in i marks the
i−th element of the associated vector. The Jacobian is executed every time the MPC is
called to have the current linearized system at the current operation point (xop,uop).
The next step is to discretize the system. There are multiple approaches to discretize
the system model. According to [1], matrix exponential is chosen. With the sampling
time Ts the time-discrete system matrices are as follows:

Ad = eATs , (4.19)
Bd = (eATs − I)A−1B, (4.20)
Cd = C. (4.21)

The subscript d indicates time-discrete elements. This yields the following linear and
time-discrete system model:

xd(k + 1) = Ad(k)xd(k) + Bd(k)ud(k), (4.22)
yd(k) = Cdxd(k). (4.23)

What is presented in this Section so far, is the linearization and discretization approach
for systems with the form presented in (4.15) and (4.16), which holds for the rest of the
systems in this work. However, the system in this Chapter has an additional element,
namely the input disturbance, and has the following form:

ẋ(t) = f(x(t),u(t), z(t)), (4.24)
y(t) = C · x(t), (4.25)

where z(t) is the disturbance vector. For this system, the linearization has the following
additional step:

E = ∂f

∂z

∣∣∣∣
xop,uop

=


∂f1
∂z1

· · · ∂f1
∂zl... . . . ...

∂fn

∂z1
· · · ∂fn

∂zl


∣∣∣∣∣∣
xop,uop

, (4.26)
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where l is the number of disturbance elements. Consequently, the discretization also has
the following additional step:

Ed = (eATs − I)A−1E, (4.27)

yielding the following linear and time-discrete model:

xd(k + 1) = Ad(k)xd(k) + Bd(k)ud(k) + Ed(k)zd(k), (4.28)
yd(k) = Cdxd(k). (4.29)

Following the aforementioned steps for the system of this Chapter yields the following
system:

xpf-Fr,d(k + 1) = Apf-Fr,d(k)xpf-Fr,d(k) + bpf-Fr,d(k)upf-Fr,d(k) + Epf-Fr,d(k)zpf-Fr,d(k).
(4.30)

The matrices of this system can now be utilized in the MPC approach.

4.1.3 Dead Time Compensation

As mentioned in Section 1.2.4, one of the important features of MPCs is the ability to
consider actuator dead times in the control process. This can be achieved directly by
including system dead times in the MPC model and in the formulation of the Hessian
matrix [87]. While this method is a viable solution to the dead time problem, it relies on
the linearized model to compensate for the dead time, which progressively loses accuracy
as it moves away from the linearization point. As a result, this method may pose issues
when the dead time is relatively long, which is the case in ADTs.

To address these concerns, another method can be employed where the predicted vehicle
states after the dead time x̂ are calculated externally before the MPC and are given to
the MPC instead of the real current states. This is shown in Figure 4.1. The vector
xref refers to the reference path. The predicted state x̂ can be obtained by using the
nonlinear vehicle model and numerically integrating with buffered control variables,
starting from the actual current state, to find the state after the dead time. For the

Fig. 4.1: Structure of the MPC and the dead time compensation.
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integration, different methods such as Euler forward or Runge Kutta can be used. The
basic idea behind this method is similar to the Smith predictor. The nonlinear prediction
model is the baseline kinematic model (3.9) augmented with identification equations.
This approach is used across this work for dead time compensation for all MPCs unless
indicated otherwise.

4.1.4 Reference Path Preparation

The curvatures of the upcoming reference paths are considered as known disturbances
for the MPC and must be calculated each time the MPC is called for all the upcoming
path points within the MPC prediction horizon. Calculating the curvature at a point
on a given path requires the coordinates of two adjacent points as well. Furthermore,
the points where the curvature is determined must align with the MPC horizon and
its discrete time step. This means that given that the MPC model is time-discrete
with a discretization step of Ts, the curvatures must be computed at N points that are
equidistant in time starting from the orthogonal projection of an axle’s position onto the
path. Figure 4.2 illustrates these points on a path.

Figure 4.2 shows not only the vehicle and the future points where the curvature should
be calculated but also the predicted vehicle position after the dead time, illustrated by
a transparent vehicle. As mentioned in Section 4.1.3, in order to compensate for the
system dead time, the vehicle state after the dead time is calculated and given to the
MPC as the current system state. With the same logic, the path curvatures given to

Fig. 4.2: Path points for the front and rear axle of the ADT. For better readability, the path
points of the rear axle are numbered. In this scenario, N = 20.
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the MPC also have to be the path curvatures that the vehicle encounters after the dead
time. This is why the orthogonal projection of the predicted vehicle is used as the first
point where the curvature is calculated and not the orthogonal projection of the actual
current axle position. As the Figure also indicates, a total of N + 2 points are marked so
that the curvature of the inner N points of interest can be calculated.

In order to find these time-equidistant points on a given path, the time distance between
them Ts is translated into the physical distance, which is Ts · v1, representing the distance
the vehicle can travel in Ts. An algorithm is utilized here that given a path and an initial
point and direction, locates the point on the path in a physical distance of Ts · v1 from
the initial point. The algorithm starts with the orthogonal projection of an axle on the
path and then repeats this operation for another N times forward and one single time
backward to obtain the total required N + 2 points.

After the coordinates of these points are established, the MATLAB File Exchange library
"2D Line Curvature and Normals" [47] is utilized to calculate the curvatures.

4.1.5 Cost Function

For the path-following problem, a quadratic cost function is utilized, which aims to

• ensure good tracking behavior by minimizing the lateral tracking errors d1 and d2,

• enhance stability and maintain consistent and predictable vehicle dynamics by
minimizing the orientation error ∆ψ1 and ∆ψ2 and aligning the vehicle with the
direction of the path,

• reduce sideslip angle and skidding by keeping the articulation angle ϕ and rate ω
at minimum.

The cost function achieves these goals by minimizing all state values and is given in the
following:

min
upf-Fr,d(·|k)

Nc∑
i=1

∥xpf-Fr,d(k + i|k)∥2
Q + (4.31a)

+ ∥upf-Fr,d(k + i− 1|k) − upf-Fr,d(k + i− 2|k)∥2
r

s.t. xpf-Fr,d(·|k) ∈ X, upf-Fr,d(·|k) ∈ U, (4.31b)

where Q and r are the weight elements, and X and U are the set of feasible states and
control inputs, respectively.

The only constraints that the MPC must consider are regarding the physical constraints
of the vehicle, which are a maximum articulation angle and a maximum articulation
angle rate. These two constraints are added to the MPC formulation.
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The chosen solver for the MPC is QP KWIK from MATLAB, which is based on [75].
The MPC runs at 20 Hz both in the simulation and in the experiment. Table 4.1 shows
the rest of the MPC parameters.

4.2 Path-Following Feedback Control with Stanley
Controller

Stanley is the name of an autonomous vehicle from Stanford University that took part
in the DARPA Grand Challenge in 2005 and won first place [84]. This controller
does not consider the kinematics, nor the delays of the vehicle and can therefore be
implemented with relatively less effort compared to MPCs. In the following, this controller
is presented.

The control law of the Stanley controller is:

ϕref = (ψ1 − ψΓ1) + arctan KSd1

v1
. (4.32)

In this method, KS is the gain parameter that should be adjusted for the controller, and
ϕref is the articulation angle reference. The other variables are previously described in
detail in Section 3.5.3 and shown in Figure 3.11.

While this controller is primarily created for Ackermann-steered vehicles, it is used
for ADTs here without adjustment. This is because the essential goal of a controller
in Ackermann vehicles and in ADTs is alike, which is to minimize the distance to a
given reference path while keeping the relative orientation to the path at a minimum.
This is indicated in (4.32) as well, as the reference articulation angle increases with the
orientation error and the lateral error to the path. The gain parameter KS is the factor
that determines, which of the two goals has more priority. The inclusion of the vehicle
speed in the equation works as a regulator to avoid high steering angles at high speed.
This increases safety during the experiment.

Table 4.1: Path-following MPC parameters for the f-ADT.

Parameter Symbol Value
Vehicle lengths L1, L2 1.36 m, 3.65 m
Steering constants Tω, kω 0.5 s, 1
Further parameters Td, Ts, N 0.5 s, 0.3 s, 20
MPC’s constraints |ωref|max 12 deg/s,

|ϕ|max 42 deg,
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4.3 Path-Following Control Simulation and Experimental
Evaluation

4.3.1 Simulation and Experimental Setup

The goal of the simulation and the experiment is to compare the performance of the
path-following MPC with the Stanley controller as representatives of predictive and
classical feedback controllers, respectively. To achieve this comparison, two paths are
created and the objective for the controllers is to follow the path with as little lateral
error as possible at a constant speed. The paths are designed to match the area that the
mining field can provide for testing so that the same scenarios in the simulation can also
be performed later in the mining field. In these tests, the vehicle drives with a constant
speed of 2 m s−1.

Fig. 4.3: Simulation results for the path-following MPC vs the Stanley controller at track 1.
The numbers mark the curves on the driven track and the articulation angle plot.
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4.3.2 Simulation and Experimental Results

Figures 4.3 and 4.4 illustrate the simulation results, and Figure 4.5 shows the experimental
results. This discussion starts by analyzing the simulations first. Both the MPC and the
Stanley controller start off-track so that their behavior in such situations is evaluated
and compared. As the Figures show, the Stanley controller has difficulty stabilizing
the vehicle over the reference path. The overshoots observed on the track increase in
magnitude with increasing speed. Furthermore, the Stanley controller shows a higher
lateral error to the reference path when facing a non-zero curvature as observed at all
curves. The results also reveal that the vehicle experiences more frequent changes in
articulation direction when driven by the Stanley controller compared to the MPC, as
indicated by the frequent oscillations in the articulation angle plot.

It is also important to mention that the results of the Stanley controller suffer further at
higher speed in terms of the magnitude of the overshoots when stabilizing the vehicle
on the track and become unstable at speed above 4 m s−1, which is the reason for the
limited speed of the tests.

Figure 4.5 shows the experimental results of the same scenario as discussed earlier in this
Section. The results are similar to the simulation and prove the experimental comparison

Fig. 4.4: Simulation results for the path-following MPC vs the Stanley controller at track 2.
The numbers mark the curves on the driven track and the articulation angle plot.
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Fig. 4.5: Experimental results for the path-following MPC vs the Stanley controller at track 1.
The numbers mark the curves on the driven track and the articulation angle plot.

between the two controllers.

The shortcomings of the Stanley controller are due to its non-predictive nature, which
causes the controller to react to the path only after a lateral error has already happened.
Furthermore, MPC’s ability to count for system phase delays and dead times further
improves its results.

As the results indicate, both approaches serve as viable solutions for the autonomous
driving of ADTs, and, depending on the acceptable implementation difficulty, computa-
tional power on board, the desired operation speed, and the allowed maximal lateral error
one can be chosen. However, the path-following MPC delivers noticeably better results
and is regarded as the better solution when computational power and implementation
difficulty are not an issue. These results also prove the general hypothesis that predictive
methods deliver superior results in path tracking at ADTs.

Having presented the results of the simulations and experiments, the use case and
limitations of path-following controllers in general can be discussed. For the path-
following MPC to function, the future curvatures need to be known. These curvatures
are obtained based on the upcoming speed since the position of the points where the
curvature is calculated depends on the speed. As a result, changes in the speed after the
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curvatures have been calculated lead to inaccuracies in the obtained curvatures. This
compromises the accuracy of the future path from the MPC’s perspective and negates the
advantages that a predictive method can provide. As a result, path-following MPCs are
generally more suitable for scenarios where the vehicles drive on tracks without frequent
variations in the speed profile or without stop-and-go situations.

For other scenarios involving stop-and-go situations, parking scenarios, and frequent
speed variations, trajectory-following controllers are recommended. These controllers
can control both the speed and the articulation angle simultaneously, automatically
taking the effects of variations of the speed into consideration. In the next Chapter, the
trajectory-following MPCs are presented.

4.4 Summary

In this Chapter, two path-following controllers were presented, one based on classical
feedback control and the other based on an MPC approach. Furthermore, the performance
of the controllers in the simulation environment and on a field test was investigated.
Finally, a discussion about the strengths and weaknesses of each controller and path-
following controllers in general was presented.
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In this Chapter, the trajectory-following MPC are presented that can handle the entire
operational routine of an ADT defined in Section 1.2.4. To achieve this goal, this Chapter
first presents vehicle models that are required for different operation scenarios. Afterwards,
an MPC is developed for each model. Finally, the results of experiments conducted in a
surface mine with the f-ADT and c-ADT carrying out a routine transportation scenario
are presented at the end of this Chapter.

5.1 Kinematic Model Library for the Trajectory-Following
MPCs

5.1.1 ADT Kinematic Model for Driving Forward

For this operation scenario, driving forward for the f-ADT, the baseline kinematic model
from Section 3.5.1 is employed together with the actuation identification equations for
speed (3.2) and articulation angle rate (3.1). This yields the following model:

ẋ1 = v1 cosψ1, (5.1)
ẏ1 = v1 sinψ1, (5.2)

ψ̇1 = sinϕ
L2 + L1 cosϕv1 + L2

L2 + L1 cosϕω, (5.3)

ϕ̇ = ω, (5.4)
ω̇ = (−ω + kωωref)/Tω, (5.5)
v̇1 = (−v1 + kvvref)/Tv. (5.6)

In this system, (x1, y1) is the position vector of the front axle in inertial coordinates, and
v1 is the speed at the front axle. Variable ϕ is the articulation angle, while ψ1 is the
front yaw angle. Additionally, ω is the articulation angle rate, and L1 and L2 denote the
distance from the hinge to the front and the rear axle, respectively. Parameters (kω, Tω)
and (kv, Tv) are the articulation angle rate and the speed gain and time constant, while
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ωref and vref denote the reference value for articulation angle rate and speed, respectively.
Figure 5.1 illustrating this setup is repeated here from Section 3.5.1 for ease of access.

The state vector of this model, which is designed with front axle referencing ( FAR) for
the f-ADT ( f), is given as xFAR

f = [x1, y1, ψ1, ϕ, v1]⊤. The reference articulation angle
rate ωref and the reference speed vref define the control input vector uFAR

f = [vref, ωref].
This model is called FARf.

5.1.2 ADT Kinematic Model for Driving Backwards

When driving forward, the front axle of the vehicle, which is the reference point in
the models so far, moves in the same direction as the steering. However, when driving
backwards, the system shows non-minimum phase behavior at the front axle’s position,
and steering in one direction causes the front axle to move in the opposite direction for
a period of time before moving in the targeted direction. The duration of the opposite
movement To and the displacement of the front axle in the opposite direction increase at
lower speed or when the lengths of the front and rear bodies of the vehicle differ more
strongly. Fig. 5.2 shows this effect in a simulation when the vehicle starts with ψ1 = ϕ =
0 deg, and the articulation angle is set to ϕ = 40 deg at t = 5 s. When To becomes
longer than the prediction horizon of an MPC, the MPC mistakenly expects the ADT to
generally move in the opposite direction of the steering. This leads to infeasibility in the
MPC. Even if the prediction horizon of the MPC is longer than To, the accuracy of the
control will be lost until the end of To due to linearization errors.

To avoid using a nonlinear MPC or an unnecessarily long prediction horizon, this Chapter
proposes to eliminate this problem by switching the reference point of the vehicle to the
rear axle. In order to achieve this and to create a model that depends only on the rear
speed as the speed variable, the relationship between the front and the rear speed and

Fig. 5.1: Kinematic configuration of an ADT from [M2] ©2022 IEEE.
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yaw angles must be formulated, as can be shown based on the kinematics

v1 = v2 cosϕ+ L2ψ̇2 sinϕ, (5.7)
ψ̇1 = ψ̇2 + ω, (5.8)

where v2 is the speed of the rear axle, and ψ2 is the rear yaw angle. The reference
point of the ADT can be moved to the rear axle by inserting (5.7) and (5.8) in (5.3).
The state vector of the resulting model with rear-axle referencing (RAR) is given
as xRAR

f = [x2, y2, ψ2, ϕ, ω, v2]⊤, where (x2, y2) is the position of the rear axle in the
inertial coordinates. This model is called the RARf model. The control input vector is
uRAR

f = [vref, ωref], and the state equations are given as:

ẋ2 = v2 cosψ2, (5.9)
ẏ2 = v2 sinψ2, (5.10)

ψ̇2 = sinϕ
L2 cosϕ+ L1

v2 − l1ω

L2 cosϕ+ L1
ω, (5.3)

ϕ̇ = ω, (5.4)
ω̇ = (−ω + kωωref)/Tω, (5.5)
v̇2 = (−v2 + kvvref)/Tv. (5.6)

5.1.3 Kinematic Models for the Compact ADT

Compact ADTs (c-ADT) are used in construction sites where an f-ADT is not suitable
due to its larger size. c-ADTs have a faster dynamic in steering since considerably less
torque is required to steer. Due to these faster dynamics, using the articulation rate
as the control variable is difficult and unnecessary since it requires an extra state in
the vehicle model and an additional intermediate control loop. To establish a suitable

Fig. 5.2: Non-minimum phase behavior of the FAR model compared to the RAR model when
driving backwards. Initial yaw angle ψ1 = ϕ = 0 deg. ϕ is set to 40 deg at t = 5 s.
v1 = 0.5 m s−1.
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dedicated model for c-ADTs, the steering dynamic is directly modeled using a first-order
low-pass element. This can be given as

ϕ

ϕref
= kϕ

1 + Tϕs
, or as ϕ̇ = (−ϕ+ kϕϕref)/Tϕ, (5.7)

where ϕref is the desired articulation angle, kϕ is the gain, and Tϕ is the time constant
of the steering. When ω in the model from 5.1.1 is replaced by (5.7), and the model is
expanded with the speed first-order low-pass element, the kinematic model of a c-ADT for
driving forward can be achieved. The state vector of this model, which is designed with
front axle referencing ( FAR) for the c-ADT ( c), is given as xFAR

c = [x1, y1, ψ1, ϕ, v1]⊤.
The desired articulation angle ϕref and the desired speed vref define the control input
vector uFAR

c = [vref, ϕref]. This model is called the FARc model, and its state equations
are given as:

ẋ1 = v1 cosψ1, (5.8)
ẏ1 = v1 sinψ1, (5.9)

ψ̇1 = sinϕ
L2 + L1 cosϕv1 + L2(−ϕ+ kϕϕref)

Tϕ(L2 + L1 cosϕ) , (5.10)

ϕ̇ = (−ϕ+ kϕϕref)/Tϕ, (5.11)
v̇1 = (−v1 + kvvref)/Tv. (5.12)

Similar to f-ADTs, the kinematic ADT model for driving backwards must be established
for c-ADTs as well. Following the same steps as in Section 5.1.2 yields the kinematic
model of a c-ADT for driving backwards. The state vector and the control input vector
of this model, which is called the RARc model, are given as xRAR

c = [x2, y2, ψ2, ϕ, v2]⊤
and uRAR

c = [vref, ϕref], respectively. The state equations of the ADT are given as:

ẋ2 = v2 cosψ2, (5.13)
ẏ2 = v2 sinψ2, (5.14)

ψ̇2 = sinϕ
L2 cosϕ+ L1

v2 + L2(−ϕ+ kϕϕref)
Tϕ(L2 cosϕ+ L1)

, (5.3)

ϕ̇ = (−ϕ+ kϕϕref)/Tϕ, (5.4)
v̇2 = (−v2 + kvvref)/Tv. (5.5)

5.2 Trajectory-Following MPC Experimental Results

In order to find the optimal control input that minimizes the distance between the
vehicle state and a given reference trajectory xref, an MPC is developed for each of
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the four presented ADT models. The setup of the MPCs, including the cost function,
linearization, discretization, constraints, and dead time compensation is the same as the
setup in Chapter 4.

5.2.1 Compact ADT

5.2.1.1 Experimental Setup

The objective of the experiment is for the c-ADT to follow a given trajectory forward
with the front axle as the reference point, which means by using the FARc model. After
reaching the end of the trajectory, the vehicle stops and drives the same trajectory
backwards. This part of the experiment is done once with the FARc and once with
the RARc model to compare the functionality of the models for the task. Since the
testing ground is an unpaved mining field, it is decided to limit the speed of the vehicle
to 2 m s−1. Higher speed proved to be damaging to the vehicle and to the equipment.
Table 5.1 lists the parameters of the MPCs.

The trajectory-following MPCs run on an industrial PC (IPC) at 20 Hz. The IPC is
connected to the vehicle CAN bus, through which the MPCs send the control inputs
to the vehicle. The current state vector of the vehicle x, which is required to close the
feedback loop, is formed with the information on the CAN bus and the data from the
localization module.

5.2.1.2 Experimental Results

Fig. 5.3 shows the results of the trajectory-following MPCs for the c-ADT. Figures 5.3a
and 5.3b show the plot of the reference and the driven trajectory in the experiments, and
Figures 5.3c and 5.3d the vehicles speed v, articulation angle ϕ, and the distance error

Table 5.1: c-ADT MPC parameters.

Parameter Symbol Value
Vehicle lengths L1, L2 0.80 m, 0.84 m
Speed constants Tv, kv 1.25 s, 1
Steering constants Tϕ, kϕ 0.67 s, 1
Weight matrix Q diag([100, 100, 0, 0, 0])
Weight matrix R diag([30, 20])
Further parameters Td, Ts, N 0.5 s, 0.3 s, 20
MPC’s input constraints |ϕref|max,|vref|max 30 deg, 2 m s−1
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(a) (b)

(c) (d)

Fig. 5.3: c-ADT experimental results. (a) Reference and actual trajectory plots for the c-ADT
in driving forward with the MPC that uses the FARc model. (b) Reference and actual
trajectory plots for the c-ADT in driving backwards with FARc and RARc models.
(c) and (d) Speed, articulation angle, and distance error during the experiments of
driving forward and backwards, respectively.

between the vehicle’s reference axle and the reference trajectory. Table 5.2 summarizes
the results of the experiments. As Fig. 5.3a shows, the vehicle’s start position is not at the
start position of the trajectory. Therefore, the MPC drives the vehicle to the start point
and follows the trajectory afterward. The vehicle exhibits no noticeable oscillation about
the trajectory other than at the beginning, where the MPC tries to reach the reference
trajectory and causes an overshoot. As mentioned in the state-of-the-art discussion in
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Section 1.2.4, it is important that the maximum lateral error stays within the required
limit when close to the destination or the finish point and to keep the MAE within the
acceptable limits during the whole trajectory. The MPC manages to achieve a maximum
lateral error of 22.9 cm in the last 5 m of the trajectory and an MAE of 17.6 cm. The
overall maximum lateral error is 56.3 cm.

Fig. 5.3b shows the trajectory plots for driving backwards for the MPCs with the RARc
and FARc models with the reference point on the rear and the front axle, respectively.
The latter had to be stopped before finishing the trajectory shortly after curve D since
the vehicle’s deviation from the reference trajectory appeared to indicate unpredictable
behavior of the vehicle. This situation happened repeatedly in multiple attempts. As it
is shown in Figures 5.3b and 5.3d, the MPC with the RARc model performs better in
terms of the lateral error. This MPC achieves an overall MAE of 11.5 cm and a maximum
lateral error at the finishing 5 m of the trajectory of 10.3 cm. The overall maximum
lateral error is 33.9 cm. In contrast, the MPC with the FARc model achieved an overall
MAE of 40.1 cm with a maximum lateral error of 1.1 m. From these results, it is evident
that using the RARc model in an MPC for driving backwards substantially improves
the results in terms of lateral error. This improvement is achieved by using the RARc
model since it does not show the non-minimum-phase behavior at its reference point
when driving backwards.

Table 5.2: c-ADT MPC results.
In this table, (‡) marks this work’s contributions and (†) marks state-of-the-art
approaches.

Evaluation Driving scenario, Value, (max.
description used model allowed value)
Overall MAE ‡Forward, FARc 17.6 cm, (40 cm)

‡Backwards, RARc 11.5 cm, (40 cm)
†Backwards, FARc 40.1 cm, (40 cm)

Max. lat. error in the ‡Forward, FARc 22.9 cm, (60 cm)
last 5 m of the trajectory ‡Backwards, RARc 10.3 cm, (60 cm)

†Backwards, FARc 54 cm, (60 cm)
Overall max. lat. error ‡Forward, FARc 56.3 cm

‡Backwards, RARc 33.9 cm
†Backwards, FARc 1.1 m
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5.2.2 Full-Sized ADT

5.2.2.1 Experimental Setup

In this experiment, the objective is to fulfill the routine task of an f-ADT in a surface
mine. This includes driving to the loading area, reversing into the loading position,
driving to the crusher/unloading area, and finally reversing into the crusher. With
trajectory plots shown in Fig. 5.4a, the ADT starts at the crusher A with an empty bed
and drives forward with the MPC with the FARf model to the vicinity of the loading
area B. At this point, the vehicle reverses into the loading station C using the RARf
model. The planner reduces the reference trajectory during this phase to achieve more
accuracy. When the vehicle has reached the threshold C, the MPC stops, and if the
vehicle has reached the correct yaw angle, the vehicle drives backwards with an open-loop
controller with constant speed and zero steering angle to reach the loading station D.
This is necessary due to safety reasons. After the loading process is completed, the MPC
drives the ADT back to the crusher area (E) and then reverses into the crusher A. Here,
again, the MPC stops when the vehicle reaches threshold A and is fully inside the crusher
hallway, and if the correct yaw angle is reached, it drives the last meters backwards
with the open-loop controller with constant speed and zero steering to reach the final
position F.

In the f-ADT, the MPCs run also at 20 Hz on a robot operating system (ROS) enabled
laptop, which is connected to the vehicle via CAN bus. The information on the CAN bus
and the localization data from a localization module form the state vector of the vehicle
x. The localization module and the ROS/CAN interface are implemented by xtonomy
GmbH. The vehicle is a Bell B30E, and the testing ground is in an unpaved and bumpy
mining area. Table 5.3 lists the MPC parameters.

Unlike the experiment with the c-ADT, no results could be obtained for the reversing part

Table 5.3: f-ADT MPC parameters.

Parameter Symbol Value
Vehicle lengths L1, L2 1.36 m, 3.65 m
Speed constants Tv, kv 1.25 s, 1
Steering constants Tω, kω 0.5 s, 1
Weight matrix Q diag([100, 100, 0, 0, 0, 0])
Weight matrix R diag([1, 1])
Further parameters Td, Ts, N 0.5 s, 0.3 s, 20
MPC’s state constraints |ϕ|max 42 deg
MPC’s input constraints |ωref|max,|vref|max 12 deg/s, 8 m s−1
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(a) (b)

Fig. 5.4: F-ADT experimental results. (a) Reference and actual trajectory plots for the f-ADT
carrying out a cycle of an ADT’s routine operation in a mining field. ADT width
2.99 m, crusher width 4.99 m. (b) Speed, articulation angle, and distance error during
the experiment.

of this experiment with the MPC with the RARf model due to immediate infeasibility in
the MPC.

The trajectory planning for this vehicle is a black box developed by xtonomy GmbH,
which generates a new trajectory at 1 to 5 Hz. As a result, it is not possible to have a
static reference trajectory to compare with the driven path. To make a meaningful visual
comparison possible, the relevant segments of each generated reference trajectory have
been selectively plotted in Fig. 5.4a in red.
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Table 5.4: f-ADT MPC results.
In this table, (‡) marks this work’s contributions and (†) marks state-of-the-art
approaches.

Evaluation Driving scenario, Value, (max.
description used model allowed value)
Overall MAE ‡Forward, FARf 49.4 cm, (60 cm)

‡Backwards, RARf 15.9 cm, (60 cm)
†Backwards, FARf Infeasible MPC

Max. lat. error at ‡Backwards, RARf 26.7 cm, 21.3 cm
passages A, C (50 cm)

†Backwards, FARf Infeasible MPC
Overall max. lat. error ‡Forward, FARf 2.1 m

‡Backwards, RARf 52.4 cm
†Backwards, FARf Infeasible MPC

5.2.2.2 Experimental Results

Fig. 5.4a shows the reference trajectories from the trajectory planner and the actual
driven path. A photograph showing the vehicle entering the crusher backwards during
the test is also shown here. Fig. 5.4b shows the speed, articulation angle, and lateral
distance between the vehicle and the trajectory. Table 5.4 summarizes the experimental
results.

As Fig. 5.4a shows, the vehicle’s driven path does not contain noticeable oscillations.
Furthermore, as Fig. 5.4b shows, the vehicle achieves higher speed than the required
4 m s−1 during the experiment over 30 s of the experiment with a maximum speed of
5.2 m s−1.

A direct comparison with state-of-the-art methods, specifically employing the FARf
model when driving backwards, was hindered by the infeasibility of the resulting MPC a
few seconds into the experiment. This is due to the non-minimum phase behavior of the
model when driving backwards, as previously discussed.

In this experiment, the overall MAE in the lateral error is 34.6 cm, and the MAE in
driving forward and backwards is 49.4 cm and 15.9 cm, respectively. The maximum
lateral error is 2.1 m when driving forward and 52.4 cm when driving backwards. At the
narrow passages at the crusher way A and the loading way C, the maximum error is
26.7 cm and 21.3 cm, respectively. This is below the expected 50 cm that was required to
ensure the safety of the vehicle and equipment.
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Based on these results, it can be concluded that the control concepts have successfully
fulfilled the initial expectations and can be implemented in real-world scenarios.

Based on discussions with mine operators, the margin between achieved and allowed
accuracy should be over 20%. However, this condition is not fulfilled for the MAE in the
f-ADT. This may be related to the reference trajectory, which is planned without taking
the physical limits of the vehicles into account. The implementation of a model-based
planner could therefore improve the results.

Another source of error in these experiments is model uncertainties, which is due to
sideslip will be discussed thoroughly in the following Chapters.

5.3 Summary

In this Chapter, the development and implementation of models and MPCs for au-
tonomous forward and backwards driving for both compact ADTs with faster steering
dynamics and full-sized ADTs were presented. By moving the reference point of the
model to the rear axle, the issue with the non-minimum phase behavior of the front-axle
referencing when driving backwards was successfully addressed, and sufficient accuracy
for driving backwards in narrow passages, such as crushers was achieved. Furthermore,
by using system identification techniques, it became possible to directly use articulation
angle as the control variable in the model of compact ADTs and to benefit from their
faster steering dynamics. The experimental validation of the MPCs shows that the MPCs
met the specified requirements and show potential to be used in real-world applications.
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6 Sideslip Angle and Parameter
Estimation

6.1 Overview

The previous Chapter presented different trajectory-following MPCs for the entire cycle
of the routine operation of an ADT. This included driving forward and backwards for
two major ADT sizes. As also discussed in detail in the previous Chapter, the presented
MPCs did increase the operation speed of the ADTs by 3 to 4 m s−1 in some cases
compared to the state-of-the-art methods. This was achieved by employing the different
variation of the ADT kinematic model in an MPC.

As discussed and shown in Chapter 3, kinematic models achieve lower accuracies especially
when cornering, which is, among other reasons, primarily due to the assumption of a
sideslip-free motion of the vehicle. This assumption means to assume that the vehicle
moves in the same direction it is pointed at, which is not true especially in curves [68].

The goal in this and the next Chapter is to further increase the operation speed of the
ADTs or to further improve the performance of the controllers at current speeds. This
can be achieved by employing models in the MPC that consider the sideslip angle, which
is neglected in the approaches presented so far, so that the MPC can compensate for
it.

To accomplish this goal, there are a variety of options and methods that can be applied
to the ADTs. These options are investigated in detail in the next Chapter. Nevertheless,
regardless of the exact method used, the sideslip angle’s current value is critical for the
functionality of the resulting controller to close the feedback loop. However, measuring the
sideslip angle directly requires sensors that are not available in our and other commercial
vehicles (see Chapter 1.2.6). Moreover, it is not possible to calculate the sideslip angle
solely based on the odometry data from the localization module, as the noise in these
signals renders the resulting sideslip angle practically unusable. Due to these reasons,
this Chapter presents state estimation algorithms for sideslip angle estimation in ADTs,
exploring both the state-of-the-art methods and also the new approaches.

The sideslip angle at a point of interest on the vehicle body has different values depending
on where this point is located. Since the reference point for the control is on the front
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axle, the point of interest is placed where the value of the sideslip angle should be
estimated, on the front axle. For the filters in this Chapter, the data from the localization
module, an inertial measurement unit (IMU), and the vehicle states from the CAN bus
are assumed to be knwon.

Another topic this Chapter aims to investigate is parameter estimation in ADTs. As
mentioned in Chapter 3, the inclusion of actuation behavior models in the vehicle model
is crucial for MPC performance. As a result, in Chapter 3, this behavior was modeled
in the form of first-order low-pass elements with the help of an offline identification
process for the parametrization. In this Chapter, a method for parameter estimation is
presented to estimate the value of actuation identification or other important parameters
online. By establishing this online estimation algorithm for these parameters, the need for
time-consuming offline identification can be eliminated, and the algorithms are enabled
to work on new ADTs without a priori identified actuation behavior.

The layout in this Chapter starts by presenting a short introduction to joint extended
Kalman filters, which is used extensively in this work. Then, three state estimation meth-
ods are introduced, which include one state-of-the-art approach and two new methods.
The third state estimation filter introduces the capability of parameter estimation and
can estimate certain vehicle parameters in addition to the state variables. At the end
of this Chapter, the evaluation of the state and parameter estimation in the validated
simulation environment is presented.

The contents of this chapter have only been established and tested for the f-ADT, as the
c-ADT’s operating speed is not high enough for the resulting sideslip angle to have a
considerable effect on the controller’s performance.

The content of this Chapter corresponds to the publication [M1].

6.2 Joint Extended Kalman Filter

The joint extended Kalman filter (JEKF) is an extension of the well-established extended
Kalman filter (EKF) that can additionally incorporate parameter estimation in the
estimation process. This can be achieved by first adding the parameter vector, which
consists of the parameters that are desired to be estimated, to the system’s state vector.
Then, a set of differential equations that describe the newly added states are added to
the system model. One of the methods that can be incorporated for modeling the newly
added states is to employ the Brownian motion, which is also known as random walk.
This means to assume that the derivative of the parameter is equal to zero [74]. Modeling
the parameter as random walk is suitable especially when the parameter does not exhibit
frequent or high-frequency changes in its value.
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In order to set up the equations for a JEKF, the following time-discrete, nonlinear system
is assumed:

ẋ(t) = f(x(t),u(t)) + w(t), (6.1)
y(t) = C · x(t) + v(t). (6.2)

Here, the nonlinear system equations are presented by f(·), the system state, input,
and measurement vectors are presented by x(t), u(t), and y(t), and the output system
matrix by C. The process noise is marked by w(t), and the measurement noise by v(t)
with wt∼N (0,Q),vt∼N (0,R). The process noise w(t) and measurement noise v(t) are
both zero-mean and normally distributed with Q and R as their covariance matrices
[44].

The JEKF requires linearized and time-discrete system matrices for the prediction and
correction steps of the estimation. Similar to Section 4.1.2, by employing the Jacobian
matrix for linearization and matrix exponential with the sampling time Ts for the
discretization, the linear, time-discrete system matrices Ad(k), Bd(k), and Cd can be
calculated. Further information about the detailed implementation of a Kalman filter
can be found in [17].

6.3 Sideslip Angle Estimation

6.3.1 Approach One: State of the Art

The first approach is derived directly from [74], where a Kalman filter is used that
employs the kinematic-slip model from Section 3.5.2.

This model, which is also used for the estimation in the next Section, includes both
the front and rear axle’s sideslip angles in its equations. However, in this and the next
Section, the rear sideslip angle is assumed to be zero. This assumption simplifies the
estimation process by removing an extra variable.

Assuming that the rear axle experiences no sideslip does not necessarily pose an issue
for the estimation since the rear sideslip angle is negligible. This is because the heavier
weight and the involvement of four wheels in the rear axle, as opposed to two in the
front, increase the vehicle-ground friction, contributing to the smaller and negligible
sideslip angle of the rear axle. Furthermore, since the reference point of the control is on
the front axle, only the front sideslip angle is of importance.

The front sideslip angle α is incorporated as a parameter without a dedicated differential
equation in the model. In order to estimate a variable using a Kalman filter, it is
necessary to have a differential equation for that variable. Accordingly, the sideslip angle
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must be incorporated in the state vector of the vehicle model in order to estimate its
value. As mentioned earlier in the state-of-the-art discussions in Section 1.2.6, in this
approach, the sideslip angle state in the equations is modeled as random walk.

The aforementioned adjustments result in the following system of equations for the
estimation, and Figure 6.1 illustrates the kinematic configuration of an ADT with front
sideslip.

ẋ1 = v1 cos(ψ1 + α), (6.3)
ẏ1 = v1 sin(ψ1 + α), (6.4)

ψ̇1 = sin(ϕ+ α)
L2 + L1 cos(ϕ)v1 + L2

L2 + L1 cos(ϕ)ω, (6.5)

ϕ̇ = ω (ϕ = ψ1 − ψ2), (6.6)
α̇ = 0. (6.7)

In this system, v1 and v2 are the front and rear axle’s speed, respectively. Vectors (x1, y1)
and (x2, y2) are the position vector of the front and rear axles of the vehicle in inertial
coordinates. The articulation angle is denoted by ϕ, while ψ1 and ψ2 are the front and
the rear yaw angle, respectively. Additionally, ω is the articulation angle rate, α is the
front sideslip angle, and L1 and L2 denote the distance from the hinge to the front and
the rear axle, respectively. The measurement, the input, and the state vector of this
system used in the estimation are shown below:

xse-base =[x1, y1, ψ1, ϕ, α]T , use-base = [ω, v1]T ,
yse-base =[x1, y1, ψ1, ϕ]T , (6.8)

where se-base refers to state estimation with the baseline version of the kinematic-slip
model.

Fig. 6.1: Kinematic-slip configuration of an ADT with front sideslip. Adapted from [M2]
©2022 IEEE.
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To use this model in the estimation, the linearized time-discrete system matrices must be
established. As previously presented in Section 4.1.2, by employing the Jacobian matrix
for linearization and matrix exponential with the sampling time Ts for discretization, the
linear, time-discrete system matrices will be achieved.

This marks the first Kalman filter, which is referred to in the following as EKFse-base as
in state estimation using the baseline version of the kinematic-slip model.

6.3.2 Approach Two: Using the Extended Kinematic-Slip Model

As discussed before in Section 1.2.6, in this second approach, it is intended to use the same
kinematic model as in the previous Section but add system knowledge to the equation of
the sideslip angle. For model knowledge, the sideslip angle differential equation from [67]
is employed. In the following, a step-by-step proof for this equation is presented.

To begin, the equation of the sideslip angle is written for a specified point of interest on
the vehicle:

α = arctan vy1

vx1

, (6.9)

where vy1 and vx1 are the lateral and longitudinal elements of the speed of the moving
point, respectively. Assuming that the sideslip angle is small, using the small-angle
approximation yields:

α = vy1

vx1

. (6.10)

Now, the derivative of the sideslip angle can be calculated as follows:

α̇ = v̇y1vx1 − v̇x1vy1

v2
x1

. (6.11)

By employing the assumption of a small sideslip angle the small-angle approximation
again, the following equation for the derivative of the sideslip angle can be established:

α̇ = v̇y1

vx1

. (6.12)

On the other hand, the following equations describing the motion of a moving point in
space are known:

ax1 = v̇x1 − vy1ψ̇, (6.13)
ay1 = v̇y1 + vx1ψ̇, (6.14)
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where ax1 and ay1 are the longitudinal and lateral accelerations at the moving point,
respectively, while ψ̇ is the yaw angle rate. By using (6.14), the equation for the sideslip
angle can be re-established:

α̇ = ay1 − vx1ψ̇1

vx1

. (6.15)

Equation (6.15) is a well-established equation for sideslip angle [67] and is widely used in
estimation approaches as the yaw angle rate and lateral acceleration (ψ̇1 and ay1) are
variables that an IMU can deliver. Using this equation helps integrate model knowledge
in the kinematic model for the sideslip angle. The system model can now be formulated
again as follows:

ẋ1 = v1 cos(ψ1 + α), (6.16)
ẏ1 = v1 sin(ψ1 + α), (6.17)

ψ̇1 = sin(ϕ+ α)
L2 + L1 cos(ϕ)v1 + L2

L2 + L1 cos(ϕ)ω, (6.18)

ϕ̇ = ω (ϕ = ψ1 − ψ2), (6.19)

α̇ = ay1 − vx1ψ̇1

vx1

. (6.20)

The measurement, input, and state vector are shown below for the state estimation using
the extended kinematic-slip model se-ext:

xse-ext =[x1, y1, ψ1, ϕ, α]T , use-ext = [ω, v1, ay1 ]T ,
yse-ext =[x1, y1, ψ1, ϕ]T . (6.21)

The variables in the system vectors have been defined in the previous Section, and
therefore, will not be redefined here for brevity.

Similar to Approach One, the linear and time-discrete system matrices are required and
can be achieved by using the Jacobian matrix for linearization and the matrix exponential
for time discretization.

This marks the second EKF, which is referred to from now on as EKFse-ext.

6.3.3 Approach Three: Using the Dynamic Model

As mentioned earlier in the literature review in Section 1.2.6, the research in vehicle
state estimation is extensive, and there have been many successful attempts to achieve
accurate state estimation results for Ackermann vehicles by employing a dynamic vehicle
model. However, these methods cannot be directly used on ADTs. This is not only due
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to the different steering mechanisms but also due to the very limited sensor setup in
commercial ADTs that hinders the applicability of the state-of-the-art methods. This
issue is explained in more detail below.

Figure 3.6 showed the side view of a tire with the applied torque and the resulting
torques and forces. For a state-of-the-art state estimation algorithm to work, a variable
or a combination of these variables is required to be known. This known variable would
function as an input to the vehicle model in the filter. For example, the applied torque
T , or the resulting rotational speed of the wheel Ω, or the resulting tire forces Fx and Fy,
etc. Since none of the mentioned information about the wheels is available on the ADTs,
current approaches do not apply to ADTs for state estimation. In summary, there are no
sensors available to deliver information about any inputs to the vehicle body.

However, the state estimation algorithm is being designed as a companion for the
trajectory-tracking MPCs. When a trajectory-tracking MPC is running, the reference
values for the articulation angle rate ωref and speed vref are known. The idea of this
Section is, that these reference values can serve as virtual sensors that provide variables
that practically function as inputs to the vehicle body and control the vehicle’s motion.
Therefore, if a dynamic model is created with these two variables as inputs, it can be
used for state estimation in an ADT.

The reduced dynamic ADT model presented in Section 3.6.2 is a dynamic model that
fulfills the defined requirement by having the reference articulation angle rate ωref and
speed vref as its inputs. Therefore, this model is used for the state estimation in ADTs
with a Kalman filter.

In addition to the state estimation, it is desired that this Kalman filter can also estimate
parameters as a part of the estimation. Among the parameters that are used in the
reduced dynamic model, two stand out since they are the only parameters that are
not measurable or are subject to changes while driving. Therefore, they are included
in the parameter estimation. These parameters are the tire cornering stiffness Cα and
the articulation angle rate time constant Tω. Cornering stiffness Cα was introduced
to this model in (3.62), and the articulation angle rate time constant Tω in (3.59).
These parameters may change in value in different vehicle loads, road conditions, and
temperatures.

Since the articulation angle rate time constant Tω is used in its inverse form in the
equations, the parameter ωT := 1/Tω is introduced and included in the parameter
estimation instead. From now on, ωT is referred to as the articulation angle rate time
constant. These parameters are added to the state vector of the reduced dynamic model
as random walk. The final vehicle model that is used in the state estimation has the
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6 Sideslip Angle and Parameter Estimation

following state, measurement, and input vector:

xse-dyn =[xf, yf, ψ1, ψ2, uf, vf, ψ̇1, ψ̇2, Cα, ωT]⊤,
yse-dyn =[xf, yf, ψ1, ψ2, uf, vf, ψ̇1, ψ̇2]⊤, use-dyn = [ωref, vref]⊤. (6.22)

In the system vectors, (xf, yf) is the position of the front center of gravity, and uf and vf
are the longitudinal and lateral speed elements at the front center of gravity, respectively.
The front and rear yaw angles are denoted by ψ1 and ψ2, respectively. This model is used
in a JEKF for ADT state and parameter estimation. Similar to the previous approaches,
the linearized and time-discrete system matrices must be established by employing the
Jacobian matrix for linearization and the matrix exponential for discretization.

As the state vector indicates, the sideslip angle is not itself a state in this model, and
its value has to be calculated using the estimated value of the lateral speed at the front
center of gravity vf by employing the kinematic analysis of the vehicle dynamics:

α = arctan vy1

vx1

= arctan vf − b1ψ̇1

uf
. (6.23)

In this equation, vx1 and vy1 are the longitudinal and lateral speed elements at the front
axle, vf is the lateral speed at the center of gravity and is an estimated state, and b1 is
the distance between these two points.

This is the third Kalman filter, which is referred to as JEKFse-dyn from now on.

After establishing the Kalman filters, in the next Section, the simulation results are
presented and the filters are discussed.

6.3.4 Filter and Estimation Setup

The previous Section presented three filters that are to be implemented and compared
with each other in this Section. These filters are EKFse-base, an EKF with the baseline
version of the kinematic-slip model that originates from the state-of-the-art methods
directly, EKFse-ext, a second EKF with the extended version of the kinematic-slip model
where actual model information is used in the equation of the sideslip angle and IMU
data is utilized, and finally JEKFse-dyn, a JEKF with the reduced dynamic model, which
can also estimate important parameters.

EKFse-base receives its signals from the CAN bus of the vehicle and the navigation filter.
EKFse-ext receives its information not just from the CAN bus and the navigation filter but
also from the IMU. Finally, the JEKFse-dyn additionally requires the reference variables
for articulation angle rate ωref and speed vref, which can be provided from the companion
MPC that runs in parallel. The filters run at 100 Hz. Figure 6.2 shows the setup of the
filters.
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The Kalman filters are tuned using expert knowledge and empirical trial and error. The
covariance matrices Q and R of the filters are as follows.

Qse-base =10−3 · diag([1, 1, 1, 1, 0.01]),
Rse-base =diag([1, 1, 1.5 · 10−3, 1.5 · 10−5]),
Qse-ext =Qse-base, Rse-ext = Rse-base,

Qse-dyn =10−4 · diag([1, 1, 1, 1, 1, 1, 1, 1, 12 · 107, 0.01]),
Rse-dyn =diag([1, 1, 1.5 · 10−3, 1.5 · 10−5, 5 · 10−2,

5 · 10−2, 5 · 10−2, 5 · 10−3]). (6.24)

6.4 State Estimation Simulation Evaluation

This Section presents the simulation setup, validation results, and a discussion about the
filters established in the previous Sections.

6.4.1 Simulation Setup

Earlier in Chapter 3, the simulation environment has been validated with real-world data
in terms of the position of the vehicle, its heading, and articulation angle. However, the
signals that the filters receive when running on the real vehicle are not perfect and are
affected by noise. This means, that if the tuning and testing of the filters occur in the
simulation environment, the signals used by the filters need to be at least as noisy as in
reality. This will help establish a better evaluation of the filters and better prepare and
tune them for real experiments. This can be achieved by adding noise to the simulation
signals that are of interest to the filters. The characteristics of the added noise must be
determined by establishing a noise analysis.

Fig. 6.2: Filter setup. Adapted from [M1].
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6 Sideslip Angle and Parameter Estimation

For the noise analysis, the localization module is investigated where the signals of interest
in reality come from. As mentioned earlier in Chapter 2, the localization module of the
vehicle has been developed and implemented by the authors of [12] and [13]. In these
works, the authors present an in-depth explanation of their navigation and localization
modules. Furthermore, they present a detailed analysis of the measurement noise on the
resulting signals compared to ground truth. In this case, the ground truth corresponds
with the simulation signals. Therefore, noise is added to each signal with a standard
deviation based on the error analysis in the mentioned works. Table 6.1 lists the relevant
measurement noise parameters. This noise is the reason why a filter is required at all
and the sideslip angle cannot be calculated by only using the localization module data
and vehicle geometry.

In order to avoid overfitting the filters to the simulation data, the filter tuning presented
in the previous Section intentionally deviated from the exact standard deviations of
known measurement noise, prioritizing generalization over extreme precision.

6.4.2 Simulation Scenario

The goal of this simulation is to evaluate, how the filters perform when the vehicle does
the routine work of an ADT. During the 500 s simulation, the vehicle follows a reference
articulation angle rate ωref and a reference speed vref. The more dynamic the reference
values to the vehicle are, the better the filters can estimate and converge. However,
the values of the reference signals in the simulation deliberately avoid using the whole
spectrum of the vehicle’s dynamic range. This creates a more challenging scenario for
the filters. Figure 6.3 shows the first 25 s of the actuation. In the rest of the simulation,
this initial pattern is repeated. As this Figure also indicates, the simulated articulation
angle rate ω is only up to 5 deg/s as opposed to the full range of the vehicle’s dynamic
capabilities of 12 deg/s.

Table 6.1: Input signals noise analysis.

Parameter (front body) Symbol Error standard
deviation

Axle position in local coordinates x1, y1 0.1 m
Axle speed in vehicle coordinates vx1 , vy1 0.01 m/s
Yaw and articulation angle ψ1, ϕ 3 · 10−4 rad,

3.1 · 10−6 rad
Articulation and yaw angle rate ω, ψ̇1 0.01 rad/s
IMU lateral acceleration ay1 0.1 m/s2
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The initialization of all states is at 0, and the initial values of the parameters in the
JEKF are at 70% of their true value assuming that an initial guess for these parameters
with 30% accuracy is known. In order to examine the JEKF’s behavior when facing
changes in the parameters after the initial convergence, the value of cornering stiffness Cα

changes to 80% of its value at t =350 s. This sudden and drastic change in the parameter
is not realistic and serves as a testing scenario to evaluate how the filter reacts in such
cases.

Furthermore, in order to better prepare the filters for real-world applications, and to
test the filters under unforeseeable circumstances, the filters are tested not only with
the discussed measurement noise, but also with factors of three, five, and ten of the
measurement noise.

6.4.3 Simulation Results

Figure 6.4 shows the results of the parameter estimation with the JEKFse-dyn and
Figure 6.5 shows the results of the sideslip angle estimation of all filters. In Figure 6.4,
the y axis shows the normalized values for the parameters so that the goal is to converge
to 1. In Figure 6.5, the results of the filters are compared with the ground truth.
Additionally, the results of calculating the sideslip angle only using the IMU data and
the position vector from the navigation and localization module are also added to the
comparison. In this Figure, the absolute sideslip angle error is shown over the whole
simulation duration, and the real values of the estimated variables are shown only over
30 s of the simulation for better visibility.

Table 6.2 presents an error analysis of the results in terms of the mean absolute error
(MAE) and the root mean square error (RMSE) of all filters. The error analysis is done
not just with the expected noise standard deviations, but also with factors of three, five,
and ten of the measurement noise. This is also included in this table.

The analysis begins with the parameter estimation results. As Figure 6.4 also indicates,
both parameters manage to converge to their reference values after approximately 200 s.

Fig. 6.3: Reference articulation angle rate ωref and speed vref used as input signals to the
vehicles in the simulation. Adapted from [M1].
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Fig. 6.4: Parameter estimation results. Adapted from [M1].

The converged values show a maximum error of 5%. When the value of the tire cornering
stiffness Cα changes at t =350 s, the estimated value converges after 80 s again.

The analysis continues with the sideslip angle estimation. Figure 6.5 shows, firstly, that
calculating the sideslip directly by using the noisy signals from the navigation filter
results in a noisy sideslip angle signal that is not suitable to be used further. This also
supports the initial claim about the navigation filter results being practically unusable
for calculating the sideslip angle directly. The filters converge 2 s after the simulation
starts. EKFse-base delivers acceptable results in terms of MAE and RMSE but suffers
from a noticeable phase delay, which is expected due to the fact that the sideslip angle is
modeled with random walk in this approach. As a result, the filter’s estimation for the
sideslip angle is reactive, occurring only after the changes in the true value of the sideslip
angle have already manifested in other vehicle states. Consequently, this estimation is
delayed.

Table 6.2: Error analysis (values in degrees).

Noise factor Filter MAE RMSE
EKFse-base 1.49 1.76

Noise factor 1 EKFse-ext 1.00 1.24
JEKFse-dyn 0.16 0.20
EKFse-base 1.52 1.82

Noise factor 3 EKFse-ext 1.27 1.58
JEKFse-dyn 0.26 0.33
EKFse-base 1.56 1.87

Noise factor 5 EKFse-ext 1.50 1.87
JEKFse-dyn 0.33 0.41
EKFse-base 1.65 2.00

Noise factor 10 EKFse-ext 1.96 2.45
JEKFse-dyn 0.45 0.56
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EKFse-ext delivers better but comparable results to EKFse-base in terms of error analysis.
The more important improvement in the results of EKFse-ext is the decreased phase delay.
This development was also expected since the sideslip angle differential equation directly
utilizes the current system information from the IMU data. Consequently, the estimation
of the sideslip angle is not solely dependent on the development of other states, allowing
the filter to respond more quickly to changes in the sideslip angle and thereby reducing
the phase delay. However, this inclusion of model knowledge and this added dependency
on IMU information makes the filter more susceptible to unexpected noise, especially
when it affects the IMU signal since it directly affects the estimated variable. This is
evident from Table 6.2 where in noise factor ten, the EKFse-base delivers better results
than the EKFse-ext.

Finally, as expected, the EKFse-dyn delivers the best results both in terms of the error
analysis and the phase delay where no noticeable phase delay is observed. This filter
functions acceptably even under an unexpected noise factor of ten. Another important
observation is that while all filters deliver MAEs under 2◦, the JEKF se-dyn is the only
filter that manages to keep the absolute error value under 1◦ at all times after the initial
convergence.

As the results indicate, all filters converge and deliver the sideslip angle with different
qualities. The results further indicate that adding model knowledge or sensor information
to the filters improves the estimation results. This means that achieving better results
in terms of the MAE and phase delay between the sideslip angle and its estimated
value comes at the cost of developing more complex system models and employing more
sensor information. As a result, none of the filters is the absolute better choice for the
state estimation, and depending on the use case and available resources, one should be
chosen.

Another important aspect of the results specifically of the JEKF is the proof of concept in
using the reduced dynamic model. As mentioned in Section 1.2.6, one of the main goals
of the estimation was to display the ability of the reduced dynamic model in capturing
the important dynamic aspects of the vehicle, while being a simplified version of the full
dynamic model. Now that this specific setup of the reduced dynamic model has proven
to properly mirror the important dynamic aspects of the vehicle, in the future, other
setups of this model with the inclusion of different sensor setups can also be used for
the state estimation. This filter marks the first utilization of dynamic models in ADT
control and state estimation.
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6 Sideslip Angle and Parameter Estimation

Fig. 6.5: Estimated sideslip angle α and the absolute error of the sideslip angle estimation using
the filters established in this Chapter. The sideslip angle, calculated by only using
the signals from the localization module, and the ground truth are also presented.
Adapted from [M1].

6.5 Summary

This Chapter presented three state estimation algorithms based on Kalman filtering
with different levels of setup complexity. This Chapter also showed that more accurate
models that utilize more system knowledge and sensor information deliver better results
for state estimation at the cost of setup difficulty. Furthermore, this Chapter represents a
milestone, marking the first use of a fully dynamic vehicle model for state and parameter
estimation in ADTs, setting a new standard in the field. The next Chapter presents
MPC concepts that employ the estimated sideslip angle and try to compensate for it.
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7 Trajectory-Following MPC with
Sideslip Angle Compensation

7.1 Sideslip Angle Compensation Objective

The previous Chapter discussed the importance of creating more accurate models for the
MPCs to increase the operational speed and control accuracy. It was also highlighted that
neglecting the sideslip angle is the primary cause of reduced accuracy in kinematic models
compared to dynamic models. Consequently, it was concluded that by addressing the
issue of sideslip angle, the model accuracy and controller performance can be improved.

There are a variety of methods that can help consider the sideslip angle in the MPC. Some
of the most common methods include using a vehicle dynamic model, which automatically
includes the sideslip angle in its equations, or using learning methods such as in [40],
which learns the model uncertainties including the sideslip angle. However, this Chapter
intends to address this issue by incorporating the sideslip angle in the kinematic-slip
model from Chapter 3. Together with the state estimation from the previous Chapter
providing the current sideslip angle, this Chapter establishes the entire toolchain required
for a trajectory-following MPC with sideslip angle compensation.

The challenge of this method, as mentioned in Chapter 1.2, is that the inclusion of the
sideslip angle in this model is solely as a parameter. As a result, the future state of the
sideslip angle when given an input and an initial state cannot be predicted, unlike other
vehicle states. Consequently, the predictive aspect of an MPC can not be realized for the
sideslip angle directly.

As discussed thoroughly in Section 1.2.4, the authors in [59] explore the application
of the kinematic-slip model in an MPC. To highlight the limitations of this method, a
summary of the key problems is presented in the following:

• The actuator phase delay is not considered.

• The dead time is not considered.

• It is unclear, if and how the sideslip angle is obtained for the length of the MPC
prediction horizon. In other words, only the initial sideslip angle value is used in
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7 Trajectory-Following MPC with Sideslip Angle Compensation

the MPC. It is presumed that the same sideslip angle value is used throughout the
entire length of the MPC’s prediction horizon.

The first two issues have been proven in Chapters 4 and 5 to lead to poor results or in
some cases, cause the MPC to become infeasible within a few seconds of operation. The
third issue could lead to various problems depending on the test scenarios due to the
inadequate MPC setup. However, the discussed work uses a simulation environment that
employs the same model as the MPC without phase delay or dead time on a circular track,
where the sideslip angle remains constant. This explains how the MPC functions despite
the presented limitations. As a result, a direct comparison with this state-of-the-art
approach is not possible.

To address these issues, this Chapter presents two new MPCs. At the end of this
Chapter, a comparison between the new MPCs, the established path-following MPC from
Chapter 4, and the forward trajectory-following MPC from Chapter 5 is presented. The
path-following MPC from Chapter 4 is called MPCpf-Fr, and the FARf trajectory-following
MPC from Chapter 5 is referred to as MPCtf-kinf from now on. The abbreviation pf-Fr
and tf-kinf stand for path-following MPC using the Frenet coordinates and the trajectory-
following MPC using the kinematic model for the f-ADT, respectively. Furthermore,
since the current value of the sideslip angle is not known in the real vehicle, the state
estimation algorithm from the previous Chapter is utilized to close the feedback loop,
putting the collaboration of the algorithms to the test.

The implementations of this Section are solely developed and tested for the f-ADT since
the operational speeds for the compact ADT (c-ADT) are limited, and the sideslip angle
does not play a noticeable role for that vehicle [68]. The contents of this Chapter are
based on [M1].

7.2 MPC Setup

This Section presents the setup for two new MPCs, which are MPCtf-slipA and MPCtf-slipB .

7.2.1 MPC Model

As discussed in Section 7.1, the model for the trajectory-following MPC is based on
the kinematic-slip model (3.10) from Chapter 3. However, similar to the assumption in
Chapter 6 explained in Section 6.3.1, the MPC uses the assumption that the rear sideslip
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angle is zero. After adding the identification equation for articulation angle rate ω from
(3.1) and speed v1 from (3.63), the following model is established:

ẋ1 = v1 cos(ψ1 + α), (7.1a)
ẏ1 = v1 sin(ψ1 + α), (7.1b)

ψ̇1 = sin(ϕ+ α)
L2 + L1 cos(ϕ)v1 + L2

L2 + L1 cos(ϕ)ω, (7.1c)

ω̇ = (−ω + kωωref)/Tω, (7.1d)
v̇1 = (−v1 + kvvref)/Tv. (7.1e)

In this system, v1 is the speed at the front axle. Vectors (x1, y1) and (x2, y2) are
the position vector of the front and rear axles of the vehicle in inertial coordinates.
Parameter ϕ is the articulation angle, while ψ1 and ψ2 are the front and the rear yaw
angle, respectively. Additionally, ω is the articulation angle rate, α is the front sideslip
angle, and L1 and L2 denote the distance from the hinge to the front and the rear axle,
respectively.

The inputs to this model are the reference speed vref and articulation angle rate ωref
forming the control inputs vector from the MPC as utf-slip = [ωref, vref]. The state vector
is xtf-slip = [x1, y1, ψ1, ϕ, ω, v1]. The abbreviation tf-slip here refers to trajectory-following
using the kinematic-slip model.

The MPC requires linearized and time-discrete system matrices, which can be achieved
by following the same steps introduced in Section 4.1.2 yielding the following system:

xtf-slip,d(k + 1) = Atf-slip,dxtf-slip,d(k) + Btf-slip,dutf-slip,d(k + 1), (7.2)

where Atf-slip,d and Btf-slip,d are the system and input matrices. The abbreviation tf-slip
means trajectory-following MPC using the kinematic-slip model.

7.2.2 Sideslip Angle over Prediction Horizon

As mentioned earlier in Section 7.1, one of the key issues with the state-of-the-art methods
in sideslip angle compensation was neglecting the sideslip angle over the prediction horizon
and only considering the initial sideslip angle.

Both MPCs presented in this Chapter, MPCtf-slipA and MPCtf-slipB , follow the same
principles in their idea as they both utilize the kinematic-slip model. However, MPCtf-slipA

is closely similar to the state-of-the-art method as it only relies on the initial sideslip
angle and does not consider sideslip angle values over the prediction horizon. For all the
subsequent steps, it assumes a sideslip angle of zero, practically using the kinematic-slip
model only in the first MPC step and switching to the baseline kinematic model (3.9)
after that.
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The second MPC MPCtf-slipB , however, employs an approach to predict the values of
the future sideslip angles. In this approach, the MPC utilizes the dynamic model from
Section 3.6.2 and the MPC output from the latest optimization cycle and obtains future
sideslip angles externally. This is done by integrating the dynamic vehicle model. For
the integration, the Runge-Kutta method of order four with an integration time-step
of 0.01 s is employed. The predicted sideslip angle values are then set inside the MPC
matrices when establishing the Hesse matrix. Figure 7.1 illustrates the setup of these
new MPCs where Block 2 represents the content of this Section. The function of Block 1
is explained in the following Section.

7.2.3 Dead Time Compensation

Dead time compensation for the new MPCs follows the same principle as the previous
MPCs originally discussed in Section 4.1.3. This principle involves predicting vehicle
states for after the dead time and providing them to the MPC as the current state.
However, in order to fully compensate for the dead time, the value of the sideslip angle
also must be predicted. This is not possible if, similar to the previous MPC setups, the
kinematic vehicle model is employed in the integration.

To address this issue, two different methods for the two new MPCs are acquired. For
MPCtf-slipA , the compensation is only for the dead time in the kinematic vehicle states
and not in the sideslip angle. This method avoids further complexities but relies on
outdated sideslip angle values. This assumption holds when the vehicle is on a circular
track with no changes in the required articulation angle, as the sideslip angle remains

Fig. 7.1: Structure of the MPCtf-slipA and MPCtf-slipB in terms of the prediction for the sideslip
angle. Block 1 represents the compensation of the dead time by utilizing the dynamic
vehicle model and the buffered MPC output. Block 1 yields the α0, which is the
predicted sideslip angle after the dead time. Block 2 represents the process of
predicting the sideslip angles throughout the MPC prediction horizon, yielding
αi, i ∈ [1, N ], where N is the MPC horizon. Adapted from [M2] ©2022 IEEE.
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constant before and after the dead time. However, the method becomes less accurate as
articulation and consequently sideslip angle changes increase during the dead time.

In contrast, for MPCtf-slipB , the reduced dynamic model from Section 3.6.2 is utilized to
compensate for the dead time not only in the kinematic states but also in the sideslip
angle. While this method adds complexity to the MPC by incorporating the dynamic
model and its parameters, it provides a prediction for the sideslip angle.

All further MPC setups including the reference trajectory preparation, cost function,
constraints, and solver are identical to the MPC setup in Chapter 5.

7.3 Sideslip Angle Compensating MPC Simulation
Evaluation

In the following, the best practice analysis of the vehicle operation routine is presented
followed by a discussion of the simulation setup and finally simulation results.

7.3.1 Best Practice Analysis and Reference Trajectory Design

The goal of the simulation in this Chapter is to compare the performance of all the
(forward) MPCs presented in this work in a more challenging setup than before. In order
to achieve this goal, a best practice analysis (BPA) is performed on the vehicle. The
BPA was presented and illustrated in Chapter 1.2 and is explained here in more detail
and visualized in Figure 7.2 again for better accessibility. To establish the BPA, vehicle
data during its routine operation in a mine were gathered consecutively over 118 h. The
vehicle was driven by a human driver carrying out its normal tasks. Figure 7.2 illustrates
the frequency of occurrences for specific combinations of steering angle and speed during
the test. The data were sampled every second, and each grid cell in the plot represents
how many of these sampled points fall within a given range of steering angles and speeds.
The color intensity within each cell reflects the frequency of sampled points in that range:
warmer colors indicate higher frequencies (more sampled points).

As evident in the Figure, a speed higher than 7 m s−1 is mainly achieved with an
articulation angle close to 0 deg. Furthermore, the most common operation speed for the
vehicle is around 2 m s−1. Another observation is that speeds between 5 m s−1 and 7 m s−1

are primarily achieved at articulation angles less than 10 deg. Another important reading
is that the full range of the articulation angle is used at speeds lower than 3 m s−1. The
design of the reference trajectory in this Chapter is inspired by the BPA.

The reference trajectory is designed to include the more challenging aspects of the speed-
articulation angle plot. This means driving at higher speeds and higher articulation
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Fig. 7.2: Visualization of the BPA. Adapted from [M2] ©2022 IEEE.

angles. The designed reference trajectory pushes the vehicle to its dynamic limits and
creates a proper testing possibility to compare the MPCs. Figure 7.3 shows the designed
reference trajectory, and Figure 7.4 compares the reference trajectory with the BPA.
As Figure 7.4 indicates, the reference trajectory covers not only the routine and most
driven operation points of the ADT, indicated by articulation angles between −20 deg
and 20 deg, but also more dynamic operation points even out of the ADT routine, marked
by articulation angles above 20 deg at speeds above 4 m s−1.

7.3.2 Simulation Setup and Results

The goal of the simulation is to remain as close as possible to the given reference trajectory.
In this simulation, four MPCs are put to the test: MPCpf-Fr from Chapter 4, MPCtf-kinf

from Chapter 5, and MPCtf-slipA and MPCtf-slipB from this Chapter. As mentioned before,
the entire toolchain is established by employing the sideslip angle estimation from the
previous Chapter in the feedback loop. Therefore, the value for the sideslip angle in the
MPCs comes from the state estimation method JEKFse-dyn from the previous Chapter.

Figure 7.5 presents the results of the simulations for the MPCs during this test in terms
of the lateral error and the speed. Table 7.1 presents the error analysis in terms of
root mean squared error (RMSE). Firstly, the first two MPCs are compared, MPCpf-Fr
and MPCtf-kinf , with RMSEs of 1.35 m and 0.69 m, respectively. MPCpf-Fr drives with a
constant speed of 4 m s−1 as expected while MPCtf-kinf finds the optimal speed to follow
the trajectory. Comparing the RMSEs of these two MPCs shows how including the speed
in the control improves the overall performance of the controller. The lateral error plot
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of these two MPCs indicates that at 30% of the path, the first major difference between
the two MPCs occurs. This is due to the higher speed of MPCtf-kinf pushing the vehicle
to its limits. At the second half of the path, MPCtf-kinf reduces the speed to follow the

Fig. 7.3: Reference trajectory for the simulation. Adapted from [M2] ©2022 IEEE.

Fig. 7.4: BPA vs. reference trajectory. The BPA is at the background and the copper-colored
circles represent data points from the reference trajectory. Adapted from [M2] ©2022
IEEE.
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trajectory while MPCpf-Fr maintains its speed causing its lateral error to suffer.

It is, however, expected that with speed included as a controller output in the optimization
problem, the controller achieves better results than a controller limited to a constant
speed not being able to reduce the speed at sharp curves. Consequently, these results do
not indicate that trajectory-following MPCs are inherently superior to path-following
approaches, but that they suit the requirements of this project better where a trajectory
planner is already available, and the routine operation involves frequent changes in the
speed.

The focus of the comparison now is shifted to the MPCs from this Chapter MPCtf-slipA and
MPCtf-slipB . With an RMSE of 0.64 m and 0.60 m and an improvement in the maximum
overshoot of more than 20% (11% of the path) compared to MPCtf-kinf , both of these
MPCs prove to improve the results. MPCtf-slipB shows another 6% improvement in the
RMSE and up to 14% in the maximum overshoot compared to MPCtf-slipA . As expected,
a noticeable difference between the performance of these two MPCs occurs when the
vehicle experiences sudden changes in its direction (11% and 30% of the path). At such

Fig. 7.5: MPC performance comparison. Both the lateral error and speed are plotted over the
completion of the path and not over time for better comparability. Adapted from
[M2] ©2022 IEEE.
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Table 7.1: Error analysis of the MPC performance during the simulation.

MPC name RMSE
MPCpf-Fr 1.35 m
MPCtf-kinf 0.69 m
MPCtf-slipA 0.64 m
MPCtf-slipB 0.60 m

moments, MPCtf-slipB reacts faster with the predicted values of the sideslip angle in its
matrices, while MPCtf-slipA is reactive to such changes and can consider them only after
they have already happened.

In conclusion, these MPCs all fulfill the defined requirements and should be employed
based on the available resources, specific use cases, the allowed complexity, and the
desired accuracy. At the end of this discussion, it should be noted that even though
the two new MPCs discussed in this Chapter fulfilled the requirement and managed to
partially compensate for the sideslip angle, they are both limited in their application
because their model treats the sideslip angle as a parameter and not a state. In other
words, although the sideslip angle over the MPC prediction horizon was predicted and
set inside MPC matrices, the predictive aspect of the MPC can only be realized when
both the future values and the dynamic of a variable are known. Consequently, these
MPCs cannot perform as accurately as an MPC incorporating the sideslip angle as a
state. Therefore, to achieve higher speeds or better accuracies at current speeds, it is
recommended to investigate the other proposed methods at the beginning of this Chapter
including using a dynamic vehicle model or learning-based methods.

7.4 Summary

This Chapter introduced two new MPC concepts that can consider and compensate for
the sideslip angle. While one MPC only relies on the initial sideslip angle, in the other
MPC approach, the future sideslip angles are acquired and set in the MPC matrices and
considered in the optimization problem. In comparison with a path-following MPC, the
trajectory-following MPCs of this work managed to achieve better results since they can
better manage situations involving frequent changes in the speed.
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8.1 Introduction to the Discussion

This Chapter presents the synthesis of the research presented throughout this work and
situates the key findings within the broader context of autonomous ADTs in mining
environments. The aim is to reflect on the contributions of this work and to evaluate the
results in a broader context. Additionally, this Chapter provides an outlook for future
research by addressing open questions and current trends in the field.

8.2 Synthesis of Key Findings

The main goal of this project was to develop an autonomous fleet of ADTs within the
context of mining operations. This work contributed by developing the control approach
for the vehicles. Each Chapter of this work provided the required complementary
advancements to reach this goal.

At the very beginning of the project, extensive testing was conducted to achieve a deep
understanding of the ADT’s dynamics. These tests highlighted important aspects of
these vehicles, including the actuation delay and dead time. Furthermore, these tests also
highlighted the unique dynamic effects of the steering in these vehicles, which differed
from conventional Ackermann vehicles. Based on these findings and due to the challenges
associated with conducting tests on the actual vehicle, the focus of this work became
twofold: control and simulation. Given the limited availability of the vehicle for testing,
simulation proved as a crucial tool and provided a platform for fine-tuning and testing
the control approaches.

For the simulation, the dynamic modeling of the vehicle without explicitly modeling
the cylinders was one of the main objectives. Such a model could contribute to a
modular, expandable, and accurate simulation environment while also being suitable for
model-based algorithms such as an MPC or state estimation methods. The dynamic
modeling approach presented in this work fulfills this objective and managed to improve
the accuracy of the simulation when compared to the simulation with the commonly
used kinematic model. In validation tests, the simulated vehicle achieved a moving angle
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error of 3◦ compared to the 31◦ when the kinematic model was used during a 35 s test
drive. This addresses the first research question of this work, which explored
how well the vehicle can be modeled. The expandability of the model allows further
improvement when more advanced sub-components are used such as magic formula [64]
for the tires.

To develop the trajectory-following controllers, vehicle models were established for the
MPCs. For this goal, the existing kinematic vehicle models were improved using the
identified system delays. Modeling the system delays, which was done by conducting
identification processes on the test results, proved to improve the control results compared
to the state-of-the art approaches through contributing to the predictive feature of the
MPC.

Another important aspect that further contributed to the control performance was
considering different ADT sizes in modeling. This highlighted the importance of estab-
lishing tailored models for different systems to address even the slight differences in their
dynamics. The same approach proved to be important when dedicated models were
established for driving backwards, further contributing to the control results. With this
contribution, the autonomous fleet would not be limited to driving forward or to specific
ADT sizes, further making the autonomous solution interesting for mine owners.

The second research question explored how well an MPC can control the
ADTs. Conducting the system identification and dividing the vehicle operation based
on size and movement direction, e.g., forward or backwards, were the necessary steps on
the way of answering the second research question. The final MPCs successfully fulfilled
the defined requirements from Section 1.2, achieving results that are shown in tables 5.2
and 5.4. These MPCs were able to achieve higher speeds than the state-of-the-art
methods without increasing the lateral error. This was possible, through the predictive
aspect of the MPCs and their ability to adapt speed during the operation. These speeds
are the typical operational speeds for a human driver and achieving autonomy while
driving in those speeds meant to become one step closer to the realization of autonomous
ADTs in mining environments. These results are discussed in more detail in Chapter 5.

Despite the successful experimental results, these MPCs present just one possible answer
to the second research question while also exposing the shortcomings of the current
framework, which primarily include the neglecting of the sideslip angle due the kinematic
nature of the models. Furthermore, the realizations about the importance of the identifi-
cation also highlighted a shortcoming in this current framework, as the currently offline
identification does not allow online adaptation of the parameters.

The important role of the sideslip angle in control performance especially while cornering
was demonstrated while comparing the real vehicle with models with and without sideslip
angle consideration. This led to the third research question, which explored the
possible vehicle models that can be employed for the sideslip angle estimation
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and aims to discuss the resulting phase delays. In this work, three vehicle models
with increasing fidelity were employed in the estimation. The first model was from the
literature, the second model was the same model expanded by a single state for the
sideslip angle, and the third model was a simplified version of the dynamic model. This
work compared these models within an estimation framework and showed that only the
dynamic model managed to deliver the sideslip angle with the expected accuracy with
hardly noticeable phase delay. The discussion about the exact accuracy of each filter is
presented in detail in Chapter 6.

With the sideslip angle estimation completed, the fourth research question presented
itself, which explored how much the control performance can be improved
by employing sideslip angle in the control process. Adding sideslip estimation
and consideration to the control framework improved control performance by 20% in the
maximum overshoot in a simulated track that was inspired by the routine operation of the
vehicle. This improvement was expected since sideslip angle is one of the main causes of
lateral error, as discussed in Chapter 3. However, the control approach presented in this
work is only tested in a simulation and might not function as well in real-world scenarios.
Furthermore, the consideration of the sideslip angle in the MPC is without a dedicated
differential equation and solely as a parameter. This issue limits the functionality of the
controller and the quality of the results. This realization means that with the sideslip
angle now detected as an important factor affecting the control performance, it needs
further research to be fully addressed.

The final demonstration involved the vehicles operating autonomously without humans,
driving through routine operational paths of an ADT multiple times. This addressed
the initial motivation of the project, which was to remove human drivers from the
demanding driving situations in mining environments. The successful demonstration
showcased that the MPCs can reliably complete the operational routine of an ADT. This
outcome validated the controllers’ performance in real-world scenarios and showcased
their potential to contribute to safety and efficiency in mining operations.

8.3 Recent Developments in the Field and Current
Trends

In the years since the project began and ended, the research in the field of autonomous
ADTs has continued. As the newer studies such as [8, 22, 31, 37, 48, 62, 78, 81, 92]
indicate, there has been a rise in the studies that focus on using model-based controllers.
The trend of using NMPCs instead of MPCs has also risen probably since the MPCs
do not necessarily offer an advantage over NMPCs anymore. This notion is made
by considering how computers have become cheaper and NMPCs have become more
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common in recent years and can reportedly run at the same speeds as MPCs when proper
algorithms are utilized [35]. However, using an NMPC does not necessarily contribute to
the controller performance at the presented literature, as the operation speed is limited.

The system delays, which were not considered in the existing literature when the project
started, are now considered in some works such as [48]. The results of employing system
delays indicate improvements in terms of lateral error, which comply with the findings
of this thesis. There are other attempts to improve the vehicle model as well, such as
in [22], where a dynamic model is used inside an MPC framework. However, the dynamic
model assumes the vehicle to be a rigid body at all times not affected dynamically by
the steering. As a result, vehicle speed is still limited to 2 m s−1 in the tests.

Neglecting the system dead-time remains an issue in the current literature, which explains
the limited vehicle speed in the mentioned current works. In the author’s opinion, the
trend of neglecting the sideslip angle, the dead time, and system delays continues since
the current approaches fulfill the speed requirements, which do not include driving faster
then 3 m s−1. In such scenarios, considering the mentioned factors do not contribute
meaningfully to the controller performance.

For the simulation, the trend has not changed and kinematic models or physics-based
software is further utilized ([37]). Establishing and employing a dynamic model for the
vehicle is still mostly avoided.

In the current state of the art, there is a rise in research about path and trajectory
planning for ADTs in works such as [2, 53, 90, 91, 99] with a focus on planning the
path when driving backwards. Research in this area has the potential to considerably
contribute to the controller performance since the controller results could suffer under
inadequate planning algorithms.

In addition to the mentioned advancements, there is also the trend to fuse learning
methods such as reinforcement learning, Gaussian Process Regression (GPR), or other
methods with an MPC to learn model uncertainties or even the dynamic behavior of
specific variables. This trend is currently rising in Ackermann vehicles with studies such
as [23, 49, 72]. In [19], a GPR model is trained to learn unmodeled system dynamics and
nonlinearities in an MPC for controlling an ADT. These approaches can complement the
current framework of this thesis to replace the offline identification methods. Furthermore,
learning methods can be utilized to improve kinematic models’ accuracy compared to
dynamic models. These are topics of future research for ADTs.
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8.4 Conclusion and Outlook

This work presented the fundamental framework toward the realization of an autonomous
fleet of ADTs. This framework addressed two challenges, which were the simulation
and the control, by providing the crucial analysis of the special steering dynamics of
the ADTs and the associated challenges, which included the inherent phase delay and
dead time. The result was a complete simulation and control framework, which took the
especial dynamic of ADTs into consideration in aspects such as different ADT sizes and
forward and backwards driving.

An important outcome of this research was the successful dynamical modeling of the
vehicle, which contributed to both the simulation and control. Additionally, the experi-
mental validation of the simulation and controllers proved the functionality and reliability
of the methods. Furthermore, the modular nature of all the implementation of this work
paves the way for future implementations both in simulation and in control.

As discussed in Chapter 3, the performance of the simulation can improve by employing
more accurate tire models, using a three-dimensional vehicle model, or by employing
more accurate power distribution. Additionally, to better replicate the conditions in a
mining field, different grounds should also be added to the simulation features to replicate
the rainy, snowy, or dry weather conditions and their effect on the driving dynamics.

On the controller’s side, there are multiple paths that can be taken to improve the results.
A first step is to create an MPC using the dynamic model of the vehicle. Alternatively,
the learning methods that were briefly mentioned in the previous Section have shown
promising results in the control of Ackermann vehicles and have the potential to improve
the results for ADTs as well. These learning methods can be utilized to learn about the
road conditions, the wear and tear of the vehicle, or even about variables such as the
sideslip angle, to better bridge the gap between the vehicle model and the real vehicle.
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