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Abstract

This dissertation presents the design, implementation, and experimental valida-
tion of a novel scaled-vehicle testbed tailored for the development and real-time
testing of autonomous driving algorithms. The framework is based on 1:10 scale
remote-controlled (RC) cars, enhanced with custom embedded electronics, wireless
communication, and a vision-based indoor localization system. The testbed is engi-
neered to closely replicate the dynamic behavior of full-scale vehicles, ensuring that
controllers developed in laboratory-scaled environments can be reliably validated

under real-time constraints.

A modular system architecture is introduced. The platform is fully compatible
with MATLAB/Simulink workflows, enabling automatic code generation and de-
ployment on real-time Electronic Control Units (ECUs) via Controller Area Network
(CAN) communication. This facilitates rapid prototyping and evaluation of advanced

control algorithms with minimal hardware integration effort.

A key contribution of this work is the integration of nonlinear model predictive
control (NMPC) strategies using the open-source Acados solver. This allows real-
time execution of optimization-based controllers, which are evaluated in various path-
following and collision avoidance (CA) scenarios. Three distinct CA strategies are
developed and benchmarked: (1) a heuristic sigmoid-based reference generator, (2) a
nonlinear constraint approach based on a circular safety region, and (3) a probabilistic
approach employing a stage-varying Gaussian confidence bound. The probabilistic
method, which dynamically adjusts the safety margins during the prediction horizon,
consistently demonstrated superior performance in terms of trajectory smoothness,
dynamic feasibility, and safety margins, particularly in dynamic obstacle scenarios

with respect to the other considered CA strategies.

Extensive experiments validate the effectiveness of the proposed architecture,

showcasing its ability to bridge the gap between theoretical controller design and



practical deployment. The testbed supports both single-vehicle and multi-agent
experiments, making it suitable for research on cooperative and distributed driving
strategies.

This thesis bridges the gap between theoretical control formulations and practical
deployment by offering a reproducible, scalable, and industry-compliant method-
ology for testing autonomous driving solutions in controlled environments. The
insights gained contribute toward the broader objective of safe and reliable au-

tonomous mobility, particularly in constrained or cost-sensitive development phases.
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Chapter 1
Introduction

In the rapidly evolving field of Connected and Automated Vehicles (CAVs) , research
and development have typically relied on either simulations or empirical experiments.
Each possesses distinct strengths and weaknesses, creating a multifaceted descrip-
tion of the testing landscape. Simulation environments are crucial for testing and
validation; however, they frequently encounter difficulties in accurately replicating
real-world experiments [1]. Concerning the difficulties of computational modeling,
these simulations fail to accurately represent variables such as fluctuating weather pat-
terns or erratic pedestrian behavior. As they pursue enhanced precision, particularly
regarding the complexities of physics, the requirements for computing power and
hardware increase considerably. Conversely, real-world experiments, while directly
applicable, entail substantial costs and overhead, often rendering them prohibitive for
iterative testing and development [2]. One promising way to close the gap between
these two methods is to use small-scale testbeds. A controlled setting that strikes a
balance between the advantages of simulation and actual experimentation is offered
by these testbeds. They provide reproducibility, an essential element of scientific
experimentation, while decreasing development and maintenance expenses relative
to full-scale testing. Moreover, small-scale testbeds are customized for particular
use cases, optimizing the testing process and enhancing its efficiency. The scaled
infrastructure presented in this dissertation serves as a testbed for exploring the
potential of CAVs. Within this facility, we have 2 cars, each built to a 1:10 scale.
They operate in a designated area of 6 x 5 m?. Although compact, these vehicles
are designed to replicate authentic driving dynamics, particularly utilizing the Ack-

ermann steering mechanism [3]. The scaled vehicles utilize an indoor positioning



2 Introduction

system featuring a ceiling-mounted camera as a substitute for conventional Global
Navigation Satellite Systems (GNSS) for navigation. The scaled car framework
infrastructure accommodates both centralized and distributed computing systems.
Additionally, users can create and execute their own test scenarios with programming
tools like MATLAB, which can produce the C code needed to deploy the controller
on the Real-Time Electronic Control Unit (ECU) . Nonetheless, small-scale testbeds
present inherent limitations. A significant limitation is the scope of their feature
sets. They typically concentrate on particular use cases and accommodate only select
programming languages, resulting in deficiencies in their domain coverage. Several
proposed solutions include testbeds lacking a vision-based system functioning as
GNSS for the vehicle. In these instances, vehicles depend on integrated sensors
and control systems to detect their environment. Nevertheless, a significant disad-
vantage of these solutions is the restriction on the maximum velocity of the scaled
vehicles. This is mainly attributable to the environmental data sampling rate, which
is generally approximately 10 Hz, thereby limiting the overall functionality of the
scaled vehicle. The additional weight from these perception components influences
the vehicle’s sprung mass, elevates its center of gravity, and ultimately affects its
dynamic performance. Moreover, one of the main challenges in transitioning from
simulation to real-world applications is achieving real-time performance. While
many platforms and solutions focus on developing and testing algorithms, they often
lack the capability to ensure real-time execution, which is crucial for real-world
deployment. This dissertation addresses this gap by introducing a scaled vehicle
framework for both single and multi-agent control, featuring distinct characteristics.
At first, our vehicle incorporates customized electronics into its framework without
modifying its dynamic characteristics. Our second contribution is an approach that
allows for the integration of SIMULINK-based controllers into real-time electronic
control units (ECUs). The control unit guarantees real-time performance and inter-
faces with the scaled vehicle through CAN communication. This enables controllers
designed for a 1:10 scale vehicle to be effortlessly adapted for a 1:1 full-scale vehicle.
This methodology connects academic research with practical applications, guaran-
teeing that controllers developed in a simulated context can be directly evaluated and

verified on hardware within real-time constraints.
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1.1 Objectives

The main objective of this research is to develop a cost-effective, modular, and
scalable testbed using 1:10 scale vehicles for testing and validating autonomous
driving algorithms. The framework is intended to bridge the gap between simulation
environments and full-scale vehicle experimentation, while maintaining compatibility
with industry-standard tools and practices. The work aims to support both single-
and multi-agent control strategies and to ensure real-time execution of advanced

model-based controllers.

1.1.1 Scientific Contributions

This thesis offers several scientific contributions to the field of autonomous vehicle

control and experimental validation frameworks:

* Real-time NMPC implementation: The integration of nonlinear model pre-
dictive control (NMPC) using the Acados framework [4] allows for efficient

real-time execution on embedded systems.

* Novel obstacle avoidance strategies: The work introduces and benchmarks
three distinct collision avoidance (CA) strategies — a heuristic sigmoid-based
generator, a circular safety region constraint, and a probabilistic dynamic

constraint using Gaussian bounds.

* Comparative evaluation under scaled realistic conditions: The testbed enables
systematic comparison of different controllers and CA approaches under both
static and dynamic obstacle scenarios, providing experimental validation of

their effectiveness.

» Control-oriented modeling: A detailed vehicle modeling process ensures that
both longitudinal and lateral dynamics are preserved, contributing to more

accurate control design and validation.

1.1.2 Practical Contributions

The developed platform also provides valuable practical benefits for engineering
applications, education, and industry:
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* Low-cost hardware architecture: A fully functional 1:10 scale car platform
with custom electronics (IMU, ESP32 [5]) that replicates real vehicle dynamics

while remaining affordable and easy to assemble.

* Preserved Vehicle Dynamics: The original vehicle dynamics are preserved by
integrating only non-intrusive sensors and electronic components, ensuring
that the scaled car’s dynamic behavior remains unaltered. In contrast, the
use of intrusive sensors and electronics, such as LiIDAR, cameras, or onboard
GPUs, not only increases the overall mass but also modifies the vehicle’s
geometry and physics, i.e. vehicle moment of inertia of position shift of the
center of mass. These changes compromise the dynamic similarity between
the full-scale vehicle and its 1:10 scaled counterpart, potentially undermining
the validity of experimental results at the laboratory scale.

* Real-time compatible control pipeline: The system supports controller develop-
ment in MATLAB/Simulink with automatic code generation and deployment

to real-time ECUs, enabling fast prototyping and closed-loop testing.

 Scalability and flexibility: The modular framework supports centralized and
distributed computation, making it suitable for single-vehicle as well as coop-

erative multi-agent scenarios.

* Bridging the gap between function development and testing on scaled vehicles:
By leveraging real-time hardware and communication protocols commonly
used in the automotive industry, the platform enables seamless function devel-
opment and testing in a scaled environment. This approach ensures compliance
with industry standards while bridging the gap between academic research and

real-world applications.

» User Friendliness: The platform is user-friendly for individuals with basic
electronics knowledge and intermediate programming skills. This is essential
for it to become widely adopted in research and educational projects.

» Teaching autonomous driving concepts: The proposed framework, tailored
for MATLAB/Simulink environment, enables students to effortlessly test
their algorithms on a real system. This method allows them to acquire a
thorough understanding of the essential principles of autonomous driving
systems by empirically evaluating the developed algorithms in scaled real-

world conditions.
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1.2 Thesis outline

This thesis is structured as follows: Chapter 2 offers an exhaustive analysis of existing
small-scale testbeds, emphasizing their significance in Connected and Autonomous
Vehicle (CAV) development and highlighting their specific characteristics. Addi-
tionally, the Autonomous-vehicle Testlab is introduced, a component of a broader
initiative aimed at developing methodologies for validating and testing autonomous
driving controllers at the Center for Automotive Research and Sustainable Mobility
(CARS) at Politecnico di Torino. Chapter 3 provides a detailed description of the
scaled framework, outlining its design principles and capabilities. Chapter 4 presents
the vehicle model developed for path planning and decision-making in autonomous
vehicle control. In Chapter 5, this model is integrated into a control structure de-
signed for both racing and passenger-car autonomous vehicle applications, where
both path planning and tracking are managed using Model Predictive Control (MPC)
. Three different approaches of Collision Avoidance are presented, namely the Ref-
erence lateral deviation generator logic, the obstacle constraint using circle safe
region and the obstacle constraint using probabilistic safe region. Chapter 6 presents
the modular architecture for testing autonomous vehicle algorithms developed in
MATLAB/Simulink environment. The control pipeline includes a plant, which can
represent either a simulated vehicle dynamic model or real hardware, such as the
scaled vehicle. Sensor data is used both to monitor and to estimate system state.
Thus, the controller computes the appropriate control inputs. Each component of the
control loop is described in detail, highlighting the specific models and algorithms
used. Chapter 7 presents a benchmark analysis of the previous presented obstacle
avoidance techniques applied to static and dynamic obstacle avoidance scenarios.
This comparative study underscores the advantages of a scaled architecture, which
facilitates efficient testing of advanced obstacle avoidance strategies while reducing

both time and costs. Chapter 8 conclude the dissertation.



Chapter 2

Preliminaries and related works

2.1 Introduction

In robotics and control development, experimentation is crucial for assessing and
validating algorithm performance. Recently, there has been a notable increase in the
development and adoption of small-scale testbeds in the domain of CAVs [6]. These
specialized testbeds play a vital role in research and experimentation, advancing
fields such as robotics, artificial intelligence, and control systems. A common
characteristic among these diverse platforms is their adherence to the sense-plan-
act paradigm, which defines the fundamental functions of an autonomous vehicle.
This Chapter provides a comprehensive analysis of existing small-scale testbeds.
The proposed review is structured around the sense-plan-act paradigm, ensuring a
consistent and systematic evaluation. Car-like robots serve as excellent platforms
for this purpose, combining agility with dynamic complexity. Additionally, fleets
of scaled vehicles can be leveraged to simulate driving scenarios and explore multi-
robot coordination strategies. This review is intended to provide deeper insights
into the architecture and operational principles of the testbeds documented in the

literature.
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2.2 Small-scale tesbeds

This comparison is intended to be purely analytical, aiming to highlight the dif-
ferences and similarities between testbeds without making evaluative judgments
regarding their quality or value. The goal is to offer an unbiased and comprehensive
overview of existing small-scale testbeds. Such an approach supports a clearer
understanding of both unique and common features, serving as a useful reference for
researchers in selecting appropriate testbeds for specific applications or identifying

areas for potential enhancement of current platforms.

This section presents the proposed approach for studying and comparing small-
scale testbeds available in the literature. The analysis focuses on identifying distinct
characteristics within the three fundamental domains—sense, plan, and act. These
characteristics serve as key criteria that encapsulate essential functional aspects
of the testbeds. In the sense domain, parameters such as the types of sensors
used are considered, with a distinction made between onboard sensors, which are
directly mounted on the vehicle, and those integrated into the testbed’s infrastructure.
Similarly, specific parameters are defined for the p/an and act domains. Firstly, robots
are categorized into two types: unicycle-type and bicycle-type vehicles. The former
typically consists of a vehicle with two parallel-driven wheels, each positioned on
either side of the center. The latter includes car-like robots with four wheels, where
only the front two are steerable, typically using an Ackermann steering mechanism.
Khepera [7] was the first small-scale unicycle to be successful. The first generation
of this technology was developed at EPFL in 1991 and gained significant traction in
both research [8] and education. Another widely successful platform was the LEGO
Mindstorms RCX [9], LEGO’s first robotic system, which became popular for low-
budget middle and high school education [5] as well as research projects [6], thanks
to its integration with LEGO bricks. Another notable unicycle robot, also developed
at EPFL, is the e-puck [7], designed as a more affordable alternative to the larger and
more expensive Khepera III. Over time, more advanced and expandable unicycle
robots emerged, including iRobot Create [10], Pololu 3pi [11], Swarmrobot [12],
AERobot [13], GRITSBot [14], Pheeno [15], Duckiebots [16], and Wheel-bot [17].
In recent years, remotely accessible swarm robotics platforms have been introduced,
such as Mobile Emulab [18], the HoTDeC testbed [19] and the Robotarium [20].
A comprehensive list of multi-robot testbeds is available in [21]. While these

platforms are well-suited for trajectory planning applications, they are limited by
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their lack of agility and low maximum speed, making them less suitable for high-
performance controller development. This limitation has led to the increased use
of car-like vehicles in research and education. The most common platforms in this
category range from medium- to full-scale vehicles, allowing for the integration
of powerful computing units and various sensors, including IMUs , CMOS/CCD
motion sensors, LIDARs , and wheel encoders. Notable full-scale prototypes include
the Stanford Shelley [22], Stanley [23], and Marty cars [24], as well as the Formula
Driverless custom cars [25], which were designed for the Formula Student Driverless
competition. More recently, autonomous racing platforms like Roborace DevBot
2.0 [26] and Dallara AV-21 [27] have emerged. Among medium-scale vehicles,
which typically range from 1:10 to 1:18 scale, prominent platforms include Autorally
[28], Donkey Car [29], F1-Tenth cars [30] and the AWS Deep Racer [31]. These
platforms primarily focus on single-agent autonomous driving and racing rather
than multi-agent systems, as the latter requires large-scale infrastructure and higher
costs, making multi-agent experiments less feasible. Some small-scale platforms,
such as those presented in [32], [33], and [34], could support both single- and multi-
agent applications. However, they are either only partially or not at all open-source,
making them difficult to replicate. On the software side, only a few toolboxes
are currently available for control tasks. Among them are Drake [35], the Control
Toolbox [36]—which is no longer maintained—and OCS2 [37], which provides
controllers but lacks a complete control pipeline, including state estimators and
safety filters.

Caleffi et al. [6] conducted a systematic review summarizing existing literature
on CAV testbeds. While they identified key trends—such as the recent surge in
publications and the predominant emphasis on software—they did not perform a
comparative analysis. Although previous surveys on testbeds exist, the most recent
comparative study dates back to 2024 [38]. Many recent publications include their
own related work sections, often accompanied by comparative tables highlighting
selected testbeds. These tables, however, vary significantly in scope and level of
detail. One of the more comprehensive examples can be found in the work of Samak
et al. [39].

To address the fragmentation in existing literature, this information is consoli-
dated into comprehensive, up-to-date tables that include the relevant testbeds found
in the literature. Figure 2.1 illustrates some testbeds selected from the presented

literature review.
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(a) IDS Scaled Smart City (IDS3C), Cornell (b) MiniCity, Massachusetts Institute of
University, NY, USA Technology, Cambridge, USA

(c) Optimal RC Racing (ORCA Project), ETH, (d) Cambridge Minicar, University of Cam-
Zurich, CH bridge, Cambridge, UK

Fig. 2.1 Examples of existent small-scale tesbeds available in the present literature.
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2.3 Characteristics of testbeds

This section outlines and examines the principal identified characteristics. It begins
with the presentation of general characteristics that cannot be distinctly attributed to
the sense, plan, or act domains. This is followed by an exploration of the distinctive
characteristics inherent to each domain, providing a more detailed analysis of their
specific attributes. In Appendix A, multiple tables are provided, listing our small-
scale testbed, i.e. CARS Autonomous Scaled-Vehicle Testbed, and the existing ones
in the available literature.

2.3.1 General characteristics

The main design objective of most testbeds is to facilitate the testing of algorithms
within a scaled-down environment. Although individual testbeds may serve different
specific purposes, they exhibit several common features. This section outlines the
general characteristics by emphasizing these shared features.

Focus

The focus characteristic provides a brief, high-level overview of a testbed, typically
presented in its introduction. It outlines the specific use cases the testbed is intended
to address, offering a concise summary of its primary objectives. In this analysis, the
focus characteristic is used to describe the investigated use cases, the methodologies
applied, and the insights derived from experiments conducted within the testbed. This
facilitates an understanding of the testbed’s overall purpose. Additionally, testbeds
may concentrate on particular problems within a broader area of focus. For instance,
within the domain of multi-vehicle coordination, emphasis may be placed on aspects

such as traffic management, communication, or human-autonomy interaction.

Software

The variation in software languages, architectures, frameworks, and computation
models across testbeds highlights their adaptability to different needs and contexts.
The choice of software components often depends on factors such as the intended

application domain, the availability of relevant libraries and tools, and the preferences
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or expertise of the development team. For example, some testbeds employ Python
due to its simplicity and rich ecosystem of scientific computing libraries, while others
may adopt performance-oriented languages or MATLAB for its domain-specific

capabilities.

An additional aspect of the software characteristic involves the selection of
software architecture, which defines how components are structured and interact.
Common architectures include service-oriented, client-server, peer-to-peer, and event-
driven models. The chosen architecture influences key properties of the testbed, such

as scalability, fault tolerance, modularity, and interoperability.

Frameworks play an important role in shaping the software characteristics of
testbeds by offering reusable components, libraries, and tools that facilitate software
development. Testbeds often utilize existing frameworks designed for specific func-

tions, such as simulation, Internet of Things (IoT), or machine learning applications.

Another key element of the software characteristic is the computation model.
Some testbeds adopt deterministic models, which produce predictable and repro-
ducible outcomes based on defined input conditions. These models are well-suited
for experiments requiring high precision and consistency. In contrast, probabilistic
computation models incorporate randomness and uncertainty, enabling the explo-
ration of scenarios influenced by stochastic factors. Hybrid models, which combine
deterministic and probabilistic elements, offer a balanced approach that supports

both predictability and variability in experimental outcomes.

Scenario

A scenario denotes a defined set of conditions, events, and interactions executed
within a testbed environment. Scenarios typically involve the use of various maps
and the inclusion of different actors, such as pedestrians, obstacles, and other agents,
that enhance the complexity and realism of the experimental setting. The selection
of specific scenarios is guided by the research objectives, as scenarios are tailored
to investigate particular questions. Consequently, the choice of a scenario is closely

aligned with the focus of the research.
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2.3.2 Sense-driven characteristics

Within the sense domain of the sense-plan-act paradigm, the primary focus is on
perceiving the environment and gathering relevant information using sensors. The

following section outlines the characteristics identified to describe this domain.

Sensors

Sensors constitute the core component for environmental perception within a testbed.
Various types of sensors, such as cameras, LiDAR, radar, and ultrasonic sensors,
offer complementary information about surrounding objects and their characteristics.
The type, availability, and quality of these sensors significantly influence the accuracy
and richness of the collected perceptual data. Assessing the sensor suite and its
capabilities allows researchers to determine whether a testbed sufficiently meets their

sensing requirements.

Positioning System

Accurate and reliable positioning information is essential for many applications. A
testbed may incorporate a precise positioning system, such as an indoor positioning

system, to enable accurate tracking of vehicle position and orientation.

Accuracy

Sensors within the testbed provide perceptual data, and the accuracy of this data is an
important consideration. It reflects how closely the sensed information corresponds
to the actual state of the environment. Evaluating the accuracy of individual sensors,
as well as the overall perception system, is essential for determining whether the

testbed aligns with specific accuracy requirements.

Traffic management infrastructure

This evaluation encompasses elements such as road networks, traffic signs, traffic
lights, and other components that replicate real-world traffic infrastructure. A testbed

equipped with a detailed traffic management setup allows researchers to analyze and
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assess the behavior and effectiveness of their algorithms and systems under realistic

traffic scenarios.

Surroundings

The surrounding environment of a testbed plays a significant role in determining
its suitability for specific experiments. Factors such as whether the setting is urban,
suburban, or rural can affect the overall complexity of the testbed. For example,
an urban environment may introduce challenges like dense traffic and frequent
interactions, whereas a suburban setting may present different types of obstacles and

road conditions.

2.3.3 Plan-driven characteristics

The plan domain is essential for enabling CAV/RS to formulate suitable actions
based on environmental data. This section identifies key characteristics of the plan
domain that support the evaluation and comparison of testbeds.

Testbed architecture

The architecture of a testbed pertains to the overall design and organization of the
experimental setup. This includes the physical layout, the inclusion of relevant
infrastructure components, and the integration of hardware and software systems.
In the context of the plan domain, it is important to assess whether the architecture
adequately supports the implementation and evaluation of planning algorithms and
strategies. To ensure reproducibility, deterministic timing across testbed components
1s necessary, i.e. meaning that all computing and sensing devices must be properly
synchronized. A well-designed architecture can help ensure that experiments are

both deterministic and reproducible.

Distributed computations

In many real-world applications, CAVs/RSs function within distributed environments,
with processes running across multiple nodes. Evaluating a testbed’s ability to

support distributed computation is crucial, as it indicates how effectively the system
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can handle coordination and communication among vehicles during the planning

stage.

Computation power

The computational power of a testbed plays a key role in determining the complex-
ity and scalability of the planning algorithms it can support. Greater processing
power enables the use of more sophisticated techniques, such as optimization-based
approaches. Researchers should take into account factors like the processing perfor-

mance of the testbed’s hardware and the availability of parallel computing resources.

Computation schemes

The computation scheme describes the approach or algorithms used for planning
within the testbed. Distributed planning algorithms can adopt various schemes,
such as sequential, parallel, or hybrid processing. Hybrid schemes integrate both
sequential and parallel methods to enhance the efficiency of planning operations
within the testbed.

Human-robot interaction

In numerous real-world situations, CAVs/RSs operate alongside and interact with
humans in shared spaces. Assessing a testbed’s features related to human-robot
interaction is crucial for determining its effectiveness in mixed traffic scenarios. Key
aspects to consider include the presence of realistic human models, the ability to
simulate human behaviors, and interfaces that allow human interaction with the
testbed.

Different kinds of agents

Evaluating a testbed’s ability to accommodate heterogeneous vehicles is crucial
when studying CAVs/RSs. Vehicles with varying sensing and actuation capabilities
may impose different planning demands. Therefore, the testbed should enable
the integration of diverse vehicle models, allowing researchers to test planning
algorithms in scenarios that involve a mix of vehicle types, such as cars and trucks.
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Agent count

The number of vehicles supported by a testbed is a key factor, especially in trans-
portation and traffic management scenarios. Assessing this characteristic involves
examining the testbed’s ability to manage multiple vehicles simultaneously, how well
planning algorithms scale with an increasing number of vehicles, and how overall

planning performance is affected as vehicle count grows.

2.3.4 Act-driven characteristics

This subsection compiles information related to executing a plan, commonly re-
ferred to as trajectory tracking. In a hierarchical architecture like the sense-plan-act
framework, trajectory following operates as a distinct layer from planning [40, 41].
The connection between these layers is established through a vehicle model, which
encapsulates the vehicle’s dynamic constraints. Effective collision avoidance in the
planning layer also depends on accurate knowledge of the vehicle’s dimensions

Dynamics

Modeling system dynamics is a fundamental step in classical control design. When
planning accounts for the physical constraints of the vehicle, trajectory tracking
becomes more accurate. Conversely, if the model used for planning deviates signif-
icantly from the actual vehicle behavior, a trajectory that appears collision-free in
theory may result in a collision when executed in practice. Therefore, it is essential to
validate trajectory planning models through experiments with real vehicles. Vehicles
can be broadly categorized based on their steering geometry into differential-drive
and Ackermann-steering types. For differential-drive vehicles, common models in-
clude the point-mass model with double-integrator dynamics and the unicycle model,
which distinguishes between translational and rotational control inputs [42, 20].
For Ackermann-steering vehicles, typical models range from the point-mass and
kinematic bicycle models to the kinetic bicycle model and more complex dynamic
representations. A comprehensive overview of these models is provided in [43]. The
selection of a particular model dictates the required vehicle parameters. In general,
speed and acceleration limits constrain the longitudinal dynamics, while steering

angle and steering rate limits influence the lateral dynamics.



16 Preliminaries and related works

Geometry

The vehicle dynamics models mentioned above describe the motion of the vehicle’s
center of gravity. However, the vehicle’s physical structure extends around this
central point. To ensure collision-free motion, it’s necessary to verify that none of
the vehicle’s occupied regions intersect with obstacles. This requires knowledge of

the vehicle’s geometry in order to accurately compute its occupied area.

2.4 CARS facilities

The validation of control algorithms for autonomous driving has become an in-
creasingly prominent research focus in recent years. This is driven by the need to
shorten testing phases while maintaining realistic, cost-effective, and time-efficient

evaluation processes.

Despite significant advancements, several challenges remain in the development
and deployment of autonomous vehicles. These challenges can be grouped into
public, legislative, and technical domains. On the public side, factors such as societal
perception, political reactions to accidents, customer trust, cybersecurity, and ethical
issues heavily influence the acceptance of these technologies [44]. From a legal
standpoint, matters like certification procedures and liability in the event of an
accident are still unresolved [45]. Technically, guaranteeing functional safety and
reliable performance across a wide range of traffic scenarios, weather conditions,
and road types remains a complex and resource-intensive task, especially given the
sheer number of test cases required [46]. These challenges underline the importance
of a structured and comprehensive validation methodology. One of the key questions
is: what metrics should be used to approve autonomous systems? With validation
costs expected to match or even exceed development costs, a solid approach is
crucial. Industry estimates suggest that demonstrating a sufficient level of system
reliability could require up to 250 million test kilometers, highlighting the urgency

of developing more efficient validation strategies [47].

Currently, validation primarily relies on virtual simulations and on-road testing at
dedicated proving grounds. While simulation costs remain low in the initial phases,
the development costs associated to new autonomous features tend to rise as the

process moves forward, as illustrated in Fig. 2.2.
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Fig. 2.2 Costs associated to early, mid and final development stage of autonomous vehicle
control alogrithms.

In response to the need for a more integrated approach, the Center for Auto-
motive Research and Sustainable Mobility (CARS) at Politecnico di Torino has
proposed a multi-layered methodology that combines both virtual and physical test-
ing. This process begins with micro- and macro-level simulations, which allow for
extensive scenario testing, incorporating traffic dynamics, vehicle behaviors, and as-
sisted/autonomous vehicles controller functionalities. These simulations are essential
for identifying edge cases and potential safety-critical situations. The methodology
then progresses step by step, from purely virtual environments to small-scale physical
tests, and finally to full-scale real-world testing, ensuring an iterative, flexible, and
cost-effective validation process. The cost estimates shown in Fig. 2.2 related to
the simulation, scaled car, and laboratory testing phases are drawn from the CARS
group’s direct investments in building and equipping the necessary infrastructure.
Conversely, the costs linked to the on-road testing phase are derived from a feasibility
study conducted by CARS for the development of a dedicated facility for testing
autonomous, electric, and connected vehicles, envisioned for the site of the former
thermoelectric power plant in Trino Vercellese [48]. It is important to note that
the values presented in the figure reflect only the costs required to establish the
infrastructure for each development stage. Operating and maintenance costs arising
from the actual use of these infrastructures, such as energy consumption, personnel,

and regular maintenance, are not included in this analysis.
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In the early development stage, the simulation phase incurs a modest cost of €
8,000, primarily allocated to software licenses (€ 5,000) and workstation hardware
(€ 3,000). Progressing to the scaled car framework, total expenditures rise to €
66,000, reflecting investments in software licenses (€ 5,000), a vision system (€
30,000), a real-time platform (€ 30,000), and a 1:10 scale vehicle (€ 1,000). The
cost associated with the 1:10 scale vehicle includes approximately € 170 for the
physical model, € 30 for additional electronic components, and around € 800 in
labor, calculated as two full working days (16 hours at € 50/hour) required for
mechanical modifications and software integration. The mid development stage is
marked by laboratory testing, where costs increase substantially to € 6,000,000,
distributed between a testbed (€ 5,000,000) and an additional test environment to
support virtual and physical validation of autonomous driving function, i.e. the
Drivig Qube (€ 1,000,000). The final development stage, on-road testing, exhibits
the highest expenditure at € 60,000,000, entirely attributed to the autonomous
vehicle testing facility.
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Fig. 2.3 V-cycle for autonomous vehicle control algorithms.

Figure 2.3 illustrates the V-cycle approach used for validating control algorithms
for autonomous driving. Thanks to the infrastructures available at the CARS research
center, the process starts with virtual simulations to define functional requirements,
advances to software development and integration using Hardware-in-the-Loop (HIL)
testing with scaled vehicles, and concludes with full-scale testing in the powertrain
testbed, as shown in Fig. 2.4a and 2.4b.
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Fig. 2.5 Progressive screening of the scenario to test: from virtual simulation to test on the
field.
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Figure 2.5 shows a progressive screening approach for testing an autonomous
vehicle scenario, starting from large-scale virtual simulations and gradually narrow-
ing down to real-world testing. The process starts with micro simulations usually
involving thousands of virtual vehicles to analyze the autonomous vehicle control
system’s behavior on a broad scale. Road networks and traffic behaviours are usually
modeled using software tool like OpenDRIVE [49] and SUMO [50]. These simu-
lations generate outputs such as vehicle trajectories, collisions, emergency braking
incidents, and lane changes, which help define the test scenarios. It then moves to
macro simulations with hundreds of vehicles, refining the model with more detailed
analysis, by adding elements such as sound and visual modules, interactive 3D views
and driver models. The simulation tool validates scenarios obtained from micro-
simulations while ensuring high fidelity in control system validation. To bridge
the gap between simulation and reality, in-door scaled-vehicle testing is introduced.
Thus, in-door tests using several scaled vehicles provide controlled experimental vali-
dation in a lab environment. These tests involve scaled-down 1:10 vehicles equipped
with sensors and controllers operating in a controlled environment. High-precision
infrared strobe systems and real-time computing hardware facilitate accurate data
acquisition and real-time control execution. The Buckingham Pi-theorem is used to
analyze scaling effects and determine whether similarity principles hold between
scaled and full-size vehicles. A more in-depth discussion of these aspects will be
provided in the upcoming sections. This is followed by lab tests with a full-scale
vehicle, allowing for real-world insights while still maintaining controlled conditions.
Real vehicle-in-the-loop (VIL ) tests are performed using virtual scenarios while
engaging real sensors and actuators. This setup enables repeatability, allows for
safe testing of edge cases, and supports intensive validation campaigns. Sensors
are stimulated using radar and camera stimuli to generate realistic driving condi-
tions, enhancing the reliability of test outcomes. It integrates tools such as AVL
Testbed. CONNECT [51] for scenario generation and simulation management, AVL
PUMA [52] for testbed automation and control, and a real-time target machine for
the real-time execution. This setup facilitates remote monitoring, vehicle control,
and vehicle controller tuning. Finally, a single vehicle undergoes field testing to
assess system performance in real-world scenarios. This staged methodology ensures

early identification of potential issues before advancing to costly real-world tests.

The proposed approach transitions from Model-in-the-Loop (MIL) simulations to

real-world testing, ensuring that all levels of validation are covered. In summary, this
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methodology proposes a multi-tiered validation strategy that combines simulation,
scaled-vehicle testing, and real-vehicle laboratory tests to address the challenges
of autonomous vehicle validation. By leveraging both virtual and physical testing
environments, it aims to create a more efficient, scalable, and reliable approach to
autonomous driving system validation.



Chapter 3

CARS Autonomous Scaled-Vehicle
Testbed

This Chapter outlines the experimental setup and architecture of the proposed novel
autonomous scaled-vehicle testbed, detailing its framework, i.e. the vision system,
the embedded 1:10 scale cars and the real-time harware. Moreover, the communica-
tion system connecting all components and the autonomous software architecture is

presented.

3.1 Testing scenarios

The experimental tests for the scaled autonomous vehicles are conducted in a ded-
icated space with dimensions of about 5 m x 6 m as shown in Fig. 3.1a and 3.1b.
Urban driving scenarios, such as road intersections, or small circuits can be con-
structed within this setup. The test area is not physically bounded, thus enabling
rapid modification of the scenario to be tested. Enhancing the traction of the model
vehicles with additional surface materials is not feasible, due to limitations that
prevent the installation of alternative floor coverings in the test area. Due to physical
constraints imposed by the vehicle’s maximum steering angle, the tracks are designed
with a minimum turning radius of 0.7 m. This ensures that the layouts remain within

the physical limits of the scaled model.
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Fig. 3.1 CARS Autonomous Scaled-Vehicle Testbed
3.2 Miniature RC cars

The used miniature race cars are Tamiya TT-02 1:10 scale cars, which are about 0.416
m x 0.190 m in size and weight 1.6 kg. The cars features a bathtub-type frame, four
double wishbone suspension with friction dampers. The cars are rear wheel driven
(RWD) by a DC brushless electric motor, featuring one-speed gearbox and open
differential transmission. The front wheel are steerable with a proportional front
wheel steering mechanism. The cars do not have separated brakes, but the motor
can break the rear axle. It is therefore important to account for this by constraining
the vehicle’s maximum braking force, so as to avoid the onset of vehicle dynamics
instability [53].

The original electronics of the cars are replaced with a custom electronics that
allow a custom made communication protocol and onboard sensing. The onboard
electronics replace the conventional radio control system board. The Electronic
Speed Controller (ESC) and steering servo are regulated through Pulse-Width Modu-
lation (PWM) signals produced by the ESP32-WROOM-32D [5] microcontroller,
which provides integrated Wi-Fi connectivity, Serial Pheripheral Interface (SPI) and
Inter-Integrated Circuit communication (I2C) support for effortless peripheral inte-
gration. An Inertial Measurement Unit (IMU), specifically the MPU-9250 [54], is
positioned near the vehicle’s center of gravity to guarantee precise motion detection.
The IMU interfaces with the microcontroller via I2C, delivering real-time data on
acceleration and angular velocity across all three axes.
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All hardware components are integrated seamlessly to preserve the vehicle’s
original dynamic characteristics while ensuring dependable autonomous functionality.
Meticulous selection and positioning of each component guarantee that the alterations

do not disrupt the vehicle’s inherent handling attributes.

Double wishbone
Double wishbone suspension
suspension

NiMH Battery

DC motor

Counterweight

ESC

Steering servo
Custom Electronics

(a) Top view of the scaled car (b) Isometric view of the scaled car

Fig. 3.2 1:10 scale vehicle with custom modifications

Figure 3.2a and 3.2b show the embedded scale car. Counterweights were added
to the right rear corner of the vehicle to compensate for the imbalance caused by
the battery placement, which significantly increased the load on the left-side wheels.
This weight distribution asymmetry became particularly noticeable at high speeds:
the vehicle exhibited oversteer during right turns (positive steering angles) and
understeer during left turns (negative steering angles) [53]. By introducing the
counterweights, the vehicle’s dynamic behavior was restored to a more symmetrical

response along the longitudinal x axis of the scaled vehicle.

Communication system

The system uses a master-slave communication architecture, where a central ground
control unit (master) manages data exchange with multiple peripheral devices
(slaves), i.e. the scaled cars. Each scaled vehicle communicates via Wi-Fi commu-
nication with a custom ground-based control unit. The ground station is equipped
with an ESP32-WROOM-32D microcontroller [5], identical to the one installed
on the vehicle. The Wi-Fi communication is capable of exchange information at
maximum distance of 50 m. Moreover, it introduces a maximum transmission delay

of approximately 50 ms.

Steering
mechanism

Friction
damper
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3.3 Vision based localization system

Vehicle localization is achieved through a vision-based system consisting of four
infrared cameras. These cameras are mounted on the ceiling, one in each corner of

the room, and oriented downward to cover the entire test area.

Camera

The cameras used are VICON Vero v2.2 models [55], operating at 200 fps (i.e. 200
Hz). Each camera is equipped with a wide-angle lens to capture at least half of
the test area in a single frame, ensuring sufficient overlap between the fields of
view of different cameras. The infrared LEDs arranged around each camera assist
in detecting the reflective markers placed on top of the scaled vehicles, enabling

accurate motion tracking within the test environment.

Vision Software

The goal of the vision software is to extract the position and orientation of all the
cars on the test area and send this information to the controller PC. The cameras
are connected via UDP/IP to a 10 Gb/s PoE Ethernet switch, which in turn commu-
nicates with a workstation running the proprietary VICON Tracker software [56]
through a UDP/IP connection. The relative positioning of the markers on the vehicle
body must be unique and asymmetrical with respect to the vehicle’s axes to ensure
that the vision system can unambiguously track the movement of the object. The
marker configuration defines the object to be tracked, which is then assigned its own
reference frame expressed in global coordinates, relative to the origin of the test
area’s coordinate system. Figure 3.3 shows the two different marker patterns used to
identify the scaled vehicles.

3.4 Controller PC

The controller PC utilizes a Linux-based real-time operating system (RTOS) . The
sampling time is restricted to a multiple of 5 ms due to the update of the camera

system.
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1 2

Fig. 3.3 Schematic drawing of the two different marker patterns used to identify the scaled
cars

Control loop and system delays

The resulting control loop can be summarized as follows; the controller PC sends
commands to the car via CAN communication to the ground station. The ground
station sends commands to the scaled car via WIFI communication, which drives
along the track. The cameras then take new images which are transmitted via
Ethernet UDP/IP to the vision PC. The images are processed by the proprietary
vision software, and the new position of the cars is detected. This information is then
sent via Ethernet UDP/IP to the controller PC which computes new commands for
the car.

A fundamental challenge associated with complex feedback loops is the presence
of time delays. In the system under consideration, such delays originate from
both communication latencies across all the links and computational delays within
the vision processing and control modules. Specifically, the vision system has an
average latency of approximately 4 ms, while the UDP/IP Ethernet transmission
between the vision PC and the controller PC introduces an additional delay of
roughly 5 ms. The controller updates the computed control commands, i.e. throttle,
brake, and steering, at a maximum interval of 50 ms. Reference setpoints for
the electric motor and steering duties are transmitted via the CAN bus at 10 ms
intervals. These signals are received by the ground station with the ESP32-WROOM-
32D microcontroller through the integrated TWAI peripheral. Upon reception,
which is interrupt-driven at a 10 ms rate, the ESP32 microcontroller processes the
incoming data and transmits it wirelessly via ESP-NOW to the onboard ESP32
units installed onboard the scaled vehicles. This architecture effectively bridges
the wired CAN communication with the wireless ESP-NOW protocol, facilitating
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real-time transmission of control messages. Importantly, the delays introduced by

the communication architecture do not compromise the performance or stability of

the control system. Figure 3.4 illustrates the cascaded time delays throughout the

entire communication pipeline, from the vision system to the actuators on the scaled

vehicles, with a total time delay of about 89 ms.

3.5 Opverview

Figure 3.5 provides a schematic overview of the proposed scaled infrastructure. The

vision system, composed of four cameras, tracks the motion of the scaled vehicles

and transmits their poses expressed in global Cartesian coordinates, 1.e. Xj /5, Y12,

Z, ), from the Vision System PC to the Controller PC. The Controller PC filters

the incoming data and computes the control actions, namely the target acceleration
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(acCarger,1/2) and the steering angle (6 /2). These high-level control commands are
then mapped by a low-level controller into duty cycle references for the electric motor
and the steering servo, respectively. The resulting commands are sent via CAN bus
to the ground station, which subsequently transmits them to the scaled vehicles using
ESP-NOW wireless communication. In addition, the ground station receives inertial
measurements, such as acceleration along the three axes and yaw rate, from the IMU
sensor of each vehicle, transmitted via ESP-NOW. These sensor measurements are
then forwarded back to the Controller PC through the CAN interface.

Table 3.1 summarizes how our infrastructure compares to those presented in the
literature, based on four key aspects:

* Planning and control: The ability to implement planning and trajectory track-
ing algorithms;

* Computer vision: The ability to develop perception algorithms using onboard
sensors and dedicated electronics;

* Autonomous racing: The capability to enable vehicle interaction, supporting
the development of obstacle avoidance strategies with the goal of competitive
autonomous racing;

* Human-robot interaction: The possibility to control the scaled vehicle through
human input, e.g., teleoperation.
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Table 3.1 Comparison of laboratory scaled-car testbed based on selected characteristics.
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Chapter 4

Vehicle model

This Chapter presents the derivation of the vehicle models employed throughout the
thesis, which serve as the foundation for system identification and control design.
The structure of the Chapter is as follows, first the identification is derived in Section
4.1. Subsequently, Section 4.2 discusses the dynamics similarity of the scaled car

with a full scale vehicle using the Buckingham Pi theorem approach.

4.1 System Identification

This section provides a summary of the methodology employed to identify the scaled
car model. The identification process is structured into three main stages. In the first
stage, static parameters, including the vehicle mass, are estimated. The second stage
involves conducting sinusoidal acceleration tests to identify parameters influencing
the longitudinal dynamics. In the third stage, ramp steer experiments are performed
to estimate the characteristics of the tire force response.

It is important to highlight several challenges associated with the identification
of the miniature race car. Firstly, the objective is to derive a model that remains
valid even near the handling limits. Secondly, the available measurement data is
limited; in particular, wheel speed, body roll, and pitch information are not accessible.
Lastly, tire characteristics can only be identified through driving experiments, as no

dedicated tire testing equipment is available for the scaled platform.
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HBM MG PLUS Amp

HBM S9 force
transducers

Fig. 4.1 Scaled-vehicle vehicle distribution test

Table 4.1 Scaled-vehicle weight distribution

Weight Distribution Forces [N] Proportion
Left/Right 7.87/7.89  49.9%/50.1%
Front/Rear 7.20/8.56  45.7%/54.3%

4.1.1 Static Parameters

Since the scaled-car producer does not publish exact vehicle data, i.e. mass, center of
gravity, moment of inertia and steering limits, these parameters have to be measured
or identified. The vehicle mass m is measured using four HBM S9 force transducers
connected to an MG PLUS amplifier system for signal conditioning and acquisition,
as shown in Fig. 4.1. The center of gravity is estimated by analyzing the weight
distribution at the four corners of the vehicle. In the lateral direction, it is assumed

that the center of gravity lies at the geometric center of the vehicle.

As discussed in Section 3.2, the original vehicle exhibited a significant asymme-
try, resulting in different dynamic behavior depending on the sign of the steering
angle input. To address this issue, additional weights are added to the rear-right side
of the vehicle to counterbalance the battery, which is mounted longitudinally along
the left side. The effectiveness of the weight distribution adjustment is verified, as
reported in Tab. 4.1. It is worth noting that a greater proportion of the total mass is
concentrated at the rear, primarily due to the placement of the drive motor on the

rear-right side of the vehicle.

The moment of inertia about the vertical axis (I;) is determined using the bifilar
pendulum method [57], in which the vehicle is suspended by two parallel strings
and allowed to oscillate freely around its z axis. This technique is based on simple

oscillation measurements and known geometric parameters, making it both easy
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Fig. 4.2 Moment of inertia measurement

Table 4.2 Yaw moment of inertia /, for different string heights 4

h[m] I [kg -m?*]
Test1 0.68 0.0123
Test2 092  0.0121
Test3 1.15 0.0125
Test4 1.53 0.0124

to implement and reproducible. The yaw moment of inertia is computed using the
following equation:

_ Mgb’T?

L =—0— 4.1
T 4m2h @1

where m is the mass of the vehicle, g is the gravitational acceleration, b is the
spacing between the strings, 7 is the time between two consecutive peaks of yaw rate
measurement and /4 is the string length. A visual representation of the experimental
setup is provided in Fig. 4.2a. Figure 4.2b shows the yaw rate oscillation during the
bifilar test.

To ensure the reliability of the measurements, the test was conducted at four

different string lengths (%), as summarized in Table 4.2.

Finally, the last static parameter to be identified is the vehicle’s steering limit.
Simple tests were performed by setting the steering to its maximum angle, first to
the left, then to the right, while driving at low speed, enabling the application of the
kinematic steering formula:
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Table 4.3 Summary of static parameters of the scale-car

Parameter Value
Mass (m) 1.60 [kg]
Distance CoG to front axle (I5) 0.14 [m]
Distance CoG to rear axle (/) 0.12 [m]
Wheelbase (/) 0.26 [m]
Yaw moment of inertia (1) 0.0123 [kg-m?]
Steering angle limit (Sjimit ) 0.31 [rad]
in = 4.2
kin — E 4.2)

where [ is the wheelbase and R is the radius of curvature.

In both cases, the radius of curvature is similar, with Rj.r; = 0.83 and R,;ep; =
0.82, further confirming the symmetry of the steering. The static parameters of the
scaled vehicle are listed in Table 4.3.

4.2 Longitudinal dynamics

In the literature, the longitudinal dynamics of scaled vehicles are typically modeled
through an equation that relates the longitudinal force generated by the powertrain to
the duty cycle D of the pulse width modulation (PWM) used to control the torque of
the DC motor. This is because the control input for the longitudinal dynamics is the

duty cycle D of the electric drivetrain motor.

In [58], the longitudinal force Fy on the rear axle, since the vehicle is rear-wheel
drive (RWD) , is modeled using a DC motor representation, along with resistance

forces, such as rolling resistance and aerodynamic drag:
Fi(t) = (Cp1 — Cuav(t)) D — Cpr — Cv(1)? (4.3)
where the parameters C,,; and C,,;; describe the motor model, C,, represents the

rolling resistance, and C; accounts for the aerodynamic drag.

Similarly, [59] considers a four-wheel drive (4WD) vehicle, in which the elec-
tric motor generates a traction force distributed between the front and rear axles,
parametrized by a torque split coefficient. The friction force is modeled as a Taylor
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Fig. 4.3 Longitudinal vehicle model

expansion along the longitudinal direction, directly influencing the longitudinal
velocity.

By performing constant-speed tests at different duty cycle values, a nonlinear
relationship between the duty cycle and vehicle speed is obtained. The model
parameters can be identified using a nonlinear least squares optimization problem of

the form: |
min = {| — M (xn) I3 (4.4)

where x,, = [Cu1,C2,Crr, Cy| are the parameters from equation 4.3 to be optimized
for best fitting between measured data 17 and model output M (x,,). The optimization
algorithm used is Levenberg-Marquardt [60], a generalization of the Gauss-Newton
method that enhances convergence robustness, especially when starting far from the
solution.

Considering Eq. 4.3 under steady-state conditions, acceleration v = 0, thus
F, = 0, the longitudinal vehicle model effectively fits the stationary points obtained
from experimental tests, yielding an R-squared value of 0.99 and a Root Mean
Square Error (RMSE) of 0.059, as shown in Fig. 4.3a. Comparing the experimental
response of the scaled vehicle with that of the model, minimal mismatch between
them is revealed, as illustrated in Fig. 4.3b.

However, this modeling approach is based on stationary operating points (con-
stant speed tests) defined by fixed duty cycle values. For the identification of the
longitudinal dynamics, dynamic experimental tests with varying duty cycles are

required. In this work, a sinusoidal input in the duty cycle is used instead of step
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Fig. 4.4 Modeling vehicle longitudinal dynamics response

Table 4.4 Parameters defining the longitudinal dynamics of the scaled car using non-linear
grey-box identification method

Parameters Value Std. deviation
Cui 21.19 [N] 7.39
Cuo 8.89 [Ns/ml| 9.74
Cro 1.48 [Ns/m] 0.19
Cn 1 [Ns/m] 0.30

changes. This choice is motivated by the fact that step inputs often lead to tire slip
and saturation phenomena, which lie outside the operating range modeled by the
internal vehicle model adopted in the Model Predictive Controller (MPC). Including
such nonlinear behaviors—such as tire saturation—would compromise the validity of

the identified model, as these effects are not accounted for in the simplified structure

used for control design.

When the system is excited with a sinusoidal duty cycle input, as reported in Fig.
4.4a, the model provides a good fit with the experimental data, achieving a perfor-
mance of approximately 78%, as illustrated in Fig.4.4b. However, this modeling
approach presents a critical limitation: the identified parameters exhibit high standard
deviations, as reported in Table 4.4. In particular, the large deviations associated
with C,,; and C,,;» indicate that these parameters vary substantially across different
experimental trials. This variability undermines the reliability of the identification
process, suggesting that the proposed model is insufficiently robust to accurately

capture the longitudinal dynamics of the vehicle.
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Therefore, it is necessary to develop an alternative formulation that accounts for
model uncertainties through a different representation. Adopting an approach analo-
gous to that presented in [61], the dynamics of a DC motor driven by a duty cycle
(D) can be described through an equation derived from the following fundamental

principles:

* Motor model: the motor speed ®(¢) is determined by the applied voltage
(proportional to D), the motor’s mechanical and electrical characteristics, and

any braking or frictional effects
* Control by Duty cycle:

— When D > 0, the motor accelerates due to the applied voltage

— When D <0, braking occurs to reduce the speed to zero

* Braking behaviour: for Braking, a resistive force (or torque) proportional to

speed is applied.
The general dynamic equation for the motor speed can be written as:

do(t)
J
dt

= Tm — Uoad — Tbrake (4-5)

where J is the rotational inertia of the motor, 7,4, 1S the motor torque, Tj,uq =
bro(t) is the load torque, where by is the damping coefficient that accounts for
friction and ®(¢) is the angular speed of the motor at time t, Tpxe iS the braking
torque. Thrake 1S applied only when D <0,

0 ifD>0
Torake = . (4-6)
—kpo(t) ifD<O0

where kj, is the braking constant. Substituting Tyake , the Eq. 4.5 becomes:

do(t) ) Tm- bro(t) iftD>0 @7
dt —(by+hkp) @(t) ifD<O

During acceleration (D > 0), the motor accelerates proportionally to the duty
cycle and slows due to frictional damping b, while during braking (D < 0), the
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motor decelerates to zero speed due to combined friction and braking (bs + k).
To accurately capture the motor’s dynamics, it is essential to account for the back
electromotive force (V,,, ) by considering the motor’s electrical circuit. The presence
of back-EMF effectively reduces the net voltage applied to the motor windings,
thereby limiting the current flow and, consequently, the torque generation during
acceleration phases. The motor’s electrical equation is given by:

di(t)

V,=L
a dt

+ Rni(t) + Vemys (4.8)

where V,, is the applied voltage, proportional to Duty cycle D, L is the motor induc-
tance, Ry, is the motor resistance, i(¢) is the motor current and V,,,,y = K. (t) is the
back-EMF, proportional to the motor speed @(¢) through the back electromotive

force constant K,. The torque generated by the motor 7, is proportional to the

current:

T = Kii(t) (4.9)
where K; is the motor torque constant. The applied voltage is proportional to the
Duty cycle:

Vo = DVypax (4.10)
where V. is the maximum DC motor voltage. Substituting i(z) = V“;—Z”"f into the
Eq. 4.9:

Va— Keo(t
Ty = Kt“—e() 4.11)
R,
Then, substituting Eq. 4.11 into Eq. 4.5:
do(t Vo — K. 00(t
J (>:K;“ e()—mw@—QMG (4.12)

dt R,

Experimental results indicate that the braking mechanism operates by short-
circuiting the motor windings using an H-Bridge configuration commanded by the
scaled vehicle ESC. Thus, the braking force arises from the current induced by
the back-EMF as the motor decelerates. This mechanism is known as dynamic
braking or short-circuit braking. The braking torque in this case is directly related to
the back-EMF and the negative Duty cycle. When the Duty cycle is negative, the
H-bridge applies a short circuit to the motor’s windings. The back-EMF generated

by the spinning motor drives a braking current through the motor’s resistance and
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inductance. The braking current is approximately:

Ibrake ¥ 5 (4.13)

where R;ora = R + Ry —pridge includes the motor resistance and any additional
resistance in the H-bridge circuit. The braking torque is proportional to the braking
current:
Torake = Kilbrake = KZK—ew (4.14)
Riotal
Since the H-bridge controls the short-circuiting proportionally to the negative Duty

cycle (—D), the braking torque scales with —D:

KK,
Rtotal

Torake = —|D| (4.15)

Substituting Eq. 4.15 and factoring out terms, Eq. 4.12 becomes

o) _ K (KtKe KK,
dt R,, Ry, total

-min(D,O)) (4.16)

Thus, a single expression is obtained in which the duty cycle D inherently governs
the transition between acceleration (D > 0) and braking phases (D < 0). The DC
motor generates a torque T, via a shaft with radius R;

do(t)

F(t) = T”I’e(t) —yL @.17)

Thus, rearranging Eq. 4.16 to express the force produced by the DC electric motor,
using Eq. 4.17:

b .
.. Ktlgn‘;glax_v(l)<][§ln[]§e%+]€_§> lfD>0 418
=1 DKk br KK\ irp<o I
V(t) | |Rt0talR% + R.% + RmR% ! o

By simplifying Eq. 4.18 and lumping together all the unknown parameters of the
electric motor, as well as the friction coefficient, a simplified version of the force
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eqaution is obtained:

KD —v (1) K, ifD>0
)= g 0 e (4.19)
v(t) (KprakeD — Kp2)  if D <0

These 3 parameters can be identified using a hybrid strategy based on nonlinear
grey-box identification [62]. This approach combines physical insight with data-
driven techniques to capture complex system dynamics. Unlike black-box models,
which rely solely on input-output data, or white-box models, which are purely based
on first-principles equations, grey-box models incorporate partial knowledge of the
system’s structure while estimating unknown parameters from experimental data.
This approach is particularly useful when the system exhibits nonlinear behavior that
cannot be accurately represented using linear models, and when some underlying
physical relationships are known but not fully characterized. Mathematically, a
general continuous-time nonlinear grey-box model can be represented by a set of

differential equations:

(1) = f(x(2),u(t),6)
y(1) = g(x(t),u(r), )

where x(¢) € R" is the state vector, u(t) € R™ is the input vector, y(¢) € R? is the

(4.20)

output vector, 8 € R? is a vector of unknown parameters, and f, g are known
nonlinear functions derived from physical insight. This identification task consists of
estimating the parameter vector 6 such that the simulated outputs y(¢) best matches
the measured data j(r) over a time horizon. This is typically formulated as an

optimization problem:
& 2
minJ () = ) |5 (1) =y (4 0)]| 4.21)
k=1

where J(0) is the cost function expressing the discrepancy between measured and
model-predicted outputs. In our specific application, the optimization is constrained
by the nonlinear state equations, and include regularization terms to account for
prior knowledge and to enforce physical plausibility. Using this approach, a set
of parameters, summarized in Tab. 4.5, is identified, achieving an 81.7% fit with
the experimental data, as shown in Fig. 4.5b. Finally, employing a longitudinal

dynamics model with fewer parameters compared to the previous formulation leads
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Table 4.5 Parameters defining the longitudinal dynamics of the scaled car using non-linear
grey-box identification method

Parameters Value Std. deviation
K 32.4 [N] 2.34
K> 0.75 [Ns/m] 0.07
Kbrake 12[Ns/m] 0.24

to reduced standard deviations in the identified parameters, thereby improving the

robustness and reliability of the identification process.

4.3 Lateral dynamics

The miniature car is modeled using the bicycle model, following the approach
described in [63, 64]. In this formulation, the four-wheeled car is represented as a
single rigid body with mass m and yaw inertia /;, while the four wheels are reduced
to an equivalent two-wheel configuration. Lateral and longitudinal tire forces are
applied at each of the two wheels, with the steering angle 6 influencing the orientation

of the front wheel.

The vehicle model, as shown Fig. 4.6, considers three degrees of freedom: two
translational and one rotational. Body motions such as pitch and roll are neglected,
and load transfer effects are not taken into account. Additionally, the longitudinal
force is applied exclusively at the rear tires, consistent with the rear-wheel drive
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Fig. 4.6 Dynamic single-track model

configuration, while steering is implemented only at the front tires through the
steering angle 8. The resulting dynamic equations are expressed as follows:

X = vycos(y) —vysin(y)
Y = vysin(y) 4 vy cos(y)

V=w

b= (Foe— Fpysin(8) 4 moy0) (4.22)
vy = % (Fpycos(8) + Fry — mvco)

0= Il_z (I¢Fpycos(8) — I,Fry)

where X and Y represent the global position coordinates of the vehicle, while
y denotes its yaw angle or orientation. The variables v, and v, correspond to the
longitudinal and lateral velocities in the vehicle’s local reference frame, and @
indicates the yaw rate. The forces F;x and F,, refer to the longitudinal and lateral
tire forces at the rear axle, whereas Fy, represents the lateral force at the front axle.
The parameters Iy and [, denote the distances from the vehicle’s center of mass to
the front and rear axles, respectively. The lateral tire forces are represented using
a simplified version of the Pacejka Magic Formula [65], which offers a realistic
approximation of tire dynamics. This model accounts for the nonlinear characteristics
of tire behavior, including the saturation phenomenon, where increases in slip angle

no longer result in higher lateral force. The lateral forces depend on the slip angle,
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defined as the angle between the lateral and longitudinal velocity components at
each tire. Assuming the vehicle behaves as a rigid body, all points share the same
angular velocity . Given the velocity components at the center of gravity (CoQG), it

is possible to determine the following equation:
Vi = VoG + O A (P — CoG) (4.23)

where Ve, is the velocity at the CoG, @ is the angular velocity and P, is the absolute
position of a specific point i on the rigid body. Thus, it is obtained:

(in> _ (Vx - (in) (4.24)
Vyi vy + Ox; '

where v, and vy, are the components of the velocity at the CoG, while x; and y; are
the longitudinal and lateral distances respectively of the point P; relative to the CoG.

Thus, the side slip angle can be written as,

a) .
0 = arctan <u) s (4.25)
Vx — a)yi

Substituting the x; value, —I for front tires and —I, for rear tires,

w!
O = arctan (‘W’_f) —0

b (4.26)
o = arctan
Vx
Lateral forces, using simplified Pacejka Magic Formula are defined by
Fyy=—Dysin (Crarctan (Bsoir))
(4.27)

F,y = —D;sin(C,arctan (B,0))

where By, C¢, Dy, B, C;, Dy, are the Pacejka parameters for the front and rear
tires respectively. An initial estimate of the tire friction parameters can be derived
under the assumption of steady-state conditions, i.e., when vy, = 0 and @ = 0. Under

this assumption, Eq. 4.22 leads to the following system of nonlinear equations
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O Experimental points
Fitted line

O Experimental points
Fitted line

a [rad] a [rad]

(a) Experimental side slip angle vs. lateral front (b) Experimental side slip angle vs. lateral rear
tire force tire force

Fig. 4.7 Experimental lateral forces vs Pacejka simplified model

representing the lateral forces:

mlf o
ry = Vx
lf+lr
ml. v (4.28)

Fry= -
7Y 1+ 1 cos(6)

Therefore, once the velocities (vx,vy, o) and the steering angle § are known, the
lateral tire forces are fully determined. However, only certain types of maneuvers
satisfy the steady-state assumption. The most straightforward are steady-state tests,
in which the inputs are held constant and the system reaches steady velocities.
Despite their simplicity, such experiments can be time-intensive. As an alternative,
ramp steer inputs at constant velocity can be employed, producing low accelerations

and offering a more time-efficient approach.

In the case of miniature vehicles, the steering input is varied as gradually as possi-
ble to ensure the car remains within the constrained training area, while maintaining
a constant duty cycle to minimize the influence of the drivetrain. These experiments

are repeated for various duty cycles and for both left and right turning maneuvers.

Given the recorded velocities and steering angles across all experiments, the slip
angles oy and o, as well as the lateral forces F , and F;y, can be computed at each
time step. This results in a cloud of data points representing lateral forces at their
corresponding slip angles. A nonlinear least-squares optimization problem can then

be formulated, in which the parameters of the Pacejka tire model are identified by
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Table 4.6 Identified Pacejka parameters for front and rear tires

Parameters Front Rear Std. dev. Front/Rear

B 585 175 0.7/0.65
C 1.4 1.38 0.05/0.06
D 33 3.73 0.2/0.2

minimizing the 2-norm of the difference between the measured forces and those
predicted by the model, as described in Eq. 4.27:

1
min = [|y; — f (x;,x,) ||> (4.29)
xp 2

where y; are the measured forces, x; the measured inputs of f and x, = [By.,,Cy ,, Dy ,]
are the parameters of the Pacejka formula to be identified. Their values are listed
in Tab. 4.6. Figure 4.7 presents the lateral forces computed using Eq. 4.28 along-
side those predicted by the identified tire model. From this comparison, two key
observations can be made. First, the vehicle exhibits a certain degree of asymmetry,
particularly noticeable at higher slip angles. Second, consistent with the findings
reported in [64], the experimental maneuvers predominantly excited the front tires
into their saturated region, whereas the rear tires remained mostly in the linear regime.
As aresult, the front tire model shows a reasonably accurate fit, while the rear tire
model appears less reliable under saturation conditions. It is worth noting that the
spread of the estimated forces in Fig. 4.7 is comparable to the results obtained in

[64], where a full-scale vehicle was used.

However, the prediction model used within the controller can be simplified
to favor a faster optimization process, as proposed by Werling et al. [66], and is

expressed as follows:
14

N2

Equation 4.30 originates from the steady-state yaw dynamics of the linear single-

V= (4.30)

track vehicle model [53], whose key parameter is the so-called characteristic speed

12Cy ;C
Vet = afar 4.31)

Vch .
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where Cy s and Cgq, represent the cornering stiffness of the front and rear tires,
respectively. This model provides two main advantages over the conventional
bicycle model. First, it is free from singularities at v = 0, allowing full deceleration
to a complete stop. Second, its differential equations are not particularly stiff,
which permits the use of relatively large integration steps in numerical simulations,
significantly reducing computational load. Nevertheless, to avoid overloading the
control loop during aggressive driving maneuvers, additional constraints must be
applied to the trajectory—such as limiting the vehicle’s maximum achievable lateral

acceleration—which is addressed in the following Section.

In this context, a non-linear least squares optimization problem can be formulated,
where the cornering stiffness values Cy s and Cy, in Eq. 4.31 are identified. With

Experimental data ‘ : i
Lat simplified model A

S}

Yaw Rate [rad/s]
;)\'
S 1
\\
=

¥
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Fig. 4.8 Parameter identification of the simplified lateral dynamics model

reference to Eq. 4.30, the parameters Co ¢ and Cg, are estimated to be 27.03 and
43.53 [N /rad], respectively. Considering that Co s = ByCyDy and Co, = B,C,D,, the
estimated front tire cornering stiffness is consistent with both formulation, yielding
matching values. For Cg,, however, a difference of approximately 5 [N /rad] is
observed between the two lateral dynamics models, which can likely be attributed to
measurement uncertainties and errors. Despite its reduced complexity, the simplified
lateral dynamics model exhibits a high level of fidelity in replicating experimental
data as shown in Fig. 4.8, as evidenced by an R-squared value of 0.95 and an RMSE
of 0.21. It is worth emphasizing that the dynamic test shown in Fig. 4.8 is conducted
while avoiding tire saturation, in order to prevent the onset of nonlinear effects that
are difficult to capture within the framework of this simplified modeling approach.
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Table 4.7 Parameters defining the single-track vehicle model and their dimensions.

Parameters Dimension
Mass (m) [M]
Distance CoG to front axle (I5) [L]
Distance CoG to rear axle (/) [L]
Wheelbase (/) [L]

Front Cornering Stiffness (C f) ML/T?
Rear Cornering Stiffness (C,) ML/T?
Velocity (v) [L/T]

Yaw moment of inertia (1) (M/L?]

4.4 Dynamics Similarity

To investigate dynamic similarity, the Buckingham II theorem is utilized. This
fundamental principle in dimensional analysis states that if a physically meaningful
equation involves n physical variables, it can be reformulated using a setof p =n—k
dimensionless groups, denoted as II;,II,, ... ,IT,. These dimensionless parameters
are derived from the original variables, where k represents the number of fundamental
physical dimensions, determined as the rank of a specific matrix related to the

problem.

The first step involves collecting the relevant vehicle parameters and organizing
them into dimensionless groups, known as I parameters. This grouping is achieved
by normalizing mass, time, and length using scaling factors that are directly related
to the vehicle’s mass, length, and velocity. By applying the theorem to the single-
track vehicle model, 8 [n] physical variables are obtained, listed in Table 4.7. [M]
indicates the mass, [L] is the length and [T'] represents the time. These 3 define the
fundamental physical dimensions k. Following Buckingam IT theorem, the number
of dimensionless groups p is 5. These I1 groups are shown in equation 4.32.

l

1 _k == 1
1= 2 = 3
l l my

C,l I
I, = s = —= (4.32)

my? mi?

Cyl
=3

By considering the parameters of the full-scale vehicle on which the 1:10 scale
model is based, it is possible to verify the consistency of the scaled vehicle’s parame-

ters. The only available data refer to a wheelbase of 2.51 m, a mass of 1190 kg, and
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a front/rear % weight distribution of 48/52, i.e. [y 1.31 m and /, 1.20 m. Therefore,

validation can only be performed for the first two IT groups.

The first dimensionless parameter, I1y, is 0.52. Multiplying this by the wheelbase
of the scaled model, as reported in Table 4.3, yields a distance of the CoG to the
front axle /¢ of approximately 0.14 m. Similarly, I, is 0.48; multiplying this by the
wheelbase gives a distance of the CoG to the rear axle b of 0.12 m, which aligns with
measurements taken from the real-scaled model. As for the remaining parameters,
no further verification can be carried out due to the lack of information on cornering
stiffnesses and moment of inertia. The primary aim of this analysis is to emphasize
the custom-designed, low-intrusiveness electronic system implemented on the scaled

vehicle, which ensures dynamic similarity with a full-scale 1:1 counterpart.



Chapter 5
Car motion control problem

Based on the previous Chapter 4, a receding horizon racing car controller is presented
in this Chapter. The schematic of the general control scheme is presented in Fig. 5.1.
The vehicle states X, Y,V extracted by the motion capture system, are then estimated
using a Kalman filter. The controller is a Nonlinear Model Predictive Control
(NMPC) path-tracking controller. Given the reference path (the track curvature
as a function of the travelled distance), the controller also receives the position of
static and dynamic agents to enable obstacle avoidance functionality. The computed
control signal accy rarger 18 converted into duty cycle command dutygy via a low-
level acceleration control block. This duty cycle command, together with the steering
angle command 9 is transmitted to the vehicle via a 2.4 GHz wireless communication.
The entire framework is implemented in MATLAB/Simulink and runs in real time on
a dSPACE SCALEXIO AutoBox [67], which features an Intel 17-6820EQ quad-core
processor operating at 2.8 GHz.

AacCCyx target
Control dutygy
 Predefined trajectory
|} Predefined trajectory Low level .
............................................ . Vehicle
. Static/dynamic agent’s position ~: acceleration
e ¢ ................. I S : control
L SUUUURII A PP |8
;.. Path racking NMPC controller
£ X,Y, ¥

I State Estimation Ib

Fig. 5.1 General control scheme of the scaled-vehicle.
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The controller is designed to race around a track with known boundaries and
uses the vehicle model for longitudinal and lateral dynamics presented in Section
4.2 and 4.3. The Model Predictive Contouring Controller (MPCC), a widely utilized
algorithm for planning and control in autonomous racing, is briefly reviewed herein,
as presented in [34, 68]. This controller is designed to optimize progress along
a specified reference trajectory while ensuring compliance with track boundary
constraints. The associated control task is formulated as a nonlinear optimization
problem. The structure of the chapter is as follows: Section 5.1 presents the general
problem formulation and two case studies, the racing- and the passenger-car-oriented
formulations. Section 5.2 discusses the obstacle avoidance functionality and Section

5.3 analyzes the real-time implementation.

5.1 Problem formulation

Usually, the architecture for an autonomous vehicle includes a perception module, a
planning module, a control module, a localization module, and a database module
[41]. Each module plays a role in the operation of the CAV. In use, the planning
module receives data representing a destination and determines data representing a
trajectory (sometimes referred to as a route) that can be traveled by the CAV to reach
(e.g., arrive at) the destination. In order for the planning module to determine the data
representing the trajectory, the planning module receives data from the perception
module, the localization module, and the database module. The perception module
identifies nearby physical objects using one or more sensors, €.g. camera, radar
or LiDAR. The objects are classified (e.g., grouped into types such as pedestrian,
bicycle, automobile, traffic sign, etc.), and a scene description including the classified
objects is provided to the planning module. These data are updated at a frequency
of 10 Hz, as they are derived from the sampling rate of the sensors used by the
perception module. The planning module also receives data representing the CAV
position from the localization module. The localization module determines the CAV
position by using data from the sensors and data from the database module (e.g.,
a geographic data) to calculate a position. For example, the localization module
uses data from a GNSS (Global Navigation Satellite System) sensor and geographic
data to calculate the longitude and latitude of the CAV. In an embodiment, data used

by the localization module includes high-precision maps of the roadway geometric
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properties, maps describing road network connectivity properties, maps describing
roadway physical properties (such as traffic speed, traffic volume, the number of
vehicular and cyclist traffic lanes, lane width, lane traffic directions, or lane marker
types and locations, or combinations of them), and maps describing the spatial
locations of road features such as crosswalks, traffic signs or other travel signals
of various types. The control module receives the data representing the trajectory
and the data representing the CAV position and operates the control functions (e.g.,
steering, throttling, braking) of the CAV in a manner that will cause the CAV to
travel the trajectory to the destination. For example, if the trajectory includes a left
turn, the control module will operate the control functions in a manner such that
the steering angle of the steering function will cause the CAV to turn left and the
throttling and braking will cause the CAV to pause and wait for passing pedestrians

or vehicles before the turn is made.

In the context of autonomous driving on a race track, the problem is significantly
simplified by the fact that the start point, end point, and the complete geometry of
the track are known a priori. Under these conditions, the control task is typically
formulated as a path tracking problem based on a pre-computed reference path.
When the controller is provided with a spatial representation of the track, such as
a curvature profile parameterized by the arc length, e.g. s Frenet coordinate , the
formulation aligns with the framework of Model Predictive Contouring Control
(MPCC). MPCC is a specialized form of Model Predictive Control (MPC) in which
the objective extends beyond temporal tracking of a trajectory, focusing instead
on minimizing spatial errors. These are commonly defined as contouring error,
representing the lateral deviation from the reference path, and lag error, quantifying
the longitudinal discrepancy along the path.

This approach occupies an intermediate position between classical path tracking
and full path planning. While the reference path remains fixed, the controller retains
a degree of flexibility in determining how to traverse it optimally. In this sense,
the MPCC does not involve generating a new path in real-time but allows limited
deviation within predefined bounds, enabling performance improvements such as
tighter cornering or smoother trajectories. As such, MPCC provides a more adaptable
and performance-oriented alternative to conventional tracking methods, without the
complexity of online path planning.
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Fig. 5.2 Curvilinear prediction model

Due to the limited size of the test area and the reduced number of cameras
composing the motion capture system, 1:10 scale vehicles cannot operate at high
speeds, specifically, speeds above 3 m/s. Consequently, the test track has been
designed to resemble an urban driving scenario. Since the vehicle operates well
below its handling limits, a simplified prediction model has been adopted. In
particular, a singularity-free kinematic model [69] was selected to avoid infeasibility
issues at low speeds, especially near zero velocity.

As stated in [70], the kinematic model discretized at 200 ms achieves performance
comparable to that of a dynamic model discretized at 100 ms. Moreover, their
analysis highlights that the kinematic model exhibits lower prediction errors when
discretized at 200 ms compared to 100 ms. These findings support the use of
an MPC framework based on a kinematic bicycle model for autonomous vehicle
control. While many existing MPC approaches [71] rely on high-fidelity models that
incorporate tire-road interactions, the proposed method requires less computational
effort and remains effective across a wide range of speeds, including standstill
conditions.

The internal model is expressed through the following continuous-time formula-
tion:
xX(1) = f(x(2),u(t)) (5.1)
The state vector x is: -
x=8 v on w s,] (5.2)

where 0 is the steering angle, v is the longitudinal velocity, n, represents the orthog-

onal distance from the path in Frenet coordinates, Y, is the relative heading angle
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between the scaled car y, and the reference path y,., s, denotes the progression along

the reference path, as shown in Fig. 5.2. The control action vector u is defined as:

u::[anm@g AS]T- (5.3)

where ay sarger is the longitudinal requested acceleration and A$ is the variation of
steering angle command. Compared to conventional approaches [34, 58, 59], where
longitudinal dynamics is typically controlled using the Duty cycle D, this method
aims for a more generic approach by directly using a target value of longitudinal
acceleration ay ;qrger as input. This approach enables the deployment of the same con-
troller, originally validated on scaled vehicle models, on full-scale vehicles without
modification. The procedure for converting the target longitudinal acceleration into
a duty cycle suitable for PWM-based control of the electric motor will be detailed in

Section 6.
The curvilinear internal model is expressed by:

5 =A8

V = dx target

1, = vsin(y,)

Y veos(y,) GH
Y, = Ztan(3) — TK(S,,)K(S”)
_ veos(Ye)
"1 —nx(sy)

where k(s,) represents the curvature with respect to reference path arc length Frenet

coordinate s,. The optimal control problem (OCP) is of linear least squares type:

Tl ,
| 5 IVaxr) + Viu(1) = dr
xcr%‘?»/o 2 1Ve0) Vi) = yeer [l i+

~
Lagrange cost (stage cost)

-

1 si(t) Z 0 z si(1)

3 su(t) 0 Zy su(t) | dt+ (5.5)
1 7 7z O 1

1 2
+§\|fo(T)—Yfewae

J/

~
Mayer cost (terminal cost)
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subject to
(1) = f(x(2),u(t)) (5.6)

x(0) =xo (5.7)

Cx < Joxx (1) + JspxS1px () (5.8)

JoxX(t) = JspxSupx (t) < Cx (5.9

u < Jouu(t) (5.10)

Jou(t) <7 (5.11)

where x is the initial state vector, ¢, and ¢y denote the vector of lower and upper
bounds on the state constraints respectively:

T
Cx = [ 5min Vmin  Nmin } )

(5.12)

T
Cx = |: 6max Vmax Nmax ]

Jux 1s the state selection matrix that selects to which states the bounds are applied
to, while Jgx determines which of the state constraints can be softened using slack

variables 1 px () supx (¢) respectively, i.e., allowing small violations with penalties

1 0000
Jx=10 1 0 0 0 (|, Jox=1, (5.13)
00100

u and u represent the vector of lower and upper bounds on the control actions
constraints, respectively:

T
u= [ Ax target ,min AOmin } )
(5.14)

T
U= [ Ax target max Admax ]

Jou 18 the control action selection matrix that selects which control action the bounds
are applied to
Jou=101 (5.15)
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Fig. 5.3 Kamm'’s friction circle

Since the total transferable force of a tire cannot exceed a certain maximum value
(the radius of the so-called friction circle, or Kamm’s circle, as shown in Fig. 5.3),
the vehicle’s acceleration must also be limited. The introduction of this constraint
serves to compensate for the limitations inherent in the model described in Eq. 5.4,
thereby preventing the vehicle from operating beyond its handling limits, where tire
saturation would occur. Thus, an additional non-linear constraint is added:

hax.,y S hax,y (X(l) ) I/t(l)) + JShSLh (t)

hagy, (x(2),u(1)) = JsnSun(t) < ha,,

(5.16)

where A, (x(t),u(t)) is the non-linear constraint function represented by the
Kamm’s friction circle function, s; () and s, (¢) are the slack variables for lower

and upper bound, while &, , and h,, , are the lower and upper bounds for the non-

linear constraint function respectively

hax7y(x(t),u(t)):(ax(t))2+(ay—(t)>2, hop, =0, Ta, =1 (5.17)

Ax, max Ay max

with @y e the maximum longitudinal acceleration, ay . the maximum lateral

acceleration. Jg, is the selection matrix for the non-linear constraint function

Jo =1 (5.18)
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The Lagrange cost term includes all the state and control actions components inside

the least squares cost, being:

I 0
V, = 5x5 .V, = 5x2 (5.19)

0245 byo

Moreover, the Mayer cost contains all the final state components
V¢ =Is545 (5.20)

Yref and y5, .7 Tepresent the reference trajectory for states and controls and the terminal
reference (at time T), respectively. W is the positive semi-definite weighting matrix
and W¥ is the terminal weighting matrix. Penalization for the use of slack variables
5;(t) and s,(t) (for lower and upper bounds, respectively) is also included in the
problem formulation by defining L2 terms Z; and Z,:

Zl = dlag ( W5min’ Wynins  Whmino Whmin ) )
(5.21)

Zu - dlag < W(Smax’ WVmax7 ‘/Vnmax7 whmax >

where wg and wg are the penalty weights for the slacks on lower and upper
constraint for the steering angle o, w,,, and w,, for the velocity v, wy, . and
Wi, fOT the orthogonal deviation n, wy,, . and wy, _ for the non-linear constraint
h(x(t),u(t)). Linear penalty terms z; and z,, are set to zero. Since the proposed path
tracking control aims to follow a desired path rather than reach a specific endpoint,
minimizing deviation from the path along all the points of the trajectory, the terminal
cost has the same weight as the stage cost. Finally, slack variables are not used to
soften the terminal costs. Moreover, terminal constraints are not enforced. In goal-
reaching problems, such as scenarios of autonomous parking, terminal constraints
must be strictly imposed to force the system to reach a specific state; violating them
could lead to unsafe outcomes, such as possible collisions. Thus, for path tracking
problem formulation, the solver is allowed greater flexibility at the terminal time 7',
meaning that bounds on states or nonlinear constraints at the final time can remain

undefined.

In summary, the constraints include upper and lower bounds on system states such
as steering angle 9, vehicle speed v, and lateral deviation n. The steering constraint

enforces the physical limitations of the steering system in both directions. The speed
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constraint restricts the vehicle’s velocity to a minimum of 0 m/s and a maximum of 3
m/s. This upper bound is due to the limited length of the test track and the design of
the ESC, which controls only traction and braking through PWM. Importantly, the
ESC does not support reverse motion, meaning that the scaled vehicle cannot drive
backward. In addition to these state constraints, bounds are imposed on the rate of
change of control inputs: namely, the longitudinal acceleration command ay sqrger
and the change in steering angle Ad. These constraints are introduced to manage
actuator effort and ensure smooth and stable system behavior. However, bounding
the longitudinal acceleration alone does not guarantee that the vehicle will remain
within its handling limits. To address this, an additional nonlinear constraint has
been incorporated. This constraint captures the combined tire force limitations and
prevents the vehicle from exceeding its feasible acceleration envelope, particularly in
scenarios where tire saturation might occur. This safety constraint is modeled using
Kamm’s friction circle, which effectively limits the total available tire force and
ensures realistic tire-ground interaction. For path tracking, the cost function includes
terms penalizing lateral deviation and heading error, consistent with established

approaches in the literature [71, 72].

5.1.1 Racing-oriented optimal control formulation

The formulation of the motion control problem allows for the definition of different
reference objectives depending on the specific goal and the application context. In a
racing-oriented approach, the controller must be capable of minimizing the time and
space required to follow the trajectory while strictly adhering to the constraints on
states, control inputs, and system nonlinearities. In this context, the cost function
prioritizes forward progress along the curvilinear reference path while penalizing
lateral and yaw errors to maintain close adherence to the racing line. Referring to

the formulation in Eq. 5.5, the problem can therefore be expressed as follows:
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T
in, [ 3 0 = ey 5 o) e+

s

s zZ 0 g si(t)

> su(t) 0 Zu zu su(t) | dt+ (5.22)
1 zl 7z O 1

1
3 |[x(T) — x5, 4]

2
0°
where x,.r is the reference state trajectory, Q is the weight matrix for state
tracking over the horizon, R is the weight matrix for control effort, x, of is the desired
state at time 7 and Q. is the weight matrix for terminal cost. In this problem
formulation, the controller handles both longitudinal and lateral vehicle dynamics.
Therefore, the reference state x,.r is defined in terms of the lateral deviation n,
the heading error y,, and the arc length progress s, enabling the problem to be
reformulated with an objective of maximizing progress along the path. The reference
values for lateral deviation n,.r and heading error Y, ,.r are set to zero, guiding
the controller to follow the reference path. As for the arc length progress s, it is
defined such that the vehicle is encouraged to move forward toward a target located
a few meters ahead. The steering angle s and velocity v,.r references are not
included, as the weighting matrix Q assigns weights only to the three aforementioned
states. This approach defines the evolution of the reference progress s, over the

time horizon T as follows:

t

Sref(t) =S50+ (Sref,T —SO) T (5.23)

where s is the current progress on the track, s, 7 is the final arc length at time 7,
while the terminal reference progress s¢, y is defined as

Sief =50+ Sref,T (5.24)

In this context, a reference progress of s,.r 7 = 4 m is considered, indicating that
the controller is configured to advance the vehicle by 4 meters within the prediction
horizon T'. For a time horizon of T = 2 s, this corresponds to a reference velocity
of 2 m/s. In racing applications, the value of s, r is typically set to a significantly
higher level, often exceeding the vehicle’s actual capabilities, to encourage the con-

troller to minimize both the distance traveled and the time required, while promoting
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aggressive acceleration behavior. The matrix Q has normalized penalties on state

variables:

Q=diag<0, 0, 5.(,1;“)2, 0.5.<%1m)2, 1'(sdlev)2> (5.25)

where Y., is the deviation from the reference heading angle, s, is the deviation

from reference progress. Weights are normalized with respect to their respective
maximum allowable deviation. It is worth mentioning that the zero weights for o

and v mean deviations in those states are not penalized.

Furthermore, the weight matrix of the terminal cost for state tracking Q¢ is

assumed equal to Q. The weight matrix for control effort R is defined as:

, 2 2
R:dlag( 100.(—Mrglmx) : 1o.<—A51w) ) (5.26)

Weights are normalized to their respective maximum allowable value. Penalties on

slack variables s;(¢) and s,(¢) are set:

2 2 2 2
zz:diag(loé-((s;m), 100 (o) 10 (55) " 10t (i) )
2 2 2 2
T 6 1 6 1 6 1 4 1
Zu_dlag( 10 . <E> y 10 . (m) ) 10 . <m> ) 10 . (ha’y> )

(5.27)
Figures 5.4 and 5.5 show the behaviour of the proposed racing-oriented optimal

motion control problem. The simulation starts from an initial condition where the
vehicle has a lateral deviation of n = 0.4 m and a longitudinal velocity v of 2 m/s.
Figure 5.5a shows the distribution of the vehicle’s scaled acceleration components
in the longitudinal a, and lateral a, directions. The dashed circle represents the
admissible acceleration envelope, which accounts for the physical limits of tire-
road interaction, represented by the non-linear constraint s(x(z),u(z)). The blue
markers represent the actual vehicle acceleration during the simulation. Throughout
the maneuver, the vehicle remains within the acceleration limits defined by the

non-linear constraint of the control optimization problem.

Figure 5.5b reveals that the vehicle deviates significantly from the reference
path, particularly in cornering sections. This behavior is expected, as the progress-
maximizing controller intentionally cuts corners to reduce the traveled distance. The
color-coded velocity profile shows almost constant longitudinal speeds of 2 m/s in
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Fig. 5.4 States and control commands evolution along the circuit

order to track the reference progress of 4 m, especially along straights and wide turns,

indicating a more performance-driven driving style. By appropriately weighting the

progress s relative to the lateral deviation n and heading angle v, the controller is

able to cut through corners while consistently staying within the track boundaries.
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Fig. 5.5 Racing-oriented motion control behaviour

5.1.2 Passenger-car-oriented optimal control formulation

In the context of urban or extra-urban driving scenarios, the objective of the opti-
mization problem is no longer to maximize progress, but rather to track a reference
velocity, which is typically provided by the path planning module [41]. In this
class of problems, greater emphasis is placed on minimizing the lateral deviation
from the reference path n,, as well as the relative heading angle y,. Given that the
trajectory is predefined in terms of curvature k(s), the path tracking controller is
required to follow the path generated by the planning module strictly. In this case,
the reference state x,. s is defined in terms of the lateral deviation 7, the heading error
V., and the velocity v, enabling the problem to be reformulated with a pure reference
tracking problem. The cost function still penalizes lateral and heading deviations, but
with greater emphasis on lateral error. This reflects the goal of keeping the vehicle
tightly aligned with the reference path, which is more critical for comfort, safety, and
accuracy in non-racing applications. The reference values for lateral deviation n,, ¢
and heading error , ,. s are set to zero, guiding the controller to follow the reference
path, while the reference velocity v, ¢, allow the optimal control problem to behave
in a smoother and more conservative manner, i.e. in terms of longitudinal and lateral
perceived accelerations, suitable for road use. The matrix Q has normalized penalties
on state variables:

Q:diag(O, 1(;)2 50.<n;ax>2, 25.(W;w)2, 0) (5.28)
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Weights are normalized with respect to their respective maximum allowable deviation.
Furthermore, the weight matrix of the terminal cost for state tracking Q¢ is assumed

equal to Q. The weight matrix for control effort R is defined as:

R= diag( 100- () 10 ()’ ) (5.29)

Weights are normalized to their respective maximum allowable value. Penalties on

slack variables s;(¢) and s,(t) are set:

2 2 2 2
Z,:diag( 106-<5%) , 106-< 1,) : 106'( 14> ; 104'<h1> >’
min Vmin Nmin a,y
2 2 2 2
_d; 6 1 6 1 6 1 4 1
Zu—dlag( 100 () > 100 () 10 () 100 (L) )

(5.30)

[

Figures 5.6 and 5.7 illustrate the behavior of the proposed passenger-car-oriented
optimal motion control formulation. The simulation starts from an initial condition
where the vehicle has a lateral deviation of n» = 0.4 m and a longitudinal velocity v of
2 m/s, as previous case. For this passenger-car-oriented formulation, the controller
successfully maintains the vehicle along the reference path, tracking the imposed
reference velocity, as shown in Fig.5.6. Assuming a road scenario, the velocity is
set to 1.38 m/s, which corresponds to approximately 50 km/h at a 1:1 scale. By
assigning greater weight to the lateral deviation from the reference path n, and the
heading angle error y,, the controller is able to follow closely the reference trajectory.
Figure 5.7a shows the distribution of the vehicle’s scaled acceleration components
in the longitudinal a, and lateral a, directions. The dashed circle represents the
admissible acceleration envelope, which accounts for the physical limits of tire-road
interaction, represented by the non-linear constraint &(x(z),u(t)). The blue markers
represent the actual vehicle acceleration during the simulation. It can be observed
that the acceleration demands remain within the feasible boundaries, almost touching
the negative lateral acceleration one. Unlike the race-car scenario, where lateral
acceleration limits were not reached because of its turn-cutting strategy, the vehicle
now executes tighter turns with smaller radii of curvature in order to closely follow

the reference trajectory.

Figure 5.7b displays the reference path (dashed line), lane boundaries (black
solid lines), and the resulting MPC trajectories (color-coded by longitudinal velocity
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Fig. 5.6 States and control commands evolution along the circuit

v). Starting with the same initial condition as in the previous racing-oriented case,
the controller immediately guides the vehicle toward the reference path. The color
gradient indicates a moderate deceleration on the second right turn. The controller
requests the deceleration in order to perform the turning maneuver following the
reference path. On the remaining part of the circuit, the vehicle maintains constant ve-
locity, tracking the reference velocity v,.r, set to 1.38 m/s. The controller effectively

tracks the reference path while respecting constraints, highlighting its suitability
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Fig. 5.7 Passenger-car-oriented motion control behaviour

for urban or extra-urban scenarios where safety, comfort, and path adherence are
prioritized over time-optimal performance. This behavior contrasts with the scenario
in which the progress term is weighted in the cost function, where the controller
prioritizes rapid forward motion over strict path adherence.

5.2 Collision Avoidance

Collision Avoidance (CA) is a fundamental requirement for CAVs and has become
a critical focus of research and development. As the deployment of CAVs contin-
ues to expand, ensuring their safe operation and preventing collisions with other
vehicles, pedestrians, and static or dynamic obstacles has become paramount. To
address this challenge, researchers have explored a variety of strategies, including
obstacle detection, path planning (PP), path tracking control (PTC), risk prediction,
vehicle dynamics control, and decision-making algorithms. These techniques enable
CAVs to perceive their environment, recognize potential hazards, plan collision-free
paths, predict and assess collision risks, dynamically adjust their motion, and make
informed navigation decisions to enhance safety. In most cases, CA is integrated into
the path planning module, which computes an obstacle-free trajectory subsequently
tracked by the path tracking control system.

Various approaches to path planning for collision avoidance have been proposed.
Graph-based planners [73] (e.g., Hybrid A*) discretize the state space, treating
obstacles as invalid nodes to ensure obstacle-free path generation. These methods
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are complete, meaning they are guaranteed to find a solution if one exists, but they
suffer from discretization artifacts, producing paths that are often non-smooth and
suboptimal from a kinematic perspective. As a result, post-processing is typically

required to refine the trajectory.

Sampling-based planners [74, 75] (e.g., Rapidly Random Exploring Trees (RRT,
RRT#)) explore the free space probabilistically, naturally accommodating nonholo-
nomic constraints during tree expansion. While RRT* is asymptotically optimal,
improving the solution quality with increased sampling density, these methods of-
ten produce trajectories with discontinuities or excessive curvature, necessitating

smoothing techniques to ensure safe and feasible path tracking.

Optimization-based methods [76-78] (e.g., trajectory optimization, Model Pre-
dictive Control (MPC)) formulate collision avoidance as a constrained optimization
problem, embedding vehicle dynamics and obstacle constraints within the cost
functional. These methods are capable of generating dynamically feasible and
smooth trajectories and support reactive re-planning in response to environmental
changes. However, they face significant challenges in real-time applications due
to the nonconvexity of the problem, particularly in the presence of moving obsta-
cles, often requiring warm-starting strategies or convex approximations to achieve

computational feasibility.

Interpolated curve methods [74] (e.g., splines, clothoids) construct paths by
fitting continuous curves between waypoints, ensuring low curvature and bounded
acceleration profiles. Although computationally efficient and suitable for ensuring
smooth motion, these methods typically assume a quasi-static environment and lack
predictive capabilities necessary for handling dynamic obstacles.

In the proposed case study, three distinct strategies were implemented. The
first strategy consists in the dynamic modulation of the reference lateral deviation
nres as a function of the real-time obstacle position, effectively adapting the target
path to avoid collisions. The second and third strategies introduce an additional
nonlinear constraint into the optimal control problem, explicitly formulated as a
function of the obstacle’s position, which is treated as an external parameter to
the optimization problem, thereby enforcing obstacle avoidance directly within the

trajectory generation and tracking process.
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5.2.1 Reference lateral deviation generator logic
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(a) Reference lateral deviation generator with dual logistic curve

Nmax

Mmin

(b) Reference lateral deviation generator is inactive when obstacle is located out of the lane width

Fig. 5.8 Reference lateral deviation generator logic

In this collision avoidance (CA) strategy, the lateral deviation reference n, r opsr
is dynamically updated based on the predicted position of the obstacle, through an
upstream algorithm that adjusts the reference n,, ¢ prior to the MPC optimization.
Specifically, a smooth lateral deviation profile is generated by means of a double
logistic function, centered on the obstacle’s progress arc lenght coordinate s, . This
double logistic function is inspired by the ISO 3888-2 double lane-change test [79],
scaled down by a factor of 10 as shown in Table 5.1.

The scaled layout of the double lane change maneuver is illustrated in Fig. 5.9.
The ISO 3888-2-based maneuver is used as a reference only for the first obstacle
avoidance scenario, in which the lateral deviation reference is defined based on the
static/dynamic position of the obstacle. For the other cases considered, ISO 3888-2
is no longer applicable, as the obstacles are defined through non-convex functions
inside the prediction model and the trajectory is directly selected by the NMPC
controller.
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Table 5.1 ISO 3888-2 Double lane change maneuver. Comparison between full scale and
1:10 scale

ISO 3888-2 Full Scale [m] 1:10 Scale [m]
Vehicle Width 2.6 0.26
Lane Width 3.5 0.35
Lenght of Entry Lane (L1) 12 1.2
Lenght of Transition Lane (L2) 13.5 1.35
Lenght of Exit Lane (L3) 11 1.1
Lenght of Exit Lane (L4) 12.5 1.25
Lenght of Exit Lane (L5) 12 1.2
Lateral offset of transition 3.5 0.35
Total Lenght 61 6.1
334535
L1 L2 L3 L4 L5
L4 4 0.35}:. =35 4448
CLE) T fpooeeszssdiones
dae sdd
I
|

1.2m 1.35m 1.1 m 1.25m 1.2m

Fig. 5.9 ISO 3888-2 layout for scaled vehicle.

The fundamental concept is to define a continuous lateral offset along the path s,
allowing for a progressive deviation away from the obstacle followed by a smooth
rejoining to the nominal trajectory. The resulting lateral reference deviation ., r opsr
is defined as:

1 1
"refﬂbsl(s) =Aos (1 _f_efk(sfsl) o 1+ek(ssz)) (5.31)
where . L
$1= Sobst = ~5", 52 = Sobst + =5 (5.32)

The variable s, represents the progression of the obstacle along the path, L, is
the length of the obstacle, Ay is the lateral deviation amplitude (e.g., half lane width)
and k is the steepness parameter that regulates the sharpness of the lateral transition

generated by the logistic function. The lateral deviation is then evaluated along the
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Fig. 5.10 Obstacle constraint using circle safe-region

predicted progress s;,; using an interpolation:

Nyef obs (Straj) =4 (Straj;svectynref,obst (svect)) (5.33)

where sy,¢ 1s a dense-grid of s-values over which n,, ¢ .55 1s calculated. However,

the lateral deviation reference adjustment is applied only if the progress trajectory
Straj 18 monotonically increasing (i.e., dsé;“j > 0) and the lateral deviation n,, of

the obstacle is within the width of the lane (|nyps | < Wlé”'e ). Figure 5.8 illustrates the

logic used to generate the reference lateral deviation.

5.2.2 Obstacle nonlinear constraint with circle-safe region

In the second collision avoidance (CA) approach, obstacle avoidance is directly
embedded as an additional nonlinear constraint within the optimal control problem
(OCP). Instead of adjusting the path reference dynamically as in the previous method,
here the obstacle constraint is enforced during the optimization, ensuring that the
predicted trajectory remains at a safe distance from obstacles. The OCP extends
the vehicle dynamics by introducing obstacle parameters as external inputs p. The
collision avoidance constraint is formulated using a circle-based safe region, as
shown in Fig. 5.10. The vehicle must stay outside a circular region centered
at (SobstMobs) With a radius Ry,r.. Thus the corresponding additional non-linear
constraint is:

hobsi < hopst (x(1), p(t)) +Jsnsin(f)

_ (5.34)
hobst (x(t) 5 p(t)) - Jshsu,h (t) é hobst
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where hgpy (x(2), p(t)) is the non-linear constraint function represented by the

circle safe-region function, s;(¢) and s, (¢) are the slack variables for lower and

upper bound, while /s and hops: are the lower and upper bounds for the non-

linear constraint function respectively. Jg, is the selection matrix for the non-linear

constraint function (i.e. identity matrix ;). Thus, the obstacle non-linear constraint
is:

Topst (6(2), p(1)) = (n(8) = ngbst)” + (5(1) = Sobst)?

hobst = Ry hobst = +0°

(5.35)

The matrix Q has normalized penalties on state variables:

o-aig( 0, (1) 50(;L) w0 (L) o) 30

Weights are normalized with respect to their respective maximum allowable deviation.

Furthermore, the weight matrix of the terminal cost for state tracking Q¢ is assumed

equal to Q. The weight matrix for control effort R is defined as:

, 2 2
R=diag( 100- (;—L—)", 10+ (5-) (5.37)
x,target ,max max

Weights are normalized to their respective maximum allowable value. Penalties on

slack variables s;() and s,(¢) are set:

2 2 2 2 2

Z; = diag < 10°- (&lm) ) 10°- (vn]]_m> ’ 10°- <nnl1iﬂ> ’ 10%- (haic,y> 10%- <@> ) ’
2 2 2 ’ 2

Z,= dlag( 10> - (E) , 107 (M) , 107 (m> , 107 (m) 10%- (habsl> >

(5.38)
The last component represents the slack penalty and normalization associated with

the additional nonlinear constraint.

5.2.3 Obstacle nonlinear constraint with probabilistic region

In this approach, collision avoidance (CA) is not modeled as a hard geometric
constraint (like a circle), but instead as a probabilistic (Gaussian) constraint on

the vehicle’s position relative to the obstacle. Thus, the corresponding additional
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non-linear constraint is:

hobst < hopst (x(2), p(2)) + Jsnsin(t)

- (5.39)
hobst (x(t) ) p(l)) - Jshsu,h (t) < hobst
where hgpg (x(2), p(t)) is the non-linear constraint function represented by the
probabilistic safe-region function, s; () and s, y(#) are the slack variables for lower
and upper bound, while 4,5 and hops are the lower and upper bounds for the non-
linear constraint function respectively. The obstacle avoidance constraint is defined
as:

2 2
o), (1)) = Agy exp <— (W ~Sobu)”, (1(8) ~ o) ))

207 207
(5.40)

hobst = 07 hobst = ﬁobst

where A,y 1s the amplitude of the obstacle probabilistic safe region, oy is the
standard deviation along the progress Frenet coordinate, 0, is the standard deviation
along the lateral deviation Frenet coordinate and B, is the confidence bound of
the Gaussian distribution. Figure 5.11 illustrates the obstacle constraint using the
proposed probabilistic safe region. The matrix Q has normalized penalties on state
variables:

Q:diag(O, 1(;)2 50.(%11%)2, 1o.<9;w)2, o) (5.41)

Weights are normalized with respect to their respective maximum allowable deviation.

Furthermore, the weight matrix of the terminal cost for state tracking Q¢ is assumed

equal to Q. The weight matrix for control effort R is defined as:

2 2
R= dlag ( 100 ) (ax mr;et max) ’ 10 | <A51nax> ) (542)
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Fig. 5.11 Obstacle constraint using probabilistic region

Weights are normalized to their respective maximum allowable value. Penalties on

slack variables s;(¢) and s,(t) are set:

2 2 2 2 2
zi=ding (100 ()" 100 () w0 (L) w0 ()0t ()7 )

2 2 2 ’ 2
Z,= dlag( 10°. (&nax> , 10°- (m) , 10°- <nmax) , 107 (E) 107 (%> >

(5.43)

To improve robustness against prediction uncertainties, it is introduced a stage-
varying constraint bound along the prediction horizon. In particular, the upper
bound ka on the obstacle avoidance constraint is made stricter at the beginning
of the horizon (i.e. prediction index k = 0) and progressively relaxed toward the end
(k = Ngeps — 1). This choice reflects the fact that predictions close to the current
time are more accurate, whereas uncertainty increases farther into the future. Figure
5.12a illustrates the variation of confidence bound of the probabilistic safe-region
during prediction horizon evolution. Therefore, a tighter constraint is enforced near-
term to guarantee immediate safety, while a looser constraint is allowed at long-term
predictions to account for modeling errors and external disturbances. Mathematically,
the constraint is written as

h (xkapk) < hobst,ka k=0,... yNiteps — 1 (5.44)

where h,g i 1s a deterministic, monotonically increasing function of the prediction

step k,

— — y g— p—
k = hinis + ( ) (P fin — hini ) (5.45)

Nsteps
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(b) Stage-varying obstacle constraint upper bound

Fig. 5.12 Obstacle constraint using probabilistic region with dynamic constraint upper bound
definition

where hj,; is the confidence bound at initial prediction step k, @ is the relaxed
bound at the end of the prediction horizon, and Y controls the rate of relaxation
accross the prediction horizon, as shown in Fig. 5.12b. A higher value of y leads to
a slower initial relaxation and a more abrupt loosening near the horizon end. This
formulation allows the controller to tightly respect the probabilistic constraint at the
beginning of the horizon, where accurate predictions are available, and gradually
relax it for future steps, where uncertainty grows. Such an approach enables a
balance between safety and feasibility, avoiding overly conservative behavior while
ensuring probabilistic obstacle avoidance.
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5.3 Real-time implementation

The solution of the optimization problem outlined in the previous section is achieved
through the use of advanced frameworks for non-linear programming. Among
these, acados [4] is recognized for its efficiency and real-time capabilities, making it
particularly suitable for deployment on embedded platforms such as the dSPACE
SCALEXIO AutoBox system [67], as demonstrated in [80]. This tool facilitates the
rapid and reliable implementation of Non-linear Model Predictive Control (NMPC)
algorithms in real-time environments.

5.3.1 Acados

The acados software package [4] is a collection of solvers specifically tailored for
fast embedded applications, making it highly suitable for real-time control tasks. Its
high-level interfaces enable the rapid development of optimization-based control
algorithms through the integration of modular and easily interchangeable components.
Leveraging a high-performance linear algebra backend, acados achieves significant
computational efficiency while maintaining a high degree of flexibility. Key features

of acados include:

* Implementation of efficient optimal control algorithms specifically targeting

embedded devices, written in C code

Use of the high-performance BLASFEOQ library [81] for linear algebra opera-
tions

* Interfaces available for MATLAB and Python

* Full compatibility with the CasADi [82] modeling language.

A significant challenge in the development of embedded optimal control software
lies in achieving a balance between flexibility, memory usage, and computational
efficiency. This trade-off is particularly critical in real-time applications, where strict
timing constraints must be met despite the limited computational resources typical
of embedded platforms. Earlier tools such as ACADO toolkit [83], addressed this
challenge primarily through automatic code generation. In this approach, problem-

specific C code is generated offline, including self-contained linear algebra routines
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tailored to the given optimal control formulation. While this method can result in
efficient implementations, it inherently limits flexibility. Once the code is generated,
both the problem dimensions and algorithmic structures are fixed. Moreover, the
maintenance of large volumes of generated code can be difficult, especially in itera-
tive development cycles or when targeting diverse hardware platforms. In contrast,
acados adopts a more flexible and modern approach by leveraging BLASFEO [81],
a high-performance linear algebra library optimized for small to medium-scale ma-
trices commonly encountered in embedded optimization. Rather than relying on
code generation for linear algebra routines, acados uses BLASFEO at runtime to
handle the most computationally intensive operations, such as matrix factorizations
and linear system solves. This is a crucial design choice, as linear algebra compu-
tations typically dominate the overall computational complexity in optimal control
solvers. Empirical results show that BLASFEO often outperforms even hand-crafted
or code-generated routines in this domain, providing both speed and adaptability. As
a result, acados achieves a favorable trade-off: it maintains computational efficiency
while offering greater flexibility and ease of maintenance. This makes it particularly
well suited for embedded applications that require rapid prototyping, frequent re-
configuration, and reliable real-time performance. Another essential aspect in the
design of embedded control software is the selection of the modeling language and
the tools used for automatic differentiation, as these choices directly influence the
system’s flexibility, memory footprint, and runtime performance. Common symbolic
computation tools such as Mathematica [84], SymPy [85], and the MATLAB Sym-
bolic Toolbox [86] typically represent mathematical expressions using expression
trees. While intuitive and powerful for symbolic manipulation, this representation
often leads to increased code size, higher memory usage, and slower evaluation of

higher-order derivatives, particularly in the context of complex dynamical models.

In contrast, CasADi adopts an expression graph-based representation, which
enables more compact instruction sequences, reduced code size, and significantly
faster execution. These features make CasADi particularly well suited for embedded
optimization applications, where computational efficiency and resource constraints
are critical. Moreover, CasADi is open-source and freely available, further contribut-
ing to its widespread adoption for modeling nonlinear functions and differential-
algebraic equations in control systems. While the core of CasADi is implemented in

self-contained C++ code, it is primarily accessed through its user-friendly interfaces
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for Python and MATLAB. In the proposed implementation, MATLAB interface is

preferred.

In addition to its support for CasADi, acados offers further flexibility by allowing
users to integrate custom dynamic models written in C, either manually or via external
code-generation pipelines. This capability enables the seamless incorporation of
highly optimized or hardware-specific model implementations, thus broadening
the range of applications and improving adaptability across different embedded

platforms.

5.3.2 Implementation

The algorithm used to solve the non-linear programming (NLP) problem is the
sequential quadratic programming (SQP), that solves the full quadratic problem (QP)
at every iteration. It provides robust convergence but it is more computationally
intensive. The alternative real-time iteration (SQP-RTI) performs only one QP solve
per sampling instant; thus, it is faster but less accurate per step. For the proposed
case, it was observed that the controller is able to solve the optimization problem
within 0.05 s. Therefore, it was decided to retain this implementation without further
investigating the SQP-RTI scheme. For a detailed comparison between linear MPC
and NMPC, as well as an in-depth analysis of MPC based on the RTI scheme, the
reader is referred to [87]. The resulting QP is solved using partial condensing high
performance interior point method (HPIPM) solver, a high performance QP solver
based on the BLASFEO [81] linear algebra library. This fast interior-point solver
is designed specifically for embedded systems. The condensing feature reduces
the QP size by exploiting the structure of the OCP, leading to faster QP solves
while retaining sparsity. The Hessian in the SQP method are approximated with
the Gauss-Newton method, which assumes the problem is least-squares-like. An
efficient numerical integration of the system dynamics is carried out using an explicit
fourth-order Runge-Kutta integrator. The implementation uses a prediction time
horizon T of 2 s, discretized into 40 steps Nps, corresponding to a time step of
0.05 s. This discretization is consistent with values commonly found in the literature
[25]. The chosen time horizon T = 2 s represents a trade-off between the vehicle’s
dynamic response and the computational effort required to solve the optimization
problem at each time step. A shorter horizon, such as T = 1 s, does not capture the
full dynamics of the vehicle, leading to suboptimal control actions and degraded
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prediction accuracy. On the other hand, increasing the horizon to 7 = 3 s or more
increases computational complexity, with limited improvement in performance,

particularly at moderate operating speeds.



Chapter 6
Experimental tests

This chapter discusses the challenges encountered during the experimental tests
and outlines the design of the control architecture for the scaled vehicle. Figure
6.1 illustrates a simplified overview of the modular architecture developed in MAT-
LAB/Simulink. The control pipeline includes a plant, which can represent either
a simulated vehicle dynamic model or real hardware, such as the scaled vehicle.
Sensor data is used to monitor the system’s state, which is then processed by a state
estimator to reconstruct a complete and accurate representation of the current system
state. Based on this estimate, the controller computes the appropriate control inputs.
The modular design of the framework allows for flexible integration of custom mod-
els and algorithms, making it straightforward to construct and test different control

strategies.

In the following sections, each component shown in Figure 6.1 is described in
detail, highlighting the specific models and algorithms used.

6.1 Sensor

Sensors play a crucial role in state estimation. The scaled vehicle platform integrates
two primary sensing systems: a vision-based localization system and an onboard
Inertial Measurement Unit (IMU). The vision system, composed of four VICON
Vero v2.2 infrared cameras operating at 200 Hz, provides global position and orien-
tation data with sub-millimeter precision under ideal conditions. However, latency

(approximately 9 ms) and occasional marker occlusions introduce outliers in the
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Fig. 6.1 Control pipeline for experimental tests. The proposed framework can be used for
both simulations and hardware experiments.

position and orientation data streams. Moreover, when the system remains active for
an extended period, the effectiveness of the vision system in tracking the vehicles
tends to degrade, leading to the generation of outliers in the vehicle pose estimates.
As a result, the vision system needs to be recalibrated. The onboard IMU (MPU-
9250) provides acceleration and angular velocity data at 100 Hz. While offering
high-frequency data suitable for capturing rapid vehicle dynamics, it is prone to drift
and noise, especially in the longitudinal and lateral acceleration channels, due to vi-
brations and sensor bias. Notably, while IMU acceleration signals are not integrated
into the control loop, the proposed control strategy relies solely on the pose data
provided by the motion capture system. Therefore, to ensure accuracy and reduce
the impact of noise and outliers on vehicle motion control, it is essential to filter the
motion capture data using robust state estimation algorithms. The following sections

introduce two representative sensors that are integrated into the control pipeline.

6.1.1 Localization systems

The localization system (e.g. GPS), such as the motion capture in the proposed
scaled-car framework, provides only the pose of the system, that is, its position and
orientation with respect to the world reference frame. This leads to the following
discrete-time sensor data G(k):

G(k) = | Xg(k) Yg(k) Wg(k) 6.1)
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where X, Y and W are the world reference frame cartesian coordinates measured

by the motion capture system.

6.1.2 Inertial Measurement Unit

The Inertial Measurement Unit (IMU) provides measurements of linear acceleration

and angular velocities. This leads to the following discrete-time sensor data /(k):

10 = au®) ay® ag®) 6®) 6E wEk |  ©2

where a, is the longitudinal acceleration, ay; is the lateral acceleration, a,; is
the vertical acceleration, ¢; is the rotation angle velocity around vehicle x axis, 6;
is the rotation angle velocity around vehicle y axis and Y is the rotation angle
velocity around z axis, all measured by the IMU sensor on board the scaled-vehicle.
Measured accelerations are typically subject to a high level of noise, while angular
velocity measurements exhibit greater smoothness. Acceleration data are often
integrated within an Extended Kalman Filter (EKF) for force state estimation in
dynamic systems based on dynamic bicycle vehicle models [59]. In this specific case,
the accelerations measured by the IMU are not integrated into the control pipeline.
The yaw rate obtained from the IMU gyroscope sensor is compared with the time
derivative of the yaw angle measured by the motion capture system, in order to verify
proper calibration of motion capture system and IMU sensor installed onboard the

vehicle and the plausibility of both measured signals.

6.2 State estimators

The majority of localization systems provide only the position and orientation of the
vehicle in space, requiring linear and angular velocities to be estimated separately.
This section introduces two approaches for estimating these quantities: a velocity
estimator and a kinematic Kalman filter (KF). The first approach is a simplified
method that estimates velocities by applying discrete differentiation to position and
angle measurements. The second approach, by contrast, relies on a KF that estimates
velocities using a kinematic model. As detailed in the following Sections, the KF is

preferred over discrete differentiation due to its superior performance.
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6.2.1 Velocity estimator

In the velocity estimator algorithm, the x- and y-velocities in world frame and the
yaw rate are first estimated via finite differences, i.e.,

Yo (k) —Yg(k—1)

_ Xo(k) —Xg(k—1)

V;v(k) , VW(k) _ 7
Wl ol 1) y & 6.3)
(k) = T

where T is the sampling time. These quantities can be then filtered using a discretized
third-order Butterworth low-pass filter obtaining ¥y (k), V) (k) and @ (k), , i.e., the
estimated x- and y-velocities in the world frame and the yaw rate. The filter is
discretized at 200 Hz, as this matches the sampling rate of the input data acquired by
the motion capture system. The cut-off frequency is set to 10 Hz, as the vehicle’s
dynamic response lies around 3—4 Hz. This choice ensures that higher-frequency
noise is effectively attenuated without introducing significant phase delay within the
bandwidth of interest. To retrieve the estimate of the linear velocities in the body
frame, the following transformation is performed

Dx(k) = 0y (k) cos(W(k)) + vy (k) sin(r(k)), 6.4)
Dy (k) = =0y (k) sin(W(k)) + 9y (k) cos (Y(k))

6.2.2 Kinematic Kalman Filter

The implemented Kalman Filter (KF) is designed to estimate the state of the scaled-
vehicle using a discrete-time linear kinematic model. The state vector X is defined
as
o qT

SRS A BN (6.5)
where X, ¥ represent the position, ¥ is the orientation (yaw), V" and v," are the
linear velocities in the respective directions, and @ is the angular velocity (yaw rate).
The filter uses measurements of position and yaw coming from the motion capture

system, expressed as:
.
Xo Yg ‘PG] 6.6)
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The state transition is governed by a constant-velocity model, with the state transition

matrix F defined as:

1007, 0 0
0100T 0

s_|001 00T 67
0001 0 0
0000 1 0
(0000 0 1

where T; = 5 x 1073 is the time step. The process noise covariance matrix Q models
the uncertainty in the system dynamics, assuming process noise standard deviation

0,. It is structured using standard second-order integration assumptions:

[ TS‘4 TY3 i
T o0 % 0o
I 1
0 - ()4 0 = (1
0o 0 X o o &
0=0; | 3 4 2 (6.8)
¥ 0 0 T2 0 0
T3
0 3 00 T2 0
T;
[0 0 F 0 77 |
The observation matrix H maps the state to measurement space:
1 00 00O
H=[01 0000 (6.9)
001 0O0O0
The measurement noise covariance matrix R is
R = diag (0%, 07,0 (6.10)

where oy is the measurement noise standard deviation for position X, Oy is the
measurement noise standard deviation for position y and oy is the measurement
noise standard deviation for orientation angle . Given the current estimated stated
vector £;_1;_1 at time step k — 1, the KF performs a predict step k using the state
transition matrix F:

Rifk—1 = FX—1)x—1 (6.11)
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The KF predicts the error covariance matrix Py, which captures the uncertainty

in the state estimate at time step k:
Pe1 =FP_jj—1F' +0Q (6.12)

where P,_j|;_1 is the previous estimate covariance matrix. Subsequently, the KF
performs the update step using the incoming measurements z; at time step k. The
innovation y or residual is:

ke =2k —HX (6.13)

with innovation covariance Sy:
Sk=HPH' +R (6.14)
Finally, the Kalman gain K} is computed as:
Ki =Py H'S;! (6.15)
Then, the state estimate and its covariance are updated:

Reke = Xnpe—1 + Kiv

(6.16)
Py = (I — KxH) Py

6.2.3 Qutlier rejection

In the context of Kalman Filters, outlier rejection is a mechanism to detect and ignore
measurements that significantly deviate from the expected value. These could be
caused by sensor glitches, motion capture system (i.e., GPS) spikes or communication
noise. If used in the KF update step, outliers can seriously degrade state estimates.
After the prediction step, the KF compares the predicted measurement with the
actual measurement through Eq. 6.13 and computes the innovation covariance
matrix S with Eq. 6.14. If outlier is detected, instead of updating the estimate with
measurement zi, state and error covariance are directly projected ahead using Eq.
6.11 and 6.12. Two outlier rejection methods are developed, the covariance threshold
and the Chi-squared method, respectively. These approaches are well explained in
[59].
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Fig. 6.2 KF with covariance threshold outlier rejection method

Covariance threshold

A measurement z; is rejected if the norm of the innovation is greater than some

multiple ¢;;, of the innovation covariance matrix S:

19kl > con- (6.17)

where s;; are the diagonal elements of the innovation covariance matrix S and m is the
number of measurements. Figure 6.2a shows the path of the scaled vehicle measured
by the motion capture system during an experimental trial (black line). As can be
observed, the system introduces measurement errors while tracking the position of
the scaled vehicle. These measurements are not suitable for use as control inputs for
the vehicle motion controller. By adopting this approach, an estimate of the path
(orange line) that avoids measurement spikes is obtained. As shown in Fig. 6.2b, the
measurement of longitudinal velocity is also affected by noise (black line). Using a
covariance threshold outlier rejection method, estimation of longitudinal velocity

without measurement noise (orange line) is obtained.

Chi-squared

This method uses the fact that, under Gaussian noise assumptions, the Mahalanobis
distance squared between the measurement and its prediction follows a Chi-squared
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distribution. if the Mahalonobis distance is zero, the measurement corresponds to

the mean of the distribution. This distance is computed as:
d=1/9T5"19 (6.18)

This measures the normalized distance of the measurement from the predicted mean,
accounting for the uncertainty in each direction (via S). Since d? ~ y2, where x2,
is the Chi-squared distribution with m degrees of freedom, it is possible to set a
probabilistic threshold as:

d> >t (6.19)

where ¢ is computed as:
t=or! (T, . <T>) 6.20
AT (6.20)

with I'() as gamma function, y() as lower incomplete gamma function and p as
desired confidence level. This method inherently accounts for correlations and direc-
tional uncertainties in the measurement space, and allows for principled tuning based
on a user-defined confidence level (e.g., 0.95, 0.99). However, it requires matrix in-
version or decomposition, which may be computationally intensive and numerically
sensitive, especially in real-time environments. Figure 6.3a shows the path of the
scaled vehicle measured by the motion capture system during an experimental trial
(black line). As can be observed, the system introduces measurement errors while
tracking the position of the scaled vehicle. By adopting the Chi-squared approach,
an estimate of the path (orange line) that avoids measurement spikes is obtained.
As shown in Fig. 6.3b, the measurement of longitudinal velocity is also affected by
noise (black line). Thus, an estimation of longitudinal velocity without measurement

noise (orange line) is obtained.

In contrast, the covariance threshold method simplifies the outlier detection pro-
cess by comparing the Euclidean norm of the innovation vector to a scaled square root
of the trace of the innovation covariance. This heuristic test, while computationally
efficient and easy to implement, does not fully capture the structure of uncertainty
and lacks a probabilistic interpretation. It assumes that deviations in all directions
are equally significant, which may not hold in cases where the measurement noise is
anisotropic or correlated. Despite its limitations, the covariance threshold approach
remains a practical choice for low-dimensional systems or embedded applications

where computational simplicity is paramount. Table 6.1 presents a comparison of the
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Table 6.1 Performance indicators for proposed outlier rejection methods

Covariance Threshold Chi-squared

RMSE MAE RMSE MAE
X[m] 0014 0.004 0.053 0.014
Y[m] 0015 0.005 0.036 0.011
vefm/s]  0.110 0.016 0.113  0.024

proposed outlier rejection methods in terms of Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE), evaluated over position and velocity measurements.
As shown, the covariance threshold method yields lower RMSE values across all
three variables when compared to the Chi-squared approach, indicating a smaller
average deviation between the estimated and true states. Similarly, the MAE values
are also lower for the covariance threshold, suggesting that this method provides
more consistent and accurate estimates in this specific application. Therefore, the

covariance threshold is preferable as an outlier rejection strategy in the given context.

6.3 Control

The retained scaled-vehicles can be operated using various control strategies. Specif-
ically, several types of controllers have been designed. A state machine is imple-
mented within the Simulink environment to enable experimental testing by switching

between the developed control schemes as needed. The structure of the state machine
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Fig. 6.4 Vehicle control state machine

is illustrated in Fig. 6.4. It transitions between states depending on mission com-
mands, control enable signals, and error statuses. The outputs of the state machine
are CMD_EM and CMD_J, which are the commands for the electric motor and

steering servo, respectively.

When powered on, the vehicle starts in JOYSTICK mode, meaning it can be
remotely operated using a generic console controller. For safety reasons, this feature
must first be enabled by the ground station through a physical switch, which activates

Bluetooth communication and pairing for remote control.

To switch to control via the Real-Time Target Machine (RTTM), the system must
receive a cyclic signal, RTTM_control_enable = 1. Once this signal is active, the
vehicle transitions into the default IDLE mode, in which the system remains inactive,
i.e., the output signals CMD_EM and CMD_¢ are both set to zero.

To initiate a specific mission, namely TEST, STANLEY, PURE PURSUIT, or
MPC, the variable Misson_sel must be set accordingly, followed by a trigger pulse
(Misson_en = 1) to enter the selected mission. Conversely, to exit the mission and

return to IDLE, a low pulse (Misson_stop = 0) is sent.

An ERROR state is also implemented: when error_status = 1, the system enters
the error state. It will automatically return to IDLE once the condition clears (i.e.,

when error_status = 0).
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Fig. 6.5 Stanley controller kinematic model

6.3.1 TEST control

In this mode, the duty cycles for controlling both the electric motor and the steering
servo via PWM are manually imposed. This configuration is essential for conducting
quasi-static tests, such as fixed steering or ramp steer maneuvers, at constant velocity
conditions, as described in [34, 58]. This operating mode is particularly useful for

vehicle model identification and actuator mapping.

6.3.2 STANLEY control

The Stanley controller [88] provides closed loop tracking of the desired vehicle
path, as determined by the path planner. It helped Stanford to win the DARPA [89]
challenge in 2006. The kinematic motion of a vehicle, with speed v, can be described
with the crosstrack error, e, of the guiding wheels, and the angle of those wheels with
respect to the nearest segment of trajectory to be tracked, (v — 8), as in Figure 6.5.
Here, v is the yaw angle of the vehicle with respect to the closest trajectory segment,
and § is the angle of the front wheels with respect to the vehicle. This reference
frame allows the actuator to act directly on the error metric, yielding collocated
sensing and control. For forward driving, the guiding wheels are the front wheels,

and the derivative of the crosstrack error is

é=vsin(y —90) (6.21)
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where the steering is mechanically limited to |8| < 4y. The derivative of the yaw

angle is:
. vsin(9)
=— 6.22

where [; and [, are the distance from the CoG to the front and rear wheels, respec-
tively. By inspecting Equations 6.21 and 6.22, a controller is selected such that the
resulting differential equation has a globally asymptotically stable equilibrium at

zero crosstrack error. This results in the steering control law

ke . ke
W +arctan ;< if |y +arctan | < Omax
6 = Omax if y + arctan v—]i(-evb > Smax (6.23)
—Omax if ¥+ arctan V_/ﬁevb < —Omax

where vj, is constant to avoid singularity when velocity v is zero. In this context,
the control strategy is applied to the lateral dynamics of the vehicle. The longitu-
dinal dynamics, on the other hand, is governed by a PI controller regulating the
vehicle’s speed. This approach assumes a decoupled control framework, in which

the longitudinal and lateral dynamics are treated independently.

6.3.3 PURE PURSUIT control

The Pure Pursuit controller is a path tracking algorithm that determines the appropri-
ate curvature required to guide a vehicle from its current position to a target point
along a predefined path. This target lies at a fixed lookahead distance / ahead of
the vehicle’s current location. To compute the steering command, the controller
constructs a circular arc connecting the vehicle’s current position to the goal point.
The length of the chord connecting these two points corresponds to the lookahead
distance, serving as a key geometric constraint to uniquely define the arc. Conceptu-
ally, the lookahead distance can be likened to the visual point ahead that a human

driver would intuitively focus on to follow the road.

Figure 6.6 illustrates the Pure Pursuit control geometry. The vehicle is depicted
along with the axes of its local coordinate frame, in which the x-axis is aligned with
the rear axle and originates at the rear differential. As demonstrated by Shin [90],
positioning the coordinate system in this manner ensures a geometric decoupling

between propulsion and steering actions.
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Fig. 6.6 Pure Pursuit controller model

A target point (x,y), located at a fixed lookahead distance / from the origin, is
also shown in the Fig 6.6. This point lies on the reference path and serves as the goal
toward which the vehicle steers. The control objective is to determine the curvature
Kk of the circular arc that connects the vehicle’s current position (the origin) to the
goal point (x,y), such that the arc has a chord length equal to the lookahead distance
luneaqa- The geometric relationship between the arc and the goal point is captured by

the following system of equations:

2 2 2
XT+y = lahead
y+d=r

(6.24)

The first equation defines a circle of radius /,.,4 centered at the origin, representing
the locus of feasible goal points. The second equation expresses the relation between
the arc radius r and the horizontal displacement x of the goal point, with d denoting
the distance from the center of the arc to the origin. This formulation implies that
the radius and horizontal offset differ by a constant d, allowing one to uniquely
determine the arc geometry. By algebraically manipulating Eq. 6.24, the curvature K
of the arc, by definition the reciprocal of the radius r, can be derived as a function of

the lookahead distance:

_

=
lahead

K (6.25)

This curvature value is used to generate the steering command required to align the

vehicle with the desired trajectory. Curvature x and steering angle J are related by
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the geometry:
8 =tan~! (Ix) (6.26)

where [/ is the wheelbase. Combining Eq. 6.25 and 6.26, knowing the geometrical
relationship y = sin(¥)l peqad, the steering angle 0 is

8 =tan"! (2181—11("’)) (6.27)

lahead

In this control framework, the lateral and longitudinal dynamics of the vehicle are
decoupled. The lateral motion is regulated by the curvature computed via the Pure
Pursuit algorithm, while the longitudinal behavior is independently governed by a PI

controller that adjusts the vehicle’s speed.

6.3.4 MPC control

The MPC controller adopts a combined approach, simultaneously computing control
actions for both the longitudinal dynamics day ;4r¢¢; and the lateral dynamics 6. The
prediction model is based on the curvilinear vehicle formulation described in Eq.

5.4. The optimization problem formulation is presented in Section 5.1.

6.4 Low-level control

The low-level controller determines the target Duty cycle D to be imposed on the
electric motor to ensure the desired performance is attained, both in terms of reference
velocity or reference acceleration. When either the Stanley or Pure Pursuit controller
is active, the vehicle is controlled through a reference velocity, while under MPC
control, it is governed by a reference acceleration. The MPC controller computes the
reference inputs for both the electric motor and the steering servo. In contrast, the
Stanley and Pure Pursuit controllers are path-tracking controllers that solely generate
the steering angle reference o for the steering servo, without addressing longitudinal
dynamics. In the context of trajectory planning and control, it is common practice

to compute a velocity profile that ensures the lateral acceleration remains below a
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Fig. 6.7 Low level control state machine
specified maximum value ay 4, [91]. This constraint is typically enforced by:

a
Vmax = y| ::rx (6.28)

Thus, lateral and longitudinal dynamics are interconnected through the path curvature
k. However, for the Stanley and Pure Pursuit controllers, a feedback (FB) control
strategy is developed based on a Proportional-Integral (PI) velocity controller. Since
the primary focus of the study is on the MPC controller, alternative control techniques
for these lateral controllers are not further explored. For the MPC controller, a more
advanced control scheme is implemented, combining a FB component, again based
on a PI velocity controller, with a feedforward (FF) component derived by inverting
the longitudinal dynamics model, as detailed in Section 4.2. This approach enables
the design of a high-level control system that is generalizable across different vehicle
types, from full-scale to scaled models, since the computed control input corresponds
to a target longitudinal acceleration ay rqree;- Conversely, the low-level control
remains dependent on the specific hardware used: in this case, the target longitudinal

acceleration is converted into a Duty cycle D to drive the electric motor.

Figure 6.7 illustrates the state machine governing the low-level control system.
Similar to the vehicle control state machine, the vehicle initially operates in JOY-
STICK mode. Transition to control via the RTTM requires the system to receive
a continuous signal, namely RTTM_control_enable = 1. Upon activation of this
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signal, the vehicle enters the default IDLE state, during which no commands are
issued; specifically, both CMD_EM and CMD_$ are set to zero.

Depending on the selected mission, the vehicle may transition into one of two
distinct modes: Speed-based Controller or Acceleration-based Controller. The
Speed-based Controller mode is activated when the mission selected is either TEST,
STANLEY, or PURE PURSUIT (Mission_sel = 1, Mission_sel =2, Mission_sel =
3), whereas the Acceleration-based Controller mode is exclusively associated with the
MPC mission (Mission_sel = 4). In Speed-based Controller mode, a FB controller
based on a PI control of the vehicle’s speed is utilized. In contrast, the Acceleration-
based Controller mode employs a combined FB and FF control strategy, incorporating
both a PI controller on velocity and a model-based feedforward component derived

from the longitudinal dynamics.

Transition into either of these two control modes requires a trigger signal
(Mission_en = 1). Conversely, to revert to the IDLE state, a low signal (Mission_stop =
0) must be issued.

Additionally, an ERROR state is implemented: whenever error_status = 1, the
system automatically transitions to the Error state. It will subsequently return to

IDLE once the error condition is cleared (i.e., when error_status = 0).

6.4.1 Speed-based control

The speed controller implemented is a Proportional-Integral (PI) controller, designed
to regulate the vehicle’s longitudinal speed. The proportional gain, K, is set to 0.3,
reflecting a moderate proportional action tailored to the system’s dynamic response.
The integral time constant, 7;, is set to 8 seconds, implying that the integrator
produces a unit of output for a unit of input over a period of 8 seconds. The discrete-
time integral gain, Kj, is set 5 x K,/ 7;, in order to increase the aggressiveness and
convergence of the integrator. Furthermore, the controller output is constrained
within saturation limits, with an upper bound of 0.3 and a lower bound of —0.3, to
prevent excessive control actions that could destabilize the system. These saturation
bounds are defined to mitigate the risk of tire saturation (i.e., spinning) at the rear
driving wheels, particularly in light of the reduced surface adhesion characteristic
of the test environment, while still preserving adequate vehicle responsiveness and

agility. In summary, the tuning of the controller parameters reflects a compromise
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between dynamic performance and closed-loop stability, carefully tailored to the
vehicle’s longitudinal dynamics and the physical limitations of the actuation system.
Figure 6.8 shows the behaviour of the proposed feedback velocity control, where
the red line represents the reference speed vy sar¢er and vy is the actual velocity of
the scaled vehicle. As can be observed, the vehicle exhibits a first-order response

characterized by a reduced overshoot and a rapid settling towards the reference value.

6.4.2 Acceleration-based control

Figure 6.9 presents the architecture of the acceleration-based control strategy for
longitudinal vehicle speed regulation. The system receives as inputs the desired
longitudinal acceleration command, dy sar¢e; generated by the MPC controller, along
with the current longitudinal velocity, vy. A gain-scheduling feedforward controller
calculates an open-loop control input Duty_GSFF, by inverting the longitudinal
vehicle dynamics model to directly map the target acceleration into a control input.
Concurrently, a PI feedback controller generates a corrective Duty cycle command,
Duty_FC, based on the velocity tracking error, defined as the difference between the
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target velocity (v4rger) and the measured velocity (vy). The PI controller is tuned
via the gains K, and K;, and incorporates saturation limits to constrain the control
effort, in alignment with the design principles adopted for the previous Speed-based
controller. Additionally, the architecture includes reset mechanisms to reinitialize
both the integrator state and the target reference value when required. The final
control signal (Duty_out) is obtained by summing the GSFF and FB contributions.
This integrated control approach leverages the predictive capabilities of feedforward
compensation to achieve fast dynamic response, while ensuring steady-state accuracy
and robustness through closed-loop feedback correction.

Gain-scheduling feedforward control

The gain-scheduling feedforward controller aims to compute the actuator command
Duty Cycle D required to achieve a desired longitudinal acceleration ay ;4rger. The
control action is based on inverting a simplified longitudinal force model of the
vehicle, which accounts for both driving and braking dynamics. The net longitudinal
force F, generated by the system as a function of the duty cycle D € [—1, 1] and the

current vehicle velocity v, is modeled as:

F (D,vy) = K1 -max(0,D) + Kpyake - Vi - min(0,D) — Ky - vy (6.29)

Vehicle modeling is discussed in Section 4.2. Given a target acceleration ay s ger
the corresponding target force is

FxJarget = M- dgtarget (6.30)

where m is the mass of the scaled-vehicle. The controller discretizes the duty cycle
range into a finite set D; and evaluates Fy (D;,vy) over all samples. The optimal duty
cycle D* is selected by minimizing the absolute difference between the modeled and
target forces:

D* = argmin |Fx (Di; ve) = F target (6.31)
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Finally, the computed FF Duty cycle is saturated to ensure it remains within the

allowable physical limits:

Duty_GSFF = min (max (D*,—1),1) (6.32)

Figure 6.10 illustrates the response of the scaled vehicle when controlled using
a combined feedback (FB) and a gain-scheduling feedforward (GSFF) approach.
In this configuration, the acceleration reference, shown as the red line (ay sarger),
is continuously updated by the MPC controller since the controller is working in
Racing-oriented control formulation mode, while the duty cycle D is regulated to
track the reference signal. The actual vehicle longitudinal acceleration, represented
by the black line (ay), closely follows the desired trajectory. As observed, the
control strategy effectively ensures accurate tracking of the reference longitudinal

acceleration.

6.5 Plant

The designed architecture enables the testing of autonomous driving control algo-
rithms through a vehicle simulator before their integration into the real hardware
control loop, namely the scaled-vehicles. This approach allows for extensive de-
bugging and functional safety validation across the entire simulation loop, thereby
avoiding the deployment of code affected by errors. When the simulator is active,

the steering angle command & computed by the Control layer is directly sent as
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input to the vehicle model. Similarly, the duty cycle command D, which manages
the electric motor, is calculated by either the speed-based or acceleration-based
controller according to the previously described logic, and then directly applied
to the vehicle model. The simulator environment is based on the vehicle model
introduced in Section 4.3 and described by the Eq. 4.22, specifically to introduce
a model mismatch between the prediction model used by the MPC and the actual
plant. This mismatch is intentional to evaluate the robustness and reliability of the
control system. When the control loop is executed with real hardware, the commands
computed by the two control layers are processed through a feedback linearization

subsystem before being applied to the vehicle.

Feedback linearization

The feedback linearization block aims to compensate for the nonlinear relationship
between the input command computed by the controllers and the actual actuator
input required to produce the intended physical effect on the system. The input
duty (Duty_linear), computed under the assumption of linear actuator behaviour,
is split into two branches, one for positive values (acceleration/throttle - +0) and
one for negative values (deceleration/braking - —&). Each branch passes through a
nonlinear function (i.e., Lookup table (LUT)), which compensates for the actuator’s
real behaviour. The nonlinear maps are derived through static calibration procedures
of the actuators. In particular, the deadband of each actuator is experimentally
characterized by identifying the minimum Duty cycle required to induce motion
in the scaled vehicle, and the minimum input necessary for the steering system to
apply a measurable steering angle 6. The final duty (Duty_final) is the feedback-
linearized command actually sent to the actuators. This logic holds for both the
command sent to the electric motor and the steering servo. Figure 6.11 shows the
feedback-linearization scheme. With this proposed approach, it is possible to design a

piecewise feedback linearization where the actuator command is corrected separately
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for throttle and brake actions, as well as for positive and negative steering angles.
This approach ensures that, even though the control layer assumes a linear input-to-
output relation, the real actuator’s nonlinearities are compensated internally before
actuation. This correction mechanism ensures that the real vehicle response remains
consistent with the control assumptions, thus preserving the accuracy, robustness,
and functional safety of the entire system, especially in the presence of model-based

predictive controllers such as MPC.



Chapter 7
Experimental results and Discussion

This Chapter presents the experimental results related to the proposed collision avoid-
ance (CA) controllers introduced in Section 5.2. The experiments were conducted at
the Museo Nazionale dell’ Automobile di Torino (MAUTO), which, in collaboration
with the Centro Nazionale per la Mobilita Sostenibile (MOST), provided an exhibi-
tion space dedicated to testing autonomous driving technologies developed within
this infrastructure. The so-called "Living lab" serves multiple purposes: it allows the
general public to engage with autonomous driving technologies, supports research
activities, and provides an experimental and practical environment where students
can apply the theoretical knowledge acquired during theory lessons. The infras-
tructure is particularly suited for student use, as it is based on MATLAB/Simulink
tools.

Figure 7.1 shows the layout of the test circuit, which covers an area of 5 x 6 m2.
The track consists of two squares connected with minimum corner radii of 0.7 m
to ensure that the vehicle can physically complete the turns without exceeding its
steering limits, thus avoiding saturation of the steering command 6 calculated by the
MPC controller. The two squares intersect at two points, creating two crossings. The
track features two-lane roads with possibly one or two-way traffic. Each lane has a
width of 0.35 m, resulting in a total road width of 0.7 m. These track dimesions are

coherent with scaled-vehicles.
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Fig. 7.1 Experimental layout of the circuit
7.1 Reference lateral deviation generator logic

The presented experimental results provide a comprehensive validation of the pro-
posed Collision Avoidance (CA) strategy based on lateral deviation reference track-
ing, as introduced in Section 5.2.1. Figure 7.2 shows the temporal evolution of the
states during the experimental test. The first subplot illustrates the steering angle &,
demonstrating smooth yet dynamic variations, which reflect the vehicle’s need to
adjust its trajectory to avoid obstacles while maintaining stability. The second plot
compares the actual longitudinal velocity v, with the target velocity vy ;qrger. The
two curves align closely, indicating effective tracking performance and confirming
that the low level control module maintains the desired speed profile even during
complex maneuvers. The third subplot presents the lateral deviation n and its refer-
ence ny.¢. The deviation from the nominal path, particularly around 4 to 7 seconds,
corresponds to obstacle avoidance behavior, after which the vehicle gradually re-
turns to the original path. The fourth plot displays the yaw angle error y,, with
moderate oscillations that remain within acceptable limits, further confirming good
path-tracking performance. The final plot depicts the longitudinal position s, which

increases linearly over time as expected.

Figures 7.3 complements the time-domain analysis. Figure 7.3a presents the
evolution of the commanded control actions along the CA maneuver. The top plot
shows the longitudinal acceleration command ay ;4,g. Initially, the command shows
a deceleration phase, needed to adapt to the vehicle speed reference vy s4r¢er Of about
1.4 m/s. After approximately r = 4 seconds the longitudinal acceleration stabilizes
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Fig. 7.2 States evolution along the maneuver. Collision avoidance with static obstacle using

Reference lateral deviation generator logic

around zero, indicating that the vehicle maintains a steady velocity while navigating
through the circuit, with only minor adjustments to compensate for the path curvature
and obstacle avoidance. The bottom plot depicts the steering rate command Ad over

time. Here, periodic variations can be observed, corresponding to the steering actions

necessary to follow the circuit and execute lateral deviation maneuvers around the
static obstacle. Notable peaks and saturations along the entire maneuver highlight the
vehicle’s increased steering efforts when negotiating tighter curves or intersections.
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It is important to emphasize that the urban environment is not inherently suited
to accommodate this category of scaled racing vehicles, which are characterized
by a significantly limited turning radius. As a result, maneuvering within narrow
lanes and sharp corners presents considerable challenges for their operation, due to
steering servo command saturations. Overall, the control commands remain within
feasible operational boundaries, demonstrating that the CA logic effectively balances

collision avoidance objectives with static obstacle constraints.

Figure 7.3b shows the acceleration behavior in the a, and a, plane. The scaled
vehicle acceleration values remain well within the defined acceleration boundaries
defined by the Kamm’s circle through the nonlinear constraint, confirming that the
vehicle operates safely within its dynamic limits during the test. This result is crucial

for ensuring stability and avoiding loss of control during aggressive maneuvers.

Figure 7.3c provides a top-down view of the vehicle trajectory (blue rectangle)
within the defined track boundaries. The reference path n,.r is closely followed,
with slight deviations occurring near obstacle regions, as expected (i.€., fye f,opst 18
active). The track boundaries are respected throughout the maneuver, indicating
that the vehicle successfully avoids collisions while staying within the drivable area.
The red rectangles denote the positions of the obstacles. Overall, the experimental
results demonstrate that the proposed CA approach is effective in real-scaled-world
conditions, ensuring accurate path tracking, safe obstacle avoidance, and operation

within the vehicle’s dynamic constraints.

The proposed control strategy is further validated under conditions involving
a moving obstacle. In this experimental test, the autonomous vehicle is tasked
with following the predefined track at a reference fixed velocity, while the obstacle,
navigated the same track using a Pure Pursuit controller operating at a lower constant
velocity of 0.7 m/s.

Figure 7.4 illustrates the evolution of the system states during the collision
avoidance maneuver. The main distinction compared to the previous case lies in the
computation of the lateral deviation reference . o5 » Which is now dynamically
adapted based on the real-time position of the obstacle. In this scenario, the controller
exhibits greater difficulty in precisely tracking the reference trajectory; however, the

resulting lateral deviation error remains bounded within approximately 0.2 meters.

Figure 7.5a shows the control command. Initially, high deceleration is observed
to adjust the vehicle speed to the target one while approaching the obstacle, followed
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Fig. 7.3 Commands, vehicle accelerations and poses evolution along the maneuver. Collision
avoidance with Reference lateral deviation generator logic behaviour with static obstacle

by smaller corrections. Furthermore, the Ad control action clearly exhibits smooth,
oscillatory lateral shifts, consistent with the double logistic reference lateral deviation
profile. Vehicle accelerations, shown in Fig. 7.5b, remain within the vehicle’s
Kamm’s envelope, ensuring feasible control inputs throughout the maneuver. Finally,
Fig. 7.5c depicts the vehicle and obstacle positions over time, where identical
transparency levels of the rectangular markers correspond to the same time instants.
It can be clearly observed that the vehicle performs a smooth lateral deviation to

avoid the obstacle and subsequently re-aligns with the centerline of the lane. The
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Fig. 7.4 States evolution along the maneuver. Collision avoidance with dynamic obstacle

using Reference lateral deviation generator logic

reference lateral deviation generator based on a double logistic profile effectively

enables smooth obstacle avoidance, also in the condition of dynamic obstacles.

The experimental results are also reported using the travelled distance on the

x-axis for both static (Figures 7.6 and 7.7) and dynamic obstacles (Figures 7.8 and

7.9).
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Fig. 7.5 Commands, vehicle accelerations and poses evolution along the maneuver. Collision
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7.2 Obstacle nonlinear constraint with circle-safe re-
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Fig. 7.10 States evolution along the maneuver. Collision avoidance with static obstacle using

This section presents the results of the collision avoidance (CA) strategy using a

non-linear constraint on the obstacle, with a circular safe region. Figures7.10 and

7.11a show the predicted states and control inputs. The overtaking maneuver occurs
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Fig. 7.11 Commands, vehicle accelerations and poses evolution along the maneuver. Collision
avoidance with circle safe region logic behaviour with static obstacle

at approximately 4 seconds, as indicated by the lateral deviation increasing to nearly
0.3 m before decreasing again to follow the reference n,.r. Compared to the previous
case, there are no oscillations in the control actions that might induce instability in
the scaled vehicle. The vehicle’s accelerations, shown in Fig. 7.11b, remain within
the bounds defined by the Kamm’s circle constraint. Figure 7.11c illustrates the
positions of the vehicle and the static obstacle (blue and red rectangles, respectively).
In contrast to the previous case, where the lateral deviation reference followed a

sigmoid profile, leading to a two-step overtaking maneuver resembling a double lane
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Fig. 7.12 States evolution along the maneuver. Collision avoidance with dynamic obstacle
using circle safe region

change, the vehicle here follows the circular obstacle constraint and performs a faster
lane change in a single steering action. Figures 7.12, 7.13a, 7.13b, 7.13c correspond
to the scenario where this strategy is applied to a moving obstacle. Also in this case,
no oscillatory behavior is observed in the control actions, resulting in a smoother
maneuver compared to the previous CA approach.
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Fig. 7.13 Commands, vehicle accelerations and poses evolution along the maneuver. Collision
avoidance with circle safe region logic behaviour with moving obstacle

The experimental results are also reported using the travelled distance on the
x-axis for both static (Figures 7.14 and 7.15) and dynamic obstacles (Figures 7.16
and 7.17).
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circle safe region logic. Experimental results are reported using travelled distance on the
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Fig. 7.16 States evolution along the maneuver. Collision avoidance with dynamic obstacle

using circle safe region logic. Experimental results are reported using travelled distance on
the x-axis.
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Fig. 7.18 States evolution along the maneuver. Collision avoidance with static obstacle using

Gaussian safe region

This section discusses the outcomes of the collision avoidance (CA) strategy
that employs a non-linear constraint on the obstacle, formulated through a proba-

bilistic safe region with a stage-varying upper bound on the Gaussian confidence



7.3 Obstacle nonlinear constraint with probabilistic region 117

1

1 2 3 4 5 6 7 8 9 10
Time (seconds)

A0 [rad/s]
o
o

T T
| |

1
.O
(9,

T
I

Il L L Il L L L L
1 2 3 4 5 6 7 8 9 10
Time (seconds)

(a) Command control actions evolution along the circuit. CA with static obstacle using Gaussian safe
region

2 | |~ — ~Acceleration boundaries
©  Scaled vehicle acceleration
1.5 7 N 2r
7 N ——-n
Vi \ ref
I / = \ Left boundary

7 °
05fF 1 b

\
\
\, 1 R A
< - 1
E 0r | @g@@@@@@@@% i
<< \ ’f
7

—Right boundary
—X)Y)

)

(Xobsl’Yoh>l

&
Y [m]
(=]

(b) Longitudinal and lateral acceleration plot (c) Vehicle (blue) and static obstacle (red) poses

Fig. 7.19 Commands, vehicle accelerations and poses evolution along the maneuver. Collision
avoidance with Gaussian safe region logic behaviour with static obstacle

level. Figures 7.18 and 7.19a present the evolution of the predicted states and the
corresponding control inputs. The overtaking maneuver occurs around 6 seconds, as
evidenced by the lateral deviation increasing to approximately 0.4 m before returning

to track the reference n. .

In comparison to the previous approach, no oscillations are observed in the
control actions, thus avoiding the onset of instabilities in the scaled vehicle. The
vehicle’s accelerations, depicted in Fig. 7.19b, consistently respect the boundaries

defined by the Kamm’s circle constraint. It is particularly noteworthy that this
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Fig. 7.20 States evolution along the maneuver. Collision avoidance with dynamic obstacle
using Gaussian safe region

method achieves a significant reduction in peak lateral acceleration relative to the
previous method, despite maintaining the same vehicle operating speed.

Figure 7.19c illustrates the trajectories of both the vehicle and the static obstacle
(represented by blue and red rectangles, respectively). In this case, the vehicle
follows the trajectory dictated by the evolution of the Gaussian confidence bound
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Fig. 7.21 Commands, vehicle accelerations and poses evolution along the maneuver. Collision
avoidance with Gaussian safe region logic behaviour with dynamic obstacle

over the prediction horizon, resulting in a smoother and more efficient collision

avoidance maneuver compared to the circular safe region approach.

Figures 7.12, 7.13a, 7.13b, and 7.21c report the results when the same strategy
is extended to a scenario involving a moving obstacle. Here too, the absence of
oscillations in the control inputs ensures a smooth and stable maneuver, demonstrat-
ing a clear improvement over the previous CA approach based on reference lateral
deviation tracking. Furthermore, vehicle accelerations are consistently lower than
those observed with the earlier CA strategies.
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The experimental results are also reported using the travelled distance on the
x-axis for both static (Figures 7.22 and 7.23) and dynamic obstacles (Figures 7.24

and 7.25).
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Fig. 7.22 States evolution along the maneuver. Collision avoidance with static obstacle using
Gaussian safe region logic. Experimental results are reported using travelled distance on the

X-axis.
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Fig. 7.23 Commands control actions evolution along the maneuver. CA with static obstacle
using Gaussian safe region logic. Experimental results are reported using travelled distance

on the x-axis.



122 Experimental results and Discussion

0 [rad]

16 17 18 19 20 21 22 23 24
X distance (meters)
I T L L I T T
E vV — Vv
X X,target -
>><
I I I I I I I o |
18 19 20 21 22 23 24
X distance (meters)
0.4
E0.2
=
0
16 17 18 19 20 21 22 23 24
X distance (meters)
T T
0.5
E=)
E o0
ﬁo
-0.5 £u 1
16 17 18 19 20 21 22 23 24
X distance (meters)
15
g 10
@ 5
0

16 17 18 19 20 21 22 23 24
X distance (meters)

Fig. 7.24 States evolution along the maneuver. Collision avoidance with dynamic obstacle
using Gaussian safe region logic. Experimental results are reported using travelled distance
on the x-axis.
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Fig. 7.25 Commands control actions evolution along the maneuver. CA with dynamic
obstacle using Gaussian safe region logic. Experimental results are reported using travelled
distance on the x-axis.



124 Experimental results and Discussion

Table 7.1 CA strategy comparison for static obstacle scenario

Collision Avoidance with static obstacle

ax7max[m/s2] ax,min[m/sz] aymax[m/sz] ay,min[m/sz] xrel[m] yrel[m]

Sigmoid 7,

0.96 -1.5 0.95 -0.89 2.5 0.38
generator CA
Circle safe-region CA 0.91 -1.4 0.82 -0.73 2.3 0.32
Prob. safe-region CA
¥ stage-varying upper | g 1.3 0.68 -0.61 20 03

constraint on conf.
bound level

Table 7.2 CA strategy comparison for dynamic obstacle scenario

Collision Avoidance with dynamic obstacle

ax,max[m/sz] ax,min[m/sz] ay,max[m/sz] ay,min[m/sz] xrel[m] yrel[m]

Sigmoid n, ¢

generator CA 1.0 -1.6 1.1 -1.0 2.7 0.41

Circle safe-region CA 0.95 -1.5 0.93 -0.88 24 0.35

Prob. safe-region CA
+ stage-varying upper
constraint on conf.
bound level

0.88 -1.4 0.72 -0.66 2.1 0.33

Tables 7.1 and 7.2 report the comparative results for the three collision avoidance
strategies in scenarios involving static and dynamic obstacles, respectively. The
evaluation metrics include the minimum and maximum longitudinal and lateral
accelerations (ay min, Gxmaxs @Ay,min» Gy,max)> @ Well as the relative longitudinal and
lateral distances between the vehicle and the obstacle (x,;, V7). Among the three
methods, the approach based on dual-logistic lateral reference generation exhibits
the poorest performance, whereas the Gaussian-based probabilistic safe region with
stage-varying upper constraints along the prediction horizon yields the best results

across all metrics.



Chapter 8
Conclusions

This dissertation presented the development and validation of a scaled-vehicle testbed
for the testing of autonomous driving control algorithms, with a particular focus
on collision avoidance (CA) strategies. The framework enables both single- and
multi-agent experiments, offering a bridge between simulation environments and

real-world deployments.

After a thorough review of existing small-scale platforms, the proposed testbed
was introduced, emphasizing the preservation of the scaled vehicle’s dynamic charac-
teristics through careful design choices, including the integration of custom electron-

ics and a real-time control system based on automotive communication standards.

A dynamic vehicle model was identified through experimental testing, serving
as the foundation for the development of advanced control strategies. Subsequently,
several motion control problems were formulated, addressing both racing-oriented
and passenger-car-oriented applications, with a particular focus on Model Predictive
Control (MPC) formulations.

Moreover, three different collision avoidance strategies have been implemented:

* A reference lateral deviation generator logic,
* A non-linear obstacle constraint using a circular safe region,

* A non-linear obstacle constraint based on a probabilistic Gaussian safe region

with a dynamic constraint bound.
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Comparative experimental results demonstrated that the probabilistic safe region
approach yielded the best performance in both static and dynamic obstacle scenarios.
Specifically, this strategy provided smoother maneuvers, lower lateral accelerations,
and reduced oscillations in the control inputs, thereby enhancing the stability and

safety of the vehicle, even in dynamic environments.

The proposed approach highlights the potential of scaled-vehicle infrastructures
as effective tools for the early-stage development and validation of autonomous vehi-
cle algorithms. By enabling rapid prototyping, reproducibility, and cost efficiency,
such platforms represent a critical step toward bridging the gap between academic
research and full-scale industrial applications.

However, the proposed platform exhibits several limitations at both the model-
ing and hardware levels, which justify the choice of longitudinal acceleration and
steering angle as control inputs. Firstly, the scaled vehicle is equipped with a single
electric motor that handles traction, braking, and coasting via the ESC. This motor
is mechanically connected to the rear wheels through a single-stage reduction gear
and an open differential. Due to this configuration, advanced actuation strategies
such as torque vectoring, which require independent control of individual wheel
torques, are not feasible and thus fall outside the scope of this work. Moreover, the
vehicle model employed in the NMPC formulation is purely kinematic and defined
in the Frenet reference frame. It does not account for complex tire dynamics such as
lateral slip, load transfer, or combined forces. The model assumes negligible lateral
velocity at the rear axle (which is non-steerable) and small steering angles, allowing
for trigonometric simplifications that yield a computationally efficient structure.
While this abstraction is suitable for many trajectory tracking and obstacle avoidance
tasks, it limits the controller’s capability to manage highly dynamic or near-limit
maneuvers where tire forces play a dominant role. For this reason, the focus of the
work is not on executing obstacle avoidance at the handling limits, but rather on
incorporating the obstacle’s motion into the control problem, enabling predictive

strategies that avoid such extreme scenarios altogether.

Furthermore, the proposed scaled vehicle does not feature wheel encoders. Al-
though some scaled-vehicle platforms include these kinds of sensors, as the CRS
framework [59, 92], they are used solely for odometry and localization. The rapid
dynamics of wheel slip in the scaled vehicle cannot be effectively regulated with the
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traction motor; thus, no low-level torque or wheel slip control is performed at the

individual wheel level.

Beyond these modeling and actuation constraints, additional limitations stem
from the experimental setup itself. The control loop experiences a total latency of up
to 89 ms due to communication and processing delays. While acceptable for many
tasks, this delay restricts the system’s ability to perform fast, reactive maneuvers
in highly dynamic environments. Moreover, the platform relies exclusively on an
external vision-based localization system and lacks onboard perception modules such
as cameras, LiDAR, or radar. As a result, the current framework focuses solely on
trajectory planning and control, without addressing perception robustness or sensor

fusion strategies.

Although the architecture is compatible with multi-agent scenarios, the implemen-
tation and experimental validation presented in this work are limited to single-vehicle
applications. Cooperative strategies and vehicle-to-vehicle communication have not
yet been explored.

These limitations are inherent to the chosen modeling simplifications and experi-
mental setup. However, they also represent opportunities for future work, particularly
in expanding the control framework to incorporate richer actuation models, real-time
onboard perception, and coordinated multi-agent strategies, as well as the integration
of perception and decision-making modules to further approach the complexity of

real-world autonomous systems.

8.1 Outlook

There are several theoretical and computational research questions that merit further
investigation in future work. First, an important challenge arises when the precise
pose information of the vehicle, currently provided by the vision system acting
as a GPS substitute within the control loop, is no longer available or reliable. In
such a case, it would be necessary to explore mapping and localization algorithms,
potentially based on virtualized or onboard sensors, to ensure accurate state estima-
tion. Second, it would be crucial to develop a more general optimization framework
capable of handling a variable number of obstacles. The current formulation, while

successfully applied to a path-tracking problem on a closed circuit, considers only a
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single moving obstacle. It also assumes the presence of a high-level logic external
to the MPC that identifies and provides the pose of the nearest obstacle to update
the references for the collision avoidance strategy. In real-world scenarios, however,
such an assumption is unrealistic, as multiple dynamic obstacles must be managed
simultaneously and in real-time.
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Appendix A

Survey of small testbed

The following is a list of small-scale testbed infrastructures for CAVs/RSs research
found in the available literature. Fifteen small testbeds have been identified as
relevant. The specific characteristics of each testbed have been divided into 4
categories: general, sense, plan, and act characteristics.
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Survey of small testbed

Table A.1 CARS Autonomous Scaled-Vehicle Testbed: General, Sense and Plan characteris-

tics

General Characteristics

Testbeds

CARS Autonomous Scaled-Vehicle Testbed

General information

Main references

Year of the first publication
introducing the test bed

2025

Focus

Multi-agent decision-making trajectory planning and
control for Connected and Automated Vehicles (CAVs)

CAV or RS

CAV

Software Information

Based on MATLAB/SIMULINK

Programming language

Matlab

Scenario formats

Customizable

Sense Characteristics

Sensors

Ceiling mounted Vicon camera
WROOM ESP32 and IMU sensor onboard vehicle

Global positioning system

Indoor Positioning System (IPS) using ceiling camera

Accuracy <1 mm
Traffic management
. No
infrastructure
Surroundings Racing Track, cities, moving obstacles

Plan Characteristics

Lab infrastructure

A combination of high-level controller on the
computation units, and low-level
controller on the vehicle.

Computation unit/
Computation scheme

Centralized computer for vision system

Real-time electronic control unit for

vehicles motion planning. Ground Station sends
throttle, brake and steering commands through CAN
over WIFI communication

Human-Robot-Interaction

(Mixed traffic support) Yes
Different kind of agents No
Agent count 1+
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Table A.2 CARS Autonomous Scaled-Vehicle Testbed: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware Brushles‘s DC motor
Electronic speed controller (ESC)
Battery Gens Ace 3500 mAh 7.4 V 28 LiPo Battery pack
Ba?tery-to.-agent 4%
weight ratio
Speed min [m/s] 0
Speed max [m/s] 17.8 (limited to 3 by software)
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | 34
Geometry
Wheelbase [m] 0.260
Length [m] 0.416
Width [m] 0.190
Height [m] 0.146
Weight [kg] 1.6




140

Survey of small testbed

Table A.3 CPM Lab Testbed: General, Sense and Plan characteristics

General Characteristics

Testbeds

CPM Lab

General information

https://cpm.embedded.rwth-aachen.de/

Main references

https://doi.org/10.23919/ECC54610.2021.9654986
https://doi.org/10.1109/CoDIT55151.2022.9804088

Year of the first publication
introducing the test bed

2021

Focus

Multi-agent decision-making trajectory planning and
control for Connected and Automated Vehicles (CAVs)

CAV or RS

CAV

Software Information

Based on Data Distribution Service (DDS)

Programming language

C++
Matlab

Scenario formats

Lanletl, Lanlet2

Sense Characteristics

Sensors

Ceiling mounted Basler camera
Sensitive surface layer

Global positioning system

Indoor Positioning System (IPS) using ceiling camera

Accuracy 1-3cm
Traffic management
. No
infrastructure
Surroundings

Plan Characteristics

Lab infrastructure

A combination of high-level controller on the
computation units, and mid-level and low-level
controller on the vehicle. Collaborating via a
middleware on both sides using Data Distribution
Service (DDS) via WiFi

Computation unit/
Computation scheme

Each vehicle is assigned an Intel NUCfor
high-level computation/
Parallel, sequential and hybrid

Human-Robot-Interaction

(Mixed traffic support) Yes
Different kind of agents No
Agent count 20



https://cpm.embedded.rwth-aachen.de/
https://doi.org/10.23919/ECC54610.2021.9654986
https://doi.org/10.1109/CoDIT55151.2022.9804088
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Table A.4 CPM Lab Testbed: Act characteristics

Act Characteristics

Testbeds \ CPM Lab

Longitudinal dynamics

Actuator hardware BruShleS.S DC motor
Electronic speed controller (ESC)
Battery Gens Ace 3500 mAh 7.4 V 2S LiPo Battery pack
Baftery-to:agent 349
weight ratio
Speed min [m/s] 0
Speed max [m/s] 3.7 (limited to 2.7 by software)
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | 35
Geometry
Wheelbase [m] 0.150
Length [m] 0.220
Width [m] 0.107
Height [m] 0.070
Weight [kg] 0.5
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Table A.5 FITENTH: General, Sense and Plan characteristics

General Characteristics

Testbeds

FITENTH

General information

https://f1tenth.org/

Main references

https://doi.org/10.48550/arXiv.1901.08567
https://par.nsf.gov/biblio/10221872
https://core.ac.uk/download/pdf/84832234.pdf
https://doi.org/10.1109/CASE48305.2020.9216949

Year of the first publication
introducing the test bed

2020

Focus Autonomous racing, Computer Vision (CV)
CAV or RS CAV
Software Information Based on ROS
Programming language Gt
Python
Scenario formats Customizable
Sense Characteristics
Sensors None
Global positioning system | With onboard sensors
Accuracy A few mm
Traffic management
. No
infrastructure
Surroundings Racing Track, moving obstacles

Plan Characteristics

Lab infrastructure

ROS-over-network
WiFi can be supported

Computation unit/
Computation scheme

Jetson TX2 GPU computer/
Onboard computation

Human-Robot-Interaction

(Mixed traffic support) No
Different kind of agents No
Agent count 1+



https://f1tenth.org/
https://doi.org/10.48550/arXiv.1901.08567
https://par.nsf.gov/biblio/10221872
https://core.ac.uk/download/pdf/84832234.pdf
https://doi.org/10.1109/CASE48305.2020.9216949
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Table A.6 FITENTH: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware Brushles‘s DC motor
Electronic speed controller (ESC)
Battery Traxxas LiPo or NiMH battery (5000 mAh)
Baftery-to.-agent <24%
weight ratio
Speed min [m/s] 0
Speed max [m/s] 17.8
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | 45
Geometry
Wheelbase [m] No information found
Length [m] No information found
Width [m] No information found
Height [m] No information found
Weight [kg] >3
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Table A.7 Robotarium: General, Sense and Plan characteristics

General Characteristics

Testbeds

Robotarium

General information

https://www.robotarium.gatech.edu/

Main references

https://ieeexplore.ieee.org/document/7989200
https://ieeexplore.ieee.org/abstract/document/8960572
https://doi.org/10.1109/LRA.2021.3062796

Year of the first publication
introducing the test bed

2017

Focus

Autonomous racing, Computer Vision (CV)

CAV or RS

RS

Software Information

Consists of components divided between
MATLAB/Python, simulation API, Custom MQTT
pub/sub interaction with testbed, and Docker
containerized applications coordinating

server applications.

Programming language

Python
Matlab

Scenario formats

No information found

Sense Characteristics

Sensors Vicon Camera
Global positioning system | Vicon system
Accuracy <1 mm
Traffic management
infrastructure )
Surroundings None

Plan Characteristics

Lab infrastructure

Tracking through overhead camera
and communicating via WiFi

Computation unit/
Computation scheme

Central server/
User code executed by a central server
Onboard distributed computation for velocity control

Human-Robot-Interaction
(Mixed traffic support)

No

Different kind of agents

Yes (different robots with similar specifications)

Agent count

20



https://www.robotarium.gatech.edu/
https://ieeexplore.ieee.org/document/7989200
https://ieeexplore.ieee.org/abstract/document/8960572
https://doi.org/10.1109/LRA.2021.3062796
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Table A.8 Robotarium: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware 100: l'Micro Metal Gearmotor LP
6V with Extended Motor Shaft
Battery Lithium Ion Polymer Battery - 3.7v 2500mAh
Ba?tery-to.-agent No information found
weight ratio
Speed min [m/s] 0.03
Speed max [m/s] 0.2
Lateral dynamics
Steering Differential drive
Steering angle max [deg] | No information found
Geometry
Wheelbase [m] 0.110
Length [m] 0.095
Width [m] 0.110
Height [m] 0.095
Weight [kg] No information found
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Table A.9 IDS3C(UDSSC): General, Sense and Plan characteristics

General Characteristics

Testbeds

IDS3C(UDSSC)

General information

https://ids-lab.net/facilities/

Main references

https://doi.org/10.1016/j.ifacol.2018.07.022
https://doi.org/10.1109/MCS.2022.3209056

Year of the first publication
introducing the test bed

2018

Focus

Provide a remotely accessible platform to study
Robot Swarms (RS) for research and education

CAV or RS

CAV

Software Information

Central computer: ROS
Vehicle: Ros/Arduino

Programming language

Mainframe C++
Vehicle ROS/C++/Python

Scenario formats

(4way/T-shape) intersections
Merging and roundabout

Sense Characteristics

Vicon Camera

Sensors Raspberry Pi camera
Global positioning system | Vicon system
Accuracy <1 mm
Traffic management Users can place (stop/yield) signs
infrastructure
Surroundings Buildings

Plan Characteristics

Lab infrastructure

ROS/WiFi

Computation unit/
Computation scheme

Centralized computer Vehicle:
(Raspberry Pi & ATmega32U)/
Parallel, sequential and hybrid

Human-Robot-Interaction
(Mixed traffic support)

Yes

Different kind of agents

Yes (CAVs and drones)

Agent count

~20



https://ids-lab.net/facilities/
https://doi.org/10.1016/j.ifacol.2018.07.022
https://doi.org/10.1109/MCS.2022.3209056
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Table A.10 IDS3C(UDSSC): Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware

One geared DC motor

Battery

1000mAh LiPo Battery (7.4VDC)

Battery-to-agent
weight ratio

No information found

Speed min [m/s] 0.2
Speed max [m/s] 0.5
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | 45
Geometry
Wheelbase [m] No information found
Length [m] No information found
Width [m] No information found
Height [m] No information found

Weight [kg]

No information found
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Table A.11 Cambridge Minicar: General, Sense and Plan characteristics

General Characteristics

Testbeds

Cambridge Minicar

General information

https://proroklab.org/wp/

Main references

https://doi.org/10.1109/ICRA.2019.8794445

Year of the first publication
introducing the test bed

2019

Focus

Multi-agent decision-making for CAV's

CAV or RS

CAV

Software Information

No information found

Programming language

Python

Scenario formats

No information found

Sense Characteristics

Sensors OptiTrack cameras
Global positioning system | OptiTrack motion capture system
Accuracy 0.2 mm
Traffic management
infrastructure i
Surroundings None

Plan Characteristics

Lab infrastructure

Radio

Computation unit/
Computation scheme

External computation via workstation/
Mixed (offboard and onboard)

Human-Robot-Interaction

(Mixed traffic support) Partial
Different kind of agents No
Agent count ~20



https://proroklab.org/wp/
https://doi.org/10.1109/ICRA.2019.8794445
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Table A.12 Cambridge Minicar: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware No information found
Battery Three AA Batteries
Ba?tery-to.-agent 20%
weight ratio
Speed min [m/s] No information found
Speed max [m/s] 1.5
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | 18
Geometry
Wheelbase [m] 0.122
Length [m] 0.197
Width [m] 0.081
Height [m] 0.075
Weight [kg] 0.450




150

Survey of small testbed

Table A.13 Duckietown: General, Sense and Plan characteristics

General Characteristics

Testbeds

Duckietown

General information

https://www.duckietown.org/

Main references

https://ieeexplore.ieee.org/abstract/document/7989179
https://doi.org/10.1007/978-3-319-55553-9_8

Year of the first publication
introducing the test bed

2017

Focus

Perception, navigation and collision/obstacle avoidance

CAV or RS

CAV

Software Information

A containerized architecture, where every container
is responsible for a part of the main functionalties.

Programming language

Python
ROS

Scenario formats

Scenarios are customized with tiles

Sense Characteristics

Sensors

Watchtowers with Raspberry Pi cameras

Global positioning system

OptiTrack motion capture system

Accuracy

Watchtower: 1 cm
Sign tracking: Depends on the users algorithm

Traffic management
infrastructure

Users can place signs and traffic lights

Surroundings

Buildings, obstacles, traffic signs and lights

Plan Characteristics

Lab infrastructure

Vehicles can communicate with LEDs which
are deteced by other vehicles

Computation unit/
Computation scheme

Raspberry Pi 2 B on each vehicle/

Both onboard and offboard are supoprted through
the api, parallel and sequential computation is
achieved also.

Human-Robot-Interaction
(Mixed traffic support)

No

Different kind of agents

Yes (CAVs and drones)

Agent count

Depends on the user setup



https://www.duckietown.org/
https://ieeexplore.ieee.org/abstract/document/7989179
https://doi.org/10.1007/978-3-319-55553-9_8
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Table A.14 Duckietown: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware 2DC motors
Battery 10 Ah at 3.7V (37Wh)
Ba?tery-to.-agent 10.4%
weight ratio
Speed min [m/s] 0
Speed max [m/s] No information found
Lateral dynamics
Steering Differential drive
Steering angle max [deg] | 90
Geometry
Wheelbase [m] 0.100
Length [m] 0.340
Width [m] 0.150
Height [m] 0.230
Weight [kg] 1.8
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Table A.15 CHARTOPOLIS: General, Sense and Plan characteristics

General Characteristics

Testbeds

CHARTOPOLIS

General information

https://doi.org/10.48550/arXiv.2210.00377

Main references

https://doi.org/10.48550/arXiv.2210.00377

Year of the first publication
introducing the test bed

2022

Focus Human-robot interaction, art installation
CAV or RS RS
Software Information ROS, DonkeyCar stack
Programming language Python
C++
Scenario formats ASAM OpenDrive

Sense Characteristics

Sensors

Photo-interrupt encoders on drive shaft
Inertial Measurement Unit (IMU)

Global positioning system

Overhead camera
OptiTrack

Accuracy No information found
Tra.fﬁc management No information found
infrastructure
. Buildings, traffic ligh i
Surroundings uildings, traffic lights and signs

Adjustable lighting

Plan Characteristics

Lab infrastructure

Dual-component laboratory architecture
that includes a reconfigurable physical
driving environment with agents and traffic
elements, complemented by a high-fidelity
virtual simulator

Computation unit/
Computation scheme

Computation on each vehicle/
No information found

Human-Robot-Interaction
(Mixed traffic support)

Yes

Different kind of agents

No

Agent count

No information found



https://doi.org/10.48550/arXiv.2210.00377
https://doi.org/10.48550/arXiv.2210.00377
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Table A.16 CHARTOPOLIS: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware RC380 high speed carbon brushed motor
Battery 8.4V, 18650 battery x 4 (two in parallel, two in series)
Ba?tery-to.-agent 6.9%
weight ratio
Speed min [m/s] No information found
Speed max [m/s] No information found
Lateral dynamics
Steering No information found
Steering angle max [deg] | No information found
Geometry
Wheelbase [m] 0.178
Length [m] No information found
Width [m] No information found
Height [m] 0.133
Weight [kg] ~2.6




154

Survey of small testbed

Table A.17 Cambridge RoboMaster: General, Sense and Plan characteristics

General Characteristics

Testbeds

Cambridge RoboMaster

General information

https://arxiv.org/pdf/2405.02198

Main references

http://arxiv.org/abs/2405.02198

Year of the first publication
introducing the test bed

2024

An enhanced and cost-effective multi-robot research
platform based on the DJI RoboMaster S1, designed

Focus to enable versatile, reliable, and agile multi-agent
experiments through integrated hardware, control
systems, and simulation tools

CAYV or RS CAV

Software Information

https://proroklab.github.io/cambridge-robomaster
/software_setup.html

Programming language

Python
C++

Scenario formats

No information found

Sense Characteristics

Sensors

Raspberry Pi HQ camera
Physical bumper sensors
Wheel odometry

Global positioning system

Motion Capture System

Accuracy No information found
Traffic management
infrastructure i
Surroundings Configurable static obstacles

Plan Characteristics

Lab infrastructure

Modular ROS2-based optimal estimation and control
stack for full onboard autonomy, with ad-hoc
peer-to-peer communication infrastructure

Computation unit/
Computation scheme

Nvidia Jetson Orin NX 16GB (Raspberry Pi also
available)/ On board computation

Human-Robot-Interaction

(Mixed traffic support) No
Different kind of agents No
Agent count ~9



https://arxiv.org/pdf/2405.02198
http://arxiv.org/abs/2405.02198
https://proroklab.github.io/cambridge-robomaster
/software_setup.html
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Table A.18 Cambridge RoboMaster: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware Four DJI 35081 BLDC motors with integrated gear
and controller
Battery 25.91Wh, 2.4 Ah
Ba.ttery-to.-agent No information found
weight ratio
Speed min [m/s] 0
Speed max [m/s] 4.5
Lateral dynamics
Steering Four-wheel mecanum (omnidirectional)
Steering angle max [deg] | 360
Geometry
Wheelbase [m] No information found
Length [m] 0.320
Width [m] 0.240
Height [m] 0.200
Weight [kg] 3
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Table A.19 Go-Chart: General, Sense and Plan characteristics

General Characteristics

Testbeds

Go-Chart

General information

https://doi.org/10.1109/IROS45743.2020.9341770

Main references

https://doi.org/10.1109/IROS45743.2020.9341770

Year of the first publication
introducing the test bed

2020

Focus

Testing interaction with HDVs, CV

CAV or RS

CAV

Software Information

External GPU for video and image processing
and onboard computation for vehicle control

Programming language

No information found

Scenario formats

No information found

Sense Characteristics

2D LiDAR
Sensors Camera .
Ultrasonic sensor
IMU
2D LiDAR
Global positioning system | Wide angle camera
IMU
Accuracy No information found
Traffic management

. Yes

infrastructure

Surroundings Buildings, traffic lights, LEDs in the car

Plan Characteristics

Lab infrastructure

No communication

Computation unit/
Computation scheme

Video streaming: 1.2GHz ARM Cortex-A53
with 1GB LPDDR?2 Vehicle Control: Teensy 3.2
(ARM Cortex-M4 core running at 96MHz with
64kB RAM)/ Onboard computation with external
GPU for deep learning

Human-Robot-Interaction
(Mixed traffic support)

Yes

Different Kkind of agents

No

Agent count

No information found



https://doi.org/10.1109/IROS45743.2020.9341770
https://doi.org/10.1109/IROS45743.2020.9341770
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Table A.20 Go-Chart: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware

Powered by four standard micro metal
gear motors

Battery

Four 18650 batteries (7.4V at 7000 mAh)

Battery-to-agent
weight ratio

No information found

Speed min [m/s] 0.04
Speed max [m/s] 0.42
Lateral dynamics
Steering Four-wheel skid steering system
Steering angle max [deg] | No information found
Geometry
Wheelbase [m] No information found

Length [m] 0.170

Width [m] 0.110

Height [m] 0.150

Weight [kg]

No information found
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Table A.21 CRS: General, Sense and Plan characteristics

General Characteristics

Testbeds

CRS

General information

https://gitlab.ethz.ch/ics/crs

Main references

https://doi.org/10.1109/ICRA48891.2023.10161434

Year of the first publication
introducing the test bed

2023

Focus

Autonomous racing, multi-agent decision-making,
learning-based control

CAV or RS

CAV

Software Information

ROS, but packages are ROS independent

C++

Programming language Python
ROS
Scenario formats Customizable

Sense Characteristics

Steer encoder
Motion Capture

Sensors Wheel encoders
Voltage and current measurements
IMU
Global positioning system | Motion capture (qualysis)
Accuracy <1 mm
Traffic management

. No

infrastructure

Surroundings Racing track, customizable mats

Plan Characteristics

Lab infrastructure

Low-level controller for steer and torque

control on the vehicle. Sensor measurements

and control commands are exchanged with a
computer via WiFi. Controller, planner, estimator,
and safety filter are run on a laptop using a custom
C++ (open source) software where the
communication among packages is managed

by ROS.

Computation unit/
Computation scheme

Each veichle has a ESP32 onboard. External
computation can be done by an arbitrary
number of laptops (currently only 1 is used)/
No information found

Human-Robot-Interaction

(Mixed traffic support) Yes
Different kind of agents Yes
Agent count ~ 10



https://gitlab.ethz.ch/ics/crs
https://doi.org/10.1109/ICRA48891.2023.10161434
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Table A.22 CRS: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware Brush motor with gearbox

Battery 4AAA batteries

Battery-to-agent

. . No information found
weight ratio

Speed min [m/s] -4 (limited by the controller)
Speed max [m/s] 4 (limited by the controller)
Lateral dynamics

Steering Ackermann steering

Steering angle max [deg] | 35 - 42 (depends on the hardware)

Geometry

Wheelbase [m] 0.98 (sizes can depend on the vehicle model)
Length [m] 0.166
Width [m] 0.075
Height [m] 0.044

Weight [kg] 0.180
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Table A.23 MiniCity: General, Sense and Plan characteristics

General Characteristics

Testbeds

MiniCity

General information

https://doi.org/10.3390/s22186793

Main references

https://doi.org/10.3390/s22186793
https://motion-planning-workshop.kavrakilab.org
/papers/minicity.pdf

Year of the first publication
introducing the test bed

2022

Focus

Testing perception hardware and
software for autonomous vehicles

CAV or RS

CAV

Software Information

Uses ROS Melodic for interprocess communication

Programming language

ROS

Scenario formats

Customizable

Sense Characteristics

Sensors OptiTrack cameras
Global positioning system | OptiTrack motion capture system
Accuracy <2 mm
Traffic management
. Yes
infrastructure
Surroundings Buildings, traffic signs and lights

Plan Characteristics

Lab infrastructure

ROS
V2X

Computation unit/
Computation scheme

Onboard computation/
Onboard computation

Human-Robot-Interaction
(Mixed traffic support)

Yes

Different kind of agents

No

Agent count

No information found



https://doi.org/10.3390/s22186793
https://doi.org/10.3390/s22186793
https://motion-planning-workshop.kavrakilab.org
/papers/minicity.pdf
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Table A.24 MiniCity: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware

No information found

Battery

No information found

Battery-to-agent
weight ratio

No information found

Speed min [m/s] No information found
Speed max [m/s] No information found
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | No information found
Geometry
Wheelbase [m] No information found

Length [m] 0.530

Width [m] 0.300

Height [m] 0.330

Weight [kg] 5.4
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Table A.25 Optimal RC racing (ORCA): General, Sense and Plan characteristics

General Characteristics

Testbeds

Optimal RC racing (ORCA)

General information

https://control.ee.ethz.ch/research/team-projects
/autonomous-rc-car-racing.html

Main references

https://doi.org/10.1002/0ca.2123

Year of the first publication
introducing the test bed

2014

Focus

Autonomous racing, research and education
in automatic control

CAV or RS

CAV

Software Information

The positioning system communicates via USB
with a computer.Relevant information gets then
distributed via Bluetooth

Programming language

C++
Matlab

Scenario formats

No information found

Sense Characteristics

Sensors

IMU
Gyroscope
Accelerometer

Global positioning system

PointGrey Flea3 camera
Infrared spot
Wide angle lens with infrared filter

Accuracy <4 mm
Traffic management
infrastructure i
Surroundings Walls, stationary cars

Plan Characteristics

Lab infrastructure

Ethernet for vision data
From computer to vehicle via Bluetooth

Computation unit/
Computation scheme

ARM A9 chip Exynos 4412 or ARM Cortex
A15 Exynos 5410 chip/
No information found

Human-Robot-Interaction

(Mixed traffic support) No
Different kind of agents No
Agent count 1+



https://control.ee.ethz.ch/research/team-projects
/autonomous-rc-car-racing.html
https://doi.org/10.1002/oca.2123
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Table A.26 Optimal RC racing (ORCA): Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware

Depends on chosen model car

Battery

3.7V 130mAh LiPO battery

Battery-to-agent
weight ratio

No information found

Speed min [m/s] Depends on the chosen model car
Speed max [m/s] >3
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | Depends on the chosen model car
Geometry
Wheelbase [m] Depends on the chosen model car
Length [m] Depends on the chosen model car
Width [m] Depends on the chosen model car
Height [m] Depends on the chosen model car
Weight [kg] Depends on the chosen model car
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Table A.27 Miniature Autonomy: General, Sense and Plan characteristics

General Characteristics

Testbeds Miniature Autonomy

General information http://dx.doi.org/10.3389/fnbot.2022.846355

https://doi.org/10.5220%2F0007955704830488

. http://dx.doi.org/10.3389/fnbot.2022.846355
Main references

Year of the first publication

introducing the test bed 2019
Focus Testing of autonomous vehicles and aerial vehicles, CV
CAV or RS CAV

All computations on vehicle
Software Information (ROS Stack)
TensorFlow Lite on machine learning tasks

Programming language No information found

Scenario formats Customizable

Sense Characteristics

One front facing
Ultra-wide-angle camera
Sensors Absolute encoder

UWRB Indoor Positioning System
(IPS)

Top view camera with markers on vehicles

Global positioning system Ultra wide band radio with onboard module

Accuracy No information found
Traffic management
. Yes
infrastructure
Surroundings Buildings, intersections, traffic lights
Plan Characteristics
ROS

Lab infrastructure UWB Radio

Computation unit/

. None/ No information found
Computation scheme

Human-Robot-Interaction

(Mixed traffic support) No information found

Different kind of agents No

Agent count No information found



http://dx.doi.org/10.3389/fnbot.2022.846355
https://doi.org/10.5220%2F0007955704830488
http://dx.doi.org/10.3389/fnbot.2022.846355
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Table A.28 Miniature Autonomy: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware No information found
Battery 3500 mAh Li-Ion battery
Ba.ttery-to.-agent No information found
weight ratio
Speed min [m/s] No information found
Speed max [m/s] No information found
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | No information found
Geometry
Wheelbase [m] No information found
Length [m] No information found
Width [m] No information found
Height [m] No information found
Weight [kg] No information found




166

Survey of small testbed

Table A.29 Self-Driving Car Studio: General, Sense and Plan characteristics

General Characteristics

Testbeds

Self-Driving Car Studio at
University of Surrey

General information

https://www.surrey.ac.uk/centre-automotive-engineering/
research/connected-and-autonomous-vehicles-lab
https://www.quanser.com/products/self-driving-car-studio/

Main references

https://arxiv.org/pdf/2401.05194v1

Year of the first publication
introducing the test bed

2024

Multi-agent decision-making trajectory planning and

Focus control for Connected and Automated Vehicles (CAVs)
CAYV or RS CAV
Software Information Central computer: ROS
Python
Programming language Matlab
C/C++
Scenario formats Customizable

Sense Characteristics

Sensors Onboard vehicle: LiIDAR, camera, encoder, IMU
Global positioning system | With onboard sensors
Accuracy A few mm
Traffic management
. Yes
infrastructure
Surroundings City with moving obstacles

Plan Characteristics

Lab infrastructure

A combination of high-level controller on the
computation units, and mid-level and low-level
controller on the vehicle. Collaborating via a
middleware on both sides using Data Distribution
Service (DDS) via WiFi

Computation unit/
Computation scheme

Each vehicle is powered vy the NVIDIA Jetson Orin AGX

running Ubuntu and supporting the latest Jetpack

Human-Robot-Interaction

(Mixed traffic support) No
Different kind of agents No
Agent count 1+



https://www.surrey.ac.uk/centre-automotive-engineering/
research/connected-and-autonomous-vehicles-lab
https://www.quanser.com/products/self-driving-car-studio/
https://arxiv.org/pdf/2401.05194v1
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Table A.30 Self-Driving Car Studio: Act characteristics

Act characteristics

Longitudinal dynamics

Actuator hardware Brushles‘s DC motor
Electronic speed controller (ESC)
Battery 3S 11.1 V LiPo (3300 mAh) with XT60 connector
Ba?tery-to.-agent 249
weight ratio
Speed min [m/s] 0
Speed max [m/s] 2
Lateral dynamics
Steering Ackermann steering
Steering angle max [deg] | 35
Geometry
Wheelbase [m] 0.280
Length [m] 0.390
Width [m] 0.200
Height [m] 0.290
Weight [kg] 2.7




	Contents
	List of Figures
	List of Tables
	Nomenclature
	1 Introduction
	1.1 Objectives
	1.1.1 Scientific Contributions
	1.1.2 Practical Contributions

	1.2 Thesis outline

	2 Preliminaries and related works
	2.1 Introduction
	2.2 Small-scale tesbeds
	2.3 Characteristics of testbeds
	2.3.1 General characteristics
	2.3.2 Sense-driven characteristics
	2.3.3 Plan-driven characteristics
	2.3.4 Act-driven characteristics

	2.4 CARS facilities

	3 CARS Autonomous Scaled-Vehicle Testbed
	3.1 Testing scenarios
	3.2 Miniature RC cars
	3.3 Vision based localization system
	3.4 Controller PC
	3.5 Overview

	4 Vehicle model
	4.1 System Identification
	4.1.1 Static Parameters

	4.2 Longitudinal dynamics
	4.3 Lateral dynamics
	4.4 Dynamics Similarity

	5 Car motion control problem
	5.1 Problem formulation
	5.1.1 Racing-oriented optimal control formulation
	5.1.2 Passenger-car-oriented optimal control formulation

	5.2 Collision Avoidance
	5.2.1 Reference lateral deviation generator logic
	5.2.2 Obstacle nonlinear constraint with circle-safe region
	5.2.3 Obstacle nonlinear constraint with probabilistic region

	5.3 Real-time implementation
	5.3.1 Acados
	5.3.2 Implementation


	6 Experimental tests
	6.1 Sensor
	6.1.1 Localization systems
	6.1.2 Inertial Measurement Unit

	6.2 State estimators
	6.2.1 Velocity estimator
	6.2.2 Kinematic Kalman Filter
	6.2.3 Outlier rejection

	6.3 Control
	6.3.1 TEST control
	6.3.2 STANLEY control
	6.3.3 PURE PURSUIT control
	6.3.4 MPC control

	6.4 Low-level control
	6.4.1 Speed-based control
	6.4.2 Acceleration-based control

	6.5 Plant

	7 Experimental results and Discussion
	7.1 Reference lateral deviation generator logic
	7.2 Obstacle nonlinear constraint with circle-safe region
	7.3 Obstacle nonlinear constraint with probabilistic region

	8 Conclusions
	8.1 Outlook

	References
	Appendix A Survey of small testbed

