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Absitract

Autonomous racing is a highly challenging domain that pushes the limits of vehicle
planning and control to achieve minimum lap times under extreme conditions. This thesis
addresses these challenges by introducing the Artificial Race Driver (ARD), a hierarchical
framework for time-optimal motion planning and control at the limits of handling. At
the top level, ARD employs an Economic Nonlinear Model Predictive Control (E-NMPC)
augmented with a physics-based lateral speed prediction model. At the low level, steering
commands are executed by a physics-informed neural network controller, which embeds
vehicle dynamics priors into a feedforward structure. Separate longitudinal and lateral
feedback controllers are identified to correct the commanded longitudinal acceleration and
steering angle. These modules are integrated with a detailed neural vehicle model acting
as a digital twin, enabling closed-loop identification and testing under realistic dynamics.

Among the thesis’s key contributions is a two-lap learning strategy. In this approach,
ARD uses telemetry from one lap to perform the entire identification procedure. It then
validates its identification on the telemetry of a second lap (preferably performed on a
different track or track configuration). This enables rapid adaptation to new circuits and
vehicles with minimal prior data. The work also explores shared-control concepts through
an Artificial Race Coach (ARC) framework—an experimental parallel system that can
interact with a human driver. Inspired by studies showing that autonomous coaching
can improve driver performance, ARC is designed to blend the autonomous planner with
human input, illustrating the potential of interactive human—machine collaboration in
racing. (ARC remains exploratory, highlighting a novel avenue rather than a completed
solution.)

ARD is evaluated through comprehensive simulation and real-world experiments. A
custom high-fidelity driving simulator serves as a virtual testbed for closed-loop evaluation
on multiple tracks and vehicles. In simulation, ARD’s trajectories and lap times are
benchmarked against offline optimal-control solutions to assess the validity of the proposed
method. The framework is then deployed on a real autonomous vehicle to validate real-
time performance on track. Results show that ARD can execute aggressive, time-optimal
manoeuvres safely and reliably, achieving lap times close to the theoretical minimum.
In summary, this thesis demonstrates that combining model-based planning, physics-
informed learning, and a detailed neural vehicle model enables an artificial driver to drive
at the limits of handling even with limited data.
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Chapter 1
Infroduction

Autonomous driving represents one of the hardest challenges in modern control engineering
and artificial intelligence. While significant progress has been made in ensuring safety,
comfort, and robustness for urban autonomous vehicles, achieving high-performance
driving near the handling limits of a vehicle remains an open and complex problem.
Autonomous racing, where a vehicle must travel around the track in the minimum possible
time, offers a compelling research environment for developing and testing algorithms
that operate under extreme conditions. Beyond its competitive nature, this domain
also provides valuable insights that can translate into safer and more reliable control
strategies for everyday autonomous driving. It brings together the demands of online
trajectory planning, real-time control, system identification, and interaction with uncertain
environments—all at the edge of feasibility.

This thesis focuses on the development of a complete system for autonomous racing,
built around a framework named the Artificial Race Driver (ARD). ARD is designed
to compute and execute time-optimal manoeuvres using a combination of Fconomic
Nonlinear Model Predictive Control (E-NMPC) and learning-based control. By operating
within this performance-critical domain, the work presented in this thesis not only
advances the capabilities of autonomous vehicles in racing, but might also offer insights
and methods applicable to broader contexts such as emergency manoeuvres.

In addition to developing ARD, this thesis also addresses the challenge of rapid
adaptation to new circuits and vehicles through a minimal-data learning strategy, and
explores early efforts in shared control between human drivers and autonomous systems
via the Artificial Race Coach (ARC).

Through a combination of theoretical modelling, extensive simulation, and real-world
deployment, the work aims to contribute a comprehensive, experimentally validated
approach for autonomous high-performance driving.

1.1 Motivation and Contributions

The ability to drive at the handling limits of a vehicle is traditionally reserved for
expert human drivers, particularly in the context of motorsports. Translating this
capability to autonomous systems presents a unique and demanding challenge. It requires
the integration of high-fidelity vehicle modelling, real-time optimal control, and robust
decision-making under uncertainty. While the primary testbed for such systems is often
the racetrack, the motivation for this research extends beyond competitive driving alone.

High-performance autonomous driving has the potential to significantly advance
the safety and responsiveness of autonomous vehicles in general settings. Emergency
manoeuvres in urban or highway environments—such as obstacle avoidance, evasive
braking, or rapid lane changes—require precise execution under time and space constraints.
These scenarios demand the same control precision and situational awareness that
autonomous racing systems are designed to master. By pushing the boundaries of
vehicle performance in a structured environment, autonomous racing serves as a fertile
ground for developing algorithms and architectures that may ultimately improve the
safety of everyday autonomous transportation.

This thesis addresses the challenge by proposing ARD: a hierarchical framework that
combines time-optimal planning, physics-informed control, and realistic simulation into a
cohesive system for autonomous racing. The design prioritizes adaptability, modularity,
and data efficiency, with the goal of building a generalizable artificial driver capable of
performing with minimal prior knowledge of the track, environment, and vehicle.

Hereafter a comprehensive overview of the main contributions of this thesis.



Motivation and Contributions

Design and Implementation of ARD: A modular, real-time framework is developed
for autonomous racing, consisting of:

e A high-level motion planner based on E-NMPC, incorporating a physics-based
lateral speed prediction model.

o A low-level lateral controller using a physics-informed neural network that embeds
vehicle dynamics priors into a feedforward structure.

o Two low-level learned Proportional-Integral-Derivative (PID) corrective controllers
for lateral and longitudinal dynamics.

e A neural vehicle model that serves as a digital twin for high-fidelity simulation and
closed-loop identification.

Development of a Two-Lap Learning Strategy: A novel learning approach enables
ARD to infer all driving-relevant properties of a vehicle from a single lap of telemetry,
then validate the identification on a second lap—preferably performed on a different track
or track configuration. This strategy allows for rapid adaptation to new circuits and
vehicles with minimal data, supporting broader deployment with reduced calibration
requirements.

Comprehensive Simulation and Real-World Validation: The system is rigorously
evaluated in simulation, using a custom high-fidelity driving simulator, and in real-world
experiments on an autonomous vehicle. The simulation analysis extends beyond ideal
conditions, introducing packet loss and measurement noise to assess robustness under
realistic operating scenarios. This investigation provides new insight into the system’s
behaviour in the presence of communication delays and sensing imperfections. Results
demonstrate the system’s ability to execute time-optimal trajectories safely and with
performance close to theoretical limits.

Exploratory Work on Shared Control: The thesis also introduces ARC, a framework
designed to explore shared control and human-in-the-loop strategies in racing. ARC
provides an early demonstration of how autonomous planning can blend with human
driving styles, laying the foundation for future work in cooperative and assistive driving.

Together, these contributions advance the state of the art in autonomous racing and
highlight its relevance to both high-performance applications and future urban driving
systems.

1.1.1 Thesis Outline

This thesis is structured into three main parts, each progressively building upon the
development, validation, and extension of ARD.
Part I: the Artificial Race Driver Framework

o Chapter 2 gives an overview of ARD’s system design. It introduces the architecture
and modular composition of the framework, highlighting the principles that guide
its real-time performance and its suitability for aggressive, time-optimal driving.

e Chapter 3 presents ARD’s high-level motion planning module, centred on E-NMPC.
It details the time-optimal trajectory planning process and the role of dynamic
constraints, including the incorporation of 3D road geometry.

e Chapter 4 describes ARD’s low-level vehicle controllers. This component relies on
a physics-informed neural network to translate planned trajectories into steering
actions, as well as learned PID corrective controllers.

o Chapter 5 covers the digital twin neural vehicle model that supports ARD’s planning
and control stack. This simulated model is used to train control components, test
planning strategies, and validate system-level performance.
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e Chapter 6 introduces a two-lap learning strategy that enables ARD to rapidly adapt
to unknown circuits and vehicles using minimal telemetry data. This data-efficient
approach significantly reduces the identification and setup burden for deploying
ARD on new tracks and vehicles.

Part II: Simulation and Real-World Testing

e Chapter 7 details both the simulation and real-world test setups.

e Chapter 8 evaluates ARD in a high-fidelity simulation environment, benchmarking
it against theoretical baselines to assess its optimality.

o Chapter 9 presents the real-world deployment of ARD. It outlines the integration
steps, safety mechanisms, and results from on-track experiments, demonstrating
ARD’s capacity to execute aggressive driving manoeuvres reliably and safely outside
of simulation.

Part III: Early Work in Shared Control

e Chapter 10 introduces ARC: an experimental companion framework designed to
explore shared control between an autonomous system and a human driver. While
still in early stages, ARC demonstrates the potential for exploiting ARD’s planning
capabilities to improve the human driver performance.

Finally, Chapter 11 concludes the thesis by summarizing the contributions, reflecting
on ARD’s development and deployment, and outlining promising directions for future
research, both in autonomous racing and its application to broader driving contexts. An
appendix is also included, detailing the driving simulator infrastructure that supports
much of the simulation-based work.

1.2 Background

1.2.1 Autonomous Driving

Over the past decade, autonomous driving has emerged as a major focus of research
and development in both academia and the automotive industry [1], [2], [3], [4]. The
motivation behind this technological shift is multi-faceted: reducing traffic accidents
caused by human error, improving traffic efficiency, and enabling more productive or
comfortable use of travel time for vehicle occupants.

Human error is responsible for approximately 90% of all traffic accidents [5], with
common causes including misjudgments in planning, misinterpretation of the environment,
and driver distraction. In response to this public safety concern, autonomous vehicles
are expected to play a significant role in reducing both the frequency and severity of
road accidents. As part of its “Vision Zero” initiative [6], the European Union has
committed to halving road fatalities by 2030 and eliminating them entirely by 2050.
These ambitious goals further underscore the societal importance of developing reliable
and safe autonomous driving systems.

Despite rapid progress in sensing, planning, and control technologies, several challenges
still limit the widespread deployment of autonomous vehicles. These challenges span
regulatory, ethical, and societal dimensions, but from a technical standpoint, the most
critical issues involve the design of robust and interpretable decision-making systems
capable of operating safely in complex, uncertain, and dynamic environments.

As a result, autonomous driving continues to be one of the most active and fast-
evolving research areas in robotics and control. The rapid growth in scientific publications
over the past decade reflects this momentum—particularly after 2016, when the number
of papers indexed under “autonomous driving” increased nearly fourteenfold by 2024.
This upward trend has only accelerated in recent years, with publication counts rising by
approximately 1000 papers per year since 2022. Figure 1.1 illustrates recent trends in the
Scopus database for key topics including “autonomous driving”, “autonomous racing”,
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“interpretable machine learning”, “explainable machine learning”, and “explainable neural
networks”.
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Figure 1.1: Recent trends in the Scopus database for key topics including “autonomous driving”,

“autonomous racing”, “interpretable machine learning”, “explainable machine learning”, and “explainable

neural networks”.

1.2.2 Autonomous Racing

In much the same way that Formula 1 has historically served as a testbed for innovations
later adopted in consumer vehicles, autonomous racing [7] has emerged as a valuable
experimental platform for advancing high-performance driving algorithms. Conducted
within the safety of closed circuits, autonomous racing enables the development and
testing of decision-making, planning, and control strategies under extreme conditions that
would be unsafe or infeasible to reproduce on public roads.

Autonomous racing introduces a unique set of challenges to the field of autonomous
driving. Vehicles operate at high speeds and in proximity to their physical handling limits,
where non-linearities in vehicle dynamics become pronounced. Under these conditions,
traditional conservative planning and control strategies fall short. Instead, systems must
rapidly generate and adapt time-optimal trajectories, manage tight actuation constraints,
and remain robust in the face of uncertainty or disturbances. These requirements demand
sophisticated, tightly coupled planning and control pipelines capable of operating in
real-time.

Compared to urban or highway autonomous driving, autonomous racing calls for more
aggressive and anticipatory behaviour. It relies on accurate dynamic models, fast solvers,
and predictive techniques capable of handling complex and adversarial interactions.
While algorithms designed for autonomous racing can often be generalized to more
conventional driving contexts, the reverse is not always true—many standard approaches
lack the responsiveness and precision needed in performance-critical environments. As
such, autonomous racing has become a proving ground for advanced methods that may
eventually benefit safety-critical applications such as emergency manoeuvring.
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Interest in autonomous racing has grown rapidly over the past years. Despite being a
relatively niche research area compared to mainstream autonomous driving, its momentum
is visible through a surge of competitions and benchmark platforms. Events such as
Formula Student Driverless [8], FITENTH [9], Roborace [10], the Indy Autonomous
Challenge [11], and the AbuDhabi Autonomous Racing League [12] have encouraged the
development of standardized racing scenarios. These competitions have recently begun
incorporating more complex, adversarial formats, where multiple autonomous agents
must compete under real-time constraints, further pushing the boundaries of control and
strategy.

By embracing the demanding nature of the racing domain, researchers aim not only to
push the state of the art in autonomy but also to extract methods that are transferable to
broader driving contexts. In particular, those involving evasive or emergency manoeuvres
near the limits of handling.

1.2.3 Interpretable Machine Learning

In recent years, deep learning and deep Reinforcement Learning (RL) have gained
significant traction in the field of autonomous driving. These methods have been applied
to a wide range of tasks [13], including perception [14], motion planning [15], prediction
[16], control [17], and even end-to-end autonomous driving [18]. Leveraging large datasets
and high-capacity models, deep neural networks have demonstrated impressive capabilities
in approximating complex functions and learning behaviour from data. Within the context
of autonomous racing, learning-based approaches have also been explored for tasks such
as dynamics modelling [19], [20], [21], [22], [23], control [17], [24], [25], and high-speed
policy learning [26], [27].

Despite these advancements, the widespread adoption of deep learning in safety-critical
domains like autonomous driving remains limited by several challenges. Chief among
these is the issue of interpretability. Deep neural networks are often regarded as black-box
models, whose internal representations are difficult to understand, analyse, or validate.
This lack of transparency poses a significant obstacle when such models are used in control
loops where trust, accountability, and robustness are paramount. Moreover, general-
purpose architectures typically require large and diverse datasets to generalize well to
novel scenarios [28]—an impractical requirement in domains where data is expensive,
safety-critical, or scenario-specific.

To address these issues, a growing body of research has focused on interpretable
machine learning [29]—the design of models and learning procedures that are more
transparent, structured, or physically grounded. In contrast to post-hoc explainability
methods, which aim to interpret decisions made by opaque models, interpretable learning
seeks to embed structure and prior knowledge into the model itself. This includes
techniques such as modular architectures, physics-informed neural networks, and hybrid
model-based /data-driven approaches that encode known system dynamics into the learning
process.

Part of this thesis follows a research direction that our group began exploring in 2019,
ahead of what later became a broader trend in the field: the use of physics-informed neural
networks for control and vehicle dynamic modelling. These architectures incorporate
domain-specific priors and constraints into the design of the network, enabling improved
data efficiency, better generalization, and enhanced interpretability. By embedding
physical knowledge directly into the network’s structure, the resulting models remain
consistent with known vehicle behaviour and produce physically grounded predictions
even outside the distribution of the training data, while being easier to analyse and
integrate within a real-time autonomous driving stack.

The growing importance of interpretable machine learning is reflected in the recent
increase in related publications, see Figure 1.1c. As the demand for reliable, transparent,
and certifiable Al systems continues to rise—particularly in regulated fields such as
automotive safety—it is expected that interpretable learning will become a central
component of next-generation autonomous systems.
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1.3 Autonomous Driving Literature Review

1.3.1 Offline Time-Optimal Vehicle Trajectory Planning

Minimum Lap Time (MLT) simulations have long been used to evaluate the performance
limits of vehicles [30], [31]. These simulations serve as a powerful benchmarking tool across
various applications, such as race car setup optimization [32], [33], energy management in
motorsports [34], optimal torque allocation for electric powertrains [35], vehicle model
validation [36], and parametric sensitivity analysis [37]. More recently, MLT simulation
techniques have also been applied to the generation of time-optimal reference trajectories
for autonomous vehicles [7], [24], [38], [39], [40].

A substantial body of literature highlights the use of Optimal Control Problem (OCP)
methods as particularly effective for addressing MLT problems. Surveys in the field [7], [30],
[31], [41], [42], [43] emphasize OCP’s flexibility in handling nonlinear dynamics, non-convex
cost functions, and complex constraint sets, including path boundaries, control limits,
and physical vehicle limitations. This capability has made OCP one of the most widely
adopted approaches for offline trajectory optimization in racing and performance-oriented
driving.

The following sections present an overview of the main formulations and methods
used for solving MLT problems in an offline setting. Specifically:

e Section 1.3.1.1 covers Quasi Steady-State (QSS) optimization techniques, which
simplify the vehicle dynamics for computational efficiency;

e Section 1.3.1.2 focuses on optimal control formulations, following established
taxonomies;

e Section 1.3.1.3 discusses forward-backward integration methods and other hybrid or
alternative strategies used in offline MLT simulations.

1.3.1.1 Quasi Steady-State Methods

Some of the earliest approaches to MLT vehicle simulations employed QSS techniques [44],
[45], [46]. Foundational works in this area focused on optimizing a vehicle’s speed profile
along a predefined or previously computed path, while neglecting transient dynamic
effects. These early methods simplified the problem considerably, making them suitable
for rapid analysis, albeit with limited physical fidelity.

At the core of QSS techniques is the use of the g-g diagram [47], a representation of
the maximum longitudinal and lateral accelerations a vehicle can achieve on flat terrain.
This diagram can be extended to improve accuracy under varying operating conditions.
For instance:

o The g-g-v envelope [24], [25], [40], [48], [49] introduces velocity dependence into the
acceleration limits, accounting for aerodynamic and tire effects;

o The more recent g-g-g-v [50], [51], [52], [53], [54] representation models the effects
three-dimensional track topologies.

These acceleration envelopes can be derived in several ways:

o Through offline optimization procedures [44], [52], [55], [56] or optimal control
problems [57], which solve for the vehicle’s maximum achievable accelerations under
physical and environmental constraints;

o Or by fitting the envelopes to empirical data or simulation outputs [24], [25], [34],
[40], [49], using experimental measurements or synthetic data from high-fidelity
models.

While QSS-based methods offer computational simplicity and are still widely used
in performance studies and design optimization, their primary limitation lies in their
neglect of transient vehicle dynamics. This simplification can result in solutions that are
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physically infeasible or overly optimistic when evaluated against full dynamic models. To
address this, recent efforts [48], [50], [58] have proposed free-trajectory SS methods,
where the race line itself is optimized in addition to the speed profile. These approaches
typically use simplified kinematic models to explore trajectory flexibility while retaining
some computational advantages of QSS.

Although inherently approximate, QSS techniques remain relevant for exploratory
studies, concept validation, and initial condition generation for more complex optimization
pipelines.

1.3.1.2 Optimal Control-based Methods

A more detailed and physically accurate approach to MLT simulations involves the
formulation and offline solution of OCP problems using full-vehicle transient dynamic
models. In contrast to quasi steady-state methods, these formulations capture the
complete time-dependent behaviour of the vehicle, including suspension dynamics, load
transfer, and transient responses to steering, throttle, and braking inputs. Notable
examples in the literature [32], [33], [36], [59], [60], [61], [62], [63] have successfully applied
this methodology to MLT problems using complex vehicle models, including multibody
representations and high-order nonlinear systems.

A comprehensive overview of free-trajectory MLT-OCP studies can be found in [31],
which catalogue a wide range of formulations, vehicle models, and optimization techniques.

Despite their accuracy and modelling richness, these high-fidelity OCPs present several
challenges that limit their practical application:

o Computational Cost: These problems are inherently large-scale and computationally
intensive. As such, they can only be solved offline, making them unsuitable for
real-time applications.

e Numerical Convergence: Achieving convergence often requires careful problem-
specific tuning of solver parameters. Performance is sensitive to the initial guess,
problem scaling, and the choice of discretization methods.

o Practical Feasibility: The resulting time-optimal trajectories may be difficult to
execute, either by a human driver or an autonomous system. Small deviations from
the planned trajectory can lead to unstable or infeasible behaviour, as optimality
typically hinges on exploiting narrow performance margins.

These limitations, particularly regarding real-time feasibility and execution robustness,
underscore the gap between theoretical optimality and deployable solutions. While
OCP-based methods remain essential tools for generating performance benchmarks and
understanding vehicle limits, their direct use in onboard planning and control systems is
constrained by their computational demands.

1.3.1.3 Approximate Methods to Speed Up the Solution of MLT Problems

As discussed in the previous sections, both QSS and OCP methods are widely used for
offline MLT trajectory optimization. However, when high-fidelity vehicle models are
involved, these methods can become computationally demanding, making them unsuitable
for fast or repeated execution—particularly in real-time or iterative design workflows.

To overcome these limitations, the past decade has seen the development of
approximate methods aimed at reducing the computational burden of solving MLT
problems. These methods typically focus on two common simplifications:

o Fixing the path and optimizing the speed profile along it;

e Sequentially optimizing the path geometry and speed profile in a decoupled and
iterative manner.
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A popular class of these techniques relies on forward-backward integration of the
vehicle dynamics, where the optimal speed profile is computed by propagating the vehicle
state forward and backward in time while enforcing acceleration limits, aerodynamic drag,
and powertrain constraints.

Several notable works illustrate this approach:

o One method [64] proposes a two-step iterative scheme that alternates between
updating a minimum-curvature path via convex optimization and computing a
time-optimal speed profile through forward-backward integration. This approach
enables efficient refinement of both path and velocity in sequence.

o In another formulation [39], a quadratic optimization problem (QP) method is
used to compute the optimal path curvature, followed by speed profile optimization
through forward-backward integration techniques.

o A different strategy [65] employs a mono-dimensional QSS formulation, where the
speed profile is iteratively refined to account for combined acceleration envelopes,
aerodynamic effects, and powertrain limitations. This method retains the simplicity
of QSS models while incorporating key physical constraints.

In parallel, researchers have also explored semi-analytical solutions for simplified
MLT problems. For instance, one approach [66] derives closed-form expressions for the
minimum-time speed profile of a vehicle constrained to follow a clothoid segment, under
acceleration bounds. This work was later extended [67] to generic path geometries,
resulting in a highly efficient forward-backward solver suitable for time-optimal speed
planning under physical constraints. Finally, a recent work extended previous approaches
to generic acceleration constraints [68].

Due to their computational efficiency, these approximate methods are often employed
in applications where fast trajectory generation is essential. While they may sacrifice some
optimality or generality, they offer valuable trade-offs in speed and simplicity—especially
when used as initializations for more accurate optimization routines, or in the context of
online planning with dynamic obstacle avoidance [69].

1.3.2 Online Time-Optimal Vehicle Trajectory Planning

The MLT methods discussed in the previous section are primarily designed for offline
trajectory optimization. Due to their high computational complexity—especially when
using high-fidelity vehicle models—these approaches are generally unsuitable for real-time
deployment in autonomous driving applications.

This section shifts focus to the online setting, analysing the literature on real-time,
time-optimal trajectory planning for autonomous vehicles. The goal is to generate
executable, dynamically feasible trajectories at runtime, while operating under stringent
computational and physical constraints.

Within the broader spectrum of motion planning techniques surveyed in the literature
[7], [42], [70], [71], OCP-based approaches have emerged as particularly well-suited for
solving minimum-time trajectory planning problems. These methods directly incorporate
vehicle dynamics, constraints, and performance objectives, making them inherently
applicable to high-performance and racing scenarios.

A widely adopted implementation of OCP in the online setting is Nonlinear Model
Predictive Control (NMPC). NMPC [72], [73] operates in a receding-horizon fashion,
repeatedly solving a finite-horizon optimization problem at each control step to generate
updated control commands. This framework allows for the integration of dynamic models,
time-varying constraints, and objective functions that reflect both safety and performance
goals. As a result, NMPC has become a central tool for online planning and control in
autonomous vehicles, particularly when time-optimality or near-limit handling is required.
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1.3.2.1 Time-Optimal Trajectory Planning vs Trajectory Tracking with Online
NMPC

Within the framework of NMPC, two primary paradigms can be distinguished: tracking
NMPC and E-NMPC [74].

o Tracking NMPC is designed to steer the system—often referred to as the plant in
control theory—toward a predefined reference trajectory or setpoint.

o In contrast, E-NMPC seeks to optimize a performance-related cost function directly,
without requiring a reference trajectory. In the context of autonomous racing and
high-performance driving, this cost function is typically chosen to minimize travel
time.

Most research efforts in online trajectory generation for autonomous vehicles have
employed tracking NMPC [75], [76], [77], [78], [79], [80], [81], where the controller follows
a race line computed offline. This strategy has been widely adopted due to its relative
simplicity and lower computational demands, as the optimization typically minimizes
deviations from a fixed path. Notable examples include applications of tracking NMPC
for real-time race line following, using models of varying complexity.

In contrast, a smaller but growing number of studies have explored E-NMPC for
online time-optimal planning [25], [40], [52], [82], [83], in which the system continually
recomputes the trajectory that minimizes lap time from its current state. This formulation
offers significantly more flexibility, allowing the vehicle to dynamically adjust its path
and speed profile in response to new conditions, model discrepancies, or execution errors.

While tracking NMPC generally leads to more tractable optimization problems due
to its quadratic cost structure, it lacks the replanning capabilities characteristic of expert
human drivers. Studies [25], [78], [84], [85] have highlighted that the ability to continuously
adapt the planned trajectory—rather than rigidly follow a predefined one—is crucial for
achieving true time-optimal performance. In scenarios involving dynamic disturbances or
minor deviations from the nominal path, a tracking controller may attempt to return to
the original race line, even when doing so is suboptimal or physically infeasible.

This thesis demonstrates that E-NMPC, when combined with a sufficiently long
prediction horizon, enables online generation of time-optimal manoeuvres that adapt
to the current vehicle state in real-time. This self-adaptive planning behaviour better
mimics the strategies employed by professional drivers and is essential for autonomous
systems operating near the limits of handling.

1.3.2.2 Vehicle Dynamics Models for Online Time-Optimal Trajectory Planning

Implementing online minimum-time motion planning—whether using E-NMPC or
tracking NMPC—requires careful consideration of the trade-offs between model fidelity,
computational efficiency, and problem tractability. The choice of vehicle dynamics model
directly influences the non-linearity and dimensionality of the optimization problem, as
well as the feasibility and robustness of the resulting trajectories.

To reduce the computational burden, many authors have adopted simplified point-
mass models. For instance in [76], point-mass dynamics have been used to compute
terminal velocity constraints to then track a precomputed minimum-curvature path. In
several studies [48], [52], [78], [80], [82], [86], [87], these models are paired with g-g-v
envelopes, which encode the velocity-dependent acceleration limits of the vehicle. While
these approaches offer low computational complexity, they often neglect yaw dynamics, or
rely on oversimplified kinematic representations. As a result, the planned trajectories may
violate physical feasibility when executed on real vehicles. Tube-based Model Predictive
Control (MPC) formulations were used in [80], [88] in combination with simple linear
point-mass models. Such techniques have been applied in real-world competitions such as
the Indy Autonomous Challenge [11].

Beyond point-mass formulations, other authors have explored dynamic or kineto-
dynamical models for improved accuracy. For example, in [78] the authors embedded
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the longitudinal load transfer effects in a simplified vehicle dynamic model and into the
g-g diagram. However, to meet real-time constraints for trajectory tracking with static
obstacle avoidance, they had to linearize the model. Notably, in [79] they used a single
track model, but again they had to perform trajectory tracking rather than planning,
where the time-optimal trajectory computed offline and then tracked online.

Another emerging direction involves the integration of machine learning models into
NMPC frameworks [89]. Learning-based approaches have been employed to augment
nominal vehicle models online, using techniques such as Gaussian processes [90], [91],
neural networks [21], [77], [92], and iterative learning MPC [93], [94], [95]. These methods
aim to improve prediction accuracy or adapt cost functions and constraints based on
observed data. While many of these approaches are still in experimental phases, they
offer promising tools for compensating model uncertainty and improving adaptability
near the limits of handling.

While most of the aforementioned works rely on direct OCP methods, our recent
contributions [24], [25], [40], [49], [54], [96], [97] adopt an indirect OCP approach to online
time-optimal E-NMPC.

Finally, several works have begun to explore robust control formulations [80], [88],
such as tube MPC and uncertainty-aware planning, to account explicitly for model
mismatch and disturbances. The impact of model fidelity on time-optimal trajectory
generation—especially when operating near physical limits—has also been rigorously
studied [98], highlighting the importance of choosing a model that balances accuracy and
computational efficiency.

1.3.3 Vehicle Trajectory Tracking

In modular autonomous driving architectures, trajectory tracking plays a central role
in ensuring that a vehicle follows the path generated by a higher-level motion planner.
Whether the trajectory is computed offline as a minimum-time reference or planned online
in response to dynamic changes, a reliable tracking controller is essential for accurate and
safe execution.

A wide range of trajectory tracking strategies have been explored in the literature,
each offering different trade-offs in terms of complexity, interpretability, robustness, and
performance. Comprehensive surveys [7], [99], [100], [101] are available that categorize
and compare these approaches across various application domains.

This section focuses specifically on trajectory tracking in high-performance and
autonomous racing scenarios. The following subsections review tracking techniques
based on NMPC, neural networks, and alternative control methods, with particular
attention to how each performs under the demands of aggressive, near-limit driving.

1.3.3.1 Trajectory Tracking with NMPC

NMPC has been widely adopted as a low-level trajectory tracking method in modular
autonomous driving architectures, particularly in the context of autonomous racing. In
these frameworks, NMPC is typically responsible for following reference trajectories
generated by a separate high-level planning module. This separation allows the controller
to focus on enforcing dynamic feasibility and constraint satisfaction in real-time.

Several works [76], [79], [102] have successfully applied NMPC to high-performance
driving scenarios, demonstrating its effectiveness in controlling vehicles along aggressive
trajectories. These applications rely on NMPC’s ability to handle nonlinear vehicle
dynamics and to anticipate future behaviour over a finite prediction horizon, making it a
natural choice for tracking fast, time-optimal trajectories.

To enhance the accuracy of NMPC tracking, some researchers have integrated machine
learning techniques into the control pipeline. For example, Gaussian process regression
has been used—in [90], [91]—to improve nominal vehicle models online, allowing for
data-driven correction of model errors as new observations become available. Other
approaches [21], [77] have employed neural networks to model vehicle lateral dynamics
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and augment the prediction models used within NMPC. These hybrid techniques aim to
compensate for modelling inaccuracies while preserving the structure and interpretability
of model-based control.

Despite these advances, NMPC faces several practical limitations in real-time
applications. A key challenge is the trade-off between model fidelity and computational
complexity. High-fidelity vehicle models increase prediction accuracy but result in large-
scale optimization problems that are computationally demanding and sensitive to solver
settings. In time-critical environments such as autonomous racing, this can lead to
convergence issues, particularly when the vehicle operates near its dynamic limits or
under rapidly changing conditions.

As a result, many NMPC-based tracking controllers adopt simplified vehicle models
to strike a balance between accuracy and real-time feasibility. The performance of
such controllers depends heavily on how well these simplified models approximate real
vehicle behaviour under high-stress scenarios. Recent studies have shown that robust and
stochastic formulations of NMPC can mitigate these limitations by explicitly accounting
for model and parameter uncertainties [103], [104]. These approaches enable simplified
models to achieve reliable performance even in the presence of disturbances and modelling
erTors.

1.3.3.2 Trajectory Tracking with Neural Networks

In addition to traditional control techniques, various researchers have explored the use of
Artificial Neural Networks (NNs) as low-level controllers for tracking vehicle trajectories
[7], [17], [25]. These networks are typically designed to control either the longitudinal or
lateral dynamics—or both—Dby directly mapping system observations to control actions
such as steering angles or torque commands.

A number of studies have investigated the effectiveness of different neural architectures
in this context. For instance, comparisons have been made [105] between simple
feedforward networks and more complex convolutional architectures for computing control
inputs during path tracking at constant speed. In more advanced applications [85],
stochastic neural policies have been trained to imitate expert human driving behaviour
near the vehicle’s handling limits.

Other works [24] have employed recurrent neural networks to model temporal
dependencies in vehicle behaviour, allowing the controller to take into account the system’s
dynamic history. In certain cases [22], neural network controllers have been deployed in
tandem with classical feedback loops, where the NN handles nominal behaviour and the
feedback controller compensates for disturbances or modelling errors.

More recently, attention has shifted toward improving the interpretability and data
efficiency of NN-based controllers. One promising direction involves designing physics-
informed neural networks, which embed prior knowledge of the vehicle’s dynamics directly
into the network architecture [25], [106], [107]. These structured models constrain the
learning process to obey known physical relationships, such as the equations governing
longitudinal or lateral motion. As a result, they often outperform general-purpose NNs in
terms of both generalization and transparency, while requiring fewer trainable parameters.

This thesis adopts a similar philosophy, leveraging physics-informed neural networks to
ensure that learned control policies remain consistent with the underlying vehicle dynamics.
These models offer a compelling compromise between the flexibility of learning-based
methods and the structure and safety guarantees of model-based control.

1.3.3.3 Trajectory Tracking with Other Methods

Beyond NMPC and NN-based approaches, a wide variety of control strategies for vehicle
trajectory tracking have been proposed in the literature [7], [99], [100], [101]. Several of
these methods, while perhaps simpler in structure, have proven effective in specific contexts,
particularly within autonomous racing applications where robustness and computational
efficiency are critical.
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Experimental comparisons have been conducted [108] to evaluate classical control
strategies for lateral vehicle dynamics, such as pure pursuit [109] and clothoid-based
tracking algorithms. These methods offer intuitive geometric formulations and are often
favoured in resource-constrained embedded systems. In other works [110], PID controllers
have been used successfully for trajectory tracking in real-vehicle prototypes. Although
relatively simple, PID controllers can be finely tuned for acceptable performance under
moderate conditions.

More advanced approaches combine model-based reasoning with feedback adaptation.
One notable example is the use of feedforward-feedback control structures for high-
performance path tracking [111]. In that framework, the feedforward component was
derived from a vehicle’s handling diagram, and they integrated the desired side-slip angle
behaviour in the control loop.

Recent years have also seen increased interest in RL for trajectory tracking. RL-based
controllers are capable of learning from interaction and adapting to complex, nonlinear
dynamics without requiring explicit models. Techniques such as soft actor-critic have
been applied to miniature racing platforms [112], demonstrating promising generalization
across tracks and speeds. Other contributions [113] leverage iterative learning control to
refine performance over repeated laps, using data from previous trials to improve both
lateral and longitudinal tracking accuracy.

Hybrid strategies have also emerged, such as model-based policy learning, where RL
techniques are used to tune or augment conventional controllers. In these approaches
[114], a nominal feedforward-feedback controller serves as a baseline, and policy gradients—
estimated using simplified vehicle models—are applied to enhance performance in real-
world trials.

While these methods vary in complexity and design philosophy, they all contribute to
the broader objective of achieving precise, stable, and adaptable control for autonomous
vehicles operating near the handling limits. Their diversity reflects the multi-faceted nature
of trajectory tracking and underscores the need to balance performance, interpretability,
and real-time feasibility in high-speed applications.

1.3.4 End-to-End Approaches for Time-Optimal Autonomous Driving

The majority of works discussed in previous sections (1.3.2, 1.3.3) follow a modular
architecture for autonomous driving and racing, typically composed of distinct perception,
planning, and control modules. This structure offers clarity, interpretability, and the
ability to tune each component independently. However, it also relies on well-calibrated
interfaces and strong prior knowledge of system dynamics, often requiring careful design
and integration effort.

In contrast, recent research has explored end-to-end learning-based approaches, which
aim to bypass intermediate representations by directly mapping sensory inputs to control
actions. These methods typically leverage Imitation Learning (IL) or deep RL to train
driving policies that replicate expert behaviour or optimize performance directly.

In the context of time-optimal autonomous driving, such end-to-end strategies have
been applied to learn the driving style of professional race drivers, typically using data
collected from gaming platforms or simulation environments. These methods offer the
potential for faster development cycles and improved adaptability, but they also raise
challenges related to generalization, interpretability, and safety—especially when deployed
outside the conditions observed during training.

1.3.4.1 Imitation Learning Approaches

As an alternative to hierarchical motion planning and control frameworks, some researchers
have begun exploring IL as an end-to-end strategy for time-optimal autonomous driving.
Rather than decomposing the driving task into perception, planning, and tracking, IL
methods aim to directly learn a control policy from expert demonstrations, mapping
sensory observations to actions in a single model.
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Recent studies [115] have benchmarked the performance of IL in the context of
aggressive or high-performance driving. In one approach [85], stochastic policies were
trained to imitate the behaviour of professional race drivers, with the goal of replicating
human-like manoeuvres near the handling limits. While these models demonstrated
promising performance in familiar environments, they often struggled to generalize to
circuits not encountered during training—highlighting a common limitation of IL methods.

Other works [116] have evaluated various combinations of IL and RL techniques on
scaled-down autonomous racing platforms, such as F1Tenth vehicles. Although these
studies provide valuable insights into algorithmic trade-offs, the experimental setups are
typically simplified and do not reflect the full complexity of time-optimal racing. As a
result, the resulting trajectories are typically far from optimal when compared to solutions
derived from model-based planning.

A fundamental limitation of IL is its dependence on expert demonstrations. The quality,
diversity, and representativeness of the training data strongly influence the performance
of the learned policy. Moreover, IL methods tend to replicate the behaviour seen during
training without a mechanism for active improvement or adaptation in unseen scenarios,
which can be problematic in dynamic or safety-critical applications. Recent developments
aim to mitigate these shortcomings by incorporating physical or safety constraints directly
into the learning process. For instance, [117] proposed a constraint-aware IL framework
for autonomous racing that enforces safety into the IL objective.

Despite these limitations, IL offers a compelling paradigm for learning complex
behaviours in a data-driven way, and continues to be an active area of research in
autonomous racing.

1.3.4.2 Reinforcement Learning Approaches

RL has recently gained traction as an end-to-end strategy for time-optimal autonomous
driving, particularly within simulation environments and gaming platforms. RL methods
aim to learn control policies through interaction, without relying on explicit supervision
or predefined trajectories. However, their effectiveness in high-performance scenarios
remains limited by several practical and methodological challenges.

Early applications of RL to autonomous racing have used popular actor-critic
algorithms to control vehicles in commercial racing games or simulators. In some
cases [118], asynchronous advantage actor-critic methods were used to train agents
in environments like World Rally Championship 6, while soft actor-critic algorithms were
applied to control vehicles in simulators such as TORCS [119]. However, these studies
typically involved oversimplified vehicle dynamics, and no performance comparison was
made against expert human drivers or optimization-based reference trajectories—making
it difficult to assess the time-optimality of the learned behaviours.

More recent works have attempted to bridge this gap by incorporating offline-computed
minimum-time trajectories into the training process. In one study [120], an RL agent
was trained to minimize deviations from these precomputed trajectories across various
circuits. While this approach improved structure in the learning process, the resulting
performance still fell significantly short of the optimal reference, indicating the difficulty
of learning aggressive driving policies solely through interaction.

To improve learning efficiency and generalization, some researchers have combined IL
with RL. For example in [121], hybrid IL+RL methods have been used for vision-based
autonomous control of scaled-down vehicles, achieving better performance than either
approach in isolation.

High-profile demonstrations of RL in racing environments have also been presented
using commercial video games. Notably in [26], [27], soft-actor-critic agents trained in
Gran Turismo Sport were able to defeat professional human drivers—but only on the
circuits used during training. These successes came at the cost of extremely high data
requirements, with training spanning several days and relying on multiple parallel gaming
consoles. Moreover, these agents failed to generalize to unseen circuits, exposing a key
limitation of current RL methods in terms of adaptability.
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A more recent effort [122] introduced contextual RL to model a distribution over
driving styles based on professional demonstration data. While the trained agents were
able to outperform human drivers in simulation, they still relied heavily on expert
demonstrations and, crucially, remained unable to generalize to new circuits outside the
training set.

Taken together, these studies show that while RL can produce high-performance
behaviour in tightly controlled environments, its application to real-world or general-
purpose autonomous racing is still limited by sample inefficiency, poor generalization, and
high computational cost.

1.3.5 Interpretable Machine Learning for Autonomous Driving

As introduced in Section 1.2.3, interpretable machine learning has recently emerged
as a promising avenue to enhance the safety, transparency, and societal acceptance of
autonomous driving systems. While deep learning techniques have shown great potential
in control and perception, their widespread deployment in safety-critical applications is
often hindered by their opaque nature and limited robustness. Interpretable machine
learning seeks to bridge this gap by embedding structure, prior knowledge, or transparency
into the learning process.

This evolving field encompasses several research directions. The following categories
are particularly relevant in the context of autonomous driving.

o Explainable AI: This area focuses on post-hoc methods that aim to make the
decisions of black-box Al systems more understandable to humans. Explainable
Al is especially important in safety-critical applications like autonomous driving,
where clarity and accountability are essential for certification and public trust. A
recent survey in this category can be found in [29], [123].

o Physics-Informed Neural Networks (PINNs): Introduced in the context of solving
partial differential equations (PDEs) [124], PINNs incorporate physical knowledge
directly into the training process by augmenting the loss function with the residuals
of governing equations. While PINNs have been applied in various physics domains
[125], including state estimation, their internal structure typically remains generic.
The key innovation lies in the training process, which enables data-efficient learning
of physically consistent models.

o Hybrid Neural-Analytical Models: This approach combines the expressive power
of neural networks with the interpretability and structure of classical models. For
example, a neural network may be used to approximate unknown dynamics—such
as tire forces—while the overall system behaviour remains governed by an analytical
vehicle model [126]. This hybridization provides a clear interface between learned
and known components, improving interpretability and trustworthiness.

e Symbolic Distillation: In this line of work, interpretable symbolic rules are extracted
from complex neural models [127]. These distilled models can reduce inference
time and increase transparency, offering a pathway to deploy simpler yet human-
understandable control policies derived from richer learned representations.

e Neural Networks with Domain-Specific Internal Architectures: Rather than relying
on generic architectures, this approach designs neural networks whose internal
structure reflects domain knowledge—such as the laws of vehicle dynamics and
kinematics. By embedding inductive biases into the architecture itself, these
networks improve generalization, interpretability, and sample efficiency. This
technique—described in [128] as active interpretability intervention—has shown
promising results in autonomous driving and related domains [25], [106], [107], [129],
[130], [131].

This thesis focuses primarily on this final category. Specifically, domain-informed
neural networks are developed and deployed both as low-level controllers and as neural
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vehicle models that act as digital twins within the time-optimal autonomous racing
framework. These models capture the underlying vehicle dynamics while remaining
interpretable and physically grounded, enabling their use for both control and simulation
purposes. Designed to operate near the vehicle’s handling limits, their architecture is
explicitly shaped by physical insight into vehicle behaviour.

By embedding physical knowledge into the learning architecture, this work aims to
combine the flexibility of data-driven methods with the transparency and reliability of
model-based design, required in high-performance autonomous driving.

Lessons from the Literature and Implications for ARD

Across the reviewed literature, several limitations remain evident in the domains of
planning, control, and vehicle modelling. Offline methods achieve high accuracy but
lack real-time feasibility, while online approaches often rely on simplified dynamics that
sacrifice physical realism for computational speed. Similarly, learning-based controllers
offer adaptability but typically lack interpretability and physical consistency, limiting
their trustworthiness in safety-critical applications.

These gaps motivate the development of ARD, which combines model-based
optimization with physics-informed learning to achieve both real-time feasibility and
physical fidelity. By integrating interpretable neural vehicle models, an E-NMPC
planner, and physics-informed control, this work bridges the divide between theoretical
time-optimality and deployable real-world performance. The resulting architecture
demonstrates that interpretable and data-efficient autonomous driving can achieve high
performance with minimal prior knowledge, while maintaining adaptability and consistency
near the vehicle’s handling limits.

1.4 Shared Control Literature Review

1.4.1 Shared Control in the Context of Autonomous Driving and Racing

As autonomous driving technology continues to mature, the role of the human driver is
being redefined. While many systems aim to replace human input entirely, an alternative
and increasingly relevant approach is shared control, where control authority is dynamically
distributed between human and machine. In this paradigm, the goal is not only to assist
the driver in routine tasks but to actively enhance their performance, safety, and situational
awareness.

In autonomous driving, shared control is often framed as a way to reduce accidents
caused by human error, to support drivers in fatigue or distraction, or to manage transitions
between manual and automated modes. Most applications focus on maintaining lane
discipline, regulating speed, or intervening in critical scenarios to avoid hazards. These
systems aim to balance safety and usability, sometimes taking full control and other times
subtly correcting or guiding the driver.

In the domain of autonomous racing, however, the motivations for shared control
expand beyond safety. Racing requires driving at the limits of handling, where optimal
trajectories, timing, and control precision matter immensely. In such conditions, even
a skilled human driver may struggle to match the consistency and speed of an optimal
autonomous agent. Yet, replacing the human entirely overlooks the opportunity to
enhance both the driver and the automated system capabilities through collaboration.
Here, shared control can become a tool for real-time coaching, not just intervention. It
enables the machine to assist, guide, and nudge the driver toward optimal behaviour,
while preserving the driver’s engagement and learning experience.

This concept underlies the motivation for ARC. Rather than taking over, ARC aims to
share control in a way that teaches the driver how to drive better. By integrating shared
control techniques with an understanding of optimal vehicle behaviour—such as that
provided by ARD—ARC seeks to blend machine intelligence with human intent, creating
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a collaborative dynamic that is especially valuable in high-performance or emergency
scenarios.

1.4.2 From Assistance to Coaching: Shifting the Focus to Driver
Development

Historically, shared control systems have been developed with the primary goal of assisting
the driver—reducing workload, mitigating error, and improving safety in challenging or
hazardous scenarios. A wide variety of approaches have emerged from this safety-oriented
mindset, such as lane-keeping assistance [132], road departure avoidance systems [133],
and hazard-avoidance interventions based on predictive or constraint-based planning [134],
[135].

These systems often rely on continuous monitoring of the driver’s actions and
environment to allocate control authority dynamically. For instance, authority can
be adjusted based on threat levels [135], distraction states [136], or predicted collision
risks [137], [138]. Most operate under metaphors such as “guardian angel” [139], in which
the automation subtly or forcefully corrects the driver’s actions to ensure safety. Feedback
is typically provided through haptic cues, particularly on the steering wheel [137], [140],
or on pedals for longitudinal control [141].

However, these frameworks are generally not designed to teach the driver how to
improve. They intervene or correct rather than instruct or explain. Exceptions exist—for
example, the use of Al-based coaching to provide explanatory feedback has been explored
[142], but these systems usually operate in observation or passive modes and do not
implement shared control directly. In that context, the role of shared control as a coaching
mechanism remains underexplored.

Coaching reframes the objective: the system no longer intervenes only to avoid danger
but actively helps the driver learn and internalize better driving strategies. This shift
in purpose affects how control is allocated, how feedback is presented, and how human
performance is evaluated. The instructor-student metaphor highlighted in the review by
[143] offers a compelling conceptual foundation for this kind of relationship. Here, the
automation may apply guidance or resist deviations—mnot to override the driver, but to
communicate best practices and accelerate skill acquisition.

This reframing is particularly important in high-performance driving contexts such as
racing, where the objective is not simply to avoid failure, but to optimize performance.
In such settings, a coaching-oriented shared control system must balance real-time
performance with the opportunity for the driver to explore, adapt, and learn. It must offer
transparency, consistency, and a level of authority that supports—rather than dominates—
the driver. The ARC framework proposed in this thesis is designed around these principles,
aiming to enable a novel form of real-time machine-assisted driver development.

1.4.3 Approaches to shared control
1.4.3.1 Coupled and Decoupled Control Systems

One of the fundamental distinctions in shared control design lies in how the driver and
automation interact with the vehicle’s actuators—often referred to as coupled versus
decoupled control architectures. In coupled systems, both the driver and the automation
simultaneously apply control inputs to the same physical interface, such as a steering
wheel or pedal. This creates the possibility for rich, bidirectional interaction through
haptic feedback. In contrast, decoupled systems process driver and machine commands
independently and fuse them algorithmically, typically assuming a steer-by-wire or drive-
by-wire setup. This typically means that the driver feels only the guiding feedback and
not the one of the vehicle.

Several works explored the benefits and challenges of coupled systems, especially in
lateral control scenarios. For example, in [136], both the driver and the automation apply
torque to the steering wheel, with a fuzzy controller computing the assistive torque in
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real-time based on a trajectory planning module and inferred driver intent. Similarly,
[140] examined different levels of haptic authority in shared steering, concluding that lower
authority can result in better cooperation and driver comfort—though higher authority
may be preferred in challenging conditions. Force feedback on the steering wheel was also
used in [137], [144], enabling smoother transitions during handover between manual and
automated modes.

Coupled architectures also exist in longitudinal control, albeit less frequently. In [141],
shared control is applied to the accelerator pedal using counteracting forces to reduce
acceleration in response to the environment. While this setup only permits the system to
reduce—but not increase—acceleration, it demonstrates the feasibility of haptic shared
control in the longitudinal domain. The Toyota Guardian concept, although less technical
in available publications [139], also embodies this philosophy of amplifying human intent
through physical interfaces.

Conversely, decoupled systems typically rely on control blending formulas of the form

U = Q& Udriver T (1 - 04) Umachine; (1'1)

where the allocation coefficient « is computed dynamically or held constant. This
formulation assumes the control actions can be safely combined, which is generally
feasible in steer-by-wire contexts. For instance, [138] used fuzzy logic to determine « in
a high-speed obstacle avoidance scenario, allowing flexible authority allocation between
a simulated driver and machine. Similarly, [145] used a fuzzy control allocation based
on estimated trust, and [146] trained a RL agent to compute the allocation coefficient
adaptively.

While decoupled systems are easier to implement in simulation and offer greater
architectural modularity, they often fail to provide meaningful real-time feedback to the
driver. This can lead to misunderstandings or loss of situational awareness, especially in
edge-case scenarios. Coupled systems, by contrast, can encode feedback in the resistance
or feel of the interface, but they require more complex design and hardware assumptions.
Interestingly, [134] used a coupled-like interface but with unilateral authority: the driver
could feel the system’s action through the steering wheel, but the automation would take
over control if needed, introducing challenges in transparency and driver acceptance.

Choosing between these paradigms ultimately depends on the application. For
cooperative or assistive systems, both approaches are viable. However, for coaching-
focused systems—as proposed in ARC—a coupled interface is likely more appropriate, as
it allows the automation to communicate guidance through feel, rather than override.

1.4.3.2 Dynamic Authority Allocation Strategies

A central challenge in shared control design is determining how control authority is
allocated between the human driver and the automated system. Fixed authority systems—
where either the driver or automation has a preset dominance—often fail to adapt to the
dynamic nature of real-world driving. Hence, dynamic authority allocation strategies are
emerging as a key enabler for flexible and adaptive cooperation.

Several papers explored mechanisms for computing the allocation coefficient «
dynamically, either through rule-based, fuzzy logic, or learning-based methods. In [138],
a fuzzy logic controller modulates the authority allocation based on the vehicle’s lateral
error, allowing the automation to intervene more strongly as deviation from the desired
path increases. Similarly, [145] proposed a fuzzy logic controller that adapts authority
in response to estimated driver trust. This approach models the trust-performance
relationship to mitigate human—machine conflict, although their system was evaluated
only with a simulated driver model.

In [146], RL was used to dynamically allocate control authority by optimizing a
coordination strategy between two RL agents—one representing the driver, the other the
automation. The learned policy determines the authority weighting based on driving
context. A related idea was implemented in [147], where RL is guided by inferred
driver intention. While promising, these approaches introduce complexity and require
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substantial data for training, and often lack interpretability or transparency—crucial
factors in trust-building with human users.

MPC has also been used as a means to derive control allocation strategies. In [135],
the system computes a “threat index” based on predicted vehicle states (e.g., front-wheel
slip) over the MPC horizon. This threat level is then used to scale control authority
dynamically, letting the automation intervene more as the predicted risk increases. A
similar scheme is presented in [134], where the system allocates between 0-100% authority
based on real-time safety constraints while leaving manoeuvring freedom within safe
homotopies.

Some strategies consider context-aware cues like time-to-collision to compute allocation.
In [137], a Nash equilibrium formulation is used to derive cooperative actions between
the human and automation, with control allocation modulated by time-to-collision. This
makes the system responsive to risk without resorting to full override.

Interestingly, few of these systems incorporate learning from individual driver behaviour
to personalize authority allocation over time. An exception is [141], where they adapt the
model of each driver’s control behaviour, allowing the shared longitudinal controller to
adjust its strategy per user.

In sum, dynamic control allocation is widely recognized as critical for effective shared
control, especially in systems where the driver must remain engaged. However, most
reviewed approaches either operate with limited real-time feedback, rely on simulated
drivers, or overlook driver-centric factors like trust, expertise, and intent.

1.4.4 Control and Interaction Design
1.4.4.1 Feedback Modalities: Haptic, Visual, and Beyond

A well-designed feedback system is essential in shared control to ensure transparency,
maintain driver engagement, and foster trust. While many shared control frameworks focus
heavily on the control algorithm, several of the reviewed works highlight the importance
of how the system communicates its actions and intentions to the human driver—whether
through haptic cues, visual indicators, or less conventional modalities.

Haptic feedback is the most commonly explored modality. Various systems applied
assistive torques directly to the steering wheel, enabling the driver to perceive the
automated system’s intentions without requiring visual attention. For example, [136]
implemented a fuzzy steering controller that applies assistive torque based on predicted
driver intention, offering continuous guidance during highway driving. In [137], torque
feedback was used to support coordination derived from a non-cooperative Nash game
formulation. Notably, [148] emphasized using haptic cues to inform the driver of the
system’s intended path, rather than override or correct their input—a subtle but important
distinction that promotes cooperation over conflict.

Others, such as [133], applied haptic feedback as a corrective cue in a road departure
avoidance system. While effective in improving safety, the system risked confusing users
without prior training—highlighting that too much control or unclear feedback can lead
to reduced performance or even mistrust. This aligns with findings from [140], where the
best driver—machine cooperation occurred with low-to-moderate haptic authority; higher
levels degraded subjective experience and had diminishing returns in terms of control
accuracy.

Visual feedback was less commonly used but showed potential for conveying richer
information. In [134], a superimposed safe corridor was projected in the driver’s field of
view, visually indicating the permissible area for manoeuvring. This helped the driver
remain within safe bounds while maintaining a sense of agency. Likewise, [142] showed
that multimodal explanations, combining visual and auditory cues, led to improved driver
performance and trust in Al coaching scenarios, even outside a control-sharing context.

However, many reviewed systems did not provide any form of real-time feedback. This
includes learning-based approaches like [147], where control allocation is dynamically
computed but not actively communicated to the driver. This lack of transparency can

19



Shared Control Literature Review

limit the interpretability and acceptance of such systems—particularly problematic in
high-speed or high-risk contexts like racing.

Finally, the idea of “snap” feedback, as discussed conceptually in [138], opens up
a novel direction for signalling threshold breaches in control allocation. In this design,
exceeding a predefined virtual boundary would result in a sharp feedback cue (e.g., a jolt
on the steering wheel), clearly informing the driver that they have exited the system’s
support envelope and must fully take over.

In summary, effective feedback is as crucial as control itself in shared systems. Across
the reviewed literature, haptic cues remain the most prevalent due to their immediacy
and non-intrusiveness, but visual and multimodal feedback—particularly when linked to
interpretable internal models—may hold the key to scalable and intuitive human-machine
cooperation. However, it is worth noting that most existing studies have been conducted
under nominal driving conditions, and the suitability of these feedback modalities near the
vehicle’s handling limits remains largely unexplored. Understanding how feedback should
behave in such extreme regimes thus remains an open challenge for high-performance
driving applications.

1.4.4.2 Designing Interactions for Safety, Trust, and Performance

A shared control system is only as effective as the quality of interaction it enables between
human and machine. Designing this interaction involves more than tuning controller gains
or implementing clever authority allocation strategies—it requires a deep understanding
of how the driver perceives the system’s behaviour, builds trust, and maintains situational
awareness. Safety, trust, and performance are tightly coupled, and trade-offs between
them are shaped by the interaction design itself.

A central challenge noted in several works is how to avoid human—machine conflict,
especially when the system intervenes unexpectedly or too aggressively. For instance,
[140] found that excessive haptic authority could reduce driver acceptance, even if it
improved objective vehicle control. This supports the principle that drivers should feel
in control, even when they’re being assisted—an insight that is particularly relevant to
high-performance settings like racing, where overbearing intervention may degrade rather
than enhance performance.

Conversely, many studies found that some level of automation can enhance safety,
especially in difficult scenarios. For example, [133] demonstrated that timely system
intervention could reduce the risk of road departure—but only if the driver had prior
experience with the system. Without this familiarity, performance actually worsened.
Similarly, [145] proposed adjusting authority based on inferred driver trust, suggesting
that adaptivity to user confidence and experience is critical to maintaining safety without
undermining trust.

While most of the reviewed literature aimed to assist the driver in staying safe, very
few systems were designed to teach the driver to perform better. One notable exception
is [142], where an Al coach provided explanations that significantly improved driver
performance and confidence. Although their work did not involve real-time shared control,
it points toward the importance of transparent and supportive feedback, especially when
the goal is long-term skill development.

Interaction metaphors also play a subtle but important role in shaping expectations.
[143] discussed several metaphors for shared control, with the instructor—student metaphor
being particularly aligned with ARC’s vision. In this paradigm, the system does not
“save” the driver but instead guides them, allowing for active learning through experience.
This approach is distinct from more paternalistic metaphors (like guardian or autopilot),
which assume the driver is a fallback or passive participant.

In some cases, interaction strategies were used to deliberately modulate driver
engagement. For example, [149] implemented a shared control policy where control
was actively taken from the driver to force attention, then gradually handed back. This
was intended to re-engage distracted drivers—an approach that may not apply directly
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to racing, but still raises valuable questions about how control transitions can be used to
influence human behaviour.

Lastly, the lack of discussion on driver expertise, cognitive load, and emotional state in
many studies—including those using advanced techniques like RL [146], [147]—highlights
a persistent gap. Few systems explicitly modelled these human factors, even though
they significantly affect how the driver interprets and responds to system behaviour.
This suggests a need for greater emphasis on human-centred evaluation, especially when
moving from assistance to skill transfer.

In summary, designing effective human—machine interactions in shared control systems
requires more than optimal control theory. It calls for thoughtful integration of feedback,
authority sharing, transparency, and user modelling—all aimed at ensuring that drivers
remain engaged, confident, and ultimately safer and more skilled behind the wheel.

1.4.5 Lessons from the Literature and Implications for ARC
1.4.5.1 Evaluation Practices and Observed Limitations

Across the reviewed body of literature, evaluation practices for shared control systems
vary widely—from driver-in-the-loop simulator tests to real-world experiments and pure
simulation. However, common limitations persist, particularly in how human—machine
interaction is assessed and how generalizable the findings are.

A majority of the experimental work was carried out in driving simulators, which offer
controlled environments for evaluating system behaviour without physical risk. Notable
examples include [150], [136], and [141], all of which demonstrated the benefits of their
shared control systems in tasks like lane keeping or longitudinal following. Simulators also
enabled rapid prototyping and safe iteration, which was essential in early-stage research.

However, real-world validation remains sparse. While a few works did go beyond
simulation—e.g., [135], [137], [138]-most of these tests involved limited scenarios or
constrained control setups (e.g., fixed speed, pre-defined manoeuvres). This restricts
the applicability of findings to more dynamic or aggressive contexts like racing, where
variability in both the vehicle and driver is higher.

The choice of evaluation metrics was similarly narrow in many cases. Some
studies focused on physical quantities like trajectory deviation, lateral error, or steering
smoothness [132], [149], while others looked at system-level metrics like task completion
time or collision rate [148], [151]. However, subjective measures such as trust, cognitive
load, perceived cooperation, and user acceptance were often missing or underdeveloped.
Exceptions include [140] and [142], which attempted to measure these human factors—
though even there, quantifying these aspects proved difficult and context-dependent.

Another critical gap in many studies is the absence of diverse or adaptive evaluation
scenarios. Tests were typically limited to well-defined, low-variability driving tasks. For
instance, in [136], [141], the driver was restricted to either the steering wheel or accelerator
pedal, with fixed speeds and no unexpected disturbances. This raises concerns about how
these systems would behave in more realistic or competitive situations where the driver’s
strategy, intent, or performance evolves over time.

Few systems have been tested for their ability to support driver learning—an aspect
central to ARC’s mission. While [142] showed the potential of Al coaching in improving
driver skill, no study systematically assessed whether shared control can enhance
human learning over time. Most works evaluated short-term performance improvements,
neglecting longitudinal effects, which are key to coaching-oriented applications.

Finally, user variability—in terms of driving style, skill, and adaptability—is seldom
addressed rigorously. Several papers, like [145], [146], employed driver models or
simulations of multiple users but did not include real-time adaptation to individual
users. Even when systems allowed for personalization (e.g., tuning parameters [135]),
these features were not tested with a broad range of drivers or linked to performance
trends.
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In conclusion, while current evaluation practices provide a foundation for assessing
shared control systems, they often fall short in capturing the complexity of human—machine
collaboration, especially in dynamic or high-performance contexts. In particular, the case
of shared support near the vehicle’s handling limits remains virtually unexplored, leaving
open important questions on how assistance should be designed and evaluated in such
extreme conditions.

1.4.5.2 Opportunities for Real-Time Coaching and Adaptive Guidance

While much of the literature on shared control emphasizes safety and stability, a compelling
opportunity lies in repurposing these frameworks toward real-time coaching and adaptive
driver guidance—an area that remains largely unexplored. Unlike conventional shared
control systems that aim to correct or override driver behaviour [133], [145], ARC aspires
to teach, offering drivers feedback that helps improve their skills over time while preserving
their agency.

A few precedents in this direction exist. Notably, [142] demonstrated that AI-
based coaching, even in a passive observation setting, can positively impact human
driving performance. Their study showed that multimodal feedback (visual and auditory)
improved driving metrics and user confidence, reinforcing the idea that machine support
need not be intrusive to be effective. However, the coaching in that case was limited to
an explanatory role, with no shared control or dynamic interaction.

On the control side, some systems hinted at adaptive guidance by adjusting authority
based on risk, trust, or predicted conflict [134], [137], [138]. For example, [134] proposed
a threat-based authority allocation scheme where the system intervened more strongly as
risk increased, while [140] suggested that driver preferences shift under difficulty, favouring
more assertive support during challenging scenarios. These ideas support the notion of a
continuous support, adaptable not just to road conditions but also to driver skill level
and intent.

Interestingly, a few authors proposed control metaphors that align more naturally
with coaching. The “instructor-student” metaphor discussed in [143] describes a system
where the machine acts as a more experienced pilot—offering guidance either actively or
passively. This framework resonates with ARC’s ambition: to be a partner in the loop,
not a fallback mechanism. However, most systems implementing such metaphors still
lacked a concrete mechanism for delivering nuanced feedback beyond control actions.

What’s largely missing—and what ARC seeks to explore—is a layer of interaction
designed around pedagogy: feedback that evolves based on user progression, personalized
interventions informed by real-time performance, and mechanisms for phasing out support
as competence increases. Current literature offers a few ingredients for such a system—
e.g., learning of driver parameters [141], adaptive authority scaling [146], and haptic
signalling of intent [136]. However, these elements have yet to be integrated into a unified,
driver-centric coaching framework.

There is also untapped potential in leveraging multi-modal feedback. While haptic
feedback on the steering wheel or pedals is commonly used [136], [140], few systems
combine it meaningfully with visual cues, such as overlays or AR-based guidance [134]. For
a coaching application, communicative clarity is paramount: the driver must understand
not only what the system is doing, but why and how to improve.

In summary, the reviewed literature highlights promising building blocks but falls
short of realizing real-time coaching systems. ARC’s design can draw from these lessons
to position itself not solely as a safety-enhancing intervention but as a teaching partner,
capable of nudging, guiding, and ultimately stepping back as the human driver matures.
This opens new research avenues at the intersection of control, human—machine interaction,
and behavioural adaptation.
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Chapter 2

System Overview and Design

Abstract

This chapter introduces the Artificial Race Driver (ARD), a modular framework
for autonomous racing that combines predictive planning, learning-based control,
and validated vehicle models. ARD is organized hierarchically, with a high-level
motion planner generating minimum-time trajectories based on a lightweight kineto-
dynamical model of the vehicle. These trajectories are then executed by low-level
controllers, which compute steering and acceleration actions in real-time through
physics-informed learning-based modules. To support development and evaluation,
ARD includes a high-fidelity digital twin—a validated vehicle dynamics model used
in simulation—which can easily be replaced by a real vehicle when the system
is deployed on actual hardware. This chapter provides an architectural overview
of ARD, detailing the interactions among its core components and the design
principles that enable its real-time performance. Emphasis is placed on modularity,
interpretability, and the balance between computational efficiency and physical
accuracy, setting the foundation for the following chapters on planning, control, and
modelling.
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Autonomous racing poses a unique set of challenges that distinguish it from traditional
autonomous driving. The goal is not only to navigate safely, but to extract the highest
possible performance from the vehicle, operating near the limits of handling. These
requirements demand a system capable of fast and reliable decision-making, tight
integration with vehicle dynamics, and real-time replanning capabilities—all within
a physically accurate and computationally efficient framework.

of three main components:

kineto-dynamical vehicle model;

and acceleration commands, leveraging physics-informed neural networks;

ARD is a hierarchical architecture developed to address these challenges. It consists

o a high-level motion planner that generates minimum-time trajectories using a

e a set of low-level controllers that translate these trajectories into real-time steering
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o and a validated digital twin that models the full vehicle dynamics for identification
and simulation purposes.

When deployed on real hardware, the digital twin is replaced by the actual vehicle system,
enabling seamless transition from simulation to real-world experiments.

The work presented in this thesis builds on and significantly extends the original ARD
framework developed by Piccinini during his doctoral research [152]. While we collaborated
during the initial phases of the project—particularly on time-optimal planning and neural
network-based control—this version of ARD reflects a complete redesign. The architecture
was revised to improve modularity, support high-frequency real-time control, and enable
easier integration with both simulation tools and real vehicles. Every component was
rewritten from scratch to better support this vision, including middleware interfaces,
identification pipelines, and simulation tools. Additionally, new concepts were introduced
at both the modelling and control levels, leading to more flexible learning-based controllers
and vehicle models. As a result, the framework now constitutes a unified pipeline that
can operate seamlessly from simulation to on-vehicle testing.

This chapter provides a system-level overview of ARD. Section 2.2 presents the
architecture in detail, describing the roles and interactions of each module, while Section
2.3 outlines the key design principles, with particular attention to real-time performance,
modularity, and the integration of model-based and learning-based components. The
following chapters will then examine the three core aspects of ARD—planning, control,
and modelling—in greater depth.

2.2 System Architecture
ARD, illustrated in Figure 2.1, is a modular and hierarchical framework designed for
autonomous racing. Its architecture is tailored to the unique demands of high-performance

driving: rapid and repeatable decision-making, and close integration with physically
accurate vehicle behaviour.
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Figure 2.1: Overall ARD system diagram.

ARD is composed of three primary modules: a high-level planner, a low-level control
stack, and a vehicle simulator. These components communicate through a central broker,
enabling strict decoupling and real-time data exchange. Around this core, a custom-built
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infrastructure provides logging, visualization, and system management. All data passing
through the broker is captured by a distributed logging system, which records messages to
a MongoDB [153] backend and optionally streams them to PlotJuggler [154] for real-time
analysis. Each module also maintains local logs via spdlog [155] and can stream structured
internal state data to Rerun [156] for storage and live introspection. An example of such
a visualization is given in Figure 2.2.
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Figure 2.2: Example visualization of ARD via Rerun

The entire system is designed to be remotely controlled. A lightweight manager
interface—currently implemented in Python for flexibility and rapid prototyping—can
be used to run and configure experiments. This interface is message-driven and fully
decoupled from the rest of the stack, allowing alternative implementations (e.g., in C++)
when runtime performance of the manager is critical.

Although the digital twin serves as the primary testbed during development, it can be
seamlessly replaced by a real vehicle in real-world deployments. Communication with the
physical platform can occur either through ARD’s native messaging or via a dedicated
Robotic Operating System (ROS) [157] bridge. Extensions to other communication
protocols can of course be easily implemented.

The following sections present a closer look at each of ARD’s main components, their
interactions, and the rationale behind their design.

2.2.1 High-Level Motion Planner

At the top of the ARD hierarchy lies the high-level motion planner (Figure 2.3a),
responsible for computing minimum-time trajectories that push the vehicle to its
physical limits while ensuring feasibility and safety. This module is built around an
Economic Nonlinear Model Predictive Control (E-NMPC) formulation, tailored for real-
time operation in racing scenarios.

Following a receding-horizon paradigm, the planner solves a constrained optimization
problem over a finite spatial window at each cycle. It continuously replans based on the
most recent state estimates, adapting to control deviations and changes in the environment.
The result is a full time-parameterized trajectory—including future poses, velocities, and
curvature profiles—which is broadcast through the broker without regard for downstream
consumer needs. This decoupled design ensures modularity: the planner focuses solely
on generating optimal motion, while the low-level controller extracts and interprets the
information it requires.
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(a) High-level motion planner. (b) Low-level control layer.
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Figure 2.3: Core modules of the ARD system.

In typical use the planner runs synchronously at a fixed rate of 20 Hz, which simplifies
analysis and ensures deterministic behaviour. In this mode the solver is allowed to take
as long as needed to converge, since all other modules wait for its output, and the cycle
time is assumed at 20 Hz regardless of the actual computation time. In asynchronous
operation—whether in simulation or on a real vehicle—the planner is executed at a
configurable maximum frequency (typically 20 Hz). The solver may exceed the nominal
cycle time, in which case the effective update rate decreases. The maximum frequency
can also be removed entirely, allowing the solver to run as fast as possible; this can be
advantageous in some cases, as consecutive solutions are closer together and warm-starting
from the previous trajectory becomes more effective. Whether a minimum cycle time is
enforced therefore depends on the application.
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2.2.2 Low-Level Control Layer

The low-level control layer (Figure 2.3b) is responsible for translating the planned
minimum-time trajectory into real-time steering and acceleration commands. Designed
for high responsiveness, this module can run up to 1kHz, but is usually capped at the
highest achievable frequency on physical platforms (e.g., 100 Hz on the Universitat der
Bundeswehr Minchen (UniBW) vehicles), ensuring fast feedback and stability even in
high-performance driving.

The control stack is divided into two main subsystems: a lateral controller based on a
physics-informed neural network, and a longitudinal controller implemented as a learnable
Proportional-Integral-Derivative (PID).

The lateral controller predicts the steering input required to follow the reference
trajectory. It uses a learned model that maps trajectory features to either wheel or
steering wheel angle, depending on the configuration. This feedforward prediction is
paired with a learned PID controller that applies local feedback corrections based on
tracking error. The curvature reference for feedback can reflect either the steady-state or
transient dynamics of the vehicle, depending on available telemetry.

The longitudinal controller governs longitudinal acceleration commands. It consists of
a learnable PID which tracks the desired longitudinal speed.

As with the rest of ARD, this module adheres to a publish-subscribe model and
operates independently of the planner’s update rate. It can be run either synchronously—
waiting for required data to ensure deterministic behaviour—or asynchronously, reacting
to new data as it becomes available. This flexibility supports both reproducible debugging
and real-world deployment.

2.2.3 Digital Twin and Real-Vehicle Interface

The digital twin in ARD (Figure 2.3c) acts as the reference environment for training,
validation, and evaluation. It simulates full-vehicle behaviour using a high-fidelity neural
vehicle model that has been validated against real-world telemetry data.

Within the system, the digital twin is treated as a generic black-box vehicle model: it
receives control commands—steering and longitudinal acceleration—and outputs vehicle
telemetry such as pose, velocity, and acceleration. Its integration interface is deliberately
minimal, enabling the model to be swapped without disrupting the rest of the architecture.
This design supports seamless transitions between simulation and real-world deployment.

The digital twin module is implemented to run up to 1 kHz, matching the frequency of
the low-level control stack and ensuring realistic closed-loop interactions. However, this
module is also usually capped at the highest achievable frequency on physical platforms
(e.g., 100 Hz on the UniBW vehicles).

To deploy ARD on a physical vehicle, the digital twin is simply replaced with an
interface module that transmits control commands to the real system and receives telemetry
in return. If the vehicle supports ARD’s native communication stack, no adaptation is
needed—as is the case for our custom driving simulator, described in Appendix A. If the
vehicle relies on a different middleware, a lightweight bridge module suffices. For example,
to integrate with UniBW’s test vehicles, which use ROS 1 (Noetic) [157], ARD includes a
dedicated ROS 1 bridge. This makes it possible to interface with any ROS-based robotic
platform with minimal integration effort.

2.2.4 Integration with the Learning Framework

Although ARD operates independently of the learning process, its modular design enables
the seamless integration of learned components identified from minimal human-driven
data. In this workflow, the learning pipeline functions as an upstream stage that produces
trained models subsequently deployed within the real-time system.

As illustrated in Figure 2.4, human-driven sessions provide the raw telemetry used
to identify and train individual modules, such as vehicle dynamics models and low-level
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controllers. Once learned, these models are exported in a compact runtime format (e.g.,
ONNX) and loaded directly by their corresponding modules in ARD. The framework
automatically detects and employs the latest available models without modification to
the surrounding architecture.

This separation ensures that the learning process never interferes with real-time
operation while enabling continuous refinement of the underlying components. Each
subsystem—planner, controllers, or simulator—can therefore be fine-tuned or replaced
independently.

Learned
Models

Learning
Pipeline

Minimal

Telemetry ARD

Human Driver

Figure 2.4: High-level interaction between the learning pipeline and the ARD framework. Data collected
from human-driven runs are used offline to train and identify models, which are then deployed within the
real-time system.

2.2.5 Communication Architecture and Runtime Infrastructure

The modular components of ARD communicate through a custom infrastructure based on
ZeroMQ [158] and FlatBuffers [159], as illustrated in Figure 2.1. At its core lies a broker-
centric PUB/SUB architecture: each module publishes its outputs and subscribes to the
data it requires, without directly issuing commands or making requests. This enforces
strict decoupling between modules, which in turn promotes modularity, reusability, and
flexibility.

A central principle of this design is that no module controls another. Instead, every
component broadcasts its state or outputs to the broker, while other modules subscribe
only to the streams relevant to their operation. This ensures that no producer depends
on a particular consumer and vice versa, allowing modules to be swapped or extended
independently. For example, the high-level planner publishes full time-parameterised
trajectories without knowledge of how they will be used; the low-level controller subscribes
and extracts only the variables it requires (e.g., curvature, velocity). Likewise, the low-
level controller outputs generic actuation signals (e.g., steering and desired acceleration),
and the vehicle interface interprets them according to the target platform. This pattern
is applied consistently in both simulation and real-vehicle deployments.

Messages are encoded with FlatBuffers for zero-copy binary transmission, enabling fast
serialization with minimal overhead. Each message carries a timestamp, either provided
by the sender or injected by the logger. The broker does not alter or inspect the data,
acting purely as a relay.

Observability is supported through a distributed logging infrastructure. Dedicated
logger modules can subscribe to the broker, convert passing messages to JSON [160], and
store them in a MongoDB instance. These logs are used for post-processing, evaluation, or
real-time visualization with tools such as PlotJuggler [154]. Because loggers are external,
they can be started, stopped, or deployed across machines without affecting the core
system. In addition, each module can stream internal states to Rerun or record local
diagnostics with spdlog. This combination of external message-level introspection and
internal module-level diagnostics provides comprehensive insight during development,
while allowing unnecessary logging to be disabled in real deployments to meet real-time
requirements.

Although all modules run asynchronously during deployment, synchronous operation
is supported for development and debugging. In this mode, modules wait for incoming
data before proceeding, which simplifies integration tests and ensures reproducibility. This
flexibility allows ARD to span different use cases—from controlled debugging sessions
to high-speed simulation and real-time vehicle control. To ensure safety, the low-level
controller includes an emergency mode that activates when no new planned trajectory is
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received and the current one has been fully executed. In this condition, the controller
commands full braking and centres the steering, bringing the vehicle to a safe stop.

2.2.6 Simulation and Integration Testing Environment

Simulation is a cornerstone of the ARD framework, supporting continuous development,
validation, and debugging before deployment on real vehicles.

The stack supports multiple levels of fidelity, depending on the development stage. At
the base is the digital twin vehicle model, which serves as the core closed-loop simulation
layer. This lightweight configuration enables rapid iteration and can run faster than
real-time, making it well suited for testing new features and control strategies efficiently.

The next level adds real-time 3D visualization via Rerun. Beyond plotting internal
module states (e.g., steering commands, vehicle pose), Rerun provides spatial visualization
of the vehicle’s motion, the planned trajectory, and the executed path. This is valuable
for diagnosing discrepancies not evident from logs alone. Despite the visual overhead,
this configuration can still operate faster than real-time. Figure 2.2 shows an example of
such a visualization.

For high-fidelity evaluation, ARD is integrated with a customized version of the
Carla simulator [161]. Carla is modified to support external vehicle dynamics within
the Unreal Engine environment [162], reducing latency while retaining visual realism.
Custom racetracks, such as a digital reconstruction of the Mugello circuit, were developed
to enable repeatable experiments under realistic conditions.

All simulation modes support synchronous execution, which is useful for debugging
and deterministic behaviour. However, asynchronous operation is essential for realistic
evaluation. Running ARD on a laptop and Carla on a separate machine emulates the
distributed nature of real automotive systems, exposing the framework to message delays
and network latency. This topology mirrors the configuration used in our custom driving
simulator, shown in Appendix A, where visualization and control are also distributed
across distinct platforms.

This progressive simulation pipeline—from lightweight closed-loop tests to full-system
distributed evaluation—allows ARD to transition smoothly into real-world experiments.
The framework is thus validated not only under ideal conditions but also in latency-rich
environments, strengthening its readiness for deployment.

2.3 Engineering Decisions and Real-Time Trade-Offs

The previous sections described the structure and components of ARD in functional
terms. This section shifts the focus to the key architectural and engineering decisions
that shaped its design. Rather than relying on off-the-shelf frameworks, ARD was built
from the ground up to meet the specific demands of autonomous racing: modularity,
real-time responsiveness, ease of debugging, and seamless simulation-to-reality deployment.
Each of these goals required deliberate trade-offs. The following subsections reflect on
those trade-offs, providing rationale for the communication model, execution strategies,
middleware choices, and testing workflow adopted throughout the project.

2.3.1 Modular vs. Monolithic Architecture

The decision to adopt a modular architecture in ARD was primarily driven by the need
for flexibility in developing and integrating multiple subsystems (e.g., alternative low-level
controllers), and by the practical advantages of multiprocessing over multithreading.
While a monolithic design—here intended as a single-process implementation where all
functionalities are compiled into one executable—has appealing strengths, it ultimately
presents limitations that conflict with the goals of real-time autonomous racing.
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Advantages of a monolithic architecture:

e Performance: Communication between components incurs virtually zero latency
and compiler optimizations can be applied globally.

o Rapid prototyping: In early development stages, integrating subsystems is
straightforward and does not require designing explicit communication protocols or
interfaces.

Drawbacks of a monolithic architecture:

o Scalability limitations: Even small modifications in a single subsystem require
recompiling and restarting the entire application. As the system grows, this tight
coupling makes design decisions increasingly complex and difficult to manage.

e Complex multithreading: Real-time performance often requires multithreading,
which introduces concurrency issues that are difficult to test, debug, and maintain.

« Language constraints: All code must be written in the same language!, limiting the
ability to prototype or optimize individual modules using domain-appropriate tools.

¢ Deployment inflexibility: Subsystems cannot be distributed across multiple machines,
making it difficult to balance computational load or mirror real-world deployment
conditions.

Given these trade-offs, ARD was designed around a modular, node-based architecture
in which each subsystem is a fully independent application communicating over the
network. This design comes with its own challenges.

Drawbacks of a modular architecture:

o Steeper initial development: Building a modular system requires familiarity with
networking, data serialization, and inter-process communication.

o Higher overhead: Each node must handle its own lifecycle, messaging, and state
management, resulting in additional code and maintenance effort.

o Lower theoretical performance: Inter-process messaging can introduce latency,
memory copies, and scheduling unpredictability, particularly when spread across
machines.

Benefits of a modular architecture:

o Parallel development and testing: Nodes can be developed, launched, and even
hot-swapped independently.

o Better system-level load balancing: The operating system can manage CPU affinity
and resource scheduling automatically.

o Distributed operation: Nodes can run on different machines without modification.

e Multi-language support: Modules can be implemented in any language, enabling
rapid prototyping and fine-tuned optimization.

e Minimal multithreading: Each node typically requires only lightweight concurrency
(e.g., for background I/0 or logging), simplifying logic and reducing risk.

¢ Scalable latency control: While network-based communication may introduce
latency, this can be minimized using inter-process transport methods like TPC
or shared memory.

IThis is partially true, as different languages can be compiled and linked together, but that is out of
the scope of the current discussion.
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(a) Star topology (brokered). (b) Mesh topology.
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Figure 2.5: Illustrative comparison between star and mesh topologies applied to ARD’s core modules.

Given these considerations—and the observation that even monolithic applications
must eventually interface with external systems over a network during real-world
deployment—we opted for a modular design. This choice has proven essential for
enabling rapid experimentation, robust debugging, and deployment flexibility across
both simulation and physical platforms.

2.3.2 Broker-Centric Communication: Flexibility vs. Centralization

A key design decision in ARD was the choice of communication topology. In general, two
broad categories exist: centralized topologies (e.g., star) and decentralized ones (e.g.,
mesh) [163]. In the context of research systems, decentralized mesh-like structures are
commonly adopted. This is often not because of their long-term advantages, but rather
due to their simplicity during initial development.

To illustrate this, consider the three core modules of ARD: the high-level planner, the
low-level controller, and the digital twin (Figure 2.5). Each of these needs to communicate
with the others: the planner requires state feedback from the vehicle, the controller needs
both plans and telemetry, and the simulator needs actuation commands. The intuitive
solution is to connect these nodes directly, forming a small mesh (Figure 2.5b).

A mesh topology comes with some appealing advantages:

e Minimal latency: Messages travel directly from sender to receiver in a single hop.

o Failure isolation: If a node crashes, it does not bring down the rest of the network.
However, these advantages come at significant costs:

o Tight coupling: Each node must be manually configured with the addresses of the
nodes it depends on.

e Poor scalability: Changing or replacing a node often requires modifying others,
particularly across machines.

o Difficult peer discovery: Dynamic environments or runtime node discovery are hard
to support.

o Limited flexibility: Hot-plugging components or duplicating nodes for debugging is
non-trivial.

e Fragile in practice: Although a node crash does not affect the network, it typically
halts the system since the missing data is still critical.

To overcome these limitations, ARD adopts a centralized star topology (Figure 2.5a),
placing a broker at the centre of the communication graph. This architecture comes with
its own trade-offs:
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o Single point of failure: If the broker crashes, the network collapses.

o Higher baseline latency: Each message incurs two hops: publisher to broker, broker
to subscriber. However, when all modules run on the same machine, the resulting
communication delay is negligible given the high throughput of local message
passing.

o Broker bottleneck: The broker must handle the aggregate bandwidth of all messages.
However, these are outweighed by substantial benefits:

e Loose coupling: Nodes do not need to know about each other—only the broker—
greatly simplifying configuration and deployment.

e Automatic peer discovery: Nodes can join and leave the system at runtime without
reconfiguration.

o Hot-plugging and redundancy: Tools like loggers and visualizers can be launched
dynamically and connected without affecting core execution.

¢ Debugging and observability: Centralized traffic enables powerful monitoring and
logging strategies with minimal additional infrastructure.

This architecture reflects a trade-off between absolute minimal latency and system-
level modularity, flexibility, and introspectability. While such flexibility can, in principle,
introduce communication delays that may impact closed-loop stability, this aspect was
explicitly investigated in simulation by introducing message dropouts and noise to assess
the system’s robustness under adverse conditions (see Section 8.6).

In real-time autonomous systems, these properties are not secondary: they are essential
for safe iteration, reliable debugging, and robust deployment across diverse hardware
setups. In practice, the added latency of a broker is negligible for ARD’s update rates
and well worth the architectural clarity it enables.

2.3.3 Sync vs. Async Execution: Determinism vs. Responsiveness

Another key architectural choice in designing a modular real-time system like ARD is
how to coordinate the execution of its subsystems. In particular, a system must decide
whether to operate synchronously—where each module runs at a fixed, coordinated rate
(Figure 2.6a)—or asynchronously—where each module runs independently, at its own pace
(Figure 2.6b). Both modes have their strengths and weaknesses, and ARD is explicitly
designed to support both.

Synchronous execution is invaluable during development. It ensures deterministic
timing: all modules receive fresh data at known intervals, and the entire system can
be debugged with clear causality and reproducibility. Errors are easier to isolate, and
behaviour across runs is consistent, which simplifies testing and validation.

However, the real world is not synchronous. Sensors, actuators, and compute units all
operate on their own clocks, often at varying frequencies and with non-negligible delays.
Once deployed on real hardware, systems must cope with message jitter and delays. For
example, a control module cannot pause to wait for a new sensor reading—it must act
based on the best information currently available. As such, ARD’s modules are also
designed to function asynchronously, consuming data when it is available and falling back
to the last known values when it is not.

(a) Synchronous execution timeline. (b) Asynchronous execution timeline.
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Figure 2.6: Illustration of synchronous (a) vs. asynchronous (b) execution timelines.
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This dual-mode execution strategy plays a critical role in ARD’s development and
deployment cycle. During early-stage testing and simulation, synchronous execution
is preferred to isolate issues and ensure consistent behaviour across iterations. Once
confidence is gained, the same system is tested asynchronously to verify robustness to
real-world conditions: timing noise, communication jitter, delayed messages.

In asynchronous mode, modules are designed to make decisions based on the most
recent data available, rather than assuming fresh inputs will always arrive. In practice,
this means using the last received message and updating it opportunistically.

By supporting both modes, ARD offers the best of both worlds: deterministic
development and flexible, resilient deployment. This also eases the transition from
simulation to real-world testing, reducing the need for architectural rewrites or unsafe
assumptions about timing guarantees.

2.3.4 Choosing Custom Middleware over ROS

ROS is a cornerstone of modern robotics research. It offers an extensive feature set, broad
community support, and an impressive collection of tools and libraries. In particular, ROS
excels when all team members, robots, and infrastructure use the same Linux distribution
and version, allowing for smooth integration and leveraging of its ecosystem.

However, for projects requiring cross-platform compatibility, real-time performance,
or lightweight deployments, ROS can quickly become a limiting factor. Although ROS 2
addresses some of these concerns with improved middleware abstraction and modularity,
platform support remains uneven. At the time of writing, the official ROS 2 Kilted
documentation [164] (the current version of ROS 2) still does not provide prebuilt binaries
for macOS—a significant barrier given that most of our development is conducted on
macOS machines. Our group also frequently runs simulations on Windows and different
Linux distributions, and occasionally targets embedded systems such as the Raspberry Pi.
These heterogeneous constraints demanded a more portable and lightweight middleware
solution.

For this reason, we opted to develop a fully custom middleware tailored to the needs
of ARD. A detailed description of it is provided in Appendix A. At its core, the system
is built on two robust open-source libraries: ZeroMQ for messaging and FlatBuffers for
serialization. ZeroMQ provides a fast and flexible communication layer, eliminating many
of the complexities typically associated with networking (e.g., handshaking and reconnect
logic). FlatBuffers enables zero-copy, schema-based serialization with minimal overhead,
allowing real-time transmission of structured data without incurring the performance
penalties of more well-known formats like Protocol Buffers [165] or JSON.

Everything else—including the broker, the logger, and the automatic code generation
infrastructure—was developed in-house. This has given us full control over the performance
characteristics, deployment model, and cross-platform support. As a result, the middleware
can be compiled and executed on all major platforms, including macOS, Linux, Windows,
and embedded systems like the Raspberry Pi. It also supports all major programming
languages supported by ZeroM(@Q and FlatBuffers, allowing developers to for example
prototype in Python or Go and later port performance-critical modules to C++ without
changing interfaces or message definitions.

While developing custom infrastructure comes with an upfront cost, this approach
has allowed us to sidestep the limitations of ROS while preserving modularity, real-time
performance, and maintainability. In doing so, we have created a middleware that is
purpose-built for autonomous racing, simulation, and experimentation in heterogeneous
environments.
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Chapter 3
Motion Planning

Abstract

This chapter describes the motion planning subsystem of the Artificial Race Driver
(ARD), which computes minimum-time trajectories while respecting both physical
limitations and environmental constraints. The planner is based on an Economic
Nonlinear Model Predictive Control (E-NMPC) framework, using a kineto-dynamical
point-mass vehicle model combined with learned g-g-v performance constraints. The
chapter also briefly outlines our extension of the framework to three-dimensional
road geometries.
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3.1 Introduction

Motion planning in autonomous racing differs fundamentally from that in conventional
autonomous driving. Instead of prioritizing safety margins or passenger comfort, the
objective is to complete a lap in the shortest possible time while operating the vehicle
near its physical limits. This demands trajectories that are dynamically feasible and
computationally tractable.

In the ARD framework, motion planning is handled by a high-level module that solves
an E-NMPC problem in real-time. The formulation is based on a kineto-dynamical point-
mass vehicle model, with feasibility enforced via a combination of physical constraints and
a data-driven g-g-v envelope. This envelope encodes the maximum achievable longitudinal
and lateral accelerations as a function of speed, capturing the nonlinear performance
limits of the vehicle in a compact and efficient manner.

This chapter introduces the motion planning formulation adopted in ARD, with an
emphasis on modelling assumptions, constraint structures, and real-time implementation
choices. Particular attention is devoted to the formulation and role of the g-g-v constraints.
While the main focus remains on flat circuits, we also recall the extension of the planner
to three-dimensional roads, as introduced in our previous work [54].

On Planning over Three-Dimensional Roads

Real-world circuits often include non-negligible three-dimensional features such as
slopes and banked corners, which can significantly influence vehicle dynamics and limit
performance. These effects become especially relevant when operating near the physical
boundaries of the vehicle, as is common in racing scenarios. Notable examples include the
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Las Vegas Motor Speedway, with banking angles of up to 20°, Zandvoort (18° banking),
and Eau Rouge at Spa (9° slope). In such cases, planar approximations fail to capture
the true behaviour of the system.

Following prior work in the optimal control literature [166], [167], [168], we adopt a
ribbon-based model of the road in R? (Figure 3.1), in which the track is described as a
sequence of locally planar sections aligned with a moving Frenet-Serret frame {E , M, Z}.
The orientation of this frame along the curvilinear abscissa ( is specified using yaw,
pitch, and roll angles {0(C), 0s1(¢), Opk(C)}, corresponding to heading, slope, and banking.
Under a small-angle approximation—which holds for most public roads and circuits like
Mugello, where angles remain below 5°—the resulting rotation matrix R.(¢) simplifies
to a linearized form. The rate of change of road orientation is then described by a

skew-symmetric matrix W .(¢) = fg“ R/, which leads to the curvature relations:

L—
dC =R bk U,
desl
=v— 1
dC v K«Gbky (3 )
b
d—C —T+K951,

where k, v, and 7 represent the geodesic, sagittal, and frontal curvatures of the road.
Together with the initial conditions and width profiles My, (¢), Mg((), these functions
fully define the 3D road geometry.

This 3D modelling approach was implemented and validated as part of our previous
work in [54]. Although ARD is fully capable of planning over such terrains in real-time,
the focus of this thesis remains on flat circuits. The 3D extension will therefore be
discussed only briefly after each relevant section (e.g., the g-g-v extension to 3D roads).

reference line

Figure 3.1: Ribbon-based 3D road model: the road centreline is framed by local orientation vectors E, n, Z,
with slope 65 and banking 0. Note that, for clarity, the signs of n and & have been inverted in this
illustration; this is not the case in practice.

3.2 Problem Formulation

The motion planning task addressed in this chapter is formulated as a constrained optimal
control problem, solved online within an E-NMPC framework. The objective is to compute
minimum-time trajectories that are dynamically feasible, respect the road geometry, and
operate the vehicle near its performance limits.

This section introduces the overall structure of the formulation used in ARD. It begins
by defining the optimal control problem and its key components, including the cost
function, vehicle model, and constraint set. We then present the kineto-dynamical vehicle
model in detail, which describes the system evolution in curvilinear coordinates and
provides a balance between physical expressiveness and computational tractability. The
formulation of the cost function is discussed in detail, including the treatment of initial
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and terminal conditions, as well as integral terms. Finally, we describe the constraint set,
which encodes track boundaries, actuation limits, and dynamic feasibility via a learned
g-g-v envelope.

3.2.1 Planning Objective and Cost Function

The objective of ARD’s motion planner is to compute dynamically feasible, minimum-time
trajectories within a receding-horizon framework. To this end, the problem is posed as an
E-NMPC problem, where the planner directly minimizes travel time rather than tracking
a predefined reference.

At each planning step, the system solves an Optimal Control Problem (OCP) over
a finite spatial horizon. The optimization minimizes a cost function composed of a
Mayer term and a Lagrange term, while satisfying dynamic constraints, boundary
conditions, track limits, and a learned g-g-v envelope representing the vehicle’s performance
capabilities. The underlying dynamics are governed by a kineto-dynamical point-mass
model (see Section 3.2.2), and all quantities are expressed in curvilinear coordinates (see
Paragraph 3.2.1).

The OCP takes the form:

¢
min B(C) +2(G) + [ L(2(0),u()dC (3.20)
s.t. d;fi((o = f(x(¢),u(¢)), kineto-dynamical model, (3.2b)
b(x(¢)) =0, initial boundary conditions, (3.2¢)
n(¢) € R(), track boundaries, (3.2d)
(@(¢),u(C)) € (), g-g-v envelope (3.2¢)

The state and control vectors are:

2(0) = [n(¢) €Q) v(Q) v,(Q) ar(Q) Q)T
w(Q) = [awan (@) Qen(Q)] .

Here, n is the lateral deviation from the reference path, ¢ the relative yaw angle, v,
and v, the longitudinal and lateral velocities, a, the longitudinal acceleration, and €2
the yaw rate. The controls as.,,, and ¢, are the commanded longitudinal acceleration
and yaw rate, respectively. All variables are defined in the vehicle’s body-fixed frame,
consistent with ISO 8855 [169] (with x pointing forward, y to the left, and z upward,
forming a right-handed coordinate system).

Curvilinear Coordinates. To remove the need to explicitly optimize over the final time,
the planning problem is expressed in curvilinear coordinates. This reformulation replaces
time as the independent variable with the curvilinear abscissa (, which denotes the arc
length along the track centreline. The additional states introduced by this formulation

are:
oy Vr (t)COS( ())*v (t) sin(£(t))
C(t) - )

n(t)r(¢(t))

n(t) = va(t) Sln( (t)) +vy(t) cos(&(t)),
£(t) = Q(t) — k(C(1)) - C(1),

where n is the lateral deviation from the track centreline, £ is the relative yaw angle

between the vehicle heading and the local orientation of the track, and x is the curvature

of the centreline.

These kinematic equations are well established in the racing literature and are
particularly effective for enforcing track constraints and constructing cost functions

(3.3)
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in a spatially invariant form. They also simplify horizon definition and allow the optimal
control problem to be solved over a fixed spatial window.
The full state vector in time-parametrised form becomes:

which reduces to:

2(0) = [n(¢) &) v(Q) v,(Q) a.(¢) Q)]

once the system is reformulated with respect to the arc length (.

Mayer Term: Soft Boundary Conditions

The Mayer term softly enforces desired initial and final conditions:

ZW cf§f>+2wgcﬂw_"f, (3.4)

Jmax =1 T jinax

where x; is the j-th component of the state vector, ; and (y denote the initial and final
abscissae, ;, and x;, are the corresponding desired values, and x;_, are normalizing
constants used to balance the influence of each state. The weights W;, and Wy,
determine the relative importance of enforcing the initial and final conditions for each
state component.

These soft boundary conditions provide resilience against noise and modelling errors,
particularly in real-world settings where state measurements—especially accelerations—
may be unreliable. Enforcing exact values in such conditions often leads to instability or
infeasibility. The soft formulation allows deviations when beneficial, while discouraging
unphysical behaviour. For instance, without appropriate weights, the optimizer might
exploit the initial conditions to begin the horizon with unrealistic speeds or accelerations.
Tuning these weights is therefore essential for balancing robustness and realism.

Typically, the terminal conditions are imposed only on a subset of the state, such
as n and &, to loosely guide the final vehicle orientation. These can be kept equal to
their last value at the end of the horizon, fixed to the centreline values, estimated from
a clothoid-based guess or a short forward integration of the dynamics, following the
approach in [97]. While not strictly necessary, these conditions have been found to
improve convergence in practice.

Lagrange Term: Time, Continuity, and Smoothness
The Lagrange term accumulates cost terms over the planning horizon:
< da, o\’
/ W+%Mm+mm<%)+wmgg dc. (3.5)

The first term, wy, is a constant that drives the minimum-time behaviour, which
forms the core of the E-NMPC approach. The second term enforces spatial consistency
by penalizing deviation from part of the previous solution:

6 prev 2

ZC‘ — 113 _

CU] = E ( ! (C)> e « O‘CO))\. (36)
j=1 L jimax

This term improves warm-starting and reduces solver oscillations across iterations.
The decay parameters A and « limit the influence of this term further down the horizon,
allowing the solution to evolve freely where needed. A visualization that shows the effects
of P¢ is shown in Figure 3.2.
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4 —— Previous Solution
—— Next Solution
4 === Pelzi)

z; [-]

Figure 3.2: Effects of the continuity penalty P¢ on state z; from the previous solution to the next one.

Finally, the squared derivatives of a, and 2 reduce control chatter by limiting sharp
variations in the commanded acceleration and yaw rate. These terms are weighted by
Wia, and Wyq, respectively. Since both a, and Q are governed by first-order dynamics
(as we will see in Section 3.2.2), enforcing their smoothness indirectly promotes smooth
control behaviour without explicitly penalizing the controls.

3.2.2 Vehicle Modelling for Planning

This section presents the kineto-dynamical vehicle model used within ARD’s high-level
planner. The formulation is based on our prior work [25] but has been adapted to
prioritize real-time performance and ease of identification directly from telemetry data.
While it abstracts away most of the classical vehicle dynamics, the model retains sufficient
expressiveness to support time-optimal planning near the physical limits, without relying
on detailed tyre models or chassis parameters.

The system is described by four first-order differential equations:

)
)
Qetr (1), (3.7¢)
O (1), (3.7d)

where a,(t) = v,(¢)2(t) is the approximated lateral acceleration in the vehicle’s body
frame. The state and control vectors are:

2(t) = [0:(t) v,(t) Q1) au(®)] ',
w(t) = [agen (t) Q)] "

All signals are expressed in the vehicle’s body-fixed reference frame, as defined by the
ISO 8855 [169]. The planner augments this model with curvilinear coordinates {¢,n, &}
and with a reformulation in the curvilinear abscissa (, which was previously described in
Section 3.2.1.

Model Overview. Each state evolves under a first-order relation with its respective input
or steady-state target. This structure allows compact implementation and predictable
transient responses. The time constants 7, , 7o, and 7,, are identified directly from
telemetry data and capture the system’s effective response delays. In contrast to physics-
based models that rely on suspension and tyre parameters, this formulation learns effective
input-output mappings, which are easier to adapt across different vehicles and racetracks.

39



Problem Formulation

Longitudinal Dynamics. The longitudinal velocity v, is governed by a simple kinematic
relation with the current acceleration a, (3.7a), which itself follows a first-order lag driven
by the commanded acceleration a,,,, (3.7d). This cascade structure introduces a delay
consistent with observed actuator dynamics.

Effects such as aerodynamic drag, tyre saturation, and drivetrain limits are not
explicitly modelled here. Instead, they are captured indirectly via the learned g-g-v
constraint (see Section 3.4), which bound the feasible combinations of longitudinal and
lateral accelerations.

Yaw Rate Dynamics. The yaw rate € is driven by a first-order response to the
commanded yaw rate Q1 (3.7¢). This avoids the complexity and parameter sensitivity
of moment-based rotational dynamics, while still allowing the planner to exploit yaw
transients during aggressive manoeuvres. Just like the longitudinal acceleration, the
nonlinear effects are modelled and imposed on the yaw rate via the learned g-g-v constraint.

Lateral Velocity Dynamics and the Lateral Velocity Diagram. The lateral velocity
vy follows a first-order dynamic, where the steady-state value is provided by a nonlinear
map Fy, (ay, vz, a,) (3.7b). This map, termed the Lateral Velocity Diagram (LVD),
captures how v, varies as a function of lateral acceleration a,, longitudinal velocity v,
and longitudinal acceleration a,. Its structure is:

Fo,(ay,Vz,0.) = f1(ve)(1 4 brag + boa?) - ay
+f3(v2) (1 + bgag + byal) - al (3.8)
+f5(v.) (1 + bsa, + bga?) - ag,

where each function f;(v,) is a cubic spline defined over the vehicle’s operating speed
range:
fi(vy) = cubic spline;, i € {1,3,5}.

The coefficients by, modulate the influence of longitudinal acceleration, allowing the
lateral response to adapt under combined manoeuvres. Only odd powers of a, are used
to preserve symmetry across left and right turns. This structure enables smooth, efficient
evaluation and ensures generalization across the entire dynamic envelope.

The diagram F,, is learned offline directly from telemetry data and does not require
any dedicated test to be performed. Chapter 6 describes the learning procedure in detail.
Figure 3.3 show an example representation of this diagram.

(a) Varying vg. (b) Approximation.
v, [m/s]
9 9 —LVD of the vehicle simulator
40 - -LVD approximation model
1 35 1
< 30 <
£0 g0
> 25 N
S S
-1 20 -1
15
-2 -2
' : . “10
8 6 4 -2 0 2 4 6 8 8 6 4 -2 0 2 4 6 8
ay [m/s’] ay [m/s’]

Figure 3.3: Lateral velocity diagram as a function of longitudinal speed: (a) varying vz, (b) approximation.
Figures taken from our work [25] © 2025 IEEE.
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Remarks. The model (3.7) is referred to as kineto-dynamical because it merges kinematic
and dynamic elements. Kinematic components define the fundamental geometry of motion,
while the dynamic components are captured through first-order dynamics and steady-state
maps derived from real data. This hybrid approach enables low computational cost and
high representational power—both essential for fast E-NMPC-based planning.

Extension to 3D Roads

A key strength of the kineto-dynamical model adopted in ARD is that its formulation
remains nearly invariant under 3D road geometry. The vehicle dynamics, expressed in
curvilinear coordinates, do not require modification when transitioning from planar to
spatially complex tracks. This is possible because the effects of slope and banking are
fully captured at the constraint level, specifically through acceleration limits, rather than
requiring changes to the system dynamics.

In particular, the vehicle is still modelled as a point-mass system evolving under

curvilinear kinematics:
vy €08(§) — vy sin(€)

¢= 1 —nk(C) ’ .
n = v, sin(&) + v, cos(§), (3.9)
€=9-r(),

with no explicit dependence on slope 6 or banking 0. These geometric effects instead
modulate the net accelerations experienced by the vehicle due to gravity and local road
curvature, and are incorporated directly into the feasible acceleration regions defined by
the g-g-v constraints.

The only structural change in the formulation arises in the lateral velocity constraint,
which depends on the lateral acceleration a,, vehicle longitudinal speed v, longitudinal
acceleration a,, and—critically in the 3D case—vertical acceleration a,. The extended
constraint function becomes:

E)y (ayvvmyamaz) = fl(vm) . (1 +biag + bQQi) . (1 +ca; + 02a§) c Oy

+f3(vg) - (1 4 bgag + bga?) - (1 + cza, + csa?) - ai (3.10)

+f5(ve) - (1 + bsag + bga?) - (1 + csa. + cga’) - afﬁ

where the newly introduced b., coefficients model the influence of vertical dynamics due
to road slope and banking.

This design preserves the computational structure and solver efficiency of the original
planner, while enabling ARD to plan on 3D tracks. Crucially, if the vertical acceleration
is assumed zero, the formulation falls back to the 2D case. Therefore, it remains perfectly
compatible with both 2D and 3D scenarios.

3.2.3 Constraints
3.2.3.1 Track Boundary Constraints

To ensure the vehicle remains within the drivable area, we impose hard constraints on
the lateral deviation n from the track centreline, expressed in curvilinear coordinates as:

nmin(C) < n(C) < nmax(C)a (3'11)

where npi, and npax denote the left and right track boundaries, respectively. These
are encoded as quintic splines fitted to recorded track margins, yielding smooth and
differentiable constraints along (.

Constraint Relaxation Near the Horizon Start.  In practice, the track constraints are
slightly relaxed at the beginning of the planning horizon. This accounts for situations
where the vehicle starts close to or marginally outside the feasible region, due to
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noise, discretization, or recovery from off-track scenarios. Without this relaxation,
the optimization problem may become infeasible, despite the situation being physically
manageable.

The relaxed margins are defined via an exponentially decaying function:

Right margin: n(¢) > wgr(¢) + dr(¢) — 0.5Wyeh. widths (3.12)
Left margin: n(¢{) < wr(¢) — 05(C) + 0.5Wyeh. widths (3.13)

where:

o wr((), wr(¢) are the lateral distances from the centreline to the right and left
boundaries;

o the relaxation terms are given by:

0r,1(¢) = awr,1(Co) exp <—i(4 - Co)) ;

with (y the start of the horizon, and [, A] the amplitude and decay parameters;

o a fixed margin of 0.5Wyen. width 1S subtracted from both bounds to account for the
vehicle footprint.

This relaxation rapidly vanishes after a few metres, ensuring that mid- and long-horizon
planning is unaffected.

3.2.3.2 Dynamic Feasibility via g-g-v Constraint

The g-g-v constraint encodes the feasible region of longitudinal acceleration a,,, lateral
acceleration a, = v,(2, and longitudinal velocity v,. It serves to enforce dynamic feasibility
without requiring explicit modelling of tyres, drivetrains, or other components. This yields
a three-dimensional envelope—the g-g-v diagram—that bounds feasible combinations
of (ag,a,) at each vy. The constraint implicitly captures nonlinear effects such as
aerodynamic drag and powertrain saturation.

This constraint is modelled as a convex polytope imposed on the planned states:

Ay
Agge |an | + byge <0, (3.14)
Uy

which yields a numerically efficient approximation of the feasible envelope.

While effective in the coupled regime, convex polytopes cannot capture sharp non-
convex nonlinearities at the pure acceleration limits, caused for example by engine
saturation. Such limitations will be addressed with actuation limits in Paragraph 3.2.3.3.

3D Extension of the g-g-v Constraint. The g-g-v constraint can be extended to account
for 3D road geometry, as introduced in [54]. Road slope and banking angles produce
additive contributions to a, and a,, while the vertical acceleration a, scales the achievable
lateral force. The result is a translated and scaled version of the original constraint:

ay — g(cos(&)bpx + sin(€)bs1)

S (QZ)
A |4, - g(sin(gfebk ~cos(€)0a) | T bggy < 0. (3.15)

Uz

This formulation preserves the convex structure while embedding key terrain effects.
The scaling function Sy(a.) is a cubic spline embedding the effects of a. on a, which is
iteratively learned when driving along the track.
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3.2.3.3 Actuation Limits

To correct for the limitations of the convex polytope at the pure acceleration limits,
we introduce bounds on the control inputs. These constraints model the nonlinear and
asymmetric actuation limits, and are derived from data once again.

Longitudinal Acceleration Limits. The longitudinal control input a,._, , () is bounded
by velocity-dependent splines:

Ui (V2 (1)) < Uy (B) < gy, (V2(2)), (3.16)

where a,, . (v;) and ag,,, (v,) model maximum traction and braking respectively. Both
bounds are modelled as cubic splines for smoothness.

Lateral (Yaw Rate) Limits. The lateral control input Q,1(¢) is similarly bounded:
_Qmax(vx(t)) S Qctrl(t) S anax(vw(t))~ (317)

Here, Quax(v,,) is derived from the lateral acceleration envelope via the simplified
relation a, = v,;{). The constraint is enforced symmetrically, as experimental data
generally shows minimal asymmetry between left and right turning capabilities.

3D Extension of the Actuation Limits. The actuation limits can be consistently extended
to account for road slope and banking effects using the same additive terms introduced
in the 3D g-g-v formulation (3.15). For the longitudinal input bounds a,,,, (v,) and
g, (Vz), the gravitational components along the road tangent are added to the data-
driven splines, as shown in (3.16). This results in a rigid shift of the acceleration and
braking limits based on the local road geometry. The lateral control input Qi (¢) is
affected similarly. Through the approximation a, = v,{2, the same gravitational and
scaling terms for the a, are applied to (3.17). This unified treatment preserves the
structure of the original formulation while improving fidelity on non-planar roads.

3.3 Implementation Details

3.3.1 Solver Integration

The E-NMPC problem described in this chapter is implemented using PINs [170], the
in-house optimal control solver developed by our group. PINS is based on Pontryagin’s
Maximum Principle and adopts an indirect approach to optimal control. Originally
developed for high-fidelity offline OCP simulations, it has been extended to support
real-time receding-horizon E-NMPC, as used in ARD.

The setup and integration process follows these steps:

1. Symbolic Problem Description. The OCP is first defined in Maple [171], specifying
the problem formulation from the system dynamics to the boundary conditions.

2. C++ Code Generation. PINS generates problem-specific high-performance C++ code,
which can be compiled into shared libraries.

3. Minimum-Lap-Time Benchmark. A full-lap minimum-time trajectory is computed
offline. This solution provides a performance baseline and aids in tuning weights
and constraints for the online E-NMPC formulation.

4. E-NMPC Interface Wrapping. A code generation tool developed for this thesis
wraps the low-level solver API into a standard E-NMPC interface, facilitating
integration and reusability.

5. Integration into ARD. The generated E-NMPC module is embedded into ARD’s
planning stack. Multiple problem variants (e.g., different weights, constraint sets,
or cost terms) are supported simultaneously, provided the model structure remains
mostly unchanged. The planner is selected at runtime through a configuration file.
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This approach combines the flexibility of symbolic modelling and offline benchmarking
with the efficiency of compiled code and modular solver integration. It enables real-time
execution, fast iteration, and comparative evaluation across different formulations.

3.3.2 Warm-Starting and Horizon Management

Robust warm-starting and effective horizon management are critical for achieving real-time
performance and stability in E-NMPC, especially in the presence of nonlinear dynamics,
non-convex constraints, and road geometry variations.

Warm-Starting Strategy. Each E-NMPC problem is initialized by reusing the previous
solution as a guess. However, the receding-horizon nature of the problem introduces three
main challenges:

e Mesh Misalignment. The prediction horizon is re-meshed at each time step. The
previous solution must be interpolated to match the new mesh.

o Partial Horizon Coverage. The prior solution covers only a portion of the new
horizon. The remainder must be extrapolated.

o Feasibility Risk. Interpolation and extrapolation may lead to guesses that violate
constraints, particularly the g-g-v constraint in 3D terrain, where the admissible
region varies along the road.

The following techniques are used to mitigate these issues:

e Linear Interpolation. The overlapping portion of the previous solution is linearly
interpolated to the current mesh. This preserves feasibility for convex constraints,
but not for non-convex ones.

o Tail Extrapolation. For the unreached section of the horizon, several methods are
available:

1. Constant-value extrapolation (default),
2. Clothoid-based extrapolation,

3. Forward integration of the curvilinear dynamics.

e Boundary Clamping. The lateral deviation n is clamped (with padding) within
track limits to avoid off-track initializations.

o State Scaling for 3D Roads. On non-planar tracks, accelerations [a,, a,] and 2 are
scaled when needed to reduce the likelihood of violating the g-g-v envelope. Although
projection onto the constraint set would be more principled, it is computationally
expensive. Empirical evidence shows that scaling is a sufficiently effective and
simple alternative. On 2D tracks, such scaling is not necessary: the state polytope
is convex, and the nonlinear actuation limits apply to controls that are analytically
computed using the kineto-dynamical model, making them less susceptible to guess
violations.

Despite these measures, warm-starting remains sensitive to sudden geometry changes.
A typical failure case is a sharp corner following a long straight, where the past trajectory
no longer aligns with the feasible set. These situations are the subject of ongoing
investigation.

To partially mitigate this issue, we introduced an additional integral cost term in the
Lagrangian that penalizes excessive longitudinal velocity. The term activates whenever
v, exceeds the maximum speed along the centreline, here approximated as

a max
Uz max = 1/ TH| s (318)
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where @y max is the maximum admissible lateral acceleration and & is the track curvature.
The corresponding cost contribution is

W pospart(vy — Uz max) s (3.19)

with W a tuning weight and pospart(-) the positive-part operator. Although this
approximation leads to slightly slower lap times, it provides the solver with an implicit
preview of how the track is evolving and reduces the risk of divergence in sharp-corner
scenarios. This strategy thus acts as a practical safeguard in edge cases, improving
convergence at the cost of some optimality. Given this trade-off, we use this term on a
per-case basis.

Horizon Mesh Construction. The layout and resolution of the prediction horizon are
defined by the chosen mesh. Several strategies were explored:

o Hybrid Mesh (Legacy). This mesh matched the low-level controller structure:

— 30 points uniformly spaced in time for lateral control resolution;
— 10 points spaced at 1 m intervals to capture horizon-end effects;

— The remaining points are spaced uniformly in ¢ until the desired horizon length
is reached.

This approach performed well on wide circuits like Catalunya and Mugello.

o Uniform Spatial Mesh (Current). On more narrow circuits (e.g., Universitit der
Bundeswehr Minchen (UniBW)), the hybrid mesh was less stable due to corners
with sudden high curvatures. A uniform spatial mesh of evenly spaced points along
¢ is now used, offering improved performance likely due to the solution aligning
more closely to the guess.

o Alternative Meshes (Discarded). Adaptive spacing based on curvature and variable-
length meshes were tested but discarded. These strategies increased warm-start
mismatch and reduced solver convergence.

3.4 On the Formulation and Effects of g-g-v Constraints

The g-g-v constraint encodes the maximum achievable accelerations of the vehicle as a
function of longitudinal speed. It defines a three-dimensional envelope in the space of
lateral acceleration a,, longitudinal acceleration a,,, and longitudinal velocity v, effectively
capturing the interaction between tyres, powertrain, and aerodynamics, without requiring
explicit modelling of these components. By constraining the planner within this envelope,
ARD ensures physical feasibility while maintaining a formulation that is compact and
suitable for real-time optimization.

3.4.1 Motivation and Role in Planning

The role of the g-g-v constraint is to bound the trajectory planning problem within
the dynamic capabilities of the vehicle. This is particularly relevant near the handling
limits, where the feasible acceleration region is highly nonlinear and speed-dependent. A
formulation that neglects these limitations either risks infeasibility (if overestimated) or
yields overly conservative trajectories (if underestimated).

In ARD, the g-g-v constraint enables the planner to reason about trade-offs between
longitudinal and lateral acceleration, especially in aggressive manoeuvres such as braking
into corners or accelerating out of them. Compared to explicit force-based models, the g-g-
v formulation offers a lower computational burden and more straightforward identification
from data. However, it does not describe how the vehicle dynamics evolve within the
feasible envelope itself. This aspect is left to the equations of motion, and if a simplified
point-mass model is employed, specific characteristics such as understeer or oversteer
behaviour cannot be captured.
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3.4.2 Structure and Hybrid Formulation

To balance computational efficiency and model fidelity, we adopt a hybrid constraint
formulation composed of:

o A convex polytope acting on the planned states [ay, a,, v;], capturing the dominant
coupled constraints;

e Nonlinear bounds on the control inputs, correcting the envelope near the pure
acceleration limits where the polytope tends to overestimate feasibility.

Convex Polytope Representation. The convex component is a set of linear inequalities
in the space [ay, a;,v;], defined as:

Aggv |0z | < bggy. (3.20)

This representation is derived as the convex hull of the identified g-g-v points, which
may be obtained via simulation or data-driven identification. It captures the feasible
acceleration set over a wide operating range, including coupled regimes.

However, due to the convex nature of this formulation, the polytope generally
overestimates accelerations near the pure longitudinal and lateral axes. For example,
engine torque saturation and aerodynamic drag limit acceleration at high speeds. These
nonlinear effects are not well represented by a convex envelope.

Nonlinear Pure Acceleration Bounds. To correct for the limitations of the polytope
near the axes, we impose additional nonlinear bounds on the control inputs:

g (V) (3.21)
Qmax (Vz)- (3.22)

The longitudinal limits as, ., @z, are identified from either physics-based simulation or
data, and fitted using cubic splines to retain smoothness. The lateral bounds are derived
from the lateral acceleration envelope via the relation a, = v,2, and likewise represented
as speed-dependent splines. This correction ensures realistic saturation behaviour in the
control space without complicating the structure of the state constraints.

Impact on Optimization and Feasibility. The hybrid formulation balances feasibility
and numerical tractability. The convex polytope constrains the state evolution, preserving
a structure that is friendly to the E-NMPC solver, whilst the nonlinear control bounds
correct local inaccuracies. This modularity also allows the bounds to be updated
independently when the vehicle, surface, or operating conditions change. We showed the
impacts of different g-g-v formulations in [49]. We compared our polytopic formulation
against: our previous super-ellipse formulation [25], Veneri and Massaro’s polar spline
representation [48], and Rowold et al. diamond shapes [52]. Ultimately establishing
that our formulation outperformed the others in the resulting lap time whilst remaining
computationally feasible.
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Chapter 4
Vehicle Control

Abstract

This chapter presents the low-level control architecture that enables the Artificial
Race Driver (ARD) to accurately execute the time-optimal manoeuvres planned by
the high-level layer. The controller stack is modular and tailored to the different
nature of longitudinal and lateral vehicle dynamics. Longitudinal control is handled
via a learned Proportional-Integral-Derivative (PID) controller. For lateral dynamics,
we deploy a physics-informed neural network trained to compute steering actions,
augmented by a PID feedback loop for local correction. The chapter details the
design rationale, structure, and implementation of each component, highlighting
how prior knowledge and learning-based models are effectively combined to achieve
accurate, real-time vehicle control in both simulation and real-world conditions.
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4.1 Introduction

The low-level control layer is responsible for executing the time-optimal trajectories
generated by the high-level planner while respecting the physical limits of the vehicle.
Within the ARD framework, this layer plays a critical role in bridging the gap between
the model predictive planner and the actual vehicle control, both in simulation and in
the real world. It must deliver fast and reliable actuation in highly dynamic scenarios,
where the vehicle operates close to its handling limits.

Longitudinal control is realized through a learned PID controller. This choice represents
a practical compromise between simplicity, interpretability, and performance. The
controller is automatically tuned through closed-loop learning, with an emphasis on
achieving responsive yet stable behaviour across the entire speed range. Although
classical in structure, this component has proven sufficient for the scope of time-optimal
acceleration and braking within ARD, and its modular formulation facilitates future
extensions toward more advanced schemes.

Lateral control, by contrast, is handled through a physics-informed neural network that
maps the planned vehicle state to an appropriate steering command. The learning process
is guided entirely by minimal telemetry data, and the resulting network operates in a
pure feedforward manner. To ensure proper closed-loop performance, a PID controller is
integrated in parallel as a correction loop. This hybrid design allows the neural controller
to leverage the modelling capacity of learning-based techniques while relying on the PID
to handle unseen conditions and discrepancies. This approach is especially relevant in
real-world deployments, where the exact system dynamics will not be fully known and
environment uncertainties cannot be ignored.
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4.2 Longitudinal Control

4.2.1 Motivation and Requirements

The longitudinal controller is tasked with tracking the time-optimal speed profiles produced
by the high-level planner. Depending on the specific platform, the control output may
be either a normalized pedal command or a direct acceleration request. In the current
ARD setup, the control signal is a desired acceleration command, with positive values
corresponding to throttle and negative values to braking. This design choice was driven
by the Universitit der Bundeswehr Minchen (UniBW) test vehicles which already feature
an internal controller capable of accepting desired longitudinal acceleration or velocity. In
the case of pedal control, we typically use a gain-scheduling version of this PID controller,
which converts the desired acceleration signal into a pedal position.

Given ARD’s modular structure, the longitudinal control block is designed to be
lightweight, interpretable, and portable across different platforms. While longitudinal
and lateral dynamics are inherently coupled, the longitudinal controller is implemented
independently to simplify deployment and tuning. More tightly integrated approaches
may be explored in future developments, as discussed in subsequent chapters.

4.2.2 Acceleration-Based Correction Controller

The longitudinal controller applies a corrective action to the desired acceleration computed
by the high-level planner to ensure that the vehicle follows the target speed profile. Its
structure mirrors that of the lateral correction controller described in Section 4.3.3,
operating in parallel to the planner and injecting an additive correction term when
velocity deviations are detected.

'Uzmpc — Uzyen PID > Qgzg,

MPC |—> Gz

Figure 4.1: Schematic of the longitudinal control loop. The controller applies a corrective term to the
acceleration planned by the high-level to reduce deviations from the target speed profile. In the case of
pedal based control, we typically use a gain-scheduling version of this PID which converts the desired
acceleration signal into a pedal position.

As shown in Figure 4.1, the feedback correction a,, is added to the planned acceleration
to obtain the final command:
Oy = Qg+ Qag, -

The error is driven by the difference between the planned and actual vehicle velocity,
Vgppe and vy, Tespectively.
The tuning of the PID controller is described in Chapter 6.

4.2.3 Implementation and Real-World Usage

In simulation, the longitudinal correction controller ensures tracking of the planned speed
profile and compensates for minor modelling inaccuracies. The description of the learning
procedure can be found in Chapter 6. In real-world experiments, the longitudinal control
is delegated to the vehicle’s built-in controller, which directly interprets the desired
acceleration or velocity requests.
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4.3 Lateral Control

4.3.1 Motivation and Requirements

The lateral control module is responsible for generating steering commands that execute the
high-level planner’s intended trajectory as accurately as possible, especially in aggressive
manoeuvres near the vehicle’s physical limits. A purely model-based approach is difficult to
maintain across vehicle platforms and operating conditions without extensive identification.
Conversely, purely learning-based methods often suffer from poor generalization or lack
of structure. ARD addresses these issues through a hybrid strategy that combines a
physics-informed feedforward neural controller with a classical feedback loop for error
correction. The goal is to leverage learning where it is most beneficial—capturing complex
lateral interactions—while preserving the interpretability of classical modelling and control
techniques.

4.3.2 Low-Level Feedforward Steering Controller

The network, referred to as Physics-Informed Steering Neural Network (PhS-NN), is
structured around known laws of vehicle dynamics, resulting in a compact, interpretable,
and generalizable inverse model of the lateral dynamics.

PhS-NN is trained via supervised learning using synthetic or real telemetry data.
Its architecture reflects both steady-state and transient lateral behaviours, integrating
vehicle-specific knowledge directly into the network topology. The resulting controller
outputs a feedforward steering command dg, at each discrete time step &, based on future
planned motion.

PhS-NN operates as a discrete-time system with sampling time 7§, and computes:

NN
6ffk :]:N(pkav:l:k7ayk7awk7azk> (41)

where is F(+) a physics-informed neural functional trained to model the inverse lateral
dynamics. The input signals to the model, consist of windows of predicted quantities:

Pr = [Prs-- s Prtal »
Vo = [Vaps s Varay | »
ay, = [ayk, .,aykﬂ] , (4.2)
Azp = [Gay, -5y, ]
a.y, = [az,...,a..,,]

These vectors contain the planned trajectories of transient curvature p, accelerations
[az, ay, a], and longitudinal velocity v,. The vertical acceleration a, accounts for three-
dimensional road effects and is zero on flat tracks.

The design of Fx(-) follows a structured local modelling approach inspired by neuro-
fuzzy systems [172], [173], but adapted to vehicle dynamics. Local models are derived
from simplified nonlinear vehicle equations and combined via smooth partition-of-unity
activations. This ensures that the learned model maintains physically meaningful
behaviours across the operating domain.

We now describe the design of PhS-NN in detail, starting from its core formulation
and progressively extending it to incorporate additional dynamical effects.

4.3.2.1 PhS-NN: Modelling the Pure Lateral Vehicle Dynamics

We begin with the foundational form of PhS-NN, which models the inverse lateral
dynamics of the vehicle on a flat, two-dimensional road under the assumption of negligible
longitudinal and vertical dynamic effects. In this initial configuration, the network receives
only [p, vz, ay] as inputs, omitting a, and a,.
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(a) Base structure.
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[azk,...,azk+q]

Figure 4.2: Schematics of the PhS-NN architectures: (a) base structure and (b) full structure.

The structure, depicted in Figure 4.2a, is formally described by:

Ny Fjl
5Hk = Z (é(pkavwk: ayk) O] (Z](vmk)) (4'3)
=1 qu+1

Here, C—T‘(pk, Vg, Gy, ) is a vector-valued function that models the steady-state steering
behaviour over a time horizon of ¢ 4+ 1 steps. The vector functions d_)j (vzy) partition the
velocity domain into n, overlapping regions, each activating a fully connected layer F; to
capture the transient response characteristics within that range. Figure 4.3a shows the
structure of G(-).

The terms in Eq. (4.3) serve distinct roles:

1. G (Py, Vzk, @y,,) encodes steady-state lateral dynamics through a locally weighted
combination of n, models representing the nonlinear Handling Diagram (HD).

2. Each layer F; learns to combine the future predicted values from G, capturing
transient effects and delays in steering response.

3. The activation functions (5]- define a partition of unity across the v, domain, ensuring
smooth transitions between the different F; layers.

This formulation constitutes the foundational block of the PhS-NN controller. It
enables a compact and physically consistent approximation of pure lateral dynamics by
combining local models of the vehicle’s steady-state behaviour with structured transient
corrections. In the following subsections, we first describe how the HD is encoded and
approximated through these local models. The extension to account for longitudinal and
vertical effects is addressed subsequently.
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(a) Base structure.
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Figure 4.3: Schematics of the G(-) network architectures: (a) base structure and (b) full structure.

Steady-State Lateral Dynamics Modelling

PhS-NN learns the steady-state lateral behaviour of the vehicle via the function
G(py; Vo, y,,) introduced in Eq. (4.3). This formulation is inspired by the nonlinear
HD [24], [174], which characterizes the vehicle’s under- or oversteering response as a

function of speed and lateral acceleration. The HD is typically expressed as:
0 — pL = Kys(ay,vs) (4.4)

where ¢ is the front axle steering angle, p is the trajectory curvature, L is the vehicle’s
wheelbase, and K, denotes the understeering gradient. Positive values of K, indicate
understeering behaviour, while negative values correspond to oversteering. Figure 4.4a
shows how the HD varies with vehicle speed v,.

Locally Weighted Models of the Handling Diagram  To approximate Ks(ay,v;), the
network includes n, local linear models. Each model is centred at a nominal operating
point |a,| = ay, and has the form:

d = pL + ky, sign(ay) + ko, (ay — ayoisign(ay)) (4.5)

where k;, and ko, are learnable parameters. Symmetry in the response for left- and
right-hand turns is enforced using sign(a,).
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(a) Varying v. (b) Local model approximation.
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Figure 4.4: Handling diagram as a function of longitudinal speed: (a) varying v, (b) local model
approximation. Figures taken from our work [25] © 2025 IEEE.

To account for the variation of the HD with speed v, the local models are extended
as:

0 = gi(p, vz, ay) = pL + ku, (va) sign(ay) + ko, (vz) (ay — ay, sign(ay))  (4.6)

with speed-dependent gains parameterized by polynomials:

Tpy

kli (Ux) = Z Clij ’Ui (47&)
7=0
Npy

ko, (va) = ) _ co,, 08 (4.7b)
q=0

where {c1,,, co,, } are learnable coefficients. The polynomial orders n,,, and n,,, are selected
empirically.

Each local model g;(p, vz, a,) is activated by a piecewise linear function ¢;(|a,|), which
ensures a smooth transition between models and satisfies the partition-of-unity property:

3 dillayh =1 (45)

The resulting approximation of the nonlinear HD is defined as:

Ty

d= G(pa Uzaay) = Zgi(pvvxaay) ¢1(|ay|) (49)
i=1

Figure 4.4b shows an example of this local approximation.

Vector Formulation for Transient Dynamics PhS-NN operates on planned trajectories
of future accelerations, provided by the high-level planner. Hence, the previously scalar
formulation of the HD approximation is generalized to vectors:

gi(ﬂk:’uwk7a'yk) = pkL + kli ('Umk) O] Sign(ayk)

) (4.10a)
+ ko, (V) © (ayk = Oy, Slgn(ayk))
é(pka Vzk, ayk) = Z (gz(pka Vzk, ayk;) © (z)z(|ayk|)) (410b)
i=1

The functions @;(|ay,|) are defined element-wise across the prediction horizon:
gi—)’b(‘a'yk)‘) = [(El(‘ayk |)7 LR Qgi(layqu |)] (4'11)
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This yields a vector of predicted front axle angles, spanning from k to k + ¢, which is
processed by a set of fully connected layers. Each layer F; computes a linear combination
of the predicted values, effectively capturing the transient dynamics and the evolution of
the response over the prediction horizon.

Speed-Dependent Transient Response To account for variation in vehicle response

at different speeds, the network includes n, fully connected layers {Fy,...,F, }. Each is
activated by a speed-dependent vector function:
®;(var) = [0 (ver)s - 05(Va,)] (4.12)

The scalar functions qgj() partition the velocity space and ensure that each layer is
active only within a local region. This modular design enables PhS-NN to learn transient
behaviour in a speed-dependent manner.

4.3.2.2 PhS-NN: Modelling the Combined Lateral Dynamics

The previous section introduced the pure lateral dynamics captured by PhS-NN under the
assumption of flat terrain and negligible coupling. This section completes the formulation
by modelling both the combined effects of longitudinal and vertical accelerations on lateral
vehicle dynamics.

Coupled Effects of Longitudinal and Vertical Accelerations To handle combined
lateral dynamics, PhS-NN extends its model to incorporate the influence of longitudinal
a, and vertical a, accelerations. The extended formulation is:

Ny N Fjll
O, = ZZ (G(pkvvmkvaykyamkaGZk)®¢jl(vmkaamk)) (4.13)
j=11=1 F.
qu+1

This formulation introduces:

¢ Additional input sequences azj, and a,, planned by the high-level.

o A generalized vector function G(-), which replaces G(-) and includes local models
of the lateral response under varying a, and a,.

e A set of n, regions in a, and n, in a., each with their corresponding activation
functions and model parameters.

This combined modelling approach equips PhS-NN with the capability to handle
highly nonlinear, coupled conditions as found in aggressive manoeuvres and over non-flat
surfaces.

Quasi Steady-State Combined Lateral Nonlinear Dynamics

We now describe the vector function G(-), depicted in Figure 4.3b and introduced in
Eq. (4.13), which generalizes the HD formulation to model the quasi steady-state combined
lateral dynamics under the influence of longitudinal and vertical accelerations.

Ny Ng Nz

G(pkvvwk7a‘yk7a’wk1a2k) = E E § gihn(pkvvwlmayk7awk7a2k)®

i=1 =1 m=1

© ¢ilm(‘a‘yk|7 L2 azk;)

(4.14)

Each local model g, (-) is activated around a nominal condition {|ay|,az,a.} =
{ayo, @z, s @z, }, With activation functions defined by:

Pim |0y, |, aars azi) = dillay,|) © ¢iazr) © ¢, (azy) (4.15)
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The total number of local models is ny - n; - n., with n, capturing lateral acceleration
effects, n, accounting for longitudinal influence, and n, representing road-induced vertical
load transfer. The activation functions follow the same partition-of-unity principle
discussed earlier, ensuring smooth blending between local models.

Each local function g,;,,, () extends the base handling diagram model by introducing
additional terms for a, and a,, derived from a local approximation of the nonlinear
double-track vehicle model near quasi steady-state. The scalar version reads:

Gitm (P, Vas Gy Qs Q) =

pL + ki, (vg)sign(ay) + ko, (vg) (ay — ayoisign(ay))

+k., (ay — ay,, sign(ay)) (az —az,, ) +ks,, (ay — ayoisign(ay)) (a. —az,, )2

+ kyli kw1l (1+ ke, ) (ay - (ayoi + kyzi )Sign(ay))
X (k% +a, — axol) 1+ kys, (ay — Ay, sign(ay)) (4.16)
+ ko, (az — a%l) + ka, (az — A, )2
+ ke, (a:—az )tk (a:—az, )2

m

+ kZem (az — Gz, )(az - a:rol)
+ ky,, kxsl (ay - ayoisign(ay)) (az — Az, )]

The full vector formulation follows the same logic and is omitted here for brevity. The
sign functions ensure symmetry with respect to the direction of a,,.

Parameter Count and Reduction Strategy The number of parameters per local model
is:
Npars, = (np, +1) + (np, + 1) +4+ 546 =ny, +ny, +17 (4.17)
To avoid parameter redundancy, the model adopts a structured decomposition in
which terms related to lateral, longitudinal, and vertical dynamics are shared across
combinations. The resulting total parameter count becomes:

Nparsg = (Mp, + 1+ np, + 1)ny +4n,, + 5n, + 60, (4.18)

instead of Npars, = nyngne, with no measurable loss in approximation quality. This
decomposition supports efficient learning while preserving expressiveness in high-
dimensional input spaces.

Transient Combined Lateral Nonlinear Dynamics

By combining the local models g,,,,,(+), the function G(-) in Eq. (4.14) returns a vector of
present and future steering angle predictions. As in the initial formulation of PhS-NN, a
bank of fully connected layers is used to model the transient lateral dynamics and refine
the underlying quasi steady-state estimates.

Specifically, PhS-NN employs n,-n, fully connected layers {Fi1,...,F, n, }, illustrated
in Figure 4.2b, each of which computes a linear combination of the entries of the vector
G(py; Vak, Gy, Gz, Gzy). This architecture allows the network to learn speed- and
acceleration-dependent corrections that account for dynamic effects such as actuation
delays and transient tyre responses.

Each layer Fj;, with j € {1,...,n,} and l € {1,...,n,}, has a single neuron with ¢+ 1

learnable weights {Fj;,,...,Fj, ., }, operating on the corresponding ¢ + 1-dimensional
slice of G. Their inputs are selectively activated via vector-valued functions:
1 (Vay Qzg) = (Z)j(vzk) © ¢ (azy) (4.19)

where q_ﬁj and (51 are vector-valued activations based on the scalar partition-of-unity
functions ¢;(v,) and ¢;(az).

The scalar outputs of the activated layers are summed to produce a single steering
angle estimate.
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4.3.2.3 Remarks on the Physics-Driven Internal Structure of PhS-NN

The previous subsections described the architecture of the proposed neural steering
controller, PhS-NN, which is designed according to physics-driven principles. These
principles leverage prior knowledge of vehicle dynamics to guide the network’s structure,
ensuring consistency with known behaviour while retaining the flexibility of a data-driven
model. This embedding of domain knowledge forms a central contribution of our approach.

We now summarize the key vehicle dynamics insights that informed the design of
PhS-NN.

1. Steady-state pure lateral dynamics: PhS-NN learns the vehicle’s HD, a canonical
representation of the understeer/oversteer relationship [175]. Classical vehicle
dynamics indicate that the nonlinearity of the HD is primarily governed by lateral
acceleration a,. PhS-NN exploits this by employing multiple locally activated
models defined over overlapping intervals of a,, while also accounting for speed
dependency through v,.

2. Combined lateral dynamics on 3D roads: When longitudinal acceleration a, and
vertical acceleration a, are non-zero, PhS-NN extends the local models with physics-
inspired terms derived from a local approximation of a nonlinear double-track vehicle
model near quasi steady-state conditions. This enables the controller to capture
the effects of load transfers and road-induced vertical dynamics.

3. Transient lateral dynamics: The lateral dynamic response varies with both vehicle
speed v, and longitudinal acceleration a,, due to physical phenomena such as tyre
relaxation behaviour [175], [176]. To reflect this, PhS-NN includes locally activated
fully connected layers that model transient effects in different regions of the v,—a,
space.

This structured design enables PhS-NN to learn both linear and nonlinear lateral
dynamics, and to generalize effectively even in data-scarce regimes.

4.3.3 Low-Level Feedback Steering Controller

The PhS-NN steering controller described in Section 4.3.2 operates in a feedforward
fashion, computing the control signal dg, based on the high-level planned trajectories.
However, model mismatches and external disturbances (e.g., local variations in friction)
can still introduce trajectory tracking errors.

To mitigate these effects, a PID feedback controller is used to reduce the trajectory
curvature tracking error, defined as ps,,., = ps, — Ps,, Where p,, and pg, denote
the planned and measured trajectory curvatures at time step k, respectively. The
curvature pg is computed as the steady-state approximation Q/V, with € the yaw rate

and V =, /v + 02 the total velocity.

: ks sPrral |

| [vzu “es 7Uzk+q] |

| [ayk,...,aww] 1

| [Ggys--- ,azhﬂ] i PhSNN Ost,

I\ [@zy--- xaqu] ;
—————— + JD;‘
Phimpe ~ Phyen PID Ot

Figure 4.5: Schematic of the lateral controller. Given the planned trajectory from the high-level planner,
it first computes the feedforward steering angle dg, . Then it computes a correcting feedback g, , using
a PID with anti-windup and filtered derivatives based on the steady-state curvature error between the
planned and current trajectory curvatures. The final steering angle dp, is obtained as the sum of the
two contributions.
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As illustrated in Figure 4.5, the feedback correction &g, is added to the feedforward
term dg, to yield the final steering command:

6Dk. = 6ffk + 5fbk.

The tuning of the PID controller is described in Chapter 6.
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Chapter 5
Digital Twin Vehicle Model

Abstract

This chapter presents the vehicle model underpinning the simulation component
of the thesis. A high-fidelity double-track model of a rear-wheel-drive race car is
first introduced. It features realistic powertrain, suspension, and tyre dynamics,
supports three-dimensional circuit topologies, and has been validated extensively
against telemetry data. While this model has served as a reliable digital twin
for closed-loop simulation in the Artificial Race Driver (ARD), offline Optimal
Control Problem (OCP), and performance benchmarking in the past, it also presents
practical drawbacks: it is vehicle-specific, requires expert calibration, and is not easily
differentiable, limiting its use in gradient-based optimization or rapid adaptation
to new platforms. To address these limitations, a Neural Vehicle Model (NVM)
is introduced as a compact and fully differentiable approximation. Its design
balances physical structure with learnable components, enabling efficient training
from telemetry data. Comparative results show that it reproduces the predictive
accuracy of the high-fidelity model while offering greater flexibility and scalability.
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5.2.2 Role in Simulation and Benchmarking . . . . .. ... .. 58
5.2.3 Validation on Real-World Data . . . . ... .. ... ... 59
5.2.4 Challenges in Model Identification . . . .. ... ... .. 60
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5.1 Introduction

Accurate vehicle models are essential for the development and evaluation of autonomous
driving systems. In earlier work, a high-fidelity physics-based model of a racecar was
employed as a digital twin to support simulation and offline optimization. The model
enabled closed-loop evaluation in a realistic simulation environment and was also used to
generate minimum-lap-time benchmark solutions via offline OCP.

The former digital twin was a validated double-track representation of a rear-wheel-
drive racecar equipped with a combustion engine. It captures key non-linearities and
couplings across suspension, tyre dynamics, powertrain, and load transfer, and supports
arbitrary three-dimensional track geometries. Although its development is not a direct
contribution of this thesis, it has been employed extensively in past studies to analyse
vehicle dynamics and benchmark planning strategies.

This approach, however, presents several limitations. The model is vehicle-
specific, requires expert calibration and high-quality instrumentation, and is not easily
differentiable. These drawbacks restrict its applicability in contexts where rapid adaptation
across different vehicles or gradient-based optimization is needed. In real-world scenarios,
where flexibility and generalizability are crucial, such constraints limit its practical
usefulness.
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To address these challenges, this chapter introduces a NVM as a compact and fully
differentiable alternative. Its design combines physical structure with learnable compo-
nents, enabling efficient training from telemetry data while preserving interpretability.
The neural model offers a scalable way to approximate vehicle behaviour across platforms,
with reduced identification effort and predictive accuracy comparable to the double-track
model.

The remainder of the chapter presents both models, their validation results, and
discusses the trade-offs between fidelity and practicality, motivating the adoption of the
NVM in the rest of the thesis.

5.2 High-Fidelity Double-Track Model
5.2.1 Modelling Overview

The vehicle model is a high-fidelity, physics-based model of a rear-wheel-drive racecar. It
is formulated as a 7 Degrees of Freedom (DoF') double-track model with roll dynamics
and supports simulation over three-dimensional circuits. The model captures the main
nonlinear interactions governing vehicle behaviour at the limit, including tyre force
generation and load transfers.

The model includes the following key subsystems:

o Tyre model: Each wheel is modelled using the Pacejka Magic Formula 5.2,
implemented with the PAC2002 parametrization [176]. This formulation captures
combined slip, camber effects, and load sensitivity, enabling accurate simulation of
grip saturation.

e Powertrain and differential: The engine model reproduces the measured torque
curve of the real vehicle and includes a limited-slip differential with a nonlinear
saturation characteristic.

e Braking system: A simplified Anti-lock Braking System (ABS) logic is implemented.
It reduces the brake torque individually at each wheel based on slip thresholds to
prevent wheel lock-up.

o Traction control: A basic traction control logic reduces engine torque when excessive
longitudinal slip is detected at the driven (rear) wheels.

The model has 18 dynamic states and 2 control inputs, grouped in the vectors  and
u, respectively:

T
T = l:n7§a ’U17’Uy7wa:awy7 Qa aa:eaFZflaFZfr7 Fzrl?FZm-’wfl7wa7le’wTT7 6’p] (5 1)
T .
U= [5dotapdot]

Here, n and ¢ are the lateral displacement and relative yaw angle in curvilinear
coordinates, v, and v, are the longitudinal and lateral velocities, and (wy,wy,2) denote
the roll, pitch, and yaw rates. The states I, represent the vertical loads at each wheel,
and w;; are the corresponding wheel angular speeds. The control inputs are the steering
wheel angle rate dqor and the pedal rate pgot, where p € [—1,1] denotes the throttle/brake
command, and 0 the steering angle at the front wheels.

The model captures the full-body and wheel dynamics of a high-performance vehicle
operating at the limits of handling. It supports speeds exceeding 300km/h and
accelerations beyond 1g. This level of fidelity makes it suitable for both closed-loop
simulation of autonomous agents and for the formulation of benchmark trajectories via
OCP.

5.2.2 Role in Simulation and Benchmarking

The high-fidelity double-track model described above has played a central role in the
development of our research on autonomous racing. In earlier work, it served as the
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simulated environment in which ARD was evaluated, enabling a systematic study of
closed-loop performance across different circuits and driving conditions. This role as a
Vehicle Model used as a Simulator (VMS) ensured that planning and control strategies
were tested against realistic nonlinear and coupled vehicle dynamics, representative of
behaviour at the limit.

Beyond its function as a simulator, the VMS has also been used in the past to define
and solve a Minimum Lap Time (MLT) OCP [40]. By solving this problem offline with
full knowledge of the circuit and system dynamics, time-optimal benchmark trajectories
were obtained that served as performance upper bounds. These results, computed with
the PINS software developed by our group, provided valuable context for evaluating the
lap times achieved by ARD.

In the scope of this thesis, the VMS is primarily introduced as a reference model for
validation and comparison. While its fidelity is unmatched, its vehicle-specific nature,
identification requirements, and hard differentiability limit its suitability for the broader
objectives of this work. This motivates the introduction of a NVM, which retains predictive
accuracy while being more adaptable and easier to integrate into optimisation-based
methods.

5.2.3 Validation on Real-World Data

Although the development of the VMS lies outside the scope of this thesis, its accuracy
has been extensively validated using experimental data collected from a high-performance
vehicle driven on track by a professional driver. The validation aims to ensure that the
model faithfully reproduces the dynamics of the real system, thereby supporting its role
as a credible digital twin for both simulation and offline benchmarking.

Due to confidentiality agreements, specific details about the vehicle and test
environment cannot be disclosed. Nonetheless, the validation procedure is described here
for completeness. Telemetry was recorded using a high-precision measurement setup,
including RTK-GPS, inertial sensors, wheel encoders, and measurements of driver inputs
such as steering and pedal commands.

The validation is formulated as an OCP in the spatial domain, where the model’s
control inputs are optimized to track the experimental telemetry data. The objective
function penalizes deviations from key signals: vehicle speed, lateral displacement, and
yaw rate. An additional filtering term is included to regularize the noisy yaw rate
measurements.

The OCP is defined as:

Lirack 1
o 9
mlllmemzilze /0 ) (JUG +J, +Jg + Jﬁlt)dg (5.2a)
: dx(¢) _ f(x(¢), u(¢))
subject to = , 5.2b
: ac v (¢ (5:20)
b(x(0)) = 0, (5.2¢)
c(u(¢)) <0 5.2d)
The cost terms in the objective function are defined as:
ve — g\
JUG = Wv ’
J - n—n\>
n — Wn )
R 2 (5.3)
Jo — Q- Qgyg
Q WQ )
A0\
Jay = (Wﬁlt)
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Here, v is the vehicle’s absolute velocity, n is its lateral displacement, and 2 is its yaw
rate. The symbols 9, N, and ) denote the corresponding telemetry measurements, with
Qﬁlt representing a filtered version of the yaw rate to attenuate noise and driver-induced
transients. The filtering is handled via an auxiliary control variable A€, included in the
cost with a weight Whgy.

Validation results are shown in Figures (5.1, 5.2, 5.3), where all signals have been
normalized to preserve confidentiality. The model reproduces the measured dynamics
with high fidelity across key states. In particular, the longitudinal speed v,, yaw rate €2,
and both longitudinal and lateral accelerations show excellent agreement with telemetry.
Vertical wheel loads and wheel angular speeds are also accurately captured.

These results confirm that the VMS is a suitable digital twin for simulation-based
evaluation and offline benchmark generation. Its predictive accuracy supports its use
as a trusted environment for testing autonomous planning algorithms and for solving
minimum-lap-time OCPs.
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Figure 5.1: Normalized profiles of vehicle longitudinal speed vz, yaw rate 2, longitudinal acceleration a,
and lateral acceleration ay, comparing the VMS with the real telemetry data.

5.2.4 Challenges in Model Identification

While the validated double-track model provides a highly accurate representation of
the vehicle dynamics, its complexity poses significant challenges for identification and
deployment on new platforms. The model includes numerous parameters related to
suspension geometry, mass distribution, tyre behaviour, and powertrain characteristics.
Many of these parameters are difficult to measure directly and require specialized
equipment, controlled experiments, and expert knowledge to estimate accurately.

The identification process is further complicated by the strong coupling between
parameters. Small errors in quantities such as tyre stiffness, aerodynamic coefficients,
or suspension kinematics can lead to substantial deviations in the predicted dynamics.
Achieving high-fidelity performance typically requires iterative calibration using extensive
telemetry data collected under a wide range of manoeuvres. Such procedures are time-
consuming and rely on domain expertise that may not always be available.

Another practical limitation is that the identified model is specific to a particular
vehicle configuration and operating environment. If the vehicle is modified, or when
transferring to a different platform, the identification process must be repeated (at least
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Figure 5.3: Normalized wheel rates for each wheel, comparing the VMS with the real telemetry data.

partially). This hampers transferability, especially in applications where rapid deployment
is desirable.

These challenges motivate the exploration of alternative approaches to vehicle
modelling that reduce the need for manual identification while retaining sufficient accuracy
for simulation and control design. In particular, models that can be partially or fully
learned from data offer the potential for semi-automatic identification, making them more
practical for scenarios where extensive calibration efforts are not feasible.
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5.3 Neural Vehicle Model as a Lightweight Alternative

5.3.1 Motivation and Scope

To address the double-track model limitations, we developed a NVM that combines
a simplified vehicle structure with data-driven parameter identification. By retaining
the physics of a single-track formulation with load transfer and tyre force generation,
the model remains interpretable while requiring far fewer explicit parameters. It is
implemented entirely in PyTorch [177] as a differentiable module, enabling gradient-based
identification directly from telemetry data.

Only a small subset of quantities, such as vehicle mass or basic dimensions, must be
specified manually, while all other parameters are trainable within physically plausible
bounds. This structure not only simplifies the identification process but also enables the
model to be fine-tuned as new data become available, either offline or during operation. As
a result, the NVM can follow the gradual evolution of the vehicle’s behaviour over time—
for instance, due to tyre wear, thermal effects, or varying surface conditions—opening
new possibilities for adaptive control within the ARD framework.

This greatly reduces the effort required to obtain an accurate model for a given vehicle.
In the remainder of this section, we describe the structure of the model in detail and
demonstrate its predictive capabilities by comparing it with a highly accurate simulation
dataset.

Training and Validation Dataset

The dataset used for validating the NVM was collected in a high-fidelity driving simulator.
Professional sim-racing drivers operated a detailed multi-body model of the same vehicle
employed in the real-world dataset used for the high-fidelity double-track model. The use
of simulated telemetry was motivated by the availability of a richer set of signals, which
were required to validate the model thoroughly. Although only a subset of those signals is
shown here for confidentiality reasons, we used telemetry such as lateral and longitudinal
forces to ensure our model was learning the correct dynamics. By contrast, the signals
needed for training form only a small subset that can be easily acquired in practice. The
simulator and its underlying multi-body model are of sufficiently high accuracy that they
are routinely employed in vehicle development prior to physical prototyping, lending
strong credibility to the data adopted in this work.

5.3.2 Internal Structure and Modelling Assumptions

The model retains the same physical equations of a quasi-steady state double-track
formulation, but departs from classical approaches in the derivation of their components.
The derivation explicitly accounts for longitudinal and lateral load transfers, ABS and
traction control mechanisms, as well as differential effects. This is achieved by considering
the contributions of all four wheels throughout most of the derivation and then condensing
them into a highly nonlinear single-track-like representation. The resulting formulation
captures several key effects of high-performance vehicles with greater fidelity, while
preserving the relative simplicity of single-track equations structure. Such a balance
makes the model suitable for future use in OCP formulations. The entire implementation
is developed in PyTorch, allowing efficient gradient computation and direct identification
of unknown parameters from telemetry data.

5.3.2.1 State, Inputs, and Dynamics
The NVM models the following seven states:
z=[z y ¥ v, v O (Sf}—r

)

where (z,y) denote the position of the vehicle’s Centre of Gravity (CoG) in the global
frame, 1 is the yaw angle, (vs,v,) are the longitudinal and lateral components of the
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velocity expressed in the vehicle body frame, €2 is the yaw rate, and ¢y is the front
steering angle. The body frame definition follows the ISO 8855 [169] convention for
ground-vehicles.
The control inputs are
T
U= l:aw 6fctrl]

b

where a, denotes the commanded longitudinal acceleration and dy,,,, the commanded
steering angle at the front wheels. Positive a, corresponds to throttle, while negative
values correspond to braking. This choice is consistent with the actuation interface of
the experimental vehicles at the Universitit der Bundeswehr Miinchen (UniBW), which
accept longitudinal acceleration and front wheel angle as inputs. Using a, directly avoids
modelling intermediate powertrain and braking dynamics, which are not relevant for
the present scope of closed-loop planning simulations. If required for other applications,
the formulation could be extended by introducing a drivetrain model to handle separate
throttle and brake commands.
The dynamics are derived from classical formulations [174], [178] as follows:

& = vz COS Y — vy Sin Y
7 = Vg sin1) + v, cos
=0
m(Vy — v, Q) = Fp — Fp .., — Fron — Fy; sindy + I, cosdy
m(vy + v, ) = F, + F,; cosdy + Fy, sindy
LO = (s(F,, coséy + Fy, sindy) — £, F,, + AF, b, + AF, by + M,

. ) -0 : :
0 = clamp <f°"lf, =0 frnax s 5fmax>
s

(5.4)

Where F,, and Fj, denote the longitudinal and lateral tyre forces at the front axle,
while F,, and F,, are the corresponding forces at the rear axle, obtained as the sum
of the individual tyre contributions (modelled or estimated) as described later. F,
represents the longitudinal aerodynamic drag, and Fio the rolling resistance force. £
and ¢, are the distances from the CoG to the front and rear axles, by and b, the front and
rear track widths, m is the vehicle mass, and I, the yaw inertia. 75 models the actuator
time constant, and & fmax the maximum steering rate. The additional terms AF, b, and
AFy by account for the yaw moments induced by longitudinal force differences at the rear
and front axles, respectively, while M, collects the self-aligning moments contributions at

the wheels. The modelling of each component is detailed in the following subsections.
5.3.2.2 Aerodynamic and Rolling Forces
The longitudinal aerodynamic drag [178] is computed as

Fz,aero = %Pcdﬂg»

where p is the air density, Cy is a trainable drag coefficient (which already includes the
surface area), and v, is the longitudinal speed in the body frame.
The rolling resistance force [178] is modelled as

Fron = comg,

where ¢q is a trainable coefficient, m is the vehicle mass, and g is the gravitational
acceleration.

5.3.2.3 Longitudinal Forces

The commanded longitudinal force is first computed by combining the effect of the desired
acceleration input a, with the resistive forces and a steering correction term:

l .
Fegrn = mag + Fz,aero + Fron + ?rmay S 6f7
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where a, = v, is the approximated lateral acceleration at the CoG, and ¢y is the front
steering angle. The term %may sin 0y approximates the longitudinal component of the
front lateral force generated when the vehicle is cornering with a non-zero steering angle.
We remark that F.i is expressed in the vehicle reference frame, and thus needs to be
projected in the tire reference frames before continuing (F% ;). This is done by accounting

for the steering angle at the front wheels and the driving configuration as follows:

T Fetricos 5+ may siné;
Fctrl - (1—a) cos 0+« v e 20 (throttle),

FT, = faneosdtmauinds g <0 (braking),
where « € [0, 1] is the driving distribution factor, fixed to reflect whether the vehicle is
front- or rear-wheel driven, and 8 € [0, 1] is a trainable braking distribution factor. Thus,
positive (throttle) commands are applied entirely at the driven axle (rear in this case),
while braking commands are split between the two axles.

The commanded longitudinal force FL |, projected in the tire reference frames, is

distributed between the front and rear axles depending on its sign, reflecting the vehicle’s
drive configuration:

{ a|FL |, Fen >0 (throttle), " { (1—a)|FL,|, Fen >0,
f = . r =
BIFL.|, Fen <0 (braking), (1-8)|FL,|, Fun <0,

Once the longitudinal force split between front and rear axles is defined, it is further
distributed to the individual wheels. Since the total F} is computed directly from a,, the
global effects of ABS, traction control, and differential mechanisms are already embedded.
However, the resulting lateral distribution of F, between the left and right wheels of each
axle follows a highly nonlinear relationship that is difficult to express analytically. To
capture this dependency explicitly, we employ two independent Multi-Layer Perceptrons
(MLPs), one for the front and one for the rear axle. Each network has the common
structure

AF, = MLP(ay, ay), (5.5)

where the inputs are the commanded longitudinal acceleration a, and the approximated
lateral acceleration a,. In practice, the yaw rate €2 should also be included among the
inputs as it has a noticeable effect at low speeds, but it was not considered in the present
implementation. Each MLP consists of a fully connected layer with 32 hidden units,
followed by a tanh activation, and a final fully connected layer mapping to a single scalar
output. This compact architecture is sufficient to capture the non-linearities governing
the distribution.
The longitudinal force at each wheel is then computed as:

FxH:%Fxf_AFxfa Fzﬂ:%Fmr_AFzr’ (56)
Fyp = 3F,, + AF,,, Fy., =3F, +AF, | (5.7)

with appropriate clamping to preserve the total force per axle. This formulation allows
the model to approximate the effective longitudinal forces generated at each wheel while
keeping the overall representation lightweight. Figure 5.4 shows a visual representation of
the longitudinal forces’ computation.

5.3.2.4 Vertical Forces

The vertical load on each wheel is obtained by combining the static axle loads with the
effects of aecrodynamic downforce, and load transfers [176]. The static front and rear axle
loads are given by
l 4
T Fstat — f
7 L P

where ¢y and ¢, are the distances from the CoG to the front and rear axles, respectively.

stat __
FZf =mg
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Figure 5.4: Schematic for the computation of the longitudinal forces.

The longitudinal load transfer is computed as
heg
/ Ft 4,

long __
F°"8 = ma,

where heg is the CoG height and a, is the commanded longitudinal acceleration. Positive
a, causes a rearward load transfer, while negative a, transfers load to the front axle.
The aerodynamic downforce is modelled as

aero __ 1 2
Fz - ngdownvwv

where p is the air density, Cyown is a trainable coefficient that already includes the
vehicle’s effective reference area, and v, is the longitudinal velocity. The distribution
of the aerodynamic load between front and rear axles is defined by a second trainable
parameter, Caown split € [0, 1], such that

aero aero aero aero
sz = Cdownfsplit Fz P FZr = (1 - Cdownfsplit) Fz .

The lateral load transfer at the front and rear axles is computed as:

a ‘e’r‘ h’rC
pltr — My ( Bre +e¢hs> (AF,, by + AF,, by + M),

be Ly + Ly - byl
/ h
lat, _ may f Pe 1— hs _re AF, b. +AF,.b M,
F; by \ Ly + 4, (1=cs) brz( § by M),

where a, = v, is the approximated lateral acceleration, h.. is the roll-centre height, and
hs is the vertical distance between the CoG and the roll axis. The parameter €4 € [0, 1]
defines the roll stiffness ratio. The quantities by and b, are the front and rear track widths,
while £; and /£, denote the distances from the CoG to the front and rear axles, respectively.
The last term in each equation accounts for yaw-moment-induced load transfer: AF, and
AF, are the longitudinal force asymmetries between left and right wheels on the rear
and front axles, respectively, which, together with the self-aligning moment M, generate
additional lateral load redistribution. We remark that computing AF,, from the front
longitudinal tire forces is an approximation. One should first project them back to the
vehicle reference frame, but this is not possible given we do not know the left/right front
lateral tire forces at this stage.
Combining these contributions, the vertical loads at each wheel are

Fo, = $F50t — Lplons _ b 4 paero, (5.8)
1

szr _ %Fzsftat _ %leong + antf 4 anfero’ (59)

F,, = §F5it 4 Lplens — platr 4 paere, (5.10)

F,, = 3 F3™ + JF)°8 4 F*br + F2o°, (5.11)
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The use of both longitudinal and lateral load transfer represents a significant extension
compared to traditional single-track models, which typically only account for longitudinal
transfer. Each wheel load is lower-bounded by a minimum value to avoid lift-off.

5.3.2.5 Steering Dynamics

The steering actuator dynamics are represented by a first-order system with a rate limit,
describing the evolution of the front-wheel steering angle §; in response to the commanded
steering input dy,,,,:

. 0fy — 0 : :
(Sf = Clamp (fCtrlf, _5fmax ’ 6fmax> )

Ts

where 75 is the actuator time constant and & fmax 15 the maximum steering rate. Both
quantities can be treated as trainable parameters, but were not in this thesis (see
Paragraph 5.3.2.11). This formulation captures the essential dynamics of real steering
actuators, including finite response speed and rate saturation.

Once the mean front steering angle 6y is obtained, the individual left and right wheel
angles are computed to reflect asymmetries. These are defined as

e = la 5]"207

o, <o,
61:—ao—&-ésaldf—l—(1—65)(2—a1)5f+a25?,
5 =287 — 4,

(5.12)

where ag, a1, and ao are trainable coefficients governing the lateral distribution of steering
between the left and right wheels, due to steering kinematics and suspension effect such
as toe angles and roll steer.

This simple yet flexible parametrization allows the model to reproduce realistic steering
asymmetries. Clamping is applied internally to preserve physical consistency between
both wheel angles.

5.3.2.6 Lateral Slip Angles

The slip angle «; [174], [176], [178] of each wheel i is computed as a function of the
longitudinal and lateral vehicle velocities, yaw rate, and steering angle. The formulation
accounts for the longitudinal position of the axles and the half track-widths, allowing the
computation of individual slip angles for each wheel:

ag = — arctan(vy tjjf_QQ_bf/ﬂg(q_}:(;;g?g/2)> ) (5.13)
gy = — arctan (Uy t}fff Q_bf/f;(j_w (;ﬂ_ ;:gf /2) > ; (5.14)
oy = —arctan(%) , (5.15)
Oy = arctan(%) , (5.16)

where by and b, are the front and rear track widths, respectively.

This computation differs from the simplifications often employed in basic single-track
models, where a single slip angle is associated with each axle. Here, the individual
wheel slip angles allow for a more accurate evaluation of the combined slip effects when
computing the lateral tyre forces.
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5.3.2.7 Estimation of Longitudinal Slips

The estimation of longitudinal slips is based on an approximate inversion of the MF96
tyre model [176]. Instead of computing slip ratios from wheel kinematics, the slip is
inferred directly from the relationship between longitudinal force and slip, thereby ensuring
consistency with the tyre model used in the vehicle dynamics.

The pure longitudinal force in the MF96 formulation is expressed as

F.(k) = d, sin(c, arctan(byr — e, (byr — arctan(byk)))) , (5.17)

where k is the longitudinal slip, b, is the stiffness factor, ¢, the shape factor, d, the peak
factor, and e, the curvature factor.
For inversion, we assume e, = 0, which simplifies Eq. (5.17) to

F,(k) =~ d, sin(c, arctan(b;k)). (5.18)

Rearranging, the slip can be estimated as

~ L tan( L arcsin (2= (5.19)
R~ br an P arcsin dI . .

The approximation captures the increasing nonlinear stiffness of the tyre up to the
peak force, but does not model the characteristic force reduction and subsequent plateau
occurring at higher slips. For the purposes of parameter identification and closed-loop
simulations, this level of approximation has proven sufficient. Importantly, only a reduced
subset of MF96 parameters is required:

{pczlu Pdx1, Pdx2, Pkal, kaS},

which define the effective stiffness, shape, and peak factors.

5.3.2.8 Lateral Forces

Once the vertical loads and slip angles are known, the lateral forces at each wheel are
computed using the MF96 tyre formulation with combined-slip behaviour [176]. The pure
lateral force is first evaluated as

Fyola, F,) =d, sin( ¢, arctan(b,a — e, (b, — arctan(b,« , 5.20
y Yy Y y y\Oy Y

where « is the side slip angle, and b, ¢y, dy, €, are the stiffness, shape, peak, and curvature
factors, respectively.
Combined-slip effects are introduced by scaling Fyo with the weighting function G.:

cos(cyp, arctan(byy k)

cos (cyk arctan(byy Shyn)) 7

Gyr(k,a, Fy) = (5.21)

where & is the longitudinal slip, F, is the vertical load, by, ¢y are shape and stiffness-like
coeflicients, and spy. is a small offset term. The resulting combined-slip lateral force is
Fy, = Gyx(k,a, F,) Fyo(a, Fy). (5.22)
In this formulation, only a reduced subset of G, parameters is required for training:
{reyl, rbyl, rby2},

while other terms (i.e., rhyl, rhy2, rby3) are set to zero. This keeps the parameter set
compact and identifiable while retaining the ability to capture the key nonlinear effects of
combined slip.

The lateral force at each wheel i is then evaluated as

Fyi = Gyni(’ihaiszi)Fin(aiszi)7 (523)
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where F}, is the vertical load on the wheel, x; is the estimated longitudinal slip, and ¢
is the slip angle. Finally, the total lateral forces at the front and rear axles are obtained
by summing the contributions of the left and right wheels:

Fy, = Fyq + Fy, Fy, = Fy, + Fy,. (5.24)
This approach captures load-dependent and combined-slip effects consistently with

the MF96 formulation, while keeping the number of trainable parameters limited for
efficient identification. Figure 5.5 visually shows the computation of the lateral forces.

f

Ir

Figure 5.5: Schematic for the computation of the lateral forces.

5.3.2.9 Implementation in PyTorch

The NVM is implemented in Python using the PyTorch framework, which provides
a convenient balance between modelling flexibility and computational efficiency. The
implementation is modularly organized, where each main component is encapsulated
within a dedicated nn.Module. In particular, the tyre model and the vehicle model
are implemented as separate modules, allowing them to be trained, tested, and reused
independently.

The use of PyTorch enables automatic differentiation of all model quantities, allowing
gradient-based identification of physical parameters directly from telemetry data. At
the same time, the modular design makes it straightforward to swap or refine individual
components without altering the overall model interface. While the current implementation
runs entirely in Python, its design is compatible with a future migration of critical modules
to C++ for improved learning performance.

5.3.2.10 Parameter Constraints

All trainable parameters of the model are implemented as torch.nn.Parameter objects
and constrained using PyTorch’s torch.nn.utils.parametrize functionality. Each
parameter is associated with lower and upper bounds through the utility function
bound_parameter, which registers a custom parametrization module. The raw parameter
is optimized in an unconstrained space, while the parametrization maps it to the valid
interval using a scaled sigmoid function. This ensures that parameters remain within their
bounds throughout training while preserving smooth gradients, even when approaching
the limits.

The bounds for the tyre parameters are derived from the reference values reported in
Pacejka’s book [176, Annex 3]. Bounds for vehicle-level parameters such as roll-centre
and CoG heights are chosen based on typical values for passenger or high-performance
vehicles. Wherever possible, nominal values are obtained directly from available technical
information or estimated using simple relations. For instance, the mass and geometric
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dimensions can usually be measured or found in technical specifications, while the yaw
inertia can be approximated as

b o br o

where ¢ = {y + {, is the wheelbase.

This approach provides a clean and efficient way to enforce constraints directly within
PyTorch’s optimization pipeline. Because the parametrization is part of the computation
graph, gradients flow seamlessly through the constrained parameters, enabling fully
differentiable identification without manual projection or clamping. This is particularly
beneficial for tyre parameters, where unconstrained optimization could otherwise lead to
unrealistic values and poor generalization outside the training dataset.

5.3.2.11 Model Parameters

Table 5.1 lists all parameters of the NVM, together with their meaning, units, and whether
they were treated as trainable in this thesis. Most parameters were optimized directly
from telemetry data, with only a few kept fixed. Tyre parameters follow the MF96
formulation and are initialized within bounds derived from Pacejka’s book [176, Annex 3].

Table 5.1: Parameters of the NVM. The last column indicates which parameters were treated as trainable
in this thesis. Tyre parameters are provided separately for front and rear axles.

Parameter Meaning Units Trainable
m Vehicle mass kg No
I, Yaw inertia kg m? No
by, Ly Distances from CG to front/rear axles m No
be, by Front/rear track widths m No
T, Ty Front/rear rolling radii m No
Vmax Maximum allowed longitudinal speed m/s No
Omin, Omax Steering angle limits rad No
Smax Max steering rate rad/s No
Ts Steering time constant S No
Reg CoG height m Yes
hre Roll-centre height m Yes
Claown Aerodynamic downforce coefficient 1/ m? Yes
Cdown_split Aerodynamic downforce distribution — Yes
Cy Aerodynamic drag coefficient 1/m? Yes
Co Rolling resistance coefficient - Yes
@ Driving force split factor - No
15} Braking force split factor - Yes
€4 Roll stiffness ratio — Yes
Min wheel load Minimum vertical load per wheel N No

Pex1s Pdxls Pdax2; Pkl
Pkx3, Peyls Pdyls Pdy2,
Peyl, Pkyl, Pky2; Teyl,
Tohyl, Thy2

MF96 tyre parameters (front/rear) - Yes

Parameter availability and bounds. A key aspect of training the NVM is the
availability and bounding of parameters. Quantities that are not treated as trainable,
such as vehicle mass, dimensions, or inertial properties, are generally available with
high accuracy and can be considered fixed. In contrast, tyre parameters and other
suspension-related quantities are typically difficult to measure directly, and must therefore
be identified from data. Proper bounding of these parameters is essential, as the same
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kinematic behaviour of the states (x,y, v, vz, vy, Q,d5) can be reproduced by different
underlying force distributions. For example, the parameter ey, which defines part of
the distribution of lateral load transfer between front and rear axles, has a significant
impact: if it is incorrectly bounded (e.g., biased towards the front while the real vehicle
is rear-biased), the model may still achieve a good fit of the observable states while
generating incorrect tyre forces. If tyre-force data are unavailable, such discrepancies
would remain undetected. While this limitation is acceptable when only state trajectories
are of interest, replicating the correct tyre-level behaviour requires bounds that reflect
at least the dominant physical tendencies of the system. This consideration motivated
the use of high-fidelity simulator data in this thesis, as noted earlier. The additional
signals available during validation enabled us to ensure that the identified model captured
not only the observable vehicle states but also the underlying tyre forces with sufficient
accuracy.

The steering actuator parameters 75 and § Fmax Were not treated as trainable for similar
reasons. Since no telemetry was available from autonomous driving experiments, we
could not identify these parameters from data. As a result, actuator dynamics had to
be estimated from known specifications of one available autonomous steering system.
In principle, these parameters could be learned from data, but doing so would require
telemetry recorded during automated operation to ensure that the identified values reflect
the actual actuation behaviour.
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Figure 5.6: Normalized profiles of vehicle longitudinal speed v, yaw rate €2, longitudinal acceleration a.,
and lateral acceleration ay: comparison between the NVM and simulated telemetry.

5.3.3 Comparative Identification Results

The NVM was identified using the dataset introduced in the previous subsection, collected
from a high-fidelity driving simulator with professional sim-racing drivers operating
a detailed multi-body vehicle model. All signals were normalized to comply with
confidentiality agreements. The identification relied on gradient-based optimization
of the trainable parameters within the bounds discussed earlier, while geometric quantities
such as axle distances and track widths were kept fixed.

The dataset used for identification included the vehicle states [z, y, ¥, va, vy, 2, 0],
which were directly matched in the cost function, and the control inputs [as, dy,,,,]. In
addition, the wheel rotational speeds [wyq, we, w1, wyr] Were included in the cost function
exclusively during training. Although wheel rates are not explicit states of the model, they
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Figure 5.7: Normalized vertical wheel loads F, on each wheel: comparison between the NVM and
simulated telemetry.
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Figure 5.8: Normalized wheel rotational speeds: comparison between the NVM and simulated telemetry.

can be computed internally and provide valuable information for improving the estimation
of longitudinal slips. Their use is not strictly necessary—comparable accuracy can be
achieved without them—but they are standard signals available on most production
vehicles via the CAN bus and were therefore considered practical to include. The detailed
training procedure is described in Section 6.5.1 and is not repeated here.

The validation of the NVM was carried out by simulating the model over the entire
recorded telemetry, initializing it only once at the start of the lap and subsequently
feeding it the measured control inputs. To emulate the behaviour permitted in the
OCP-based validation of the double-track model, small corrective actions were applied
through longitudinal and lateral PID controllers. These acted as lightweight feedback
terms, compensating for minor residual discrepancies between model and data. This setup
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demonstrates that, given minimal corrective inputs, the NVM can accurately reproduce
the full telemetry sequence, confirming its capability to capture the vehicle’s dynamics
over long horizons with high fidelity.

Figures 5.6, 5.7, and 5.8 show the comparison between the NVM predictions and
the simulated telemetry for the main vehicle states and wheel-related quantities. The
structure of these figures mirrors that of the double-track validation, enabling a direct
visual comparison between the two models.

The results show that the NVM closely reproduces the dynamics observed in the
simulated telemetry. Longitudinal speed, yaw rate, and accelerations follow the reference
profiles with good accuracy. Vertical wheel loads and wheel rotational speeds are also
well captured, despite the reduced order of the model and the smaller set of trainable
parameters. The reduced identification effort and full differentiability make it a practical
alternative to the double-track model when rapid deployment or frequent re-identification
is required.
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Chapter 6

Learning to Race from Minimal
Telemetry Data

Abstract

This chapter presents the data-driven pipeline that enables the Artificial Race
Driver (ARD) to identify vehicle-specific dynamic models and controllers from
minimal real-world telemetry data. By exploiting only two laps of high-speed
driving recorded by a human driver, the approach systematically identifies the
kineto-dynamical vehicle model required for minimum-time Economic Nonlinear
Model Predictive Control (E-NMPC) planning, the Physics-Informed Steering Neural
Network (PhS-NN) used for low-level lateral control, and the Neural Vehicle Model
(NVM) employed for closed-loop validation and feedback controller tuning. Through
targeted preprocessing, structured identification procedures, and systematic neural
network training, ARD rapidly transitions from no prior knowledge of the vehicle to
near-optimal autonomous performance.
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6.1 Introduction

Driving a vehicle consistently at its handling limits requires accurate knowledge of its
dynamic behaviour. Such knowledge is typically encapsulated within detailed vehicle
models—ranging from physics-based to fully data-driven—that enable precise motion
planning and control. However, acquiring high-fidelity models often demands extensive
measurements, expert calibration, and significant experimental effort, as discussed in
Chapter 5. In practice, several key parameters, such as tyre characteristics, remain
uncertain due to the difficulty of measuring forces directly, limiting the confidence of
purely simulation-based approaches.

Previous work by Piccinini [152] demonstrated minimum-time manoeuvre planning
using high-fidelity vehicle models validated in simulation. While this method yielded
excellent simulated performance, its direct transfer to real vehicles remains challenging.
Relying on pre-validated models introduces sensitivity to model mismatch and unmodelled
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real-world effects, which can degrade both performance and safety. Moreover, such models
are rarely reusable across vehicles, as each new platform demands a complete identification
and validation cycle.

To address these limitations, this chapter presents a data-driven identification pipeline
that learns directly from minimal telemetry data, reducing dependence on detailed pre-
validated models. The approach relies on just two laps of high-speed driving performed
by a human driver, from which it extracts the essential dynamic information required for
minimum-time motion planning and control.

The dataset includes a concise yet informative set of signals: vehicle position (x,y),
yaw angle 9, longitudinal and lateral velocities (v, vy), yaw rate (€2), accelerations
(az,ay), trajectory curvature (p), commanded and measured steering angles (0qtr1,0), and
wheel rotational speeds (wa, wer, wyl, Wy ).

From these signals, the pipeline identifies the key components of the complete ARD
framework: the kineto-dynamical model, and its constraints, used for E-NMP C-based
trajectory planning; the PhS-NN lateral controller; and the NVM employed for closed-loop
validation and feedback controller tuning.

Although some quantities, such as the lateral velocity v,, are noisy and difficult to
measure directly, their estimation remains critical for achieving maximum performance.
Accurate knowledge of lateral dynamics is indispensable when operating near the vehicle’s
physical limits, and such measurements are feasible with instrumentation commonly
available on modern test vehicles. The remaining signals are either already available on
most vehicles or can be easily measured/computed from other quantities (e.g., curvature).

In summary, this chapter presents a data-efficient learning pipeline that enables ARD
to reach near-optimal autonomous performance with minimal prior information. By
combining structured neural identification with real-world telemetry, the method provides
a practical and scalable route toward rapid adaptation across different vehicles and racing
environments. Figure 6.1 shows a schematic overview of the entire identification process.
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Figure 6.1: Overview of the entire identification pipeline. From just two laps of human driven data, we
first identify in open-loop the components needed by the kineto-dynamical model, the low-level lateral
controller, and the digital twin vehicle model. Then, we compute the minimum lap time and proceed
with the identification of the closed-loop corrective controllers.

6.2 Data Acquisition and Preprocessing

Accurate identification relies not only on the quality of the learning algorithms but
also on the integrity of the data on which they operate. This section details the
acquisition and preparation of the telemetry used for model and controller identification.
It first describes the two-lap data collection procedure adopted to obtain a minimal
yet representative dataset, then outlines the filtering and correction steps, and finally
explains the computation of derived quantities required for subsequent learning stages.
The resulting processed telemetry, part of which illustrated in Figure 6.2, forms the basis
for all identification and validation tasks presented in this chapter.
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Disclaimer: The identification results presented in this chapter refer to the real-world
data obtained with an autonomous Volkswagen eCrafter platform. Due to non-disclosure
agreements, the racecar model data cannot be publicly shown.

6.2.1 Two-Lap Telemetry Collection

The core strength of the proposed identification pipeline lies in its simplicity and minimal
data requirements. The data collection process consists of recording two laps driven at
the limits of a human driver’s capabilities. This requires only a driver, a sensor-equipped
vehicle, and a racetrack—the absolute minimum infrastructure for autonomous racing.

In practice, the driver completes two laps around the circuit at the highest achievable
pace. Ideally, telemetry should be collected from “launched laps”, meaning that the
vehicle enters the lap already at speed rather than starting from rest, although this is not
strictly necessary.

To enhance the generalization capability of the identification process, the two laps
should differ slightly in configuration or route. Most circuits support multiple layouts,
making such variation straightforward. Alternatively, the circuit can be driven in reverse
direction or along a slightly different racing line. This variation allows the system to
capture a broader range of the vehicle’s dynamic behaviour.

It is also beneficial for the driver to adopt an aggressive driving style. Aggressive
manoeuvres explore the performance envelope more thoroughly, providing richer and
more informative data for system identification.

Despite these advantages, the quality of the resulting model inevitably depends on the
driver’s ability to approach the vehicle’s true handling limits. An inexperienced driver who
does not fully exploit the available performance will produce less informative telemetry,
limiting identification accuracy. However, known physical characteristics of vehicle
dynamics can mitigate this issue. For example, aerodynamic effects typically yield a g-g-v
diagram with an expanding envelope as speed increases'. This property enables reasonable
extrapolation of the vehicle’s potential performance beyond the directly observed data,
since even professional drivers rarely achieve optimal combined accelerations at very high
speeds.

Another practical limitation concerns the characteristics of the chosen training track. A
fast, straightforward circuit may not sufficiently expose the vehicle’s cornering capabilities,
while a slow and technical layout might not represent high-speed dynamics. Track selection
therefore has a marked influence on the generalization capability of the identified model.
Nonetheless, given that only two laps are required, it is both feasible and advisable to
retrain and fine-tune the model for each circuit on which ARD operates. This process
typically takes less than one hour and offers substantial performance gains relative to the
minimal time investment.

6.2.2 Signal Preprocessing: Filtering and Corrections

Following data collection, the recorded telemetry undergoes preprocessing steps to ensure
data quality and consistency. Initially, all signals are filtered using a Savitzky-Golay filter,
which effectively reduces noise in measurements without significantly altering accurate
data. This filtering particularly benefits noisy signals such as accelerations, providing
cleaner data for subsequent identification procedures.

Next, signals must be referenced to the vehicle’s Centre of Gravity (CoG). If data are
already referenced correctly, no action is required. However, for sensor placements not
coincident with the CoG, as is the case with the Universitit der Bundeswehr Miinchen

IExcept for the longitudinal acceleration, which tends to decrease due to powertrain saturation and
resistive forces.
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(UniBW) vehicles, corrections must be applied. These corrections are performed as
follows:
Vg ¢ Vg + Q- Yshift

Vy — Uy — Q- Tenige 6.1)
. 9 .
Qg < Qg + Q- Yshift + Q°- Tshift

Ay — Ay — Q- Zshift + QQ * Yshift
where Zgpirs and Ygnife represent the distances from the sensor location to the CoG along
the vehicle axes, and €2 is the yaw acceleration computed as a numerical gradient of yaw
rate Q.
Finally, a qualitative comparison between corrected measurements and approximate

reference signals is performed to validate data integrity, ensuring the corrected and filtered
telemetry accurately reflects the vehicle’s physical behaviour.

6.2.3 Computation of Derived Quantities

Following the preprocessing stage, certain additional derived quantities required for
subsequent model identification must be computed. One critical derived quantity, typically
not directly measured, is the transient curvature p, which is computed using the following

relations:
Uy = Gz +§2- vy

Uy = ay — -V,
B _ ’Uy’l)w —2’U$Uy (62)
v
30
b0
v v

where v = , /02 + vg is the total vehicle speed, B is the rate of change of the vehicle’s

sideslip angle, and €2 is the yaw rate. These computations are carried out directly on the
preprocessed telemetry data to yield the transient curvature used in later identification
stages.

6.3 Identification of the Kineto-Dynamical Model for E-NMPC

The kineto-dynamical model forms the core of the minimum-time motion planning strategy
employed by ARD. To briefly reiterate, the Optimal Control Problem (OCP) solved within
the E-NMPC scheme can be expressed as:

¢
min B+ G+ [ L@(Q),u()de (6.32)
s.t. d:fl(g“o = f(x(¢),u(¢)), kineto-dynamical model, (6.3b)
b(x(¢)) =0, initial boundary conditions, (6.3c)
n(¢) € R((), track boundaries, (6.3d)
(x(0),u(C)) € G(-), g-g-v envelope (6.3¢)

)
Vg (t) = Qg (t)v
Ty Uy.(t) + Uy (t) = ‘Fvy (ay (t)a Uy (t)a Qg (t))’ (64)
To(t) + Qt) = Qe (),
Tag Gz (t) + g (t) = Az, (1)

In this section, we identify the essential parameters and characteristics required by
the kineto-dynamical model, specifically focusing on:
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o Construction of the g-g-v diagram, encapsulating the vehicle’s achievable combined
acceleration limits as a function of v,;

« Extraction of lateral velocity characteristics (F%, );

o Identification of the first-order time constants (7,,, T, 74, ) representing the dynamic
response of lateral velocity, yaw rate, and longitudinal acceleration, respectively.

Each of these identification steps will be demonstrated using the real-world telemetry
data partly shown in Figure 6.2.

6.3.1 Construction of the g-g-v Diagram

The g-g-v diagram encapsulates the vehicle’s combined acceleration limits as a function
of v, and it is essential for defining dynamic constraints within the kineto-dynamical
E-NMPC model. As described in Sections 3.2.3.2 and 3.2.3.3, the g-g-v diagram comprises
three main components: a convex polytope representing combined accelerations, nonlinear
pure longitudinal acceleration limits, and nonlinear pure lateral acceleration limits.
Although an additional combined braking limit could theoretically be included, as done
in past work, real-world telemetry rarely contains such extreme conditions, rendering this
additional constraint unnecessary.

The procedure for constructing the g-g-v diagram from telemetry data is semi-
automated and can be summarized as follows:

1. Data Loading and Visual Inspection: Telemetry data are initially loaded and visually
inspected to assess quality and completeness. At this stage, symmetry with respect
to lateral acceleration (a,) is assumed, and data points are mirrored accordingly—a
valid approximation for most vehicles.

2. Identification of Non-Uniform Data Distribution: Telemetry data are typically
unevenly distributed across different speed regions. Dense, informative data are
often available at medium speeds, where both combined braking and acceleration
conditions occur, whereas data at very low speeds (e.g., vehicle launch or corner
exit) and at very high speeds (e.g., on long straights) are sparse or limited to
near-pure longitudinal motion.

3. Extrapolation and Data Filling: To ensure full coverage of the g-g-v space, the
dataset is extended at both low and high speeds. At low speeds, an optimistic
extrapolation is applied, as the associated dynamics are mild and pose minimal risk.
At high speeds, a conservative extrapolation is preferred to account for potential
stability degradation. Two threshold speeds—defining the low- and high-speed
extrapolation regions—are specified interactively by the user. Data points below
the lower threshold are repeated from the threshold down to zero speed, the same
is then done for the upper threshold up to the maximum speed. The result is a
denser g-g-v.

4. Identification of Pure Acceleration Limits: The boundaries of pure throttle, braking,
and lateral acceleration are identified by projecting the 3D data onto 2D planes
and extracting the outer boundaries using an alpha-shape algorithm. The alpha
parameter is tuned interactively to accurately capture the envelope of the data
without being excessively conservative or optimistic.

5. Boundary Smoothing with B-Splines: Once the limits are identified, cubic smoothing
B-Splines are applied to reduce local irregularities and discontinuities. This
smoothing improves the convergence of the E-NMPC solver by smoothing sharp
non-convexities in the identified boundaries.

6. Convex Polytope Fit: A convex polytope is then fitted to the filled-in dataset to
represent the vehicle’s combined acceleration capabilities. This is achieved using a
3D convex hull algorithm applied to the full set of points.
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Figure 6.3: Illustration of the g-g-v diagram identification process. The figure is organized as a 3 x 2 table.
Top row: raw telemetry data and the filled-in dataset after low- and high-speed extrapolation. Middle
row: identification of pure acceleration limits and fitted convex polytope, shown incrementally over the
data points. Bottom row: final combined view including the convex polytope, identified boundaries, and
a cloud of points sampled along the resulting constraint surface. Axis labels and tick marks are omitted
for clarity, as the plots are intended to illustrate the evolution of the constraint shape rather than provide

quantitative results. Together, these plots summarize the complete construction workflow from raw data
to the final g-g-v representation used by the E-NMPC model.
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To illustrate the overall procedure, Figure 6.3 presents the key steps in the construction
of the g-g-v diagram. The figure is organized as a 3 x 2 table: the first row shows the
raw telemetry data and the filled-in dataset after low- and high-speed extrapolation; the
second row depicts the identification of pure acceleration limits and the fitted convex
polytope, both plotted incrementally over the data points; the final row shows the resulting
g-g-v surface obtained by sampling the identified limits. Together, these visualizations
summarize the complete process from raw data to the final g-g-v representation used in
the E-NMPC model.

6.3.2 Extraction of Lateral Velocity Characteristics

The lateral velocity characteristics of the vehicle are critical for accurately reproducing
lateral dynamics within the kineto-dynamical model. The corresponding lateral velocity
dynamics follow the formulation introduced in Paragraph 3.2.2, repeated here for clarity:

Fo,(@y,vz,0:) = fi(ve) (1 +brag + boa?) ay
+f3(vz) (1 + bzag + bya?) az (6.5)
+f5(ve) (1 + bsag, + bga?) %5;-

The parameters of the Lateral Velocity Diagram (LVD) model are identified directly
from telemetry data containing lateral acceleration (a,), longitudinal velocity (vy),
longitudinal acceleration (a,), and lateral velocity (v,). The dataset is divided into
separate training and validation laps, and augmented by exploiting the symmetry
with respect to the lateral acceleration. An adaptive fitting procedure determines the
optimal discretization of v,, evaluating candidate levels through nonlinear least-squares
optimization and selecting the one that minimizes the validation error. The final model
is then validated against the independent dataset to assess its predictive accuracy and
generalization.

Figure 6.4 shows the validation results for the Volkswagen eCrafter, confirming that
the LVD model effectively captures the vehicle’s lateral velocity. Local discrepancies
are visible in certain portions of the dataset, such as shifts observed during straight-line
segments. These inconsistencies originate from imperfections in the measured data rather
than from the model itself. A deeper analysis of such effects, and of how physics-informed
models can reveal underlying measurement errors, is presented later in Section 6.6.
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Figure 6.4: Validation results of the lateral velocity characteristics using the LVD model.

6.3.3 Identification of First-Order Dynamics

The dynamic response of key vehicle states—longitudinal acceleration a,., lateral velocity
vy, and yaw rate {2—is modelled in the kineto-dynamical formulation using first-order
dynamics of the form:

TE(t) + 2(t) = 2etn (t), (6.6)

where 7 denotes the characteristic time constant of the response, x(t) is the measured
state, and ¢t (t) represents the corresponding control action.
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The identification of the time constant 7 is carried out independently for each state
by analysing the frequency content of the telemetry data. The power spectral density
is computed using the Welch method to identify the dominant frequency components.
The cutoff frequency, corresponding to a —3dB power drop from the peak, defines the
effective bandwidth of the system. The time constant is then obtained as

1

T=—
27chutoff

(6.7)

where feutort 1S the identified cutoff frequency.

Because the actual control input signals are not available in the telemetry dataset,
direct estimation of 7 is not possible through classical system identification. Instead, the
validation is performed through simulation of the identified first-order dynamics. The
derivative & is obtained numerically, and the corresponding input signal is reconstructed
using:

Uest = TE + T. (6.8)

The estimated control input is clipped within the observed operating range, and the
resulting simulated response is compared to the measured telemetry. This procedure
provides a practical and consistent way to validate the identified time constants despite
the absence of direct actuation data.

This analysis ensures that the simplified first-order representations of a,, v,, and €2
capture the relevant system dynamics while remaining lightweight enough for real-time
use within the kineto-dynamical E-NMPC framework.

Figure 6.5 shows the results obtained from the identified time constants.
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Figure 6.5: Validation results for the time constants’ identification.

6.4 Low-Level Controller Identification

6.4.1 Training the PhS-NN Lateral Controller

The PhS-NN serves as the low-level lateral controller within the ARD framework.
Its training process follows a streamlined and repeatable pipeline designed to ensure
adaptability across different vehicles while maintaining minimal setup effort.
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The network is instantiated from a set of configurable parameters defined in an external
configuration file, allowing its structure—for instance, the number of channels used for
processing lateral acceleration—to be easily adapted without modifying the core training
code. The training relies on two laps of telemetry data, one used for learning and the
other for validation. These contain the relevant vehicle signals, including longitudinal and
lateral accelerations, speed, transient curvature, and commanded steering angle. To avoid
directional bias, the dataset is symmetrically augmented so that left- and right-hand
corners contribute equally to the learning process.

The PhS-NN is then trained using NNodely [179], a neural network modelling, training,
and deployment package developed by our group. NNodely provides a dedicated framework
for training physics-informed networks and includes direct support for ONNX export.
After training, the model is validated on the second lap using standard error metrics and
visual inspection of the predicted versus measured steering responses.

Once validated, the trained PhS-NN is exported to ONNX format for seamless
deployment in the C++ implementation of ARD. This workflow allows the same training
pipeline to be applied to any vehicle with minimal adjustments, ensuring a consistent
process from data collection to real-time execution.

Figure 6.6 illustrates representative validation results for the PhS-NN controller.
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Figure 6.6: Validation results for the PhS-NN lateral controller, showing predicted and actual steering
responses.

On the choice of steering angle reference. The steering angle used for training can
be defined either at the wheels or at the steering wheel, depending on the requirements
of the target application. If the vehicle accepts the wheel angle directly as control input,
it is preferable to use this signal to avoid potential delays and dynamics introduced by
the steering system. Conversely, if the vehicle only accepts the steering wheel angle as
input, it is advisable to train the PhS-NN using that signal. In such cases, the network
implicitly learns the steering system dynamics, including any delays, and accounts for
them in the resulting control action.

6.4.2 Considerations for Longitudinal Control Identification

In earlier work [152], Piccinini primarily employed two vehicle models: a sedan and a
racecar. Both models accepted as control inputs the steering wheel angle and a pedal
position command (throttle or brake). In these settings, an additional longitudinal
controller was required to convert the velocity profile planned by the E-NMPC into a
desired pedal position, complementing the lateral controller described previously.

In this thesis, while the same racecar simulation model is occasionally used, the
focus is strongly oriented towards real-world deployment using the UniBW test vehicles.
These vehicles accept as inputs the desired longitudinal acceleration or velocity. As a
result, there is no need to design or identify a dedicated longitudinal controller for real-
world experiments, since the UniBW vehicles already incorporate a proprietary internal
controller that translates desired acceleration/velocity into actuator commands.
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It is important to emphasize, however, that devising a longitudinal controller
compatible with the presented identification approach is not inherently difficult. Two
straightforward alternatives can be envisioned:

1. Physics-Informed Neural Network Controller: A longitudinal controller could be
developed following the same principles as the PhS-NN lateral controller. This would
involve training a neural network to predict the inverse longitudinal dynamics from
telemetry data, followed by the identification of a feedback Proportional-Integral-
Derivative (PID) term as described later in this chapter.

2. Gain-Scheduling PID Controller: The gain-scheduling PID controller used by
Piccinini could be re-identified using the same closed-loop identification approach
detailed later in this chapter. This method is already implemented within the
framework, albeit for slightly different purposes, and would readily extend to
longitudinal control.

In simulation, we learn a PID controller to correct the desired longitudinal acceleration
to better follow the desired longitudinal velocity. This controller is not used in real-world
experiments as the vehicles already provide such a controller.

6.5 Closed-Loop Identification

Up to this point, all identification procedures have been performed in an open-loop fashion.
This means that no feedback policy has been learned, and the identified models and
controllers have been derived solely by replicating the behaviour observed in the recorded
telemetry data. With only two laps available, the best achievable outcome is to reproduce
the data as accurately as possible while avoiding overfitting. However, it is not possible
to interact with the data: the identified controllers cannot be applied to the vehicle to
observe how the resulting trajectories deviate from the planned ones.

This limitation is significant, as proper closed-loop analysis requires the ability to
execute a control policy on the system, measure the resulting deviations from the planned
trajectories, and iteratively refine the controller. Performing additional tests to collect
such closed-loop error data would require more laps driven autonomously in open loop at
the handling limits, which is not only costly and time-consuming, but also poses safety
concerns.

A more efficient approach is to identify a sufficiently accurate vehicle model and
use it to perform closed-loop analysis in simulation. By doing so, we can study how
the planner and the open-loop controllers behave in a closed-loop setting, quantify the
residual errors, and identify corrective feedback controllers without the need for further
real-world testing. In our framework, these corrective controllers take the form of PIDs
(optionally gain-scheduling if needed).

6.5.1 Training the Neural Vehicle Model

To enable closed-loop analysis, a NVM of the vehicle is identified from telemetry data
collected over two laps of high-speed driving. The detailed structure of the model was
presented in Chapter 5 and is not repeated here. The present section focuses on the
training methodology and its integration within the overall identification pipeline.

The available telemetry includes position (z, y), yaw angle (¢), longitudinal and lateral
velocities (vg, vy), yaw rate (£2), longitudinal acceleration (a,), both the commanded
and measured steering angles (d¢t,1, 0), and the wheel rotational speeds (wq, wey, Wi, Wy )-
The model accepts the commanded longitudinal acceleration and front-wheel steering
angle as inputs, while the predicted outputs include the vehicle states and the rotational
speeds of the four wheels (wq, we, wyl, wry ), among other things. The wheel rates are used
in the cost function exclusively during training to improve the physical consistency of
the learned dynamics, but are not required during inference. As such, they act as an
auxiliary supervision signal that can easily be obtained from standard on-board sensors.
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The telemetry is segmented into overlapping windows of one second to improve learning.

Formally, given a discrete signal z = [zg,x1, ..., 2], the windowing process produces a
matrix
To X1 v . T
1 xTo oo T4l
X = ,
Tn—k Tn—k+1 --- T

where each row corresponds to one temporal window of length k+1.

For each window, the model is initialized at the measured vehicle state and
integrated forward in time using a differentiable numerical scheme, typically a first-
order Euler method. The loss function penalizes deviations in the main dynamic states
[z,y, 1, v5,vy,Q,0f], as well as auxiliary quantities such as wheel speeds when available,
which substantially enhance the prediction of longitudinal slips.

One lap is used for training and another for validation. To ensure balanced coverage
of left- and right-hand manoeuvres, data are mirrored about the vehicle’s symmetry
axis, exploiting the inherent symmetry of most vehicles. Model validation includes both
short- and long-horizon simulations: in the latter, the model predicts the complete lap
starting from the initial measured state. While drift is expected over long horizons, the
test provides a clear measure of model stability and its ability to reproduce global vehicle
behaviour.
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Figure 6.7: Part of the validation results for the NVM showing short-horizon predictions over a complete
lap. Each prediction window spans 1s, after which the model state is reset to the ground truth before
initiating the next prediction segment.
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After validation, the trained NVM is exported in ONNX format and deployed within
the ARD closed-loop simulation framework. This ensures that the same model used
during training can operate in real time on the hardware platform employed for both
simulation and on-vehicle testing, guaranteeing consistency and reproducibility across all
evaluation stages.

Figures 6.7 and 6.9 show part of the validation results for the NVM, including both
short-horizon and long-horizon predictions. Moreover, Figure 6.8 shows a zoom over
the short-horizon validation resluts to highlight the local errors. The short-horizon case
corresponds to 1s prediction windows, where the model state is periodically reset to the
ground truth, whereas the long-horizon case spans the entire lap without intermediate
resets. Once again, the discrepancies we can see in the lateral velocity are mainly due to
errors in the measured signal, not in the model, which will be discussed in Section 6.6.
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Figure 6.8: Zoom over part of the validation results for the NVM showing short-horizon predictions over
a complete lap. Each prediction window spans 1s, after which the model state is reset to the ground
truth before initiating the next prediction segment.

6.5.2 Closed-Loop Identification and Corrective Control

While the open-loop PhS-NN lateral controller provides accurate feedforward steering
actions, its lack of feedback correction limits its ability to compensate for unmodelled
dynamics, disturbances, and residual identification errors. To analyse and improve
closed-loop behaviour, the controller must therefore be embedded within a differentiable
simulation framework.
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Figure 6.9: Part of the validation results for the NVM showing long-horizon prediction over an entire
lap. We can see that the prediction is accurate for the first ~ 20 s of the horizon, and then degrades as
expected.

Running the full E-NMPC in closed loop would represent the ideal setup, since this
is the intended operational framework. However, such an approach is computationally
prohibitive and non-differentiable?, preventing end-to-end optimization. Instead, as shown
in Figure 6.1, we use a precomputed Minimum Lap Time (MLT) trajectory obtained
by solving the same E-NMPC problem over the entire circuit with cyclical boundary
conditions. Fixing the reference trajectory removes the need to re-run the planner during
identification while retaining realistic optimal driving conditions. The open-loop steering
commands corresponding to this trajectory are precomputed, allowing differentiable
closed-loop tracking simulations using the NVM.

Residual tracking errors are compensated by introducing corrective feedback controllers
in the form of PIDs for both lateral and longitudinal dynamics. These controllers are
implemented as differentiable PyTorch modules with anti-windup and filtered derivative
terms, jointly optimized together with the NVM in a single computational graph:

PID — Neural Vehicle Model — Integration Step — PID — ...

This setup preserves full differentiability across the entire simulation loop, enabling
efficient gradient-based optimization. Typically, convergence is achieved within a few
minutes of training.

2Techniques to differentiate an MPC exist, but at the moment of writing they are not feasible for
this application.
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Including a longitudinal PID is essential, as differences between the kineto-dynamical
model and the NVM can otherwise lead to time desynchronization between the simulated
and reference trajectories. Both PIDs can also be gain-scheduling, with each of the five
gains—~k,,, ki, ka, kqw, and n—expressed as small MLPs scheduled by the longitudinal
speed v,. The resulting gain profiles can then be approximated by splines for real-time
deployment.
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Figure 6.10: Part of the validation results for the NVM with corrective PID controllers, showing short-
horizon prediction over an entire lap. Each prediction window spans 1s, after which the model state is
reset to the ground truth before initiating the next prediction segment.

Figures 6.10 and 6.11 show part of the validation results for the NVM, including
both short-horizon and long-horizon predictions. The short-horizon case corresponds
to 1s prediction windows, where the model state is periodically reset to the ground
truth, whereas the long-horizon case spans the entire lap without intermediate resets.
In particular, we can see that with the addition of the corrective controllers, the NVM
can now accurately predict the trajectory over basically the entire telemetry even in the
long-horizon case.

6.6 On Error Detection and Interpretability of Physics-Informed
Models

During the development of the NVM, an unexpected yet valuable property of the physics-
informed approach emerged: its ability to reveal inconsistencies in the dataset that would
likely remain unnoticed when using black-box data-driven models.
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Figure 6.11: Part of the validation results for the NVM with corrective PID controllers, showing long-
horizon prediction over an entire lap. Contrary to the results without corrective feedback terms, we can
now see that the model successfully predicts the vehicle motion for almost the entire telemetry duration.

The dataset was collected with the UniBW Volkswagen eCrafter, a large electric van.
At first inspection, the telemetry appeared consistent with expectations for the vehicle and
driving conditions. The data were reported to be expressed with respect to the centre of
the rear axle, and a corresponding shift correction was therefore applied. Once corrected,
however, unusually high sideslip angles and lateral velocities were observed—values more
typical of high-performance vehicles. Although the driving style during data collection
was aggressive, such magnitudes were surprising but not implausible given the eCrafter’s
high CoG and the high curvature of the track.

During identification, the estimated lateral velocity systematically underestimated
the measured signal. At that stage, model parameters were still unconstrained, and a
generic neural compensation term was introduced into the lateral velocity dynamics as an
experiment. This partially reduced the discrepancy but failed to eliminate it. When the
generic term was removed and the parameters were constrained to physically meaningful
ranges, the mismatch became more apparent.

This behaviour suggested that the reference point of the velocity measurement
might have been misinterpreted. Repeating the analysis under the assumption that
the signals were already expressed at the CoG partly resolved the issue, as the correction
v;‘m = vy — Q xeniry increases the lateral velocity when the reference point lies behind
the CoG. Assuming an incorrect negative longitudinal shift would therefore inflate v,.
Subsequent discussions with the vehicle engineer confirmed that, following a vehicle
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update, the shift correction had indeed not been applied—the measurements were still
referred to the sensor location rather than the rear axle centre.

Further analysis indicated that the longitudinal offset required to match one of the v,
peaks in the telemetry to the one predicted by the NVM was approximately 62 cm. The
engineer later verified that the sensor was located about 56 cm from the CoG, with an
additional lateral offset.

A final observation concerned a drift in the measured v, signal, especially on straights,
where it remained up to 10% of its cornering peak. The model consistently refused to
reproduce this behaviour, since sustaining a high lateral velocity during straight-line
motion is physically implausible. A similar drift was later found in data from another
UniBW test vehicle, a Volkswagen eGolf. Further investigation, in agreement with the
vehicle engineer, suggested that the issue likely originated from the employed Kalman
filter or its input sensors, though the precise cause remains under examination.

Interestingly, the LVD identification also failed to replicate these artefacts, confirming
that the physics-informed structure naturally rejects unphysical trends. This outcome
highlights a crucial benefit of physics-informed modelling: rather than overfitting to
spurious data, such models expose inconsistencies that can be systematically investigated
and resolved. Collaboration with the vehicle engineer was essential in verifying these
findings.

This episode demonstrates that physics-informed models not only enhance generaliza-
tion and robustness, but also improve interpretability and trustworthiness. In data-limited
contexts such as the two-lap learning framework, this property is particularly valuable:
by refusing to model unphysical behaviour, physics-informed models act as a natural
safeguard against erroneous conclusions that might otherwise pass unnoticed in black-box
data-driven approaches.
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Chapter 7
Test Setup

Abstract

This chapter presents the experimental setup adopted to evaluate the Artificial Race
Driver (ARD) in simulation and real-world conditions. Two circuits are considered:
the Universitit der Bundeswehr Minchen (UniBW) test track, where both simulation
and real-world tests are performed, and the Circuit de Barcelona—Catalunya, a well-
known and balanced racetrack used as a simulation benchmark. Two vehicles are
evaluated: a Volkswagen eCrafter, tested both in simulation and on track, and a
high-performance racecar analysed in simulation only. The chapter describes the
main characteristics and challenges of the selected tracks and vehicles, and provides
an overview of the experimental setup. Details on software architecture are omitted,
as they were already discussed in Chapter 2.
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7.1 Introduction

Part II presents a comprehensive evaluation of ARD in both simulation and real-
world conditions. The aim is to demonstrate that ARD, when provided with models
and controllers identified from only two laps of human-driven data, as described in
Chapter 6, can achieve competitive performance in a variety of driving scenarios. This
part consolidates the theoretical developments introduced in Part I into a set of structured
experiments designed to assess the system’s capabilities, limitations, and practical
applicability.

The evaluation is carried out on two circuits with distinct characteristics: the UniBW
test track, a short and technical circuit where both simulation and real-world tests
are performed, and the Circuit de Barcelona—Catalunya, an internationally recognized
racetrack with a balanced layout that serves as a benchmark for simulation studies. Two
vehicles are considered: a Volkswagen eCrafter, tested in both simulation and on track,
and a high-performance racecar, analysed in simulation only. The real-world tests were
conducted on a slightly shortened and smoothed variant of the UniBW layout, introduced
for safety reasons while preserving the circuit’s overall character.

The use of both simulation and real-world experiments serves complementary purposes.
Simulation enables extensive testing under controlled conditions, including the analysis of
extreme or unsafe scenarios that cannot be explored on track. Real-world experiments,
on the other hand, validate the overall framework in realistic conditions and provide
a practical benchmark. In particular, the inclusion of at least one identical test case
in both simulation and real-world settings allows for a direct comparison of sim-to-real
discrepancies, quantifying the impact of modelling errors, environmental variability, and
identification inaccuracies.
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7.2 Chosen Tracks

Two circuits are used for the evaluation of ARD: the UniBW test track and the Circuit
de Barcelona—Catalunya. These tracks were selected to provide complementary testing
conditions, combining the practicality of real-world access with the relevance of a well-
known international racing circuit. Their different layouts and physical characteristics
allow for a diverse assessment of vehicle dynamics and trajectory planning performance.
Qualitative layouts of both tracks are shown in Figure 7.1, providing quick visual reference
for the subsequent discussions.

In the case of the UniBW circuit, two configurations are considered. The full layout
is used for simulation studies, while a slightly shortened and smoothed version was
adopted for the real-world experiments. The latter modification was introduced to ensure
safe testing conditions given the presence of fixed obstacles and the limited accuracy of
the track boundary alignment. A detailed description of the real-world layout and the
corresponding adjustments is provided in Section 7.2.3.

7.2.1 UniBW Test Track

The UniBW test track is a short, technical circuit located at the Universitdt der
Bundeswehr Miinchen. It features a compact layout with a mixture of tight corners and
short straights, providing a challenging environment for vehicle control and trajectory
planning. The track surface is representative of typical flat road conditions, with limited
grip and local surface imperfections that can affect vehicle behaviour. In simulation, the
full layout is employed, whereas the real-world tests are performed on a shortened variant
introduced for safety reasons.

7.2.2 Circuit de Barcelona—Catalunya

The Circuit de Barcelona—Catalunya is an internationally recognized racetrack located
in Montmel6, Spain. It is widely used for professional motorsport events, including
Formula 1 and MotoGP, and is well known for its balanced combination of high-speed
straights, medium-speed corners, and technical low-speed sections. The circuit length
and layout make it an ideal benchmark for evaluating the performance of minimum-time
planners and controllers in a realistic but purely simulated high-performance context.
Importantly, the circuit can be approximated as two-dimensional for the purposes of
trajectory planning, which aligns with the scope of this work. While 3D effects such
as elevation changes exist, their influence is limited compared to more topographically
complex tracks. For this reason, the circuit allows for a credible evaluation of ARD in
simulation without overemphasizing contributions outside the focus of this thesis (namely,
ARD’s 3D extension).

7.2.3 UniBW Short Test Track

For the real-world experiments, a shortened and slightly modified variant of the UniBW
test track was adopted. The adaptation was motivated by safety considerations arising
during on-track deployment. As detailed in Chapter 9, the alignment between the real
and the measured track boundaries was affected by positional offsets, which required
additional safety margins to prevent driving off track. While most corners remained
unaffected, two sections were modified to ensure sufficient clearance from surrounding
obstacles. Corner 3 was bypassed entirely due to the proximity of a structural pole that
could not be safely avoided within the available margin. In contrast, Corner 12 was
preserved but locally smoothed to reduce the risk of running close to the outer boundary.
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(a) UniBW track

Figure 7.1: Layouts of the UniBW, Catalunya, and UniBW Short tracks with corner numbering. Along
the track, perpendicular lines are placed at regular 100 m intervals. These layouts serve as quick reference
for the following results discussions.

7.3 Test Vehicles

Two vehicles are considered for the evaluation of ARD: a Volkswagen eCrafter and a
high-performance two-seat racecar. The eCrafter is used in both simulation and real-world
testing, whereas the racecar is analysed in simulation only. These vehicles span a wide
range of dynamic characteristics, from a heavy commercial van with a top speed of
90km/h to a road-legal racecar capable of 340 km/h. Both platforms rely on the two-lap
identification strategy described in Chapter 6, allowing ARD to be evaluated consistently
under minimal data requirements despite the large differences in vehicle dynamics.

In simulation, both vehicles include physical actuator limits, but are free from real-
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Figure 7.2: Vehicles considered in this thesis. Volkswagen eCrafter (left) used for both simulation and
real-world testing, and a high-performance racecar (right) used in simulation. For confidentiality reasons
we cannot show an actual picture of the racecar, the presented sketch (Al generated) is purely qualitative
to make evident the type of considered vehicle.

world actuation constraints such as safety system interventions. In contrast, the real
eCrafter imposes strict conditions: if the steering rate exceeds internal thresholds, or if
the Electronic Stability Programme (ESP), Anti-lock Braking System (ABS), or rollover
protection intervene beyond a certain unknown limit, the automation is immediately
deactivated, and the lap is terminated. These safety constraints fundamentally differ from
actuator saturation, as a single infeasible control action irreversibly ends the experiment.
It is important to note that these security thresholds are unknown and therefore posed a
significant challenge for the real-world deployment.

7.3.1 Volkswagen eCrafter

The Volkswagen eCrafter is a fully electric commercial van with a top speed of
approximately 90km/h, high mass, high centre of gravity, and moderate power and
acceleration. Although its dynamic performance is limited, the actuation system is
relatively responsive, allowing for effective low-speed manoeuvring. In real-world testing,
however, any violation of steering-rate, ESP, or ABS thresholds leads to immediate
deactivation of automation, ending the lap. This requirement forces ARD to generate
trajectories that are not only time-efficient but also conservative enough to guarantee
feasible execution under these constraints. The vehicle is shown in Figure 7.2.

7.3.2 Racecar

The second platform is a high-performance two-seat racecar, road legal yet capable
of approximately 340km/h. Its low mass, powerful engine, and advanced suspension
and braking systems provide significantly higher performance than the eCrafter. This
vehicle is analysed exclusively in simulation, where it serves as a reference for ARD
under extreme dynamic conditions. No photograph of this vehicle is included for
confidentiality reasons, but its characteristics alone highlight the contrast with the eCrafter
and demonstrate ARD’s ability to generalize across very different vehicle dynamics. A
qualitative representation of this vehicle can be found in Figure 7.2.

7.4 Test Setup

All simulations and real-world tests are executed on the same computational platform
to ensure consistent performance across experiments. ARD is run on a 16-inch Apple
MacBook Pro equipped with an M2 Max processor and 32 GB of RAM, which provides
sufficient resources to execute the high-level planner, the low-level controllers, the vehicle
model, and the visualizations in real-time. All simulation experiments, including trajectory
planning, vehicle control, and closed-loop evaluations, are performed on this laptop without
the need for additional hardware.
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(a) Simulation setup (b) Real-world setup
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Figure 7.3: Schematic overview of the experimental setup for simulation and real-world tests. In
simulation the entire stack runs locally on the laptop. During real-world tests, no vehicle is simulated,
and communication with the real vehicle is handled via a custom ROS bridge.

For real-world tests, the high-level motion planner and low-level controllers are likewise
executed on the same laptop, which is connected to the vehicle through a ROS-based
interface. A ROS bridge runs on the vehicle, handling communication with on-board
sensors, actuators, and interface modules. All perception and actuation signals, as well
as safety-related messages, are processed directly on the vehicle, while the planning and
control stack runs remotely on the laptop.

Communication between modules uses local TCP or inter-process communication
during simulations, ensuring low-latency data exchange. For real-world deployment, the
laptop connects to the vehicle via wired Ethernet using TCP. This arrangement provides
both the throughput and robustness required for real-time operation while maintaining
the flexibility to run the complete ARD stack on a portable computational platform.

Using the same hardware and software environment across all tests ensures that
differences in performance between simulation and real-world experiments arise from the
vehicle and environment rather than from computational constraints or architectural
changes. A schematic overview of the setup is shown in Figure 7.3.
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Chapter 8
Evaluation in Simulation

Abstract

This chapter presents a comprehensive evaluation of the Artificial Race Driver (ARD)
in simulation, where controlled conditions make it possible to test extreme scenarios
that would be unsafe or impractical in real-world experiments. Offline Minimum Lap
Time (MLT) trajectories are first computed for each track and vehicle combination
using the kineto-dynamical planner, providing theoretical lower bounds for lap times.
ARD is then assessed against these baselines in terms of lap times and utilization of
the vehicle’s dynamic capabilities. In addition, its response to non-ideal operating
conditions, such as dropped messages and sensor noise, is analysed to assess the
system’s behaviour under realistic disturbances. The chapter also shows how ARD’s
behaviour can be biased towards different cornering approaches, such as preferring
early or late apex trajectories, by tuning specific planner parameters. These results
demonstrate that ARD achieves near-optimal performance while adapting to different
cornering styles and vehicle models.
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8.1 Introduction

Simulation is a fundamental tool for evaluating ARD as it enables testing under controlled
and repeatable conditions, without the constraints, risks, or costs associated with real-
world experiments. The complete ARD stack runs in real-time on the same hardware
used for experimental tests. This ensures that simulation results are directly comparable
to real-world ones, while allowing tests at extreme operating conditions, such as high
speeds and near-limit manoeuvres, that may be unsafe to reproduce on track.

Two distinct vehicles are considered: the Volkswagen eCrafter, a commercial electric
van with a top speed of approximately 90 km/h, and a high-performance racecar capable
of 340 km/h. These vehicles span a broad range of dynamic characteristics, from the
low-power, high-mass eCrafter to the lightweight, high-power racecar. The same two-lap
learning strategy is used to adapt ARD to each vehicle, enabling consistent comparisons
across a wide dynamic envelope. It is important to stress that ARD never drives the
vehicle during this learning process. The two-lap strategy consists of identifying high-level
models, open loop controllers, and a Neural Vehicle Model (NVM) from real data, followed
by small closed-loop corrections on steering and acceleration with the learned model,
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using the MLT trajectory as reference. No online tuning of the controllers is performed.
This makes the subsequent evaluations effectively zero-shot, and any transfer to new
tracks a genuine test of generalization.

For each vehicle and track combination, four types of solutions are computed:

e« MLT: offline trajectories obtained with the kineto-dynamical planner, serving as
theoretical lower bounds.

e MPC: the same optimization problem solved online with a receding horizon,
validating the planner formulation.

e CL-SYNC: closed-loop execution with a driven vehicle model and synchronous
evaluation, demonstrating that ARD can control a vehicle near the limits without
prior online training.

e CL-ASYNC: closed-loop execution in asynchronous mode, introducing realistic
delays as in the real-world deployment, showing readiness for experimental validation.

This progression provides a cohesive evaluation path. Comparing MLT to MPC
validates the planner’s ability to approach the theoretical optimum. Comparing MPC
to CL-SYNC demonstrates that ARD’s hierarchical structure, despite relying only on
minimal corrective tuning, can stably control a vehicle model near the limits. Finally,
comparing CL-SYNC to CL-ASYNC highlights the effects of real-time execution and
asynchronous delays, bridging the gap to real-world deployment. In addition, the results
for the eCrafter are reported both on a track used for training and on a previously unseen
validation track. Instead, the results obtained with the racecar are all obtained on unseen
tracks, as the track used for training cannot be disclosed. These choices demonstrate
ARD’s ability to transfer knowledge across circuits.

The remainder of this chapter is organized accordingly. Section 8.2 presents the
comparison between MLT and MPC. Section 8.3 analyses the differences between MPC
and CL-SYNC. Section 8.4 reports the effect of asynchronous execution. Section 8.5
discusses the computation times achieved by the proposed formulation and implementation.
Section 8.6 evaluates the system behaviour under non-ideal operating conditions, including
dropped messages and sensor noise. Finally, Section 8.7 demonstrates how ARD’s
behaviour can be biased towards different cornering approaches, such as favouring early
or late apex trajectories.

All simulations share the same initial conditions: the vehicle starts 10 m before the
finish line at a speed of 1 m/s. Results are reported from the moment the vehicle first
crosses the finish line to the completion of the lap, ensuring consistent comparisons across
vehicles, tracks, and solution types. Each result is visualized in a single figure with a fixed
4x2 layout. The first row shows the track with the trajectories, followed by longitudinal
velocity v, sideslip 3, longitudinal and lateral accelerations a, and a,, yaw rate €2, and
the g-g diagram. Lap times are reported in Table 8.1.

Table 8.1: Lap times of MLT, MPC, CL-SYNC, and CL-ASYNC for each vehicle and track.

Vehicle Track tvrr [8] tumpc [s] tcr-syne [s] tor-asyne [s]

eCrafter UniBW 146.038  146.139 149.566 149.988
Catalunya 197.382  197.458 202.640 203.561

Racecar UniBW 86.682 86.748 87.875 88.917
Catalunya 111.046 111.182 112.803 113.894

8.2 MLT vs MPC

This section compares the offline MLT solutions with the online MPC trajectories. The
objective is to validate that the receding-horizon formulation achieves performance close
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to the theoretical optimum, both on the track used for training and on a previously
unseen circuit used only for validation. Lap times are summarized in Table 8.1.

8.2.1 Volkswagen eCrafter

For the eCrafter, the MLT is solved once over the full lap with strict initial conditions and
free final conditions. The MPC instead uses a 200 m horizon with 200 mesh points. To
prioritize continuity between successive solutions, a cost term penalizes state deviations
from the first metres of the previous trajectory. In addition, strict initial conditions are
enforced at each step on all states, while soft final conditions on n and £ gently bias the
solution towards the centreline, providing a limited preview of the upcoming track. The
long horizon and fine discretization increase computation times but yield a solution closer
to the MLT optimum. For real-time applications, both horizon length and mesh density
will be reduced.

UniBW track (fraining). Figure 8.1 shows the comparison on the Universitit der
Bundeswehr Minchen (UniBW) circuit, where ARD was trained. The MPC trajectory
closely follows the MLT solution, with only minor deviations in corner approach and exit.
These differences stem from the finite-horizon formulation: while the MLT problem has
full knowledge of the track and can optimize each entry and exit with respect to the
remaining track, the MPC can only plan within its limited horizon. This occasionally
leads to suboptimal corner placement and a small loss in lap time. As a result, the
MPC is about 0.101 s slower than the offline benchmark. Nonetheless, the state profiles
confirm the overall similarity, and the g-g diagram shows that the MPC reaches combined
acceleration levels comparable to the theoretical optimum.

Catalunya track (validation). On the unseen Catalunya circuit (Figure 8.2), the
outcome is similar. The lap time difference is slightly smaller, around 0.076 s, and the
state profiles together with the g-g diagram confirm that MPC produces a trajectory very
close to the MLT. In this case the discrepancy is even less pronounced than on the UniBW
track. This can be explained by the characteristics of the Catalunya circuit. Although
it combines sharp corners with long straights, it is comparatively less demanding for a
slow vehicle such as the eCrafter. With a top speed limited to 90 km/h and a narrow g-g
envelope, the van can maintain relatively high speeds throughout most of the lap. This
is evident from the velocity profile. Consequently, the reduced MPC horizon does not
cause significant differences in cornering strategy compared to the MLT. Interestingly,
we can clearly see the effects of the reduced horizon. The Catalunya track has several
corners right after long straights. If we focus on corners 1, 4, and 10, we can clearly see
that the MPC planned a different trajectory, only to realize it needed to change it due to
the upcoming corner. This is evident from the lateral acceleration profile right before the
entry to those corners.

8.2.2 Racecar

For the racecar, the MLT is again solved once over the full lap with strict initial conditions
and free final conditions. The MPC reduces the horizon to 300 m, with 300 mesh points.
As with the eCrafter, a cost term penalizes state deviations from the first metres of the
previous solution to maintain continuity. Strict initial conditions are enforced at each
step on all states, and soft final conditions on n and £ provide a limited preview of the
track ahead. The fine and long mesh increases computation times, but ensures we get
a solution more similar to the MLT one. For real-time applications the mesh will be
reduced both in length and number of points.

UniBW track (validation). On the unseen UniBW circuit (Figure 8.3), the MPC
produces competitive lap times. Interestingly, the gap with the MLT decreases compared
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Figure 8.1: Telemetry for the eCrafter on UniBW: MLT vs MPC. At the top, the racetrack with the two
trajectories, and the legend with the solution names and lap times. Below it, the longitudinal velocity vy,
the longitudinal acceleration a,, the lateral acceleration a,, the g-g diagram, the yaw rate €2, and finally
the side slip angle 3. All plots, except for the trajectories, are plotted against the curvilinear abscissa (.

to Catalunya. This is the opposite trend observed with the eCrafter. For such a high-
performance vehicle, running at comparatively lower velocities places operation in a
more manoeuvrable region of the g-g envelope, with larger feasible combined and pure
longitudinal accelerations. As a result, differences in cornering approach are less critical,
and the lap time difference reduces to about 0.066 s.
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Figure 8.2: Telemetry for the eCrafter on Catalunya: MLT vs MPC. At the top, the racetrack with the
two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal velocity
vz, the longitudinal acceleration a;, the lateral acceleration ay, the g-g diagram, the yaw rate 2, and
finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear
abscissa (.

Catalunya track (validation). For the racecar on the Catalunya track (Figure 8.4),
another unseen track, the MPC achieves near-optimal performance. As with the eCrafter,
the state profiles closely match those of the MLT solution, with only small differences in
corner approach and exit. The g-g diagram confirms that the MPC also operates at the
dynamic limits, similarly to the offline optimum. The lap times differ only slightly, with
the MPC being about 0.136 s slower.

Overall, these results show that the receding-horizon MPC formulation achieves
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Figure 8.3: Telemetry for the racecar on UniBW: MLT vs MPC. At the top, the racetrack with the two
trajectories, and the legend with the solution names and lap times. Below it, the longitudinal velocity vy,
the longitudinal acceleration a,, the lateral acceleration a,, the g-g diagram, the yaw rate €2, and finally
the side slip angle 3. All plots, except for the trajectories, are plotted against the curvilinear abscissa (.

performance very close to the offline MLT benchmark on both vehicles and both circuits.
The lap time differences remain well below 0.2 s, and the state profiles together with the
g-g diagrams confirm that the MPC consistently exploits the available dynamic envelope.
Although the racecar model is technically capable of speeds up to 340 km/h, we can
see that it only reaches about 250 km/h in our simulations. This is a limitation of learning
directly from human-driven data. In the dataset the human driver did not exceed speeds
over 250 km/h, and we therefore had to assume that was the maximum vehicle speed.
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Figure 8.4: Telemetry for the racecar on Catalunya: MLT vs MPC. At the top, the racetrack with the two
trajectories, and the legend with the solution names and lap times. Below it, the longitudinal velocity v,
the longitudinal acceleration a,, the lateral acceleration a,, the g-g diagram, the yaw rate €2, and finally
the side slip angle 3. All plots, except for the trajectories, are plotted against the curvilinear abscissa (.

Having established that the MPC can be competitive with the theoretical optimum,
the next section examines its performance when coupled in closed loop with a driven
vehicle model.

8.3 MPC vs CL-SYNC

This section compares the trajectories obtained with the online MPC formulation to
those generated in closed loop with the driven vehicle model and synchronous execution
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(CL-SYNC). The aim is to quantify the impact of model mismatch when the planner and
controllers are coupled with a realistic representation of the vehicle dynamics. Lap times
are summarized in Table 8.1.

8.3.1 Volkswagen eCrafter

For the eCrafter, CL-SYNC uses a lighter setup to accelerate computation: the horizon is
shortened to 100 m with 30 mesh points. Continuity penalties and boundary conditions
are retained as in the MPC case. In particular, strict initial conditions are imposed on
n and € from the current vehicle state, while the remaining state conditions come from
the previous MPC solution (interpolated to be at the current time). The shorter horizon
reduces the available preview and may degrade solution quality, leading to slightly higher
lap times.

UniBW tfrack (fraining). Figure 8.5 shows the comparison on the UniBW circuit. The
CL-SYNC trajectory remains close to the MPC one, though with visible differences in
braking and acceleration phases. The lap time increases by about 3.417 s, mainly due to
this effect. The g—g diagram highlights that the combined braking regions are utilized
less. This behaviour is likely caused by the increased sideslip angle during cornering,
which triggers replanning at the high level and corrective actions at the low level.

Catalunya track (validation). On the unseen Catalunya circuit (Figure 8.6), the lap
time difference is larger, around 5.182 s. The most evident deviations occur in corners 4
and 12, which are notoriously demanding. Here, the low-level controllers, not trained for
this circuit, struggle to track the planned trajectory, resulting in a wider path through
those corners. Interestingly, the wider paths keep the sideslip angle lower. This decrease
in performance is therefore expected when transferring to a new track.

8.3.2 Racecar

For the racecar, CL-SYNC also adopts a reduced discretization, with a 200 m horizon and
100 mesh points. As with the eCrafter, continuity penalties, strict initial conditions, and
soft final conditions are applied. In addition, a small relaxation of the polytope constraint
is introduced to improve convergence, which is deemed acceptable since the vehicle is
successfully evaluated in closed loop with the driven model.

UniBW frack (validation). On the UniBW circuit (Figure 8.7), CL-SYNC again
produces competitive results, with a lap time difference of about 1.127 s. The main effect
is a reduced ability of the low-level controllers to follow the planned trajectory.

Catalunya track (validation). For the Catalunya circuit (Figure 8.8), the lap time gap
between MPC and CL-SYNC is modest, about 1.621 s. The trajectories overlap closely,
with the main differences appearing again due to low-level tracking errors.

In summary, moving from the MPC to CL-SYNC introduces a modest performance
loss, with lap times increasing by one to five seconds depending on the vehicle and track.
The main differences arise in braking and cornering phases, where the low-level controllers
and model mismatch limit the exploitation of combined acceleration. Despite this, the
overall trajectories remain close to those of the MPC, confirming that ARD retains
competitive performance when coupled with a driven vehicle model. The next section
investigates the additional effects of asynchronous execution, reflecting the conditions
encountered in real-world tests.

On the differences between the eCrafter and the racecar One might notice that,

despite the racecar exhibiting far more challenging dynamics, ARD achieves better
performance on it—showing three to five times smaller lap-time differences when going
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from the MPC to CL-SYNC. This is not a coincidence but stems from how the low-level
controllers were trained for the two vehicles. During identification, variations in the
corrective PID controller outputs are penalized to prevent unwanted oscillations in the
corrective action, which is especially important for stable execution in asynchronous and
real-world environments. However, when a model is restricted to simulation only, as in
the case of the racecar, the controllers can be tuned more aggressively since they operate
exclusively on the simulated vehicle. In contrast, the eCrafter controllers were trained
more conservatively to increase the chances of smoother behaviour when deployed on the
real vehicle. This was done to prevent unwanted activations of the vehicle safety systems.
Allowing a more aggressive tuning would likely improve performance in simulation.

8.4 CL-SYNC vs CL-ASYNC

This section compares closed-loop simulations with synchronous execution (CL-SYNC)
against their asynchronous counterparts (CL-ASYNC). The asynchronous mode reflects
the real-time execution conditions encountered in the real vehicle, where delays may occur
between planning and actuation. Lap times are summarized in Table 8.1.

8.4.1 Volkswagen eCrafter

For the eCrafter, CL-ASYNC inherits the same setup as CL-SYNC but adds a small penalty
on longitudinal jerk and yaw acceleration. This additional terms improve convergence
under asynchronous execution by slightly reducing acceleration and steering aggressiveness.

UniBW track (fraining). On the UniBW circuit (Figure 8.9), the synchronous and
asynchronous runs appear very similar, yet the lap time increases slightly in the
asynchronous case (a difference of about 0.422 s). This is an expected outcome due
to the system not waiting for a new MPC solution at each planning step, but using
whatever is available. The overall trajectories remain consistent, but this subtle timing
effect ultimately produced a marginal lap time disadvantage.

Catalunya track (validation). On the Catalunya circuit (Figure 8.10), the asyn-
chronous run is slower, with a lap time increase of about 0.921 s. The trajectories are
largely similar, yet small differences in braking and acceleration accumulate to a noticeable
gap. This confirms that delay introduces a slight penalty relative to the synchronous case.

8.4.2 Racecar
For the racecar, CL-ASYNC inherits the CL-SYNC setup, and adds another small

relaxation on the controls constraints and a penalization on the maximum speed along
the centreline, longitudinal jerk, and yaw acceleration.

UniBW track (validation). On the UniBW circuit (Figure 8.11), the asynchronous run
is slower by about 1.042 s. We can see that the longitudinal PID controller struggles
to keep the desired longitudinal velocity. This is evident from the longitudinal velocity
signal.

Catalunya track (validation). For the Catalunya circuit (Figure 8.12), the asyn-
chronous run is slower by about 1.091 s. We can see that the longitudinal PID controller
struggles again to keep the desired longitudinal velocity, oscillating due to delays. This is
evident from the longitudinal acceleration signal, which spikes negatively. Despite this,
ARD completes the lap successfully, further confirming its capacity to generalize across
tracks, even under real-time execution constraints and controller oscillations. It is also
worth noting that the resulting trajectories can differ locally, particularly within corners.
In these cases, ARD autonomously replans and adjusts its path to minimise the deviation
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from the optimal solution. This behaviour is consistent with earlier observations in
previous works, highlighting the system’s ability to adapt its trajectory online in response
to local disturbances.

In summary, asynchronous execution produces lap times that are broadly comparable
to the synchronous case, with differences typically within a second. These results highlight
both the feasibility of real-time execution and the importance of carefully tuning the
low-level controllers for operation under asynchronous conditions.

8.5 Computation Times

Computation times for offline or purely simulated solutions (i.e., MLT, MPC, and CL-
SYNC) are of limited relevance. Real-time execution does not constrain these modes.
Instead, analysing the planner timing under asynchronous closed-loop operation (CL-
ASYNC) provides valuable insight into the practical feasibility of the Economic Nonlinear
Model Predictive Control (E-NMPC) formulation.

In the CL-ASYNC configuration, the low-level controllers and vehicle dynamics easily
run within their respective time budgets of 10 ms, whereas the planner is allowed to exceed
its 50 ms cycle time. Consequently, the planner timing statistics directly indicate whether
the E-NMPC can sustain real-time operation when deployed on hardware comparable to
that used in simulation.

Table 8.2 summarizes the solver statistics for both vehicles and tracks. Each entry
reports the mean, standard deviation, median, minimum/maximum computation times,
and convergence rates. These timings also include overhead such as guess generation and
logging. We remind that these results were obtained on a 16-inch Apple MacBook Pro
equipped with an M2 Max processor and 32 GB of RAM.

Table 8.2: Planner computation statistics for CL-ASYNC runs on each vehicle and track. All timings are
reported in milliseconds.

Vehicle  Track i o Min Max Median  Conv. [%]

eCrafter UniBW 15.259 25.346  6.623  1049.293  10.433 99.9
Catalunya 13.695 8.338 8478  355.033  11.622 100.0

Racecar UniBW 31.346  26.270 13.682 513.135 24.822 99.9

Catalunya 29.733 28.752 10.331 521.818  23.947 100.0

Given that the cycle time of the high-level planner is 50 ms, it can be seen that
the solver operates comfortably within this limit, both in terms of mean and median
computation times. However, occasional spikes up to approximately 1s are observed.
These rare events represent the main difference between successful and failed laps, as
they correspond to periods in which the vehicle executes for up to one second without
receiving a new plan. In such cases, the chosen horizon length and the quality of the
low-level controllers play a decisive role in maintaining stability.

Although this behaviour did not compromise the results presented, future developments
will include forced timeouts of the E-NMPC to ensure strict real-time operation. This
feature was not yet implemented due to convergence issues in the current formulation.

The convergence rates reported in Table 8.2 are remarkably high given the strong
non-linearities of the problem, confirming the robustness of both the formulation and
the PINS solver. Finally, the higher computation times observed for the racecar model
are primarily due to its denser discretization mesh, while the differences between tracks
arise from their geometry. In particular, the UniBW circuit features two corners with
very high curvature and a constant narrow width of 6 m, which significantly increase the
complexity of the optimization problem—a challenge for any planner.
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Figure 8.5: Telemetry for the eCrafter on UniBW: MPC vs CL-SYNC. At the top, the racetrack with
the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity v, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear

abscissa (.

106



Computation Times

400 -
300
g 200 —— MPC — 197.458s
™ —— CL-SYNC — 202.640s
100
0
T T T 1 1 1 1
—800 —600 —400 —200 0 200 400
z [m]
25 A
2 -
— 20 &)
wn
£ z 0
S 15 4 £
S $ -2
10
—4
1 1 1 1 1 1 1 1 1 1
0 1000 2000 3000 4000 0 1000 2000 3000 4000
¢ [m] ¢ [m]
5 2.5
> = 0.0 4
=R &
S $ —25 4
_5 -
T T T T T —5.0 - T T T
0 1000 2000 3000 4000 -5 0 5
2
¢ [m] ay [m/s]
0.02 -
= 0.25 - -
o] < n
£ 000 H, 000
= = —0.02 A
—0.25 A
T T T T T 1
0 2000 4000 0 2000 4000
¢ [m] ¢ [m]

Figure 8.6: Telemetry for the eCrafter on Catalunya: MPC vs CL-SYNC. At the top, the racetrack with
the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity vg, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear
abscissa (.
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Figure 8.7: Telemetry for the racecar on UniBW: MPC vs CL-SYNC. At the top, the racetrack with
the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity v, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear

abscissa (.
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Figure 8.8: Telemetry for the racecar on Catalunya: MPC vs CL-SYNC. At the top, the racetrack with
the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity vg, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear
abscissa (.
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Figure 8.9: Telemetry for the eCrafter on UniBW: CL-SYNC vs CL-ASYNC. At the top, the racetrack
with the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity v, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear

abscissa (.
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Figure 8.10: Telemetry for the eCrafter on Catalunya: CL-SYNC vs CL-ASYNC. At the top, the racetrack
with the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity vg, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear
abscissa (.
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Figure 8.11: Telemetry for the racecar on UniBW: CL-SYNC vs CL-ASYNC. At the top, the racetrack
with the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity v, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear
abscissa (.
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Figure 8.12: Telemetry for the racecar on Catalunya: CL-SYNC vs CL-ASYNC. At the top, the racetrack
with the two trajectories, and the legend with the solution names and lap times. Below it, the longitudinal
velocity vg, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear
abscissa (.
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8.6 Evaluation under Non-ldeal Conditions

To assess the behaviour of ARD under realistic communication and sensing conditions,
a set of tests was conducted in asynchronous mode with intentionally degraded data
transmission and measurement quality. These experiments aimed to observe how the
system would react when facing packet losses and sensor noise.

The tests were performed using the same setup adopted for the real-world experiments,
in which the vehicle model runs as a ROS node and communicates with the planner
and controller through the ROS bridge. To favour convergence, the g-g-v and control
constraints were slightly relaxed compared to the CL-ASYNC configuration. The same
relaxation was used in the real-world tests, where it proved effective and safe.

Three packet loss levels were considered: 0%, 25%, and 50%, meaning that on average
no message was lost, one in four messages was lost, and half of the messages were lost,
respectively. Independent white noise was also added to the main state variables, scaled
by a noise multiplier taking values 0.0, 1.0, and 2.0. The perturbations were defined as

r +=N(0,0.025)v v, += N(0,0.025)
y +=N(0,0.025) v Q += N(0,0.005)
¥ +=N(0,0.010)v a, += N(0,0.100)
vy += N(0,0.250)v a, += N(0,0.100)

(8.1)

v
14
14
14

where v denotes the selected noise multiplier.

Noise Multiplier v

Packet Loss [%)]

0.0 1.0 2.0
0 150.746  150.709  152.188
25 150.631 151.122  152.495
50 150.553 150.834 153.741%

Table 8.3: Lap times [s] for varying packet loss and noise. The asterisk marks the case in which the vehicle
briefly exceeded the track limits.

Table 8.3 summarizes the obtained lap times for all tested configurations. Overall,
ARD maintained stable operation and completed full laps in all cases. The lap-time
variations remain within a few seconds across the tested range, confirming that the
framework can handle moderate message losses and noisy signals without degradation in
performance. Only the most demanding configuration (50% loss and noise multiplier 2.0)
briefly exceeded the track boundaries, marked with an asterisk in the table, indicating
proximity to the system’s operational limit.

These findings show that ARD remains functional and effective even under non-ideal
conditions similar to those encountered in real-world deployment. Figure 8.13 shows the
results obtained during the harshest setting: packet loss at 50 % and noise multiplier set
to 2.
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Figure 8.13: Telemetry for the eCrafter with 50 % packet-loss and noise multiplier set to 2. At the top,
the racetrack with the trajectory. Below it, the longitudinal velocity v,, the longitudinal acceleration a.,
the lateral acceleration ay, the g-g diagram, the yaw rate 2, and finally the side slip angle 3. All plots,
except for the trajectory, are plotted against the curvilinear abscissa (. We can see how the system exits
the track on corner 6, showing that we are close to the limits of how much disturbance the system can
handle.
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8.7 Driving Style Biasing

In addition to generating minimum-time manoeuvres, ARD can adapt its driving style
online by modifying the cost terms of its E-NMPC. In particular, two elements influence
the behaviour of the planner: a terminal cost acting on the lateral displacement n and
relative yaw angle &£, which removes the dependency on full-lap solutions, and a term that
maximizes the vehicle’s exit speed at the end of the horizon. By tuning the corresponding
weight W, of the exit speed maximization, ARD can be biased from an early- to a
late-apex driving style.

The following experiments were conducted on the Catalunya racetrack, shown in
Figure 8.14, using the old identification approach on the high-fidelity double-track racecar
model. The results were obtained with the E-NMPC closing the loop on itself, therefore
without driving the actual vehicle model. This allows us to focus on biasing the E-NMPC
solution itself, without additional effects stemming from closed-loop execution.

The planning horizon was set to L = 300 m and replanning occurred every 50 ms.
The minimum-time weight was fixed to W; = 2.0, while the exit-speed weight W,,, was
varied between 0.00 and 0.10 in steps of 0.01. Each configuration is denoted as MPCyy,
for example MPCy g represents the pure minimum-time solution. Table 8.4 summarizes
the test parameters.

Throughout this Section, the aper is defined as the point along the vehicle trajectory
where the minimum speed is reached. The clipping point refers to the location where the
trajectory comes closest to the inner track boundary within a corner.

Table 8.4: MPC parameters for the driving-style biasing tests.

Parameter Value

Planning horizon (L) 300 m

Replan time 50 ms
Minimum-time weight (W;) 2.0

Exit-speed weight (W, ) [0.00, 0.01, ..., 0.10]

400 A 0.2
300 H 0.0
g £
= 200
> -02 §
100 -
—0.4
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—800 —600 —400 —200 0 200 400
z [m]

Figure 8.14: Difference between the lateral coordinates of MPCp oo and the best-performing configuration
MPCp.06 on the Catalunya racetrack. The trajectories exhibit systematic widening near corner exits,
consistent with a late-apex style. Figure taken from our work [97] © 2025 IEEE.

Corner4 and 12 analysis. Figure 8.15 compares representative corners of the Catalunya
circuit. Increasing W, progressively shifts the apex of each turn towards the exit,
producing wider paths and higher exit speeds. In Corner 4, for instance, MPCy o6 and
MPCy.10 maintain greater speed within the turn and lower lateral accelerations a, in
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the exit phase, while the minimum-time solution (W, = 0) follows an earlier apex and
accelerates sooner. The same trend is visible in Corner 12, where higher W, values
yield higher exit velocities and lower combined accelerations. This behaviour aligns with
the intuition that late-apex trajectories may offer improved stability and repeatability
without increasing the overall lap time.
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Figure 8.15: Effect of Wy, on the planned trajectories in Corner 4 (left) and Corner 12 (right). Increasing
Wy, leads to later apexes, higher exit speeds, and lower combined accelerations. Figure taken from our
work [97] © 2025 IEEE.

Corner 3 analysis. A similar effect is observed in Corner 3 (Figure 8.16). On the short
preceding straight (segment B-C in Figure 8.16a), the MPCyy, ~solutions place the car
progressively closer to the outer (left) margin as W, increases, enabling later braking
and higher entry speeds at point A (Figure 8.16b). All configurations exhibit two clipping
points, and the apex (minimum speed) shifts towards the exit as W, increases (late
apex). In contrast, the MLT trajectory approaches the corner from the right margin,
brakes earlier, and maintains a lower speed up to the acceleration point (reached earlier
than the MPCyy,_; early apex). Notably, the MLT follows the widest overall path among
all configurations across this section (straight and corner), which explains its local time
advantage in the entry segment (see the table in Figure 8.16a). However, MPC 19 is the
fastest through the corner itself (sector A-D in Figure 8.16b), showing that a late-apex
trajectory can be locally time-optimal. Such behaviour is unattainable with conventional
minimum-time E-NMPC, highlighting the benefit of our biasing formulation.
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Figure 8.16: Straight segment (left) and Corner 3 (right) of the Catalunya racetrack. Higher W,_ values
yield later braking points and a clear transition from early- to late-apex trajectories. Figure taken from
our work [97] © 2025 IEEE.
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Lap-time comparison. Table 8.5 summarizes the lap times and solver performance.
The configuration MPCj g¢ achieves the best overall performance, completing the lap
only 7 ms slower than the offline MLT solution, and faster than the pure minimum-time
MPCy.go- This confirms that moderate biasing towards higher exit speeds can improve
global performance. The mean solve times remain below 30 ms, confirming that the
approach is suitable for online execution.

Table 8.5: Comparison of lap times and mean solve times of the MLT and MPCW”T solutions.

Lap time [s] Mean solve time [ms]

MLT 113.535 -
MPCooo  113.556 28.923
MPCpos  113.542 27.682
MPCo1o  113.552 27.552

Sensitivity analyses. The effect of the W, weight is summarized in Figure 8.17.
Figure 8.17a shows that the lap-time difference with respect to the MLT follows a
parabolic trend with a minimum at W, = 0.06, indicating that moderate exit-speed
maximization yields the best trade-off between exit speed maximization and global lap
time. Figure 8.17b reports the Curvature-weighted Mean Deviation (MDK) of the lateral
coordinate n and longitudinal speed v, from the MLT solution, defined as

MDK(zx) = mean((mMpCW% — TMLT) ¢ HK ),

max
where x is the centreline curvature and Ky, its maximum. Positive n deviations indicate
wider paths in corners, while positive v, deviations indicate higher speeds; both increase
with W, , confirming the systematic bias towards wider, faster, late-apex trajectories.
Finally, Figure 8.17c shows the Root-Mean-Squared Deviation (RMSD) of v, and a,
from the MLT: MPC g6 attains the lowest RMSD for both signals, explaining its overall
lap-time advantage.

Overall, these results demonstrate that ARD can modulate its driving style online
through a simple adjustment of the cost-function weights. By biasing the exit-speed term,
ARD transitions smoothly from an early- to a late-apex style while maintaining real-time
operation and near-optimal lap times. This adaptability not only highlights the flexibility
of the proposed E-NMPC formulation, but also provides a foundation for future research
on context-aware and human-inspired racing strategies.
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(a) Lap-time difference between MPCyy, = and the
MLT solution. The minimum at W,, = 0.06 (b) MDK of lateral position n and longitudinal
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Figure 8.17: Sensitivity analyses of the MPCyy, = solutions. (a) Lap-time difference; (b) MDK of n and
vz; (¢) RMSD of v, and a;. Together, they show that a moderate exit-speed weight (W, = 0.06) yields
the best compromise between minimum-time and maximum-speed objectives. Figures taken from our
work [97] © 2025 IEEE.
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Chapter 9
Real-World Deployment

Abstract

This chapter documents the real-world deployment of the Artificial Race Driver
(ARD) framework. The campaign aimed to demonstrate the feasibility and reliability
of executing the complete planning and control pipeline on a real vehicle under
realistic operating conditions. Five autonomous laps were performed at increasing
levels of aggressiveness, followed by a human-driven lap recorded in the same session
for comparison. The experiments confirm that ARD can operate autonomously and
consistently outside simulation, approaching the vehicle’s limits within the imposed
safety constraints. The collected data enable a direct comparison with simulation
and offer valuable insights into the correspondence between simulated and real

behaviour.
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9.1 Introduction

The final stage in the development of the ARD framework was its deployment on a real
vehicle. After extensive validation in simulation, the goal was to demonstrate that the
same architecture could operate autonomously in a real environment, closing the gap
between simulation and the real world. While Chapter 7 described the vehicle platform
and experimental infrastructure in detail, this chapter focuses on the outcomes of the
on-track campaign.

The testing campaign aimed to evaluate the complete planning—control pipeline under
realistic operating conditions. The available track time amounted to approximately
ten hours, half of which were spent on vehicle setup and troubleshooting. The results
presented here were all obtained during the final test session, which lasted a little over
one hour. As such, all runs were executed under comparable environmental conditions.

Five autonomous laps were performed at increasing levels of aggressiveness, progres-
sively relaxing safety margins and virtual speed limits to explore the vehicle’s dynamic
capabilities. A human-driven lap was also recorded in the same session to provide a
performance reference under identical conditions. These experiments confirm that ARD
can operate autonomously and consistently on a real production vehicle. The collected
data mark an important step towards systematic real-world validation and provide insight
into the transfer of physics-driven, time-optimal planning and control strategies from
simulation to practice.

9.1.1 Experimental Constraints and Limitations

The real-world deployment of the ARD framework was subject to several technical and
organisational constraints that influenced the achievable performance and shaped the
scope of the campaign. While these factors did not diminish the significance of the results,
they provide essential context for their interpretation.
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Limited track time. The total track time amounted to roughly ten hours, including
vehicle preparation, calibration, and troubleshooting. Because of the tight booking
schedule, repeated sessions were not possible, and a significant portion of the available
time was devoted to resolving hardware and communication issues. As a result, only a
limited number of complete autonomous runs could be executed.

Reference-line accuracy. The reference lines and track boundaries provided for
planning exhibited alignment offsets with respect to the actual layout. To prevent off-
track behaviour, the bounds were conservatively padded. The nominal track width was
6 m, while the vehicle, being 2.426 m wide, already occupied nearly half of it. After
padding, the effective drivable corridor was reduced to about 4.787 m, constraining the
achievable cornering speeds and limiting the use of combined accelerations.

Sensor quantization. The measured steering-angle signal exhibited coarse quantization,
preventing an accurate identification of the steering dynamics. The corresponding
identified dynamics and additional delay parameter were therefore estimated heuristically
from observed responses rather than through formal system identification.

Steering actuation. The steering system introduced an effective delay of approximately
200 ms, which was only roughly estimated and therefore compensated only partially in the
control pipeline. In addition, internal rate limits were enforced on the steering commands,
the magnitude of which was not disclosed. These factors reduced the effective control
capabilities of the steering controller.

Longitudinal control. The vehicle relied on a closed and undocumented longitudinal
control module, which tracked a requested speed reference. The response of this module
was noticeably slow when handling aggressive speed profiles, making late braking actions
impractical. Combined with the presence of rough tarmac sections along the track—
composed of discrete blocks rather than a continuous surface—this motivated the use of
conservative braking points to avoid loss of stability or activation of safety systems.

Safety systems. All production safety features remained active, including Anti-lock
Braking System (ABS), Electronic Stability Programme (ESP), rollover protection, and
a steering-rate limiter. In addition, the vehicle engineer supervising the tests manually
intervened whenever the trajectory approached the track boundaries or unexpected
behaviour was observed. Each intervention, whether triggered by the safety systems or
by the operator, immediately disabled the autonomous mode and terminated the run.

These constraints collectively explain the conservative driving conditions adopted
during testing. Nevertheless, the experiments provided valuable feedback on the
integration of the ARD framework with production-grade hardware and highlighted
several key aspects to address in future campaigns.

9.2 Conducted Experiments

The final test session comprised six laps in total: five executed autonomously by ARD
and one performed manually by a human driver. All runs were conducted consecutively
within a single session lasting slightly over one hour, ensuring comparable environmental
conditions and vehicle states. The track surface was partially wet, as can be seen in
Figure 9.9. The autonomous laps were carried out at increasing levels of aggressiveness,
progressively relaxing virtual speed limits and safety margins to explore the vehicle’s
dynamic potential within safe boundaries. Virtual speed limits were defined along the
curvilinear coordinate of the track to regulate braking points and peak velocities, providing
an additional safety layer in sections with higher curvature or rough surface conditions.
Although the track is mostly 2D, various segments are paved with discrete road blocks
rather than continuous asphalt, producing noticeable vertical oscillations at higher speeds.
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Since these effects were not modelled, they necessitated conservative limits to prevent
partial tyre unloading and unintended activation of the production safety systems.

The Economic Nonlinear Model Predictive Control (E-NMPC) was configured as
follows. The horizon set to 100m with 100 mesh points. Cycle time set to 100 Hz.
Continuity penalties, strict initial conditions on n and ¢ from the current vehicle state,
while the remaining state conditions come from the previous MPC solution (interpolated
to be at the current time). Soft final conditions on n and & to lightly bias toward
the reference line. Penalization of high yaw acceleration, longitudinal jerk, and beta
angle. Slight relaxation of g-g-v and control constraints, and penalization on maximum
speed along the centreline. The higher cycle time and mesh density was introduced to
ensure good solution resolution. A delay of 100 ms was added to the lateral controller to
compensate the one found on the vehicle. The rest of the delay was already accounted in
the estimated steering dynamics.

The penalizations on longitudinal jerk, yaw acceleration, beta angle, and maximum
speed along the centreline are referred as “safety margins”. They will be gradually relaxed
to allow for more aggressive driving.

Table 9.1 summarizes the lap times for the different configurations.

Configuration Lap time [s]
Autonomous — Slow 276.066
Autonomous — Moderate 179.805
Autonomous — Fast—Low 157.257
Autonomous — Fast—Mid 128.837
Autonomous — Fast—High 117.414
Simulation — Fast-High—Sim 115.686
Simulation — Fast—Max—Sim 98.237
Human (same session) 100.373

Table 9.1: Lap times recorded during the final test session. We remark that the human driver was not
subject to the same safety limitations imposed on the autonomous system. He could exploit the full
vehicle capabilities without being forced to stop if the safety systems engaged, he could use the entire
track width, and the longitudinal and lateral actuation was not limited by the autonomous actuators.
Additionally, he also partially cut corner 7.

Slow lap. The first autonomous lap was executed at low speed to confirm the correct
operation of the full planning—control pipeline on the real vehicle. The run was conducted
under strict speed limits and large safety margins, with a resulting lap time of 276.066 s.
Despite the conservative conditions, this test validated the complete communication
chain between the planner, controller, and vehicle, and confirmed that the system could
maintain stable autonomous motion from start to finish. The recorded telemetry is shown
in Figure 9.1.

Moderate lap. The second run raised the virtual speed limits while maintaining wide
safety margins. This configuration served to verify that the system could handle higher
velocities and stronger dynamic transients without compromising stability. The lap time
dropped to 179.805 s, demonstrating that the framework could autonomously exploit a
greater portion of the vehicle’s available performance envelope. The recorded telemetry is
shown in Figure 9.2.

Fast-Low lap. For the third lap, the speed limits were increased further, and the safety
margins were slightly relaxed to allow for more aggressive driving. The lap was completed
in 157.257 s, marking the first attempt at driving near the onset of the vehicle’s dynamic
constraints. The overall behaviour remained stable and repeatable. This run marked
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the transition from verification-oriented testing to performance-oriented operation. The
recorded telemetry is shown in Figure 9.3.

Fast-Mid lap. The fourth run continued the progressive relaxation of limits. The vehicle
completed the lap in 128.837 s, showing clear signs of more time-optimal behaviour. The
trajectory remained smooth, and the system executed the planned trajectories consistently.
The recorded telemetry is shown in Figure 9.4.

Fast-High lap. The final autonomous lap pushed the configuration to the edge of
what could be safely achieved with the available vehicle hardware and safety systems.
The speed limits were raised to the maximum allowed by the track conditions, and
the planner operated close to the boundaries of the conservative corridor. To prevent
undesired disengagements of the vehicle’s protection systems, two early brake points were
introduced in the most critical sections (corners 2 and 7). Despite these precautions,
the lap achieved a time of 117.414 s, representing the fastest autonomous performance
recorded. The recorded telemetry is shown in Figure 9.5.

Simulation reproduction. To assess the correspondence between simulated and real
behaviour, the same configuration used in the Fast—-High run was reproduced in
simulation (Fast-High—Sim). The resulting lap time of 115.686 s closely matches the
real-world measurement. The telemetry overlays show strong agreement in yaw rate and
lateral acceleration, while differences are observed in longitudinal velocity, longitudinal
acceleration, and sideslip angle 5. These discrepancies are mainly attributed to the
limited performance of the vehicle’s built-in longitudinal controller, which operated as a
black box and required enforcing conservative braking points for safety. Consequently, the
vehicle could not reach the same combined acceleration levels achieved in simulation. In
addition, the Neural Vehicle Model (NVM) was identified under dry conditions, whereas
the test track was partially wet, which may have further reduced available grip. Overall,
the comparison provides further evidence of the accuracy of the validated NVM and of
the consistency between simulated and experimental results. The comparison of the two
laps is shown in Figure 9.6.

Human-driven reference. Immediately after the autonomous tests, a human driver
completed a reference lap under identical track and environmental conditions, achieving
a lap time of 100.373 s. This performance advantage is primarily due to the operational
constraints applied to the autonomous system. The human driver could approach the true
track limits without the conservative padding, was unaffected by the activation of safety
systems, and wasn’t limited by actuation limits. Although the driver attempted to follow
the autonomous racing line—visibly marked on the track by tyre traces left during the
autonomous runs, as can be seen in Figure 9.9—he also cut corner 7, gaining additional
time. When the same safety limitations are removed in simulation, ARD achieves 98.237 s
(Fast—Max—Sim), indicating that the system could approach or beat human performance
if more time to fix the badly aligned track margins and identify the longitudinal controller
delay was available. The comparison of the two laps is shown in Figure 9.7.
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Figure 9.1: Real-world telemetry for the eCrafter on Universitit der Bundeswehr Minchen (UniBW):
Slow. At the top, the racetrack with the trajectory, and the legend with the solution name and lap time.
Below it, the longitudinal velocity vz, the longitudinal acceleration a., the lateral acceleration ay, the
g-g diagram, the yaw rate 2, and finally the side slip angle 8. All plots, except for the trajectory, are
plotted against the curvilinear abscissa (.
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Figure 9.2: Real-world telemetry for the eCrafter on UniBW: Moderate. At the top, the racetrack with
the trajectory, and the legend with the solution name and lap time. Below it, the longitudinal velocity v,
the longitudinal acceleration a;, the lateral acceleration ay, the g-g diagram, the yaw rate €2, and finally
the side slip angle 3. All plots, except for the trajectory, are plotted against the curvilinear abscissa (.
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Figure 9.3: Real-world telemetry for the eCrafter on UniBW: Fast-Low. At the top, the racetrack with
the trajectory, and the legend with the solution name and lap time. Below it, the longitudinal velocity v,
the longitudinal acceleration a;, the lateral acceleration ay, the g-g diagram, the yaw rate €2, and finally
the side slip angle 3. All plots, except for the trajectory, are plotted against the curvilinear abscissa (.
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Figure 9.4: Real-world telemetry for the eCrafter on UniBW: Fast-Mid. At the top, the racetrack with
the trajectory, and the legend with the solution name and lap time. Below it, the longitudinal velocity v,
the longitudinal acceleration a;, the lateral acceleration ay, the g-g diagram, the yaw rate €2, and finally
the side slip angle 3. All plots, except for the trajectory, are plotted against the curvilinear abscissa (.
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Figure 9.5: Real-world telemetry for the eCrafter on UniBW: Fast—High. At the top, the racetrack with
the trajectory, and the legend with the solution name and lap time. Below it, the longitudinal velocity v,
the longitudinal acceleration a;, the lateral acceleration ay, the g-g diagram, the yaw rate €2, and finally
the side slip angle 3. All plots, except for the trajectory, are plotted against the curvilinear abscissa (.
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Figure 9.6: Real-world telemetry for the eCrafter on UniBW: Fast—High vs Fast—High—Sim. At the top,
the racetrack with the trajectories, and the legend with the solution names and lap times. Below it, the
longitudinal velocity vz, the longitudinal acceleration a,, the lateral acceleration ay, the g-g diagram,
the yaw rate 2, and finally the side slip angle 5. All plots, except for the trajectories, are plotted against
the curvilinear abscissa (.
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Figure 9.7: Real-world telemetry for the eCrafter on UniBW: Fast—Max—Sim vs Human. At the top, the
racetrack with the trajectories, and the legend with the solution names and lap times. Below it, the
longitudinal velocity vz, the longitudinal acceleration a,, the lateral acceleration ay, the g-g diagram,
the yaw rate 2, and finally the side slip angle 5. All plots, except for the trajectories, are plotted against
the curvilinear abscissa (.
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9.3 Discussion

To assess the consistency of the autonomous operation, the average absolute lateral
deviation (JAn|) of each autonomous lap was computed with respect to the Fast—
High trajectory. The resulting profiles, shown in Figure 9.8, confirm a high degree
of repeatability across runs. Even the slower configurations follow nearly identical paths,
which is expected given the conservative track padding applied for safety. Only local
differences appear in corners 5 and 6, where as the speed increased the planned trajectories
changed considerably. Overall, the trajectories demonstrate that ARD can reproduce
complex manoeuvres with remarkable consistency under real-world conditions. Figure 9.9
further illustrates this repeatability, showing the tyre marks left on the track after multiple
laps, which closely overlap along most of the circuit.

02 04 06 08 10
|An]| [m]

Figure 9.8: Average absolute lateral deviation of each autonomous lap computed with respect to the
Fast—High trajectory. This confirms a high degree of repeatability across runs.

Beyond validating the framework’s capabilities, the on-track campaign provided
several important lessons for future developments. First, modelling the road for high-
performance driving requires an accurate representation of the full three-dimensional
geometry, including local surface roughness. Even moderate imperfections, such as the
discrete road blocks of the UniBW track (Figure 9.9), can influence vehicle dynamics,
especially at high speed, and should be incorporated in the simulation environment.
Methods like the GripMap presented in [180] could be used to learn these effects online
without explicit modelling.

Second, while the kineto-dynamical vehicle model proved capable of planning and
executing realistic trajectories, its accuracy could be further enhanced by including a more
detailed representations of the actuation systems and load transfers. Embedding these
effects would improve planning on uneven surfaces and in situations where the vehicle
approaches understeer or oversteer limits. Using the NVM directly in the E-NMPC could
prove advantageous, although convergence may be an issue.

Third, both tyres and brakes experienced a noticeable increase in temperature during
the tests, yet ARD maintained stable operation and consistent behaviour. Although
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Figure 9.9: Tyre marks (top image) left on the track after multiple laps, which closely overlap along most
of the circuit. Discrete road blocks (bottom image) which composed part of the track tarmac.

thermal effects were not modelled, incorporating them would significantly improve
prediction accuracy over extended runs or under repeated high-intensity manoeuvres.

Finally, the campaign highlighted the importance of using vehicle platforms with
sufficiently responsive actuation systems for autonomous racing. The production-
grade actuation of the eCrafter imposed non-negligible delays and rate limits that
restricted performance and complicated controller tuning. Nevertheless, achieving reliable
autonomous operation under such conditions is a valuable outcome, as similar limitations
are common in urban and industrial vehicles, where safety and comfort constraints
dominate.

Overall, these experiments demonstrate that ARD can perform complete autonomous
laps on a real vehicle with high consistency, while also revealing the key directions in
which further refinement of both modelling and hardware can go.
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Chapter 10
The Artificial Race Coach

Abstract

This chapter introduces the Artificial Race Coach (ARC), a preliminary exploration
into shared control between a human driver and the Artificial Race Driver (ARD).
Unlike conventional autonomous systems that aim to replace human input, ARC
is designed to assist and guide the driver in real-time, with the goal of improving
driving performance rather than overriding intent. The system is implemented
in a steer-by-wire simulator environment, but reconstructs the feel of a physically
coupled steering system by summing both the simulated vehicle model’s feedback
torque and ARC’s guidance torque. A novel control allocation strategy is proposed,
based on a composite of fifth-order smoothstep functions, which enables fine-grained
shaping of a guidance valley in the control input space. This formulation supports
asymmetric feedback, dead zones, and smooth authority transitions, yielding a
natural and interpretable interaction. ARC’s architecture includes a graphical user
interface for visual and auditory cues, as well as a torque feedback module for lateral
guidance. While pedal vibration feedback was not implemented, it is identified as a
promising future direction given its passive and non-distracting nature. The system
was integrated into the existing ARD stack and tested informally with a human
participant, demonstrating the feasibility and intuitiveness of the approach. ARC
represents an early but promising step toward real-time machine-assisted driver
coaching in high-performance contexts.

Contents

10.1  Imtroduction . . . . . . . . . . . . . . e 134
10.2  From Autonomous Driving to Shared Control . . . ... ... ... 135

10.2.1  Overview of Shared Control Paradigms . . . . . . .. ... 135

10.2.2  Control Interface Assumptions . . . .. .. .. ... ... 135
10.3  ARC Architecture . . . . . . . ... 136
10.4  Control Allocation through Smoothstep-Based Guidance . . . . . . 137
10.5  Preliminary Tests and Observations . . . . . . ... ... ... ... 138
10.6  Discussion and Outlook . . . . . . . .. .. ... ..o, 139

10.1 Introduction

While ARD was conceived as a fully autonomous system, its capabilities as a high-
performance motion planner and controller open opportunities that extend beyond full
automation. The knowledge and precision embedded in ARD can be leveraged not only
to drive the vehicle but also to assist and guide a human driver in real-time. This chapter
explores that direction through the design and preliminary implementation of ARC.

ARC marks a shift from autonomy to collaboration. Rather than replacing the human
driver, it establishes a shared control framework in which both agents act concurrently
on the vehicle. This is particularly relevant in racing, where optimal actions are often
unintuitive, difficult to execute, and highly sensitive to timing and consistency. By
blending machine-generated guidance with human intent, ARC seeks to preserve driver
agency while gently steering behaviour toward optimal control strategies.

In contrast to shared control systems developed for safety-critical interventions, ARC
adopts a coaching-oriented perspective. Its purpose is not to prevent failure but to help
the driver learn how to perform better. The interaction is designed to be interpretable
and gradual, reflecting the instructor—student dynamic often used in aviation training.
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The current implementation runs in a steer-by-wire simulator environment, with
particular attention to preserving the natural feel of a mechanically coupled interface.
Although physical control over longitudinal inputs is unavailable, alternative feedback
modalities are introduced to maintain driver awareness without breaking immersion.
Central to this implementation is a tunable control allocation law that determines how
assistance is blended within the human—machine interaction.

This chapter presents the ARC concept, its integration with ARD, and the
implementation choices that enable real-time collaborative driving. While the system has
so far been tested only informally, the results demonstrate its feasibility and motivate
further research into shared control for high-performance applications.

10.2 From Autonomous Driving to Shared Control

10.2.1 Overview of Shared Control Paradigms

Shared control encompasses interaction strategies in which both human and automation
simultaneously contribute to the vehicle’s motion. These approaches aim to combine the
strengths of human intuition and situational awareness with the precision and consistency
of automated control. Unlike fully autonomous operation or conventional driver assistance,
shared control keeps the human in the loop, often with dynamically varying levels of
authority.

Several metaphors have been proposed to conceptualize this interaction. Among them,
the instructor—student paradigm is particularly relevant to ARC. Here, the automation acts
as an experienced guide, assisting in the execution of manoeuvres while encouraging the
human driver to learn and adapt. Depending on the context and the degree of disagreement
between driver and system, the interaction may range from passive resistance to active
correction.

Implementation-wise, shared control systems can be broadly classified as either coupled
or decoupled. In coupled systems, both agents apply forces to the same physical interface
(e.g., the steering wheel), allowing direct, bidirectional haptic interaction. In decoupled
systems, such as steer-by-wire configurations, driver and automation commands are fused
algorithmically without a mechanical connection. Although ARC operates in a decoupled
simulator setup, it was explicitly designed to reproduce the tactile qualities of a coupled
interface through torque feedback.

A central element of any shared control system is the allocation of authority. In ARC,
this allocation is governed by a tunable nonlinear function that continuously modulates
assistance according to the divergence between driver input and optimal control action.
This smooth feedback-driven approach enables interpretable and progressive interaction
while avoiding abrupt takeovers or fixed blending ratios.

10.2.2 Control Interface Assumptions

The design of ARC assumes a steer-by-wire architecture, consistent with the configuration
of our driving simulator. This setup allows independent torque commands to be applied
to the steering wheel, fully decoupled from the mechanical steering mechanism. Although
technically a decoupled system, ARC is deliberately designed to emulate the sensation of
a mechanically coupled interface—an essential aspect of high-performance driving.

In racing, the driver’s ability to feel the car’s dynamic response through the steering
wheel is critical. A purely decoupled control loop, in which the vehicle steering feedback
is filtered, delayed, or removed, risks breaking this vital channel of communication. To
mitigate this, ARC injects its guidance torque into the same feedback loop as the simulated
vehicle model. The resulting steering torque, equal to the sum of ARC’s feedback and
the vehicle’s physical response, effectively recreates the feel of a coupled system. This
ensures that the driver remains engaged with the vehicle dynamics while receiving intuitive
guidance.
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For longitudinal control, the simulator does not support actuation of the throttle or
brake pedals. Consequently, ARC provides feedback in this domain through visual and
auditory cues instead of physical actuation. Although these modalities convey information
effectively, they can be cognitively demanding and potentially distracting, particularly in
a racing context. A promising future extension is the use of haptic pedal feedback—such
as vibration motors—which could deliver passive and unobtrusive guidance in line with
ARC’s coaching philosophy.

10.3 ARC Architecture

ARC operates as a shared-control layer built on top of the existing ARD stack. The
core ARD components—including the high-level planner, low-level controller, and vehicle
model—remain unchanged. To ensure that ARD generates valid trajectories regardless of
the driver’s skill or consistency, the initial state used for planning is constrained to match
the current vehicle state exactly. This boundary condition, applied at each planning
cycle, enables ARD to replan trajectories that remain feasible from the driver’s current
pose and velocity. As a result, the guidance remains valid even when the driver deviates
significantly from ideal conditions. Figure 10.1 shows the conceptual overview of ARC’s
architecture.

\ [ ] [ ] Error Monitoring GUI
Human I
- Steering: 63.9 °
» |
Driver
Shared
Control
Brake: 5.6 Throttle: 13.1
ARD —>
——
-/

Figure 10.1: Conceptual overview of ARC within the ARD framework. Both ARD and the human driver
provide inputs to a shared-control block governed by a smoothstep-based allocation law. The resulting
commands actuate the steering wheel, while an error-monitoring interface delivers visual and auditory
feedback to the driver.

ARC runs in real-time, operating concurrently with the human driver. At each control
step, inputs from both the driver and ARD are compared. The difference is used to
compute a guidance signal that informs the driver how to align with the optimal trajectory.
Unlike traditional applications of ARD, which rely on emulated driver interfaces, ARC
employs dedicated agent interfaces to inject its low-level commands directly into the
simulator’s control and feedback subsystems. This enables precise, low-latency interaction
between ARD and the vehicle model while bypassing unnecessary abstractions.

Feedback is delivered through two primary channels: haptic and visual. For lateral
control, the computed feedback torque is applied directly to the steering wheel via the
simulator’s force-feedback interface. The total torque felt by the driver is the sum of the
vehicle’s dynamic response and ARC’s corrective torque, recreating the sensation of a
mechanically coupled steering system while retaining the flexibility of steer-by-wire.

In parallel, a GUI is displayed in front of the driver, mounted similarly to a
cockpit dashboard. It visualizes the discrepancies between the driver’s inputs and the
corresponding ARD commands. Since lateral feedback is already conveyed haptically, the
GUI focuses primarily on longitudinal control, displaying throttle and brake commands
prominently. These cues help the driver understand the magnitude of the desired
longitudinal actuation.

An auditory cue system complements the visual feedback. The sound’s volume and
pitch reflect the current mismatch in longitudinal input, reinforcing the GUI information
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without requiring constant visual attention. While the visual and auditory channels are
functional, they are cognitively demanding and considered temporary solutions. Future
iterations will focus on haptic feedback at the pedals, such as vibration motors, offering
passive and unobtrusive guidance consistent with ARC’s coaching philosophy.

Together, these components form a closed-loop system that continuously monitors,
compares, and feeds back driver input relative to an optimal baseline—all operating in
real-time as the human navigates the circuit.

10.4 Control Allocation through Smoothstep-Based Guidance

The allocation of control authority between the driver and the automation is central to any
shared control system. In ARC, this allocation is governed by a fully parametric, piecewise-
smooth function constructed by stitching together multiple fifth-order polynomial segments.
This formulation enables the shaping of a nonlinear guidance valley in the input space,
mapping the difference between the driver’s and ARD’s control commands to a feedback
strength coefficient a.

Each smoothstep segment is defined as a fifth-order polynomial of the form

s(z) = ax® + bzt 4 ca® + da® + ex + f,

where the coefficients a, b, ¢, d, e, f are determined by boundary conditions on the function
value, first derivative, and second derivative at both ends of the interval. Specifically, the
following constraints are imposed at points x¢ and x1:

Yo, S(I’l) = Y1,
s'(xg) =0, s'(x1)=0,
0, s'(x1)=0.
These constraints ensure that each segment is flat and with zero curvature at its endpoints,
allowing multiple segments to be joined without discontinuities.
A complete guidance function is constructed by chaining four such segments across a

set of threshold points xg, x1, ..., 27, with corresponding output levels yo, y1,...,ys. The
resulting allocation function «(x) is defined as

Yo, r < Xo,

s1(x), xo < x <,
Y1, 1 <r< T2,
so(z), x2 < <uws,
a(r) = Yo, T3 < x < Ty,
s3(x), w4 <x < ws,
Y3, Ts < x < Te,
54(3:)7 Te S x § X7,

Y4, T > T7,

where each s;(z) is a fifth-order polynomial constructed using the boundary constraints
previously discussed. Figure 10.2 shows an example of this smoothstep-based allocation
function.

This formulation provides full control over the shape of the allocation profile.
Asymmetries, dead zones, saturation levels, and slope transitions can all be specified
directly through the choice of (z;, y;) points. The function thus enables subtle, progressive
guidance when driver and automation are aligned, and stronger corrective feedback when
their inputs diverge.

In the lateral domain, this allocation value directly modulates the torque applied to
the steering wheel. The total steering torque 7ot felt by the driver is computed as

Ttot = Tveh T a(x) Tmax
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Figure 10.2: Example of a smoothstep-based allocation function constructed by joining four fifth-order
smoothstep functions. Each segment is fully tunable, enabling asymmetric guidance profiles and dead
zones. Given an input error, for example the error in steering angle, the function outputs the allocation
value « to give to the corrective feedback.

where Tyep is the steering torque generated by the vehicle dynamics, 7.y is the maximum
corrective torque ARC is allowed to apply, and a(z) is the allocation coefficient derived
from the smoothstep-based guidance function. This additive formulation preserves the
physical feel of the vehicle response while superimposing an interpretable, progressive
assistance torque.

For longitudinal inputs, the same allocation principle could be utilized to compute
the desired corrective effort, but it is not used currently due to the inability to act on the
pedals directly. Instead, the mismatch is conveyed directly to the driver through the GUI
and auditory cues, as described in Section 10.3.

10.5 Preliminary Tests and Observations

To validate the basic functionality and interaction quality of the ARC system, an informal
test session was conducted with a single human subject in the driving simulator. The
participant was already familiar with both the simulator environment and the vehicle
model. The session began with several warm-up laps, both with and without ARC, to
allow the driver to acclimate to the shared-control behaviour and to the baseline manual
driving conditions.

After familiarization, two laps were recorded for comparison: one manually driven
without ARC (pure human control) and one under shared control with ARC active. The
results, shown in Figure 10.3, indicate a qualitative improvement in lap performance
with the assistance active. The lap time decreased by 3.438 s, primarily due to higher
average speeds and better braking and throttle application at corner entry and exit. Given
the preliminary nature of the test and the limited sample size, these results should be
interpreted qualitatively.

The driver reported that the lateral guidance provided by the steering torque was
helpful in understanding the intended cornering line, while the longitudinal cues improved
awareness of the desired braking and acceleration points, as well as overall sustained
throttle actions. However, the visual and auditory feedback for throttle and brake were
found to be distracting when precise control was required. The subject noted that a
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haptic feedback channel—such as pedal vibration or direct pedal actuation—would likely
provide clearer and less intrusive longitudinal guidance, analogous to the steering torque
feedback.

Overall, this preliminary test confirmed that the ARC system can operate in closed
loop with a human driver, providing intuitive and effective guidance. While no statistically
significant conclusions can yet be drawn regarding performance gains or learning effects,
the session demonstrated the system’s feasibility and highlighted promising directions for
more structured user studies and hardware-in-the-loop experiments.

10.6 Discussion and Outlook

Although ARC was conceived in the context of autonomous racing, its design principles
extend beyond high-performance driving. The coaching-oriented shared control paradigm
explored in this chapter offers a compelling alternative to conventional driver-assistance
systems, particularly during the transition toward higher levels of autonomy.

Contemporary level 2 and level 3 systems typically operate autonomously for extended
periods [181], requiring only passive driver supervision. In practice, however, such passivity
often leads to disengagement and delayed reactions when the system requests intervention.
As noted in [144], human reaction times in these scenarios are typically insufficient to
mitigate emerging hazards—especially when the vehicle is already operating near its
limits.

ARC challenges this paradigm by maintaining continuous driver engagement. Rather
than alternating control authority between the human and the automation, ARC promotes
parallel guidance in which both agents remain active at all times. Through structured
and interpretable feedback, the driver stays within the control loop while being supported
in learning how to respond to dynamic situations more effectively.

The racing environment provides a demanding testbed for this concept. It exposes the
system to extreme conditions—high accelerations, rapid transitions, and at-limit vehicle
dynamics—that are difficult to reproduce in conventional driving. Developing shared
control strategies under such conditions pushes the limits of responsiveness, interpretability,
and driver—automation cooperation. Insights gained in this domain may transfer to safety-
critical applications such as emergency collision avoidance in urban traflic, where decisive
and cooperative action is essential.

At a broader level, ARC also addresses questions about the role of automation in skill
acquisition. By supporting rather than overriding the human driver, it enables real-time
coaching, personalized adaptation, and a more gradual path toward autonomy. This
approach aligns with applications where trust, transparency, and human performance
remain fundamental. Moreover, the learning aspect does not only apply to driving faster,
but may also lead to fuel-efficient shared driving strategies.

Future work should address several current limitations: the absence of physical feedback
in the longitudinal channel, the lack of formal evaluation across multiple participants,
and the need for structured measures of performance and learning. Nevertheless, ARC
demonstrates the feasibility of a real-time, coaching-oriented shared control framework
and provides a promising foundation for continued research into collaborative driving
interfaces.
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Figure 10.3: Comparison between a human-driven lap with and without shared control via ARC on the
Mugello circuit with the high-fidelity double track model and the old identification procedure. At the top,
the racetrack with the trajectories along with the legend and the lap times. Below it, the longitudinal
velocity vg, the longitudinal acceleration az, the lateral acceleration ay, the g-g diagram, the yaw rate €,
and finally the side slip angle 8. All plots, except for the trajectories, are plotted against the curvilinear

abscissa (.
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11.1  Summary of Contributions

This thesis presented the development and evaluation of the Artificial Race Driver (ARD),
a fully modular framework for autonomous racing. ARD is designed to operate seamlessly
in both simulation and real-world environments, supporting a variety of vehicles and
deployment conditions.

The framework is structured into three main components: a high-level motion planner,
a low-level controller, and a vehicle model (or physical platform). Each component
was engineered for real-time operation and rapid adaptation, while maintaining a clear
separation of concerns and ease of integration.

The main contributions of this thesis are summarised below.

¢ Design and Implementation of ARD. A complete autonomous racing framework
was developed, encompassing all required modules for motion planning, control, and
simulation. The architecture was conceived to maximise modularity and portability,
allowing the same software stack to operate across vehicles, tracks, and experimental
conditions with minimal reconfiguration. This unified design represents a significant
step towards reproducible, cross-platform research in autonomous racing.

e Motion Planning via Economic Nonlinear Model Predictive Control (E-NMPC).
The high-level planner was formulated as an E-NMPC problem specifically tailored
for racing. It integrates a novel g-g-v constraint formulation to guarantee dynamic
feasibility while preserving computational efficiency. The planner can generate
minimum-time trajectories in real time and was validated on multiple vehicles and
circuits.

o Physics-Informed Neural Lateral Control. A novel Physics-Informed Steering
Neural Network (PhS-NN) was introduced for lateral control. This controller learns
a structured inverse model of the vehicle’s dynamics, embedding physical priors
such as quasi steady-state relationships while learning the transient dynamics from
data. This approach combines interpretability with strong generalisation across
operating conditions.

e Neural Single-Track Vehicle Model. A lightweight neural vehicle model was
developed as a trainable and differentiable alternative to classical physics-based
formulations. Despite retaining the compact single-track-like structure, the proposed
model captures highly nonlinear effects such as tyre saturation, load transfer, and
differential behaviour without increasing the number of states. It matches the
predictive accuracy of a high-fidelity double-track model while drastically reducing
the effort required for identification. Furthermore, it can be fine-tuned both offline
and online, enabling continuous adaptation to changing conditions such as tyre wear
or temperature variations.

e Two-Lap Learning Strategy. A semi-automated identification pipeline was developed
to extract key vehicle and controller parameters from minimal human-driven data.
Using only two laps of telemetry, this strategy enables rapid deployment of ARD on
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new platforms and tracks, offering a practical path towards self-adaptive autonomous
racing systems.

e Simulation and Real-World Validation. The complete ARD stack was validated
through extensive experiments in both simulation and on-track testing. Multiple
vehicle configurations and racing circuits were employed, including real-world
deployment on the Universitit der Bundeswehr Minchen (UniBW) test track with
an electric Volkswagen eCrafter. Additionally, simulation tests were performed to
asses the system performance under non-ideal conditions, such as dropped messages
and measurement noise. The results demonstrate that ARD can drive close to
the handling limits—even in non-ideal conditions—and the consistency between
simulated and real-world performance, confirming the accuracy of the validated
Neural Vehicle Model (NVM) and the capabilities of ARD.

o Exploration of Shared Control. Preliminary work on the Artificial Race Coach
(ARC) extended the ARD framework towards human-machine collaboration. The
system implements steer-by-wire shared control and multimodal haptic and visual
feedback, demonstrating interesting preliminary results in cooperative manoeuvre
execution.

11.2 Reflections on Autonomous Racing and Human-In-The-Loop
Systems

The research presented in this thesis demonstrates how autonomous racing can serve as a
valuable testing ground for the development of high-performance, real-time planning and
control systems. Racing poses stringent constraints on dynamic feasibility, reaction time,
and control authority, pushing algorithms and architectures to their limits. As such, it
offers a unique opportunity to explore and validate strategies that may later transfer to
more general autonomous driving applications.

In developing ARD, the focus was not solely on performance, but also on adaptability
and deployability. These aspects become increasingly relevant when considering real-
world scenarios, where exact models are unavailable, sensor noise is present, and vehicle
characteristics may vary significantly. The successful deployment of ARD across simulated
and real platforms, with minimal telemetry and minimal model knowledge, highlights the
practical relevance of the framework beyond the racing domain.

At the same time, this work also emphasized the importance of keeping the human in
the loop. While full autonomy has been the long-standing goal in many domains, current
automotive systems still rely on frequent handovers and partial driver supervision. These
transitional modes, often observed in so-called level 2 and level 3 systems, are known to
suffer from reduced situational awareness and delayed reaction times on the part of the
human driver.

ARC, although still in its early stages, was conceived to address this issue. Instead of
relegating the human to a passive monitoring role, ARC promotes continuous engagement
through shared control. By guiding the driver with intuitive haptic and visual cues,
ARC preserves human agency while leveraging autonomous guidance. Preliminary tests
suggest that such an approach could foster better collaboration, improve safety, and
reduce cognitive load in demanding driving situations.

In hindsight, the coexistence of ARD and ARC within this thesis reflects a broader
shift in the field of autonomy. Rather than pursuing autonomy as an all-or-nothing
property, there is growing recognition of the value of collaborative systems, where humans
and machines work together, each contributing their strengths. Autonomous racing and
shared control may seem like contrasting paradigms, but this work shows that they can
coexist and even reinforce one another.
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11.3 Future Research Directions

While the contributions of this thesis advance the state of autonomous racing and
human-in-the-loop control, several research directions remain open and warrant further
investigation.

Unified Control Architectures. In the current ARD framework, longitudinal and
lateral control were handled by distinct modules. This reflects common engineering
practice but neglects the intrinsic coupling between the two. Future research
should investigate unified control architectures capable of exploiting this coupling,
for example through multidimensional physics-informed learning or full vehicle
dynamics inversion, to achieve more precise and responsive behaviour near handling
limits.

Real-Time Model Adaptation. The two-lap learning strategy proved effective for
rapid offline identification, but it remains a static process. Extending this approach
to support continuous or online adaptation would enable ARD to maintain high
performance under varying conditions such as tyre wear, temperature changes, or
evolving road friction. This capability would be key to achieving self-adaptive
autonomous vehicles. Techniques like the GripMap [180] will be explored.

Full-Stack Learning with Safety Guarantees. This thesis integrated learning
selectively within individual components (e.g., lateral control, vehicle dynamics). A
promising direction is to extend this paradigm to the entire control stack, making
all modules—including the E-NMP C—differentiable and trainable end to end. If
implemented using the same physics-informed paradigm we already use, it will
preserve transparency, interpretability, and verifiable safety guarantees.

Neural Vehicle Model in the E-NMPC. Another direction is to embed the learned
neural vehicle model directly within the planning scheme, replacing the kineto-
dynamical model. This could enhance planning accuracy and simplify the low-level
controllers by internalising part of the vehicle behaviour within the optimisation
process. This in turn would solve current limitations, such as the absence of steering-
specific dynamics and transient understeer /oversteer behaviour. These effects were
non-neglible during on-track experiments.

Systematic Evaluation Across Tracks and Vehicles. Although ARD was validated
on several vehicles and circuits, a broader and more systematic evaluation campaign
is essential. This includes testing on tracks with varied topography and surface
properties, and employing vehicles without strict actuation limits to explore higher
dynamic envelopes. Establishing structured benchmarks across platforms would
provide valuable insights into generalisability and scalability.

Human-Centric Evaluation of Shared Control. The ARC framework remains an early
exploration of shared control. Its effectiveness should be rigorously assessed through
controlled user studies focusing on trust, learnability, stability, and fatigue. Further
work should also analyse the closed-loop stability of the combined human—machine
system, especially when operating near handling limits. Integrating physiological or
behavioural signals (e.g., gaze, grip force) could allow real-time personalisation of
assistance.

Multimodal Feedback Strategies. While the current implementation of ARC provides
visual and haptic guidance, future systems could incorporate pedal-based feedback.
This modality could deliver more natural and less intrusive guidance, reducing
visual and cognitive load. Adapting the feedback strategy to the driver’s skill level
and task context could further enhance comfort, performance, and acceptance.

Transfer to Urban and Mixed-Traffic Scenarios. The principles underpinning this
work—aggressive yet feasible motion planning, fast adaptation, and collaborative
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control—are relevant beyond racing. Applying these methods to urban or mixed-
traffic settings poses a challenging but valuable step towards bridging high-
performance and safety-critical autonomy.

Fuel-Efficient Driving Strategies. The online planning capabilities of ARD could
be repurposed for ecological driving. By modifying the planning model and cost
function, the framework could be used to minimise energy consumption or emissions
rather than lap time. This shown in past works from our group [182], [183]. This
approach could naturally extend to ARC, enabling it to coach human drivers towards
more fuel-efficient driving styles.
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Appendix A
Driving Simulator

Abstract

This appendix documents the in-house driving simulator developed to support the
training, testing, and validation of the Artificial Race Driver (ARD). The simulator
was designed from scratch to meet the specific requirements of real-time autonomous
driving research, with a strong focus on modularity, cross-platform compatibility,
and low-latency operation. It supports a wide range of configurations, from simple
headless execution on a laptop to immersive, human-in-the-loop testing in the
simulator room. The entire system is developed internally, allowing full access to
the codebase and seamless integration with the broader ARD framework. This
appendix provides a structured overview of the simulator’s hardware setup, software
architecture, real-time control and logging infrastructure, and the visualization tools
built around it.
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A.1 Introduction

The development of a flexible, robust, and real-time capable driving simulator was a
foundational component of this work. Over the course of a year, a fully custom simulator
was implemented to support the rapid prototyping, training, and evaluation of ARD
and, later, the Artificial Race Coach (ARC). While several commercial and academic
solutions exist, none met the specific requirements of low-latency control, modular system
integration, and cross-platform deployment that were essential for the goals of this project.

The simulator was designed from the ground up to accommodate a wide range of use
cases, from headless testing on a laptop to immersive human-in-the-loop experiments in a
dedicated simulator room. The hardware setup of the simulator room was developed in
cooperation with Matteo Larcher, who defined the layout and selection of peripherals.
Although hardware was not the focus of this work, it is included here for completeness.

The core of the system is a modular and portable software stack built around modern
middleware and messaging standards. It supports both synchronous and asynchronous
execution, distributed operation across multiple machines, and real-time communication
with planning and control software. A custom logging system, a set of visualization
tools, and numerous development utilities were implemented to streamline everyday use
and reduce integration overhead. The simulator is actively used for both algorithm
development and experimental validation.

The remainder of this appendix is structured as follows. Section A.2 summarizes the
hardware setup. Then, Section A.3 presents the software architecture.
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A.2 Hardware and Peripheral Setup

Although the simulator was primarily designed as a modular and platform-agnostic
software tool, a dedicated simulator room was developed to support immersive and
reproducible testing in both human-in-the-loop and hardware-in-the-loop configurations.
This physical setup represents the most complete deployment of the simulator stack,
demonstrating its capabilities in a fully distributed, low-latency environment. Figure A.1
shows our driving simulator room.

Figure A.1: Our driving simulator room.

The hardware infrastructure was designed in collaboration with Matteo Larcher, who
led the selection and arrangement of the simulator room components. The simulator
room features the following equipment:

e Three 4K laser projectors, aligned with a 210-degree cylindrical projection screen,
providing seamless wraparound visuals.

e A 3 Degrees of Freedom (DoF) motion platform, supporting a full cockpit setup.
Allowed motions are roll, pitch, and heave.

e A complete racing control set mounted on the platform:
— Force-feedback steering wheel with buttons, switches, and gear shift paddles;
— Sequential gear shifter (push-pull lever type);
— Throttle, brake, and clutch pedals;

— Handbrake lever.

e A 5.1 surround sound system for immersive audio feedback.

Three workstation-class PCs, each responsible for rendering one projector’s view.

One real-time computer dedicated to time-critical tasks such as vehicle dynamics
simulation. This machine is equipped with CAN interfaces to support hardware-in-
the-loop (HiL) testing with physical automotive components.
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e One general-purpose workstation for development, user applications, and supervisory
tasks.

e One Intel NUC acting as a central manager node to coordinate startup and shutdown
of the distributed system.

e One Ethernet switch that defines an isolated subnetwork to reduce communication
latency and enable external devices (e.g., laptops) to interface seamlessly with the
simulator.

o Two Raspberry Pi 4 boards:

— One acting as an NTP server and communication broker;

— One dedicated to real-time logging.

This configuration supports a wide range of experimental scenarios, from immersive
human-in-the-loop testing to hardware-in-the-loop validation of embedded components.
Tight control over communication, synchronization, and feedback enables closed-loop
tests in realistic conditions. However, it is important to note that the simulator room
is only one of several supported use cases. The software stack introduced in the next
section is fully cross-platform (where possible) and can be executed on single-machine
setups without requiring specialized hardware.

A.3 Custom Software Stack

A.3.1 Architecture Overview

The driving simulator is built as a distributed, modular system structured around a central
communication broker. All components interact via a publish/subscribe communication
model, enabling loose coupling, dynamic configuration, and flexible deployment across a
range of hardware setups. While the simulator can be executed on a single machine, it
was designed from the start to support multi-node, real-time setups such as the simulator
room. Figure A.2 shows a schematic overview of the architecture in the specific case of
the simulator room.

At the core of the system lies the broker, a lightweight message-forwarding proxy that
facilitates all communication between processes. Each component—whether software
module, hardware interface, or user application—connects only to the broker, which
abstracts the physical network topology. This design reduces configuration complexity
and enables seamless substitution or duplication of nodes. The broker can be deployed
on any machine; in the simulator room, it runs on a dedicated Raspberry Pi 4.

The communication structure is entirely based on the publish/subscribe paradigm,
implemented over ZeroMQ sockets. Messages are either encoded using FlatBuffers—to
minimize serialization overhead—or sent as plain JSON. The former is used by the core
simulator modules to ensure low-latency operation, while the latter is supported for
convenience and interoperability with external tools.

To support persistent logging and real-time telemetry, a dedicated logger module
subscribes to a special push/pull channel exposed by the broker. This mechanism
allows for multiple logger instances to run in parallel—even across different machines—
without duplicating logged messages. If the incoming message is already in JSON
format, it is logged directly to a MongoDB database. Otherwise, the message is
automatically converted from its FlatBuffers representation into JSON before logging.
This conversion infrastructure is automatically generated for each defined interface,
streamlining development and ensuring consistency.

In addition to persistent logging, the logger can optionally relay all received JSON
messages to PlotJuggler for real-time visualization. This functionality required a minor
modification to the PlotJuggler project to support dynamic topic updates, which was
contributed upstream and is now part of the official release.
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Figure A.2: Schematic overview of the architecture of the driving simulator in the specific case of the
simluator room.

All functional modules—including the cockpit interface, motion platform control, and
force feedback system—communicate exclusively via the broker. The same applies to the
simulation backend based on CARLA, and to any user application such as ARD, which
acts as a client of the simulator infrastructure.

To enable reproducible closed-loop experiments and accurate time-stamping, all nodes
in the simulator room synchronize their clocks via an internal NTP server, ensuring
sub-millisecond clock drift. While PTP would offer higher precision, the current setup
was deemed sufficient for all use cases encountered during development.

The simulator software supports both synchronous and asynchronous execution modes.
When CARLA is run locally on the development workstation, it operates in synchronous
mode, enabling time-deterministic simulations. When deployed across the three projector-
connected machines in the simulator room, CARLA runs three independent simulations
synchronized in real-time. In this configuration, asynchronous communication is preferred
to ensure responsive performance, despite significant optimization of CARLA’s internals.

A.3.2 Core Services
A.3.2.1 Communication Broker

A centralized communication broker was chosen to simplify configuration, improve
modularity, and enable robust introspection. While mesh-like topologies are common
in academic systems due to their initial convenience, they quickly become difficult to
scale, reconfigure, or monitor. The broker-based star topology adopted here avoids these
limitations by decoupling components: each module only needs to know how to reach the
broker, not its peers. This enables late joining, hot-plugging, and easier debugging, at
the cost of minimal additional latency.

The broker itself is intentionally kept as simple as possible. As the central point of
message forwarding, it is expected to run continuously and reliably for long durations—
potentially hours or even days. To ensure maximum stability and portability, the broker
is implemented using ZeroMQ’s built-in proxy functionality, which provides a robust,
event-driven message forwarding service with minimal dependencies.

Two configurations of the proxy are supported:
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e Daemon mode: This is the default for deployment. The broker runs as a background
process with no interactive features, forwarding all messages received on its XSUB
(extended subscriber) socket to its XPUB (extended publisher) socket. This mode
is stable, fast, and suitable for unattended operation.

e Steerable mode: In this mode, the broker runs interactively and exposes a control
socket, allowing the user to inspect, pause, resume, or shut down message forwarding.
This mode is primarily useful for debugging or temporary setups.

Regardless of mode, the broker also exposes a PUSH socket to which all messages are
forwarded. This capture channel enables real-time logging by any number of downstream
consumers (see Section A.3.2.2). Unlike the PUB/SUB mechanism—which delivers a
copy of each message to every subscriber—the PUSH/PULL pattern guarantees exclusive
delivery: once a message is consumed by a client, it is no longer available to others. This
makes it ideal for parallel, distributed logging where duplicate entries must be avoided.

For performance reasons, the broker uses both TCP and IPC endpoints. This dual-
stack setup enables seamless switching between local and distributed deployments. If no
subscribers are present on a given endpoint (e.g., TCP), messages are simply not emitted,
resulting in negligible overhead. This redundancy allows flexibility in deployment: while
IPC is typically faster for intra-process communication, TCP loopback can outperform it
on some platforms.

The simplicity of the broker is deliberate. By relying on ZeroM@Q’s native mechanisms
and avoiding any internal message parsing or processing, the broker remains highly stable
and easy to maintain. Its sole responsibility is to forward messages, not interpret them.
Higher-level logic—such as interface verification, schema matching, or logging—is handled
elsewhere in the stack.

A.3.2.2 Distributed Logging Infrastructure

Robust logging is fundamental to the development and validation of autonomous driving
systems. Without reliable data capture and inspection, it becomes difficult to identify
faults, validate hypotheses, or iterate on algorithms. The simulator therefore includes
a custom logging module designed to operate in real-time, with minimal latency and
maximum configurability. This makes it possible to monitor messages as they flow through
the system and verify their correctness during runtime, without waiting for post-processing
or conversion steps.

The logger is designed around a few core goals: reliability, real-time capability, and
flexibility. At its core, each logger instance listens to a dedicated PUSH socket exposed by
the broker, receiving a continuous stream of messages captured by the broker’s internal
forwarding mechanism. Each message is either directly stored or converted to JSON on
the fly before being written to a MongoDB database. This decision depends on the format:
messages already in JSON (e.g., from user applications or external tools) are logged as-is;
messages using the simulator’s internal FlatBuffers interfaces are automatically converted
via a generated schema.

To meet performance and scalability requirements, each logger instance can be
configured with a number of parallel worker threads. In a single-machine setup, a
single logger can handle a high message rate simply by increasing the number of workers.
In distributed setups, multiple logger instances can be launched on different machines—
ZeroMQ’s PUSH/PULL mechanism ensures that each message is consumed only once,
avoiding duplication.

Each worker runs in a dedicated thread. It continuously consumes messages, converts
them if needed, and appends them to a buffer. Periodically, based on an internal timing
check, the buffer is flushed to the database in batches. This approach avoids per-message
database writes while keeping delay bounded. The design was inspired by the Japanese
bamboo water fountain: messages are accumulated in memory and then flushed once the
buffer “tips”.
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The FlatBuffers-to-JSON conversion is efficient in most cases, but poses a challenge
when dealing with large messages. For example, the ego vehicle interface used in the
simulator encodes hundreds of individual fields (e.g., actuator states and sensor signals),
resulting in over a thousand scalar values. Logging such messages at high frequency
(e.g., 1000 Hz) stresses both CPU and memory bandwidth. The logger mitigates this
through parallel processing and an efficient queueing strategy based on ZeroMQ’s internal
buffering.

However, ZeroMQ’s in-memory queues are not bounded, and excessive memory
pressure can lead to message accumulation and process termination due to out-of-memory
conditions—especially on constrained devices such as the Raspberry Pi 4. Rather than
introducing a custom file-backed queue system, the logger simply relies on the host
operating system’s swap mechanism as a fallback. This adds latency under extreme
conditions but ensures that no messages are lost and avoids the complexity of implementing
and maintaining custom queueing logic.

Both MongoDB logging and real-time telemetry are optional. When enabled, the
logger can stream all JSON messages to PlotJuggler via a dedicated channel. This allows
the user to visualize any data flowing through the simulator stack in real-time. The
visualization layer supports dynamic topic discovery and was enabled by a small upstream
contribution to the PlotJuggler project.

Overall, the logger provides a robust and flexible foundation for high-frequency data
capture, with enough performance to operate in real-time even on modest hardware. On
the simulator room’s Raspberry Pi 4, the logger has been run continuously for extended
periods with no reliability issues.

A.3.2.3 Interface Generation and Messaging

All communication between simulator modules is based on a structured, publish-only
messaging model built on top of ZeroM(Q. Messages are sent as multipart ZMQ messages,
each consisting of four components in strict order:

e Topic: A UTF-8 string defining the subject of the message.
o Payload: A binary blob representing the serialized contents of a FlatBuffers schema.
e Timestamp: A string-encoded timestamp.

e Cycle count: A string-encoded counter representing the message index.

The simulator supports multiple FlatBuffers schemas, each representing a specific
interface (e.g., cockpit state, vehicle state). Once a new schema is defined and pushed to
the repository, a GitHub Actions pipeline automatically generates:

e C++ and Python bindings for the new interface;
e A JSON conversion utility for the logger;

e A standardized topic string definition, ensuring consistent usage across all modules.

This workflow ensures that new interfaces are immediately usable and consistent
across the entire stack. The build pipeline is extendable to other languages supported by
flatc, although only C++ and Python are used at present.

A core design constraint governs all messaging within the simulator: every interface
must be an output interface. No node is allowed to request data or publish input-
specific contracts. Instead, each module simply publishes its own state and relevant data.
Consumers are responsible for composing the inputs they need by subscribing to the
appropriate messages. This discipline enforces strict decoupling between modules, making
the system resilient to partial failures, easier to debug, and safer to extend.

While this model introduces additional development effort—particularly when
coordination between modules is required—it avoids the pitfalls of implicit coupling
and ad-hoc data dependencies. In practice, this approach has proven highly effective,
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especially in collaborative or long-lived research environments where software evolves
rapidly and unpredictably.

As an example, the cockpit interface simply publishes sensor readings such as steering
angle, and pedal states. It defines no inputs and maintains no knowledge of downstream
consumers. A vehicle model requiring driver inputs will subscribe to the cockpit messages
and extract the relevant fields. More complex behaviours may require combining multiple
messages from different sources, but these compositions are handled externally by the
consumer, never by the publisher.

This strict separation of concerns—coupled with automated interface generation and
flexible topic-based routing—ensures that the simulator remains maintainable, testable,
and robust as it grows.

A minimal example of a FlatBuffers schema used in the simulator is shown below.
The example defines a simple Cockpit interface that might be used to publish steering
and pedal positions:

Listing A.1: Minimal example of a Cockpit.fbs interface.

namespace sim;

table Cockpit {
timestamp: ulong;
cycle: ulong;

steering_angle: float;
throttle: float;
brake: float;

clutch: float;

handbrake: bool;
}

root_type Cockpit;

Once this file is added to the repository, the build system automatically generates the
C++ and Python bindings, the JSON conversion logic for the logger, and the corresponding
topic definition for consistent use across the simulator.

FEach message is tagged with a topic name derived from the schema itself. By
convention, the topic is constructed automatically as a combination of the schema
namespace and root type (e.g., sim.Cockpit). All top-level tables are considered valid
message types and receive their own topic, meaning that even nested substructures can
be published independently if needed. This naming scheme ensures uniqueness and
consistency across modules, reducing the chance of mismatches or ambiguity in message
handling.

A.3.3 System Management and Hardware Integration
A.3.3.1 Master Node: Centralized Orchestration for the Simulator Room

In the simulator room setup, a dedicated master node is used to manage the deployment
and coordination of all distributed components. This role is fulfilled by an Intel NUC
running a custom control interface named Butler. While the simulator software is
inherently modular and can be launched manually or via scripts, the complexity of
the multi-machine deployment in the simulator room motivated the development of a
higher-level orchestration tool.

Butler is implemented as a graphical interface in PowerShell, providing a simple and
centralized way to manage the state of the simulator. It allows the operator to perform a
range of actions across the simulator room network without needing to manually access
each machine.

Specifically, Butler provides the following capabilities:

e Power on, shut down, or restart the three projector-connected PCs via network
commands.
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¢ Install new versions of the customized CARLA simulator to those PCs.
o Start, stop, or restart the CARLA server instances (one per PC).

o Start, stop, or restart a complete simulation session, including launching
carla-control and any associated modules.

e Manage core simulator services such as the broker, logger, cockpit, force
feedback, and motion platform controllers.

Although originally developed to support the specific requirements of the CARLA-
based deployment, Butler was designed with generality in mind. Its architecture allows
it to be extended to support other simulation backends, such as CarMaker, or future
internal tools.

A new version of Butler is currently under development. This improved version is
written in Python using the PySide framework, offering a more portable and extensible
architecture. Unlike the current PowerShell-based implementation—which is tightly
coupled to Windows—the new version is designed to support multiple operating systems
and more powerful scripting workflows. It introduces a lightweight client service on each
machine, enabling real-time status monitoring, distributed control, and bidirectional
communication. A redesigned graphical interface is also being developed to accompany
this version.

The master node is not required for deployments outside the simulator room. On
a single-machine setup, or in simpler multi-node configurations, all components can be
launched independently or scripted using lightweight launchers. However, in the full-scale
room configuration, the presence of a central orchestrator greatly improves usability and
reliability during operation.

A.3.3.2 Cockpit Interface

The cockpit interface is used exclusively in the simulator room, where it serves as the
bridge between the physical driving controls and the rest of the simulator stack. It collects
all relevant driver input signals—such as steering angle, throttle, brake, clutch, and gear
position—and publishes them to the broker using a standardized simulator message.

While conceptually simple, the implementation was complicated by the fragmented
nature of the cockpit hardware. Each component—steering wheel, pedals, sequential
shifter, handbrake—originates from a different manufacturer, with no unified interface.
Most of these devices expose themselves only as raw game controllers, without meaningful
abstraction. Worse, several vendors provide full functionality only under Windows, with
limited or no cross-platform support.

In particular, the steering wheel assembly required using Windows-specific APIs to
access its full input state, as its HID reports lacked standard mapping. The device
could not be accessed reliably using typical input libraries on other platforms, making a
Windows-based implementation the only practical option. Similar limitations affected
other peripherals as well (see Section A.3.3.3 for further discussion).

The cockpit interface runs as a standalone application on Windows. It queries the
controller states at runtime, and publishes the processed data to the simulator broker.
It has no input channels—consistent with the simulator’s strict publish-only design
philosophy—and serves only as a source of driver state information.

Force feedback is handled separately due to its entirely different implementation (see
Section A.3.3.4). The cockpit interface is concerned only with acquiring input states from
the physical hardware and making them available to other modules in the simulation
loop.

A.3.3.3 Motion Platform Control

The motion platform used in the simulator room provides 3 DoF and is capable of
reproducing pitch, roll, and heave motions for immersive driver feedback. It is controlled
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via a dedicated software module that acts as the interface between the simulator and the
platform hardware.

The platform is supplied by a third-party vendor and comes with a proprietary software
suite, including a set of graphical interfaces and a built-in motion cueing engine. Although
no formal documentation was provided, the APIs are relatively clean and well documented.
The interface exposes both control and feedback channels, making it possible to operate
the platform directly or through the vendor’s motion algorithms.

While the APIs are technically cross-platform, key features—including the vendor’s
GUI and proprietary cueing engine—are only available on Windows. For this reason, the
platform interface is implemented and ran under Windows in the simulator room. This
configuration allows the user to switch seamlessly between the vendor’s motion cueing
and a custom internal one, depending on the testing needs.

The vendor-provided GUI offers a range of real-time tools, including a virtual cockpit
dashboard and a set of live tuning parameters for the motion dynamics. These are
accessible only when the proprietary cueing is used. When running custom motion
algorithms, these features are disabled, and access to platform feedback becomes
significantly slower—on the order of several milliseconds per query—rendering continuous
readout impractical.

The control application serves a dual role:

o It publishes the current platform state when using the vendor’s cueing engine (e.g.,
platform pose, system status).

o It subscribes to the ego vehicle state, interprets it, and forwards the resulting motion
commands to the platform.

Users can select between cueing strategies at startup time. When the vendor’s motion
engine is active, the interface merely acts as a bridge between simulator signals and the
vendor’s software. When custom cueing is enabled, the interface applies internal motion
algorithms and writes directly to the platform’s low-level control API. In both modes,
communication with the rest of the simulator stack follows the same publish/subscribe
architecture used system-wide.

This structure allows the platform to be integrated flexibly within the simulator stack
while retaining access to vendor tooling when needed. It also opens the possibility of
gradually transitioning to fully custom motion cueing in the future, if required.

A.3.3.4 Force Feedback Control

The force feedback system, responsible for generating steering torque at the simulator
wheel, was by far the most constrained and technically demanding hardware integration
in the simulator room. The wheel assembly is a commercial device that offers full access
to its force feedback motor only through a proprietary driver stack, available exclusively
on Windows. After extensive experimentation, a limited configuration was found to
run under Linux, but only in a default-safe mode with a fixed torque cap of 5 Nm and
additional damping. This configuration is intended as a failsafe or low-risk testing mode
and does not allow meaningful control.

Full torque control requires interfacing with the device via DirectX and its legacy
DirectInput API, a poorly documented and cumbersome interface. After multiple
unsuccessful attempts, integration was made possible by adapting an open-source example
project that demonstrated constant-force feedback via DirectInput:

e https://github.com/walbourn/directx-sdk-samples-reworked /tree/main/Direct]
nput/FFConst

Using this as a foundation, a custom application was developed to control the steering
torque applied to the wheel. The application subscribes to multiple data streams:

o Ego vehicle state, to extract physical quantities such as steering torque;
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e Autonomous agent low-level output, which provides the intended steering angle;

o Cockpit steering angle, to measure the user’s current input.

The force feedback algorithm partitions the available torque budget into two
components:

1. A wvehicle feedback component, which reproduces the physical steering effort required
by the simulated dynamics;

2. An ARC guidance component, which communicates the autonomous agent’s intended
steering action.

The ARC torque is computed using the shared control strategy described in Chapter 10,
based on the angular error between the user’s input and the agent’s desired steering angle.
This error is passed through a parametric smoothstep function to determine the final
proportion of torque to be allocated to the user. The two torques are then summed and
applied as a single motor command to the wheel.

The application is listener-only: it subscribes to relevant simulator messages, computes
the appropriate force response, and sends commands directly to the motor controller via
the DirectInput API. It publishes no data to the rest of the simulator stack, in accordance
with the simulator’s strict separation between control and sensing.

Despite the technical and platform limitations, this implementation enables a realistic
and dynamic shared control interaction between human and autonomous agent, suitable
for ARC-style experiments as well as immersive human-in-the-loop testing.

A.3.4 Simulation Backend
A.3.4.1 Custom Carla Extensions

While the core of the simulator is designed to be simulator-agnostic, several significant
extensions were developed for the CARLA simulator to support real-time, multi-machine
deployment in the simulator room. These modifications span vehicle integration, terrain
interaction, rendering performance, and map and asset design. The result is a highly
adapted version of CARLA capable of running dense, immersive driving scenarios at high
frame rates. The code of our CARLA version is available at https://github.com/driving-
simulator-unitn/carla.

Custom Vehicle Models. Two vehicle modelling approaches were implemented to suit
different use cases:

e An internal vehicle model, integrated directly into CARLA’s C++ source code, allows
for high-fidelity simulation without introducing external communication delays.

e An external vehicle model, interfaced via ZeroMQ, enables synchronization between
CARLA and an externally simulated ego vehicle (e.g., using a validated physics
model). CARLA listens for state updates and visually replicates the motion of the
external vehicle in real-time.

Terrain Server Integration. To support external vehicle models, an in-engine terrain
server was also implemented. This module is part of the ZeroMQ communication interface
inside CARLA and provides environment feedback for external use. When enabled, the
terrain server monitors points of interest included in the incoming ego vehicle messages.
For each point of interest, it computes contact information with the environment (e.g.,
ground penetration, surface material, and collision state) and publishes the result as a
dedicated topic. External dynamics modules can then subscribe to this topic to obtain
real-time terrain feedback, closing the loop between CARLA visuals and physically
accurate simulation.
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Rendering Optimization via Spectator Camera. To improve rendering performance,
the simulator avoids CARLA’s standard camera sensors and instead uses the built-in
spectator camera to render the driver’s point of view. This approach eliminates the
overhead associated with image generation and sensor callbacks, significantly reducing
GPU and CPU load. As a result, the system is capable of running at 120 Hz and 1080p
resolution on all three projectors in the simulator room. In more demanding conditions—
such as dense traffic scenarios involving hundreds of vehicles—the system maintains
a stable 60 Hz, which is sufficient for immersive operation. The spectator camera is
controlled via Python when using CARLA’s default vehicle model, and via C++ when
using internal or external custom models to minimize latency.

Custom Maps and Assets. A set of custom maps and 3D assets were developed to
support autonomous racing scenarios. These include high-fidelity racetracks such as the
Mugello Circuit, which were used extensively for evaluating ARD. In addition to track
geometry, custom vehicle objects (meshes and physical bodies) were created to match the
appearance and dimensions of high-performance racecars. These assets are implemented
at the Unreal Engine level and are separate from the internal vehicle dynamics.

Traffic Scenario Extensions. Finally, custom traffic teleporting strategies were
implemented to ensure consistent vehicle density around the ego vehicle. The
implementation was carried out by Nicola Mengarda, a master thesis student, as part
of a collaborative effort. He also contributed to the development of the custom vehicle
model interfaces and the racetrack maps.

These extensions significantly improve the usability, realism, and performance of
CARLA in a real-time, human-in-the-loop simulator setting. Synchronization across
machines is handled separately and discussed in the next subsection.

A.3.4.2 Multi-Machine Carla Coordination

CARLA does not natively support multiscreen or multi-projector setups. While the
simulator can technically be configured to render across multiple monitors on a single
machine, doing so requires expensive and restrictive warp-and-blend licences. In our
case, only single-projector-single-computer licences were available, which made a standard
unified rendering configuration infeasible.

Although Unreal Engine offers mechanisms to support multiscreen projection (e.g.,
nDisplay), these features are difficult to integrate into an existing large-scale codebase like
CARLA. The version used in this work (CARLA 0.9.15) is based on Unreal Engine 4.26,
which lacks many of the multiscreen rendering improvements introduced in later versions.
Upgrading was not a viable option due to CARLA’s known instability and reduced feature
set in more recent releases.

To overcome these limitations, a custom multi-machine coordination system was
developed. The solution consists of three independent CARLA server instances—one per
projector-connected PC—running in parallel and coordinated by a central master process.
The roles are as follows:

¢ One instance acts as the master, responsible for managing simulation state and
synchronization.

e The remaining two instances act as slaves, rendering the left and right viewpoints
using kinematically driven entities.

Each server spawns an identical simulation scene, including the ego vehicle and any
required traffic agents. On the slave machines, all vehicles are configured as kinematic
actors: their states are not updated via physics but are instead directly overwritten
with new poses received from the master. This reduces computational cost and avoids
simulation drift.

The simulation loop proceeds as follows:
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1. The master server simulates the environment, including ego vehicle dynamics (via
CARLA or external models), traffic logic, and sensor data.

2. After each simulation step, the master serializes the relevant state—ego pose, traffic
poses, and any shared environment state—and sends it to all slave machines.

3. The slaves receive the update, apply the poses to their local actors, render the
current frame, and send back a lightweight acknowledgment (“T'm done”).

4. While waiting for slave acknowledgments, the master performs any remaining
per-frame tasks, such as sensor processing or logging, then proceeds to the next
frame.

Communication is implemented using ZeroMQ’s Python interface (pyzmgq), with data
transmitted as pickled Python objects over a minimal PUB/SUB socket pair. The system
is designed for low-latency operation: messages are compact, and the slaves perform no
simulation logic beyond kinematic updates. The master does not track individual slaves
explicitly; instead, it counts received acknowledgments to determine when to proceed.

This architecture is inherently scalable. Since the data is serialized once and published
to all subscribers, additional slaves—such as rearview or auxiliary monitors—can be
added with minimal effort. The current implementation anticipates this by decoupling the
master’s main loop from the rendering-specific tasks, making expansion straightforward.

Importantly, the entire system operates in a synchronous and deterministic manner.
Each simulation frame is advanced only when all slaves have completed rendering and
acknowledged receipt of the update. This ensures consistent timing and reproducibility
across all machines, frame by frame. As long as the slave machines are able to render
faster than the target frame rate, the system maintains real-time operation without
sacrificing synchronization guarantees. If not, the system still remains synchronous, but
it will start to visibly lag.

Overall, this coordination framework enables high-performance, multi-machine
rendering for immersive environments using an engine that does not natively support it,
while remaining simple and robust.

A.3.5 Development Utilities

To support real-time performance and developer ergonomics, a set of lightweight utility
components were developed alongside the simulator infrastructure. These modules address
recurring limitations in C++17’s standard library, add robustness to third-party tools,
and provide fast and flexible building blocks for messaging and timing. Each utility is
designed for speed and clarity, with minimal abstractions and no unnecessary overhead.
In high-frequency loops—where 1 ms cycle times are common—such components must
behave predictably and efficiently, often operating silently in the background.

STL-Compatible Generic Queue. C++17’s standard library provides several queue-like
containers, but lacks a unified interface for performance-tuned circular queues or single-
value queues. A custom generic queue was implemented to fill this gap. It is designed as
a partially specialized template that supports three modes:

e SINGLE holds a single value, with no internal buffer—ideal for overwriting with the
latest message while exposing a queue-like API.

e FIFO implements a first-in, first-out queue with preallocated memory.

o LIFO implements a stack (last-in, first-out), also preallocated.

This utility is used extensively throughout the simulator to manage message queues.
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Fixed-Rate Timer. A fixed-rate timer class was adapted from a utility originally
developed by Matteo Larcher. It repeatedly executes a user-provided lambda at a
specified frequency. Two operating modes are available:

e Fco mode: Uses std::this_thread::sleep_for() to delay between executions.
Its precision depends on the host OS—Linux typically achieves 1-3ms, while
Windows struggles to go below 15 ms.

e Precise mode: Uses a busy-wait loop to continuously monitor elapsed time. This
ensures maximum timing precision, typically within a few microseconds over tens of
minutes of operation, at the cost of increased CPU load.

This timer is particularly useful in vehicle dynamics modules and other simulation
components where exact timing is critical and jitter must be minimized.

TOML Value Resolver. The simulator uses the toml++ library for configuration parsing.
While powerful, the library heavily relies on std: :optional and manual chaining, making
deep key access verbose and error-prone. A small wrapper was implemented to improve
usability. It resolves nested keys, throws clear errors when a key is missing, and reports
the full key chain leading to the failure. This greatly simplifies configuration logic and
provides meaningful diagnostics when debugging simulation parameters. This utility
could potentially be contributed upstream as a quality-of-life improvement.

ZMQ Multipart Message Wrapper. A simple utility wraps ZeroMQ multipart messages
using a standard vector interface. This improves readability and provides a consistent
API for assembling and parsing messages across the simulator, particularly when using
FlatBuffers or raw byte payloads. Preallocation is also employed here.

ZMQ Receive Queue. This component implements a background receiver thread
that listens on a user-provided ZMQ socket and queues incoming messages in a custom
queue (typically FIFO or SINGLE). It uses condition variables for efficient wake-up and
non-blocking operation, making messages available as soon as they arrive. Template
specialization ensures no type-conversion overhead is introduced. This class is widely
used in modules such as the cockpit, and external vehicle interfaces.

ZMQ Topic Queue. A specialized version of the receive queue, the topic queue is
designed for SUB sockets. It internally manages a map from topic strings to queues of
received messages. Topics are discovered dynamically at runtime, allowing for flexible
subscription patterns. When retrieving a message, the user specifies the desired topic,
and the most recent message for that topic is returned and popped. This is particularly
useful when subscribing to all topics and routing messages by source without hardcoding
topic names or polling multiple sockets.

All queues in the system follow a strict ownership model: once a message is retrieved, it
is removed from the queue. This ensures predictable memory usage and avoids accidental
duplication of time-sensitive data. The design philosophy across all utilities remains the
same: avoid hidden complexity, minimize runtime overhead, and provide just enough
abstraction to make real-time simulation maintainable and work reliably.
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