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Abstract

Automated Vehicles (AV) control at the limits of handling poses significant challenges due
to the highly non-linear dynamics, tyre saturation effects, and the need for rapid decision-
making. Traditional motion planning approaches often rely on global trajectory planners
that do not fully account for real-time variations in vehicle dynamics or un-modelled envi-
ronmental factors. Consequently, ensuring high tracking performance while simultaneously
maintaining safety in the presence of uncertainties and obstacles remains an open problem.
This thesis proposes a Bayesian Optimisation-based Reference Governor (BORG) that en-
hances the controller’s ability to navigate complex scenarios by shaping a control-friendly
reference trajectory. Unlike conventional replanning strategies that modify paths based on
overly simplistic vehicle models, the BORG approach leverages the controller’s knowledge
of the vehicle’s dynamics and control constraints to generate a refined reference signal that
ensures both improved tracking performance and obstacle avoidance.

The BORG method operates in a model-free manner, optimising the reference trajectory
without requiring an explicit system model, making it inherently robust to model mismatches
and un-modelled disturbances. By integrating this optimised reference into a Model Predictive
Control (MPC) framework, the proposed approach ensures that the generated trajectories are
feasible and adhere to the vehicle’s dynamic limitations. Furthermore, the reference governor
not only enhances nominal MPC tracking performance but also guarantees safety by reshaping
the trajectory to avoid obstacles, potentially even those not explicitly considered by a global
planner. Through systematic optimisation, the reference signal accounts for the controlled
system’s behaviour, enabling smoother and dynamically feasible manoeuvres.

The effectiveness of this approach is evaluated through extensive simulation and experimental
validation, demonstrating its capability to improve tracking performance while maintaining
safe operation in uncertain and dynamically changing environments. Results show that the
proposed method successfully balances aggressive performance optimisation with safety guar-
antees, making it a viable solution for high-performance autonomous driving applications
where traditional model-based planners may fall short.
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Chapter 1

Introduction

1-1 Automated Vehicles

Automated Vehicles (AV) hold significant promise in enhancing road safety by reducing human
error, a factor implicated in approximately 94% of traffic fatalities . Studies suggest that AV
could potentially decrease crashes by up to 90%, translating to an estimated annual saving
of $190 billion in the United States [2] [3]. Advanced Driver-Assistance Systems (ADAS),
integral components of AV technology, have been projected to prevent about 62% of total
traffic deaths, equating to approximately 20,841 lives saved per year [4]. Moreover, real-
world data indicates that autonomous driving systems can significantly lower crash rates.
For instance, Waymo’s autonomous vehicles have demonstrated an 85% reduction in injury-
related crashes compared to human drivers [5]. These statistics underscore the transformative
potential of AVs in mitigating collisions and enhancing overall road safety.

AVs have rapidly evolved in recent years, driven by advancements in sensing technologies, com-
putational power, and control algorithms. These vehicles rely on a combination of perception,
planning, and control modules as depicted in Figure 1-1 to navigate complex environments
while ensuring safety and efficiency. Among these modules, the control system plays a crucial
role in executing planned trajectories with high precision, maintaining stability, and reacting
dynamically to uncertainties in the environment.

One of the most challenging aspects of AV is achieving robust and high-performance path
following, particularly in scenarios that involve high-speed manoeuvres, obstacle avoidance,
and dynamically changing road conditions. At the core of this challenge lies the ability to
generate and follow control-friendly reference trajectories that adhere to vehicle dynamics
while ensuring safety constraints are met. Standard motion planning approaches typically
generate trajectories in a decoupled manner, relying on simplified vehicle models or idealized
assumptions about system behaviour which often need complex solutions to ensure feasible
trajectories [6] [7] [8]. However, these approaches still fail to account for the intricate non-
linearities of vehicle dynamics, leading to suboptimal tracking performance and a lack of
adaptability when confronted with real-world uncertainties.
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2 Introduction

To bridge this gap, model-based control techniques, particularly Model Predictive Control
(MPC), have gained prominence in the field of autonomous vehicle motion control. MPC
offers significant advantages due to its predictive capabilities and inherent ability to enforce
system constraints during optimisation. However, despite its widespread research, classical
MPC performance remains highly dependent on the accuracy of the underlying vehicle model
and the quality of the reference trajectory it receives. Any mismatch between the model and
the real system, whether due to tyre-road interactions, external disturbances, or un-modeled
dynamics, can lead to degraded tracking performance and potential safety concerns.

® Acquisition Perception Communication

e Environment
ocalisation Perception
Classification

) » A
Decision

3lob anning Behaviour: nning Y c
1. Mission 1. Events 1. Trajectory Generatlon
2. Routing 2. Manoeuvres 2. Obstacle Avoidance

@ Actuation Control

Lateral Longitudinal
Steerin Throttle/ Dampers, Control Control
9 Brakes Differentials Reactive VS

Figure 1-1: General control architecture for Autonomous Driving system adapted from [9]

To address these limitations, data-driven methodologies have emerged as powerful tools to
enhance model accuracy and improve controller performance. By leveraging real-world driv-
ing data, machine learning techniques and optimisation-based strategies can refine vehicle
models, providing more accurate predictions of system behaviour. In particular, data-driven
approaches have shown promise in improving the accuracy of tyre models, a crucial compo-
nent in autonomous vehicle dynamics, especially under varying road conditions. However,
while these approaches improve model accuracy, they do not directly address the need for
generating reference signals that are more suitable for the controller itself. Thus, an alterna-
tive approach is required to reshape reference trajectories in a manner that optimally balances
tracking performance, dynamic feasibility, and safety.
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1-2 Vehicle Motion Control 3

1-2 Vehicle Motion Control

Ensuring accurate path following is a fundamental requirement for autonomous vehicles, par-
ticularly when operating at high speeds or in dynamically uncertain environments. Tradi-
tional control techniques such as Proportional-Integral-Derivative (PID) control and Linear
Quadratic Regulator (LQR) have been employed in early autonomous systems, but these
methods struggle to handle complex constraints and non-linear vehicle dynamics effectively
[10] [11] [12]. In contrast, MPC has emerged as the preferred approach for motion control due
to its predictive nature, optimisation-based formulation, and ability to explicitly incorporate
constraints on states and control inputs.

MPC operates by solving an optimisation problem at each time step, predicting the system’s
future behaviour over a finite time horizon and determining the optimal control inputs that
minimize a predefined cost function. This framework allows MPC to proactively adjust con-
trol actions based on predicted future states rather than reacting to past errors, resulting
in superior tracking performance compared to traditional controllers. Additionally, the abil-
ity to integrate state and input constraints enables MPC to ensure vehicle stability while
maintaining adherence to safety limits, making it particularly suitable for high-performance
autonomous driving applications.

Despite its advantages, MPC still faces significant challenges when deployed in real-world au-
tonomous driving scenarios. One of the primary concerns is the dependency on an accurate
vehicle model. Any discrepancy between the modelled dynamics and the real system can
introduce errors in the predicted trajectories, leading to suboptimal control actions. While
data-driven modelling techniques offer potential improvements, these methods require ex-
tensive data collection and may still fail to generalize across different driving conditions.
Furthermore, the reference trajectory provided to the MPC controller plays a crucial role in
determining the overall system performance. A poorly chosen reference signal may result in
aggressive control actions, unnecessary oscillations, or even infeasibility in terms of system
constraints.

Another major challenge in motion control is obstacle avoidance, particularly when dealing
with planner-unseen obstacles. Conventional approaches for trajectory generation and obsta-
cle avoidance often rely on global motion planners that operate at a higher level, providing
predefined paths that the controller is expected to follow. However, these global planners
typically do not account for real-time vehicle dynamics or rapid environmental changes, lead-
ing to potential conflicts between the planned path and the controller’s ability to execute it.
Consequently, there is a need for a more integrated approach where the reference trajectory
itself is dynamically adjusted based on both the vehicle’s control capabilities and obstacle
avoidance requirements.

One promising avenue for addressing these challenges is the integration of a Reference Gov-
ernor (RG) within the motion control framework. RGs are designed to modify the reference
trajectory dynamically, ensuring that the controlled system operates within feasible limits.
Classical RGs primarily focus on constraint satisfaction, preventing violations of system limi-
tations rather than actively improving performance. However, by extending the capabilities of
RGs through data-driven optimisation methods, it becomes possible to enhance both tracking
performance and obstacle avoidance capabilities.

This research proposes a novel approach that integrates Bayesian Optimisation (BO) into the
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4 Introduction

RG framework, effectively generating an optimised reference trajectory tailored to both the
MPC controller’s needs and the presence of previously unaccounted obstacles. By leveraging
BO ability to iteratively refine control parameters based on performance feedback, the pro-
posed method dynamically adjusts the reference signal to improve tracking accuracy, maintain
safety margins, and enhance robustness against model uncertainties. This approach repre-
sents a significant advancement over traditional reference governors, offering a model-free,
data-driven alternative to conventional model compensation techniques.

1-2-1 Literature Study Review: Reference Governor

RG have been widely explored as a means to enhance control system performance while
ensuring constraint satisfaction. By modifying the reference signal before it is processed
by the controller, RGs prevent constraint violations and improve system stability without
requiring modifications to the primary control law. The literature on RGs can be categorized
into three main types: classical control-based RGs, constraint satisfaction and safety RGS,
and data-driven RGs.

Classical RGs primarily focus on ensuring that control system constraints are satisfied by
shaping the reference input. Common approaches include:

e Virtual State Governors: Used in multi-actuator systems to ensure constraint sat-
isfaction across multiple control inputs.

e Parameter Governors: Adjust the system parameters dynamically to enhance con-
straint fulfilment.

« Explicit Reference Governors: Shape reference trajectories based on predefined
steady-state safety sets.

While effective in enforcing constraints, these methods typically do not optimise tracking
performance and rely on predefined system models, making them susceptible to inaccuracies
when system parameters change.

To address the limitations of classical RGs, optimisation-based RGs have been developed.
These methods use real-time optimisation techniques to dynamically adjust the reference
signal while ensuring safe operation.

A common approach is incremental reference governance, where reference modifications occur
gradually to balance safety and performance. Omne formulation involves solving an online
optimisation problem at each time step to minimize deviation from the original reference
while maintaining constraint adherence.

When integrated with MPC, these methods provide an added layer of safety but introduce ad-
ditional computational complexity. This trade-off between real-time feasibility and constraint
satisfaction remains a critical challenge.

Recent advancements in machine learning have led to the emergence of data-driven Reference
Governors. These methods leverage real-world data to improve adaptability and robustness
beyond model-based approaches. Notable techniques include:

Petar Antonov Velchev Master of Science Thesis



1-3 Problem Formulation 5

e Neural Network-Based RGs: Learn maximal output admissible sets, enabling adap-
tive constraint enforcement.

o Gaussian Process (GP)-Based RGs: Use probabilistic modelling to estimate system
uncertainties and modify reference signals accordingly.

o Deep Reinforcement Learning-based RGs: utilise Artificial Intelligence (AI) agents
to iteratively optimise reference modifications based on system feedback.

These methods offer significant advantages in handling model uncertainties and adapting to
changing system dynamics. However, ensuring their stability and computational efficiency in
real-time applications remains an open research problem.

1-2-2 Key Takeaways and Research Gaps

o Classical RGs are effective for constraint satisfaction but do not actively improve track-
ing performance.

¢ Optimisation-based RGs enhance safety but introduce computational overhead, limiting
real-time applicability.

e Data-driven RGs provide a model-free, adaptable approach, making them robust to
system uncertainties. However, ensuring stability and computational feasibility is still
a challenge.

o Integrating data-driven RGs within MPC frameworks presents a promising research
direction, particularly for autonomous vehicle applications where both tracking perfor-
mance and safety are critical.

1-2-3 Summary: Literature Review Conclusion

The literature suggests a growing trend toward data-driven RGs, which offer improved adapt-
ability and robustness compared to classical approaches. However, their integration into
real-time safety-critical systems, such as autonomous vehicle control, requires further inves-
tigation. This research aims to leverage Bayesian Optimisation-based RGs within an MPC
framework to improve tracking performance while ensuring constraint satisfaction, addressing
key gaps identified in the existing literature.

1-3 Problem Formulation

The primary objective of this work is to develop an RG that operates in conjunction with a
Model Predictive Controller, as illustrated in Figure 1-2. Inspired by [13], the RG is designed
to modulate reference trajectories in real time in order to enhance both tracking performance
and obstacle avoidance safety. By integrating high-level reference adaptation with low-level
optimal control, the overall system aims to improve vehicle behaviour in complex and dynamic
driving environments.
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6 Introduction

The design and implementation of the RG system is structured into two main phases: an
offline training phase and an online deployment phase. These are carried out as follows:

¢ Offline Training Phase: In the initial stage, the Reference Governor is trained using
Bayesian optimisation techniques in combination with Gaussian Process (GP). This
phase involves simulating a wide range of driving scenarios and systematically exploring
the space of reference parameters, specifically the sigmoid parameters that define the
shape and position of the lateral manoeuvre. The Bayesian optimisation algorithm
uses the GP model as a surrogate to minimize a cost function that reflects tracking
accuracy, control effort, and obstacle clearance. The result is a rich dataset and a
trained GP model that approximates the optimal reference parameter configurations
across varying contexts. This methodology builds on recent advances in data-driven
control and Bayesian optimisation, as demonstrated in works such as [14, 15, 16] where
BO is mainly utilized for controller tuning.

e Online Deployment Phase: Once the offline training is completed, the resulting GP
model is employed as a lightweight reference augmentation filter in real-time operation.
During each control update, the current driving context, such as vehicle speed and the
relative location of surrounding obstacles is used as input to the pre-trained GP. The
model then predicts the performance of candidate reference trajectories under the cur-
rent conditions. The Reference Governor selects the best set of reference parameters
using an acquisition function (e.g. Expected Improvement) and generates an adapted
reference that is fed to the MPC. This allows the vehicle to adjust its behaviour dynam-
ically and efficiently in response to environmental changes, without the computational
overhead of re-optimising from scratch. Safety-aware and constrained Bayesian optimi-
sation approaches, such as those proposed in [17], further motivate the integration of
constraint handling within the governor to enhance robustness.

By combining data-efficient offline learning with responsive online adaptation, the proposed
Reference Governed Model Predictive Control (RG-MPC) framework ensures robust control
performance in uncertain environments. It enables the system to generalize from previously
encountered situations while remaining flexible to new and evolving contexts, aligning with
the performance-driven and safety-aware control paradigms discussed in [13, 16].

(1) |

& ——0| L —
r v(t u
—>| Governor MPC —>{ Plant yit) ey

Closed-loop system
V20(t)

Figure 1-2: Block diagram of the proposed control system with governor, controller, and plant.
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Chapter 2

Model Predictive Control Design

In this chapter, the theoretical foundations of optimal control will be explored in the context
of Model Predictive Control (MPC) for vehicle motion control. The formulation of the optimal
control problem is crucial for ensuring safe, efficient, and constrained trajectory planning in
autonomous driving applications. By leveraging a predictive model, MPC enables real-time
optimisation of control actions while adhering to system dynamics and physical limitations.
The discussion will cover the mathematical representation of the control problem, the role
of cost functions, constraints, and optimisation methods to provide a structured approach to
motion planning in automated vehicles.

2-1 Model Predictive Control

MPC is an optimal control technique which computes a control action based on an optimisa-
tion problem via an evaluation of a predictive model. The advantage of the MPC scheme is
that it is relatively simple in architecture, but can provide high performance due to control
optimisation at every sampled time instance for a horizon into the future. The downside of
MPC is that the tuning is heavily dependant on the efforts of the human designer as well as
on the accuracy of the predictive model.

The MPC scheme consists of the following four core components, where the overarching goal
is to control a plant via an optimal control action under constraints:

1. Prediction model
2. Cost function
3. Constraints

4. Optimisation

Master of Science Thesis Petar Antonov Velchev



8 Model Predictive Control Design

The MPC controller is formulated in discrete time for the following Linear Time Invariant
(LTT) system dynamics and constraints where x and u represent the sate and input dynamics
respectively. The subscript lower case 'm’ denotes a minimum bound and subscript upper
case "M’ denotes the upper bound.

. x(k+1) = Az(k) + Bu(k)
System d : 2-1
ystem dynamics { y(k) = Ca(k) (2-1)
o Tm < x(k) < x)M
Constraints: { o < u(k) < unr vk € {0,1,...N} (2-2)

Via recursion of the time evolution of k, the system states can be represented in terms of
initial states and optimised input sequence u(0),...,u(N, — 1) where N, is the prediction
horizon:

z(0) AV 0 0 0 u(0)
z(1) At B 0 0 u(1)
z(2) | = A? 20+ | AB B 0 u(2) (2-3)
z(Np) AN ANB AN-2B ... B u(N —1)
TeR(Np+1)xn SeR™(Np+1)xNp

The state constraints can be then formulated in terms of the newly defined T" and S as:

T u(0) Ty
T, u(1) TN
Tm | —Tag < S u(2) < | oM | —Txg (2-4)
T u(N —1) Ty
The input constraints follow from the original inequalities:
U, u(0) Un
U, u(1) up
um | < | uw@ <l um | L Jaz( W (2-5)
-1 -Un,
uy, u(Np — 1) Up
Combining Equations 2-4 and 2-5 yields the following constraint in standard form:
S zyp — Tz
-S| _ Txog— xm
< -
;s s (2-6)
I —Um,
A b
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2-2 Predictive Models 9

The cost function required by the MPC formulation over a prediction horizon N, is expressed

as:
N—-1

1
Z [x,l—ka +ulR- uk} + 533}]330]\7 (2-7)
k=0

Tu(k) = 5
Where zp, up are the predicted state and input at time step k respectively. Matrix @ is the
weight matrix which influences the control strategy’s emphasis on minimising deviations in
the predicted system states from the desired or reference states. It determines the relative
importance of the state variables in the control objective. The weighting matrix R in the cost
function of an MPC controller influences the control strategy’s emphasis on minimising the
magnitude or effort of the control inputs. It determines the relative importance of the control
inputs in the control objective. Lastly P is the term associated with the terminal cost at the
end of the prediction horizon. After simplification the cost function can be written as:

1
J(u(k)) = 5aTHa + hii + c. (2-8)
Where the cost function matrices are defined to be:

H=R+S5TQs
h=STQTx
c=al TTQTxg

2-2 Predictive Models

2-2-1 Vehicle Predictive Model

The dynamic behaviour of the vehicle is captured using the planar bicycle model, a com-
monly used representation for modelling lateral and longitudinal dynamics in a 2D driving
environment. This model simplifies the vehicle by aggregating the effects of two front wheels
into one and two rear wheels into one, reducing the complexity while maintaining essential
dynamic characteristics for controller design and prediction.

The model includes seven key state variables: longitudinal velocity (v;), lateral velocity (vy),
yaw rate (r), yaw angle (¢), vehicle global position coordinates (z,, yp,), and the steering
angle (0). These variables are crucial in describing the full motion of the vehicle on a flat
plane, assuming small roll and pitch effects. The vehicle receives control input via steering
angle rate ds and longitudinal forces generated through braking or propulsion.

The lateral tyre forces, which dominate during manoeuvres like turning or lane changes, are
modelled using a linear tyre assumption:

Fyf = Cafaf, Fyr = Carar (2—10)
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10 Model Predictive Control Design

where ay and «; are the slip angles for the front and rear tyres, respectively, and Cy,, C,
are the corresponding cornering stiffness coefficients.

A

Figure 2-1: Bicycle Model Free Body Diagram.

The vehicle’s motion is governed by the following set of non-linear differential equations:

Vg = UyT
Coy + Ca, L.Cy, — LyC, Cy
e (e (BB ) G
My, m
chg,—- Co, L2C,, + L%C, L:C,
7'“:< : f)vy— 12er )y 20
L, Ly I, (2-11)
p=r

&p = vy cos(¢¥) — vy sin(v)
Yp = vz sin(y) + vy cos(¥)
6 = djs

Tyre Force modelling : Magic Formula vs. Dugoff Model

While linear tyre models are efficient and suitable for small-angle manoeuvres, they lack
accuracy in high slip conditions or aggressive manoeuvres. Thus, more detailed models like
the Magic Formula [18] and Dugoff model [19] provide non-linear representations of tyre
dynamics, critical for improving prediction fidelity in these scenarios.

The Magic Formula, also known as the Pacejka model, provides an empirical fit to tyre force
data:
F, = Dsin (C arctan (Ba — E (Ba — arctan(Ba)))) (2-12)

where:

e « is the slip angle

e B, C, D, and E are fitting parameters (stiffness, shape, peak, curvature)

Petar Antonov Velchev Master of Science Thesis



2-2 Predictive Models 11

The cornering stiffness is approximated in the small-slip region as the slope of the Magic
Formula at o = 0:

— dFy

= 9 2-1
Coa do (2-13)

a=0

An alternative, physics-based approach is the Dugoff tyre Model, which relates lateral force
to normal load, tyre stiffness, and road friction:

Ca Ca if Calal
N Lk (F (2-G)) it St <1 (2-14)
wF, - sgn(a), otherwise

The Dugoff model accounts for combined slip and saturation effects, providing a smooth tran-
sition between linear and non-linear force regimes. It is particularly suitable when estimating
realistic tyre behaviour near the friction limit.

The cornering stiffness values used in the bicycle model are often derived from fitting either of
these models to experimental or simulated tyre data in the low-slip range, offering a trade-off
between accuracy and computational efficiency.

2-2-2 Optimal Control Problem

The dynamics described above form the basis for a predictive control problem. Using an
(MPC) framework, the vehicle is guided along a desired trajectory while avoiding obstacles
and remaining within physical limits.

The objective is to minimise the following cost function:

2 2 $2 2
=3 (Gevyp e, i + 6607 +ap, F2 + -
=1
Nobs (2_15)

+ Z (QEVQOB%/QO:j7i))

=1

The individual cost terms are defined to prioritize tracking accuracy, smooth actuation, and
obstacle avoidance, with respective weight parameters.

The obstacle distance error is defined as:

DVQO = \/(X - )(obss)2 + (Y - Yvobs)2 — Tobs — Tveh (2'16)

This ensures a buffer between vehicle and obstacle is maintained throughout the planning
horizon.
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12 Model Predictive Control Design

Constraints include:

o< _ 170
v < 12
- 7= 36

T Vy 5T
180 — v, — 180
25T Uy < 257

_29t Ty 228
180 = v, — 180 (2-17)
—0.85ug < Uy + v,r < 0.85ug
—2.76 - 360 - 2.76 - 360 -
— <6< ———
180 - stratio 180 - stratio
—800 -7 : 800 -
180 - stratio ~— 180 - stratio

These enforce physical limitations on vehicle operation in terms of longitudinal velocity, ve-
hicle body-slip angle and rate, lateral acceleration and steer actuation.

2-3 Non-linear Framework

2-3-1 Overview of ACADO Toolkit

To implement non-linear MPC, the ACADO Toolkit is employed as the core optimisation
engine. ACADO is an open-source software suite tailored for solving Optimal Control Prob-
lem (OCP)s, with real-time capabilities through automatic code generation. It has been
used in embedded control applications due to its efficient C code export, compatibility with
MATLAB/Simulink, and support for non-linear systems, parameter estimation, and real-time
iteration schemes [20].

ACADO adopts a two-phase approach to solving OCPs:

e Preparation Phase: Involves discretization, linearization, and condensing of the orig-
inal non-linear OCP.

o Feedback Phase: Solves the resulting Gaussian Process (GP) using an embedded
Quadratic Programming (QP) solver (qpOASES) based on the Active Set Method.

This methodology enables fast computation of control actions by performing only one Sequential
Quadratic Programming (SQP) iteration per sample, a strategy referred to as Real-time It-
eration (RTI) [21].

2-3-2 Sequential Quadratic Programming

SQP is the principal algorithm used within ACADO to handle non-linear constrained optimi-
sation problems [22]. At each iteration, the non-linear OCP is approximated as a QP around
the current estimate of the solution, which is then solved to produce a new estimate. The
iteration continues until convergence or a single step is taken in the RTT context.
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2-3 Non-linear Framework 13

Formulation

Consider a general non-linear optimisation problem:
minimize f(x)

zeR" (2—18)
subject to  h(x) =0, g(x) <0

where:

o f(x) is the objective function.

o h(x) and g(z) are the equality and inequality constraint functions, respectively.

To apply SQP, a Lagrangian function is defined:
L(z, A p) = f(z) + ATh(z) + 1" g(x) (2-19)

with Lagrange multipliers A and p for the constraints. The Karush-Kuhn-Tucker (KKT)
optimality conditions are then derived as:

VaeLl(z, A, u) =0 (2-20)

Quadratic Approximation

The Lagrangian is locally approximated using a second-order Taylor expansion around xy:
L(w, A, ) = L(zg) + Vo L(xg) " (z — z1)
| T (2-21)

+ 5 (@ — @) He (o) (@ — )

where Hp is the Hessian of the Lagrangian. Equality and inequality constraints are linearized
as:

h(z) = h(zk) + Vh(zp)(z — 2g),  g9(2) = g(zx) + Vg(zp)(x — k) (2-22)
Letting d = « — x1, we obtain a QP sub-problem of the form:

1
minidmize VoL(z) d+ idTHL@k)d

subject to  Vh(xzk)d + h(xg) =0 (2-23)
Vg(zr)d+ g(zr) <0

Solving this QP yields a search direction dj, and the next iterate is given by:
Thr1 = Tk + agdy (2-24)
with step size aj chosen through a line search.
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14 Model Predictive Control Design

2-3-3 Active Set Method (ASM)

To solve the condensed QP efficiently, ACADO uses Active Set Point Method (ASM) [23] via
the qpOASES solver [24]. ASM is well-suited for embedded applications due to its determin-
istic behaviour and rapid convergence for small-scale QPs.

gpOASES intergation mechanism

The ASM maintains an estimate of the set of active constraints (equalities and inequalities
treated as equalities). At each iteration, the following equality-constrained QP is solved:

1
minimize -d' Hd+g¢'d
a 2 (2-25)
subject to  Aeqd =0,  Aactived = 0

Here, Aactive corresponds to the gradient of active inequality constraints. The set of active
constraints is updated by checking feasibility and optimality conditions at each iteration.

qpOASES is integrated in ACADO for solving such QPs using ASM. It supports warm-starts
and handles hot-started initial guesses efficiently, which is ideal for real-time applications like
MPC.

2-3-4 Handling Infeasibility
In practice, NMPC formulations can become infeasible due to:

e Poor initial conditions violating constraints.

o Linearization or condensing errors that make the QP infeasible or unbounded.

ACADO manages infeasibility via status flags. A return code of 0 indicates success, while 1
means a maximum number of iterations was reached and the last feasible iterate is returned.
Codes like -1 or -2 suggest failure, in which case the last known feasible control input is used.
It is to be noted that these flags were instrumental during the implementation phase.

This fallback mechanism, along with warm-starting in subsequent steps, ensures a degree of
robustness during real-time execution of MPC.

2-4 Summary

This chapter presented the formulation and design of a MPC framework tailored for au-
tomated vehicle motion planning. Theoretical foundations of optimal control were laid
out, beginning with a discrete-time Linear LTI formulation incorporating system dynam-
ics, state/input constraints, and a quadratic cost function. The standard structure of MPC
was introduced, highlighting the roles of the prediction model, cost function, constraints, and
optimisation strategy.
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A non-linear bicycle model was adopted to capture the vehicle’s dynamics, considering lateral
and longitudinal behaviour along with steering dynamics. Linear and non-linear tyre models
were discussed, including the Magic Formula and Dugoff model, to illustrate how tyre forces
are incorporated into predictive models. These models serve to improve prediction fidelity in
both low and high slip scenarios.

The chapter further introduced the formulation of the non-linear optimal control problem
within the MPC framework, emphasizing tracking, smoothness of control, and obstacle avoid-
ance. Practical constraints on vehicle states and actuators were included to ensure safety and
feasibility.

To implement nonlinear MPC, the ACADO Toolkit was employed. Its two-phase structure,
composed of a preparation and feedback phase, allows efficient real-time computation using
a RTI scheme. The underlying optimisation algorithm, SQP, was detailed, along with its
approximation via Quadratic Programs and the use of ASM through the qpOASES solver.
Lastly, mechanisms to handle infeasibility were explained, ensuring robustness in real-world
implementations.

This comprehensive MPC design enables predictive, constraint-aware, and real-time vehicle
control, forming a core part of autonomous driving strategies.
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Chapter 3

Bayesian Optimisation

3-1 Black-box Global Optimisation

Black-box optimisation commonly refers to the optimisation of objective functions where
the internal structure is unknown or inaccessible. These methods are widely used in machine
learning, engineering design, and scientific simulations, where evaluating the function is costly
or lacks analytical gradients [25] [26]. In relation to control, BO has been developed for
advanced controller tuning for cascade controlled linear axis drive systems [15], [16] and
[17] as well as heat pumps [14]. Various strategies exist for optimising black-box functions,
including evolutionary algorithms, Bayesian optimisation , and direct search methods [27, 28].

Evolutionary Algorithms (EA)s simulate natural selection to explore the search space it-
eratively. Examples include Genetic Algorithms (GA) and Covariance Matrix Adaptation
Evolution Strategy (CMAES) [30]. These methods are highly parallelise-able and robust but
often require a large number of function evaluations.

Direct search methods, such as Nelder-Mead and pattern search, iteratively refine solutions
without requiring gradients [31]. They are simple to implement but may converge slowly or
get trapped in local optima.

Each method has trade-offs:
¢ Evolutionary Algorithms: Highly explorative but computationally expensive.
« Bayesian Optimisation : Sample-efficient but limited in scalability.

e Direct Search Methods: Simple and effective for low-dimensional problems but in-
efficient for large-scale optimisation .

Bayesian Optimisation (BO) builds a probabilistic surrogate model, typically using Gaussian
processes, to guide the search efficiently [32]. BO is effective for expensive-to-evaluate func-
tions but struggles in high-dimensional spaces. Lastly, global optimisation methods exist for
a variety of surrogate models and variable type [33],[34].
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Use existing dictionary
of data points.
Update based on highest AF.
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Figure 3-1: Flowchart of the Bayesian optimisation procedure using Gaussian Process (GP)
surrogate model and acquisition function (AF) as adapted from [29].
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3-2 Bayesian Optimisation Problem Formulation 19

Generally, selecting an appropriate optimisation method depends on factors such as dimen-
sionality, evaluation cost, and the presence of noise. However, the proposed Reference Gov-
ernor solution requires online evaluation parallel to controller computation. This system
requirement means that actually performing the optimisation online is extremely costly and
thus unrealisable. Therefore, the only feasible black-box optimisation candidate is BO, due
to the utilisation of a Gaussian Process model of the target objective function and continuos
variable type.

3-2 Bayesian Optimisation Problem Formulation

BO is an approach for global optimisation of black-box functions that are expensive to evaluate
[35], [36]. We consider the problem of finding the optimum:

v = argmin f(z), (3-1)

where f(z) is a continuous objective function, and X is a feasible domain. BO builds a
probabilistic surrogate model of f, using it to intelligently select promising evaluation points.
Unlike classical methods, BO does not require gradients and is effective for problems where
evaluations are costly.

3-2-1 Gaussian Process Surrogate Model

BO typically models f(z) using a GP prior [37]. A GP is defined as:

f(z) ~ GP(m(z), k(z,2)). (3-2)

The posterior mean and variance of f(z) after observing n data points are given by:
,U,n($) = m(x) + k(xa X)[K(Xa X) + U?loisel]il(y - m(X))7 (3_3)
on(2) = k(w,x) — k(z, X)[K (X, X) + 0poise ] k(X 2). (3-4)

Where each term in these equations is defined as:

o pn(z): The posterior mean, which is the best estimate of the function value at = given
the observations.

2

~(x): The posterior variance, representing the uncertainty of the prediction at x.

e O

o m(x): The prior mean function, which is often set to zero for simplicity but can encode
prior knowledge about the function.

o k(x,X): The covariance vector between the test point x and all previously observed
points X, where each entry is given by the kernel function k(zx, ;).

e K(X,X): The covariance matrix of the observed points, computed using the kernel
function.
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20 Bayesian Optimisation

e 02, The variance of the observation noise, accounting for measurement errors in

function evaluations.

o I: The identity matrix, ensuring numerical stability when inverting the covariance ma-
trix.

e y: The vector of observed function values corresponding to the training points X.

The term [K (X, X) + 02,,.1] 7! serves as a correction factor that adjusts predictions based
on observed data. This term accounts for dependencies among the observations and corrects
for noise. The kernel function k(x,2’) is crucial, as it defines the smoothness and correlation
structure of the model, significantly influencing how new points are predicted.

Further explanation regarding the derivations of the Gaussian Processes as well as kernel
selection and hyper-parameters optimisation are provided below.

3-2-2 Acquisition Functions
Upper Confidence Bound

One of the simplest forms of acquisition functions is the Upper Confidence Bound (UCB),
which explicitly balances exploitation and exploration through the formula:

aycB(t) = pn(x) — Ko (). (3-5)

In this formulation, p,(z) represents the predicted mean of the GP, guiding exploitation, while
on(x) denotes the standard deviation, encouraging exploration. The trade-off between these
two objectives is directly controlled by the parameter x. A small k emphasizes exploitation
by prioritizing regions with high predicted performance. In contrast, a large x promotes
exploration by steering the search toward areas with greater uncertainty. For instance, setting
k to a high value leads the UCB to favour regions of the search space that remain unexplored
due to a lack of prior evaluations [38], [39].

To formalize the notion of achieving a better solution during optimisation , we can define the
improvement at a candidate point x as the positive gain over the current best observation z*,
that is:

I(x) = max(f(z) — f(«"),0).

This expression ensures that only beneficial updates are considered, if the new evaluation
f(x) fails to surpass the current best value f(z*), the improvement is zero. Conversely, when
f(x) exceeds the current best, the improvement is equal to the margin of the increase.

Probability of Improvement

An extension of UCB is to consider information about how much improvement the next evalu-
ated point will yield [39]. The Probability of Improvement (PI) acquisition strategy leverages
this idea by quantifying the likelihood that a proposed input x leads to an improvement.
Under the GP model, each point x is associated with a normal distribution N (u(x), o?(x)),
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representing the surrogate model’s uncertainty. Exploiting this, we can express the random
variable f(x) using a standard normal variable z ~ N(0, 1) via the transformation:

f(z) = p(x) + o(x)z.
Rewriting the improvement using this transformation yields:

I(z) = max(pu(z) + o(x)z — f(x),0).

The PI acquisition function computes the probability that this improvement is strictly posi-
tive, i.e.,

Pl(z) = Pr(f(z) > f(z")).

This corresponds to the tail probability of the normal distribution exceeding the threshold
f(x*). Mathematically, it becomes:

plx) — f(w*)> ,

o(x)

Pl(z) — <

where ®(-) denotes the cumulative distribution function (CDF) of the standard normal dis-
tribution.

Expected Improvement

While the PI acquisition function estimates the chance of obtaining a better solution than
the current best, it does not take into account how substantial that improvement might be.
The Expected Improvement (EI) criterion addresses this by considering the average amount
of improvement over all possible outcomes. Specifically, it evaluates the expected value of the
improvement function I(x):

Bl(@) = Bll(a)) = [ I(@)é(z)dz.

where ¢(z) denotes the probability density function of the standard normal distribution, i.e.,

6(2) = A-exp (-%)

The GP surrogate model again allows for f(z) to be modelled as a normal random variable
with mean u(x) and standard deviation o(z), such that:

f(z) = p(z) +o(x)z, z~N(0,1).
The improvement is then expressed as:
I(2) = max(u(z) + o(x)z — f(z*),0).
f(x*);u(x)

o@) where the

To evaluate the expectation, we split the integral at the threshold zy =
argument of the max function transitions from zero to positive:

Bl(@) = [ (u(o) + o(@)z — f(*) 6(2) dz.

0
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This can be simplified into a closed-form expression:

BI() = (u(o) — fla)e (ML) o) (MO L)),

o(x)

where @(-) and ¢(+) are the Cumulative Distribution Function (CDF) and Probability Density
Function (PDF) of the standard normal distribution, respectively.

The EI tends to be large in two cases: when the predicted mean u(x) significantly exceeds
the current best f(x*) (indicating a potentially better solution), and when the uncertainty
o(x) is high (allowing for the possibility of discovering unexplored optima).

To allow for a tunable exploration-exploitation balance, a non-negative parameter £ can be
introduced, yielding the generalised EI formulation:

mu@wwmm—f@w—aé(

When € = 0, the original EI expression is recovered. Larger values of £ raise the improvement
threshold, encouraging the search to prioritise more uncertain or less-explored regions of the
input space.

To summarize, the resulting EI form used in this study follows as:
agi(z) = Elmax(0, fmin — f(z))]. (3-6)
Using properties of Gaussian distributions, it simplifies to:
agr(z) = (fmin = pn(2))B(Z) + on(2)d(Z), (3-7)

where Z = f’"‘%&’;(”@) and @, ¢ are the CDF and PDF of the standard normal distribution.
Figure 3-2 illustrates the GP surrogate model trained during BO to minimize a noisy, multi-
modal objective function. The blue line represents the GP’s posterior mean, while the shaded
region indicates variance, as a direct result of underlying model uncertainty. Red dots de-
note the evaluated sample points, and the green marker highlights the best solution found.
The magenta dashed line shows the Expected Improvement Plus (E1T) acquisition function,
guiding exploration toward promising regions. The objective function exhibits multiple val-
leys and mild noise, making it a non-trivial optimisation problem. Bayesian Optimisation
successfully identifies the global minimum with relatively few evaluations.
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Bayesian Optimization - GP Surrogate and Acquisition <107
10 ‘ I I ‘ ‘ ‘ GP Mean
t1g
i @  Evaluations -8
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= = El+ 7

GP Predicted Mean
Acquisition: El+

Figure 3-2: Bayesian optimisation process used to find the global minimum of an unknown noisy
parabolic function.

3-2-3 Maximisation of Acquisition Functions

Since the acquisition function «(x) is typically multimodal and non-convex, finding its max-
imum z* = argmax «a(z) is a challenging optimisation problem. Several methods are com-
monly used for this task [40]:

o Gradient-based methods: These rely on differentiability of a(z) and employ first-
order or second-order optimisation methods, such as L-BFGS or Adam.

o Grid Search: A coarse evaluation of a(x) over a discrete grid, refining around promis-
ing regions.

o Genetic Algorithm (GA): A population-based evolutionary method that iteratively
improves candidate solutions using selection, crossover, and mutation.

o Particle Swarm Optimisation (PSO): A swarm-based meta-heuristic where parti-
cles explore the space, communicating findings to improve convergence.

Genetic Algorithm (GA)

GA is a nature-inspired optimisation method based on the principles of evolution [41]. It
maintains a population of candidate solutions {z1,...,zn}, evolving them over generations
via selection, crossover, and mutation.

1. Selection: At each generation, individuals in the population are evaluated using a fit-
ness function, which in the case of Bayesian optimisation is the acquisition function «(z).
Selection is often performed using methods such as roulette wheel selection or tournament
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selection. In roulette wheel selection, the probability of selecting an individual x; is pro-
portional to its fitness «a(x;), meaning that better candidates have a higher chance of being
chosen. Mathematically, the probability of selecting x; is:

al\x;
P(JEZ) = =N ( )
Zj:l a(z;)
where N is the population size.

2. Crossover: Once parent solutions are selected, they undergo crossover (recombination) to
produce offspring solutions. The most common method is single-point crossover, where two

parents 1, 2P exchange part of their genetic material at a randomly chosen crossover point
c. If each solution is represented as a vector = (z1,z2,...,x4), then the new offspring are:
C A A _ B B
7 = (T, T, T, X))
D B B _A A
7 = (T, T Ty, Ty)

This operation allows for the exchange of high-fitness traits between parents.

3. Mutation: To maintain genetic diversity and avoid premature convergence, mutation
introduces small random perturbations in the offspring. A common mutation strategy is
Gaussian perturbation:

z} = x; + N(0,0%)

where ¢ is a small step size controlling exploration. Mutation helps escape local optima and
ensures better exploration of the search space.

After multiple iterations, the population is expected to converge towards high-quality solu-
tions, leading to an optimal or near-optimal choice of z* for maximising a(z).

Algorithm 1 Genetic Algorithm for Acquisition Maximisation

Initialize population P of size N.
for generation t =1,2,...,7 do
Evaluate fitness of each x; € P using a(x;).
Select top candidates for reproduction.
Perform crossover and mutation to generate offspring.
Replace worst solutions in P with offspring.
end for
Return best found solution.

Particle Swarm Optimisation
PSO optimises by simulating a group (swarm) of particles moving through the search space
[42]. Each particle updates its position based on personal best and global best positions.

Mathematical Formulation: Each particle ¢ has a position z; and velocity v;. Updates
follow:

Uf“ = wvf + c1r1(pf — @) + cora(g' — ), (3-8)
rit =ai ot (3-9)
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where p! is the personal best, ¢ is the global best, w is inertia weight, and ¢y, ca are learning
coefficients.

Algorithm 2 Particle Swarm Optimisation for Acquisition Maximisation

Initialize swarm with random positions and velocities.
for iteration t =1,2,...,7T do
Evaluate a(z;) for each particle.
Update personal and global bests.
Update velocities and positions using velocity equations.
end for
Return global best solution.

3-2-4 Bayesian Optimisation Algorithm

Through maximisation of the acquisition function with methods as described above, the
Bayesian Optimisation algorithm in practice can be computed as follows:

Algorithm 3 Bayesian Optimisation Algorithm

Input: Objective function f(x), GP prior, acquisition function a(x).
fort=1,2,...,T do
Fit GP to current data D;.
Select next point x¢4; = arg max o(z).
Evaluate y11 = f(x41).
Update GP with Dt+1 = Dt U {($t+1, yt—i—l)}-
end for
Return best solution x* = arg min y;.

Lastly, can be seen that BO faces challenges including computational scalability (GP scales
as O(n?)), optimisation of acquisition functions, and high-dimensional inefficiencies [35].

3-3 Gaussian Processes

GP [43] are a powerful and flexible statistical tool used in machine learning applications and
can be applied to control theory. GPs are particularly useful for modelling complex, non-
linear relationships and are employed in various applications such as regression, optimisation
, and uncertainty quantification.

At its core, a GP is a collection of random variables, where any finite subset follows a mul-
tivariate Gaussian distribution, i.e. it is a distribution over functions. GPs are defined by a
mean function and a covariance function (or kernel), which encodes the assumptions about
the smoothness and correlations in the underlying process.

3-3-1 Gaussian Process Regression

The GP regression can be used to identify an unknown function dipye : R™ — R™ via a
collection of inputs z; € R™ and outputs yi € R"4. The inputs and outputs are thus related
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in accordance to the unknown function through:

Yk = dirue (Zk) + Wi (3-10)
The additive term wy ~ N (0,X%) is independently, identically distributed Gaussian noise
with variance ¥V = diag ({a%, el 07% dD Formally, the input and output data sets can be

stored in dictionaries following from the input and output data pairs (z;,y;):

D={Y = [yg; ...;yfl} € R™ M 7 = [ZOT; s ng} € R™*"=} (3-11)
The data collection of inputs and outputs in the dictionary can used for Sparse Gaussian
Process Regression in order to reduce computational cost via inducing inputs. In essence,
sparse GPs [44] make use of the fact that many quantities can be precomputed and the
effective size of the kernel matrix can be drastically reduced. This was not utilised in this
research, however it is discussed as a recommendation for future work (see respective section).

The GP is evaluated at a test point z to produce posterior distribution in dimension a com-
prised of a mean value u® (z) and variance X% (z). It is inherent that each output dimension
a € {1,...,nq} is treated independently. (Thus there is no need for individual normalization
of the input and output data for each dimension.)

i () =k (K +102) " (Y.

3-12
a _rpa_ 1.0 a 2\ a ( )
Y (z) =kzz — kz (Kjz + 1o Zz

Where [K75],; = k“ (2, z;) is known as the Gramm matrix and the following covariance are
described as [kg;], = k* (z;,2) € R, k;7 = ( o) ¢ R™ and k (z,2) € R.

3-3-2 Kernel Selection

A multitude kernel families exist, which are essentially described by covariance functions.
The shape of the kernel functions is governed by additional hyperparameters. The kernels
and respective hyperparameters are to be chosen and tuned respectively, often based on
the practical application. The documentation of the GPML (Gaussian Process for Machine
Learning) toolbox for Matlab [45] provides a concise overview of standard kernel families and
a method of building (concatenating) more complex kernels.

Squared Exponential (SE) kernel [46], which has become the default kernel in the GP commu-
nity, was used. The SE kernel integrates well against most physical functions and is defined
by only two parameters; the length scale [ which affects the rate of change of the model, and
the output variance 2 which determines the average distance of the function from its mean.
In the multivariate scenario the length scale is L* € R™=*"= the SE kernel is given by:

k9 (2,2) = 0% 4 exp (— (z—2) Lo (z — z)) (3-13)
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3-3-3 Hyperparameter optimisation

In order to model using a GP the hyperparameters must be chosen, which are in fact not
known a priori. It is common practice to initialise these parameters conservatively often
even without justification and run an optimisation over a (log) marginal likelihood. The idea
being, that the marginal likelihood has a clear maximum around the true hyperparameters
which correspond to the true underlying process which is being modelled. Optimising the
(log) marginal likelihood thus yields a better model fit, in turn as more data is provided to
the optimisation the more informative the likelihood becomes about the underlying process.

The marginal log likelihood is given by, where the covariance K, = K¢+02I = K (Z,Z)+021I:

1 1
logp (yX,0) = — 5y K, 'y — S log | K, | — 2 log 2r
2 2 2 (3-14)
0 =argmaxlogp (Y|Z,0)
0

The marginal likelihood shown above is maximised by utilising gradients in the form of the
partial derivatives w.r.t. the hyperparameters as follows below, where a = K~ly. This
optimisation is of the non-convex type, thus local optimisation is possible.

£6;1ogp (y|X, 0) :%yTK_lKGjK_ly - %tr (K~ K0;)
i (3-15)
:§tr ((aaTK_l) Kej)

3-3-4 Mean & Likelihood functions, Inference methods - probabilistic derivation

It is common practice to assume a zero mean of the data and thus employ a zero mean
function for modelling of the GP. If necessary, the data can be normalized to be centred
around a mean of zero, and the original mean offset can be added post GP evaluation.

Formally the mean function is described as mg : X — R, with hyperparameters ¢ which
is a scalar function defined over the entire domain X that evaluates the expected values
m (x) = E[f (X)] of f for values of x.

Likelihood functions are used for approximate inference during a "prediction’ of the GP model.
The predictive mean and variance of a GP prediction are essentially evaluated from the latent

marginal moments, namely from the Gaussian marginal approximation A ( flegs O’J%) via:

pWID.x) = [Pl (DX df = [pIHN (Flug.oF) df (3-16)

The moments, namely predictive mean and variance respectively follow as:
Hy = /yp (y|D,x) dy (3-17)
ot = [ =) p(yD.x)dy (3-18)
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In the above prediction, a likelihood function p, with hyperparameters p is the Bayesian
conditional density in the form [ p, (y|f)dy = 1 defined as a s scalar function values f and
outputs y. In turn the likelihood function specified the probability of the observation given
the GP model and hyperparameters, which can then be used in the prediction for the mean
and variance. Exact Gaussian likelihood regression y; € R is defined as:

N (ylfis0”) = o (il i) = ﬁ%a exp (—W) (3-19)

3-4 Summary

This chapter introduced BO as a sample-efficient black-box optimisation technique, partic-
ularly suited for scenarios where evaluating the objective function is expensive or gradient
information is unavailable. BO was compared with other global optimisation strategies such
as Evolutionary Algorithms and Direct Search Methods, highlighting the advantages of BO
in low-dimensional, costly evaluation settings.

The mathematical formulation of BO was presented, emphasizing its use of Gaussian Pro-
cesses (GPs) as surrogate models. The predictive mean and variance of the GP allow for
the construction of acquisition functions, which balance exploration and exploitation. Two
widely used acquisition functions, Expected Improvement and Upper Confidence Bound, were
described in detail, including their mathematical derivations and trade-offs.

Maximising the acquisition function is a non-trivial task, and several approaches were dis-
cussed: gradient-based optimisation , grid search, Genetic Algorithms, and Particle Swarm
Optimisation. GA and PSO were described algorithmically and mathematically, showcasing
their ability to navigate multimodal and non-convex spaces for acquisition maximisation.

The Bayesian Optimisation loop was outlined in pseudocode, summarizing the sequential pro-
cess of surrogate model fitting, acquisition maximisation, and function evaluation. Practical
challenges such as acquisition optimisation difficulty, GP scalability (O(n?)), and limitations
in high-dimensional spaces were also acknowledged.

In the second part of the chapter, Gaussian Processes were discussed in greater depth. GP
regression was formulated as a probabilistic approach for modelling unknown non-linear func-
tions. The formulation included noise modelling, dictionary-based data handling, and inde-
pendent modelling of multi-output dimensions. The SEkernel was used to encode assumptions
of smoothness and continuity in the modelled function.

Further sections detailed kernel selection, hyperparameters optimisation via marginal likeli-
hood maximisation, and inference mechanisms involving likelihood functions and predictive
distributions. This included discussion on mean function assumptions (typically zero mean),
and the role of Gaussian likelihoods in generating predictive uncertainty estimates.

Together, these foundations form the basis of using BO with GPs for reference trajectory
optimisation in constrained control tasks, as explored in later chapters.

Constrained BO methods include strategies such as using merit functions [47], information-
based search frameworks [48], and extensions to noisy experiments [49]. More recent works
have also proposed corrected acquisition functions under noise [50].
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Chapter 4

Reference Governor for Nonlinear
MPC

This chapter outlines the role of the RG in reshaping the reference trajectory which is in-turn
provided to the MPC controller for vehicle motion control and path following. The research
limits itself to a class sigmoid-shaped reference signals, as those commonly used for evasive
manoeuvres for single and double lane changes.

4-1 Optimisation of Sigmoid Parameters via Bayesian Optimisation

The sigmoid reference trajectory described in Equation 4-1 is governed by a parameter vector
0 = [0, 02, 63]. These parameters respectively control the final lateral offset of the trajectory,
the spatial location of the transition centre, and the steepness (or sharpness) of the trajec-
tory’s lateral displacement as depicted in Figure 4-1. Due to their direct influence on the
reference path, selecting appropriate values for these parameters is crucial to ensure the over-
all performance of the controller, particularly for accurate path tracking and robust obstacle
avoidance.

61
y(z) = 1+ ¢ Oax(a—03) (4-1)
In Model Predictive Control (MPC)-based planning and control schemes, the reference tra-
jectory plays a central role in determining the feasibility and quality of the resulting vehicle
behaviour. Therefore, an unoptimised or poorly parametrised reference can result in excessive
control effort, suboptimal obstacle clearance, or degraded tracking performance. To address
this challenge, a data-efficient optimisation strategy is employed to fine-tune the sigmoid

parameters in a principled manner.

To systematically search for optimal parameters, a global optimisation problem over the
parameter space O is formulated using Bayesian Optimisation (BO). The goal is to minimise
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Figure 4-1: Obstacle avoidance lane change scenario. The top left diagram depicts vehicle
to obstacle distance (V20) using red arrows for a target manoeuvre shown in green. The top
right, bottom left and bottom right diagrams show a variation in end location, starting point and
steepness of manoeuvre.

a scalar performance metric (), which evaluates the closed-loop behaviour of the system
with a given set of parameters 6:

0" = in (0 4-2

arg min (9), (4-2)
The objective function Y(#) encapsulates multiple performance criteria, including the lateral
and longitudinal tracking errors, the total control effort, and the safety margin to nearby
obstacles. Specifically, the function is defined as:

T(@) = wJJT(G) + waég/p + pré_QXpa (4—3)

where J7 () denotes the cumulative MPC cost over the manoeuvre, and €y, and ex), represent
the root mean square lateral and longitudinal tracking errors, respectively. The weights
wy, wyp, and wx, can be adjusted to prioritize different aspects of performance, such as
smoothness or safety.

This cost function encourages solutions that not only track the desired path accurately but
also maintain safe distances from obstacles while minimising unnecessary deviations from the
nominal reference. The non-linear and potentially expensive-to-evaluate nature of Y () makes
BO a suitable framework for this task.

BO constructs a surrogate probabilistic model of the unknown cost function using a Gaussian
Process (GP). The GP is trained on previously evaluated samples and provides a posterior
distribution over the function’s value at unseen locations. Given the GP’s predictive mean
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Bayesian Optimisation

P
maxgce ap1(f) {— TC(}QOI;) K— Update D,
I T
0 Evaluate
m—+1 Y(@)
RS
MPC
Optimisation /1
ref. K/ Plant —Z
Model T

Figure 4-2: Schematic of Bayesian Optimisation loop interacting with MPC for path following and obstacle
avoidance.

pm(0) and variance o2,(f) at iteration m, an acquisition function is employed to guide the

search for the next candidate parameter:

Bt (0) = (Tunin — ima(0))(2) + 0 (0)6(2), (4-4)
where Z = T“‘ig“ﬂ:iw, and ®(-), ¢(-) are the cumulative distribution function and probability
density function of the standard normal distribution, respectively. The term Y., denotes
the best cost observed so far. The Expected Improvement (EI) criterion balances exploration
(searching uncertain areas) and exploitation (refining near known optima), and is maximised
to select the next evaluation point:

Omi1 = arg max agrm(0). (4-5)
The full optimisation loop proceeds iteratively as follows:

1. Generate an initial design of experiments using Latin Hypercube Sampling (LHS) or
uniform random sampling.

2. Evaluate the performance metric () for each sampled 6 via closed-loop simulation.

Fit a GP model to the collected data and compute the posterior distribution.

Ll

Select new candidate parameters by maximising the acquisition function.

5. Update the GP model with the newly acquired data and repeat until convergence or
maximum budget is reached.

This sample-efficient approach enables convergence to high-performing sigmoid parameters
without exhaustively searching the space, which would be infeasible given the computational
cost of running full closed-loop simulations for every candidate.
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Algorithm 4 Bayesian Optimisation for Offline Sigmoid Parameter Tuning

INPUT: Parameter domain O, objective Y(#), budget mmax

Initialize: Select initial design {6y, ..., 0mn, }, evaluate Y(6;)
So < {(6;, T(@i))}?;ol, fit GP model
for m = mg + 1 to mpyax do

Select 6, = arg maxgpecg vy, (0)

Evaluate y,, = T(0,,) via simulation

Update dataset: Sy, < Sp—1 U {(Om,ym)}

Refit GP model

end for

OuTruUT: Optimal parameters #* minimising T

Figure 4-2 summarizes the interaction between the BO loop and the MPC controller.

4-2 Online Reference Governed MPC

While offline optimisation ensures optimality over a diverse range of scenarios, it is often
desirable to adapt reference trajectories in real time to cope with dynamic environments. To
this end, we introduce an online Bayesian Optimisation-based Reference Governor (BORG),
which leverages a pre-trained Gaussian Process model to dynamically adjust the sigmoid
parameters 6 at runtime.

Online RG
GPR Pre-trained GP
maxgce apr(f) {— Y (Bopt) K— on Dy
I T
Context
6.
g Vz, Lobss Yobs
o=
MPC
Optimisation /1
ref. ’R/ Plant —2
Model

Figure 4-3: Schematic of Bayesian Optimisation loop interacting with MPC for path following and obstacle
avoidance.

The core idea is to separate the computationally demanding BO loop into two phases: (i) an
offline training phase where the GP model is learned over a wide range of driving contexts
and parameters; and (ii) an online execution phase where the GP is used to rapidly infer
high-performing parameters based on current contextual observations.
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During the offline phase, the MPC controller is simulated under varying contexts, charac-
terised by vehicle velocity v, and relative obstacle positions (Zps, Yobs)—and the associated
optimal sigmoid parameters and cost values are recorded in a dataset Dy. The GP is then
trained to model the mapping:

(Ul‘7 Lobs yobs) — T(H)

In the online phase, this model is used to infer the expected performance of candidate sigmoid
parametrisations. By optimising the same acquisition function as in the offline case (e.g.,
Expected Improvement), the best candidate 6* is selected with minimal latency.

This allows the BORG to adapt the reference trajectory in real-time in response to chang-
ing environmental conditions, such as new obstacles or velocity changes, while retaining the
computational efficiency needed for deployment in embedded systems.

Algorithm 5 Online Reference Governor using Pre-trained GP

INPUT: Pre-trained GP, runtime context (v, Zobs, Yobs)
for each control update do
Estimate posterior u(6),c%(6) conditioned on context
Compute acquisition «(f) and select 6*
Generate updated sigmoid reference using 6*
Pass reference to MPC for optimal control input computation
end for

This hybrid architecture enables a powerful combination of offline learning and online adapt-
ability. It ensures that the vehicle operates safely and efficiently across a wide range of
scenarios without requiring real-time retraining or expensive optimisation during deployment.

4-3 Summary

This chapter introduced a Reference Governor (RG) approach for non-linear MPC using BO
to automatically tune the parameters of a sigmoid reference trajectory for path following and
obstacle avoidance.

In the first section, an offline BO framework was proposed to optimise the sigmoid param-
eter vector § = [0y, 02, 03], which governs the final offset, centre, and steepness of the tra-
jectory. The optimisation objective Y (6) was formulated to encapsulate tracking accuracy,
control smoothness, and obstacle clearance, aggregating metrics such as cumulative MPC
cost and root mean square tracking errors. A GP surrogate model was employed to model
Y (0), and the EI acquisition function was used to iteratively explore the parameter space.
This sample-efficient method significantly reduces the computational cost of exploring feasible
parametrizations while converging to high-performing solutions.

In the second section, a strategy for online reference adaptation was presented. This method
uses a pre-trained GP model to adjust the reference trajectory in real time based on the
current driving context, such as vehicle speed and obstacle position. During the offline training
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phase, a dataset Dy was constructed through closed-loop simulations under diverse scenarios,
capturing optimal parameters and associated performance metrics. The GP was trained to
model the mapping from environmental context to performance prediction.

At runtime, this model is queried to rapidly infer the expected performance of candidate
parameters without re-running full simulations. An acquisition function (EI) is used to select
the best parameters in each control update cycle. This results in an adaptive, context-
aware reference that improves responsiveness to dynamic environments while maintaining
computational tractability.

The overall architecture enables a hybrid control strategy, leveraging data-driven offline learn-
ing and efficient online deployment and offering robust performance across varying conditions
without real-time retraining or high computational overhead.
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Chapter 5

Toward Efficient Surrogate Training

In order to rigorously evaluate and train the Reference Governed Model Predictive Con-
trol (RG-MPC) for robust real-time operation, the design of an efficient and representative
training dataset is critical. The goal is to balance the quality and diversity of training sam-
ples with the constraints of computational cost and practical feasibility, particularly when
considering physical testing on real vehicles. This section presents and analyses three alter-
native experiment design strategies for generating contextual training data to support the
offline Bayesian Optimisation loop (Algorithm 4) and the construction of the Gaussian Pro-
cess (GP) model, which is later queried online by the Reference Governor during closed-loop
execution.

The RG-MPC framework is sensitive to contextual factors such as vehicle velocity and obstacle
placement, which directly influence the shape and aggressiveness of the evasive reference
trajectory. Therefore, a well-structured experiment design should ensure adequate coverage
of this contextual parameter space, namely, the longitudinal velocity of the vehicle v, and
the obstacle location (s, Yobs) to facilitate reliable generalisation of the GP model across
relevant and safety-critical scenarios.

Figure 5-1 provides a visual overview of the sigmoid reference trajectory and obstacle zones
considered during the training phase. Each training sample represents the outcome of a
simulation or physical test run with a fixed context, where the RG-MPC is applied and
its performance is evaluated based on a defined cost function Y(6). This cost captures the
efficacy of a candidate sigmoid reference parameter set 6 in achieving obstacle avoidance with
desirable dynamic properties.

To efficiently generate these training samples, three candidate experiment design strategies
are proposed and discussed below.
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Figure 5-1: Sigmoid reference trajectory overlaid with obstacle zones and randomised obstacle
locations used for training sample generation.

5-1 Method 1: Uniform Random Contextual Sampling Across Full
Envelope

This method involves generating training samples through uniform random sampling of the
contextual parameters v, Tops, and y.ps within a wide feasible domain that represents the
operational envelope of the automated vehicle. In practice, this could range from low-speed
urban driving (e.g., 20-30 km/h) to highway speeds exceeding 90 km /h, as well as a range of
obstacle positions representing various lateral offsets and distances from the ego-vehicle.

e Advantage: This approach maximizes diversity in the training dataset, allowing the
GP model to experience a wide range of driving conditions, including edge cases that
may not arise in more structured experiments. As such, it enhances the model’s gener-
alization ability and robustness to unseen conditions during deployment.

o Disadvantage: Despite its comprehensiveness, this method is highly inefficient in terms
of data usage. A large number of samples are required to sufficiently cover the full
parameter space, especially given the curse of dimensionality. Many of these samples
may correspond to non-critical or redundant driving scenarios that contribute little
to the refinement of the GP model. Furthermore, the computational and logistical
burden of collecting such a large dataset, particularly in physical vehicle tests is often
prohibitive.
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5-2 Method 2: Critical Region Sampling with Structured Sweeps

To improve efficiency, this method restricts the sampling domain to a more focused region
of the contextual space, emphasizing critical conditions where obstacle avoidance becomes
challenging or safety-critical. Specifically, obstacle positions are sampled near the ego-lane
centreline, which are more likely to trigger evasive actions. Longitudinal speeds are selected
near the vehicle’s dynamic handling limits, typically in the range of 60 to 90km/h.

A structured sweep approach is used to systematically vary the parameters. Fine-grained
discretization is applied to the obstacle lateral location, capturing the sensitivity of lateral
positioning, while longitudinal position may be varied more coarsely due to its lower impact
on trajectory design.

e Advantage: By focusing on high-risk scenarios, this method yields a more informative
training dataset with fewer samples, accelerating the convergence of the GP model and
Bayesian Optimisation. Additionally, it aligns well with physical testing, where high-
speed and close-call obstacle encounters are both critical to test and more likely to elicit
nuanced vehicle responses.

e Disadvantage: A reduced sampling envelope may lead to limited extrapolation capa-
bility of the GP model outside the critical region. In scenarios with low-speed or low-risk
conditions, where fewer training examples exist, the model may revert to overly conser-
vative or suboptimal reference choices.

5-3 Method 3: Critical Zone Random Sampling with Representa-
tive Velocities

This hybrid strategy seeks to further reduce training effort while preserving relevance by
introducing two simplifying assumptions. First, obstacle locations are randomly sampled
within the critical region defined in Method 2, ensuring the training data remains focused
on meaningful and informative cases. Second, rather than sampling velocity continuously or
across a wide grid, only two representative vehicle speeds are used:

o A moderate speed (e.g., 55 km/h), representative of comfort-oriented driving or urban
environments.
o A high-speed value (e.g., 90 km/h), representative of aggressive or emergency conditions

requiring fast evasive manoeuvres.

The idea is that by covering the extremities of the velocity spectrum, the GP model can inter-
polate between these conditions and remain effective at intermediate velocities encountered
during deployment.

e Advantage: This method drastically reduces the number of required simulations while
still covering key behavioural regimes of the vehicle. It is particularly well-suited for
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iterative model development where rapid testing cycles are necessary. It also supports
efficient tuning of the offline Bayesian Optimisation loop with a tractable number of
design points.

e Disadvantage: The main limitation of this approach is the assumption that the op-
timal sigmoid reference trajectory changes smoothly with respect to velocity. If this
assumption fails, such as in highly non-linear or threshold-dependent behaviour, the
model may fail to generalize accurately across intermediate velocities not represented
in training.

5-4 Summary and Practical Considerations

Each proposed training strategy represents a different trade-off between diversity, efficiency,
and practical feasibility. While Method 1 provides the broadest data coverage, it is rarely
feasible for real-world experimentation due to its scale. Method 2 offers a more targeted and
realistic path by focusing on high-impact scenarios but may require complementary strategies
for full envelope generalization. Method 3 offers a pragmatic starting point, especially during
early development phases or when computational resources are limited.

In practical applications, a staged or hybrid approach is often most effective. Initial training
may leverage Method 3 to quickly bootstrap the GP model with informative data. Subse-
quently, Method 2 can be used to improve the model’s knowledge in critical areas, improving
robustness and reducing uncertainty in high-risk contexts. This layered strategy allows for
efficient scaling of the Bayesian Optimisation-based Reference Governor (BORG) framework
from simulation to physical deployment.
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Chapter 6

Simulation Environment

This chapter presents an overview of the Simulink and IPG Automotive CarMaker integration
used in the simulation environment, where the CarMaker plant can be interchanged with any
simpler vehicle model. It begins with a general workflow description, followed by a brief
explanation of the controller tuning method. Subsequently, the Key Performance Indicator
(KPI)s used for objective evaluation are outlined and lastly, the method for testing robustness
and sensitivity is outlined.

6-1 Overview Simulink system

An overall representation of the simulation framework is depicted in Figure 6-1. Within this
setup, the Model Predictive Control (MPC) is responsible for computing the control inputs
required to follow the desired trajectory. These control signals are then forwarded to the
vehicle model, being either a simple single track or high fidelity CarMaker model, which is
integrated within the Simulink environment. The plant, specifically CarMaker model, subse-
quently simulates the physical behaviour of the vehicle in response to the applied controls,
including effects such as suspension, steering system and power train dynamics, and tire-road
interactions. The result of this simulation is a set of updated vehicle states, which represent
the current condition and motion of the vehicle, such as its position, velocity, and yaw rate.

These vehicle states serve as essential inputs to several components within the control ar-
chitecture. Specifically, they are utilised by the Reference Generator to compute the desired
future trajectory, by the reference governor block responsible for augmenting the original
reference, and by the online data module. While the Reference Generator determines the
reference signals for the MPC to track, the reference governor augments this reference to
better meet tracking and obstacle safety requirements. Lastly, the online data block is used
to compute and manage additional vehicle-related quantities that are not directly available
as part of the state vector but are nevertheless important for accurate control. One key ex-
ample of such quantities are the cornering stiffness coefficients, which are derived using the
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Dugoff tyre model and reflect the lateral grip characteristics of the tires under current driving
conditions.

The overall co-simulation approach between Simulink and CarMaker follows a structure that
is broadly aligned with that presented in [51] and [52]. However, the Bayesian optimisation
reference governor is a key distinction which differentiates the implementation described in
this work. The proposed Bayesian Optimisation-based Reference Governor (BORG) design
extends the scope of obstacle avoidance beyond what was considered in [51] and [52] by
incorporating ego vehicle to obstacle safety distance into the reference governor re-planner as
seen in 6-1.

Furthermore the strategy employed for reference trajectory in [51] relies on a reactive scheme
where the reference manoeuvre is dynamically computed based on the relative distance and
velocity to a preceding object. Whilst [52] adopts a more structured and pre-planned approach
where the reference is constructed from a predefined manoeuvre that depends solely on the
longitudinal position of the ego vehicle. Thereby decoupling the reference path from sur-
rounding traffic and enabling more consistent benchmarking of controller performance. The
latter approach of a pre-determined lane change manoeuvre is adopted for this study how-
ever, with the re-introduction of obstacle information and avoidance through the reference

governor.
SWAa Eong
> Plant
C Online
Yrefx <

Reference Reference
Governor Generator

Lobs>Yobs Obstacle
Localisation

Figure 6-1: Simulink model workflow overview.

6-2 Controller Tuning

The design of MPC inherently relies on an effective tuning process to ensure satisfactory
closed-loop performance. Similar to conventional control strategies such as Proportional-
Integral-Derivative (PID) or Linear Quadratic Regulator (LQR), MPC requires the careful
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selection of tuning parameters, most notably the weights in the cost function. However, MPC
tuning is often perceived as more challenging due to the higher number of parameters involved,
which are not only more numerous but also interdependent in the context of constrained
optimisation.

In [51], the authors provide a comprehensive discussion on the complexity of MPC tuning,
using the example of a planar vehicle model that requires tuning of more than 35 parameters
in addition to other controller settings. The process outlined in their work involves detailed
consideration of which states to include in the cost function, how to allocate appropriate
weighting values, and how to balance state-tracking accuracy against control effort. A tuning
rule based on a desired state error threshold is proposed, wherein the tuning weight is set
inversely proportional to the square of the acceptable tracking error. For example, an error
tolerance of 1 cm translates to a tuning weight of 100. Additionally, their work highlights the
importance of penalizing control effort to protect actuator health and manage control energy,
especially in long-term deployment scenarios.

Despite the insight and granularity of such approaches, a major drawback lies in the heavy
dependence on manual tuning, simulation-based trial-and-error iterations, and expert domain
knowledge. This tuning burden is further amplified when the controller must perform across
a range of operating conditions, such as varying vehicle speeds or road surface friction values

(1)

In contrast to the methodology in [51], the tuning strategy adopted in the present work
is intentionally simplified. The objective is to reduce the manual design effort, eliminate
subjectivity in tuning, and improve the generalizability of the controller through systematic
yet lightweight design. To that end, we define a minimal set of tuning weights focused only
on the key performance objectives relevant to the application.

Specifically, three main objectives are considered in the tuning phase:

o Lateral position tracking: Ensuring accurate trajectory following in the lateral do-
main is essential for safe and stable vehicle motion.

e Longitudinal velocity tracking: A constant or desired forward velocity is important
for maintaining the intended manoeuvre timing and execution.

e Obstacle avoidance performance: Penalizing deviations from a safe trajectory dur-
ing training enhances the learning-based reference generation.

¢ Actuation command: Penalizing large control action commands to preserve actuation
health and energy demands.

These weights are applied uniformly in the cost function of the MPC across all manoeuvres
during training, without separate fine-tuning for each condition or driving scenario. By
adopting this approach, we significantly reduce the number of tuning decisions and focus on
achieving baseline performance rather than scenario-specific optimisation.

In the online implementation of the BORG framework, the Reference Governor plays a critical
role in adapting the planned trajectory. It compensates for any potential sub-optimality or
degradation in performance that may arise from the use of generic, non-specialized tuning
weights. Since the reference is updated at runtime based on the current state and environment,
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the controller is effectively provided with a feasible and safer reference, reducing the demand
for highly precise cost function tuning.

This strategy trades off scenario-specific optimality for robustness and ease of deployment.
Instead of fine-tuning weights for each manoeuvre and velocity setting, as done in [51], our
approach relies on a single training scenario to perform and validate the tuning. While this
may lead to some performance loss in edge cases, the benefit lies in a highly streamlined design
pipeline, minimal human intervention, and greater automation in controller configuration.

Ultimately, this simplified tuning paradigm aligns with the goal of scalable, general-purpose
autonomous vehicle control design, where tuning complexity and manual effort must be min-
imised to enable efficient deployment across varied operational contexts.

6-3 Performance Evaluation

The evaluation of controller performance is a critical step in validating the effectiveness of
the proposed BORG framework. In line with the methodology adopted in [51], KPIs are
employed to assess the system’s ability to safely and accurately execute evasive manoeuvres.
However, given the nature of the current study, which focuses on a Reference Governor-based
online replanning strategy, the selected KPIs are chosen to better capture both safety and
tracking fidelity across different phases of the manoeuvre. A study of performance metrics
of controlled systems related to vehicle motion control [53], [54], [55], [56] revealed that the
indicators used for evaluation should indeed reflect performance characteristic related to the
manoeuvre type, in this case a lane change similar to a traditional controlled system step
response [57], [58], [59].

This study emphasises safety-driven evaluation metrics alongside traditional trajectory track-
ing criteria. In this context, the performance indicators are grouped into three main cate-
gories: safety-focused metrics, trajectory tracking errors, and dynamic response characteris-
tics inspired by step response analysis.

6-3-1 Safety Indicator: Distance to Obstacle

The primary KPI in terms of safety is the Distance to Obstacle (D20), which measures the
minimum distance between the ego vehicle and the obstacle (e.g., a leading vehicle) throughout
the manoeuvre. This is analogous to the Distance to Collision (DTC) introduced in [51], but
generalized to capture lateral clearance in any avoidance scenario. A higher value of D20
indicates safer behaviour, as it reflects a more conservative lateral deviation from the obstacle
during the evasive action.

6-3-2 Trajectory Tracking: Root mean square errors

To evaluate tracking accuracy, Root Mean Square Error (RMSE) metrics are computed for
key vehicle states. These quantify the average deviation of the ego vehicle’s actual trajectory
from the desired reference. In this study, we focus primarily on the lateral position error
yrMS, Which is particularly relevant for lane change and obstacle avoidance tasks.
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Given that the BORG framework dynamically modifies the reference in real-time, we further
divide the lateral RMSE into two distinct components:

« RMSE (y{{’ﬁé): The tracking error for the complete lane change manoeuvre.

» Pre-Obstacle RMSE (ypngs): The tracking error in the portion of the trajectory
leading up to the obstacle.

¢ Post-Obstacle RMSE (yﬁ'ﬁts): The tracking error in the recovery phase after passing
the obstacle.

This segmentation allows assessment of the trade-off introduced by the Reference Governor
(RG) mechanism, whether the controller is prioritizing obstacle clearance (increased safety
distance) at the cost of deviating from the original manoeuvre, and how effectively it recovers
tracking performance after the avoidance phase.

6-3-3 Dynamic Response: Step-Inspired Metrics

In addition to RMSE-based tracking evaluation, inspiration is also drawn from step response
analysis to examine the temporal dynamics of the system. As in [51], the evasive manoeuvre
exhibits characteristics similar to a step response, particularly in lateral displacement. Ac-
cordingly, the following classical KPIs are considered but with but with longitudinal distance
as independent variable instead of time:

e Overshoot (M),): The maximum deviation of the lateral position beyond the steady-
state reference, expressed as a percentage.

o Rise Distance (X,): The distance taken for the lateral position to transition from
10% to 90% of its final value.

o Settling Distance (X;): The distance required for the lateral position to remain
within a 10% band of the steady-state lane change lateral value.

These metrics provide insight into how aggressively and quickly the vehicle responds to the
planned manoeuvre and how efficiently it stabilizes post-execution.

6-3-4 Summary of KPlIs

In total, the following KPIs are used to quantify controller performance in the BORG study:

Minimal Distance to Obstacle (D20) — primary safety metric

Lateral Position RMSE (yrms) — overall tracking error

+ Pre-Obstacle RMSE (yppg) — tracking error before avoidance

Post-Obstacle RMSE (yﬁ?\f[ts) — tracking error after avoidance
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e Overshoot (M) — maximum overshoot in lateral trajectory
» Rise distance (z,) — responsiveness of the lateral transition

o Settling distance (zs) — post-manoeuvre stabilization rate

The ideal controller behaviour, therefore, corresponds to a maximized safety distance (high
D20) and minimised values for all other KPIs, indicating accurate and efficient tracking with
stable and smooth transitions.

By evaluating controller performance using this comprehensive yet tailored set of indicators,
we ensure that both tracking fidelity and obstacle avoidance are adequately captured, while
also identifying the specific contributions of the RG module in different phases of the ma-
noeuvre.

6-4 Robustness & Sensitivity Analysis Methodology

To evaluate the resilience and adaptability of the BORG framework under realistic conditions,
a robustness and sensitivity analysis was designed and implemented. The goal of this analysis
is to investigate how well the controller generalizes to unseen or imperfect scenarios that
deviate from the nominal design conditions, particularly in the presence of model mismatches
and perception uncertainties.

This methodology focuses not on the quantitative results of performance degradation but
rather on the experimental structure and rationale, with emphasis on how the reference
governor’s learned policy inherently compensates for un-modelled discrepancies. At the core
of the BORG is a Gaussian Process (GP) model, trained offline via Bayesian Optimisation
using a purely data-driven, model-free framework. This training strategy allows the reference
governor to implicitly account for imperfections in the plant model or measurement pipeline,
as it optimises the reference trajectory not with respect to an idealized model, but based on
observed performance metrics.

6-4-1 Model Mismatch Simulation

To study the effects of structural modelling errors, the system was subjected to artificially
introduced discrepancies between the prediction model used in the MPC and the actual vehicle
dynamics in simulation. Specifically, this was achieved by altering tyre model parameters
during simulation to represent tyre stiffness degradation or mismatch conditions which are
common in real-world deployment due to wear or even environmental variability in road
surface conditions. This is done by generating errors in the Magic Formula factors B, and
D, [18] which govern the stiffness factor of how quickly the tyre can generate grip based on
slip and the peak force respectively, as depicted in Figure 6-2.
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Figure 6-2: Graph depicting Pacejka’'s Magic Formula tyre model as per [60]. X-axis shows slip
vs. normalized force on Y-axis. B,C, D, E are the stiffness, shape, peak and curvature factor
parameters, respectively. Sy, is the horizontal shift and S, is the vertical shift.

In the nominal training phase, the BORG was tuned using a known, fixed set of tyre parame-
ters. During robustness testing, however, the actual vehicle dynamics were altered by scaling
the cornering stiffness values. This results in a mismatch between expected and actual lateral
dynamics, which cannot be fully compensated by the baseline MPC alone. In contrast, the
BORG utilises the reference governor’s GP model trained in a model-free manner, to adapt
the reference trajectory such that feasible and safer trajectories are selected even when the
prediction model is no longer fully accurate.

6-4-2 Perception and localisation errors

In parallel to model mismatch, the robustness of the controller against perceptual uncertainty
was assessed through the injection of synthetic Gaussian noise into the obstacle position
estimates. The estimated obstacle locations used in both the reference generator and the
constraint formulation of the MPC were perturbed with zero-mean Gaussian noise of varying
standard deviation to simulate perception inaccuracies stemming from sensor noise, latency,
or poor detection confidence.

Since the MPC relies on these estimates to generate constraints and assess feasibility, inac-
curate obstacle localization can severely impact planning and control. However, in the case
of BORG, the GP model learns to encode trajectory patterns that were optimal not only for
specific obstacle configurations but also for varied realizations of noise encountered during the
Bayesian optimisation process. As a result, the learned policy inherently biases the generated
references toward solutions that generalize across a distribution of perception errors.

6-4-3 Velocity-Dependent Evaluation
Both the model mismatch and perception noise experiments were conducted across a range
of longitudinal velocities to simulate different driving conditions and levels of manoeuvre

criticality. At higher speeds, vehicle dynamics become more sensitive to modelling errors
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and perception inaccuracies have more significant implications due to reduced reaction times.
This velocity sweep allows for an evaluation of the BORG’s robustness across multiple levels
of operational stress, ensuring that conclusions drawn from the analysis are not confined to
a single operating point.

To isolate the contribution of the reference governor, the BORG is compared to a baseline
MPC implementation that uses a static reference trajectory. The only distinction between
the two controllers is the handling of obstacle information. The baselines handles obstacle
avoidance through a maximization of obstacle safety distance in the MPC cost function,
whilst the proposed system as discussed re-plans the reference trajectory. This ensures that
any observed improvements in robustness can be attributed directly to the learned model’s
ability to adapt reference trajectories.

Through the systematic injection of both model and perception disturbances and the use of a
velocity-dependent evaluation framework, the robustness analysis aims to demonstrate that
the BORG controller inherits resilience properties from the underlying GP-based reference
generation strategy. Trained via model-free Bayesian Optimisation, the reference governor
learns policies that are implicitly tolerant to imperfections and uncertainty, and thus offers an
elegant and scalable solution to one of the primary challenges in predictive control robustness.

6-5 Summary

This chapter introduced the simulation framework used to develop and evaluate the proposed
BORG architecture. The system integrates a high-fidelity CarMaker vehicle model with
Simulink-based control components, allowing for realistic closed-loop simulations and modular
plant model substitution.

Furthermore, the chapter introduces the workflow regarding the key innovation presented in
this study, the use of a Gaussian Process-based Reference Governor, trained via model-free
Bayesian Optimisation. This module enables dynamic reference adaptation that enhances
obstacle avoidance and improves controller robustness to environmental and modelling un-
certainties.

The chapter also detailed the controller tuning methodology, which adopts a simplified,
objective-driven weighting scheme to reduce manual design effort. This is complemented
by the use of a curated set of KPIs, designed to assess safety, tracking accuracy, and transient
response across different phases of the manoeuvre.

Lastly, a robustness and sensitivity analysis methodology was outlined, demonstrating how
the BORG can handle model mismatches and perception disturbances through its learned
reference adaptation policy. These experimental procedures are fundamental for verifying the
controller’s generalizability to real-world uncertainties and contribute to the overarching goal
of scalable, safe autonomous driving.

In the following chapters, the results of the simulation studies are presented and discussed in
light of the framework and methodology established here.
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Chapter 7

Performance and Results

This chapter presents a detailed analysis of the case study simulations, as introduced and
described in Chapter 6. The objective is to evaluate the effectiveness and robustness of the
proposed Bayesian Optimisation-based Reference Governor (BORG) system in comparison
with the baseline Model Predictive Control (MPC) framework. Firstly, a standard lane change
manoeuvre is simulated for the nominal MPC system, which operates using a combined
objective function for path-following and obstacle avoidance. The performance of this nominal
baseline is then systematically compared against the proposed BORG system, which integrates
a reference governor scheme for online trajectory reshaping. Secondly, a robustness analysis
is conducted by introducing realistic perception errors and tyre model mismatches to examine
how each controller performs under non-ideal, uncertain conditions that are representative of
real-world deployment.

7-1 Lane Change Manoeuvre Analysis

To evaluate the effectiveness of the BORG system, a Gaussian Process (GP) model was
pre-trained according to the methodology laid out in Chapters 4 and 5. To summarise,
the training envelope was constructed to include a range of representative driving scenarios,
covering variations in velocity and obstacle position. These scenarios were chosen to ensure
that the model would generalize well and be robust in deployment. Specifically, the training
set encompassed the following conditions:

e Velocity scenarios — A representative spread of vehicle speeds was considered, includ-
ing 80 km/h and 55km/h.

» Obstacle location (longitudinal range) — Obstacle positions were randomly sampled
between 400 m and 420 m along the longitudinal axis.

o Obstacle location (lateral range) — Lateral placements of obstacles were constrained
to lie between -4m and -2m.
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Figure 7-1: Bayesian optimisation results during training. Left: Objective function landscape
over sigmoid parameters. Right: Minimum objective value as a function of BO iterations (warm-
started with 20 LHS points).

7-1-1 Offline Bayesian Optimisation

Figure 7-1 illustrates an example of the Bayesian Optimisation (BO) process carried out
during the offline training of the GP surrogate model. Notably, when the optimisation process
is warm-started with 20 randomly sampled data points using Latin Hypercube Sampling
(LHS), convergence to the optimal solution is achieved in approximately 10-15 iterations, as
shown in the right-hand plot of Figure 7-1.

The shape of the objective function being minimised—designed to balance positional tracking
accuracy and safe obstacle clearance—is visualised in the left-hand plot. The optimisation is
conducted over the parameters of the sigmoid reference trajectory. In particular, parameters
a1 and c; represent the longitudinal midpoint of the lane change and the sigmoid gradient
(i.e., aggressiveness), respectively. The third parameter, controlling the final lateral position,
is excluded from the plot because, in this specific evaluation, the lane change width is fixed.
Therefore, optimisation naturally prioritises the remaining parameters to improve the cost
without violating this constraint.

The plots indicate that the objective function possesses a local maximum near the initial ref-
erence trajectory parameters. The obstacle’s position contributes to this high cost, prompting
the BO process to adjust the sigmoid parameters in order to identify a safer and more effi-
cient reference trajectory. The optimal configuration is reached after roughly 10 iterations
following the warm start. The resulting parameters correspond to a manoeuvre that initiates
earlier and is less aggressive, thereby enhancing safety margins.

The subsequent sections present a performance analysis of the BORG and nominal MPC
systems under three test cases, each defined by different vehicle velocities and obstacle loca-
tions. The first case represents an in-distribution scenario (80 km/h), whereas the remaining
two test cases (70 km/h and 60 km/h) assess the generalisation capability of the controller to
conditions outside the training set.
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Figure 7-2: Trajectory performance comparison for MPC and BORG at 80 km/h.

2, [m] | My [%] | 2o im] | yruse m] | ypvse 0] | vRtiss (0] | D20mi [m]
MPC | 17.45 | 21.61 | 102.62 | 0.228 0.097 0.277 0.516
BORG | 2647 [ 861 | 95.23 | 0.3226 0.519 0.119 0.976

Table 7-1: Key performance indicators at 80 km/h.

7-1-2 Lane Change Performed at 80 km/h with Obstacle at (420, -3) m

In the case at 80km/h, where the velocity of test scenario is included within the training
data, the BORG system demonstrates clear performance advantages. Leveraging the pre-
trained GP model, the reference governor adapts the trajectory online with a high level of
confidence. As a result, the BORG achieves substantially greater clearance from the obstacle
(D20min = 0.976 m) compared to the baseline MPC (0.516 m), which enhances overall safety.

Moreover, the nominal MPC system exhibits a lateral acceleration of 6.3 m/ sQ, indicating oper-
ation close to the vehicle’s handling limits. In contrast, the BORG system yields a lower lateral
acceleration, as depicted in Figure 7-2, thereby reducing the stress on the vehicle’s dynamics
and providing a less aggressive manoeuvre. The corresponding control actions—namely the
steering rate and steering wheel angle—are smoother and of smaller magnitude under BORG.

This leads to reduced actuator wear, lower energy consumption, and improved passenger com-
fort.

These improvements stem from the governor’s tendency to initiate the lane change earlier,
producing a smoother rise in trajectory and reducing overshoot. While this results in a slight
increase in pre-obstacle lateral deviation (reflected in higher yﬁﬁSE), it simultaneously lowers
the post-obstacle tracking error, indicating a smooth reentry into the desired path.

Additionally, due to the smoother nature of the generated trajectory, the BORG imposes a
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Figure 7-3: Error metrics and control cost comparison for MPC and BORG at 80 km/h.

lower computational burden. The reduced control effort also results in a lower total cost,
confirming the efficiency of the proposed strategy.

7-1-3 Lane Change Performed at 70 km/h with Obstacle at (415, -4) m

The second test case evaluates controller performance at a reduced velocity of 70km/h, a
condition that lies outside the distribution of the training dataset. Both the velocity and
obstacle location differ from those seen during the offline optimisation phase, allowing for an
assessment of the generalisation capability of the BORG controller.

Despite this being an extrapolated scenario, the BORG continues to demonstrate improved
performance relative to the baseline MPC controller. Most notably, the minimum distance to
the obstacle is significantly higher for BORG (D20, = 0.887m) compared to the baseline
(0.543m). This confirms the BORG’s ability to maintain safety margins through adaptive
trajectory adjustments, even under previously unseen scenarios.

As shown in Figure 7-4, both controllers benefit from the lower vehicle speed, which reduces
the severity of non-linear vehicle dynamics and makes the manoeuvre inherently more man-
ageable. However, the BORG still demonstrates a more conservative response by initiating
the lane change slightly earlier, as reflected in the longer rise distance and smaller overshoot.

The lateral position Root Mean Square Error (RMSE) is lower for MPC before the obstacle,
due to its more direct approach, but post-obstacle RMSE is improved under BORG. This
behaviour is consistent with a strategy that prioritises safe and smooth rejoining of the lane.
The total RMSE is slightly higher for BORG, attributed to its pre-emptive deviation from
the original path, yet this is an intentional trade-off favouring safety and comfort.

In terms of controller effort, the lateral acceleration and sideslip angle under BORG remain
lower than the nominal case, highlighting a continued focus on vehicle stability. While the
control signals are naturally smaller due to the lower speed, BORG still yields smoother
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Figure 7-4: Trajectory performance comparison for MPC and BORG at 70 km /h.
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Figure 7-5: Tracking error, obstacle distance, controller cost and execution time at 70 km/h.

2, [m] | My [%] | s [m] | yruse [m] | ypvsp (0] | vRtss ) [ D20mi [m]
MPC | 16.75 | 12.43 | 114.60 | 0.193 0.174 0.212 0.543
BORG | 19.70 | 554 | 135.94 | 0.294 0.365 0.187 0.887

Table 7-2: Key performance indicators at 70 km/h.
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Figure 7-6: Trajectory performance comparison for MPC and BORG at 60 km /h.
2, [m] | My [%)] | @ [m] | yrase m) | vRyise ) | yRvse 0] | D20min [m]
MPC 17.00 | 8.91 144.21 | 0.066 0.060 0.072 1.468
BORG | 17.77 | 9.09 139.22 | 0.2246 0.374 0.094 2.327

Table 7-3: Key performance indicators at 60 km/h.

and less aggressive actuation. Execution times and controller cost values remain favourable,
confirming the BORG’s computational efficiency.

7-1-4 Lane Change Performed at 60 km/h with Obstacle at (420, -4) m

The final case study involves a further reduction in speed to 60km/h, with the obstacle
placed at a lateral distance of -4m. At this velocity, the vehicle dynamics enter a relatively
linear operating regime, and both controllers benefit from increased temporal and spatial

flexibility. As a result, the nominal MPC already performs well, exhibiting reduced overshoot
and adequate obstacle avoidance.

Nonetheless, the BORG continues to deliver meaningful improvements. Although the ma-
noeuvre aggressiveness is similar, the reference trajectory produced by the governor diverges
earlier from the nominal path. This early initiation maximises the available clearance to the
obstacle, resulting in a significantly increased minimum distance of D20, = 2.327m com-
pared to 1.468 m for the MPC. The dominant term in the objective function at low speeds is
the obstacle clearance, which explains the more cautious behaviour of the BORG.

Although the total RMSE is higher for BORG due to earlier deviation from the nominal path,
the post-obstacle tracking is again better. Control signals remain smooth, and computational
times remain within acceptable bounds. The consistency of these trends across all three
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Figure 7-7: Tracking error, obstacle distance, controller cost and execution time at 60 km/h.

velocity regimes further strengthens the claim that BORG enhances safety and comfort with
minimal cost in control effort or computational complexity.

7-2 Sensitivity and Robustness Analysis

This section investigates how each controller performs in the presence of real-world uncer-
tainties, such as mismatches in the vehicle model and perception-related errors. These tests
are critical for assessing the viability of the proposed approach in deployment scenarios where
perfect conditions cannot be guaranteed.

7-2-1 Tyre Model Mismatch

Model-based controllers such as MPC rely on internal models that represent the physical
behaviour of the vehicle. However, in practice, this model is never perfect. Variations in tyre
characteristics due to wear, temperature, inflation levels, or surface conditions can result in
discrepancies that compromise controller performance. To study this, a set of 100 randomized
tyre parameter configurations were generated using Weibull and Gaussian distributions, as
visualized in Figure 7-8. These variations reflect realistic deviations that may occur during
everyday operation.

Each sample was used to evaluate both controllers over a range of longitudinal velocities. As
shown in Figure 7-9, the BORG consistently maintains a larger average minimum distance to
the obstacle, across all velocity conditions. This highlights its robustness in handling model
mismatch.

This benefit arises from the online adaptation capability of the BORG, which shapes the
reference trajectory based on performance, rather than relying solely on an accurate dynamic
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Figure 7-8: Distribution of 100 samples of tyre parameter mismatches.

model. By leveraging the GP model’s predictions, the controller implicitly compensates for
un-modelled dynamics without requiring direct tuning or redesign.

Importantly, none of the tested mismatches resulted in collisions or near-misses, hence these
metrics are not reported for this subsection. However, the improvement in clearance margins
directly translates to better safety and increased robustness in uncertain environments.

7-2-2 Localization Mismatch

Perception errors represent another major challenge for autonomous systems. Imperfect ego
vehicle or obstacle localization due to sensor noise, latency, or GPS drift can lead to degraded
control performance or even unsafe behaviour.

To simulate this, zero-mean Gaussian noise was injected into the perception signals of both
the ego vehicle and detected obstacles. Figure 7-10 illustrates the distribution of 100 such
noise samples used in the evaluation, selected to be representative of real-world GPS and
sensor fusion systems [61].

Under these noisy conditions, performance is assessed using two critical safety indicators: the
Near Miss Rate (NMR) and Collision Rate (CLR). The results, summarised in Figure 7-11,
show a clear benefit of using BORG. Across all scenarios, it reduces both near misses and
actual collisions compared to the nominal MPC.

As vehicle velocity increases, both NMR and CLR worsen for both controllers, due to the
reduced reaction time and tighter constraints. However, BORG retains a significant safety
buffer by planning trajectories more cautiously and earlier. This behaviour arises from the
surrogate model’s learned sensitivity to trajectory safety, resulting in wider safety margins in
uncertain contexts.
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Figure 7-11: Near miss and collision rates under perception noise for MPC and BORG.

In summary, the robustness analysis confirms the advantage of combining model-based pre-
dictive control with a model-free reference adaptation mechanism. The BORG architecture
offers improved safety and reliability, even when the system is subjected to significant mod-
elling or sensing inaccuracies. These capabilities make the approach highly promising for
real-world autonomous driving tasks, where uncertainty is unavoidable.
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Chapter 8

Discussion & Conclusion

8-1 Discussion

The results presented in this thesis demonstrate the potential of the Bayesian Optimisation-
based Reference Governor framework in enhancing the performance of non-linear Model Pre-
dictive Control (MPC) for autonomous vehicle motion planning. In particular, the BORG
successfully improves both trajectory tracking and obstacle avoidance through context-aware
reference adaptation. This is achieved via the optimisation of sigmoid trajectory parameters
in a data-efficient, model-free manner using Gaussian Process (GP) models.

One of the key findings is that the reference governor significantly reduces overshoot and
lateral tracking errors during evasive manoeuvres. By optimising trajectory parameters offline,
building a surrogate model and evaluating said model in real-time based on the current
context, the system effectively modulates manoeuvre aggressiveness. The reference signals
produced by the Reference Governor (RG) are thus filtered to be controller friendly, resulting
in smoother vehicle responses that are dynamically feasible and easier for the controller to
track, enhancing robustness in scenarios with perception errors or model mismatch.

However, this replanning effect also introduces a trade-off: the reference governor acts as
a form of comfort filter, reducing the aggressiveness of the manoeuvre. While this can be
desirable in terms of passenger comfort and control feasibility, it may not fully exploit the
dynamic capabilities of the vehicle in emergency situations.

Additionally, a key limitation of the current implementation is that the reference is generated
in a one-shot fashion at the beginning of the manoeuvre. Once selected, the reference tra-
jectory is not further adapted during the course of execution. This could limit performance
in highly dynamic or uncertain environments where real-time replanning may be essential.
Furthermore, the current method optimises fixed sigmoid parameters rather than performing
continuous reparametrisation or using more expressive trajectory representations like splines.
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8-2 Future Work

Several directions can be explored to further enhance the effectiveness of the BORG frame-
work:

e Online Replanning: Integrate continuous reference adjustment throughout the ma-
noeuvre execution to better respond to dynamically evolving environments.

e Trajectory Representation: Replace the fixed sigmoid reference formulation with
more flexible parametrisations, such as piecewise splines or Bézier curves, which can
capture a broader class of manoeuvres.

e Sparse Gaussian Processes: To address the computational scalability of GPs in
higher-dimensional contexts or larger datasets, sparse GP approximations can be con-
sidered.

¢ Multi-Objective Optimisation: Extend the cost function to include additional ob-
jectives such as energy consumption or ride comfort, balancing safety and efficiency.

e Constrained acquisition functions: Integrate constraints in the acquisition function,
such as Constrained Expected Improvement, to guarantee that the reference augmenta-
tion produced by the governor is safe, or to additionally enforce comfort or manoeuvre
aggression constraints.

8-3 Conclusions

This thesis proposed and validated a novel control architecture for automated vehicle ma-
noeuvring based on a Bayesian Optimisation-based Reference Governor integrated within a
non-linear MPC framework. The main contributions and findings are summarised as follows:

A data-driven reference governor capable of optimising sigmoid trajectory parameters
was developed, enabling dynamically feasible and control-friendly reference signals.

e The BORG framework was shown to significantly improve tracking performance, partic-
ularly by reducing overshoot and trajectory error during obstacle avoidance scenarios.

e Through the use of Gaussian Processes and Bayesian Optimisation, the proposed method
operates in a model-free manner, ensuring robustness to system uncertainties and to a
certain extent, compensation of modelling errors.

o Experimental results demonstrated that the BORG provides a computationally tractable
and effective alternative to conventional replanning techniques, though at the cost of
reduced manoeuvre aggressiveness and one-shot planning limitations.

Overall, the Bayesian Optimisation Reference Governor framework bridges the gap between
optimal control and motion planning, offering a promising direction for enhancing safety and
performance in high-speed, real-time automated driving applications.
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Appendix A

Vehicle parameters and controller
settings

A-1 Prediction horizon and sampling time

The selection of MPC parameters such as the sampling time ¢5 and prediction horizon N,
plays a crucial role in balancing computational efficiency and control performance. A longer
prediction horizon generally improves tracking performance but increases computational com-
plexity, which is critical for real-time implementation. Therefore, tuning ¢; and N, requires
careful consideration of both system dynamics and processing limitations.

In this work, the sampling time t; was selected based on the update rates of signals available
on the vehicle’s CAN network. By analysing the ECU signal update frequencies—including
acceleration, yaw rate, brake pressure, and reference trajectory it was determined that the
slowest relevant signal updated every 0.032 seconds. To ensure the MPC had access to all
required data at each step, ts; was set to 0.035 seconds, following the design considerations
discussed in [51].

A-2 Vehicle parameters

A high-fidelity vehicle model of a small SUV, developed by Toyota Motor Europe, was used for
simulation studies, as described in [51]. This model was implemented in the IPG CarMaker
simulation environment and includes detailed representations of various vehicle subsystems,
including suspension, steering, powertrain, and braking systems. The tire behaviour is mod-
elled using a physics-based approach that accounts for non-linearities and transient dynamics,
enabling the reproduction of realistic driving responses under different road and manoeuvring
conditions. This comprehensive system-level model serves as a virtual test bench for evalu-
ating the real-time performance and robustness of advanced vehicle control algorithms.
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Vehicle parameters and controller settings

In addition to the full vehicle model, a simplified version with adjusted parameters was also
utilized during the early stages of controller design and sensitivity analysis. This reduced-
complexity model, based on the bicycle model formulation, enables faster simulation cycles
and analytical insights while maintaining the essential dynamic behaviour necessary for de-
veloping and tuning the control strategies. By switching between the detailed and simplified
models, a balance between simulation speed and fidelity was achieved, supporting both con-
ceptual development and validation phases.

Table A-1: IPG CarMaker model vehicle parameters

Parameter Explanation Value
Cr.y Front roll stiffness 42307 [Nm/rad]
Crr Rear roll stiffness 36039 [Nm /rad]
heg Height of CoG 0.673 [m)]
hy Front roll height 0.27 [m]
hy Rear roll height 0.28 [m]

I, Moment of Inertia around z-axis 3386 [kg - m?]

Ky, Stability factor 0.004 [s?/m?]

Ly Distance between front axle and CoG 1.093 [m]

Ly Distance between rear axle and CoG 1.570 [m]

m Vehicle mass 1712 [kg]
Reg f Front effective tire radius 0.359 [m]
Reg r Rear effective tire radius 0.353 [m)]
Srat Steering ratio 15.8 [-]

tr Front track width 1.628 [m]

ty Rear track width 1.635 [m]
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Efficient Data-driven Reference Governor Design

for Safe Evasive Manoeuvring

Petar Velchev

Abstract—This paper presents a novel data-driven Reference
Governor with Model Predictive Control integrating local motion
replanning and path following for collision avoidance. Employing
a model-free Reference Governor, the proposed solution utilises
system knowledge through Bayesian Optimisation to augment
predetermined evasive trajectories, minimising path-following
errors and simultaneously ensuring obstacle safety margins. A
single-track vehicle model in combination with non-linear tyre
models is used to capture the vehicle’s dynamics. The optimised
control action is the vehicle steering angle, whilst the Reference
Governor optimises parameters of a sigmoid reference signal to
minimise the tracking error and guarantee safety with respect to
obstacles in emergency manoeuvres. The proposed approach is
evaluated on a single lane change using a high-fidelity simulation
environment and its performance is compared to a baseline
controller integrating path following and obstacle avoidance.
The results show a 14% reduction of safety critical overshoot,
maximising obstacle safety distance and a four times lower
controller cycle time compared to the baseline. Furthermore,
through a robustness analysis, it is demonstrated that the
proposed approach is more robust towards model mismatches
and perception-based errors, as seen by average 30% and 40%
reductions in near-miss and collision rates.

Index Terms—Obstacle avoidance, model predictive control,
reference governor, path following, Bayesian optimisation.

I. INTRODUCTION

UTOMATED vehicles operating near the handling limits

must be capable of executing evasive manoeuvres with
high precision and robustness to avoid collisions in dynamic
and uncertain environments. In such scenarios, due to complex
non-linearities, deviations from a reference path can result in
safety-critical situations, making the design of accurate and
adaptable path following systems essential [1], [2].

A key challenge is the ability to locally and rapidly re-
plan trajectories while maintaining safe distances from ob-
stacles. This is critical for advanced driver assistance and
autonomous driving systems, particularly in emergencies re-
quiring fast, reactive decisions near the vehicle’s handling
limits. Applications include urban scenarios with unpredictable
pedestrians, highway lane incursions, and last-moment evasive
manoeuvrers. However, re-planning and path following at
the limit of handling is inherently challenging due to the
highly non-linear vehicle dynamics and the need to balance
tracking performance with safety constraints in real-time [3],
[4]. Classical motion planning and trajectory tracking methods
assume linear dynamics through the use of basic point mass
models, which fail to capture the complex interactions be-
tween control inputs, tyre forces, and vehicle responses under
high slip or load transfer conditions [5], [6]. Furthermore,
incorporating real-time re-planning into a control pipeline with
minimal computational burden remains a persistent difficulty

( f i
D

Fig. 1: Obstacle avoidance lane change scenario. The top left
diagram depicts vehicle to obstacle distance (V20) using red
arrows for a target manoeuvrer shown in green. The top right,
bottom left and bottom right diagrams show a variation in end
location, starting point and steepness of manoeuvre.

[7], requiring dedicated hardware instead of implementing on
existing less powerful in-vehicle control units.

To address these challenges, this paper proposes a novel
control architecture combining a model predictive controller
(MPC) with a model-free Bayesian Optimisation-based Ref-
erence Governor (BO-RG) as inspired by [8]. The MPC is
responsible for tracking a reference trajectory by computing
the optimal steering input, using a bicycle vehicle model with
non-linear tyre dynamics to balance model complexity and
computational efficiency. The RG optimizes the parameters
of a sigmoid-shaped evasive reference trajectory, visualised
in Fig. 1 using BO. This decoupled architecture enables the
system to adaptively adjust the planned manoeuvre in real-
time, reducing tracking error by compensating for model
mismatch and improving vehicle to obstacle distance while
maintaining computational efficiency.

II. RELATED WORK

Efficient obstacle avoidance in automated vehicles often
relies on simplified models such as kinematic bicycles or
point-mass approximations. These models are favoured for
their low computational cost and suitability for real-time use
in structured or low-speed scenarios [5], [6]. While effective in
linear regime of motion, these models fail to capture essential
dynamics, e.g. tyre slip, load transfer, and actuator limits,
critically under aggressive or high-speed manoeuvres. This



oversimplification [9] leads to unsafe or infeasible trajectories
due to poor planning-control consistency. Similarly, neglecting
high-fidelity dynamics [10] often results in overly conserva-
tive or suboptimal paths, particularly in cluttered or high-
curvature environments. Recent work [11] has shifted toward
hybrid approaches, combining accurate dynamic models or
learning-based surrogates with simplified planners to improve
robustness without sacrificing real-time feasibility. To achieve
similar performance improvements, data-driven methods have
also been applied for predictive model correction [12], [13]
as well as data-driven controller tuning [14], [15]. Reference
Governors enforce system constraints by modifying reference
inputs, enabling safe control without re-optimising at every
step. Initially proposed for linear unconstrained systems [16],
RGs have since been applied to vehicle steering to maintain
safety limits like lateral acceleration and yaw rate [17]. RGs
can also function as pre-filters for MPC, reducing constraint
violations and computational load by adjusting references
before they reach the controller [18]. Recent work explores
learning-based RGs that derive safe sets from data, reducing
reliance on explicit models and improving adaptability in
uncertain, real-time environments [19]. In summary, simplified
re-planners lack fidelity near handling limits, while traditional
RGs are generally adopted for constraint enforcement in
unconstrained systems, may require accurate models or lack
adaptability. Hybrid or data-driven methods [20], [21] offer
promising solutions for robust, real-time control for use in the
domain of automated vehicles.

Motivated by the above analysis, the proposed BO-RG
architecture addresses path following and obstacle avoidance
challenges by integrating MPC with a model-free Bayesian
Optimisation-based Reference Governor which adapts evasive
manoeuvres in real-time. The BO-RG provides a single-shot
reference signal augmentation to the online MPC, by opti-
mising sigmoid defining parameters of the target lane change
using an offline pre-trained surrogate Gaussian Process (GP)
model. The RG depicted in Fig. 2 takes as inputs the original
lane change reference signal as well as system states and
obstacle localisation information to augment the reference.
The resulting lane change target is fed an input to the MPC,
which in turn computes the optimal control actions to drive
the vehicle to the target lateral position. The contributions of
this paper are threefold.

1) Development of efficient data-driven RG based on
Bayesian optimisation, integrated with MPC framework,
with four times lower cycle time of a baseline which
integrates path following and obstacle avoidance in the
same cost function.

2) The BO-RG can be trained to consider the handling
limit and make the trajectory smoother, reducing the
overshoot of a baseline by 14%.

3) Improve robustness against model mismatch and un-
certainty through the use of model-free re-planning by
an average 30% reduction on collision rate and 40%
reduction in near miss rate across a range of velocities.

ITII. REFERENCE GOVERNOR DESIGN PROBLEM

In the system depicted in Figure 2, the controller computes
control inputs to track a given reference while satisfying sys-
tem constraints. However, if the reference is too aggressive, it
may lead to infeasible or unsafe behaviour. To address this, an
RG is introduced to modify the reference in real-time based on
the vehicle state and constraints. As shown in Figure 2, the RG
outputs a feasible reference 7*(t), ensuring safe and constraint-
compliant tracking by the controller. Consider the generic
closed-loop system in Figure 2 designed for controlling a non-
linear plant, let # € © be the vector of parameters describing
the reference target signal, where ® C R™ is the set of
reference parameters. The parameters should be configured
to optimize the overall closed-loop performance while ensur-
ing the system’s safety and desired tracking behaviour. By
analysing the tracking error, which represents the difference
between the reference and output signals, various metrics can
be introduced to assess tracking quality, such as overshoot
magnitude, settling time, steady-state error, rise time and other
application specific indicators. Given a fixed control structure,
the tracking quality and errors depend mainly on the vector of
parameters ¢ which reshape the reference trajectory.

Accordingly, each of the above performance metrics is a
function of #, denoted by ¢; : © — R, for i = 1,...,n..
The overall performance metric, f : © — R, is defined as a
weighted sum of the individual performance metrics:

f(6) = ch(H) = iwici(9)7 0 €O,

where ¢(0) = [c¢;(0)]7c; and w := [w;]}<,. The weights

1=
wi, ..., Wy, are determined based on the relevance and scale

of the associated performance metrics. Given the defined
performance metrics, we can formalize the reference aug-
mentation problem. Specifically, to find the optimal reference
parameters 0* while maintaining safety, the following optimi-
sation problem is solved:
: T
min F(0) =w" c(9)

The objective function f is not analytically computable, i.e.,
it lacks tractable closed-form expressions, even if the system
dynamics are well understood. For each reference parameter
0, an experiment must be performed on the system to measure
the tracking error signal and subsequently evaluate f(6).
Therefore, these functions are accessible only through a black-
box oracle. To augment the reference parameters according to
the optimisation problem above, we employ BO, a data-driven
method for solving optimisation problems where the objec-
tive function and constraints are represented as expensive-to-
evaluate black-box functions.

The design of the RG through use of Bayesian optimisation
is described in the following sections and its application is
demonstrated by integration with an MPC vehicle motion
control scheme.

IV. GOVERNED VEHICLE MOTION CONTROL SYSTEM
DESIGN

The proposed Reference Governor for a Model Predictive
controller as depicted in Fig. 2 to meet tracking and obstacle
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Fig. 2: Block diagram of the proposed control system with
governor, controller, and plant.

safety performance goals. This section first describes the
predictive model, the setup of the optimal control problem, the
Bayesian optimisation formulation and lastly the utilisation of
the RG. The latter is split into two phases:
o Offline: RG is trained using BO through the use of GP
surrogate modelling to augment reference parameters.
e Online: the trained GP surrogate model is used as a
reference augmentation filter in an online fashion.

A. Vehicle Predictive Model

The vehicle dynamics are modelled using the non-linear
single track model, which captures the lateral, yaw, and
longitudinal behaviour of the vehicle in a planar environment.
The model assumes a single front and rear wheel to simplify
the analysis while preserving key dynamic characteristics. The
system states include the longitudinal and lateral velocities
(vs, vy), yaw rate (1), yaw angle (1)), global position coordi-
nates (zp, ¥p), and steering angle (9). Tyre lateral forces are
represented using a linear tyre model with cornering stiffness
coefficients Cy, and Cy, [22].

The resulting equations of motion describe the time evolu-
tion of the vehicle’s dynamics under the influence of steering
inputs and inertial properties, as illustrated in Fig. 3.

Uy = UyT

Co,+Cy L.C, r—L¢C, Co
Oy = ——1 “vy + . I201 e 4 =245

muy muy m
2 2

Ao L.Cq,—LsCq, vy — L;Cq,+L3Cq, - L;C,, 5
' vy v, I, (1)
b=r

&p = Uy cos(h) — vy, sin(eh)
Yp = vz sin(y) + vy cos(¢))
0 = ds

The cornering stiffnesses C,, and C,, are approxima-
tions of the tyre lateral force response at small slip angles,
derived from the Magic Formula tyre model. The Magic
Formula describes the non-linear relationship between tyre
slip angle and lateral force, typically expressed as F, =
D sin(C arctan(Ba— E(Ba—arctan(Ba)))), where « is the
slip angle, and B, C, D, and E are empirical fitting factors
[23]. The cornering stiffness is obtained through this relation-
ship, yielding an approximation of the tyre behaviour in the
small-slip regime, allowing the non-linear single track model-
based controller to remain computationally efficient while

v

Fig. 3: Bicycle Model Free Body Diagram.

retaining physical accuracy. Additionally, the Dugoff tyre
model is also utilised in the predictive model in combination
with a high-fidelity vehicle model [24]. This system is used to
evaluate the performance of the proposed BO-RG with a still
computationally efficient MPC for real-time implementation
but in combination with a very accurate vehicle simulation as
a plant.

B. Optimal Control Problem

The presented optimal control problem is formulated for use
within a Model Predictive Control (MPC) framework to enable
safe and smooth trajectory tracking with obstacle avoidance.

Accordingly, given suitable sampling time ¢, and prediction
horizon N, the MPC cost function J is defined as

N
J= Z (qeypef/pyi + Gex, €xpi + 4507 + s, F2+
=1
Nobs (2)

+ Z (q€v20€3/207j,i) )

j=1
where ey, ; and ex,; represent the lateral and longitudinal
position tracking errors at time step ¢, weighted by ¢.,,, and
ex,» Tespectively, b; is the steering rate, penalized through
gz to ensure smooth steering actions [25], Fz denotes the
longitudinal force rate, penalized by g, to prevent aggressive
acceleration or braking, and, ey2o_;,; is the distance-based error
term representing proximity to the j-th obstacle at time step
1, weighted by g..,,, to enforce obstacle avoidance.
The obstacle distance metric is defined by:

Dyso = ((X = Xow)* + (V = Yio)?) " = robs = 1ien 3)

This represents the Euclidean distance between the vehicle
and the obstacle centres, reduced by their respective safety
radii (rops and 7,¢p). This term encourages the controller to
maintain a safe buffer from all detected obstacles [12].

To ensure vehicle stability, constraints are imposed on the
side slip angle and its rate (bounded within +5° and £25°/s,
respectively), steering wheel angle and velocity (limited to
+2.76 turns and +800°/s), and lateral acceleration (bounded
within £0.854g). This constraint reflects the fact that the
required yaw rate to achieve a lateral manoeuvre cannot always



be achieved due to the road friction coefficient not being able
to provide the required tyre forces. Therefore, the yaw rate is
bounded by a function based on the friction coefficient through
a safety factor [26]. Furthermore, the limits reflect physical
actuator capabilities and define a stable operating envelope
during aggressive manoeuvrers [22].

C. Optimisation of Sigmoid Parameters via Bayesian Optimi-
sation

Bayesian Optimisation (BO) is used in this work to effi-
ciently tune the parameters 6 = [0y, 63,03] of the sigmoid
reference trajectory defined in Eq. (11), which governs the
final lateral offset, spatial centre, and transition aggressive-
ness of a lane change manoeuvre. The goal is to find the
parameter vector #* that minimizes a closed-loop performance
cost, enhancing both path following and obstacle avoidance
performance.

Given an objective function f(f) that evaluates the per-
formance of a closed-loop manoeuvre with a given sigmoid
parametrization, the optimisation problem is formulated as:

0* = arg Ielgél 1(9), “4)

where O is the feasible parameter domain.

To solve this, a Gaussian Process (GP) surrogate model
is trained to approximate f(6) based on sampled evaluations
[27]. BO leverages this surrogate model to select new can-
didate parameters by optimising an acquisition function that
balances exploration of uncertain regions and exploitation of
promising areas. Specifically, the Expected Improvement (EI)
acquisition function [28] is used, defined as:

aEI(G) = ]E[max(O, fmin - f(e))L (5)

where fi,i, is the best observed value of the objective function.

The surrogate GP model provides a posterior mean pi,,(6)
and variance o2 (6) for any 6, allowing the EI to be computed
in closed form under the Gaussian assumption:

agi(0) = (fuwin = 1n(0))2(Z) + 0n(0)p(2),  (6)

where Z = f‘“i%(‘g)‘w), and ®(-) and ¢(-) denote the cu-
mulative distribution and probability density functions of the
standard normal distribution, respectively.

The next query point 6,41 is selected by maximizing the

acquisition function:

9m+1 = arg I&a@){ aEI(9)7 (7

which is performed using a genetic algorithm [29] to effi-
ciently search the parameter space.
The GP surrogate model assumes:

f(6) ~ GP(m(0), k(6,0)), ®)

where m(6) is the mean function, typically assumed zero,
and k(0,0") is the covariance function or kernel. The Squared
Exponential kernel is used, given by:

RG
maxgeeo agr(f) k— f?ezl;) k— Update D,,
1 T
0 Evaluate
m+1 f ( 0)
‘ D
\L MPC V20
Optimisation /‘X
ref. - 1_/ Plant —>y
Model

xT

Fig. 4: Schematic of Bayesian Optimisation loop interacting
with MPC for path following and obstacle avoidance. In the
offline training phase only the RG reference is fed to the
MPC depicted by a red dashed line. During online operation,
the original reference in blue is fed until obstacle detection,
prompting the RG augmentation.

(0—-0)

k(6,0') = % exp <2[2 ) )
where U? controls the function’s variance and [ determines the
length scale of smoothness.

GP hyperparameters, including length scale [, signal vari-
ance a;, and noise variance 0,21, are optimised by maximising

the log marginal likelihood [30]:

log p(y[©,7) = —%yTK*ly - %bg K| - glog 2m, (10)
where ¥ = {l,0%,07}, K is the covariance matrix over
observed samples, and y are the corresponding function eval-
uations.

This BO framework is applied to generate an optimised
sigmoid trajectory that serves as a controller-friendly reference
signal, balancing tracking precision, control effort, and obsta-
cle clearance, without resorting to computationally expensive
exhaustive search.

01

T T e 0 (b

y(x)

The sigmoid reference trajectory defined in Eq. (11) depends
on the parameter vector § = [01,02,05], which governs the
final lateral offset, the spatial centre of the manoeuvrer, and
the steepness of the transition, respectively. These parameters
directly influence the ability of the controller to achieve
accurate and smooth path following while maintaining obstacle
avoidance.

To augment 6 for optimal control performance, we for-
mulate a BO problem aimed at minimising a closed-loop
cost function J(f) over a set of candidate parameters as
per Eq. 4 where © denotes the admissible domain for the



parameters, and J(6) is evaluated by simulating the closed-
loop behaviour of the MPC with the sigmoid-based reference.
The cost function aggregates performance criteria such as
tracking accuracy, control effort, and additional obstacle safety
through:

f(@) = WJJT(G) + waEQYp + ’LUXpéggp, (12)

where ey, and ex, are the root mean square of the longi-
tudinal and lateral tracking errors, respectively, and Jr(0) is
the sum of the MPC cost as defined in Eq. 2 for the total
manoeuvre. This objective function formulation ensures that
the Bayesian Optimisation minimum at 6 produces a reference
which minimizes tracking error, maximizes ego vehicle to
obstacle distance and additionally enforces that the augmented
reference deviates as little as possible from the nominal
reference.

In turn, BO is used to efficiently explore the parameter space
O, relying on a GPR to model the unknown objective function
f(6). At each iteration m, the GP provides a predictive
posterior distribution characterized by a mean pu,,(6) and
variance ¢2,(#), which are used to compute the Expected
Improvement acquisition function as per Eq. 6 and the next
candidate parameter vector is selected by maximising this
acquisition.

The overall parameter tuning process consists of the follow-
ing steps:

1) Sample an initial set of parameter vectors {6;}."% using

Latin Hypercube Sampling or random sampling.

2) Evaluate f(6;) for each 6; by running closed-loop sim-

ulations.

3) Fit a GP surrogate model to the collected data.

4) TIteratively select new candidates by maximising the

acquisition function and updating the dataset.

This iterative optimisation efficiently converges to optimal
sigmoid parameters 6* that enhance controller performance
while avoiding exhaustive search over the parameter space.
The process is summarized in Algorithm 1.

The interaction between the Bayesian optimiser and the
MPC system is illustrated in Fig. 4.

D. Online Reference Governed MPC

The online implementation of the RG-MPC system lever-
ages a pre-trained [31] GP model to perform real-time aug-
mentation of the reference trajectory based on contextual infor-
mation. This scheme enables efficient and adaptive reference
adjustment without incurring the computational overhead of
full Bayesian Optimisation during runtime.

To facilitate this, an offline training phase is conducted
using the Bayesian Optimisation framework described in
the previous section (Algorithm 1), wherein the closed-loop
system is simulated across a diverse range of manoeuvre
contexts and sigmoid reference parameters 6 = [0y, 0,03].
The resulting dataset Dy = {(0;, f(6;))}, captures the
system’s response in terms of tracking error, control effort,
and obstacle clearance, and is subsequently used to fit a GP
model.

Algorithm 1 GP surrogate pre-training via BO

INPUT: Decision variable space ©, objective function f(6),
max evaluations mmax
Select initial configuration 6 € ©
Evaluate initial objective yo = f(6p) via system simulation
0% < 6o, y* < yo, So < {00, 0}
for n = 1 to My do
Select new configuration 6,,, € © by optimising acquisi-
tion function «,,
O — argmaxgce awz(e; St)
Evaluate f(6,,) to obtain y,,
Sm — Sm—l U {ema ym}
Update surrogate model and D,,,
if y,, <y* then
0" < O, Y* < Ym
end if
end for
OUTPUT: 6* and y*

Algorithm 2 Online BO-RG for optimizing unknown function
f

INPUT: Target function f(f), training dataset D, number
of iterations T’
Pre-train a Gaussian Process:
GP(ji, ko 6%) < PRE-TRAIN(Dy)
Initialize: Dy < 0
fort=1to T do
Select next query point 6, by optimizing acquisition
function:
9, « arg maxgeo o (9; GP(ji, ko &2 | Df))
Evaluate function output: y; < f(6:)
Dy < Dy U{(61,:)}
end for
OUTPUT: Dy,0,

In the online phase, illustrated in Fig. 4, the pre-trained
GP serves as a surrogate model for the objective function
f(0), enabling rapid evaluation of reference trajectory quality
based on current driving context. The context is defined by the
vehicle’s longitudinal velocity v, and the relative position of
nearby obstacles (Zops, Yobs )- These variables form the input to
the GP, which estimates the expected performance of different
sigmoid parametrizations under the present scenario.

The RG selects the optimal parameter vector 6* by maximis-
ing the acquisition function using the posterior GP distribution
conditioned on the current context.

The online operation is formalised in Algorithm 2, where
the acquisition function is evaluated using the pre-trained GP
and updated with runtime evaluations of f(6). The expected
improvement inherently balances exploration and exploration
of the surrogate through use of the mean and variance, but
it can further be tailored to favour exploration. For online
use this can be done by reducing how much improvement is
needed to consider a point valuable. This hybrid offline-online
approach enables fast and context-aware reference adaptation
with minimal computational burden and improving tracking.



V. EFFICIENT DATA-DRIVEN RG TRAINING
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Fig. 5: Sigmoid with obstacle zones and random obstacle
locations.

To evaluate the BO-RG system’s performance and robust-
ness, an efficient experiment design is needed to balance
training data quality and practical feasibility. This section
outlines three strategies for generating training data to support
the offline Bayesian Optimization loop (Algorithm 1) and the
GP model used online by the RG. Each strategy balances data
volume, training efficiency, and feasibility. A hybrid approach
starting with Method 3 for rapid development and moving
to Method 2 for robustness refinement may offer the most
practical and effective GPR model. Figure 5 shows an example
of the sigmoid reference trajectory and obstacle zones used in
the experiments.

The goal is to populate the contextual parameter
space—vehicle velocity wv, and obstacle position
(Zobs, Yobs)—s0 the GP model can generalise across relevant
driving scenarios. Each training sample is a simulation of a
specific manoeuvrer with defined conditions, from which the
performance cost Y () is evaluated to refine the GP.

The first strategy involves uniform random sampling across
a broad domain of vehicle velocity and obstacle locations.
While it promotes generalization, it requires many samples,
making it computationally expensive and impractical for phys-
ical data collection. Additionally, many scenarios may be low-
risk and add little value.

The second strategy focuses on high-risk conditions, such
as obstacles near the ego-vehicle lane and higher speeds
near handling limits. The sampling is finer in .5, Which
has a larger impact on evasive actions, and coarser in Zps.
This reduces sample size while capturing the most relevant
dynamics but limits the model’s ability to extrapolate to less
critical scenarios.

The third strategy refines the second by introducing random
obstacle positions in the critical zone and limiting velocity
sampling to two speeds: one for comfort driving and one
near the handling limit. This reduces training effort while
enabling interpolation between key velocities, but assumes
the optimal reference is weakly dependent on intermediate
velocities, which may not hold in rare edge cases. The training
envelope covered scenarios with velocities of 80km/h and
55 km/h, obstacle locations in the longitudinal range between
400m and 420m, and lateral positions between —4 m and
—2m.

VI. EXPERIMENT & RESULTS

This section presents simulation results for the proposed
BO-RG and compares it against a nominal MPC with obstacle
avoidance [12]. The performance is assessed in both high-
fidelity and uncertain environments, focusing on trajectory
safety, control effort, and robustness to model and perception
inaccuracies.

A. Simulation using high-fidelity vehicle model

Validation was conducted using IPG CarMaker with a high-
fidelity SUV model featuring detailed suspension, steering and
power-train actuation systems. The baseline controller is a
bicycle model MPC with Dugoff tyre forces [12], [22].
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Fig. 7: Tracking error, minimum obstacle distance, control
cost, and solver time for baseline vs. BO-RG.

The BO-RG was trained using 20 samples across critical ob-
stacle positions (380m < x, < 425m, —4.5m < y, < —2m)
at 50 and 90km/h. Bayesian Optimization (BO) was used
to train a Gaussian Process (GP) model for online reference
adjustment.
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Fig. 8: BO objective landscape over sigmoid parameters aq
(slope) and c¢; (longitudinal midpoint).

As seen in Fig. 6, the baseline MPC exhibits overshoot
and violated clearance to road edges during obstacle avoid-
ance. BO-RG increases safety margins by initially deviating
more to shift the trajectory and ensuring better post-obstacle
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post

@y [m] | Mp (%] | s [m] | yrmse [m] | yhyer (m] | yRyer [m] | D20min [m]
MPC 17.45 21.61 102.62 0.228 0.097 0.277 0.516
BO-RG | 2647 8.61 95.23 0.3226 0.519 0.119 0.976

TABLE I: Performance indicators at 80km/h:
minimum distance to obstacle.

convergence. This yields reduced lateral acceleration and yaw
rate with lower peak rates as well as smoother transients.
Table I shows a +89% increase in minimum obstacle distance
and a 13% reduction in overshoot. A trade-off is observed
in pre-obstacle RMSE before 420m longitudinally, which
increases due to earlier and more conservative deviation from
the original reference. After 420, m, obstacle avoidance is
completed. The overshoot is reduced, and the vehicle stays
farther from the road edges. This is shown in Table I by the
shorter settling distance, lower RMSE after avoidance, and
smaller overshoot percentage. Furthermore, the steering rate
and corresponding steering angle show that the magnitude and
jitter have been reduced. This preserves actuator health and
potentially improves occupant comfort.

In Fig. 7, the BO-RG reduces both controller cost and
solver time during the lane change. This indicates that by
reducing manoeuvrer aggressiveness, the vehicle avoids limit-
handling conditions and remains in a more linear operating
regime, supporting the use of simplified predictive models in
conjunction with data-driven reference adaptation.

Fig. 8 illustrates the BO cost surface for two key sigmoid
parameters. Cost peaks at aggressive, nominal manoeuvrers
due to low obstacle clearance. The optimal solution lowers
the slope and shifts initiation earlier to improve safety and

rise/settling distance, overshoot, RMSE (overall, pre-/post-obstacle), and

tracking. Most samples concentrate near the optimum, showing
successful convergence and efficient exploration around the
optimum. However, the broad, flat minimum region implies a
less ideal objective function surface, suggesting potential ben-
efits from refined objective shaping or acquisition strategies.

B. Robustness & Sensitivity Analysis

To assess robustness, a second experiment introduced per-
ception noise and model mismatch using a simplified model.
Ego-localization errors followed a Gaussian distribution cen-
tred at 0.1 m, tailing to 0.3m; obstacle localization errors
were centred at 0.05m with 0.1m tail. Tyre dynamics were
perturbed via +£20% variation in Magic Formula parameters
B, and D, [23], altering stiffness and peak grip.

Fig. 9 shows that BO-RG consistently maintains greater
obstacle clearance across all uncertainty sources. Fewer near-
miss and collision events are recorded, particularly under
perception noise. At higher speeds, both controllers experience
degraded margins, but BO-RG sustains safer distances. A clear
trend is observed where increasing longitudinal velocity leads
to decreasing minimum obstacle distances and higher critical-
ity rates. Nonetheless, the BO-RG outperforms the baseline
across all tested velocities. This result can be attributed to the
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Fig. 9: Top: average obstacle clearance under tyre mismatch.
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fact that the BO-RG system reduces manoeuvre aggressiveness
and thus consistently increases vehicle to obstacle distance
across the variation of velocities compared to the baseline.

These results demonstrate that BO-RG improves robust-
ness by indirectly compensating for un-modelled dynamics
and state uncertainty through data-driven reference shap-
ing. Nonetheless, its reduced aggressiveness may underutilise
vehicle capabilities in time-critical scenarios. Additionally,
the current one-shot reference generation limits adaptability
during execution. Future work should explore online re-
optimisation, spline-based references, sparse GPs for scala-
bility, and constrained/multi-objective acquisition functions to
better balance safety, comfort, and efficiency.

VII. CONCLUSION

This work presents a novel control architecture that en-
hances obstacle avoidance and path following for automated
vehicles by integrating a data-driven-model-free, Reference
Governor within a nonlinear MPC framework. By optimising
sigmoid trajectory parameters offline using Bayesian optimi-
sation and adapting references in real-time using Gaussian
Processes surrogate model, the proposed approach improves
tracking performance and increases obstacle clearance. High-
fidelity simulations demonstrated that the RG-MPC reduces
overshoot, improves safety margins, and maintains lower con-
trol costs compared to baseline MPC, while remaining com-
putationally efficient. The method’s model-free nature enables
robustness to perception errors and model mismatch, address-
ing a key limitation of conventional planning-control pipelines.
Although limited by its one-shot trajectory design and reduced
aggressiveness, the architecture effectively bridges the gap
between high-fidelity planning and tractable control, offering
a promising direction for robust, real-time motion replanning.
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