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Abstract

This dissertation offers a modest yet meaningful contribution toward ad-
vancing control strategies for Electric Autonomous Vehicles (EAVs), through
a comprehensive framework that integrates classical control structures, intel-
ligent optimization, and adaptive control mechanisms.
Initially, a comparative study of longitudinal speed profiles is conducted, for-
mulating and evaluating S-curve and Sinusoidal trajectories to meet road
safety and passenger comfort standards. The classical Proportional Integral
Derivative (PID) controller is implemented for longitudinal speed tracking,
with its performance subsequently enhanced through offline tuning via two
nature-inspired Metaheuristic algorithms, Genetic Algorithm (GA) and the
Jellyfish Search (JS) optimizer. Results demonstrated the superior optimiza-
tion capabilities of Metaheuristics, with the JS optimizer exhibiting higher
efficiency.
To address the limitations of fixed-gain controllers in dynamic environments,
Model Reference Adaptive Control (MRAC) strategies based on Lyapunov
stability theory and Popov’s Hyperstability criterion are developed and eval-
uated under scenarios involving parametric uncertainties and external dis-
turbances. The Lyapunov-based MRAC consistently delivered superior ro-
bustness.
Extensive simulations within a MATLAB/Simulink environment were con-
ducted to validate the proposed control strategies. The results highlighted
the performance of each approach, classical PID control, optimized PID con-
trol via Metaheuristic algorithms, and adaptive control across different test
scenarios. The comparative analysis clearly identified the conditions under
which each controller excelled. These findings provide valuable insights for
the deployment of suitable control methods in Electric Autonomous Vehicle
systems, contributing to the advancement of adaptive and intelligent driving
technologies.

Key words: Electric Autonomous Vehicles (EAVs), Lyapunov-based
Adaptive Control, Jellyfish Search Algorithm, Genetic Algorithm, Popov’s
Hyperstability criterion, Speed Profiling, Intelligent Control Systems.



Résumé

Ce travail constitue une contribution à la fois modeste et significative à
l’avancement des stratégies de commande des Véhicules Autonomes Électriques,
intègrant des structures de commande classiques, des techniques d’optimisa-
tion intelligentes basées sur les algorithmes métaheuristiques, ainsi que des
mécanismes de commande adaptative.
Une étude comparative des profils de vitesse est d’abord réalisée, à travers la
formulation et l’évaluation de trajectoires de type S-curve et sinusöıdale, dans
l’objectif de satisfaire aux exigences de sécurité routière tout en assurant le
confort des passagers. La commande classique PID est mise en œuvre pour le
suivi de vitesse, puis améliorée via un réglage hors ligne fondé sur deux algo-
rithmes métaheuristiques inspirés de la nature, Algorithme Génétique (GA)
et le Jellyfish Search (JS). Les résultats ont mis en évidence la supériorité
des approches métaheuristiques. Cependant, le JS a démontré une efficacité
supérieure.
Afin de pallier les limitations des contrôleurs à gains fixes en environne-
ment dynamique, une commande adaptative à modèle de référence (MRAC),
basée sur la théorie de la stabilité de Lyapunov et le critère d’Hyperstabilité
de Popov, a été développée et évaluée sous divers scénarios, incluant des in-
certitudes paramétriques et des perturbations externes. La commande basée
sur Lyapunov a démontré une robustesse, une précision et une adaptabilité
systématiquement supérieures.
Des simulations approfondies réalisées sous MATLAB/Simulink ont va-
lidé les approches proposées, confirmant les avantages d’une synergie entre
commande classique, optimisation intelligente et commande adaptative. Les
résultats ont mis en évidence les performances de chaque approche, le PID
classique, le PID optimisé via les algorithmes métaheuristiques et la com-
mande adaptative dans différents scénarios. L’analyse comparative a clai-
rement identifié les conditions dans lesquelles chaque contrôleur a excellé.
Assurant ainsi, des recommandations stratégiques pour l’implémentation de
méthodes de commande appropriées dans les systèmes de véhicules électriques
autonomes, contribuant ainsi à l’avancement des technologies de conduite
adaptative et intelligente.

Mots-clés : Véhicules autonomes, Commande Adaptative basée sur Lya-
punov, Algorithme Jellyfish Search, Algorithme Génétique, Critère d’Hyper-
stabilité de Popov, Génération de profil de vitesse, Commandes intelligentes.
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General Introduction

0.1 Problem Statement

Rising global demand for safer, more efficient, and sustainable transportation is driving the
rapid development of EAVs. By combining autonomous driving capabilities with electric
propulsion, they strive to enhance road safety, optimise traffic flow, and reduce environ-
mental impact, all while ensuring greater passenger comfort and operational dependability
[1]. Over recent decades, autonomous vehicle research has advanced from 1980s pioneers
like Carnegie Mellon University [2] to intelligent systems capable of perceiving, planning,
and acting in complex environments. Despite significant advancements in perception and
decision-making modules, the effectiveness of autonomous vehicles is fundamentally linked
to the precision and robustness of their control systems, which play a crucial role in ensuring
safe and reliable operation.
Longitudinal control, the module responsible for governing the acceleration and deceleration
of a vehicle to track a desired speed or maintain safe distances, is one of the fundamental
components of autonomous driving. Among the various control strategies, the Proportional-
Integral-Derivative (PID) controller remains widely adopted in industrial and academic set-
tings due to its simplicity and intuitive design. However, the tuning of its gains is a non-trivial
task, especially in systems exhibiting non-linearities, parameter uncertainties, and external
disturbances.
To address the limitations of manual tuning methods, Metaheuristic optimisation algorithms
are introduced. Metaheuristics are high-level optimisation strategies, designed to efficiently
explore large and complex search spaces in order to find near-optimal solutions to problems,
where classical methods often fail or become computationally expensive. In the context
of control systems tuning, they offer robust alternatives to traditional trial-and-error ap-
proaches, particularly when the search landscape is poorly understood [3]. To evaluate the
effectiveness of the tuning process, appropriate performance metrics must be defined.
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In this study, a multi-objective performance index is constructed by combining the Inte-
gral of Squared Error (ISE) and the Integral of Time-weighted Absolute Error (ITAE), with
weighted coefficients to prioritise time-domain accuracy and transient behaviour [4]. This
composite cost function serves as the optimisation target for the metaheuristic algorithm.
Following this formulation, two prominent nature-inspired techniques are employed: the Jel-
lyfish Search (JS) algorithm and the Genetic Algorithm (GA), aiming to optimise controller
parameters. These methods are selected for their ability to balance exploration and exploita-
tion, which is essential for achieving high-quality solutions.
Although such optimisation approaches significantly improve the performance of PID con-
trollers, they inherently retain a fixed structure and remain sensitive to changes in system
dynamics. To overcome this limitation, adaptive control techniques are introduced. Model
Reference Adaptive Control (MRAC) scheme is selected and designed using Direct Lyapunov
method, providing formal guarantees for the asymptotic stability of the closed-loop sys-
tem. The MRAC framework dynamically adjusts controller parameters in real-time, making
it well-suited for handling model uncertainties and external perturbations. In addition, a
comparative study is conducted with an alternative MRAC formulation based on Popov’s
Hyperstability method [5], offering a complementary perspective on adaptive control design
and further reinforcing the robustness of the proposed approaches.
Complementary to the control architecture, this work also addresses the motion planning
problem by focusing on the generation and evaluation of longitudinal speed profiles, which
serve as reference trajectories for the control system. Specifically, two types of profiles S-curve
and sinusoidal are developed and analysed in terms of their suitability for autonomous driv-
ing. These profiles are constructed to satisfy comfort and safety constraints derived from road
standards and human perception thresholds. A comparative study highlights compromises
between these profiles and identifies conditions under which each is best suited, contributing
to a holistic approach to longitudinal motion control.
The methodological framework developed in this thesis is validated through extensive simu-
lations in the MATLAB/Simulink environment. The simulations demonstrate the superiority
of adaptive control over classical methods in dynamic scenarios and confirm the effectiveness
of metaheuristic algorithms in PID tuning. Moreover, the proposed speed profiling methods
contribute to smoother and more efficient vehicle trajectories.
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0.2 Main Contributions

The main contributions of this thesis to the field of longitudinal control in electric autonomous
vehicles are outlined as follows.

• Development and comparison of speed profiles

• Metaheuristic optimisation of PID-based longitudinal control

• Performance comparison between GA and JS optimization techniques

• Design and validation of a Model Reference Adaptive Control for EAVs

• Integration and evaluation of a Lyapunov and hyperstability-based MRAC
approach

In summary, this thesis presents a comprehensive and integrated approach to longitudinal
control for electric autonomous vehicles. It combines classical and adaptive control tech-
niques, intelligent optimisation methods, and realistic speed profile generation to
address key challenges in safety, efficiency, and passenger comfort. By bridging the gap be-
tween control design and motion planning, this research offers valuable insights and practical
solutions for the future development of robust and intelligent autonomous driving systems.

0.3 Thesis Outline

The remainder of this manuscript is organised as follows:

• Chapter 1 presents a comprehensive literature review on electric autonomous vehicles,
focusing on the evolution of control strategies, motion planning techniques, and the
integration of optimisation algorithms in vehicle control.

• Chapter 2 introduces the vehicle modelling approach, including the longitudinal dy-
namics and the kinematic bicycle model used as the foundation for control design.

• Chapter 3 explores the design and generation of S-curve and sinusoidal speed profiles,
including their mathematical formulation and comparative performance analysis.

• Chapter 4 addresses the controller design for electric autonomous vehicles , focusing
on both lateral and longitudinal control strategies.
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• Chapter 5 explores the formulation and integration of Metaheuristic optimisation
algorithms to enhance PID controller performance.

• Chapter 6 is dedicated to adaptive control strategies.

• Chapter 7 presents a performance summary of the developed control strategies.

• A General Conclusion, is finally provided to summarise the key findings and contri-
butions of the thesis and outline future research directions.
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Literature Review

5



Literature Review

1.1 Introduction

This chapter presents a comprehensive review of the current state of research and development
in the field of motion planning for electric autonomous vehicles. It begins by outlining the
historical overview to contextualize the evolution of both electric vehicles and autonomous
driving technologies, along with fundamental concepts of EAVs, emphasizing the convergence
of electrification and automation in modern transportation. Subsequent sections explore the
key methodologies used for motion control, starting with conventional approaches such as
PID and Model Predictive Control. The discussion then shifts to adaptive control strategies,
particularly Model Reference Adaptive Control (MRAC), and examines how these techniques
address the challenges posed by dynamic and uncertain environments. Optimization through
Metaheuristic algorithms is also investigated as a means to enhance controller performance.
By identifying critical limitations in current literature, such as the lack of adaptability in
fixed-structure controllers and insufficient testing under variable conditions, this chapter
justifies the need for research into adaptive control solutions. The final section highlights
how this thesis contributes to the field, by advocating for robust adaptive speed control as
an essential component in the deployment of efficient and resilient EAV systems.

1.2 Electric Autonomous Vehicles History and Trends

The idea of autonomy has deep historical roots, stemming from the Greek word autonomos,
which means "self-governing". Initially, it described the independence of individuals and
political entities, but over time, its meaning expanded. With advancements in technology,
autonomy became linked to machines and systems that could operate without human inter-
vention. The Industrial Revolution marked a turning point, introducing automated machin-
ery that transformed industries. By the mid-20th century, early programmable computers
pushed technological autonomy even further, laying the groundwork for the sophisticated
autonomous systems in the present day [6]. The intersection of autonomy and electrification
emerged prominently in the 2010s, resulting in the rise of EAVs [7].

Electric vehicles (EVs) and autonomous vehicles (AVs) are converging to shape the future
of sustainable and intelligent transportation systems. While EVs address environmental
and energy concerns through electrified powertrain, AVs aim to revolutionize mobility by
reducing human intervention in driving tasks. The integration of these two technologies
forming electric autonomous vehicles, has become a central research and development priority
in both academia and industry. Although widely perceived as a modern innovation, the
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electric vehicle has origins dating back to the early 19th century. Inventors such as Ányos
Jedlik in Hungary and Robert Anderson in Scotland built early electric motors and primitive
vehicles, demonstrating the feasibility of electricity-driven motion [8]. By the late 1800s,
urban congestion and environmental issues caused by horse-drawn transport led to a search
for cleaner alternatives. Electric vehicles emerged as a promising solution due to their quiet
operation and ease of use compared to steam or gasoline counterparts.

Figure 1.1: City traffic in the 1890s.

The key milestones in the evolution are:

• 1830s–1850s: Early electric motors and rudimentary vehicles were demonstrated in
Europe.

• 1890s–1910s: The commercialisation of EVs began, with the Electrobat (1894) among
the first purpose-built electric cars. By 1900, EVs outsold Internal Combustion Engine
(ICE) vehicles in the United States.

To better understand the progress and future outlook of EAVs, a chronological timeline
is presented in Figure 1.2, summarising historical breakthroughs, commercial launches, and
projected goals.
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Figure 1.2: Timeline illustrating the evolution of electric autonomous vehicles.

The mass production of ICE vehicles, notably Ford’s Model T, and the discovery of
abundant petroleum resources led to a significant decline in EV adoption. By the 1920s, ICE
vehicles dominated due to their extended range, low fuel cost, and quicker refuelling. The
revival of interest in EVs began in the 1970s, driven by oil crises and increasing environmental
awareness. Vehicles such as the General Motors EV1 and the Toyota Prius hybrid marked
a turning point. Over the following decades, improvements in battery technology, especially
lithium-ion cells, made modern EVs viable. Furthermore, autonomous vehicle technologies
have made significant progress, enabled by advances in sensors, artificial intelligence, and
control systems. The fusion of EV and AV technologies into electric autonomous vehicles
represents a natural evolution. These vehicles rely on electric drivetrains for efficiency and
sustainability, while leveraging autonomy to enhance safety, reduce traffic accidents, and
increase mobility access for non-drivers [9].
Advantages of electric autonomous Vehicles

• Environmental Impact: Zero tailpipe emissions from EV powertrain.

• Operational Efficiency: Intelligent routing and smooth driving patterns reduce en-
ergy consumption.
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• Safety and Comfort: Advanced driver assistance systems (ADAS) and full autonomy
reduce human error and provide a more relaxed travel experience.

• Integration with Smart Cities: EAVs can be part of intelligent transportation
systems, enhancing urban mobility through connectivity and automation.

The evolution of electric vehicles from early experimental prototypes to cutting-edge au-
tonomous platforms, reflects the continuous effort to improve mobility while addressing en-
vironmental and societal challenges. Electric autonomous vehicles are not merely a techno-
logical merger, but a transformative solution for future transportation systems. As research
continues, EAVs are poised to become central to smart, clean, and connected cities. In
addition to electrification, autonomy is based on advanced algorithms that perceive the envi-
ronment, estimate vehicle position, plan trajectories, and execute control commands. While
perception and planning systems have received significant research attention, the control
layer faces persistent challenges due to terrain variations, uncertain system parameters, and
external disturbances.

1.3 Control Systems and Trajectory Planning in EAVs

Electric autonomous vehicles rely heavily on sophisticated control systems to ensure safe
and efficient operation in dynamic traffic environments. Among these, decoupled control
architectures have emerged as a robust solution to manage the complex interactions between
longitudinal and lateral vehicle dynamics. In particular, the longitudinal control system is re-
sponsible for regulating speed, maintaining safe distances from other vehicles, and executing
smooth acceleration or deceleration during maneuvers such as lane changes [10]. In parallel,
trajectory planning remains a cornerstone in enabling EAVs to navigate safely and smoothly
through various traffic scenarios. It involves generating feasible and dynamically consistent
paths that comply with road geometry, environmental constraints, and the vehicle’s kine-
matic and dynamic limits. When integrated with a decoupled control framework, trajectory
planning enables the separation of lateral and longitudinal paths, facilitating independent
optimization and control of each. This decomposition not only improves computational effi-
ciency but also enhances the system’s flexibility in responding to rapidly changing environ-
ments. As seen in Kim et al. [11], while a longitudinal-trajectory-free method was adopted
to cope with variable traffic flow conditions, the system still relied on spatial references and
predictive modelling to guide the lateral motion robustly. Such integration of adaptive tra-
jectory planning with decoupled control mechanisms, plays a crucial role in achieving both
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safety and efficiency in autonomous driving.
In conjunction with trajectory generation, speed planning is a critical component of longitu-
dinal control in EAVs. It involves determining an optimal velocity profile along the planned
trajectory, taking into account safety constraints, dynamic feasibility, and comfort. Many
scholars have carried out related research in response to the above subject. Antonio et al.[12]
led a comparative study of a jerk-limited, time-optimal speed planning method for arbi-
trary paths. Their approach ensures not only kinematic feasibility but also minimizes jerk
to enhance ride comfort, which is essential for real-world deployment of EAVs in complex
driving environments. In the study by Lu et al. [13], a real-time decoupling trajectory plan-
ning method is proposed for on-road autonomous driving scenarios, with particular attention
given to reference speed selection as a key element in achieving smooth and safe navigation.
The authors introduce a reference speed selector.
Most existing control strategies are built around PID control laws and modular (piecewise)
planning frameworks, which remain popular due to their straightforward design and proven
effectiveness in structured environments.

1.4 Optimization in Control Systems of EAVs

Metaheuristic algorithms such as Genetic Algorithms (GA), Particle Swarm Optimization
(PSO), and Jellyfish Search (JS) have been widely used for automatic tuning of control pa-
rameters. These methods aim to optimize performance criteria like the Integral of Squared
Error (ISE) or the Integral of Time-weighted Absolute Error (ITAE), resulting in improved
tracking and energy efficiency [14]. Several studies have shown that using metaheuristics to
optimize PID parameters leads to superior results compared to manual tuning. For instance,
Nassef et al. [15] conducted a systematic and comprehensive review of metaheuristic-based
strategies for tuning fractional-order controllers, further confirming the versatility and ef-
fectiveness of these algorithms in diverse control systems beyond traditional structures. In
particular, the field of speed control and motion. A comprehensive review by Oladipo, Sun,
and Wang [16], supports this observation, presenting a detailed analysis of how various meta-
heuristic algorithms, such as Particle Swarm Optimization (PSO), Genetic Algorithms (GA),
Ant Colony Optimization (ACO), and Grey Wolf Optimizer (GWO), have been successfully
employed to fine tune PID controllers for DC motor drives. In a more applied context,
Naranjo and colleagues [17] focused specifically on speed control for autonomous vehicles.
Their work highlights how metaheuristic optimization using methods like PSO and Differen-
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tial Evolution (DE) can improve the adaptability and precision of speed regulation. Similarly,
Costa et al. [18] explore the application of metaheuristic algorithms for optimizing speed con-
trol in autonomous vehicles, demonstrating notable improvements in system responsiveness
and energy efficiency. Despite performance improvements, these optimized controllers remain
limited by their fixed structure, reducing adaptability in dynamic real-time conditions.

1.5 Robust Control Strategies

Robust control techniques play a crucial role in ensuring accurate speed regulation for dy-
namic systems subject to uncertainties, external disturbances, and non-linear characteristics.
Traditional methods such as H∞ control focus on minimizing the impact of worst-case dis-
turbances, offering solid stability margins, as demonstrated in the robust speed regulation
of electric vehicles using the LMI-based H∞ framework [19]. Sliding Mode Control (SMC)
is another widely adopted approach, known for its resilience against matched uncertainties
through enforcing state convergence to a designed sliding surface, though it often encounters
chattering effects. Its effectiveness has been highlighted in autonomous vehicle path tracking
applications, where improved SMC variants enhance robustness under dynamic conditions
[20]. Meanwhile, Adaptive Control schemes adjust control parameters in real time to main-
tain system stability despite parameter variations. Researchers have proposed various MRAC
formulations, from basic gradient-based approaches to more sophisticated Lyapunov-stable
designs. These approaches are capable of compensating for unknown parameters and distur-
bances [21].

1.6 Identified Gap in the Literature

Although adaptive control techniques are well established in other industrial sectors, their
application in EAV speed control, particularly under dynamically varying parameters is rel-
atively limited. Most existing works tend to:

• Focus on fixed-structure controllers like PID or MPC without incorporating mechanisms
for online adaptation ;

• Apply adaptive control in isolated settings, often without benchmarking against opti-
mized fixed-structure counterparts ;

• Overlook scenarios involving non-constant system dynamics or external disturbances.
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This creates a methodological gap where adaptive controllers are not rigorously evaluated
against up-to-date, well-tuned conventional strategies, potentially underestimating their rel-
ative effectiveness under realistic, time-varying conditions. Given the inherent nonlinearity
and uncertainty in EAV propulsion systems, especially when driven by electric motors with
parameter variations, such gaps limit the generalizability and practical relevance of existing
findings.
In addition, speed references used in many studies are often simplified. Step inputs are com-
monly employed for ease of analysis, while trajectory planning typically relies on piecewise
functions or curve-based forms such as polynomials, splines, Bézier curves, or clothoids [22].
Although these trajectories offer smoothness and computational efficiency, they do not al-
ways capture the continuous variability present in real-world driving scenarios. As a result,
the robustness of controllers under realistic, dynamically varying profiles, such as sinusoidal
or S-curve speed trajectories remains insufficiently explored in the literature.

1.7 Justification of the Present Work

This research addresses the previously mentioned limitations by highlighting the advantages
and drawbacks of optimized PID controllers. While, metaheuristic techniques significantly
enhance performance in stable conditions, the fixed nature of these controllers limits their
usefulness in environments with changing parameters. Gain scheduling, often used as an
intermediary solution, adjusts controller parameters based on operating conditions but still
lacks the real-time adaptability needed for highly dynamic scenarios. Therefore, this work:

• Demonstrates the strengths of Metaheuristic-based optimized PID controllers in nom-
inal operating conditions ;

• Illustrates their limitations when vehicle dynamics vary over time ;

• Advocates for the adoption of adaptive control as a necessary solution to ensure robust
performance ;

• Emphasizes the value of benchmarking controllers using dynamic reference profiles and
variable conditions.

By establishing a clear distinction between parameter optimization and structural adapt-
ability, this thesis supports the deployment of adaptive control in the longitudinal control of
EAVs and paves the way for future enhancements using intelligent control techniques.
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1.8 Conclusion

This chapter reviewed the evolution of electric autonomous vehicles and key control strategies,
including PID, metaheuristic optimization, and adaptive control. Furthermore, this literature
review has highlighted some critical gaps in the current research on motion control for electric
autonomous vehicles. Motivated by these shortcomings, this thesis focuses on fulfilling these
gaps.
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2.1 Introduction

This chapter provides a comprehensive overview of Electric Autonomous Vehicles (EAVs),
highlighting their powertrain systems and the role of electric motors in achieving efficient and
high performance mobility. As a fusion of electrification and advanced automation, EAVs
represent a leading edge technology in the evolution of modern transportation. To support
the development of effective control strategies for these vehicles, the chapter also outlines
the key methodologies for mathematically modelling vehicle motion dynamics. Central to
this discussion is the bicycle model, which is widely used in autonomous vehicle applications
due to its ability to simplify complex vehicle dynamics while preserving essential character-
istics for control and analysis. Both kinematic and dynamic bicycle models are presented,
with detailed mathematical formulations and illustrative figures to clarify the spatial rela-
tionships and dynamic behaviour of the vehicle. These visual aids and equations facilitate
a deeper understanding of the models’ geometric and physical principles. Finally, the chap-
ter demonstrates how these models can be implemented using MATLAB simulation tools,
offering practical insights into the setup, execution, and interpretation of simulation results,
bridging the gap between theoretical modelling and practical application.

2.2 Electric Vehicles

Electric vehicles (EVs) are powered by electric motors instead of internal combustion engines.
Rather than using traditional fuels like gasoline or diesel, electricity is employed as the pri-
mary energy source to recharge the batteries in EVs, offering an effective means of reducing
greenhouse gas emissions and dependence on petroleum-based transportation [23].
To fully understand how electric vehicles operate, it is essential to explore their key compo-
nents:

Battery Pack: the main energy source, storing the electricity needed to power the motor
driving the vehicle.

Auxiliary battery: provides power to operate the vehicle’s accessories.
Charge port: It serves as the link between an external power supply and the traction

battery pack.
DC/DC converter: transforms high-voltage DC power from the traction battery pack

into lower-voltage DC power necessary for operating vehicle accessories and recharging the
auxiliary battery.

On board charger: Converts the alternating current (AC) from the charge port into
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direct current (DC) to charge the traction battery, while monitoring battery characteristics
such as voltage, current, temperature, and state of charge.

Power electronics controller: a unit that manages the flow of electrical energy de-
livered by the traction battery, controlling the speed of the electric traction motor and the
torque it produces.

Thermal system (cooling): Maintains a proper operating temperature range for the
motor, power electronics and the other components.

Transmission: Transfers mechanical power from the electric traction motor to drive the
vehicle’s wheels.

Electric traction motor: drives the vehicle wheels using the battery pack’s power,
some vehicles use motor generators that perform both driving and regeneration functions.
Electric motors are the core of electric vehicles, converting electrical energy into mechanical
motion to drive the vehicle. Electrical energy from the battery is converted into a rotating
magnetic field, which interacts with the rotor to produce motion that ultimately drives the
wheels [24].
For propulsion, various types of motors are used, each offering specific advantages and draw-
backs depending on the application. The seven main used motors in EVs are Brushed DC
Motor, Brushless DC Motor (BLDC), Permanent Magnet Synchronous Motor (PMSM), In-
duction Motor (IM), Switched Reluctance Motor (SRM), Synchronous Reluctance Motor and
Axial Flux Ironless Permanent Magnet Motor [25].

Brushed DC Motor
The brushed DC motor is renowned for its simplicity and effectiveness. Once DC voltage

is applied, current flows through the armature windings, creating a magnetic field. Hence, a
rotating force is generated due to the interaction between the armature’s magnetic field and
the stator’s magnetic field. In addition of its simple design, the DC motor provides maximum
torque at low speeds without requiring a controller to operate or vary speed. However, its
bulky structure and heat generation at the brushes leads to a drop in efficiency.

Brushless DC Motor (BLDC)
It is named brushless after the elimination of the commutator and the brushes. Therefore,

the commutation is done electronically. Sensors like Hall effect sensors are used to detect
the position of the rotor. The latter is then used by an electronic controller to switch the
current in the motor windings, ensuring the motor’s motion. This modified structure makes
it maintenance-free and highly efficient despite the high cost and electronic requirements.

Permanent Magnet Synchronous Motor (PMSM)
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It is a motor similar to the brushless DC, featuring permanent magnets on the rotor. It
exhibits traction characteristics such as high-power density and high efficiency. Nonetheless,
it comes with a high cost.

Induction Motor (IM)
The Induction motor is a popular choice for performance-oriented electric vehicles due

to its long lifespan, low maintenance and cost-effectiveness. The Tesla Model S is a prime
example of the high-performance capability of induction motors despite the complexity and
control challenges.

Switched Reluctance Motors (SRM)
The SRM is noted for its simple and robust design, making it increasingly recognized for

its potential in the EVs industry. Unlike brushed DC motors, Switched Reluctance Motors
(SRMs) deliver power to the windings in the stator rather than the rotor, which simplifies
the mechanical design yet adding complexity to the electrical design along with the noise
issues due to torque ripple[26].

Synchronous Reluctance Motor
Characterized by a rotor without windings or permanent magnets, it relies on geometric

magnetic reluctance variation. This design eliminates rotor cage losses and enhances torque,
though it is less commonly used and may be more expensive [27].

Axial Flux Ironless Permanent Magnet Motor
The Ironless Axial Flux Permanent Magnet (IAFPM) motor has gained interest due to

its efficiency, power density, and dynamic performance, enabled by its axial configuration
and iron-free stator. However, it remains complex and costly to manufacture [28].

2.2.1 Powertrain Configuration

The powertrain is the heart of an EV, leading the conversion of electrical energy into me-
chanical energy to drive the vehicle. The powertrain configuration plays a crucial role in
determining the performance, efficiency, and overall driving experience of an EV. Several
configurations have been developed to optimize these aspects, each with its unique advan-
tages and applications [29], see Figure 2.1.
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Figure 2.1: Powertrain configurations
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Figure 2.1a shows the first configuration that includes an electric motor (M), a clutch(C),
a gearbox (GB), and a differential(D). This latter distributes power to the wheels, allowing
them to rotate at different speeds, which is essential for smooth cornering. This setup, while
effective, is relatively complex and heavier due to the inclusion of the clutch and gearbox.
By removing the clutch and replacing the gearbox with a fixed gear (FG) ensuring a direct
connection between the motor and the differential, a modern configuration is created in order
to reduce the weight and complexity, see Figure 2.1b.
Then comes the third configuration illustrated in Figure 2.1c that integrates the electric mo-
tor, fixed gear, and differential into a single assembly, reducing the overall weight and size
of the powertrain, which makes it the most preferred architecture by EV manufacturers in
modern models for its optimal balance of efficiency, performance, and ease of use.
The dual-motor configuration is shown in Figure 2.1d, featuring two electric motors, each
connected to a fixed gear and driving one of the vehicle’s axles, which separates the control
of the front and rear wheels, providing enhanced traction and stability. This configuration is
particularly beneficial for all-wheel-drive (AWD) systems.
Next comes the In-Wheel Drive Configuration, where the electric motors are placed directly
within the wheels, eliminating the need for a traditional drivetrain. Each wheel is equipped
with its own motor and a fixed epicyclic gearing system to reduce the motor’s output speed
to the appropriate level. Offering high-speed reduction ratio, compact design, and improved
efficiency (Figure 2.1e).
Finally, the direct drive motors configuration is given in Figure 2.1f which simplifies the me-
chanical setup by eliminating the gearbox and differential. The electric motors are directly
connected to the wheels, providing a direct transfer of power. Enhancing reliability and ef-
ficiency. As EV technology advances, these configurations are expected to undergo further
refinement, improving efficiency, performance, and the overall driving experience of electric
vehicles.
In summary, electric vehicles represent a transformative shift in the automotive sector, of-
fering a sustainable alternative to conventional internal combustion engine vehicles. With
continuous advancements in battery systems, power electronics, and energy management,
EVs are becoming increasingly efficient and accessible. They are essential in efforts to reduce
greenhouse gas emissions and promote cleaner urban mobility. Moreover, EV technology lays
a solid foundation for future innovations in autonomous driving and smart mobility solutions.
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2.3 Autonomous Vehicles

Technological progress is enabling the transition from conventional, fully human-driven vehi-
cles toward autonomous, mostly electric vehicles. Autonomous vehicles (AVs), are self-driving
cars built and populated by and for humans, operating without human intervention in un-
predictable, uncertain, and open traffic environments [30].
In recent years, various proposals have been made for the classification of the levels of au-
tonomy for these vehicles. The categorization proposed by SAE International (2016) seems
to be emerging as the recognized standard in international discussions. This classification
outlines six levels (0 to 5) of autonomy, determined by the degree of human intervention and
monitoring needed in different situations [31].

Level 0 (No Automation): The human driver is fully in control of the vehicle at all
times. Even when assistance features are activated, the latter provide alerts such as automatic
emergency braking, blind spot warnings, and lane departure warnings.

Level 1 (Driver Assistance): While the driver remains in control, the vehicle can
assist with either steering or acceleration/deceleration.

Level 2 (Partial Automation): The vehicle can control both steering and acceler-
ation/braking under specific conditions such as lane centring and adaptive cruise control.
However, the driver must still monitor the environment and be ready to intervene.

Level 3 (Conditional Automation): The automated vehicle handles all aspects of
driving under specific conditions, but the driver must be available to take over when re-
quested.

Level 4 (High Automation): The vehicle is able to perform all driving tasks in spe-
cific environments without human intervention. However, if conditions fall outside of its
operational limits, human control is required.

Level 5 (Full Automation): The vehicle is fully autonomous, being able to operate
under all conditions and all environments without any human intervention.

In summary, Levels 0-2 are systems that assist the driver while being primarily driven by
humans enhancing safe driving, Levels 3-4 are Self-driving systems representing increasing
degrees of vehicle automation with the ability to safely transition control back to the human
driver when necessary. Finally, with Level 5 being fully autonomous, the driverless phase is
reached.
To allow an autonomous car to take control, it must function like a human driver, utiliz-
ing sensors often referred to as the vehicle’s "eyes and ears", allowing autonomous vehicles
to interpret their surroundings. Sensors are classified into two categories based on their
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operational principle, Proprioceptive Sensors and Exteroceptive Sensors [32].
Proprioceptive Sensors: detect the internal state of the vehicle, such as motion, po-

sition, force, angular rate, and wheel load. Examples of these sensors include inertial mea-
surement units (IMU), encoders, inertial sensors like gyroscopes and magnetometers, as well
as location sensors such as Global Navigation Satellite System (GNSS) receivers.

Exteroceptive Sensors: external state sensors that gather information from the ex-
ternal environment, such as distance or object detection. These include: Cameras, LiDAR
(Light Detection and Ranging), RADAR (Radio Detection and Ranging), and Ultrasonic
Sensors.

Sensors are additionally classified based on their transmission range:

1. Short-range sensors (ultrasonic)

2. Medium-range sensors (radar)

3. Long-range sensors (LiDAR and high-range radar)

These sensors are central to the technological capabilities of AVs, enabling key functions
such as path planning, obstacle detection, and accurate vehicle localization. They provide
critical data for real-time decision-making, allowing autonomous vehicles to navigate complex
road conditions and dynamic environments safely. By continuously monitoring both external
surroundings and internal vehicle states, these systems ensure the safety, efficiency, and
reliability of AV operations.

2.4 Vehicle Modelling

Bicycle models are the most commonly used models for trajectory generation and control
laws generation for vehicle control. These models simplify the dynamics of a four-wheeled
vehicle by representing it as a system with two virtual wheels. The two front wheels are
combined into one at the front axle center, and the two rear wheels are lumped into one at
the rear axle center, as shown in Figure 2.2. In this approach, roll (lateral inclination) and
pitch (forward-backward tilting motion) are neglected to reduce computational complexity
while maintaining sufficient accuracy for many applications. It is important to note that
two main variants of these models are distinguished: Kinematic Bicycle Model and Dynamic
Bicycle Model.
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Figure 2.2: Bicycle model representation

2.4.1 Kinematic Bicycle Model

The kinematic bicycle model is a simplified model used to describe the motion of robotics
and autonomous vehicles in order to perform path planning or trajectory generation.
The study of motion is a fundamental concept in mechanics, it can be divided into two pri-
mary branches: kinematics and kinetics (dynamics). These latter address distinct aspects
of motion, and differentiating between them is essential for effectively analysing and under-
standing any dynamical system.
Kinematics presents the geometric description of motion without considering the forces or
masses that cause it. Its main focus is on the positions, velocities, and accelerations of point
masses or rigid bodies over time, often in relation to different reference frames or coordinate
systems.
The key concepts in Kinematics are:

Position: A point or body’s location in space is described using a reference frame (e.g.,
Cartesian, polar, or spherical coordinates).

Velocity: The rate of change of position with respect to time, represented as a vector
quantity.

v = dr
dt

,

where r is the position vector.

Acceleration: The rate of change of velocity over time.

a = dv
dt

= d2r
dt2 .
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Figure 2.3 illustrates a rigid body RB, in motion relative to a primary reference frame taken
from [33].

Figure 2.3: Body fixed reference frame

Reference frames are divided into :

• Inertial Frames: Frames of reference where Newton’s laws are valid without correc-
tion.

• Non-Inertial Frames: Accelerating reference frames requiring fictitious forces such
as centrifugal force.

Kinematics presents the geometry of motion in the kinematic bicycle model, describing
motion without considering the forces behind it. In this model, a vehicle is represented as a
rigid body with three main components:

• Front Wheel: Responsible for steering.

• Rear Wheel: The reference point for motion.

• Wheelbase: The distance between the front and rear axles.

The model uses a global coordinate system to describe the position and orientation of the
vehicle (x, y, θ), while a local coordinate system is used to express motion relative to the
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vehicle’s frame. The governing kinematic equations are:

ẋ = v cos θ (2.1)

ẏ = v sin θ (2.2)

θ̇ = v tan δ

L
(2.3)

Where (x, y) are the vehicle’s position, v is the longitudinal velocity, δ is the steering angle,
and θ is the yaw angle, as shown in Figure 2.4. These equations illustrate the evolution of
the vehicle’s position and orientation over time, under the assumptions of no slip and perfect
traction. The steering is restricted to the front wheel [34].

Figure 2.4: Kinematic bicycle model

Limitations

While the kinematic bicycle model is powerful, its reliance solely on kinematics introduces
certain limitations:

• It assumes perfect traction (no slipping).

• It ignores dynamic effects like mass distribution, inertia, and tire deformation.

• It is less accurate at higher speeds where lateral forces and tire slip dominate.
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2.4.2 Dynamic Bicycle Model

While kinematics describes how a vehicle moves, kinetics (or dynamics) explains the causes
of motion by studying the relationship between forces, torques, masses, and accelerations.
It extends the geometric description provided by kinematics to include the laws that govern
the behaviour of physical systems. The absence of kinetics in the kinematic bicycle models
makes it suitable for low-speed scenarios where dynamic effects like tire slip and inertia are
negligible. However, for high-speed conditions, dynamic models become necessary [35].

Key Principles of Kinetics

Newton’s Laws of Motion:

• First Law: A body remains at rest or moves with constant velocity unless acted upon
by an external force.

• Second Law: The force acting on a body is equal to its mass multiplied by its accel-
eration:

F = ma.

• Third Law: For every action, there is an equal and opposite reaction.

Work-Energy Theorem: The work done on a system by external forces equals the change
in its kinetic energy.

Impulse-Momentum Principle: Impulse applied to a body is equal to the change in its
momentum.

Rotational Dynamics: Torque τ and angular acceleration α are related by:

τ = Iα,

where I is the moment of inertia. The dynamic bicycle model uses Newton’s second law to
describe the motion of the vehicle [36]. The equations of motion are given below.

Longitudinal Dynamics:
v̇x = Fx

m
− vy · ω (2.4)

where:
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• vx: Longitudinal velocity.

• Fx: Longitudinal force.

• m: Vehicle mass.

• vy: Lateral velocity.

• ω: Yaw rate.

Lateral Dynamics:
v̇y = Fy

m
+ vx · ω (2.5)

where:

• vy: Lateral velocity.

• Fy: Lateral force.

Yaw Dynamics:
ω̇ = Mz

Iz

(2.6)

where:

• ω: Yaw rate.

• Mz: Moment about the center of mass.

• Iz: Moment of inertia about the yaw axis.

Position and Heading: The inertial coordinates (x, y) and heading angle θ evolve as:

ẋ = vx cos(θ)− vy sin(θ) (2.7)

ẏ = vx sin(θ) + vy cos(θ) (2.8)

θ̇ = ω (2.9)

The forces Fx and Fy depend on the tire-road interaction, which includes Lateral forces which
are often modelled using the Pacejka "Magic Formula" or linear tire models [37], such as:

Fy = Cδ (2.10)

where:
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• C: Tire cornering stiffness.

• δ: Steering angle.

Longitudinal tire forces are determined by engine torque, braking torque, and road resistance,
and can be expressed as:

Fx = Fengine − Fbraking − Fresistance (2.11)

where:

• Fengine: Force generated by the engine.

• Fbraking: Braking force.

• Fresistance: Road resistance (including friction and drag).

Frictional forces play a significant role in the slip dynamics at the tires. These forces are a
function of the normal forces on the tires and the friction coefficients.

Limitations of the Dynamic Bicycle Model

While the dynamic bicycle model provides a more realistic and comprehensive representa-
tion of vehicle behavior, especially at higher speeds and under aggressive maneuvers, it also
presents certain limitations:

• Increased Complexity: The model includes nonlinear differential equations that
require careful numerical integration and parameter tuning, increasing computational
burden.

• Parameter Sensitivity: Accurate simulation relies on precise values for vehicle mass,
tire stiffness, moment of inertia, and other physical parameters, which may vary with
loading conditions or tire wear.

• Tire Modeling Assumptions: Many dynamic models rely on simplified linear or
semi-empirical tire models (e.g., Pacejka), which may not capture complex tire behav-
iors like combined slip or transient response accurately.

• Limited Use at Low Speeds: At low velocities, the dynamic effects become negligi-
ble, making the model unnecessarily complex compared to simpler alternatives like the
kinematic model.
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2.4.3 Implementation of the Kinematic Bicycle Model

The kinematic bicycle model is chosen over the dynamic model for this study. Since the
study primarily focuses on longitudinal control, the dynamic intricacies of lateral forces and
moments are not critical. Additionally, the kinematic model provides a solid foundation
for integrating longitudinal controllers, allowing straightforward testing and validation of
speed control strategies that will be discussed in the next chapters. The simulation model
is implemented using two distinct approaches, a block-based Simulink model and a custom
S-function model written in MATLAB code.

Simulink Block-Based Implementation

The block-based implementation is constructed using Simulink graphical interface, employing
standard blocks to represent the equations of motion while offering quick setup and testing
of control algorithms, such as PID controllers, without requiring in-depth coding knowledge.
The block diagram of the Simulink implementation is shown in Figure 2.5.

Figure 2.5: Simulink block diagram for the kinematic bicycle model.

S-Function Implementation

The S-function implementation involves a custom MATLAB code to define the vehicle’s dif-
ferential equations of motion in a program. It allows for advanced customization, making it
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suitable for implementing more sophisticated control strategies requiring custom integration
of model parameters .
The MATLAB code for the S-function implementation is provided in Appendix A (Section A).

2.5 Conclusion

This chapter began with an overview of autonomous electric vehicles, highlighting the in-
tegration of electric propulsion and autonomous technologies as a cornerstone of modern
transportation. The efficiency, responsiveness, and environmental advantages of the electric
powertrain were examined, establishing a technological foundation for developing intelligent,
sustainable mobility systems.
Building on this foundation, the application of bicycle models in vehicle modelling was ex-
plored, with both kinematic and dynamic representations discussed. The kinematic bicycle
model was selected for its simplicity and suitability in capturing essential motion charac-
teristics relevant to this study. Modelling approaches were developed to implement simula-
tion models, comparing the flexibility of block diagrams with the computational precision
of S-functions in Simulink. The block diagram approach proved effective for prototyping
and testing basic control strategies, while the S-function enabled high-performance, dynamic
simulations. Together, these elements form a solid groundwork for the next chapters, where
advanced control methodologies will be employed to further enhance vehicle performance and
robustness.
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Trajectory Generation and Controller
Design
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3.1 Introduction

Motion planning is an important research topic within the automotive field, it includes path
planning that involves defining a geometric path, and trajectory planning (also known as
trajectory generation). The latter goes beyond defining a path; it involves creating smooth
and continuous motion profiles by optimizing abrupt changes in acceleration. The imple-
mentation methods for this task range from polynomial-based approaches to optimization
techniques [38].

3.2 S–Curve Profile

An S-curve profile is a type of function characterized by a piecewise construct that generalizes
different families of profiles using a dimensionless parameter Γ, which varies from 0 to 1,
allowing profile selection. The parameters involved in the calculation of this profile are given
in Table 3.1, along with the initialization sequence. The equations used are based on the
work of [39].

Parameter Initialization
Midpoint position Qs

D
2

Auxiliary position Qaux
(1+Γ)

2 · V 2
m

Am

Adjusted position Qa


Qs, Qs ≤ Qaux

Qaux, Qs > Qaux

Effective Velocity Vw


√

Qs·Am
1
2 (1+Γ) , Qs ≤ Qaux

Vm, Qs > Qaux

Auxiliary constant To
Vm

Am

Transition time Ta To · (1 + Γ)
Intermediate time Tm

Ta

2

Time constant τ Γ · To

Constant velocity period Tk 2 · Qs−Qa

Vm

Midpoint time Ts Ta + Tk

2

Total Time Tt 2 · Ts

Table 3.1: Parameters initialization for the S-curve profile

The key parameters are:
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• Vm: the maximum speed

• Am: the maximum acceleration

• D: the total travelled distance

The position q(t), speed v(t), and acceleration a(t) of the vehicle are described using piece-
wise functions, which account for the vehicle’s behaviour over different time intervals and
conditions.
Position q(t) is defined as:

q(t) =



0, t ≤ 0
1
2 ·

Vw

To
· t3

3·τ , 0 < t < τ

1
2 ·

Vw

To
·

(
(t− τ

2 )2 + τ2

12

)
, τ < t ≤ To

Qs + Vw · (t− Ts) + q(Ta − t), To < t ≤ Ts

Qf − q(Tt − t), t > Ts

(3.1)

Speed v(t), the derivative of position with respect to time, is given by:

v(t) =



0, t ≤ 0
Am

2 ·
t2

τ
, 0 < t < τ

Am

2 · (2 · t− τ), τ < t ≤ To

Vw − v(Ta − t), Tm < t ≤ Ts

v(Tt − t), t > Ts

(3.2)

Acceleration a(t), the derivative of speed with respect to time, is expressed as:

a(t) =



0, t ≤ 0
Am

τ
· t, 0 < t < τ

Am, τ < t ≤ To

a(Ta − t), Tm < t ≤ Ts

−a(Tt − t), t > Ts

(3.3)
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The jerk j(t) (change in acceleration) is similarly obtained as follows:

j(t) =



0, t ≤ 0

Jm, 0 < t < τ

0, τ < t ≤ To

−j(Ta − t), Tm < t ≤ Ts

j(Tt − t), t > Ts

(3.4)

Where Jm is the jerk limit, an optimized value that ensures comfort and smooth changes in
acceleration.
The graphs presented in Figure 3.1 depict the S-curve profile for different values of Γ. The
chosen scenario for this simulation is based on Intelligent Transport Systems standards [40],
where the speed limit Vm is set to 28.8km/h(8m/s) suitable for urban environments, and the
road is a segment of length D = 2km.
Referring to the ISO 2631-1 standards for comfort perception (Table 3.2) [41], the acceleration
range of [0.315 m/s2 - 0.63 m/s2] is selected, and considering urban travel, while maintaining
safety, smooth driving, and passenger comfort, an exact acceleration value of Am = 0.4m/s2

is chosen.

ACCELERATION
RANGE

COMFORT
PERCEPTION

<0.315 m/s2 Not uncomfortable
0.315 m/s2 - 0.63 m/s2 A little uncomfortable
0.50 m/s2 - 1.00 m/s2 Fairly uncomfortable
0.80 m/s2 - 1.60 m/s2 Uncomfortable
1.25 m/s2 - 2.5 m/s2 Very uncomfortable

>2 m/s2 Extremely uncomfortable

Table 3.2: ISO 2631-1 standard comfort caution ranges
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For Γ = 0, the results present a 3-segment profile, also known as the trapezoidal pro-
file [42], where the velocity graph increases linearly until it reaches the maximum value
Vw = 8m/s, which remains constant for Tk = 229.6s, and then decreases linearly to zero.
This results in a trapezoidal shape on the velocity-time graph, characterized by its linear in-
crease and decrease with a flat, constant section in the middle. Meanwhile, the acceleration
plot remains constant during the acceleration and deceleration phases and null in between,
creating a piecewise constant graph with two distinct levels of acceleration. These instanta-
neous changes in acceleration lead to an infinite jerk, represented by discontinuities at the
points of change in acceleration.

For 0 < Γ ≤ 1 , a 7-segment profile (S-curve profile) is introduced. The acceleration
slope is reduced from being a vertical line, which results in a continuous, smooth velocity
curve that is free of sharp corners, providing a more realistic and comfortable motion profile.
Overall, it is observed that the resulting S-curve profiles feature smooth, gradual changes in
acceleration and deceleration ensuring continuity, eliminating abrupt changes which results
in a finite jerk. Table 3.3 illustrates the comparison between profile parameters corresponding
to different Γ values. It is evident that as Γ increases, jerk value decreases which leads to
smoother transitions.

Γ 0.25 0.5 0.75 1.0
Jm(m/s2) 0.08 0.04 0.0267 0.02

Ta(s) 25 30 35 40
Tt(s) 275 280 285 290

Table 3.3: Comparison of parameters for different values of Γ
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Figure 3.1: S-curve profiles
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In summary, while the trapezoidal profile is simple and fast, its sudden changes, abrupt
transitions, and high jerk make it unsuitable for ensuring safe and comfortable motion. Hence,
S-curve profiles with higher Γ values are more suitable for autonomous vehicles. However,
the specific selection of Γ = 0.5 offers a compromise between efficiency and smoothness. As
observed from the table, Γ = 0.5 represents a moderate jerk value of 0.04m/s2, which is
significantly lower than the jerk values for smaller Γ values. This reduction in jerk ensures
smoother transitions without excessively prolonging the acceleration and deceleration phases.
Furthermore, it strikes an optimal balance by providing a reasonable acceleration time (Ta =
30s) and total time (Tt = 280s), making it an efficient and practical choice for the desired
motion profile.

3.3 Sinusoidal Profile

The S-curve profile represents a smooth and comfortable motion design. However its rate of
change in acceleration, and the presence of rectangular jerk pulses are a drawback. To mit-
igate this issue, the Sinusoidal profile is introduced. This profile uses sinusoidal waveforms
to ensure continuity in acceleration, which effectively minimizes spikes in jerk for a smoother
passenger experience [43].
The initialization sequence for this profile is given in Table 3.4. Qs, Qa, To, Tk, Ts, and Tt

remain unchanged from Table 3.1.

Parameter Initialization
Auxiliary position Qaux Qaux = V 2

m

Am

Effective Velocity Vw Vw =


√

Qs · Am if Qs ≤ Qaux

Vm if Qs > Qaux

Transition time Ta Ta = 2 · To

Angular frequency ω ω = 2π
Ta

Scaling constant Ks Ks = Ta·Vw

4π2

Table 3.4: Parameters initialization for the sinusoidal profile

The position q(t), speed v(t), and acceleration a(t) are given by:
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q(t) =



0, t ≤ 0
Am

4 · t
2 + Ks · (cos(ω · t)− 1), 0 < t ≤ Ta

Qs + Vw · (t− Ts), Ta < t ≤ Ts

D − q(Tt − t), t > Ts

(3.5)

v(t) =



0, t ≤ 0

Ks · ω · (ω · t− sin(ω · t)), 0 < t ≤ Ta

Vw, Ta < t ≤ Ts

v(Tt − t), t > Ts

(3.6)

a(t) =



0, t ≤ 0
Am

2 · (1− cos(ω · t)), 0 < t ≤ Ta

0, Ta < t ≤ Ts

−a(Tt − t), t > Ts

(3.7)

The jerk j(t) is as follows:

j(t) =



0, t ≤ 0
Am

2 · (ω · sin(ω · t)), 0 < t ≤ Ta

0, Ta < t ≤ Ts

j(Tt − t), t > Ts

(3.8)

Figure 3.2 presents the results of a comparative study between the sinusoidal profile and
the S-curve profile, with the parameters set to Γ = 0.5, while maintaining the conditions
from the previous scenario: a distance of D = 2km, a maximum velocity of Vm = 8 m/s,
and an acceleration of Am = 0.4 m/s2. The velocity responses for both profiles demonstrate
smooth transitions, indicating that both profiles effectively manage acceleration and decel-
eration without abrupt changes. However, a notable distinction lies in the total transition
times. The S-curve profile completes its transition in Ta = 30 s, while the sinusoidal profile
takes a longer time of Ta = 40 s, indicating that the sinusoidal profile leads to a slower overall
response.
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The S-curve acceleration profile is inherently designed to change in a more gradual manner.
Its acceleration follows a curve that starts at zero, ramps up smoothly to the maximum value,
and then decelerates smoothly back to zero. This produces a trapezoidal acceleration profile,
where the rate of change of acceleration (jerk) is nonlinear but controlled, avoiding any sharp
changes. Nevertheless, the jerk in the S-curve profile exhibits some abrupt shifts, leading
to minor discontinuities. In contrast, the sinusoidal profile ensures continuous changes in
acceleration, following a smooth oscillating function. As a result, the jerk is also continu-
ous and smooth, without the sharp transitions. The sinusoidal profile typically exhibits a
more harmonic content in its jerk, meaning that it oscillates in a regular manner, producing
smoother transitions with less abruptness.
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Figure 3.2: Graphical result of the Sinusoidal and S-curve profiles comparison
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In summary, the choice between the S-curve and sinusoidal motion profiles depends on
the specific demands of the autonomous vehicle’s trajectory. The S-curve profile is optimal
for efficiency and minimizing abrupt motion changes over extended and relatively straight
paths, offering a well-balanced trade-off between smoothness and computational load. In
contrast, the sinusoidal profile is preferable in contexts where maximum smoothness and ride
comfort are critical, such as navigating tight corners or operating in sensitive environments.
Ultimately, the selection of the most appropriate profile should consider the operational
context, weighing performance, comfort, and computational cost.

3.4 Controller Design

This section defines the general structure of a control system for autonomous vehicle motion,
focusing on the two primary control categories: lateral and longitudinal control. These
distinct but interdependent control aspects are fundamental for achieving reliable and efficient
autonomous driving performance, as they handle steering and speed regulation, respectively.
A Proportional-Integral (PI) controller is chosen for the steering control, as its robustness
and simplicity make it well-suited for achieving precise lateral control, effectively addressing
path-following and stability requirements. This control approach is implemented throughout
the remainder of this thesis. For longitudinal control, a PID controller is selected to regulate
the vehicle speed. This choice is made due to its simplicity and effective response to speed
tracking under varying conditions. However, in the remainder of this study, the performance
of the PID controller is compared to alternative control techniques to evaluate its effectiveness
relative to more advanced methods in longitudinal dynamics.

3.5 Lateral Control

The yaw angle is the main parameter in lateral control, which is managed by adjusting the
steering angle to maintain a desired trajectory. An appropriate actuator must be selected for
the steering control system to accurately execute the required adjustments to the steering
angle. The actuator chosen for this section is a stepper motor characterized by a transfer
function, as defined in [44]. Figure 3.3 illustrates the control system, where the PI controller
is implemented with the following tuned parameters: P = 1, I = 2.9.
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Figure 3.3: Steering angle control block diagram

This control system is evaluated on a trajectory featuring a single turn, defined by a
steering angle of δ = π

12 radians. The graphical outputs of this test are presented in Figure
3.4, the steering angle output follows the steering reference with high precision. Although
a slight delay of 0.26 seconds is observed in the response, the system demonstrates robust
performance, with no noticeable overshoot.
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Figure 3.4: Steering angle simulation result
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3.6 Longitudinal Control

Longitudinal control is responsible for the vehicle’s speed control along a straight or a curved
path. The primary objective is to closely track a velocity profile designed to decouple longi-
tudinal and lateral dynamics, enhancing the stability of the overall control system. For the
actuation of longitudinal control, a DC motor is selected, with the mathematical modelling
and parameter specifications provided below [25].

V = Ra · ia + e + La ·
dia

dt
(3.9)

e = k · Ω (3.10)

J · dΩ
dt

= Tem − f · Ω− TL (3.11)

Tem = kem · ia (3.12)

Where:

• V : the input voltage.

• e: the back electromotive force (EMF).

• ia: the current in the motor winding.

• Tem: the electromagnetic torque.

• Ω: the angular velocity.

The parameters are chosen based on similarity with the Tesla Model S, with a torque
TL = 430 Nm, as referenced in [25]. See Table 3.5.

Table 3.5: DC Motor parameters

Parameter Value
Armature resistance Ra 0.193 Ω
Armature inductance La 0.00383 H

Back EMF constant k 2.332232 V.s

Torque constant kem 2.1717 N.m/A

Moment of inertia J 0.6 kg.m2

Coefficient of friction f 2.632177N.m.s
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A PID controller is employed for the velocity control system, where the controller gains
are carefully tuned to achieve an optimized dynamic response. KP = 19, KI = 100, and
KD = 0.5. The configuration of the complete control system is shown in Figure 3.5.

Figure 3.5: PID control system

The speed response of the PID control system is illustrated in Figure 3.6 . The reference
speed is the sinusoidal velocity profile discussed earlier. It is observed that the suggested
controller shows a good stability and tracking performance. However, a noticeable delay is
present, which could affect the response time and overall performance of the control system
in more demanding scenarios.
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Figure 3.6: Simulation result for the speed control system

43



Trajectory Generation

3.7 Conclusion

Following the design and implementation of both longitudinal and lateral control systems, the
results demonstrate the effectiveness of classical control approaches under predefined condi-
tions. The PI controller employed for lateral control, demonstrated satisfactory performance
in tracking. Given its stability and simplicity, it will be retained for the remainder of this
thesis.
In contrast, although the PID controller applied to longitudinal dynamics provided accept-
able stability and speed tracking performance, it exhibited a noticeable response delay. This
limitation suggests that traditional PID control may not be sufficient for more dynamic or
uncertain environments. Consequently, the next phase of this work will explore the integra-
tion of advanced control strategies, such as metaheuristic optimization methods, to enhance
longitudinal control accuracy and responsiveness.
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Metaheuristics in Control and
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4.1 Introduction

This chapter presents a synthesis of the fundamental principles underlying Metaheuristic al-
gorithms. This synthesis examines their objectives, methodologies, and findings, aiming to
provide the general structure of such algorithms, and discusses their advantages and limi-
tations. This synthesis not only consolidates current knowledge but also identifies potential
directions for future research and practical applications. Furthermore, the specific meta-
heuristics used in this work are introduced. Their application to parameter tuning and con-
trol system optimization is also highlighted, demonstrating their relevance and effectiveness
in addressing complex real-world applications.

4.2 Metaheuristic Algorithms

Heuristics are problem-solving strategies based on trial and error to achieve satisfactory
solutions. The term “meta” means beyond or higher-level. Combined together, they form
the origin of metaheuristics, high-level algorithms that guide and adapt subordinate heuristics
to discover solutions that go beyond local optimality. These approaches integrate local search
techniques with randomization in a structured manner, enabling them to efficiently generate
high-quality solutions for complex optimization problems within a reasonable time frame [14].
The key characteristics that contribute to their robustness and adaptability are the following.

• Problem-independence;

• Stochastic behaviour;

• Exploration and exploitation balance;

• No gradient requirement;

• Adaptability and flexibility;

• Master strategy role.

One of the most important traits is their problem-independence. Due to their low need
for substantial modification, they can be applied to a wide range of optimization problems.
Additionally, they typically incorporate stochastic behaviour, relying on randomness dur-
ing the search process to help escape local optima and enhance global exploration, which
explains their ability to balance exploration and exploitation. Furthermore, they do not re-
quire gradient information, making them suitable for functions that are non-differentiable,
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noisy, or black-box in nature, which extends their adaptability and flexibility, as they can be
hybridized with other methods or tailored to specific problem domains. Importantly, meta-
heuristics serve as master strategies, coordinating the behaviour of lower-level heuristics to
guide the optimization process effectively.
The process of metaheuristics is fundamentally iterative, working on a given measure of
quality to improve a candidate solution. Rather than focusing on precise mathematical mod-
elling, these algorithms are built on procedural logic and heuristic rules, making them effec-
tive even when dealing with incomplete or uncertain information. Their design allows them
to be adapted to diverse application areas and encourages integration with other optimiza-
tion strategies (hybrid optimization). By incorporating feedback and adaptive mechanisms,
metaheuristics can overcome local optima and more effectively navigate complex or poorly
characterized search spaces. Consequently, they are widely adopted as practical tools for
solving optimization problems that are challenging or infeasible for traditional, exact, or
gradient-based methods due to complexity or computational cost [45].

4.2.1 Classification of Metaheuristics

Metaheuristics has evolved over multiple decades, characterized by ongoing advancements in
the creation of new algorithms and the enhancement of existing ones, in order to improve
optimization performance. Heuristics and even metaheuristics were used, but not formally
studied in the 1940s. This phase of the timeline is called the pre-theoretical period. Since
optimization has always been a part of human and animal behaviour, long before its discovery
as a field of study. In daily life, optimization problems are introduced and solved without
intention, such as choosing the quickest route to work, scheduling daily tasks, or deciding
how to invest money for the best return. These are examples of classic optimization problems
that are treated with advanced techniques. However, humans and also animals instinctively
tackle these problems without formal training or awareness of concepts such as finding ex-
act solutions compared to approximate ones, or distinguishing between straightforward and
challenging problems. This natural intuition evolved due to the need to increase the chances
of survival. The human brain is naturally wired to respond decisively in critical situations,
instinctively applying decision-making strategies that closely resemble modern optimization
techniques. Much like the physiological systems of the human body are built for survival,
the mind has evolved to prioritize quick, practical solutions over perfect ones.
This ability to act under pressure by favouring speed and adequacy mirrors the core philos-
ophy behind contemporary heuristic and metaheuristic approaches, which seek satisfactory
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solutions within limited time and resources rather than exhaustively searching for an exact
optimum. For example, when confronted with a novel problem, individuals often instinctively
search for similar issues they have previously resolved, applying or adapting those solutions.
This is known as learning by analogy. Another instinctive method is means-end analysis,
where one continually moves from the current state to a state closer to the desired goal until
reaching a satisfactory solution, much like local search strategies in modern optimization algo-
rithms. Interestingly, while heuristic reasoning has been an integral part of life for millennia,
exact optimization methods only emerged relatively recently. In the early 1950s, stochastic
optimization algorithms such as Monte Carlo methods were studied, introducing probabilis-
tic techniques for finding good solutions in complex search spaces. Evolutionary algorithms
emerged in the following decade, inspired by the principles of natural selection and biological
evolution. These evolutionary strategies laid the groundwork for the widespread adoption
of Genetic Algorithms (GA) during the 1980s, a subset of evolutionary algorithms that has
emerged as one of the most widely adopted metaheuristics for addressing a broad range
of optimization challenges. Swarm Intelligence-based metaheuristics emerged in the 1990s,
introducing optimization techniques inspired by the collective behaviour of decentralized,
self-organized systems such as ant colonies, bird flocks, and fish schools. These approaches,
including Particle Swarm optimization, have since become fundamental methods for solving
complex computational problems. Since the 2000s, research has increasingly focused on hy-
brid metaheuristics and multi-objective optimization algorithms to solve problems involving
conflicting objectives [46]. Figure 4.1 illustrates the historical development, summarizing the
key milestones in the evolution of metaheuristic optimization algorithms and providing a
clearer perspective on their progression.
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Figure 4.1: Historical timeline of metaheuristic algorithms development

Metaheuristic algorithms can be broadly classified according to various criteria such as:

• Search strategy (single-solution vs. population-based);

• Inspiration source (nature or non-nature);

• Memory usage;

• Neighbourhood and search movement;

• Solution update mechanism (deterministic vs. stochastic).

One of the most common classifications is the search strategy, where the algorithms are di-
vided into two main categories: single-solution-based and population-based algorithms. As
the name suggests, single-solution-based metaheuristics focus on exploring and improving
a single candidate solution throughout the search process. In contrast, population-based
metaheuristics maintain and evolve a set of candidate solutions simultaneously, enabling a
more diverse exploration of the search space. Furthermore, metaheuristics can be nature-
inspired or non-nature-inspired. Their classification is based on whether their inspiration is
drawn from natural phenomena or other abstract principles. Nature-inspired metaheuris-
tics are developed by drawing analogies from processes and behaviours observed in nature.
This category includes a wide range of algorithms, and can be classified into four princi-
pal groups: evolutionary algorithms, swarm-based algorithms, physics-based algorithms, and
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human-based algorithms. The classification is illustrated in Figure 4.2. Evolutionary algo-
rithms (EAs) draw inspiration from the principles of natural selection and genetics. They
operate on a population of potential solutions, applying processes analogous to biological
evolution such as selection, crossover (recombination), mutation, and survival of the fittest.
These evolutionary operations progressively enhance the quality of solutions over successive
generations, facilitating optimal problem-solving. Prominent examples of EAs include Ge-
netic Algorithms, Genetic Programming (GP), and Evolutionary Strategies (ES).
Swarm-based algorithms, as the name suggests, are inspired by the swarm intelligence ob-
served in nature, where swarms, such as bird flocks, fish schools, and ant colonies, exhibit
coordinated, self-organizing behaviour without centralized control. This principle is based
on the fact that simple local interactions among individual agents can lead to sophisticated
global solutions. Notable examples of swarm-based metaheuristics include Particle Swarm
Optimization (PSO), Ant Colony Optimization, and Jellyfish Search Optimizer (JSO). The
source of physics-based metaheuristics is inspired by physical laws and phenomena governing
natural systems, where candidate solutions evolve based on fundamental physical principles
such as energy minimization, gravitational attraction, and motion dynamics. By drawing
analogies from natural forces that govern the universe, these metaheuristics simulate how
particles, masses, or energetic states interact within a system, gradually converging toward
optimal solutions. Examples of such algorithms include Simulated Annealing (SA), which
imitates the annealing process in metallurgy, Gravitational Search Algorithm (GSA) based
on Newtonian gravity, Harmony Search (HS) inspired by musical improvisation, and Central
Force Optimization (CFO) simulating central force fields [47]. Among these nature-inspired
metaheuristics, this work primarily investigates two algorithms: Genetic Algorithms and
Jellyfish Search Optimizer.
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Figure 4.2: Classification of nature-inspired metaheuristics

4.2.2 Genetic Algorithms

Genetic Algorithms are evolutionary metaheuristic algorithms grounded in population dy-
namics and inspired by the concepts of natural selection and evolutionary processes. They
progressively improves potential solutions through selection, crossover, and mutation, ulti-
mately converging on optimal parameters. Rooted in the idea that evolution is one of nature’s
most effective problem-solving processes, GAs simulate this adaptive mechanism to explore
and exploit complex search spaces. While natural evolution produces highly adaptive life-
forms capable of sophisticated behaviours in ever-changing environments, GAs translate these
concepts into computational procedures that iteratively refine potential solutions. A key dis-
tinction between evolutionary algorithms like GA and other nature-inspired metaheuristics
lies in their foundational analogy while systems like swarm intelligence draw from the collec-
tive behaviours of animals such as birds or fish, GAs emulate the evolutionary process itself.
The real strength of GAs lies in their use of three central ideas: preserving a diverse and
robust solution pool, integrating existing solutions through recombination to produce new
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candidates, and strategically regulating diversity to prevent premature convergence [45].
Selection is the decision factor on which solutions will contribute to producing the next
generation. Inspired by natural selection, individuals with better fitness scores are more
likely to be chosen, while less fit solutions are occasionally retained to maintain diversity
rather than prematurely settling into local optima. Common techniques include tournament
selection and roulette wheel selection.
Crossover, also called recombination, generates new candidate solutions by combining fea-
tures from two or more parent solutions. This process mimics the exchange of genetic material
in nature, in order to inherit desirable traits from parents and produce potentially better off-
spring. Typical crossover methods include one-point, two-point, and uniform crossover.
Mutation introduces stochastic variations into candidate solutions to preserve population
diversity and enhance exploration. In genetic algorithms, this typically entails modifying one
or more elements of a solution with a low probability. Mutation serves to prevent excessive
similarity among solutions, reducing the risk of convergence to local optima and strengthen-
ing the algorithm’s overall search efficiency [48].
To better illustrate the operational workflow of the genetic algorithm, a general flowchart is
presented in Figure 4.3. This diagram outlines the key steps of the algorithm, from initial
population generation to the iterative processes of selection, crossover, mutation, and final
convergence [49].
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Figure 4.3: General flowchart illustrating the main steps of a genetic algorithm.

4.2.3 Jellyfish Search Optimizer

The Jellyfish Search optimizer is a recent metaheuristic optimization algorithm developed by
Jui-Sheng Chou et al. [50]. It is built based on the behaviour of the jellyfish food-seeking
process in the ocean. The first step involves following the ocean current to find regions rich
in food resources (optimal solutions), this step is called the exploration phase. Over time, a
jellyfish swarm is created, and each jellyfish pursues the motion within the swarm to discover
a more optimal location, which is translated as active and passive motions, representing
the exploitation phase. Meanwhile, time control is introduced to identify the varied motion
types and regulate the transition, which makes the optimum phase. The particularity of this
algorithm is its adaptive mechanism that alternates between exploration and exploitation
phases, dynamically regulated by a time control function. A scheduling mechanism that
adjusts the algorithm’s behaviour as the optimization progresses. Its main job is to decide
when the algorithm should focus on exploration and when it should switch to exploitation.
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During the initial phases, the algorithm prioritizes exploration to extensively survey the
solution space. As optimization progresses, the focus gradually shifts toward exploitation,
refining candidate solutions and enhancing convergence reliability. As depicted in Figure 4.4
[51], the natural movement of jellyfish serves as a guiding metaphor for balancing exploration
and exploitation in the optimization process.

Figure 4.4: Conceptual illustration of jellyfish behaviour.

The mechanism process of the Jellyfish Search (JS) optimizer is governed by a series of
mathematical equations, as detailed in [50]. These are presented below.

Trend calculation:
t⃗r = Z∗ − β × rand(0, 1)× µ (4.1)

Active motion update:

Zi(t + 1) = Zi(t) + rand(0, 1)× (Z∗ − β × rand(0, 1)× µ) (4.2)

Passive motion update:

Zi(t + 1) = Zi(t) + γ × rand(0, 1)× (Ub − Lb) (4.3)
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Direction calculation:

D⃗r =


Zj(t)− Zi(t), if f(Zi) ≥ f(Zj)

Zi(t)− Zj(t), if f(Zi) < f(Zj)
(4.4)

Position update:
Zi(t + 1) = Zi(t) + ⃗Step (4.5)

with:
⃗Step = rand(0, 1)× D⃗r (4.6)

Time control function:

c(t) = |
(

1− t

Imax

)
× (2× rand(0, 1)− 1)| (4.7)

Where:

• t⃗r is the trend vector representing the direction of the ocean current.

• Zi(t) is the location of the ith jellyfish at iteration t.

• Ub and Lb are the upper and lower bounds of the search space.

• µ is the mean location of all jellyfish.

• β and γ are distribution and motion coefficients, respectively.

• Imax is the maximum number of iterations.

The flowchart illustrating the overall mechanism of the Jellyfish Search optimizer is shown
in Figure 4.5.
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Figure 4.5: Flowchart of the Jellyfish Search optimizer mechanism.
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4.2.4 Objective Function Design and Optimization Criteria

In optimization and mathematical modelling, the objective function is a fundamental concept.
It is a function defined by a mathematical expression that quantitatively represents the goal of
the optimization problem, which could involve either maximizing or minimizing a particular
value such as a performance criterion. The design and formulation of an objective function
are crucial and directly affect the behaviour and effectiveness of the optimization algorithm
in action.
Initially, in its most basic form, an optimization problem is described by an objective function
denoted f(x), where x is a vector of decision variables. Decision variables are controllable
inputs in a mathematical model that influences the outcome of an optimization problem,
subject to a set of constraints. The aim is to determine the values of these variables that
result in the best possible value of the objective function [52]. Some typical examples include:

• Business: determining the optimal quantity of products to manufacture or stock in
order to maximize the overall profit while considering production costs and market
demand.

• Machine Learning: tuning model parameters, such as learning rate and regularization
coefficients, to reduce prediction error on unseen data.

• Logistics: selecting the most efficient transportation routes for delivering goods to
minimize travel time, fuel consumption, and overall operational costs.

• Control systems: tuning the parameters of a PID (Proportional-Integral-Derivative)
controller to achieve desired system performance in dynamic systems such as motor
speed control, temperature regulation, or vehicle trajectory tracking.

Optimization problems can be divided into two groups, single-objective optimization and
multi-objective optimization. They are classified based on the number of objectives they
seek to improve.
Single-objective optimization deals with only one criterion, its focus is on optimizing
a single criterion whether it is minimizing costs, maximizing efficiency, or finding the best
possible value for a given function. The problem is typically formulated as follows.

Minimize or Maximize f(x), subject to constraints on x.

However, many engineering challenges in the real world involve multiple competing goals,
which are inherently multi-dimensional and involve several conflicting objectives that must
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be balanced. Problems that have more than one objective are referred to as Multi-Objective
Optimization (MOO) problems. The goal of this latter is to optimize two or more objective
functions simultaneously instead of optimizing just a single factor, where the landscape of
possibilities needs to be navigated, to achieve a well-rounded solution. A typical formulation
for multi-objective problems is:

Minimize or Maximize (f1(x), f2(x), . . . , fn(x)) , subject to constraints on x.

Solving MOO problems involves two main strategies: the Pareto method and the scalariza-
tion method. These approaches differ in how they handle multiple objectives and prioritize
solutions. The Pareto method focuses on identifying a set of solutions known as the Pareto
Optimal Front (POF), where no objective can be improved without worsening at least one
other. Solutions are classified as either dominated or non-dominated based on whether they
are inferior or superior across the objectives. The concept of Pareto optimality ensures that
the final solutions represent the best possible compromises. Key terms in this method include
the Anchor Point (the best individual values for each objective) and the Utopia Point (a the-
oretical ideal that combines the best of all objectives). Optimization algorithms iteratively
search for non-dominated solutions to construct the POF, often using adaptive or evolving
populations. On the other hand, the scalarization method transforms multiple objectives
into a single aggregate objective by assigning weights to each one. The resulting weighted
sum is then optimized using conventional single-objective techniques. The choice of weights
significantly influences the solution by reflecting the relative importance of each objective.
Three common strategies for setting these weights are equal weighting, Rank Order Centroid
(ROC) weighting, and Rank Sum (RS) weighting. In addition, normalization is commonly
applied to balance objectives with different scales or units [53].
Objective functions can be expressed in various forms, depending on the nature of the prob-
lem. Common examples include cost functions, error metrics, time-based criteria, and ef-
ficiency indices. In control applications, objective functions are often formulated based on
performance metrics such as Integral of Absolute Error (IAE), Integral of Squared Error
(ISE), Integral of Time-weighted Absolute Error (ITAE), and Integral of Time-weighted
Squared Error (ITSE).

Integral Absolute Error IAE =
∫
|e(t)| dt (4.8)

Integral Square Error ISE =
∫

e2(t) dt (4.9)
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Integral Time-weighted Absolute Error ITAE =
∫

t|e(t)| dt (4.10)

Integral Time-weighted Squared Error ITSE =
∫

te2(t) dt (4.11)

e(t) is the error signal, defined as the difference between the desired (reference) value and
the actual system output atntime t:

e(t) = r(t)− y(t) (4.12)

Where:

• r(t) is the reference (desired) value at time t.

• y(t) is the actual system output at time t.

Overall, a careful formulation of the objective function is a key step in any optimiza-
tion problem. It defines the aim of the problem, directs the search process, and ultimately
determines the quality of the obtained solution. Whether optimizing a single objective or
balancing multiple conflicting objectives, the objective function remains the cornerstone of
the optimization framework.

4.3 Multi-Objective Optimization in PID Tuning through
Metaheuristics

PID controllers constitute the foundation of most control systems, offering a simple yet
powerful framework for system regulation. The transfer function describing a PID controller
is given in Equation 4.13. In this expression, KP , KI , and KD represent the proportional,
integral, and derivative gains, respectively [54].

G(s) = KP + KI

s
+ KD · s (4.13)

The performance of a PID controller is highly dependent on the appropriate selection of its
gain parameters. However, conventional tuning methods often yield suboptimal results, par-
ticularly regarding disturbance rejection and overall robustness. This limitation underscores
the growing need for advanced optimization strategies, such as metaheuristic algorithms, to
enhance controller performance in complex and dynamic environments.
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4.3.1 Genetic Algorithm-Based PID Tuning

Genetic Algorithms are particularly suitable for solving complex optimization problems such
as PID tuning. In this work, a GA is employed to optimally select the proportional (KP ),
integral (KI), and derivative (KD) gains of the PID controller. The general formulation
involves the following steps:

1. Initialization: generate an initial population of candidate solutions, where each indi-
vidual represents a set of PID gains (KP , KI , KD).

2. Fitness evaluation: evaluate the performance of each individual using the objective
function.

3. Selection: select parent individuals for reproduction based on their fitness values.
Methods such as roulette wheel selection or tournament selection can be applied.

4. Crossover: combine selected parents to produce offspring using crossover operations,
which exchange segments of the PID gain parameters between parents.

5. Mutation: introduce small random changes to some of the offspring to maintain pop-
ulation diversity and avoid premature convergence.

6. Replacement: form a new population by selecting the best individuals from both
parents and offspring.

7. Termination: repeat steps 2 to 6 until the stop criterion is met.

The corresponding flowchart is illustrated in Figure 4.6, adapted from [55]. Initially, the
Integral of Squared Error (ISE) is employed as the objective function, denoted by f , in
conjunction with the Genetic Algorithm to optimize controller parameters.
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Figure 4.6: Flowchart of the GA-based PID tuning process.

Table 4.1 presents the statistical indices of the algorithm’s performance during the tuning
process. Over 50 generations, the algorithm shows a consistent decrease in the mean objec-
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tive value, indicating improved population convergence. The best objective value stabilizes
around 0.001777 by generation 23, with the resulting PID parameters: Kp = 19.9595, Ki =
499.9999,and Kd = 0.1158, suggesting early convergence. Stall generations begin to accu-
mulate more frequently after this point, confirming a plateau in improvement. These results
validate the GA’s effectiveness in minimizing the ISE. However, further optimization methods
may be required to enhance performance beyond this local optimum.

Table 4.1: Genetic Algorithm optimization results using ISE

Generation Func-count Best f(x) Mean f(x) Stall Generations
1 200 0.001784 1.422 0
2 295 0.001784 0.01696 0
3 390 0.001784 0.005337 1
4 485 0.001780 0.004413 0
5 580 0.001780 0.002221 1
6 675 0.001780 0.002059 0
7 770 0.001780 0.001975 1
8 865 0.001780 0.001789 2
9 960 0.001779 0.001784 0
10 1055 0.001779 0.001782 0
11 1150 0.001779 0.001781 1
12 1245 0.001779 0.001780 2
13 1340 0.001778 0.001779 0
14 1435 0.001778 0.001779 0
15 1530 0.001778 0.001779 0
16 1625 0.001778 0.001779 1
17 1720 0.001778 0.001779 2
18 1815 0.001778 0.001778 0
19 1910 0.001778 0.001778 0
20 2005 0.001778 0.001779 1
21 2100 0.001778 0.001779 2
22 2195 0.001778 0.001778 3
23 2290 0.001777 0.001778 0
24 2385 0.001777 0.001778 0
25 2480 0.001777 0.001778 1
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Generation Func-count Best f(x) Mean f(x) Stall Generations
26 2575 0.001777 0.001778 0
27 2670 0.001777 0.001778 1
28 2765 0.001777 0.001778 2
29 2860 0.001777 0.001778 0
30 2955 0.001777 0.001778 0
31 3050 0.001777 0.001778 1
32 3145 0.001777 0.001778 2
33 3240 0.001777 0.001778 3
34 3335 0.001777 0.001778 0
35 3430 0.001777 0.001778 0
36 3525 0.001777 0.001778 0
37 3620 0.001777 0.001778 1
38 3715 0.001777 0.001778 2
39 3810 0.001777 0.001778 3
40 3905 0.001777 0.001777 0
41 4000 0.001777 0.001778 1
42 4095 0.001777 0.001777 0
43 4190 0.001777 0.001777 0
44 4285 0.001777 0.001777 1
45 4380 0.001777 0.001777 2
46 4475 0.001777 0.001777 3
47 4570 0.001777 0.001777 0
48 4665 0.001777 0.001777 1
49 4760 0.001777 0.001777 2
50 4855 0.001777 0.001777 0

4.3.2 Jellyfish Algorithm-Based PID Tuning

The JS algorithm is adopted to tune the PID controller gains (KP , KI , KD) by minimizing a
multi-objective performance index. The performance of the proposed Jellyfish Search-based
PID tuning will be compared with that of the Genetic Algorithm in the following section.
The formulation involves:

1. Initialization: initialize the population of candidate solutions, where each individual
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represents a set of PID gains (KP , KI , KD). A logistic chaotic map is used during
initialization to enhance population diversity.

2. Objective function evaluation: calculate the value of the objective function for each
individual, which combines the ITAE and ISE performance indices.

3. Movement decision: at each iteration, calculate the time control function c(t). Based
on its value, jellyfish either follow ocean currents or move within the swarm.

4. Location update:

• If c(t) ≥ 0.5, individuals update their positions based on ocean current influence.

• If c(t) < 0.5, a random check determines whether an individual moves randomly
within the swarm or toward better positions.

5. Bound and fitness check: after each movement, positions are checked against bound-
ary constraints, and new objective function values are computed.

6. Update best solution: update the global best position Z∗ based on the best objective
function value obtained.

7. Termination: Repeat the above steps until the stopping criterion is met. Finally,
report the optimal PID gains and the corresponding best objective function value.

The complete process is summarized in the flowchart shown in Figure 4.7.
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Figure 4.7: Flowchart of the JS algorithm-based PID tuning process. 65
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The pseudo-code of the proposed JS algorithm-based PID tuning method is provided in
Appendix B.

4.3.3 Results and Discussion

In order to further enhance the performance criteria, including minimal overshoot, rapid set-
tling time, and low steady-state error, a cost function is formulated based on the performance
metrics ITAE and ISE combined. For instance, ITAE penalizes sustained errors more than
transient ones, whereas ISE emphasizes large errors due to the squaring operation. These
indices are combined through scalarization, forming a single aggregated fitness function:

f(Kp, Ki, Kd) = w1IAE + w2ISE (4.14)

where w1 and w2 are predefined weights representing the priority assigned to each perfor-
mance criterion. In this work, w1 = 0.2 and w2 = 0.8.
The designed PID longitudinal control system is evaluated on a 2 km road segment. Initially,
the PID gains are determined using the conventional trial-and-error method. The perfor-
mance of this approach is then compared to the optimized PID gains via the Jellyfish Search
optimizer and the Genetic Algorithm through MOO. The overall control system is depicted
in Figure 4.8. The speed input selected for this scenario is the optimized sinusoidal profile
(Figure 4.9), characterized by the following parameters: a speed limit of Vm = 28.8 km/h
(i.e., 8 m/s), suitable for urban environments as per the ISO 2631 standard, and an accel-
eration limit of Am = 0.4 m/s2, chosen based on the ISO 22737 standard. This speed input
is designed to reflect urban travel conditions while maintaining safety, smooth driving, and
passenger comfort.
The initialization parameters for both the Genetic Algorithm and the Jellyfish Search algo-
rithm are provided in Tables 4.2 and 4.3, respectively. The corresponding GA results are
illustrated in Figure 4.10, while the statistical indices summarizing the algorithm’s perfor-
mance are presented in Table 4.4.
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Figure 4.8: Optimized PID longitudinal control.

Table 4.2: GA parameters

Parameter Value
Number of variables 3
Lower bounds [0, 0, 0]
Upper bounds [20, 500, 10]
Max generations 50
Population size 100
Crossover fraction 0.8
Mutation Adaptive feasible mutation

Table 4.3: JS parameters

Parameter Value
Dimensions 3
Lower bounds [0, 0, 0]
Upper bounds [20, 500, 10]
Max iterations 50
Population size 100
Stopping condition Convergence check
Initialization method Logistic map
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Figure 4.9: Optimized sinusoidal speed profile.
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Figure 4.10: Genetic Algorithm optimization results through MOO.

Table 4.4: Genetic Algorithm optimization results through MOO.

Generation Func-count Best f(x) Mean f(x) Stall Generations
1 200 5.103 44.930 0
2 295 5.094 11.300 0
3 390 5.092 8.905 0
4 485 5.092 7.892 0
5 580 5.092 6.107 1
6 675 5.087 5.937 0
7 770 5.087 5.328 0
8 865 5.087 5.097 0
9 960 5.087 5.095 0
10 1055 5.087 5.094 0
11 1150 5.087 5.093 0
12 1245 5.087 5.093 1
13 1340 5.084 5.092 0
14 1435 5.084 5.091 1
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Generation Func-count Best f(x) Mean f(x) Stall Generations
15 1530 5.084 5.087 0
16 1625 5.084 5.087 1
17 1720 5.084 5.086 2
18 1815 5.083 5.086 0
19 1910 5.083 5.086 0
20 2005 5.083 5.086 1
21 2100 5.083 5.085 0
22 2195 5.083 5.084 1
23 2290 5.083 5.084 2
24 2385 5.083 5.083 3
25 2480 5.083 5.083 0
26 2575 5.083 5.083 0
27 2670 5.083 5.083 0
28 2765 5.083 5.084 1
29 2860 5.083 5.083 2
30 2955 5.083 5.083 3
31 3050 5.083 5.083 4
32 3145 5.083 5.083 0
33 3240 5.083 5.083 0
34 3335 5.083 5.083 1
35 3430 5.083 5.083 2
36 3525 5.083 5.083 3
37 3620 5.083 5.083 0
38 3715 5.083 5.083 1
39 3810 5.082 5.083 0
40 3905 5.082 5.083 1
41 4000 5.082 5.083 2
42 4095 5.082 5.083 0
43 4190 5.082 5.083 0
44 4285 5.082 5.083 0
45 4380 5.082 5.083 0
46 4475 5.082 5.083 0
47 4570 5.082 5.083 0
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Generation Func-count Best f(x) Mean f(x) Stall Generations
48 4665 5.082 5.083 0
49 4760 5.082 5.083 0
50 4855 5.082 5.083 1

The Jellyfish Search (JS) algorithm demonstrates strong effectiveness in PID gain opti-
mization, achieving convergence by the 7th iteration with a best cost function value of 5.083.
Table 4.5 presents a comparative analysis of the PID gains obtained using the JS algorithm,
Genetic Algorithm, and conventional tuning.

Table 4.5: Comparative study of PID gains

Technique Kp Ki Kd Objective Function
Conventional PID 19.000 100.000 0.500 44.7791

JS optimizer 4.3455 499.998 9.7863 5.083
GA 0.00087 499.999 4.2312 5.082

In terms of optimizing the objective function, both metaheuristic algorithms JS and GA
significantly enhance PID tuning compared to conventional methods. While their final per-
formances are quite similar, the JS algorithm offers a slightly more balanced distribution
of gains. Additionally, the JS optimizer reached convergence as early as the 7th iteration,
whereas the GA required around 39 iterations to converge. This demonstrates the JS al-
gorithm’s advantage in computational efficiency, achieving high-quality optimization with
reduced time cost.
The speed outputs and their corresponding error plots of the Jellyfish algorithm, Genetic
algorithm, and conventional PID are depicted in Figures 4.11 and 4.12, respectively. All
methods exhibit good tracking performance. However, the zoomed-in inset highlights an
overshoot in the response of the conventional PID controller, while the GA and JS optimizer
generate smoother outputs with less deviation, indicating improved control performance.
Figure 4.12 further shows that the conventional PID struggles during the transient phase,
presenting larger errors and reduced steady-state accuracy. In contrast, the GA and JS meth-
ods demonstrate their effectiveness by offering more stable and accurate responses. Table 4.6
highlights the results discussed earlier, where both the JS optimizer and GA significantly
outperform the conventional PID tuning approach. Notably, both metaheuristic methods
achieve zero overshoot, shorter settling times, and markedly reduced Steady-State Errors
(SSE). Among them, the JS optimizer exhibits a slight edge in terms of rapidity, indicating
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faster system responsiveness. These findings suggest that nature-inspired optimization algo-
rithms, such as JS and GA, offer substantial improvements in control precision and stability.
The enhanced performance metrics especially in minimizing transient errors and achieving
faster convergence, make these approaches more suitable for dynamic systems requiring high
reliability and efficiency.

Table 4.6: Performance criteria comparison

Technique Overshoot (%) Settling Time (s) Rise Time (s) SSE (m/s)
Conventional PID 0.52 41.64 34.236 10−4

JS 0.00 38.93 34.153 10−5

GA 0.00 40.41 34.156 10−5
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Figure 4.11: Speed output response
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Figure 4.12: Error response

4.4 Conclusion

This chapter has provided a comprehensive investigation of metaheuristic algorithms, focus-
ing on their application to PID tuning. Through detailed analysis and comparison, both
the Genetic Algorithm and the Jellyfish Search optimizer demonstrated significant improve-
ments over conventional PID tuning methods, particularly in terms of accuracy, convergence
speed, and tracking performance. Among them, the JS algorithm achieved slightly better
dynamic response and faster convergence, making it well-suited for real-time control sce-
narios. However, despite their effectiveness under ideal conditions, these optimizers rely on
static parameter settings and may struggle with dynamic uncertainties. These limitations
underscore the need for adaptive and robust control strategies, which will be addressed in
the following chapters.
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Chapter 5

Adaptive Control Theory and
Implementation
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5.1 Introduction

This chapter discusses adaptive control, emphasizing its importance in systems where tradi-
tional control laws may be insufficient. Traditional control laws are highly effective for linear
systems with constant parameters. However, when these parameters become variable, the
effectiveness of these control laws diminishes.
The development of traditional control algorithms assumes a fixed (invariant) model, which
means that the controller’s model is also fixed. Consequently, as long as the system does
not experience variations, both the model and the regulator remain valid. However, there
are cases where the system undergoes variations due to parametric variations of the model,
inaccuracies in modelling, and changes in the characteristics of the input signal. Under the
influence of these factors, the controller’s model is no longer valid, which has led to the search
for other controllers that can adapt to the variations of a system.

5.2 Adaptive Control

The adaptive approach has been explored towards the late 1940s and continues to be an area
of intense activity. The term adaptive control referred primarily to a regulator’s ability to
adjust its parameters to both dynamic and static behaviour of a process.
It is a control method that allows the regulator to self-adjust to changes in the process
through:

• The introduction of control actions;

• Changes in the system structure;

• Changes in the control algorithm.

The goal of automatically adjusting the regulator’s parameters in real time is to achieve
satisfactory performance when the process parameters vary over time [56].
The general block diagram for the adaptive control is shown in Figure 5.1. The control loop is
divided into two loops, a main (internal) loop that includes the regulator block (controller), as
well as the process block (plant), and a secondary (external) loop that responds to variations
in the process parameters through an adaptation mechanism that makes the system adaptive
[57].
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Figure 5.1: Adaptive Control block diagram.

Classification of Adaptive Control Systems
The structure used to update regulator parameters online based on the variations of the
process to be controlled differs from one control system to another. Three main classes of
adaptive control are distinguished [58]:

• Gain scheduling;

• Self-tuning controllers;

• Model Reference Adaptive control.

5.2.1 Gain Scheduling

This method assumes that the nonlinearities are known, as there is no correction to com-
pensate for incorrect programming (open-loop operation). However, it has the advantage of
quickly adjusting the controller parameters during rapid changes in the process dynamics.
The main drawbacks of this method are:

• The effects of disturbances due to inaccuracies are not compensated in open-loop;

• The cost of the regulator is high due to the complexity of modeling the relationships
between disturbance measurements and process dynamics.

5.2.2 Self-Tuning Controllers

This method’s principle is based on online parameter estimation, which means that the sys-
tem parameters are assumed unknown and not directly used. At each iteration, a new model
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is obtained, and the regulator ensures the satisfaction of nominal specifications. Identifica-
tion and control design are treated independently based on the principles of separation and
certainty equivalence. Only the control criterion is involved in the synthesis of the regulator,
without considering the performance of the estimation, and vice versa. Furthermore, the
principle of certainty equivalence reflects the fact that any error in identification is not taken
into account in the design of the control law.

5.2.3 Model Reference Adaptive Control

Model Reference Adaptive Control (MRAC) first appeared in 1958 in an article published
by M.P. Whitaker, J. Yamron, and A. Keser. The basic idea is to use a reference model,
which takes an input reference and provides the desired output. This model indicates how
the process should behave in response to a control signal [59].
Its basic principles are as follows:

• The system output must follow the reference model output;

• The tracking error is given by: e(t) = ym(t)− y(t);

• The closed-loop system is based on a feedback control law;

• The control system includes a controller (internal loop) and an adjustment mechanism
(external loop).

y(t) and ym(t) are the process and model reference outputs, respectively.
The basic structure of the reference model control systems is represented by the following
diagram 5.2 [60]. The structure consists of two loops:

• The correction loop;

• The adjustment loop.
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Figure 5.2: MRAC block diagram.

The correction loop: It includes the system to be controlled and the regulator, whose
parameters are automatically adjusted through an adjustment mechanism.
The adjustment loop: It includes the adjustment mechanism, which takes as input the
tracking error between the reference model output and the process output, with the goal of
designing the adjustment law for the controller parameters.
This method offers the following advantages:

• Stability and control performance;

• Simplicity of implementation;

• Reliability, which explains its widespread use in various application areas.

5.3 Synthesis Methods for MRAC Algorithms

Concept of Performance Index
It is a criterion on which the development of the adjustment mechanism is based. Its main
objective is to reduce/eliminate the error e(t) between the output of the reference model and
the output signal of the real system. The performance criterion depends on the quality of
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the reference model and the self-tuning criterion. The latter helps optimize the adjustment
of the internal loop system relative to the reference model, thus determining the quality of
the control. The self-tuning criterion is defined by a function J that depends on the error
e(t).

J(e) = J(ym(t)− y(t)) (5.1)

The most commonly used performance criteria are:

• Linear criterion: J1 =
∫ ∞

0 |e(t)| dt;

• Quadratic criterion: J2 =
∫ ∞

0 e(t)2 dt;

• Weighted linear criterion: J3 =
∫ ∞

0 t|e(t)| dt.

The primary synthesis methods include:

• Gradient method;

• Direct Lyapunov method;

• Popov’s Hyperstability method.

5.3.1 The Gradient Method

This method employs the minimization of the performance index based on the gradient of
the parameters. It does not require global stability, but rather a balance between stability
and response speed.
Let J(e) be the given quality criterion:

grad J(e) =
{

∂J

∂b1
,

∂J

∂b2
, . . . ,

∂J

∂bn

}
(5.2)

This vector represents the gradient of the criterion J with respect to the vector Br of the
adjustable parameters b1, . . . , bn.
The gradient method adjusts the parameters so that their rate of change is proportional to
the elements of the gradient of J , i.e.:

b′
i(t) = −γi

∂J

∂bi

(5.3)

Once the function J is selected, the vector Br can be extracted, allowing the determination
of the adaptive control law that depends on the adjustable parameters bi [61].
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5.3.2 Lyapunov’s Direct Method

The direct Lyapunov method is commonly applied in the field of control engineering. This
approach relies on the concept of energy. It determines system stability by constructing
a scalar function of the system’s states and analysing its time-dependent variation. The
method follows this logic:
If the process error is bounded, then the model reference control system is stable.
The structure of the adjustment loop is designed according to the Lyapunov stability condi-
tion. The control system is described in Cauchy form (Equation (5.4)) [59].

ẏ = Fi(y1, y2, . . . , yn, t) (5.4)

A Lyapunov function is selected in the following form:

V = V (y1, y2, . . . , yn) (5.5)

V is a defined function with a specific sign, and its derivative with respect to time must have
the opposite sign to ensure asymptotic stability. Thus, this function is crucial for studying
the stability of a system. However, there is no general law to obtain the precise formula for
any given system.
Consider the equation of the main system (5.6) and that of the reference model (5.7):

y(n) +
n−1∑
i=0

ai(t)y(i) = Ks(t)yc(t) (5.6)

y(N)
m +

N−1∑
j=0

bjy
(j)
m = Kmyc(t) (5.7)

where ai(t) and Ks(t) are time-varying coefficients, while bj and Km are the constant coeffi-
cients of the model.
As defined by the error:

e(i) = y(i)
m − y(i) (5.8)

By substituting the two previous Equations 5.6 and 5.7, as well as ∑N−1
j=0 bjy

(j)
m into both

sides, the following result is obtained:

y(N)
m − y(n) +

N−1∑
j=0

bjy
(j)
m −

N−1∑
j=0

bjy
(j) = [Km −Ks(t)]yc(t) +

n−1∑
i=0

ai(t)y(i) −
N−1∑
j=0

bjy
(j) (5.9)

Let N = n and i = j:

e(n) +
n−1∑
i=0

bie
(i) =

n−1∑
i=0

[ai(t)− bi]y(i) + [Km −Ks(t)]yc (5.10)
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Equation (5.10) is used for synthesizing the law for changing the adjustable parameters γi(t)
of the main loop, the adjustment mechanism is designed to modify the coefficients of the
main loop so that the error is zero, i.e.:

lim
t→+∞

e(t) = 0⇒ lim
t→+∞

Ks(t) = Km and lim
t→+∞

ai(t) = bi (5.11)

The adjustment of the coefficients takes place over a time interval t ∈ [tk, tk + Tk].
Let:

ks(t) = ka(t)k0(t) = ka(t)k0(Tk) (5.12)

ai(t) = ai(Tk) + k0(Tk)ci(t) (5.13)

Thus, Equation (5.10) becomes:
e(n) + ∑n−1

i=0 bie
(i) = [km − ka(t)k0(Tk)]yc(t)− {bn−1 − [an−1(Tk) + k0(Tk)cn−1]}y(n−1)

− . . .− {b0 − [a0(Tk) + k0(Tk)c0]}y
Defining the adjustable parameters denoted γi(t) as follows:

γn+1 = km − ka(t)k0(Tk) (5.14)

γn = bn−1 − [an−1(Tk) + k0(Tk)cn−1] (5.15)

. . . (5.16)

γ1 = b0 − [a0(Tk) + k0(Tk)c0] (5.17)

The result is:

e(n) +
n−1∑
i=0

bie
(i) = γn+1yc(t)− γny(n−1) − γn−1y

(n−2) − . . .− γ1y (5.18)

If the dynamic error is written as e(i) = xi+1, the following system of equations is obtained:

ẋ1 = x2, (5.19)

ẋ2 = x3, (5.20)

. . . (5.21)

ẋn−1 = xn, (5.22)

ẋn = −b0x1 − b1x2 − . . .− bn−1xn + u0(t); (5.23)

It follows:
u0(t) = γn+1yc(t)− γny(n−1) − γn−1y

(n−2) − . . .− γ1y (5.24)

The previous system of equations can be written in a condensed form:

ẋ = Ax + u (5.25)
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where :

A =



0 1 0 . . . 0
0 0 1 . . . 0

. . . . . . . . . . . . 0
... . . . . . . . . . 1
−b0 −b1 −b2 . . . −bn−1


(5.26)

u =



0
0
...

u0

 (5.27)

The positive-definite Lyapunov function in Equation (5.28) is chosen based on the concept
of energy that satisfies the negative (semi) definiteness of its time derivative [62].

V = xT Px +
n+1∑
i=1

λiγ
2
i (5.28)

λi are positive weighting constants and P is a positive definite symmetric matrix.

P =


p11 p12 . . . p1n

p21 p22 . . . p2n

. . . . . . . . . . . .

pn1 pn2 . . . pnn

 (5.29)

Assuming that the matrix A is regular (invertible), the Lyapunov function (5.28) is differen-
tiated to obtain:

V̇ = ẋT Px + xT Pẋ +
n+1∑
i=1

2λiγiγ̇i = (Ax + u)T Px + xT P (Ax + u) +
n+1∑
i=1

2λiγiγ̇i (5.30)

Taking into account the matrix product transposition rule: (AB)T = BT AT ; (ABCD)T =
DT CT BT AT , Equation (5.30) can be expressed as:

V̇ = xT (AT P + PA)x + 2xT Pu +
n+1∑
i=1

2λiγiγ̇i (5.31)

Let AT P + PA = −Q, where Q is a diagonal matrix with elements qij > 0 for i = j and
qij = 0 for i ̸= j.

Q =



q11 0 · · · 0
0 q22 · · · 0
... ... . . . ...
0 0 · · · qnn

 (5.32)
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The determination of the law for changing the adjustable parameters γi(t) is based on the
stability condition of the self-adjusting process.
Stability condition:
The derivative of the Lyapunov function must be negative definite (V̇ < 0).

It is established that the self-adjusting process is stable if the following condition is
satisfied (5.33).

2xT Pu +
n+1∑
i=1

2λiγiγ̇i ≤ 0 (5.33)

This inequality is satisfied if γ̇i are chosen in the following form:

γ̇1 = 1
λ1

(pn1x1 + pn2x2 + . . . + pnnxn)y (5.34)

γ̇2 = 1
λ2

(pn1x1 + pn2x2 + . . . + pnnxn)y(1) (5.35)

... (5.36)

γ̇n = 1
λn

(pn1x1 + pn2x2 + . . . + pnnxn)y(n−1) (5.37)

γ̇n+1 = 1
λn+1

(pn1x1 + pn2x2 + . . . + pnnxn)yc(t) (5.38)

Hence, the adjustment algorithm can be deduced.

k̇a = 1
k0(Tk)λn+1

(pn1x1 + pn2x2 + . . . + pnnxn)yc (5.39)

ċn−1 = − 1
k0(Tk)λn

(pn1x1 + pn2x2 + . . . + pnnxn)y(n−1) (5.40)

... (5.41)

ċ0 = − 1
k0(Tk)λ1

(pn1x1 + pn2x2 + . . . + pnnxn)y (5.42)

Considering e(i) = xi+1, the adjustment algorithm can be expressed in a condensed form as
follows.

k̇a(t) =
∑n

i=1 pnie
(i)yc

k0(Tk)λn+1
(5.43)

ċn−1(t) =
∑n

i=1 pnie
(i)yi−1

k0(Tk)λi

(5.44)

This algorithm is employed to develop model reference adaptive systems, and the parameter
calculations are carried out within defined self-adjustment intervals, with the values pni chosen
according to the conditions of the matrices P and Q.
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5.3.3 Popov’s Hyperstability Method

This method was developed to address certain limitations identified in the Lyapunov method.
It was further refined by researchers such as Landau for the synthesis of model reference adap-
tive control systems. The aim is to find a mechanism that can both eliminate the error and
ensure system stability. Since the dynamics of physical systems are often governed by com-
plex, strongly coupled nonlinear differential equations, finding the explicit solution to these
equations to study stability is typically a challenging task. To overcome this issue, Popov’s
hyperstability theory has become widely adopted within the control systems community [63].

5.3.3.1 Concept of Hyperstability

The concept of hyperstability was introduced by Popov for the stability analysis of dynamic
systems with nonlinear feedback. Popov’s stability criterion is based on the idea that total
energy in the system must always be non-decreasing. This can be expressed by the inequality:
Energy supplied + Initial energy ≥ Stored energy.
Mathematically, this relationship is formulated as follows.∫ t

t0
uT (τ)y(τ)dτ + 1

2xT (t0)x(t0) ≥
1
2xT (t)x(t) (5.45)

This inequality expresses the principle of energy conservation in linear passive systems, en-
suring stability. Since then, Popov’s work has focused on extending this principle to real
passive systems, that is, non-linear systems [63].

Hyperstability of Linear Systems
The hyperstability of linear systems, also known as the concept of positivity, involves studying
local stability around an equilibrium point. In contrast, Popov’s integral inequality, based
on the concept of energy, determines the global stability of the system within its operating
domain.

Hyperstability of Nonlinear Systems
From inequality (5.45), the hyperstability of a nonlinear system, as demonstrated by Popov,
is obtained. A nonlinear system is weakly hyperstable if, for ( t ≥ t0) with ( t0 ≥ 0 ), u(τ)
satisfies the inequality: ∫ t

t0
uT (τ)y(τ)dτ ≥ −γ0

2 (5.46)

Here, γ0 is a time-independent constant. This definition is particularly important for the
analysis of the stability of nonlinear systems.

84



Adaptive Control Theory and Implementation

5.3.3.2 Study of Model Reference Adaptive Control through Hyperstability

Consider the nonlinear dynamic system:

ẋ(t) = Ax(t) + Bu(t) + fNL(x, t) (5.47)

y(t) = Cx(t) (5.48)

Where:
A: matrix of size n× n

B: input matrix of size m× n

x(t): state vector of dimension n

u(t): control vector of dimension m

fNL(x, t): time-varying nonlinear term.
The vector y and the matrix C represent the output variable and matrix, respectively, of
appropriate dimensions.
The reference model is given by:

ẋm(t) = Amxm(t) + Bmr(t) (5.49)

ym(t) = Cmxm(t) (5.50)

The error vector is defined by the following.

e(t) = xm(t)− x(t) (5.51)

The objective is to achieve a zero steady-state error, limt→+∞ e(t) = 0, by generating a control
law through a regulator. This control law is calculated based on measured quantities using
linear adaptation gains. The latter is given by [63]:

u(t) = −Kpx(t) + Kur(t) + Kee(t) (5.52)

where Ke,Ku, Kp are linear adaptation gains.
Ke: for closed-loop stabilization;
Ku, Kp: for reference tracking.
The dynamic error equation is given by:

ė(t) = Amxm(t) + (−A + BKp)x(t) + (Bm −BKu)r(t)−BKee(t)− fNL(x, t) (5.53)

By adding Amx(t) to both sides:

ė(t)+Amx(t) = Amxm(t)+(−A+BKp)x(t)+(Bm−BKu)r(t)−BKee(t)−fNL(x, t)+Amx(t)
(5.54)
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ė(t) = (Am − A + BKp)x(t) + (Bm −BKu)r(t) + (Am −BKe)e(t)− fNL(x, t) (5.55)

To obtain a linear time-invariant system, it is necessary that:

fNL = 0 (5.56)

(Bm −BKu) = 0 (5.57)

(Am − A + BKp) = 0 (5.58)

Thus, the variation of the error becomes:

ė(t) = (Am −BKe)e(t) (5.59)

(Am − BKe) = Ae, represents the dynamic error matrix, where Ae is chosen such that it
forms a Hurwitz matrix. A matrix is classified as Hurwitz if all of its eigenvalues have
strictly negative real parts, which ensures the system’s stability. This property directly leads
to the satisfaction of condition limt→+∞ e(t) = 0, meaning that the error tends to zero as time
approaches infinity. In addition to Ae being the chosen matrix and using Equation (5.58),
the following results are achieved.

Ke = (BT B)−1BT (Am − Ae) (5.60)

Kp = (BT B)−1BT (A− Am) (5.61)

Ku = (BT B)−1BT Bm (5.62)

The equations for Ku and Kp cannot be satisfied unless the following Erzberger conditions
are met:

(In −B(BT B)BT )(A− Am) = 0 (5.63)

(In −B(BT B)BT )Bm = 0 (5.64)

5.3.3.3 Nonlinear Time-Varying System fNL(x, t) ̸= 0

The control developed in the previous part, where fNL(x, t) = 0, yields satisfactory perfor-
mance only when the system is linear and invariant in time. To address this, it is necessary
to introduce a nonlinear control to compensate for the parametric variations of the system.
The error equation becomes the following.

ė(t) = (Am −BKe)e(t)− fNL(x, t) (5.65)

The control law is the sum of a linear component and a nonlinear component.

u(t) = u1(t) + u2(t) (5.66)
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With :

u1(t) = −Kpx(t) + Kur(t) + Kee(t) (5.67)

u2(t) = Kxx(t) + Kwr(t) + Kθe(t) (5.68)

Here, Kx, Kw, and Kθ are nonlinear adaptation gains.
x(t) is the output signal, r(t) is the reference signal and e(t) is the error between the output
signal and the output of the reference model.

5.3.3.4 Hyperstability conditions of a system

• The linear part must be strictly positive and real;

• The nonlinear part must satisfy the Popov inequality (5.46).

Since the Popov inequality is not easy to solve, Landau proposed a proportional-integral
adaptation law to compute the nonlinear adaptation gains [63].

Kx =
∫ t

0
MvxT Sdt + LvxT S (5.69)

Kw =
∫ t

0
GvrT Tdt + FvrT T (5.70)

Kθ =
∫ t

0
QveT Udt + PveT U (5.71)

With:
v = De: the output vector of the linear block.
The matrices M , G, Q, S, T , and U are defined as positive, while the matrices L, F , and
P are semi-positive definite. These equations have been simplified to find a solution to the
Popov inequality as follows.

Kx =
∫ t

0
k1vxT dt + k2vxT (5.72)

Kw =
∫ t

0
k1vrT dt + k2vrT (5.73)

Kθ =
∫ t

0
k1veT dt + k2veT (5.74)

(5.75)

With: k1 > 0, k2 ≥ 0, and they must satisfy:

S = T = U = 1 (5.76)

M = G = Q = k1In (5.77)

L = F = P = k2In (5.78)
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The choice of k1 and k2 depends on the system being controlled and the adaptation error.

5.4 Comparative Evaluation of Adaptive Speed Con-
trol Strategies

The primary objective of this section is to compare Lyapunov-based and hyperstability-
based model reference adaptive control approaches for autonomous vehicle speed regulation,
a critical requirement for ensuring safety, comfort, and efficiency. Adaptive control techniques
have demonstrated remarkable robustness in handling system uncertainties and external
disturbances.

5.4.1 Hyperstability Criterion on Longitudinal Adaptive Control

This section presents the implementation of hyperstability-based model reference adaptive
control for the vehicle’s longitudinal dynamics, where a DC motor is used as the speed con-
trol actuator. Mechanical dynamics of the latter are used as the main system to construct
the adaptive mechanism. This approach is particularly crucial in the context of autonomous
electric vehicles, where precise and reliable speed regulation is critical for safe and efficient
operation [5].

Implementation
The control law applied on the actuator’s dynamics is given by:

u(t) = u1(t) + u2(t) (5.79)

Where:
u1(t) = −KpΩ + KuΩref + Kee (5.80)

u2(t) = KxΩ + KwΩref + Kθe (5.81)

The equation representing the motor’s dynamics is given by:

J
dΩ
dt

= Tem − fΩ− TL (5.82)

The chosen reference model is as follows.

τ
dΩm

dt
+ Ωm = kΩref (5.83)
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The tracking error (between the reference model and the motor’s model) is defined as
follows.

e = Ωm − Ω (5.84)

Applying identification with Equations 5.49 and 5.47, the following parameters are ob-
tained:

• Am: − 1
τ

• Bm: k
τ

• A: − f
J

• B: 1
J

Hence, the linear gains are obtained and given in Table 5.1.

Parameter Ku Kp Ke

Expression Jk
τ

J
τ
− f J

(
1− 1

τ

)
Table 5.1: Linear gain parameters and their expressions.

The nonlinear gains are computed as follows:

Kx =
∫ t

0
M · v · Ω dt + L · v · Ω (5.85)

Kw =
∫ t

0
G · v · Ωref dt + f · v · Ωref (5.86)

Kθ =
∫ t

0
Q · v · e dt + P · v · e (5.87)

Where:

• v = D.e

• S = T = U = 1

• F = L = P = k1

• G = M = Q = k2
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Table 5.2: Hyperstability-based MRAC parameters

Parameter Value
k 1
τ 1× 10−4 s
k1 0.01
k2 0.01
D 5

The model reference adaptive control system based on hyperstability criterion is illus-
trated in Figure 5.3, the corresponding parameters are given in Table 5.2.

Figure 5.3: Hyperstability-based MRAC block diagram

To test the effectiveness of the proposed algorithm, the angular velocity of the DC motor
is plotted. In this test, a sinusoidal profile is used as a reference input for the angular
velocity. Figure 5.4 compares the reference input with the output of the reference model
and the actual output. As observed, the actual velocity successfully tracks the reference
velocity. Furthermore, it performs a high degree of alignment with the model reference
output, demonstrating the effectiveness of the proposed adaptive control mechanism.
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Figure 5.4: Hyperstability-based MRAC angular velocity results

5.4.2 Lyapunov-based Longitudinal Adaptive Control

This section presents the implementation of Lyapunov-based model reference adaptive control
for autonomous vehicle speed regulation. .
Implementation
The reference model is defined as a first-order system, given in Equation 5.88.

Wm(s) = Ωm

Ωref
= 1

τs + 1 (5.88)

Ωm represents the model’s speed, while Ωref denotes the speed reference, and τ is a time
constant.
The transfer function for the main system is obtained from Equation 3.11 and is expressed
as follows.

W0(s) = Ω
Tem − TL

=
1
J

s + f
J

(5.89)

Applying identification with Equations 5.6 and 5.7, the following parameters are obtained
(Table 5.3).

The coefficients to be adjusted are reduced to:

γ1 = b0 − [a0 + K0c0(t)] (5.90)
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Table 5.3: Identified parameters

Parameter Expression
a0

f
J

k0
1
J

km = b0
1
τ

γ2 = km − ka(t)k0 (5.91)

Hence, the adjustment mechanism is deduced:

k̇a = 1
k0 · λ2

· P · e · Ωref,

ċ0 = − 1
k0 · λ1

· P · e · Ω
(5.92)

Considering that the controlled system is a first-order system, A, P , and Q are scalars.
A = −b0 and P = Q

2b0
. The tracking error and the control law are given by Equations 5.93

and 5.94, respectively.
e = Ωm − Ω (5.93)

u0 = γ2Ωref − γ1Ω (5.94)

The Lyapunov-based MRAC system is illustrated in Figure 5.5, the corresponding parameters
are given in Table 5.4.

Table 5.4: Lyapunov-based MRAC parameters

Parameter Value
τ 5 · 10−5 s
λ1 0.1
λ2 0.1
Q 0.001
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Figure 5.5: Lyapunov-based MRAC block diagram

To assess the effectiveness of the proposed algorithm, the actuator’s angular velocity is
depicted in Figure 5.6, where a sinusoidal signal is used as a reference input. As shown, the
actual velocity closely follows the reference input and exhibits strong agreement with the
reference model output. These results, obtained using the Lyapunov-based approach, are
consistent with those previously achieved using the hyperstability-based criterion. Thereby,
reinforcing the validity and robustness of the proposed adaptive control strategy.
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Figure 5.6: Lyapunov-based MRAC angular speed results
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5.4.3 Results and Discussion

In this section, the performance of the two adaptive control strategies is comparatively eval-
uated in speed regulation. Both control systems are tasked with accurately tracking a prede-
fined speed reference profile. The reference input chosen for this study is a sinusoidal speed
profile, designed to continuously vary between 0 m/s and 8 m/s over time. This type of
reference profile allows for assessing the controllers abilities to handle both acceleration and
deceleration phases, making it a suitable benchmark for adaptive speed control applications.
Two distinct configurations of the overall control system are considered. In both cases, the
core structure of the speed control system includes a speed reference generator, an actuator
(DC motor), a feedback loop for measuring the actual motor speed, and a controller respon-
sible for adjusting the control input based on the tracking error.
The key difference between the two configurations lies in the design methodology of the
adaptive controller.

The first configuration employing hyperstability-based adaptive controller is given in Fig-
ure 5.7, and the configuration with Lyapunov-based adaptive controller is shown in Figure
5.8. Both control systems are implemented and tested under the same operating conditions.
Their performance is then compared in terms of transient response, steady-state accuracy,
and overall robustness during both acceleration and deceleration phases. This comparative
analysis is crucial, as it allows for identifying the control strategy that delivers the most
reliable and consistent results for the intended application. The selected controller from this
study will be used as the baseline solution for the remaining parts of this thesis, which will
address more advanced control scenarios. Figure 5.9 presents the speed tracking performance
along with the corresponding error plots of both controllers.

Figure 5.7: Overall control system with hyperstability-based adaptive controller
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Figure 5.8: Overall control system with Lyapunov-based adaptive controller

The speed responses of the controllers closely follow the speed reference as shown in the
speed plot in Figure 5.9. During the acceleration and deceleration phases, both controllers
demonstrate rapid convergence with minimal overshoot. The speed error plot highlights sub-
tle differences in the transient tracking behaviour. The Lyapunov-based controller achieves
a slightly tighter adherence to the reference trajectory, with its error converging more effec-
tively to zero, whereas the hyperstability-based controller exhibits a less accurate transient
response with a marginally larger tracking error.

Key observations include:

• Initial transient phase (0–20 s): The hyperstability controller exhibits a higher
peak error, approximately 5 × 10−3 m/s, while the Lyapunov controller maintains a
lower peak error of around 2× 10−4 m/s.

• Error convergence: Both errors decay rapidly within 30 s, with the Lyapunov con-
troller achieving slightly faster convergence.

• Steady-state performance: Both controllers maintain negligible steady-state errors,
on the order of 10−4 m/s.

• Deceleration phase (after 250 s): The hyperstability controller shows slightly more
oscillatory behaviour, while the Lyapunov controller achieves lower amplitude oscilla-
tions with quicker settling.

Table 5.5 summarizes key quantitative performance metrics.
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Table 5.5: Quantitative comparison of control strategies.

Performance metric Lyapunov-based control Hyperstability-based control

Peak transient error (m/s) 2× 10−4 5× 10−3

Steady-state error (m/s) < 10−4 < 10−4

Settling time (s) 30 35
Deceleration phase overshoot Lower Higher
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Figure 5.9: Speed tracking performance comparison.
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Overall, both adaptive control strategies exhibit robust and precise speed tracking capabil-
ities. However, the Lyapunov-based adaptive controller outperforms the hyperstability-based
controller across several important aspects of transient performance. Specifically, it achieves
lower peak errors during rapid changes in the reference speed, demonstrating a more disci-
plined and stable transient response. Additionally, the Lyapunov-based controller exhibits
faster error convergence, with the tracking error diminishing more quickly to zero compared
to its counterpart. Another notable advantage is the reduction of oscillations during deceler-
ation phases, where the hyperstability-based controller tends to display minor fluctuations.
These performance improvements can be attributed to the Lyapunov-based controller’s for-
mal guarantee of global asymptotic stability, achieved through the careful design of a suitable
Lyapunov function. This approach allows for more consistent and effective adaptive gain tun-
ing, resulting in tighter error regulation and improved overall tracking accuracy throughout
the entire speed profile.

5.5 Conclusion

This chapter provided a comprehensive overview of adaptive control principles, highlighting
its key mechanisms and structural configurations. Adaptive control systems are designed to
modify their behaviour in response to changes in system dynamics and external disturbances,
ensuring consistent performance even under uncertain conditions. The general architecture
of an adaptive control system consists of two interconnected loops: a conventional feedback
loop comprising the process and regulator, and an adaptation loop responsible for adjusting
control parameters in real-time. The nature of this adaptation mechanism varies based
on the chosen control approach, whether it involves preprogrammed adjustments, model
reference frameworks, or self-tuning regulators. In this work, the focus was directed toward
Model Reference Adaptive Systems (MRAS), with two specific adaptive control strategies
implemented and evaluated: a hyperstability-based adaptive controller and a Lyapunov-
based adaptive controller. Both configurations were tested using a sinusoidal speed reference
profile, designed to assess their transient and steady-state tracking capabilities under varying
conditions. Comparative analysis revealed that while both controllers achieved satisfactory
steady-state accuracy and rapid error convergence, the Lyapunov-based adaptive controller
consistently outperformed its counterpart. In light of these findings, the Lyapunov-based
adaptive controller has been selected as the primary control strategy for the subsequent
chapters of this thesis.

97



Chapter 6

Performance Summary and Insights
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6.1 Introduction

This chapter summarizes the main contributions and results achieved during the progressive
development and evaluation of the autonomous vehicle control system. The control system
is structured into two modules:

• Lateral control: A fixed PI controller is used throughout all experiments to regulate
the steering angle. Its performance is evaluated through specific lateral test scenarios.

• Longitudinal control: Several controllers are investigated and compared.

The initial implementation for longitudinal control employed a classical PID controller to reg-
ulate vehicle speed. To enhance performance, offline optimization using Genetic Algorithm
and Jellyfish Search was applied. The JS-based controller demonstrated superior accuracy
and faster convergence compared to GA-PID and baseline PID. Subsequently, a Model Ref-
erence Adaptive Control (MRAC) approach was introduced to ensure online adaptability.
Two variants were considered:

• Hyperstability-based MRAC

• Lyapunov-based MRAC

Simulation results highlighted the Lyapunov-based MRAC’s superiority in terms of tracking
precision and robustness under dynamic conditions.

6.2 System Configuration

The system performance is assessed under four tests to evaluate both lateral and longitudinal
behaviour. The methodology for longitudinal control follows a progressive enhancement from
classical control to optimization-based techniques, and finally to adaptive control, as outlined
below. Each control strategy is tested under realistic vehicle dynamics. The progression
includes:

1. Classical PID controller

2. Optimized PID controller using Jellyfish Search

3. Lyapunov-based Model Reference Adaptive Controller
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The physical and dynamic parameters of the vehicle used in the simulations are summarised
in Table 6.1.

Table 6.1: Vehicle parameters

Parameter Value
Wheelbase L 2.96 m
Tire radius R 0.2667 m
Speed limit Vm 8 m/s
Acceleration limit Am 0.4 m/s2

6.3 Test Scenarios and Results

6.3.0.1 Steady-State Circular Test

To evaluate the lateral control performance under steady-state conditions, a circular trajec-
tory of radius r = 120 m is selected. A constant steering input is applied, calculated according
to Ackermann steering geometry [64]:

δ = tan−1
(

L

r

)
L denotes the vehicle’s wheelbase. This setup allows for a consistent curvature, ensuring

that the vehicle remains on a circular path throughout the test.
Figure 6.1 illustrates the vehicle’s position tracking along a circular trajectory on the XY
plane. As observed, the vehicle’s path closely follows the reference trajectory, demonstrating
the lateral control system’s ability to maintain accurate curvature tracking over time. The
trajectory remains superimposed throughout the test, indicating precise steering angle regu-
lation and minimal lateral deviation. In Figure 6.2, the yaw angle response provides further
insight into the system’s stability. The angle exhibits a smooth and monotonic increase, ulti-
mately converging to approximately 6.28 rad, which corresponds to a full rotation around the
120-meter radius circular path (i.e., 2π radians). The absence of high-frequency oscillations
or instability in the yaw response confirms the effectiveness of the lateral PI controller in
maintaining directional stability under steady-state conditions.

100



Performance Summary and Insights

Figure 6.1: Position tracking along the circular trajectory

Figure 6.2: Yaw angle evolution
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6.3.0.2 Transient Step-Steer Test

To assess the system’s transient performance under rapid directional changes, the ISO 7401
step-steer input is applied. This standard test simulates a sudden and significant change in
the steering angle, typically encountered during emergency manoeuvres or sharp turns. The
objective is to evaluate the responsiveness and stability of the lateral control loop, particularly
in handling abrupt inputs without inducing instability or excessive oscillations.
Figure 6.3 displays the steering angle output in response to the ISO step input. As observed,
the controller enables the system to track the reference with high precision and negligible lag.
The response curve rises sharply, closely following the reference input profile, and stabilizes
without overshoot or delay. This behaviour underscores the efficacy of the PI-based lateral
controller in delivering prompt and stable steering actions. Moreover, the minimal steady-
state error and the smooth transition in the steering profile highlight the controller’s ability
to preserve lateral stability even under aggressive input conditions. Such performance is
essential for ensuring safe and predictable vehicle handling in real-world driving scenarios,
especially when operating at higher speeds or navigating tight curves.

Figure 6.3: Steering angle tracking
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6.3.0.3 Parametric Uncertainty Test

To assess robustness, the armature resistance Ra is increased by 200%. Speed tracking re-
sults under different controllers are shown below. This test aims to assess the robustness and
adaptability of different control strategies when the system is subjected to sudden dynamic
changes.
Figure 6.4 illustrates the vehicle’s speed response before and after introducing resistance
variation, specifically an increase in internal resistance. As observed, the conventional PID
controller exhibits a perceptible tracking delay following resistance variation, deviating from
the reference signal by approximately 0.1 seconds. This lag is indicative of the controller’s
limited ability to adapt to real-time parameter shifts, highlighting its dependency on fixed
gain values tuned under nominal conditions. The JS-optimized PID controller, while demon-
strating better adaptability, still shows a minor deviation of roughly 0.02 seconds. This im-
provement can be attributed to the jellyfish algorithm’s ability to optimize controller gains
for improved performance across a broader operating range. However, its response remains
sensitive to abrupt disturbances, revealing a trade-off between robustness and pre-optimized
performance. In contrast, the MRAC (Model Reference Adaptive Control) exhibits outstand-
ing robustness to resistance variation. Its output remains tightly aligned with the reference
trajectory, both before and after the parameter change. These observations are further con-
firmed in the error plot shown in Figure 6.5. The PID controller exhibits a significant increase
in peak error, from approximately 0.036 m/s to 0.048 m/s—a relative increase of about 33.3%.
Similarly, the JS-PID controller’s overshoot increases from 0.007 m/s to 0.009 m/s, marking
an approximate 28.6% rise. In contrast, MRAC exhibits a flat error profile both before and
after the variation, confirming its superior robustness and adaptability.
Figures 6.6 and 6.7 illustrate the evolution of adaptive parameters during the control pro-
cess. All parameters converge smoothly and remain bounded, indicating that the controller
quickly adapts to system dynamics and achieves stable performance under variation in arma-
ture resistance Ra, with the parameters adjusting in real time to accommodate the internal
changes. The smooth convergence observed highlights the effectiveness of the adaptation
law, which preserves the stability of the closed-loop system despite the presence of internal
perturbations.
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6.3.0.4 Disturbance Rejection Test

In this test, the system is subjected to an external load torque disturbance to assess the
robustness of the controllers. Initially, the load torque is set to its nominal value of 430 N·m.
At time t1 = 50 s, the load torque is increased by 10%, and it returns to its nominal value
at t2 = 100 s.
Figure 6.8 illustrates the speed response of the system under the control of three different
strategies: the Model Reference Adaptive Control, the Jellyfish Search-optimized PID (JS-
PID), and the conventional PID controller. During the disturbance interval, the conventional
PID controller exhibits a pronounced overshoot and a visibly delayed recovery to the refer-
ence trajectory. The JS-PID controller achieves partial mitigation of the disturbance effects,
but still shows a noticeable overshoot and oscillations. In contrast, the MRAC controller
maintains a smooth and accurate speed profile, effectively rejecting the disturbance with no
significant deviation from the reference. The corresponding speed error profiles are presented
in Figure 6.9. Upon the introduction of the disturbance at t1 = 50 s, the conventional PID
controller displays a peak error of approximately 0.16 m/s. The JS-PID controller improves
upon this with a reduced error magnitude of around 0.04 m/s. Nevertheless, both controllers
suffer from delayed convergence back to the desired speed, indicating limited disturbance
rejection capabilities. On the other hand, the MRAC controller demonstrates superior per-
formance, characterized by a minimal and transient deviation from the reference. The system
under MRAC rapidly re-aligns with the desired speed trajectory, evidencing high robustness
and adaptive behaviour in the presence of external disturbances.
Figure 6.10 provides insight into the time evolution of the MRAC controller’s internal pa-
rameters. The adaptation gains γ1(t) and γ2(t) are shown to evolve smoothly over time.
Specifically, γ1(t) slightly decreases while γ2(t) increases, both maintaining large positive
values, indicating that the adaptation mechanism remains active and responsive throughout
the simulation. This adaptive behaviour enables the controller to compensate for system un-
certainties and external disturbances effectively. The control input u(t) shown in the bottom
subplot of Figure 6.10 reacts sharply at the instants of disturbance (t = 50 s and t = 100 s),
with two short impulsive changes that enable the system to reject the load variation quickly.
The control signal remains bounded and stabilizes immediately after the disturbance is miti-
gated, showcasing good transient and steady-state behaviour. Similarly, Figure 6.11 displays
the evolution of two internal parameters, c0(t) and ka(t). The parameter c0(t) increases
steadily from zero to approximately 3× 10−6, while ka(t) decreases symmetrically from 10−6

to −3 × 10−6. This inverse and smooth evolution suggests a well-balanced adaptation pro-
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cess. The adaptive tuning of these parameters ensures that the control law remains effective
in the face of non-linearities and disturbances, further reinforcing the controller’s ability to
maintain performance under variable conditions.
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6.4 Conclusion

This chapter has provided a comprehensive analysis of the performance of the proposed con-
trol strategies for autonomous vehicle navigation, addressing both lateral and longitudinal
dynamics. For lateral control, a fixed PI controller was employed. Through steady-state
and transient tests, it demonstrated excellent tracking precision, stability, and robustness,
even under abrupt steering inputs. Its ability to maintain accurate curvature following and
minimal yaw oscillations underscores its suitability for typical navigation tasks. In the lon-
gitudinal domain, a progressive evaluation was conducted. The baseline PID controller,
though simple, revealed limitations under dynamic uncertainties. Optimization using the
Jellyfish Search algorithm significantly enhanced its responsiveness and accuracy. However,
true robustness and adaptability were achieved with the implementation of a Model Refer-
ence Adaptive Control system. Among its variants, the Lyapunov-based MRAC exhibited
superior performance in handling both parameter uncertainties and external disturbance re-
jection scenarios. Across all test cases, the MRAC approach consistently maintained minimal
tracking error, stable control inputs, and smooth parameter adaptation. These findings con-
firm that leading a comparative study of adaptive control and bio-inspired optimization offers
a powerful and resilient framework for autonomous vehicle control.
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This thesis has presented the development, gain scheduling optimization, and comprehen-
sive evaluation of advanced control strategies for electric autonomous vehicles, addressing
both lateral and longitudinal dynamics within the context of increasingly demanding trans-
portation systems. Motivated by the global pursuit of safer, more efficient, and sustainable
mobility solutions, an integrated control framework combining classical controllers, intelligent
metaheuristic optimization techniques, adaptive control architectures, and realistic motion
planning strategies was proposed.
For lateral control, a Proportional-Integral (PI) controller was adopted for trajectory track-
ing. Its performance was systematically validated under steady-state and transient scenarios,
where it consistently demonstrated smooth yaw response, effective stability, and reliable path
tracking, even under aggressive steering conditions. This confirmed its suitability for real-
time navigation in nominal driving situations.
For longitudinal control, the study began by developing and evaluating two distinct speed
profiles, namely the S-curve and sinusoidal profiles, which were constructed to meet road
safety standards and human comfort thresholds. The comparative analysis of these profiles
provided valuable insight into their suitability for various operational scenarios, establishing
an essential foundation for subsequent control design.
A baseline Proportional-Integral-Derivative (PID) controller was initially deployed for longi-
tudinal speed tracking. While effective under nominal conditions, its performance exhibited
limitations. To enhance its performance, offline tuning using two nature-inspired meta-
heuristic optimization algorithms, the Genetic Algorithm (GA) and the Jellyfish Search (JS)
optimizer, were implemented. Comparative results showed that both algorithms effectively
handled complex nonlinear search spaces, with JS outperforming GA in some cases.
Recognizing the limitations of fixed-gain controllers in dynamic environments, this thesis
progressed to the design of Model Reference Adaptive Control (MRAC) architectures, in-
corporating two distinct formulations. Lyapunov-based MRAC and a Popov Hyperstability-
based MRAC. Through extensive simulation tests incorporating parametric uncertainties,
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abrupt load disturbances, and variable operational conditions, the Lyapunov-based MRAC
consistently emerged as the most robust and precise solution. It exhibited minimal track-
ing error, smooth parameter adaptation, and superior resilience to system variations. The
adaptive mechanism effectively compensated for internal parameter changes and external per-
turbations, confirming its practical reliability for dynamically uncertain autonomous driving
scenarios.
Overall, the methodological contributions of this thesis are significant. A progressive control
framework has been developed, combining classical control, intelligent optimization tech-
niques, and realistic motion planning, while extending the study toward adaptive control
strategies. This approach provides a structured and scalable way to address control chal-
lenges in electric autonomous vehicle systems.

The results demonstrated that while classical and optimization-based fixed-gain con-
trollers achieve satisfactory performance under nominal conditions, adaptive control strate-
gies particularly those based on Lyapunov theory exhibit superior resilience, precision, and
reliability in dynamic and uncertain environments, as evidenced through simulation-based
analysis.
Looking forward, several promising research directions emerge from this work:

• Real-time implementation of the proposed control strategies to assess their practical
applicability.

• Investigating the integration of metaheuristic optimization techniques for offline and
online enhancement of adaptive control laws.

• Conducting an in-depth exploration of metaheuristic algorithms, including their theo-
retical advancements, hybridization strategies, and performance evaluation metrics.

In conclusion, this dissertation makes a robust, comprehensive, and forward-looking con-
tribution to the field of control for electric autonomous vehicles. By bridging classical control,
intelligent optimization, and adaptive methodologies within a unified framework, it lays a
solid foundation for the development of safer, smarter, and more resilient autonomous trans-
portation systems, offering valuable solutions and directions for future research and practical
deployment.
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Appendix A

S-function

S-Function Implementation for the Kinematic Bicycle
Model

This appendix provides the MATLAB S-function code used to implement the kinematic
bicycle model in Simulink. The code allows for efficient customization and simulation of the
model.

Listing A.1: MATLAB S-Function for the Kinematic Bicycle Model

function [ sys , x0 , s t r , ts , s imStateCompliance ] = bm( t , x , u , f lag )

switch f lag
% I n i t i a l i z a t i o n
case 0

[ sys , x0 , s t r , ts , s imStateCompliance ]= m d l I n i t i a l i z e S i z e s ;
% De r i v a t i v e s
case 1

sys=mdlDer ivat ives ( t , x , u ) ;
% Update
case 2

sys=mdlUpdate ( t , x , u ) ;
% Outputs
case 3

sys=mdlOutputs ( t , x , u ) ;
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% GetTimeOfNextVarHit
case 4

sys=mdlGetTimeOfNextVarHit ( t , x , u ) ;
% Terminate
case 9

sys=mdlTerminate ( t , x , u ) ;
% Unexpected f l a g s
otherw i se

DAStudio . error ( ’ Simulink : b locks : unhandledFlag ’ , num2str( f lag ) ) ;
end

% I n i t i a l i z a t i o n Function
function [ sys , x0 , s t r , ts , s imStateCompliance ]= m d l I n i t i a l i z e S i z e s
s i z e s = s i m s i z e s ;
s i z e s . NumContStates = 3 ;
s i z e s . NumDiscStates = 0 ;
s i z e s . NumOutputs = 3 ;
s i z e s . NumInputs = 2 ;
s i z e s . DirFeedthrough = 0 ;
s i z e s . NumSampleTimes = 1 ;
sys = s i m s i z e s ( s i z e s ) ;
x0 = [114 . 0758 131.2616 0 . 3 3 ] ;
s t r = [ ] ;
t s = [ 0 0 ] ;
s imStateCompliance = ’ UnknownSimState ’ ;

% De r i v a t i v e s Function
function sys=mdlDer ivat ives ( t , x , u )
L = 2 . 9 6 ;
xd1 = u (1)∗ cos ( x ( 3 ) ) ;
xd2 = u (1)∗ sin ( x ( 3 ) ) ;
xd3 = (u (1)/L) ∗ tan (u ( 2 ) ) ;
sys = [ xd1 xd2 xd3 ] ;
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% Update Function
function sys=mdlUpdate ( t , x , u )
sys = [ ] ;

% Outputs Function
function sys=mdlOutputs ( t , x , u )
sys = [ x (1 ) x (2 ) x ( 3 ) ] ;

% GetTimeOfNextVarHit Function
function sys=mdlGetTimeOfNextVarHit ( t , x , u )
sampleTime = 1 ; % Example : s e t the next h i t to be one second l a t e r .
sys = t + sampleTime ;

% Terminate Function
function sys=mdlTerminate ( t , x , u )
sys = [ ] ;
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Jellyfish Algorithm

JS PID Tuning Pseudo-code

1. Begin

2. Initialize PID parameters

3. Calculate objective function f(Z)

4. Set population size npop = 100, maximum iteration Imax = 50

5. Initialize population of jellyfish Zi (i = 1, 2, . . . , npop) using logistic chaotic map

6. Calculate food quantity at each Zi, f(Zi)

7. Identify jellyfish with the highest food quantity (Z∗)

8. Initialize time t = 1

9. Repeat:

(a) For each jellyfish i = 1 to npop:

• Calculate time control function c(t)

• If c(t) ≥ 0.5, pursue ocean current:

– Determine ocean current

– Calculate new location

• Else, with probability (1− c(t)):

– Passive motion: update location
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– Active motion: calculate direction and update location

• Perform boundary check and recalculate food quantity

• Update positions (Zi, Z∗)

(b) Update time t← t + 1

10. Until stop criterion is met

11. Output: convergence iteration, best results KP , KI , KD, and optimal objective value

12. End
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