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Abstract

This thesis presents the development of reinforcement learning (RL)-based control frameworks
for torque vectoring and energy optimization in all-wheel-drive (AWD) electric vehicles (EVs).
The proposed model-free controllers aim to enhance vehicle dynamic stability and energy
efficiency simultaneously under nonlinear and uncertain driving conditions. A detailed vehicle
model with seven degrees of freedom (7 DOF) and a Pacejka tyre formulation is employed to
capture realistic vehicle behaviour. Three deterministic actor—critic algorithms, i.e., deep
deterministic policy gradient (DDPG), twin delayed deep deterministic policy gradient (TD3),
and curriculum learning-enhanced TD3 (CL TD3), are designed and compared against
conventional model-based controllers. The RL agents are trained using a multi-objective
reward function that incorporates yaw stability, sideslip angle regulation, tire slip limitation,
and energy efficiency based on real electric machine maps. The simulation and verification
processes are carried out using the [IPG CarMaker environment, which provides a high-fidelity
virtual test platform for realistic vehicle dynamics assessment. Simulation results demonstrate
that the proposed TD3 and CL TD3 controllers achieve the best trade-off between dynamic
stability and energy efficiency, with faster convergence and improved robustness across
varying driving conditions. The findings confirm that RL-based control strategies provide an
effective and computationally efficient alternative to traditional model-based approaches for
real-time torque vectoring and energy optimization in EVs without the requirement for an
explicit model of the vehicle.
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Chapter 1

Introduction

1.1 Electric Vehicles

The growing adoption of electric vehicles (EVs) is a major step in the modern transportation
sector. EVs offer higher energy efficiency and reduce greenhouse gas emissions, air
pollution, and dependence on fossil fuels, supporting the global shift towards cleaner and
more sustainable mobility. This shift from conventional internal combustion engine (ICE)
vehicles to electrified powertrains is driven by technological advancements, supportive
government policies, and rising demand for sustainable transport solutions [1, 2]. However,
the development and operation of EVs introduce several technical challenges that must be
addressed to ensure reliable, efficient, and safe performance. Among these, vehicle dynamic
stability and its energy management are of primary importance.

1.2 Vehicle Dynamics and Energy Management

The dynamic performance and energy efficiency of EVs are strongly influenced by their control
strategies, particularly in all-wheel drive (AWD) configurations equipped with independently
controlled in-wheel electric machines. EVs with the AWD powertrain architecture offer the
capability to generate and control torque at each wheel individually. This feature provides
significant potential for both stability control and energy optimisation through a torque
vectoring scheme to allocate optimal torques to the individual wheels.

Torque vectoring enables active control of the vehicle trajectory and enhances cornering
capability, stability, and driver confidence, particularly during high-speed or low-friction
manoeuvres. Conventional stability control systems rely on hydraulic braking or simplified
control laws, which often result in slow response and reduced efficiency. In contrast, using



1.3 Motivations

torque vectoring in electrified powertrains provides faster response, smoother actuation, and
higher control precision. In addition to stability enhancement, effective torque vectoring
directly influences the overall energy consumption of the vehicle. By optimising the
distribution of torques among the four wheels according to road and vehicle conditions,
power losses can be minimised and efficiency can be improved. The next section presents
the motivations behind this research, highlighting the necessity for an intelligent control
framework capable of addressing both energy optimisation and vehicle stability within a
single control architecture.

1.3 Motivations

The growing development and increasing adoption of EVs have introduced both new
opportunities and unique challenges to the field of automotive engineering and vehicle control
systems. Additionally, the integration of electric machines, as the heart of EVs, in AWD
architectures allows precise torque vectoring capabilities by distributing torques among the
wheels of the vehicle. Exploiting this capability, however, requires control structures that can
cope with the objectives in vehicle dynamics, yaw stability control, overall vehicle safety, and
the energy consumption of the electric machines [3—6]. Studies report that well-designed
control strategies can decrease the slip-related power consumption by 17% [7], or enhance
the vehicle efficiency by 10% [8].

Maintaining vehicle stability is a fundamental requirement for ensuring safety and handling
performance. Under dynamic manoeuvres, such as cornering or sudden lane changes, the
vehicle may experience instability in the form of understeer or oversteer, which can lead to
loss of control if not properly managed. Achieving stable behaviour under different road and
driving conditions requires practical control systems to ensure vehicle dynamics enhancement
in real time. Therefore, stability control remains a key area of focus in this research, both as
an independent objective and as part of the integrated energy management framework. The
implementation of an integrated control system that manages both energy optimisation and
dynamic stability remains a challenge. Traditional control approaches are often designed to
address these aspects separately and are limited in handling nonlinear and coupled vehicle
behaviours under changing driving conditions. Moreover, model-based controllers depend
heavily on accurate system models and predefined parameters, which can limit adaptability
to real-world uncertainties.

Recent advancements in artificial intelligence (Al), particularly reinforcement learning
(RL), have provided new opportunities to overcome these limitations. RL-based control

methods can learn optimal control policies directly through interaction with the vehicle
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model or simulation environment, without relying on an explicit mathematical model. Such
approaches can adapt to variations in road friction, vehicle speed, and driver input while
maintaining efficient and stable performance. These capabilities make RL a strong candidate
for integrated control of vehicle dynamics and energy management in AWD EVs. The
motivation for this research arises from the need to develop an intelligent control framework
that ensures stability and also combines energy management and vehicle dynamics control in

a unified structure.

1.4 Research Contributions

This research advances the field of EV dynamic control through the design and verification
of deep RL-based frameworks for stability enhancement and energy optimisation in AWD

EVs. The main contributions are summarised as follows:

* Establishment of a Hierarchical Framework for Intelligent Torque Vectoring
Control
A detailed investigation of hierarchical control approaches for vehicle stability and
energy optimisation is carried out. The study presents a hierarchical structure for the
implementation of intelligent model-free RL techniques. The analysis also highlights
the limitations of traditional methods in managing nonlinear, time-varying vehicle
dynamics and adapting to uncertain road conditions. It also emphasises the advantages
of learning-based algorithms in achieving real-time adaptability and multi-objective
control. The outcomes of this work define the motivation for developing an integrated
intelligent control framework that can address both energy management and vehicle
dynamics within a unified torque vectoring structure. This work has been published in

the journal publication:

Jafari, R., A., Refaat, S.S., Paykani, Asef, P., and Sarhadi, P. Reinforcement Learning
for Torque Vectoring in Electric Vehicles: A Review of Stability and Energy Optimization
Methods. IEEE Open Journal of Vehicular Technology [9].

An Adaptive Reinforcement Learning-Based Yaw Stability Controller

A hierarchical control structure is developed with an RL-based torque allocator to
enhance the yaw stability and dynamic performance of an AWD EV. Furthermore, an
adaptive yaw stability control framework is developed using an RL approach to enhance
vehicle stability and manoeuvrability under varying road and driving conditions.
The proposed controller adopts a hierarchical architecture consisting of a high-level

RL-based torque vectoring controller and a low-level torque allocation module. The

9



1.4 Research Contributions

high-level controller employs an RL algorithm, integrated with a curriculum learning
strategy, to progressively learn optimal control policies through interaction with the
vehicle environment. The introduction of curriculum learning enables the agent to train
across tasks of increasing complexity, improving convergence stability and adaptability

to diverse conditions such as variations in steering, velocity, and road friction.

Unlike conventional model-based controllers, the proposed model-free RL controller
eliminates dependency on precise vehicle models and manual parameter tuning, offering
enhanced robustness against uncertainties in system dynamics. The developed control
algorithm is implemented on a detailed nonlinear vehicle model in MATLAB/Simulink
and verified using IPG CarMaker under different tests. The results demonstrate
significant improvements in yaw rate tracking, sideslip angle reduction, and overall

dynamic stability compared with traditional model-based controllers.

The hierarchical controller with RL-based torque allocator is presented in the conference
paper:

Jafari, R., Sarhadi, P., Paykani, A., Refaat, S.S., and Asef, P. Optimal Torque Allocation
for All-Wheel-Drive Electric Vehicles Using a Reinforcement Learning Algorithm. In

2024 13th Mediterranean Conference on Embedded Computing (MECO), pp. 1-5.
IEEE, 2024 [10].

The findings of that study on using a model-free RL-based algorithm with curriculum

learning are extended and explained in the journal publication:

Jafari, R., Sarhadi, P., Paykani, A., Refaat, S.S., and Asef, P. A TD3-Based Rein-
forcement Learning Algorithm With Curriculum Learning for Adaptive Yaw Control in
All-Wheel-Drive Electric Vehicles. IEEE Access, 2025 [11].

Integration of Energy Optimisation and Stability Control Using Deep Reinforce-
ment Learning

A unified control framework based on RL is proposed to achieve simultaneous energy
optimisation and stability control of AWD EVs. The proposed approach integrates
both objectives within a single decision-making structure, enabling the control agent
to optimise the overall power distribution among the four wheels while maintaining

vehicle stability under varying driving conditions.

The framework employs a multi-objective reward function that combines terms related
to yaw rate tracking, sideslip angle regulation, and power loss minimisation. Real
efficiency maps of the electric machines are incorporated into the training process
to ensure realistic modelling of energy consumption. The control agent learns to

10



1.5 Thesis Outline

generate optimal corrective yaw moments and torque commands through continuous
interaction with the vehicle environment, without the need for explicit analytical models
or predefined optimisation procedures. The results demonstrate that the RL-based
controller significantly improves energy efficiency and yaw stability compared with

conventional optimisation-based methods. This work has been published in:

Jafari, R., Sarhadi, P., Paykani, A., Refaat, S.S., and Asef, P. Integrated Energy
Optimisation and Stability Control Using Deep Reinforcement Learning for an All-
Wheel-Drive Electric Vehicle. IEEE Open Journal of Vehicular Technology, 2025

[9].

1.5 Thesis Outline

This thesis is organised into several chapters, each dedicated to critical aspects of this research.
The outline below provides a roadmap of the content covered in each chapter.

Chapter 1 introduced the research motivation and contributions of this study. It began
with an overview of EVs and highlighted the challenges in achieving both vehicle stability and
energy efficiency. Chapter 2 reviews the fundamentals of yaw control and torque vectoring in
EVs. It outlines hierarchical control structures, surveys conventional model-based strategies
for stability and energy optimisation, and introduces RL as a practical data-driven alternative.
The chapter concludes by identifying research gaps that motivate the proposed RL-based
integrated control framework.

Chapter 3 presents the development of RL-based torque vectoring controllers for AWD EVs.
It introduces the hierarchical control framework and details the design and implementation
of RL-based controllers. The algorithms are trained to optimise wheel torque distribution
for yaw stability and vehicle handling without requiring explicit system models. Simulation
results demonstrate that the proposed RL-based controllers achieve superior yaw rate tracking,
sideslip regulation, and lateral stability compared with conventional methods.

Chapter 4 presents an integrated RL—based framework for torque vectoring and energy
optimisation in AWD EVs. It introduces three actor—critic algorithms implemented within a
hierarchical control architecture to achieve simultaneous yaw stability and energy efficiency.
The chapter details the multi-objective reward design, network architecture, and training
strategy that enable the controllers to learn energy-aware torque distribution directly from
interaction with the vehicle environment. Extensive simulations and IPG CarMaker tests
overall demonstrate that the proposed RL controllers outperform conventional model-based

methods in dynamic stability, energy consumption, and computational efficiency.
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Chapter 5 concludes the thesis by summarising the key findings, contributions, and
limitations of the proposed RL-based control frameworks for torque vectoring and energy
optimisation. It highlights the successful integration of RL-based algorithms within a hierar-
chical architecture that achieves simultaneous improvements in stability, manoeuvrability,
and energy efficiency. Finally, some directions for future research are outlined, setting the

foundation for the next works on intelligent and energy-efficient vehicle control systems.
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Chapter 2

Background and Literature Review

2.1 Introduction

The transition towards renewable energy has increased the demand for electrified transportation,
with EVs playing a central role in reducing emissions and improving energy efficiency [12, 13].
Compared with conventional vehicles, electric drivetrains convert around 77% of grid energy
to wheel power, whereas gasoline vehicles are capable of converting just 12-30% to power at
wheels, leading to lower energy use per mile [14, 15]. In addition, EVs provide advanced
energy-aware control strategies aimed at improving both vehicle dynamics and overall
efficiency [16]. The availability of multiple electric machines and independent actuators
enables practical torque vectoring, which refers to the active control of individual wheel
torques to generate a desired yaw moment and enhance vehicle stability [17-20]. At the same
time, the ability to adjust wheel torques allows the controller to reduce energy consumption
through the allocation of optimal torque values to the vehicle [21-24].

Conventional torque vectoring and energy management methods, in most cases, rely on
rule-based or model-based control techniques. Whereas these methods are well-understood
and widely deployed, they typically depend on accurate modeling of vehicle dynamics
and environmental conditions [25, 26]. As a result, their performance can degrade under
uncertainty, nonlinearity, or unmodeled disturbances. Moreover, predefined control laws
often lack the flexibility to adapt to rapidly changing conditions such as variable road friction,
unbalanced loading, or aggressive driving scenarios. These limitations have motivated the
investigation of model-free and data-driven control strategies, such as RL as a promising
framework for learning control policies through interaction with the environment [27-31].
As EVs continue to evolve with increasingly complex dynamics and control requirements,
there is a growing need to explore advanced strategies that can offer greater adaptability and

performance.
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Fig. 2.1 A classification of yaw stability control approaches.

2.2 Fundamentals of Yaw Control in Vehicle Dynamics

Yaw stability control, which refers to the ability of the vehicle to maintain controlled rotation
about its vertical axis, is particularly critical in high-performance or low-traction conditions
[32-35]. This section presents a classification and comparison of different yaw stability
control methods, with a focus on those that lead toward direct yaw control (DYC) via torque
vectoring, which is the main scope of this work. Fig. 2.1 presents the classification of
yaw stability control approaches, with the subcategories relevant to the scope of this study
emphasised using a darker shade. Yaw stability control strategies in EVs can be generally
classified into the following subclasses based on how they influence the yaw moment to

maintain lateral stability:
* Direct yaw control (DYC)
* Indirect yaw control
* Integrated vehicle dynamics control

Each method differs in terms of control authority, complexity, and response speed. Among
these, DYC has received particular attention due to its effectiveness in high-speed and low-
adhesion scenarios, especially when implemented through torque vectoring. The following
paragraphs describe each category in detail, beginning with DYC.

In a DYC, corrective yaw moments are directly applied through differential braking or
torque distribution as demonstrated in Fig. 2.2 to maintain vehicle stability [36—38]. The
arrows represent the direction and type of forces involved. In braking-based DYC, yaw
moments are generated by applying a braking force to the vehicle [39, 40] that helps the

vehicle to maintain its stability, as depicted in Fig. 2.2(a). However, limitations in efficiency

14



2.2 Fundamentals of Yaw Control in Vehicle Dynamics
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Fig. 2.2 Direct yaw control approaches: (a) Braking-based, and (b) Torque-based methods.

and durability make this approach less suitable for long-term or performance-oriented
applications in EVs [41-43]. The other subcategory of DYC is the torque-based approach,
commonly referred to as torque vectoring, which distributes drive torque across wheels, as
shown in Fig. 2.2(b), to generate yaw moments more efficiently than the braking-based
method. By increasing torque on one side and reducing it on the other, a differential driving
force is created, producing a yaw moment without braking [44, 45]. This method allows
for smoother, continuous control without braking losses, improving energy efficiency and
reducing mechanical wear. The review in this chapter focuses primarily on torque-based
DYC methods, emphasizing their design, integration with energy optimisation schemes, and
the recent advancements [46—48].

Indirect yaw control strategies improve vehicle stability by modifying vehicle parameters
that influence yaw dynamics, rather than directly generating yaw moments. These approaches
generally provide slower response and lower effectiveness under extreme conditions compared
with DYC. Indirect methods include steering-based, suspension-based, and tyre force or tyre
pressure control strategies. Steering-based systems, such as active front steering (AFS) and
rear-wheel steering (RWS), can improve manoeuvrability but add mechanical complexity and
might limit effectiveness in certain conditions [49-52]. Suspension-based control adjusts
damping and stiffness to influence vehicle behaviour, although it requires accurate state
estimation and increases system complexity [53-56]. Tyre force or pressure control can also
affect yaw stability, but it offers limited control authority and requires precise monitoring
[57-59]. Integrated vehicle dynamics control coordinates multiple subsystems, such as
braking, steering, and suspension, to improve overall stability and handling. By combining
their capabilities, integrated approaches can simultaneously address multiple performance
metrics and enhance robustness. However, integrated control systems are often complex to
implement, require high computational effort, and present challenges in real-time coordination

and controller tuning [60—64].
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Fig. 2.3 A schematic of a simple hierarchical torque vectoring algorithm.

2.3 Torque Vectoring With Hierarchical Structure

Torque vectoring is a fundamental control strategy in EVs that allows precise adjustment of
wheel torques to generate the desired yaw moment. By actively distributing torque across
wheels or axles, torque vectoring enhances cornering response, reduces understeer and
oversteer tendencies, and maintains lateral stability even under aggressive manoeuvres or
adverse road conditions. This capability is especially important for applications where rapid
and accurate control over vehicle behaviour is required [65-68].

To manage the complexity of coordinating multiple actuators and objectives, torque
vectoring strategies are often implemented using hierarchical control architectures [69-71],
as shown in Fig. 2.3. A typical hierarchical framework consists of a high-level controller that
determines the desired yaw moment or vehicle behaviour based on objectives, such as path
tracking or stability margins. This is followed by a low-level controller or torque allocator,
which distributes the total required yaw moment among the individual wheels or axles while
satisfying actuator limitations and optimizing secondary objectives like energy efficiency
[72]. Hierarchical structures also contain a model of the vehicle to capture its dynamic
behaviour and a reference generator model to compute desired trajectories or target states
based on driver inputs and operating conditions [73-75].

The main objective of torque vectoring is to improve lateral stability and manoeuvrability
by regulating the yaw moment. Depending on the control design, the focus can be on
yaw rate tracking, sideslip angle regulation, or a combination of both to ensure accurate
path following and stable behaviour under demanding conditions [76—82]. In EVs, where
independent wheel torque control is available, energy efficiency can also be incorporated into
the control objectives [83—87]. Several studies have proposed integrated frameworks that
balance stability and energy consumption, demonstrating measurable energy savings while
maintaining yaw stability [88, 89].A torque allocation strategy aimed at enhancing vehicle
stability and reducing energy consumption was proposed by Zhi et al. [90]. The developed
method improved the average motor efficiency by 2.4% to 2.9% across various driving cycles
and increased the driving range by 4% to 5.5% compared to a conventional torque distribution

approach. However, these model-based approaches often require high-fidelity vehicle models
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and significant computational resources, which limits their applicability in real-time control
under dynamic or uncertain conditions. In addition, conventional control methods frequently
struggle to balance multiple conflicting objectives within a unified framework, particularly in

nonlinear and time-varying driving environments [91-93].

2.4 Conventional Torque Vectoring Strategies For Stability

Enhancement And Energy Optimisation

Torque vectoring strategies can be broadly categorised into three main categories:
* Model-based controller
* Model-free non-RL controller
* Model-free RL-based controller

Model-based approaches rely on explicit vehicle dynamic models and control theory to
calculate the required yaw moment or wheel torques. These include methods such as linear
quadratic regulator (LQR), MPC, SMC, and adaptive control. In contrast, model-free non-RL
strategies use strategies that do not explicitly incorporate system models but are often limited
in adaptability and performance optimisation. Model-free RL-based controllers, on the other
hand, learn optimal torque vectoring policies through direct interaction with the environment
and have obtained increasing attention for their effectiveness in simultaneously achieving
stability and energy optimisation in EVs. Fig. 2.4 illustrates the classification of different
torque vectoring strategies. The blocks shown in the darker shade highlight the subclasses
that fall within the scope of RL-based torque vectoring strategies. To provide a structured

understanding of conventional torque vectoring strategies and to establish a foundation for
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Fig. 2.4 Classification of direct yaw control strategies.
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comparison with RL-based methods, a review of commonly used model-based hierarchical
control techniques and model-free non-RL methods is presented. Each algorithm is introduced
with a brief overview, followed by representative applications for EV yaw stability and energy
optimisation.

One of the most commonly applied model-based strategies in vehicle yaw control is the
LQR, which offers a balance between simplicity, optimality, and computational efficiency.
The objective is to track a desired yaw rate and/or sideslip angle by applying corrective yaw
moments M,. Even though LQR assumes linear dynamics and constant vehicle parameters, its
simplicity and real-time feasibility make it a common baseline in the design of model-based
yaw control systems [94-96]. A representative example of LQR-based torque vectoring
was presented in the work by Antunes et al. [97], which implemented and experimentally
validated PI and LQR-based torque vectoring controllers for an electric Formula Student
vehicle. Simulation and real-vehicle tests demonstrated that the PI controller improved yaw
tracking and reduced lap time by 7.6%, whereas the LQR controller achieved enhanced
robustness to variations in tyre—road friction and lateral velocity estimation. However, the
reliance on linear time-invariant dynamics and sensitivity to parameter variations limit the
adaptability of LQR in the nonlinear and uncertain conditions typical of real-world EV
operation. The nonlinear model diagram of the proposed torque vectoring scheme is shown
in Fig. 2.5 for simulation and testing. The model included detailed dynamics and tyre forces
but relied on linear approximations for control, which limited the robustness under nonlinear
and uncertain conditions.

SMC is a robust nonlinear control technique commonly applied in vehicle dynamics due
to its insensitivity to model uncertainties and external disturbances [98, 99]. SMC aims
to force key vehicle states to follow desired reference values by driving the system states
onto a predefined sliding surface and maintaining motion along it. Unlike linear controllers,
SMC maintains control performance under parameter variations, which makes it particularly

suitable for torque vectoring applications. The core of SMC design lies in the definition of a
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Fig. 2.5 Nonlinear model diagram of torque vectoring by Antunes et al. [97].
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sliding surface [100, 101], typically expressed as:
s(x)=é+A1e 2.1

where e = i/ — 4, is the tracking error between the actual yaw rate ¢ and its desired value
Y 4es» and A > 0 is a positive constant that shapes the convergence rate of the error dynamics.

The control input is then formulated as:
U=Ueqg—k-sign(s) (2.2)

where u,, is the equivalent control that maintains s = 0, and the term —k - sign(s) ensures
finite-time convergence to the sliding surface. To reduce high-frequency chattering, the

discontinuous sign function is often replaced with a saturation function:

sign(s) — sat (%) 2.3)

where ¢ defines the thickness of the boundary layer used to smooth the control action. In
vehicle control, SMC enables real-time yaw stabilization by distributing the yaw moment
across wheels, though it often causes chattering—oscillatory behaviour, which can lead to
mechanical wear or instability in actuator systems. This issue can be typically mitigated
using higher-order SMC or smooth approximations of the sign function, albeit with increased
design complexity [102].

Building upon these fundamental principles, SMC has been used in vehicle dynamics
problems. Xu et al. [103] presented a hierarchical torque vectoring framework for in-
wheel motor EVs, combining LQR and high-order SMC at the high level for economy
and stability control under parameter uncertainties. The schematic of the proposed robust
optimal controller is illustrated in Fig. 2.6. This hierarchical configuration demonstrates
how feedback-based stability control and optimisation-based energy management can be
coordinated within a unified structure. Simulation results verified that the proposed strategy
improved tracking precision, smoothed control signals, and reduced power loss compared with
standard LQR-based control, although its performance still depends on accurate modeling of
vehicle parameters and assumed ideal measurement availability.

MPC is an advanced control strategy that uses a dynamic model to predict the future
behaviour of a system over a finite time horizon. In DYC applications, MPC computes the
optimal sequence of control inputs by solving a constrained optimisation problem at each
time step, based on the current state of the vehicle [104—106]. The standard MPC formulation
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Fig. 2.6 Robust optimal control for stability and energy optimisation by Xu et al. [103].

solves the following quadratic optimisation problem:

N-1
ml}n Z (x; Oxi +u; Ruy) (2.4)
k=0
subject to:
Xk+1 = Axg + Buy (2.5)
xkEX, U elU (2-6)

where x; and u; denote the state and control input at prediction step k, Q and R are positive
semi-definite weighting matrices, N is the prediction horizon, and X, U define the admissible
sets for states and inputs. MPC is well-suited for high-performance applications due to its
constraint-handling capabilities, but it relies on accurate linear models and may degrade
under nonlinear conditions or large disturbances [107-109].

NMPC extends MPC by using a full nonlinear vehicle model within the prediction horizon.
This allows for capturing the effects of nonlinear tyre forces, load transfer, and saturation,
which are critical under aggressive driving manoeuvres or low-adhesion surfaces [110-112].
NMPC can be employed to compute more accurate corrective yaw moments and improve
robustness across a wider range of operating conditions [113, 114]. The general NMPC
problem is formulated as:

T
mUin/ (x(1) TOx (1) +u(r) " Ru(z)) dt 2.7
0
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subject to:
X(1) = f(x(2),u(?)) (2.8)
x(t)eX, ult)el (2.9

where f(x,u) represents the nonlinear dynamics, and the constraints X and U may include
actuator limits, tyre saturation bounds, and safety-critical regions. Whereas NMPC provides
better accuracy and constraint satisfaction than linear MPC, it comes with a significant
computational cost. Solving nonlinear optimisation problems online may require tailored
solvers or reduced-order models to meet real-time deadlines in embedded systems.

Dengetal. [115] proposed a hierarchical torque vectoring strategy for EVs with mechanical
elastic electric wheels (MEEW), targeting both stability and energy efficiency. As shown
in Fig. 2.7, the proposed control architecture integrates multiple coordinated subsystems.
The algorithm exploits a parameter identification module that determines the MEEW tyre
model using a Fibonacci optimisation approach to capture nonlinear tyre characteristics.
The high-level controller combines a linear parameter varying (LPV) LQR and an NMPC
function to compute the required additional yaw moment and longitudinal force, balancing
handling precision and robustness under varying road conditions. These control signals
are delivered to the low-level controller, which allocates torque among the four in-wheel
motors through rule-based and coordinated optimisation methods. The coordinated control
mechanism dynamically adjusts the weighting between stability and energy-saving objectives
via a coordination weight adjustment module, ensuring that the control emphasis shifts
adaptively with vehicle dynamics. Simulation and HIL tests demonstrated that the method
improved handling by up to 94% and reduced energy consumption by up to 35.1% under
various driving cycles.

Dalboni et al. [116] developed an NMPC-based integrated control framework for torque
vectoring and anti-roll moment distribution in four-wheel-drive EVs, demonstrated in Fig.
2.8. The torque-vectoring and anti-roll moment distribution module forms the core of
the control system, simultaneously regulating the distribution of wheel torques and the
front-to-rear anti-roll moments. It receives feedback from the vehicle model and coordinates
its outputs with the brake-blending and suspension-force distribution blocks. The vehicle
model, implemented in VSM, provided high-fidelity dynamic feedback for closed-loop
evaluation. Simulation results demonstrated improved yaw tracking, reduced power losses,
and maintained vehicle stability compared to rule-based and PI controllers.

Another paradigm in dynamic yaw control uses adaptive controllers that update system
models online to adjust controller parameters, directly or indirectly [117—119]. Whereas some
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Fig. 2.7 Torque vectoring algorithm for stability and economy enhancement by Deng et al.
[115].
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Fig. 2.8 Schematic of NMPC for integrated energy-efficient torque vectoring and anti-roll
moment distribution by Dalboni et al. [116].

target higher-level chassis controllers like AFS and DYC for dynamic stability, their online
adaptation methods can be of interest. For example, Fig. 2.9 shows a hierarchical control
strategy combining model reference adaptive control (MRAC) with an optimisation-based
actuator allocation from [120]. The high-level adaptive controller generated desired yaw
moment and steering actions, and a low-level controller allocated those commands between
braking and steering actuators for efficient yaw moment distribution. The high-level multiple-
input multiple-output (MIMO) MRAC generated the desired yaw moment and steering angle,
adapting to uncertainties in vehicle mass and tyre—road friction. At the low level, the yaw

moment was distributed between AFS and DYC via constrained optimisation, respecting tyre
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Fig. 2.10 Schematic of the model-free non-RL torque vectoring system by Parra et al. [8].

force and stability limits. Simulation results demonstrated the ability of the controller to
improve yaw rate tracking, reduce sideslip angle, and maintain lateral stability.

An example of a model-free non-RL torque vectoring approach was presented by Parra
et al. [8] for per-wheel motor EVs, combining a fuzzy logic-based yaw controller and an
ANFIS-based vertical tyre force estimator, as depicted in Fig. 2.10. The block diagram shows
a fuzzy yaw controller and a vertical tyre force estimator jointly contributed to determining
the motor torque commands, without relying on a complete vehicle model. The system,
implemented on a real-time platform and validated in high-fidelity simulations, improved yaw
tracking, reduced slip ratio and sideslip. The intelligent torque vectoring system achieved
better path tracking, reduced control effort, and lowered mechanical energy consumption by
approximately 10% compared to a PID baseline. This study highlighted the effectiveness of
model-free, non-RL control in over-actuated EVs.

Conventional torque vectoring methods, though effective, are limited by their dependence
on accurate models, fixed parameters, and predefined control laws, which can lead to
degraded performance under nonlinear dynamics, changing road conditions, or modeling

inaccuracies. Furthermore, tuning model parameters and weighting matrices often requires
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Table 2.1 Comparison of conventional torque vectoring algorithms reviewed in this study

Control

Reference Method Control Objectives Key Findings

PI controller improved yaw tracking and reduced
Antunes et al. PI, LQR Yaw rate tracking lap time; LQR showed promising results despite
[97] limited logging data

Improved yaw stability and energy efficiency;

LOR + Stability control and reduced torque fluctuation and power loss

Xu et al.

[103] SMC energy optimisation (simulation-based)
LPV o s

Stability and energy  Stability improved by 94% and energy use reduced
Deng et al. LOR + efficienc by 35%; validated via HIL and driving cycles
[115] NMPC Y y oo gey

Yaw rate tracking, =~ Torque vectoring and anti-roll moment distribution

Dalboni et al. NMPC energy efficiency, improved stability and energy efficiency;
[116] and stability outperformed PI and rule-based controllers

MRAC + Yaw rate tracking,
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expert knowledge and offline calibration. These limitations reduce the adaptability and
scalability of model-based and model-free non-RL approaches. In contrast, model-free
RL-based algorithms offer greater flexibility and learning capability by directly interacting
with the environment and adapting policies based on performance feedback. Moreover,
RL-based structures outperform model-free non-RL methods in terms of optimality over
time, flexibility in multi-objective optimisation, and better performance under uncertainty.
RL-based schemes provide a more straightforward framework for handling multi-criteria
design optimisation compared to traditional approaches, especially when the objective is
optimizing the energy efficiency and improving stability at the same time. A summary of the
conventional torque vectoring strategies discussed in this section is presented in Table 2.1,
summarising their control methods, objectives, and key findings.
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2.5 Overview of Reinforcement Learning for Vehicle Dy-

namics Application

RL is a framework where an agent learns to make decisions by interacting with an environment
and receiving rewards as feedback. The goal is to learn a policy that maximises cumulative
rewards over time [121, 122]. At each step, the agent observes a state, selects an action,
and transitions to a new state while receiving a scalar reward [123]. In control applications,
including vehicle dynamics and torque vectoring, RL offers a model-free alternative to
traditional model-based control strategies. It removes the need for explicit modeling of system
dynamics and can adapt to complex multi-variable interactions. As such, RL has been widely
explored for applications where the system model is difficult to derive or where classical

control methods struggle with high-dimensional or time-varying environments.

2.5.1 Reinforcement Learning Framework and Operational Principles

RL is defined by a set of core components that describe how an agent interacts with an
environment and improves its control policy through experience [124, 125]. The main
elements include the agent, environment, state, action, reward, policy, and value function.
In torque vectoring applications, the agent represents the control algorithm, while the
environment corresponds to the vehicle and its operating conditions. The state typically
includes variables such as yaw rate, sideslip angle, vehicle velocities, steering input, and
wheel speeds. Actions correspond to control commands, such as corrective yaw moment
or individual wheel torques. The reward function quantifies the effectiveness of the action.
The policy defines the mapping from states to actions, and value functions estimate expected
future rewards to guide learning.

The operational process of RL is defined by an iterative loop through which the agent
learns to make better decisions based on continuous interaction with the environment [126].
Fig. 2.11 illustrates the core RL loop. At each timestep, the agent observes the current
state, selects an action according to its policy, and receives a reward and next state from the
environment. Using this transition data, the agent updates its policy and value functions
to improve long-term performance. This process is commonly organised into episodes
representing complete driving scenarios [127, 128]. RL problems are formally described
using a Markov decision process (MDP), defined by the tuple (s,a, p,r,vy), which specifies
states, actions, transition probabilities, rewards, and a discount factor [129, 130]. Bellman
equations provide the recursive relationships for state-value V(s) and action-value functions

Q(s,a) and form the theoretical basis for deriving optimal policies [131, 132]. These
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Fig. 2.11 A simple process of reinforcement learning.

principles provide the foundation for implementing RL-based control strategies in vehicle

dynamics and torque vectoring.

2.5.2 Deep Reinforcement Learning

Deep RL combines reinforcement learning with deep neural networks to solve decision-
making problems in environments with high-dimensional and continuous state-action spaces
[133, 134]. Traditional RL methods rely on tabular representations or linear approximators,
which are not suitable for complex systems such as vehicle dynamics control. Deep RL
overcomes this by using deep neural networks to approximate value functions, policies, or
environment models, enabling agents to learn directly from raw state variables, such as
yaw rate, lateral velocity, or tyre slip ratios. Neural networks consist of multiple layers of
interconnected units (neurons) that perform non-linear transformations on input data. This
structure allows them to extract hierarchical features and generalise across a wide range of
inputs. Fig. 2.12 shows a basic architecture of artificial neural networks. In deep RL, these
networks are used to represent either the action-value function, the policy, or both, depending
on the algorithm. This capability is especially useful in torque vectoring applications, where
the relationship between control inputs and vehicle responses is nonlinear and difficult to
model explicitly. The main advantage of deep RL is its ability to scale to high-dimensional
vehicle states and learn control strategies without requiring an accurate model of the vehicle
dynamics. A conceptual illustration of a policy gradient-based deep RL framework is
presented in Fig. 2.13. The agent observes the current state, and a neural-network-based
policy generates an action that is applied to the environment. The environment then returns

the next state and an associated reward. The reward signal is used to update the parameters of
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the policy network, enabling gradual improvement of the control policy through interaction

with the environment.

2.5.3 Deep Reinforcement Learning Techniques

RL algorithms can be grouped into three main categories of value-based methods, policy search
methods, and actor—critic methods [135]. Value-based methods aim to estimate the expected
cumulative reward for each action without directly learning a policy [136, 137]. Typical
examples include state—action—-reward—state—action (SARSA), deep Q-network (DQN), Q-
learning, and randomised ensemble double Q-learning (REDQ). These methods are generally
suitable for discrete action spaces and do not maintain an explicit policy representation.
Although effective and relatively simple, their scalability is limited in continuous control
problems. Recent work has applied value-based methods, such as improved double deep Q-
learning network (DDQN) architecture, to vehicle control tasks including trajectory tracking
under varying speeds [138]. Policy search methods directly optimise the decision-making
policy of the agent [139]. Some approaches, such as the cross-entropy method (CEM) and
deep maximum entropy proximal policy optimisation (DMEPPO), are gradient-free and rely
on sampling and selection. Others, such as REINFORCE with Monte Carlo target, fall under
the class of policy gradient methods, which use the gradient of expected return to update the
policy parameters. These methods are more suitable for continuous and high-dimensional
action spaces but may suffer from high variance and data inefficiency [140].

Actor-critic methods combine both approaches by using one model (the critic) to estimate
value functions and another (the actor) to update the policy [141]. Algorithms such as
deep deterministic policy gradient (DDPG), twin delayed deep deterministic policy gradient
(TD3), AlphaZero, and deep deterministic policy iteration (DDPI) follow this structure

Input Layer Hidden Layer

Fig. 2.12 A basic architecture of artificial neural networks.
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Fig. 2.13 Conceptual illustration of a policy gradient-based deep reinforcement learning
framework.
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Fig. 2.14 Categorization of reinforcement learning techniques.

and are well suited to continuous control tasks such as torque vectoring in EVs. Recent
studies have demonstrated the effectiveness of actor—critic frameworks in vehicle applications,
including traction and speed control under varying driving conditions [142]. Due to their
ability to handle continuous actions and high-dimensional dynamics, actor—critic methods
are widely adopted in advanced vehicle control problems. Fig. 2.14 presents a Venn diagram
summarizing this taxonomy, including representative methods as examples.

In addition to this taxonomy, RL algorithms can also be distinguished as on-policy or
off-policy, depending on the relationship between the behavioural policy and the target policy.
The behavioural policy is used to generate data through interaction with the environment,
whereas the target policy is the policy being updated during learning. In on-policy methods,
these two policies are identical, meaning that the agent improves the same policy it uses for
data collection. This often leads to stable learning but may reduce data efficiency. In contrast,

off-policy methods allow the target policy to differ from the behavioural policy, enabling
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the reuse of previously collected data and improving sample efficiency. However, off-policy

learning may require additional mechanisms to maintain stability.

2.5.4 Curriculum Learning in Reinforcement Learning

Curriculum learning is a training strategy in which a learning agent is exposed to tasks in
a progressive order, starting from simpler scenarios and gradually increasing the level of
difficulty [143, 144]. This approach allows the model to first acquire fundamental behaviours
in easier tasks before adapting to more challenging conditions [145-149]. Such a progressive
learning process can improve training stability, accelerate convergence, and enhance the
generalisation capability of RL agents. Curriculum learning has attracted increasing attention
in RL research, particularly in applications involving complex decision-making and control
tasks.

The effectiveness of curriculum learning in improving the training performance of RL
agents was investigated in [150]. The authors applied curriculum learning together with
reward shaping to train a PPO-based agent in the VizDoom environment. The results showed
that when the agent was trained directly in complex environments, the learning process
became unstable and the agent struggled to achieve consistent performance. However, by
introducing curriculum learning, where the training began with simpler tasks and gradually
increased in difficulty, the agent was able to acquire fundamental skills before facing more
challenging scenarios. This improved the learning efficiency and stability of the RL agent,
leading to higher cumulative rewards and better task completion performance. Curriculum
learning has also been applied to RL problems involving sparse reward structures. Curriculum
learning was integrated with a PPO-based reinforcement learning framework to train an
autonomous driving agent in the CARLA simulator in [151]. The agent was first trained in
simplified driving scenarios and was then gradually exposed to more challenging conditions,
including varying traffic density and environmental complexity. This progressive training
strategy enabled the agent to incrementally acquire driving skills while maintaining training
stability, highlighting the potential of curriculum learning for developing robust RL-based
autonomous driving policies.

Curriculum learning has also been explored to improve the efficiency and robustness
of RL in autonomous navigation tasks. In [152], a curriculum-based training framework
was integrated with a SAC algorithm to enable mobile robots to navigate safely in unknown
and dynamic environments. The proposed approach organised the training process through
task-level curriculum scheduling and introduced a curriculum-based energy prioritisation
mechanism for experience replay. This strategy allowed the agent to learn navigation
behaviours progressively according to its current capability. Experimental results demon-
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strated that the curriculum-based approach improved sampling efficiency, enhanced obstacle
avoidance performance, and produced more stable navigation behaviour compared with
conventional reinforcement learning training methods. By exploiting curriculum learning, RL
agents can develop robust control policies in environments that would otherwise be difficult
to learn from directly. These advantages make curriculum learning particularly suitable for
control applications involving complex and dynamic systems. Consequently, curriculum
learning provides a promising training strategy for RL-based controllers, which motivates its
integration within the RL framework adopted in this research.

2.6 Reinforcement Learning-Based Torque Vectoring Strate-
gies for Stability Enhancement and Energy Optimisa-
tion

RL has been increasingly applied to control problems in EVs [153, 154], particularly where
system dynamics are nonlinear and difficult to model accurately. Classical torque vectoring
strategies typically compute corrective yaw moments using simplified models and fixed-gain
controllers, but are often sensitive to parameter variations and external disturbances. RL
provides an alternative by learning torque distribution policies through interaction with
the environment, enabling improved tracking performance and adaptability across varying
driving conditions. In this section, a range of RL-based approaches are surveyed in the
literature, highlighting their design principles, objectives, and achieved performance. These
implementations serve as concrete evidence of the adaptability and effectiveness of RL in
vehicle control scenarios.

REDQ is an off-policy deep reinforcement learning algorithm designed to improve
learning stability, sample efficiency, and control performance in continuous action spaces.
REDAQ builds upon the soft actor-critic (SAC) framework by incorporating an ensemble of Q-
value networks and randomised target computation, which collectively reduce overestimation
bias and improve convergence. The core idea is to maintain multiple critics and use a subset
of them at each update step to compute the target Q-value. The REDQ architecture includes
one actor network and an ensemble of N critic networks. During training, a random subset of
M critics is selected from the ensemble to compute the target value, which is then used to
update each critic. The actor is updated using stochastic policy gradients derived from the
minimum Q-value over the sampled subset. This randomised ensemble strategy enhances
robustness and prevents the critic from overfitting to biased Q-value estimates, which is a

common issue in deep value-based methods [155, 156].
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Fig. 2.15 Schematic of the RL-based torque vectoring by Deng et al., [157].

A hierarchical torque vectoring control strategy for four in-wheel-motor EVs was pro-
posed by Deng et al., [157], which simultaneously addressed vehicle stability and energy
consumption using deep RL. The control architecture consisted of two layers. The high-level
controller employed NMPC to generate the reference longitudinal force and corrective yaw
moment, while the low-level controller distributed the four-wheel torques using an RL-based
strategy. The torque allocation layer was implemented using a heuristic REDQ algorithm,
which learned optimal torque commands based on the current driving states, phase-plane
stability indicators, and vehicle dynamic responses. In addition, a tyre model was identified
using a Fibonacci tree optimisation (FTO) algorithm to improve force estimation accuracy. A
schematic representation of the RL-based torque vectoring framework is shown in Fig. 2.15.
The novelty of this work lay in the integration of deep RL as the torque allocator in an
over-actuated EV. Rather than relying on fixed or rule-based mappings, the REDQ algorithm
dynamically computed optimal wheel torques using an ensemble of Q-networks. The state
space included yaw rate error, stability index from phase portrait analysis, velocity, and
its deviation, while actions were continuous torques at each wheel. The reward function
balanced four competing criteria, i.e., vehicle safety (tracking yaw and sideslip), motor power
consumption, driver comfort (steering workload), and trajectory accuracy. The safety terms
were prioritised through weighted design to ensure critical stability was preserved under
learning policies. The use of REDQ improved learning stability, reduced overestimation, and

enhanced sample efficiency by combining multiple Q-functions. A heuristic decay mecha-
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nism transitioned exploration from rule-based to policy-based torque selection, accelerating
convergence and safety during early training. Simulations confirmed that the RL agent
converged after 580 episodes and generalised well across conditions. Simulations across
various manoeuvres demonstrated that the proposed controller achieved lower sideslip error,
reduced driver input workload, and significant energy savings (up to 11%) compared to a
conventional model-based approach. The controller also minimised yaw moment and torque
variation, which were critical for motor durability and passenger comfort. Although the torque
allocation layer employed deep RL, the overall framework still relied on an NMPC-based
high-level controller and predefined reference models, indicating that the system was not
fully independent of explicit vehicle dynamics modeling.

Deng et. al., [158] introduced a fault-tolerant control architecture for four in-wheel
motor drive (4IWMD) EVs, targeting both stability and energy efficiency. The control
system was structured hierarchically. The high-level consisted of an NMPC that computed
the optimal longitudinal force and yaw moment. The low-level controller executed torque
distribution through a quadratic optimisation problem, where the cost function dynamically
balanced vehicle stability and motor power consumption. What distinguished this study
was the application of a REDQ deep RL algorithm. The RL component adaptively adjusted
a weighting factor in the cost function used by the low-level optimiser. This enabled the
controller to handle a wide range of vehicle states and actuator fault conditions without
sacrificing real-time performance. Simulation results using CarSim verified the proposed
method across various driving scenarios, demonstrating reduced energy consumption and
improved vehicle stability, even in the presence of actuator faults. The hierarchical control
architecture of the proposed fault-tolerant scheme is shown in Fig. 2.16. The integration of
deep RL, specifically the REDQ algorithm, enabled the control system to adapt in real time to
changes in vehicle dynamics and fault conditions. Unlike conventional optimisation strategies
with fixed weighting parameters, the RL approach dynamically adjusted the trade-off between
vehicle stability and energy consumption by tuning a scalar weighting factor in the cost
function. The RL agent was trained using a reward function that incorporated vehicle stability,
motor efficiency, and driver comfort metrics. This formulation allowed the controller to
maintain effective performance across various scenarios, including stability—energy trade-
off analysis, training under random motor fault conditions, acceleration on split-friction
surfaces with motor faults, and double lane change manoeuvres with motor faults. The RL
output modified the optimisation cost function while preserving closed-loop system stability.
Compared with fuzzy logic-based tuning methods, the RL-based approach demonstrated
improved generalisation across different operating conditions and achieved lower energy

consumption while maintaining or enhancing vehicle handling performance.
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Fig. 2.16 Hierarchical control architecture of the fault-tolerant scheme by Deng et. al.;, [158].

DDPG is a model-free, off-policy RL algorithm designed for continuous action spaces. It
builds on the actor-critic architecture by combining value-based and policy-based methods.
The critic learns an approximation of the action-value function Q (s, a), while the actor learns
a deterministic policy u(s) that maps states directly to actions. Unlike stochastic policy
gradient methods, DDPG uses deterministic gradients, which reduces variance and improves
learning stability in control applications [159]. DDPG operates using two neural networks for
each component, i.e. an actor network and a critic network, along with their corresponding
target networks. The critic network is trained by minimizing the Bellman error, using target
Q-values computed from the target networks. The actor is updated by applying the chain
rule to the Q-value function of the critic, effectively moving the policy parameters in the
direction that increases expected return. The use of target networks and experience replay
helps stabilise learning by reducing the correlation between samples [160, 161].

The key update rules in DDPG are derived from the deterministic policy gradient theorem.

The critic is updated to minimise the loss:

L=E[(Q(s,a)-y)’] (2.10)

where the target y = r + yQ’(s’, 1’ (s”)) is computed using the target networks. The actor is
updated by maximizing the estimate of the Q-value of the critic:

Vol ~E[Va0Q(s,a)Vou(s)] (2.11)
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Fig. 2.17 Model-free torque vectoring strategy for distributed drive EVs using a DDPG
algorithm by Wei et al., [162].

Critic Network

These updates enable the actor to improve the policy based on the feedback of the critic,
while the critic learns to predict returns under the current policy. This structure makes DDPG
well-suited for continuous control tasks like torque vectoring, where actions such as torque
split must be adjusted in a fine-grained manner. Due to its effectiveness in high-dimensional
and nonlinear control systems, DDPG has been adopted in several studies focused on vehicle
dynamics control. In the following examples, the recent applications of DDPG in torque
vectoring are reviewed, emphasizing their system models, control objectives, and performance
outcomes.

Wei et al., [162] introduced a model-free torque vectoring strategy for distributed drive
EVs using a DDPG algorithm, as shown in Fig. 2.17. The proposed system eliminated the
need for nonlinear tyre models and analytically derived controllers. The torque vectoring
problem was framed as an MDP, where the observed states included yaw rate, yaw rate error,
and its integral, sideslip angle, and its integral, while the continuous action was the external
yaw moment. The actor-critic framework enabled deterministic policy generation through
neural network approximation of value and policy functions. Reference yaw rate and sideslip
angle were calculated based on the linear vehicle model and were used as the supervisory
signals. The low-level torque allocation followed a rule-based strategy based on vertical
load transfer to distribute the demanded yaw moment to four in-wheel motors. This work
demonstrated the potential of RL for torque vectoring control in EVs, particularly in handling
complex and nonlinear vehicle dynamics where conventional model-based approaches may

become inaccurate or computationally demanding. By employing the DDPG algorithm,
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the controller learned a deterministic policy that directly mapped the vehicle state to the
required corrective yaw moment without relying on explicit tyre or road friction models. The
state representation included both instantaneous errors and their integral terms, enabling
improved long-term stability tracking. During training, an experience replay buffer and soft
target updates were used to stabilise the learning process, while exploration was guided by
an Ornstein—Uhlenbeck (OU) noise process. The reward function incorporated tracking
accuracy, penalties for excessive yaw moments, and terminal stability constraints, encouraging
the controller to balance responsiveness with robustness. Simulation results showed that
the trained DDPG agent generalised well to different steering scenarios, indicating that a
single learned policy can adapt to varying and potentially unsafe driving conditions. This
adaptability, together with reduced reliance on detailed system modelling, highlighted the
potential of RL as a promising framework for future real-time torque vectoring control
in safety-critical EV applications. Simulation experiments using CarSim-Simulink under
extreme manoeuvres of double lane change and snake lane change on low-adhesion roads
demonstrated that the RL-based controller significantly improved tracking accuracy and
lateral stability compared to LQR and MPC baselines. The proposed RL-based approach
resulted in smaller lateral deviation, reduced sideslip angle, and faster convergence to stability
in phase-plane plots. In both double lane change and snake lane change cases, it maintained
the yaw rate within safety bounds more effectively, improving active safety. The reward
function explicitly penalised stability loss and large yaw moment deviation, guiding learning
toward robust control. The proposed RL-based controller achieved a maximum lateral
displacement error of 0.236 m, compared to 0.495 m for LQR and 0.402 m for MPC.

Dai et al. [163] proposed a knowledge-assisted (KA) DDPG algorithm for yaw rate
and longitudinal speed tracking in skid-steering vehicles, as demonstrated in Fig. 2.18. By
integrating criteria action and guiding reward mechanisms, the method accelerated learning,
improved policy robustness, and reduced training time. Simulations showed improved
tracking precision and faster torque adaptation compared to the baseline controller.

Taherian et al. [164] proposed an RL-based adaptive tuning strategy for torque vectoring in
EVs, as shown in Fig. 2.19. The core concept was to use the DDPG algorithm to dynamically
adjust the weighting matrix in a model-based torque vectoring controller. The control
objective was to stabilise the vehicle under varying road friction and speed by minimizing the
error between actual and desired forces at the center of gravity (COG). The desired forces were
derived from a command interpreter module (CIM), and corrective longitudinal tyre forces
were computed based on a quadratic objective function involving COG force tracking and
control effort. Unlike other deep RL-based torque allocation methods that directly map states

to wheel torques, this study applied DDPG to adaptively tune internal controller parameters.
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Fig. 2.18 Schematic of the driving torque distribution strategy with knowledge-assisted RL
by Dai et al. [163].
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Fig. 2.19 Schematic of RL-based adaptive torque vectoring controller by Taherian et al. [164].

Simulation results verified the DDPG tuning strategy against a genetic algorithm and manual
tuning under both trained and unseen driving conditions. The DDPG-tuned controller showed
superior stability, smoother torque application, and lower force error. The performance index
and error trends also converged more rapidly, confirming the efficacy of adaptive learning over
static tuning approaches. The key innovation lay in the real-time adaptability of the learned
tuning policy. During training, DDPG learned to optimise control effort dynamically to
maintain stability, even in friction-speed regimes unseen during training. Despite the success,
the framework only adjusted longitudinal weights, omitting lateral tyre force effects. Still,
this work confirmed that actor-critic RL can reliably generalise adaptive control strategies
across nonlinear domains and environmental uncertainties in torque vectoring applications.

TD3 is an actor-critic RL algorithm designed to improve the stability and performance
of DDPG in continuous control tasks. TD3 addresses several key limitations of DDPG,
including overestimation bias in Q-value estimates and instability due to closely coupled
actor and critic updates. It introduces three main modifications of clipped double Q-learning,
delayed policy updates, and target policy smoothing [165, 166]. TD3 uses two critic networks
to estimate the action-value function. During training, the minimum of the two Q-value
estimates is used to reduce overestimation bias, similar to the principle of Double Q-learning.
This clipped Q-value is then used to compute the target for critic updates. The actor network,
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which learns a deterministic policy u(s), is updated less frequently than the critics to avoid
destabilizing the learning process. This delayed update improves convergence and reduces
sensitivity to noise in early training. To further stabilise training, TD3 applies target policy
smoothing by adding clipped noise to the target action used in the critic target calculation.
This helps regularise the Q-function by preventing sharp peaks in the value estimates. The

critic loss is computed as:
L=E[(Q(s,a)-)*] (2.12)

where E[-] is the expectation over the state—action distribution, and the target is given by:
y=r+yminQi(s’, 1'(s") +€) (2.13)
i=1,

and € ~ clip(N(0,0),—c,c) is the clipped noise added for policy smoothing. The actor is
updated to maximise the expected Q-value estimated by one of the critics:

Vol =E[VaQ1(s,a)Vou(s)] (2.14)

where Q is typically used for policy evaluation. TD3 has been shown to outperform DDPG
in several continuous control benchmarks and is well-suited for vehicle dynamics applications
such as torque vectoring. Its improved stability and lower variance in value estimation make
it a strong candidate for learning in high-dimensional systems where precise torque control
and real-time adaptation are required [167, 168].

Wei et al., [169] proposed a direct torque distribution strategy for distributed drive
EVs using a twin delayed deep deterministic policy gradient (TD3-DDPG) reinforcement
learning algorithm, as illustrated in Fig. 2.20. The authors formulated torque vectoring as
an MDP that explicitly considered both safety and energy consumption through a custom
reward function. Unlike traditional model-based torque vectoring approaches that compute
external yaw moments, this method directly outputed motor torques from the policy network,
thereby bypassing the intermediate yaw moment generation step. The proposed structure
integrated actor-critic networks for continuous control, with clipped double Q-learning
to reduce overestimation, delayed policy updates to improve training stability, and target
policy smoothing. This study exemplified the role of deep RL in addressing nonlinearities
and uncertainties in vehicle dynamics without relying on explicit modeling. The torque
distribution problem was cast as a high-dimensional continuous control task, where TD3-
DDPG efficiently mapped vehicle states (yaw rate, sideslip angle, velocity, etc.) to torque
actions for four wheels. The RL agent was trained using a custom-designed reward that

balanced lateral stability with motor energy efficiency, enabling the policy to generalise
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Fig. 2.20 Framework of TD3-DDPG direct torque distribution strategy by Wei et al., [169].

across various road conditions and vehicle manoeuvres. The results demonstrated improved
tracking, faster transient response, and reduced energy loss by 5.25% to 10.51%. A HIL
experiment further confirmed its real-time applicability, supporting its practical viability.

In summary, model-free RL has demonstrated strong potential in addressing the challenges
of torque vectoring and energy optimisation in EVs by enabling adaptive, model-free control
under diverse conditions. The reviewed studies highlight the ability of RL to outperform
conventional methods in both stability and efficiency metrics. A comparative overview
of these RL-based torque vectoring strategies is provided in Table 2.2. In addition, Table
2.3 summarizes the reported implementation and training details of the reviewed RL-
based controllers, including their configuration settings, network structures, simulation
environments, and explicitly stated hyperparameters. REDQ-based methods generally
prioritise learning stability and sample efficiency, making them well-suited for hierarchical
control architectures where energy efficiency and fault tolerance are critical. In contrast,
DDPG variants offer more direct control policies, often replacing or tuning model-based
controllers, and are valued for their flexibility and fast inference in real-time applications.
TD3-based approaches further improve robustness by reducing Q-value overestimation and
enhancing policy stability, especially when combined with curriculum learning for improved
generalization. Across the reviewed works, actor-critic frameworks have shown superior
adaptability to varying road conditions and vehicle dynamics, while hierarchical and hybrid
structures allow RL to complement rather than replace model-based control logic. These

distinctions provide valuable guidance for selecting an appropriate RL strategy based on the
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specific goals of stability, energy optimisation, learning efficiency, and fault resilience in EV

control systems.

2.7 Conclusion

This chapter presents a comprehensive review of torque vectoring algorithms for vehicle
dynamic control and energy optimisation in EVs using RL-based approaches. Conventional
torque vectoring controllers have been surveyed for yaw stability and energy management.
Model-based schemes often rely on simplified models and fixed control rules, which limit their
adaptability to nonlinear dynamics and uncertain driving conditions. In contrast, model-free
RL offers a data-driven alternative that allows controllers to learn directly from interaction
with the environment, making it suitable for complex tasks with limited modeling fidelity.
The review then focuses on some deep RL techniques used in torque vectoring problems,
including DDPG, REDQ, and TD3, which are capable of handling continuous action spaces
and high-dimensional inputs. A set of representative studies demonstrated how RL can be
integrated into hierarchical control frameworks for torque allocation, energy efficiency, and
fault tolerance. These works show that RL-based controllers can outperform traditional
methods in terms of tracking performance, adaptability, and energy savings. In conclusion,
model-free RL represents a promising direction for future EV control systems, especially in
scenarios where classical models struggle to capture complex, nonlinear, and time-varying
dynamics. Despite the progress achieved, there remains a need for an integrated and adaptive
torque vectoring framework that simultaneously enhances yaw stability and energy efficiency
under varying driving conditions. This gap motivates the development of the RL-based

control strategy proposed in the subsequent chapters.
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Table 2.2 Comparison of RL-based torque vectoring algorithms

Control . .
Reference Method Control Objectives Key Findings Remarks
NMPC + y RL-based method Integrated REDQ with
.. Stability, energy outperformed MPC and . .
Heuristic . hierarchical control; RL
Deng et al., efficiency, reduced  LQR; reduced energy use, . .
REDQ- . . . improved adaptability;
[157] driver workload improved driver effort and .. .
RL o added training complexity
stability
Yaw rate tracking, Effective hierarchical REDQ deep RL
NMPC + sideslip fault-tolerant structure that dynamically managed
Deng et al., deep RL minimization, balanced stability and tradeoffs; verified with
[158] (REDQ) energy efficiency,  energy consumption under  CarSim; robust to actuator
fault tolerance motor faults faults
- Improved yaw rat<? tracking, Model-free approach
Yaw stability, reduced sideslip, and
S . ; removed dependence on the
. DDPG-  sideslip regulation, showed superior . .
Wei et al., . model; verified via
based RL  active safety under performance over MPC and . R
[162] .. .. CarSim-Simulink
extreme conditions LQR under critical . .
simulation
manoeuvres
Knowledge-
Assisted Yaw rate and KA D.DPG ac.celerated Targeted at skid-steering
. . learning and improved .
Dai et al. DDPG longitudinal speed platforms; promising for
. control accuracy compared
[163] (KA tracking 1o baseline toraue controller over-actuated EVs
DDPG) q
DDPG-  Yaw rate and force DDPG achieved lowest .
. .- RL only tuned longitudinal
tuned tracking, stability COG force error and best . .
. . weights; real-time capable
Taherian et torque under low performance index .
. L. . but limited lateral control;
al. vectoring  tyre-road friction compared to genetic and . . .
. . simulation verified
[164] controller  and varying speed manual tuning
Yaw rate and Achieved superior lateral No need for model:
. TD3- sideslip tracking; stability, 5.25-10.51% . L
Wei et al.y, . . real-time capable with
DDPG energy energy savings, validated .
[169] L. Lo . improved robustness
minimization via HIL
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Table 2.3 Implementation and training details of RL-based torque vectoring algorithms

Training RL Algorithm and Slmulatlon Key Hyperparameters and
Reference Configu- . Environment /
. Network Description . o Remarks
ration Real-Time Feasibility
800 RL uses an ensemble of Heuristic action selection
. N Q-networks; . )
episodes, probability with tanh(-)
. feed-forward networks; Inference latency not 7.
Deng sampling decay; training platform
. target networks updated reported . LS
etal., time : . CarSim-Simulink—Python
via Polyak averaging; . .
[157] 0.02s . : co-simulation
policy with entropy term
Faul
autt Deep neural networks S
factor Training implemented
represent the Q-value .
k;j=0.5 O (s1.a;) and polic on Car- Discount factor y € [0,1];
applied at oA 01 POUCY  Sim-Simulink—Python; entropy coefficient &;
Deng 7y (s;); N double o
Ts; Inference latency or fault-tolerant weighting
etal.p .. deep-Q networks; layer
training . Lo control-loop rate not ap=0.2
[158] sizes or activations not
up to reported reported
700 episodes p
.. CarSim-Simulink;
Actor—critic networks . .
. training and inference
adopted; online and
executed on a 16-core .
Convergence target networks updated Discount factor y = 0.99;
. Intel(R) Xeon(R) .
Wei et after 700 by soft update factor . experience buffer 1e6;
. . Platinum 8269CY .
al., episodes T =le-5; specific layer mini-batch 64
. .. CPU @ 2.5GHz;
[162] sizes and activation
. control-loop or latency
functions not reported
values not reported
Actor and tar; r . Actor learning r -4;
. ctor and target acto PyCharm IDE with c.tg earning ate 3e-4;
Training  networks fully connected critic learning rate le-3;
Python 3.7 on Intel .
5000 4x512x512x4 layers; . memory capacity 1e6;
. . . . Core 15 computer; . :
Dai et episodes, Critic and target critic batch size 512; discount
. Inference latency or
al. step size networks: control-loop rate not factor 0.999; soft-update
[163] 0.1 8x512x512x 1 layers; re orlt)ed rate 0.01; exploration noise
activations not specified p 0.1; random seed = 2
Trainin Actor—critic structure - Discount factor 0.99; critic
S . MATLAB/Simulink ; :
650 with two hidden layers of . learning rate le-3; actor
) Reinforcement .
episodes 100 neurons each; ReLU . learning rate le-4;
. . .. . Learning Toolbox;
Taherian with 15s activation for hidden target-network update le-3;
Inference latency or . -
et al. length; layers, tanh for actor mini-batch size 70;
. control-loop rate not . .
[164] sample output, and linear for variance 30; variance decay
. . reported .
time 0.5 critic output le-3; experience buffer 1e6
Actor network: fully Simulation platform
. connected layers with CarSim—Simulink Critic learn rate le-3; actor
Maximum . . ..
episode 10x 10 x 4 neurons co-simulation; training  learn rate 1e-4; soft update
Wei et 201())6 with (ReLU, tanh, scaling); time consumed factor le-5; target smooth
al sample Critic network fully 120min on 16-core factor le-3; discount factor
[129] time g 0 connected layers with Intel(R) Xeon(R) 0.99; mini-batch size 64,
' 10x 10 x 10x 1 neurons Platinum 8269CY experience buffer 1e6
(ReLU) CPU @ 2.5 GHz
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Chapter 3

Reinforcement Learning-Based Vehicle
Dynamics Control

3.1 Introduction

In the context of vehicle dynamics, RL provides a data-driven method to generate control
actions that enhance yaw stability, controllability, and manoeuvrability while adapting to
changing surface conditions and driving scenarios. This chapter presents the development
of RL-based control frameworks for torque vectoring and yaw stability enhancement in an
AWD EV platform. The proposed approach aims to establish a foundation for intelligent,
model-free vehicle dynamic control capable of operating effectively in nonlinear and uncertain

environments.

3.2 Reinforcement Learning Framework for Vehicle Dy-

namics Control

The RL framework developed in this study forms the basis for a model-free control strategy
aimed at improving yaw stability and overall vehicle handling in an AWD EV. A key advantage
of this design is that it removes the need for an accurate analytical model of the vehicle.
Instead, the learning agent interacts directly with a simulation environment that represents
the dynamic response of the vehicle. Through repeated interaction, the agent observes the
consequences of its actions and gradually improves its policy to achieve the desired balance
between stability, responsiveness, and energy efficiency.

Among several RL algorithms, the DDPG algorithm is chosen because it is well-suited to

control problems with continuous action spaces, such as torque vectoring and yaw control.
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Unlike value-based methods that operate on discrete actions, DDPG generates continuous
commands directly, allowing smooth control responses without discretisation. Moreover,
as an off-policy algorithm, it can learn efficiently from previously collected experience,
improving training stability and data efficiency. The following section provides an explanation
of the DDPG algorithm, its network structure, and its application to vehicle dynamics control

within the proposed framework.

3.3 Deep Deterministic Policy Gradient (DDPG)

The DDPG algorithm is a model-free, off-policy RL approach designed to handle continuous
state and action spaces. It combines the advantages of deterministic policy gradient methods
with the representational power of deep neural networks. DDPG is particularly suitable for
vehicle dynamics control problems such as torque vectoring, where the control actions are

continuous rather than discrete.

3.3.1 Overview of the Algorithm

In the DDPG framework, the control system is formulated as a Markov Decision Process
characterised by the tuple (s,a,r, p,y), where s represents the set of states, a is the set of
possible actions, r is the reward function, p is the transition probability between states, and
v is the discount factor. The objective of the learning agent is to determine a policy n that

maximises the expected return G,, defined as:

Gi= D Y'rissn (3.1)
k=0

where r; 1s the immediate reward at time step 7.
Unlike stochastic policy gradient methods, DDPG employs a deterministic policy x(s|6*)
that directly maps each state s to a specific action a, as expressed by:

a=n(s|6") (3.2)

where 6# denotes the parameters of the actor network. The goal of the algorithm is to find
the optimal policy parameters that maximise the expected return.

3.3.2 Actor—Critic Structure

DDPG follows an actor—critic architecture consisting of two primary neural networks:
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3.3 Deep Deterministic Policy Gradient (DDPG)

* Actor network: generates continuous control actions based on the observed state. It

represents the policy function 7 (s|6").

* Critic network: evaluates the quality of the selected actions by estimating the action-

value function Q(s,a|69).

The critic network guides the actor by providing feedback on how good each action is,

enabling the actor to adjust its parameters to maximise the predicted Q-value.

3.3.3 Q-Value Estimation and Policy Update

The critic network is trained to minimise the difference between the predicted Q-value and a

target value based on the Bellman equation:

O(ss,a;) =r; +’}’Q/(St+1,7T/(St+l|9’U/)|9Q/) (3.3)

where Q’ and 7’ denote the target critic and target actor networks, which are delayed copies
of the main networks. These target networks stabilise learning by providing slowly changing

targets. The critic loss function is defined as:

1y oy_y )
L—N;(Q(s,-,afle )-i) (34)

where y; = r; + Q' (si41, 7 (5i41]0*)|02) represents the target Q-value for each sample in a
mini-batch, and N denotes the number of samples in the mini-batch used for training.
The actor network is updated using the deterministic policy gradient, which aims to

maximise the estimated Q-value of the critic:

N
1
Voul ~ N Z Vour(s:16")Va.Q (s, aleQ)|a=7r(si|9”) )
i=1

This gradient determines how the actor parameters should be adjusted to increase the expected

return predicted by the critic.

3.3.4 Exploration Strategy

Since DDPG is a deterministic algorithm, it does not inherently include stochastic exploration.
To promote exploration during training, a noise term is added to the output actions of the

actor network. The Ornstein—Uhlenbeck (OU) process is typically employed to generate
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3.3 Deep Deterministic Policy Gradient (DDPG)

temporally correlated noise suitable for physical control problems:
Niat = N +60( = No) At + VAL W, (3.6)

where M, is the noise at time ¢, u is the mean, o is the standard deviation, 8 controls the rate
of mean reversion, and ‘W is a Wiener process. This noise helps the agent to explore different

actions during training, improving convergence and preventing premature policy saturation.

3.3.5 Stabilisation Techniques

To improve training stability, DDPG adopts several mechanisms:

* Target networks: Soft updates are used for the target actor and critic networks to avoid

divergence. The parameters are updated using:
0 —10+(1-7)6¢ (3.7)

where 7 is a small constant.

» Experience replay: Past experiences (s;,a;,rs,5:+1) are stored in a replay buffer and

sampled randomly to break temporal correlations and improve data efficiency.

The overall DDPG learning process can be summarised in Algorithm 1. The algorithm
describes the initialisation of the networks, interaction with the environment, experience

replay mechanism, and parameter updates of the actor and critic networks.

3.3.6 Application to Vehicle Dynamics Control

In the context of vehicle dynamics control, the DDPG algorithm serves as the learning-based
low-level controller responsible for distributing wheel torques in an all-wheel-drive electric
vehicle. The actor network generates continuous torque commands for each wheel, while the
critic network evaluates the quality of these actions in terms of stability and performance. By
interacting with the vehicle model, the DDPG agent learns to minimise yaw rate and sideslip
errors while maintaining optimal traction. This allows the control system to adapt to varying
road conditions and driving scenarios without requiring an explicit vehicle model, offering

superior adaptability and robustness compared with conventional model-based methods.
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3.3 Deep Deterministic Policy Gradient (DDPG)

Algorithm 1 DDPG Training Procedure

Initialise actor network 7 gu ()

—

2: Initialise critic network Q yo (s, a)
3: Initialise target networks with same parameters:
40 OH —gH
5. 02 <09
6: Initialise replay buffer R
7: for each episode e = 1,2,..., Nepisodes do
8: Reset environment
9: Observe initial state s
10: for each time step 7 do
11: Select action:
12: a, = n(s;|0") + N;
13: Execute action a,
14: Observe reward r; and next state s;4|
15: Store transition (s;,a;,r;,8:+1) In R
16: Sample random mini-batch from R
17: Compute target Q-value:
18: Ve =11 +YQg0 (5141, g (5141))
19: Update critic network by minimising loss between y, and Q yo (s;,4a;)
20: Update actor network using policy gradient
21: Update target networks using soft update:
22: 02 — 102+ (1-1)0<
23: O — 1OH + (1 —1)OH

24: end for
25: end for

3.3.7 Reinforcement Learning for Hierarchical Control Structure

A hierarchical control structure is adopted to separate vehicle-level yaw stability control
from actuator-level torque allocation. The high-level controller generates the corrective yaw
moment command M, based on vehicle lateral dynamics, while the low-level controller
distributes the individual wheel torques to realise the requested yaw moment within actuator
limits. The controller interacts with a nonlinear vehicle model that captures the dynamic
behaviour of the vehicle. The detailed mathematical formulation of the vehicle models, tyre
model, and conventional control framework is provided in Appendix A. The parameters of a
midsize vehicle used in this study are provided in Table 3.1.

To further verify the dynamic behavior and overall performance of the proposed control
structure under realistic scenarios, IPG CarMaker is exploited as a high-fidelity vehicle
dynamics simulation environment. The controller is implemented on a realistic EV model
within IPG CarMaker to evaluate its capability. The built-in vehicle configuration for torque

vectoring is selected as a representative AWD high-performance platform. This reference
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3.3 Deep Deterministic Policy Gradient (DDPG)

Table 3.1 Vehicle parameters used in this study

Parameter Unit Value
Total vehicle mass kg 1411
Yaw moment of inertia kg-m? 2031
Distance from COG to front axle m 1.04
Distance from COG to rear axle m 1.56
Track width m 1.48
Wheel radius m 0.30
Tyre cornering stiffness N/rad 45000
Wheel rotational inertia kg-m? 1.46

vehicle includes a torque vectoring powertrain layout and enables dynamic testing under
various manoeuvres. Different views of the demo vehicle model under a test track in IPG
CarMaker are depicted in Fig. 3.1. The verification is conducted in a simulation framework,
where the MATLAB/Simulink-based controller is implemented to control and optimize the
dynamic energy of the AWD vehicle in IPG CarMaker.

Accordingly, different RL algorithms are used at the two control levels in this work due to
differences in the action space and learning requirements. At the low level, the action vector
consists of four wheel torques, which requires continuous multi-dimensional control. The
RL-based low-level controller is described in 3.4, and the RL-based high-level controller is
presented in Section 3.5. To ensure fair evaluation, the comparisons are performed within the
same control level using consistent interfaces. The low-level torque allocator is compared
with a conventional torque allocation method under the same yaw moment command and
actuator constraints. Similarly, the high-level controller is compared with a conventional

LQR yaw moment controller, where both controllers generate M, under identical manoeuvre

conditions.

(b) ©)

Fig. 3.1 Test demo vehicle and environment in IPG CarMaker: (a) Front-side view, (b)
Left-side profile view, (c) First-person driver perspective.

47



3.4 DDPG-Based Optimal Torque Allocation

\ Low-Level Controller \

L}
Reference 95,6 High-level M,
Generator B—t‘—'@—‘ Controller Observation %
des —— | ppPG |Tj Vehicle
Agent Model
‘j[act Bact Reward ’—

I Batch }

Fig. 3.2 DDPG-based torque allocation algorithm.

3.4 DDPG-Based Optimal Torque Allocation

This section presents the implementation of the proposed RL-based torque vectoring approach
for an AWD EV. A hierarchical control structure is adopted, in which a high-level controller
generates the corrective yaw moment and a low-level RL-based controller distributes the
wheel torques accordingly. The objective of the system is to improve vehicle stability,

manoeuvrability, and overall control performance under driving conditions.

3.4.1 Control Framework

The overall control structure is composed of two levels [10]. The high-level employs an LQR
controller to compute the optimal corrective yaw moment, while the low-level controller,
based on the DDPG algorithm, learns to allocate optimal torques among the four wheels of the
vehicle. The DDPG agent interacts with the vehicle environment, learning through experience
to achieve an optimal trade-off between yaw stability and control effort. A schematic of the
control structure is shown in Fig. 3.2.

3.4.2 Low-Level Controller Based on DDPG

The low-level controller employs a DDPG algorithm to allocate the individual wheel torques
according to the corrective yaw moment command (M) and the current dynamic states of the
vehicle. The agent interacts with the vehicle environment, observes its response, and learns
an optimal mapping between the vehicle states and the torque allocation commands. Through
continuous interaction and adaptation, the policy is refined to enhance overall vehicle stability
and control performance.

The state vector is designed to capture all relevant dynamic information required for
decision-making. This comprehensive representation ensures that the actor network receives

sufficient input information to determine effective torque distribution. The observation vector
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is expressed as:

St:{lﬁ,lﬁe,‘/lﬁe,ﬁ,ﬁ.ea/ﬁe,vx’ve,/Veawij,Sx,ijan,toml,Mz} (38)

The action vector represents the control outputs of the agent, corresponding to the torque
values applied to each of the four wheels. Four actions are known as the outputs of the DDPG
agent:

ar =A{Tp,Tsr, 101, T} (3.9)

The reward function is a fundamental element of the DDPG algorithm, as it quantifies
the quality of each action and guides the learning process. It is defined to improve vehicle
stability, minimise yaw rate and sideslip errors, and penalise excessive control effort. The

reward function is expressed as:
rt(st,at) =R{+Ry+R3+R4+R5 (310)

where R is a boolean term to guide the agent to make the yaw rate error less than a specific

value:
-w if o > ¢
Ri={ el > 1 (3.11)
0 otherwise
where wq is 4, wy is 10, w3 is 2, and w4 is 1. Ry, R3 and R4 are defined as:
Ry = -wax ()’ (3.12)
Ry = -w3*(B.)? (3.13)
Ry =—wax(v,)? (3.14)
Rs is defined to penalise the excessive control effort taken by the agent:
Rs = —Au(t)" = ws = Au(r) (3.15)

where Au(t) is [ATf;, ATy, AT, AT, ] and ws is diag(0.1,0.1,0.1,0.1)4.4

3.4.3 Simulation Results

The performance of the proposed DDPG-based torque allocation algorithm is evaluated in
this section. The main objective of the simulation is to examine the capability of the DDPG

agent in managing torque distribution among the four wheels of the AWD EV to ensure
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Table 3.2 DDPG Hyperparameters for DDPG-based torque allocation controller

Parameter Value

Critic learn rate le-3

Actor learn rate 0.9¢e-4

Noise model Ornstein Uhlenbeck (OU)
Noise standard deviation 0.6

Variance decay rate le-5

Discount factor 0.99

Target smooth factor le-3

Mini batch size 64

dynamic stability. The control system dynamically adjusts the applied torque based on the
operating conditions of the vehicle to maintain stable and predictable handling. The proposed
RL framework provides an effective solution for real-time control applications, as the DDPG
algorithm can operate in continuous action spaces and learn optimal control policies through
direct interaction with the vehicle model. The agent, trained using an actor—critic structure,
continuously refines its policy to achieve the desired vehicle stability and yaw behaviour. A
detailed analysis of the simulation results is presented to illustrate the performance of the
DDPG-based controller in regulating vehicle dynamics.

The hyperparameter settings used for the DDPG algorithm in this study are summarised
in Table 3.2. Each hyperparameter has been carefully selected through empirical tuning
and supported by findings from the literature to achieve reliable and efficient learning for
torque allocation and stability control in the AWD EV. The learning rate for the critic network
is set to le — 3, defining how rapidly the critic updates its parameters in response to the
error gradients. A balanced learning rate ensures accurate estimation of the Q-values while
avoiding oscillations or slow convergence. The actor network uses a learning rate of 0.9¢ —4,
allowing for gradual and stable policy updates. A smaller learning rate for the actor helps
maintain smooth learning behaviour and prevents instability in policy refinement.

The Ornstein—Uhlenbeck (OU) process is adopted as the noise model to generate
temporally correlated noise, which is beneficial for exploration in continuous action spaces.
The standard deviation of the noise is set to 0.6, determining the magnitude of exploration
during training. A higher standard deviation promotes exploration, whereas a lower value
focuses on exploiting learned policies. The variance decay rate of 1e —5 gradually reduces
the exploration noise as training progresses, ensuring extensive exploration in the early stages
and greater policy stability in later iterations. The discount factor 7 is set to 0.99, prioritising
long-term rewards during policy evaluation. This encourages the agent to learn strategies that

maximise cumulative reward rather than focusing on short-term gains. The target smoothing
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Fig. 3.3 Performance analysis of the low-level DDPG-based controller under circular turning
manoeuvre: (a) Steering wheel angle, (b) Vehicle velocity.

coefficient is set to le — 3 to softly update the target networks, which enhances training
stability by slowly blending the target and online network parameters. The mini-batch size of
64 specifies the number of experiences sampled from the replay buffer at each update step.
Using mini-batches reduces correlation between consecutive samples and contributes to more
stable learning by averaging over multiple experiences.

The performance of the proposed controller is evaluated under a circular turning manoeuvre
to analyse its behaviour in response to potential oversteering or understeering. Fig. 3.3a
shows the steering wheel angle input during the simulation. The steering angle increases
to 2 degrees and remains constant for the remainder of the 10-second test, representing a
steady circular path. The simulation is performed at a constant vehicle velocity of 25 m/s
(90 km/h) on a low-friction surface with a road adhesion coeflicient of 0.2. The vehicle
velocity profile is shown in Fig. 3.3b. Starting slightly below 25 m/s, the velocity exhibits
a brief transient oscillation before stabilising. This initial fluctuation reflects the transient
response of the system to the steering input, while the rapid stabilisation demonstrates the
ability of the controller to effectively manage the vehicle dynamics in real time.

To investigate the performance of the proposed DDPG-based controller, the results are
compared with the conventional model-based controller. The conventional controller exploits
the LQR algorithm for the high-level controller, and the torque distribution is achieved using
the conventional torque allocation method. The proposed approach takes advantage of an
intelligent DDPG-based controller to optimally split torque among the four wheels of the
vehicle. The objective of this section is to evaluate how effectively the DDPG agent can
manage torque allocation for an AWD EV, ensuring dynamic stability. The simulation results
are shown in Fig. 3.4.

Fig. 3.4a illustrates the yaw rate over time for both the DDPG-based controller and the
conventional controller, compared to the desired yaw rate. The desired yaw rate reaches a
certain value within the first second and then stabilises. Both the DDPG and conventional
controllers follow the desired yaw rate closely, with the DDPG controller demonstrating a
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Fig. 3.4 Simulation results of the low-level DDPG-based controller under circular turning
manoeuvre: (a) Yaw rate, (b) Sideslip angle, (c) Trajectory, (d) Lateral acceleration, (e)
Wheel torques, (d) Wheel angular velocities.

slightly smoother response. The conventional controller shows a minor overshoot before
stabilising, indicating a slightly more aggressive initial response. The DDPG controller, on
the other hand, aligns with the desired yaw rate more gradually, minimising the overshoot and
ensuring a smoother transition. Whereas the error between the DDPG and desired yaw rate is
0.08 deg/s after stabilisation, the same error for between the conventional and desired yaw
rate 1s 0.34 deg/s. A comparison is accomplished in Fig. 3.4b among the desired sideslip
angle, the sideslip angle from the conventional controller, and the sideslip angle from the
proposed low-level DDPG-based algorithm. The conventional controller quickly reduces the
sideslip angle to approximately -0.53 deg, while the sideslip angle from the DDPG algorithm
has a minimum value of around -0.38 deg. This indicates that both controllers have the
capability to minimise the sideslip angle.

Fig. 3.4c presents the trajectory of the AWD EV under the circular turn scenario. The

desired trajectory shows a consistent lateral displacement as the vehicle moves forward.

Both controllers follow the desired trajectory closely, with the DDPG controller showing a
slightly better alignment with the desired path. The trajectory of the conventional controller
diverges more at higher longitudinal displacements, indicating that the DDPG controller is
more effective in maintaining the desired path, especially over longer distances. The lateral
acceleration obtained from the conventional and DDPG controllers is compared in Fig. 3.4d

over time. Fig. 3.4e shows the torque distribution among the four wheels over time based
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on the proposed intelligent torque allocation method. The DDPG controller distributes the
torque across the wheels to guarantee the stability of the vehicle. This helps in maintaining
better manoeuvrability and stability, and enhancing the overall driving experience. Also, the
angular velocity of the wheels is demonstrated in Fig. 3.4f for the proposed DDPG-based
algorithm, while the controller manages to ensure the dynamic stability of the vehicle via an
optimal torque allocation approach.

The DDPG controller demonstrates smoother responses in yaw rate, side-slip angle, and
lateral acceleration, along with balanced torque distribution and wheel angular velocity. The
DDPG-based method possesses the ability to continuously learn and adapt to new driving
conditions, and improve its performance over time. Furthermore, handling the nonlinearities
and real-time optimisation are guaranteed. The need for detailed system modelling is also
reduced as the DDPG relies on interaction with the environment. These improvements

contribute to enhanced vehicle stability and decreased oversteer and understeer.

3.5 Twin Delayed Deep Deterministic Policy Gradient (TD3)

The TD3 algorithm is an improved variant of the DDPG algorithm designed to address
the issues of overestimation bias and training instability often observed in deterministic
actor—critic methods. TD3 enhances the learning process through three main mechanisms:
clipped double Q-learning, delayed policy updates, and target policy smoothing. These
improvements make TD3 more stable and sample efficient, particularly in continuous control
problems such as vehicle torque vectoring and yaw stability control.

3.5.1 Overview of the Algorithm

The TD3 algorithm builds upon the same actor—critic framework as DDPG, in which the
environment is modelled as a Markov Decision Process defined by (S, A, R, P,y). The agent
aims to learn a deterministic policy 7 (s|6*) that maximises the expected return:

J =Eg~p [Q(s1,m(s5:]0"))] (3.16)

where Q(s,a|0?) is the action—value function parameterised by <.

The key modification in TD3 is the introduction of two critic networks, Q1 and Q»,
which independently estimate the expected return for the same state—action pair. By taking
the minimum of these two estimates during target computation, TD3 effectively reduces

overoptimistic value predictions and improves learning stability.

53



3.5 Twin Delayed Deep Deterministic Policy Gradient (TD3)

3.5.2 Actor-Critic Structure
Similar to DDPG, TD3 employs an actor—critic architecture consisting of:

* Actor network: represents the deterministic policy n(s|6*) that outputs continuous

control actions.

« Twin critic networks: Q;(s,a|09") and Q5 (s,a|09?), which evaluate the quality of the

actor’s chosen actions.

The twin critics provide a more reliable estimate of the expected return by reducing
value overestimation through the clipped double Q-learning mechanism. The actor network
is trained to maximise the critic’s evaluation of its actions, while the critics are trained to

minimise the prediction error against the target Q-value.

3.5.3 Clipped Double Q-Learning

The target Q-value in TD3 is computed using both critic networks as:
¥ =ty min Q) (seat, @ (5141104 [6%) (3.17)

where Q7 and n’ represent the target critic and target actor networks, respectively. By using
the minimum of the two predicted values, TD3 mitigates overestimation bias, which can
otherwise lead to unstable or divergent learning behaviour. Each critic network is trained by

minimising its respective loss function:

1 & o, 2
Li= 5 2 (Qisr.as16%) -y,) (3.18)

Jj=1

3.5.4 Delayed Policy Update

TD3 introduces a delay in the policy and target network updates relative to the critic updates.
For every policy update, the critic networks are updated multiple times. This approach allows
the critics to provide more accurate and stable Q-value estimates before the actor is updated.
To reduce overestimation bias and ensure consistency with clipped double Q-learning, the
minimum of the two critic networks is used when computing the policy gradient. The actor

parameters are therefore updated according to:

N

1

~ ; . 0i

Voud = N El V. (gllngl(s,alO ))
J:

Vour(s|6")| (3.19)

szsj,a=7r Sj j
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3.5 Twin Delayed Deep Deterministic Policy Gradient (TD3)

3.5.5 Target Policy Smoothing

To further improve robustness, TD3 adds a small, clipped noise term to the target policy

during critic target computation:
a =7r'(si41 |9'”/) +€, €~clip(N(0,0),—c,c) (3.20)

This smoothing operation prevents the policy from exploiting sharp Q-value peaks, resulting
in smoother and more consistent learning behaviour. The noise € is typically drawn from
a Gaussian distribution with small variance and is clipped within a fixed range to ensure

bounded perturbations.

3.5.6 Exploration Strategy

TD3 adopts a similar exploration strategy to DDPG by injecting temporally correlated noise
into the action space during training. The Ornstein—Uhlenbeck (OU) process or a Gaussian
noise model is typically used to ensure exploration around the deterministic policy output:

a; = m(s|60")+ N, (3.21)

where N; denotes the exploration noise. This mechanism ensures sufficient policy exploration
while maintaining control smoothness.

The overall TD3 learning process is summarised in Algorithm 2. The algorithm describes
the initialisation of the actor and twin critic networks, experience replay, delayed policy

updates, and soft target updates.

3.5.7 Application to Vehicle Dynamics Control

For vehicle dynamics control, the TD3 algorithm serves as the learning agent that generates
continuous torque commands for each wheel of the AWD EV. The actor network outputs
action(s) corresponding to the front-left, front-right, rear-left, and rear-right wheels. The twin
critic networks evaluate the stability and performance associated with each action, providing
reliable feedback to guide the updates of the actor.

The use of TD3 provides enhanced stability during training compared with DDPG due to
the reduced value overestimation and delayed actor updates. This enables the controller to
converge towards a more accurate and robust torque allocation policy. As a result, the vehicle
maintains improved yaw stability and sideslip regulation under nonlinear and low-adhesion

conditions. The enhanced sample efficiency of the algorithm also contributes to faster

55
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Algorithm 2 TD3 Training Procedure

1: Initialise actor network 7 g ()
2: Initialise twin critic networks Qg, (s,a) and Qg, (s, a)
3: Initialise target networks with same parameters:

4: 9’1 — 0
5: 9; — 0,
6. OF —gH
7: Initialise replay buffer R
8: for each episode e = 1,2,...,Nepisodes dO
9: Reset environment
10: Observe initial state s
11: for each time step ¢ do
12: Select action:
13: a; = (s |0") + Ny
14: Execute action a,
15: Observe reward r, and next state s,
16: Store transition (s;,as, 77, 8¢+1) in R
17: Sample random mini-batch from R
18: Compute target Q-value using clipped double Q-learning:
19: Ve =Ty +7mini:1,2Q0i’(St+1,7Teu’ (Sr+1))
20: Update both critic networks by minimising loss
21: if time step # mod d = 0 then
22: Update actor network using policy gradient
23: Update target networks using soft update:
24: 0, —710;+(1-7)0 fori=1,2
25: O — 1OH + (1 —1)0H
26: end if
27: end for
28: end for

convergence, making it suitable for real-time control applications when integrated with

high-fidelity simulation environments.

3.6 Curriculum Learning for Adaptive Torque Vectoring

The high-level controller within the proposed framework is developed based on a TD3
algorithm, incorporating curriculum learning to progressively introduce task complexity
during the training process. Curriculum learning is a training strategy in which a learning
agent is exposed to training tasks in a progressive order, starting from simpler scenarios
and gradually increasing the level of difficulty. The original concept of curriculum learning
was first introduced in [170], inspired by the way humans acquire complex skills through

structured learning stages. In RL, this approach enables the model to first capture fundamental
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[ RL-based controller |
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TD3 (M, |Low-Level|T; Vehicle
Agent Controller Model

Reward [

Fig. 3.5 A schematic of the proposed TD3-based dynamic controller.

patterns before encountering more complex examples, which can improve convergence speed
and lead to better generalisation performance. By gradually expanding the difficulty of
the training distribution, curriculum learning can guide the optimisation process towards
more stable and effective solutions. Curriculum learning is exploited in this research to
progressively train the TD3-based controller across tasks with increasing complexity in
steering input, vehicle speed, and road friction. The proposed TD3-based controller in this

work is implemented within a hierarchical control framework, as illustrated in Fig. 3.5.

3.6.1 TD3 Formulation with Curriculum Learning

To improve training efficiency and enhance policy convergence, a curriculum learning strategy
is incorporated into the TD3 framework. The training process is divided into a sequence
of progressively challenging tasks, defined as 7 = {71, 72,73}, where each task modifies
specific parameters of the training environment. The curriculum is implemented over three
consecutive stages, with transitions between tasks occurring after a predefined number of
training episodes:
T, 0<e<kE
T(e)=1{T, Ei<e<E (3.22)

T, E2S6<E3

where 7 (e) represents the task assigned to episode ¢, and E, E,, and E3 denote the transition
points between successive stages.

The curriculum structure enables a gradual increase in task complexity, allowing the
agent to first master basic control behaviours before progressing to more complex dynamic
scenarios. Fixed transition points are adopted to balance computational efficiency and training
stability. This non-automated scheduling approach provides greater interpretability and
avoids abrupt environmental changes that could disrupt convergence. Manual adjustment of

hyperparameters in each stage ensures precise control over the learning dynamics, which
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3.6 Curriculum Learning for Adaptive Torque Vectoring

is particularly beneficial in torque vectoring problems where system responses are highly
sensitive to control inputs. During each task 7;, both the actor and critic networks are updated
using task-specific reward functions and hyperparameters. The TD3 target update for each
task is formulated as:

yr = ry+ymin (Q](s' 7 (5 Ar) +er), Q4(s 7 (s Ar) +er))  (323)

where r¢ denotes the task-specific reward, As represents the hyperparameters associated
with task 77, and e is the exploration noise applied during target updates.
Each task modifies the reward structure, environment dynamics, and network hyperpa-

rameters, enabling the policy to evolve progressively across the curriculum:

m = argmaxQ? (s,a; A1) (3.24)
a

Ty = argmax Q? (s,a;\p) (3.25)
a

3 = argmaxQ;E(s,a;A3) (3.26)
a

This formulation preserves learning continuity while allowing task-specific adaptation. The

TD3 loss function for each stage is defined as:

1
Lip= NZ(yrr—er(ks*,a;Arr))2 (3.27)
and the transition between tasks follows:
Lijy = Lips+ A7 (3.28)

where A represents the task-dependent adaptation required for transitioning to the next stage.
The final policy is obtained as:
n* = lim «, (3.29)

e—>E¢
where Eq represents the episode threshold for the task. The optimal policy is reached at the
end of training:
nt=m (3.30)

This curriculum-enhanced TD3 framework enables structured and stable policy development
through progressive learning stages. By refining the policy incrementally under task-specific
conditions, the agent achieves improved convergence, robustness, and generalisation for
complex vehicle dynamics and torque vectoring control tasks. The approach utilized to
accomplish this is outlined in Algorithm 3.
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3.6 Curriculum Learning for Adaptive Torque Vectoring

Algorithm 3 TD3-Based Adaptive Yaw Stability Control with Curriculum Learning
1: Initialise vehicle dynamics model in MATLAB/Simulink
2: Initialise state space S, action space A, and hyperparameters
3: Initialise TD3 agent:

4: - Two critic networks Qg, (s,a) and Qg, (s,a)

5 - Actor network 74 ()

6: - Target networks Q ¢/ (s,a), Qo (s,a), mg (s)

7 - Experience replay buffer O

8: Define Curriculum Learning Strategy:

9: Task 1: Train agent with varying steering inputs (fixed velocity, fixed road friction)
10: Task 2: Introduce varying velocity conditions
11: Task 3: Introduce varying road friction u

12: for each task 7y in {Task 1, Task 2, Task 3} do

13: for each episode e = 1,2, ..., Nepisodes O

14: Reset environment with task-specific variations
15: Observe initial state sq

16: for each time step 7 do

17: Select action using actor policy:

18: a; = ng(s;)+OU noise

19: Apply action a, and observe (s;41,7;,done)
20: Store experience (s;,d;,7s,8:+1,done) in D
21: Sample mini-batch B from D

22: Compute target Q-value:

23: y=r+ymin;= 2 Qg (s",my (s") +clipped noise)
24: Update critics:

25: 0; «—6; —a.Vg,J(6;)

26: if update step is due then

27: Compute policy gradient V4J(¢) and update actor:
28: 6 — d—aVeJ(9)

20: Update target networks:

30: 0, —710; +(1-1)0;

31: ¢ —T1dp+(1-7)¢

32: end if

33: end for

34: end for

35: Evaluate performance and transition to next task
36: end for

37: Deploy trained TD3 agent in different scenarios and evaluate performance
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3.6 Curriculum Learning for Adaptive Torque Vectoring

3.6.2 Curriculum Learning Framework for Progressive Training of the
TD3-Based Controller

In this work, curriculum learning is incorporated into the TD3 training process through
three sequential tasks, each designed to address a specific aspect of vehicle dynamics. This
progressive approach improves learning stability, accelerates convergence, and enhances the

ability of the controller to generalise across varying operating conditions.

» Task 1: The first stage focuses on training the agent to regulate its output actions in

response to different steering inputs, where the steering wheel angle is randomly varied.

* Task 2: The second stage introduces variations in vehicle speed between 10 and 25 m/s
to expose the agent to a range of longitudinal motion conditions, ensuring that the
learned torque vectoring policy remains effective across different velocities.

* Task 3: The final stage randomises the road friction coefficient () between 0.3 and 1.0 to
simulate various driving surfaces such as dry asphalt, wet roads, and snowy conditions,

enabling the agent to adapt its control policy to changing tyre—road interactions.

The selected parameter ranges for steering angle, velocity, and friction coefficient reflect
realistic operating limits of road vehicles. The chosen friction range of 0.3 to 1.0 in Task 3
ensures consistency with the practical operating conditions of AWD EVs. Combining friction
values below 0.3 with higher speeds (up to 25 m/s) represents an extreme condition where
conventional torque vectoring methods are no longer effective. The lower bound of 0.3
therefore captures demanding yet feasible conditions, such as snow-covered surfaces, while
preserving the controllability and relevance of torque-based yaw stability control. This
configuration allows the agent to learn optimal torque allocation policies within a realistic
and physically valid domain.

By gradually increasing task complexity, curriculum learning improves the efficiency of
the TD3-based training process. The hyperparameter settings are summarised in Table 3.3.
Each parameter is tuned to achieve stable and effective performance across all curriculum
stages. Tasks 1 and 2 each include 200 training episodes, whereas Task 3 is extended to
400 episodes to provide sufficient training time for the agent to adapt to more complex
environmental dynamics. The experience buffer size is set to 1e6, ensuring a diverse set of
transitions for stable learning. A mini-batch size of 64 is used to provide a balance between
computational efficiency and gradient stability, allowing the agent to generalise effectively
from sampled experiences. The gradient thresholds for both actor and critic networks are set
to 1 to prevent instability caused by excessively large gradient updates, which can occur in

early training stages.

60



3.6 Curriculum Learning for Adaptive Torque Vectoring

Table 3.3 Hyperparameter settings for the proposed curriculum learning algorithm

Parameter Task 1 Task 2 Task 3

General settings

Experience buffer length le6

Mini-batch size 64

Actor gradient threshold 1

Critic gradient threshold 1

Target policy standard deviation V0.3

Discount factor 0.995

Noise model Ornstein—Uhlenbeck (OU)
Task-specific settings

Number of training episodes 200 200 400
Actor learning rate le-4 le-5 le-5
Critic learning rate le-3 le-4 le-4
Noise mean attraction constant 0.15 0.15 0.20
Noise standard deviation 46 40 32

In the TD3 algorithm, the target policy standard deviation determines the amount of noise
added to the target actions during critic target computation. This mechanism, referred to
as target policy smoothing, mitigates overestimation of Q-values and enhances robustness.
The target policy standard deviation is set to V0.3 in this work to prevent sharp spikes in
estimated values. The discount factor is fixed at 0.995 to ensure that both short-term and
long-term rewards are appropriately balanced in the optimisation process. The actor and
critic learning rates are adjusted across the curriculum stages. In the initial stage, higher
learning rates are applied to enable faster convergence and encourage broader exploration.
As training progresses, these rates are gradually reduced to ensure smoother updates and
improve stability in the later stages. Excessive learning rates can lead to unstable policy
updates, whereas overly small values may slow down learning. The adopted configuration
strikes a balance between adaptability and convergence consistency across all training phases.

Exploration during training follows the Ornstein—Uhlenbeck (OU) process to generate
temporally correlated noise suitable for continuous control problems such as torque vectoring.
The noise standard deviation is set to 46 in Task 1 to promote broad exploration and reduced
progressively to 40 and 32 in Tasks 2 and 3, respectively. This gradual reduction enables the
agent to transition from exploration to fine-tuning as learning progresses. The noise mean
attraction constant in the OU process, which governs how rapidly the noise reverts to its
mean, is maintained at 0.15 in the first two tasks and increased to 0.2 in Task 3 to improve
adaptability during the most challenging phase.
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3.6 Curriculum Learning for Adaptive Torque Vectoring

The criteria for transitioning between tasks and the associated hyperparameters are
manually defined for each stage of training. Higher exploration noise and learning rates
are used in early stages to promote faster policy discovery, whereas reduced values in later
tasks encourage convergence and refinement. This structured, progressively tuned learning
framework enhances the robustness and stability of the TD3-based controller, enabling it
to achieve optimal torque vectoring and improved dynamic stability across a wide range of
driving conditions in AWD EVs.

A sensitivity analysis is conducted on key hyperparameters to determine appropriate
parameter settings for the proposed controller. As an illustrative example, the actor learning
rate a, and critic learning rate « are analysed to evaluate their influence on controller
performance. The analysis is performed for the TD3 agent under a circular turning scenario at
a velocity of 15 m/s and a tyre-road friction coefficient of 0.3. Since the actor—critic structure
and training procedure are consistent across all agents, the results can be generalised to other
RL-based controllers in this study. Table 3.4 summarises the outcomes across performance
indicators, including maximum of sideslip angle (max|8|), maximum of sideslip angle rate
(max|B|), integral of sideslip angle ( / |3]), integral of sideslip angle rate ( / |B8]), integral of
yaw rate error ( / |¥.|), and maximum lateral displacement from the desired path (max|Y,|).
The baseline configuration is set to a; = le =5 and ap = le —4.

To evaluate the relative influence of the learning rates on the controller performance, a
normalised Sensitivity Weight Index (SWI) is defined, while keeping all other hyperparameters

unchanged:
ACswi/Cswinom
SWIal.:( swi1/Cswinom)
(Aa'i/ai,nom)

where Cswr nom 15 the nominal value of the performance criterion obtained using the baseline

x 100 (3.31)

learning rates, ACsw  represents the variation in the criterion resulting from a change in the
learning rate, @; s, 1 the nominal learning rate, and Aq; denotes its variation. A negative
SWI indicates that changing the learning rate degrades performance, while a positive SWI
shows improvement in Table 3.4.

The results indicate that increasing the actor learning rate to le—4 or le—3 generally
leads to degraded stability and tracking performance. This behaviour is reflected by the
increase in several stability-related metrics. Although the degradation is moderate, the
negative SWI values observed for most metrics confirm that higher actor learning rates reduce
control performance. A similar trend is observed when the critic learning rate is decreased
to 1e—5, which results in the largest SWI magnitudes across several metrics, particularly
/ |3| and max|Y,|. Increasing the critic learning rate to 1e—3 produces smaller variations in
the performance indicators, suggesting a relatively moderate influence compared with the
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3.7 TD3-Based Direct Yaw Control

Table 3.4 Sensitivity analysis of learning rates on stability performance metrics

Actor Critic
learning  learning
rate (o) rate (@g)

max|B|  max|B|  [|B| [1B8l [lel  max|Ye]
[deg]  [deg/s] [degs]  [deg]  [deg/s] [m]

le-5 le-4  Value 0458 2895 3504 1272 5838  1.022
SWI - - - - - -
le-4 le-4  Value 0581 2907 3747 1778 5360  1.345

SWI  -2983 -0.046 -0.770 -4.419 +0909 -3.511

le-3 le-4 Value  0.563 3.068 4.808 2.062 7.323 1.662
SWI  -0.231 -0.060 -0.375 -0.627 -0.256  -0.632

le-4 le-5 Value  0.541 3.075 4.170 1.712 6.010 1.498
SWI  -20.135 -6.908 -21.118 -38.434 -3.273 -51.750

le-4 le-3 Value  0.489 2.926 3.314 1.281 5.902 1.073
SwlI  -0.752 -0.118 +0.602 -0.078 -0.121  -0.554

other cases. Overall, the results demonstrate that the baseline configuration (o, = 1e—5 and
ag = le—4) provides the most balanced trade-off between stability performance and training
robustness.

3.7 TD3-Based Direct Yaw Control

The TD3 algorithm provides a model-free control approach in which an intelligent agent
learns an optimal control policy through interaction with the environment [11]. The TD3
architecture utilises separate neural networks for the actor and the two critic components to
mitigate overestimation bias and enhance learning robustness. The network architectures for
both components are illustrated in Fig. 3.6. The actor network receives the state vector as
input and processes it through a sequence of fully connected (FC) layers comprising 128,
64, 32, and 32 neurons. Each layer is followed by a ReLU activation function to introduce
nonlinearity and support efficient gradient propagation. The output layer of the actor employs
a hyperbolic tangent (Tanh) activation function followed by a scaling operation to constrain
the action outputs within the physically allowable torque limits.

Each of the critic networks take both the state and action vectors as inputs. These
inputs are first processed independently through fully connected layers and then concatenated
before passing through subsequent layers for feature fusion. The final output of each critic
network provides a scalar Q-value representing the estimated return of the given state—action
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Fig. 3.6 Architecture of neural networks of: (a) Actor, and (b) Critics.

pair. During training, the TD3 algorithm updates the critic networks to accurately estimate
the expected return, while the actor network is optimised to select actions that maximise
this Q-value. This dual-critic structure, combined with delayed policy updates and target
smoothing, enables the TD3 controller to achieve stable learning and reliable convergence for
direct yaw control in all-wheel-drive electric vehicles. The following subsections detail the
implementation of TD3 for vehicle dynamic control and the training process.

3.7.1 Observation and Action Space Definition

The observation (state) space provides the TD3 controller with real-time information about
the dynamic behaviour of the vehicle, enabling it to evaluate current performance relative to
the desired reference states. These observation signals capture the essential vehicle dynamics
required for decision-making and control adaptation. The complete set of observation signals
is defined as:

S = {lj/e’/l/.’eaﬁ,ﬁeavx’ve,wija/lij} (3.32)

where /., and B, represent the yaw rate and sideslip angle errors, v, and v, denote the
longitudinal velocity and its error, w;; is the wheel angular velocity, and 4;; is the slip ratio
of each wheel. This formulation ensures that the TD3 agent has access to both vehicle-level

and wheel-level dynamic states for accurate torque vectoring and stability control.
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3.7 TD3-Based Direct Yaw Control

The action space is defined by the corrective yaw moment (M), which serves as the
control command generated by the TD3 agent. The objective is to maintain stability and

enhance manoeuvrability based on the observed vehicle dynamics:
a; ={M} (3.33)

The agent learns to determine the optimal corrective yaw moment M, that maximises the
cumulative reward, thereby achieving balanced and stable vehicle behaviour under varying
driving and road conditions.

3.7.2 Reward Function Design for Adaptive Control

The reward function is a key component of the TD3 training process, as it defines the learning
objectives and guides the agent toward achieving stable and efficient control behaviour. In
this study, the reward function is designed to improve the yaw stability and overall dynamic
performance of an AWD EV through adaptive control. The total reward at each time step

ri(ss,a;) is composed of five components, each targeting a specific control objective:
rt(st,at) =R{+Ry+R3+R4+Rs5 (334)

The individual reward terms are defined as:

Ry =-wi(e)? (3.35)
- B if 'e >

gy |72 el >l 536
0, otherwise

-ws, 1f [B]>]c
gy L7 118> el a3
0, otherwise

—wy, if simulation terminates
Ry = (3.38)
0, otherwise

Rs = —Au()TwsAu(r) (3.39)

The first term (R;) penalises deviations between the actual and desired yaw rate, encour-
aging the agent to maintain the desired vehicle orientation. The second and third terms

(Ry and R3) constrain the yaw rate error and sideslip angle within safe limits, preventing
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excessive yaw motion or lateral instability. The threshold values ¢, and c3 are selected
based on the driving scenario to ensure realistic stability margins. For example, during
training under a single lane-change manoeuvre with a longitudinal velocity of 15 m/s and a
tyre—road friction coefficient of 0.3, ¢, and c3 are set to 0.0009 and 0.1, respectively. Overly
restrictive thresholds could limit manoeuvrability, whereas excessively loose limits may lead
to instability.

The fourth component (R4) introduces a penalty when the simulation terminates pre-
maturely, which occurs if the vehicle velocity becomes negative (v, < 0) or if the yaw rate
error exceeds 0.1 rad/s. This discourages unsafe or unstable behaviours during training
and promotes robust control policies. The final term (Rs) penalises abrupt changes in the
control input Au(¢) to maintain smooth torque transitions and improve driving comfort.
Here, Au(t) = [ATy;, ATy, ATy, AT, ], with AT;; = T;; (k) —T;;(k — 1) representing the torque
increment at each wheel.

The weighting coefficients w—w5 determine the relative importance of each objective
and are selected as 50, 10, 5, 50, and 0.01, respectively. These values are tuned empirically
to ensure balanced learning between yaw stability, smooth control effort, and overall
manoeuvrability.

To analyse the contribution of each reward component and justify the selected weights,
an ablation study is performed by removing one term at a time (w; to w4). The performance
of the trained agent is then evaluated using six criteria, summarised in Table 3.5, where the
worst-performing metrics are bolded. The results show that removing any reward component
leads to a noticeable degradation in controller performance compared with the unablated
configuration. In particular, removing the yaw rate tracking term w; produces the largest
deterioration across all evaluation metrics, indicating that accurate yaw rate regulation plays a
critical role in maintaining vehicle stability. Eliminating the constraint terms w, and w3 also
increases the sideslip angle and yaw rate error, demonstrating the importance of enforcing
stability limits during training. In contrast, removing the termination penalty w4 results in
comparatively smaller performance degradation, suggesting that this term mainly contributes
to improving training robustness. Overall, the ablation results confirm that each reward
component contributes to the stability and tracking performance of the controller, thereby

justifying the selected reward structure and weight configuration.

3.7.3 Learning Performance

The learning performance of the proposed TD3-based reinforcement learning agent is
evaluated under two training configurations of without curriculum learning and with the

integration of curriculum learning. The preogression of episode rewards over training episodes
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Table 3.5 Ablation study of reward function based on different evaluation criteria

. maxlpl  max|j B ~ el maxl
Abladion term A B A L CIC R s [m]
Unablated 0.458 2.895 3.504 1.272 5.838 1.022
wi 0.731 3.684 5.142 2.061 8.944 1.836
wo 0.612 3.487 4.328 1.745 7.214 1.402
w3 0.684 3214 4917 1.631 6.988 1.523
Wy 0.541 3.046 3.892 1.442 6.215 1.188

is shown in Fig. 3.7 and Fig. 3.8, respectively. These figures illustrate the convergence
behaviour, reward progression, and learning stability of the TD3 agent under both conditions.

As shown in Fig. 3.7, the TD3 agent trained without curriculum learning exhibits
significant fluctuations in episode rewards during the early training stages, which corresponds
to the exploration phase typical in RL. Although the episode rewards gradually improve
and stabilise, the learning curve remains relatively noisy, suggesting limited stability during
training. The final average reward indicates that the agent successfully learns a usable policy;
nevertheless, convergence is slower and less consistent.

In contrast, Fig. 3.8 presents the results of the TD3 agent trained with curriculum
learning, consisting of three progressively challenging tasks, i.e., task 1 (Fig. 3.8a), task 2
(Fig. 3.8b), and task 3 (Fig. 3.8c). In task 1, the episode rewards initially fluctuate due to
exploration but gradually stabilise as the agent learns to regulate torque distribution effectively.
The cumulative penalty decreases from an initial value of —145,045 in the first episode to
an average of —59,081 by the end of training, corresponding to a 59.2% reduction. For
comparison, the TD3 algorithm without curriculum learning achieves a smaller improvement
of 48.5% over the same training duration.

During task 2, the episode rewards continue to increase steadily, indicating the development
of a more refined control policy capable of managing vehicle stability under variable speed
conditions. In task 3, where the agent encounters varying road friction coefficients, the
rewards further converge toward an optimal policy. The final average reward achieved by the
TD3 agent with curriculum learning is —23,431, representing a 23.0% reduction in cumulative
penalty compared with the corresponding value obtained without curriculum learning. These
results demonstrate that curriculum learning accelerates convergence, enhances learning
stability, and improves the overall policy performance of the TD3 controller.

To support effective training, the TD3 agent with curriculum learning employs adaptive
hyperparameter configurations across tasks. A higher exploration noise standard deviation and
learning rate are applied in task 1 to promote diverse action exploration and rapid early-stage

67



3.7 TD3-Based Direct Yaw Control

o

o

8
T A
X
©
=
7]
o -+++ Episode Reward
§ -30 — Average Reward
=] e
240 Episode Q0
L

-50

0 200 400 600 800
Episode Number

Fig. 3.7 Episode rewards for TD3 agent training without curriculum learning

S o o o

-ET! ©3-10 T : g:‘-lo +

< <

z 3 20 4 5 20 :

x -+-- Episode Reward 4 -+« Episode Reward 4 +-+- Episode Reward

2z -30 — Average Reward L -30 1 |—Average Reward 3 -30 + —Auverage Reward
. o .

2 40 — -Episode Q0 2 — -Episode QO g w0l — -Episode Q0

) g 07 T

-50 -50 -50
0 50 100 150 200 200 250 300 350 400 400 500 600 700 800
Episode Number Episode Number Episode Number
(a) (b) (c)

Fig. 3.8 Episode rewards for TD3 agent training with curriculum learning: (a) Task 1, (b)
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learning. As the agent progresses to tasks 2 and 3, these parameters are gradually reduced to
stabilise training and refine policy convergence. Similarly, the noise mean attraction constant,
which governs the rate at which exploration noise reverts to its mean, is set to a lower value
in the first two tasks and increased in the final stage to favour consistent control behaviour.
These adaptive adjustments ensure a balanced trade-off between exploration and exploitation,
resulting in improved convergence robustness and better generalisation of the learned control

policy.

3.7.4 Effectiveness of Curriculum Learning in TD3 Training

This section demonstrates the impact of integrating curriculum learning into the TD3
framework for vehicle dynamic control. As discussed earlier, the proposed curriculum
learning structure divides the training process into three tasks of increasing complexity. This
gradual progression allows the agent to first stabilise its control policy under simple conditions
before adapting to more demanding scenarios. In contrast, a standard TD3 agent must learn
across all variations from the outset, often leading to slower convergence and less stable
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Fig. 3.9 Standard deviation of episode rewards for TD3 agents with and without curriculum
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learning. Furthermore, curriculum learning helps mitigate overestimation bias by decoupling
the training stages and progressively increasing the state-space complexity. This ensures
that the critic network learns accurate Q-value approximations early in training, reducing the
likelihood of unstable or exaggerated estimates when exposed to complex environments.

The standard deviation of the episode rewards over every 50 training episodes is presented
in Fig. 3.9 for both TD3 agents with and without curriculum learning. This metric quantifies
the variability of the reward signal, providing insight into the consistency of the learning
process. Both agents begin with high reward variability due to random exploration. In the
first episode, the reward standard deviation is 2.27 for the curriculum-based TD3 agent and
2.46 for the baseline TD3 agent. By episode 300, the standard deviation decreases to 0.49
and 0.40, respectively. These results indicate that curriculum learning leads to a smoother
and more stable learning progression, allowing the agent to retain moderate exploratory
behaviour without destabilising training. Beyond episode 300, both agents maintain low
reward variability, signifying convergence.

To further quantify convergence speed, three thresholds corresponding to 50%, 60%, and
70% reductions in the initial penalty are defined, as shown in Fig. 3.10. These thresholds
represent the number of episodes required for the average episode reward to improve by a
given percentage. The TD3 agent trained with curriculum learning consistently reaches each
convergence threshold in fewer episodes than the baseline agent. At the 50% reduction level,
the curriculum-based agent converges within 13 episodes, compared with 21 episodes for the
baseline. At 60% reduction, convergence occurs at episode 211 versus 305, and at 70%, at
episode 292 compared with 328. These results clearly demonstrate that curriculum learning
accelerates policy convergence and enhances sample efficiency.

The earlier convergence achieved by the curriculum-based agent highlights its ability
to learn effective control policies with significantly fewer training interactions, which is
particularly valuable when computational resources or training data are limited. By enabling
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more structured and progressive policy refinement, curriculum learning improves the training
efficiency, stability, and generalisation of the TD3 controller. This makes it more suitable for
real-time applications such as torque vectoring and yaw stability control, where reliable and

adaptive performance under varying conditions is essential.

3.8 Results and Discussions

This section presents an evaluation of the proposed TD3-based torque vectoring controller
under various driving scenarios. The performance of the controller is analyzed through
simulation results obtained from MATLAB/Simulink and verified using IPG CarMaker. In
particular, the performance of the proposed TD3 with curriculum learning and conventional
LQR controllers are compared in Table 3.6 based on seven key performance metrics,
including maximum of corrective yaw moment (max|M,|), maximum of sideslip angle
(max|p|), maximum of sideslip angle rate (max|/3|), integral of sideslip angle ( / |3]), integral
of sideslip angle rate ( f |B]), integral of yaw rate error ( f |¥.|), and maximum lateral

displacement from the desired path (max|Y,|).
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3.8 Results and Discussions

To make a fair comparison, the maximum amplitudes of actions are set to be in the
same range for both the proposed TD3 and conventional LQR controllers. Also, the tuning
process for the LQR controller is carried out systematically using standard control design
practices for each scenario. Specifically, the state-space model of the vehicle dynamics is
linearized around a nominal operating point, and the state weighting matrix Q and control
weighting matrix R are selected based on performance trade-offs between performance
and control effort. The matrices are initially chosen based on prior literature and further
refined for each scenario through iterative simulations to achieve balanced behavior across
different manoeuvres. This tuning process ensures that the LQR controller operates at its best
achievable performance while maintaining a comparable control effort to the TD3 agent, and
provides a fair baseline to highlight the advantages of the model-free TD3 agent compared to
the LQR controller, particularly in terms of adaptability and performance generalization. The
comparison is carried out across a range of vehicle velocities (25 m/s, 30 m/s, and 35 m/s) and
tyre-road friction coefficients (0.5, 0.7, and 0.9), under circular turning, single-lane change,
and double-lane change manoeuvres. The test conditions are selected to be challenging
in order to thoroughly evaluate the performance of controllers under demanding scenarios.
The table also reports the percentage change for each criterion, in which downward arrows
indicate a reduction in TD3 relative to LQR, whereas upward arrows indicate an increase.

In terms of maximum sideslip angle (max|f|), the proposed TD3-based controller
generally achieves smaller peak values than the LQR baseline across most scenarios. For
example, under the circular turning scenario at 25 m/s with u = 0.5, the LQR controller
achieves max|B| = 2.454 deg, whereas TD3 reduces it to 2.215 deg, corresponding to a 9.7%
reduction. Similar improvements are observed in the single-lane and double-lane change
manoeuvres, where reductions of up to 17.4% are achieved. The maximum rate of sideslip
angle (max|p)|) is also generally reduced by the TD3 controller. For instance, reductions of
13.2% and 8.6% are observed in the double-lane change manoeuvres at 25 m/s and 30 m/s,
respectively. This indicates smoother transient responses during aggressive manoeuvres.
Similarly, the integral of sideslip angle ( f |B]) is consistently lower for the TD3 controller in
most scenarios. In circular turning manoeuvres, reductions of 25.6%, 24.2%, and 23.5% are
observed at speeds of 25 m/s, 30 m/s, and 35 m/s, respectively.

The TD3 controller also reduces the integral of sideslip rate ( / |8]) in most lane-change
manoeuvres, with reductions of up to 14.0% in the double-lane change scenario at 25 m/s.
However, under certain circular turning conditions, the LQR controller achieves slightly
lower values, indicating that both controllers can perform competitively depending on the
manoeuvre. The integral of yaw rate error ( f . |) is used to evaluate tracking performance.

In most lane-change scenarios, the TD3 controller provides lower values than the LQR
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3.8 Results and Discussions

baseline, with improvements of up to 19.7% in the single-lane change scenario at 35 m/s.
Finally, the maximum lateral deviation from the desired path (max|Y,|) is reduced in most
manoeuvres. For example, in the double-lane change scenario at 30 m/s with u = 0.7, the
TD3 controller reduces the lateral deviation by 67.2% compared to the LQR controller. These
results demonstrate that the proposed TD3-based controller can improve vehicle stability
and path tracking performance under demanding driving conditions. To further examine the
robustness of the proposed controller under parameter uncertainties, a Monte Carlo analysis
is also performed. The detailed setup of the Monte Carlo simulations, including the uncertain

parameters and their distributions, is provided in Appendix B.

3.8.1 Circular Turning Manoeuvre

To further evaluate the performance of the proposed TD3-based torque vectoring controller in
maintaining yaw stability, a circular turning manoeuvre is conducted at a constant longitudinal
velocity of 25 m/s (90 km/h) with a tyre-road friction coeflicient of 0.5. The results are
compared with a conventional LQR-based controller, as shown in Fig. 3.11.

The trajectory of the vehicle under circular turning is shown in Fig. 3.11a, where both
controllers closely follow the desired path. However, the TD3-based approach exhibits tighter
lane adherence, indicating improved lateral tracking. The maximum lateral deviation from
the desired path is 7.665 m for the conventional LQR controller, whereas the same criterion
decreases to 3.369 m for the proposed TD3 controller. The velocity plot in Fig. 3.11b
shows that the vehicle maintains the speed that is set by the driver. The yaw rate, shown
in Fig. 3.11c, highlights the superior tracking accuracy of the TD3 controller compared
to the conventional method. The TD3-based approach effectively reduces overshoot and
oscillations, bringing the yaw rate closer to the desired reference. The maximum deviation of
the yaw rate for the proposed TD3 controller is 5.137 deg/s, while this is 9.780 deg/s for the
conventional controller. The sideslip angle in Fig. 3.11d indicates the maximum sideslip
angle is 2.215 deg for the proposed controller, which is 9.7% less than the baseline LQR with
2.454 deg. This indicates enhanced lateral stability and better utilization of available tyre
grip without approaching saturation. Fig. 3.11e illustrates the lateral acceleration, where the
TD3-based controller offers a controlled and more stable response.

Also, the steering wheel angle is depicted in Fig. 3.11f to simulate the circular turning
manoeuvre. Wheel angular velocities and torques are demonstrated in Fig. 3.11g and
Fig. 3.11h, respectively. The TD3-based controller dynamically adjusts torque distribution,
maintaining optimal traction while minimizing instability. Torque values are optimally
distributed among the four wheels of the vehicle to maintain stability under this scenario.
These results confirm that the TD3-based RL controller enhances yaw stability by reducing
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Fig. 3.11 Simulation results for circular turning manoeuvre: (a) Vehicle Trajectory, (b)
Vehicle velocity, (c) Yaw rate, (d) Sideslip angle, (e) Lateral acceleration, (f) Steering wheel
angle, (g) Wheel angular velocities, (h) Applied wheel torques.

yaw rate error, minimizing sideslip angle, and ensuring smoother torque allocation compared

to the conventional LQR controller.

3.8.2 Single-Lane Change Manoeuvre

The single-lane change manoeuvre is also conducted to further evaluate the performance
of the proposed TD3-based torque vectoring controller. The test is performed at a constant
velocity of 15 m/s (54 km/h) on a snowy road surface with a low friction coefficient of 0.3.
This scenario presents a challenging stability control task, as low friction reduces the available
lateral tyre forces and increases the likelihood of oversteer or understeer. The simulation
results are plotted in Fig. 3.12.
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Fig. 3.12 Simulation results for the single-lane change manoeuvre: (a) Vehicle Trajectory, (b)
Vehicle velocity, (c) Yaw rate, (d) Sideslip angle, (e) Lateral acceleration, (f) Steering wheel
angle, (g) Wheel angular velocities, (h) Applied wheel torques.

The vehicle trajectory in Fig. 3.12a demonstrates that both controllers can track the
desired path; however, the TD3-based approach achieves a smoother transition with reduced
lateral deviation compared to the conventional method. This suggests that the TD3 agent is
able to better regulate lateral tyre forces despite low traction. The velocity is plotted in Fig.
3.12b, which shows that the controller can achieve the desired velocity set by the driver. The
yaw rate in Fig. 3.12c and sideslip angle in Fig. 3.12d indicate that the proposed controller
can mitigate oscillations and maintain stability, closely aligning with the desired values,
whereas the conventional controller exhibits higher fluctuations. The maximum amplitude
of the sideslip angle reaches 0.256 deg for the TD3-based controller, which is reduced by
25.8% compared to the conventional LQR controller with a maximum amplitude of 0.345 deg.
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Notably, the TD3 controller manages this without access to a vehicle model, instead relying
solely on learned state—action trajectories, showcasing its generalization capability under
unseen road conditions.

The maximum lateral acceleration amplitude for the TD3-based controller reaches
2.105 m?/s, as can be seen in Fig. 3.12e. Fig. 3.12f shows the steering wheel angle for
the single lane change scenario. The wheel angular velocities and applied wheel torques in
Fig. 3.12g and Fig. 3.12h illustrate the real-time adaptation of the proposed controller in
redistributing torque among the four wheels to maintain stability. Wheel angular velocities
are within the range of approximately 475 rpm to 481 rpm. The minimum and maximum
amplitudes of wheel torques are roughly 5 Nm and 70 Nm. These results confirm the
effectiveness of the proposed controller in improving yaw stability and overall handling
performance in critical driving scenarios. The TD3-based controller not only achieves
more stable dynamics under the low-friction condition, but it also demonstrates superior
performance in diminishing the lateral deviation from the desired trajectory and minimizing

the sideslip angle.

3.8.3 Double-Lane Change Manoeuvre

A double-lane change manoeuvre is conducted at a longitudinal velocity of 20 m/s (72 km/h)
with a tyre-road friction coefficient of 0.4. This scenario represents a dynamic and transient
condition, requiring quick directional changes and precise control of lateral dynamics. The
simulation results in Fig. 3.13 are compared against those obtained from a conventional LQR
controller.

The trajectory plot in Fig. 3.13a illustrates that while both controllers are capable
of completing the double-lane change, the TD3-based controller maintains a tighter lane
trajectory, especially at the turning points. This tighter lateral path adherence is a result of
better regulation of the lateral motion of the vehicle and indicates more precise path-following
capability. The maximum lateral deviation is 0.391 m for the TD3-based controller, which is
reduced by 29.3% compared to the conventional counterpart. The velocity profile is shown in
Fig. 3.13b, in which the vehicle maintains the velocity set by the driver at 20 m/s. Fig. 3.13c
compares the yaw rates for TD3 and LQR against the desired plot. The integral of yaw rate
error is decreased by 6.8% for the TD3 controller, thus promoting smoother yaw dynamics.
The sideslip angle in Fig. 3.13d confirms that the TD3 approach maintains smaller angular
deviations during lane transitions, evidencing greater stability in sudden steering events. The
maximum absolute value of sideslip angle is reduced by 14.1% for the proposed controller

compared to the baseline counterpart. Moreover, the maximum sideslip angle rate for LQR
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Fig. 3.13 Simulation results for the double-lane change manoeuvre: (a) Vehicle Trajectory,
(b) Vehicle velocity, (c) Yaw rate, (d) Sideslip angle, (e) Lateral acceleration, (f) Steering
wheel angle, (g) Wheel angular velocities, (h) Applied wheel torques.

and TD3 controllers are 1.096 deg/s and 0.952 deg/s, respectively, showing a reduction of
13.1% when the TD3 controller is used.

Fig. 3.13e presents the lateral acceleration with a controlled response in vehicle dynamics
and stability. This confirms the smoother transient behavior with less oscillation during the
lane entry and exit phases. The steering wheel angle in Fig. 3.13f illustrates the input profile
of the driver for the double-lane change. Lastly, Fig. 3.13g and Fig. 3.13h compare the
wheel angular velocities and applied wheel torques, respectively. The TD3 controller actively
redistributes torque among the four wheels to mitigate oversteer or understeer tendencies,

particularly at the lane-change transitions. Overall, these results verify that the TD3-based
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Powertrain: OpenXWD

Powertrain Contral

Fig. 3.14 Verification in IPG CarMaker: (a) CarMaker GUI, (b) OpenXWD powertrain, and
(c) Performance under a cornering manoeuvre.

controller enhances lateral stability, limits abrupt sideslip fluctuations, and achieves a more

precise lane tracking under demanding double-lane change manoeuvres.

3.8.4 ISO 4138 Circular Turning Test in IPG CarMaker

To further verify the performance of the proposed TD3-based torque vectoring controller
in a realistic environment, additional tests can be conducted using IPG CarMaker. The
IPG CarMaker environment offers a higher level of fidelity by incorporating more realistic
vehicle dynamics and environmental interactions. The main graphical user interface (GUI)
of the CarMaker is shown in Fig. 3.14a. For this aim, the controller is designed in
MATLAB/Simulink and implemented in IPG CarMaker. The OpenXWD powertrain model
with Stand Alone configuration is selected in CarMaker to apply torques via an external
user-defined driveline, as shown in Fig. 3.14b.

A circular turning test based on ISO 4138 standards is conducted in IPG CarMaker, and
the speed control is selected for the longitudinal dynamics with a speed of 20 m/s (90 km/h).
The results are illustrated in Fig. 3.15. The vehicle trajectory, depicted in Fig. 3.15a, shows
that the vehicle can follow a circular path with a 100 m radius while maintaining stable
lateral positioning. The longitudinal velocity is shown in Fig. 3.15b, which indicates that the
controller effectively sustains the target speed of 20 m/s.

Fig. 3.15c compares the yaw rate responses for both the proposed TD3-based controller
and the conventional LQR controller. The results indicate that both controllers exhibit similar
performance. The differences become more evident in the sideslip dynamics. Sideslip
angles are compared in Fig. 3.15d for the proposed TD3-based and baseline controllers.
The peak sideslip angle (max|f|) is 0.439 deg for the TD3-based controller compared to
0.430 deg for the LQR controller, which is slightly higher for TD3. However, the TD3
controller demonstrates better overall stability, as evidenced by a 37.2% lower integral of the
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Fig. 3.15 Simulation results for the Circular Turning Test in IPG CarMaker: (a) Vehicle
Trajectory, (b) Vehicle velocity, (c) Yaw rate, (d) Sideslip angle, (e) Lateral acceleration, (f)
Steering wheel angle, (g) Wheel angular velocities, (h) Applied wheel torques.

absolute sideslip angle ( f |3]), indicating that it can more effectively minimize the cumulative
lateral deviation over time. The peak sideslip angles are similar between the TD3-based
controller and the LQR controller because both controllers aim to maintain lateral stability by
minimizing sideslip, and they operate based on the same reference trajectory. The reference
yaw rate and desired sideslip angle are derived using steady-state assumptions, which both
controllers attempt to track closely. Additionally, in the evaluated scenario, the operating
conditions are relatively nominal, with moderate speed and friction values, where both
controllers are effective and converge toward similar corrective strategies. However, the
key difference lies in how each controller handles sideslip over time. The TD3 controller

demonstrates better cumulative performance, indicating smoother and more stable control
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throughout the entire manoeuvre. Even marginal reductions in sideslip angle are meaningful
under near-limit conditions. These small differences can prevent a vehicle from critical lateral
stability thresholds, especially on low-friction surfaces.

The lateral acceleration is presented in Fig. 3.15e with a maximum value of 4.335 m?%/s.
Fig. 3.15f shows the steering wheel angle input to follow the trajectory. The wheel angular
velocities and the applied torques, illustrated in Figs. 3.15g and 3.15h, respectively, highlight
how the TD3-based method adaptively distributes torque among the four wheels to preserve
stability and manage understeer or oversteer tendencies. The proposed controller allocates
torques with the peaks of approximately 185 Nm and 190 Nm to the front right and rear right
wheels to obtain stability when the vehicle starts turning around the circular path. On the
other hand, the torques applied to front left and rear left wheels drop to around 126 Nm and
127 Nm, respectively. This torque distribution highlights the effectiveness of the proposed
torque vectoring strategy in maintaining vehicle stability during turning manoeuvres. In
conclusion, the ISO 4138 test conducted in IPG CarMaker verifies the effectiveness of the
proposed TD3-based controller in a high-fidelity environment, demonstrating its capability to

maintain stable cornering dynamics.

3.8.5 Hockenheim Driving Test in IPG CarMaker

To further assess the adaptability and performance of the proposed TD3-based torque vectoring
controller under dynamically changing road curvature and steering input, a simulation is
conducted on the Hockenheim driving circuit using IPG CarMaker. The simulation results for
the Hockenheim driving test using IPG CarMaker are depicted in Fig. 3.16 at a longitudinal
velocity of 25 m/s (90 km/h) under dry road conditions.

The trajectory of the vehicle, shown in Fig. 3.16a, demonstrates the ability of the vehicle
to follow the Hockenheim driving circuit without losing dynamic control. The velocity profile
in Fig. 3.16b indicates a stable speed at 25 m/s (90 km/h) with speed control in longitudinal
dynamics. Fig. 3.16c compares the yaw rate of the AWD EV for the proposed TD3-based
controller with the desired yaw rate. This shows the effective performance of both controllers
to mitigate excessive yaw and prevent instability. The similarity in yaw rate responses between
the proposed TD3-based controller and the baseline LQR is attributed to the fact that both
controllers are designed to track the same reference yaw rate, which is generated using a
common vehicle model and steady-state assumptions. Since yaw rate is a primary target in
yaw stability control, both controllers focus on minimizing yaw rate error, leading to similar
overall tracking performance under standard conditions. However, the key advantage of the
TD3-based controller lies in its adaptability and robustness under varying and challenging

conditions, such as low-friction surfaces and higher-speed manoeuvres, where it maintains
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Fig. 3.16 Simulation results for the Hockenheim driving test using IPG CarMaker: (a) Vehicle
Trajectory, (b) Vehicle velocity, (c) Yaw rate, (d) Sideslip angle, (e) Lateral acceleration, (f)
Steering wheel angle, (g) Wheel angular velocities, (h) Applied wheel torques.

consistent performance without requiring model-based tuning or recalibration. Fig. 3.16d
shows the sideslip angle of the TD3-based and LQR controllers. The maximum absolute
value of the sideslip angle for the proposed TD3 is reduced by 52.4% compared to the baseline
LQR. The lateral acceleration in Fig. 3.16e shows some variations, which correspond to the
steering wheel angle input in Fig. 3.16f, required to navigate the turns of the track. Wheel
angular velocities are shown in Fig. 3.16g reaching to a maximum value of approximately
580 rpm. Also, the torque distribution in Fig. 3.16h shows the optimal torque allocation by
the proposed controller in favor of ensuring vehicle stability. The variations in applied torques
across the four wheels demonstrate the real-time adaptation of the controller to maintain

stability while following the curvatures in the test track. These results verify the effectiveness

81



3.9 Conclusion

of the TD3-based torque vectoring approach in enhancing vehicle stability, highlighting
significant improvements in lateral control, sideslip angle minimization, and overall dynamic
performance. The performance of the proposed controller is similar to the conventional LQR
approach in IPG CarMaker-based tests. Moreover, its model-free nature enables the TD3
algorithm to adaptively sustain vehicle stability under a wide range of conditions, whereas
the LQR controller relies on an accurate system model and parameter tuning to perform

effectively across various scenarios.

3.9 Conclusion

This chapter presents the development and verification of RL-based torque vectoring con-
trollers for an AWD EV using DDPG, TD3, and TD3 enhanced with curriculum learning.
The controllers are trained to improve yaw stability and vehicle dynamics by reducing yaw
rate error, limiting sideslip, and producing smooth torque distribution without relying on an
explicit vehicle model. The simulation results show that the RL-based controllers improve
stability and path tracking compared with a conventional LQR controller across circular
turning, single-lane change, and double-lane change manoeuvres. In the circular turning test
at 15 m/s and u = 0.3, the TD3 controller reduced the maximum sideslip angle by 40.6% and
reduced the maximum lateral path error by 70.4%. In the same manoeuvre at 20 m/s and
1 = 0.4, the integral of yaw rate error was reduced by 47.5%. In the double-lane change test
at 25 m/s and u = 0.5, the TD3 controller reduced the maximum lateral deviation by 58.2%.
These results confirm that the proposed RL controllers achieve improved lateral stability and
better tracking under low-friction and high-demand conditions.

TD3 provides more stable learning than DDPG due to clipped double Q-learning,
delayed policy updates, and target policy smoothing. Curriculum learning further improves
training behaviour by progressively increasing task difficulty. Compared with TD3 without
curriculum learning, the curriculum-based TD3 achieved faster convergence and improved
final performance, with the final average episode penalty reduced by 23.0%. The controller
performance is also verified in a high-fidelity environment using IPG CarMaker, confirming
that the learned policy can be transferred from MATLAB/Simulink simulation to a more
realistic vehicle simulation platform. Overall, the key finding of this chapter is that TD3,
especially when combined with curriculum learning, provides an effective model-free torque
vectoring solution that improves yaw stability, reduces sideslip, and reduces path tracking
error compared with a tuned LQR baseline. The next chapter extends this RL framework to
integrate vehicle stability control with energy optimisation within a unified control structure.
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Chapter 4

Reinforcement Learning-Based Energy
Optimization and Vehicle Dynamics
Control

4.1 Introduction

This chapter presents the proposed RL-based framework for integrated energy optimisation
and vehicle dynamics control in an AWD EV. Building upon the torque vectoring concepts
and hierarchical control architecture previously introduced, RL is employed to learn op-
timal control policies that simultaneously address vehicle stability and energy efficiency.
Specifically, actor—critic algorithms are integrated within the hierarchical control structure to
generate corrective yaw moments and allocate wheel torques while considering both dynamic
performance and electric machine efficiency. The formulation of the control problem, the
design of the reward function, and the implementation of the RL training framework are
described in the following sections.

4.2 Control Framework and Optimization Objectives

This study develops an RL-based torque vectoring control framework for integrated vehicle
stability control and energy optimisation in AWD EVs. Three actor—critic algorithms, namely
DDPG, TD3, and CL-TD3, are employed to generate the corrective yaw moment in the
high-level controller, which is then translated into individual wheel torques through a low-level

allocation strategy. The RL agent is trained in a simulated environment using a multi-objective
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Fig. 4.1 A schematic of the actor-critic RL-based control framework for energy optimisation
and vehicle dynamics control.

reward function that accounts for vehicle stability and energy efficiency. The overall control

architecture is shown in Fig. 4.1 [9].

4.2.1 Vehicle Dynamics Enhancement

Three RL-based agents are implemented in this study to generate the corrective yaw moment
in the high-level controller, i.e., DDPG, TD3, and CL-TD3. These agents share the same
observation and action spaces but differ in their learning mechanisms [166, 165]. Their
detailed formulations are presented in the rest of this chapter. To provide meaningful
performance benchmarks, two conventional model-based controllers are also developed, i.e.,
LQR and SMC approaches, each combined with sequential quadratic programming (SQP) for
torque distribution and energy optimization. SQP is a gradient-based nonlinear optimization
method widely used for solving constrained optimization problems. It operates by iteratively
solving a sequence of quadratic programming subproblems that approximate the original
nonlinear problem while satisfying system constraints. In this study, SQP is employed in the
low-level controller to optimally distribute wheel torques while considering actuator limits
and motor efficiency characteristics. These benchmark controllers, referred to as LSQP and
SSQP, enable a fair comparison between model-based and model-free control paradigms. The

model-based high-level controllers generate the corrective yaw moment. The computed yaw
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moment is then transmitted to the low-level SQP-based torque allocator, which distributes the
required torque among the four wheels while considering motor efficiency constraints.

The SMC law that determines the corrective yaw moment performs based on a sliding
surface defined as a weighted combination of yaw rate and sideslip angle errors, expressed as:

S=¢e—Lpe 4.1

where ( is a weighting coefficient that governs the relative influence of sideslip on the control
action. The control law is designed to drive § — 0 using a discontinuous switching term,
ensuring robustness to model uncertainties and external disturbances. Since SMC does not
inherently account for energy optimization, SQP is integrated to minimize power losses
while maintaining dynamic stability. Consequently, the hybrid SSQP controller combines the
robustness of SMC with the optimization capability of SQP, serving as a strong model-based

reference for comparison with the proposed RL-based methods [101].

4.2.2 Energy-Efficient Control Strategy

Energy management is a critical factor in determining the overall performance and driving
range of EVs [86, 85]. The proposed control framework aims to enhance vehicle dynamics
while simultaneously optimizing energy consumption through both RL-based and model-
based approaches. To achieve this, the real efficiency characteristics of the electric machines
are incorporated directly into the control framework, allowing the controller to consider the
energy cost of torque generation during operation, as illustrated in Fig. 4.2.

Permanent magnet synchronous machines (PMSMs) are employed in this study due to
their high power density, compact design, and excellent suitability for in-wheel applications.
Each wheel of the AWD EV is driven by an outer-rotor PMSM with interior magnets,
providing fast torque response and high efficiency across a broad operating range. The
motoring and regenerative efficiency maps are integrated into the control architecture to
guide both model-based and RL agents toward energy-optimal torque allocation, ensuring
a balanced trade-off between dynamic stability and power efficiency. For the RL-based
controllers, energy optimisation is incorporated through a reward component that penalises
power loss and encourages operation in high-efficiency torque—speed regions. The power
loss characteristics of the PMSM used in this study are shown in Fig. 4.3, illustrating the
regions of elevated loss across the torque—speed plane.

The model-based benchmark methods, i.e., LSQP and SSQP, are employed for comparison.
In these benchmarks, energy optimization is performed by introducing a correction term, AT;;,

to the reference torque Tl.rj?f for each wheel, where ij € {fI, fr,rl,rr} represents the front-left,
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front-right, rear-left, and rear-right wheels, respectively. The objective is to minimize the
total power loss across all four in-wheel electric machines while maintaining the desired yaw
moment for stability. The optimization problem is formulated as:

(T + AT;)) - wi)

min E
- ref ()
ATy 4 17(Tl.j + AT, wij)

4.2)

where w;; is the angular velocity of each wheel, and 1(T,w) is the machine efficiency
obtained from a calibrated two-dimensional lookup table as a function of torque and angular
velocity. The numerator represents the mechanical power delivered to each wheel, while
the denominator accounts for efficiency, penalizing torque allocations that fall within low-
efficiency regions. The optimization variables AT;; are bounded within actuator torque limits.
The optimizer receives the current wheel speeds w;; and reference torques Tl.rj‘?f as inputs
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4.3 Reinforcement Learning for Vehicle Dynamics Control and Energy Optimization

and outputs the optimal torque corrections. The resulting optimized torque commands are
expressed as:
f
T, = Tirj? +AT;; “4.3)

This hierarchical strategy ensures that vehicle stability, maintained by the high-level LQR
or SMC controllers, is complemented by improved energy efficiency through the low-level

optimization process.

4.3 Reinforcement Learning for Vehicle Dynamics Control

and Energy Optimization

The RL-based structures in this study perform based on the actor-critic architecture, i.e., an
actor that maps the observed state to a deterministic control action, and a critic that estimates
the action-value Q(s;,a;). During training, the critic evaluates how well a sampled action
reduces a long-horizon cost, and the actor updates its parameters via the deterministic policy

gradient to maximize that estimate.

Deep Deterministic Policy Gradient (DDPG)

The DDPG algorithm is a model-free, off-policy reinforcement learning approach designed for
continuous control problems [166]. It adopts an actor—critic structure, where the actor network
u(s|6%) outputs deterministic control actions, and the critic network Q(s,a|0?) estimates
the corresponding action-value function. The critic is trained using the temporal-difference
(TD) error derived from the Bellman equation:

L(0%) = Eqar.a | (Q(s.alo?) —3|. y=r+(1=d)yQ (5w (s10)16%)  (44)

where r is the immediate reward, s’ is the next state, and d € {0, 1} is the terminal indicator,
with d = 1 when the episode terminates and d = 0 otherwise. The target networks (u’,Q”)
are updated softly for training stability. The actor parameters are updated through the
deterministic policy gradient:

Voud = B |VaQ(s,al69)|,_, ) Voupu(s16%) (4.5)

a=p(s)

To improve learning robustness, DDPG employs an experience replay buffer to decorrelate
training samples, and Ornstein—Uhlenbeck (OU) noise is added to the actor output during

training to promote exploration in continuous action spaces. In this work, DDPG is used to
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Algorithm 4 DDPG for torque vectoring with energy optimization

1: Initialise actor u(s|6*), critic Q(s,a|62)
2: Initialise target networks ’ and Q” with 64 «— 9*, 62" — 92
3: Initialise replay buffer D

4: for each episode do

5: Reset energy-aware vehicle dynamics plant, observe state s
6 for each time step do
7: Select action a = u(s;6*) + N;, apply to plant
8 Observe next state s’, reward r, terminal flag done; store (s,a,r,s’,done) in D
9: Sample mini-batch {(sl-,a,-,r,-,sg,a’l-)}f?:1 ~D
10: yi=ri + (1=di)y Q' (s/, 4 (s};6");62)
11: Update critic: L = éZ(yi - Q(si,ai;HQ))z; 02 — < — noVgoL
i
: Upd NIRRT oL ;09 \% ;0H
12: pdate actor: 6" « +n#EZ aQ(5i,a;0%) | a=pu(s,) Vorpr(si560")
’ i ’ ’ ’
13: Soft-update targets: 02 «— 7102 + (1 -71)02", O — 10" + (1 —T1)O*
14: s « s’; if done then break
15: end for
16: end for

17: Deploy u(s;6") on unseen manoeuvres

generate the corrective yaw moment for integrated stability and energy-aware torque vectoring.
The training procedure for the DDPG-based torque vectoring with energy optimization is

summarized in Algorithm 4.

Twin Delayed Deep Deterministic Policy Gradient (TD3)

The TD3 algorithm extends the DDPG framework by introducing three key mechanisms to
address overestimation bias and instability in value function approximation, i.e., twin critics,
target-policy smoothing, and delayed actor updates [165]. Two independent critic networks,
Q1(s,al02") and Q,(s,a|0??), are trained simultaneously, and the minimum of their target
estimates is used to mitigate optimistic value predictions. During target computation, the
action is perturbed with clipped Gaussian noise, d = y’(s’) + &, where £ ~ N(0,02), to
prevent exploitation of sharp Q-value peaks and to encourage smoother policy learning. The
actor network is updated only after a fixed number of critic updates, allowing more accurate
value estimates before policy improvement.

The critic target in TD3 is expressed as:
yi=ri+(1 —di)ng}g} Q;(s;,a,-ij) (4.6)
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Algorithm 5 TD3 for torque vectoring with energy optimization

1: Initialise actor u(s|6*), critics Q1, 0>, and their targets
2: Initialise replay buffer D

3: for each episode do

4 Reset energy-aware vehicle dynamics plant with random (m, v, u); observe s
5 for each time step do

6: a = u(s) + Nou; apply to plant, observe (s',7,d)

7 Store (s,a,r,s’,d) in D; sample mini-batch {-}# |

8 Critic targets:
9 dj = p'(s7) +clip(&;)

10: yi = ri+ (1 =d;)ymin(Q; (s}, @;), 05 (s}, @)

11: Update both critics with L = é >(yi— Qj(sl-,ai))2
12: if step mod d = 0 then

13: Update actor:

14: e'u<_€#+77,U%ZVan(Siaa)|a:,u(si)vel‘ﬂ(si)
15: Soft-update all targets:

16: 00 —700) + (1-1)0")

17: end if

18: s « §'; if d = 1 then break

19: end for

20: end for

21: Deploy trained actor u(-|6*) on unseen manoeuvres

where d; € {0, 1} is the terminal indicator for sample i, ensuring that value bootstrapping is

disabled when a terminal transition is reached, and each critic minimizes the loss:

1

B
Lj= Z(Yi -0 (s1.ai16%7))° 4.7)
i=1

|

The actor update follows the deterministic policy gradient but is performed on the delayed
schedule. Experience replay, soft target updates, and Ornstein—Uhlenbeck (OU) exploration
noise are inherited from DDPG. TD3 is employed to improve the robustness of learning
under combined stability and energy objectives. Its dual-critic structure and delayed policy
updates provide more reliable value estimates for the torque vectoring problem. The overall
training procedure is summarized in Algorithm 5. A comparison between DDPG and TD3

algorithms is carried out in Table 4.1.
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4.3 Reinforcement Learning for Vehicle Dynamics Control and Energy Optimization

Table 4.1 Comparison of actor—critic DDPG and TD3 algorithms

Characteristic ‘ DDPG TD3

Model type Model-free Model-free

Policy type Deterministic Deterministic

Learning type Actor—critic Actor—critic

Value function Q-value Q-value (two critics)

Exploration method OU noise OU noise + target policy smoothing

Action space Continuous Continuous

Policy gradient Yes Yes

On-policy / off-policy Off-policy Off-policy

Replay buffer Yes Yes

Sample efficiency Moderate High

Stability mechanism Target networks Twin critics, delqyed updates,
smoothing

TD3 Enhanced with Curriculum Learning (CL TD3)

Curriculum learning is integrated into the TD3 framework to enhance sample efficiency and
accelerate convergence in complex, high-dimensional environments [143]. The key idea
is to expose the agent to progressively more challenging training conditions, allowing it
to master simpler tasks before addressing more difficult ones. In this work, the CL TD3
framework is organised into three sequential tasks, i.e., (i) random variation of the steering
wheel angle, (ii) randomisation of the vehicle velocity between 10 and 25 m/s, and (iii)
introduction of varying tyre—road friction coefficients ranging from 0.3 to 1.0. While the
underlying learning algorithm remains similar to TD3, the curriculum-based training process
improves policy robustness, stabilises learning, and promotes more structured exploration,
leading to faster and more consistent convergence. The algorithm for implementing CL TD3

for torque vectoring with energy optimization is presented in Algorithm 6.

4.3.1 Hyperparameter Settings

To ensure a fair comparison among the RL algorithms (DDPG, TD3, and CL TD3), similar
environment settings and shared hyperparameters are adopted. The list of hyperparameters
is provided in Table 4.2. All agents are trained for 900 episodes under the same simulation
conditions. Since training is performed offline, the computational cost does not affect
real-time deployment. During operation, the controllers only require a forward pass of the

actor network at each control step, making them suitable for onboard implementation.
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Algorithm 6 CL TD3 for torque vectoring with energy optimisation

1: Imitialise actor y, critics Q1,Q», targets, replay buffer D
2: Define curriculum: tasks 7 = {Task 1, Task 2, Task 3} and return thresholds {p1, 02}

3: for task k =1to |7 | do

4 for episode = 1 to Nep x do

5 Reset 7-DOF plant with parameters drawn from task 7 [k]; observe s
6: for each time step do

7 a = u(s) + Nou; apply to plant, observe (s’,r,d)

8 Store (s,a,r,s’,d) in D; sample mini-batch

9: Compute target with twin critics and clipped noise; update critics
10: if step mod d = 0 then

11: update actor and soft-update targets
12: end if
13: s «— s’; if d = 1 then break

14: end for

15: end for

16: if mean return > p; then

17: move to next task

18: end if

19: end for

20: Deploy trained actor u(-|6*) on unseen manoeuvres

Shared training parameters are selected to stabilise learning and ensure sufficient ex-
ploration. The experience buffer size is set to 1e6, and the mini-batch size is 64 for all
algorithms. Gaussian noise with a standard deviation of V0.3 is added to the target action
for policy smoothing in TD3 and CL TD3. A discount factor of 0.995 is used to prioritise
long-term rewards while maintaining responsiveness to immediate control performance. The
Ornstein—Uhlenbeck (OU) noise process is employed for exploration during training. OU
noise introduces temporally correlated perturbations suitable for systems with inertia, such as
vehicle dynamics. The related parameters, including noise standard deviation, decay rate,
and mean attraction constant, are tuned to balance exploration and exploitation throughout
training. Both TD3 and CL TD3 use a target update frequency of 2 and a target smooth factor
of 0.005. The policy update frequency, defining the number of critic updates before an actor
update, is also set to 2 for these algorithms.

To regulate the learning pace, the actor and critic learning rates, @, and @, are set to le-5

and le-4, respectively. The critic learns directly from reward signals and therefore requires a
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Table 4.2 Hyperparameter settings for RL-based algorithms

Description DDPG TD3 CL TD3
General settings

Experience buffer size le6 le6 le6
Mini-batch size 64 64 64
Actor gradient threshold 1 1 1
Critic gradient threshold 1 1 1
Target policy standard deviation - V0.3 V0.3
Discount factor 0.995 0.995 0.995
Noise model ou ou ou
Target update frequency - 2 2
Target smooth factor - 0.005 0.005
Policy update frequency - 2 2

Task-specific settings
Maximum number of episodes 900 900 200 300 400
Actor learning rate le-5 le-5 le-4 le-5 le-5
Critic learning rate le-4 le-4 le-3 le-4 le-4
Noise standard deviation 65 65 72 68 65
Noise standard deviation decay rate le-5 le-5 le-4 le-5 le-5
Noise mean attraction constant 0.2 0.2 0.15 0.15 0.2

higher learning rate to adapt faster to the environment, while the actor updates its policy more
conservatively to maintain stability. For CL TD3, higher learning rates are applied during
task 1, followed by gradual reductions as training progresses. Gradient thresholds of 1 are
applied to both actor and critic networks to prevent exploding gradients and stabilise learning.

A sensitivity analysis is conducted on the actor learning rate @, and critic learning rate
a to evaluate their influence on controller performance. The analysis is performed for the
TD3 agent under a single-lane change scenario at a velocity of 15 m/s and a tyre-road friction
coefficient of 0.4. Table 4.3 summarises the outcomes across nine stability- and energy-related
performance indicators (maximum absolute sideslip angle (max|8|), maximum absolute
sideslip rate (max |3|), integral of absolute sideslip angle ( / |B]), integral of absolute sideslip
rate ( f |3]), integral of absolute yaw rate error ( f |¥.]), maximum absolute lateral deviation
from the desired path (max|Y,|), maximum absolute tyre slip ratio (max|4;;|), average
efficiency of the four electric machines (774,,), and total power consumption (P;,;)). The
baseline configuration is set to a; = le =5 and ap = le —4. Also, the normalised sensitivity
weight index (SWI) given in Eq. (3.31) is used to investigate the impact of each learning rate

on the performance metrics, with all other hyperparameters kept constant.
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4.3 Reinforcement Learning for Vehicle Dynamics Control and Energy Optimization

The results show that increasing the actor learning rate to 1e —4 or 1e — 3 leads to reduced
yaw stability and tracking accuracy, as evidenced by higher values of f || and max |Y,|.
Conversely, lowering the critic learning rate to le — 5 produces unstable training behaviour,
reflected in large SWI magnitudes across stability metrics. Increasing the critic learning rate
to le —3 also results in moderate performance deterioration. These findings confirm that
the baseline configuration provides the best trade-off between training stability, dynamic

performance, and energy efficiency.

4.3.2 Actor and Critic Neural Network Architecture

Fig. 4.4 shows the neural network architectures employed for the actor and critic in the DDPG,
TD3, and CL TD3 frameworks. The actor network receives the observation vector as input
and processes it through four fully connected (FC) layers with 256, 128, 64, and 32 neurons,
respectively, each followed by a ReLLU activation function. The output layer applies a Tanh
activation to bound the action within the range [—1, 1], followed by a scaling layer to map the
output to the physical action limits.

The critic network takes both the observation and the corresponding action as inputs. The
observation is processed through two FC layers with 256 and 128 neurons, respectively, each
activated by ReLLU, while the action passes through a separate FC layer with 128 neurons. The
extracted feature vectors are then concatenated and passed through two additional FC layers
with 64 and 32 neurons, respectively, using ReLU activations. The final output represents the
estimated Q-value. This modular structure enables efficient feature extraction for both policy
generation and value estimation, providing a balance between representational capacity and
computational efficiency.

4.3.3 State, Action, and Reward Definitions

The choice of state variables is crucial for enabling the RL agent to make accurate and

effective control decisions. In this study, the state vector is defined as:

St = {lﬁea / lﬁ89ﬁ’ﬁ€’ VX9 Ve’ ay’ a)l'_]ﬁ/l[js Fx,t} (48)
where i, and f /. represent the yaw rate error and its integral, capturing both instantaneous

and accumulated deviations from the desired yaw response. The sideslip angle 8 and its error

Be quantify lateral stability.
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4.3 Reinforcement Learning for Vehicle Dynamics Control and Energy Optimization

(a) (b)

Fig. 4.4 Neural network architectures of: (a) Actor, (b) Critic.
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The longitudinal velocity v, and its tracking error v, describe forward motion control.
Lateral acceleration ay, represents cornering demand and load transfer. Wheel-level dynamics
are reflected through the angular velocity w;; and slip ratio 4;;, which are essential for
assessing traction and tyre-road interaction. The total longitudinal force F,; denotes the
overall propulsion demand. This comprehensive state representation provides the agent
with complete feedback on the dynamic behaviour of the vehicle, enabling effective torque
allocation. The corrective yaw moment generated by the agent serves as the action applied to
the environment.

The TD3 agent is trained to simultaneously achieve yaw stability, minimize sideslip angle,
limit tyre saturation, and optimize energy efficiency. The total reward at each timestep is

defined as a weighted sum of multiple terms:
rt(st,a,):R1+R2+R3+R4+R5+R6+R7 (49)

The yaw rate-related reward components are:

Ri=-wi-(¥.)? (4.10)
—wo, if W] >

P S TE AR win
0, otherwise
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4.3 Reinforcement Learning for Vehicle Dynamics Control and Energy Optimization

R penalizes the squared yaw rate error, encouraging the agent to follow the desired yaw rate
trajectory, while R, introduces a fixed penalty if the yaw rate error exceeds a critical limit c5.
The associated weights w and w, are set to 30 and 15, respectively.

The sideslip-related reward terms are:

—ws, if > |Bmax| + ¢
Ry = 3 1B > |Bmax| + 3 @.12)

0, otherwise

R4 = —wy - tanh(k|B|%) (4.13)

R3 applies a discrete penalty when the sideslip angle exceeds a safety threshold Sy,
enforcing lateral stability. R4 complements it by providing a smooth, continuous penalty that
discourages large sideslip angles without causing discontinuities. Both weights, w3 and wa,
are set to 5, and k determines the steepness of the penalty curve.

The tyre slip and energy-related rewards are:

Rs=—ws- > (max(0, |4ij = dpeak ) (4.14)

T::w
=— P;; = Y 4.15
we 2P &1

Rs penalizes tyre slip ratios exceeding the optimal grip threshold Apeak, encouraging the
tyres to operate below the saturation point. Rg penalizes total power losses based on motor
efficiency, guiding the agent toward energy-eflicient torque—speed combinations. The weights
ws and wg are 10 and 20, respectively.

To avoid abrupt torque changes, the final term penalizes control effort variations:

R7 = —Au()" - w7 - Au(r) (4.16)

where Au(t) = [ATy;, ATy, ATy, AT, ] represents the torque increments with AT;; = T;; (k) —
T,-j(k —1), and w7 = 0.01. This term ensures smooth control action, reducing torque
oscillations and improving drivability. The multi-objective reward design reflects the trade-off
between vehicle stability and energy efficiency.

To evaluate the contribution of each reward term and justify the chosen weights, an
ablation study is performed in which each term (w to wg) is removed individually. The
performance of the trained agent is evaluated across nine criteria, summarised in Table 4.4,
where the worst-performing metrics are bolded. Fig. 4.5 visualises the normalised criteria
using a radar plot. The baseline reward (unablated) achieves the most balanced performance
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4.4 Simulation-Based Evaluation and Comparative Analysis

Table 4.4 Ablation study of reward function based on different evaluation criteria

Ablation | a1l maxiBl [18) [IB1 [liel  maxlYl maxliyl nave  Pror

e deg] [deg/s] [degs] [deg] ~[deg]  [ml  [%]  [%]  [K]

Unablated | 0.205  0.594  0.392 1.095 2979 0274 0502  79.66  210.0

wi 0.496 1.041 1.075 1.941 7426 4309 0.241 86.33 205.3
wo 0.241 0.635 0.500 1.235 3.415 0.425 0.355 81.56  203.7
w3 0.268  0.670  0.519 1.311 3.435 0514  0.336 83.28 208.2
wq 0.276  0.705 0.517 1.365 3386  0.298 0.304 80.52  209.0
ws 0.202  0.604  0.320 1.106 3.079  0.295 0.865  78.70  209.7
We 0.196 0570 0347 0973 2.832 0242 0481 72.41 @ 2229

Sl

-0 =-W9 —v—Ws
w3 - *-Wg

max| ;|

TNavg

Fig. 4.5 Radar plot of normalized performance metrics under reward ablation analysis.

across stability and efficiency objectives. Removing w (yaw rate term) leads to significant
degradation in lateral stability, with higher sideslip and yaw rate errors. Excluding R, R3, or
R4 also reduces stability performance. Removing ws (tyre slip penalty) increases max |4;;| to
0.865%, indicating weaker traction control. Eliminating wg (energy term) slightly improves
stability but worsens efliciency, with 7,,, dropping to 72.41% and P;,, rising to 222.9 kJ.
These results confirm that each term contributes to the overall control objectives and that the

selected weights yield a well-balanced performance.

4.4 Simulation-Based Evaluation and Comparative Analy-
Sis

The effectiveness of the proposed RL-based torque vectoring strategies is evaluated through

simulation studies under multiple driving manoeuvres. Each manoeuvre is designed to test

different aspects of vehicle dynamics and energy management. The simulation environment

incorporates varying road surface conditions and low-friction scenarios to emulate real-
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Fig. 4.6 Inputs set by the driver for circular turning manoeuvre: (a) Longitudinal velocity, (b)
Steering wheel angle.

world driving uncertainties. Three RL-based controllers of DDPG, TD3, and CL TD3 are
benchmarked against two model-based baselines, namely LSQP and SSQP. To ensure a fair
comparison, the magnitude of control actions is constrained to maintain similar torque levels
across all controllers. Additionally, real-time feasibility is assessed by measuring the average
inference time per control step for each control strategy.

The LSQP and SSQP baselines rely on an iterative, offline SQP optimization, resulting in
higher computational demands. Their average inference times per control step are 0.0465 ms
and 0.0480 ms, respectively. In contrast, the RL-based controllers operate fully online
during deployment, requiring only a forward pass through the trained actor network, which
significantly reduces computational cost. The DDPG controller achieves an average inference
time of 0.0292 ms per control step, while TD3 and CL TD3 require 0.0299 ms and 0.0307 ms,
respectively. These results correspond to computational cost reductions of 37.2%, 35.6%,
and 33.9% compared to the LSQP controller, and 39.1%, 37.7%, and 36.0% relative to the
SSQP controller, for DDPG, TD3, and CL TD3, respectively. The findings confirm that the
proposed RL-based controllers not only enhance stability and efficiency but also meet the
real-time computational requirements for practical torque vectoring applications in AWD
EVs.

4.4.1 Circular Turning Manoeuvre

The circular turning manoeuvre is simulated at a vehicle velocity of 20 m/s (72 km/h), as
depicted in Fig. 4.6a. The vehicle travels in a circular path with a steering wheel angle
shown in Fig. 4.6b. During the first 5 seconds of the test, the road surface exhibits a low
friction coefficient y = 0.3, which then increases to p = 0.5 for the remaining duration. This
transition from a road with a snowy surface to wet asphalt introduces a disturbance that

requires adaptive torque distribution to maintain yaw stability and energy efficiency. The
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Fig. 4.7 Simulation results under circular turning manoeuvre: (a) Vehicle trajectory, (b)
Yaw rate, (c) Sideslip angle, (d) Sideslip angle versus sideslip angle rate, (¢) Wheel angular
velocities of CL TD3, (f) Applied wheel torques of CL TD3.

simulation results are presented in Fig. 4.7 and Fig. 4.8 for the vehicle dynamics and energy
optimization, respectively.

All controllers maintain tyre slip ratios below 2%, indicating stable traction behaviour.
Among them, CL TD3 achieves the lowest maximum slip ratio of 1.067%. The vehicle
trajectory under the circular turning manoeuvre is illustrated in Fig. 4.7a for different
controllers. The TD3-based controller achieves the minimum lateral deviation from the
desired path (max |Y,|), measured at 1.485 m, which represents a reduction of approximately
74.2% and 51.7% compared to the LSQP and SSQP controllers, respectively. Other RL-based
controllers, i.e., DDPG and CL TD3, also show better performance than the model-based
controller, each reduced max |Y,| by 71.5% and 64.1% compared to the LSQP controller, and
46.7% and 32.7% compared to SSQP, respectively. The yaw rates of LSQP, SSQP, DDPG,
TD3, and CL TD3 are compared in Fig. 4.7b. The sideslip angles are presented in Fig. 4.7c,
and the sideslip angles versus the sideslip angle rates are shown in Fig. 4.7d. TD3 achieves
the best performance among all controllers in terms of the maximum of absolute sideslip
angle (max|p|), the maximum of absolute sideslip angle rate (max|8|), and the integral of
absolute sideslip angle ( / |B]). Finally, the angular velocities and the applied torques to
wheels for the CL TD3 are shown in Fig. 4.7e and Fig. 4.7f, respectively. The CL TD3 agent
generates an optimal corrective yaw moment and allocates optimal torques to maintain the
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Fig. 4.8 Energy optimization results under circular turning manoeuvre: (a) Average efficiency,
(b) Total power consumption.

yaw stability of the AWD EV under the circular turning manoeuvre. As can be seen, the
torques applied to the wheels are adjusted when the vehicle enters a road with a different
friction coefficient to meet the stability and manoeuvrability requirements.

The average efficiencies of the four electric machines and the total power consumed are
reported in Fig. 4.8a and Fig. 4.8b, respectively. Among the controllers, the TD3-based
algorithm achieves the highest average efficiency of 83.50%, compared to 78.09% and
77.30% obtained by the LSQP and SSQP controllers, respectively, with the SQP-based
energy optimization. In terms of energy consumption, TD3 and CL TD3 outperform the
other strategies, reducing total power usage by 12.3% and 8.0% compared to LSQP, and
by 6.4% and 1.8% compared to SSQP, respectively. The power consumption of CL TD3
for the front-left, front-right, rear-left, and rear-right electric machines is 138.9 kJ, 54.2 kJ,
103.1 kJ, and 52.8 kJ, respectively. This distribution reflects the torque allocation strategy
under circular turning, where higher torques are assigned to the front-left and rear-left wheels
to maintain vehicle stability, resulting in correspondingly higher power consumption by their
associated electric machines.
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Fig. 4.9 Inputs set by the driver for single-lane change manoeuvre: (a) Longitudinal velocity,
(b) Steering wheel angle.
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Fig. 4.10 Simulation results under single-lane change manoeuvre: (a) Vehicle Trajectory, (b)
Yaw rate, (c) Sideslip angle, (d) Sideslip angle versus sideslip angle rate, (¢) Wheel angular
velocities of CL TD3, (f) Applied wheel torques of CL TD3.

4.4.2 Single-Lane Change Manoeuvre

To further study the performance of the proposed RL-based controllers against the model-
based LSQP and SSQP, a single-lane change manoeuvre is executed at a velocity of 15 m/s
(54 km/h). Inputs set by the driver to model the single-lane change manoeuvre are shown
in Fig. 4.9. Fig. 4.9a illustrates the longitudinal velocity of the vehicle, showing that it
successfully tracks the desired velocity set by the driver. The steering wheel angle is also
demonstrated in Fig. 4.9b. The road surface has a friction coefficient of y = 0.6 from
t =0 to r = 3 seconds and then reduces to u = 0.4 to simulate sudden surface degradation.
This manoeuvre requires fast transient control response and precise torque vectoring to
follow the desired trajectory while mitigating instability. The vehicle response under the
single-lane change manoeuvre is illustrated in Fig. 4.10, where the performance of the
proposed RL-based controllers (DDPG, TD3, and CL TD3) is compared with the LSQP and
SSQP methods.

One of the objectives of the reward function in RL-based algorithms is the minimization
of the slip ratio of tyres. Under the single-lane change scenario, all controllers offer slip
ratios less than 1%, showing the outstanding performance of the controllers in traction with
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Fig. 4.11 Energy optimization results under single-lane change manoeuvre: (a) Average
efficiency, (b) Total power consumption.

minimal slip. The maximum slip ratio of tyres is 0.503% for LSQP controller, 0.564% for
SSQP, 0.472% for DDPG, 0.374% for TD3, and 0.464% for CL TD3.

Fig. 4.10a shows the trajectory of the vehicle in the longitudinal-lateral plane. Among
all methods, the CL TD3-based controller achieves the smallest lateral deviation from the
desired path, demonstrating precise path-tracking capability. The maximum of absolute
lateral deviation from the desired path (max|Y,|) is 0.205 m for the CL TD3-based controller,
which is decreased by 44.6%, 68.9%, 7.6%, and 11.6%, compared to LSQP, SSQP, DDPG,
and TD3 controllers, respectively. Fig. 4.10b presents the yaw rate responses of different
controllers under the single-lane change scenario. As depicted, all controllers try to follow
the desired yaw rate with a small error. The sideslip angle versus the sideslip angle rate in Fig.
4.10c highlights the capability of each controller in managing lateral stability. The maximum
of absolute sideslip angles (max|B|) is 0.229 deg for LSQP, 0.201 deg for SSQP, 0.206 deg
for DDPG, 0.204 deg for TD3, and again 0.204 deg for CL TD3 controllers. Fig. 4.10d
plots the sideslip angle versus the sideslip angle rate. Among all controllers, the RL-based
algorithms achieve lower values of max|3| compared to LSQP and SSQP. In particular, CL
TD3 offers the minimum value of 0.579 deg/s, which is decreased by 27.4% compared to
LSQP, 40.3% compared to SSQP, 2.0% compared to DDPG, and 2.8% compared to TD3.
Fig. 4.10e shows the angular velocities of four wheels of the vehicle with the CL TD3 under
the single-change scenario. The wheel angular velocities remain within a range, varying
between 475 rpm and 481 rpm. Finally, the wheel torques in Fig. 4.10f reveal how torque is
redistributed in real-time to achieve the desired yaw moment for the CL. TD3. The maximum
torques applied to front left, front right, rear left, and rear right wheels are 92.0 Nm, 89.3 Nm,
62.9 Nm, and 61.3 Nm, respectively.

The energy optimization results for the single-lane change manoeuvre are shown in Fig.
4.11. The average efficiencies are provided in Fig. 4.11a, where the CL TD3 achieves the
highest average efficiency of 80.18%, followed by TD3 at 79.35%. Fig. 4.11b presents
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Fig. 4.12 Inputs set by the driver for constant radius circular manoeuvre in IPG CarMaker:
(a) Longitudinal velocity, (b) Steering wheel angle.

the total energy consumption of the electric machines. Among the compared controllers,
CL TD3 obtains the lowest total power consumption at 204.4 kJ. In comparison, the LSQP,
SSQP, DDPG, and TD3 controllers result in energy consumption levels of 207.8 kJ, 209.1 kJ,
210.3 kJ, and 208.2 kJ, respectively.

4.4.3 Constant Radius Circular Manoeuvre (ISO 4138:2021) in IPG
CarMaker

To further evaluate the performance of the proposed RL approach under a high-fidelity
environment, IPG CarMaker is employed as a vehicle dynamics simulator. For this aim, the
CL TD3 agent is tested in IPG CarMaker as the proposed controller with the strongest trade-off
between stability and energy optimization, fastest convergence, and improved training stability.
The other RL-based methods demonstrate similar performance trends, and therefore CL TD3
is selected as a representative algorithm for this extended verification, and its performance is
benchmarked against model-based LSQP and SSQP controllers.

In this scenario, the vehicle is commanded to follow a circular trajectory with a radius
of 42 m at a steady longitudinal speed of 15 m/s, as shown in Fig. 4.12. This manoeuvre
places high demands on lateral stability, requiring precise torque vectoring to follow the
desired trajectory. The results are shown in Fig. 4.13. The CL TD3 controller can maintain
yaw stability and minimize sideslip throughout the manoeuvre. CL TD3 achieves the best
performance in reducing the maximum of slip ratio max|A;;|, with reductions of 57.0% and
15.9% compared to LSQP and SSQP, respectively. CL TD3 reduces the maximum of sideslip
angle max|fS| by 22.2% compared to SSQP. Although LSQP achieves slightly lower max|p|,
CL TD3 offers better overall performance by combining stability with improved energy
efficiency. The energy optimization results are demonstrated in Fig. 4.14. The proposed CL
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Fig. 4.13 Simulation results under constant radius circular manoeuvre in IPG CarMaker: (a)
Vehicle Trajectory, (b) Yaw rate, (c) Sideslip angle, (d) Sideslip angle versus sideslip angle
rate, () Wheel angular velocities of CL TD3, (f) Applied wheel torques of CL TD3.

TD3 reduces power consumption by 14.9% compared to LSQP and by 7.6% compared to
SSQP.

4.4.4 Expressway (S-Curve) Manoeuvre in IPG CarMaker

To assess the performance under real-road conditions, an expressway S-curve trajectory is
selected in IPG CarMaker. The vehicle is driven at a longitudinal velocity of 15 m/s (54 km/h),
representative of typical highway operation. For longitudinal dynamics, the IPGDriver is
used to maintain the target velocity during the manoeuvre. The commanded longitudinal
velocity and steering angle are shown in Fig. 4.15.

The vehicle response is shown in Fig. 4.16. The trajectory plot in Fig. 4.16a confirms
that the vehicle successfully follows the allocated expressway S-curve route, maintaining
path tracking throughout the manoeuvre. The yaw-rate for LSQP, SSQP, and CL TD3 are
shown in Fig. 4.16b. The plots of sideslip angle and sideslip angle versus sideslip angle
rate are depicted in Fig. 4.16c and Fig. 4.16d, respectively. The integral of absolute sideslip
angle (/ |B]) is 58.81 deg.s for LSQP, 26.25 deg.s for SSQP, and 24.88 deg.s for CL TD3. In
this regard, CL TD3 achieves the best performance, with a reduction of 57.6% compared to
LSQP and 5.2% compared to SSQP. Fig. 4.16e presents the wheel angular velocities, and
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Fig. 4.14 Energy optimization results under constant radius circular manoeuvre in IPG
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Fig. 4.15 Inputs set by the driver for expressway manoeuvre in IPG CarMaker: (a) Longitudinal
velocity, (b) Steering wheel angle.

Fig. 4.16f illustrates the applied wheel torques of CL TD3. The slip ratio is 2.649% for LSQP,
2.241% for SSQP, and 1.642% for CL TD3, with CL TD3 achieving the best performance in
minimizing slip ratio.

Energy results are provided in Fig. 4.17. A higher average machine efficiency and a
lower total power loss are obtained with CL-TD3 relative to LSQP and SSQP over the same
manoeuvre duration, demonstrating that the learned policy can exploit the efficiency map while
preserving stability during fast direction changes. CL TD3 reduces the power consumption
by 12.2% and 15.1% compared to LSQP and SSQP, respectively, while maintaining stability.
This confirms the improved performance of the proposed CL TD3 under critical manoeuvres.

4.4.5 Results and Discussion

The performance and effectiveness of the RL-based controllers are assessed against the
model-based LSQP and SSQP controllers based on nine previously mentioned evaluation
metrics under different velocities and tyre-road friction coefficients. The results are tabulated
in Table 4.5, comparing the model-based LSQP and SSQP controllers with the DDPG, TD3,
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Fig. 4.16 Simulation results under expressway manoeuvre in IPG CarMaker: (a) Vehicle
Trajectory, (b) Yaw rate, (c) Sideslip angle, (d) Sideslip angle versus sideslip angle rate, (e)
Wheel angular velocities of CL TD3, (f) Applied wheel torques of CL TD3.

and CL TD3 algorithms. The best-performing values in each category are shown in green for
clarity. The simulations are collected for circular turning and single-lane change manoeuvres
at velocities of 15 m/s, 20 m/s, and 25 m/s, and tyre-friction coefficients of 0.4, 0.5, and 0.6.
Under the circular turning manoeuvre at a velocity of 15 m/s and a friction coeflicient of
0.4, the TD3 and CL TD3 controllers demonstrate superior performance compared to DDPG
across most evaluation metrics. Although the LSQP and SSQP achieve better performance in
terms of minimizing yaw rate error and lateral deviation from the desired path, both TD3
and CL TD3 outperform them in key dynamic metrics such as sideslip angle and slip ratio.
At 20 m/s and pu = 0.5, TD3 and CL TD3 also demonstrate improvements in sideslip angle
metrics relative to LSQP, SSQP, and DDPG. CL TD3 achieves the lowest maximum slip ratio
of 0.717, representing reductions of 35.1%, 26.7%, 9.2%, and 15.8% compared to LSQP,
SSQP, DDPG, and TD3, respectively. At 25 m/s and u = 0.6, TD3 exhibits the lowest values
for max|B|, max|p|, [|Bl, and [ |B|. Despite this, SSQP achieves the maximum average
efficiency, and LSQP obtains the minimum energy consumption under this condition. This
observation highlights the key strength of the RL-based controllers to prioritize stability
objectives in high-speed scenarios where maintaining vehicle control is critical. In this
instance, the agent adaptively sacrifices minor energy efficiency to preserve dynamic stability,
demonstrating the context-awareness of policy in decision-making capabilities.
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Fig. 4.17 Energy optimization results under expressway manoeuvre in IPG CarMaker: (a)
Average efficiency, (b) Total power consumption.

Under the single-lane change manoeuvres, the RL-based controllers exhibit favorable
performance across a range of velocities and friction conditions. At 15 m/s and u = 0.4,
CL TD3 achieves the best overall stability metrics, including the lowest values for max|S|,
max|f|, / 18], / |8, and max|Y,|, while maintaining competitive energy consumption. At
20 m/s and p = 0.5, both TD3 and CL TD3 offer strong trade-offs between stability and
efficiency, with CL TD3 achieving the lowest f |3| and highest average efficiency of 84.83%.
At 25 m/s and u = 0.6, CL TD3 continues to perform well in stability-related metrics while
also achieving the lowest total power consumption of 396.9 kJ. These results further highlight
the adaptability of the RL-based controllers, which dynamically balance stability and energy
efficiency depending on the driving context.

Whereas the proposed RL-based controllers generally deliver strong performance across
most metrics, certain inconsistencies can be observed in Table 4.5 depending on the operating
conditions. These variations are primarily the result of context-dependent trade-offs between
stability and energy objectives, which are inherent in the multi-objective control problem.
Generally, under high-speed or low-friction scenarios, the RL agents tend to prioritize vehicle
stability at the expense of energy efficiency, while still maintaining energy-related performance
comparable to LSQP and SSQP. This adaptive behavior reflects the flexibility of the learned
policies to optimize control actions according to the environment, confirming the practicality
of RL-based approaches under varying driving scenarios. The use of MATLAB/Simulink
and IPG CarMaker enables comprehensive evaluation of vehicle dynamics and energy
performance under realistic driving conditions.
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4.5 Conclusion

This chapter presents an integrated RL-based control framework for torque vectoring and
energy optimisation in AWD EVs. The proposed multi-objective control architecture employs
three actor—critic algorithms, namely DDPG, TD3, and curriculum learning-enhanced TD3
(CL TD3), to improve vehicle stability, manoeuvrability, and energy efficiency simultaneously.
The RL agents learn optimal control policies directly through interaction with the vehicle
environment, removing the need for explicit system modelling or manual rule-based tuning.
The reward function integrates dynamic and energy-related objectives, including yaw rate
error, sideslip angle, tyre slip ratio, and electric machine efficiency, enabling the controller to
balance vehicle stability and energy consumption in real time. Simulation results demonstrate
that the RL-based controllers outperform the model-based LSQP and SSQP benchmarks
across several stability and energy-related performance metrics. In particular, the TD3 and
CL TD3 algorithms achieve improved yaw rate tracking, reduced sideslip and slip ratios,
and enhanced motor efficiency with lower total power consumption. Furthermore, the
computational analysis confirms the real-time feasibility of the proposed RL controllers, as

they require significantly lower inference time than SQP-based optimisation methods.
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Chapter 5

Conclusion and Future Work

5.1 Overview

This thesis presents the development of advanced RL-based control frameworks for torque
vectoring and energy optimization in AWD EVs. The primary objective is to enhance vehicle
dynamic stability while improving energy efficiency through intelligent, model-free control
strategies capable of operating under nonlinear and uncertain conditions. A comprehensive
nonlinear vehicle model is employed to represent the real dynamic behaviour of an AWD
EV. The model incorporates a detailed tyre model based on the Pacejka Magic Formula
to accurately capture tyre-road interactions. The benchmark control architectures are
designed using conventional model-based controllers combined with Sequential Quadratic
Programming (SQP) for energy optimization. These methods serve as reliable baselines for
evaluating the performance of the proposed RL-based approaches.

Overall, the proposed RL-based control strategies demonstrate a strong capability to
enhance vehicle stability and energy efficiency simultaneously. The simulation results show
that the RL-based controllers consistently reduce sideslip angle, slip ratio, and lateral path
deviation compared with conventional model-based LSQP and SSQP controllers across a
wide range of vehicle speeds and tyre—road friction conditions. In addition, the TD3 and
CL TD3 algorithms improve average electric machine efficiency while reducing total power
consumption in several manoeuvres. The results also confirm the real-time feasibility of the
proposed controllers, as the RL-based strategies require significantly lower computational
effort than optimisation-based approaches during deployment. These findings demonstrate
that reinforcement learning provides an effective and scalable alternative to conventional
model-based torque vectoring strategies for AWD EVs operating under nonlinear and uncertain

driving conditions.
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5.2 Summary of Key Contributions and Limitations

The primary contributions of this research are summarised in this section. A hierarchical
control architecture is designed to separate the control task into two layers. The high-level
controller generates the corrective yaw moment required for stability, while the low-level
allocator distributes the torque among the four wheels. This structure ensures modularity and
allows the seamless integration of learning-based and optimisation-based strategies.

A model-free RL control strategy is developed for torque vectoring and yaw stability
enhancement. Three RL algorithms of DDPG, TD3, and CL TD3 are implemented and
compared against model-based benchmark controllers, including LSQP and SSQP. The DDPG
algorithm demonstrates the feasibility of applying actor—critic learning to vehicle dynamics.
The TD3 algorithm improves training stability and performance by introducing twin critics,
target-policy smoothing, and delayed policy updates. The curriculum learning-enhanced TD3
further improves convergence and policy robustness by gradually increasing task complexity
during training. Simulation results confirm that RL-based controllers outperform conventional
model-based methods across multiple stability metrics.

The RL framework is extended to incorporate energy efficiency as a primary control
objective. The developed reward function includes both dynamic and energy-related compo-
nents, such as yaw rate error, sideslip angle, tyre slip ratios, and electric machine efficiency.
This design enables the controller to balance stability and power consumption objectives
dynamically. The framework integrates electric machine efficiency maps into the control
process, allowing real-time torque allocation in high-efficiency operating regions. Simulation
results in MATLAB/Simulink and IPG CarMaker demonstrate that the proposed approach
achieves reductions in energy consumption while improving stability performance. Extensive
simulations under various manoeuvres are conducted to evaluate controller performance under
various road adhesion conditions and vehicle velocities. The results verify that RL-based
methods deliver smoother control responses, lower sideslip angles, and improved trajectory
tracking compared with model-based controllers. The computational analysis confirms the
real-time feasibility of the proposed methods, well within the requirements for onboard
vehicle control systems. The verification of the CL TD3 controller in [IPG CarMaker confirms
its adaptability and robustness in high-fidelity environments.

Even though the proposed frameworks achieve promising results, some limitations
remain. The RL agents are trained in simulation environments, and although verified in
high-fidelity software, transfer to physical hardware introduces modelling discrepancies and
sensor uncertainties. The learning process relies on extensive offline training, which may
require further optimisation to meet industrial time constraints. The framework currently

assumes ideal communication between controllers and actuators, excluding potential delays
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or noise that may occur in practical systems. The obtained results demonstrate that the
RL-based torque vectoring framework can simultaneously improve vehicle stability and
energy efficiency compared with conventional optimisation-based controllers. In particular,
the TD3 and CL TD3 algorithms consistently achieve lower sideslip angles, reduced tyre
slip ratios, and improved path tracking across different manoeuvres and road conditions.
Furthermore, the integration of electric machine efficiency maps within the reward function
enables the RL agents to allocate wheel torques in energy-eflicient operating regions without
compromising vehicle stability. These findings confirm that reinforcement learning provides
an effective multi-objective control strategy capable of balancing dynamic performance and

energy consumption in AWD electric vehicles.

5.3 Future Work

Building on the outcomes of this research, several directions can be explored to further develop
the proposed RL-based torque vectoring framework and bring it closer to practical deployment.
The next stages of research mainly involve experimental validation, safety-oriented learning

strategies, and integration with higher-level vehicle automation systems.

5.3.1 Hardware-in-the-Loop (HIL) and Real-Time Implementation

A key next step is the implementation of the proposed RL controllers in a hardware-in-the-
loop (HIL) environment. While the present study demonstrates the effectiveness of the
approach through high-fidelity simulations, experimental validation is necessary to evaluate
the controller under realistic embedded computing conditions. An HIL platform allows the
control algorithms to be executed on automotive-grade processors while interacting with a
real-time vehicle dynamics simulator. Such a setup enables the investigation of practical
implementation aspects including computational latency, actuator saturation, communication
delays between control units, and sensor noise. In addition, it provides an opportunity to
evaluate the robustness of the learned policies when subject to real-time constraints and
limited computational resources. The insights gained from HIL testing will help identify
potential modifications required for embedded implementation and will represent an important

intermediate step toward full vehicle testing.

5.3.2 Safe and Explainable Reinforcement Learning

Although RL provides powerful capabilities for handling nonlinear and uncertain vehicle

dynamics, safety guarantees remain an important requirement for real-world automotive
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applications. Future work will therefore focus on developing safety-aware RL strategies that
explicitly incorporate system constraints during learning and deployment.

One possible direction is the integration of constrained RL formulations, where safety
limits related to vehicle stability, tyre forces, or actuator bounds are enforced during
policy optimisation. Alternatively, safety filters or control barrier functions can be used as
supervisory layers to ensure that the control actions generated by the RL agent remain within
safe operational limits. These mechanisms can enhance the reliability of RL-based controllers
while preserving their adaptability. Another important aspect concerns the interpretability
of RL policies. Explainable RL techniques could be employed to better understand how
the learned controller makes decisions under different driving conditions. Improving the
transparency of the learning process is particularly valuable for safety-critical automotive

systems, as it facilitates system verification, validation, and certification.

5.3.3 Integration with Motion Planning and Perception

Another promising direction is the integration of the proposed torque vectoring framework
with higher-level motion planning and perception modules. In modern intelligent vehicles,
vehicle control operates within a hierarchical architecture that includes perception, decision-
making, trajectory planning, and low-level actuation. Extending the RL-based controller
to interact with these higher-level layers would enable more coordinated and anticipatory
vehicle behaviour.

For example, information obtained from perception systems such as road curvature,
lane boundaries, traffic conditions, or surface characteristics could be incorporated into
the control policy. This additional context would allow the controller to proactively adjust
torque distribution before critical manoeuvres occur. Similarly, coupling the torque vectoring
controller with trajectory planning algorithms could enable joint optimisation of path tracking,
vehicle stability, and energy efficiency. Such an integrated architecture would move the
proposed framework closer to real-world autonomous driving systems, where control strategies
must operate in a dynamic environment while simultaneously satisfying safety, efficiency,

and performance requirements.

5.4 Concluding Remarks

This thesis demonstrates that RL provides a powerful framework for integrated vehicle
dynamics control and energy optimisation in AWD EVs. By learning control policies directly

from interaction with the environment, the proposed RL-based torque vectoring strategies
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5.4 Concluding Remarks

are able to handle nonlinear vehicle dynamics and varying road conditions without requiring
highly accurate mathematical models.

The results obtained in MATLAB/Simulink and IPG CarMaker confirm that the TD3 and
CL TD3 algorithms achieve improved stability performance, reduced tyre slip ratios, and
better path tracking compared with conventional model-based controllers. At the same time,
the integration of electric machine efficiency maps enables the controller to reduce power
consumption and operate motors within more efficient regions. The computational analysis
further demonstrates that RL-based controllers are suitable for real-time implementation
due to their low inference time during deployment. Generally, this research highlights the
potential of reinforcement learning as an enabling technology for intelligent vehicle control
systems capable of simultaneously addressing multiple objectives such as stability, energy
efficiency, and adaptability. The developed framework provides a foundation for future
research on Al-driven vehicle control architectures and contributes to the advancement of

safer and more energy-efficient electric mobility systems.
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Appendix A

Vehicle Dynamic Control Modelling

A.1 Introduction

Vehicle dynamics control plays a central role in modern automotive engineering and operates
in parallel with energy management to enhance safety, stability, and performance. Advances
in sensing, computation, and actuation have enabled the implementation of increasingly
sophisticated control algorithms capable of regulating the vehicle’s dynamic behaviour in
real time [98]. The primary objective of vehicle dynamics control is to maintain stable and
predictable handling across a wide range of driving conditions. This is achieved by generating
corrective yaw moments to prevent undesirable behaviours such as skidding, oversteer, or
understeer. On high-friction surfaces, vehicles are more prone to oversteer, whereas on
low-friction surfaces or at high speeds, understeer is more likely to occur, as illustrated in
Fig. A.1. These behaviours highlight the need for an effective stability control system that can
mitigate both understeer and oversteer while preserving consistent handling characteristics.

In AWD EVs equipped with in-wheel electric machines, torque vectoring provides an
effective means of controlling yaw motion and lateral dynamics. By distributing the drive
torques independently among the four wheels, the system can generate a desired yaw moment
without relying on additional braking intervention. This approach not only enhances stability
and manoeuvrability but also complements energy management objectives through the
optimal use of available electric machine torque.

A.2 Torque Vectoring

Torque vectoring refers to the active distribution of drive torque between the axles and the
left and right wheels to generate a corrective yaw moment and maintain balanced tyre force
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Fig. A.1 Oversteer and understeer.

utilisation. By directly shaping this yaw moment, torque vectoring enables the vehicle to
follow the desired trajectory more accurately, particularly during cornering or on surfaces
with uneven or low tyre—road friction [47]. In comparison with passive differentials, electric
powertrains equipped with in-wheel electric machines provide faster and more precise torque
control, offering higher bandwidth and finer resolution in response to dynamic driving
conditions.

Torque vectoring has a significant role in vehicle dynamics control and is closely
related to energy management. While energy management focuses on minimising energy
consumption, vehicle dynamics control ensures stability, handling, and responsiveness
across a range of manoeuvres. In an integrated control framework, torque vectoring can
be coordinated with energy management strategies to achieve both efficiency and stability
objectives simultaneously. By modulating individual wheel torques in real time, torque
vectoring effectively mitigates understeer and oversteer tendencies, particularly at high lateral
acceleration or on low-friction surfaces. This results in improved vehicle safety, enhanced
cornering performance, and greater driver confidence under diverse operating conditions
[47].

A.3 Hierarchical Dynamic Control Configuration

With the increasing level of control available over individual wheel torques and the transition
of the automotive industry towards full electrification, torque vectoring provides an effective

means of managing torque distribution in AWD EVs [171-173]. To achieve enhanced stability
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performance, a hierarchical dynamic control configuration is adopted in this research, as
explain in previous Chapter. The general structure of a conventional hierarchical torque
vectoring control system is illustrated in Fig. 2.3. As shown, the system is composed of four

main components:
1. Reference generator
2. High-level controller
3. Low-level controller
4. Vehicle model

The reference generator defines the desired dynamic states of the vehicle based on driver
commands and operating conditions. These reference values in this work include the desired
yaw rate (¢ 4.,) and the desired sideslip angle (84.5). They are the target indicators for vehicle
performance, providing the benchmark against which the actual vehicle response is compared.

The high-level controller maintains vehicle stability by generating the corrective yaw
moment (M) required to minimise the deviation between the reference and actual values.
It processes the errors to determine the additional yaw moment necessary for stability.
This controller is responsible for ensuring that the vehicle follows the intended trajectory,
particularly during aggressive manoeuvres or under adverse road conditions. The low-level
controller receives the corrective yaw moment command from the high-level controller and
determines the optimal torque to be applied to each of the four wheels. It ensures coordinated
distribution of torques in a way that satisfies both stability and actuator constraints. Finally,
the vehicle model represents the dynamic behaviour of the vehicle, and provides a virtual
platform for control design and verification, enabling accurate analysis of how different
control inputs affect vehicle responses.

A.4 Vehicle Dynamic Model

The effectiveness of the control strategy in vehicle dynamics relies strongly on the accuracy and
fidelity of the underlying vehicle dynamic model. A reliable model is essential for capturing
the nonlinear behaviour of the vehicle, enabling the controller to predict system responses and
apply corrective actions effectively. This section presents the dynamic models that form the
basis of the proposed hierarchical control architecture. The subsequent subsections describe
different modelling approaches used in this research [174—176].
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A.4 Vehicle Dynamic Model

A.4.1 Kinematic Model of Lateral Vehicle Motion

The kinematic model provides a simplified mathematical representation of vehicle motion by
describing the geometric relationships of the vehicle’s trajectory while neglecting the forces
acting on it. The main assumption in this model is the omission of tyre slip angles at both
the front and rear wheels, which is valid under low-speed operating conditions where lateral
tyre forces are small [177]. Based on the geometric relationships illustrated in Fig. A.2, the
equations of motion for the kinematic model are derived.

In this model, the front left and right wheels are represented by a single equivalent wheel
located at point A, and the rear wheels are represented by a single equivalent wheel at point
B. The vehicle’s COG is denoted by point C. As shown in Fig. A.2, ¢ and 6, are the front
and rear steering angles, respectively. The distances from the COG to the front and rear axles
are {y and {,, and the total wheelbase of the vehicle is defined as L = £ + {,. The vehicle
motion is assumed to occur within a single plane. The global coordinates of the COG are
represented by X and Y, while ¢ denotes the yaw angle, which defines the orientation of the
vehicle with respect to the global X-axis. The vehicle velocity at the COG is denoted by V,
and the angle between V and the vehicle’s longitudinal axis is defined as the sideslip angle g.

The equations of motion for the kinematic model are expressed as:
X =Vecos(y +f) (A.1)

Y = Vsin(y + ) (A.2)

Fig. A.2 Schematic representation of vehicle kinematic model.
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The inputs of the kinematic model are 6 ¢, 6,, and V. The sideslip angle § can be determined

[tan(6 ) —tan(5,) | (A.3)

using the following relationship:

_ [Crtan(d,) +{-tan(dy)
ff +¢,

B =tan (A4)

A.4.2 Bicycle Model of Lateral Vehicle Dynamics

At higher vehicle speeds, the velocity vector at each wheel does not align with the wheel
orientation, which makes the kinematic model inadequate for capturing the lateral dynamics
of the vehicle. To address this limitation, the bicycle model is introduced as a simplified
dynamic representation of vehicle motion with two DOF, i.e., the lateral motion y and the
yaw motion ¢ [178, 179]. The schematic of the model is shown in Fig. A.3.
Newton’s second law is applied along the lateral (y) direction, neglecting the effect of
road bank angle:
may = Fyp+Fyy (A5)

where Fyr and F,, denote the lateral tyre forces at the front and rear wheels, respectively,
and m is the vehicle mass. The lateral acceleration at the COG of the vehicle is expressed as:

ay =y +yV; (A.6)
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Tyre

Fig. A.4 Definition of the tyre slip angle.

where 7 is the lateral acceleration and vV, represents the centripetal acceleration. Substituting
this into the lateral force balance yields:

m(F+yVy) = Fyr+Fy, (A.7)
The moment balance about the vertical (z) axis is given by:
Ly ={sFyp— €. Fy, (A.8)

where I is the yaw moment of inertia, and {; and ¢, are the distances from the COG to the
front and rear axles, respectively.
For small tyre slip angles, the lateral forces are proportional to the slip angles:

Fyf = ZCQfQ’f, Fyr = 2Cmar (A9)

where C, s and C,, are the cornering stiffness coeflicients of the front and rear tyres, and a
and a, are the corresponding slip angles. The slip angle of a tyre is the angle between the
wheel orientation and the direction of the wheel’s velocity vector, as shown in Fig. A.4.

The slip angles for the front and rear wheels can be expressed as:
ar=0-0yr, ar=-0y, (A.10)

where ¢ is the front wheel steering angle, and 6y s and 6y, are the velocity angles of the front
and rear tyres, respectively. These velocity angles are calculated as:

_Vy+fflﬁ 0 :Vy—frlﬁ

vi=—5—, Uy, V.

7 (A.11)
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Substituting these expressions into the lateral force equations gives:
Fyr=2Cor(6=6vy), Fyr=-2Cq 0y, (A.12)

Combining the lateral and yaw motion equations, the state-space representation of the

bicycle model can be written as:

v o 1 0 0 151 [ o
. 2(Cof+Car) 2Cafli—Carly) | | . 2C,
d 0 -Harle) o _y, Aoy Cald) 2Cas
da 1= 0 rg)vx 0 x 1mvx el T s a3
¥ 1/ 0
; 265 Cof—brCar) 2(65Car+6;Car) ; 2fCaf
Yl 0 = 0 ———y—— Y I

Alternatively, the model can be expressed in terms of the yaw rate (i) and sideslip angle
(B), where S is defined as the angle between the longitudinal axis of the vehicle and the
velocity vector at the COG. The front and rear slip angles are then given by [178, 180, 181]:

fflﬁ frlj/
=0—-p— , @ =-— A.14
ay B v @ B+ V. (A.14)
Substituting these expressions into the dynamic equations gives:

5 . Cay ffl[’ Cor G\ gsing
=—yy+—6-B-——|+——|[-B+ + A.15
p=-v mVy ( p Vi mVy P Vi Vi ( )

. LrCqr ffl,/./ €. Cor Lo

— 5—B— - - A.16
i==7 ( Cab ) Rl B AT (A.16)

Thus, the 2-DOF bicycle model can be expressed in the compact state-space form [40]:

| [ Gl (14Ut Car
Pl v mys Plolav s (A.17)
i | _4Car=t:Car GCar+ G Car v (rCay '
- I, - I,V I;

A.4.3 Reference Generation Model

In vehicle dynamics control, generating reference signals is a key step in ensuring that the
vehicle follows the desired behaviour accurately. The reference signals for yaw rate and
sideslip angle define the target performance that the control system aims to achieve. These
references are commonly derived from a steady-state analysis of the bicycle model [182, 183],
as illustrated in Fig. A.5.
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Fig. A.5 Bicycle model with two degrees of freedom.

Under steady-state cornering conditions, the required steering angle for a vehicle travelling

on a circular path of radius R can be expressed as:

b +4, V2
oy = fR +Kus (A.18)
where Ky is the understeer gradient, defined as:
m(frcar - ffcaf)
K= A.19
Us 2CorCrL ( )

Equation (A.18) can be rearranged to obtain the turning radius:

1 S,
—_ = (A.20)
R L+Kysv?

Accordingly, the desired yaw rate can be expressed as:
. % Vv
- - 5 A21
lpdes R I+ KUSV)% ( )

Similarly, the desired sideslip angle can be derived from the steady-state yaw angle error

during cornering:
4 tr mv? (A22)
Paes = 3 2C,,L R '

Rewriting B4, in terms of the steering angle and longitudinal velocity gives:

(A.23)

1 ( Ly mv?

r- 6
chm) /

IBdes =

L+Kysv?

In practice, achieving the desired yaw rate and sideslip angle is constrained by safety,
vehicle dynamics limitations, and comfort considerations. Excessive reference values may
cause the controller to exceed actuator limits or compromise stability. The upper limit of the
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Fig. A.6 Nonlinear vehicle model with seven degrees of freedom.

desired yaw rate is restricted by the available tyre—road friction coefficient, expressed as:

0.85ug
Vx

‘pupper bound = (A.24)

where u is the tyre-road friction coefficient and g is the gravitational acceleration.

At high sideslip angles, tyres deviate from their linear region and approach the adhesion
limit. To prevent excessive sideslip and maintain controllability, the nominal sideslip angle is
limited by the empirical relationship:

Brominal = tan_l (002,Ug) (A.25)

A.4.4 Nonlinear Model with Seven Degrees of Freedom

The nonlinear model with seven DOF provides a detailed and comprehensive representation
of the dynamic behaviour of the vehicle by capturing the interactions between the forces and
moments acting on the vehicle during stability control analysis. The seven DOF include the
longitudinal velocity (v,), lateral velocity (vy), yaw rate (), and the rotational speeds of
the four wheels (w;;), where ij € {f1, fr,rl,rr}, corresponding to the front-left, front-right,
rear-left, and rear-right wheels [184, 185]. The schematic of the 7-DOF vehicle model is
shown in Fig. A.6.

The translational and rotational equations of motion are formulated using Newton’s

second law for the planar motion of the vehicle as follows:
m(vy — &vy) = (Fx,fl + Fx’f,‘) coso — (Fy,fl + Fy,fr) sind + Fy y1+ Fy pr (A.26)

m(\'/y + &vx) = (Fy’fl + Fy’f,‘) cosd + (Fx,fl + Fx,fr) siné+Fy, +F (A.27)

139



A.4 Vehicle Dynamic Model

Izlﬁ = ff(Fx,fl + Fx,fr) sino + ff(Fy,f] + Fy,fr) COSO — fr(Fy,rl + Fy,rr)

by Ly _
+5 [(Fyfr = Fr, 1) 086 + (Fypr — Fepi) | + = (Fyj1=Fypr)siné (A.28)

lywij =T;j— Fy iRy (A.29)

In these equations, F, ;; and F) ;; denote the longitudinal and lateral tyre forces acting
on each wheel, respectively. The parameter m is the vehicle mass, d is the steering angle of
the front wheels, and R,, is the effective tyre radius. The term I, represents the vehicle yaw
moment of inertia about the vertical axis, while £; and ¢, denote the longitudinal distances
from the vehicle COG to the front and rear axles, respectively. The track width is represented
by ¢, 1, is the wheel rotational inertia, and T;; is the driving or braking torque applied to
each wheel. The 7-DOF vehicle model provides a realistic representation of vehicle behaviour
and allows accurate evaluation of control algorithms under various driving conditions. By
capturing longitudinal, lateral, and yaw dynamics along with individual wheel motions, the
model serves as a high-fidelity platform for analysing and verifying the proposed control
strategies.

The tyre model is also important in modelling the dynamic behaviour of the vehicle, as
it captures the nonlinear interactions between the tyre and the road surface. An accurate
tyre model is essential for describing the generation of longitudinal and lateral forces, which
directly influence vehicle stability, handling, and performance. Among the different tyre
models developed, the Pacejka Magic Formula, proposed by Hans B. Pacejka [186], is one
of the most widely used in vehicle dynamics and control applications. The Magic Formula
provides an empirical representation of the nonlinear relationship between tyre forces and slip
quantities, offering good accuracy under different speeds, vertical loads, and road conditions
[187]. This model is commonly employed for predicting tyre behaviour and for the design
and optimisation of advanced vehicle control systems [188, 189].

The general form of the Magic Formula is given as [190, 191]:

y(x) = Dsin{Carctan [B{(x+S;)(1 — E) + Earctan (B (x+ S3))]} + S, (A.30)

where y represents the longitudinal or lateral force acting on the tyre, and x is either the slip
ratio or the slip angle. The coefficients By, C, D, and E are the stiffness, shape, peak, and
curvature factors, respectively. S, and S, are the horizontal and vertical shifts.

The longitudinal force generated by each tyre, denoted as F\;;, is expressed as:

Fyij(Aij) = Dsin{Carctan [Bl(/l,-j +8,)(1 - E) + E arctan (B (4;; +Sh))]} +S, (A.31)
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The characteristic parameters of the Magic Formula are determined empirically using the
following relationships:
b3Fz2,ij +byF;j

CDebstzij (A.32)
E = b6F2 .+ b7FZ’,~j +bg, Sp= bgFZ,,‘j +b1g, S,=0

2,0

C=bo, D=u(b1F;+byF,;;), Bi=

Z,ij

where bo—b are fitting coeflicients obtained from experimental data, and F_;; denotes the
vertical load on each tyre.
The slip ratio of each tyre is defined as:
Vij —wijR
Ajj=————, ie{f.r}, je{lr} (A.33)
Vij
where v;; is the longitudinal velocity of the wheel centre, w;; is the wheel angular velocity,

and R, is the effective tyre radius. The reference longitudinal velocities of the wheels are

given by:
A . A
V= (vy —w?W) cosd + (vy+ly)sing, vy =v, —ij,
Ay . . Ly (A.34)
v = (vx +1//7) coso + (vy+ly)sing, v, =ve+ 1//?
The vertical loads of wheels can be calculated:
m (gl Vihg Vyhel,
— A.35
o/t ff+fr(2 2 4, (8.35)
m (gl Vxhg Vyhgl,
otr _ A.36
ol €f+€,( 2 2 by (A.30)
m gff f/x/’lg \'/yhgff
F,, SACAN s B s S A37
ot ff+5r( 2 2 by (A37)
= —_—t—+— A.38
¢ ff +{, ( 2 2 by ( :

where hy is the height of the COG. Similarly, the lateral tyre force F);; is calculated using:

Fy;j(a;;) = Dsin{Carctan [By(a;; +S;) (1 - E) + E arctan (B (a;; +Si)) |} + S, (A.39)

141



A.5 Vehicle Dynamic Control

with the corresponding parameters defined as:

azsin[2arctan(F_;;/as)]
CD ’ (A.40)
E =aeF,ij+a7, Sp=aoF,;j+ap, S,=ankF,;+aps

C=ay, D=p(a\F2;+ayF,;j), Bi=

2]

The slip angles for each wheel are calculated as:

. ( Vy+w Ly ) 5 . ( vy —w;t, )
ay¢ =arctan| ————— | -6, a, =arctan|———|,
! ve=we(6o/2) ve—we(6o/2) (AdD)
. ( vy +w Ly ) 5 . ( vy —wt, ) '
as =arctan| ————— | -8, «a,, =arctan[ ————
/ Vy + wz(fw/z) vy +w (6 /2)

The longitudinal and lateral forces must satisfy the tyre-road adhesion limits, represented by

the adhesion ellipse constraint:

ol oyl

Frij=——y(x), Fyi;=—"—y(x),
7ij 7ij (A.42)
B > > B /l,'j B tan a;; '
Tij = N Txij ¥ Oyijp Oxif =7 + i Ty = +4ij

This constraint ensures that the combined longitudinal and lateral forces do not exceed the
maximum friction capability of the tyre-road interface.

Fig. A.7 shows the nonlinear behavior of the longitudinal and lateral tire forces for
different tire-road friction coefficients (u = {0.3,0.5,0.7,0.9}), which represent conditions
ranging from low-adhesion surfaces to dry asphalt. Fig. A.7(a) illustrates the longitudinal tire
force F, as a function of the longitudinal slip ratio, and Fig. A.7(b) demonstrates the lateral
force (F)) versus slip angle. These plots confirm that the MF-based tire model replicates the
expected nonlinear characteristics of tire behavior and aligns with physical trends reported in
the literature. The tire forces increase with greater friction levels u. As the slip ratio or slip
angle grows, the forces rise gradually and then level off, showing the typical grip and slip
phases of tire behavior. This model captures how the forces depend on both slip ratio and slip
angle, making it reliable for simulating various driving situations like accelerating, braking,

and turning on different road surfaces.

A.5 Vehicle Dynamic Control

Vehicle dynamic control systems are designed to improve the stability, handling, and overall

safety of a vehicle under various driving conditions. Torque vectoring is one of the most
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Fig. A.7 Tire model characteristics for various friction levels: (a) Longitudinal force versus
slip ratio, (b) Lateral force versus slip angle.

effective approaches for achieving these objectives. By actively distributing the driving and
braking torques among the wheels, torque vectoring enables direct control of the yaw moment
of the vehicle and lateral dynamics. Conventional torque vectoring control architectures
typically consist of two main layers of high-level and low-level controllers. The high-level
controller calculates the required corrective yaw moment based on the difference between the
desired and actual vehicle states, and the low-level controller allocates the corresponding

torques among the four wheels to generate the commanded yaw moment in an optimal manner.

A.5.1 High-Level Controller

The high-level controller determines the vehicle response and generates the corresponding
control commands to achieve it. In this work, an LQR is employed as the high-level controller.
The LQR aims to minimise a quadratic cost function that balances the trade-off between state
deviations and control effort, thereby ensuring optimal performance in terms of stability and
control precision [95]. As expressed previously in Eq. (A.17), the state-space representation
of the vehicle dynamics with 2 DOF can be written as:

Ba
Ya

Ba
Va

A" +Bs (A.43)

where ¢ is the steering angle and v, is the vehicle longitudinal speed. To account for stability

control, an additional term representing the corrective yaw moment is included in the actual

e

system equation:

B

Y

=A Bs +B°M, (A.44)
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A.5 Vehicle Dynamic Control

where B = [0 1/1.]7, and I, is the yaw moment of inertia. By subtracting Eq. (A.43) from
Eq. (A.44), the dynamic relationship between the corrective yaw moment and the deviation

of vehicle motion states can be obtained as:

AB
Ay

AB

| +B°M, (A.45)
Ay

=A

where Ay and AS represent the errors between the desired and actual yaw rate and sideslip
angle, respectively. The LQR controller minimises the following cost function:

J= / B (xTQx + uTRu) di (A.46)
0

where x is the state vector, u is the control input, Q is a positive semi-definite weighting
matrix that penalises state deviations, and R is a positive definite weighting matrix that
penalises control effort. Increasing the elements of Q gives higher priority to minimising
state errors, whereas increasing R penalises excessive control effort. The optimal control law

that minimises the cost function is expressed as:
u=Kx (A47)
where K is the optimal feedback gain matrix, calculated as:
K=-R'B'P (A.48)
The matrix P is obtained by solving the continuous-time Algebraic Riccati Equation [192]:
—PA-ATP+PBR'BTP-0=0 (A.49)

Finally, the corrective yaw moment command generated by the high-level controller is

computed as:
Mz = Kx(t) = ki (B_,Bdes) + k2(¢ _'j’des) (ASO)

where ki and k, are the LQR feedback gains associated with the sideslip angle and yaw
rate errors, respectively. This formulation ensures that the vehicle maintains stability and

accurately follows the desired trajectory under various driving conditions.
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A.5 Vehicle Dynamic Control

A.5.2 Low-Level Controller

The low-level controller is responsible for distributing the torques among the four wheels
based on the corrective yaw moment generated by the high-level controller. In this research,
a vertical load dynamic distribution algorithm is employed to allocate the torque to maintain
stability and balance [193, 184]. The individual wheel torques are calculated using the

corrective yaw moment obtained from the high-level controller as follows:

RW Fx[ MZ
Ty = L= A5l
fl 1+L( > T (A.51)
PL
R, (Fxi M,
Tty = L A.52
! 1+A( 2 fa) (A>2)
PR
R, (Fu M,
T, L= A.53
rl 1+pL ( D) fa ) ( )
- Ro (For M (A.54)
T l4pr\ 2 4, '

where T;; is the torque applied to each wheel (ij € { fI, fr,rl,rr}), M, is the corrective yaw

moment, ¢, 1s the axle tread, F , is the total longitudinal demand force, and R,, is the effective

tyre radius. The parameters p; and pg represent the load distribution ratios between the front

and rear wheels on the left and right sides of the vehicle, respectively, and are expressed as:
F, Sl F, fr

pL= s PR= (A.55)
Fz,rl Fz,rr

where F;; denotes the vertical tyre forces, obtained from the 7-DOF vehicle model.

This hierarchical approach allows the low-level controller to ensure optimal torque
allocation while satisfying the yaw moment demand generated by the high-level controller. It
enables effective coordination between longitudinal and lateral dynamics, thereby improving
overall vehicle stability and control performance.
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Appendix B

Monte Carlo Robustness Analysis of the
TD3-Based Controller

This appendix presents a Monte Carlo based robustness analysis of the proposed TD3-based
torque vectoring controller. The purpose of this analysis is to evaluate the sensitivity of the
controller performance to uncertainties in vehicle parameters and operating conditions. In
practical vehicle systems, parameters may deviate from their nominal values due to modelling
inaccuracies, manufacturing tolerances, payload variations, and environmental factors such
as road surface conditions. Consequently, a controller designed using nominal parameters
must be evaluated under parameter variations to ensure that it can maintain stable and reliable
vehicle behaviour in real-world operation.

Monte Carlo simulation is a widely adopted stochastic analysis method for evaluating
system robustness under uncertainty. In this approach, uncertain parameters are modelled as
random variables and multiple simulations are performed using randomly generated parameter
sets. The resulting system responses are then statistically analysed to assess the stability and
performance of the controller across a range of possible operating conditions. The Monte

Carlo estimate of a performance metric can be expressed as
1 &
J:N;J(ei) (B.1)

where N represents the number of simulation runs, 6; denotes the randomly sampled parameter
vector for the i-th simulation, and J(6;) represents the performance metric obtained from that
simulation. As the number of simulations increases, the statistical estimates converge toward

the true distribution of the system response.
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Table B.1 Uncertain parameters used in the Monte Carlo robustness analysis

Parameter Symbol Nominal Min of range = Max of range  Distribution type
Vehicle mass m 1411 kg 1270 kg 1552 kg Truncated normal
Yaw moment of inertia J 2031.4 kg m? 1828 kg m? 2234 kg m? Truncated normal
Front axle distance ty 1.04 m 0.988 m 1.092 m Uniform
Rear axle distance e, 1.56 m 1.482 m 1.638 m Uniform
Track width parameter ly 1.48 m 1.406 m 1.554 m Uniform
Effective wheel radius R,, 0.30 m 0.285 m 0.315m Uniform
Front cornering stiffness Car 45000 N/rad 36000 N/rad 54000 N/rad  Truncated normal
Rear cornering stiffness Cur 45000 N/rad 36000 N/rad 54000 N/rad  Truncated normal
Height of COG hg 0.54 m 0.486 m 0.594 m Truncated normal
Wheel inertia Jow 1.46 kg m? 1.314 kgm? 1.606 kgm?  Truncated normal
Vehicle speed v 20 m/s 15 m/s 25 m/s Uniform
Tyre—road friction u 0.5 0.3 0.9 Uniform

coefficient

In this study, a total of 1000 Monte Carlo simulations are performed to obtain statistically
meaningful results. During each run, several vehicle parameters and environmental variables
are randomly sampled within predefined uncertainty ranges around their nominal values.
These parameters include the vehicle mass, yaw moment of inertia, geometric dimensions,
tyre cornering stiffness, aerodynamic drag coefficient, rolling resistance coeflicient, vehicle
speed, and tyre—road friction coeflicient. The uncertainty ranges are selected to represent
realistic variations typically encountered in vehicle dynamics modelling and real-world
vehicle operation. Table B.1 summarises the parameters considered in the robustness analysis,
including their nominal values, uncertainty bounds, and assumed probability distributions.

For each simulation run, the nonlinear vehicle model is executed using a randomly
generated parameter set, while the TD3-based controller remains unchanged. The controller
performance is then evaluated using the same metrics defined in Chapter 3.8. These metrics
include the maximum sideslip angle (max|8|), maximum sideslip rate (max|3|), integral
of sideslip angle ( / |B]), integral of sideslip rate ( / |8]), integral of yaw rate tracking error
( / |¥¢|), and maximum lateral deviation from the desired path (max|Y,|). These metrics
collectively quantify vehicle stability, transient behaviour, and path-following performance.

Fig. B.1 illustrates the distribution of the performance metrics obtained from the 1000
Monte Carlo simulations. Each point in the plots corresponds to one simulation run with
randomly sampled parameters. The dispersion of the points represents the sensitivity of the
controller performance to parameter variations. Despite the introduced uncertainties, all
performance metrics remain within bounded ranges, indicating that the TD3-based controller

maintains stable and consistent vehicle behaviour.
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Fig. B.1 Monte Carlo simulation results under parameter uncertainty: (a) maximum sideslip
angle (max|p|), (b) maximum sideslip rate (max|g|), (c) integral of sideslip angle ( f 1B1),
(d) integral of sideslip rate ( / |8]), (e) integral of yaw rate error ( / lr.|), and (f) maximum
lateral deviation from the desired path (max|Y,|).

The maximum sideslip angle shown in Fig. B.1a remains confined within a relatively
narrow range across all simulations, demonstrating that excessive lateral slip is effectively
prevented even when vehicle parameters vary. Similarly, the maximum sideslip rate presented
in Fig. B.1b exhibits limited variation, indicating that the controller preserves smooth
transient dynamics under uncertain conditions. The integral-based metrics shown in Fig. B.1c,
Fig. B.1d, and Fig. B.1e provide additional insight into the cumulative dynamic behaviour
of the vehicle. The distributions of f || and / |8| confirm that the overall lateral motion
remains consistently bounded throughout the simulations. In addition, the integral of yaw
rate error f .| indicates the controller maintains accurate yaw rate tracking despite the
presence of parameter uncertainties. Fig. B.1f presents the maximum lateral deviation from
the desired path across all simulation runs. Most simulations result in relatively small lateral
errors, suggesting that the controller preserves reliable path-following performance under
varying vehicle dynamics and road conditions. The overall spread of the results indicates that
the TD3-based controller is not overly sensitive to moderate variations in vehicle parameters.

In addition to the distribution-based analysis, dispersion plots are used to illustrate the

time-domain variability of key vehicle states across the Monte Carlo simulations. These plots
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Fig. B.2 Dispersion of vehicle dynamic responses under Monte Carlo simulations: (a) lateral
acceleration, (b) sideslip angle, and (c) yaw rate.
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Fig. B.3 Dispersion of wheel torque responses under Monte Carlo simulations: (a) front-left
torque, (b) front-right torque, (c) rear-left torque, and (d) rear-right torque.

visualise the statistical spread of the system responses at each time instant using percentile
bands. Specifically, the median response together with the 25-75% and 10-90% percentile
intervals are presented to illustrate both typical and extreme behaviour. Fig. B.2 shows the
dispersion of the vehicle dynamic responses, including the lateral acceleration a,, sideslip
angle S, and yaw rate . The median curve represents the central tendency of the responses
obtained from the simulations, and the shaded regions indicate the variability across different
parameter realisations. The relatively narrow percentile bands demonstrate that the controller
maintains consistent dynamic responses even when system parameters vary. Furthermore,
Fig. B.3 presents the dispersion of the wheel torques generated by the torque vectoring
controller. Although slight variations appear due to differences in the vehicle parameters
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and operating conditions, the overall torque distribution pattern remains similar across the
simulations. This behaviour indicates that the controller adapts the torque allocation in
a stable and predictable manner, ensuring balanced torque distribution while maintaining
vehicle stability.

Overall, the Monte Carlo analysis demonstrates that the proposed TD3-based torque
vectoring controller exhibits robust performance across a wide range of parameter uncertainties
and operating conditions. Both the statistical distributions of the performance metrics and
the dispersion of time-domain responses confirm that the controller maintains stable vehicle
dynamics, reliable path tracking, and consistent torque allocation behaviour even when the

vehicle model deviates from its nominal configuration.
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