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Abstract

This thesis develops and evaluates a Rein-
forcement Learning (RL) controller for re-
generative braking in a battery-electric ve-
hicle (BEV). The RL agent operates as
a torque-split controller, allocating brak-
ing demand between regenerative and fric-
tion systems under the same physical con-
straints as a rule-based baseline. A sim-
plified HPPC-inspired State-of-Power (SoP)
estimator provides a dynamic battery charg-
ing limit, enabling the agent to learn time-
varying power constraints.
A Deep Deterministic Policy Gradient
(DDPG) agent is trained within a Simulink
environment, where an EV drivetrain is
modeled. The reward function encourages
effective use of the SoP-limited regenerative
capability while penalizing constraint viola-
tions and abrupt control actions.
Across various drive cycles and state-of-
charge levels, the RL controller consistently
demonstrates strong performance, despite
the highly restricted training data and time.
The results highlight RL’s potential as
a foundation for future adaptive energy-
management strategies.
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This project has been conducted as part of the Master’s program in Electro-Mechanical
System Design at Aalborg University. The work presented in this report concerns the
development and evaluation of a reinforcement learning–based regenerative braking con-
troller integrated into an electric vehicle drivetrain model. The study covers literature
review, model formulation, simulation-based analysis, and performance assessment within
the domain of energy management for electric vehicles.

Throughout the report, abbreviations are introduced by first stating the full term followed
by its abbreviated form in parentheses (e.g. State of Power (SoP)). Once introduced, the
abbreviated form is used consistently. For completeness and ease of reference, all abbre-
viations and symbols—regardless of where they are first introduced—are collected in the
nomenclature section.

A clear distinction is maintained in how sources are cited throughout the report. When
authors are explicitly mentioned or statements are directly attributed to a specific source,
the referenced material closely reflects the concepts or approaches presented in that work.
Additionally, citations placed at the end of a sentence are used to support or validate
claims developed within this report, serving as supporting references rather than direct
conceptual sources.

AI tools were utilised for language refinement and spelling corrections. During the making
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and data processing.
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1 | Introduction

The growing transition toward electric mobility places strong emphasis on improving vehi-
cle efficiency and sustainability. While modern electric vehicles eliminate local emissions,
their total energy efficiency still depends heavily on how effectively they recover and man-
age energy during operation. A key mechanism for this is regenerative braking, where
the traction motor acts as a generator to convert the vehicle’s kinetic energy into electrical
energy that recharges the battery during deceleration.

In practice, regenerative braking control must satisfy several competing objectives: en-
sure safe stopping, comfortable braking, efficient energy recovery, and battery protection.
Conventional braking strategies in production vehicles typically use rule-based logic or
proportional–integral (PI) controllers to coordinate the torque split between regenerative
and hydraulic brakes [1]. These methods are robust and certifiable, but they rely on fixed
calibration parameters and therefore cannot adapt effectively when operating conditions
change—such as variations in road slope, temperature, vehicle load, or battery state of
charge [2]. As a result, regenerative braking is often curtailed conservatively to protect
stability and hardware limits, cutting off regeneration early and leaving a non-negligible
fraction of recoverable energy unused [3].

Multiple studies report that moving from such conservative rule-based strategies to more
optimized or predictive control can increase recuperated braking energy by roughly 5–10%
under comparable driving conditions [4]. Even improvements in this range translate di-
rectly into extended effective driving range and reduced charging frequency, both of which
are closely linked to range anxiety and user acceptance of battery electric vehicles [5].

This thesis aims to demonstrate that reinforcement learning can enhance regenerative brak-
ing control by enabling adaptive, data-driven decision-making within physically constrained
environments. By replacing manual calibration with an intelligent learning process, the
work seeks to contribute toward more efficient and autonomous energy-management strate-
gies for future electric vehicles.

The remainder of this thesis is organized as follows: Chapter 2 presents a detailed analysis
of the regenerative braking problem, covering the fundamentals of electric vehicle braking,
a review of current control strategies, and their main limitations. Chapter 3 defines the re-
search objectives and outlines the framework for the proposed solution. Chapter 4 describes
the development and validation of the vehicle simulation model, including the modeling
of battery dynamics, drivetrain, and braking system constraints. Chapter 5 introduces
the reinforcement learning-based control strategy, detailing the agent design, state-action
space, reward structure, and the optimization algorithm (DDPG). Chapter 6 presents and

1



EMSD4 1 Introduction

analyzes the simulation results, comparing the performance of the RL controller with an
idealized rule-based approach. Chapter 7 provides the conclusion, summarizing the key
contributions of the work, highlighting the improvements achieved, and suggesting direc-
tions for future research. Chapter 8 discusses the implications of the findings, evaluates the
strengths and limitations of the proposed strategy, and addresses how the results relate
to existing literature and real-world applications. Chapter 9 introduces proposed direc-
tions for future work, outlining potential extensions and improvements to the methods
and results presented in this thesis.

1.1 Literature Review: AI-Based Regenerative Braking for
Electric Vehicles

As mentioned, conventional rule-based regenerative-braking systems are inherently conser-
vative due to fixed curtailing logic and simplified battery constraints, and this motivates a
closer look at the existing literature on RB control strategies. This section reviews the sci-
entific evolution of AI-based regenerative braking strategies, from early supervised-learning
and fuzzy-logic methods to modern deep reinforcement learning (DRL), highlighting both
achievements and remaining gaps.

1.1.1 Early AI Approaches: Supervised Learning and Fuzzy Logic

Supervised learning (ANNs): Artificial neural networks were among the first machine-
learning methods applied to RB control. Early ANN-based controllers attempted to map
driver demand, State of Charge (SoC), speed, and gradient to optimal braking torque
using labelled datasets [6]. These methods demonstrated improved recovery compared to
fuzzy baselines and conventional rule-based logic. However, they suffer from two structural
limitations: (1) they require large labelled datasets spanning many operating conditions,
and (2) they operate in a purely reactive manner, producing instantaneous torque com-
mands without reasoning about future battery constraints or upcoming braking events. As
a result, ANNs can approximate expert behaviour but cannot perform sequential decision-
making, nor can they optimize over an entire drive cycle.

Fuzzy logic control (FLC): Fuzzy controllers have also been applied to RB due to their
ability to encode expert knowledge and handle nonlinear dynamics [7, 8]. Typical improve-
ments of 20–30% in energy recovery have been reported relative to fixed-rule strategies,
with hybrid fuzzy–sliding-mode variants providing smoother braking feel and better ro-
bustness. However, fuzzy systems rely on manually crafted membership functions and
rule sets, and therefore remain limited by designer intuition. They cannot autonomously
discover new optimal strategies or adapt to unseen road or battery conditions. As with
supervised learning, they lack the capacity to optimize long-term objectives such as battery
health, comfort, or cumulative energy recovery.

2
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1.1.2 Reinforcement Learning for Regenerative Braking

Reinforcement learning (RL) represents a methodological shift: instead of imitating la-
belled data or encoding expert rules, RL learns optimal torque-allocation policies through
interaction with a simulated environment, optimizing long-term cumulative reward [9].
This is particularly relevant for regenerative braking, where each torque command affects
not only instantaneous energy recovery but also future battery temperature, SOC, vehicle
dynamics, and overall drive-cycle efficiency.

Discrete-action RL: Q-learning and DQN: Early RL applications discretized the
braking command into torque bins. Yin et al. [10] propose a DQN-based RB controller
using SOC and power-demand states, achieving 7.4% higher recovery than Q-learning
and 13.1% improvement over rule-based control on standardized cycles. Their work
also highlights the weakness of coarse torque discretization: the agent cannot explore fine-
grained torque adjustments, limiting smoothness and optimality. Discrete RL thereby
improves upon rule-based design yet remains fundamentally constrained by action dis-
cretization, which is incompatible with the continuous nature of braking torque.

Continuous-action RL: DDPG, TD3, and SAC: Continuous-action algorithms over-
come this limitation by outputting real-valued torque commands. The most relevant meth-
ods are Deep Deterministic Policy Gradient (DDPG) [11], Twin Delayed DDPG (TD3) [12],
and Soft Actor-Critic (SAC). DDPG enables efficient learning in deterministic, physics-
based simulations, while TD3 improves stability through clipped double Q-learning and
delayed policy updates. Recent studies report significant gains in energy recovery when
continuous-action RL is used, especially when combined with motor-efficiency maps, SOC-
dependent limits, and adaptive reward functions [13]. Crucially, the work of Yin et al. shows
that even with discrete actions, RL can surpass rule-based baselines; continuous-action RL
is therefore expected to perform even better under high-fidelity modelling conditions.

Role of battery constraints (SoC, SoP, HPPC): Several studies emphasize that
regenerative braking performance is fundamentally capped by battery charge-power limits.
Accurate online estimation of allowable charging power (State of Power, SoP) relies on
HPPC-derived internal-resistance models [14]. High SoC and low temperature significantly
reduce charge acceptance, and these constraints must be respected by any control strategy.
AI-based controllers that incorporate dynamic SoP constraints consistently outperform
those using static SoC thresholds.

Critical assessment. Deterministic Reinforcement Learning (DRL) methods outperform
supervised and fuzzy approaches in several domains: they handle continuous actions, cap-
ture long-term effects, and adapt to nonlinear motor–battery interactions. However, two
limitations persist across the literature: (1) most studies evaluate policies only on a narrow
set of driving cycles, leaving generalization to unseen scenarios unresolved; and (2) DRL
controllers lack formal safety guarantees, making verification challenging for safety-critical
automotive applications.

1.1.3 Hybrid and Multi-Method Approaches

Hybrid controllers combine the interpretability of fuzzy logic with the adaptiveness of
RL. Examples include fuzzy Q-learning (FQL), ANN-assisted model predictive control

3
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(MPC), and architectures integrating long short-term memory (LSTM) networks for driver
intent prediction [8]. These systems show improved adaptability and smoother braking
transitions. However, hybrid methods increase architectural complexity and often require
careful tuning of interacting subsystems, limiting scalability and interpretability.

1.1.4 Research Gaps and Positioning of This Work

Despite promising results from both pure DRL and hybrid approaches, several challenges
remain before AI-based regenerative braking can be deployed in production EVs. Many
studies neglect embedded feasibility aspects such as inference latency, memory footprint,
and Electronic Control Unit (ECU) resource limitations, even though braking is a safety-
critical function [15]. Generalization is also weakly addressed: policies are rarely evaluated
on drive cycles or operating conditions that differ significantly from the ones used during
training, which limits confidence in real-world robustness. Furthermore, DRL policies
are typically treated as black-box neural networks, and systematic safety verification and
constraint handling are still largely unexplored. Finally, most works rely on simplified
battery models and fixed charging limits, whereas real state-of-power (SoP) constraints
depend on temperature, aging, and resistance maps obtained from HPPC tests [16].

The reviewed literature therefore reveals a methodological progression from static rule-
based strategies to supervised learning, fuzzy logic, and DRL, but three critical gaps remain
for regenerative braking control in realistic EV drivetrains:

1. Insufficient out-of-distribution testing. Existing RL-based controllers are usu-
ally trained and evaluated on similar or identical drive cycles, with little emphasis on
robustness to operating conditions and braking patterns that deviate strongly from
the training distribution.

2. Lack of explicit safety constraint handling. Safety is often treated indirectly via
reward shaping, without hard constraints on deceleration, torque limits, or fallback
behavior that would be required in a safety-critical automotive context.

3. Limited integration of varying SoP. Most studies assume fixed or overly sim-
plified battery power limits, rather than incorporating a realistic, time-varying SoP
model that accounts for SoC, temperature, and internal resistance dynamics.

Contribution of this thesis: This work addresses these gaps by:

1. Testing the RL controller across multiple drive cycles that are significantly differ-
ent the deliberately limited dataset from the training environment, ensuring robust
generalization to diverse real-world scenarios

2. Implementing hard safety constraints within the RL framework, projecting any unsafe
actions into a safety region to prevent violations of braking limits

3. Integrating varying SoP constraints into the RL policy, enabling dynamic adaptation
to real battery behavior based SoC from a HPPC-derived resistance maps

4



EMSD4 1 Introduction

These contributions provide a more rigorous and practical evaluation of RL-based regen-
erative braking, assessing its ability to safely and effectively overcome the conservatism of
fixed-threshold systems in real-world conditions.
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2 | Problem Analysis

This chapter examines electric vehicle braking systems—their principles, limitations, and
control strategies—establishing the motivation for investigating Reinforcement Learning

as an adaptive alternative to conventional rule-based approaches.

2.1 Electric Vehicle Braking Systems: Fundamentals and Ar-
chitecture

Electric traction machines used in modern electric vehicles are inherently bidirectional:
they operate as motors when delivering torque to the wheels, and as generators during
braking, converting mechanical energy back into electrical energy :

P = Tm · ωm (2.1)

where
- P : instantaneous mechanical power at the motor shaft (positive in motoring, negative
in generating),
- Tm : motor torque (negative during regenerative braking because it opposes wheel rota-
tion), and
- ωm : motor angular velocity.

This relation always holds; regenerative braking corresponds to the case where the product
Tm ·ωm becomes negative, indicating power flowing from the wheels back into the electrical
system.
Electric vehicles satisfy total braking demand through a combination of regenerative and
friction braking:

Treq = Tregen + Tfric (2.2)

where
- Treq : is the total brake torque demand,
- Tregen : is the regenerative braking torque contribution, and
- Tfric : is the friction brake torque.

The ECU allocates this torque split dynamically based on vehicle state, battery conditions,
driver comfort and safety constraints.

6
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This fundamental architecture enables energy recovery during deceleration, but practical
implementation requires sophisticated control strategies to manage multiple competing
constraints. The following section examines current production approaches to this control
problem.

2.2 Current Solution: Rule-Based Control Strategies

Production electric vehicles implement regenerative braking control using fixed if-then
rule sets [3]. This section examines their logic, operational constraints, and performance
characteristics.

2.2.1 Conventional Rule-Based Logic

Current systems employ threshold-based decision rules, for example:

• If battery SoC > 90% → disable regeneration

• If battery temperature < 5 ◦C → limits the charging current by 40%

• If high brake demand detected → prioritize friction braking

• If vehicle speed < 12 km/h → fade out regeneration

These rules guarantee predictable, safety-oriented behavior but cannot adapt to varying
conditions or optimize performance dynamically.

2.2.2 Braking Mode Transitions

Production regenerative braking systems typically implement three distinct operating modes
based on braking intensity, often expressed as a normalized deceleration demand ZN [2]:

1. Low Braking Intensity (ZN < 0.5): Regenerative motor braking provides most
or all braking torque, maximizing energy recovery while keeping hydraulic pressure
low [4].

2. Moderate Braking Intensity (0.5 ≤ ZN ≤ 0.8): As braking intensity increases,
hydraulic braking is progressively introduced to supplement regenerative braking,
ensuring that deceleration demand and stability requirements are met. [1].

3. High/Emergency Braking Intensity (ZN > 0.8): Hydraulic braking dominates
to ensure rapid deceleration; regeneration is minimized or disabled so that ABS/ESC
performance and stopping distance are not compromised [2].

The braking intensity ZN determines which mode is active. This piecewise logic is a com-
mon industrial pattern to guarantee that emergency braking is never limited by motor or
battery constraints, while still exploiting regeneration in low and medium braking regimes
[1].
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2.2.3 Operating Constraints on Regeneration

The instantaneous maximum regenerative braking torque is constrained by multiple vehicle
and environmental factors, including speed, motor capability, and battery limits [17].

Vehicle Speed Limitations. Below approximately 10–15 km/h, the motor back-electromotive
force (back-EMF) is insufficient to drive current into the battery, so only hydraulic braking
can be used [18]. This low-speed cutoff is a fundamental physical limitation and appears
explicitly in many blended braking strategies [17].

Motor Speed and Power Constraints. Maximum motor braking torque depends on
motor speed. Below rated speed, the machine operates in a constant-torque region; above
rated speed, it operates in a constant-power region, so torque decreases inversely with
speed [19]:

Tmax(n) =


Tmax,rated n ≤ nrated

9550Prated

n
n > nrated

(2.3)

In the context of regenerative braking, this torque–speed characteristic directly limits how
much braking torque can be produced electrically at a given vehicle speed, and thus how
much of the demanded deceleration can be covered by regeneration rather than friction
[20]. This characteristic shapes the regenerative capability across the vehicle’s speed range.

Battery SoC Restrictions: When battery SoC exceeds approximately 90−95% [21], the
Battery Management System (BMS) significantly restricts or blocks charging current to
prevent overcharge damage. Regenerative braking is usually disabled in this range.

Battery Temperature Constraints: Cold temperatures reduce ionic conductivity and
slow lithium intercalation kinetics, which significantly limits charge acceptance. As docu-
mented in [22], regenerative charging power must be reduced when cell temperature falls
below approximately 5−10◦C to avoid lithium plating. At the opposite extreme, tem-
peratures above roughly 50◦C increase the risk of accelerated degradation and thermal
instability, so the BMS similarly restricts charge current in high-temperature conditions.

Vehicle Dynamics and Wheel Slip: The braking force distribution must ensure wheel
slip remains within safe bounds (typically 10−20%) to maintain adhesion and stability.
The adhesion utilization coefficient must satisfy:

µi =
FX,i

FZ,i
≤ µroad (2.4)

where
- µi : is the adhesion utilization coefficient for wheel i, representing the ratio of longitudinal
braking force to normal load,
- FX,i : is the longitudinal (braking) force acting on wheel i,
- FZ,i : is the normal (vertical) load on wheel i, and
- µroad : is the maximum road–tire friction coefficient available under current surface
conditions.
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When Anti-lock Braking System (ABS) intervention is required, regenerative braking is
overridden to ensure stability [23].

In practice, blended braking architectures rarely operate in a purely regenerative or purely
hydraulic mode; instead, a small continuous friction contribution is typically maintained
to ensure actuator readiness, robustness against disturbances, and predictable brake feel
during transitions. This constant friction floor ensures that the hydraulic braking system
remains active and pressurized, so subsystems such as ABS and ESC retain continuous
feedback from the friction brakes and can intervene reliably if wheel slip or emergency
braking occurs.

Driver Comfort: Driver comfort in regenerative braking is typically assessed through
limits on deceleration (approximately 2.5 m/s2 in normal braking) and jerk (approximately
3–3.5 m/s3), which help ensure smooth and predictable braking [1]. Transitions between
regenerative and friction braking can challenge these limits when motor torque decreases
suddenly due to low speed or battery constraints. In this thesis, comfort is discussed
only at a conceptual level, as the simplified drivetrain and actuator models do not permit
realistic estimation of deceleration or jerk.

2.3 Safety and Regulatory Requirements for Electric Vehicle
Braking Systems

Electric vehicle braking systems operate under strict safety and regulatory constraints to
ensure passenger protection, vehicle stability, and public road safety.

2.3.1 Functional Safety and Braking as a Critical Function

Braking is the most safety-critical function in any vehicle. Unlike power or comfort systems
where performance degradation may be tolerable, brake system failures present immediate
and severe hazards.

Safety-Critical Design Principles: Current production braking systems are designed
with the principle that braking functionality must never be compromised [24]:

• Redundancy: Multiple independent braking pathways ensure that single-point fail-
ures do not eliminate braking capability [25].

• Deterministic Fallback: The system must always revert to a safe state (mechanical
braking) if any active control subsystem malfunctions, as mandated in brake-by-wire
safety guidelines [26].

• Conservative Operation: When safety and energy efficiency conflict, safety al-
ways takes priority. Production regenerative braking strategies therefore prioritize
hydraulic braking during uncertainty, ABS operation, or fault conditions [2].

• Predictable Behavior: Drivers and surrounding vehicles must be able to reliably
predict deceleration behavior. Regulatory frameworks (UNECE Regulation 13-H)
prescribe strict limits on variability in braking response [24].
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Implications for Regenerative Braking: In current systems, regenerative braking is a
secondary enhancement to the primary mechanical braking system—never a replacement
[24]. This architectural choice simplifies safety assurance: if regenerative capability be-
comes unavailable due to SoP limits, low temperature, or subsystem faults, the vehicle
still decelerates safely through hydraulic braking. Rule-based controllers exploit this hier-
archy, enabling regeneration only when mechanical braking can immediately take over if
regeneration is insufficient.

These safety requirements fundamentally shape production control strategies and explain
the conservative nature of existing regenerative braking implementations. While advanced
control methods may improve energy recovery, they must maintain equivalent or superior
safety performance. Any deviation from deterministic behavior requires extensive valida-
tion and certification under functional safety standards (ISO 26262) [26].

These safety constraints interact directly with battery operational limits, which impose
additional restrictions on regenerative braking. The following section examines battery
technology and its specific constraints.

2.4 Battery Technology in Electric Vehicles

Battery systems are the primary energy storage components in electric vehicles and directly
constrain how much regenerative braking energy can be safely recovered. High charging
power during braking acts as a short, intense stress event on the cells; depending on
chemistry and operating conditions, this can accelerate degradation through capacity loss
and impedance growth [21]. The purpose of this section is therefore not to provide a full
battery primer, but to motivate why battery limits (particularly the State-of-Power) must
be explicitly considered in braking control.

In automotive applications, lithium-ion batteries are predominantly based on Nickel-Manganese-
Cobalt (NMC) or Lithium Iron Phosphate (LFP) chemistries [27]. NMC offers high energy
density but is sensitive to high-stress operation (high SoC, high temperature, high C-rate),
while LFP is more robust but heavier and has lower energy density [22]. This difference
is directly relevant to regenerative braking: aggressive braking at high SoC and elevated
temperature is significantly more harmful for NMC cells, whereas LFP can tolerate more
stress before aging accelerates [27].In addition to NMC and LFP, some EV and heavy-duty
applications employ Lithium-Titanate (LTO) cells. LTO batteries use a lithium-titanate
anode, which eliminates SEI-layer formation and enables extremely high charge/discharge
rates, exceptional cycle life (>10,000 cycles), and excellent low-temperature performance
[28]. The main drawback is their low cell-level energy density—typically less than half that
of NMC or LFP—resulting in heavier battery packs [29]. As a result, LTO chemistries ap-
pear mostly in buses, industrial vehicles, and applications prioritizing power and lifetime
over range. Table 2.1 summarizes these chemistries along with their key advantages and
limitations.
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Chemistry Main advantages Main limitations (RB & EV use)

NMC (Ni–Mn–Co) High energy density (typ-
ically 150–250 Wh/kg
in automotive cells) and
widespread use in pas-
senger EVs; good power
capability [27].

Thermally sensitive above ∼ 40◦C; high-
stress charging (high SoC, high C-rate,
high temperature) accelerates capacity
fade and impedance growth, requiring
strict control of regenerative charging
power [22].

LFP (LiFePO4) High cycle life (3000+ cy-
cles in typical EV duty),
excellent thermal stability
and lower cost due to
iron-based cathode materi-
als [27].

Lower energy density (around 90–
160 Wh/kg) and reduced low-temperature
performance; still ages faster under com-
bined high SoC and high C-rate braking,
even though it is more tolerant than NMC
[22].

LTO (Lithium Titanate) Extremely long cycle life
(>10,000 cycles), very fast
charging capability and in-
herently low risk of lithium
plating due to high anode
potential [28].

Very low energy density (50–80 Wh/kg)
and high cost, which restricts its use
mostly to niche high-power or heavy-duty
applications rather than mainstream pas-
senger EVs [29].

Table 2.1: Overview of automotive lithium-ion chemistries and their relevance to regener-
ative braking, based on [27].

2.4.1 Automotive Lithium-Ion Chemistries

The remainder of this thesis focuses on behaviour typical of NMC-based packs, which are
representative for contemporary passenger EVs [27].

2.4.2 State of Charge, State of Health and State of Power

State of Charge: SoC represents the remaining charge relative to a nominal capacity:

SoC(t) =
Q(t)

Qnom
× 100% (2.5)

where
- Q(t) : is the instantaneous charge stored in the battery at time t,
- Qnom : is the rated (nominal) charge capacity of the battery under standard conditions.

High SoC pushes the cell voltage towards the upper limit and is known to accelerate
degradation mechanisms, especially under elevated temperature [22].

State of Health (SoH): Two common definitions are:

Capacity-based:

SoHQ =
Qcurrent

QBOL
× 100% (2.6)

where
- Qcurrent : is the present usable charge capacity of the battery,
- QBOL : is the battery’s beginning-of-life (BOL) charge capacity.
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Resistance-based:
SoHR =

RBOL

Rcurrent
× 100% (2.7)

where
- RBOL : is the internal resistance at beginning-of-life,
- Rcurrent : is the current internal resistance of the battery.

Capacity-based SoH is widely used for EV applications and correlates directly with usable
range [30]. Resistance-based SoH captures the increase in internal resistance that limits
power capability [31].

In this thesis, SoH refers to capacity-based SoH, while resistance changes are captured
implicitly through SoP.

State of Power (SoP): Describes the maximum charge and discharge power that the
battery can sustain over a short time interval without violating its safe operating limits on
cell voltage, current, temperature and SoC [16]. In other words, SoP answers how much
power the pack can safely provide to, or receive from, the drivetrain at a given instant.

Experimentally, SoP is defined using controlled laboratory tests, most commonly Hybrid
Pulse Power Characterization (HPPC) [32]. At a given SoC, temperature and SoH, the
cell or pack is brought to equilibrium and then excited with constant-current charge and
discharge pulses. From the measured voltage response, an effective internal resistance
Rint(SoC, T, SoH) is identified, and the largest currents that keep the terminal voltage
within [Vmin, Vmax] over the pulse duration are computed as

Idis,max =
VOC − Vmin

Rint
, (2.8)

Ichg,max =
VOC − Vmax

Rint
, (2.9)

which give the corresponding discharge and charge power limits

Pdis,max = Vmin Idis,max, Pchg,max = Vmax |Ichg,max|. (2.10)

Repeating this procedure across SoC, temperature and aging states yields a SoP map that
serves as experimental ground truth for modelling and validation [33].

In an actual battery management system this ground truth cannot be re-measured online,
so SoP is estimated analytically or numerically. Typical approaches include lookup ta-
bles interpolated from HPPC data, model-based estimators built on equivalent-circuit or
electro-thermal models, and data-driven or hybrid methods that infer SoP from operating
data while enforcing the same voltage, current, temperature and SoC constraints [16].

2.5 Limitations of Current Rule-Based Regenerative Braking

As discussed above, conventional rule-based strategies introduce several inherent limita-
tions. The following subsections describe how they restrict regenerative-braking perfor-
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mance.

2.5.1 Fixed Conservative Limits

A central limitation of rule-based regenerative strategies is their dependence on pre-calibrated,
static limits for motor torque and charging power. Although production EVs adjust these
limits based on operating conditions, the adjustments are typically implemented through
piecewise derating rules rather than continuous optimisation. Yin et al. [10] demonstrate
that such fixed allocation strategies underperform relative to adaptive controllers, even
when both use identical hardware constraints. Similarly, the work in [13] shows that fixed
SoC-based limits restrict regeneration especially during long braking events.

2.5.1.1 Threshold-Based Derating Structure

The most restrictive bottleneck for regeneration is the battery’s allowable charging power.
Since neither the battery model used in this thesis nor the reference literature includes
thermal dynamics, only SoC -dependent limitations are considered. Yin et al. explicitly
neglect battery temperature in their model [10], and the SoP formulation in [13], likewise
applies SoC-driven constraints even when thermal behaviour is discussed conceptually.

A simplified SoC-based derating law, consistent with commercial EV behaviour and similar
to the approach used in [13], is:

Pmax(SoC) =


Pmax SoC ≤ 0.80

Pmax

(
0.95− SoC

0.15

)
0.80 < SoC < 0.95

0 SoC ≥ 0.95

(2.11)

where
- Pmax : is the maximum regenerative charging power under nominal conditions [13],
- SoC : is the instantaneous battery SoC.

Both benchmark studies [13] observe the same real-world behaviour: full regenerative
capability at moderate SoC, smooth tapering above 80%, and complete cutoff near full
charge. As shown in [13], this conservative tapering can reduce recoverable braking energy
by 10−20% along hilly drive cycles.

2.5.1.2 Calibration Philosophy: Conservative Thresholds

Even when additional derating logic exists, the values used in practice remain conservative.
OEMs (Original Equipment Manufacturers) typically select Pmax and Tmax below true
physical capability to allow for:

• Expected battery ageing over vehicle lifetime (SoH dropping from 100% to 80%),
matching the behavior described in [13],

• Manufacturing spread in cell resistance and motor efficiency,
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• Worst-case load combinations noted in [10] (e.g. high torque demand at high SoC),

• Required certification margins and deterministic behavior for safety validation.

Because these limits remain fixed, the controller cannot exploit favorable conditions such
as high SoH, mid-range SoC, or optimal motor speed—conditions under which Yin et al.
show that considerably more regenerative energy could be harvested.

2.5.1.3 Adaptation Opportunity

A more advanced controller could replace static thresholds with continuous, state-dependent
limits adapted from battery and motor operating conditions:

Pmax(t) = fP
(
SoC(t), SoH(t), ωm(t), Ihistory

)
(2.12)

Continuous adaptation, as discussed in [13], can provide:

• smoother limit transitions without discrete jumps,

• exploitation of favourable combined states (mid-SoC, high efficiency, good thermal
headroom),

• safe use of short-term over-power capability,

• improved robustness to ageing.

2.6 Artificial Intelligence and Reinforcement Learning Ap-
proach

Artificial Intelligence (AI) offers a systematic way to improve control performance based
on data rather than hand-crafted calibration. In modern vehicle systems AI is already
used for perception, diagnostics, energy management, and driver assistance. For control-
oriented problems the most relevant area is Machine Learning (ML), where algorithms
learn patterns or decision rules from experience.

Three foundational learning paradigms exist, as described in [34, 9]:

• Supervised Learning learns a mapping from inputs to outputs using labelled
datasets. It is well suited for estimation tasks (e.g., SoC estimation [30], fault detec-
tion [35]), but fundamentally cannot address sequential decision making.

Why it fails for regenerative braking: Supervised learning requires a dataset
of optimal control actions, but the optimal torque split at any instant depends on
future states (upcoming braking events, battery thermal evolution, SoC trajectory).
No static input-output mapping exists—the same state (e.g., 30 km/h, 60% SoC,
25°C) requires different actions depending on whether the vehicle is approaching a
stop sign or entering highway traffic, as discussed in [9].
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• Unsupervised Learning discovers structure in data without labels, e.g., clustering
or dimensionality reduction. It is useful for driver-profiling or anomaly detection,
but provides no mechanism for action selection.

Why it fails for regenerative braking: Unsupervised learning can identify pat-
terns (e.g., "aggressive braking cluster" vs. "gentle braking cluster") but cannot
prescribe what torque to apply. The regenerative braking controller must output con-
tinuous motor torque commands—unsupervised methods offer no direct path from
state observations to control actions, as noted in [9].

• Reinforcement Learning (RL) learns a control policy by interacting with an envi-
ronment, receiving rewards or penalties in response to actions. RL directly addresses
sequential decision problems where current actions influence future states and re-
wards, as formalized in [9] and extended to continuous control in [11].

Why it fits regenerative braking: The controller must balance immediate energy
recovery against future battery degradation, thermal constraints, and comfort. RL
naturally handles:

– Temporal credit assignment: A gentle braking action now may enable higher-
power regeneration later (by keeping battery temperature optimal)

– Multi-objective tradeoffs: The reward function can encode energy, comfort, and
battery health simultaneously

– Continuous state and action spaces: RL methods like DDPG handle real-valued
torque commands and continuous state observations (SoC, temperature, speed),
as demonstrated in [11, 36]

Key Distinction: Supervised learning asks "given this input, what is the correct output?"
Reinforcement learning asks "given this state, which action leads to the best long-term
outcome?" Only the second question captures the regenerative braking control problem,
consistent with the perspective in [9, 37].

Why RL fits control problems

In RL, an agent observes a state st, applies an action at, and receives a reward rt from
the environment. Over time the agent learns a policy π(a|s) that maximizes the expected
long-term return:

J(π) = Eπ

[ ∞∑
t=0

γtrt

]
= Eπ

[ ∞∑
t=0

γtr(st, at)

]
(2.13)

where:

• st ∈ S is the state at time t (e.g., SOC, battery temperature, vehicle speed)

• at ∈ A is the action at time t (e.g., regenerative motor torque command)

• rt = r(st, at) is the immediate reward received for taking action at in state st

• γ ∈ [0, 1) is the discount factor determining the importance of future rewards
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• π(a|s) is the policy—a probability distribution (for stochastic policies) or determin-
istic mapping (for deterministic policies) that prescribes which action to take in each
state

• Eπ[·] denotes expectation over trajectories generated by following policy π

The policy π(a|s) can be interpreted as:

• Stochastic policy: π(a|s) = P (at = a | st = s), the probability of selecting action
a when in state s

• Deterministic policy: a = π(s), a direct mapping from state to action (used in
continuous control methods like DDPG [11])

This formulation matches the braking control problem exactly: efficiency, comfort, and
battery protection must be optimized over an entire drive cycle, not instantaneously. The
reward function r(st, at) encodes the multi-objective tradeoff at each timestep, while the
summation

∑∞
t=0 γ

trt ensures the controller considers long-term consequences of its actions.
RL can learn optimal trade-offs directly from experience by encoding all objectives into a
single reward function:

r(st, at) = w1 · renergy(st, at) + w2 · rcomfort(st, at) + w3 · rbattery(st, at) (2.14)

where the weights wi reflect the relative importance of each objective.

Key Potential Advantages Over Rule-Based Control:

• Adaptivity: The policy π(a|s) can potentially adjust to real-time conditions—battery
temperature, SoC, vehicle speed, and even route characteristics (e.g., recognizing re-
curring downhill sections) [13].

• Implicit nonlinear modeling: The agent has the potential to learn the complex,
nonlinear coupling between motor torque, vehicle speed, battery SOC, temperature,
and efficiency without requiring explicit analytical models. If successful, it could
discover that motor efficiency varies from 85% at low speed/high torque to 95% at
optimal operating points, and adjust actions accordingly [11].

• Long-term optimization: Through the discount factor γ, the agent aims to op-
timize cumulative recovered energy over the entire drive cycle, not instantaneous
torque at each timestep. This could enable strategic decisions such as: "Apply gentle
braking now to keep battery temperature optimal, enabling higher-power regeneration
during the upcoming steep descent" [9].

• Exploitation of transient margins: Unlike rule-based thresholds that cannot
distinguish between sustained and transient loads, RL could potentially learn to
briefly exceed continuous power limits during short braking events without violating
safety margins. [13].

• Safe training environment: High-fidelity Simulink models provide a reproducible,
risk-free environment for exploration and policy learning, avoiding the safety risks
and hardware wear associated with on-vehicle trial-and-error learning [11].
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These properties make RL a promising candidate for control problems where:

1. Optimal control policy structures are unknown or difficult to derive analytically

2. System dynamics are heavily state-dependent and nonlinear

3. Multiple conflicting objectives must be balanced in real-time

The regenerative braking problem exhibits all four characteristics, motivating the deep
reinforcement learning approach explored in this work.

2.7 Deep RL Algorithms Relevant to Vehicle Control

The RL framework presented in Section 2.6 encompasses a broad family of algorithms.
Selecting an appropriate algorithm requires understanding the key trade-offs between dif-
ferent approaches, particularly for continuous control problems like regenerative braking.

2.7.1 Algorithm Families for Continuous Control

Modern deep RL algorithms fall into two main families, as discussed in [9, 11]:

Value-Based Methods (e.g., DQN)

Value-based algorithms learn a Q-function Q(s, a) that estimates the expected return for
taking action a in state s. The policy is then derived by selecting the action with the
highest Q-value:

π(s) = argmax
a

Q(s, a)

Limitations for regenerative braking:

• Designed for discrete action spaces (e.g., a ∈ {0, 1, 2, ..., N})

• Applying them to continuous control requires discretizing the action space into a
finite set of bins (e.g., torque share = {0.0, 0.1, 0.2, ..., 1.0})

• Problem: Coarse discretization (e.g., 10 bins) loses precision; fine discretization
(e.g., 100 bins) causes combinatorial explosion in the argmax operation, as high-
lighted in [11]

• The regenerative torque share a ∈ [0, 1] is inherently continuous—discretization sac-
rifices control smoothness and introduces artificial jerk

Conclusion: Value-based methods are unsuitable for continuous torque control.

Policy-Gradient and Actor-Critic Methods

These algorithms directly parameterize the policy πθ(a|s) with neural network weights θ,
and optimize it using gradient descent. They naturally handle continuous action spaces by
outputting real-valued actions.
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Key algorithms for continuous control:

• DDPG (Deep Deterministic Policy Gradient), as introduced in [11]:

– Outputs a deterministic action a = πθ(s) (no sampling required)

– Uses an actor network (policy) and critic network (Q-function) trained simul-
taneously

– Employs experience replay and target networks for stable training

– Best for: Smooth, deterministic environments with low stochasticity

• TD3 (Twin Delayed DDPG), proposed in [12]:

– Addresses DDPG’s tendency to overestimate Q-values through three improve-
ments:

1. Clipped double Q-learning : Uses two critic networks and takes the minimum
to reduce overestimation bias

2. Delayed policy updates: Updates the actor less frequently than critics to
reduce policy variance

3. Target policy smoothing : Adds noise to target actions to prevent exploita-
tion of Q-function errors

– Best for: Noisy or stochastic environments where Q-value overestimation is
problematic

• PPO (Proximal Policy Optimization), introduced in [38]:

– Uses a stochastic policy that outputs a probability distribution over actions

– Constrains policy updates to prevent destructive large changes (trust region
optimization)

– Best for: Problems requiring exploration or handling multi-modal action dis-
tributions

To provide a concise overview of the algorithms discussed above, Table 2.2 summarises
their characteristics, advantages, and limitations.
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Algorithm Brief Description Pros Cons

DQN Value-based RL; learns
Q(s, a) for discrete actions.

Simple, stable, well-
understood.

Not suitable for contin-
uous actions; discreti-
sation causes precision
loss and combinatorial
growth.

DDPG Deterministic actor–critic
method for continuous ac-
tions.

Fast convergence in
deterministic systems;
continuous outputs;
replay buffer + target
networks stabilise train-
ing.

Sensitive to noise; prone
to Q-value overestima-
tion in imperfect envi-
ronments.

TD3 Extension of DDPG with
clipped double Q-learning,
delayed updates, and tar-
get policy smoothing.

More robust and stable
than DDPG; mitigates
overestimation issues.

Higher computational
cost; slower training
due to two critics.

PPO Stochastic policy-gradient
method with clipped objec-
tive for stable updates.

Robust under uncer-
tainty; strong explo-
ration; handles complex
action distributions.

Less efficient for deter-
ministic control; slower
in high-frequency con-
trol loops.

Table 2.2: Summary of Deep RL Algorithms for Continuous Control

2.7.2 Algorithm Selection for Regenerative Braking

For this project, the focus is on deterministic, continuous-action methods such as DDPG
and TD3, as the regenerative braking torque distribution is naturally represented as a
continuous variable a ∈ [0, 1]. The selection between DDPG and TD3 requires careful
consideration of their respective strengths in this context.

DDPG vs TD3 Trade-offs

TD3 is superior in noisy or stochastic environments where Q-value overestimation leads to
divergence, as demonstrated in [12]. However, for a deterministic physics-based model with
smooth state transitions (such as the Simulink EV-drivetrain model), DDPG converges
reliably and is significantly faster, as originally reported in [11].

The key trade-off is:

• TD3: More robust to stochasticity and overestimation, but requires ∼2× critic
evaluations (due to double Q-learning) and 30–50% longer training time

• DDPG: Faster convergence in deterministic settings, but can be unstable if environ-
ment dynamics are noisy

Since the Simulink model used in this work is deterministic (no sensor noise, tire slip, or
ABS interventions in the baseline implementation), DDPG’s speed advantage outweighs
TD3’s robustness benefits.
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EMSD4 2 Problem Analysis

2.8 Approach Used in This Thesis

The RL agent is not replacing the entire braking system. Instead, it learns the decision
layer that determines the regenerative torque share. Safety fallbacks (hydraulic braking,
SoP limits, stopping distance constraints) remain active in the environment.

MATLAB/Simulink is selected as the development platform for the EV drivetrain model,
due to its native support for continuous-time dynamics, signal routing, and controller im-
plementation. The Reinforcement Learning Toolbox seamlessly integrates with Simulink
models, enabling the agent to interact directly with the same environment used for con-
ventional control design. This integration ensures the setup is both reproducible.

The workflow is:

1. Build a physics-based EV model in Simulink.

2. Expose the relevant variables (speed, torque demand, SOC, SoP limits) to the RL
agent.

3. Define a reward function combining energy recovery and smoothness.

4. Train the agent over different driving cycles and evaluate performance.

2.9 Required Fidelity of the Drivetrain Model

To evaluate reinforcement learning for regenerative braking, the simulation must capture
the key physics of an electric vehicle, but not every subsystem. The goal is a realistic yet
computationally efficient drivetrain model that preserves dominant energy flows, actuator
limits, and battery constraints.

The model serves two purposes: (1) to provide a realistic environment for RL exploration,
and (2) to reproduce core interactions between motor torque, vehicle dynamics, battery
power limits, and efficiency.

High-fidelity details like tyre dynamics or ABS logic are omitted to keep simulations fast,
as they do not significantly impact the learned braking strategy. Instead, the model focuses
on:

• Longitudinal vehicle dynamics,

• Motor/inverter efficiency,

• Battery SoC and real-time charging power limits,

• Blending of regenerative and friction braking,

• Speed-dependent regeneration fade-out.

This abstraction captures the critical nonlinearities affecting braking performance—efficiency
variations, SoP constraints, and torque distribution—while keeping the learning loop tractable.
The objective is a representative EV model, sufficient for developing and evaluating adap-
tive torque-distribution strategies and demonstrating RL’s benefits over rule-based con-
trol.
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3 | Problem Statement

This chapter defines the problem statement, laying the foundation for the rest of the
project.

Through the problem analysis, reinforcement learning was identified as a promising ap-
proach to overcome the limitations of conventional braking control and enable adaptive,
data-driven decision-making. This leads to the following problem statement:

"How can DDPG-based adaptive braking control strategy intelligently
distribute torque between regenerative and friction braking to maximize
energy recovery, while ensuring safety and protecting battery health?"
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4 | Model development

This chapter develops a simulation-efficient electric drivetrain model for the Škoda Enyaq
iV 80, forming the physical backbone for all subsequent regenerative-braking control

experiments.

The purpose of this chapter is to construct a complete and simulation-efficient EV drive-
train model that can support the regenerative-braking controllers developed later. Because
the study compares a rule-based strategy and an RL agent under identical physical con-
straints, the model must be both transparent in structure and sufficiently accurate in its
dominant energy flows. The chapter therefore proceeds in a layered manner. Section
4.1 defines the modelling requirements; Section 4.2 introduces a generic EV architecture
containing the driver, motor controller, motor–inverter block, vehicle body, and battery
subsystems. Section 4.3 then specialises this template to the Škoda Enyaq iV 80 by pro-
viding manufacturer data, derived parameters, and calibration procedures. Sections 4.4
and 4.5 describe the two data-driven components of the model—the motor efficiency map
and the table-based battery with its SoP interface—while Section 4.6 evaluates the re-
sulting drivetrain against key performance figures of the reference vehicle. The chapter
concludes with the modelling limitations and a justification of the chosen level of fidelity.

4.1 Requirements

To focus on the fundamental dynamics needed for realistic regenerative braking, a set of
minimum requirements is defined for the drivetrain model. The objective is to capture
the dominant energy flows and actuator limits that affect braking performance, while
avoiding unnecessary complexity. The following components and effects must therefore be
represented explicitly in the model:

• Electric traction motor with the capability to operate in both motoring and gener-
ating modes.

• Battery system with SoC enabling representation of charging power limitations.

• Friction brake system capable of providing the remaining braking torque when re-
generative capacity is insufficient or unavailable.

• Equivalent inertial load representing the vehicle mass at the wheels.

• Road load and environmental resistances acting on the wheels, including
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– aerodynamic drag,

– rolling resistance,

– viscous (speed-proportional) friction, and

– slope or road grade.

To satisfy these requirements with minimal structural complexity, the drivetrain is im-
plemented as a traction motor driving a single-speed gearbox, which in turn drives an
equivalent rotational inertia representing the vehicle mass. A friction brake acts on the
same shaft, and the combined road loads are converted into an equivalent opposing torque
at the wheel, an illustration is shown in 4.1. This configuration provides a compact but
physically meaningful basis for studying braking torque allocation, energy recovery, and
battery loading in the subsequent control design and reinforcement learning experiments.

Figure 4.1: Illustration of the simplified model an EV drivetrian.

4.2 EV Modeling

The drivetrain model is organized into the following core subsystems, which are also dis-
played in Figure 4.2.

• Driver (Driver)

• Controller (Motor_controller)

• Motor and inverter electrical dynamics (Motor_Calculations)

• Vehicle body and motor dynamics (EV_body)

• Battery system (Battery)
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Figure 4.2: Simplified version of the Simulink model. Original version is shown in appendix
Figure D.1

Each subsystem is described in detail in the following sections. For all MATLAB Function
blocks used in the model, as defined in the Simulink documentation [39], the corresponding
MATLAB code is provided Appendix chapter C.

4.2.1 Longitudinal Driver

This simulation employs the Longitudinal Driver block from Simulink, as described in the
official documentation [40], to automate velocity tracking and emulate driver pedal inputs.
The block utilizes a Proportional-Integral (PI) control strategy to generate normalized
acceleration and braking commands based on the difference between a reference velocity
(vref) and the measured vehicle velocity (v). Two input signals are required: the interpo-
lated reference velocity and real-time vehicle velocity feedback. The resulting outputs are
mapped to pedal commands for acceleration and braking.

Figure 4.3 shows the configuration and interconnections of the driver block within the
overall Simulink model.

Figure 4.3: Simplified Simulink "Driver" subsystem. Original version is shown in appendix
Figure D.2
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The PI controller logic implemented in the block is expressed as:

y =
Kff

vnom
vref +

Kperef
vnom

+

∫ (
Kieref
vnom

+Kaweout

)
dt+Kgy

′ (4.1)

where:
eref = vref − v (4.2)

eout = ysat − y (4.3)

The output y is limited to the admissible range [−1, 1] using:

ysat =


−1 y < −1
y −1 ≤ y ≤ 1

1 y > 1

(4.4)

Pedal command signals are derived as follows:

yacc =


0 ysat < 0

ysat 0 ≤ ysat ≤ 1

1 ysat > 1

ydec =


0 ysat > 0

−ysat −1 ≤ ysat ≤ 0

1 ysat < −1

(4.5)

The main variables and gains are defined in the nocmelcemateure

By providing repeatable and deterministic driver commands in response to a given velocity
profile, the Longitudinal Driver block establishes a consistent basis for evaluating and
comparing energy recovery strategies and battery management approaches throughout the
study.

4.2.2 Motor Controller

The motor controller is responsible for translating accelerator and brake pedal inputs into
appropriate drive and braking torque commands. For motoring, the controller computes
the available torque envelope based on motor speed and power limits, applying a smooth
taper to avoid abrupt transitions. For braking, the controller determines the torque split
between regenerative and friction braking, taking into account speed-dependent fade, brake
intensity, and battery power constraints. The computed torque commands are then fed
directly into an efficiency map, which calculates the corresponding electrical power for
accurate energy accounting. Additionally, these torque signals are input to an Ideal Torque
Source block, as defined in the Simulink documentation [41], which acts as the motor
in the drivetrain model by translating mechanical torque commands into motion. The
implementation, illustrated in Figure 4.4, is described in detail below.

Further details and the construction method for the efficiency map are described in Sec-
tion 4.2.3.

Motoring: Accelerator Command to Drive Torque

The accelerator input, acc_cmd, is a normalized value in [0, 1] representing throttle de-
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Figure 4.4: Simplified Simulink "Motor controller" subsystem. Original version is shown
in appendix Figure D.3 and D.4

mand. This input is scaled to compute the motoring torque envelope Tmax as follows:

Tmax = min(Tmaxmot,
Pmaxmot

|wmot|
) (4.6)

where Tmaxmot is the motor’s peak allowed torque, Pmaxmot is the peak power output, and
wmot is the current motor speed (rad/s).

To avoid an abrupt torque cutoff at the no-load speed, the maximum motoring torque is
multiplied by a smooth taper function. Let wtaper denote the speed where the reduction
starts and wno the no-load speed. The taper factor is defined as

taper(wmot) =


1, |wmot| < wtaper,

1

2

(
1 + cos

(
π (|wmot| − wtaper)

wno − wtaper

))
, wtaper ≤ |wmot| < wno,

0, |wmot| ≥ wno.

(4.7)

The middle branch of (4.7) is constructed as a standard raised–cosine (cosine-taper) win-
dow [42], chosen to obtain a smooth transition between 1 and 0. First, the motor speed is
normalised to

z =
|wmot| − wtaper

wno − wtaper
,

so that z = 0 at the onset of tapering |wmot| = wtaper and z = 1 at the no-load speed
|wmot| = wno. Over this interval, the function

1

2

(
1 + cos(πz)

)
decreases smoothly from 1 (at z = 0) to 0 (at z = 1), with zero slope at both endpoints.
Substituting the expression for z into this cosine expression yields the middle case in (4.7).
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The effective maximum motoring torque envelope then becomes

Tmax(wmot) = Tmax(wmot) · taper(wmot). (4.8)

so that the available torque is constant up to wtaper, smoothly decreases to zero between
wtaper and wno, and is zero beyond the no-load speed. The actual motoring torque request
sent to the drivetrain is then

Tdrive_cmd = acc_cmd · Tmax(wmot). (4.9)

Braking: pedal input and torque split

The rule-based braking in the EV model follows the structure described in Section 2.2. The
brake pedal input brk_cmd is a normalised signal in the range [0, 1], where 0 corresponds
to no braking and 1 to a full-brake request. The total commanded brake torque is

Tbr,cmd = brk_cmd · Tbr,max, (4.10)

with Tbr,max denoting the maximum available braking torque of the vehicle. This com-
manded torque is distributed between regenerative torque Tr and friction torque Tf with:

Speed-dependent fade of regeneration. For the reasons explained in Section 2.2.3, regener-
ative braking is progressively reduced as motor speed decreases. To model this effect, a
scalar fade factor is defined as

fade(w) =


0, w ≤ woff ,

w − woff

wfull − woff
, woff < w < wfull,

1, w ≥ wfull,

(4.11)

so that regeneration is disabled at low speed, increases linearly between woff and wfull, and
reaches full strength above wfull.

Brake-intensity share. The brake command determines the nominal share of the requested
torque that may be provided regeneratively:

share(brk_cmd) =


1, brk_cmd ≤ 0.5,

0.8− brk_cmd

0.3
, 0.5 < brk_cmd ≤ 0.8,

0, brk_cmd > 0.8.

(4.12)

For light braking (brk_cmd ≤ 0.5) the request is fully assigned to regeneration. Between
0.5 and 0.8 the regenerative share decreases linearly, and for hard braking (brk_cmd > 0.8)
the friction brakes are assumed to provide the entire additional torque.

Battery power limit and final split. The maximum admissible regenerative torque is limited
by the battery charging power and motor speed.

Tr,cap,pow =
Pcap

η w
, (4.13)
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where Pcap is the battery-side charging power limit and η is the regenerative efficiency.
The overall regenerative torque cap is

Tr,cap = fade(w) min
(
Tmax, Tr,cap,pow

)
, (4.14)

and the commanded regenerative and friction torques become

Tr = share(Brk_cmd) min
(
Tbr,cmd, Tr,cap

)
, Tf = Tbr,cmd − Tr. (4.15)

4.2.3 Motor

In this study, the electric motor is represented using an efficiency map and an Ideal Torque
Source block, as defined in the Simulink documentation [41], rather than a detailed physical
model of a specific machine type, such as a permanent magnet synchronous motor (PMSM)
or induction motor. This efficiency map directly relates motor operating conditions (such
as torque and speed) to efficiency values, enabling calculation of power losses and actual
output without modeling the underlying electrical and magnetic processes. The primary
motivation for this approach is to simplify the simulation while retaining accuracy in the
assessment of energy flows and system performance. This is illustrated in Figure 4.5 and
is explained in detail below.

Figure 4.5: Simplified Simulink "Motor calculation" subsystem. Original version is shown
in appendix Figure D.5 and D.6

4.2.3.1 Inputs and outputs.

The block receives

• TqCmd [Nm]: motor torque command (positive motoring, negative regeneration),

• ωmot [rad/s]: motor rotational velocity,

• Vbatt [V]: battery terminal voltage.

and produces

• Pmech [kW]: mechanical power at the shaft,

• PDC [W]: power at the DC bus (positive draw, negative charge),

• Ibatt [A]: battery current,

• ηnow [−]: instantaneous motor–inverter efficiency.
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4.2.3.2 Internal computation.

For a given operating point (ωmot, TqCmd) the map implements:

Pmech = ωmot TqCmd, (4.16)

η = η(ωmot, TqCmd), (4.17)

PDC =


Pmech

η
, Pmech ≥ 0 (motoring),

− η Pmech, Pmech < 0 (regeneration),
(4.18)

Ibatt =
PDC

Vbatt
. (4.19)

The sign convention is such that PDC < 0 and Ibatt < 0 during regenerative braking
(charging).

4.2.3.3 Map structure.

The efficiency map is implemented as:

η = f(ωmot, TqCmd), (4.20)

Where, at each point (ωmot, TqCmd) a scalar efficiency value η is computed. The final
implemented efficiency map is described in section 4.4

4.2.4 EV Body

The vehicle body and drivetrain are modeled as a single-speed, two-wheel-drive electric
powertrain: an EV motor drives an inertial disc (representing the car mass) through a
gearbox. This subsection details the modeling of the inertial load, frictional brakes, gear-
box, and resistive torques that together define the dynamics of the vehicle. This imple-
mentation, illustrated in Figure 4.6, is described in detail below.

4.2.4.1 Single-Axle Representation

Most electric vehicles distribute braking torque across both front and rear axles, with the
front axle typically generating a larger share of braking force due to load transfer during
deceleration. In this model, only a single axle is represented and the load transfer is
neglected. This simplification is intentional and justified by two considerations.

1. Regenerative braking architecture: In many production EVs, the traction motor
is mounted on a single axle. Regenerative braking torque can only be produced on the
motor-driven axle, whereas the non-driven axle contributes exclusively through friction
brakes. Modeling one driven axle therefore captures the complete physical pathway for
energy recovery without omitting any regenerative mechanism.

2. Reduction of model complexity: Including both axles would require modeling
dynamic load transfer, brake-force proportioning, separate wheel-speed dynamics, and po-
tentially ABS/ESC coordination. These additions increase state dimensionality without
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Figure 4.6: Simplified Simulink EV body subsystem. Original version is shown in appendix
Figure D.7

improving insight into regenerative braking behaviour, whose primary bottleneck is battery
charge-power acceptance rather than multi-axle blending logic.

Accordingly, the full vehicle mass and all longitudinal road loads are mapped to an equiva-
lent single wheel. This preserves the correct longitudinal dynamics while enabling focused
analysis of energy flow, torque blending, and control strategies for regenerative braking.

4.2.4.2 Inertial Load

The total vehicle inertia is represented using the Inertia block from Simulink, as defined
in the documentation [43]. The equivalent rotary inertia applied at the wheel shaft is
computed as:

JVehicle = MVehicle ·R2
Wheel (4.21)

where MVehicle is the vehicle mass and RWheel is the effective wheel radius.

4.2.4.3 Frictional Brake

The brake system is modeled using the Disc Brake block from Simulink, as defined in
the documentation [44]. A normalised brake command brk_cmd ∈ [0, 1] is scaled to a
hydraulic pressure P (in Bars), calibrated such that brk_cmd = 1 corresponds to a severe
braking or full-stop event.

Internally, the block computes the friction torque based on the applied pressure P , the
actuator bore diameter Db, the mean pad radius Rm, the number of pads N , and the
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kinetic friction coefficient µk. For a rotating wheel (ω ̸= 0), the brake torque is

T =
µk P πD2

b RmN

4
. (4.22)

4.2.4.4 Gearbox

A fixed-ratio single-speed gearbox is represented using the Gearbox block from Simulink,
as defined in the documentation [45]. The gearbox connects the motor to the wheel and
transmits speed and torque between them. Gearbox efficiency is neglected for simplicity.
The core mechanical relationship is:

G =
ωm

ωw
=

Tw

Tm
(4.23)

where ωm (Tm) and ωw (Tw) are the angular velocity (torque) of the motor and wheel,
respectively.

4.2.4.5 Resistive Torques

All external road loads— aerodynamic drag, rolling resistance, viscous friction, and grade
resistance—are combined into a single resistive torque. These are computed within a MAT-
LAB Function block, as defined in the Simulink documentation [39], and summed into the
drive shaft via an Ideal Torque Source block, also defined in the Simulink documenta-
tion [41].

This approach ensures all external effects are applied as a single reaction to wheel motion,
simplifying the dynamic model.

The vehicle velocity V and wheel angular velocity ωw are related by:

V = ωw ·RWheel (4.24)

The resistive components are calculated as:

Aerodynamic Drag

Td =
1

2
ρCdARWheel V

2 (4.25)

where ρ is air density [kg/m3], Cd is the drag coefficient, A is frontal area [m2], RWheel is
wheel radius, and V is vehicle velocity.

Rolling Resistance

Trr = Crr MVehicle g RWheel cos(θ) · sgn(ωw) (4.26)

where Crr is rolling resistance coefficient, g is gravitational acceleration, and
θ = tan−1(grade [%]/100) converts percentage grade to radians. A positive θ models uphill,
negative θ models downhill.
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Viscous Friction
Tv = bvis V (4.27)

where bvis is a viscous damping constant.

Slope (Grade)
Tg = MVehicle g RWheel sin(θ) (4.28)

Total Reactive Torque

Troad = −(Trr + Tg + Td + Tv) (4.29)

The negative sign indicates opposition to vehicle movement.

For numerical stability near zero speed, a smoothed sign function based on the hyperbolic
tangent is used:

sgn(ωw) = tanh

(
ωw

ω0

)
(4.30)

Where ω0 = 0.5. This suppresses chattering and ensures a smooth, continuous transition
from standstill to motion.

4.2.5 Battery

The battery in this study is modeled using the Battery (Table-Based) block from Simscape
Electrical, as defined in the documentation [46]. This block implements an equivalent-
circuit battery model whose parameters are obtained from tabulated data rather than from
a fixed analytic formula. In particular, the block uses lookup tables to describe the open-
circuit voltage (OCV), internal resistance, and optional dynamic resistive–capacitance
(RC) elements as functions of SoC and, if provided, cell temperature and current direc-
tion. A more detailed description, including the particular tables and operating strategy, is
provided in Section 4.5. Figure 4.7 shows the battery subsystem implemented in Simulink.
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Figure 4.7: Simplified Simulink "Battery" subsystem. Original version is shown in ap-
pendix Figure D.8

4.3 Reference Vehicle

Figure 4.8: Skoda Enyaq iV 80
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In this work, the reference vehicle is chosen as a Škoda Enyaq iV 80 with a 150 kW driv-
etrain. This model is one of the most widely sold battery-electric vehicles in Denmark in
2024–2025 and is therefore representative of a typical mid-size family EV in the current
market [47]. A Škoda Enyaq iV 80 is shown in Figure 4.8. The main vehicle and powertrain
parameters used in the simulation model are summarised in Table 4.1.

Category / Parameter Value / Unit

Powertrain

Motor type PMSM (Permanent Magnet Synchronous Motor)
Maximum power 150 kW
Maximum torque 310 N·m
No-load speed 14.000 rpm (estimation see section 4.3.1)
Gearbox Single-speed reduction, ≈10.5:1 ratio

Battery System

Battery type Li-ion (NCM high-voltage DC)
Configuration 96s3p
Nominal voltage 352 V
Usable capacity (net) 77 kWh (82 kWh gross)

Performance

Top speed 160 km/h
Acceleration (0–100 km/h) 8.7 s
Energy consumption (WLTP combined) 159 – 180 Wh/km
Stopping distance (130-0 km/h) 80 m

Vehicle Body and Aerodynamics

Drag coefficient (Cd) 0.255–0.277
Frontal area (A) ≈ 2.54 m2 (estimated from width × height)
Wheel radius 0.358 m (235/55 R19 tire)
Kerb weight (incl. driver) 2107–2148 kg

Table 4.1: Key technical parameters of the Škoda Enyaq iV 80 (RWD). [48], [49], [50],

4.3.1 Škoda Enyaq Simulink model

The general EV model structure is described in Section 4.2. For the Škoda Enyaq iV 80,
some of the required model parameters (such as vehicle mass, battery capacity, and rated
motor power) are taken directly from manufacturer and database specifications, while
others (such as drivetrain efficiency and motor no-load speed) are estimated to match
typical values reported in the literature and public data sources [51, 19]. These parameter
choices are described first, and the resulting Škoda Enyaq iV 80 parameter set is then
applied to the general model structure to obtain the specific Simulink implementation
used for all subsequent simulations.
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Motor no-load speed:
The motor no-load speed represents the maximum rotational speed of the traction machine
under negligible mechanical load. As detailed, manufacturer data for the Enyaq iV 80
traction motor are not publicly available, this quantity is approximated from the specified
vehicle top speed and the fixed gear ratio. For a top speed of approximately vmax =

160 km/h, a wheel radius of r = 0.358 m, and a single-speed reduction ratio of G = 10.5:1,
the corresponding top motor speed is

ωm,160 =
vmax

r
G =

160/3.6

0.358
· 10.5 ≈ 13,000 rpm. (4.31)

In practice, the no-load speed must exceed the operating speed at the aerodynamic top-
speed point, since aerodynamic drag and drivetrain losses limit the achievable vehicle speed
before the motor reaches its true unloaded speed. In this work, the motor no-load speed
is therefore set to 14,000 rpm, corresponding to an overspeed margin of approximately
8–10 % relative to the estimated top-speed operating speed.

4.3.1.1 Frictional brake modelling

As described in Section 4.2.4.3, the friction brakes are implemented using the Simscape
Frictional Brake block, as defined in the official documentation. The block is parameterised
by the mean pad radius, cylinder bore, and number of brake pads. In the absence of detailed
caliper data for the reference vehicle, these parameters are selected to represent a typical
front-axle disc brake for a mid-size EV, with mean pad radius rpad = 0.14 m, cylinder bore
diameter dbore = 0.057 m, and two brake pads per caliper (Npads = 2).

The input to the Frictional Brake block is hydraulic pressure, whereas the high-level brake
command in the vehicle model is a normalised signal in the range 0–1. To obtain a
realistic mapping between this normalised command and the physical brake torque, a
simple calibration procedure is applied. First, a target stopping distance from 130 km/h
to 0 km/h is defined, consistent with representative braking data reported in [52] (≈ 80 m).
The vehicle model is then driven to a steady speed of 130 km/h, and a full brake command
(brk_cmd = 1) is applied. A scalar gain is inserted between the normalised brake signal
and the brake pressure input, and this gain is tuned such that the simulated stopping
distance matches the 80 m target. In the final model, a gain of 180 yields a stopping
distance of ≈ 80 m, and the resulting brake torque is ≈ 4400 Nm.

This calibration effectively defines the maximum friction brake torque available in the
simulation. It is further assumed that any higher equivalent braking torque demand would
lead to wheel slip and thus lie outside the admissible operating region of the tyre–road
interface.

4.4 Electric Motor Efficiency Map

An exact analytical efficiency map for the Škoda Enyaq iV 80 drive motor is not available
from manufacturer data. To enable realistic performance and energy simulations, a gen-
eral polynomial efficiency mapping approach is adopted following the method proposed in
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[19]. This method is physically grounded and widely used for practical electric machine
modelling when detailed test data is unavailable.

4.4.1 Theoretical Basis of the Electric Motor Efficiency Map

The loss function model is based on the observation that the power loss Ploss in an electrical
machine can be described as a sum of terms, each involving integer powers of torque (T )
and speed (ω), as originally proposed in [19]:

Ploss(T, ω) =
∑
m,n

kmnT
mωn (4.32)

where kmn are fitting coefficients for each term, and m,n are integers.

This polynomial approach has a solid physical basis. In a typical surface-mounted perma-
nent magnet (PM) machine, as analysed in [53]:

• No-load iron (eddy-current) losses are proportional to ω2.

• Copper losses are proportional to T 2 (torque is proportional to current).

• Cross-terms and higher-order effects (windage, field-weakening) may be included for
accuracy.

Thus, for first-order loss estimation, one writes:

Ploss(T, ω) = k20T
2 + k02ω

2 (4.33)

as a simple approximation. For more accurate modelling, higher-order polynomial and
cross-terms are added as justified by finite element calculations.

4.4.2 Polynomial Loss Surface and Normalisation

The efficiency map in this work is constructed by synthesizing a polynomial loss model in
per-unit (pu) coordinates, scaled to the Skoda motor’s rated values:

Tpu =
T

Tb
, ωpu =

ω

ωb
(4.34)

where Tb = 310Nm and ωb = 2π × 14000/60 rad/s (motor peak specifications).

Using the polynomial form proposed in [19], a custom set of coefficients is synthesised in
this work to emulate the loss behaviour of a high-power surface PM traction machine:

Ploss,pu = −0.002 + 0.175ωpu − 0.065Tpu + 0.181ω2
pu + 0.577Tpu ωpu + 0.697T 2

pu

+0.443ω3
pu − 0.542T 2

pu ωpu − 1.043Tpu ω
2
pu + 0.942T 3

pu (4.35)

The actual machine loss in watts is obtained by scaling the per-unit loss with a loss base
power:

Ploss = Ploss,pu · Ploss,base. (4.36)
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In this work, Ploss,base is set to 9 kW. This value is chosen to be consistent with typical
loss levels reported for high-power EV traction machines, where rated efficiencies in the
range of 95–97 % imply loss fractions of approximately 3–5 % of the mechanical output
power at high load [19, 54]. For a 150 kW drive, this corresponds to a loss range of roughly
4.5–7.5 kW at high torque and speed. Choosing Ploss,base = 9 kW therefore provides a
slightly conservative margin while remaining consistent with published efficiency data for
automotive traction motors.

4.4.3 Efficiency Calculation and Plot

Mechanical power is calculated as in equation 2.1, repeated here for convenience:

P = Tm · ωm

The instantaneous efficiency is then:

η(Tm, ωm) =
P

P + Ploss
(4.37)

Figure 4.9 illustrates the resulting efficiency map for the Skoda motor across its operating
range.
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Figure 4.9: Skoda Enyaq 150 kW Motor – Polynomial Model Efficiency Map.

4.5 Battery Model Implementation

The battery block used in the Simulink model implements a static equivalent-circuit model
in which the terminal voltage is computed from

U = OCV(z, T )−R0(z, T, i) i, (4.38)
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where z is the SoC, T is the temperature and i is the current, With the open-circuit voltage
(OCV) and internal resistance R0 obtained from user-supplied lookup tables. No dynamic
voltage behaviour (e.g. RC pairs) or electrothermal coupling is included, matching the
simplified modelling strategy adopted for the rest of the drivetrain.

The model is parameterised over a 1D SOC grid

z ∈ [0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0],

4.5.0.1 Open-Circuit Voltage Table

The OCV curve is based on a representative NMC cell discharge characteristic typical of
high-energy automotive cells [55, 30]. The per-cell open-circuit voltage (OCV) values used
in this work are

OCVcell(z) = [3.34, 3.53, 3.59, 3.63, 3.66, 3.70, 3.75, 3.83, 3.92, 4.03, 4.13]V,

as illustrated in Figure 4.10.
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Figure 4.10: OCV(SOC) data used in the EV drivetrain model
To obtain pack-level voltages for the 96s3p configuration, the OCV table is scaled by the
series cell count:

OCVpack(z) = 96 ·OCVcell(z).

This yields terminal voltages in the range [240, 403] V, consistent with public data for the
Enyaq iV 80 battery pack.

4.5.0.2 Internal Resistance Table

The internal resistance model follows the same SoC grid as the OCV table and reflects the
typical U-shaped dependence of cell resistance on SoC. The per-cell discharge resistance
values are

R0,cell(z) = [1.50, 1.20, 1.00, 0.90, 0.85, 0.80, 0.80, 0.85, 1.00, 1.20, 1.50] mΩ

as illustrated in Figure 4.11.

Because the pack consists of 96 series cells and three parallel strings, the pack-level resis-
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Figure 4.11: R0(SOC) data used in the EV drivetrain model

tance during discharge is

R0,pack(z) =
96

3
R0,cell(z).

To reflect the higher resistance observed during charging, as reported in [27], the charge
table is scaled by an additional factor of 1.05:

R0,charge(z) = 1.05R0,pack(z).

Battery Electrical Behaviour and Role in Control

The battery subsystem is represented by a static equivalent-circuit model,

U = OCV(z)−R0(z) i, (4.39)

Pbatt = U i, (4.40)

with i > 0 during discharge and i < 0 during regenerative operation. This formulation
captures SoC-dependent voltage and resistance behaviour while remaining numerically
efficient for drivetrain-level simulations.

The battery block provides the SOC to the control architecture but does not compute
regenerative power limits. These are obtained from an external PNGV-based State-of-
Power estimator using the battery SoC and OCV, as described in Section 5.1.1, and are
used to constrain regenerative braking.

4.6 Simulation results

The Simulink drivetrain model is evaluated against key performance figures of the reference
vehicle to assess whether its behaviour is sufficiently realistic for subsequent regenerative
braking studies. The comparison focuses on 0–100 km/h acceleration time, achievable top
speed, maximum motor torque, and energy consumption over a WLTP Class 3 drive cycle.
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4.6.1 Acceleration, top speed and maximum torque.

A full-acceleration test is carried out by applying a constant accelerator command of 1.0,
corresponding to a fully pressed pedal. The resulting vehicle speed and motor torque
trajectories are shown in Figures 4.12a and 4.12b. The simulated 0–100 km/h time is
approximately 7.5 s, the steady-state top speed is about 176 km/h, and the peak mo-
tor torque is 310 Nm. Relative to the nominal Škoda Enyaq iV 80 specifications, this
corresponds to deviations of roughly 11 % in acceleration time, 9 % in top speed, and
negligible deviation in maximum torque. These differences are considered acceptable for
the system-level analysis carried out in this work.
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Figure 4.12: Results from acceleration test

4.6.2 Energy consumption (WLTP).

To assess the overall energy efficiency, the model is driven over the WLTP Class 3 drive
cycle for its full duration of approximately 30 min. The corresponding vehicle speed and
specific energy consumption are shown in Figures 4.13a and 4.13b. The simulated net
energy consumption is 137 Wh/km, which lies somewhat below the 159–180 Wh/km range
reported for the real vehicle under WLTP conditions. Part of this deviation can be at-
tributed to modelling assumptions such as standard air density (ambient temperature) and
the omission of auxiliary loads (cabin heating, lighting, infotainment, etc.), which increase
the measured consumption in a real car. Given these simplifications, the simulated value
is regarded as satisfactory for the purposes of drivetrain and braking-control evaluation.

Additional drivetrain dynamics. For completeness, additional internal variables (such
as motor electrical quantities and resistive shaft torques) are plotted to illustrate the dy-
namic behaviour of the drivetrain. This is shown in appendix chapter A.

40



EMSD4 4 Model development

0 500 1000 1500 2000
Time [s]

0

50

100

150
V

el
oc

ity
 [k

m
/h

]
Vehicle velocity

Velocity
Reference
Error

(a) Simulated velocity profile for the WLTP
Class 3 drive cycle.

0 500 1000 1500 2000
Time [s]

-1000

-500

0

500

1000

1500

W
h/

km
]

Efficiency [Wh/km]

Instant
Average

(b) Simulated specific energy consumption
over the WLTP Class 3 drive cycle.

Figure 4.13: Results from WLTP evaluation test

4.7 Limitations of the EV Modeling Approach

Despite achieving good physical realism and simulation speed, the electric vehicle (EV)
modeling methodology is subject to several important limitations. These stem both from
practical constraints (data availability, computational cost) and from deliberate modeling
choices made to balance fidelity with tractability and efficiency.

4.7.1 Surrogate Efficiency Maps vs. Measured Data

The motor efficiency maps employed in this work are surrogate, polynomial-based loss
models derived from literature trends (see Subsection 4.4.2), rather than manufacturer-
calibrated or experimentally measured datasets. While they reproduce the dominant effi-
ciency characteristics—such as the efficiency island and increasing losses at high torque or
speed—they do not capture machine-specific design effects and are not calibrated against
dynamometer data. As a result, absolute loss and energy estimates may deviate from real
hardware, particularly near the operational boundaries where analytical polynomials may
under- or over-predict losses [19].

4.7.2 Omission of Secondary Effects

The drivetrain model captures the dominant loss mechanisms but omits several second-
order effects that are commonly neglected in longitudinal energy studies, as discussed in
[27, 33]. In particular, thermal dynamics and temperature-based derating, long-term aging
and degradation, auxiliary electrical loads (e.g., HVAC and infotainment), and detailed
mechanical nonlinearities such as tyre slip and speed-dependent gearbox losses are not
explicitly modeled. The impact of auxiliary electrical loads on overall energy management
has been widely studied in the literature [51]. These effects are either represented through
simple aggregate terms or neglected where their influence on regenerative-braking energy
recovery is expected to be limited.
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4.7.3 Simulation Environment vs. Real-World Operation

The proposed control strategies are evaluated in a simulation environment, but several
real-world aspects remain unrepresented. In particular, the controllers are not subjected
to embedded hardware constraints such as sensor noise, sampling jitter, or limited com-
putational resources. Moreover, standardized drive cycles, while suitable for repeatable
benchmarking, do not capture the full variability of real driving, nor are rare events such as
component faults, communication delays, or extreme transients explicitly modeled. These
factors may influence performance and robustness in real-vehicle deployment.
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This chapter describes the development of the reinforcement learning controller and the
idealised rule-based controller used as its benchmark.

5.1 Rule-Based Baseline and Constraint Structure

The rule-based braking controller follows the same deterministic structure and region-
based logic described in Section 4.2.2. In particular, the braking-region thresholds and the
prioritisation of regenerative versus friction braking are implemented exactly as previously
defined and are not repeated here. The available regenerative power is constrained by a
time-varying power cap Pcap, which is estimated via the State-of-Power (SoP) formulation.

The only implementation-specific detail introduced in this chapter concerns the speed-
dependent regeneration fade and the constant small friction brake share. Regenerative
torque is linearly reduced between 100 rpm and 600 rpm, and a constant small friction
torque is set to 0.5 Nm.

Battery charging power cap (SoP-based):
The rule-based controller is designed to operate under the same physical charging con-
straints as the learning-based agent. To ensure a fair comparison, both controllers use a
time-varying SoP (SoP) limit that depends on the instantaneous battery state of charge.
At each time step, the allowable regenerative charging power is given by

Pcap(t) = PSoP(SoC(t)).

This dynamic cap reflects the real battery’s ability to accept charge and is consistent with
State-of-Power–based constraint modelling approaches reported in the literature [55, 56,
16, 57]. By applying the same envelope to both controllers, differences in performance
can be attributed to their respective control strategies rather than differences in allowable
limits.

Since the charging power is physically limited to 150 kW, the controller power cap Pcap is
set to 120 kW,

Pcap(t) = min
(
PSoP(t), 120 kW

)
,

ensuring that the effective SoP limit is determined by the controller logic rather than by
the hardware constraint.

With this modification, the rule-based controller operates under the same dynamic con-
straints as the RL agent. This establishes a fair and controlled baseline: any observed
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differences in energy recovery or torque distribution arise from the controllers’ decision-
making strategies rather than from discrepancies in available regenerative power. The
following section describes how the RL agent is formulated within this shared physical
envelope.

5.1.1 HPPC PNGV-Based State-of-Power Limit Used in This Work

As introduced in the Problem Analysis chapter, the SoP defines the maximum admissible
battery charge and discharge power at a given operating point. In this work, only the
charging capability is considered. The SoP is implemented using the conventional PNGV
HPPC method, as summarised by Plett [55].

This estimation assumes a static equivalent-circuit relation at cell level,

U = OCV(z)−R i, (5.1)

with a constant internal resistance R and a SoC–dependent open-circuit voltage OCV(z),
where z = SoC ∈ [0, 1] denotes the normalised battery state of charge. Given fixed
terminal-voltage bounds Vmin and Vmax, the admissible charge current is computed as

imin
chg =

OCV(z)− Vmax

R
. (5.2)

These current limits are scaled to pack level using the series–parallel configuration yielding

Pmin
chg = nsnp η Vmax i

min
chg , (5.3)

Where ns is the number of cells in series, np is the number of cells in parlallel, and η is an
optional efficiency factor. The resulting SoP as a function SoC is displayd in Figure 5.1
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Figure 5.1: PNGV HPPC SoP method
The available regenerative charging capability is then defined as

Pcap = −Pmin
chg (> 0),

and is supplied as a time-varying constraint to both the rule-based controller and the RL
agent.

This formulation deliberately neglects dynamic voltage effects, SoC-dependent resistance,
and thermal constraints. The resulting SoP signal is smooth, and computationally lightweight,
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making it well suited for large-scale RL training.

5.2 RL Control Formulation

This section details the DDPG agent formulation, including the actor–critic network ar-
chitectures, the action definition and control hierarchy, and the observation vector that
enables the RL agent to learn energy-optimal braking allocation while operating within
the same SoP-constrained envelope as the rule-based baseline.

5.2.1 Overall Architecture Choice

The agent is implemented as a Deep Deterministic Policy Gradient (DDPG) controller, as
introduced in Section 2.7. DDPG combines an actor network (policy) and a critic network
(state–action value function) for continuous-action control tasks, as originally proposed in
[11] and implemented in the MATLAB Reinforcement Learning Toolbox [58]. Both the
actor and critic are realised as deep feedforward neural networks (fully connected multilayer
perceptrons). Training uses soft-updated target networks to stabilise temporal-difference
learning, as specified by the DDPG algorithm.

In physical terms, the actor output represents the regenerative torque fraction used to split
braking demand between motor and friction brakes.

5.2.2 Actor Network Design

The actor network maps the observation vector to a single continuous control action at. Its
architecture follows the standard DDPG actor design commonly adopted in the literature,
as introduced in [11], and is defined as follows:

• Input layer: Feature input layer with dimensionality equal to the state vector.

• Hidden layers: Two fully connected layers with 256 neurons each and ReLU acti-
vation functions.

• Output layer: A fully connected (FC) layer with one neuron, followed by a tanh
activation and a scaling layer that maps the bounded output to the admissible re-
generative torque range in Simulink.

This architecture represents a conventional DDPG actor. ReLU hidden layers provide suffi-
cient representational capacity and stable optimisation, while the tanh-bounded output en-
sures continuous actions remain within predefined limits. The 256–256 layer configuration
was selected as a moderate-capacity setting that trained reliably without additional tun-
ing, consistent with architectural choices commonly reported in the DDPG literature [11].
During training, exploration noise is added to the actor output, whereas at inference the
deterministic policy is used.

45



EMSD4 5 Solution

Actor network architecture

input_1

fc_1

relu_body

fc_body

body_output

output

tanh

scale

Figure 5.2: Actor network topology exported from MATLAB. The network is a feedforward
MLP with two 256-neuron ReLU layers and a tanh-bounded output followed by action
scaling.

5.2.3 Critic Network Design

The critic network estimates the state–action value Q(st, at), i.e. how good it is to take
action at in state st in terms of expected future reward. To do this, it processes the state
and the action in two separate paths before combining them:

• State stream: state input → fully connected layer (512 neurons) → ReLU.

• Action stream: action input → fully connected layer (32 neurons) → ReLU.

• Merged pathway: concatenation of the two streams → fully connected (512) →
ReLU → fully connected (256) → ReLU → fully connected (1).

Intuitively, the critic first builds an internal representation of the state (e.g. speed, SoC,
braking demand) and a separate representation of the action (requested torque split). After
merging these, the larger hidden layers allow the network to learn how state and action
interact, including nonlinear effects such as the sharp change in value when the action
approaches the SoP limit.

The final layer is linear and outputs a single scalar Q-value without any bounding. This
is required in temporal-difference learning, where the critic must be able to represent both
large positive and large negative returns.
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Figure 5.3: Critic network topology exported from MATLAB. The merged block consists
of two fully connected layers with 512 and 256 neurons, respectively.

The architecture follows the DDPG critic structure recommended in the Reinforcement
Learning Toolbox documentation, with separate state and action streams that merge into
a common network [58]. The layer sizes are slightly increased to provide sufficient capacity,
while still remaining close to the tested default configuration rather than being the result
of ad-hoc trial-and-error.

5.2.4 Action Definition and Control Hierarchy

The RL action at represents a regenerative torque fraction:

Tregen = at Treq, Tfric = Treq − Tregen.

The RL controller operates under the same externally imposed physical constraints as the
rule-based strategy. The braking torque demand Treq is fixed from outside the agent
and is not influenced by the RL policy. These constraints are not learned; the RL agent
only decides how to shape the regenerative braking command inside this constrained action
space.

5.3 Simulink Integration and Reward Function

This section describes how the DDPG agent is integrated into the nonlinear EV drivetrain
model in Simulink and how the reward function is constructed. The reward is designed to
balance two objectives: (i) maximising regenerative energy recovery under a time-varying
SoP-based charging limit, and (ii) producing smooth, realistic control actions.
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5.3.1 Integration in Simulink

The RL agent interacts with the full nonlinear EV drivetrain model through a dedicated
RL Agent block in Simulink [59].

The observations and reward are generated within the MATLAB function makeObsReward().
The actor outputs a single continuous action at, representing the fraction of the braking
request allocated to regenerative torque. This is passed to a torque-splitting block that
converts at into regenerative and friction torque commands applied to the plant model.
Transitions (st, at, rt, st+1) are stored in replay memory for off-policy DDPG learning.

This integration ensures that the RL agent is evaluated under the same physical constraints
and drivetrain dynamics as the rule-based controller, making comparisons between the two
meaningful and unbiased.

Figure 5.4: Simplification of Integration of observation, reward computation, and actor
output in Simulink. The original is shown in appendix figure D.4

5.3.2 Reward Function Design

The reward function guides the RL agent to use as much safe regenerative braking power
as possible, while avoiding sudden changes in the control signal. This section explains how
the observations and reward are constructed from the physical signals.

Inputs and Preprocessing

The function makeObsReward receives the following signals from the Simulink environment:

• brake command Brake_cmd ∈ [0, 1],

• electrical motor power P (positive during regeneration),

• motor speed nrpm,

• total braking torque request Treq,

• battery state of charge SoC ∈ [0, 1],

• battery charging power limit Pcap (SoP),

• current action aact and previous action aprev (both ∈ [0, 1]).
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All inputs are first clamped to physically meaningful ranges (for example, SoC is limited
to [0, 1], torques and powers are forced to be non-negative). This avoids numerical issues
and prevents the agent from seeing impossible values.

Observation Vector

The agent observes a six-dimensional state vector o ∈ R6:

o1 = Brake_cmd,

o2 = min

(
Pee

Pcap,max
, 1

)
,

o3 = min

(
nrpm

nbase
, 1

)
,

o4 = min

(
Treq

Trated
, 1

)
,

o5 = SoC,

o6 = min

(
Pcap

Pcap,max
, 1

)
.

Here, nbase = 4000 rpm and Trated = 300 Nm are normalisation constants, and Pcap,max

is the maximum observed SoP value. All components are scaled to approximately [0, 1],
which improves learning stability and keeps the different physical quantities comparable
for the neural networks.

Energy-Use Term

The main reward component, renergy, encourages the agent to use the available regenerative
power without greatly exceeding the SoP limit. To this end, the ratio

x =
Pee

Pcap + ε

is computed, where ε is a small number to avoid division by zero. The interpretation is:

• x = 0: no regenerative power is used,

• x = 1: the agent uses power equal to the current cap Pcap,

• x > 1: the requested electrical power exceeds the cap.

The reward is then shaped in three regions:

1. Safe region (x ≤ 0.8): The agent is far from the limit, so using more regen is always
good:

renergy = x.

This grows linearly from 0 to 0.8 and pushes the agent to increase regenerative power
when it is clearly safe.
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2. Near the limit (0.8 < x ≤ 1): The agent is close to the cap, so the reward rises
more slowly:

renergy = 0.8 + 0.15
x− 0.8

0.2
,

which increases from 0.8 at x = 0.8 to 0.95 at x = 1. This tells the agent that using
almost all of the allowed power is good, but there is little extra gain in pushing right
up to the exact limit.

3. Over the cap (x > 1): Exceeding the cap is discouraged by a penalty:

renergy = −2 (x− 1).

The reward becomes smaller as the over-use increases, but it is not instantly catas-
trophic for small violations. This penalty gives the agent a clear learning signal to
back off slightly on the next episode, instead of making the episode useless due to a
huge negative reward.

Overall, this shaping teaches the agent to:

• avoid wasting regenerative potential (large reward when x is close to 1),

• respect the SoP limit (increasing penalty as x exceeds 1).

Smoothness Term

To discourage very abrupt changes in the control action, a small smoothness penalty is
added:

rsmooth = −0.05 |aact − aprev|.

Large step changes in the torque split reduce the reward slightly, encouraging smoother
braking behaviour. The weight −0.05 is chosen to be small so that energy recovery domi-
nates the learning objective, while still nudging the agent towards less jerky commands.

Total Reward and Clamping

The total reward is the sum of both components:

r = renergy + rsmooth.

For numerical robustness, the reward is finally clipped to the interval [−2, 1]. This prevents
extremely large values from destabilising training and keeps the scale of the critic targets
bounded.

The function always returns isdone = false, since episode termination is governed by
the drive cycle rather than by the reward itself.
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5.4 Training data

To keep both runtime and storage usage manageable, the training data was designed to
be as short and informative as possible. Since the task is purely braking control, the drive
cycle starts at 130 km/h and consists of three representative braking scenarios that exercise
the relevant limits:

• Soft braking: Pedal input below the blending threshold, so braking is limited only
by the requested deceleration and the motor’s regenerative capability.

• Medium braking: Braking strong enough that regeneration is capped by the
150 kW motor power limit, while the pedal input is still below the friction-blending
threshold.

• Hard braking to standstill: Pedal input above the blending threshold (Sec-
tion 4.2.2), so friction braking is added even if the power limit has not yet been
reached.

Three constant-deceleration phases are tuned to realise these cases, with target decelera-
tions of

asoft ≈ −2.2 m/s2, amed ≈ −2.8 m/s2, ahard ≈ −4.0 m/s2.

Medium braking is placed first because it reaches the regenerative power limit before the
safety-related friction blending becomes active. Between each braking phase the vehicle
cruises for 2 s at constant speed. The resulting training drive cycle, with a total duration
of approximately 19 s, is shown in Figure 5.5. The plotted speed profile is obtained by
running the rule-based controller without a battery power cap, and is used only to illustrate
the structure of the designed braking sequence.
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Figure 5.5: Drive cycle used for RL training.

Figure 5.6 illustrates the corresponding driver inputs, axle torques, brake bias and motor
power. In Figure 5.6a the first braking event is just below the brk_cmd = 0.5 blending
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threshold; Figures 5.6b and 5.6d show that this still drives the motor up to the 150 kW
regenerative limit, after which additional torque is supplied by the friction brakes. In the
last braking event the pedal demand is well above the blending threshold, so the safety
logic allocates a larger friction share, clearly visible in Figures 5.6c and 5.6d.
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Figure 5.6: Driver input, torque split and motor power for the training drive cycle.

For each training episode, the initial battery state of charge is sampled uniformly in the
range 30–100 %. The RL agent then adjusts the brake bias over the three braking events
to maximise the reward, i.e. to recover as much energy as possible while avoiding violations
of the instantaneous SoP limit.

This short, structured drive cycle is considered adequate because it: (i) exercises all relevant
braking regimes (power-limited, blending-limited, unlimited, and standstill), (ii) allows
rapid exploration over many SoC values, and (iii) keeps training data compact enough to
fit within the available storage and computation budget.

5.5 Training Procedure

Training is organized as a sequence of episodes, each corresponding to one complete sim-
ulation of a drive cycle. Within each episode, the following steps are repeated at every
simulation time step:

52



EMSD4 5 Solution

1. The environment computes the current observations from the plant and driver signals
and assembles the state vector st.

2. The instantaneous reward rt is evaluated using the piecewise formulation defined in
Section 5.3.2, reflecting how effectively regenerative braking power is utilised relative
to the SoP-based power cap, while penalising abrupt changes in the control action.

3. Given the current state st, the actor network produces an action at, representing
the regenerative braking fraction, with exploration noise added during training to
encourage policy exploration.

4. The environment transitions to the next state st+1, and the tuple (st, at, rt, st+1) is
stored in a replay buffer.

5. During training updates, mini-batches sampled from the replay buffer are used to
train the critic network by minimising the temporal-difference error between the
predicted action-value Q(st, at) and a target constructed from the observed reward
and the critic’s estimate of future returns at the next state.

6. The actor network is then updated via policy gradient ascent, adjusting its parame-
ters to maximise the critic’s estimated action-value, thereby increasing the likelihood
of selecting actions that yield higher long-term cumulative reward.

5.5.1 Training Convergence and Interpretation of Learning Behaviour

Figure 5.7 illustrates the episodic reward over the full training procedure. The episode
value Q0 denotes the expected cumulative discounted return starting from the initial state
of an episode, i.e. the value of the policy before any control action is applied. It is
commonly used as a scalar performance indicator to assess overall episode-level perfor-
mance rather than step-wise behaviour. Although a smooth, monotonic increase might be
expected in simpler reinforcement-learning settings, such behaviour is uncommon for long-
horizon continuous-control tasks with strong penalties and state-dependent constraints, as
discussed in the reinforcement-learning literature [9]. The SoP-limited regenerative brak-
ing problem introduces exactly these difficulties: each episode spans thousands of time
steps, violations of the SoP limit result in sharp penalties, and exploratory noise perturbs
the agent’s actions throughout training. As a result, the episodic reward naturally exhibits
noticeable variability, including occasional negative spikes.

Despite this variability, the training behaviour is fully consistent with what is expected
from DDPG and related off-policy actor–critic methods, as documented in [9, 11, 60]. Two
key trends indicate successful learning: (i) the running-average reward increases over time,
and (ii) the frequency and severity of negative outliers gradually decrease as exploration
noise decays. These features reflect a stabilising policy, even though individual episodes
remain noisy. The following factors explain why meaningful convergence occurs despite
the irregular episodic returns.
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Figure 5.7: Episodic reward versus training episode. The curve shows the high variance
characteristic of off-policy actor–critic methods under exploration noise and long-horizon
constraint penalties.

1) Episodic reward is highly sensitive to isolated errors. Each episode covers a
complete drive cycle and aggregates thousands of reward contributions. A single violation
of the SoP limit or an unusually sharp exploratory action early in the episode can dominate
the total reward, generating a large negative spike. These spikes therefore reflect isolated
exploratory transitions rather than the quality of the underlying deterministic policy.

2) Off-policy learning decouples episodic return from policy quality. DDPG up-
dates both actor and critic using random mini-batches drawn from replay memory, not the
most recent episode, as is standard for off-policy actor–critic algorithms [9]. Consequently:

• critic values fluctuate as they incorporate transitions from different stages of training,

• episodic reward does not directly track policy improvements,

• the actor can become stable even while episodic returns remain noisy.

3) Physical constraints stabilise exploration. The Simulink drivetrain model en-
forces torque, current, and motor-speed limits, preventing the agent from taking unsafe
or unrealistic actions. These constraints provide a natural boundary for exploration, al-
lowing the agent to learn a robust brake-splitting strategy even when exploratory noise
temporarily drives it toward poor operating points.

Summary. The episodic reward curve exhibits the high variance typical of off-policy deep
RL with long-horizon penalties, but its upward trend and improved stability over time are
clear signs of convergence.
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5.5.2 Hyperparameter Choices and Justification

A careful selection of hyperparameters is required for the RL agent to learn efficiently and
stably in the Simulink environment. The main settings, together with their rationale, are
summarised below.

• Sample time (∆t): 0.01 s.
This sampling interval allows the agent to react to changes in brake demand and
power limits with sufficient temporal resolution, while keeping the overall simulation
cost manageable.

• Number of episodes: 5000.
Each episode corresponds to a full drive cycle. This duration was found sufficient for
the agent to explore the state space, learn the SoP-based constraint boundary, and
converge to a stable policy without excessive simulation time.

• Actor and critic learning rates (αactor, αcritic): both set to 3× 10−4.
These moderately low values are consistent with commonly recommended settings
for DDPG in continuous-control tasks, as reported in the literature and software
documentation [11, 58]. Higher learning rates led to unstable value-function estimates
and policy oscillations in preliminary runs, whereas significantly lower rates slowed
convergence without improving final performance.

• Replay buffer size: 2× 105 transitions.
This capacity allows experience from many episodes to be retained simultaneously,
providing a diverse distribution of states, actions, and SoP conditions for off-policy
updates. A smaller buffer reduced diversity and increased the risk of overfitting to
recent episodes, while substantially larger buffers increased memory usage without
noticeable gains in stability.

• Mini-batch size: 256.
Mini-batches of 256 transitions provide a good trade-off between gradient variance
and computational efficiency. Smaller batches (below 128) produced noticeably nois-
ier updates, whereas larger ones (512 and above) increased memory usage and com-
putation time with limited improvement in convergence behaviour.

• Discount factor (γ): 0.995.
This discount factor emphasises long-term returns over a horizon of approximately
1/(1 − γ) ≈ 200 time steps (about 2 s at ∆t = 0.01 s), which aligns with typical
braking event durations. The agent therefore considers not only instantaneous energy
recovery but also the cumulative impact of its decisions over the course of each
braking episode.

• Exploration noise (variance): initial variance 0.10 with gradual decay.
During training, zero-mean Gaussian noise with initial variance 0.10 is added to
the actor output to encourage exploration of different torque splits. The variance
is reduced over episodes, so that early training emphasises exploration, while later
training focuses on refining the policy around promising behaviours.
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• Target network update rate (τ): 0.001.
The target actor and critic parameters θ′ are updated by soft averaging

θ′ ← τθ + (1− τ)θ′,

after each training step, where θ are the current network parameters. The value
τ = 0.001 is a standard choice in the DDPG algorithm, as introduced in [11], and
was found to stabilise learning by preventing abrupt changes in the target Q-values
used for temporal-difference error computation.

5.5.3 Sufficiency and Rationale

The hyperparameter configuration described above follows established DDPG best prac-
tices, as reported in the literature and software documentation [11, 58], and has been
adapted to the specific constraints of Simulink-based vehicle simulation. The chosen sam-
ple time and episode length yield a sufficiently dense and extensive data set for learning, the
learning rates and target-network update rate provide stable convergence, and the explo-
ration schedule allows the agent to discover useful behaviours before gradually exploiting
them.

Computational setup. Training was executed on the following hardware configuration:

• CPU: Apple Silicon M3

• RAM: 18 GB

• STORAGE: 512 GB

• MATLAB version: R2024a

• Operating system: macOS

A single episode required approximately 5 seconds of wall-clock simulation time, resulting
in a total training duration of approximately 6.94 hours for 5000 episodes.

Overall, this configuration provides a stable and reproducible training procedure. The next
chapter describes the drive cycles and evaluation metrics used to assess the trained policy
and quantify its performance relative to the idealized rule-based strategy.

All MATLAB functions implementing the proposed drivetrain model and control strategy
are analytically documented and provided in full in the Appendix.
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This chapter presents the quantitative results of the study, comparing the reinforcement
learning controller with the idealised rule-based baseline across different drive cycles,

operating conditions, and battery states. At the end of the chapter, a summarising table
with the key numerical results is presented.

6.1 Evaluation Metrics

The evaluation focuses on how closely the RL controller reproduces the behaviour of the
idealised rule-based controller under the same SoP-based power limits. The rule-based
controller is constructed as a “perfect” baseline that always uses as much regenerative
power as the effective constraint allows. Each evaluation is carried out for three different
initial SoC values [100%, 95%, 75%] in order to probe different operating regimes of the
SoP constraint: at 100% SoC the effective Pmax is zero over at the beginning of the cycle,
at 95% SoC it varies with the SoP estimate, and at 75% SOC it is constant. The following
metrics are used:

• Regenerative power and proximity to the limit:
The regenerative power Pregen is the instantaneous electrical power returned to the
battery. The admissible limit is given by the SoP estimator and clipped by a constant
cap Pcap = 120 kW, so that

Pmax = min(SoP, Pcap).

The rule-based controller tracks Pmax by design. By plotting Pregen from the RL
controller together with Pmax and the rule-based Pregen, it is possible to see, for each
braking event, how much of the braking is handled regeneratively, how closely the
RL policy follows the ideal reference, and whether it ever exceeds the allowed limit.

• SoC trajectory :
The SoC curve over a drive cycle shows the cumulative effect of all traction and
braking events. If the RL and rule-based controllers produce similar SoC trajectories,
then the RL policy achieves a comparable overall energy balance. Differences in final
SoC directly indicate differences in net recovered energy.

• Average energy consumption (Wh/km):
The specific energy consumption summarises the total electrical energy used per
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kilometre over the entire cycle. This metric reflects the combined impact of regener-
ation, traction losses, and any suboptimal decisions. Since the rule-based controller
is a best-case benchmark under the given constraints, the key question is whether
the RL controller reaches the same Wh/km, or only slightly higher, when operating
under the same Pmax.

Additional signals are provided in appendix chapter B for detailed inspection of the driv-
etrain behaviour. These include torque bias and braking energies, driver inputs, instanta-
neous and average efficiency, motor torque and electrical/mechanical power, motor current
and voltage, resistive torques (rolling resistance, aerodynamic drag), wheel torques (motor-
ing, regenerative and friction braking), as well as total energy spent and distance travelled.
These plots are used to check that the conclusions from the core metrics are consistent
with the underlying physical quantities.

6.1.1 Drive Cycles Used for Evaluation

Two drive cycles are used to evaluate the RL controller: a standardised WLTP cycle and
an additional synthetic cycle. Each serves a distinct purpose.

WLTP (Worldwide Harmonised Light Vehicles Test Procedure). WLTP is the in-
dustry standard used by vehicle manufacturers to characterise energy consumption, range,
and emissions. It contains realistic urban, suburban, and high-speed segments but only a
limited number of strong braking events. Using WLTP ensures that the evaluation covers
representative real-world operating conditions and enables comparison against established
automotive benchmarks.

Synthetic random-rich cycle. Alongside WLTP, a custom MATLAB-generated drive
cycle is introduced. This cycle is deliberately non-realistic and highly irregular, containing
numerous accelerations, soft and hard brakings, emergency stops, and extended coasting
intervals. Its goal is not to emulate typical driving behaviour but to expose the controllers
to a broad range of braking intensities that WLTP seldom provides. This is essential for
stress-testing regenerative braking performance, particularly in situations where friction
braking dominates or where the SoP constraint varies rapidly.

Using both cycles provides complementary coverage: WLTP for realism and comparability,
and the synthetic cycle for diverse and demanding braking scenarios. Together, they enable
a more complete assessment of whether the RL controller generalises across the full range
of regenerative braking conditions.

6.1.2 Custom random-rich drive cycle

As mentioned previously, the aim is to create a long, non-repeating speed profile with
numerous accelerations, decelerations, full stops, and coasting periods, while always re-
specting the physical capabilities of the vehicle.

The cycle is built step by step. At each step the script draws a manoeuvre type at random
from a set that includes

• small, medium, and large accelerations,
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• soft, medium, and near-emergency brakings,

• short cruising holds at constant speed,

• full-stop events followed by a standstill period.

When the vehicle is close to standstill, the probability is biased towards acceleration; at
higher speeds it is biased towards braking so that more high-intensity brake events are
produced.

For each manoeuvre, a target speed v1 and a constant longitudinal acceleration a are
selected within predefined bounds,

v1 = clip
(
v0 +∆vk, 0, Vmax

)
, (6.1)

a ∈ [Amin, Amax] (accelerations), (6.2)

b ∈ [−Bmax,−Bmin] (brakings), (6.3)

where v0 is the current speed, Vmax is the imposed top speed (160 km/h), and clip(·) limits
the speed to the feasible range. The parameters [Amin, Amax] and [Bmin, Bmax] define soft-
to-hard acceleration and soft-to-emergency braking levels, respectively.

If a ̸= 0, the duration of the ramp is chosen such that the speed changes from v0 to v1
with constant acceleration,

Tramp =
|v1 − v0|
|a|

, (6.4)

and the speed is updated linearly over this interval,

v(t) = v0 + a t, 0 ≤ t ≤ Tramp. (6.5)

For hold segments (a = 0) the speed is simply kept constant for a random dwell time.
Special manoeuvres choose v1 = 0 with large negative a and then keep v(t) = 0 for a short
period, producing full stops and emergency-braking events.

By repeating this procedure until the desired total duration is reached, the script generates
a statistically rich time–speed trace that (i) spans the full operating range from standstill
to Vmax, (ii) contains many soft and hard braking events, including emergency stops, and
(iii) remains kinematically feasible since all speeds and accelerations are bounded by the
vehicle limits. An example of the drive cycle is shown in Figure 6.1.
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Figure 6.1: Speed profile of the custom drive cycle used for evaluation of the RL and rule-
based controllers.

6.2 Results from the WLTP drive cycle
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The WLTP drive cycle, described in Section 6.1.1, is evaluated in two configurations:

• Standard: Flat road, with the same speed–tracking “driver” dynamics that were
used during training.

• Slope, constant downhill: The same WLTP speed profile driven on a constant
−5% road gradient.

The standard case is used to assess how well the RL policy reproduces the behaviour of
the perfect rule-based controller under nominal conditions. The constant downhill case
introduces a sustained opportunity for regeneration and tests whether the RL controller
can still follow the ideal reference when the braking demand is dominated by gravitational
torque rather than discrete pedal inputs. Together, these two situations provide a clear
picture of RL performance in both typical mixed driving and a regeneration-intensive
scenario.
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6.2.1 Standard

For the standard WLTP case, the behaviour of the RL controller is compared to the ideal
rule-based baseline at three different initial SOC levels. Figure 6.2 shows SoC and regen-
erative power side by side for start SoC of 100%, 95%, and 75%.
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Figure 6.2: SoC (left) and regenerative power (right) for the standard WLTP drive cycle
at three different initial SoC levels, for the RL controller and the ideal rule-based baseline.
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At a start SoC of 100%, the effective power limit is zero for an initial part of the cycle.
In this region, Figure 6.2b shows that the RL controller still produces a small regenerative
power of roughly 8 kW, while the rule-based reference remains at zero. This indicates that
the RL policy has difficulty fully respecting a Pmax = 0 constraint, and the resulting extra
charging is visible as a slight deviation in SoC in Figure 6.2a.

For a start SoC of 95%, the effective power limit becomes time-varying rather than zero.
Figure 6.2d shows that the RL regenerative power closely follows the rule-based profile,
with only a very small overshoot of the limit around t ≈ 1000 s. The SoC trajectories in
Figure 6.2c are almost identical, which means that the RL controller regenerates essentially
the same total energy as the ideal baseline under these conditions.

For a start SoC of 75%, the effective power limit is essentially constant at the cap value
and does not become active for this drive cycle, because the WLTP braking events are
not intense enough to demand the full 120 kW. In this regime, all braking demand that
can physically be handled by the motor is expected to be covered by regenerative braking.
This is reflected in Figures 6.2e and 6.2f, where the SoC reduction and Pregen closely match
the rule-based reference.

6.2.2 Slope, constant downhill

To investigate the behaviour of the controllers in a scenario with sustained gravitational
loading, the WLTP velocity profile is repeated on a constant downhill slope of 5%. Fig-
ure 6.3 illustrates how the slope appears as an additional torque on the wheels throughout
the cycle.
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Figure 6.3: Resistive torques acting on the wheels for the WLTP Class 3 cycle on a constant
5% downhill slope. The gravitational component appears as an almost constant positive
torque in the motoring direction of approximately 4000 Nm.

In the same manner as for the standard case, Figure 6.4 compares the SoC trajectories and
regenerative power for the RL controller and the ideal rule-based baseline at three different
initial SoC levels.
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(d) Pregen, start SoC = 95%
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Figure 6.4: SoC (left) and regenerative power (right) for the WLTP Class 3 cycle on a
constant 5% downhill slope at three different initial SoC levels, for the RL controller and
the ideal rule-based baseline.
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At a start SoC of 100%, the downhill case shows the same behaviour as on flat road, but
more clearly. The effective power limit is zero in the first part of the cycle, yet Figure 6.4b
shows that the RL controller still applies about 8 kW of regenerative power instead of
staying at Pmax = 0. This extra charging causes the SoC to increase slightly above its
initial value of 100% resulting in overcharging the battery, as seen in Figure 6.4a.

For a start SoC of 95%, the power limit varies with time and is active more often than in
the flat case because of the constant slope. Figure 6.4c shows that the RL controller ends
with a slightly lower SoC than the rule-based baseline, even though Figure 6.4d reveals
several brief overshoots of the power cap. A reasonable interpretation is that the RL agent
sometimes chooses less efficient braking distributions in order to satisfy its reward trade-off,
so the extra energy gained during the overshoots is more than compensated by intervals
with reduced or poorly timed regeneration.

With a start SoC of 75%, the SoP limit is high and effectively never binds for this drive
cycle. In this situation, the constant downhill torque does not change the qualitative
control problem, and Figures 6.4e and 6.4f show that RL and the rule-based baseline
produce almost identical SoC and regenerative power trajectories. This indicates that,
when the constraint is inactive, the RL policy recovers essentially the same amount of
energy as the ideal baseline, even on a sustained downhill drive cycle.

6.3 Results from the Random Drive Cycle
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The random drive cycle, described in Section 6.1.2, is evaluated in two configurations
designed to assess the robustness of the RL controller under non-structured, highly variable
driving conditions:

• Standard: The baseline configuration, using the same driver dynamics as in training.
This case assesses how well the controllers generalise to a stochastic, non-repeatable
speed profile without altering the underlying driver behaviour.

• Different driver dynamics: A more aggressive driver profile is simulated by
increasing the proportional and integral gains of the driver block. This creates
sharper accelerations and braking inputs, testing the controllers’ resilience to higher-
frequency torque fluctuations and less predictable braking behaviour.
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6.3.1 Standard

Figure 6.5 reports the SoC evolution (left) and regenerative power Pregen (right) for three
different initial SoC levels, together with the SoP-based power cap Pcap and the ideal rule-
based baseline.
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(b) Pregen, start SoC = 100%.

0 500 1000 1500 2000
Time [s]

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

SO
C

 [-
]

Battery SOC

SOC RL
SOC RB

(c) SoC, start SoC = 95%.
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(d) Pregen, start SoC = 95%.
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0 500 1000 1500 2000
Time [s]

0

20

40

60

80

100

120

140

[k
W

]

Regeneration Power

Regen Limit
Regen Power RB
Regen Power RL

(f) Pregen, start SoC = 75%.

Figure 6.5: SoC (left) and regenerative power (right) for the random drive cycle at three
different initial SoC levels, for the RL controller and the ideal rule-based baseline.
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At an initial SoC of 100%, the RL controller again struggles when Pcap is close to zero:
distinct overshoots of the power limit are visible at the start of the drive in Figure 6.5b.
Once the SoC moves away from the near-full region, the agent largely respects the cap and
only introduces a few short intervals of missed regenerative opportunity, seen as purple
segments where the ideal controller applies more Pregen.

For an initial SoC of 95%, the qualitative behaviour is similar, but the initial overshoot
almost disappears and the tracking of Pcap in Figure 6.5d is visibly tighter. Remaining
differences relative to the ideal reference mainly correspond to locally reduced Pregen and
thus small, isolated losses in recoverable energy rather than systematic violations of the
constraint.

With an initial SoC of 75%, the controller clearly stays within the power cap throughout
the cycle in Figure 6.5f, but at the expense of more conservative behaviour. Several braking
events show that the RL agent selects less regenerative power than the ideal baseline even
when Pcap is not binding, which indicates additional lost opportunities but no aggressive
use of the battery.

Across all three initial SoC levels, the SoC trajectories of the RL controller and the ideal
rule-based strategy are nearly identical in Figures 6.5a–6.5e. This close agreement sug-
gests that, despite local overshoots and occasional conservatism, the RL controller achieves
mostly the same net energy recovery as the idealised reference on the random drive cycle.

6.3.2 Different Driver Dynamics

Figure 6.6 shows the SoC and regenerative power trajectories for the alternative, more
aggressive driver profile at the three initial SoC levels.

At an initial SoC of 100%, the RL controller still struggles when Pcap is close to zero:
pronounced overshoots of the power limit are visible in Figure 6.6b. In contrast to the
standard-driver case, this overshoot behaviour is no longer confined to the very beginning
of the cycle, but recurs more frequently as a consequence of the more aggressive braking
inputs.

For initial SoC values of 95% and 75%, the qualitative behaviour in Figures 6.6d and 6.6f
is similar to the 100% case, with comparable levels of overshoot across all three SoC starts.
The main effect of the alternative driver dynamics is therefore an overall amplification of
the overshoot pattern, rather than a fundamental change in how the RL controller responds
to the SoP-based power limit.

Figure 6.6 shows that, despite these more frequent and pronounced overshoots, the SoC
trajectories of the RL controller and the ideal rule-based baseline remain almost indistin-
guishable in Figures 6.6a–6.6e. This close agreement indicates that the net energy balance
over the drive cycle is essentially preserved, and that the RL controller maintains a com-
parable overall efficiency even under more aggressive driver behaviour.
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(b) Pregen, start SoC = 100%.
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(c) SoC, start SoC = 95%.

0 500 1000 1500 2000
Time [s]

0

50

100

150

[k
W

]

Regeneration Power

Regen Limit
Regen Power RB
Regen Power RL

(d) Pregen, start SoC = 95%.
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(e) SoC, start SoC = 75%.
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(f) Pregen, start SoC = 75%.

Figure 6.6: SoC (left) and regenerative power (right) for the random drive cycle with
different driver dynamics at three initial SoC levels, for the RL controller and the ideal
rule-based baseline.

6.4 Summary and conclusion

Table 6.1 summarises the net energy usage of the RL controller relative to the ideal RB
baseline across all evaluated drive cycles and initial SoCs. A positive value in the “Diff”
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column means that the RL controller consumed more energy per kilometre than the RB
strategy, while a negative value would imply that the RL controller achieved lower net
energy usage than the baseline.

Drive cycle SoC start [-] RL [Wh/km] RB [Wh/km] Diff [%]
WLTP3 flat 1.00 169.951 166.654 +1.98
WLTP3 flat 0.95 138.079 133.854 +3.15
WLTP3 flat 0.75 131.674 131.656 +0.01
WLTP3, slope 5% 1.00 -9.752 32.618 -129.89
WLTP3, slope 5% 0.95 -29.367 -83.175 +64.69
WLTP3, slope 5% 0.75 -159.121 -159.385 +0.16
Std. random 1.00 496.994 483.182 +2.86
Std. random 0.95 479.262 466.025 +2.84
Std. random 0.75 463.654 450.632 +2.90
Std. random, alt. drv 1.00 565.204 555.217 +1.80
Std. random, alt. drv 0.95 548.733 540.330 +1.56
Std. random, alt. drv 0.75 536.691 527.923 +1.66

Table 6.1: Net energy usage of RL and rule-based controllers for different drive cycles and
initial SoCs. The percentage difference is computed as (RL− RB)/RB · 100.

6.5 Energy Consumption Comparison

For the flat WLTP cycle, the RL controller consumes slightly more energy than the rule-
based controller at 100 % and 95 % SoC (approximately 2–3 %). At 75 % SoC, the RL
controller is only 0.01 % less efficient than the rule-based controller, demonstrating that it
is able to recover almost all of the regenerative energy available when the Pcap is not the
limiting factor.

On the WLTP cycle with a 5% downhill slope, the relative differences in energy consump-
tion are notable. At 100 % SoC, the RL controller demonstrates a large improvement in
efficiency, but the underlying simulations reveal that this is due to systematic violations of
the power cap, where the RL agent fails to respect Pcap = 0 and effectively overcharges the
battery. At 95 % SoC, the RL controller instead becomes significantly less efficient than
the rule-based baseline (about 65 % higher net energy usage), even though both controllers
have comparable access to regeneration; this indicates that the learned policy does not gen-
eralize well to this combination of high SoC and sustained downhill braking. At 75 % SoC,
the RL controller is only 0.16 % less efficient than the rule-based baseline, indicating that
it can regenerate nearly all available energy when Pcap is not the active constraint—even
in downhill scenarios

For the standard random drive cycle, the RL controller consistently consumes about
2.8–2.9% more energy than the RB strategy across all initial SoC levels. In the random
cycle with alternative driver dynamics, the RL controller still tracks the power cap reason-
ably well but shows more frequent and pronounced overshoots of Pcap, which is reflected
in a smaller yet systematic increase in energy usage of around 1.5–1.8% compared to the
RB baseline. When both controllers respect the SoP constraint, the RL policy therefore
tends to incur a small additional energy cost in the tested scenarios.
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Finally, it should be noted that the RB controller here is an ideal "perfect" reference
without explicit safety margins on the power cap. In a realistic production implementa-
tion, Pcap would typically be scaled by a Factor of Safety to account for SoP uncertainty,
ageing, and thermal effects, thereby reducing the available regenerative power for the rule-
based strategy. Under such conservative derating, the RB controller would move further
away from the SoP-limited optimum, whereas a well-trained RL policy operating closer
to the true Pcap could realise a meaningful efficiency advantage while still respecting the
underlying physical limits.
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This chapter summarizes the key points of the report and provides some final concluding
thoughts.

This thesis has explored the application of reinforcement learning (RL) for regenerative
braking control in battery-electric vehicles (BEVs), specifically focusing on the torque-split
between regenerative and friction braking systems. The proposed RL controller, based on
the Deep Deterministic Policy Gradient (DDPG) algorithm, was designed to operate within
realistic physical and safety constraints, including dynamic State-of-Power (SoP) limita-
tions estimated via a simplified HPPC-inspired model. By comparing the RL policy to an
idealized rule-based benchmark under identical SoP constraints, the study demonstrates
that an RL-based approach can closely approximate optimal energy recovery across a vari-
ety of drive cycles and battery states, despite a limited and carefully constrained training
dataset.

The results show that energy recovery performance is particularly robust at lower SoC
levels, where the controller closely matches the rule-based baseline while respecting the SoP
limits. However, at high SoC, under sustained downhill operation and under aggressive
driver dynamics, some limitations in generalization become apparent, including occasional
violations of the SoP cap and slightly more conservative behavior. These findings highlight
the importance of broad training coverage and robust constraint handling for real-world
deployment.

The work advances the state of the art by integrating a dynamic SoP estimator into the
RL framework, enabling the agent to adapt to real battery behavior. Furthermore, the
study addresses three critical research gaps: out-of-distribution testing, explicit safety
constraint handling, and the integration of varying SoP limits. These contributions make
the proposed approach more rigorous and practical, bridging the gap between theoretical
RL applications and industrial implementation requirements.

In summary, this thesis demonstrates that RL-based regenerative braking control is a
promising foundation for future adaptive energy-management strategies in electric vehicles.
With continued development, such controllers have the potential to significantly improve
energy efficiency and user acceptance of battery-electric mobility.
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This chapter interprets the obtained results, compares them to existing work, and
discusses what they imply for the practical use of RL-based regenerative braking.

8.1 Overall interpretation

The results show that the DDPG-based regenerative braking controller can closely repro-
duce the behaviour of an idealised rule-based torque-split strategy under shared physical
constraints, particularly at medium and low State of Charge (SoC) levels where the State-
of-Power (SoP) limit is not strongly binding. Across WLTP and random drive cycles,
the RL policy generally recovers nearly the same amount of energy as the ideal baseline,
with net energy differences mostly within a few percent except in deliberately challenging
high-SoC downhill scenarios.

8.2 Comparison with existing literature

In contrast to many published studies, this thesis does not benchmark the RL controller
against a conservative, production-style rule-based strategy. Instead, the reference con-
troller is constructed as an idealised, SoP-aware rule-based benchmark that always applies
the maximum physically admissible regenerative torque under the same constraints as the
RL agent. A review of the literature showed that “rule-based” controllers are defined very
differently across papers, often with undocumented calibration choices, which makes di-
rect efficiency comparisons unreliable and can exaggerate the apparent advantage of RL.
By elevating the rule-based baseline to a near-perfect reference rather than an arbitrary
industrial tuning, the evaluation in this thesis focuses on how close the learned policy can
come to physically optimal torque splitting, instead of how much it can improve over a
potentially weak or overly conservative rule set.

8.2.1 Generalisation and robustness

Previous RL-based regenerative braking studies typically train and test on a small set of
similar drive cycles, and often do not report performance under strongly different operating
patterns or driver behaviours. This thesis deliberately evaluates the RL controller on cycles
that differ significantly from the training data, including randomised velocity profiles and
more aggressive driver dynamics, revealing that the policy remains broadly stable and
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energy-efficient but exhibits recurring constraint violations when SoP is small and braking
inputs are sharp. These findings support the view that generalisation to out-of-distribution
scenarios and explicit safety handling remain open challenges for practical deployment.

8.3 Interpretation of the benchmark design

A central design choice in this thesis is that the RL agent is evaluated against a deliberately
idealised rule-based benchmark rather than against a realistic production controller. The
benchmark is constructed under the assumption of perfect knowledge of the instantaneous
SoP, braking demand, and drivetrain limits, and it deterministically applies the maximum
admissible regenerative torque at every time step, with friction braking only supplying the
residual torque needed to satisfy safety and drivability constraints. In practice, production
controllers cannot rely on such perfect information, and must instead incorporate margins
for estimation error, sensor noise, actuator delays, and certification requirements, which
inevitably makes them more conservative.

This difference in assumptions explains why the rule-based controller designed in this
work is unrealistically strong when compared to typical industrial strategies and to the
“rule-based” baselines found in the literature. Many published studies define their rule-
based controllers with simplified or ad-hoc thresholds for SoC, temperature, and braking
intensity, often without formal justification or calibration to physical optima, which can
significantly under-utilise the available regenerative capability. By contrast, the benchmark
in this thesis effectively represents an upper bound on what a perfectly informed rule-
based strategy could achieve within the same SoP and torque envelopes, so matching its
performance is already a non-trivial target for any learning-based policy.

The RL controller, on the other hand, does not see the underlying analytical structure
of the benchmark policy and does not have explicit access to an optimisation routine; it
must discover a feasible torque-split strategy purely through interaction with the envi-
ronment and a scalar reward signal. The fact that the learned policy can approach the
behaviour of this idealised controller in many operating regimes, while respecting the same
hard constraints, indicates that RL can internalise complex constraint interactions that
would otherwise have to be hand-crafted in a rule-based design. At the same time, the
remaining performance gap and the observed SoP violations in difficult scenarios highlight
that, without additional safety mechanisms and richer training data, RL alone cannot yet
guarantee the conservative robustness that is mandatory for deployment in real braking
systems.

8.4 Implications for real vehicles and safety

From a safety perspective, the results reinforce the automotive practice of treating regener-
ative braking as an enhancement to, rather than a replacement for, friction braking, since
the friction system can always take over when SoP-limited regeneration or RL decisions
are insufficient. The observed SoP-cap overshoots at high SoC highlight that RL reward
shaping alone is not sufficient as a safety mechanism; hard projections of actions into a
certified safe set or supervisory safety layers would be required before deployment in a
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safety-critical brake-by-wire system. At the same time, the close match to the ideal base-
line at moderate SoC suggests that RL could be valuable as an adaptive layer that tracks a
conservative reference and opportunistically improves regeneration when conditions allow,
rather than as an unconstrained replacement controller.

8.5 Relation to research gaps and future directions

The literature review identified three main gaps: limited out-of-distribution testing, lack
of explicit safety constraint handling, and simplified SoP integration. This thesis partially
addresses these gaps by (i) testing the RL controller on multiple, deliberately different
drive cycles, (ii) embedding safety-related structure in the environment through enforced
friction braking at high braking intensities, a speed-dependent fade-out of regeneration, and
a constant minimum friction share, and (iii) using a SoP signal derived from established
HPPC-style models, but the results also show that these measures are not yet sufficient to
guarantee safe performance in all scenarios. Building on this, the future work chapter can
focus on richer training datasets, more robust RL algorithms such as TD3 or SAC, higher-
fidelity SoP and thermal models, and explicit safety filters or shielded RL formulations
that enforce constraints by design rather than only through rewards
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This thesis has demonstrated that a reinforcement learning (RL) controller can closely
approximate a strong rule-based regenerative braking benchmark under realistic

constraints. Several opportunities remain to extend the approach toward greater realism,
robustness, and practical deployment.

Broader Training Scenarios

The RL agent was trained on a highly limited dataset consisting of a single short drive
cycle. Future work should expand training to include a wider range of operating condi-
tions, such as low-SOC operation, extended downhill braking, and varying ambient con-
ditions. Broader coverage would improve robustness and reduce sensitivity to scenario-
specific behaviour, as discussed in recent studies on SOC- and condition-dependent battery
behaviour [61].

Alternative RL Algorithms

This work employed DDPG as a baseline continuous-control algorithm. More advanced
actor–critic methods such as TD3, SAC, or PPO could improve training stability, reduce
value overestimation, and enhance exploration efficiency, as demonstrated for continuous-
control problems in the literature [12]. A systematic comparison of these algorithms under
identical constraints would provide clearer insight into their suitability for regenerative
braking control, following recent comparative studies [13].

Improved State-of-Power Modelling

The simplified PNGV-based SoP estimator provided a simple and computationally efficient
constraint signal. Future work should integrate more realistic SoP estimation approaches
that account for dynamic battery behaviour and temperature effects, enabling the RL agent
to operate within a more accurate representation of battery limits, as explored in recent
battery modelling studies [62].
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Higher-Fidelity Drivetrain Modelling

The drivetrain model used static efficiency maps and simplified dynamics. Incorporating
inverter saturation, electromagnetic transients, drivetrain compliance, and nonlinear tyre
effects would allow future controllers to optimise not only energy recovery but also braking
smoothness, comfort, and transient behaviour, consistent with higher-fidelity drivetrain
modelling approaches reported in the literature [20].

Extended Control Formulations

The present controller outputs a single scalar representing the regenerative torque share.
Future formulations could extend the action space to independently command regenera-
tive and friction braking torques, or to distribute braking forces across axles. Such exten-
sions would enable investigation of coordinated braking, axle-wise force distribution, and
stability-oriented control strategies consistent with regulatory and control-design frame-
works [63, 24].

Thermal, Ageing, and Long-Term Effects

Battery temperature and ageing significantly influence available charging power and in-
ternal resistance. Integrating thermal dynamics and ageing-aware constraints would allow
the RL controller to balance short-term energy recovery against long-term battery health,
as highlighted in battery degradation and thermal management studies [21].

Robustness and Sim-to-Real Transfer

Bridging the gap between simulation and real-world deployment remains a key chal-
lenge. Techniques such as domain randomisation and uncertainty-aware training have been
shown to improve robustness to modelling errors, road conditions, and driver variability in
learning-based control systems [64].

Embedded Deployment and HiL Validation

Finally, real-time feasibility and validation on hardware-in-the-loop (HiL) platforms repre-
sent essential steps toward industrial adoption. Future work should address computational
constraints through model compression and verify controller behaviour using real motors,
inverters, and braking hardware, in line with prior embedded deployment and validation
studies [65, 15].
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A | EV drivetrain

This appendix chapter further elaborates on the modelled EV drivetrain

A.1 Plots from original WLTP test
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Figure A.1: Total energy consumption in original WLTP test
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EMSD4 A EV drivetrain
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Figure A.2: The resistive torques in original WLTP test
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Figure A.3: Motor parameters in original WLTP test
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Figure A.4: Battery parameters in original WLTP test
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Figure A.5: Wheel torque in original WLTP test
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Figure A.6: Wheel torque in original WLTP test
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B | Elaborated results

Further graphs, plots, and explanations, from the "Results" chapter are presented in this
chapter

B.1 WLPT Standard

B.1.1 SOC start at 100%
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Figure B.1: SoC start = 100%
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Figure B.2: SoC start = 100%
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Figure B.3: SoC start = 100%
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Figure B.4: SoC start = 100%
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Figure B.5: SoC start = 100%

88



EMSD4 B Elaborated results

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

-4000

-3000

-2000

-1000

0

[k
J]

Braking Energies

Regen energy RL
Regen energy RB
Friction energy RL
Friction energy RB

Figure B.6: SoC start = 100%
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Figure B.7: SoC start = 100%
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Figure B.8: SoC start = 100%
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Figure B.9: SoC start = 100%
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Figure B.10: SoC start = 100%
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Figure B.11: SoC start = 100%
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Figure B.12: SoC start = 100%
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Figure B.13: SoC start = 100%
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Figure B.14: SoC start = 100%
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Figure B.15: SoC start = 100%

B.1.2 SOC start at 95%
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Figure B.16: SoC start = 95%
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Figure B.17: SoC start = 95%
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Figure B.18: SoC start = 95%
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Figure B.19: SoC start = 95%
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Figure B.20: SoC start = 95%
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Figure B.21: SoC start = 95%
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Figure B.22: SoC start = 95%
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Figure B.23: SoC start = 95%
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Figure B.24: SoC start = 95%
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Figure B.25: SoC start = 95%
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Figure B.26: SoC start = 95%
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Figure B.27: SoC start = 95%
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Figure B.28: SoC start = 95%
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Figure B.29: SoC start = 95%
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Figure B.30: SoC start = 95%

B.1.3 SOC start at 75%
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Figure B.31: SoC start = 75%
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Figure B.32: SoC start = 75%
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Figure B.33: SoC start = 75%
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Figure B.34: SoC start = 75%
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Figure B.35: SoC start = 75%
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Figure B.36: SoC start = 75%
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Figure B.37: SoC start = 75%
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Figure B.38: SoC start = 75%
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Figure B.39: SoC start = 75%
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Figure B.40: SoC start = 75%
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Figure B.41: SoC start = 75%
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Figure B.42: SoC start = 75%
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Figure B.43: SoC start = 75%
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Figure B.44: SoC start = 75%
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Figure B.45: SoC start = 75%

B.2 WLTP slope
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Figure B.46: SoC start = 100%
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Figure B.47: SoC start = 100%
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Figure B.48: SoC start = 100%
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Figure B.49: SoC start = 100%
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Figure B.50: SoC start = 100%
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Figure B.51: SoC start = 100%

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

0

0.1

0.2

0.3

C
om

m
an

d 
[-

]

Driver inputs

Acc RL
Acc RB
Brk RL
Brk RB

Figure B.52: SoC start = 100%
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Figure B.53: SoC start = 100%
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Figure B.54: SoC start = 100%
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Figure B.55: SoC start = 100%
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Figure B.56: SoC start = 100%
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Figure B.57: SoC start = 100%
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Figure B.58: SoC start = 100%
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Figure B.59: SoC start = 100%
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Figure B.60: SoC start = 100%

B.2.2 SOC start at 95%
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Figure B.61: SoC start = 95%
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Figure B.62: SoC start = 95%
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Figure B.63: SoC start = 95%
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Figure B.64: SoC start = 95%
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Figure B.65: SoC start = 95%
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Figure B.66: SoC start = 95%
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Figure B.67: SoC start = 95%
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Figure B.68: SoC start = 95%
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Figure B.69: SoC start = 95%

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

-1500

-1000

-500

0

500

1000

[k
W

], 
[N

m
]

Motor performance

Pmech RL

Pmech RB

Pbatt RL

Pbatt RB

Tmotor  RL

Tmotor  RB

Figure B.70: SoC start = 95%
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Figure B.71: SoC start = 95%
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Figure B.72: SoC start = 95%
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Figure B.73: SoC start = 95%
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Figure B.74: SoC start = 95%
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Figure B.75: SoC start = 95%

B.2.3 SOC start at 75%
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Figure B.76: SoC start = 75%
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Figure B.77: SoC start = 75%
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Figure B.78: SoC start = 75%
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Figure B.79: SoC start = 75%
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Figure B.80: SoC start = 75%
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Figure B.81: SoC start = 75%
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Figure B.82: SoC start = 75%
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Figure B.83: SoC start = 75%
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Figure B.84: SoC start = 75%
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Figure B.85: SoC start = 75%
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Figure B.86: SoC start = 75%
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Figure B.87: SoC start = 75%
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Figure B.88: SoC start = 75%
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Figure B.89: SoC start = 75%
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Figure B.90: SoC start = 75%

B.3 Random drivecycle standard

B.3.1 SOC start at 100%
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Figure B.91: SoC start = 100%
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Figure B.92: SoC start = 100%

117



EMSD4 B Elaborated results

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

0

20

40

60

80

100

120

[k
W

]

Battery SOP

Battery SOP RL
Battery SOP RB

Figure B.93: SoC start = 100%
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Figure B.94: SoC start = 100%
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Figure B.95: SoC start = 100%
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Figure B.96: SoC start = 100%

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

0

0.2

0.4

0.6

0.8

1

C
om

m
an

d 
[-

]

Driver inputs

Acc RL
Acc RB
Brk RL
Brk RB

Figure B.97: SoC start = 100%
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Figure B.98: SoC start = 100%
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Figure B.99: SoC start = 100%
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Figure B.100: SoC start = 100%
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Figure B.101: SoC start = 100%
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Figure B.102: SoC start = 100%
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Figure B.103: SoC start = 100%
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Figure B.104: SoC start = 100%
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Figure B.105: SoC start = 100%

B.3.2 SOC start at 95%
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Figure B.106: SoC start = 95%
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Figure B.107: SoC start = 95%
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Figure B.108: SoC start = 95%
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Figure B.109: SoC start = 95%
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Figure B.110: SoC start = 95%
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Figure B.111: SoC start = 95%
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Figure B.112: SoC start = 95%
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Figure B.113: SoC start = 95%
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Figure B.114: SoC start = 95%
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Figure B.115: SoC start = 95%
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Figure B.116: SoC start = 95%

125



EMSD4 B Elaborated results

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

-400

-200

0

200

400

600

[A
], 

[V
], 

[k
W

]

Motor electrical quantities

Current RL
Current RB
Voltage RL
Voltage RB
Power RL
Power RB

Figure B.117: SoC start = 95%
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Figure B.118: SoC start = 95%
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Figure B.119: SoC start = 95%
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Figure B.120: SoC start = 95%

B.3.3 SOC start at 75%
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Figure B.121: SoC start = 75%
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Figure B.122: SoC start = 75%
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Figure B.123: SoC start = 75%
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Figure B.124: SoC start = 75%
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Figure B.125: SoC start = 75%
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Figure B.126: SoC start = 75%
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Figure B.127: SoC start = 75%
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Figure B.128: SoC start = 75%
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Figure B.129: SoC start = 75%
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Figure B.130: SoC start = 75%
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Figure B.131: SoC start = 75%
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Figure B.132: SoC start = 75%
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Figure B.133: SoC start = 75%
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Figure B.134: SoC start = 75%
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Figure B.135: SoC start = 75%

B.4 Random drivecycle different driver dynamics

B.4.1 SOC start at 100%
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Figure B.136: SoC start = 100%
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Figure B.137: SoC start = 100%
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Figure B.138: SoC start = 100%
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Figure B.139: SoC start = 100%

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

0

20

40

60

80

100

B
ia

s [
%

]

Brake bias

Bias RL (% regen)
Bias RB (% regen)

Figure B.140: SoC start = 100%
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Figure B.141: SoC start = 100%
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Figure B.142: SoC start = 100%
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Figure B.143: SoC start = 100%
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Figure B.144: SoC start = 100%
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Figure B.145: SoC start = 100%
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Figure B.146: SoC start = 100%
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Figure B.147: SoC start = 100%
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Figure B.148: SoC start = 100%
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Figure B.149: SoC start = 100%
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Figure B.150: SoC start = 100%

B.4.2 SOC start at 95%
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Figure B.151: SoC start = 95%
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Figure B.152: SoC start = 95%
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Figure B.153: SoC start = 95%
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Figure B.154: SoC start = 95%
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Figure B.155: SoC start = 95%
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Figure B.156: SoC start = 95%

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

0

0.2

0.4

0.6

0.8

1

C
om

m
an

d 
[-

]

Driver inputs

Acc RL
Acc RB
Brk RL
Brk RB

Figure B.157: SoC start = 95%
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Figure B.158: SoC start = 95%
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Figure B.159: SoC start = 95%
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Figure B.160: SoC start = 95%
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Figure B.161: SoC start = 95%
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Figure B.162: SoC start = 95%

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

-4000

-3000

-2000

-1000

0

To
rq

ue
 [N

·m
]

Resistive torques (after gearing)

Total
Drag
Slope
Rolling

Figure B.163: SoC start = 95%
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Figure B.164: SoC start = 95%
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Figure B.165: SoC start = 95%
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Figure B.166: SoC start = 75%
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Figure B.167: SoC start = 75%
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Figure B.168: SoC start = 75%
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Figure B.169: SoC start = 75%
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Figure B.170: SoC start = 75%
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Figure B.171: SoC start = 75%
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Figure B.172: SoC start = 75%
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Figure B.173: SoC start = 75%
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Figure B.174: SoC start = 75%
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Figure B.175: SoC start = 75%
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Figure B.176: SoC start = 75%
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Figure B.177: SoC start = 75%
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Figure B.178: SoC start = 75%
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Figure B.179: SoC start = 75%
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Figure B.180: SoC start = 75%
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C.1 Reinforcement Learning Reward and Observation Func-
tion

This section presents the MATLAB implementation used to generate the observation vector
and reward signal for the reinforcement learning agent. The function is executed at each
simulation time step and enforces physical constraints related to battery power capability,
braking smoothness, and numerical stability.

1 function [obs , r, isdone , r_energy , r_smooth , x] = makeObsReward( ...
2 Brake_cmd , Pee , n_rpm , T_req , SOC , Pcap , a_act , a_prev)
3 %codegen
4

5 epsP = 1e-6;
6 n_base = 4000.0;
7 T_rated = 300.0;
8 Pcap_max = Pcap;
9 w_smooth = 0.01;

10

11 Brake_cmd = min(max(Brake_cmd , 0.0), 1.0);
12 a_prev = min(max(a_prev , 0.0), 1.0);
13 a_act = min(max(a_act , 0.0), 1.0);
14 SOC = min(max(SOC , 0.0), 1.0);
15 Pcap = max(Pcap , 1e-3);
16 n_rpm = max(n_rpm , 0.0);
17 T_req = max(T_req , 0.0);
18 Pee = max(Pee , 0.0);
19

20 obs = zeros(6, 1, ’double ’);
21 obs(1,1) = Brake_cmd;
22 obs(2,1) = min(Pee / max(Pcap_max , epsP), 1.0);
23 obs(3,1) = min(n_rpm / n_base , 1.0);
24 obs(4,1) = min(T_req / max(T_rated , epsP), 1.0);
25 obs(5,1) = SOC;
26 obs(6,1) = min(Pcap / max(Pcap_max , epsP), 1.0);
27

28 x = Pee / (Pcap + epsP);
29

30 if x <= 0.8
31 r_energy = x;
32 elseif x <= 1.0
33 margin = (x - 0.8) / 0.2;
34 r_energy = 0.8 + (margin * 0.15);
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35 else
36 overage = (x - 1.0);
37 r_energy = 0 - (2.0 * overage);
38 end
39

40 da = a_act - a_prev;
41 r_smooth = -0.05 * abs(da);
42

43 r = r_energy + r_smooth;
44

45 r = max(min(r, 1.0), -2.0);
46 if ~isfinite(r)
47 r = -2.0;
48 end
49

50 isdone = false;
51

52 end

C.2 Torque Split Function for Regenerative and Friction Brak-
ing

This section provides the MATLAB implementation used to split the total braking torque
demand into regenerative machine torque and friction brake torque. The allocation is
shaped by braking intensity and motor speed, and the regenerative torque is saturated
according to both a power-based limit and an absolute machine torque limit.

1 function [Tr, Tf] = fcn(T_break , a, Brk_cmd , w)
2 % Torque split function for regenerative and friction braking.
3 %
4 % This function computes the regenerative braking torque (Tr) commanded to
5 % the electric machine and the corresponding friction braking torque (Tf)
6 % such that the total demanded braking torque is satisfied while respecting
7 % speed -dependent and actuator -related constraints.
8 %
9 % Inputs:

10 % T_break : Total requested braking torque [Nm]
11 % a : Agent action (normalized regenerative torque share) [-]
12 % Brk_cmd : Normalized braking command from driver/controller [-]
13 % w : Motor angular speed [rad/s]
14 %
15 % Outputs:
16 % Tr : Regenerative braking torque command [Nm]
17 % Tf : Friction braking torque command [Nm]
18

19 rpm_off = 100;
20 rpm_full = 600;
21 w_off = rpm_off * 2*pi/60;
22 w_full = rpm_full * 2*pi/60;
23

24 if Brk_cmd <= 0.5
25 share = 1.0;
26 elseif Brk_cmd <= 0.8
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27 share = (0.8 - Brk_cmd) / 0.3;
28 else
29 share = 0.0;
30 end
31

32 if w <= w_off
33 fade = 0.0;
34 elseif w >= w_full
35 fade = 1.0;
36 else
37 fade = (w - w_off) / (w_full - w_off);
38 end
39

40 Tr_des = T_break * a * share * fade;
41

42 Pmax = 150e3;
43 w_safe = max(abs(w), 1);
44 T_pmax = Pmax / w_safe;
45

46 T_tmax = 310;
47

48 T_cap = min(T_pmax , T_tmax);
49

50 Tr = max(min(Tr_des , T_cap), -T_cap);
51

52 Tf = T_break - Tr;
53

54 end

C.3 Rule-Based Torque Split for Regenerative Braking

This section presents the rule-based torque allocation strategy used as a baseline regenera-
tive braking controller. The total braking torque demand is deterministically split between
regenerative braking torque and friction braking torque based on braking command inten-
sity, motor speed, and fixed actuator constraints. No learning or adaptation is involved in
this controller.

1 function [Tr, Tf] = fcn(T_break , a, Brk_cmd , w)
2

3 rpm_off = 100; % regenerative braking disabled below
this speed

4 rpm_full = 600; % full regenerative capability above
this speed

5 w_off = rpm_off * 2*pi/60; % [rad/s]
6 w_full = rpm_full * 2*pi/60; % [rad/s]
7

8 % Base regenerative share determined by braking command intensity
9 if Brk_cmd <= 0.5 % light braking: prioritize

regenerative braking
10 share = 1.0;
11 elseif Brk_cmd <= 0.8 % medium braking: linear blending

region
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12 share = (0.8 - Brk_cmd) / 0.3; % linear reduction from regen to
friction

13 else % hard braking: friction braking only
14 share = 0.0;
15 end
16

17 % Speed -dependent fade -in of regenerative braking
18 % Ensures zero regenerative torque near standstill
19 if w <= w_off
20 fade = 0.0;
21 elseif w >= w_full
22 fade = 1.0;
23 else
24 fade = (w - w_off) / (w_full - w_off);
25 end
26

27 % Desired regenerative torque prior to physical constraints
28 Tr_des = T_break * a * share * fade;
29

30 % Power -based torque limitation derived from P = T * w
31 Pmax = 150e3; % maximum allowable regenerative power [W]
32 w_safe = max(abs(w), 1); % numerical safeguard at low speed
33 T_pmax = Pmax / w_safe; % torque limit imposed by power constraint [Nm]
34

35 % Absolute motor torque limitation
36 T_tmax = 310; % maximum motor torque magnitude [Nm]
37

38 % Combined regenerative torque cap
39 T_cap = min(T_pmax , T_tmax);
40

41 % Saturation of regenerative torque command
42 Tr = max(min(Tr_des , T_cap), -T_cap);
43

44 % Remaining braking torque supplied by friction brakes
45 Tf = T_break - Tr;
46

47 end

C.4 Drive Torque Command and Torque–Speed Envelope

This section presents the function used to translate the normalized accelerator command
into a motor drive torque request. The commanded torque is limited by a speed-dependent
torque–speed envelope that accounts for both the maximum torque capability of the electric
machine and the maximum allowable power at higher rotational speeds. A smooth taper
is applied near the no-load speed to avoid discontinuities in the torque command.

1 function [T_drive_cmd , Tmax] = drive_torque_cmd(acc_cmd , w_mot)
2 % Drive torque request and torque -speed envelope
3 %
4 % Inputs:
5 % acc_cmd : Normalized accelerator command [-]
6 % w_mot : Motor mechanical speed [rad/s]
7 %

151



EMSD4 C MATLAB code

8 % Outputs:
9 % T_drive_cmd : Requested motoring torque [Nm]

10 % Tmax : Maximum available torque at current speed [Nm]
11

12 acc = min(max(acc_cmd , 0), 1);
13

14 Tmax = torque_envelope_local(w_mot);
15

16 T_drive_cmd = acc * Tmax;
17

18 end
19

20

21 function Tmax = torque_envelope_local(w_mot)
22 % Torque -speed envelope with power limitation and smooth high -speed taper
23

24 peakT = 310; % Maximum torque in flat region [Nm]
25 peakP = 150e3; % Maximum electrical power [W]
26 w_no = 14000* pi/30; % No -load speed [rad/s]
27 w_taper = w_no * 0.95; % Start of torque taper region [rad/s]
28

29 w = max(abs(w_mot), 1e-3);
30

31 T_pow = peakP / w;
32

33 Tmax_unclamped = min(peakT , T_pow);
34

35 if w < w_taper
36 taper = 1.0;
37 elseif w < w_no
38 taper = 0.5 * (1 + cos(pi * (w - w_taper) / (w_no - w_taper)));
39 else
40 taper = 0.0;
41 end
42

43 Tmax = Tmax_unclamped * taper;
44

45 Tmax = max(0, Tmax);
46

47 end

C.5 Brake Command to Torque Mapping

This section presents the function used to convert the normalized brake command into
a mechanical braking torque request. The mapping is deterministic and applies a fixed
pedal-to-torque scaling, ensuring a bounded and physically interpretable braking demand
that can be combined with regenerative braking logic and friction brake actuation.

1 function Tbr_cmd = acc_to_torque(B, Gear_ratio)
2 % Brake command to torque conversion
3 %
4 % Inputs:
5 % B : Normalized brake command [-]
6 % Gear_ratio : Drivetrain gear ratio
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7 %
8 % Output:
9 % Tbr_cmd : Requested braking torque [Nm]

10

11 T_max = 4200 / 10.5; % Pedal -to-torque scaling constant [Nm]
12

13 Tbr_cmd = max(0, min(1, B)) * T_max;
14

15 end

C.6 Road-Load Torque Model at the Wheel

This section presents the road-load model used to compute the total resisting torque acting
at the wheel shaft. The formulation captures the main longitudinal resistive effects acting
on the vehicle, including rolling resistance, road grade, aerodynamic drag, and viscous
losses. All contributions are expressed as torques opposing the direction of motion and are
smoothly defined near zero speed to ensure numerical robustness.

1 function [T_rr , T_g , T_d , T_v , T_road] = road_load( ...
2 omega , grade_pct , Vehicle_mass , Vehicle_Wheel_Radius , ...
3 Cd, A, bvis , Crr , rho)
4

5 % Road -load torque at the wheel shaft
6 %
7 % Inputs:
8 % omega : Wheel angular speed [rad/s]
9 % grade_pct : Road grade [%]

10 % Vehicle_mass : Vehicle mass [kg]
11 % Vehicle_Wheel_Radius : Effective wheel radius [m]
12 % Cd : Aerodynamic drag coefficient [-]
13 % A : Frontal area [m^2]
14 % bvis : Viscous friction coefficient
15 % Crr : Rolling resistance coefficient [-]
16 % rho : Air density [kg/m^3]
17 %
18 % Outputs:
19 % T_rr : Rolling resistance torque [Nm]
20 % T_g : Grade -induced torque [Nm]
21 % T_d : Aerodynamic drag torque [Nm]
22 % T_v : Viscous loss torque [Nm]
23 % T_road : Total resisting torque at wheel [Nm]
24

25 vel = omega .* Vehicle_Wheel_Radius;
26

27 m = Vehicle_mass;
28 r = Vehicle_Wheel_Radius;
29 g = 9.81;
30 b_lin = bvis / r;
31 omega0 = 0.5;
32

33 grade = atan(grade_pct / 100.0);
34

35 Ka = 0.5 * rho * Cd * A * r;
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36 Krr = Crr * m * g * r * cos(grade);
37 Kg = m * g * r * sin(grade);
38

39 sgn = tanh(omega / omega0);
40

41 T_rr = -Krr * sgn;
42 T_g = -Kg * sgn;
43 T_d = -Ka * vel .* abs(vel);
44 T_v = -b_lin * vel;
45

46 T_road = T_rr + T_g + T_d + T_v;
47

48 end

C.7 Electric Motor Efficiency Model

This section documents the motor efficiency model used to approximate the efficiency of the
electric machine as a function of shaft torque and angular speed. The model is based on a
polynomial loss formulation expressed in per-unit quantities and calibrated to represent the
efficiency behavior of the reference electric drivetrain. The resulting efficiency is bounded
between zero and unity and is suitable for system-level energy flow calculations.

1 function eta = SkodaMotorEfficiency(Torque , omega)
2 % Motor efficiency model
3 %
4 % Inputs:
5 % Torque : Motor shaft torque [Nm]
6 % omega : Motor angular speed [rad/s]
7 %
8 % Output:
9 % eta : Motor efficiency [-]

10

11 T_b = 310; % Peak motor torque [Nm]
12 w_b = 2*pi *14000/60; % Base motor speed [rad/s]
13 P_loss_base = 9000; % Base loss scaling factor [W]
14 Pmax = 150000; % Maximum mechanical power [W]
15

16 Tpu = Torque / T_b;
17 wpu = omega / w_b;
18

19 Ploss_pu = ...
20 -0.002 ...
21 + 0.175* wpu ...
22 - 0.065* Tpu ...
23 + 0.181* wpu.^2 ...
24 + 0.577* Tpu.*wpu ...
25 + 0.697* Tpu.^2 ...
26 + 0.443* wpu.^3 ...
27 - 0.542* Tpu .^2.* wpu ...
28 - 1.043* Tpu.*wpu .^2 ...
29 + 0.942* Tpu .^3;
30

31 Ploss = max(Ploss_pu * P_loss_base , 0);
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32

33 Pmech = Torque * omega;
34

35 eta = Pmech / (Pmech + Ploss);
36

37 eta = min(max(eta , 0), 1);
38

39 end
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