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Abstract
Hybrid endurance racing powertrains, such as those deployed in Le Mans Daytona Hybrid (LMDh) applications,

operate under severe electrical and thermal stresses characterised by aggressive high-power transients and

repetitive drive cycles. Since much of the available knowledge surrounding these complex system dynamics

remains proprietary, this study develops a fully coupled, state-dependent high-voltage (HV) battery power

supply model and a coordinated model-based battery management architecture. An advanced 2nd Order

Equivalent Circuit Model (ECM) is formulated in MATLAB/Simulink to capture the nonlinear electrochemical

dynamics and thermal behaviour of the battery pack and is validated against the baseline Chen battery model

within the IPG CarMaker vehicle simulation environment. The battery model serves as the foundation from

which advanced state estimation, thermal management algorithms and powertrain energy management

strategies are implemented to optimise the overall hybrid vehicle performance. To ensure robust online state

tracking, a four-state Extended Kalman Filter (EKF) is integrated into the Battery Control Unit (BCU) to mitigate

open-loop coulomb counting drift, bounding State of Charge (SOC) estimation errors within ±0.02 and core

temperature tracking discrepancies below ±0.15◦C. Additionally, a Linear Parameter-Varying Model Predictive

Control (LPV-MPC) strategy actively regulates the core battery temperature around an optimal 35◦C threshold,

preventing overheating under peak electrical transients of ±200A and ±60kW. The complete closed-loop

architecture is deployed within a full-vehicle co-simulation environment using IPG CarMaker for Simulink,

and is evaluated across both the ARTEMIS driving cycle and a representative one-hour endurance racing stint

on the Hockenheimring circuit. The hybrid electric powertrain, which integrates the HV battery management

system, is governed by a rule-based Finite-State Machine (FSM) supervisory energy management strategy

that dynamically exploits a usable SOC window of 54% to 80% to achieve strict charge-neutral operation,

completing the full stint with approximately 10% fuel remaining, whereas an engine-only baseline suffers

fuel starvation under identical racing demands. The coordination of powertrain subsystems, namely battery

modelling, state estimation, thermal regulation and energy management, within a single real-time architecture

delivers repeatable charge-sustaining performance and an openly documented framework for an area of

research dominated by proprietary knowledge.
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1
Introduction

1.1. Background and Motivation of Study
Hybrid powertrains, particularly in motorsport, rely heavily on the Electric Motor (EM) to deliver additional

power and to recover energy through regenerative braking, with the High-Voltage (HV) battery system acting

as the central energy buffer that alternates between a load and a generator to govern both capabilities [8]. The

performance of the overall hybrid system is therefore tightly coupled to how accurately the battery’s behaviour

can be represented, since the control strategies that manage power flow between the Internal Combustion

Engine (ICE) and EM depend on a reliable estimation of the battery’s available power, State of Charge (SOC),

and thermal limits to operate effectively under real-time driving conditions.

The HV Lithium-ion (Li-ion) battery is a highly complex system, that is both nonlinear and non-stationary,

incorporating coupled electrical, thermal, and electrochemical dynamics [6]. The demand for this knowledge in

motorsport makes battery modelling and system management a crucial research area. However, despite rapid

advancements in hybrid motorsport technologies, publicly available research capturing the full complexity of

hybrid race vehicles remains limited, as much of the knowledge is proprietary. Battery modelling is critical

to understanding battery behaviour in order to improve system performance and increase efficiency [9]. By

modelling the Li-ion battery as a dynamic model described by discrete electrical elements [10], the resulting

knowledge can be applied to real-world systems. An accurate and computationally efficient Li-ion battery

model is beneficial for developing SOC and State of Health (SOH) algorithms for a Battery Management

System (BMS) [11] as well as estimating the thermal behaviour to implement an efficient thermal management

system that can regulate pack temperature to improve overall performance [12].

Hybrid endurance racing presents an extreme operating environment characterised by continuous, high-rate

energy and severe transient loading. The battery system undergoes intense electro-thermal fatigue that is

driven by repetitive, bidirectional current surges during peak acceleration and high-power regenerative braking

[13, 14]. Accurately capturing these non-linear internal dynamics through robust modelling techniques is

critical for supervisory energy management, otherwise unmanaged transient loading leads to thermal accu-

mulation, accelerated degradation and power limitations [15] which compromise not only the performance of

the racing vehicle but also system safety under continuous racing conditions.

1



1.2. Purpose of Study
The primary objectives of this study comprise three main components:

1. Battery Modelling: To develop an accurate representation of a HV Li-ion battery based on a 2nd-order

Equivalent Circuit Model (ECM) incorporating state-dependent Resistor-Capacitor (RC) and Open-

Circuit Voltage (OCV) parameters.

2. Battery State Tracking: To implement advanced internal state monitoring and control algorithms for

robust SOC estimation and an active thermal management strategy to regulate core battery temperatures.

3. Powertrain Energy Management System: To integrate a supervisory control strategy that optimises

power distribution between the ICE and EM, maximising overall hybrid powertrain efficiency and

performance in endurance racing applications.

The primary objectives are intended to be coordinated into a single, integrated battery management system

architecture, in which the battery model, state and thermal estimation algorithms, and powertrain energy

management strategy operate as a unified framework rather than as separate subsystems. This architecture is

to be developed in MATLAB/Simulink with real-time application in mind, and integrated into a co-simulation

environment with IPG CarMaker for system-level validation against representative driving conditions.

1.3. Research Objective
This study aims to extend a validated battery model to accurately characterise its electrochemical behaviour,

thermal dynamics, and nonlinear SOC dependencies for hybrid endurance racing applications by developing

a state-dependent 2nd order ECM coupled with advanced battery controller strategies for state estimation

and thermal management as well as an energy management control unit to optimise energy deployment and

recuperation, ensuring safe, efficient, and reliable battery operation within the hybrid powertrain.

1.4. Main Contributions
The key contributions of this study are summarized as follows:

• State-Dependent Equivalent Circuit Modelling: Extend a validated baseline battery model into a state-

dependent 2nd Order ECM within MATLAB/Simulink to accurately capture non-linear electro-thermal

battery dynamics for a Le Mans Daytona Hybrid (LMDh) parallel powertrain.

• Online Internal State Tracking and Thermal Management: Extend an existing three-state formulation

to develop a four-state Extended Kalman Filter (EKF) for accurate, real-time monitoring of internal

battery states, coupling state estimation directly with active thermal control to proactively enforce

temperature constraints and prevent overheating during sustained high-power driving profiles.

• Coordinated Real-Time Control Architecture: Formulate a unified, multi-objective control strategy that

seamlessly integrates battery state estimation, thermal regulation, and powertrain energy management

into a computationally efficient architecture designed for real-time simulation.

• Full-Vehicle Co-Simulation and Endurance Evaluation: Integrate the extended battery model and

control algorithms into a closed-loop IPG CarMaker for Simulink environment, executing full-lap and

multi-lap simulations to evaluate charge-sustaining operation, fuel consumption, and dynamic state

tracking under extreme endurance racing conditions.

2



2
Literature Review

This chapter conducts a comprehensive review of related work for mathematically quantifying the nonlinear

dynamics of a battery pack system, together with baseline battery control algorithms for state estimation,

thermal management, and energy management strategies. Hybrid endurance racing defines the application

context, with the battery system and its associated control algorithms evaluated under real-time, high-power

demand simulations representative of an endurance race stint. Battery performance is assessed over a

representative drive cycle to capture the electrochemical, thermal, and degradation dynamics relevant to both

battery management and the broader powertrain energy management and driving-mode strategy. While the

research question addressed in this thesis lies in a niche area not specifically covered in available literature,

owing to the proprietary nature of hybrid endurance knowledge in motorsport applications, a substantial

content of related work related to battery modelling, control algorithms, and battery management strategies is

evaluated and discussed in terms of its real-time implementation feasibility and modelling complexity.

2.1. Hybrid Powertrains in Endurance Racing
Endurance racing represents a fundamentally different and more demanding operating environment than

conventional or long-duration driving applications, and is characterised by cyclic, high-power loading over an

extended period of time, ranging from 4 to 24 hours. Vehicle performance is governed not only by the peak

power output of the propulsion components [16, 17], but by the optimisation of energy management strategies

aimed at lap-time minimisation while respecting the strict energy usage constraints imposed by technical

regulations [18].

2.1.1. Endurance Racing Powertrain Architecture
Review of the literature found that parallel hybrid powertrain architectures are the most well suited to motor-

sport applications, as the ICE and EM can contribute to wheel torque either independently or simultaneously

[8, 16, 19, 20, 21]. The parallel layout offers structural simplicity, requiring only the integration of an EM,

inverter, and battery, together with minimal added weight compared to other hybrid architectures [8]. Depend-

ing on the specific placement of the EM relative to the ICE and the drivetrain, parallel hybrid architectures are

classified into distinct configurations [22] listed below and shown in Figure 2.1:
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• P0: Connected to the engine crankshaft by a belt or gear system.

• P1: Connected directly to the crankshaft.

• P2: Connected between the crankshaft and transmission, after the clutch.

• P3: Connected between the transmission and differential.

• P4: Connected to an axle separate from the engine.

Figure 2.1: Configurations of parallel hybrid electric powertrain architectures [1]

The most widely adopted configuration in racing applications comprises an ICE alongside an EM capable

of operating as either a motor or a generator [16, 17]. While consumer vehicle and racing parallel hybrid

powertrains are structurally similar, their power flow management strategies differ significantly due to differing

performance objectives and operational constraints. In racing applications, parallel configurations are shown

to reduce overall energy consumption while maintaining competitive performance when governed by an

advanced Energy Management Strategy (EMS) [19]. Effective control is therefore central to realising these

benefits, ensuring that the ICE operates close to its peak efficiency region, or is switched off entirely, to avoid

unnecessary fuel consumption and inefficient power output [16]. Regenerative braking and strategic power

management offer further opportunities for energy conservation and emission reduction [8, 17, 20, 23]. As

a result, parallel Hybrid Electric Vehicle (HEV) technology is regarded as one of the most effective solutions

for improving fuel efficiency while maintaining high vehicle performance. However, this results in increased

system complexity, since the power management strategy must coordinate the interaction of nonlinear

components across mechanical, electrical, thermal, and control domains [20, 23].

2.2. Battery Modelling Approaches
Battery modelling refers to the mathematical and computational representation of the physical behaviour of

the powertrain’s power supply, allowing its performance to be evaluated in a virtual simulation environment

under specified conditions. Li-ion batteries are the predominant energy storage technology in both Electric

Vehicle (EV) and HEV applications due to their high energy density, extended cycle life, low self-discharge rates,

and high efficiency [5, 23, 24, 25, 26]. Battery models are broadly classified into four categories: electrochemical,

ECMs, empirical and data-driven [3, 5, 27] and are discussed in this section.

2.2.1. Electrochemical Model of Battery System
A lithium-ion battery converts chemical energy into electrical energy during discharge, a process reversed

during charging. Each cell within a battery pack consists of a positive electrode, a negative electrode, an

electrolyte, and a separator, a thin, micro-perforated membrane that separates the electrodes while allowing

ions to pass through [2]. The negative electrode is composed of graphitic carbon, the positive electrode is

typically a lithium metal oxide, and the electrolyte solution provides the ionic pathway between them [28].
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During discharge, lithium ions are released from the negative electrode and travel through the electrolyte to

the positive electrode, while electrons simultaneously flow through the external circuit, producing electrical

energy. Charging reverses this process, driving lithium ions back to the negative electrode and this entire

mechanism can be visualised in Figure 2.2.

Figure 2.2: Lithium-ion battery charge and discharge mechanism [2].

The electrochemical processes governing battery operation exhibit several coupled, nonlinear loss mechanisms

that directly determine the terminal voltage under a given load. An instantaneous ohmic voltage drop occurs

as a result of the resistance of the electrodes and electrolyte solution, while slower polarisation losses arise from

two distinct mechanisms, namely the charge double-layer effect and solid-state diffusion dynamics [6]. The

charge double-layer effect occurs when current flows and ions in the electrolyte and electrons in the electrode

accumulate at the electrode-electrolyte interface, forming two opposing charge layers that behave similarly to

a capacitor which builds up and dissipates quickly when the current changes, producing a fast short-term

transient voltage response [29]. Solid-state diffusion and concentration polarisation arise because lithium ions

do not instantly distribute uniformly through the electrode particle during intercalation, but instead diffuse

slowly through the solid material from the surface inward during charging and outward during discharging,

creating a concentration gradient that takes considerably longer to equalise and produces a slower long-term

transient voltage response [6, 30].

The nonlinear loss mechanisms, described by the instantaneous voltage drop and slow polarisation losses,

are strongly state-dependent since the internal resistance, diffusion coefficients, and reaction rates vary non-

linearly with temperature, SOC, and applied load [6]. Physics-based models, such as the Doyle-Fuller-Newman

framework shown in Figure 2.3, offer high-fidelity by capturing these mechanisms from first principles by

solving coupled partial differential equations governing ion transport, reaction kinetics, and heat generation

across the electrode and electrolyte [3, 27]. Repeated charge-discharge cycling progressively degrades these

electrochemical properties through a series of coupled physicochemical mechanisms caused by operating

stressors acting on the battery system [24, 31, 32]. The propagation of these inherent physicochemical

mechanisms such as Solid Electrolyte Interphase (SEI) layer formation, electrolyte decomposition and lithium

plating which cause battery degradation, effectively causes the available power and capacity to diminish over

time. Temperature, current load and high cell voltage are the most significant contributors to accelerating the

effects of degradation, making these states critical variables to monitor and regulate in real-time [24].
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Figure 2.3: Doyle-Fuller-Newman Framework [3]

2.2.2. Equivalent Circuit Modelling of Battery System
An ECM represents the electrochemical behaviour of the battery using discrete electrical elements, without

solving the underlying partial differential equations governing ion transport and reaction kinetics [33]. This

provides a computationally efficient yet physically meaningful representation well suited to real-time battery

management applications [3, 27]. The simplest representation, the internal resistance model, captures only

instantaneous ohmic losses and cannot reflect polarisation voltage behaviour. The first-order Thévenin model,

shown in Figure 2.4 extends this with a single RC branch to characterise ohmic and concentration polarisation.

However, its accuracy diminishes with variations in battery ageing and operating conditions [4, 5].

Figure 2.4: Battery Model described by their 1st Order Thévenin Model [4]

The 2nd Order Thevenin ECM, illustrated in Figure 2.5, extends the first-order model by introducing two RC

branches in series with the internal resistance R0 and OCV source, capturing both the fast charge-transfer and

slower diffusion polarisation dynamics of the battery [5]. The 2nd Order Thevenin ECM is an effective balance

between model complexity and accuracy, making it computationally efficient, straightforward to implement

and calibrate, and physically interpretable [29, 34]. It remains a predominant and well-validated foundation

for a wide range of state estimation algorithms and BMS implementations [34].

Figure 2.5: General Nonlinear 2nd Order Thevenin Model [5]
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The 2nd Order ECM captures two RC branches that directly correspond to the distinct polarisation mechanisms

described in Section 2.2.1 for the electrochemical behaviour of the battery system. The first branch (R1, C1)

captures the fast short-term transient arising from the charge double-layer effect at the electrode-electrolyte

interface, while the second branch (R2, C2) captures the slower long-term transient produced by solid-state

diffusion and concentration polarisation within the electrode particles [29, 30]. The two RC effectively capture

the electrochemical polarisation dynamics, ensuring the model accurately reproduces the full transient voltage

response of the battery. The ECM is capable of correlating the electrochemical phenomena with circuit

elements that offer a reduced computational demand while capturing the nonlinear behaviours making them

computationally feasible and practical for system-level applications [35].

2.2.3. Empirical and Data-Driven Modelling Approaches
The accuracy of the 2nd Order ECM is determined not only by its circuit topology, but critically by whether its

parameters are treated as fixed constants or allowed to vary with the battery’s internal states. The parameters

R0, R1, C1, R2, C2, and OCV are each sensitive to temperature, SOC, and applied current [29, 30, 34]. Most

ECM-based approaches rely on parameters identified at fixed temperatures, limiting their accuracy under

the fluctuating thermal and loading conditions of real-world operation [34], where temperature plays the

most significant role in driving parameter variation, followed by SOC [24, 30]. State-dependent parameters are

commonly identified empirically through the Hybrid Pulse Power Characterisation (HPPC) test, a standardised

characterisation procedure that discharges the battery at a constant current, allows it to rest, and applies a

charge pulse, repeated across a range of SOC and temperature values [11]. The measured voltage and current

response allows the dynamic behaviour of the battery’s internal parameters to be identified and implemented

as state-dependent lookup tables, ensuring the ECM accurately reflects battery behaviour across the full

operating range [11, 36, 37]. Machine learning approaches extend this further, with Qi et al. 2025 building on

a second-order RC ECM with a back-propagation neural network to compensate for terminal voltage errors

introduced by temperature variations and dynamic discharge rates, improving SOC estimation accuracy while

retaining computational efficiency. This offers improved accuracy, though such approaches remain dependent

on training datasets and often lack physical interpretability.

2.3. Battery Management Strategies
The BCU is a central control unit that optimises battery operation and safeguards the system against critical

electrical and thermal faults [38]. To maximise performance and extend service life, the BMS relies on the ac-

curate estimation of internal battery states, specifically SOC and SOH, using representative battery models [5].

However, these states cannot be directly measured due to the battery’s inherent nonlinearity, electrochemical

complexity, and sensitivity to operational uncertainties such as sensor noise and current fluctuations [30].

2.3.1. State of Charge Estimation
Accurate state estimation is fundamental to the BMS, governing charging and discharging protocols, safety

mechanisms, and energy management strategies. The SOC cannot be directly measured and is directly

influenced by temperature, ageing, and operating conditions, therefore accurate real-time estimation is

essential to prevent hazardous overcharge and over-discharge, extend battery lifespan, and enable energy-

optimised control [34]. The presence of operational uncertainties, including sensor noise, temperature

variation, and current fluctuations, introduces estimation errors that must be actively managed [5, 30].
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Coulomb Counting

Coulomb Counting (CC), also referred to as ampere-hour integration, estimates SOC by integrating the battery

current over time relative to the nominal capacity. The SOC is shown mathematically in Equation 2.1 as

described by [11, 34]. The algorithm is simple and computationally inexpensive. However, CC is an open-loop

state estimation strategy that assumes no measurement error is present.

SOC(t ) = SOC(0)− 1

3600QC

∫ t

0
I d t (2.1)

Kalman Filter-Based State Estimation

The Kalman Filter (KF) is widely adopted for state estimation due to its high computational efficiency and

low memory overhead, operating recursively on current and previous state data without storing full historical

datasets [37]. It relies on a standard prediction-correction architecture and maps system input-output rela-

tionships through state-space equations to effectively suppress noise interference and update unobservable

internal state estimates via terminal error feedback [39]. The EKF extends this to nonlinear systems and is

widely used for SOC estimation to improve accuracy by accounting for nonlinear electrochemical behaviour

and ageing effects [35]. Abdelkhalek and Bayezit 2024 represents the EKF for SOC estimation using a first-order

ECM, described below:
d

d t
SOC =− I

3600 ·Qc
(2.2)

d

d t
V1 = I

C1(SOC)
− V1

R1(SOC) ·C1(SOC)
(2.3)

d

d t
R0 = 0 (2.4)

Vt =VOCV (SOC)− I ·R0 −V1 (2.5)

The state vector is given by x =
[

SOC V1 R0

]
and nonlinear process and observation functions are:

f (x, i ) =


−i

3600 · AH

i

C1(SOC)
− V1

R1(SOC) ·C1(SOC)

 (2.6)

h(x, i ) =VOCV (SOC)− i ·R0 −V1 (2.7)

To approximate the nonlinear system, the process and observation functions are linearised at each time step

through online computation of the Jacobian matrices F and H with sample time Ts and these are given by:

F =


1 0 0

0 e
−Ts

R1C1 0

0 0 1

 (2.8)

H =
[ −I

3600 ·Qc

I

C1(SOC)
− V1

R1(SOC) ·C1(SOC)

]
(2.9)

Qi et al. 2025 proposes a dual KF framework that combines open-loop CC with two sequential filtering layers

driven by real-time physical sensor data. Measured battery current provides the input for open-loop CC

state propagation, while measured terminal voltage drives an EKF correction layer to resolve non-linear ECM

prediction errors. A secondary linear KF layer then suppresses residual CC integration drift and modelling

uncertainties, thereby improving overall SOC tracking accuracy.
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The dual-filter scheme is formulated around a temperature-dependent second-order ECM in discrete state

space form, defined by state vector x = [SOC V1 V2]T , input u = I , and output y =V [37] and is given as follows: xk+1 = Axk +Buk +ωk

yk =C xk +Duk + vk

(2.10)

where ωk and vk denote process and measurement noise, and the system matrices are:

A =


1 0 0

0 e
−t

R1C1 0

0 0 e
−t

R2C2

 , B =



ηt

Q

R1

(
1−e

−t
R1C1

)
R2

(
1−e

−t
R2C2

)



C =
[

dOCV

dSOC
1 1

]
, D = R0

(2.11)

The KF is a highly efficient, recursive algorithm that accurately estimates unknown internal states and sup-

presses noise interference using only current and previous state data, requiring minimal memory [37]. The

EKF significantly improves SOC estimation accuracy by accounting for non-linear electrochemical behaviour

and ageing, and is often combined with standard CC to maximise precision [35]. Standard industry imple-

mentations, such as the battery SOC estimator in MathWorks Simscape Battery, likewise utilise a static 3-state

formulation represented by a state vector to dynamically estimate SOC alongside the polarization voltages

across the RC branches [40]. This benchmark model relies on a standard prediction-correction architecture

where state predictions are updated using terminal voltage error feedback.

2.3.2. State of Health Estimation
SOH quantifies the battery’s current condition relative to its fresh state, reflecting the cumulative effect of

mechanical and chemical degradation that is an inevitable outcome of repeated charge-discharge cycling [38].

As the battery undergoes irreversible chemical ageing, such as active lithium loss and electrode structural

damage, its capacity exhibits permanent degradation that is independent of external operating conditions [34].

The SOH is typically expressed as a percentage of the current maximum capacity to the nominal capacity [10]:

SOH = Qmax

Qc
·100 (2.12)

Jeon et al. 2026 presents a framework for jointly diagnosing capacity fade and power fade in Li-ion batteries

from early-cycle health indices, using a model to predict both degradation modes and classify the underlying

mechanisms. Capacity fade, shown in Equation 2.12, evolves non-linearly, whereas power fade typically

progresses approximately linearly over cycling due to the gradual growth of the solid electrolyte interphase

layer and the associated rise in internal resistance, which is quantified by the rate at which the average

discharge voltage decreases over successive cycles. SOH estimation can be addressed using similar recursive

filter frameworks to those applied for SOC estimation. A Kalman-based linear filter is commonly adopted to

reconstruct the internal resistance of the cell as a proxy for the degradation state, accounting for nonlinear

ageing effects over extended cycling [35, 38]. To actively mitigate degradation, online controllers must protect

the battery from operating conditions that accelerate capacity fade. Adaptive Model Predictive Control (MPC)

is also well suited to this purpose, accounting for the time-varying and ageing characteristics of the battery

through a rolling-horizon optimisation with an entropy-weighted cost function [42]. This strategy is shown to

reduce peak battery currents and cumulative ampere-hour throughput compared to conventional Proportional-

Integrator (PI) controllers, directly slowing capacity fade [42].
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2.3.3. Thermal Modelling and Management
Thermal models describe the temperature distribution within the battery and are fundamental for temperature

prediction and control to ensure safe operation [43]. Battery operating temperature has a significant impact on

battery performance and longevity. Elevated temperatures accelerate internal side reactions and risk thermal

runaway, while low temperatures increase internal resistance and reduce available capacity [12].

Battery Thermal Model

Battery thermal models range from simple lumped representations, which treat the cell as a single thermal

mass with a uniform average temperature, to spatially distributed nodal models, which discretise the cell

geometry to resolve temperature gradients across its volume [43]. A lumped thermal model assumes a uniform

temperature distribution over the battery pack [6, 44, 45] which makes it well suited to control-orientated

thermal management systems. Mesbahi et al. 2021 applies this approach to determine the temperature of

a 40 Ah Li-ion battery cell with a Nickel Manganese Cobalt Oxide cathode and graphitic anode, where the

thermal behaviour of the cell is governed by the following energy balance:

ρcV
dT

d t
= Q̇g en +Q̇i n −Q̇out (2.13)

The internal heat generated within the cell is represented by the term Q̇g en , while (Q̇i n −Q̇out ) accounts for

heat transferred to and from the cell by conduction and convection. The internal heat generation arises from

two sources, namely a reversible thermodynamic contribution due to entropy changes during the cell reaction,

and an irreversible contribution due to Joule heating losses [6, 46]. A nodal thermal model adopts a spatially

distributed approach, discretising the cell geometry into a grid and solving the heat equation at each node to

produce temperature and heat generation distributions across the cell volume, as demonstrated by Mesbahi

et al. 2021 and illustrated in Figure 2.6. While this approach captures spatial temperature non-uniformity and

localised heat generation effects, its computational cost scales with the number of nodes, making it impractical

for real-time simulation.

Figure 2.6: Temperature evolution and distribution for spatially distributed nodal modelling approach [6]

Coolant Heat Transfer Modelling

Accurate supervision of the battery pack temperature is essential for effective cooling, particularly when

subjected to extreme loading conditions typical of endurance racing, where internal heat generation is the

primary driver of temperature rise within the cell [43]. Li et al. 2023 investigates liquid cooling configurations

for battery thermal management using computational fluid dynamics, providing a framework for quantifying

the heat removed by the coolant. The heat removed by the coolant, corresponding to Q̇i n in Equation 2.13, is

obtained from the coolant energy balance defined by:

Q̇cool = mcool cp,cool ϵ
(
Tbat t −Tcool ,i n

)
(2.14)
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While the physical fluid properties and thermal boundary conditions in Equation 2.14 are readily known or

measured, the effectiveness ε is derived from the Number of Transfer Units (NTU) under a constant surface

temperature assumption:

ε= 1−e−N TU (2.15)

where N TU = h At
mcool cp,cool

is determined by the overall heat transfer coefficient between the battery and the

coolant that be obtained from determining the Nusselt number.

h = Nu ·k

Dh
(2.16)

The coolant flow regime must be accurately characterised to evaluate Nu, which is determined from the

Reynolds number [44] where for fully developed turbulent flow, the Nusselt number is evaluated using the

Dittus-Boelter correlation [47]:

Nu = 0.023 ·Re0.8 ·Pr 0.3 (2.17)

Battery Thermal Management

Battery performance, including efficiency, capacity, lifespan, and safety, is significantly affected by extreme

temperature variation, making the Battery Thermal Management System (BTMS) a critical technology for

battery research and application [44, 45]. Effective thermal management relies on minimising internal heat

generation and regulating cell temperature and three available strategies dominate in literature, namely

rule-based control, Proportional-Integral-Derivative (PID) control, and MPC.

Rule-based strategies apply a predefined logic, typically on-off switching or constant flow rate operation, to

maintain the battery within its permissible temperature range [45, 48]. Singh et al. 2025 implements a rule-

based EMS incorporating BTMS for a fuel-cell-supplemented heavy-duty electrified vehicle over a standard

drive cycle, applying a constant coolant flow rate that successfully maintains system temperature within

recommended limits. While rule-based strategies are widely used in production vehicles due to their simplicity

and reliability, they adapt poorly to dynamic operating conditions and offer limited energy efficiency, making

them insufficient for demanding applications such as endurance racing [45].

PID controllers are widely adopted in industrial thermal management due to their simplicity and reliability,

determining the required actuator output through a linear combination of proportional, integral, and derivative

terms of the input error [44]. To address the non-linear, time-varying dynamics of battery thermal systems,

fuzzy and hierarchical PID schemes dynamically adapt parameters, outperforming conventional PID in multi-

objective thermal regulation and reducing cooling energy consumption by over 70% relative to constant-flow

baselines [44, 49]. However, PID strategies are typically applied to a single actuator, and the lack of coordination

between multiple actuators can result in energy loss when several control variables are involved [45].

MPC handles multiple objectives, constraints, and disturbances simultaneously, and is effective for controlling

Multi-Input Multi-Output (MIMO) systems with high robustness, making it well suited to battery thermal

management applications [45]. Adaptive MPC further exploits the electrical and thermal coupling of the battery

through a rolling-horizon optimisation, simultaneously regulating current demand and thermal loading, which

is particularly relevant to hybrid endurance racing applications [42]. Lopez-Sanz et al. 2017 implements a

nonlinear MPC for multi-variable high-voltage battery and power electronics cooling circuits, while Park and

Ahn 2020 develops a stochastic MPC incorporating probabilistic heat generation predictions. Further, Guo

et al. 2024 formulates thermal management mode selection as an optimal control problem using nonlinear

MPC solved via Dynamic Programming (DP). However, while DP provides a globally optimal solution, state

and continuous control signal discretisation requires significant computational resources [16, 45, 52].
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2.3.4. Coordinated Controller Strategy
Battery management strategies have traditionally treated the BTMS and EMS as isolated control problems,

limiting simultaneous improvements in energy efficiency, thermal safety, and long-term durability under

variable driving conditions [7]. Pan et al. (2026) notes that modern strategy framework designs are shifting

toward coordinated setups such as rule-based, optimisation-based, learning-based, and hierarchical methods,

seen in Figure 2.7. However, accurately modelling the battery dynamics and coordinating EMSs for real-time

feasibility and implementation are still major challenges.

Figure 2.7: Classification of coordinated EMS control architectures [7]

The accurate modelling of battery dynamics coupled with coordinating EMSs for real-time feasibility and

implementation remains a major challenge that is continuously being addressed through novel solutions.

srikiran 2023 integrates receding-horizon MPC with adaptive estimators, such as unscented KF and Recursive

Least Squares, achieving proactive thermal management and an estimated 12–18% increase in battery longevity.

Similarly, Feng et al. 2020 employs a coupled electrochemical-thermal-neural-network model combined with

an Unscented KF for robust SOC and temperature co-estimation across extreme ambient conditions (−10 to

40◦C) and high discharge rates (up to 10 C).

2.3.5. Metric for Performance Evaluations
In endurance racing, battery systems endure intense thermal and electrical loads during repetitive, high-

current cycles over continuous stints lasting from 4 up to 24 hours. To sustain optimal performance, the EMS

of the hybrid powertrain is evaluated on its ability to maintain energy balance throughout a race. Hybrid

powertrains offer significant lap time advantages over conventional ICE vehicles. However, the increased mass

has the potential to negatively impact the vehicle performance, which further emphasises the importance of

optimising and evaluating the coordinated EMS [23]. Malikov et al. 2025 addresses this challenge and finds

that hybrid powertrains offer significant lap time advantages over conventional ICE. However, Figure 2.8(a)

shows that without an effective controller strategy, the fully charged battery depletes the available energy in

200s. The advanced control algorithm is developed to address this shortcoming by dynamically managing the

energy depletion and generation which is shown by the battery’s SOC maintained within a stable 15% window

in Figure 2.8(b) for optimal, repeatable lap times.
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(a) Simulation without EM control algorithm (b) Simulation without EM control algorithm

Figure 2.8: Lap time simulation indicating racing car’s performance with motor control algorithm [8]

The performance of advanced controller algorithms developed for hybrid powertrains must be evaluated

against knowledge obtained from available related works and those operational boundaries that are satisfied

in previous works are summarised in Table 2.1.

Table 2.1: Battery Performance Evaluation Metrics for Hybrid Endurance Racing

Metric Description Evaluation Criteria

SOC Swing Peak-to-peak charge
fluctuation per lap.

An optimal function range, between 5%–50%, is maintained
by constraining the operational boundary battery limits to
ensure that the system can satisfy rapid acceleration
demands, support high-frequency load components and
maintaining optimal operational range. [8, 15]

Cumulative
∆SOC

Net change in battery
charge per lap.

Endurance racing requires charge-sustaining operation
(∆SOC/lap ≈ 0) to prevent long-term battery depletion that
negatively impacts overall powertrain performance [8, 26].

Lap-to-Lap
Consistency

Repeatability of energy
management across
stint simulation.

Strict energy balance preserves identical charge and
discharge power limits to maintain repeatable lap times [8].

2.4. Conclusion of Literature Review
This chapter reviews existing work surrounding hybrid powertrains in endurance racing, virtual simulation

environments, battery modelling approaches, and advanced battery management strategies. The analysis

demonstrates that virtual simulation of the EMS for hybrid motorsport applications demands real-time

feasibility, computational efficiency, and physical interpretability. However, existing literature reveals a notable

gap regarding battery system modelling techniques, that describe the electrochemical behaviour in real-time,

coupled with control algorithms for state estimation, thermal regulation and energy distribution specific to

hybrid endurance racing applications. This review establishes the methodological foundation required for the

battery system architectures and controller strategies developed in this thesis by evaluating various modelling

frameworks alongside baseline control algorithms.
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3
Enhanced Battery Modelling Approach

Batteries are energy storage devices that can be represented mathematically to quantify the electrochemical

behaviour that converts chemical energy into electrical energy. The underlying nanoscale phenomena of

battery operation, described in Section 2.2.1, are computationally intensive and not feasible for real-time

simulation. The ECM is therefore adopted as a practical modelling approach for the purpose of this study.

3.1. IPG CarMaker Simulation Environment
IPG CarMaker is a vehicle simulation environment for software-in-the-loop testing that can be extended to

hardware-in-the-loop applications [55]. Its integration with Simulink allows custom powertrain models and

control algorithms to be incorporated into the simulation environment to enable safe and cost-effective verifi-

cation and validation of dynamic models while accounting for system non-linearities and energy constraints.

3.1.1. Co-Simulation Architecture and Simulink Coder Plug-In Integration
The co-simulation workflow between IPG CarMaker and Simulink bridges custom powertrain and power supply

logic with the full-vehicle environment through a Simulink Coder plugin model interface. IPG CarMaker acts

as the master solver within this co-simulation structure by managing the virtual environment, tyre-road

interaction, chassis dynamics, and the remaining vehicle subsystems. The compiled Simulink Coder plug-in

runs simultaneously within this environment, receiving the real-time vehicle states required by the battery

model, including the current demand and driver inputs, and returning the computed battery states to the

powertrain model at each time step. This framework replaces the native CarMaker power supply subsystem

with the developed battery model, allowing its behaviour to be evaluated under full-vehicle driving conditions.

3.1.2. CarMaker Baseline Architecture
IPG CarMaker provides vehicle model systems and applications supporting different hybrid architectures. The

parallel hybrid powertrain configuration adopted in this study is shown in Figure 3.1, which represents the

vehicle’s electric system within the hybrid powertrain and its primary task is to account for the electric power

flow to and between the electric circuits of the vehicle.
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Figure 3.1: CarMaker Office Parallel Hybrid Configuration Overview with Rear Drive

The hybrid powertrain implemented in this study utilises a parallel P2 configuration, where the EM is po-

sitioned between the engine clutch and transmission which allows the ICE and EM to contribute to wheel

torque independently or simultaneously while minimising added weight. Additionally, this layout supports

powertrain control functionalities crucial for this study, including engine start/stop, regenerative braking,

supplementary electric propulsion, and seamless mode transitions. The powertrain control strategy manages

the operating states of the vehicle and dictates the distribution of both electrical and mechanical energy. This

parallel powertrain is governed by its overarching controller strategy, electro-mechanical components, and

dedicated control units shown in Figure 3.1, namely the Engine Control Unit (ECU) for the combustion engine,

the Motor Control Unit (MCU) for the electric motors and integrated starter-generator, the Transmission

Control Unit (TCU) for the gearboxes and clutches, and the BCU for the power supply.

3.2. CarMaker Chen Battery Model
The battery model reflects available energy storage of the power supply system and supplies voltage to drive

the EM and integrated starter generator. IPG CarMaker implements a voltage supply model based on Chen

and Rincon-Mora 2006 to predict runtime and current-voltage performance. The circuit diagram of the Chen

model, illustrated in Figure 3.2, consists of an SOC-dependent open-circuit voltage in series with an internal

resistance and two parallel RC branches. The voltage source Uoc represents the battery’s idle voltage as a

function of its SOC, while R0 accounts for the instantaneous ohmic voltage drop due to internal resistance

and the two RC branches, each consisting of a resistance and capacitance in parallel, represent the battery’s

transient electrochemical and diffusion dynamics, which captures the short and long term voltage behaviour

observed during charge and discharge cycles.

Figure 3.2: IPG CarMaker Battery Model "Chen"
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3.2.1. Mathematical Description of Chen Battery Terminal Voltage
The terminal voltage of the Chen battery model is described mathematically as follows:

UBattery =Uoc (SOC)− (I ·R0)−U1 −U2 (3.1)

U1 =
∫ (

I

C1
− U1

R1 ·C1

)
d t (3.2)

U2 =
∫ (

I

C2
− U2

R2 ·C2

)
d t (3.3)

where U1 and U2 are the voltages across the first and second RC branches respectively.

The Chen battery model provides a functional baseline that treats model parameters as static constants and

only defines the OCV as a one-dimensional nonlinear function of SOC, illustrated in Figure 3.3. This limitation

introduces cumulative errors, especially under high-load endurance racing conditions, which motivates the

extension of the Chen battery model to a state-dependent 2nd Order ECM.
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Figure 3.3: SOC non-linear correction factor applied to the Battery’s OCV.

3.3. State Dependent 2nd Order Equivalent Circuit Model

The HV battery model is represented by a state dependent 2nd order ECM designed to accurately capture

transient battery dynamics. The electrical circuit topology, shown in Figure 3.4, extends the baseline Chen

model, in Figure 3.3, by incorporating additional complexity to better represent internal electrochemical

processes. The model parameters R0, R1, C1, R2, C2, and VOC are implemented as multidimensional lookup

tables varying dynamically with temperature, SOC, and current load. The ECM leverages discrete circuit

elements to capture the nonlinear dynamic behaviour of the battery while mitigating computational demand

for real-time feasibility. Nonlinear loss mechanisms are described through instantaneous ohmic voltage drop

and slower polarisation losses, where the two RC branches account for short term transient charge double

layer effects and long term solid state diffusion and concentration polarisation in series with the idle voltage.

Figure 3.4: Higher Fidelity 2nd Order Thévenin ECM
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3.3.1. Mathematical Description of Battery State Behaviour
A complete representation of the battery system requires accurate tracking of its internal states and operational

limits throughout a driving scenario. The quantified state behaviour of the battery system is represented by

its terminal voltage, SOC, Amount of Charge (AOC), remaining energy capacity, electrical power, maximum

charge/discharge power, and temperature, which collectively describe the battery’s behaviour under dynamic

charge and discharge cycles. The mathematical descriptions of the battery’s states are presented below.

Instantaneous Battery Voltage

The terminal voltage of the battery pack is a nonlinear state defined by the OCV offset by the ohmic and

polarisation voltage losses across the two RC branches. The state-dependent parameters are defined at the

battery cell-level, therefore the OCV and RC parameters are scaled to the pack level. The instantaneous terminal

voltage of state-dependent 2nd Order ECM described mathematically below in Equation 3.4 is an extension of

the terminal voltage for the simplified static parameter Chen battery model described in Equation 3.1.

VBattery =VOC (I ,SOC)− I
1

np
·R0(I ,SOC,T )ns −V1 ns −V2 ns (3.4)

where the dynamics of the two polarisation voltages, corresponding to the charge double-layer and diffusion

polarisation mechanisms respectively, are governed by the following equations:

dV1

d t
= I

C1(I ,SOC,T )
− V1

R1(I ,SOC,T ) ·C1(I ,SOC,T )
(3.5)

dV2

d t
= I

C2(I ,SOC,T )
− V2

R2(I ,SOC,T ) ·C2(I ,SOC,T )
(3.6)

Instantaneous Battery State of Charge

The instantaneous SOC represents the remaining charge in the battery relative to its nominal capacity and is

expressed as follows:

SOC(t) = Q(t )

Qn

The SOC is tracked using Coulomb counting which measures the accumulated current flow out of the battery

cell over time and is expressed as a percentage [%].

SOC = SOCinitial −
1

QC ·3600

∫
I ·d t (3.7)

Current and voltage measurement errors as well as battery temperature and ageing typically affect Coulomb

counting.

Instantaneous Amount of Charge

The instantaneous AOC represents the amount of energy at any time and is expressed in Ampere-hours [Ah]:

AOC = SOC ·Qc (3.8)

Battery Remaining Energy Capacity

The remaining energy capacity reflects the total usable energy stored in the battery at its current state, expressed

in kilo-Watt hours [kWh].

E =Voc (I ,SOC) ·AOC (3.9)
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Total Electric Power on Electric Circuit

The instantaneous electrical power delivered by or supplied to the battery is calculated from the terminal

voltage and battery current and expressed in Watts [W].

Pbatt =VBattery · I (3.10)

Maximum Charge/Discharge Power

The maximum allowable charge and discharge power of the battery is constrained by the maximum permissible

current, Imax, which is limited to protect the cell from excessive current stress, and is calculated as follows:

Pmax =VBattery · Imax (3.11)

Unlike the constant maximum power rating assumed in the Chen baseline model, this quantity is treated as a

dynamic value in the developed model, varying with the instantaneous terminal voltage as the battery’s states

and operating conditions change.

Battery Temperature

The temperature of the battery pack is a critical battery state that directly influences safety, degradation rates,

system efficiency and output terminal voltage. To quantify the thermal dynamics, a transient thermal model

is derived from the First Law of Thermodynamics and is applied to a closed battery pack system where the

total energy of the isolated system is constant, meaning energy can neither be created nor destroyed, only

transformed from one form to another. It can be expressed as the change in internal energy of a system being

equal to the heat added to the system, subtracted by the work done by the system, which is described as:

∆Unet =∆Qnet −∆Wnet (3.12)

The thermal model is a mathematical representation that can be manipulated to describe the heat transfer

and temperature distribution within the battery system which is necessary for thermal management to ensure

safe operations, understanding the degradation phenomena under extreme operating conditions for lifespan

and to optimise battery efficiency. The change in internal energy of the closed battery system is expressed in

Equation 3.13 where the system does no work but only heat is added to the system.

∆U = Q̇gen +Q̇in +Q̇out (3.13)

Equation 3.13 can be extended to the closed battery system and is expressed as:

Cth
dTbatt

d t
= Q̇gen +Q̇cool +

Tamb −Tbatt

Rth
(3.14)

where

Cth = mc ·Cp and Rth = 1

h ·ns · A

The complete mathematical description for the battery temperature is expressed by Equation 3.15.

Tbatt = Tbatt(0)+
∫ t

0

1

Cth

(
Q̇gen +Q̇cool +

Tamb −Tbatt

Rth

)
d t (3.15)

The internal heat generation term, Q̇gen, is evaluated based on the electrical parameters of the ECM:

Q̇gen = Q̇irreversible +Q̇reversible (3.16)

The irreversible heat generation is driven by Joule heating due to internal resistance, while the reversible heat

generation results from entropy changes during the electrochemical reactions. where

Q̇irreversible = I 2R0 +
V 2

1

R1
+ V 2

2

R2
and Q̇reversible = I Tbat t

dVOCV

dT
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The heat transfer rate extracted by the coolant, Q̇cool, is an active cooling system that controls the tempera-

ture profile under extended, demanding racing profiles. It is dependent on the coolant mass flow rate and

temperature rise across the cooling plate channel and is described as follows:

Q̇cool = ṁcool cp,cool (Tc,out −Tc,in) (3.17)

where the outlet coolant temperature is coupled to the state of the battery cell via the heat exchanger effective-

ness factor, ϵ:

Tc,out = Tc,in +ϵ (Tbatt −Tc,in)

therefore

Q̇cool = ṁcool cp,cool ϵ (Tbatt −Tc,in) (3.18)

3.4. Extended Battery Modelling Simulink Coder Plug-In Model
The mathematical descriptions of the underlying electrochemical dynamics are defined for both the static

baseline model and the extended state-dependent 2nd Order ECM. Implemented in MATLAB/Simulink as

a modular power supply plug-in for IPG CarMaker, the model structures the state-dependent parameter

lookup tables, lumped thermal model, and derived battery state calculations as discrete subsystems interfaced

through dedicated signal selectors. The state-dependent electric circuit parameters, obtained from industrial

partners at TU Delft, are documented in Section A.1.1 of Appendix A.1 as functions of SOC, temperature, and

current load. These parameters are implemented as 3D lookup tables within the 2nd Order ECM to extract

data in real-time during simulation. The complete Simulink model architecture is presented in Section A.1.2 of

Appendix A.1.

Upon simulation initialization, the model loads the battery’s total capacity, idle voltage, and initial SOC.

During runtime, it receives pack current, coolant inlet temperature, and coolant mass flow rate from the

BCU, and outputs standard PTBattery signals: instantaneous voltage, SOC, AOC, remaining energy, maximum

available power, and temperature. Co-simulation within CarMaker captures dynamic vehicle power demand

and enables model validation. By incorporating state-dependent parameters and coupled thermal dynamics,

the extended model achieves high electro-thermal fidelity while remaining computationally efficient for

real-time implementation, operating alongside the developed BCU and energy management strategies under

representative hybrid endurance racing conditions.

3.5. Battery Modelling Conclusion

In this chapter, an advanced state-dependent 2nd order ECM for the HV battery system is formulated and

integrated into IPG CarMaker as an executable Simulink Coder plug-in. The pack is represented as a single

lumped model scaled to a 96-series, 4-parallel (96s4p) cell configuration, assuming uniform heating behaviour

without accounting for cell-to-cell variations, internal nodal dynamics, or localized thermal gradients. By

capturing RC and OCV parameter variations through 3D lookup tables dependent on SOC, temperature,

and current load, the model robustly resolves nonlinear electro-thermal dynamics and transient losses with

minimal computational overhead. This validated battery plant model establishes the foundation for the

following chapter, which details the BCU control and estimation architectures, including real-time state

estimation, active thermal management, and high-level energy management within the hybrid powertrain.
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4
Controller Strategy Development

The state-dependent 2nd Order ECM established in Chapter 3 forms the basis for the control and estimation

algorithms developed in this chapter to manage the HV battery system and optimise its integration within

the parallel hybrid powertrain configuration. Section 4.1 establishes the state estimation framework using a

coupled three-state EKF, augmented with a parameter correction filter to account for parameter degradation

under repeated high charge-discharge cycles while providing real-time SOC feedback. Section 4.2 addresses

thermal management, where the controller regulates coolant flow to maintain safe operating temperatures

under sustained high-power requests. Finally, Section 4.3 presents the energy management strategy, which

governs the hybrid powertrain operating modes. These developed strategies form a coordinated framework for

state, thermal, and energy management, validated within the IPG CarMaker simulation environment.

4.1. State Estimation
Accurate estimation of battery SOC is essential for extending battery life, maximising energy utilisation,

and ensuring operational safety [30], which are critical in hybrid endurance racing where high precision is

required to achieve peak performance. The extended state-dependent HV battery model relies on Coulomb

counting to estimate the battery state. However, Coulomb counting lacks robustness as it neglects dynamic

thermal variations and sensor bias, leading to cumulative drift errors over extended operating periods [34]. To

prevent state estimation errors from corrupting state-dependent RC parameter and OCV lookups and further

misrepresenting battery states, a coupled four-state EKF is proposed and implemented.

4.1.1. Recursive State Estimation Algorithm Framework
The baseline state estimation framework is adapted from the MATLAB & Simulink Battery State-of-Charge

Estimation example [57]. While the original implementation utilises a standard extended Kalman filter

structure, this work extends the framework by introducing state-dependent parameters and expanding the

state vector to include a fourth thermal state for coupled electro-thermal tracking. The framework of the

proposed coupled four-state EKF algorithm is illustrated in Figure 4.1, following the two-phase prediction-

correction structure of the implemented EKF.
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Figure 4.1: Schematic of Extended Kalman Filter Operation

In the prediction step, the current state estimate x̂k,k and its uncertainty covariance Pk,k are propagated

forward using the process model, producing the state estimate x̂k+1,k and covariance estimate Pk+1,k along

with their associated uncertainties. The Kalman gain Kk serves as a dynamic weighting factor, adjusting the

state estimate based on the innovation residual between the predicted and measured output. The innovation

residual is described by the terminal voltage measurement error, which is corrupted by both current and

voltage sensor noise. The state estimate and covariance are then corrected by balancing prior state uncertainty

against measurement noise via the Kalman gain. These corrected estimates x̂k,k and Pk,k subsequently feed

back into the next prediction step, forming a recursive estimation loop.

4.1.2. State Estimation Algorithm
The EKF is an extension of the Kalman Filter for nonlinear systems, and is a recursive state estimator capable

of real-time operation, where the current input measurements, the previously estimated states, and their

associated uncertainty covariance matrix are required to determine the present state. To implement the

EKF algorithm, the developed state-dependent battery ECM is expressed in non-linear state-space form. By

combining a series of noisy and uncertain measurements over time, the algorithm produces a state estimate

that is more accurate than one obtained from any single sensor measurement or coulomb counting alone.

System State-Space Formulation

In real-world systems, the process and measurement models are nonlinear. The states of the system are

estimated by linearising the nonlinear process and measurement models around the current state estimates.

The dynamic behaviour of the battery is estimated via the state vector, xk , the control input vector uk and the

measurement vector yk described as follows:

xk =
[

SOCk Tk V1,k V2,k

]T
, uk =

[
Ik ṁcool,k

]T
, yk =Vbatt,k (4.1)
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The propagation of the state vector is governed by the nonlinear process function f (xk ,uk ), which describes

the rate of change of state vector xk , while the terminal battery voltage is obtained from the nonlinear

observation function h(xk ,uk ) where all state-dependent parameter quantities are implicitly time-dependent.

The nonlinear process function is defined as follows:

f (xk ,uk ) =



SOCk+1

Tk+1

V1,k+1

V2,k+1


=


SOCk − ∆t ·Ik

qc

Tk + ∆t
Cth

(
Qg en,k +Qcool ,k − 1

Rth
(Tk −Tamb)

)
V1,k e−∆t/τ1 +R1I

(
1−e−∆t/τ1

)
V2,k e−∆t/τ2 +R2I

(
1−e−∆t/τ2

)

 (4.2)

where the state-dependent time constants are defined by:

τ1 = R1(I ,SOC ,T ) ·C1(I ,SOC ,T ) (4.3)

τ2 = R2(I ,SOC ,T ) ·C2(I ,SOC ,T ) (4.4)

and the measurement function is defined as follows:

h(xK ,uk ) =Vbat t ,k =Voc (I ,SOC)− I

np
·R0(I ,SOC,T )−ns V1 −ns V2 (4.5)

Jacobian Matrices

The EKF algorithm relies on linearisation at every time step k to approximate the nonlinear battery dynamics.

For the prediction step, the process function is linearised about the current corrected state estimate x̂k,k

and input vector uk to yield the state transition Jacobian matrix Fk and the input gain Jacobian matrix Gk .

Subsequently, the measurement function is linearised about the predicted state estimate x̂k+1,k to obtain the

observation Jacobian matrix Hk required for the correction step. The state transition matrix Fk describes how

each state affects its future states and is derived analytically as follows:

Fk = ∂ f (xk ,uk )

∂xk
=


1 0 0 0

f21 f22 f23 f24

0 0 e−∆t/τ1 0

0 0 0 e−∆t/τ2

 (4.6)

where the highly coupled thermal derivative elements in the second row are defined as follows:

f21 = ∂Tk+1

∂SOCk
= ∆t

Cth

(
I

np

2 ∂R0

∂SOC

)
(4.7)

f22 = ∂Tk+1

∂Tk
= 1+ ∆t

Cth

(
I

np

2 ∂R0

∂T
+ ∂OCV

∂T
I − 1

Rth
−ṁcool ,k · cp,c ·ϵ

)
(4.8)

f23 = ∂Tk+1

∂V1,k
= ∆t

Cth

(
2nsV1,k

R1

)
(4.9)

f24 = ∂Tk+1

∂V2,k
= ∆t

Cth

(
2nsV2,k

R2

)
(4.10)

The input gain matrix Gk maps the input current uk = Ik directly onto the state derivatives as follows:

Gk = ∂ f (xk ,uk )

∂u
=


−∆t ·η

qc
0

∆t
Cth

(
2I R0
np

2 + I
np

2 ∂R0
∂I + ∂OCV

∂T Tk

)
∆t

Cth

(
cp,cϵ(Tcool −Tk )

)
R1

(
1−e−∆t/τ1

)
0

R2
(
1−e−∆t/τ2

)
0

 (4.11)
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The observation matrix Hk is the Jacobian of the measurement function, evaluated at each time step:

Hk = ∂h

∂x
=

[
∂Voc
∂z − Ik

np

∂R0
∂SOC − Ik

np

∂R0
∂T −ns −ns

]
(4.12)

4.1.3. Covariance Matrix Parametrization
To account for real-world sensor characteristics, synthetic zero-mean Gaussian white noise vk is injected into

the ideal current, terminal voltage, and temperature signals according to:

vk = wk

√
Pn

Ts
(4.13)

where wk ∼N (0,1) represents a standard normal random variable, Pn = 10−2 is the noise power, and Ts =
0.001s is the discrete simulation time step. Corrupting these ideal feedback signals provides a realistic

simulation environment to evaluate the tracking accuracy and noise rejection performance of the EKF. To

stabilise the state estimator during aggressive driving cycles, the filter covariance matrices (P0, Q, and R) are

tuned to balance trust between physical model predictions and the noisy sensor feedback.

Initial Error Covariance Matrix (P0)

The initial error covariance is set to P0 = diag
([

10−6, 10−6, 10−3, 10−3
])

, corresponding to the state vector

xk = [SOCk , Tk , V1,k , V2,k ]T . The small initial uncertainties reflect high confidence in the initial state estimates

at t = 0, preventing aggressive or unstable filter corrections during the first few simulation time steps.

Process Noise Covariance Matrix (Q)

The process noise covariance matrix accounts for system model simplifications and sensor noise on the control

inputs uk = [Ik , ṁcool,k ]T . The covariance is defined as Q = diag([0.01, 0.05]), where 0.01 corresponds to input

current variance and 0.05 to coolant mass flow rate variance. This configuration enables the EKF to correct

for CC integration drift during current transients without over-reacting to short-term input noise or causing

phase lag during aggressive driving manoeuvres.

Measurement Noise Covariance Matrix (R)

The measurement noise covariance matrix accounts for instrument noise across the feedback channels

yk = [Vbatt,k , Tcasing,k ]T . The covariance is defined as R = diag([0.5, 0.01]), where 0.5 corresponds to terminal

voltage variance and 0.01 to casing temperature variance. This configuration enables the EKF to filter high-

frequency electrical noise, relying heavily on model physics (RC transient dynamics and state-dependent OCV

lookups), while compensating for spatial gradient simplifications in the lumped-parameter thermal model.

4.1.4. Implementation of State Estimation in Coordinated Framework
The discrete four-state EKF is integrated within the CarMaker for Simulink (CM4SL) co-simulation environ-

ment at a fixed step time of Ts = 0.001s (1kHz). The complete subsystem-level layout and execution chain are

provided in Appendix A.2. Operating within this coordinated framework, the filter updates the full state vector

at each time step, supplying noise-filtered SOC and temperature estimates directly to the high-level energy

and thermal management controllers.

4.2. State of Health Estimation
Accurate SOC estimation is essential for reliable SOH prediction, directly influencing battery safety, lifespan,

and system stability. A dual-estimator architecture is employed, in which the four-state EKF presented in

Section 4.1 estimates dynamic internal states while a secondary filter updates key model parameters in real

time.
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4.2.1. State Estimation using Power Fade
In battery management systems, SOH is generally categorised into two primary degradation mechanisms,

namely capacity fade and power fade. Capacity fade tracks the loss of total energy storage capability. However,

power fade characterises the increase in the internal ohmic resistance, R0, of the cell due to ageing factors such

as SEI layer growth and active material isolation. This is particularly relevant to the present study to effectively

capture the electrochemical degradation, since R0 is treated as a state-dependent parameter varying with SOC,

temperature, and current load, and its drift over the SOH directly affects the accuracy of the ECM, the usable

service life of the battery, and its safety limits.

For this study, the SOH estimation is formulated around power fade rather than capacity fade. In hybrid

endurance racing applications, the battery operates within a relatively narrow usable SOC window and is

primarily subjected to aggressive, transient power demands during dynamic acceleration and regenerative

braking. Under these high-rate conditions, an increase in internal resistance significantly limits the power

delivery capability. Furthermore, while capacity is practically unobservable, resistance is highly observable

under dynamic excitation, making it suitable for online SOH estimation. The resistance-based SOH is defined

as the ratio of the currently estimated resistance to the baseline resistance of a new battery cell:

SOHR (t ) = R0(t )

R0,fresh
(4.14)

4.2.2. Parameter Correction Filter Implementation
The battery’s degradation associated with power fade is tracked via a parameter state vector, θk . The parameter

state, the input vector uk , and the measurement vector yk are described as follows:

θk = [
kR0,k

]
, uk = [Ik ] , yk = [

Vbat t ,k
]

(4.15)

The propagation of the parameter state vector is governed by a linear process function, fθ(θk ), treating

degradation as a slow-varying process relative to fast state dynamics. The nonlinear observation function,

hθ(θk ,uk ,xk ), maps this internal health scaling factor and state vector to the physical terminal voltage. The

parameter process and observation equations are defined as follows:

fθ(θk ) = kR0,k (4.16)

hθ(θk ,uk ) =OCV (SOCk )− Ik · (R0 ·kR0,k )−V1,k −V2,k (4.17)

The state transition matrix Fθ = 1 and input gain matrix Gθ = 0 define stationary parameter propagation

between sample steps, therefore the degradation estimator relies entirely on sensor feedback. The observation

matrix Hθ,k quantifies terminal voltage sensitivity to the scaling factor kR0 . As internal resistance increases

with ageing, the resulting voltage tracking error drives the recursive Kalman update to adjust kR0 in real time.

Hθ,k = ∂hθ
∂θ

=−Ik ·R0 (4.18)

4.2.3. Implementation of Degradation in Coordinated Framework
The single-parameter SOH filter operates alongside the primary four-state EKF to dynamically estimate

internal resistance degradation via the scaling factor kR0 . The measurement noise (R = 10) is set significantly

higher than the process noise (Q = 10−9), therefore the parameter estimator behaves similar to a low-pass filter.

It actively ignores the rapid, erratic voltage spikes caused by aggressive driving and only responds to the slow,

permanent voltage shift errors caused by actual battery degradation. This architecture, shown in Appendix A.2,

successfully decouples slow physical battery aging from high-frequency driving transients, ensuring stable

parameter adaptation and continuous propagation of corrected model parameters.
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4.3. Battery Thermal Management System
An effective BTMS is essential to maintain the battery within its optimal operating temperature range while

ensuring uniform thermal distribution across cells and modules. Batteries operating well outside optimal

ranges can be detrimental to the battery health where this can lead to thermal runaway that presents a

significant safety risk. However, lower temperatures lead to an increase in internal resistance and a decrease in

capacity which compromises the overall powertrain performance. This section details the thermal plant model,

dynamic coolant properties, and the control strategy designed to maintain target operating temperatures.

4.3.1. Battery Thermal Representations
The lumped thermal energy balance for the battery, in Section 3.3, is rearranged to isolate the state derivative:

Ṫbat t =− 1

Cth

(
1

Rth
+ṁcool cp,coolε

)
Tbat t +

Q̇g en

Cth
+ ṁcool cp,coolε

Cth
Tc,i n + Tamb

CthRth
(4.19)

The thermal model exhibits bilinear coupling between the state and control input via the convective term

ṁcoolTbatt. This inherent nonlinearity prevents simple controllers, such as standard PID, from performing reli-

ably across the entire operating range. To manage this nonlinearity while enforcing strict physical boundaries,

MPC is implemented due to its ability to directly handle input, output, and state constraints. By optimising a

predictive cost function over a rolling horizon, the controller proactively anticipates required cooling actions

which is particularly valuable under the dynamic, high-rate drive cycles expected in endurance racing.

4.3.2. Coolant Mass Flow Rate Properties
Controlling the temperature of a battery via forced convection is an inherently nonlinear problem. From the

energy balance equation it is known that the specific heat capacity, cp,cool , and the heat exchanger effectiveness,

ε, are not constant but highly dependent on the environment. The specific heat capacity varies with the coolant

temperature, whereas the effectiveness varies with both the coolant temperature and the mass flow rate. This

subsection details the coolant selected, the temperature-dependent properties used in the model, and the

method by which the heat exchanger effectiveness is obtained.

Coolant Fluid Properties and Heat Exchanger Effectiveness

The thermal management system utilises a 50% by volume Ethylene Glycol solution from DOWTHERM

[58] which provides an optimal balance of thermal conductivity, extended temperature limits and corrosion

resistance which are critical for managing the thermal dynamics experienced during endurance racing cycles.

The saturation properties are evaluated as functions of the battery temperature:[
cp,cool , ρcool , kcool , µcool

]= f (Tbat t ) (4.20)

The Prandtl number expresses the ratio of momentum diffusivity to thermal diffusivity and is given as:

Pr = cp,cool µcool

kcool
(4.21)

The cooling plate is represented as a set of rectangular channels of width wc and depth dc . The cross-sectional

area, wetted perimeter and hydraulic diameter of a single channel are given by:

Ac = wc dc , Pw = 2(wc +dc ) , Dh = 4Ac

Pw
(4.22)

The total heat transfer area presented to the coolant is determined by the cell length Lcel l , the channel width

and the number of cells in series,

Aht = ns Lcel l wc (4.23)
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The Reynolds number for an individual coolant channel is calculated as:

Re = ṁcool Dh

np Acµcool
(4.24)

In the turbulent regime the Nusselt number is obtained from the Dittus-Boelter correlation:

Nu = 0.023Re0.8 Pr0.3 (4.25)

The convective heat transfer coefficient is obtained from the Nusselt number as follows:

hcool =
Nukcool

Dh
(4.26)

Finally, the number of transfer units and the resulting heat exchanger effectiveness are given as follows:

NTU = hcool Aht

ṁcool cp,cool
, ε= 1−e−NTU (4.27)

4.3.3. Thermal Management Controller Implementation
Standard Linear Time-Invariant (LTI) control theory requires the system to be written in the state-space form

ẋ = Ax+Bu. However, the thermal plant is nonlinear due to the bilinear coupling of the system state and control

input. Therefore, linearising the model at a fixed operating condition causes a loss in prediction accuracy.

Although Nonlinear MPC addresses this issue, its underlying non-convex optimisation is computationally

expensive and complicates finding the global optimum. Alternatively, the plant can be modelled using Linear

Parameter-Varying (LPV) embedding, which bridges nonlinear and LTI control formulations by keeping the

system model linear in the state space but parameter-dependent in the system matrices. As highlighted by

Morato et al. [59], this representation captures essential non-linearities while avoiding the heavy computational

burden of Nonlinear MPC. By framing the system as pseudo-linear at each time step, the control objective is

reduced to a standard quadratic cost function. When paired with a streamlined control horizon, this enables

the optimal control law to be computed via a closed-form algebraic expression, bypassing the need for iterative

numerical solvers. Furthermore, integrating a dynamic disturbance estimator directly mitigates the real-time

set-point tracking errors caused by unmodelled disturbances and parameter uncertainties.

Parameter-Varying Discretisation

The prediction model is updated at each time step by evaluating the pseudo-linear matrices Ac and Bc ,

obtained from Equation 4.19, using the previous actuator state, ṁprev:

Ac =− 1

Cth

(
1

Rth
+ṁpr ev cp,coolε

)
, Bc =

[
1

Cth

ṁpr ev cp,cool ε

Cth

1
Cth Rth

]
(4.28)

The continuous model is discretised at each time step Ts using exact Zero-Order Hold to obtain the following

discrete prediction matrices:

Ad = e Ac Ts , Bd = Bc

Ac

(
e Ac Ts −1

)
(4.29)

Dynamic Disturbance Estimator

To prevent steady-state errors caused by plant-model mismatch, a dynamic disturbance estimator computes

the residual between the measured battery temperature (Tbatt,k ) and the prior predicted state (x̂k|k−1) shown

below. This residual is processed through a discrete first-order low-pass filter using a 95/5 weighting ratio,

suppressing high-frequency sensor noise while capturing genuine thermal drift. The resulting offset, dfilt,

is applied uniformly across all steps of the prediction horizon to align model predictions with physical

measurements and guarantee offset-free tracking.

d f i l t ,k = 0.95 ·d f i l t ,k−1 +0.05 · (Tbat t ,k − x̂k|k−1) (4.30)
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Dynamic Reference Trajectory

A dynamic reference trajectory is implemented to enforce a smooth approach to the target temperature,

preventing overshoot and oscillatory behaviour. Without this trajectory, the controller reacts abruptly when

the target temperature is reached, commanding maximum coolant flow and causing the battery temperature

to drop too rapidly, which forces the actuator to cycle on and off rather than maintain a steady control action.

This aggressive behaviour reduces the algorithm to a basic rule-based thermostat and ignores the predictive

advantages of MPC. To eliminate these oscillations around the setpoint, an activation temperature threshold

(Tactivate) initiates a ramped trajectory before the target temperature is reached:

Tref(i ) = min
(
Tactivate + i ·∆Tramp, Ttrg

)
(4.31)

where Tactivate = Ttrg −0.5◦C, i is the prediction step index, and ∆Tramp is the allowable thermal rate (0.005◦C).

Closed-Form Algebraic Optimisation

The response time of the coolant actuator is notably faster than the thermal dynamics of the battery pack.

Therefore, to fundamentally simplify the optimization problem, the control horizon is restricted to a single

step (m = 1). This configuration eliminates the need for iterative numerical solvers to evaluate multi-variable

matrices, allowing the optimal actuator command to be directly derived through a closed-form algebraic

expression. To formulate this expression, the predicted trajectory over the horizon is decomposed into two

distinct components: the free response and the step response. The free response, denoted by X f r ee , represents

the baseline thermal trajectory, predicting future battery temperatures under the assumption that the current

coolant flow rate remains constant. Conversely, the step response, denoted by S, quantifies the isolated thermal

effect of varying the coolant flow rate. The tracking error (E ) over the entire prediction horizon (p = 60) is used

to calculate the precise control effort required to reach the target temperature. It is defined as the difference

between this free baseline response and the dynamic reference trajectory:

E = X f r ee −Tr e f (4.32)

The unconstrained control action, ∆U , is computed analytically by minimising this tracking error and is given

in Equation 4.33. To prevent aggressive actuator transients, a dimensionless effort penalty, β, is incorporated

to heavily penalise rapid fluctuations in the coolant mass flow rate. Additionally, a minimal regularisation

term, ϵ, is introduced in the denominator to prevent numerical singularities, which ensures computational

stability during controller initialisation:

∆U =− ST E

(1+β)(ST S)+ϵ (4.33)

Finally, to protect the physical hardware, this unconstrained control action must be saturated before being

commanded to the actuator. The change in flow rate is bounded by the maximum permissible rate of change

(∆ṁmax ), and the absolute command is restricted strictly within its physical operating limits:

∆Usat = max(min(∆U ,∆ṁmax ),−∆ṁmax ) (4.34)

ṁcool = max
(
min(ṁpr ev +∆Usat ,ṁmax ),ṁmi n

)
(4.35)

The presented BTMS architecture effectively manages the nonlinear thermal dynamics of the battery model.

The LPV model updates its parameters dynamically to keep predictions accurate across the entire operating

range, while the MPC calculates the optimal coolant flow rate in a single time step while respecting physical

actuator limits. Co-simulation of the BTMS within CM4SL is integrated into the BCU architecture detailed in

Figure 3(g) in Appendix A.2 and the single-move LPV-MPC algorithm is implemented as a MATLAB Function,

with the full source code provided in Appendix A.2.2.
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4.4. Powertrain Energy Management Strategy
The supervisory powertrain controller, referred to as PTControl within IPG CarMaker’s simulation environment,

executes the superordinated energy management strategy. The control model interprets the driver’s torque

demand alongside the current battery state and driving mode, allocating torque requests between the ICE

and EM. This section presents a rule-based Finite-State Machine (FSM) adapted from a standard parallel

hybrid control strategy and parametrised to enforce charge-sustaining behaviour that guarantees continuous

regenerative braking and electric boost availability over 24-hour race stints.

4.4.1. Endurance Powertrain Control Architecture
The mechanical energy management module operates as a prioritised, rule-based FSM that determines the

active strategy mode and distributes torque demand between the ICE and EM. The supervisory controller

evaluates operating conditions against predefined state transition boundaries, utilising hysteresis bands to

prevent high-frequency mode oscillations around threshold limits. The powertrain strategy modes and their

priority hierarchy are configured for a rear-wheel-drive, two-clutch (P2) parallel hybrid architecture which is

illustrated in Figure 4.2 and detailed in Appendix A.2.3 [55].

Engine on

Engine off

5. LoadShift
SOC ≤ 70% ±10%

6. Assist
SOC ≥ 65% ±10%

0. EngineStart 0. EngineSync 8. EngineDrive 7. Boost
SOC ≥ 70% ±5%

1. StartStop
SOC ≥ 15% ±2.5%

4. ElecDrive
SOC ≥ 40% ±10%

0. EngineStop

2. RegBrake
SOC ≤ 75% ±5.0%

3. RegDrag
SOC ≤ 75% ±5.0%

Figure 4.2: Hybrid endurance parallel P2 powertrain PTControl strategy modes

The primary control objective for endurance racing is maintaining charge-sustaining equilibrium to prevent

HV battery depletion. Discharging the battery to its lower cutoff limit triggers a protective disconnection that

abruptly eliminates electric propulsion and regenerative braking which compromises vehicle deceleration and

track safety. To prevent this, the supervisory controller parametrises the strategy modes around an HV battery

SOC target of 75%. Energy-depleting deployment modes, namely through Boost and Assist, are restricted

to higher charge levels, with pure electric driving, ElecDrive, disabled below 40%±10%. Energy recovery

modes, namely RegBrake and RegDrag, engage as SOC drops to recover kinetic energy up to 75%±5.0%, while

LoadShift provides active ICE generation. The closed-loop boundaries presented in the rule-based FSM are

parametrised to maintain the HV battery state within a stable operational window lap after lap.
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5
Simulations and Results

This chapter presents the simulation framework and evaluates the performance of the developed HV Li-ion

battery model. The co-simulation architecture and integration within IPG CarMaker are established by exam-

ining baseline Chen battery responses with and without SOC dependence, after which the state-dependent 2nd

Order ECM is extended to accurately represent real-world dynamics as the foundation for advanced controller

algorithms to optimise overall racing performance. Preliminary validation is performed using the Assessment

and Reliability of Transport Emission Models and Inventory Systems (ARTEMIS) driving cycle to benchmark

the conventional energy management strategies against the proposed hybrid control framework detailed in

Section 4.4. Finally, the integrated battery management system is evaluated under endurance racing scenarios

to assess long-term electro-thermal dynamics and overall powertrain performance.

5.1. Battery Model Integration and Validation in IPG CarMaker
The static-parameter HV battery model developed in Section 3.2 is validated by integrating in IPG CarMaker

and benchmarking it against the default Chen battery model. Model validation is conducted using a test

run driving scenario, shown in Figure 5.1, that presents a parallel hybrid configuration, shown in Figure 3.1,

travelling up and down the Bernina Pass in Switzerland. Along this route, the engine drive, electric drive and

regenerative braking operating modes of the powertrain control strategy can all be observed. The battery

discharges on the ascent and recharges on the descent, producing sustained high-current discharge and

recharge phases in a single cycle which is appropriate to evaluate the battery’s dynamic response.
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Figure 5.1: CarMaker vehicle driving profile for the mountain driving cycle.
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5.1.1. Battery Model Baseline Response without SOC Dependence
Simulation within IPG CarMaker captures the dynamic contribution of the vehicle demand on the battery and

enables validation of the developed battery model against CarMaker’s Chen Battery Model. The developed

static-parameter 2nd Order ECM replicates the dynamic response of the Chen Battery Model and is validated

as indicated in Figure 5.2. The 2nd Order ECM depicted here uses static circuit parameters, such that the idle

OCV, resistor and capacitor values remain constant throughout the simulation. The results indicate that the

mathematical representation described by the 2nd Order ECM replicates the Chen Battery Model, where their

respective dynamic response are identical over the full duration of the drive cycle. The powertrain modes and

their respective power supply contributions are provided in Figure 5.3.
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Figure 5.2: Chen battery dynamic response of developed 2nd Order ECM without SOC dependence
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Figure 5.3: Powertrain modes and energy source contributions for Chen battery model without SOC dependence

The battery dynamic response in Figure 5.2 illustrates the instantaneous electric current drawn from the

battery in response to the vehicle’s electrical power demand, alongside its propagation on the overall state

of the battery system. During the initial high-acceleration phases, the powertrain demands high power from

its power supply and is seen where the discharge current peaks above 600A, causing a rapid depletion of the

battery SOC from 70% to just below the critical 20% lower threshold. Once the battery reaches its limit, ICE

becomes the primary powertrain energy source and provides excess mechanical power specifically to drive

the EM as a generator, indicated by the charging (negative) battery current. It can be seen that during the

recharging phase, the instantaneous terminal voltage exceeds the idle voltage of 100 V which is physically

unrealistic and further motivates the implementation of state-dependent parameters to accurately capture

true electrochemical behaviour and improve the fidelity of the battery dynamics within the co-simulation.
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The powertrain control strategy in Figure 5.3 indicates the respective operating modes engaged over the

duration of the drive cycle, transitioning through StartStop, ElecDrive, Boost and EngineDrive states before

settling into sustained engine-driven operation. It is clear that the ICE contributes to 57% of the total powertrain

which is more than half of the total powertrain propulsion power.

5.1.2. Battery Model Baseline Response with SOC Dependence
The dynamic response of the static baseline model is validated such that battery model evaluation shifts to

consider the impact of incorporating SOC dependence. The dynamic response of the model is presented in

Figure 5.4 and the powertrain power supply contributions are illustrated in Figure 5.5.

Baseline Battery Model Validation with SOC Dependence
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Figure 5.4: Chen battery dynamic response of developed 2nd Order ECM with SOC dependence
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Figure 5.5: Powertrain modes and energy source contributions for Chen battery model with SOC dependence

The electric current profile in Figure 5.4 is almost unchanged from the baseline case without SOC dependence,

since the vehicle power demand and drive cycle are identical. However, there is a notable difference in

instantaneous terminal battery voltage as it starts at a lower idle OCV and falls from approximately 90V to

approximately 70V as the SOC depletes from 70% to 20%. The voltage additionally recovers smoothly to a

lower terminal voltage during the recharging phase, without the abrupt step-change observed previously. The

idle OCV produces a more physically realistic dynamic response by incorporating a SOC correction factor. The

SOC, AOC and total electric power dynamic responses follow an identical profile to the Chen Battery Model.

There is, however, a noticeable deviation in the instantaneous energy response, where the starting energy

differs but follows a similar profile thereafter. This arises because the Chen Battery Model does not account for

SOC dependence in the idle OCV, whereas this is incorporated in the developed 2nd Order ECM.
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The drive cycle is identical for both baseline cases, considering the SOC independency or dependency, where

the vehicle travels over 2 km within the 100s Test Run. The superordinate powertrain control strategy follows an

almost identical profile to the case without SOC dependence, however the EngineDrive mode is initiated earlier,

at approximately 50s instead of 60s. This effects the energy source contribution, where the ICE contributes

more than in the case without SOC-dependent idle OCV, increasing from 57% to 64%.

5.1.3. Battery Model Baseline Response Discussion
The baseline HV battery model successfully replicates the Chen response. However, several limitations that

motivate extending the complexity of the HV battery model are discussed below:

• Static Circuit Parameters: Neglecting circuit parameter state-dependency misrepresents energy man-

agement behaviour, as incorporating an SOC-dependent OCV shifts the powertrain distribution and

increases the ICE drive contribution from 57% to 64%.

• Open-Loop SOC Estimation: Open-loop CC lacks feedback error correction, accumulating integra-

tion drift over extended race durations that compromises the reliability of SOC-dependent energy

management strategies.

• Absence of Thermal Dynamics: The absence of a thermal sub-model prevents capturing the effects of

battery cell heating on internal resistance and polarisation dynamics, which critically influence overall

system performance.

5.2. Extended State-Dependent High-Voltage Battery Model

The extended HV battery model is formulated as a state-dependent 2nd Order ECM to accurately represent the

nonlinear electrochemical and thermal dynamics inherent to HV battery systems under sustained high charge-

discharge cycles typical of endurance racing conditions. The following section evaluates the simulation results

of this extended model, demonstrating its dynamic response and its improved fidelity in predicting coupled

electro-thermal behaviour. The vehicle states over the corresponding test run are illustrated in Figure 5.1,

where it is clear that these states remain identical to those of the Chen battery model baseline, ensuring that

the extended model is evaluated under the exact same operating conditions. The extended HV battery model

and its represented dynamics are evaluated in Figure 5.6 below.

State Dependent Battery Model Validation
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Figure 5.6: Extended 2nd Order ECM dynamic response with state dependence
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Figure 5.7: Powertrain modes and energy source contributions for extended 2nd Order ECM with state dependence

The representative electrochemical behaviour differs from the simplified baseline battery model which is

due to two main reasons: 1. the initial conditions have changed, and 2. the ECM parameters are now state-

dependent, where OCV = f (I ,SOC), R0,1,2 = f (I ,SOC,T ), and C1,2 = f (I ,SOC,T ). The initial OCV is set to 400V

and the capacity, Qc , is set to 10Ah. The EM is able to provide more electric propulsion power over the 100s

drive cycle because of the higher operating voltage. The powertrain control strategy, in Figure 5.7, operates

almost entirely in ElecDrive mode with its total energy contribution increasing to 85%. To meet this high

electric power demand, which peaks near 60kW, the SOC drops rapidly from approximately 75% to 40% over

the duration of the cycle.
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Figure 5.8: Electro-thermal response of extended 2nd Order ECM

The electro-thermal behaviour is represented in Figure 5.8. The extended HV battery model accounts for

temperature. It is clear that when the vehicle operates in electric drive mode, the EM draws a high current

from the battery. As shown in Figure 5.6, this results in a temperature increase of approximately 0.7◦C over

the first 100s. This temperature rise is physically realistic by the energy used, where for a 95% efficiency, the

battery loses approximately 0.03kWh to heat. Mountain driving is more aggressive than sustained highway

cruising or normal city driving, demanding continuous high power. These sustained high discharge currents

cause a rapid increase in irreversible Joule heating within the cells. This internal heat generation explains the

steady temperature rise observed across the entire 1600s drive cycle, where the battery ultimately reaches

nearly 30◦C after more than 25 minutes of operation.

The extended HV battery model serves as an accurate representation of the underlying electrochemical

dynamics. This is further verified by comparing the dynamic response shown in Section 3.3 with the Chen

battery model response detailed in Appendix A.3, Figure 4. While inherent differences in the parameter

dependencies mean the exact values are quantitatively different, the overall profiles are qualitatively close,

demonstrating that the essential dynamics are correctly represented. This extended model provides a solid

foundation to validate the BCU and EMSs under representative endurance racing conditions.
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5.3. Battery Management Strategy for Battery State Tracking
This section evaluates the four-state EKF’s ability to track the HV battery’s SOC and temperature, using noisy

current, voltage, and temperature measurements to compute the innovation residual and predict the state

trajectories. As shown in Figure 5.9, the predicted SOC and temperature closely follow the measured reference,

capturing both rapid electrical transients and gradual thermal accumulation which is further supported by the

SOC and temperature differences in Figure 5.10, which confirms the estimator’s advantage over single-sensor

measurement or CC and lumped thermal modelling alone.
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Figure 5.9: Extended 2nd Order ECM internal state tracking using EKF
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Figure 5.10: Extended 2nd Order ECM internal state difference evaluation

5.4. Preliminary Validation in ARTEMIS Driving Cycle
The ARTEMIS driving cycle, illustrated in Figure 5.11, provides a standard reference speed profile that the

full-vehicle system tracks within IPG CarMaker. The driving cycle covers a total distance of 29.545 km over a

duration of 1068 s, resulting in an average speed of 99.59 km/h, with a maximum speed of 150.40 km/h and a

peak acceleration of 1.917 m/s2.
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Figure 5.11: CarMaker vehicle driving profile for ARTEMIS driving cycle

34



The ARTEMIS driving cycle is a relevant European standard for measuring vehicle pollutant emissions, to

evaluate electric-assisted acceleration reduced emissions, which aligns with motorsport’s growing focus on sus-

tainability. This section evaluates the powertrain EMS detailed in Section 4.4, a coordinated strategy developed

to maintain hybrid powertrain performance while optimising torque distribution to outperform traditional

ICE vehicles. In this preliminary scenario, battery dynamics are assessed under two EMS configurations:

• Conventional EMS: The vehicle operates exclusively in Engine Drive mode, relying solely on the ICE.

• Active Racing EMS: An endurance-focused, charge-sustaining strategy that actively utilises the EM for

torque boosting.

5.4.1. Conventional Energy Management Strategy Performance
The baseline EMS, in which the vehicle operates strictly in EngineDrive mode, is presented to establish a

comparative reference for the hybrid powertrain. The control strategy maintains a pure EngineDrive state,

resulting in a 100% energy contribution from the ICE, with the EM torque remaining at zero throughout the

test duration. The resulting fuel consumption of the conventional powertrain is 9.02 l/100 km, which serves as

the baseline performance metric against which the developed charge-sustaining EMS is evaluated.

5.4.2. Proposed Hybrid Control Strategy Performance
The performance of the active hybrid EMS adopted in this study is evaluated under the ARTEMIS driving cycle

and is illustrated in Figure 5.12. The powertrain control strategy dynamically transitions between EngineDrive,

regenerative braking, and electric assist modes during transient acceleration periods, while settling into pure

EngineDrive during near-zero acceleration periods. This behaviour confirms that the hybrid powertrain

relies primarily on the ICE for baseline propulsion, deploying the EM to provide torque assist and energy

recovery during high-demand acceleration periods. The hybrid configuration achieves a fuel consumption

of 8.49 l/100 km which is 0.53 l/100 km lower compared to the conventional powertrain baseline, therefore

verifying the effectiveness of the proposed control strategy.
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Figure 5.12: Powertrain modes and energy source contributions for extended 2nd Order ECM for ARTEMIS
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Figure 5.13: Extended 2nd Order ECM dynamic response with state dependence for ARTEMIS
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The HV battery dynamic response is presented in Figure 5.13, where the response clearly illustrates a charge-

sustaining behaviour across the transient load profile. It can be seen that the electric current and total power

profiles alternate symmetrically between positive (discharging during acceleration and EM assistance) and

negative values (regenerative braking and energy recovery), peaking at approximately ±200 A and ±60 kW,

respectively. The terminal voltage fluctuates dynamically in response to these transient load variations and

can be seen dropping during high-power discharge and recovering during regeneration. This balanced charge-

sustaining behaviour is further validated in Figure 5.14.

0 200 400 600 800 1000
Time [s]

40

50

60

70

80

SO
C

 [%
]

(a) State of Charge Estimation

0 200 400 600 800 1000
Time [s]

26

28

30

Te
m

pe
ra

tu
re

 [°
C

]
(b) Battery Temperature Tracking

Figure 5.14: Evaluation of battery internal states for ARTEMIS

The ARTEMIS cycle evaluation confirms that the supervisory energy management strategy successfully

achieves charge-sustaining operation. During aggressive acceleration and high-demand phases, the bat-

tery discharges and oscillates within lower operational bounds for ElecDrive to maximize electric propulsion.

Regenerative braking and load-shifting modes actively recover energy up to 78% to restore the SOC toward its

nominal 75% target, ensuring long-term energy sustainability and system robustness. The observed dynamic

SOC swing between 38% and 78% demonstrates that the controller fully utilises the available operational

window to balance high-power electric assistance and continuous energy recovery.

5.5. Endurance Racing Driving Scenario Evaluation
The performance of the integrated power supply model with state estimation, thermal management, and

energy management for the hybrid endurance powertrain is evaluated under a representative endurance racing

driving scenario. This extended evaluation assesses the system’s long-term energy management, thermal

accumulation, and state-tracking robustness under continuous, highly dynamic racing loads. The driving

scenario is modelled on the Hockenheimring racing circuit, which is approximately 2600m long. During

the simulation, the vehicle achieves an average speed of approximately 117km/h and a maximum speed of

162km/h. The power supply framework and controller schemes are evaluated over a 1 hour test duration, as

illustrated in Figure 5.15, where the vehicle travels approximately 120km while demonstrating the identical

velocity and acceleration profiles per lap.
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Figure 5.15: CarMaker vehicle driving profile for Hockenheim racing driving cycle
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5.5.1. Conventional Control Long-Term Performance Assessment
To establish a performance baseline for the hybrid endurance powertrain architecture, the vehicle’s long-term

performance is assessed using a purely conventional control strategy where vehicle propulsion relies exclusively

on the ICE. It is determined from real-time simulation that operating without hybrid assistance leads to severe

fuel depletion under continuous racing loads, where the vehicle’s fuel level reaches empty at 3455s and

terminates the simulation. This premature fuel starvation highlights the critical role of hybrid systems in

endurance applications, where electric assistance and regenerative energy capture optimise fuel efficiency

and ensure the vehicle can complete the full race distance without hindering overall vehicle performance.

5.5.2. Hybrid Racing Control Long-Term Performance Assessment
The long-term behaviour of the full hybrid endurance powertrain is evaluated under the same one-hour

Hockenheimring racing scenario, as presented in Figure 5.16. As shown in the powertrain control mode profile

over a representative single-lap cycle, the active hybrid strategy continuously coordinates multiple operating

states, which include boost, load-shifting, and regenerative braking to dynamically manage and coordinate

power delivery. This active distribution is reflected in the torque and energy contributions where the ICE

accounts for 69% of the total energy supply, while combined hybrid and electric contributions account for

30%. A crucial factor to note is that the vehicle completes the entire driving simulation stint with roughly 10%

fuel remaining, which demonstrates that the integration of electric assistance and regenerative energy further

reduces fuel consumption without compromising the overall driving performance.
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Figure 5.16: Powertrain modes and energy source contributions for active racing EMS

Accurate tracking of internal battery states is critical for coordinating powertrain control strategies as well

as managing long-term torque distribution. The internal states, within the power supply architecture, are

monitored by the BCU using estimates derived from the HV battery power supply model. The following sections

evaluate the optimal operating temperature required to minimize battery degradation, the state-estimation

performance focusing on SOC tracking across its dynamic charge-sustaining and charge-depleting profiles,

and finally the temperature tracking performance necessary for effective thermal management throughout the

full one-hour racing stint.
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5.5.3. HV Battery Dynamics
The battery dynamic response over a representative single-lap cycle, with lap distance of 2548m, is illustrated

in Figure 5.17. The average individual-lap profile, in blue, is overlaid on the recursive lap simulations over

the 1-hour stint, in grey, which captures both transient variation and the average performance trend. The

recursive lap simulations reflect high lap-time repeatability with minimal lap-to-lap variance. This driving

behaviour is generated by IPG CarMaker’s advanced driver model, configured with an aggressive style that

forces high-performance cornering, hard acceleration, and intense braking, consistent with the representative

race stint in Figure 5.15. A notable feature of the multi-lap cycle is the alternating pattern of discharge-heavy

and charge-heavy phases, reflecting how the driver model handles consecutive laps.
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Figure 5.17: Lap-profile showing charge-sustaining behaviour for 2nd Order ECM dynamic response with state dependence

It is clear that the resulting electric current and total electric power profiles exhibit severe transient spikes,

reaching upper and lower limits of ±200A and ±60kW, respectively. These sharp peaks correspond directly to

heavy power demands during acceleration boost phases and high energy recovery during regenerative braking.

Despite these high-stress dynamic loads, both the terminal voltage and the remaining energy capacity strictly

follow a stable charge-sustaining profile. The remaining energy oscillates within a controlled band between

0.18kWh and 0.28kWh, confirming that the energy management strategy successfully balances power delivery

and recovery without causing net pack depletion. The presented lap-time simulation for HV battery dynamics

highlights the exceptional repeatability and robustness of the integrated powertrain and control framework

under continuous endurance conditions.

State of Health Evaluation for Thermal Operating Conditions

An initial SOH evaluation is conducted to determine the optimal operating temperature that the battery can

sustain without causing performance degradation, system disruptions, or premature failure. This evaluation

is performed across six discrete operating temperatures [25◦C, 30◦C, 35◦C, 40◦C, 45◦C, and 50◦C]. The state-

dependent parameters for the 2nd order ECM are derived from technical lookup tables bounded at 45◦C.

Because of this upper limit, simulations at 50◦C rely on data from the maximum table boundary, resulting in

the overlapping trajectories observed in Figure 5.18.
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Figure 5.18: Evaluation of SOH Degradation for 2nd Order ECM dynamic response with state dependence

As shown in the evaluation results, battery degradation accelerates non-linearly with rising temperatures due

to increased thermal losses. The optimal operating temperature is selected as 35◦C, as it maintains a minimal

degradation rate of < 0.02% per hour, whereas temperatures exceeding this threshold experience sharply

accelerated power fade. A conservative operating point is selected to guarantee that the battery remains robust

against performance drops, power losses, or system failures during aggressive racing manoeuvres, and it also

accounts for speed and acceleration limitations in the driver simulation.

State of Charge Estimation Evaluation

The SOC estimation performance during the one-hour endurance racing scenario is evaluated in Figures 5.19

and 5.20. As illustrated by the time-based and lap-distance profiles in Figure 5.19, the battery SOC exhibits a

highly repetitive profile characterised by charge-sustaining behaviour, confirming the energy-neutral operation

of the hybrid powertrain. Throughout the entire race stint, the SOC swings dynamically between 54% and

80%, remaining strictly within the specified usable operational window. This demonstrates that the active

racing EMS fully exploits the usable SOC window of the HV battery to balance high electric power delivery

with continuous energy recovery to maximise the performance and efficiency of the hybrid powertrain while

maintaining the battery longevity.
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Figure 5.19: SOC Dynamic Swing over racing profile stint

A comparison between the measured SOC (derived from open-loop CC) and the predicted SOC (estimated

via the EKF) reveals distinct trajectory behaviours. The measured SOC exhibits a progressive upward drift

over time due to uncorrected cumulative drift and integration errors, whereas the EKF-predicted estimate

successfully compensates for sensor noise and system uncertainties. As a result of this, the deviation between

the open-loop and filtered trajectories gradually increases as the simulation progresses, emphasising the

critical role of the EKF to mitigate accumulated integration errors to ensure reliable long-term state tracking.
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Figure 5.20: SOC and SOH drop per lap over the entire 1 hour simulation

Figure 5.20 details the variations across the racing profile stint per lap. The per-lap SOC drop remains tightly

bounded within allowable limits (<0.05% per hour), reinforcing the stability of the charge-sustaining strategy.

Meanwhile, the SOH drop per lap demonstrates that cumulative battery degradation occurs non-linearly,

accelerating as the thermal and electrical stress accumulates over the course of the aggressive racing scenario.

The robustness and reliability of the integrated battery state estimation and energy management framework

are validated for extended high-stress racing stint profiles.

5.5.4. Thermal Management
The thermal management performance and cooling system response during the one-hour endurance racing

scenario are evaluated in Figures 5.21 and 5.22 where the average load profile is plotted on top of the lap-to-lap

temperature profiles. The battery temperature increases exponentially during the initial simulation phases

until it reaches the targeted optimal operating threshold of 35◦C at approximately 1000s. At this point, the

thermal operating condition is reached, and the LPV MPC strategy anticipates thermal loads and actively

corrects them by engaging actuators to circulate coolant through the battery pack at specified mass flow rates,

successfully managing the pack temperature within safe operating bounds.
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Figure 5.21: Battery temperature tracking over the racing profile stint

The cooling system tracks the lap-sector heat cycles and maintains the core battery temperature near 35◦C.

However, the single-move horizon (m = 1) induces an aggressive control action, causing the outlet coolant

temperature to fluctuate sharply between 15◦C and 35◦C. This behaviour highlights a clear area for control

smoothing to minimise thermal fatigue on the cooling circuit components.
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Figure 5.22: Cooling circuit actuator response over the racing profile stint

5.6. Discussion of Results

5.6.1. Evaluation
The model-based design of a HV battery management system is effectively integrated and validated in the

IPG CarMaker vehicle simulation environment. The battery management system framework integrates three

main subsystems, namely the power supply model, battery control unit and powertrain control. The 2nd Order

ECM is fully coupled with a four-state EKF for real-time state tracking of SOC, SOH and temperature, paired

with a LPV MPC strategy for active thermal management alongside powertrain energy management strategies

which collectively ensure accurate representation of battery dynamics, state estimation and charge-sustaining

behaviour for lap-time simulations.

Controller strategies are evaluated, namely the effectiveness of state tracking and thermal control. The four-

state EKF effectively mitigates open-loop CC drift and maintains an accurate representation of the battery state,

which is essential for managing the energy contribution split of 69% from the ICE and 30% from combined

ICE-EM operation. Accurate state tracking prevents premature battery depletion, which under a conventional,

ICE-only strategy would eliminate the regenerative drag recovered through RegDrag, imposing higher loads

on the brake discs and increasing the risk of system failure. The thermal management system regulates the

core battery temperature around the optimal 35◦C threshold throughout the simulation. Lap-simulation

results demonstrate the value of the hybrid electric powertrain, and how it exploits the EM to assist the ICE

and reduce vehicle pollutant emissions, aligning with the growing focus on sustainability in motorsport.

The active hybrid EMS avoids the premature fuel starvation of the conventional powertrain, completing the

one-hour simulation with 10% fuel remaining which corresponds to approximately two fewer fuel stops than a

conventional powertrain following an identical drive profile.

The overall performance of the coordinated HV battery management system is evaluated against the charge-

sustaining battery performance, namely the peak to peak fluctuation, net change and consistency of the

battery SOC per lap over a one-hour driving cycle scenario simulation. Lap-to-lap repeatability is verified

by evaluating the battery dynamics for recursive lap simulations that indicate minimal lap-to-lap variance

in current, voltage, and remaining energy. It is evident that the system maintains a strict charge-sustaining

behaviour, achieving energy-neutral operation. The dynamic battery SOC peak-to-peak fluctuation per lap

is approximately 26% and the net change per lap is given by ∆SOC ≈ 0 with the highest net change being

0.002, and the lap time repeatability is verified by the average SOC per lap overlaying the cumulative SOC

profile. The rule-based FSM actively rebalances energy deployment against recovery on every lap, rather than

simply avoiding depletion across a single stint, which is the behaviour required for a controller intended to

operate over a full endurance race distance. This reflects that, for the given drive cycle, the system exploits

the advantages of electric propulsion by executing the ElecDrive, RegBrake, and RegDrag strategy modes

effectively. However, the driving cycle does not exhibit high velocity and transient acceleration of typical

aggressive racing behaviour to activate the Assist and Boost strategy modes.
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5.6.2. Limitations
Despite the robust performance demonstrated by the simulation framework, several limitations must be

acknowledged and are described in this section.

Battery Plant Modelling

The battery plant model is entirely model-based, and simplifications and assumptions have therefore been

made to represent the system behaviour as accurately as possible without compromising real-time simulation

feasibility. The state-dependent parameter lookup tables for the 2nd Order ECM are experimentally bounded at

45◦C, which limits the model’s accuracy when predicting electrochemical degradation and internal resistance

behaviour under severe thermal runaway or high-temperature racing conditions. The thermal model further

adopts a lumped formulation rather than distributed nodal modelling, neglecting cell-to-cell variations and

localised thermal gradients within the battery pack, in order to preserve computational efficiency for real-

time co-simulation. Physical experimental data from a real endurance test bench or vehicle prototype is not

available to validate the battery, powertrain, state, and thermal responses. The baseline Chen battery model,

IPG CarMaker’s built-in reference model, is therefore used as the foundation against which this study’s model

is validated.

State Estimation and Control Algorithm

Limitations also exist within the estimation and advanced control algorithm architectures. The four-state

EKF is validated using synthetic zero-mean Gaussian white noise injected onto ideal current, voltage, and

temperature signals, rather than noise characteristics derived from physical sensor data sheets or measured

hardware, whereas real sensor noise may exhibit bias, non-Gaussian behaviour, or correlated drift not captured

by this assumption which can impact the estimation accuracy in hardware implementations. The thermal

management MPC strategy is tuned with a single-move prediction horizon which induces aggressive actuator

action and sharp coolant outlet temperature transients that increase thermal fatigue on the cooling circuit

components such as pumps and valves.

Simulation Environment and Driving Cycle

The lap simulation behaviour introduces several limitations, since the system is not subjected to fully repre-

sentative endurance racing conditions. IPG CarMaker’s advanced driver model relies on predefined control

parameters that cannot fully replicate the limit-handling behaviour, complex tyre slip dynamics, and adaptive

lines executed by a professional human endurance racing driver. The simulation framework also assumes unin-

terrupted track running, neglecting dynamic racing interactions such as overtaking manoeuvres, aerodynamic

slipstreaming, and the strategic time losses associated with pit stops. Finally, the simulated Hockenheimring

drive cycle does not demand peak acceleration transients high enough to trigger the highest-priority Assist

and Boost strategy modes, leaving the framework’s behaviour under extreme charge-depleting conditions

unvalidated.
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6
Conclusion and Recommendations

6.1. Conclusion
The HV battery management system framework is evaluated for its long-term energy management, thermal

control, and state-tracking behaviour under the continuous, highly dynamic racing loads of a representative

endurance racing lap-time simulation on the Hockenheimring circuit. This study contributes a coordinated

battery management system that integrates advanced high-voltage battery modelling, state estimation, and

thermal control within a co-simulation environment, building a robust framework to advance public knowl-

edge and optimise performance under the severe electrical and thermal stresses inherent to endurance

racing driving profiles, characterised by high-power transients, rapid charge-discharge cycles, and aggressive

continuous loads.

Extension of the baseline battery model into a state-dependent 2nd Order ECM accurately captures the

non-linear electrochemical dynamics of the HV battery across varying operating conditions, providing an

accurate foundation for the state estimation and control algorithms built upon it. The four-state EKF tracks

the battery SOC on this foundation and resolves the open-loop CC drift inherent to the baseline model by

leveraging real-time voltage and temperature feedback, bounding SOC estimation errors within tight margins

of ±0.02. Thermal state tracking is achieved to a similar standard, with the lumped thermal model keeping

core temperature discrepancies under ±0.15◦C while preserving the real-time processing speed required

for co-simulation and minimising the computational overhead. The modelling and estimation results are

validated across standardised driving cycles, confirming that the framework produces accurate and reliable

state tracking under representative operating conditions. Finally, the lap simulation on the Hockenheimring

circuit confirms that the supervisory energy management strategy achieves charge-sustaining operation

by dynamically exploiting the usable SOC window of 54% to 80%, yielding improved fuel efficiency, stable

thermal regulation, and reliable long-term state tracking under the aggressive continuous loads characteristic

of endurance racing.

Overall, the synchronised performance of the energy management controller, the BCU, and the state-dependent

equivalent circuit model highlights a robust, highly repeatable, and well-coordinated multidisciplinary archi-

tecture suitable for endurance racing applications.
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6.2. Recommendations for Future Works
The results of this study demonstrate the effectiveness of the integrated HV battery management architecture.

The findings are, however, fundamentally derived from model-based co-simulations in CarMaker for Simulink

that are subject to specific assumptions and boundary conditions. As previously discussed in Section 5.6,

discrepancies between simulation and physical battery operational behaviour primarily originate from lumped

model approximations, bounded state-dependent parameter tables, and predefined driver models that do

not fully capture the limit-handling behaviour and adaptive racing lines of a professional human endurance

racing driver.

This model-based work should be paired with experimental validation, using physical test bench data or

telemetry collected from real-world hybrid racing track testing, to confirm that the coupled simulation

framework and state estimation algorithms generalise beyond the co-simulation environment. The state-

dependent parameter lookup tables underpinning the battery model would also benefit from extended thermal

characterisation, expanding testing beyond the current 45◦C bound to preserve model fidelity at the higher

temperatures aggressive racing operation can reach. Alternative forced convection strategies in the cooling

architecture, such as integrating passive aerodynamic airflow through the vehicle body alongside the existing

active liquid cooling, could improve thermal efficiency and reduce pump losses. The thermal control algorithm

would likewise benefit from multi-move MPC tuning to minimise thermal shock on the closed-loop cooling

architecture.

To bridge the gap between simulation and real-world deployment, future work must prioritise comprehensive

sensitivity evaluations under variable driver profiles and track dynamics, alongside hardware-in-the-loop

testing and full-scale prototype validation to further verify model-based HV battery management system

performance under empirical conditions.
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Appendix

A.1. Battery Modelling Approach Implementation in MATLAB & Simulink

A.1.1. State-Depended Model-Parameter 3D Lookup Tables
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Figure 1: State-dependent R0 model-parameter 3D lookup table across charging and discharging operating conditions
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Figure 1: State-dependent R1 model-parameter 3D lookup table across charging and discharging operating conditions
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Figure 1: State-dependent R2 model-parameter 3D lookup table across charging and discharging operating conditions
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Figure 1: State-dependent C1 model-parameter 3D lookup table across charging and discharging operating conditions
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Figure 1: State-dependent C2 model-parameter 3D lookup table across charging and discharging operating conditions
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A.1.2. Simulink Coder Plug-In Model for CarMaker Power Supply

(a) Level 1: Top level power supply Simulink coder plug-in model

(b) Level 2: 2nd order ECM subsystem

(c) Level 3: Terminal voltage implementation in Simulink

Figure 2: Simulink plug-in model for IPG CarMaker of HV battery power supply system
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A.2. Controller Strategy Development in CarMaker for Simulink

A.2.1. State Estimation implementation in CM4SL

(a) Level 1: Top-level CarMaker execution chain

(b) Level 2: Subsystem containment inside IPG Vehicle

(c) Level 3: BCU subsystem execution routing within PowerTrain
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(d) Level 4: Internal signal routing, bus creation, and battery control subsystems

(e) Level 5: Coupled 3-State EKF estimation and state limiting architecture

49



(f ) Level 6: Coupled 4-State EKF estimation and state limiting architecture

(g) Level 7: Jacobian linearisation for the 4-State EKF

Figure 3: CarMaker execution chain and BCU state estimation architecture across the CM4SL model hierarchy
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A.2.2. Single-move LPV-MPC for Battery Thermal Management
1 function mdot_cool = thermal_mpc(T_batt, T_amb, Tc_in, T_trg, Q_gen, Cth, Rth, cp_cool, eps, mdot_prev)
2

3 Ts = 1; p = 100;
4

5 beta = 50;
6 mdot_min = 0.001; mdot_max = 1000; max_step = 0.015;
7 ramp_rate = 0.005;
8

9 persistent T_filt
10 if isempty(T_filt), T_filt = T_batt; end
11 T_filt = 0.9*T_filt + 0.1*T_batt;
12 T = T_filt;
13

14 Ax = -(1/Cth) * (1/Rth + mdot_prev*cp_cool*eps);
15 Bv = [1/Cth, (mdot_prev*cp_cool*eps)/Cth, 1/(Cth*Rth)];
16 Bu = -(cp_cool*eps/Cth) * (T - Tc_in);
17

18 A_d = exp(Ax*Ts);
19 B_d = (Bv/Ax) * (A_d - 1);
20 Bu_d = (Bu/Ax) * (A_d - 1);
21 v_k = [Q_gen; Tc_in; T_amb];
22

23 persistent x_last d_filt
24 if isempty(x_last), x_last = T; d_filt = 0; end
25 d_filt = 0.95*d_filt + 0.05*(T - x_last);
26

27 X_free = zeros(p,1); S = zeros(p,1);
28 x = T; s = 0;
29 for i = 1:p
30 x = A_d*x + B_d*v_k; X_free(i) = x + d_filt;
31 s = A_d*s + Bu_d; S(i) = s;
32 end
33

34 T_activate = T_trg - 3.0;
35 persistent ramp_ref
36 if isempty(ramp_ref), ramp_ref = T_activate; end
37 if T >= T_activate || ramp_ref > T_activate
38 ramp_ref = min(ramp_ref + ramp_rate*Ts, T_trg);
39 end
40 R_traj = min(ramp_ref + ramp_rate*Ts*(1:p)’, T_trg);
41

42 E = X_free - R_traj;
43 dU = -(S’*E) / ((1 + beta) * (S’*S) + eps_reg(S));
44

45 hi = min(mdot_max - mdot_prev, max_step);
46 lo = min(mdot_prev - mdot_min, max_step);
47 dU = max(min(dU, hi), -lo);
48

49 mdot_cool = min(max(mdot_prev + dU, mdot_min), mdot_max);
50 x_last = A_d*T + B_d*v_k + Bu_d*(mdot_cool - mdot_prev);
51 end
52

53 function r = eps_reg(S)
54 r = 1e-12 * max(S’*S, 1);
55 end
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A.2.3. Mechanical Energy Management Strategy Modes
0. Transient Modes: Manages the dynamic transitions between engine-off and engine-on states:

• EngineStart: Cranks the ICE to idle speed using maximum starter motor load, while the EM

maintains driver torque demand.

• EngineStop: Opens the decoupling clutch and brakes the ICE to zero speed, while the EM maintains

driver torque demand.

• EngineSync: Matches ICE speed to driveline speed before closing the decoupling clutch to ensure

smooth torque transfer.

1. StartStop: Corresponds to a standstill with the ICE off, where the target torques for the ICE and EM are

zero.

2. RegBrake: Controls regenerative braking by assigning generator torques to the EM to recover braking

energy and recharge the battery, mitigating energy loss due to friction braking. The strategy mode

receives a target regenerative brake torque, TBrakeRegTarget, and calculates the EM’s target torque, TEMtarget,

accounting for the current transmission ratio from motor to wheel iM2W:

TEMtarget =−TBrakeRegTarget

iM2W

3. RegDrag: Controls regenerative drag, creating an artificial drag torque using the EM as a generator

based on the negative torque demand interpreted from the pedal map. This recharges the power supply

instead of dragging the ICE.

4. ElecDrive: Corresponds to pure electric driving, where the entire torque demand is satisfied by the EM

while the ICE is disengaged by opening the clutch, setting the ICE target torque to zero.

5. LoadShift: Sets the ICE target torque to its optimum torque, TICEopt, which generates more energy than

necessary so that the surplus energy is used for recharging the power supply by assigning an appropriate

generator torque to the EM. The ICE is commanded to run at its optimum torque, converting excess

mechanical energy into electrical energy by commanding the EM with a negative surplus torque:

TICE, target = TICE,opt, TEM, target = Ttarget −TICE,opt < 0

6. Assist: Activated when the target torque is greater than the ICE optimum torque and smaller than its

maximum torque. It sets the ICE target torque to its optimum torque, TICE,opt, and assigns the remaining

demand to the EM:

TICE,target = TICE,opt, TEM,target = Ttarget −TICE,opt > 0

7. Boost: Activated when the target torque is greater than the ICE maximum delivery torque at the current

rotation speed. Boost serves as a primary deployment mechanism during acceleration phases where the

ICE is commanded to maximum torque and the EM delivers the remaining demand:

TICE,target = TICE,max, TEM,target = Ttarget −TICE,max > 0

8. EngineDrive: Corresponds to pure ICE driving, where the entire torque demand is assigned to the ICE

and the EM target torque is zero.
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A.3. Chen Battery Model

Baseline Battery Model Validation with SOC Dependence
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Figure 4: Battery dynamic response of developed 2nd Order ECM with SOC dependence

State Dependent Battery Model Validation over the entire Drive Cycle
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Figure 5: Battery dynamic response of developed 2nd Order ECM with SOC dependence
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