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ABSTRACT 

Ville Raunio: Modelling of electrified powertrain components for simulation-driven control 
system design 
Master of Science Thesis 
Tampere University 
Master’s Degree Programme in Automation Engineering 
May 2026 
 

The electrification of the non-road mobile machinery introduces new system topologies and 
components together with complex control strategies. Model-based design and simulation-driven 
development have become essential to manage the increased complexity. These methods enable 
earlier testing capabilities together with early performance results of the new prototypes. How-
ever, choosing the right trade-off between the simulation model fidelity and computational effi-
ciency is challenging. The objective of this thesis is to develop real-time capable simulation mod-
els of key electrified powertrain components for system-level software development purposes.  

Models are developed for a permanent magnet synchronous motor, a high-voltage battery, 
and a bidirectional buck-boost DC-DC converter for system-level simulation. Based on a literature 
review of different modelling approaches for the key components, a dq-axis equivalent circuit 
model for PMSM, an equivalent circuit model with a selectable number of RC pairs for the battery 
and an average-value model for the DC-DC converter are selected. These physical models are 
integrated with realistic supervisory and diagnostic logic to ensure the replication of realistic op-
erational constraints and boundary behavior during system-level verification. 

The developed PMSM and battery models demonstrate high dynamic accuracy in validation 
with experimental data. The comparison of the battery ECM configurations lines well with reports 
from the literature as the two-RC-pair model provides the best trade-off between accuracy and 
computational efficiency. While the DC-DC converter successfully demonstrates bidirectional 
buck-boost operation, it exhibits poor disturbance rejection capabilities indicating a need for future 
tuning.  

Finally, the integrated system model simulated in offline environment is deployed to a Beckhoff 
TwinCAT 3 real-time target for real-time performance evaluation. The simulation achieves a task 
execution time of 45 to 55 microseconds with a 1-millisecond simulation step time, utilizing ap-
proximately 4-6% of the real-time environment CPU. Deterministic execution in the real-time en-
vironment is ensured by verification of identical simulation results in real-time and offline environ-
ments. These results prove that the developed models are not only highly capable of deterministic 
real-time execution and replication of real components but also possess significant computational 
headroom for future extension of the system models. 
 

Keywords: Model-based design, electrification, simulation, real-time simulation, electric 
powertrain 
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TIIVISTELMÄ 

Ville Raunio: Sähköistetyn ajovoimansiirron komponenttien mallinnus simulaatiopohjaisen 
ohjausjärjestelmäkehityksen tarpeisiin 
Diplomityö 
Tampereen yliopisto 
Automaatiotekniikan DI-ohjelma 
Toukokuu 2026 
 

Työkoneiden sähköistyminen tuo mukanaan uusia järjestelmätopologioita, komponentteja 
sekä monimutkaisempia ohjausstrategioita. Mallipohjaisesta suunnittelusta sekä simulaatioiden 
apuna käyttämisestä on tullut lähes välttämättömiä kasvavan kompleksisuuden hallinnassa. 
Nämä työkalut edesauttavat testaamista varhaisemmassa vaiheessa sekä auttavat tarjoamaan 
alustavia arvioita kehitettävän prototyypin suorituskyvystä. Oikean mallinnustavan valitseminen 
on kuitenkin haastavaa tasapainon löytämiseksi simulaatiomallin tarkkuuden sekä laskennallisen 
tehokkuuden välillä. Tämän työn tavoitteena on kehittää sähköistetyn ajovoimansiirron 
avainkomponenteille reaaliaikasimulointiin kykenevät mallit järjestelmätason 
ohjelmistokehityksen tarpeisiin.  

Simulaatiomallit mallinnetaan kestomagneettitahtimoottorille, korkeajänniteakulle sekä 
kaksisuuntaiselle buck-boost DC-DC-muuntimelle järjestelmätason simulaatioita varten. 
Mallinnustavat kullekin komponentille valitaan kirjallisuuskatsauksen perusteella. 
Kestomagneettimoottorille valitaan dq-akselistoon perustuva ekvivalenttipiirimalli, akulle 
ekvivalenttipiirimalli säädettävällä määrällä vastus-kondensaattoripareja (RC), sekä DC-DC-
muuntimelle keskiarvoperusteinen käyttäytymismalli. Näihin malleihin yhdistetään realistiset 
ohjaus- ja diagnostiikkalogiikat, jotta todelliset käyttörajoitteet ja rajakäyttäytymiset voidaan 
toistaa järjestelmätason validoinnissa.  

Kehitetyt sähkömoottori- ja akkumallit osoittavat korkeaa dynaamista tarkkuutta verrattaessa 
simulaatiotuloksia kokeelliseen mittausdataan vastaavista komponenteista. Akun tulokset eri RC-
parien lukumäärällä vastaavat hyvin kirjallisuudesta löytyviä tuloksia, sillä kahden parin malli 
tarjoaa parhaan kompromissin tarkkuuden sekä laskennallisen tehon väliltä. Vaikka DC-DC-
muuntimella demonstroidaan kaksisuuntaista buck-boost-toimintaa onnistuneesti, sen kyky 
hallita häiriöitä jää heikoksi, mikä osoittaa jatkokehityksen tarpeen.  

Lopuksi komponenttimalleista yhdistetään ajovoimansiirtoa kuvaava järjestelmämalli, jota 
simuloidaan ensiksi Simulink-ympäristössä, minkä jälkeen se tuodaan Beckhoffin TwinCAT 3 -
reaaliaikaympäristöön suorituskyvyn arviointia varten. Reaaliaikaympäristössä järjestelmämalli 
kykenee noin 50 mikrosekunnin suoritusaikaan yhden simulaatioaskeleen ollessa millisekunnin. 
Tämä vastaa noin 5 % prosessorin käyttöastetta reaaliaikajärjestelmässä. Deterministinen 
suorituskyky varmistetaan vielä vertaamalla Simulinkissä saavutettuja tuloksia 
reaaliaikaympäristön tuloksiin. Tulokset ovat täysin identtisiä ja näin voidaan osoittaa, että 
kehitetyt mallit eivät ainoastaan mahdollista determinististä reaaliaikaista suoritusta ja 
komponenttien todenmukaista mallintamista, vaan ne myös jättävät merkittävästi laskennallista 
kapasiteettia mahdollistaen järjestelmämallin laajentamisen esimerkiksi lämmönsiirtoa kuvaavilla 
malleilla.  

 
Avainsanat: mallipohjainen suunnittelu, sähköistyminen, simulaatio, reaaliaikasimulaatio, 
sähköinen ajovoimansiirto  

 
Tämän julkaisun alkuperäisyys on tarkastettu Turnitin Originality Check -ohjelmalla.  



iii 
 

USE OF AI IN THESIS 

 
I have utilised AI tools in my thesis: 
 

☐  No  

☒  Yes 

 
The AI tools utilised in my thesis and their purposes are described below: 
 
Names and versions of AI tools:  
ChatGPT, GPT-5.3 
Copilot, GPT-5 
Scopus AI, GPT-4o mini 
Gemini, Gemini 3.1 Pro 
 
Purpose of using AI tools: Brainstorming, proof-reading and finding references. 
 
Sections where AI tools were used: AI tools were used for brainstorming new ideas and how 
to implement them throughout the whole process. AI tools, especially Scopus AI were used to 
search relevant references mostly for the background chapter. In the final phases of the pro-
cess, these tools were used for proofreading the whole thesis. 
 
I acknowledge that I am fully responsible for the entire content of my thesis, including the parts 
generated by AI, and accept accountability for any violations of ethical standards in publica-
tions. 

 



iv 
 

PREFACE 

This Master’s thesis was conducted in cooperation with Epec. I would like to thank Epec 

for providing an interesting topic and for their continuous support throughout the whole 

journey. My sincere gratitude goes to my supervisors, Mikko Huova and Petteri Multanen 

from Tampere University, as well as Joonas Remes from Epec, for their invaluable guid-

ance and feedback at all stages of this work. 

I also want to thank my family and friends for support and all the unforgettable moments 

we have shared throughout my student years.  

 
 

Tampere, 28 April 2026 

 

Ville Raunio 



v 
 

CONTENTS 

1. INTRODUCTION .................................................................................................. 1 

2. BACKGROUND .................................................................................................... 3 

2.1 Electrification of Non-Road Mobile Machinery ........................................ 3 

2.2 Model-Based Design ............................................................................. 6 

2.2.1 Workflow ....................................................................................... 7 
2.2.2 Control logic development ............................................................. 8 
2.2.3 Testing .......................................................................................... 9 

2.3 Modelling Techniques for key components of hybrid powertrain .......... 11 

2.3.1 Electric motor and frequency converter ....................................... 12 
2.3.2 Battery ........................................................................................ 15 
2.3.3 DC-DC Converter ........................................................................ 21 

3. MODELLING OF THE KEY COMPONENTS ...................................................... 25 

3.1 Modelling and simulation environment ................................................. 25 

3.2 Electric drive ........................................................................................ 26 

3.2.1 Permanent magnet synchronous motor model ............................ 28 
3.2.2 Field-oriented control and field-weakening controller .................. 30 
3.2.3 Derate and diagnostic functions .................................................. 34 
3.2.4 Integrated electric drive model .................................................... 36 

3.3 Battery ................................................................................................. 38 

3.3.1 Equivalent circuit model .............................................................. 39 
3.3.2 Battery management system ...................................................... 40 

3.4 DC-DC Converter ................................................................................ 43 

3.4.1 Average-value DC-DC converter model ...................................... 44 
3.4.2 Control and supervisory functions ............................................... 45 

4. SIMULATION RESULTS AND VALIDATION ...................................................... 47 

4.1 Electric drive ........................................................................................ 47 

4.2 Battery ................................................................................................. 51 

4.3 DC-DC converter ................................................................................. 55 

5. SYSTEM MODEL ............................................................................................... 59 

5.1 Offline simulation model ...................................................................... 59 

5.2 Real-time simulation setup ................................................................... 61 

5.3 System simulation results .................................................................... 61 

6. CONCLUSIONS .................................................................................................. 66 

REFERENCES....................................................................................................... 68 

 

 

 



vi 
 

LIST OF SYMBOLS AND ABBREVIATIONS 

BEMF Back-electromotive force 
BMS Battery management system 
ECM Equivalent circuit model 
FEA Finite element analysis 
FEM  Finite element method 
FOC Field-oriented control 
HIL Hardware-in-the-loop 
ICE Internal combustion engine 
MBD  model-based design 
MIL Model-in-the-loop 
NRMM   Non-road mobile machine 
OCV Open-circuit voltage 
PDU Power distribution unit 
PI Proportional-integral 
PIL Processor-in-the-loop 
PMSM Permanent magnet synchronous motor 
PNGV The partnership for new generation vehicles  
PS Physical signal (Simscape) 
PWM Pulse width modulation 
P2D Two-dimensional porous electrode model 
RC  Resistor-capacitor 
RMS Root mean square 
RTF Real time factor 
SIL  Software-in-the-loop 
SOC State of charge 
SOH State of health  
TcCOM TwinCAT component object module 
 
ah,aj,aex  Open-circuit iron loss coefficients 
B Damping coefficient of the motor 
bh,bj,bex Short-circuit iron loss coefficients 
CBatt Total capacity of the battery 
Cn Capacitance of the n-th RC pair 
D Duty cycle of the DC-DC converter 
e Induced back-electromotive force voltage 
I1 DC-DC converter input current 
I2 DC-DC converter output current 
id D-axis stator current 
iq Q-axis stator current 
IBatt Current flowing out of the battery 
J Total mechanical inertia of the motor and load 
k Back-electromotive force constant relating to the RMS volts per Hz 
Ke PMSM back-electromotive force constant 
Kt PMSM torque constant 
Ld Stator inductance in the d-axis 
Lq  Stator inductance in the q-axis 
M Modulation index 
n Number of RC pairs in the equivalent circuit model 
N Number of permanent magnet pole pairs 
PCopper Copper losses 
POCV Open-circuit iron losses 
PSCV Short-circuit iron losses 



vii 
 

R0 Series resistance of the equivalent circuit model 
Rn Resistance of the n-th RC pair 
Rs Stator resistance 
SOC0 Initial state of charge value 
Te Electrical torque 
Tload Torque produced by the load 
U1 DC-DC converter input voltage 
U2 DC-DC converter output voltage 
VBatt Output voltage of the battery 
vd d-axis stator voltage 
Vdc DC-link voltage 
V*

drms RMS electromotive force 
Vmrms RMS voltage of the motor 
Vn Voltage across the n-th resistor-capacitor pair 
Vph_max Maximum available phase voltage 
vq q-axis stator voltage 
ω Mechanical rotor speed 

𝛹m Permanent magnet flux linkage 

 



1 
 

1. INTRODUCTION 

The electrification of non-road mobile machines (NRMM) and other vehicles has accel-

erated in recent years due to increasing demand for improved energy efficiency, reduced 

emissions, and lower operating costs. Commercial electrified machines are already 

available for example from Volvo and Hitachi [1], [2]. In addition, prototypes such as 

Ponsse EV1 are promising [3]. Electrified powertrains enable new system architectures 

and control strategies that can significantly improve overall machine performance. How-

ever, the introduction of new components together with more sophisticated control strat-

egies increases the complexity of the machine and introduces new challenges in the 

system design and development.  

Traditional development approaches rely primarily on physical prototypes and experi-

mental testing that are often time-consuming and costly, especially as the prototypes 

tend to be available at relatively late stages of the projects. [4, p. 5] To manage the 

complexity more efficiently, simulation-based development methods have become an 

essential part of modern engineering workflows. In particular, Model-Based Design 

(MBD) enables the representation of system behavior using mathematical models that 

can be used to design, analyze, and verify control algorithms throughout the develop-

ment process [4, p. 6]. By enabling early validation of system behavior under different 

operating conditions, simulation models help reduce development time and mitigate risks 

associated with late-stage design changes. 

While simulation models provide significant benefits during development, determining 

the required fidelity of the simulation models remains a key challenge. The requirements 

for system models may vary throughout the development process. [5] In early design 

phases, simplified models are often sufficient for system architecture design and com-

ponent sizing. However, during control development and system verification, the dy-

namic behavior of system components becomes increasingly important. In addition, sim-

ulation models may later be used in hardware-in-the-loop (HIL) environments, where real 

time simulation is crucial while the dynamic accuracy is required to be adequate. This 

introduces a trade-off between model fidelity and computational efficiency that must be 

considered when selecting suitable modeling approaches [6]. 
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Based on these challenges, this thesis investigates suitable modeling approaches for 

system-level simulation of electrified powertrain components. In particular, the work ad-

dresses the following research questions: 

- What modeling approaches for electrified powertrain components provide an ef-

fective virtual environment for simulation-driven control development? 

- How does the integration of supervisory and diagnostic logic within component 

models enhance the modelling accuracy of system-level behavior for control sys-

tem development? 

- To what extent are the developed models capable of real-time simulation in ex-

tended system-level models? 

The remainder of this thesis is structured as follows. Chapter 2 presents the background 

and literature related to electrified powertrains and modeling approaches. Chapter 3 de-

scribes the development and implementation of simulation models used in this work. 

Chapter 4 presents the model validation results of single component models. Chapter 5 

evaluates the suitability of the implemented models for system simulation in real time 

environment. Finally, Chapter 6 summarizes the main conclusions of the thesis. 



3 
 

2. BACKGROUND 

Non-road mobile machinery (NRMM) accounts for approximately 2% of total greenhouse 

gas emissions in Europe. Agriculture and construction machinery together represent 

nearly 75% of these emissions, while the remaining 25% originates from sectors such 

as mining and cargo handling, which have recently shown rapid progress in electrifica-

tion. [7] Similar trends can also be observed across other NRMM categories.  

The electrification of these machines introduces new powertrain components and sub-

systems fundamentally changing system architecture and operational characteristics 

compared to conventional machines. As a result, system integration, control, and perfor-

mance evaluation have become increasingly complex. This complexity drives the grow-

ing reliance on simulation-based methods and model-based design to support efficient 

development and validation of electrified systems.  

2.1 Electrification of Non-Road Mobile Machinery 

The use of electricity in mobile machines is not a recent innovation. Modern machines 

have long employed electrical systems to supply auxiliary devices and subsystems [8]. 

Furthermore, the first purely electric dragline excavators and rope shovels were already 

commercially available in the 1950s. However, the subsequent development of hydraulic 

systems and diesel engines led to widespread adoption of conventional powertrains, as 

electric machines at the time suffered from low power density and high costs. [9]  

In recent years, this trend has begun to reverse. As the electric components, especially 

the battery technology, have developed significantly, interest in the electrification of 

NRMM have been renewed [10]. Electrification of machine powertrains offers several 

advantages, including higher efficiency, favorable torque-speed characteristics of elec-

tric motors, and the possibility of regenerative braking. In hybrid configurations, electrifi-

cation also enables internal combustion engines (ICE) to operate closer to their optimal 

efficiency regions, as they can be used primarily for power generation rather than direct 

propulsion. [11] Consequently, electrified powertrains can contribute to reduced fuel con-

sumption and emissions, either by enabling ICE downsizing or, in certain applications, 

by eliminating the ICE entirely.  
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Electrification of NRMM can be realized in multiple ways. Most commonly target is the 

propulsion system, even though electrification may also be applied to machine work func-

tions. While work functions vary significantly between machine types, powertrain archi-

tectures are relatively similar and can be broadly categorized into three main topologies.  

The first topology is a fully electric powertrain, in which the ICE is replaced by a battery 

or in some cases, supercapacitors. The topology is presented in Figure 1. Propulsion is 

exclusively provided by electric drives. The primary challenges associated with this ar-

chitecture are related to the limited energy density of batteries, battery sizing and energy 

management, and, particularly in the case of NRMM, the availability and practicality of 

charging infrastructure. [12]  

 

Figure 1: Fully electric powertrain 

The remaining two architectures are hybrid powertrains, classified based on how the ICE 

and electric motor(s) are coupled to the transmission. The first hybrid configuration is the 

parallel hybrid powertrain, illustrated in Figure 2 and adopted from [12]. In this architec-

ture, the ICE and electric motor are mechanically connected in parallel to the transmis-

sion [9]. Power can be supplied by either source independently or by both simultaneously 

[11]. Typically, the ICE is operated near its optimal fuel consumption point to deliver 

steady power, while the electric motor provides additional power during transient de-

mands. Excess ICE power can be used to charge the battery by operating the electric 

motor as a generator. [12] Regenerative braking can also be utilized with this architecture 

to further improve fuel efficiency [11]. Despite these advantages, the mechanical cou-

pling between power sources limits the ability to fix ICE operating points, which can re-

duce efficiency. Additionally, parallel hybrid powertrains exhibit relatively high structural 

and control complexity. As a result, they are most commonly applied in smaller-scale 

applications, such as passenger vehicles. [11], [13] 
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Figure 2: Parallel Hybrid Powertrain [12] 

The second hybrid topology is the series hybrid powertrain, shown in Figure 3 and 

adopted from [12]. In this configuration, the ICE is mechanically coupled to a generator 

and not directly connected to the transmission. Instead, propulsion is provided by an 

electric motor powered electrically by the generator and energy storage system. [11] This 

decoupling simplifies control and allows ICE to operate at its optimal operating point for 

a given power demand. [14] However, series hybrid architectures suffer from multiple 

energy conversion stages, as mechanical energy from the ICE is converted to electrical 

energy and then back to mechanical energy at the traction motor. These conversion 

losses reduce overall system efficiency. [12] Although series hybrid powertrains often 

eliminate the need for multi-gear transmissions due to the favorable torque characteris-

tics of electric drives, they are generally more expensive and less efficient than parallel 

hybrid configurations [14]. Nevertheless, series hybrid powertrains are considered highly 

suitable for many NRMM applications due to their operational flexibility [15].  

 

 

Figure 3: Series Hybrid Powertrain [12] 
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A third hybrid configuration is the series-parallel hybrid powertrain, which combines fea-

tures of both series and parallel architectures. Mechanical power-split devices, such as 

planetary gear sets, allow the ICE and electric motor to operate either in series or in 

parallel as required [11]. While this architecture offers high flexibility, it significantly in-

creases system complexity and cost due to additional electric machines and mechanical 

components [13]. Consequently, series-parallel hybrid powertrains are relatively uncom-

mon in NRMM applications [15]. 

In addition to these architectures, fuel cell hybrid powertrains represent a variation of the 

series hybrid topology. In such systems, electricity is generated through electrochemical 

reactions between hydrogen and oxygen rather than via an ICE-generator set. Fuel cell 

hybrids face challenges similar to series hybrids, along with additional difficulties related 

to hydrogen production, storage and infrastructure. [11], [14]  

Regardless of the chosen powertrain topology, managing the electrical power flow within 

electrified NRMM is crucial. Power distribution unit (PDU) acts as a centralized high volt-

age hub that safely routes electrical power from energy storage to other electrical sub-

systems, including the electric drives, DC-DC converters, and on-board chargers [16]. 

PDUs typically include protective and diagnostic mechanisms, such as high-voltage con-

tactors, fuses, insulation monitoring and short-circuit protection guarding all the different 

components. 

Although real-word machines may exhibit variations of these topologies, for example 

through different levels of hybridization or the inclusion of additional energy storage ele-

ments, electrified NRMM generally consists of similar core components, including bat-

teries, electric motors, power electronic converters, ICEs, and, in some cases, superca-

pacitors. Across all architectures, a common challenge lies in component sizing and en-

ergy management strategy design. Simulation-based methods and model-based design 

serve as effective tools in addressing these challenges by enabling efficient evaluation 

of component interactions and control strategies prior to physical implementation. 

2.2 Model-Based Design 

Traditional design approaches have several shortcomings that can significantly increase 

development time and cost. In conventional workflows, control software is often validated 

and tested only after a physical prototype becomes available. As a result, defects in 

control logic may remain undetected until late development stages, when corrective ac-

tions are both expensive and time-consuming. [4, pp. 4–6] This challenge is further in-
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creased by the fact that software systems typically contain a significant number of de-

fects as it has been reported that approximately 10-20 defects may exist per 1000 lines 

of code [17].  

Model-based design addresses these limitations by shifting verification and validation 

activities to earlier stages of the development process. In the MBD process, the plant is 

modelled, and the control software is developed and evaluated against this plant model 

using closed-loop simulations. This approach enables early detection of design flaws, 

verification of software architecture, and evaluation of system behavior before physical 

hardware is available. [4, pp. 4–6], [18] 

By enabling early system-level simulations, MBD provides initial performance insights 

and supports informed design decisions at an early stage. Consequently, it offers an 

effective framework for developing the complex control algorithms required by modern 

systems, such as electrified and hybrid machines that integrate components and oper-

ating principles unfamiliar to traditional machine architectures. 

2.2.1 Workflow 
Traditional design methods commonly follow V-model [4, pp. 4–6]. Although MBD differs 

from traditional methods, similar workflow structures are often used as a foundation. Fig-

ure 4 presents one version of the V-model adapted for system development using MBD 

[19, p. 4]. The left side of the model focuses on requirements, specification and design, 

which lead to code implementation. The right side emphasizes verification and validation 

activities corresponding to each development phase on the left side. [4, pp. 4–6], [20]  

Development processes typically begin with the definition of system requirements. In the 

MBD process, these requirements are used to develop models representing both the 

plant and the control logic. One of the key advantages of MBD is the ability to perform 

continuous testing throughout the development process. This allows each development 

phase to be evaluated against decisions made in earlier stages. Using approaches such 

as rapid prototyping, the expected behavior and functionality of the system can be eval-

uated through simulation before full implementation. [21] Rapid simulations can be re-

peated to refine and assess concepts in non-real-time environments at various stages of 

development [20]. 

By enabling early verification and validation through simulation, MBD can reduce reliance 

on extensive early physical prototyping. Simulation results can be used to evaluate de-

sign concepts and assess expected system behavior before the first prototype is availa-

ble. In addition, simulations allow testing of operating conditions that may be difficult, 
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expensive, or unsafe to reproduce using physical prototypes, particularly during early 

development stages [22].  

 

Figure 4: V-model workflow, adopted from [19, p. 4] 

Once a physical prototype becomes available, system simulations and rapid prototyping 

continue to support development by enabling researching of new ideas and validation of 

control logic changes before deployment to hardware [20]. Although modelling and sim-

ulation require additional effort, they often reduce overall development time and cost by 

limiting late-stage design changes and rework. Furthermore, modelled components and 

control logic can be reused and organized into libraries, improving development effi-

ciency across multiple projects [21]. This reuse enables new development efforts to start 

more efficiently, as existing models reduce the time required for initial modelling work. 

A key advantage of MBD over traditional workflows is the iteration between plant models 

and control logic. By identifying defects during the design phase rather than during phys-

ical integration, the cost of corrective action can be minimized drastically. According to 

[23], fixing a defect during implementation is approximately 6.5 times more costly than 

at the design phase, while cost increases to 15 times throughout testing and up to 100 

times once in maintenance [23].  

2.2.2 Control logic development 
Control logic development typically begins with acquiring a thorough understanding of 

the system to be controlled. This includes identifying system inputs, outputs, parameters, 

and performance specifications before attempting controller design. [24, p. 23] Depend-

ing on the development stage and objectives, system models may range from simplified 

conceptual representations to more detailed, higher-fidelity models. The development 

process itself follows the V-model introduced in the previous section. Once the system 
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behavior is sufficiently understood, control logic is developed using the system model 

rather than directly implementing code [24, pp. 28–29].  

Both the plant and the control logic can be represented using block diagrams or state 

machines. Individual system components and control functions may be modelled and 

validated separately before integration into a complete system. Through iterative simu-

lations, each part of the model can be verified incrementally, allowing potential issues to 

be identified early in the development process. 

As control logic is developed alongside the plant model, closed-loop simulations can be 

utilized from the beginning of the process. This allows the control logic to interact with a 

dynamic representation of the real system, enabling evaluation of control performance 

under varying operating conditions and parameter values. Such iterative simulation-

based development supports tuning and refinement of the control logic before any phys-

ical hardware is available.  

One of the key benefits of the MBD approach is that modern development tools enable 

not only control model design and verification, but also automatic code generation. Once 

the control model has reached sufficient maturity and has been verified through simula-

tion, implementation code can be automatically generated for different programming lan-

guages and hardware targets.  This reduces development effort and minimizes the risk 

of manual coding errors. [22] However, while simulation-based development reduces the 

likelihood of defects, it is important to recognize that models themselves may contain 

inaccuracies. Due to this, systematic testing and validation of both the models and the 

generated control logic remain essential. 

2.2.3 Testing 
In the V-model, right side focuses on the validation and verification of the system imple-

mentation. These activities are carried out through testing at different stages of the de-

velopment process. MBD supports several testing approaches that can be applied pro-

gressively and iteratively throughout a project, including model-in-the-loop (MIL), soft-

ware-in-the-loop (SIL), processor-in-the-loop (PIL) and hardware-in-the-loop (HIL). [20] 

In MIL testing, both the plant and the control logic are executed within the same simula-

tion environment without any real hardware components. The primary objective of MIL 

testing is to verify the functional behavior of control algorithms against the plant model. 

[25] MIL testing can be used at different levels, from individual control functions to com-

plete system models. It can be started early in the development process and continued 

throughout the process as the models are refined which helps to detect issues early [21]. 
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If any defects are found in MIL-testing, making changes in the concept is still easy as the 

project is still in the beginning.  

SIL testing is typically performed once control logic has been translated into implemen-

tation code using automatic code generation. In SIL, the generated controller code is 

executed within the simulation environment on the same host computer as the plant 

model. To enable this, an interface wrapper is generated during the code generation 

process, allowing communication between the simulation and the compiled code. Similar 

to MIL, SIL testing can be conducted at the level of individual functions, subsystems, or 

complete systems. The primary goal of SIL testing is to verify that the generated code 

behaves consistently with the control model and meets functional expectations. [4, p. 10] 

PIL testing extends SIL by executing the generated controller code on the actual embed-

ded processor intended for the final system, while the plant model remains the simulation 

environment. This requires data exchange between the embedded processor and the 

host computer. PIL testing allows verification of functional behavior on the target proces-

sor and provides insight into execution performance, such as timing and computational 

load. Both SIL and PIL testing are non-real-time methods and are typically used to vali-

date the correctness and suitability of the implementation code before real-time deploy-

ment. [4, p. 10] 

HIL testing represents a further step toward realistic system validation. In HIL testing, 

the plant model is converted into executable code and deployed on a real-time simulation 

platform capable of deterministic real-time execution. The control logic runs on the em-

bedded processor intended for the final system and communicates with the real-time 

simulator through actual communication interfaces, such as CAN or other fieldbuses. 

Depending on the application, additional components such as sensors or actuators, may 

be implemented using real hardware. [4, p. 10] HIL testing can be applied incrementally, 

for example to validate individual control functions, communication interfaces, or timing 

behavior, before progressing to full system-level integration. This approach enables ex-

tensive testing of control software under realistic operating conditions before a physical 

prototype is available.  

To achieve maximum benefit from HIL testing, a structured testing strategy is required. 

Initially, manual testing is often performed to confirm correct basic functionality of the HIL 

setup. Subsequently, test cases are commonly automated to reduce manual effort and 

improve repeatability. Automated tests can be divided into white-box and black-box tests. 

White-box testing requires knowledge of the internal software structure and is used to 
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monitor internal variables, states, and signal flows, making it suitable for function devel-

opment and debugging. Black-box testing focuses solely on system inputs and outputs 

and is typically used to verify compliance with functional requirements. [18] In addition, 

because HIL testing employs real hardware, communication interfaces, and execution 

timing, it also enables validation of communication behavior and assessment of embed-

ded processor performance, including verification that required control cycle times can 

be met. 

2.3 Modelling Techniques for key components of hybrid power-
train 

Modern electrified machines include components that have traditionally not been part of 

conventional machine architectures. While different hybrid and electrified powertrain 

configurations were discussed in Section 2.1, most of them share a common set of elec-

trical components, even though their roles and operating conditions may vary depending 

on the overall system topology. From a modelling and control perspective, the most rel-

evant components are the electric motor, power electronic converters, and the energy 

storage system. While PDUs are also central for electrified machinery, their modelling is 

not included as the component mainly adds safety features that are not for system-level 

control development. 

The increasing use of electrification significantly raises the complexity of system-level 

control algorithms, as strong electric and mechanical interactions and strict component 

limits must be actively managed across inherently wide and dynamic operating ranges 

of the machine. MBD combined with simulation-based analysis provides efficient tools to 

tackle this challenge. However, before model development begins, it is essential to 

clearly define the purpose and fidelity of the model. Individual components can be rep-

resented using different modelling approaches, each offering a trade-off between com-

putation efficiency, physical accuracy, and suitability for control development or system-

level simulations. 

Selecting an appropriate model fidelity is therefore a critical design decision. Low-fidelity 

models may be sufficient for early-stage concept development and control structure de-

sign, while higher-fidelity models can support detailed offline analysis and validation. 

However, increased model fidelity does not always alight with later development stages. 

In particular, HIL simulations impose real-time execution constraints that may require 

simplified or reduced-order models. Consequently, model fidelity is not determined solely 

by the project phase but rather by the intended use of the model and computational 

constraints. 



12 
 

In the following subsections, modelling approaches with different fidelity levels are intro-

duced for the key components of electrified powertrains by comparing the advantages 

and disadvantages of each approach. The components considered are electric motor 

together with frequency converter, battery and DC-DC converter. Although thermal mod-

elling is an important aspect of powertrain analysis, it is outside the scope of this thesis 

and is therefore not considered. In Chapter 3, specific modelling approaches for electro-

mechanical simulation are selected for each component to be implemented and de-

scribed more thoroughly. 

2.3.1 Electric motor and frequency converter 
Electric motors and frequency converters are essential components of electrified power-

trains, as they convert electrical energy into mechanical rotation and enable precise con-

trol of speed and torque. Frequency converters are required to transform the DC power 

supplied by the battery into AC power suitable for electric motors, while also allowing 

regulation of motor speed through voltage and frequency control. In electrified machines, 

frequency converters additionally enable bidirectional power flow by converting AC 

power back into DC when electric motors operate as generators.  

Most electric motors used in mobile machine powertrain applications are permanent 

magnet synchronous motors (PMSM) due to their high efficiency, favorable torque char-

acteristics and high torque and power density [26]. For this reason, this thesis focuses 

on PMSMs when discussing electric motor modelling.  

PMSMs can be modeled using several approaches with different levels of fidelity, each 

method offering specific advantages and disadvantages. One of the simplest ap-

proaches is map-based modelling, which represents a form of behavioral modelling 

where the motor response is described directly through measured input-output relation-

ships. In many cases, torque-speed curves are available, making the construction of 

lookup table-based models fast and relatively straightforward. These models are typically 

computationally lightweight as they do not rely on solving complex differential equations, 

which justifies their use in system-level simulations.  

However, the modelling of electrical and mechanical loss is limited, especially when ef-

ficiency maps are unavailable or only provided over a limited operating range, such as 

above certain speeds. In addition, the simplified representation of the motor limits the 

accuracy of its dynamic behavior. As a result, control design based on map-based mod-

els can be challenging, since important characteristics of the real machine may not be 

captured. 
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A more viable option is the dq axis model, which is widely used in the literature [26], [27], 

[28]. The model is based on equivalent circuits of direct (d) and quadrature (q) axes of 

the motor which, are presented in Figure 5 [29, pp. 97–107]. In this approach, the three-

phase stator currents and voltages expressed in the stationary abc reference frame are 

transformed into a rotating dq reference frame aligned with magnetic field of the rotor 

using Clarke and Park transformations. By transforming the system from three-phase to 

a two-axis coordinate system, controlling and analyzing the PMSM becomes more fea-

sible. 

In the dq representation d-axis is aligned with magnetic field of the rotor and represents 

the flux-producing component of the current, while the q-axis is perpendicular to the d-

axis and represents the torque-producing component. This enables independent control 

of torque and flux. As a result, control strategies such as field-oriented control (FOC) and 

field-weakening operation can be implemented effectively. In addition, the reduced di-

mensionality of the model lowers the computational load compared to three-phase rep-

resentation. [30]  

 

Figure 5: Equivalent circuits of PMSM dq axes, adopted from [29, p. 105] 

A key advantage of the dq model compared to map-based models lies in its ability to 

represent dynamic behavior. A study comparing equivalent-circuit based dq model with 

efficiency map-based behavioral model has shown that map-based approaches are in-

sufficient for accurately capturing the transient behavior, whereas dq models provide 

significantly better dynamic fidelity [31]. Although the dq model is computationally signif-

icantly heavier than the map-based models, real-time execution has been demonstrated 

in HIL environments [30], [31]. 
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The PMSM dq model is typically used together with a simplified frequency converter 

model. In this approach, the frequency converter computes voltage references based on 

the torque reference, measured currents, and rotor speed. These voltage references are 

directly applied in the dq reference frame, enabling motor control without explicitly mod-

eling the switching behavior of the converter. 

In contrast, when an abc-frame motor model is used, the voltage references must first 

be transformed into three-phase signals, after which switching signals are generated 

using pulse-width modulation (PWM) [32]. Since PWM operates at high switching fre-

quencies, accurately modeling this behavior requires very small simulation time steps, 

which significantly increases the computational load. As a result, PWM-based abc mod-

els are often less suitable for system-level simulations where computational efficiency 

and real-time capabilities are required 

The dq axis model requires a set of motor and converter parameters. For the motor itself, 

most parameters are typically available in manufacturer datasheets, or they can be de-

rived from other parameters available. In addition to the motor parameters, the complete 

electric drive model includes several control loops whose parameters must be tuned. 

These control parameters depend on the application and, in particular, on the character-

istics of the application-specific mechanical load. 

Another widely used approach is Finite Element Analysis (FEA), also referred to as Finite 

Element Method (FEM). FEA/FEM models provide highly accurate descriptions of how 

the magnetic field is distributed in the PMSM by considering geometries, magnetic satu-

ration, and leakage flux [28]. These models are based on complex electromagnetic equa-

tions and demand strong expertise in electromagnetic modelling to build a well-function-

ing model.  

Additionally, finite element approaches require detailed information about the geometry 

and magnetic properties of the motor, which are often unavailable to system designers. 

Compared to map-based and equivalent circuit-based dq models, FEM-based models 

provide significantly higher fidelity and excellent accuracy. While dq models neglect ef-

fects of geometrical structure and nonlinear magnetization properties of iron core, these 

phenomena are naturally captured in finite element models reducing modelling inaccu-

racies [33]. Furthermore, electromagnetic losses, including iron losses and eddy current 

losses in the rotor and permanent magnets, can be represented in significantly higher 

detail than with simplified modelling approaches [34]. 

Despite their high accuracy, the complexity of FEA/FEM models results in a significantly 

higher computational load. As a consequence, these models are generally unsuitable for 
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system-level or control-oriented studies. Since FEA/FEM models rarely meet real-time 

execution constraints, their applicability for HIL-simulations is limited. [30] Nevertheless, 

results obtained from finite element models can be highly valuable for parameter identi-

fication and calibration of lower-fidelity models, such as equivalent circuit-based dq mod-

els.  

Data-driven approaches are also used for electric motor modeling. In these approaches, 

the motor is treated as a black box, and experimental or simulated data is used to create 

a mapping between selected inputs and outputs of the motor. Neural networks are com-

monly employed as the modelling technique and are trained using available data sets. 

[35], [36], [37] Depending on the application, data-driven models have been developed 

with varying selection of inputs and outputs. Some studies focus on estimating rotor po-

sition or speed based on stator voltage and current measurements, whereas others em-

bed data-driven components into dq axis models to compensate for more accurate 

losses and magnetic saturation effects. [35], [36]  

However, also limitations have been reported regarding data-driven models. Their per-

formance has been reported to degrade at low torque and speed operating points espe-

cially when operating outside the range of the training data. [37] Typically, improving 

model accuracy requires large sets of representative data which may be difficult to ob-

tain. Although data-driven models are generally not computationally demanding, the 

amount of data needed often limits their applicability for MBD purposes. Nevertheless, 

they can still be useful as a complementary model to enhance accuracy. 

The advantages and disadvantages of different modelling approaches can be summa-

rized as follows. For MBD purposes, finite element-based models, despite their excellent 

accuracy, are often computationally too heavy and complex to implement. Use of data-

driven models is often limited due to poor availability of experimental data. Map-based 

models provide a simple, often easy to implement starting point, particularly for early 

system-level simulations. As requirements for dynamic accuracy increase, the dq axis 

model can be utilized, as it captures dynamic behavior in more detail while remaining 

efficient for real-time execution. 

2.3.2 Battery 
Batteries are crucial components of electrified machines as they function as an energy 

storage system or power buffer. Although they may appear to be passive components, 

their operation is highly dynamic. Batteries in electrified powertrains usually supply power 

under varying unpredictable conditions due to rapid accelerations and sudden charging 

from regenerative braking. Maintaining safe operation is not self-evident. For this reason, 
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batteries in electrified powertrain often include protective components such as fuses and 

contactors, and pre-charge circuits, together with dedicated control logic. This logic is 

referred to as the battery management system (BMS), which plays a central role in guar-

anteeing safe and reliable operation of the battery. A general structure of battery system 

for electrified powertrains, including the main and pre-charge contactors, current sens-

ing, and BMS supervision, is presented in Figure 6. [38] 

The BMS is responsible for several functions, including diagnostics of the battery pack, 

estimation of internal battery state, and supervision of charging and discharging pro-

cesses. Diagnostic functions rely on measurements such as cell voltages, currents and 

temperatures. Typical state estimates provided by BMS include state of charge (SOC) 

and state of health (SOH). One of the key functions of BMS is the computation of safe 

current limits for charging and discharging of the battery pack. These limits can be based 

on SOC, temperature or voltage for example. If these limits are exceeded, an automatic 

safety shutdown of the battery pack can be performed by opening the contactors. In 

addition, the BMS also provides communication interfaces for interaction with other com-

ponents of the system. [39] 

 

Figure 6: Simplified schematic of electric vehicle battery system [38]. 

Battery modelling and simulation are required for BMS design, but they are also useful 

for machine control system design and development. Even though the electrical model 

is the centerpiece of battery modelling, especially for BMS development, it is important 
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to note that the BMS itself can affect battery behavior significantly and should therefore 

be considered in system simulations. Battery electrical models exist at different levels of 

complexity. Since the battery SOC evolves according to the current flowing into and out 

of the battery, the simplest possible representation could be an integrator-based SOC 

model. However, often the SOC estimation alone is insufficient, and accurate represen-

tation of the electrical behavior of the battery is required. According to [39], electrical 

models can be categorized into electrochemical models, equivalent circuit models and 

data-driven models. These modelling approaches are introduced and discussed in the 

remainder of this section. 

From the three categories introduced, equivalent circuit models (ECM) represent the 

lowest modelling fidelity. These models are based on the equations derived from equiv-

alent circuit diagrams. The electrical behavior of the battery is represented using capac-

itors, resistors and voltage sources. The controlled voltage source represents the open 

circuit voltage (OCV) of the equivalent circuit model which is crucial for state estimation. 

Different variations of ECMs exist, including the Rint model, the Thevenin model and the 

Partnership for a New Generation Vehicles (PNGV) model. These models are illustrated 

in Figure 7. The Rint model is the simplest form of ECM as it consists only of an OCV 

source and a series resistance. However, this model cannot capture transient voltage 

dynamics due to missing capacitive elements. Next step in complexity is the Thevenin 

model where a single Resistance-Capacitance (RC) pair is added to the Rint model to 

account for dynamic voltage behavior. The Thevenin model is widely used in literature 

and is generally capable of capturing dominant dynamics with sufficient accuracy. An-

other variation is the PNGV model, which extends the Thevenin model by introducing an 

additional capacitive element to represent slow OCV variations. This model can improve 

accuracy in low SOC regions, meanwhile the accuracy may decrease at higher SOC 

levels. [39] 
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Figure 7: a) Rint model b) Thevenin Model c) Partnership for the New Genera-
tion model [39] 

The fundamental principle of ECMs is similar across different variations. They all consist 

of OCV source, an ohmic resistance, and one or more RC pairs. Model accuracy can be 

improved by adding additional RC pairs to capture mode complex dynamic behavior [39]. 

In literature ECMs with one to three RC pair models are described widely. Even more 

RC pairs can be included if required. Equivalent circuits with up to three RC pairs are 

presented in Figure 8. However, it has been reported that models with one or two RC 

pairs are often sufficient meanwhile higher-order models are usually not the best choice 

for system level simulations. Low-order ECMs are notable for their balance between sim-

plicity and particularly high accuracy in modelling the relationship between input current 

and output voltage. [39], [40]  

Another common property of all these models is the estimation of SOC. Coulomb count-

ing is a widely used method for SOC estimation [41]. It is based on known initial value of 

SOC and integral of input current to the battery. In addition, Kalman filter-based ap-

proaches and look-up table methods are applied for SOC estimation [41], [42]. With the 

estimation of SOC, open circuit voltage (OCV) can be obtained from the SOC-OCV char-

acteristic curve of the battery. Overall, equivalent circuit models are well suited for MBD 

in environments such as MATLAB/Simulink, as basic electric components are readily 

available in Simscape libraries. 

Since the internal resistance and capacitance values of RC pairs cannot be measured 

directly, they must be estimated by fitting the output of differential equations to real-world 
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battery data. Hence, parameterization of ECM can be described as an optimization prob-

lem [39]. Therefore, different optimization methods can be used for parameter fitting of 

RC pairs for best accuracy if experimental data is available. On the contrary, in applica-

tion where detailed dynamic behavior is not critical, even a simple Rint model may be 

sufficient. In such cases, parameter identification is straightforward due to the small num-

ber of parameters. 

 

Figure 8: Battery Equivalent Circuit Models [39] 

As the operation of batteries is based on electrochemical processes, electrochemical 

models provide a physically meaningful description of their behavior. The pseudo-two-

dimensional porous electrode (P2D) model is one of the most well-known full-order elec-

trochemical models for lithium-ion batteries. It is based on partial differential equations 

that describe the electrochemical processes inside the battery. [39], [40] The basic prin-

ciple of the P2D model for lithium-ion battery is illustrated in Figure 9. The model consists 

of five separate regions: the positive and negative electrodes, the separator and two 

current collectors. During charging, lithium ions migrate from the positive electrode 

through the electrolyte and separator to the negative electrode. During discharge, the 

direction of ion transport is reversed. [43] 
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Figure 9: P2D electrochemical model mechanism, adopted from [43] 

The main advantage of electrochemical models is their ability to accurately describe the 

internal reactions and battery dynamics. However, there are numerous disadvantages 

related to the full-order models. Due to the large number of complex partial differential 

equations, these models are computationally so heavy that real time simulations become 

very challenging or even impossible. Consequently, such models are generally unsuita-

ble for real-time simulations. Also, if the model is implemented within the BMS for state 

estimation, real-time capability is mandatory.  Additionally, these models are complex to 

build, and parametrization can be difficult [39]. Although some parameters can be meas-

ured, others must be obtained through identification which further increases the imple-

mentation complexity.  

To address these limitations reduced-order electrochemical models have been studied 

widely. However, even reduced-order models may still suffer from heavy computational 

load and difficult parameter identification. Moreover, in certain cases, accuracy of the 

model has been compromised due to order reduction. Therefore, a compromise between 

computational efficiency and model accuracy must be done when selecting between full-

order and reduced-order models. Despite the limitations, electrochemical models remain 

valuable for studying degradation mechanisms and aging effects, where high physical 

fidelity and detailed state representation outweigh computational cost. [40] 

The third major approach for battery modelling is to use data-driven models. These mod-

els are efficient algorithms for approximating nonlinear characteristics of battery based 

on experimental data. Instead of explicitly modelling internal physical processes, data-
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driven approaches create a mapping between selected input and output variables. The 

data used must represent the operation in different conditions for the model to be reliable. 

In such approaches, the battery is typically considered a black box.  

Common input variables include voltage, current and temperature meanwhile SOC and 

SOH are often considered as outputs. A key advantage of data-driven models is that 

they do not require explicit knowledge of the underlying electrochemical processes. Var-

ious machine learning methods have been studied in the literature including Neural Net-

works, Long-Short Term Memory, Support Vector Machines and Adaptive Neuro-Fuzzy 

Interface Systems. [39], [40] Data-driven models are particularly attractive if the mathe-

matical model is unknown or if parameter identification or use of conventional methods 

is too complex [39]. From MBD perspective, parameter identification can be challenging, 

which makes data-driven approaches appealing. However, their performance strongly 

relies on experimental data, which is often limited during early simulation phases. 

As discussed, data-driven models may initially appear promising but their dependence 

on high-quality experimental data makes them unsuitable for MBD projects where the 

amount of available data is often limited. Electro-chemical models offer superior accu-

racy according to the literature, but computational load typically exceeds what is feasible 

for real-time simulations. Also, parameter identification is challenging, and model devel-

opment can be demanding without extensive expertise in battery electrochemistry. 

Equivalent circuit models, on the other hand, represent a feasible option for MBD appli-

cations. They can be developed with basic electrical components which are familiar to 

most engineers. Also, the process can begin with a simple model, and accuracy can be 

improved later with additional RC pairs once experimental data is available. 

2.3.3 DC-DC Converter 
DC-DC converters in electrified machines are used to convert the DC voltage level to a 

required level. For example, a low-voltage auxiliary system may need to be supplied from 

a high-voltage battery. In addition, the voltage level of the high-voltage battery and volt-

age required by electric drive may differ. In such cases, the DC-DC converter must sup-

port bidirectional power flow as in acceleration the power flows from battery to motors 

and during regenerative braking from motors back to battery. DC-DC converters consist 

of power electronic switches, inductors, capacitors and control circuit that rapidly actuate 

the switches to achieve the desired voltage conversion. 

Different behavioral models exist for DC-DC converters. For example, simulation envi-

ronments like MATLAB/Simulink offer different predefined converter blocks that regulate 

the output voltage according to a specified reference. In these models, the output current 
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is determined by the voltage difference between the converter output and the connected 

load. The input current is then calculated from the output power and the specified effi-

ciency using power balance relations. The dynamic behavior can be approximated by 

introducing first-order lag to describe dynamic behavior. [44]  

A similar type of model has also been described using Modelica. [45] These models are 

simple and computationally efficient, making them suitable for real time and HIL simula-

tions. However, their accuracy is limited. The dynamic behavior is not derived from the 

actual equations of the converter design but is instead typically approximated using a 

single time constant. Furthermore, loss modelling may be simplified to a constant effi-

ciency assumption. Additionally, in many practical applications, DC-DC converters oper-

ate in current-mode control where current serves as the final reference variable. In such 

cases, representing the converter as an ideal voltage source may introduce inaccuracies, 

especially if the controller behavior is important to analyze. 

 

Figure 10: Schematic of behavioral DC-DC converter model, adopted from [44] 

Although a behavioral model may introduce inaccuracies in the representation of the 

transient currents due to enforced voltage and power-based current calculation, these 

inaccuracies are usually expected to have a limited impact on the overall system behav-

ior. Often the dynamic response of the DC-DC converter is significantly faster than that 

of the electric motor or the battery. Consequently, an accurate representation of those 

components is more significant as they have stronger influence on the system behavior 

than the dynamic response of the DC-DC converter.  

To model the actual inductances and capacitances of the converter, a more detailed 

model is required. A common approach is the average-value or averaged-switching 

model. In this approach, the high frequency switching behavior, such as PWM of the 

power semiconductor devices, is not modeled explicitly. Instead, the switching effects 
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are averaged over one switching period, and the converter can be represented by differ-

ential equations based on equivalent circuits that describe the averaged inductor cur-

rents and capacitor voltages. As a result, the dominant dynamic behavior of the converter 

is preserved while the fast switching transients are neglected. [46] 

Compared to behavioral models, average-value models are physically more meaningful 

as the models are derived from the electrical circuit equations of the converter. This en-

ables more accurate representation of dynamic electrical interactions. Also, a more ac-

curate loss representation is achieved by incorporating power electronic losses directly 

into the dynamic model instead of assuming a fixed efficiency. Since the average-value 

models are based on differential equations, they are computationally more demanding 

than the behavioral models, yet they remain suitable for real-time and HIL simulations. 

However, due to the switching averaging, high-frequency phenomena such as voltage 

and current ripples and individual switching events are not captured [47].  

The third commonly used approach is switch-level model, which captures individual 

switching actions. In this approach, the individual switching devices are modeled explic-

itly and controlled using PWM. The electrical behavior of the converter is described by 

the circuit equations of the switching network, including inductors, capacitors, and para-

sitic elements. As a result, switch-level models are capable of capturing high-frequency 

events such as voltage and current ripple, switching transients, and loss mechanisms 

with semiconductor devices. [48] However, at the system level, the high-frequency volt-

age and current ripples of the DC-DC converter usually do not significantly affect the 

overall behavior and thus do not add significant value for system simulations. While be-

havioral models are insufficient for control analysis, average-value models can be used 

for controller design meanwhile switch-level models are most accurate for validating the 

final implementation. However, due to explicit representation of the high-frequency 

switching behavior, switch-level models require very small simulation step sizes, which 

significantly increases the computational load and often limits the real-time execution 

capabilities. As a consequence, switch-level models are primarily used for component-

level analysis, converter design, and investigation of electromagnetic interference rather 

than system-level simulations [48].  

Behavioral models are simple to implement and computationally efficient. For control 

system development projects, they provide a sufficient starting point despite their limited 

accuracy. If more detailed dynamic behavior together with better capabilities for control 

analysis are needed, average-value models should be considered, as they remain capa-

ble for real-time simulation. Switch-level modeling, in contrast, often provides unneces-
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sarily high fidelity for control system development applications since high-frequency phe-

nomena are often not critical in system-level simulations. In the trade-off between model 

detail and computational load, real-time execution capability is generally more important. 

Therefore, behavioral and average-value modelling are recommended over switch-level 

models for system-level MBD applications. 
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3. MODELLING OF THE KEY COMPONENTS 

Different modelling approaches of electric motors, high-voltage batteries, and DC-DC 

converters were introduced in Section 2.3, where their advantages and disadvantages 

were compared from MBD perspective. Based on this review one or two suitable model-

ling approaches are selected for each component and implemented in this chapter.  

The objective of the developed models is to provide generic system representations that 

enable system-level control development and validation. The implemented models are 

not intended for detailed component level analysis, but rather to capture the dominant 

dynamics relevant for machine-level control development. 

The simulation environment, MATLAB Simulink and Simscape is briefly introduced in 

Section 3.1. The selected approaches for electric drive, battery and DC-DC converter 

are presented in detail in Sections 3.2-3.4, where each component is introduced individ-

ually, followed by a description of the model structure, implemented functionalities, and 

interfaces of the model. 

The developed models are intended to represent generic component behavior rather 

than specific commercial products, allowing them to be applied across a range of elec-

trified powertrain configurations. Consequently, particular attention is given to the defini-

tion of component interfaces, which are designed to support flexible system integration 

and enable consistent simulation of component interactions within the overall system 

model.  

3.1 Modelling and simulation environment 

All models and simulations are implemented in MATLAB Simulink version 2025b. 

MATLAB Simulink is a graphical, block-diagram-based environment for modelling, sim-

ulation, and analysis of dynamic systems. It provides elementary blocks for implementing 

control algorithms together with differential equations. The elementary blocks represent 

mathematical operations and connecting them together results in diagram mathematical 

model. Simulink enables also creation of custom blocks based on textual code. [49] This 

way MATLAB Simulink allows implementing of the system model and the control models 

in same simulation environment. As mentioned in Section 2.2 Simulink supports auto-

matic code generation for control logic. Furthermore, the models can be deployed to real-

time targets such as Beckhoff industrial PCs or Speedgoat prototyping systems.  
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Simscape extends the Simulink environment by physical-domain modelling which can 

make modelling of physical systems more efficient. Unlike Simulink models, which rep-

resent systems through mathematical block diagrams with signal directions, Simscape 

represents systems as connected physical components that exchange energy through 

ports without explicit direction. This modelling structure resembles the physical layout of 

the real system, where components are connected to each other without predefined sig-

nal directions. [50] 

In Simscape modelling approach, each energy interaction is described by an Across and 

Through variable, whose product corresponds to power in watts. Such variables could 

be voltage and current that describe electrical energy flow, or torque and angular velocity 

that represent mechanical rotational energy flow. The sign of these variables is deter-

mined by the orientation of the component ports. For two-port elements, power flow relies 

on a defined positive reference direction, with the Across variable representing the po-

tential difference between ports. This sign convention allows users to instantly identify 

the state of the component, as a positive product of the variables implies power absorp-

tion, while a negative product implies power generation. As physical ports of the Sim-

scape components are nondirectional, the users can connect components without defin-

ing signal flow directions. [50] 

In addition to physical domain ports, Simscape components may use Physical Signal 

(PS) ports that can be used to deliver signals between Simscape blocks. PSs are much 

like regular Simulink signals as they can be connected similarly and they have direction. 

PSs are used to prevent issues with algebraic loops and to increase the computational 

efficiency of the models. [50] 

Simscape can model multiple different physical domains such as electrical, and mechan-

ical rotational as few examples. Each domain has its own library that provides large se-

lection of readily available components. Components may have ports of different do-

mains. Great example is the electric drive that has electrical connections to DC-link and 

mechanical rotational connection port of the shaft. The signals between different do-

mains cannot be mixed and together with domain-specific line styles, it reduces the risk 

of modelling errors. 

3.2 Electric drive 

Based on the review of modelling approaches for PMSM in section 2.3.1, the dq axis 

model is selected together with an average-value model of the frequency converter. The 
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PMSM model represents torque generation from electrical energy and is also capable of 

operating as a generator, supplying electrical energy to the DC-link of the system.  

The model has Simscape electrical plus and minus ports that connect the voltage level 

and current flow to the rest of the DC-link. On the mechanical side, the motor shaft is 

connected to an external load through Simscape mechanical rotational connection. The 

model is commanded through input bus structure, while common measurements are 

provided through an output bus structure. 

In addition to the PMSM model itself, different control modes together with derate and 

diagnostic functions are implemented to support MBD. A simplified overview of the im-

plemented model structure is presented in Figure 11. One of the either velocity, voltage, 

power or torque controllers is used to generate final torque reference, which is then sup-

plied to current controllers. 

Various signals are measured from PMSM and used as feedback for the controllers. In 

addition, these measurements are used for derating when one or more signals are drift-

ing away from normal operating region. If any signal exceeds its limits for longer than 

allowed duration, a fault can be triggered. Overall, the control system is implemented to 

allow the model to operate similarly to a real electric drive, including selectable control 

modes and realistic operating constraints. 

 

 

Figure 11: Simplified structure of the implemented model 

Dq axis model approach was selected because the objective is to develop a model for 

system-level simulations that provides a sufficiently detailed representation of the motor 

dynamics while remaining computationally efficient. However, the model is limited by its 

electrical accuracy as it does not explicitly model the three-phase currents, switching 

devices of the converter, or the PWM control of the converter.  
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3.2.1 Permanent magnet synchronous motor model 
The implemented PMSM model is based on voltage equations derived from the abc-

frame representation after applying Park’s transformation. The resulting voltage equa-

tions describing the behavior of the motor are given in equations (1) and (2)  

𝑣𝑑 = 𝑅𝑠𝑖𝑑 + 𝐿𝑑
𝑑𝑖𝑑

𝑑𝑡
− 𝑁𝜔𝑖𝑞𝐿𝑞, (1) 

𝑣𝑞 = 𝑅𝑠𝑖𝑞 + 𝐿𝑞
𝑑𝑖𝑞

𝑑𝑡
+ 𝑁𝜔(𝑖𝑑𝐿𝑑 + 𝛹𝑚), (2) 

where 𝐿𝑞 and 𝐿𝑑 are the stator inductances in d and q axis, 𝜔 is the mechanical rotor 

speed, N is the number of permanent magnet pole pairs, 𝑅𝑠 is the stator resistance, and 

𝛹𝑚 is permanent magnet flux linkage. The introduced equations are used to model sur-

face mounted permanent magnet synchronous motor if 𝐿𝑞 and 𝐿𝑑 are set to equal. The 

same equations model interior permanent magnet synchronous motor in case the induct-

ances are not equal. [29, pp. 97–107] 

Assuming constant permanent magnet flux linkage, the resulting electrical torque de-

pends on the d and q-axis currents and can be given by equation (3) according to [29, 

pp. 97–107] 

𝑇𝑒 =
3

2
𝑁(𝑖𝑞(𝑖𝑑𝐿𝑑 + 𝛹𝑚) − 𝑖𝑑𝑖𝑞𝐿𝑞) (3) 

The motion of the electric motor shaft is defined by torque balance equation (4) 

𝐽𝜔̇ = 𝑇𝑒 − 𝑇𝑙𝑜𝑎𝑑 − 𝐵𝜔, (4) 

where J is the total inertia, 𝑇𝑙𝑜𝑎𝑑 is the torque produced by the load and 𝐵 is the damping 

coefficient of the motor. For surface mounted PMSM, equation (3) can be simplified if 𝑖𝑑 

is assumed to be zero. That assumption is clarified in the next section. Since the two 

inductances are equal, the equation can be presented as  

𝑇𝑒 =
3

2
𝑁𝛹𝑚𝑖𝑞, (5) 

From equation (5), it can be observed that torque is directly proportional to 𝑖𝑞. Motor 

datasheets often provide a torque constant which represents the torque production ac-

cording to given current. This constant can be derived from the equation (5) and is pre-

sented in equation (6) 

𝐾𝑡 =
3

2
𝑁𝛹𝑚 (6) 

Under the assumption of zero 𝑖𝑑 current, the torque constant is also valid for interior 

PMSMs. Another commonly reported parameter is the back-electromotive force (BEMF) 



29 
 

constant which describes the induced phase voltage with given rotational speed. The 

induced BEMF voltage is given by  

𝑒 = 𝑁𝛹𝑚𝜔 (7) 

leading to the BEMF-constant 

𝐾𝑒 = 𝑁𝛹𝑚 (8) 

The BEMF, together with available DC-link voltage, defines the maximum achievable 

speed under zero 𝑖𝑑 control. This speed is commonly referred to as the base speed. 

When the induced BEMF approaches the available DC voltage, negative 𝑖𝑑 current must 

be applied to reduce the effective air-gap flux. This enables operation above base speed 

at the expense of reduced torque capability and efficiency as the total current is limited. 

The previously presented equations describe the electrical and mechanical dynamics of 

a PMSM. These equations form the basis of the simulation models used in this work. 

The PMSM model is implemented in Simulink using the Simscape component PMSM 

(DQ0) block, which internally follows the previously presented equations. The block al-

lows parameterization using either permanent magnet flux linkage, BEMF constant or 

the torque constant. Additional required parameters are 𝐿𝑞, 𝐿𝑑, N, 𝑅𝑠, 𝐽𝑚𝑜𝑡𝑜𝑟 and 𝐵. The 

Simscape block and its parameterization interface are presented in Figure 12. Addition-

ally, inductances and flux linkage can be defined as a function of direct and quadrature-

axis currents. [51] 

 

Figure 12: Simscape PMSM component and its parameterization 

The block automatically calculates copper losses according to equation  
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𝑃𝑐𝑜𝑝𝑝𝑒𝑟 =
3

2
𝑅𝑠(𝑖𝑑

2 + 𝑖𝑞
2) (9) 

Also, iron losses can be considered. In this case, they are defined using an empirical 

model formulation with coefficients representing hysteresis, eddy current, and excess 

losses. The open-circuit iron losses, which dominate during normal operation, are de-

fined according  

𝑃𝑂𝐶(𝑉𝑚𝑟𝑚𝑠) =
𝑎ℎ

𝑘
𝑉𝑚𝑟𝑚𝑠

+
𝑎𝑗

𝑘2 𝑉𝑚
2

𝑟𝑚𝑠
+

𝑎𝑒𝑥

𝑘1.5 𝑉𝑚𝑟𝑚𝑠
1.5  , (10) 

where k is the BEMF constant relating to the root mean square (RMS) volts per Hz, 

𝑎ℎ , 𝑎𝑗 and 𝑎𝑒𝑥 are the open-circuit loss coefficients, and 𝑉𝑚𝑟𝑚𝑠
 is the RMS voltage of the 

motor. Short-circuit losses, that are relevant during field-weakening operation, are mod-

elled according to equation (11) 

𝑃𝑆𝐶(𝑉𝑑𝑟𝑚𝑠
∗ ) =

𝑏ℎ

𝑘
𝑉𝑑𝑟𝑚𝑠

∗ +
𝑏𝑗

𝑘2 𝑉𝑑
∗2

𝑟𝑚𝑠
+

𝑏𝑒𝑥

𝑘1.5 𝑉𝑑𝑟𝑚𝑠

∗1.5
 ,   (11) 

where 𝑏ℎ , 𝑏𝑗 and 𝑏𝑒𝑥 are the short-circuit loss coefficients and 𝑉𝑑𝑟𝑚𝑠
∗  is the RMS EMF. 

[51] 

As shown in Figure 12, the PMSM block has electrical connections from D and Q ports 

to the rest of the electrical model of the electric drive. R and C ports are mechanical 

rotational ports. C port is connected to a mechanical reference meanwhile R port con-

nects the shaft of the motor to external load. Angular velocity and mechanical torque are 

measured at the R port. 

3.2.2 Field-oriented control and field-weakening controller 
The frequency converter control for operating PMSM is based on a FOC strategy. Under 

normal operation conditions, the q-axis current 𝑖𝑞 controls the generated torque, as 

torque is directly proportional to 𝑖𝑞, while the d-axis current 𝑖𝑑 controls the flux. As these 

two currents can be regulated independently, 𝑖𝑑 is typically set to zero and 𝑖𝑞 is controlled 

according to the torque demand. This assumption also justifies the zero  𝑖𝑑 condition 

introduced in previous section.  

A general FOC structure is illustrated in Figure 13. An outer controller, such as speed 

controller, generates a torque reference. Based on this torque reference, the correspond-

ing 𝑖𝑞 reference is computed, while 𝑖𝑑 reference is set to zero. These current references 

are further fed to PI current controllers producing voltage references in the d-q frame. 

The voltage references are transformed back to three-phase domain using the inverse 

Park transform is performed on the voltage references before they are fed to PWM gen-

erator. PWM Generator computes the PWM control of the power inverter that controls 
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the three-phase PMSM. Three-phase currents are measured and transformed to the d-

q frame using Park and Clarke transforms to provide feedback signals for the current 

controllers. The rotor speed is measured for the velocity controller. [32] Additional super-

visory functions, such as derating and diagnostics, can be implemented using the avail-

able signals. 

 

Figure 13: General representation of field-oriented control, adopted from [32]  

Implementing FOC according to Figure 13 is often computationally demanding, as it re-

quires coordinate transformations and PWM control of the power inverter that requires 

small simulation steps. Since the PMSM model described in the previous section is 

based on the voltage equations in dq-frame instead of abc-frame, the FOC can be sim-

plified into a form presented in Figure 14. The velocity controller remains optional also 

here. The current references are supplied to a field-weakening controller, which modifies 

them when the motor operates above its base speed. The measured 𝑖𝑞 and 𝑖𝑑 are directly 

available from the PMSM model, eliminating the need for Clarke and Park transfor-

mations. The proportional-integral (PI) controllers compute d-q voltage commands, 

which are applied directly to the motor model without PWM generation or three-phase 

conversion  

 

Figure 14: Simplified field-oriented control 
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Field weakening is required when the PMSM operates above its base speed. The prin-

ciple is to apply negative  𝑖𝑑 current to reduce the BEMF voltage, allowing operation at 

higher speeds within the available voltage limit. However, since the total current is lim-

ited, increasing the magnitude of 𝑖𝑑 reduces the available 𝑖𝑞, thereby decreasing the 

maximum achievable torque at high speeds.  

The field-weakening controller used in this thesis is a Simulink block called PMSM Field-

Weakening Controller from Simscape Electrical library. The block adjusts the angle of 

the reference current vector when the base speed is exceeded in order to decrease the 

phase voltage of PMSM. The operation of the block is illustrated in Figure 15. Base speed 

limit is calculated based on modulation index according to equations (12) and (13) 

𝑀 =
√𝑣𝑑

2 + 𝑣𝑞
2

𝑉𝑝ℎ_𝑚𝑎𝑥
, 

(12) 

𝑉𝑝ℎ_𝑚𝑎𝑥 =
𝑉𝑑𝑐

√3
 (13) 

where 𝑉𝑑𝑐 is the DC-link voltage. Based on the error between modulation index and its 

threshold value, the controller outputs a scaling factor between zero and one to adjust 

current vector angle. As the output approaches zero, the controller decreases the q-axis 

current meanwhile close to one, q-axis current is unchanged. [52] 

 

Figure 15: Field-weakening controller, adopted from [52] 

As the MATLAB block internally converts the current vector between cartesian and polar 

coordinates, the sign information of the 𝑖𝑞 reference is lost. Therefore, the sign of the 
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original 𝑖𝑞 reference is stored and reapplied after the controller output. Without this cor-

rection, operation quadrants II and III would not be possible, preventing proper genera-

tive and reverse motoring operation.  

The implemented control structure is shown in Figure 16 and in Figure 17, where the 

control mode selection and current controller implementation are presented. The sup-

ported control modes are neutral, torque control, speed control, voltage control and 

power control. Voltage and power control are primarily intended for generator operation, 

whereas torque and speed control can be employed for both generating and motoring. 

Neutral mode produces zero torque reference meanwhile torque control forwards the 

received torque reference directly. Speed, voltage and power control modes employ PI 

controllers to track their respective reference values and may include parameterized rate 

limiters. All the modes ultimately generate a torque reference, which is supplied to derate 

and diagnostics subsystem described in the next section. The resulting torque demand 

is then provided to the current controllers. 

 
Figure 16: Control mode selection 
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Figure 17: Current controllers 

The current controller implementation follows the simplified FOC structure presented in 

Figure 14. The final torque reference is converted into 𝑖𝑞 reference using the known 

torque constant, while 𝑖𝑑 reference is set to zero. The references are forwarded into the 

field-weakening controller which computes new current references if the conditions re-

quire that. The resulting current references are then compared with filtered current meas-

urements from where the PI controllers compute corresponding d-q voltage commands. 

The voltage magnitude is limited using the MATLAB block called d-q Voltage Limiter, 

which limits the norm voltage vector to the available phase voltage derived from the DC-

link voltage. The same limit is also applied on field weakening controller. To prevent 

integrator windup during voltage saturation, the applied voltage commands are fed back 

to the PI controllers as tracking signals. Finally, the d-q axes voltages are converted into 

Simscape PS and supplied to the Simscape interface subsystem described in Section 

3.2.4. 

3.2.3 Derate and diagnostic functions 
Derating and diagnostic functions are essential features of real electric drives, as they 

continuously monitor operating conditions and protect the components from unsafe op-

eration. When the operating conditions approach predefined limits, the drive operation 

can be limited to prevent damage. To replicate realistic behavior in system-level simula-

tions, the most common derating and diagnostic functions are included in the model, as 

such situations may occur during normal operation. 

The derating function in the model is implemented using three signals while taking the 

current operating quadrant into account. The implemented derating logic is illustrated in 

Figure 18. Based on DC-link voltage, motor temperature, and motor current, the torque 

reference can be scaled down. In voltage-based derating, the operating quadrant is mon-
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itored. During generating operation, derating is activated if the DC-link voltage rises ex-

cessively, whereas during motoring operation, derating is initiated if the voltage drops 

below its defined threshold. 

Although motor thermal dynamics are not modeled in this thesis, the derating structure 

includes a temperature-based input to enable future extension of the model. Each derat-

ing signal produces derating factor between one and zero, where one corresponds to 

normal operation and zero to fully derated operation. The smallest derating factor is se-

lected and is used to multiply the torque reference. The resulting torque reference is then 

limited according to the rated maximum torque of the electric drive, producing the final 

torque demand supplied to the current controllers described in previous section.  

All derating-related values are parameterized and can be adjusted according to the mod-

elled component. Voltage, current, and temperature values and their corresponding de-

rating factors can be modified as required. Individual derating signals can also be disa-

bled by parameterization. 

 
Figure 18: PMSM derate functions 

While derating functions reduce the torque reference to prevent operation outside pre-

defined limits, diagnostic functions are implemented to detect abnormal operating condi-

tions and provide status information about the drive state. 

The implemented diagnostic logic is presented in Figure 19. The diagnostics cover un-

dervoltage, overvoltage, temperature, overcurrent and maximum speed. The diagnostic 

thresholds correspond to the operating limits at which the respective derating factor 

would reach value of zero. Maximum speed uses a separate parameter, as no derating 

functionality is implemented for the speed signal. Each monitored signal includes a pa-

rameter defining the fault activation time. If a signal exceeds its defined limit for longer 

than the parameterized fault activation time, a fault is triggered and the drive transitions 

to a tripped state, automatically switching the control mode to neutral. Once a fault is 

active, it remains active until an external reset signal is received. In addition, the PMSM 
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is disconnected from DC-link to prevent abnormal voltage or current from affecting other 

components in the system. 

 
Figure 19: PMSM diagnostic functions 

Derating and diagnostic functions are essential not only for realistic component repre-

sentation, but especially when simulating prototype or first-time system configurations. 

During early development stages, operating limits may be unintentionally exceeded due 

to incomplete system knowledge, control design choices, or unforeseen logic interac-

tions. Without protective functions, simulations could produce physically unrealistic re-

sults. By incorporating parameterizable derating and fault logic, the model better reflects 

real operational constraints and improves the credibility of the simulation results. 

3.2.4 Integrated electric drive model 
The previously described control, derating and diagnostic functionalities are integrated 

into a single electric drive model. This section presents the overall structure of the imple-

mented model and illustrates how the individual subsystems interact within the complete 

architecture. 

Figure 20 shows the block diagram of the implemented control model, including mode 

selector, derate and diagnostic functions, and current loop controllers described in the 

previous sections. In addition, the control system contains a state machine that reports 

the active state of the electric drive. When the state machine receives an enable signal 

and the drive is not in a faulty state, the requested drive mode is activated. The active 

drive mode is passed to the mode selector, which activates the requested mode control 
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to generate torque reference. The final torque reference is fed back to the mode selector 

to prevent unnecessary integration when saturation occurs. The torque reference is then 

passed through the derate and diagnostic functions to the current controllers, as de-

scribed previously. In addition, torque estimation is implemented according to the equa-

tion (3). 

 

Figure 20: Overview of control subsystem 

The control subsystem receives two bus inputs: a measurement bus from Simscape sub-

system, which includes measurements from the PMSM, and a command input  

bus. In addition, the 𝑖𝑞 and 𝑖𝑑 currents are received as Simscape PSs from the electrical 

subsystem. The measurement bus includes PMSM power, current, torque and speed 

measurements, as well as the DC-link voltage. These measurements are filtered using 

a first-order low-pass filter as required. The command input bus contains enable signal, 

drive mode request, setpoints for torque, speed, voltage and power, and fault reset. This 

bus replicates the real control interface of the electric drive. 

The outputs of the control subsystem consist of two bus structures and 𝑉𝑞 and 𝑉𝑑 volt-

ages, which are provided as Simscape PS. The first output bus serves as a command 

interface to the Simscape subsystem and contains information such as electric drive trip-

ping status, enable signal, and brake chopper command. The second output bus repli-

cates the real status interface of the electric drive and includes the active drive mode, 

enable status, speed, torque, DC-link voltage, PMSM current and power measurements, 

as well as the final torque demand and the machine derate percentage. 

While the control subsystem operates in the Simulink domain and generates the required 

voltage references and supervisory command, the physical behavior of the electric drive 

is represented within the Simscape subsystem illustrated in Figure 21. This subsystem 

models inverter interface, the PMSM, and the DC-link dynamics, including protective and 

energy dissipation functions.   
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The PMSM voltage is applied through controlled voltage sources according to the re-

ceived d and q axes voltage commands. The resulting currents in the respective axes 

are measured and provided as feedback to the control subsystem. Electrical power is 

calculated from the dq axis voltages and currents and is used to determine the corre-

sponding DC-link current. 

 

Figure 21: Simscape subsystem of frequency converter 

The DC-link is modeled using a capacitor block representing the DC-link capacitance. A 

discharging resistor is included, and its purpose is to discharge the DC-link when the 

drive is not connected to DC-link. Furthermore, in the case of drive fault, the Simscape 

switch blocks isolate the PMSM from the DC-link to prevent abnormal currents or volt-

ages. In addition, a brake chopper can be activated to absorb excess energy during 

regenerative operation and prevent DC-link overvoltage. However, the control of the 

brake chopper is not implemented in the current model and remains as a potential future 

extension of the model.  

At the system level, the electric drive model exposes one command input bus and one 

status output bus, which replicates the real control interface. In addition, DC-link positive 

and negative terminals enable integration with other electrical subsystems. 

3.3 Battery 

While the previous sections focused on the electric drive modelling, the following sec-

tions introduce the battery model that supplies the DC-link and enables system-level 

energy interaction. Different battery modelling methods were compared in Section 2.2, 
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based on which ECMs are selected for implementation in this work. Since literature re-

ports varying numbers of RC pairs used in such models, in this thesis, models with one, 

two, and three RC pairs are implemented and their performance is compared. Increasing 

the number of RC pairs improves the ability of the model to capture dynamic behavior, 

but it also increases the computational complexity, which may affect real-time simulation 

performance. Besides the ECM representation, all battery model variants share a com-

mon simplified BMS implementation that includes contactor control and SOC estimation.  

3.3.1 Equivalent circuit model 
The battery is modelled using three variants of RC networks with one, two, and three RC 

pairs. The equivalent circuits for these models are presented in Figure 8. Starting with 

the variant with three RC pairs, the output voltage of the battery is defined according to 

equation (14) 

𝑉𝐵𝑎𝑡𝑡 = 𝑂𝐶𝑉(𝑆𝑂𝐶) − 𝐼𝐵𝑎𝑡𝑡𝑅0 − ∑ 𝑉𝑖 ,
𝑛

𝑖=1
 (14) 

where OCV(SOC) is the open circuit voltage at given SOC value, 𝐼𝐵𝑎𝑡𝑡 is the current 

flowing out of the battery, 𝑅0 is the series resistance of the ECM, n is the number of RC 

pairs in the selected configuration (n ∈ {1, 2, 3}), and 𝑉𝑖 represents the voltage of the i-

th RC pair. Voltages of the RC pairs are described according to equation (15) 

𝑑𝑉𝑛

𝑑𝑡
=

𝐼𝐵𝑎𝑡𝑡

𝐶𝑛

−
𝑉𝑛

𝑅𝑛𝐶𝑛

,  
(15) 

where n=1,2,3 denotes the RC pair number, C and R are the capacitances and re-

sistance of the RC pair. The SOC-OCV curve is typically provided by the component 

manufacturer and can be implemented using a lookup-table. To receive OCV value, SOC 

needs to be estimated. The estimation of the SOC can be done by using Coulomb count-

ing according to equation (16) 

𝑆𝑂𝐶 = 𝑆𝑂𝐶0 − ∫
𝐼𝐵𝑎𝑡𝑡

𝐶𝐵𝑎𝑡𝑡

𝑑𝑡, 
(16) 

where 𝑆𝑂𝐶0 is the initial SOC value and 𝐶𝐵𝑎𝑡𝑡 is the total capacity of the battery.  

The described equations are implemented using the Simscape electrical library. The im-

plemented model, shown in Figure 22, follows the ECM structure presented in Figure 8. 

The open circuit voltage is implemented with a controlled voltage source that sets the 

voltage according to the SOC state based on the Coulomb counting. Coulomb counting 

is implemented in Simulink according to equation (16). The RC variant subsystem rep-

resents the selected number of RC pairs. In addition, the model includes battery contac-

tors as well as pre-charging resistor and contactor which are used to pre-charge DC-link 
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and prevent large inrush currents. Control of the contactors is implemented within BMS 

model. Battery terminal voltage, current and DC-link voltage are measured for BMS op-

eration. 

 

Figure 22: Simscape electrical model 

Figure 23 presents RC variant subsystem of three RC pairs. RC pairs are built with re-

sistor and capacitor blocks, and each pair has its own parameters. The number of RC 

pairs can be changed through parameterization while the rest of the model remains un-

changed. This allows the use of a simplified version of the model when experimental 

data is unavailable. The same model can later be used if experimental data has become 

available and the model can be tuned with that.  

 

 

Figure 23: 3RC variant of battery 

While the ECM describes the electrical behavior of the battery, safe and reliable opera-

tion requires supervisory control. Therefore, the following section introduces the imple-

mented BMS model, which governs the contactor operation, battery monitoring, and pro-

tection functions. 

3.3.2 Battery management system 
Battery management system supervises the safe operation of the battery within the over-

all electrical system. Its primary functions include control of the interface between battery 

and DC-link, computation of allowable current limits, and detection of abnormal operating 

conditions. The implemented BMS structure is presented in Figure 24. 

To connect the battery with rest of the electrical components, the contactors need to be 

controlled. The battery might have voltage of several hundred volts meanwhile rest of 
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the DC-link may be resting at low voltage. Connecting the main contactors immediately 

would cause a huge inrush current which would damage the components. Therefore, the 

contactor control actively measures the terminal voltage together with the DC-link volt-

age. Once the battery receives enable command to connect with DC-link, the BMS first 

commands pre-charge contactors closed. Pre-charge contactors have increased re-

sistance to limit the inrush current. Once the voltage levels are close to each other, the 

main contactors are closed and pre-charge contactors opened. Contactor control is im-

plemented with a state machine which receives both voltage measurements, enable sig-

nal, and fault signal while it outputs the control signals for pre-charge, positive main and 

negative main contactors together with status signal. 

 

Figure 24: BMS structure 

In addition to interface control, the BMS limits the allowable battery current to ensure 

operation within safe limits. Continuous current limits are computed based on parame-

terized curves for voltage, SOC and temperature as presented in Figure 25. Each varia-

ble is treated separately, and the lowest resulting current limit is selected. Continuous 

current limits exist for both charging and discharging. Continuous limits in this case mean 

that current below the limit can be applied continuously but the limit itself may change 

based on varying state.  

To account for short-term load demands, dynamic current limits are implemented on top 

of the continuous limits. Dynamic current limits allow exceeding the continuous limits for 

a certain time period. The implemented dynamic current limit computation is presented 

in Figure 26. In this case, the dynamic current limits allow the continuous current limit to 

be exceeded for parameterized time period up to twice the continuous limit value. How-

ever, as the continuous current limits are exceeded, the dynamic current limits start to 

decrease linearly towards the continuous current limit. Once the continuous current limit 
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is no longer exceeded, the dynamic current limit starts to recover towards its maximum 

value.  

 
Figure 25: Continuous current limits 

Beyond current limitation, the BMS continuously monitors electrical and thermal varia-

bles to detect abnormal conditions. The diagnostic logic follows the same principle as 

the previously described PMSM diagnostics. Signals that are monitored are current, volt-

age and temperature. Current is being compared to dynamic current limits which at min-

imum are the same as the continuous current limits. Voltage and temperature of the 

battery are compared against parameterized values. Like for PMSM, the faults are acti-

vated after a time period of parameterized value has passed and faults stay active until 

external reset signal is received. Once a fault is detected, fault flag is triggered which 

commands the contactors to open. However, the contactors do not open immediately to 

give little time for the other components of the system to shut down safely.  

 

Figure 26: Dynamic current limit computation 
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The BMS receives two input buses, one from the electrical subsystem that delivers 

measurements and another which creates the control interface that replicates one of the 

real battery. The measurements are DC-link and terminal voltages of the battery and the 

battery current. Input commands include enable signal and fault reset. Outputs from BMS 

are contactor control bus that has command signals for each contactor and the status 

output bus that reports current status of the battery, dynamic and continuous current 

limits, fault signals, previously mentioned measurements and the estimated SOC. In ad-

dition, the battery model has positive and negative terminals for DC-link connection. 

As mentioned earlier, the parameterization of ECMs can be formulated as a nonlinear 

optimization problem. The model parameters are identified using MATLAB’s fminsearch 

function, which implements the derivative-free Nelder-Mead simplex algorithm [53]. The 

objective function was defined as the root mean squared error between the measured 

terminal voltage and the simulated model voltage. Since fminsearch does not support 

bound constraints, non-physical parameter values are penalized by assigning an infinite 

cost. Such parameter values would lead to simulation errors and therefore they are ex-

cluded. As the Nelder-Mead method does not guarantee convergence to a global mini-

mum, the solution is sensitive to the choice of initial parameter values [53]. Furthermore, 

because the identification approach is data-driven, experimental measurements are re-

quired. 

3.4 DC-DC Converter 

DC-DC converters are used to convert one voltage level to another. Depending on the 

topology, the converter can either step up (boost) or step down (buck) the voltage. In 

electrified mobile machines, DC-DC converters are commonly used to supply low-volt-

age auxiliary systems from the high-voltage battery. On the contrary, when the battery 

voltage is insufficient for the electric drive, the converter can operate in boost mode to 

provide the required voltage level.  

Since the switching dynamics of DC-DC converters occur at significantly higher frequen-

cies than the overall system dynamics, an average value model that averages the circuit 

over one switching period is adopted. The implemented model is based on an average-

value representation suitable for system-level simulations and real-time execution, 

where detailed switching phenomena are not required. 
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3.4.1 Average-value DC-DC converter model 
The DC-DC converter is modeled using a average-value representation suitable for sys-

tem-level simulations and real-time implementation. Instead of modeling detailed switch-

ing dynamics, the converter is represented through an instantaneous power balance be-

tween the input and output sides. This relationship is expressed in equation (17) 

𝑈1 ∗ 𝐼1 = 𝑈2 ∗ 𝐼2, (17) 

where 𝑈1 and 𝑈2 are the input and output voltages, and 𝐼1 and 𝐼2 are the corresponding 

currents. In Simulink, this equation is implemented by using a controlled current source 

for 𝐼2 and a controlled voltage source for 𝑈1. The values for 𝐼2 and 𝑈1 are derived from 

duty-cycle relations rearranged from the Average-Value DC-DC converter block docu-

mentation provided by MathWorks. The resulting expressions are  

𝑈1 =
𝑈2

𝐷
− 𝑈2, 

(18) 

𝐼2 =
𝐼1

𝐷
− 𝐼1, 

(19) 

where D is the duty cycle. [54] 

While the MATLAB block internally implements the same power balance of equation (17), 

it sets the voltage on the output side and current on the input side. In the implemented 

model, the causality is intentionally reversed so that current acts as the primary con-

trolled variable. This approach better reflects practical converter control structures and 

enables implementation of derating and supervisory functions similar to real converters. 

The implemented converter model also includes LC filter made of capacitor and inductor 

on the output side to add dynamic behavior. The implemented model is presented in 

Figure 27. 

 

Figure 27: DC-DC converter physical model 

The implemented model supports bidirectional power flow and buck-boost operation al-

lowing regulation of the output voltage either above or below the input voltage level. 

However, although the LC filter introduces low-frequency dynamic behavior, the model 
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does not capture high-frequency switching dynamics as individual switching events are 

not considered. Furthermore, loss modeling is simplified and primarily based on the re-

sistive elements of the passive components, while semiconductor switching and conduc-

tion losses are not explicitly modeled. 

3.4.2 Control and supervisory functions 
The control and supervisory functions of the DC-DC converter follow the same architec-

tural principles as those implemented for the electric drive model. An overview of the 

control structure is presented in Figure 28.  

 

Figure 28: DC-DC converter control structure 

The converter supports current, voltage, and power control modes. In all control modes, 

the resulting control output is a current reference. The operational status of the converter 

is determined based on active fault conditions and the selected control mode. If any fault 

is active, the converter reports a tripped state. Otherwise, when a valid control mode is 

selected, the converter reports an enabled state corresponding to the active control 

mode. 

Similar to the electric drive model, the reference signal is fed into the derate and diag-

nostics subsystem, shown in Figure 29. In this subsystem, the current reference is limited 

by parameterized maximum output current or by input current limitation from which the 

corresponding output current limit is computed using the power balance equation. The 

derating logic scales the permissible current limits based on input and output voltage 
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conditions. Derating is implemented following the same principle as in the electric drive 

model.  

 

Figure 29: Derate and diagnostic functions 

The diagnostic functions follow the same principle as implemented in electric drive 

model. In this case, the monitored signals are input and output currents. The final control 

signal to the physical model is the duty cycle, generated by a PI controller based on the 

error between the final current reference and the measured output current.  

Interface of the control subsystem consists of two output buses and two input buses. 

One of the output buses delivers command signals to the physical subsystem while the 

other replicates the output interface of the real component. Similarly, one of the input 

buses delivers measurements from the physical subsystem to the control subsystem 

meanwhile the other replicates the interface of the real component.  
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4. SIMULATION RESULTS AND VALIDATION 

The models implemented in the previous section represent generic versions of the cor-

responding components. Implemented components are validated and verified with ex-

perimental data from real duty cycles excluding the DC-DC converter which did not have 

any experimental data available. The experimental data and parameters of the imple-

mented models used in this study originate from confidential sources, and the specific 

origin of the data and parameters or their context cannot be disclosed in detail. In addition 

to the validation of the models, computational efficiency is analyzed. All Simulink Sim-

scape simulations are run using Backward Euler solver with 1 millisecond time step. 

Simulations are performed in normal simulation mode and in accelerator mode. In normal 

simulation mode, Simulink directly evaluates and runs the model within a single process, 

while accelerator mode speeds up simulation by compiling the methods of the model into 

a separate, reusable engine using Just-in-Time acceleration or C code generation [55]. 

Accelerator usually speeds up the simulation itself while the compilation of the model 

can take longer. Simulations are executed on a PC with Intel Core i7-11800H and 64GB 

RAM, running Windows 11. 

4.1 Electric drive 

The electric drive model is validated by comparing simulated signals against experi-

mental measurements obtained under identical operating conditions. The PMSM in the 

experimental test setup is driven in speed control under varying load. The speed refer-

ence together with torque, speed, voltage, and d and q axes currents are logged and 

now utilized in the validation process. The measured torque is used as a load torque on 

the PMSM, meanwhile the logged speed reference is used as a reference to a speed 

controller. 

Figure 30 shows the comparison between measured and simulated PMSM under iden-

tical speed reference. The applied speed profile includes stepwise speed command 

changes as well as constant speed operation under varying load. The simulated re-

sponse closely matches the measured signal during both transient and constant speed 

operation. In particular, the rise time and settling behavior following speed steps are 

comparable, and no significant deviation is observed. 
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Figure 30: Speed comparison 

As speed control is achieved by modulating the electromagnetic torque, the correspond-

ing torque response is examined to further validate the electrical subsystem of the model. 

Figure 31 presents the resulting measured and simulated torque responses based on 

speed control. The final torque demand was not logged in the experimental measure-

ments and therefore a direct comparison of controller behavior is not possible.  

 

Figure 31: Torque comparison 
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Nevertheless, the simulated torque follows the measured signal closely throughout the 

operating cycle. During speed setpoint transitions, slightly higher peak torque is ob-

served in the simulation compared to the measurements. This deviation may be due to 

minor differences in mechanical parameters which influence the dynamic torque require-

ment. 

As torque in PMSMs is directly related to q-axis current, this signal is analyzed next. 

Figure 32 shows a similar pattern to the torque comparison. During speed setpoints the 

simulated q-axis current is slightly higher but for the other parts it follows the measure-

ment closely. The measured signal exhibits higher variability, which can be attributed to 

measurement noise and inverter switching effects not modeled in the simulation. Overall, 

the dynamic behavior is accurately captured. 

 

Figure 32: Q-axis current comparison 

Although the q-axis current demonstrates close agreements, a small discrepancy is ob-

served in the d-axis current. As shown in Figure 33 the simulated controller regulates d-

axis current effectively close zero meanwhile the measured signal exhibits non-zero off-

set and increased ripple. The difference can be due to non-ideal effects present in the 

experimental system such as parameters mismatches or inverter nonlinearities, which 

are not perfectly represented in the model. Nevertheless, the overall magnitude of the 

deviation remains relatively small, indicating that the implemented current control struc-

ture reproduces the dominant dynamic behavior of the real drive. 
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Figure 33: D-axis current comparison 

In addition to validation of accuracy of the model, the computational performance is 

tested by simulating a cycle and comparing the simulation time with wall-clock time. This 

testing results in real-time factor (RTF). For electric drive, the full 1220 seconds long 

cycle from the experimental measurement is used. The simulation is performed in normal 

simulation mode and accelerator mode in Simulink. The results are summarized in Table 

1. In both cases, the RTF is greater than one which indicates simulation runs faster than 

real time in this laptop setup.  

Table 1: Computational times and RTFs for PMSM model 

 Time RTF 

Normal 121 s 10 

Accelerator 45 s 27 

 

Overall, the PMSM model can achieve real-time simulation comfortably. Also, the results 

presented confirm that the implemented mechanical dynamics and speed control struc-

ture accurately reproduce the behavior of the experimental drive system and thus the 

model can be reliably used to represent PMSM. However, if multiple electric drive models 

are needed for system simulation together with many other components, real-time capa-

bility may not be guaranteed  
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4.2 Battery 

The implemented battery models are validated by comparing simulation results with two 

measurement datasets obtained from an experimental system. The simulations use the 

measured current profiles as inputs to the battery models with different numbers of RC 

pairs, ensuring that both the simulation and the experimental system are subjected to 

identical current profiles. The input current profile of the first measurement dataset, which 

is also used for parameter identification, is presented in Figure 34. 

 

Figure 34: Battery current profile in the first measurement dataset 

The simulated terminal voltages are compared with the measured battery terminal volt-

age, and the results are presented in Figure 35. The influence of the number of RC pairs 

can be observed in the voltage response. The model with a single RC branch deviates 

the most from the measured signal among the different RC configurations. Models with 

two and three RC pairs demonstrate improved capability to reproduce the battery voltage 

dynamics. The difference between these two configurations is relatively small, suggest-

ing that the two-RC configuration can capture most of the battery dynamics while main-

taining lower model complexity and requiring fewer parameters. 

In addition to voltage comparison, the simulated SOC is compared with measured SOC 

estimation in Figure 36. The Coulomb counting method is used for all RC configurations, 

resulting in identical SOC estimates among the models. For this particular dataset, Cou-

lomb counting provides very accurate estimation of SOC progression. 
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Figure 35: Measured voltage of the first dataset vs simulated voltage of ECM 
models with different RC configurations 

 

Figure 36: Measured SOC estimate of the first dataset vs Simulated SOC esti-
mate of ECM models with different RC configurations 

Next, the models with same parameters are evaluated using a second measurement 

dataset that is not used during the parameter identification process. Figure 37 presents 

the measured current profile from the second measurement dataset that is also used as 

an input for the models. 
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Figure 37: Battery current profile in the second measurement dataset 

Figure 38 presents the comparison of measured battery terminal voltage with simulated 

battery voltages similar to the first dataset. Again, the model with single RC pair performs 

the worst and deviates the most from the measured voltage. Also for this dataset, the 

two and three RC pair models are performing well, and only minor deviations are visible. 

Actually, the two RC pair model performs slightly better than the three RC pair model as 

it can follow the measured signal more accurately. 

 

Figure 38: Measured voltage of the second dataset vs simulated voltage of 
ECM models with different RC configurations 
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Figure 39 presents the SOC comparison of measurement and simulation. In this dataset, 

a small drift in the Coulomb counting estimate occurs toward the end of the simulation, 

resulting in slightly larger deviation than in the first dataset. 

 

Figure 39: Measured SOC estimate of the second dataset vs Simulated SOC 
estimate of ECM models with different RC configurations 

Based on the validation with two different measurement datasets, it can be concluded 

that one RC branch model is not capturing the dynamic behavior of the real battery as 

well as the two and three pair models. In contrast, adding the second RC pair improves 

the performance significantly while introducing a third pair does not lead to a substantial 

additional improvement. However, overall all of the three models can produce the main 

dynamic behavior and even for the one pair model, the maximum errors are not huge.  

In addition, it is important to note that the optimization algorithm used for parameter iden-

tification does not always guarantee convergence to the global minimum. Instead, the 

results may depend on the initial parameter guesses. Consequently, the obtained pa-

rameter set may represent a local minimum, and further tuning of the initial values could 

potentially lead to improved model accuracy. The parameters used in the simulations are 

listed in Table 2. 

The computational efficiency of the models is analyzed by simulating the full cycle of the 

second measurement dataset, which has a duration of 2300 seconds. The results for all 

RC configurations simulated in normal and accelerator simulation modes are summa-

rized in Table 3. Adding additional RC branches increases the complexity of the model, 
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which is reflected in the computation times. In both modes, the wall-clock times increase 

while the corresponding RTF values decrease.  

Table 2: RC parameters obtained from fminsearch 

 
R0 

(ohm) 

R1 

(ohm) 
C1 (F) 

R2 

(ohm) 
C2 (F) 

R3 

(ohm) 
C3 (F) 

1 RC 

Model 
0.05 0.045 225 - - - - 

2 RC 

Model 
0.0546 0.002 0.0350 0.0442 1154.1 - - 

3 RC 

Model 
0.0372 0.0150 22.617 0.0628 492.4125 0.0735 28691 

 

Table 3: Computational times and RTFs for RC configurations 

 Normal-mode Accelerator-mode 

RC-Pairs Time RTF Time RTF 

1 28.66s 80.25 42.52s 54.09 

2 31.17s 73.79 52.07s 44.17 

3 34.45s 66.76 55.82s 41.20 

 

Considering both the model accuracy and computational performance, the two RC pair 

configuration provides a good trade-off between fidelity and simulation efficiency for sys-

tem-level simulations. This result is well in line with the reports from literature. 

4.3 DC-DC converter 

Validation of the developed DC-DC converter model cannot be performed in the same 

way as for the electric drive and battery models, since experimental data is not available. 

Instead, the operation of the model is demonstrated through simulation in both buck and 

boost operating modes utilizing voltage control mode. 

In the simulation, the input-side voltage is set to a constant value of 350 V, while the load 

on the output side is controlled. Simulation is divided into two parts. In the first simulation 
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the voltage reference is set to 24 V, corresponding to buck operation. After a few sec-

onds, a load current of 200 A is applied on the output side for several seconds. After that 

the direction of the current is changed. In the second simulation, the voltage reference 

is increased to 480 V, which corresponds to boost operation, as the output voltage ex-

ceeds the input-side voltage. Similar load current is again applied on the output side.  

The results of first simulation are presented Figure 40. From the voltage measurement 

signal, it can be observed that the output voltage has almost negligible overshoot when 

the voltage reference is set to 24 V. Once the loading current is applied, the output side 

voltage drops almost 4 V. After several seconds, the voltage slowly starts to reach the 

reference point until the load is dropped and overshoot occurs. Similar behavior occurs 

when the current is applied in opposite direction. In real component better disturbance 

rejection can be expected as in the simulation it takes several seconds for the converter 

to recover from disturbance. 

 

Figure 40: Buck operation demonstration 

Results of the second simulation with voltage reference of 480 V are presented in Figure 

41. In this case, the overshoot in the beginning is notable. Similar to the buck operation 

demonstration, the voltage is clearly affected by the load disturbances. However, the 

voltage errors seem to be relatively smaller in boost operation than in the buck operation. 

While the simulations demonstrate the basic functionality of the model successfully, the 

recovery time is suboptimal for this kind of power converter. The performance could be 
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improved most likely by further controller tuning. Another possibility to improve disturb-

ance rejection would be the implementation of feedforward control, which would allow 

the converter to respond faster to sudden load changes than with simple PI-controllers. 

 

Figure 41: Boost operation demonstration 

In practical power converters, voltage regulation during load transients is typically more 

stable and the overshoot smaller than observed. In the present simulation, the load cur-

rent is ramped from zero to 200 A within one second. In real applications, the current 

magnitude may change significantly faster, making the operation even more challenging. 

Even though the voltage would still drop in real application as well, it would recover much 

faster than seen in the simulation.  

The computational efficiency of the DC-DC converter model is evaluated using a short 

100-second simulation cycle. Results in both normal and acceleration modes are pre-

sented in Table 4. In both cases, the RTF is well above one, indicating real-time capa-

bility. The wall-clock duration also includes the compilation of the model, and therefore 

longer simulation runs would further increase the RTF values. Currently, the time spent 

on compilation is relatively high as the simulation itself is short. 

Table 4: Computational efficiency results of DC-DC converter 

 Time RTF 

Normal 8.65 s 11.5 

Accelerator 6.14 s 16.3 
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The developed model is computationally efficient and capable of representing both buck 

and boost operation, although the accuracy still has room for improvement. The perfor-

mance could be improved through careful tuning of the controllers, which should allow 

the model to provide a more stable output voltage under varying load conditions. 
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5. SYSTEM MODEL 

To further demonstrate the capabilities of the implemented component models, they are 

integrated into one system-level model. This model includes one battery, two DC-DC 

converters, and two electric drives. The first DC-DC converter is used to boost the battery 

voltage up to suitable level for the electric drives while the second converter bucks the 

battery voltage down to 24 V low voltage system. The first electric drive is operated as a 

generator meanwhile the second one is used as a motor. The system model topology is 

presented in Figure 42. 

 

Figure 42: System model topology 

The built system is first simulated in offline environment which is described in Section 

5.1, and afterwards in HIL environment to study the real-time capability which is pre-

sented in Section 5.2. Results from both simulations are presented in Section 5.3. 

5.1 Offline simulation model 

The simulation model for offline simulation is built based on the topology introduced in 

previous section. The model contains a battery model representing the HV battery, two 

DC-DC converter models to represent HV DC-DC converter and LV DC-DC converter 

and two electric drive models to represent generator and traction motor. The built simu-

lation model is illustrated in Figure 43. Both DC-DC converters are used in voltage control 

mode. HV converter is set to 700 V while the LV converter provides 24 V. Generator is 

rotated at a constant speed and the power generation is controlled by torque control 
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mode. The traction motor has a constant resistive load, and the motor is controlled in 

speed mode. Even though two RC pair model of a battery was considered the best trade-

off in the previous section, here a three RC pair model is used to test the real-time capa-

bilities of all models.  

 

Figure 43: System simulation model 

Electric drives and the battery model are parameterized based on the experimental data 

used in validation process. Also, the DC-DC converter parameters are the same as used 

in Section 4. In the beginning of the simulation, all the components are initialized to off 

or disabled states to simulate their start-up sequences. Furthermore, the components 

are commanded and loads applied according to the flowchart presented in Figure 44. 

Inputs to the components are generated inside a stateflow chart and are applied through 

the input buses explained in detail in subsections of Section 4. Stateflow chart is selected 

as it can be used to apply the same cycle easily in the real-time environment.  

 

Figure 44: System simulation duty cycle 
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The system model as well as the single component models are using fixed step discrete 

solver to best describe the behavior of the internal logics of the components. However, 

the physical component models have continuous states and therefore the Simscape do-

main of the model employes local Backward Euler solver. For the local solver, fixed-cost 

simulation is applied with a limited number of iterations to prevent the solver from getting 

stuck and to guarantee predictable computation times. For both solvers and all models 

used in this work, step size of 1 ms is used. 

5.2 Real-time simulation setup 

To verify the real-time capability and deterministic performance of the system model, the 

simulations performed in offline environment are repeated in real-time environment with 

an industrial hardware target. This ensures that the models developed in Chapter 3 are 

compatible with the strict timing requirements of the HIL environment. 

The real-time environment used is based on Beckhoff TwinCAT 3 ecosystem. A Beckhoff 

industrial PC serves as the real-time target, providing the necessary processing power 

and deterministic task handling. The hardware used is Beckhoff CB6472 with Intel Core 

i5-11500HE. The transition of the system model from Simulink to the hardware target is 

achieved using the Beckhoff TE1400 Target for MATLAB/Simulink toolchain. This allows 

compilation of Simulink models into TcCOM (TwinCAT Component Object Model) ob-

jects. Using the code generation functionality of Simulink Coder with TE1400 tools, the 

model is generated into C++ code that can be executed in the TwinCAT runtime [56]. In 

the code generation process the TcCOM object gains the same interface as the subsys-

tem level from where the code generation was initiated.  

To guarantee maximum determinism, the generated TcCOM object is assigned to a ded-

icated real-time task inside the TwinCAT project. This task is furthermore executed on 

an isolated CPU core, ensuring that the task execution is not interrupted by operating 

system or background processes. Similarly to the offline simulations, the real-time task 

is configured with a fixed cycle time of 1 ms. The performance of the real-time simulation 

is evaluated by applying the same duty cycle used in the offline simulation and by com-

paring the offline results to real-time results. The real-time simulation output is logged 

utilizing TwinCAT Scope View. 

5.3 System simulation results 

The simulation model and its inputs were introduced Section 5.1 meanwhile the HIL en-

vironment was introduced in the previous section. The simulations with the introduced 
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model are first run in Simulink environment before deploying to Beckhoff real-time target. 

Once the simulations are performed in both environments the results are compared to 

verify deterministic execution in the HIL environment. 

Figure 45 presents speeds and torques of both electric drives in offline and real-time 

simulation. In the beginning generator is set to apply negative torque meanwhile its 

speed is slowly ramped up to result in power generation. At the same time load torque 

is being applied on the motor which starts to accelerate towards 5000 rpm in steps of 

1000 rpm. After reaching its maximum speed, the motor speed is ramped to zero. After 

that the loading torque flips to negative and the motor performs similar acceleration into 

reverse direction until again reaching its maximum speed and ramping back to zero 

speed. Later in the cycle, the torque of the generator is increased to generate more 

power into the DC-link. The resulting powers and derating actions are presented Figure 

46. A key highlight of the results is the operation of the derating logic which was not 

demonstrated in the component validation results. As the voltage in the DC-link rises 

occasionally, the generator derates its own performance to keep the voltage within safe 

limits. This can be seen as reduction in the torque at times of derating actions. Further 

in the simulation as the voltage remains at high level, the operation is continuously limited 

to less than 40% of the maximum capacity. Overall, as can be observed from these re-

sults, the two simulations give exactly the same results, and it can be concluded that 

deterministic execution of the models is possible.  

 

Figure 45: Generator and motor speed and torque comparison 
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Figure 46: Generator and motor power and derate comparison 

Furthermore, the resulting DC-link voltage and current from the operation of generator 

and motor can be observed in Figure 47 which presents the voltage and current of high 

voltage DC-DC converter. The operation patterns of both motor and generator are easily 

recognizable. Even though the DC-DC demonstration in Section 4.3 has room for im-

provement, the performance in this kind of dynamic system simulation is surprisingly 

decent if overshooting in the very beginning is neglected. Finally, in Figure 48, the re-

sulting battery voltage and current are presented. The current follows the pattern of DC-

DC converter meanwhile the voltage is dependent on the SOC level of the battery. As 

the generator is charging the battery with higher power towards the end of the simulation, 

it can be seen observed as higher battery voltage and SOC. 

 

Figure 47: HV DC-DC converter output voltage and current 
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Figure 48: Battery voltage and current 

The identical behavior between the offline and real-time simulations confirms that the 

model export to a real-time target is successful and execution is deterministic. The exe-

cution times are logged in the real-time environment throughout the simulation and are 

presented in Figure 49. The execution times are very stable throughout the whole simu-

lation. In the histogram it is visible that most of the time the cycle execution takes either 

about 47 microseconds or about 51 microseconds. In the beginning right after initializa-

tion of the model, few simulation steps compute for approximately 70 microseconds. 

However, these few steps are left out from the histogram as they do not repeat later in 

the simulation. Results of the offline simulation performance are summarized in Table 5. 

Also in the offline environment, the models are reaching faster than real-time simulation 

speed comfortably.  

Table 5: Computational efficiency results of system simulation 

 Time RTF 

Normal 48.1 s 2.18 

Accelerator 26.7 s 3.9 

 



65 
 

 

Figure 49: Real-time environment simulation execution times 

As the model simulation step is set to 1 millisecond, the model consumes only approxi-

mately 5% of the available capacity. Based on this result, the real-time environment could 

handle additional subsystems like thermal models or increased model fidelity or more 

complex systems. 
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6. CONCLUSIONS 

In this thesis, simulation models for permanent magnet synchronous motor together with 

frequency converter, high voltage battery, and DC-DC converter were developed keep-

ing requirements of control system design in mind. Different modelling approaches for 

the aforementioned components were reviewed. Most suitable approach was selected 

and presented in detail for each component. The selected approaches were dq frame 

model for PMSM, equivalent circuit model for battery, and average-value model for the 

DC-DC converter. For battery, the model was implemented to have a selectable number 

of resistor-capacitor pairs. 

The developed models of PMSM and battery were validated utilizing experimental data 

of real components. Validation of PMSM model was carried out successfully observing 

high accuracy. The battery model was validated for all configurations of resistor-capaci-

tor pairs. While the one-pair-model was clearly the least accurate, the two and three pair 

models were already showing strong accuracy with a little difference between each other. 

For DC-DC converter, the experimental data was not available, and the model behavior 

was demonstrated by disturbance tests at buck and boost operation regions. Meanwhile 

the operation in both regions was demonstrated successfully, the voltage regulation ca-

pability itself was not at the level of typical converter as load disturbances created high 

variations in the output voltage.  

Further in thesis, a system model was created with the developed components to demon-

strate that the developed models have interfaces that support system level modelling. 

The system model was first simulated in offline environment and later in Beckhoff real-

time environment. Simulations demonstrated that the developed models are capable of 

real-time execution on target hardware, while also achieving simulation execution faster 

than real-time in an offline environment. Furthermore, including diagnostic and supervi-

sory functions demonstrated their importance by actively limiting component operation 

during boundary conditions to ensure safe operation. Without including these functions 

in the models, the simulation results might become misleading. As for now, all research 

questions could be answered. 

Even though the DC-DC converter behavior was not optimal, the simulations could be 

carried out sufficiently. In future, the DC-DC converter model could be enhanced by fur-

ther tuning the internal controllers and by adding feedforward controller. Also, more de-

tailed simulation approaches could be utilized, and the model could be validated with 
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experimental data if such becomes available. The PMSM validation showed that the 

model can accurately describe the motor behavior. In future, the validation could be ex-

tended into all four quadrants together with field-weakening regions. This thesis included 

only the electrical models of each component. However, often thermal modelling is also 

needed and that would be the most natural next step for this work.  

The thesis presented the theory of modelling PMSM drive, high voltage battery, and DC-

DC converter. The models of PMSM and battery were demonstrated to have sufficient 

accuracy for system level simulations. Even though the DC-DC converter model has 

room for improvement, the models together create a strong foundation for developing 

improved models as well as for future projects related to electrified powertrains as elec-

trification of the heavy machinery keeps trending. 
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