
Eryang Wang

Model-based Temperature Monitoring and Thermal

Management of Electrically Excited Synchronous Motors

𝜗C

+ -

𝑃S 𝐶S

𝑃R 𝐶R

𝐶Sh

𝑃SW 𝐶SW𝑃SEW 𝐶SEW

𝑃RW 𝐶RW
𝑃REW 𝐶REW

𝜗Fl

+-

𝑅1𝑅2𝑅3𝑅4

𝑅5

𝑅6𝑅7𝑅8

𝑅9

𝑅10

ϑS

𝜗SW𝜗SEW

𝜗R𝜗RW𝜗REW

𝜗Sh

Elektrotechnisches Institut

se
it 

18
95





Model-based Temperature Monitoring and
Thermal Management of Electrically

Excited Synchronous Motors

Zur Erlangung des akademischen Grades eines

DOKTORS DER INGENIEURWISSENSCHAFTEN (Dr.-Ing.)

von der KIT-Fakultät für Elektrotechnik und Informationstechnik des
Karlsruher Instituts für Technologie (KIT)

angenommene

DISSERTATION
von

M.Sc. Eryang Wang
geboren in: Anhui, China

Tag der mündlichen Prüfung: 14.10.2026
Hauptreferent: Prof. Dr.-Ing. Martin Doppelbauer
Korreferentin: Prof. Dr.-Ing. Nejila Parspour

(Universität Stuttgart)



Karlsruher Institut für Technologie (KIT)
Elektrotechnisches Institut (ETI)

Zur Erlangung des akademischen Grades eines Doktors der Ingenieurwissen-
schaften von der KIT-Fakultät für Elektrotechnik und Informationstechnik
des Karlsruher Instituts für Technologie (KIT) angenommene Dissertation
von M.Sc. Eryang Wang, geboren in Anhui, China

Tag der mündlichen Prüfung: 14.10.2026
Hauptreferent: Prof. Dr.-Ing. Martin Doppelbauer
Korreferentin: Prof. Dr.-Ing. Nejila Parspour

(Universität Stuttgart)

This document - except for the figures 1.1, 2.1, 2.4, 2.5, 2.6, 2.7, 2.12,
2.13, 4.1, 4.2, 5.6, 6.1, 6.2, 6.3 - is licensed under a Creative Com-
mons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0):
https://creativecommons.org/licenses/by-sa/4.0/deed.en
DOI: 10.5445/IR/1000198358



Preface

This dissertation was completed during my time as a PhD student at Mahle. It
is a collaboration PhD project between Mahle and ETI. The objective of this
project was to develop a low-order temperature model for Electrically Excited
Synchronous Motor (EESM), enabling real-time temperature monitoring to mit-
igate hot spot temperatures and effectively prevent motor overheating. This is
an interesting topic, but it is also full of challenges. Therefore, I would like to
express my sincere gratitude to all those who supported me throughout my PhD
journey. Without your encouragement, assistance, and patience, this work would
not have been possible.

First and foremost, I would like to thank Prof. Dr.-Ing Martin Doppelbauer for
his continuous guidance and invaluable support. His advice and insight have sig-
nificantly enhanced the quality of my research. Each discussion with him helped
clarify and refine the direction of my work. Besides, his encouragement to attend
both national and international conferences played a crucial role in broadening
my academic perspective.

At Mahle, I am especially grateful to Dr. Philip Grabherr, Dr. Marco Warth
and Dr. Peter Wieske for their expert supervision. Their constructive feedback,
continuous support, and encouragement helped me navigate challenges and stay
focused throughout my research.

Good ideas often come from effective exchanges. I am also thankful for the
scientific exchanges with my colleagues at the institute, including Dr. Matthias
Brodatzki, Dr. Jing Ou, Dr. Felix Hoffmann, Dr. Hongfei Lu and others. At
Mahle, I would like to thank Dr. Christoph Schmuelling, Dr. Claas Kuerten,
Leonard Lorenz, Michael Rehermann and many more who contributed to the
progress of my work. Special thanks go to Juergen Mack and Carsten Koolmann
for their support in setting up the test bench and measurement systems.

i



Preface

Last but not least, I wish to express my appreciation to my parents, my wife Yuan
Zhou and our lovely son Philipp Zizhou Wang. Your support, patience and love
gave me the strength to complete this dissertation.

7 October 2024 in Waiblingen
Eryang Wang

ii



Kurzfassung

Der Aufstieg der Elektrofahrzeuge bringt sowohl Herausforderungen als auch
Chancen für den Wandel der Automobilindustrie mit sich. In diesem
Zusammenhang spielen elektrische Antriebe, elektronische Steuerungssys-
teme und Batterien eine zentrale Rolle. Diese Arbeit konzentriert sich auf
die EESM als elektrisches Antriebssystem, mit besonderem Fokus auf die
Online-Temperaturüberwachung und Strategien zum Thermomanagement. Die
Forschung gliedert sich in drei Hauptteile.
Zunächst wird ein thermisches Netzwerkmodell niedriger Ordnung für die
EESM entwickelt, in dem die Verlustmechanismen der Maschine sowie die
thermischen Widerstände und Kapazitäten analytisch beschrieben werden. Zur
Verbesserung der Modellgenauigkeit wird eine neuartige kombinierte statisch-
dynamische Parameteridentifikation vorgestellt. In diesem Verfahren werden
thermische Widerstände und Kapazitäten getrennt identifiziert, um gegenseitige
Beeinflussungen während der Identifikation zu minimieren. Das resultierende
thermische Modell wird anschließend experimentell durch Kreuzvalidierung ver-
ifiziert, was seine Effektivität bei der Abbildung des physikalischen Verhaltens
der Maschine bestätigt.
Aufbauend auf dem Modell erfolgt eine systematische Analyse auf Systemebene,
um die Stabilität und das dynamische Fehlerverhalten des thermischen Modells
zu bewerten und einen Zustandsbeobachter zu integrieren. Das thermische Net-
zwerkmodell wird diskretisiert und in einen Kalman-Filter eingebunden. Dieser
Beobachter verwendet die Temperatur der Stator-Wickelkopf sowie den Strom
und die Spannung der Rotorwicklung zur Datenfusion. Die experimentellen
Ergebnisse zeigen, dass das System beobachtbar ist und dass der Filter Mess-
rauschen wirksam unterdrückt, wodurch eine zuverlässige Schätzung der inneren
thermischen Zustände der Maschine ermöglicht wird.
Abschließend wird ein neues, modellbasiertes Thermomanagementkonzept auf
Anwendungsebene vorgeschlagen. Im Gegensatz zu herkömmlichen Ansätzen
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Kurzfassung

wie der Drehmomentbegrenzung zielt das vorgeschlagene Konzept darauf ab,
die Temperaturen von Rotor und Stator aktiv auszugleichen. Als Kompromiss
kann dies zu erhöhten Temperaturen in thermisch weniger kritischen Bereichen
führen. Das Konzept wird durch Systemsimulationen validiert und zeigt ein
verbessertes thermisches Verhalten sowie potenzielle Vorteile für die langfristige
Zuverlässigkeit.
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Abstract

The rise of electric vehicles has introduced both challenges and opportunities
for the transformation of the automotive industry. In this context, electric drives,
electronic control systems and batteries are essential. This work focuses on the
EESM as the electric drive system, with particular attention to online temperature
monitoring and thermal management strategies. The research is divided into
three main parts.
Firstly, a low-order thermal network model is developed for the EESM, in which
the machine’s loss mechanisms, thermal resistances, and capacitances are analyt-
ically calculated. To improve model accuracy, a novel combined static-dynamic
parameter identification approach is introduced. In this method, thermal resis-
tances and capacities are identified separately to reduce mutual interference
during the estimation process. The resulting thermal model is then validated
through experimental cross-validation, confirming its effectiveness in represent-
ing the physical behavior of the machine.
Following model development, a system-level analysis is conducted to evaluate
the thermal model’s stability and dynamic error characteristics and to introduce
state observer. The thermal network model is discretized and integrated into a
Kalman filter. This observer utilizes the stator end-winding temperature and the
rotor winding current and voltage as input for data fusion. Experimental results
demonstrate that the system is observable and that the Kalman filter effectively
reduces measurement noise, enabling reliable estimation of the machine’s inter-
nal thermal states.
Finally, a new model- based thermal management concept is proposed on the
application level. Differed from the conventional torque derating approaches
as state of the art, the proposed concept seeks to actively balance the rotor and
stator temperatures. As a trade-off, temperatures in thermally less critical regions
may increase. The proposed control concept is validated through system-level
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Abstract

simulations, demonstrating improved thermal behavior and potential benefits for
long-term reliability.
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Chapter 1

Introduction

1.1 Motivation
Due to the increasing levels of air pollution in urban areas and the rising green-
house gas emissions, Internal Combustion Engine (ICE) vehicles are losing their
dominance in the automotive market as a drive system. Conversely, the electri-
fication of the automotive industry is gaining more attention [1]. The growing
market preference for Electric Vehicle (EV) has driven the intensive research into
electric motor technologies.
In Germany, a total of 1,342,013 new vehicles with alternative propulsion sys-
tems (electric vehicles, hybrid, fuel cell, gas) were registered in 2024, equivalent
to 47.6% of the total vehicles [2]. Of these, 572,672 new vehicles, represent-
ing 20.3% of the total, were equipped with electric drives, comprising Battery
Electric Vehicle (BEV), plug-in hybrids and fuel cell vehicles. To date, the Per-
manent Magnet Synchronous Motor (PMSM) has been the predominant motor
type in EV drives, largely due to its high efficiency and power density [3]. For
instance, in 2022, PMSM accounted for over 80% of the electric motor market
for EV [2, 3].
However, PMSM present a critical drawback: their reliance on rare earth materi-
als such as neodymium and dysprosium. These materials are not only costly but
also sourced through environmentally harmful and geographically constrained
supply chains [3]. Rare earth mining can lead to serious ecological issues, includ-
ing soil acidification and contamination of groundwater through wastewater, as
well as the generation of radioactive and heavy metal waste [3].
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Chapter 1 Introduction

As a result of these concerns, the EESM, an alternative motor type for EV drives,
is gaining increased attention. In EESM, magnetic fields are generated by rotor-
side excitation windings rather than permanent magnets. Although promising,
EESM pose distinct challenges. The limited installation space in EVs necessi-
tates high power density, which introduces significant thermal constraints. The
rotor-side current excitation inherently leads to additional copper losses com-
pared to PMSM, resulting in reduced efficiency and elevated rotor temperatures.
For automotive applications, it is essential to maintain motor operation with-
in safe temperature thresholds, as overheating may lead to irreversible thermal
damage, such as insulation degradation [4].
To address this concerns, reliable temperature monitoring and effective thermal
management are crucial. Motor temperature monitoring generally falls into two
categories: sensor-based and model-based approaches [5]. Sensor-based meth-
ods offer precise temperature monitoring at the measured points. However, the
installation of sensors in some critical parts is technically complex and economi-
cally impractical, for example in the rotating rotor parts [E1, 6]. Moreover, sensor
failure can lead to total failure of the monitoring system. Due to these limitations,
model-based temperature estimation has received increasing attention in recent
years [E1, 6–9].
Several challenges exist in model-based monitoring. Firstly, building an accu-
rate thermal model that estimate the thermal behavior of the motor is challenging.
With Finite Element Analysis (FEA) or Computational Fluid Dynamics (CFD)
approaches, the temperature field of the electrical machine can be calculated
and the hot spots can be identified. However, this type of model-based tem-
perature monitoring is computationally intensive. For real-time applications,
analytical thermal modeling is preferred due to its lower computational bur-
den. Analytically derived thermal networks can simplify complex 3D geometries
while preserving acceptable accuracy. These thermal networks can be classified
according to their level of discretization (i.e., the number of nodes) into dark
grey-box LPTN (2-5 nodes), light grey-box LPTN (5-15 nodes) and white-box
LPTN (high number of nodes) [8]. For the white-box LPTN, the temperature
field within the electrical machine can also, to a certain degree comparison
to FEA, be calculated and represented. Commercial software, such as Motor-
CAD, are already available. However, in terms of white-box LPTN, many model
parameters only appear physically reasonable but are difficult to verify and accu-
rately determine. While thermal capacitances can be partially estimated, the
determination of thermal resistances remains highly challenging. Moreover, due
to the large number of parameters involved, parameter identification becomes
considerably difficult, as it requires a correspondingly large amount of experi-
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mental data for training. The increased number of parameters introduces further
uncertainty into the identification process, making the parameter identification
of white-box LPTN difficult to achieve a unique parameter convergence. In
contrast, for dark grey-box LPTN and light grey-box LPTN, the number of
parameters is limited. Such models can be enhanced using parameter identi-
fication techniques, trained with empirical data from test benches. The balance
between accurate estimation and complexity of the model structure is one of the
key factors for the model-based temperature monitoring.
Another limitation in terms of model-based monitoring is that most thermal mod-
els assume fault-free motor operation. In real-world applications, motors may
encounter abnormal conditions or develop faults, which model-based methods
alone cannot detect without real-time feedback. To overcome this, integrating
thermal networks with Kalman filters has been proposed [10, 11]. Kalman fil-
ters allow for dynamic state estimation, improving robustness to uncertainties
and unmodeled behavior.
In this thesis, a thermal management concept using a thermal network was inves-
tigated via system-level simulation. As the state of the art, the EESM works
with optimized global minimum losses. When operating temperatures approach
critical limits, torque derating is applied to reduce thermal load. However, this
approach does not consider the local temperature difference within the motor.
For instance, the stator may remain relatively cool while the rotor overheats,
or the opposite could occur. By studying an EESM equipped with water jack-
et cooling, it was found that a significant temperature gradient exists between
the stator and rotor due to the high thermal resistance of the air gap. Accord-
ingly, a new model-based thermal management was studied to actively balance
the thermal state between the stator and the rotor parts. Instead of immediate-
ly derating when temperatures rise, the algorithm adjusts operating conditions
to equalize the thermal load between the rotor and stator. This strategy better
exploits the EESM’s thermal capacity and delays or even avoids performance-
reducing torque derating.

1.2 State of the art
Research on thermal network modeling of electrical machines can be traced back
to the 1950s. This section summarizes key developments in thermal modeling,
the use of thermal models as temperature observers, and model-based thermal
management strategies.
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In the 1950s, Kotnik [12] proposed the concept of an equivalent thermal circuit
with eight nodes for induction motors. The losses in each node and the thermal
resistances between them were calculated analytically. However, the absence of
thermal capacitances meant that only steady-state temperatures could be comput-
ed. In 1991, Mellor [13] advanced the field by proposing a LPTN for a Totally
Enclosed Fan-Cooled (TEFC) motor. This model was capable of estimating both
steady-state and transient temperatures. Notably, Mellor was among the first to
suggest using thermal networks for real-time temperature estimation, enabling
motor protection and duty-cycle evaluation [14].
In the 2000s, Boglietti [15] proposed a simplified thermal model for induction
motors. He provided detailed methods for calculating essential thermal resis-
tances, such as across the air-gap or between end windings and internal air.
Additionally, he simplified Mellor’s method for conduction resistance calcula-
tion, improving the efficiency and clarity of thermal network structures. During
this time, several researchers have made significant contributions to addressing
specific challenges in motor thermal modeling. Staton [16] introduced a layered
winding model to better represent the thermal behavior of windings in the stator
slot. Schubert [17] investigated heat transfer coefficients at the end winding and
bearing covers of asynchronous machines.
Current research on LPTN modeling is divided in two primary directions. One
focuses on high-resolution thermal models that capture the full temperature field
of the motor. These models typically contain a large number of thermal nodes,
making them computationally intensive. The other direction emphasizes simpli-
fied models for real-time applications, with fewer nodes and lower computational
complexity. Based on the level of abstraction and node number, LPTN are gen-
erally classified into three categories [8, 18]:

• Dark grey-box LPTN (2-5 nodes): These models are highly abstract, incor-
porating only dominant heat transfer paths. They require minimal knowledge
of physical heat transfer mechanisms, with most parameters identified through
experimental data [8, 9, 19–25]. For instance, Huber [19] developed a low-
order thermal network with critical thermal parameters stored in a Look-Up
Table (LUT). Boseniuk [24] identified key thermal resistances in a PMSM
using test bench measurements. Feng [9] and Wallscheid [8] also proposed
low-order thermal networks for online temperature estimation, combining
empirical formulas and parameter identification.

• Light grey-box LPTN (5-15 nodes): These models balance simplicity and
accuracy. Initial parameters are derived from motor geometry and material
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properties, then refined using experimental data [1, E1, 13, 26–32]. Epskamp
[1] used this approach to assess motor performance under different cooling
conditions. Kipp [31] applied RC circuit principles to develop a theoretical
thermal model for permanent magnet motors. Sciascera [32] showed a seven-
node thermal network of the PMSM, mainly aiming to estimate the winding
temperatures. Based on this seven-node thermal network, she further simpli-
fied it to a three-node thermal network for faster calculation.

• White-Box LPTN (high number of nodes): These models are derived entire-
ly from detailed motor geometry and material characteristics. They offer
high-resolution temperature field estimation, including hot-spot detection.
However, they are difficult to parameterize and computationally expensive
[33–40]. Qi [37] used a space-resolved LPTN for automated thermal mod-
el generation. Gronwald [38] evaluated cooling concepts during the early
motor design phase. Oechslen [39] applied white-box models to analyze high-
performance machines. Hoffmann [40] applied white-box LPTN approach to
model a PMSM with shaft-side oil spray cooling.

Beyond traditional LPTNs, other thermal modeling technologies have been
investigated. Kirchgaessner [6] applied Recurrent Neural Network (RNN)
trained with experimental data. Zhu [41] used the genetic programming to pre-
dict hot spots in railway traction transformers. Liang [42] combined LPTNs with
analytical solutions of Poisson’s equation for slot winding hot-spot estimation.
The start-up company Newtwen [43] introduced a software toolbox that auto-
matically converts CAD models into reduced-order thermal networks.
Besides evaluating the model accuracy, its application in observer design is cur-
rently under investigation. Kalman filter integration has enhanced the robustness
of thermal estimation and failure detection. Schumann [44] applied an Unscent-
ed Kalman Filter (UKF) to estimate temperatures of a fluid-cooled automotive
Insulated Gate Bipolar Transistor (IGBT). Phuc [45] used a dual Kalman filter
referencing stator winding temperatures to estimate rotor temperatures. Saheba
[10] and Wallscheid [11] implemented Kalman filters using measured stator or
frame temperatures to improve model accuracy. Zhu [18] also implemented an
Kalman Filter, with an integrated thermal network, aiming to estimate the motor
temperature online.
Estimated temperatures can be used for thermal management. Conventional
approaches rely on pre-defined thermal limits based on input current [47]. Some
derating strategies adjust torque based on overload current, speed, and Direct
Current (DC) link voltage [46], as shown in Fig. 1.1. In this approach, the
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Figure 1.1: State of the art about torque derating [46]

reduced torque was used depending on the overload torque, the motor speed and
the DC link voltage by overloading. Microprocessor-based thermal relays have
been proposed to shut down motors when critical temperatures are reached [48].
While effective in avoiding overheating, such shutdowns can be problematic dur-
ing emergencies where limited torque is still needed, such as moving a vehicle
to a safe location. Notably, these approaches ignore the influence of the cur-
rent motor temperatures: as highlighted by Qi [37], a motor operating at a lower
temperature (“cold”) has more performance potential than one already near its
thermal limit (“hot”). To address, Qi [37] proposed Model Predictive Control
(MPC) with integrated thermal networks to enable proactive derating and prevent
full shutdown. He also introduced overload control strategies based on thermal
capacity utilization for induction motors [49]. Lemmens [50] enhanced PMSM
performance by dynamically adjusting switching frequency and current limits
based on thermal feedback. Wallscheid [51] applied MPC for motor derating,
validating the method through vehicle simulation studies.
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1.3 Classification of this work to the state of
the art

Based on the literature on thermal network modeling presented in Section 1.2, the
author observed that parameter identification is essential for low-order thermal
network. In state-of-the-art approaches, thermal resistances and thermal capaci-
ties are typically identified together using temperature measurements obtained
from the test bench. In this thesis, a novel combined static–dynamic global
identification approach is proposed, which allows the thermal resistances and
capacitances to be identified separately [E1]. This separation effectively reduces
mutual interference during the identification process and improves parameter
estimation quality. The accuracy of the resulting thermal model has been val-
idated using experimental data.
With reference to the thermal observer studies discussed in Section 1.2, it is not-
ed that existing thermal observers are primarily applied to PMSMs, and the stator
end-winding temperature is most commonly used as the reference input. In this
thesis, a new thermal observer concept is proposed for EESMs, which integrates
temperature signals from both the stator and rotor sides [E2]. The proposed
observer demonstrates improved observability and filtering performance, as ver-
ified by experimental results.
Regarding thermal management strategies reviewed in Section 1.2, it is found
that traditional approaches typically reduce motor temperature under thermal-
ly critical conditions via torque derating. In this thesis, a new model-based
thermal management strategy is introduced, which reduces local hot spot tem-
peratures by actively balancing the thermal load between more and less critical
motor components [E3]. The proposed control algorithm has been validated
through system-level simulations. It should be emphasized that while the pro-
posed strategy does not eliminate the need for torque derating under continuous
overloading, it significantly delays or even prevents derating during transient
overload conditions by mitigating hot spot temperatures. This enables improved
motor performance and thermal utilization.

1.4 Outline of the thesis
The overall structure of this thesis is outlined in Fig. 1.2. The main content is
organized into three research levels: the component level, the system level and
the application level.
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Figure 1.2: Outline of the thesis

At the component level, the focus lies on developing a low-order thermal network
model for the EESM. This includes the modeling of loss model and the thermal
network model. Using experimental data obtained from a test bench, parameter
identification techniques are employed to optimize the estimated thermal model.
The final thermal network model is validated through cross-validation against
measured data.
At the system level, the dynamic behavior of the thermal network model is
analyzed. This includes the evaluation of model stability and error dynamics.
Subsequently, the model is discretized from time-continuous model to time-
discrete model, enabling its integration into thermal state observers. Based on
the discretized model, two Kalman filter-based observer concepts are investigat-
ed in detail for thermal state estimation.
At the application level, a novel thermal management strategy is proposed using
the developed thermal model. This strategy aims to actively balance the tem-
perature between thermally critical and non-critical regions of the motor. As a
result, local hot spot temperatures can be effectively reduced, enhancing thermal
utilization and overall motor performance.
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Chapter 2

Thermal modeling of EESM
using LPTN approach

In general, two principal approaches are employed for thermal modeling of
electrical machines: FEA and analytical methods [7]. While FEA offers high
accuracy in estimating temperature distributions and enables detailed visualiza-
tion of the motor’s temperature field [52], it necessitates a greater computational
burden, resulting in a longer calculation time. Given the constraints on the com-
putational capacity of the microprocessor, the analytical approach is the preferred
method for online temperature estimation. Among the analytical approaches, the
LPTN method is recognized as a typical one for thermal modeling of electrical
machines. In the framework of LPTN, the motor is abstractly divided into a
number of nodes. Each node represents the losses and the thermal capacities
of the corresponding component. The thermal resistances between these nodes
are analytically calculated in accordance with the motor’s geometry, with the
appropriate simplifications applied to balance model accuracy and complexity.
This chapter presents the thermal modeling of an EESM using the LPTN
approach. First the fundamentals of heat transfer theory and the loss generation
in electrical machines are introduced. Following this, an overview of the EESM
thermal network and the corresponding simplifications is outlined. Based on
the established theoretical fundamentals, the thermal resistances and heat losses
within the EESM are then derived.
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Figure 2.1: Types of heat transfer with ϑ1 higher as ϑ2 in each subfigures [53]

2.1 Fundamentals of thermal modeling in the
electrical machines

Heat transfer and motor losses build the foundation of thermal modeling in elec-
trical machines. This section introduces the basic principles of heat transfer
theory and motor losses.

2.1.1 Heat transfer theory
Heat transfer can be divided into three main types: conduction, convection and
radiation, as illustrated in Fig. 2.1.

Heat conduction

Heat conduction occurs as a result of a temperature gradient. Fig. 2.1 (a) illus-
trates an simplified solid flat, where heat flow is assumed to occur solely along
the x-direction, thus forming a one-dimensional thermal model. Given that ϑ1

on the left side of the thermal flat is higher than ϑ2 on the right side, it follows
that the heat Q flows from ϑ1 towards ϑ2. Under steady conditions, where the
heat flow Q remains constant over time, the temperature distribution reaches a
stationary state. The one-dimensional steady-state heat conduction is given by:
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λ · ∂
2ϑ

∂x2
= 0 (2.1)

where λ represents the thermal conductivity of the material. ∂ϑ denotes the
infinite temperature along the x-axis, while ∂x denotes the infinite distance along
the solid flat, as illustrated in Fig. 2.1 (a). With appropriate boundary conditions,
(2.1) can be solved as:

ϑx =
ϑ2 − ϑ1

l
· x+ ϑ1 (2.2)

where x represents the position along the heat path, and ϑx denotes the cor-
responding local temperature. This results in a linear temperature gradient, as
illustrated in Fig. 2.1 (a). The thermal resistance of conduction is given by:

Rcond =
l

λ ·A
(2.3)

where l is the thickness of the solid flat, A is the cross-sectional, and λ is the
thermal conductivity of the solid flat.

Heat convection

As illustrated in Fig. 2.1 (b), the transfer of heat between a solid wall and a flow-
ing fluid occurs via convection. Given that the temperature ϑ1 at the surface of
the solid wall is higher than the temperature ϑ2 of the moving fluid, the heat
flows from the solid wall to the moving fluid. The most significant impact of
convection is the temperature gradient between the solid wall and the flowing
fluid, as well as the boundary layer of the fluid, which is influenced by the flow
speed [53]. Convection can be further subdivided into free convection and forced
convection. In free convection, the flow is driven by a temperature gradient and
the associated density differences in the fluid. In contrast, forced convection is
driven by an external pressure difference. The equivalent thermal resistance of
convection Rconv is defined as:

Rconv =
1

h ·A
(2.4)

where A is the contact area and h represents the film coefficient. The film coeffi-
cient h depends on the fluid velocity, fluid properties, and surface roughness [37].
Depending on the specific application and the degree of simplification involved,

11



Chapter 2 Thermal modeling of EESM using LPTN approach

the estimation approaches for the film coefficient h can be analytical, empirical
or obtained directly from the measurements.

Heat radiation

Radiative heat transfer occurs via electromagnetic waves and does not require a
material medium [53]. As illustrated in Fig. 2.1 (c), two solid walls with temper-
atures ϑ1 and ϑ2 are positioned between two vacuum spaces, with no material
carrier present. Both walls transfer heat, designated as Q1 and Q2, to each other.
According to the Stefan-Boltzmann law, radiative heat transfer can be calculated
as [37]:

Qrad = σ · ε ·A(ϑ4
2 − ϑ4

1) (2.5)

where ε represents the material-specific emissivity, A denotes the effective
radiation surface area between the two solid components. σ is defined as Stefan-
Boltzmann constant as:

σ = (5.6696± 0.0075) · 10−8W ·m−2 ·K−4 (2.6)

Due to the small magnitude of σ, radiation is typically negligible at low tem-
perature differences but becomes significant when the temperature gradient is
large.

Combination of heat transfer

In practical applications, heat transfer generally involves a combination of con-
duction, convection and radiation. Depending on the application and operating
conditions, one or more of these mechanisms may be neglected without signif-
icant loss of accuracy [53]. Fig. 2.2 shows the heat transfer paths in the cross
section of the in this work studied EESM. Heat generated in the iron core and cop-
per windings is dissipated through different regions using various mechanisms.
For example, between the motor frame and the ambient, heat is transferred by
both conduction and radiation. However, literature suggests that radiation from
the motor frame is only significant in natural convection-cooled systems [37, 54].
Since the motor under study uses water-jacket cooling, radiative heat transfer can
be neglected.
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Figure 2.2: Major heat transfers in the EESM cross section

2.1.2 Losses in the electrical machine
In addition to heat transfer theory, motor losses are also a fundamental compo-
nent of thermal modeling in electrical machines. The main types of power losses
include the following categories [55].

• Resistive losses

• Iron losses

• Additional losses

• Mechanical losses

Fig. 2.3 illustrates the typical distribution of losses of the EESM. On the stator
side, there are resistive losses Pcu,s and iron losses Pfe,s. Within the air-gap, there
are windage losses Pwindage due to friction between the air and the outer contour
of the rotor. On the rotor side, there are resistive losses Pcu,r and iron losses Pfe,r.
Additionally, bearing friction contributes to losses Pbearing at the shaft interface.
The following subsections introduce these loss mechanisms in detail.

Resistive losses

Resistive (copper) losses in the windings are calculated as:

Pwinding = nphase · I2 ·Re,AC

Re,AC = Re,DC · kr
(2.7)

13



Chapter 2 Thermal modeling of EESM using LPTN approach

𝑃s =
3
2ො𝑢𝑠 Ƹ𝑖𝑠cosφ

𝑃r = 𝑢𝑟𝑖𝑟

𝑃cu,r
𝑃fe,r

𝑃bearing

𝑃cu,s
𝑃fe,s

𝑃windage

𝑃mech=2π𝑛𝑇motor

Figure 2.3: Schematic loss diagram for EESM

where nphase is the number of phases, I is the effective current, Re,AC is the Alter-
nating Current (AC) resistance and Re,DC is the DC resistance. The pre-factor kr
takes into account the influence of skin and proximity effect of the winding [55,
56]. The phenomenon of the skin and proximity effect is explained below with
a simplified scenario.

Skin Effect

Fig. 2.4 shows the current distribution in a 2 mm-radius round conductor under
different frequencies (50Hz to 100Hz). As the current frequency increases,
current increasingly concentrates at the surface, forming a non-uniform distri-
bution. At 100 kHz�current is almost entirely at the outer edge (red region),
with negligible density at the center (blue region). Fig. 2.4(b) is the quantita-
tive demonstration of the current distribution at different frequencies. At 50Hz,
the current density along the radius of the conductor remains almost the same,
indicating that the influence of the skin effect is low. In contrast, at 100 kHz, the
current density along the radius of the conductor increases over-proportionally,
indicating a strong influence of the skin effect. For quantitative estimation of the
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Figure 2.4: Current distribution under skin effect [57]

skin effect, the following equation is used to calculate the equivalent skin depth
of the conductor under skin effect [57]:

σ =
1√

πu0δf
(2.8)

where u0 is vacuum permeability, δ is the material conductivity, and f is the
current frequency.

Proximity Effect

Fig. 2.5 shows the current distribution under the influence of the proximity effect.
The conductor is a round copper conductor with a radius of 2mm. The conductor
is in an alternating magnetic field, coming from the adjacent conductors on either
side at a distance of 5mm. It is worth mentioning that the adjacent conductors are
not shown in the figure. The current following in the adjacent conductors varies
from 50Hz to 100Hz. It can be seen qualitatively in Fig. 2.5(a) and quantitative-
ly in Fig. 2.5(b), that the current density at the edge of the conductor increases
rapidly with the increasing current frequency. Unlike the skin effect in Fig. 2.4,
where the high current density area is a circular distribution along the edge of
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Figure 2.5: Current distribution under proximity effect [57]

the conductor, the high current density area of the conductor under the proximity
effect is only on the right and left edges of the conductor.

Iron losses

In addition to copper losses, iron losses are another major losses in electrical
machines. (2.9), known as the Bertotti equation, shows the different components
of the iron losses:

pfe = kh · f ·B2︸ ︷︷ ︸
hysteresis loss

+ keddy · f2 ·B2︸ ︷︷ ︸
eddy current loss

+ kexcess · f1.5 ·B1.5︸ ︷︷ ︸
excess loss

(2.9)

In (2.9), the first term is the hysteresis loss, the second term is the eddy current
loss and the third term is the excess loss. The hysteresis losses are due to the
hysteresis phenomenon of the ferromagnetic materials as stator and rotor iron
core. Fig. 2.6 shows the hysteresis curves of the electrical sheets M800-65A and
M460-65A. With the alternating magnetizing force H , the magnetic flux density
B shows the phenomenon of hysteresis with the coercivity. The hysteresis leads
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Figure 2.6: Approximate hysteresis curves of electrical sheets of M400-65A and M800-
65A from Surahammars Bruk AB [55]

to the hysteresis losses as heat generation in the electrical machines. The hystere-
sis losses are linearly proportional to the frequency and increase with the square
of the magnetic flux density. Together with the pre-factor kh, the hysteresis losses
can be calculated as kh · f ·B2 in (2.9).
The eddy current losses are related to the eddy current flowing through the elec-
trical sheet. Fig. 2.7 shows a section of an electrical sheet under an alternating
magnetic flied of flux density B. According to Faraday’s law of electromagnetic
induction, eddy current is induced in the electrical sheet. In Fig. 2.7, the eddy
current flows across the cross-section of the electrical sheet. The eddy current
losses are proportional to the square of the frequency and also proportional to the
square of the magnetic flux density. With the pre-factor keddy, the eddy current
losses can be estimated as keddy · f2 ·B2 in (2.9).
The excess losses in the Bertotti equation are caused by the internal movement of
the domain walls between different magnetic domains [58]. The excess losses are
used to improve the representation of the physical processes within the electrical
steel under an alternating magnetic field [58]. With the pre-factor kexcess, the
eddy current losses can be estimated as kexcess · f1.5 ·B1.5 in (2.9).
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Figure 2.7: Schematic illustration of the eddy current in a electrical sheet [55]

Mechanical losses

Mechanical losses in electrical machines primarily consist of bearing friction
losses and windage losses. Fig. 2.8 shows the schematic locations of the bearing
friction losses and windage losses in the air-gap.
Bearing losses depend on shaft speed, bearing type, lubricant properties, bearing
geometry and bearing load [55]. The guideline for calculation of bearing losses
is usually provided by the manufactures, which is also shown briefly as follows
[59]:

Pbearing = 0.5 · ΩµFDbearing (2.10)

where Ω is the angular rotor speed, µ is the friction coefficient, F is the bearing
load and Dbearing is the inner diameter of the bearing.
Windage losses are due to friction between the rotor outer surface and the the
air-gap. Windage losses can be calculated as follows [55, 60]:

Pwindage =
1

32
· kroughnessCMπρΩ3D4

r lr (2.11)
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Figure 2.8: Major mechanical losses in the EESM cross section

where kroughness is the roughness coefficient, CM is the torque coefficient, ρ is
the coolant density, Ω is the rotor angular velocity, Dr is the rotor outer diameter
and lr is the rotor length.
Comparing of (2.10) and (2.11) reveals that the bearing losses are linearly pro-
portional to the rotor angular velocity and the windage losses scale cubically to
the rotor angular velocity, indicating the dominant role of windage at high oper-
ating speeds [55].

2.2 EESM thermal network based on LPTN
method

The investigated motor is a 36-slot/6-pole EESM, the cross-section of which is
shown schematically in Fig. 2.9. The motor has water jacket cooling on the stator
side. Based on this reference motor, the corresponding thermal network topology
is discussed in the following section.

2.2.1 Topology
Fig. 2.10 shows the thermal network of the EESM. It consists of five types of
elements: thermal heat sinks at the system boundaries, node temperatures, pow-
er losses, thermal capacities and thermal resistances between nodes. Thermal
resistances are further categorized by heat transfer mechanism: white elements
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Figure 2.9: Schematic EESM cross section

indicate conduction, while blue elements indicate convection. The thermal net-
work consist of seven nodes and can be classified as a light grey-box LPTN [8].
In Tab. 2.1, thermal resistances labeled fromR1 toR10 are also summarized with
their physical interpretations.
Since a low-order thermal network represents a simplified abstraction of the
actual motor, the estimation of these thermal resistances is due to complex
motor geometry challenging. Therefore, simplifications are necessary. Fig. 2.11
schematically illustrates the motor’s cross-section with heat transfer paths and
corresponding node abbreviations. The adopted simplifications are summarized
as follows:

• Unlike the PMSM thermal network, which typically includes only one rotor-
side node (assuming rotor iron temperature equals rotor magnet temperature)
[8, 9], the EESM network includes three rotor-side nodes (rotor iron, rotor
active winding and rotor end winding) to account for the temperature gradient
[E1].
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Table 2.1: Thermal resistances in the network

Symbol Heat transfer Description
R1 Conductive Between frame and stator iron
R2 Conductive Between stator iron and stator active winding
R3 Conductive Between stator active winding and stator end winding
R4 Convective Between end caps and stator end winding
R5 Convective Between stator iron and rotor iron
R6 Conductive Between rotor iron and rotor active winding
R7 Conductive Between rotor active winding and rotor end winding
R8 Convective Between rotor end winding and end caps
R9 Conductive Between rotor iron and shaft
R10 Conductive Between shaft and flange
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Figure 2.10: EESM thermal network [E1]

• Due to the high cooling flow rate in this study (see Chapter 3 as test set up),
the motor frame is assumed to maintain the same temperature as the cooling
water. Similarly, the cooling water temperature is assumed to be uniform along
the flow path.
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• The stator yoke and the stator teeth are modeled as a single thermal node.
Likewise, the rotor yoke and the rotor teeth are modeled as a single thermal
node.

• Due to the motor symmetry, the front and rear sections are modeled identically
in the axial direction.

• Only the axial and radial heat flows are considered, while circumferential heat
transfer is neglected.

• Only major losses affecting node temperatures, as shown in Fig. 2.10, are
included. Mechanical losses including bearing losses and windage losses
are not incorporated into the thermal network model. Although, according
to [61], bearing losses have a significant influence on the temperature of the
bearings components. Experiments conducted in [S1] — namely, measure-
ments of the node temperatures in the proposed thermal network model with
the motor unpowered and operated at different rotational speeds — indicate
that the mechanical losses induced by motor rotation, i.e., bearing losses and
windage losses, have a negligible effect on these nodes.

• According to sensitivity analysis, only dominant heat paths as shown in
Fig. 2.11 are considered, other heat paths are neglected, such as the heat trans-
fer path between the stator active winding and the rotor iron.

• Heat radiation becomes significant in natural cooled machines [54]. However,
since the electrical machine is studied is actively cooled via stator water jacket,
heat radiation is neglected in this study [37].

With these simplifications, the node temperatures of the EESM can be calculated
using the associated loss model and thermal transfer theory, which are discussed
in the subsequent sections.
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Figure 2.11: EESM cross section with important thermal paths as overview

2.2.2 Heat transfer modeling in EESM thermal network
Conduction heat transfer model unit for EESM

In the low-order thermal network, the stator and rotor geometries can be simpli-
fied as assemblies of hollow cylindrical components [15]. Fig. 2.12 illustrates
the basic unit of a hollow cylinder. Thermal resistances in both radial and axial
directions can be analytically estimated. In the figure, r1 and r2 denote the out-
er and inner radiuses of the cylinder, respectively, and L represents the motor’s
active length. Surface temperatures ϑ1 and ϑ2 correspond to the outer and inner
surfaces, while ϑm represents the average radial temperature at the midpoint.
Additionally, ϑA,m and ϑB,m indicate the average axial temperatures at either side
of the cylinder.
This hollow cylindrical unit can be modeled thermally with two basic thermal
models, which is depicted in Fig. 2.13 as T-type on the left side and I-types on the
right side [62]. The calculating equations for radial and axial thermal resistances
in the figure are given in (A.1) - (A.4) in the appendix. The T-type and I-type
thermal model units differ in the level of simplification. While the I-type model
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Figure 2.13: Basic thermal network unit in the electrical machine with LPTN approach.
Left: T-type thermal network unit according to Mellor and Turner model
[13]; Right: I-type thermal network unit according to Bolietti [15, 62]

tends to overestimate the average node temperature, the T-type model include
the negative thermal resistances (RT,3r and RT,3a), which serve as mathematical
constructs to compensate for the overestimated temperature values [37]. These
negative thermal resistances RT,3r and RT,3a lack physical meaning and are used
purely for correction. Despite the T-Type model providing a more accurate esti-
mation, according to [15] , the discrepancy in temperature estimation between
the two model units remains within an acceptable range. The I-Type model unit
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is adopted in this study due to its simplicity and the avoidance of non-physical
parameters.
For modeling the thermal resistance of the windings, the equivalent thermal con-
ductivity is computed using the Hashin-Shtrikman formulation [63].

λwinding = λp
(1 + υc)λc + (1− υc)λp

(1− υc)λc + (1 + υc)λp
(2.12)

where λwinding represents the equivalent winding thermal conductivity. The
indices p and c refer to the impregnation and conductor materials, respective-
ly, while υ denotes the volume fraction of each material.

Convection heat transfer in the EESM network

The analytical estimation of convective heat transfer in electrical machines is
challenging, as convection is a complex and nonlinear physical phenomenon. As
a result, most calculations rely on empirical formulas derived from experimental
measurements.
In this study, the equivalent thermal resistances associated with the air-gap and
end-cap regions are estimated primarily based on the models reported in the lit-
erature.
Air-gap convection is characterized using the dimensionless Taylor number,
which is defined as:

Taa =
Ωrm,a

0.5(b− a)1.5

υ
(2.13)

where Ω is the angular velocity, rm,a = (a+ b)/2 is the mean annulus radius, υ
is the is the kinematic viscosity, and a, b are the inner and outer radii of the air-
gap, respectively. The flow regimes in the air-gap are identified using the ratio
Taa

2/Fg
2, where Fg is the geometry factor, typically simplified to 1 in electrical

machine applications [64, 65]. Based on this ratio, the Nusselt number Nu can
be approximated by the following empirical relationships [66–68]:

Taa
2/Fg

2 < 1700 Nu =
2[(b− a)/a]

ln[1 + (b− a)/a]

1700 < Taa
2/Fg

2 < 104 Nu = 0.128 · (Taa
2/Fg

2)0.367

104 < Taa
2/Fg

2 < 107 Nu = 0.409 · (Taa
2/Fg

2)0.241

(2.14)
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The convective heat transfer coefficient in the air-gap is then determined as:

hairgap =
Nu · λa

2(b− a)
(2.15)

where hairgap represents the air-gap heat convection transfer coefficient, and λa is
the thermal conductivity of air.
To estimate heat transfer between the end-winding and the surrounding air in the
endcap region, a simplified film coefficient is employed [13]. The heat transfer
coefficient is used. The heat transfer coefficient is approximated as:

hendwinding = k1(k2vref + 1) (2.16)

where k1 = 15.5, k2 = 0.29 are empirically determined curve-fitting parameters
[69], and vref is the reference velocity of the airflow.

Thermal capacities in the EESM network

With the thermal resistances obtained, steady-state node temperatures can be
computed. For transient thermal analysis, the thermal capacities of the nodes
can be calculated as:

Ci = mi · ci (2.17)

where C is the heat capacity, c is the specific heat capacity and m is the mass of
each node.

2.2.3 Loss modeling in the EESM thermal network
Losses serve as the input of the thermal network, therefore, precise estimation is
crucial for accurate temperature estimation. This section presents the calculation
of copper losses and the iron losses. As discussed in Section 2.2.1, secondary
losses such as friction and windage are neglected in this work.
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Winding losses calculation

Given that the EESM contains both stator and rotor windings, the copper losses
for the stator and rotor are calculated as:

Pstatorwinding = 1.5 · kr ·Re,s · (id2 + iq
2) (2.18)

Protorwinding = Re,r · ir2 (2.19)

where id and iq denote the stator current components in the rotor-flux-oriented
synchronous d–q coordinate system. Re,s and Re,r denote the stator and rotor
DC resistances, respectively. The correction factor kr accounts for the increase
in AC resistance due to skin and proximity effects, and is frequency-dependent
[55]. The approach for computing kr is discussed in the following subsection.

Skin and proximity effects on kr

Skin and proximity effects significantly increase the effective resistance of the
windings under AC operation. To account both effects, the frequency-dependent
pre-factor kr is introduced [55, 56], defined as:

ξ = h ·
√

f

50
·
√

b

a
·
√

γ

50

ϕ(ξ) = ξ
sh(2ξ) + sin(2ξ)

ch(2ξ)− cos(2ξ)

Ψ(ξ) = 2ξ
sh(ξ)− sin(ξ)

ch(ξ) + cos(ξ)

kr = ϕ(ξ) +
N2

n − 1

3
Ψ(ξ)

(2.20)

where f is the current frequency, h, b are the height and width of the conductor,
a is the width of the slot, γ is the conductor’s material conductivity and Nn is
the number of conductors in the slot height.
In order to validate the reliability of the analytical model, FEA can be employed
in which each individual conductor within a slot is explicitly modeled. To
reduce unnecessary computational effort, within the simulation software Ansys
Maxwell, only one slot were modeled with wire conductors in detail, which is
shown in Fig. 2.14. Based on the symmetry of the electrical machine, the skin
and proximity effects of the whole active winding were estimated.

27



Chapter 2 Thermal modeling of EESM using LPTN approach

Figure 2.14: Skin and proximity effect modelling
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Figure 2.15: Comparison between the analytical and FEM estimation of skin and proxim-
ity effect

Fig. 2.15 compares the analytically computed kr with results from FEA using
Ansys Maxwell. The blue curve denotes the analytical calculation based on
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(2.20), while the red curve presents the estimation from the FEA results from
Ansys Maxwell. The analytical model slightly underestimates the losses at high-
er frequencies, but the deviation remains within an acceptable margin (e.g., 0.015
at 600Hz). Therefore, the analytical formulas in (2.20) are used in this work.

Temperature dependency of the winding resistance

Since the winding resistance is temperature-dependent, this dependency must
also be incorporated into the thermal network. The corresponding relationship
can be expressed as:

Re = Re,0 · [1 + α · (ϑ− ϑ0)] (2.21)

where Re is temperature-adjusted resistance, Re,0 is the reference resistance, α
is the temperature coefficient of copper, ϑ0 and ϑ are the reference and current
temperatures.

Iron losses calculation

Iron losses constitute another major heat source and are modeled using a combi-
nation of FEA-based data and analytical approximation. The total iron loss Pfe
consisting of hysteresis loss and eddy current loss is calculated as:

Pfe = V ·B2 · kh · f︸ ︷︷ ︸
hysteresis loss

+V ·B2 · keddy · f2︸ ︷︷ ︸
eddy current loss

+V ·B1.5 · kexcess · f1.5︸ ︷︷ ︸
excess loss

(2.22)

where V is the core volume, kh and keddy and kexcess are the material properties
of the laminated core, B is the magnetic flux density (from FEA) and f is the
current frequency. For the used iron material, the factor kexcess is assumed to
be 0. Since B is not easily computed analytically, a polynomial approximation
model is employed based on FEA results:

Pfe = V · (
n∑

k=1

uk · idk +

n∑
k=1

vk · iqk +

n∑
k=1

wk · irk)2 · (khf + keddyf
2)

(2.23)
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where the coefficients uk, vk and wk are derived using the Least Squares Method
(LSQ) fitting method to minimize the difference between the analytical model
and FEA outputs:

f(uk,vk,wk) = min
uk,vk,wk

n∑
k=1

(PFe,FEA − PFe,equation)
2 (2.24)

For practical implementation, a fourth-order polynomial (k = 4) in (2.23) is
used with separate coefficients for two normalized speed intervals: n ≤ 0.5 and
0.5 < n ≤ 1, as shown in Fig. 2.16:
Fig. 2.16 illustrates a comparison between the analytical and FEA results for
stator iron losses. Specifically, Fig. 2.16 (a) is the estimated stator iron loss-
es from FEA and Fig. 2.16 (b) is the stator iron losses estimated using (2.23).
Fig. 2.16 (c) shows the percentage error compared to the FEA results. Although
noticeable discrepancies appear in the low-loss region (0–50W ), their influence
on the overall thermal behavior is negligible. In other regions, the analytical
model exhibits strong agreement with the FEA simulations.
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(a) Stator iron losses with FEA method
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Figure 2.16: Iron losses approximation between FEA method and polynomial approxima-
tion
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2.2.4 Mathematical description of the EESM thermal
network

Based on the principle of heat balance, the temperature variation at each ther-
mal node is calculated by the thermal gradient between adjacent nodes and the
internally generated losses, which can be described by the following general dif-
ferential equation:

Ci ·
dϑ

dt
=

1

Rji
(ϑj − ϑi) + P i (2.25)

where Ci is the thermal capacity of node i, ϑj and ϑi are the temperatures of
node i and its adjacent node j. Rji is the thermal resistance between nodes i
and j, and P i denote the losses generated at node i. According to the thermal
network topology shown in in Fig. 2.10, the corresponding system of differential
equations for the EESM thermal network can be written as:

CS ·
dϑS

dt
=

ϑC − ϑS

R1
+

ϑSW − ϑS

R2
+

ϑR − ϑS

R3
+ PS (2.26)

CSW · dϑSW

dt
=

ϑS − ϑSW

R2
+

ϑSEW − ϑSW

R2
+ PSW (2.27)

CSEW · dϑSEW

dt
=

ϑC − ϑSEW

R4
+

ϑSW − ϑSEW

R3
+ PSEW (2.28)

CR · dϑR

dt
=

ϑS − ϑR

R5
+

ϑRW − ϑR

R6
+

ϑSh − ϑR

R9
+ PR (2.29)

CRW · dϑRW

dt
=

ϑR − ϑRW

R6
+

ϑREW − ϑRW

R7
+ PRW (2.30)

CREW · dϑREW

dt
=

ϑRW − ϑREW

R7
+

ϑC − ϑREW

R8
+ PREW (2.31)

CSh ·
dϑSh

dt
=

ϑR − ϑSh

R9
+

ϑA − ϑSh

R10
+ PSH (2.32)

The differential equation system comprises seven differential equations, corre-
sponding to the seven nodes of the low-order thermal network of the studied
EESM. The subscripts S, SW, SEW, R, RW, REW and Sh represent the abbrevi-
ations of stator iron, stator active winding, stator end winding, rotor iron, rotor
active winding, rotor end winding and shaft, respectively. The resistances R1 to
R10 represent the heat transfer paths between adjacent nodes or between nodes
and the system boundary, as defined in Tab. 2.1. Using equations from (2.26) to
(2.32), the transient temperature distribution of the EESM can be evaluated.
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Experimental setup and
measurements

3.1 Test bench and reference motor
To collect the data required for parameter identification and to validate the ther-
mal network model, the test bench is built as shown in Fig. 3.1. The reference
motor is a 36-slot, 6-pol EESM with stator-side water jacket cooling. The inlet
and outlet cooling channels are also marked in the figure.
On the stator side, temperatures were measured using Type T thermocouples,
while on the rotor side, Type K thermocouples with higher temperature range
were employed with supposed higher rotor winding temperatures. The rotor-
side temperature signals were transmitted wirelessly to the control board via
Bluetooth. To measure the boundary conditions, the coolant temperatures at
the stator inlet and outlet were also recorded using Type T thermocouples, and
the flange temperature was monitored using a Type K thermocouple. During
all experiments, temperature values were recorded at 1-second intervals. The
measurement intervals and signal tolerances are summarized in Tab. 3.1.
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Figure 3.1: EESM test bench

Table 3.1: Technical data of the using thermocouples [70]

Type Measurement interval Standard limits of error
K −200 ◦C to 1250 ◦C greater of 2.2 ◦C or 0.75%̇
T −250 ◦C to 300 ◦C greater of 1 ◦C or 0.75%̇

3.2 Sensor locations and temperature
measurements

The cross-section of the reference EESM and the sensor locations are shown in
Fig. 3.2, while the corresponding sensor types are summarized in Tab. 3.2. On
the stator side, the temperatures of the U-, V-, and W-phase windings were indi-
vidually measured. The active winding temperatures at phase U, V, W are shown
in Fig. 3.2 as ϑSW,U, ϑSW,V and ϑSW,W, respectively. The stator end windings are
further categorized into the A side (located on the same side as the winding bus
bar) and the B side (opposite to the bus bar). For example, the temperatures of
phase U at the locations of the A side, B side and active winding are shown in
Fig. 3.2 as ϑSEW,U,A, ϑSEW,U,B and ϑSW,U, respectively.
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𝜗coolant in 𝜗coolant out𝜗SW,U ϑSW,V ϑSW,W

𝜗RW 𝜗Fl𝜗Sh

𝜗air

A side: 𝜗SEW,U,A 𝜗SEW,V,A 𝜗SEW,W,A

A side: 𝜗RE𝑊

B side: 𝜗SEW,U,B ϑSEW,V,B ϑSEW,W,B

Figure 3.2: Schematic illustrated sensor locations

On the rotor side, the temperatures of the rotor active winding and the rotor
end winding were measured. A end winding temperature sensor was installed,
positioned on the side same to the bus bar. Moreover, the temperature inside the
rotor shaft was measured to evaluate the thermal flow along the axial direction.
In Fig. 3.2, temperatures of the rotor active winding, rotor end winding and inner
shaft are illustrated as ϑRW, ϑREW and ϑSh.
For thermal boundary conditions, the inlet and outlet temperatures of the water
jacket, the ambient air temperature, and the temperature of the flange in direct
contact with the housing were measured. Furthermore, the coolant flow rate
inside the water jacket was also measured to assess the effective cooling perfor-
mance. In Fig. 3.2, the inlet- and outlet temperatures of the cooling water jacket,
the flange temperatures and the ambient air temperatures are shown as ϑcoolant in,
ϑcoolant out, ϑFl and ϑair, respectively.
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Table 3.2: Motor temperature sensor locations and types

Sensor location Description Sensor Type
ϑSW,U active winding temperature at phase U Type T
ϑSW,V active winding temperature at phase V Type T
ϑSW,W active winding temperature at phase W Type T
ϑSEW,U,A end winding temperature at phase U at A side Type T
ϑSEW,V,A end winding temperature at phase V at A side Type T
ϑSEW,W,A end winding temperature at phase W at A side Type T
ϑSEW,U,B end winding temperature at phase U at B side Type T
ϑSEW,V,B end winding temperature at phase V at B side Type T
ϑSEW,W,B end winding temperature at phase W at B side Type T
ϑRW rotor active winding temperature Type K
ϑREW rotor end winding temperature at A side Type K
ϑSh inner shaft temperature Type K

ϑcoolant in coolant inlet temperature Type T
ϑcoolant out coolant outlet temperature Type T

ϑair ambient air temperature Type K
ϑFl ambient flange temperature Type K
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Stator and rotor component measurements

In Fig. 3.3, the motor winding temperatures were shown. The test duration was
three hours. The blue, red, and yellow curves represent the temperatures of
phases U, V, and W, respectively, referenced to the left y-axis. The black curve
indicates the maximum temperature difference among the three phases, refer-
enced to the right y-axis.
First, Fig. 3.3 (a) illustrates the temperatures of the stator end windings on the A-
side for phases U, V, and W. Due to manufacturing tolerances, perfect symmetry
among the three phases cannot be guaranteed. In addition, the placement of tem-
perature sensors cannot be ensured to be identical for all phases. These factors
lead to the measurement deviation. As shown in Fig. 3.3 (a), the temperature
deviation initially increases to approximately 3 ◦C, then decreases, and finally
stabilizes with fluctuations below 2 ◦C. A similar behavior can be observed in
Fig. 3.3 (b), which presents the three-phase temperatures of the stator end wind-
ings on the B-side.
In Fig. 3.3 (c), the three-phase temperatures measured in the active winding are
shown. Compared to the end-winding measurements, the phase temperature dif-
ference as black curve increases continuously during the experiment and reaches
approximately 5 ◦C, which is significantly higher than that observed in the end
windings. This behavior can be attributed to the higher temperature gradient
in the active winding region. Although the temperature sensors were supposed
to be placed at the center of the stator slots, unavoidable positioning deviations
during installation lead to this increased discrepancies among the three-phase
temperature measurements.
It is worth noting that the measured temperatures exhibit a periodic fluctuation
pattern, with varying amplitudes among the different phases. This behavior is
presumed to be influenced by temperature variations in the cooling water of the
water jacket. Furthermore, due to manufacturing tolerances in the prototype, the
cooling performance is not entirely identical across the three phases, which leads
to the observed phase-dependent periodic variations in the temperature profiles.
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(a) Stator phase end winding temperatures in A side
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(b) Stator phase end winding temperatures in B side
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(c) Stator phase temperatures in the active winding

Figure 3.3: Stator phase winding temperature measurements at operating point 70Nm and
3000 1/min
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Fig. 3.4 illustrates the measured temperatures of the stator and rotor components
of the electrical machine at the operating point of of 70Nm and 3000 1/min.
Fig. 3.4 (a) presents the measured and averaged winding temperatures at the sta-
tor side, including the end winding on the A-side and B-side, as well as the active
winding. These temperatures are represented by the blue, red, and yellow curves,
respectively. It can be observed that the temperatures of the A-side and B-side
stator end windings are nearly identical. This confirms that the axial symme-
try of the machine, which can be reasonably used to simplify the corresponding
thermal network model.
Furthermore, it is evident in Fig. 3.4 (a) that the temperature of the stator active
winding is significantly lower than that of the end windings. This behavior can
be explained by the fact that the stator does not rotate; therefore, the convective
heat transfer between the stator end windings and the surrounding air is relatively
weak compared to that of the rotor windings. As a result, heat generated in the
stator end windings cannot be efficiently dissipated through the end space. In
contrast, the stator active winding is within the stator core, allowing heat to be
more effectively conducted from the active winding into the stator iron, then
through the housing, and finally dissipated via the water jacket. Consequently,
the end windings exhibit a higher temperature than the active winding in the
stator.
Fig. 3.4 (b) shows the measured temperatures of the rotor-side components. In
this figure, the blue, red, and yellow curves represent the temperatures of the
rotor end winding, active winding, and inner shaft, respectively. Unlike the sta-
tor windings, the rotor active winding exhibits a higher temperature than the
rotor end winding, indicating a different dominant heat flow direction: from rotor
active winding to the rotor end winding and via heat convection to the end space.
This phenomenon can be attributed to the high rotational speed of the rotor wind-
ings, which significantly enhances convective heat transfer between the rotor end
windings and the end space. As a result, heat is more likely to be dissipated from
the rotor end windings directly into the end space rather than flowing through the
active winding and across the air gap toward the stator.
By comparing the temperatures of the rotor active winding and the inner shaft,
an additional heat transfer path can be identified: heat flows from the rotor wind-
ings through the rotor iron and subsequently into the shaft. From the shaft, heat
is conducted through the bearings to the end region and then dissipated to the
ambient environment.
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Figure 3.4: Motor component temperature measurements at operating point 70Nm and
3000 1/min
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Summary and simplification

Overall, it can be concluded that three-phase asymmetry introduced by the
manufacturing process of the motor prototype, together with deviations in the
placement of temperature sensors, results in measurable temperature differences
among the U-, V-, and W-phase stator windings. Nevertheless, the overall devi-
ation is within 5 ◦C. The worst case observed in Fig. 3.3 is the U-phase, with
5 ◦C higher temperature as the V- and W-phase. To ensure consistency in sub-
sequent model parameter identification based on experimental data as well as
in cross-validation, the temperature of the U-phase stator winding as the most
critical phase temperature is uniformly adopted as the reference of the measured
stator winding temperatures.
In addition, Fig. 3.4 confirms the thermal consistency of the stator end winding
between the A-side and the B-side. Therefore, in the subsequent studies, the end-
winding temperature measured on the A-side is consistently used as reference of
the measured stator end winding temperatures.

Boundary condition measurements

The boundary conditions used during the tests are illustrated in Fig. 3.5 by oper-
ating point 70Nm and 3000 1/min. Specifically, Fig. 3.5 (a) shows the ambient
temperature, including the air temperature ϑair and the flange temperature ϑFl.
From this figure, it can be observed that the initial temperature of the flange is
slightly lower than the ambient room temperature due to the cooling temperature
of the water jacket. However, as the experiment progressed, the flange tempera-
ture exceeded the ambient temperature. Besides, since the motor was tested in an
enclosed room (see Fig. 3.1), the heat generated during operation also affected
the ambient temperature. As a result, the room temperature showed a gradual
increase throughout the test.
The coolant system was configured with a target cooling flow rate of 8L/min
and a target inlet temperature of 20 ◦C. The actual cooling flow rate are shown
in Fig. 3.5 (b). Minor fluctuations in flow rate were observed throughout the
experiment. The average and maximum fluctuation values were calculated as
follows:

Qavg = 7.9L/min
∆Q = 0.093L/min

(3.1)

Comparison with the target value confirms that the actual average flow rate was
very close to the set flow rate, with a deviation of only 0.1L/min. The maximum
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fluctuation during the whole test remained within 0.093L/min, indicating that
the cooling performance of the water-glycol mixture was stable and reliable.
Fig. 3.5 (c) displays the measured inlet and outlet temperatures of the coolant.
Due to heat dissipation from the electrical machine, the outlet temperature is
higher than the inlet temperature. The average temperatures and their difference
were determined as:

ϑinlet,avg = 20.3 ◦C
ϑoutlet,avg = 22.2 ◦C

(3.2)

Given the high coolant flow rate, the temperature gradient along the cooling
channel was considered negligible. Consequently, the inlet temperature was used
as the cooling boundary condition in the subsequent thermal network modeling.
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Figure 3.5: Boundary conditions of the static test at speed 3000 1/min, torque 70Nm
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Figure 3.6: Summary of the operating points according to test types

3.3 Thermal driving cycle tests
The test bench shown above was used to perform various driving cycles to eval-
uate the thermal behavior of the electrical machine. The operating points that
have already been tested are summarized in Fig. 3.6. In this figure, black circles
denote the operating points of the static test, green triangles denote those of the
dynamic test, and blue squares denote those of the combination test. In Fig. 3.7,
one operating point will be arbitrarily selected for each test type to illustrate the
corresponding component temperature profiles.

Static test in Fig. 3.7 (a)

The static test was designed to assess the steady-state thermal behavior of the
machine. The test duration was set to a constant speed and torque for three hours
to ensure that the electric motor reached steady-state. As shown in Fig. 3.7 (a)
as an example, the motor was set to 3000 1/min and 70Nm, with inlet cooling
temperature of 20 ◦C. The component temperatures initially increased continu-
ously and then stabilized. These final values are referred to as the steady-state
temperatures, which were defined as conditions where the temperature variation
∆ϑ changed within 2K pro minute.
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Dynamic Test in Fig. 3.7 (b)

The dynamic test was conducted to investigate the transient temperatures of
the electric motor. In the dynamic test, the operating point was changed every
one minute. The dynamic tests showed the dynamic behaviour of the electrical
machine and the goal was to validate the ability of the thermal network to accu-
rately represent the machine’s dynamic thermal behavior. The total test duration
of the dynamic test was 29mins.

Combination Test in Fig. 3.7 (c)

The combination test served to evaluate both steady-state and dynamic perfor-
mance. In this test, the operating points were altered every 30 minutes. Although
component temperatures exhibited convergence behavior at each stage, they did
not reach full steady-state due to limited duration. This test aimed to validate the
thermal model under more realistic and mixed operational conditions, encom-
passing both steady and transient thermal responses.
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(c) Combination test

Figure 3.7: Different types of tests with measured motor component temperatures
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Chapter 4

Model parameter
identification and validation

To describe thermal behavior of the electrical machine, two main approaches are
commonly employed: the theoretical approach, which is based on the derivation
of physical principles, and the empirical approach, which relies on empirical
mathematical fitting models derived from experimental data [71]. Each method
has its own advantages and limitations. The theoretical approach yields univer-
sal, parameterized models. However, due to incomplete measurements, some
unknown parameters may not be taken into account, potentially leading to devi-
ations. In contrast, the empirical approach ensures closer alignment with reality
through direct measurement, but in the absence of explicit analytical formulas,
extensive experimental data are required to train the model.
The parameter identification approach proposed in this thesis integrates both
analytical and empirical approaches. Initially, a physically based model is built
using the analytical method. Subsequently, by analysing system input and output
measurements, the analytical model is refined through parameter identification.
Parameter identification can be categorized in two types: direct and indirect
parameter identification. As illustrated in Fig. 4.1, direct parameter identifi-
cation involves estimating parameters directly by analyzing the system’s input
and output. This approach is typically applied to relatively simple systems.
For instance, by examining the voltage (input) and current (output) across a
resistor, the resistance value can be directly determined. In contrast, Fig. 4.2
presents the general principle of indirect parameter identification, where param-
eters are estimated indirectly through additional computational steps, because the
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Figure 4.1: Direct parameter identification [71]
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Figure 4.2: Indirect parameter identification [71]

model parameters are difficult to access or measure straightforwardly. Instead,
model parameters are inferred indirectly by comparing the measured physical
outputs. Indirect parameter identification is typically employed for complex sys-
tems, where direct estimation of parameter is challenging or not possible.
The identification procedure employed in this work can be classified as an indi-
rect parameter identification. The inputs to the system are the motor currents
and the speed, while the outputs are the motor temperatures. The parameters to
be estimated are the thermal resistances and the thermal capacities within the
thermal network. According to [72], this indirect parameter identification can be
performed following the procedure outlined below:

• Definition of the model structure and identification method
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• Collecting the test data

• Definition of the cost function and the quality criterion

• Cross-validation

Based on the above procedure, the model structure is discussed in this section.
First, a novel static-dynamic parameter identification method is introduced, along
with the definition of cost function and quality criterion. Subsequently, the
results of the parameter identification are presented. Based on these results, a
basic thermal analysis of the reference motor is carried out. Finally, the opti-
mized thermal network is experimentally validated through cross-validation.

4.1 Local and global identification of the LPV
system

Two main approaches for parameter identification for electrical machines’s
thermal network have been discussed in the literature: the local parameter iden-
tification and the global parameter identification [8, 9, 19, 73, 74]. In the local
parameter identification, the Linear Parameter-Varying Model (LPV) system is
treated as a quasi-LTI system at each operating point. For instance, in [19], the
the thermal network’s parameters were identified based on measured tempera-
tures at specific operating points and the identified results were combined into a
LUT. This method ensures high model accuracy around the identified operating
points [9]. However, it leads to inconsistency and reduced robustness across the
full operating range [8, 75]. In contrast, the global parameter identification first
describes the varying parameters through empirical formulas, and the parameters
of these formulas are then identified during the parameter identification process.
By using the empirical expressions instead of LUT, this method achieves greater
consistency and robustness. In [8], Wallscheid first introduced the global param-
eter identification to model the thermal network of the PMSM.
In this thesis, a global parameter identification approach is adopted to identify
the speed-dependent thermal resistances of the EESM. Following the method
proposed in [8], the speed-dependent convection thermal resistances (R4, R5
and R8) are modeled as natural exponential function with an offset:

Ri(n) = ai + bi · e−Ei· n
nmax (4.1)
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Figure 4.3: Principle of combined static-dynamic identification with particle swarm opti-
mization

where ai is the natural convection and bi · e−Ei· n
nmax is the forced convection

related to the rotor speed. n is the current motor speed and nmax is the maximum
motor speed. The initial values of ai, bi and Ei are estimated according to the
analytical formulas presented in chapter 2.2.2.

4.2 Combined static-dynamic identification
The global parameter identification proposed by [8] is an inverse method based
on measured node temperatures. However, both thermal resistance and thermal
capacity influence the node temperatures, making it difficult to identify.
To address this issue, this thesis introduces a combined static-dynamic identifi-
cation approach, allowing for the separate identification of thermal resistances
and thermal capacities. The principle of this combined static-dynamic glob-
al identification is illustrated in Fig. 4.3. Particle Swarm Optimization (PSO)
was employed as the model parameter identification algorithm, and identification
was implemented in the MATLAB environment. The identification procedure is
divided into two stages: static identification and dynamic identification.
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Static identification

In the context of static identification, the parameters of the thermal resistances
can be identified first. The principle of static identification is based on the fol-
lowing equation:

1

Rji
(ϑs,j − ϑs,i) + P i = 0 i,j = 1,2,...7 (4.2)

where Rji represents the thermal resistance between nodes i and j. ϑs denotes
the steady-state temperature of the node, and P i is the power loss of the node.
Equation (4.2) is derived from (2.32) under the assumption dϑ/dt = 0, which
reflects the steady-state condition. Setting dϑ/dt = 0 allows (4.2) to describe
the thermal steady-state behaviour of the electrical machine. At steady-state,
the node temperatures are independent of the thermal capacities. As a result,
the thermal resistances can be estimated without the influence of the thermal
capacities. The cost function for global static identification is defined as follows:

Js =

a∑
z=1

b∑
i=1

wi(
ϑs,m − ϑs,e

ϑs,e
)2 (4.3)

where ϑs,m is the measured steady-state temperature. ϑs,e is the estimated steady-
state temperature. wi is the weighting factor for each component, which is set to
1 in this study, meaning that all nodes are treated equally during the optimization.
b is number of components, and a is the number of static thermal cycles. The
indicator Js represents the deviation between the measured data and the model
estimation during the static parameter identification process.
The following operating points in Tab. 4.1 are used for the static identification.
For each operating point, the test is conducted for a duration of three hours to
ensure that the temperatures of the corresponding components reach steady-state
conditions. The steady-state temperatures of these components are then recorded
and used for model static identification. The test points are also illustrated in
Fig. 3.6 as static test.
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Table 4.1: Operating points used for the model static identification

Number Speed in /min Torque in Nm
1 2000 70
2 4000 100
3 1000 80
4 3000 70
5 5000 70
6 6000 80
7 2000 50
8 4000 40

Dynamic identification

In terms of the dynamic identification, thermal capacities can be identified during
a transient thermal cycle. The principle of dynamic identification is based on the
following equation:

1

Rji
(ϑt,j − ϑt,i) + P i = Ci ·

dϑt

dt
i,j = 1,2,...7 (4.4)

where ϑt represents the transient node temperature. Given the identified thermal
resistance Rji identified through static global identification, the primary objec-
tive of dynamic global identification is to determine the thermal capacities Ci.
For dynamic identification, the cost function is defined as follows:

Jd =

x∑
k=1

y∑
i=1

wi(
ϑt,m − ϑt,e

ϑt,e
)2 (4.5)

where ϑt,m denotes the measured transient temperatures, and ϑt,e represents the
estimated transient temperatures. wi is the weighting factor for each component,
which is also set to 1 during the optimization. y is the number of the components,
and x is the number of measured data points within the transient cycle. The
indicator Jd quantifies the deviation between the measured data and the model
estimation during the dynamic parameter identification process.
For the dynamic identification process, the transient temperatures of the operat-
ing point 3000 1/min and 70Nm as shown in in Fig. 3.7 (a) were used.
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Table 4.2: Conductive thermal resistances and thermal capacities

Symbol Thermal resistance in K/W Symbol Thermal capacity in J/K
R1 0.017 CS 9117
R2 0.026 CSW 3628
R3 0.122 CSEW 1102
R6 0.119 CR 6894
R7 0.058 CRW 885
R9 0.293 CREW 166
R10 0.265 CSh 2522

4.3 Training results
Using the combined static-dynamic parameter identification introduced above,
the thermal resistances and capacities in the EESM can be determined. The
conductive thermal resistances and thermal capacities are summarized in Tab.
4.2.
The equivalent convective thermal resistances R4, R5 and R8 are shown in
Fig. 4.4 (a) and Fig. 4.4 (b). Fig. 4.4 (a) illustrates the equivalent thermal resis-
tance R5 of the air gap, which decreases as the rotor speed increases. This trend
occurs because the airflow in the air gap transitions from laminar to turbulent
convection with increasing rotor speed [76]. Fig. 4.4 (b) shows the equivalent
thermal resistance between the end windings and the end space, which also
decrease with increasing rotor speed. This is due to the rotor’s rotation pro-
moting airflow circulation in the end space, thereby enhancing convective heat
dissipation in the end space of the motor [69].
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Figure 4.4: Convective thermal resistance
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4.4 Thermal analysis with LPTN thermal
network

The thermal behavior of the EESM can also be analyzed using the LPTN net-
work. Fig. 4.5 shows the schematic thermal flow of the EESM under steady-state
conditions at an operating point of 3000 1/min and 70Nm as an example. Each
box in Fig. 4.5 represents a node of the EESM thermal network, as previous-
ly illustrated in Fig. 2.10. The copper and iron losses, calculated in the LPTN
network at steady-state, are also presented. Arrows between the nodes indicate
the direction of heat flow, with the calculated heat flow values shown along the
arrows. Fig. 4.5 demonstrates that the majority of losses are dissipated through
the stator iron to the water jacket cooling system. Minimal heat dissipation occurs
through the end space area to the housing or through the shaft to the flange.
An interesting observation is the opposing heat flow directions between the stator
winding and the rotor winding. Specifically, 76W of losses are transferred from
the stator end winding to the stator active winding, whereas 32W of losses are
transferred from the rotor active winding to the rotor end winding. This behavior
is due to the rotor’s rotation, which enhances convective heat transfer from the
rotor end winding to the surrounding air, resulting in a lower temperature at the
rotor end winding compared to the rotor active winding. In contrast, the stator
winding remains stationary, limiting convective heat transfer from the stator coils
to the surrounding end space. As a result, heat transfer predominantly occurs via
conduction from the stator active winding to the stator core, causing the stator
end winding to exhibit a higher temperature than the stator active winding.
Using the LPTN thermal network, the sensitivity analysis of the thermal resis-
tances was also carried out. As an example, the influence of the stator end space
resistanceR4 and the air gap resistanceR5 on the node temperatures is discussed.
Fig. 4.6 shows the sensitivity analysis for R4/S, R4 and R4 ∗ S. R4 denotes the
thermal resistance between the end caps and the stator end winding, and S is a
variation factor, setting to S = 2 in this case. It can be observed that variations
in R4 primarily influence the the network component locally, i.e. the stator end
winding. Fig. 4.7 presents the sensitivity analysis with respect to variations of
the thermal resistance R5, where R5 represents the air gap thermal resistance. It
can be seen that all components from the rotor side are sensitive to changes in
R5.
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Figure 4.5: Thermal flow at steady-state by working point 3000 1/min and 70Nm

4.5 Cross validation with thermal cycles
Using the identified parameters, the thermal network was validated against dif-
ferent dynamic drive cycles. Fig. 4.8 and Fig. 4.9 present four cross validation
tests. The selected operating points differed from the training data to ensure
proper cross validation. Two types of tests were conducted. In combination tests
(see also in Chapter. 3.3), the operating points were switched every 0.5 hour.
To validate the more dynamic behaviour of the electrical machine, a dynamic
test (see also in Chapter. 3.3) was conducted, as illustrated in the right column
of Fig. 4.9. In this case, the operating points were switched every 1 minute, in
order to better observe the machine’s dynamic thermal behaviour.
In figures (Fig. 4.8 and Fig. 4.9), the measured data are shown as solid blue
curves, while the thermal network estimations are represented by dashed red
lines. Both the measured and estimated temperature curves are plotted against
the left axis. The deviation between the measured and estimated temperatures is
shown as solid black curves plotted against the right axis.
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Figure 4.6: Sensitivity analysis of the stator end space resistance with S = 2 based on the
steady temperatures at 3000 1/min and 70Nm

Figure 4.7: Sensitivity analysis of the air gap resistance with S = 2 based on the steady
temperatures at 3000 1/min and 70Nm
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All the tests were performed with an inlet cooling water temperature of 20 ◦C.
The measured temperatures were recorded at a sampling rate of 1 sample pro
second. The figures also display the measured rotor speed, torque and a selec-
tion of node temperatures. The black solid curves clearly indicate the deviations
between the estimations and the measurements. It can be observed that, across
all dynamic drive tests, the deviations between the measured and estimated tem-
peratures remain within +/- 10K.
It should be noted that the tests presented here are only part of the validation
efforts carried out. Nevertheless, the results demonstrate the accuracy of the ther-
mal network in predicting the thermal behaviour of the studied EESM. Across
all the validation tests, the deviation between the motor and the thermal network
estimation maintained within +/- 10K.
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cycle 1
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Figure 4.8: Temperature profiles in dynamic drive cycles with 20 ◦C inlet cooling water
temperature. Drive cycle profiles of dynamic cycle 1 on the left column,
dynamic cycle 2 on the right column. The measured data in solid blue line, the
estimation temperature in dotted red line, the temperature deviation in solid
black line
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(e) Temperature of stator end winding
in dynamic cycle 3
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(f) Temperature of stator end winding
in dynamic cycle 4
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(g) Temperature of rotor end winding
in dynamic cycle 3
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Figure 4.9: Temperature profiles in dynamic drive cycles with 20 ◦C inlet cooling water
temperature. Drive cycle profiles of dynamic cycle 3 on the left column,
dynamic cycle 4 on the right column. The measured data in solid blue line, the
estimation temperature in dotted red line, the temperature deviation in solid
black line
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Chapter 5

Kalman filter as online
EESM thermal state
observer

Using the thermal network, the node temperatures of the electrical machine can
be estimated based on currents and rotor speed. However, various errors exist in
the real motor that are not be fully accounted by the model, including parameter
errors of the resistances and capacities, loss error estimation, measurement devi-
ations, initial temperature deviations. Due to these errors, significant deviations
between the model and the real motor can occur. Therefore, a state observer is
required for temperature monitoring to connect the thermal network with the real
motor, so that the unknown errors can be compensated with reference signals.
In this chapter, the errors between the real EESM and the thermal network have
been analyzed based on the measurement data. To address these errors, a Kalman
filter was implemented as a thermal state observer. First, the thermal network
model was represented into standard state-space equations. Subsequently, the
general solutions to the state-space equations were derived and implemented.
Potential errors during the online model-based temperature estimation were ana-
lyzed. In order to minimise these errors, two Kalman filter concepts for the
EESM were investigated. In the first concept, the Kalman filter utilized the sta-
tor end winding temperature as a reference signal. In the second concept, a data
fusion method in the context of Kalman filter was applied, where both the signals
from the stator and rotor were used as reference signals. The two Kalman filter
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concepts for model error compensation were analyzed and compared based on
experimental data.

5.1 State space equations
The differential equation (2.32) in Chapter 2 describes the node temperatures in
the EESM thermal network. This equation can be reformulated as a state-space
representation as follows:

ϑ̇ = A · ϑ+B · u (5.1)
y = C · ϑ+D · u (5.2)

where ϑ is the state vector of the system. The variables u and y denote the
system’s input and output, respectively. A, B, C and D represent the system
matrix, input matrix, output matrix and feedthrough matrix of the state-space
model.
The input u, as defined in (5.3), comprises the node power losses. The system
matrix A, provided in (A.5) in the appendix, includes the thermal resistances and
capacities. The input matrix B, shown in (5.4), reflects the thermal capacities
of the nodes. The output matrix C determines which outputs are observable
through measurement. Based on the Kalman filter design concepts, different
output matrices C were implemented, as shown in (5.5). The feedthrough matrix
D, defined in (5.6), indicates that input u has no direct effect on the output y.

u =



PS +
ϑC

R1
PSW

PSEW +
ϑC

R4
PR
PRW

PREW +
ϑC

R8

PSH +
ϑA

R10


(5.3)

62



Chapter 5 Kalman filter as online EESM thermal state observer

B =



1

CS
0 0 0 0 0 0

0
1

CSW
0 0 0 0 0

0 0
1

CSEW
0 0 0 0

0 0 0
1

CR
0 0 0

0 0 0 0
1

CRW
0 0

0 0 0 0 0
1

CREW
0

0 0 0 0 0 0
1

CSh



(5.4)

Ct =



0
0
1
0
0
0
0


or Cs =



0
0
1
0
υrw
υrew
0


(5.5)

D = 0 (5.6)

In Fig. 5.1, the correlation between thermal network and the initial required
torque is illustrated. For a given required torque, the corresponding currents (id,
iq and ir) are obtained via a LUT, which was calculated offline before. Based
on this selected currents, the associated copper and iron losses are calculated.
These losses are then used as input u to the thermal network model.
The LUT employed in this study is generated offline by determining the current
combination that minimizes losses at each operating point defined by torque and
speed. It is evident that both the LUT block, which maps torque to current, and
the losses block, which maps current to copper and iron losses, exhibit nonlinear
characteristics.
However, for the thermal network in the system boundary as shown in Fig. 5.1,
when the losses are directly treated as input u, the system can be regarded as
a LPV system. Because certain thermal resistances in the system matrix A are
speed dependent and may vary over time. Moreover, under constant speed con-
ditions, the system can also be approximated as a Linear Time-Invariant System
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Figure 5.2: Block diagram of the EESM network

(LTI) system, allowing the use of classical LTI-based analysis methods. Fig. 5.2
illustrates the block diagram of the thermal network as state-space representa-
tion. Here, the state vector ϑ represents node temperatures, with ϑ0 denoting the
initial temperature, and y being the measurable signal obtained from sensors.
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The general solution to (5.1) at time t can be written as [77]:

ϑ(t) = eAt · ϑ0︸ ︷︷ ︸
Zero-input response

+

∫ t

0

eA(t−τ)B · udτ︸ ︷︷ ︸
zero-state response

(5.7)

where the first term eAt · ϑ0 in (5.7) corresponds to the zero-input response,
which represents the node temperatures without input losses. It characterizes the
change of the system’s initial energy over time. Physically, this can be intuitively
understood as the natural dissipation of energy, such as the self-cooling process
of a motor without currents input. The second term in (5.7) represents the zero-
state response, which describes the system’s behavior due to the currents input
u. As evident from (5.7), the general solution of the state-space equation is the
linear superposition of the zero-input and the zero-state responses, both of which
are influenced by the state-transition matrix eAt. In certain literature such as [77,
78], the state-transition matrix is also expressed in a simplified from as:

Φ(t) = eAt (5.8)

with this simplified expression, (5.7) can be rewritten as:

ϑ(t) = Φ(t) · ϑ0 +

∫ t

0

Φ(A(t− τ))B · udτ (5.9)

5.2 Concepts of EESM thermal network as
Kalman filter

5.2.1 Model errors analysis
In terms of model-based online temperature monitoring, discrepancies between
the real motor and model estimation can be attributed to the following factors
[78]:

• Process noise pk: Process noise accounts for deviations, or uncertainties of
the real system that are not captured by the model [79, 80]. Since a model
cannot perfectly represent a physical system without deviations, process noise
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pk is introduced to represent the uncertainty between the model and the true
physical system [79]. It can be mathematically described as:

Process noise : pk ∼ N (0,Q) (5.10)

where Q is the covariance of the process noise. Setting the process noise
involves a trade-off between reliance on the model and reliance on measure-
ments. If Q is set too low, the Kalman filter underestimates rapid changes
detected by the sensors, limiting the impact of the feedback on model adjust-
ment. Conversely, if Q is set too high, the filter becomes overly sensitive to
measurement noise [79].

• Measurement noise mk: Measurement noise arises when using sensor data to
correct the model’s predictions. It allows the Kalman filter to balance between
trusting the new measurement and the current model prediction. mk can be
mathematically expressed as:

Measurement noise : mk ∼ N (0,R) (5.11)

where R is the covariance of the measurement noise. A high R value indicates
significant measurement noise, causing the Kalman filter to rely more on the
model than on the measurement, and leading to slower response to deviations
[79]. The relative values ofR andQ determine whether the Kalman filter tends
to model estimation or measurement data.

• Initial deviation εk: in the absence of sufficient sensor information, the initial
state of the system is unknown. The model must assume an initial state, leading
to a discrepancy between the assumed and real initial states, defined as the
initial deviation:

εk = ϑ̂0 − ϑ0 (5.12)

The effects of these errors are analyzed in the subsequent sections by comparing
model estimations with a selected test operating point of 3000 1/min and 70N m.

Process noise and measurement noise

Fig. 5.3 illustrating the impact of process noise and measurement noise on the
model estimation by illustrating the stator active winding temperature and rotor
active winding temperature from the model and from measurement.
Fig. 5.3 (a) presents a block diagram that schematically depicts the effects of pro-
cess noise and measurement noise on the model. To minimize the influence of
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initial deviation, the thermal network was initialized with the same initial tem-
peratures as the real motor. In the model, process noise aggregates numerous
real-world factors that are not explicitly considered, while measurement noise
accounts for deviations introduced by sensor inaccuracies. The stator active
winding temperature in Fig. 5.3 (b) and the rotor active winding temperature in
Fig. 5.3 (c) were selected for comparison. In these figures, the measured tem-
peratures from the test bench are shown as solid blue lines, while the estimated
temperatures from the model are shown by the dotted red lines. The deviation
between the measured and estimated temperatures is represented by black sloid
lines.
As indicated by the black curves in Fig. 5.3 (b) and Fig. 5.3 (c), the deviation
between the model predictions and the measured results can be categorized into
two types. The first type is measurement noise, which originates from the inac-
curacies of the sensors. In Fig. 5.3 (b) and Fig. 5.3 (c), the measurement noise
exhibits higher frequency components. In Fig. 5.3 (b), the fluctuation of the mea-
surement error generated by the Type T thermal sensor from the stator side is
0.2K. Comparatively, fluctuation in Fig. 5.3 (c) of the Type K thermal sensor
produces a larger fluctuation of 1K from the rotor side.
The second type of deviation is process noise, which essentially arises from
model imperfections. These imperfections may result from inaccurate param-
eter estimation or from unmodeled effects that are not captured in the model. In
Fig. 5.3 (b), it can be observed that the black error curve exhibits a sinusoidal
oscillation with an amplitude of approximately 2K. In Fig. 5.3 (c), regarding
the temperature prediction, the model initially overestimates the temperature of
the rotor active winding within the time interval of 0 to 0.1 h, and subsequent-
ly underestimates it. The resulting error remains within approximately (3K).
These deviations are attributed to process noise.
These preliminary estimations of measurement noise and process noise are sub-
sequently used to initialize the measurement noise and process noise covariance
matrices (R and Q) in the Kalman Filter.
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(c) Rotor active winding temperature

Figure 5.3: Comparison between thermal network and real motor under process and mea-
surement noise at operating point 3000 rpm and 70N m
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Initial deviation

The presence of an unknown initial temperature of online temperature monitor-
ing can lead to discrepancies between model estimations and real measurements.
Although it is often assumed that the nodes’s initial temperatures are identical to
the ambient temperatures, this assumption may not always be true. For instance,
consider a scenario where a motor operates for several hours and is then switched
off for a short period. When restart, the motor’s temperature may differ from the
ambient temperature. Taking the initial deviation εk into account, the tempera-
ture estimation under initial deviation can be mathematically expressed as:

ϑ̂(t) = Φ(t) · (ϑ0 + εk) +

∫ t

0

Φ(A(t− τ))B · udτ (5.13)

Consequently, the resulting temperature deviation ∆ϑ caused by the initial devi-
ation is derived as:

∆ϑ = ϑ̂(t)− ϑ(t)

∆ϑ = Φ(t) · εk
(5.14)

Equation (5.14) indicates that the impact of initial errors on temperature predic-
tion depends on two factors: the magnitude of the initial error εk and the system’s
state-transient matrix Φ. Given a specified initial deviation εk, system’s conver-
gence properties can be analyzed through the eigenvalues of the state-transition
matrix Φ. As simplification, the thermal network, as a LPV system, can be treat-
ed as a quasi-LTI system under constant speed conditions. And the eigenvalues
of the thermal network were computed at representative speed.
Tab. 5.1 summarizes the eigenvalues of the state-transition matrix Φ at represen-
tative speeds of 0.5∗ncorner, ncorner, 0.5*nmax and nmax, where ncorner denotes the
corner speed and nmax represents the maximum speed of the reference motor.
According to Tab. 5.1, all eigenvalues are negative at the selected speeds, con-
firming that the system is stable. Thus, the temperature deviation due to initial
deviation will eventually converge to zero at steady-state. However, the minimal
eigenvalues indicate a relatively low converge rate.
As illustrated in Fig. 5.4 (a), an initial deviation of 20K was introduced to study
its influence. The measured temperatures from the test bench are plotted as sol-
id blue lines, while the estimated temperatures from the model are shown as
dotted red lines. The deviation between measured and estimated temperature
is shown as black solid lines. As seen in both Fig. 5.4 (b) and Fig. 5.4 (c), the
temperature deviations converge toward zero over time, confirming the analyti-
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Table 5.1: Eigenvalues of the state-transition matrix Φ at varied speed

0.5*ncorner ncorner 0.5*nmax nmax
-0.12623 -0.12972 -0.13387 -0.13409
-0.01938 -0.01940 -0.01946 -0.01955
-0.00879 -0.01016 -0.01087 -0.01092
-0.00953 -0.00893 -0.00932 -0.00990
-0.00049 -0.00058 -0.00068 -0.00072
-0.00329 -0.00337 -0.00355 -0.00378
-0.00307 -0.00308 -0.00310 -0.00311

cal conclusions. However, the convergence rate towards zero is slow, requiring
approximately one hour for the deviation to convergence completely.
In summary, the analysis of process noise pk, measurement noise mk, and initial
deviation εk shows that each source of error affects the temperature estimation
to varying degrees. Measurement noise introduces fluctuations of the measured
temperature, whereas process noise lead to deviations between the estimated and
the measured temperatures. Although the initial deviation can be eliminated at
steady-state, the large inertia of the EESM system (indicated by minimal matrix
eigenvalues of the transition matrixΦ) results in a slow convergence speed. Con-
sequently, the integration of additional feedback signals is essential to improve
the model’s accuracy and to facilitate the detection of abnormal motor condi-
tions. These feedback signals can be incorporated into the Kalman filter to
enhance the thermal state estimation of the reference EESM.
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(a) Block diagram of the EESM temperature estimation with
initial deviation
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(c) Rotor active winding temperature

Figure 5.4: Comparison between thermal network and real motor under initial deviation
at operating point 3000 rpm and 70N m
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5.2.2 Model discretization
To implement the EESM thermal network within the Kalman filter framework,
the thermal network muss be discretized into a time-discrete system. Various
discretization methods can be employed, such as the Euler method [81] or the
Runge-Kutta method [82]. In the Euler method, the slope of the linear increase
is used to approximate the derivative at time step k, and it can be mathematically
expressed as:

ϑ̇ ≈ 1

ts
(ϑ[k + 1]− ϑ[k]) (5.15)

where ts describes the sampling time, ϑ[k] and ϑ[k + 1] represent state vectors
of temperatures at time steps k and time step k + 1, respectively. Consequently,
the time-continuous system describes in (5.2) can be discretized using the Euler
method as follows:

1

ts
(ϑ[k + 1]− ϑ[k]) = Aϑ[k] +Bu[k]

ϑ[k + 1] = (I +Ats)ϑ[k] + tsBu[k]

(5.16)

As shown in (5.16), the Euler method is a computationally inexpensive dis-
cretization method. It approximates the derivative at time step k based on
the slope of the state vector. However, one limitation of the Euler method is
the potential oversimplification of time-continuous systems, which can impact
model accuracy. To address this, a more accurate discretization method, the
fourth-order Runge-Kutta method, is also considered for comparison. In the
fourth-order Runge-Kutta method, the time interval ts from time k to time k+1
is divided into four equal sub-intervals, each corresponding to derivatives k1, k2,
k3 and k4 as shown in (5.17). This method improves the accuracy of the discre-
tised system by separately calculating the derivatives at different points within the
time interval. However, this increased accuracy comes at the cost of greater com-
putational complexity. Therefore, a trade off between the computational effort
and the acceptable model accuracy must be carefully evaluated.
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Figure 5.5: Comparison between time continuous thermal network with Euler and Runge-
Kutta method 4. Order, rotor active winding temperature by the operating
point 70Nm and 3000 1/min as demonstration

f : A(n) · ϑ+B(n) · u(ϑr,n,I)

ϑ[k + 1] = ϑ+
ts
6
(k1 + 2k2 + 2k3 + k4)

k1 = f(tk + ϑk)

k2 = f(tk +
ts
2
,ϑk +

ts
2
k1)

k3 = f(tk +
ts
2
,ϑk +

ts
2
k2)

k4 = f(tk + ts,ϑk + tsk3)

(5.17)

As illustrated in Fig. 5.5, a comparison is made between the node tempera-
ture calculated using Euler and Runge-Kutta methods at the operating point
3000 1/min and 70Nm. The results indicate that the deviation between the
two methods exhibits oscillations during the transient phase before converging
towards 0K in the steady-state region. The range of deviation is minimal, varying
between 0 K and 0.008 K. Given that the Euler method demands lower compu-
tational effort while maintaining an acceptable level of accuracy, it is selected to
discretize the time-continuous thermal network of EESM. Following discretiza-
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tion, time continuous thermal network in (5.2) can be discretized as:

ϑ[k + 1] = Ad · ϑ[k] +Bd · u[k]
y[k + 1] = C · ϑ[k] +D · u[k]

(5.18)

where ϑ[k + 1] and ϑ[k] are the state vectors in time step k + 1 and time step k,
respectively, and u[k] and y[k] denote the system input and output at time step
k. Matrices Ad, Bd and C represent the discrete system matrix, input matrix
and output matrix, respectively. D is zero, as explained in section 5.1. The
discretized thermal network will be used for the Kalman filter.

5.2.3 Kalman filter introduction
The Kalman filter is based on a time-discrete system derived from a time-
continuous model. By considering the evolution of each measurement over time
and incorporating noise distributions at each time step, the Kalman filter provides
a more accurate estimation of unknown variables compared to approaches that
rely solely on individual measurements [83]. This advanced filtering technique is
named after Rudolf Kalman, the principal inventor, who published his article in
1960 [84]. Through his research, the Kalman filter enabled accurate estimation
of system states from noisy and partially redundant measurements. A key advan-
tage of the Kalman filter over other stochastic estimation methods is its iterative
structure, which makes it particularly well-suited for real-time applications [83].
The block diagram of the classic Kalman filter is shown in Fig. 5.6. The core
component of the filter is the discretized thermal network, highlighted in blue
region, whose mathematical description is given in (5.18). The overall structure
of the Kalman filter, including model estimation and measurements from the
physical system, is depicted in the grey area. Utilizing the Kalman gain K, the
measurement signal is fed back into the system to reduce the deviation between
the model and the real physical process.
In terms of signal processing, the Kalman filter operates in two main steps. The
first step is prediction, described as follows:

Prediction

ϑ̂[k + 1]− = Ad · ϑ̂[k] +Bd · u[k] (5.19)

P̂ [k + 1]− = Ad · P̂ [k] ·AT
d +Q[k] (5.20)
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Figure 5.6: Block diagram of classic Kalman filter [83]

where the covariance matrix P represents the expected estimation uncertainty,
and Q denotes the process noise covariance of the dynamic system. During the
prediction step, the state of the system from time step k to k + 1 is estimated.
The second step is update, given by:

Update

K[k + 1] = P̂ [k + 1]−CT
{
C · P̂ [k + 1]−CT +R[k]

}−1

(5.21)

ϑ̂[k + 1] = ϑ̂[k + 1]− +K[k + 1]
{
y[k + 1]− C · ϑ̂[k + 1]−

}
(5.22)

P̂ [k + 1] = {I −K[k + 1] · C} · P̂ [k + 1]− (5.23)

where K is the Kalman gain. C is the output matrix, R is the measurement
covariance matrix, and I is the identity matrix. During the update phase, the pre-
dicted state is corrected based on the latest measurement, and the state covariance
matrix P is updated accordingly.
In addition to the classic Kalman filter, there are extended variants such as the
adaptive Kalman filter and the non-linear Kalman filter. However, as the classic
Kalman filter already fulfils the requirements of the system, extended versions
are not adopted in this thesis in order to minimize computational complexity.
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5.2.4 EESM Kalman filter concepts and validations
The feedback signals for the Kalman filter can be obtained from two sources:
direct measurement or indirect online parameter estimation. Direct measurement
offers a straightforward and robust means of obtaining component temperatures.
However, it requires additional sensor installations, which can be costly and chal-
lenging, particularly when targeting critical areas such as rotating rotor parts.
Alternatively, indirect online parameter estimation methods can be used to esti-
mate electrical machine parameters. These methods include current and voltage
injection [85, 86], high frequency signal injection [87, 88] or Position-Offset-
based Parameter Estimation (POPE) [89], as summarized in [90].
Based on these feedback signals, a Kalman filter estimating motor thermal state
can be implemented. In [91], motor frame temperature was utilised as feed-
back temperature to minimise the initial deviation between the PMSM model
and the real machine. However, the significant temperature gradient between the
motor frame and internal components (such as the stator active winding) can be
a drawback, especially in motors equipped with water-jacket cooling systems. In
[92], a combined direct and indirect temperature estimation approach for PMSM
was studied. A temperature sensor integrated into the stator slot winding allows
direct measurement of the active winding temperature, while rotor magnet tem-
peratures are estimated using an online parameter identification approach based
on the Permanet Magnet Temperature Observer (PMTO) method [92–96]. In
this configuration, the Kalman filter enables PMSM temperature monitoring by
fusing direct and indirect temperature estimations.
In this study, two Kalman filter concepts were investigated for EESM temperature
monitoring, as illustrated in Fig. 5.7. Fig. 5.7 (a) presents concept A, where the
Kalman filter utilizes the feedback signal of the stator end winding temperature
ϑSEW. The corresponding output matrix Ct is defined as:

Ct =



0
0
1
0
0
0
0


(5.24)

where the value ”1” in the third position indicates that the stator end winding
temperature is measurable.
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Figure 5.7: Concepts of Kalman filter for EESM [E2]

Fig. 5.7 (b) illustrates concept B, which integrates two types of feedback signals:
the stator end winding temperature ϑSEW from the stator side, and the rotor wind-
ing voltage and current signals from the rotor side. The corresponding output
matrix Cs is defined as:

Cs =



0
0
1
0
υrw
υrew
0


(5.25)

where the third column with ”1” corresponds to the stator end winding mea-
surement, while the fifth and sixth columns represent the mass ratio of the rotor
active winding (υrw) and rotor end winding (υrew) to the overall rotor winding.
Through a linear mass relationship, the temperatures of the rotor active winding
and the rotor end winding can also be derived from the measured data using the
Kalman filter. The relationship can be mathematically expressed as:

ϑr,avg = ϑR · υrw + ϑREW · υrew (5.26)
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Figure 5.8: Thermal cycle for testing of Kalman filter concept A and concept B

For better Comparison, both Kalman concepts were validated through a identi-
cal thermal cycle, whose torque and speed profiles are shown in Fig. 5.8. The
entire test lasted for three hours, with the operating point changed every half hour.
The primary objective of the experiments was to validate the effectiveness of the
Kalman filters in estimating node temperatures. To this end, an initial deviation
εk = 20K between the thermal network and the real motor was intentionally
introduced. The model’s convergence speed toward the real machine behavior
was then monitored. By comparing the temperature estimations with and without
Kalman filter, the effectiveness of each Kalman filter concept was studied.
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Kalman filter concept A

In Kalman filter concept A, the stator end winding temperature is utilised as the
reference signal of the state observer. To better compare the model convergence
with and without the Kalman filter feedback, the test results for the first half hour
are presented in Fig. 5.9, while the full test results can be found in Fig. A.1 in
the appendix.
Fig. 5.9 shows the temperatures of the stator active winding and the rotor end
winding. For comparison, Fig. 5.9 (a) - (b) present the estimated temperature
without Kalman filter feedback, while Fig. 5.9 (c) - (d) show the estimations with
Kalman filter feedback. Fig. 5.9 (e) - (f) show the deviation of estimated tem-
peratures from the stator and rotor sides, respectively. Comparing Fig. 5.9 (a),
Fig. 5.9 (c) and Fig. 5.9 (e) from the stator side, it is evident that the model esti-
mation converges toward real motor over time, regardless of presence of Kalman
feedback. However, Fig. 5.9 (e) shows that the Kalman filter significantly accel-
erates this convergence.
On the rotor side, comparison of Fig. 5.9 (b), Fig. 5.9 (d) and Fig. 5.9 (f) reveals
that the convergence speed is nearly identical, with or without Kalman filter feed-
back. Thus, Kalman filter concept A does not significantly enhance convergence
on the rotor side.
This observation can be explained by analyzing the node loss sensitivity, as illus-
trated in Fig. 5.10 and Fig. 5.11. Both figures present sensitivity analysis for
the stator end winding loss (P3) and rotor winding loss (P5 + P6), respectively
(refer to Fig. 2.10 for loss and node definitions). Sensitivity analysis quantifies
the impact of variations in specific node losses on the overall thermal network,
thus assessing the effectiveness of Kalman filter feedback.
Fig. 5.10 compares the influence of halved, normal and doubled losses of the
stator end winding on the node temperatures. It is evident that variations in sta-
tor end winding losses significantly affect the stator-side nodes but have minimal
impact on rotor node temperatures. Conversely, Fig. 5.11 shows that rotor wind-
ing losses predominantly influence rotor-side nodes, with negligible effects on
the stator side.
Combining Fig. 5.10 and Fig. 5.11, it can be concluded that the high thermal
resistance of the air gap results in a weak thermal coupling between the stator
and the rotor. Consequently, losses variations on one side of the machine have
minimal influence on the other side. This weak coupling limits the ability of the
Kalman filter to correlate stator and rotor temperatures effectively. Therefore,
to achieve more accurate motor temperature observation, feedback signals from
both the stator and rotor sides are necessary.
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Figure 5.9: Comparison of the model estimation with and without Kalman filter concept
A with assumed initial deviation εk = 20K. Measurement in solid blue line
and Model estimation in solid red line.
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Figure 5.10: Sensitivity analysis of the stator end winding power losses with S = 2 based
on the steady temperatures at 3000 1/min and 70Nm

Figure 5.11: Sensitivity analysis of the rotor winding power losses with S = 2 based on
the steady temperatures at 3000 1/min and 70Nm
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Kalman filter concept B

In Kalman filter concept B, the Kalman filter utilizes the reference signals from
the stator end winding temperature and the rotor winding current and voltage, as
illustrated in Fig. 5.7 (b). The feasibility of the Kalman filter concept B is first
derived mathematically.
Under electrical steady-state conditions, where the stator and rotor winding cur-
rents remain constant, the electrical resistance of the motor can be calculated
as:

ur = Re,r · ir (5.27)

where ur and ir denote the rotor winding voltage and the current in steady-state,
respectively, and Re,r denotes the rotor winding electrical resistance. Based on
the electrical resistance, the average rotor winding temperature can be estimated
as:

Re,r = Re,r0 · [1 + α · (ϑr,avg − ϑr,avg,0)] (5.28)

where Re,r0 is the rotor resistance at the pre-defined reference temperature, α is
the copper temperature-dependent coefficient, ϑr,avg is the average rotor winding
temperature and ϑr,avg,0 is the reference temperature. Thus, by using (5.27) and
(5.28), the rotor average winding temperature can be estimated and incorporated
into the Kalman filter. However, this estimation is only valid under electrical
steady-state conditions. Under transient conditions, an additional voltage com-
ponent is induced, which can be mathematically expressed as:

ur = Re,r · ir +
d

dt
Ψr (5.29)

where Ψr represents the rotor flux linkage, which can be calculated as:

Ψr = Mdr · id + Lr · ir (5.30)

where Mdr is the mutual inductance between the stator d-axis and the rotor, id
is the stator current in the d-axis of the d/q coordinate system, Lr is the rotor
inductance, and ir is the rotor winding current.
Equation (5.29) indicates that rotor winding temperature estimation based on
electrical resistance can not be reliably during transient conditions due to the
additional induced voltage d

dtΨr.
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Figure 5.12: Distortion of rotor winding temperature estimation based on the rotor wind-
ing voltage and current in the first 10s of the thermal cycle in Fig. 5.8 (a) and
Fig. 5.8 (b)

Fig. 5.12 presents the first 10 seconds of the rotor average winding tempera-
ture estimation during the thermal cycle. The entire test lasted three hours, with
the torque and speed profiles summarized in Fig. 5.8. During the first five sec-
onds, the winding currents ramped up to the target values to achieve the required
torque. In the figure, red points indicate direct measurements of the rotor active
winding temperature, while blue points represent the estimated temperatures.
Significant distortion in the estimation can be observed during the initial 5 sec-
onds.
To mitigate this distortion during transient states, a pre-processing algorithm was
integrated into Kalman filter concept B:

|id[t]− id[t− 1]| > 1

|ir[t]− ir[t− 1]| > 0.1
(5.31)
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Ct =
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0
1
0
0
0
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or Cs =



0
0
1
0
υrw
υrew
0


(5.32)

In (5.31), by comparing the differences between id and ir with the previous time
step, transient changes of these currents can be detected. If either condition in
(5.31) is satisfied, it is deduced that the rotor winding temperature estimation
is distorted. Consequently, the transient output matrix Ct is employed in the
Kalman filter instead of the steady-state output matrix Cs, thereby excluding dis-
torted rotor-side signals during transient periods.
For better Comparison, Kalman concept B was validated using identical thermal
cycle as concept A, whose speed and torque profiles are provided in Fig. 5.8.
The three-hour test included operating point changes every half hour. An initial
temperature deviation of εk = 20K was introduced between the model and the
real motor.
Fig. 5.13 illustrates the convergence of the model to the real motor during the
first 30 minutes. Stator active winding and rotor end winding temperatures are
compared in the figures. As comparison, Fig. 5.13 (a) - (b) show the tempera-
ture estimation without Kalman filter feedback, while Fig. 5.13 (c) -(d) depict the
estimation with Kalman filter feedback. In each figure, blue solid lines represent
measured temperatures, and red dashed lines represent estimated temperatures.
Fig. 5.13 (e) - (f) show the corresponding estimation deviations for the stator and
rotor sides, respectively.
By comparing Fig. 5.13 (a), Fig. 5.13 (c) and Fig. 5.13 (e) for the stator side, and
Fig. 5.13 (b), Fig. 5.13 (d) and Fig. 5.13 (f) for the rotor side, it is evident that
Kalman filter concept B significantly accelerates model convergence on both the
stator and rotor sides.
Thus, it can be concluded that using Kalman filter concept B enables more
accurate and faster observation of the motor’s thermal state, and that deviations
between model and measurements can be compensated more rapidly through
Kalman feedback signals.
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Figure 5.13: Comparison of the model estimation with and without Kalman filter concept
B with assumed initial deviation εk = 20K in the first half hour. Measure-
ment in solid blue line and Model estimation in solid red line.
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Chapter 6

Model-based thermal
management for EESM

Motor control algorithms embedded within the control unit are responsible
for determining the operating point of the motor. A critical aspect of these
algorithms is thermal management, which continuously monitors the motor
temperature to ensure optimal performance and prevent overheating. Thermal
management strategies are typically categorized into passive and active meth-
ods.
Passive thermal management approaches [47, 48] apply torque derating only
after critical temperature thresholds are reached. For instance, in [48], a sim-
plified thermal network functions is built as a relay to estimate the motor
temperatures. Once the temperature exceeds the maximum allowable limit, the
motor is shut down. In [47], instead of the maximum allowable temperature, an
overload duration is predefined for each operating point. If the overload persists
beyond the allowed time, torque derating is triggered.
In contrast to passive thermal management, active thermal management reduces
torque in advance to prevent the motor from reaching critical temperatures.
Model Predictive Control (MPC), integrated with a thermal network, has been
employed to estimate future thermal behavior and apply advance derating strate-
gies accordingly [37, 51].
To augment existing active thermal management approaches, this work propos-
es a novel algorithm that reduces hot-spot temperatures without compromising
torque output. Utilizing estimated temperatures from the thermal network, a
thermal balance is achieved among various motor components, thereby mitigat-
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ing localized overheating. This allows torque derating to be postponed or even
avoided, depending on the thermal conditions of the electrical machine.

6.1 EESM control theory
The torque control of the EESM is implemented based on Field-Oriented Control
(FOC) theory, which fundamentally relies on coordinate system transformations.
These transformations simplify the representation of motor variables such as
voltages and currents in the time domain, enabling more intuitive and decoupled
control.

6.1.1 Coordinate system transformation
The motor variables can be expressed in three primary coordinate systems, as
illustrated in Fig. 6.1:

• abc coordinate system: a stator-fixed coordinate system frame comprising
three axes shifted by 120◦, directly corresponding to the motor’s three-phase
winding configuration. This system provides the foundational basis for ana-
lyzing time-domain behavior of motor variables.

• αβ coordinate system: a two-axis orthogonal stator-fixed system obtained
from the abc system via the Clarke transformation. It reduces dimensional
complexity and facilitates easier analysis of three-phase systems.

• dq coordinate system: a rotating orthogonal coordinate system aligned with
the rotor’s magnetic field, derived from the αβ system using the Park transfor-
mation. This system decouples the control of torque and flux, thereby enabling
efficient FOC implementation.

abc coordinate system

In the abc coordinate system, the three-phase stator currents can be described as:

ia(t) = îs · sin(ωt)

ib(t) = îs · sin(ωt− 2π/3)

ic(t) = îs · sin(ωt− 4π/3)

(6.1)

where îs is the peak stator current, ω is the stator electrical angular frequency.
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Figure 6.1: Winding system of the EESM [97]

The corresponding phase voltages are given by:

ua(t) = Re,s · ia +
dΨa

dt

ub(t) = Re,s · ib +
dΨb

dt

uc(t) = Re,s · ic +
dΨc

dt

(6.2)

where Re,s is the stator resistance. Ψa, Ψb and Ψc are the flux linkages of the
motor phases.
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αβ coordinate system

In the αβ coordinate system, the stator current is represented as the vector com-
bination of the phase currents along the a, b and c axes as shown in (6.3). The
geometric phase shifts among these currents are captured using the complex
exponential factors ej 2

3π and ej
4
3π , which facilitates the transformation from the

abc to the αβ coordinate system.

a = ej
2
3π = −1

2
+ j

√
3

2

a2 = ej
4
3π = −1

2
− j

√
3

2

I =
2

3
· (ia(t) + a · ib(t) + a2 · ic(t))

(6.3)

In matrix form, the transformation becomes:

[
iα
iβ

]
=

2

3
·
[
1 − 1

2 − 1
2

0
√
3
2 −

√
3
2

]
·

iaib
ic

 (6.4)

The corresponding voltage equations are:

uα = Re,s · iα +
dΨα
dt

uβ = Re,s · iβ +
dΨβ

dt

(6.5)

dq coordinate system

Based on the αβ coordinate system, the Park transformation is applied to convert
the stationary αβ coordinate system into a rotating dq coordinate system aligned
with the rotor flux: [

id
iq

]
=

[
cosβL sinβL
− sinβL cosβL

]
·
[
iα
iβ

]
(6.6)

Within the rotating dq coordinate system, the d-axis aligned with the rotor flux,
while the q-axis is orthogonal to the d-axis. As the dq coordinate system coor-
dinate system rotates synchronously with the rotor, its angular speed is given
by:
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ω = zp · Ω (6.7)

where Ω is the mechanical angular speed, and zp is the motor pol pairs. The rotor
electrical angle βL is expressed as:

βL = βL,0 +

∫ t

0

ω(βL)dβL (6.8)

The voltage equations of the EESM in the dq coordinate system are:

ud = Re,s · id +
dΨd

dt
− ω ·Ψq

uq = Re,s · iq +
dΨq

dt
+ ω ·Ψd

ur = Re,r · ir +
dΨr

dt

(6.9)

under electrical steady-state conditions, time derivatives of the flux linkage can
be neglected, (6.9) is simplified as:

uds = Re,s · id − ω ·Ψq

uqs = Re,s · iq + ω ·Ψd

urs = Re,r · ir
(6.10)

In (6.10), the flux linkage can be defined as:

Ψd = Ld · id +Mdr · ir
Ψq = Lq · iq
Ψr = Lr · ir +Mdr · id

(6.11)

where Ld, Lq are self-inductances and Lr is the mutual inductance between the
stator d-axis and rotor. Self-inductances can be further decomposed into leakage
and main inductances:

Ld = Lσ + Lhd = Lσ +Mdr

Lq = Lσ + Lhq
(6.12)

The main inductances represent the primary magnetic coupling between wind-
ings, while the stray inductances account for leakage paths. Based on the
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Figure 6.2: Equivalent circuit diagram of the EESM [97]

preceding analytical equations, an equivalent circuit is represented for the d- and
q-axes, as illustrated in Fig. 6.2.
Finally, the electromagnetic torque is expressed as:

T =
3

2
zp · (Mdr · ir · iq + (Ld − Lq) · id · iq) (6.13)

6.1.2 EESM torque control
Fig. 6.3 illustrates the EESM torque control architecture using a block diagram,
which highlights the control structure and signal flow. The reference currents
id,ref, iq,ref and ir,ref stored in a LUT within the control unit, define the desired
operating point. These reference currents are used as inputs to Proportional-
Integral (PI) controllers, which compute the corresponding voltage references
ud,ref and uq,ref. Using the measured rotor position βL, the inverse Park and
Clarke transformations are applied to convert the voltages references ud,ref, uq,ref
from the rotating dq coordinate system to phase voltages ua, ub and uc in the abc
coordinate system. The rotor voltage reference ur,ref is separately computed via
a PI controller based on ir,ref. These stator and rotor voltages are then applied
through the power electronics by controlling the IGBT switching signals. In the
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Figure 6.3: Torque control of the EESM [46]

Power stage, the actual phase currents ia,act, ib,act, ic,act and rotor field current
ir,act are measured using current sensors. The stator currents are subsequently
transformed using Park and Clarke transformations to obtain the actual dq cur-
rents id,act and iq,act. These measured currents are compared with the respective
reference currents, and the current errors id,error, iq,error and ir,error are fed back
to the PI controllers to regulate the system. The field-oriented control strategy
simplifies the control of the EESM, making it functionally similar to the control
of a DC motor [98].

6.2 Thermal management for EESM to avoid
overheating

The method of determining the optimal current references for FOC varies
depending on the type of motor. For PMSM, only stator current components
id and iq are required. Due to their relatively low computational complexity,
these optimal currents can be computed online using analytical motor models.
In [99], the stator currents were optimized online in real-time based on the Max-
imum Torque Per Ampere (MTPA) and Maximum Torque Per Voltage (MTPV)
principles. Similarly, in [100], an online MTPA strategy with reduced torque
ripple was implemented. In contrast, EESM requires the optimization of three
current components: id, iq and ir. This increased number of degrees of freedom
enables improved performance, but also results in significantly higher computa-
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tional requirements. Consequently, real-time optimization becomes impractical
for EESMs. As a result, current reference sets are computed offline and stored in
LUT for real-time use. In [46, 101], the optimization target was to minimize total
losses, which serves as the theory basis for the method proposed in this work.
While previous studies performed loss minimization globally at each operating
point, they did not consider the real-time thermal state of the motor. Under
thermally critical temperatures, minimizing overall losses may not be sufficient
to reduce peak hotspot temperatures. Because due to high thermal resistance
between the internal motor components (e.g. across the air gap), significant
temperature gradients can exist. For a ”cold” motor, global loss minimization
provides optimal efficiency. However, when the motor operates under thermal
stress, a thermal balancing strategy can be more beneficial. For instance, if the
stator exhibits higher temperatures, the same torque can be produced by increas-
ing rotor excitation current ir and reducing stator currents id and iq. Conversely,
if the rotor is thermally stressed, the stator currents can be increased while reduc-
ing rotor excitation. Although this approach may not yield the best efficiency, it
effectively reduce hotspot temperatures under thermal critical conditions. As
a result, torque derating can be delayed during sustained overloads or entirely
avoided in short-term thermal events.

6.2.1 Generation of currents LUTs with different
weighting

The determination of the optimal current set (id, iq ir) at each operating point
constitutes a constrained optimization problem, aimed at maximizing efficiency
by minimizing total losses [101]:

fobj : min
id,iq,ir

Ploss = min
id,iq,ir

Pstator + Protor (6.14)

where Pstator and Protor denote the losses in the stator and rotor windings, respec-
tively. The objective function fobj minimizes these losses to achieve optimal
efficiency, subject to the following constraints:

• Torque constraint

feq :
3

2
zp · (Mdr · ir · iq + (Ld − Lq) · id · iq)− T set = 0 (6.15)
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• Current limits

fcons1 : id
2 + iq

2 ≤ is,max
2 (6.16)

fcons2 : ir ≤ ir,max (6.17)

• Voltage limit

fcons3 : ud
2 + uq

2 ≤ us,max
2 (6.18)

In (6.15), zp is the number of pole pairs, Ld and Lq are the d- and q- axis
inductances, and Mdr is the mutual inductance between stator and rotor. These
constraints ensure that the required torque is delivered without exceeding current
or voltage limits.
In (6.14), the stator losses Pstator and Protor has the same weighting during the
optimization, so that the best efficiency can be ensured. To further explore trade-
offs between stator and rotor losses, weighting factors w are introduced in the
objective functions:

LUT1 with fobj,1 : min
id,iq,ir

Ploss,1 = min
id,iq,ir

1 · Pstator,1 + 1 · Protor,1 (6.19)

LUT2 with fobj,2 : min
id,iq,ir

Ploss,2 = min
id,iq,ir

1 · Pstator,2 + w · Protor,2 (6.20)

LUT3 with fobj,3 : min
id,iq,ir

Ploss,3 = min
id,iq,ir

w · Pstator,3 + 1 · Protor,3 (6.21)

0 ≤ w < 1 (6.22)

Based on the value of the weighting factor w, three types of LUTs are generated.
LUT1 corresponds to w = 1, resulting in equal weighting of stator and rotor
losses and thus global efficiency optimization. By adjusting weighting factor
w, LUT2 assigns greater importance to minimizing stator losses, while LUT3
prioritizes rotor loss minimization.
Utilizing the equations from (6.14) to (6.22), various optimization problems were
solved to generate different current LUTs. It is important to note that the motor
inductances in (6.15) vary with operating points due to magnetic saturation. To
address this nonlinearity, FEA simulations were used with Ansys Maxwell.
Fig. 6.4 illustrates the workflow for LUT generation. The optimization process
combines FEA and analytical computation. Ansys Maxwell is used to simulate
motor performance (torque, inductance, and losses) under various current com-
binations. MATLAB performs the constrained optimization based on simulation
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Figure 6.4: LUT generation automation with different weighting factors w

results, automatically generating LUTs for different w values. The resulting cur-
rent sets ensure minimum total loss (LUT1), reduced stator losses (LUT2), or
reduced rotor losses (LUT3).
Fig. 6.5 visualizes the corresponding loss maps with extreme case w = 0.
Fig. 6.5 (a) - (b) show the stator and rotor losses for fobj,1; Fig. 6.5 (c) - (d) for
fobj,2; and Fig. 6.5 (e) - (f) for fobj,3. As expected, stator losses in LUT3 are high-
est (Fig. 6.5 (e)), since they ate not considered in the optimization with w = 0.
Rotor losses peak in LUT2 (Fig. 6.5 (d)), where they are similarly unweight-
ed with w = 0. Comparing to LUT1, LUT3 yields visibly lower rotor losses
(less red area in Fig. 6.5 (f)), while LUT2 yields slightly lower stator losses
(Fig. 6.5 (c)), with contours shifting towards higher torque.

6.2.2 Control strategy with integrated thermal network
Different LUTs are employed to accommodate various thermal states of the
motor:

• LUT 1 is used when the motor operates at low temperatures to maximize effi-
ciency.

• LUT 2 is activated when critical stator temperatures are detected to reduce
stator heating.

• LUT 3 is applied when rotor temperatures reach critical levels, aiming to lower
rotor thermal stress.

These control principles are illustrated in the control flow diagram shown in
Fig. 6.6. At each time step, the node temperatures of the EESM are estimated
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(a) Stator losses with LUT 1 with w = 0
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(b) Rotor losses with LUT 1 with w = 0
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(c) Stator losses with LUT 2 with w = 0
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(d) Rotor losses with LUT 2 with w = 0
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Figure 6.5: Qualitative compare between the stator and rotor losses for extreme case of
weighting factor w = 0 in equation (6.22) [E3]
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Figure 6.6: Novel control strategy with integrated thermal network [E3]

using the integrated thermal network based on measured currents. Depending
on the estimated temperatures, a two-stage relay-based evaluation mechanism is
applied to determine the appropriate thermal state and select the corresponding
LUT.
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• Relay 1 assesses whether the EESM is operating under elevated temperatures.
If all node temperatures are below a defined threshold ϑ1, LUT 1 is selected
to ensure optimal efficiency.

• Relay 2 is triggered when node temperatures exceed a higher threshold ϑ2.
It calculates the temperature difference ∆ϑ between the stator and rotor peak
temperatures. Based on this difference, the system determines the location of
the thermal hotspot:
– If the stator temperature is dominant, LUT 2 is selected.
– If the rotor temperature is dominant, LUT 3 is selected.

In Fig. 6.6, two signal paths with different update rates are distinguished. The
dashed line represents the fast control loop used for FOC control of the motor
torque. In contrast, the solid line represents the slower thermal control loop,
which reflects the relatively slower thermal dynamics of the electric machine. A
sampling period of 1 second is recommended for thermal management, and this
value is implemented in the subsequent system simulations.

6.3 Validation with system simulation
To validate the proposed control strategy, system simulations are carried out
using two test cycles: the US06 Supplemental FederalT Test Procedure (SFTP-
US06) and the Renault Test Standard 1995 (RTS-95). Both cycles are character-
ized by aggressive driving behavior, including high speed and high acceleration.
To allow the motor to reach a thermally critical state more quickly, the initial
and boundary motor temperatures are set to 90 ◦C. A simulation time step of
1 second is used to observer the thermal dynamics of the electric machine. As
illustrated in the block diagram in Fig. 6.7, the drive cycle block provides the
reference vehicle speed vref, which is compared with the actual vehicle speed
vveh. The resulting speed difference, vdiff, serves as input to the driver model
block, where the driver behavior is modeled. Based on vdiff, the corresponding
torque command Tref is generated and passed to the control strategy block. The
control strategy block is the core of the entire system simulation. It implements
the thermal management control logic described in Fig. 6.6. Given the torque
demand Tref, the block selects the corresponding current values id, iq and ir from
the precomputed LUTs. These currents are then passed to the electric motor
block, where the electric dynamics of the motor are simulated. The block out-
puts the mechanical torque Tmot, which is fed into the vehicle model block to
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Figure 6.7: System simulation block diagram [E3]

determine the vehicle speed. Simultaneously, the currents are forwarded to the
thermal network block, where the motor temperatures are estimated. This ther-
mal feedback is essential for adjusting the control strategy under varying thermal
conditions. Finally, the calculated vehicle speed is compared again with vref to
complete the control loop. The structure and function of each simulation block
shown in Fig. 6.7 are described in detail below.

Drive cycle block

In the drive cycle block, the SFTP-US06 drive cycle is employed in the system
simulation. This cycle characterizes dynamic drive behaviour with highspeed
and high-acceleration, which can result in critical thermal conditions for the
electric machine [102]. As illustrated in Fig. 6.8, the simulation includes 10
consecutive repetitions of the SFTP-US06 drive cycle to achieve the thermal crit-
ical state. Since each cycle spans 600 seconds, the total system simulation time
amounts to 6000 seconds. In Fig. 6.8, the blue curve shows the reference speed
vref defined by the SFTP-US06 drive cycle, while the red curve represents the
simulated vehicle speed vveh. Due to the designed dynamics of the driver mod-
el, a strong correlation between vveh and vref in Fig. 6.8 is observed, indicating
that the driver model effectively tracks the target speed profile under dynamic
conditions.
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Figure 6.8: Repetitive SFTP-US06 drive cycle [E3]

Driver model block

In the driver model block, the driving behavior is modeled as a First-order Lag
(PT1) system. The input to this block is the speed error vdiff, representing the
difference between the reference speed and the actual vehicle speed. By tuning
the proportional (P ) and integral (I) parameters, different driving styles—such
as aggressive or conservative—can be emulated. The output of the driver model
block is the requested torque Tref, as illustrated in Fig. 6.9.

Control strategy block

In the system simulation, the proposed control strategy is implemented as shown
in Fig. 6.6. The following parameters are defined in the control strategy block
[E3]:

ϑ1 = 120°C (6.23)
ϑ2 = 125°C (6.24)
∆ϑ = 5K (6.25)
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Figure 6.9: Motor torque profile with repetitive SFTP-US06 drive cycles [E3]

where ϑ1 and ϑ2 represent the lower and upper temperatures in relay 1, while
∆ϑ denotes the temperature difference criterion employed in relay 2.

Electric motor block

In the electric motor block, the electromagnetic behavior of the EESM is consid-
ered. Due to the significantly slower thermal dynamics compared to the electrical
dynamics, the EESM is assumed to operate in electrical steady-state at each ther-
mal time step (1 second). As a result, the motor’s transient electrical dynamics
are neglected in the system simulation to simplify computation.

Thermal network block

In the thermal network block, the node temperatures of the electrical machine
are computed. The mathematical representation of the thermal network is given
by [13]:

Ci ·
dϑi

dt
=

1

Rji
(ϑj − ϑi) + Pi i,j = 1,2,..., 7 (6.26)

where Ci denotes the thermal capacity of the node i. ϑi is the node temperature,
and Pi represents the power loss at node i. Rji indicate the thermal resistance
between two neighbouring nodes j and i.
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Vehicle model block

In the vehicle model block, the vehicle dynamics are computed using a simplified
vehicle model as follows:

mveh ·
dvveh

dt
= Fa − Fd − Fr − Fg (6.27)

where mveh is the vehicle mass, vveh is the vehicle speed, Fa is the driving force,
Fd is the air drag force, Fr is the rolling resistance, and Fg is the gravitational
force. The driving force is calculated as:

Fa =
Tmot · j
rw

(6.28)

where Tmot is the motor torque, j is the gear ratio, rw is the dynamic wheel radius.
The aerodynamic drag force is given by:

Fd =
1

2
· ρa · Cd ·Ac · vveh

2 (6.29)

where ρa is the air density, Cd is the air drag coefficient, and Ac is the frontal
cross-section area of the vehicle. The rolling resistance force is calculated as:

Fr = Cr · g ·mveh · cos(γ) (6.30)

where Cr is the rolling resistance coefficient, g is the gravitational acceleration,
and γ is the road slope angle. The gravitational force is:

Fg = g ·mveh · sin(γ) (6.31)

since the simulation assumes a flat road surface, the gravitational force Fg is
considered to be zero. The vehicle parameters used in the system simulation are
summarized in Tab. 6.1.

6.3.1 Validation results with SFTP-US06 drive cycle
System simulations were carried out by varying the weighting factor w from 0
to 1 in increments of 0.1 in the control strategy block. This factor w, used in the
LUT generation in (6.22), determines the relative weighting of stator and rotor
losses in the optimization process. It effectively reflects the control intensity
of the proposed thermal management strategy, aiming to minimize the internal

103



Chapter 6 Model-based thermal management for EESM

Table 6.1: Vehicle parameters in the system simulation [E3]

Parameter Symbol Value
Vehicle Mass mveh 1700kg

Vehicle cross-section area Ac 2.3m2

Air drag coefficient Cd 0.23
Rolling resistance coefficient Cr 0.01

Dynamic wheel radius rw 0.32m
Gear ratio between motor and wheels j 9.5

Road slope angle γ 0

Table 6.2: Maximum stator/rotor temperatures in °C and average losses in W with repet-
itive SFTP-US06 drive cycles

w ϑsta,max ϑrot,max Ploss,avg
1 123.5 152.6 1164.7

0.9 123.7 151.6 1164.7
0.8 124.3 149.5 1164.7
0.7 124.6 148.4 1164.7
0.6 125.2 146.8 1166.4
0.5 126.2 144.7 1171.9
0.4 127.3 142.8 1178.9
0.3 129.5 138.9 1195.1
0.2 132.8 135.7 1223.2
0.1 139.6 142.8 1304.8
0 171.1 169.5 1648.2
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Figure 6.10: Comparison between the stator/rotor maximal temperatures and average
losses at different w factors by repetitive SFTP-US06 drive cycles [E3]
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temperature differences within the motor. A higher w (approaching 1) indicates
weaker thermal management control, resulting in slower temperature balancing
between components. Conversely, a lower w (approaching 0) indicates stronger
control intensity and more rapid balancing of internal temperatures.
The simulation results for different values of w are summarized qualitative in
Fig. 6.10 and quantitatively in Tab. 6.2. In Fig. 6.10, the x-axis represents the
applied weighting factor w. Fig. 6.10 (a) - (b) represent the maximum stator
and rotor node temperatures, respectively, while Fig. 6.10 (c) presents the corre-
sponding average power loss Ploss,avg.
As shown in Fig. 6.10 (c), as w decreases from 1 to 0, the average loss Ploss,avg
initially remains constant at 1164.7W, then increases gradually to 1223.2W, and
finally rises rapidly to 1648.2W. This trend indicates that the average power loss
Ploss,avg does not scale linearly with w, but instead increases at an accelerating
rate as the control intensity becomes stronger.
Given that the rotor typically exhibits a higher maximum temperature than the
stator with the housing water jacket cooling concept, the thermal management
strategy primarily targets rotor temperature reduction while maintaining constant
torque. This requires increased stator current, which consequently raises stator
temperatures.
As illustrated in Fig. 6.10 (b), for w values ranging between 1 and 0.2: the
rotor maximum temperature decreases significantly from 152.6 ◦C to 135.7 ◦C,
while the stator maximum temperature increases moderately from 123.5 ◦C to
132.8 ◦C. This trade-off results in an overall reduction of the motor’s peak
temperature. However, when w falls below 0.2, both stator and rotor max tem-
peratures rise significantly. This is due to overcompensation in the optimization
process: the excessive focus on minimizing losses in one component leads to
increased losses in the other, which, coupled with thermal coupling via the ther-
mal resistance, results in overall higher losses.
These results demonstrate that the proposed strategy is effective in reducing hot
spot temperatures and mitigating performance derating. An optimal control per-
formance is observed atw = 0.2, where the average power loss is still acceptable,
rotor maximum temperature reaches its minimum of 135.7 ◦C, and the stator
temperature increases only slightly.
To further examine the control strategy, three representative cases were analyzed:
w = 0, 0.2, 1:

• w = 0: in this case, LUT1 is not influenced, ensuring the maximum efficiency.
In LUT2, only stator losses are considered during optimization, while LUT3
considers only rotor losses. This results in the highest average power losses.
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• w = 0.2: LUT1 remains the same, while LUT2 prioritizes stator losses (weight
= 1) and LUT3 prioritizes rotor losses. As Fig. 6.10 shows, this configura-
tion effectively reduces hot spot temperatures with only a moderate increase
in motor losses.

• w = 1: LUT1, LUT2 and LUT3 are identical, optimized solely for maximum
global efficiency. While global motor losses are minimized, this leads to large
temperature difference between stator and rotor, resulting in high overall hot
spot temperatures.

In Fig. 6.11, The thermal behavior of the control strategy during repeated SFTP-
US06 drive cycles is illustrated. Fig. 6.11 (a) - (b) show the case with w = 0,
where high losses cause frequent switching within the control unit between LUT2
and LUT3. Despite a reduction in temperature difference between stator and
rotor, the overall motor temperature rises. Fig. 6.11 (c) - (d) show the balanced
scenario at w = 0.2. The control algorithm successfully balances the stator and
rotor maximum temperatures, reducing the hot spot temperature. Fig. 6.11 (e) -
(f) display results for w = 1. In this case, the motor operates solely with LUT 1
to ensure the maximum efficiency. However, the temperature difference between
stator and rotor remains large, keeping the global hot spot temperature increased.
Fig. 6.12 presents the power loss maps for LUT1, LUT2 and LUT3 generated
with w = 0.2. Comparing the stator losses map in the first column, Fig. 6.5 (c)
shows the least red area and the most blue area, indication the lowest stator power
losses. This results from the higher weighting applied to stator loss during LUT2
optimization. Similarly, Fig. 6.5 (f) in the second column shows minimized rotor
losses due to higher weighting applied to rotor loss in LUT3. Thus, it can be
observed that the weighting factor w influence the control intensity by defining
the loss prioritization during LUT optimization.
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Figure 6.11: Mode switch and maximal stator and rotor temperatures profiles with w = 0,
0.2 and 1 by repetitive SFTP-US06 drive cycles [E3]
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(c) Stator losses with LUT 2 with w =
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Figure 6.12: Qualitative compare between the stator and rotor losses for weighting factor
w = 0.2 in equation (6.22) [E3]
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Figure 6.13: Repetitive RTS-95 drive cycle [E3]

6.3.2 Validation results with RTS-95 drive cycle
To further validate the effectiveness of the control strategy with w = 0.2, a
second test cycle, RTS-95, was employed. RTS-95 represent also aggressive
driving behavior and includes urban, rural and motorway segments [103]. The
speed profile of this cycle is shown in Fig. 6.13. The cycle was developed using
a subset of the Worldwide Harmonized Light Vehicles Test Procedure (WLTP)
database, emphasizing high-speed and high-load engine operating points [103].
Fig. 6.14 compares the maximum stator and rotor temperatures as well as the
mode switching behavior for three control intensities w = 0, w = 0.2, and
w = 1:

• first row (Fig. 6.14 (a) and Fig. 6.14 (b)): at w = 0, frequent switching
between LUT2 and LUT3 minimizes the temperature difference between the
stator and rotor. However, this results in excessive total power loss, leading to
increased temperatures in both components.

• second row (Fig. 6.14 (c) and Fig. 6.14 (d)): at w = 0.2, mode switching
between LUT1 and LUT3 effectively reduces the rotor’s maximum temper-
ature, while the stator temperature increases slightly. As a result, the overall
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motor hotspot temperature is significantly reduced. These findings are consis-
tent with the results obtained from the SFTP-US06 test cycle.

• third row (Fig. 6.14 (e) and Fig. 6.14 (f)): at w = 1, when no thermal manage-
ment is applied (i.e., only LUT1 is used), a significant temperature imbalance
is observed between stator and rotor, due to the lack of control in terms of
thermal balancing.

These results are consistent with the simulation results under the SFTP-US06
drive cycle.
In summary, simulations under both aggressive drive cycles (SFTP-US06 and
RTS95) demonstrate that the proposed thermal management strategy effective-
ly reduce the motor’s hotspot temperature. The study of the control intensity
parameter w reveals the dual nature of the strategy: a high control intensity (w
= 0) can rapidly balance the temperature difference between the stator and rotor,
but leads to excessive overall losses; conversely, a low control intensity (w → 1)
reduces losses but fails to eliminate internal temperature imbalances, especial-
ly under critical thermal conditions, resulting in an inability to suppress hotspot
temperatures. Through the investigation of different values of control intensity
w, it was found that w = 0.2 offers an effective trade-off between average loss
and hotspot temperature under aggressive driving conditions.
It is worth noting that although the proposed strategy has been validated through
system simulations to be effective in reducing hotspot temperatures under aggres-
sive drive cycles, the selection of the control intensity w in this study is based on
representative thermal cycles and remains constant throughout operation. This
makes the strategy both effective and easy to implement.
As outlook, a more general and adaptive control strategy, where w is dynami-
cally adjusted in real time based on the thermal state of the motor to select the
appropriate LUT holds promise for further optimizing the thermal performance
of electrical machines.
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Figure 6.14: Mode switch and maximal stator/rotor temperatures profiles with w = 0, 0.2
and 1 by repetitive RTS-95 drive cycles
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Chapter 7

Summary and outlook

7.1 Summary
Electric vehicles have revolutionized the automotive industry, driving significant
advancements in electric motors, electronic controls and battery technologies.
Opportunities are accompanied by challenges. In the field of electric vehicles,
numerous technical hurdles remain. For instance, in battery technology, there is
a growing demand for higher energy density to extend driving range and enable
faster charging. In the field of power electronics, significant research has focused
on Gallium Nitride (GaN) inverters for high-frequency and high-efficiency wire-
less power transfer, as well as on the exploration of Multilevel Converter (MLC)
topologies for inverter applications. In electric motor development, the focus lies
on achieving smaller and lighter designs with higher rotational speeds, greater
torque, and increased power density. Effective thermal management is crucial for
high-power density motors, including both the cooling concept and the thermal
control strategy of the motor. This thesis focuses on online temperature monitor-
ing and thermal management of an 6-pole EESM equipped with a water jacket
cooling system. The research is structured into three levels: development of a
low-order thermal network at the component level; investigation of system-level
thermal behavior and state observation; thermal management strategy design at
the application level.
At the component level, a topology of the thermal network topology for the
EESM is proposed. Based on this topology, components in this thermal network
are analytically calculated, including the power loss, thermal capacities and ther-
mal resistances. A hybrid parameter identification method combining static and
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dynamic identification is developed. Using experimental data from a test bench,
thermal resistances are identified under steady-state conditions, while thermal
capacities are identified from the transient conditions. This approach effectively
reduces parameter coupling during the identification process and thus enhances
identification accuracy. After parameter identification, the accuracy of the model
is verified by cross-validation.
At the system level, the thermal network’s dynamic is analyzed with a focus
on error sources including process noise, measurement noise and initial devia-
tion. The continuous-time thermal model is discretized for implementation as a
state observer, with attention to preserving model accuracy and system stability.
Based on the discretized system, two concepts of Karman filter were introduced.
In concept A, temperature feedback from the stator end winding is used — a
method previously applied to PMSM [11, 104], and here extended to EESM.
concept B, proposed for the first time, fuses stator temperature and rotor voltage
and current signals. Experimental validation reveals that concept A is inade-
quate for estimating rotor temperatures due to weak thermal coupling across the
air gap. In contrast, concept B achieves accurate rotor temperature estimation
through sensor fusion, demonstrating superior observability.
At the application level, thermal management strategy based on the thermal net-
work is proposed. As state of the art, torque derating is employed to protect the
motor under critical thermal conditions [46]. This study introduces a new control
approach that initially avoids torque derating. Before torque derating, this strate-
gy actively balances internal temperature gradients to reduce peak temperatures,
at the cost of sightly increased overall energy losses. Simulation results under
two aggressive driving cycles, SFTP-US06 and RTS-95, validate the effective-
ness of the approach. By varying the optimization weighting factorw, the impact
of control intensity on motor performance is systematically evaluated. Notably,
this approach can delay or even prevent overheating during short-term overloads,
it cannot eliminate the need for torque derating under sustained overload.

7.2 Outlook
The thermal network model and Kalman filter proposed in this study aim to
enable temperature monitoring and facilitate effective thermal management of
the EESM. The current thermal management strategy is based on a constant con-
trol gain w, which regulates the thermal state of the motor. This approach offers
the advantages of simplicity and low computational overhead.

114



Chapter 7 Summary and outlook

Future work will focus on enhancing the control strategy by dynamically esti-
mating the motor’s thermal state in real time and selecting an optimal thermal
management gain w accordingly. This Predictive approach, which estimates
future thermal behavior and adjusts control effort correspondingly, could be
implemented using an MPC. However, since the computational complexity of
MPC is challenging, the real-time performance of the overall thermal manage-
ment system remains an important direction for future research.
With respect to validation, the results presented in this study are based on exper-
imental data from test bench using an reference EESM. A logical next step is to
integrate the thermal network model, Kalman filter algorithm, and adaptive ther-
mal management strategy into the embedded controller of a real EV under real
driving conditions. Such integration would enable real-time implementation and
allow more accurate evaluation of thermal performance under real driving con-
ditions. Furthermore, it would facilitate deeper investigation into the effects of
process noise, measurement noise, and initial deviation on the system’s thermal
estimation accuracy in real-world scenarios.
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Figure A.1: Comparison of the model temperature estimation with and without Kalman
filter concept A with assumed initial deviation εk = 20K. Measurement in
solid blue line and Model estimation in solid red line.
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