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Abstract 

Aiming at the integrated demands of electric equipment and oriented towards enhancing 

the high performance and high efficiency of electric drive systems, this study seeks to 

accomplish an overall design optimization strategy for electric motors and their drive 

systems. Furthermore, it will deeply investigate key issues such as precise modelling of 

iron losses, system-level minimum loss controls, and holistic optimization methods. 

Permanent magnet synchronous motor (PMSM) drive systems have experienced 

increased applications in many aspects such as centrifugal compressors, machine tools, 

flywheels, distributed power generation systems, as well as road, rail, marine and 

aerospace transportation. Considering the multidisciplinary coupling and varying 

operational conditions faced by the PMSM and its drive system in electric vehicles (EVs), 

the main research focuses include:  

(1) Considering the effects of multiphysics factors on iron loss prediction accuracy for 

PMSMs, this thesis aims to propose an advanced analytical iron loss prediction model for 

interior PMSMs (IPMSMs), in which both the spatial harmonic from slotting and the 

carrier harmonics from the pulse width modulation (PWM) inverter, as well as the thermal 

and mechanical factors are all considered; (2) A system-level total loss model considering 

various loads and speeds is proposed, and based on this model, a minimum loss control 

strategy is derived; (3) Combining this loss controller, a multi-objective optimization 

system-level model is proposed to primarily enhance the efficiency and static/dynamic 

performance of the entire drive system; (4) Due to the time-consuming nature of directly 

applying multi-objective algorithms for the solution, a novel multi-level optimization 

algorithm combined with surrogate models is applied to decouple nonlinear and high-

dimensional issues; and (5) Using simulation models and the prototype test platform, the 

proposed approaches and methodologies are all validated. 

The study can provide new theories and methods for the design and optimization of both 

electric motors and their drive systems, driving the development and innovation of related 

technologies, promoting industrial upgrading, and advancing technological progress. 

 



 

xii 

Contents 

Certificate of Original Authorship ............................................................................. i 

Acknowledgement ....................................................................................................... ii 

List of Publications ..................................................................................................... iii 

List of Acronyms ......................................................................................................... v 

List of Tables ............................................................................................................. vii 

List of Figures ........................................................................................................... viii 

Abstract ....................................................................................................................... xi 

Contents ..................................................................................................................... xii 

Chapter 1...................................................................................................................... 1 

Introduction ................................................................................................................. 1 

1.1 Background and Significance ............................................................................. 1 

1.2 Objectives ............................................................................................................ 3 

1.3 Organization of Thesis ........................................................................................ 4 

Chapter 2...................................................................................................................... 6 

Literature Survey on the Design Optimization of PMSMs and Drive Systems .... 6 

2.1 Introduction ......................................................................................................... 6 

2.2 Design Analysis .................................................................................................. 7 

2.2.1 Topology and Material ..................................................................................... 7 

2.2.2 Power Losses .................................................................................................. 12 

2.2.3 Electromagnetic Design ................................................................................. 15 

2.2.4 Thermal Design .............................................................................................. 16 

2.2.5 Mechanical Characteristics ............................................................................ 18 



 

xiii 

2.2.6 Control Methods Design ................................................................................ 20 

2.3 Performance Optimization ................................................................................ 23 

2.3.1 Optimization Models ...................................................................................... 23 

2.3.2 System Level Optimization ............................................................................ 27 

2.3.3 Single-level Optimization Method ................................................................. 29 

2.3.4 Multi-level Optimization Method .................................................................. 29 

2.3.5 Space Reduction Sequential Optimization Method ....................................... 35 

2.4 Multi-disciplinary Design Optimization Method .............................................. 36 

2.5 Conclusion and Comments ............................................................................... 37 

2.5.1 Conclusion ..................................................................................................... 37 

2.5.2 Comments ...................................................................................................... 38 

Chapter 3.................................................................................................................... 39 

Advanced Iron Loss Prediction Models Considering Multiphysics Factors ....... 39 

3.1 Introduction ....................................................................................................... 39 

3.2 Problem Formulation and Models ..................................................................... 41 

3.2.1 Iron Loss Considering Slot Harmonics .......................................................... 42 

3.2.2 Iron Loss Considering PWM Carrier Harmonics .......................................... 46 

3.3 Iron Loss Considering Multiphysics Factors .................................................... 50 

3.3.1 Iron Loss with Thermal Effect ....................................................................... 50 

3.3.2 Iron Loss with Stress Effect ........................................................................... 51 

3.3.3 Measurement of Rotational Magnetic Properties ........................................... 51 

3.3.4 Correlation Analysis ...................................................................................... 59 

3.4 Simulation Validations ...................................................................................... 60 

3.4.1 Effects of Harmonics ..................................................................................... 61 

3.4.2 Effects of Multiphysics Factors ..................................................................... 63 

3.5 Experiment Comparison ................................................................................... 65 



 

xiv 

3.5.1 No-load Condition .......................................................................................... 66 

3.5.2 Load Condition .............................................................................................. 68 

3.5.3 Various Conditions ........................................................................................ 71 

3.6 Conclusion ........................................................................................................ 71 

Chapter 4.................................................................................................................... 73 

Improved ECM-Based Loss Minimization Control Method ................................ 73 

4.1 Introduction ....................................................................................................... 73 

4.2 System-Level Loss Model ................................................................................ 76 

4.3 Loss Minimization Control ............................................................................... 81 

4.4 Experiment Validation ...................................................................................... 84 

4.4.1 Loss Analysis ................................................................................................. 85 

4.4.2 Proposed ECM Model .................................................................................... 87 

4.4.3 Improved Loss Minimization Control ............................................................ 89 

4.5 Conclusion ........................................................................................................ 90 

Chapter 5.................................................................................................................... 91 

System-Level Design Optimization for An IPMSM Drive System of Electric 

Vehicles ....................................................................................................................... 91 

5.1 Introduction ....................................................................................................... 91 

5.2 Efficient Design Optimization .......................................................................... 92 

5.3 Multi-Objective Optimization with Multi-Level Strategy ................................ 94 

5.3.1 System-level Multi-objective Optimization Method ..................................... 94 

5.3.2 Multi-level Optimization Strategy ................................................................. 95 

5.3.3 Optimization Techniques ............................................................................... 97 

5.4 Experiment Validation ...................................................................................... 98 

5.5 Conclusion ...................................................................................................... 108 

Chapter 6.................................................................................................................. 109 



 

xv 

Conclusions and Recommendations for Future Works ....................................... 109 

6.1 Conclusions ..................................................................................................... 109 

6.2 Recommendations for Future Works .............................................................. 110 

References ................................................................................................................ 113 

 



 

1 

Chapter 1 

Introduction 

1.1 Background and Significance 

Reducing the dependence on fossil fuels and improving energy utilisation efficiency are 

the two core measures to implement a clean, low carbon, high reliability and efficient 

energy power system [1]-[2]. Targeting these two requirements, industrial and transport 

electrification is receiving widespread attention. Meanwhile, electric drive systems have 

experienced increased applications in many aspects such as centrifugal compressors, 

machine tools, flywheels, distributed power generation systems, as well as road, rail, 

marine and aerospace transportation [3]-[5]. Compared with conventional fossil-fuel-

based drive systems, electric drive systems possess irreplaceable advantages. Specifically, 

although the efficiency of electricity generation is quite low, electrical machines, as the 

core energy production part in electric drive systems, have high energy conversion 

efficiency, e.g., more than 90% [5]-[7]. Meanwhile, the power source is electricity, which 

may promote the development of integration of renewable energy into the power grid, 

and therefore it is also beneficial to emission reduction [8]. The additional transmission 

systems can be avoided on some occasions, by which the corresponding noises and costs 

can be reduced and the control system response speed can also be improved. Moreover, 

electric drive systems may have more robust stability to the external environment and are 

more convenient to be applied in equipment for space and ocean investigations [3], [5], 

[9]. More importantly, nearly half of annual electricity is used in applications powered by 

electric drive systems. If designers can improve the drive system’s efficiency by even a 

few percent, the environmental protection and energy savings will be considerable. 

Therefore, it is of great significance to solve some problems existing in the electric drive 

system in line with future development needs. 

Generally, an electric drive system mainly comprises a power source, a frequency 

converter/inverter with control devices and an electric motor, as shown in Figure 1-1. 

Among them, the motor, as the main energy-consuming component, is directly related to 

the drive system’s efficiency, reliability, and safe operation. Recently, the topology of the 
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permanent magnet synchronous motor (PMSM) has been considered suitable for electric 

drive systems under complex operating conditions, thanks to its advantages in the aspects 

of weight and space-saving, efficiency improvement, speed range expansion as well as 

control performance promotion [3]-[4], [10]. PMSM drive systems, regarded as crucial 

components in many modern appliances and industrial equipment and systems, play a 

vital role in global energy conservation, environmental protection, and sustainable 

development. Traditional optimization focuses on the component level, such as 

optimizing motor design or control algorithm parameters. However, in the context of 

integrated renewable energy devices, modern appliances or systems require that drive 

systems be specifically designed and optimized to provide comprehensive support for 

their system-level optimal functionality through multiple performance metrics. 

  

Figure 1-1 Example of a component-level motor drive system. 

Although the importance of system-level design optimization for electric drive systems 

is well recognized, there is a scarcity of research on this topic in the literatures [11]-[12]. 

Traditional design and optimization methods are mostly conducted at the component level 

for different types of motors. Through extensive research and practice, it has been realized 

that in designing electric drive systems, the goal should be to achieve optimal system 

performance rather than optimal performance of individual components such as the motor. 

This is because assembling separately optimized components into a system does not 

necessarily ensure the best system performance. Optimal system performance can only 

be achieved through a holistic approach that simultaneously optimizes all components at 

the system level. On the other hand, the design optimization of a PMSM drive system is 

a highly coupled multidisciplinary process, as it involves various fields such as 
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electromagnetics, mechanics, thermal management, control, and materials science [10]. 

The interactions and interdependencies among these fields necessitate a comprehensive 

consideration at the intersection of multiple disciplines for system optimization to achieve 

the best overall performance and efficiency.  

In summary, by incorporating multidisciplinary considerations into the system-level 

design optimization of PMSM drive systems, significant improvements in efficiency and 

performance can be achieved. Furthermore, this integrated optimization approach can 

yield substantial environmental, economic, and social benefits. It not only helps 

businesses reduce operational costs and enhance competitiveness but also contributes 

positively to global sustainable development efforts. 

1.2 Objectives 

To enhance the efficiency and driving performance of PMSM drive systems while 

reducing size, weight, and cost to meet the challenging demands of electric vehicles (EVs), 

recent efforts have focused extensively on designing and optimizing high-performance 

drive systems for next-generation vehicles [13]. This study primarily focuses on effective 

multidisciplinary design approaches and advanced system-level optimization methods for 

high-efficiency and high-performance PMSM drive systems. The multidisciplinary 

analysis includes materials, electromagnetics, thermal management, mechanics, and 

controllers. The outcomes of this study will benefit researchers and engineers involved in 

the design and optimization of electric motors and drive systems, helping them address 

challenging applications such as green energy systems and EVs. The main objectives are 

given as follows: 

(1) To review popular design optimization methods for motors and drive systems, 

including design analysis models and methods, such as electromagnetic design 

and controller models, as well as optimization models and algorithms, including 

single-objective models, multi-objective models, and intelligent algorithms. 

(2) To establish total power loss models directly related to efficiency. Considering 

the complex magnetic characteristics of the core material in PMSMs, a precise 

multidisciplinary model for iron losses should be developed by integrating 
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electromagnetics, materials science, thermodynamics, and computer simulation 

technologies. 

(3) To derive a system-level minimum loss control approach, integrating it with motor 

components to form a comprehensive motor drive system model that combines 

motor design with control parameters. 

(4) To develop a multi-objective optimization model for the entire system, and 

explore effective and efficient multi-objective optimization algorithms that 

maintain accuracy while saving time. This approach aims to obtain an optimal 

solution set that enhances the performance of the entire system. 

1.3 Organization of Thesis 

The following chapters are organized as follows: 

Chapter 2 provides an overview of the fundamentals of motor and drive system design. It 

explores design analysis models from various disciplines and also reviews different 

optimization algorithms. Subsequently, this chapter discusses the challenges and offers 

recommendations based on advancements in state-of-the-art technologies. 

Chapter 3 proposes an advanced analytical iron loss prediction model for interior PMSMs 

(IPMSMs) used in EVs, considering the effects of multiphysics factors, in which both the 

spatial harmonic from slotting and the carrier harmonics from pulse width modulation 

(PWM) inverter, as well as the thermal and mechanical factors are all evaluated. 

Compared with the existing various iron loss models, the calculation accuracy can be 

improved while the computation time can be reduced. 

Chapter 4 derives a system-level loss model and uses it to develop a minimum loss 

controller based on the relationship between d-q axis currents and electromagnetic torque. 

Experimental and comparative simulation results show the superior performance of this 

controller in terms of loss control. 

Chapter 5 introduces the basic steps of system-level optimization strategy, establishes a 

multi-objective optimization model encompassing both the motor side and the control 

side based on application requirements, and finally proposes an effective multi-level 
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optimization strategy. Significant improvements in system efficiency and static/dynamic 

performance are achieved with the optimized design approaches through case studies. 

Chapter 6 concludes the entire thesis work, highlights its significance, and paves the way 

for future research endeavors in the field of electric drive systems optimization and design. 
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Chapter 2  

Literature Survey on the Design 

Optimization of PMSMs and Drive Systems 

2.1 Introduction 

Compared to induction motors and switched reluctance motors, PMSMs have several 

advantages [14]-[15]: (a) High Efficiency: PMSMs achieve higher efficiency because 

their excitation comes from permanent magnets, eliminating excitation current losses. 

This is particularly noticeable under partial load conditions; (b) High Power Density: Due 

to the high magnetic energy product of permanent magnets, PMSMs can deliver higher 

power with relatively smaller size and weight; (c) High Power Factor: PMSMs typically 

exhibit a high power factor since there is no excitation current, and the current is primarily 

used to provide active power; (d) Good Dynamic Performance: PMSMs have fast 

dynamic response and a wide speed range, making them suitable for applications 

requiring rapid dynamic response; (e) High Control Precision: PMSMs maintain strict 

synchronization between their rotational speed and the power supply frequency, resulting 

in high precision in speed and position control. PMSMs and their drive systems are widely 

used in various fields of modern society, including industrial automation (such as 

computer numerical control machines and industrial robots), EVs (such as drive motors 

and electric power steering), household appliances (such as air conditioners and washing 

machines), renewable energy (such as wind and solar power generation), aerospace (such 

as electric aircraft and drones), medical equipment (such as magnetic resonance imaging-

machines and electric wheelchairs), and marine propulsion. 

By designing and optimizing dedicated PMSM drive systems tailored to different 

application scenarios and stakeholders’ requirements, these motors can be maximally 

leveraged to enhance overall performance. This approach meets the modern societal 

demands for efficient, precise, and reliable motor drive systems.  
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The design optimization of PMSMs and their drive systems is a multidisciplinary, multi-

objective, high-dimensional, highly nonlinear, and strongly coupled problem, posing 

challenges for both academia and industry. This thesis work encompasses two main parts: 

design analysis and performance optimization. 

2.2 Design Analysis 

This section provides a brief overview of the fundamentals of design, including analysis 

models and methods used for motors and drive systems, particularly focusing on PMSMs 

based on our design experience. Due to the multidisciplinary nature, these design models 

and methods will be explored at the disciplinary level, including materials, 

electromagnetics, thermal, mechanical, and control algorithm design. The design analysis 

is directly related to optimization objectives and constraints, typically encompassing 

electromagnetic performance such as efficiency, cogging torque, torque ripple, power 

factor, and voltage, as well as other general considerations regarding cost, mass, and 

volume, which ensures that the motor can operate stably under various operating 

conditions and meet the design requirements.  

2.2.1 Topology and Material 

The stator of PMSMs plays a significant role in cooling the whole machine. In addition, 

most of the losses including the core losses generated by the PMSM rotor are all directly 

related to the structure and material of the stator [16]-[17].  

It is worth mentioning that there is a type of PMSMs that operates at high or ultra high 

speeds. In consideration of the machine’s maximum speed and inverter capability, at 

present, the number of poles is usually fixed at 2 or 4 to realize high-speed operation [18]. 

The 2-pole motors have strong integrity of magnetic poles, which can effectively reduce 

the winding current frequency as well as the magnetic field alternating frequency. The 4-

pole machines have a small winding length which can effectively save space and cut down 

the copper loss. However, due to the increase in motor main frequency, iron loss 

increases. Meanwhile, a higher number of poles can also be selected when the motor 

works with high power and low speed [19]. Three schemes, namely, multi-slot, less-slot 

and non-slot types, can be employed for the structural design of the stator core. Among 
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these options, the non-slot-based motors have low eddy-current loss behavior, but have 

large air gap length. The related air gap flux density is reduced [20]. The less-slot-based

machines have better performance in terms of air gap flux density and permanent 

magnetic material utilisation. However, the increased tooth harmonics and eddy-current 

loss lead to the depreciation of this kind of structure. In this case, PMSMs applied in high

speed situations are mostly equipped with multi-slot-based stator cores to achieve 

balanced and satisfactory overall performance [21].

Novel stator core materials are continuously investigated to effectively improve the 

machine’s electromagnetic performance and reduce iron loss [22]. Non-oriented silicon 

steel sheets are usually used for PMSMs’ stators. Recently, amorphous alloy and soft 

magnetic composite (SMC) materials have been utilized in PMSMs successfully [23]. 

Compared to silicon steel sheets, stators based on amorphous alloys can achieve a much 

lower iron loss. However, the restrictions of batch manufacturing technology for 

amorphous alloy stamping with complex shapes result in such materials being used only 

for simple non-slot situations. SMC may be suitable for the PMSMs’ stator cores due to 

the advantages including magnetic isotropy, low eddy-current loss and cost. When the 

motor working frequency is higher than 2000 Hz, SMC can be better than electrical steels 

for reducing the core loss. However, once the working frequency is smaller than 1000 Hz, 

the SMC core loss value may not be as good as the electrical steel [24]. Figure 2-1 

illustrates the varying curves of iron loss of different types of PMSMs’ stator core 

materials with respect to the working frequency.
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Figure 2-1 Iron loss of different core materials with respect to frequency.
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Based on our group’s experience, here, we provided a detailed review of the application 

of SMC materials in PMSM motors. The most attractive advantage of the SMC material 

may be its environmental friendliness. Material waste in production is minimized, e.g., 

less than 3%, and the minimal scrapped material can be recycled back into components 

or raw material. Furthermore, used SMC motors can be easily crushed for separating and 

reusing high-value materials like copper, offering much better recyclability than 

lamination steel machines. In addition, this powder metallurgical process has a lower 

energy consumption than the punching and stacking processes of laminated cores. SMC 

materials have unique properties, such as insulation coating on each particle resulting in 

very low eddy current loss, relatively low total core loss at medium and higher 

frequencies, magnetic and thermal isotropy due to their powdered nature, and the prospect 

of low-cost mass production by using powder metallurgical techniques. Over the past 

three decades, the development of SMC materials and their applications in 

electromagnetic devices have been significant [25]-[35]. Various types of electric motors 

with SMC cores have been designed, analyzed, and prototyped, and some have been 

applied in practical drives, such as the permanent magnet motor designed by Jack et al. 

[26] in 1999 for driving an electric bicycle. Axial-field motors [27]-[29], claw pole motors 

[30]-[32], and transverse flux motors [33]-[35] are other examples of machines that have 

utilized SMC as the core material, as these machines typically have a three-dimensional 

magnetic field, making SMC an ideal candidate as a core material. In 2014, Maloberti et 

al. [36] presented the magnetic modelling of an axial field permanent magnet (PM) motor 

with an SMC core for EVs. In 2015, Kobler et al. in [37] developed an axial motor with 

SMC core and ferrite magnets, showing a promising design of low cost, high power 

density and no rare-earth PM. In 2021, Du et al. [38] presented a claw pole motor with 

SMC cores. The study on the SMC preparation process showed that the best magnetic 

and mechanical properties were achieved with a pressing pressure of 700 MPa and an 

annealing temperature of 500 ℃. In 2022, Chu et al. [39] analyzed a PM claw pole motor 

with SMC core considering the material characteristics over a wide temperature range. 

Also, in 2022, Li et al. [40] studied a flux reversal claw pole SMC motor for cogging 

torque minimization. 

Despite the unique benefits of SMC materials, there are also some drawbacks. For 

instance, the magnetic permeability of SMC is quite low, and its mechanical strength is 

not as high as that of conventional silicon steel. While molding techniques have been 
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expected to make the fabrication of SMC cores easier, there are still challenging issues, 

such as the core size and shape against manufacturing productivity and cost, as well as 

the mass density and uniformity of the molded parts.

In addition to stator configuration, the rotor structure and material can also affect the 

PMSM performance. There are two different kinds of rotor structures including the 

interior permanent magnet (IPM) and surface-mounted permanent magnet (SPM) for 

PMSMs. IPM performs well in terms of speed regulation range as well as overload 

capacity, and has low risk of demagnetization. Figure 2-2 shows three different IPM rotor 

structures used in high speed PMSMs. The rotor in Figure 2-2 (a), verified to have a small 

magnetic flux leakage coefficient, was utilized in [41]. A novel tangential rotor structure,

illustrated as Figure 2-2 (b) was proposed for not only effectively reducing the stress and 

magnetic flux leakage, but also providing the magnetic reluctance torque and reducing 

the permanent magnet usage [42]-[43]. Moreover, a kind of ring permanent magnet 

segmented structure, shown as Figure 2-2 (c), was also proposed, which can efficiently 

reduce the sleeve thickness and equivalent air gap, and thus improve the PM utilization

[44]. However, the problems of air gap harmonics gradually hinder the extensive 

applications of IPM.

Permanent 
magnets

Reinforcement
(c) Rotor structure with ring magnet

Shaft
Permanent 
magnets

Silicon steel sheet

(b) Rotor structure with tangential magnet

ReinforcementPermanent 
magnets

Shaft

Shaft

(a) Rotor structure with segmented magnet

Figure 2-2 Different IPM rotor structures used in PMSMs.

The advantages like small space requirements, convenient machining and desired power 

density promote the applications of SPM in PMSMs, especially in high speed/power 

PMSMs [45]. As shown in Figure 2-3 (a), for SPM, the permanent magnet is mounted on 
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the surface of the rotor and protected by sleeves made of composite materials or alloys in 

ultra high speed cases. This kind of rotors is usually utilized in motor manufacturing 

companies like ABB [46] and GE [47]. At the same time, a bread-loaf permanent magnet 

structure, shown as Figure 2-3 (b), was proposed in [48], by which the motor performance 

in air gap magnetic flux density can be improved. To relieve rotor eddy-current loss, 

various design optimization methods were also studied for the SPM machines [49]-[50]. 

In [49], a kind of Halbach SPM was proposed and utilized in a high speed PMSM with a 

rated power of 30 kW and rate speed of 20000 r/min. Additionally, the eddy current 

shields made of aluminum or copper, coupled with the permanent magnet segmentation

technology, were introduced in [50].

Shaft

Permanent 
magnets

 SleeveEddy current 
shield

Shaft
Permanent 
magnets

 Sleeve

N

N

S S

(a) Surface mounted (b) Bread-loaf

Figure 2-3 Two types of rotor structure used in high speed PMSMs.

There are two suitable materials (NdFeB and SmCo) for the PMSM rotor thanks to their 

high coercivity, compressive strength and flexural strength. NdFeB has a greater tensile

strength than SmCo but it is susceptible to temperature. SmCo has a small temperature 

coefficient and performs better in high operating temperatures, which means that this 

material is more suitable for high speed PMSMs considering the requirements of high

temperature working stability. However, the PMSM needs to operate at a high speed 

range, which means that the SPM would suffer from a huge centrifugal force. Thus, sleeve 

equipment installed on the surface of a permanent magnet, is usually used to protect the 

rotor. Considering the satisfactory strength characteristics, alloy materials including

Inconel718 and Ti6Al4V as well as fibrous composites such as carbon fiber and glass 

fiber can be used in the sleeve [10]. Among these materials, fibrous composites are 

preferable in density and strength, but they have a low thermal conductivity. Alloy 



 

12 

materials are proven to have better behavior in terms of heat dissipation, temperature 

stability and stiffness. 

2.2.2 Power Losses 

Power losses and efficiency are two major issues in the design and analysis of motors and 

drive systems. The losses are relatively big in PMSMs and the motor efficiency would be 

reduced, which can directly affect the temperature rise and distribution inside the motor 

as well as the machine operating safety and stability. In this case, researchers have carried 

out a lot of substantive work to improve the calculation accuracy of power losses 

including stator iron loss, PM eddy current loss, winding copper loss and air friction loss. 

Normally, the direct current (DC) resistance is used for calculating stator copper loss 

(SCL) [51]. However, this method cannot be applied to PMSMs in relatively high speed 

cases directly since the high temperature rise and frequency stimulate the increase of skin 

and proximity effects that can reduce the current flow area and therefore enhance SCL. 

Analytical models like Dowell and Ferreira were verified to be effective for the 

calculation of winding losses. But the accuracy is not satisfactory due to the structural 

assumptions and the ignorance of nonlinear factors [52]. As a result, the finite element 

model (FEM) is developed to not only accurately calculate SCL but also analyze the 

magnetic field and current density distributions of PMSMs. Researchers also gave 

suggestions for relieving skin and proximity effects including: a) using the windings with 

some thin wires in parallel, b) making the wire radius smaller than the skin depth at the 

highest operation frequency, c) determining the optimal parallel wire numbers for a 

certain frequency, d) smoothening the current waveform to reduce the harmonics, and e) 

designing the appropriate slot-openings [51]-[53]. 

Stator iron loss (SIL) is the power dissipated in a magnetic core due to the variation of 

the magnetic field. When PMSMs work at the conditions of the high frequency of varying 

magnetic fields, high temperature rise and internal stress, their iron loss can be 

significantly higher than that in ordinary conditions. However, the induction principles of 

SIL are pretty complicated. Generally, the process of SIL calculation development can be 

illustrated in Figure 2-4. As seen, several significant achievements of the SIL estimation 

models can be summarized. These are the magnetic circuit model, Bertotti Giorgio model 

[54], Zhu’s model [55] and orthogonal decomposition model [56]. These models take into 
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account both the alternating and rotating magnetic fields, but the skin effect is not fully

considered, which may increase the SIL calculation errors in PMSMs. In [57], the authors 

studied the influence mechanism of skin effect on the SIL of high speed PMSMs, but the

different magnetization modes were ignored.
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Figure 2-4 Development process of iron loss calculation models.

PM eddy current loss is mainly caused by the space harmonics and time harmonics of the 

armature winding magnetic field as well as slot opening. Different from common motors, 

in high speed PMSMs, the PM eddy current loss would have a substantial increase 

because it is proportional to the square of the magnetic field frequency. On the other hand, 

the high operating speed contributes to the extensive use of noncontact bearings, which 

may induce the rise of rotor temperature due to the poor rotor heat dissipation capability.

Thus, the permanent magnet material performance may be deteriorated. And the PM eddy 

current loss can increase to a large extent [58]-[59]. Analytical models and FEM can 

usually be employed to calculate PM eddy current loss. Analytical models can not only 

greatly shorten the calculation processing time with good accuracy, but also build a bridge 

for the size and electromagnetic parameters for motors. However, the conductivity and

permeability of rotor materials could change under different working conditions, which 

breaks the assumptions in analytical models. With the ignorance of core saturation,

magnetic leakage as well as hysteresis effects, the calculation accuracy is sometimes 

reduced. Thus, FEM was proposed and used for further enhancing the modelling accuracy

of the PM eddy current loss. In [58], 2D FEM was used to calculate the PM eddy current 
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loss of a PMSM with SPM and concentrated winding. The calculation speed of 2D FEM 

modelling is fast, but the influences of end effect and axial segmentation are ignored. In 

this case, researchers considered to use 3D FEM for the analysis of the PM eddy current 

loss. Zhao [59] et al. estimated the PM eddy current loss of high-speed axial flux 

permanent magnet motor by constructing a 3D FEM. Although experimental results 

verified the accuracy of the proposed methods, the huge time consumption is a problem 

to be solved. For suppressing PM eddy current loss, the motor structure and permanent 

magnet sleeve material can be optimized. Shrinking the width of the stator slot, adding 

the length of the air gap and choosing suitable protective sleeve material are all effective 

for reducing PM eddy current loss. Recently, scholars have also considered adding a thin 

non-magnetic metal shielding ring between the permanent magnet and the sheath of the 

rotor. Using the shielding effect of eddy current, the PM eddy current loss with the sheath 

and shielding ring can be limited [58]. 

Due to the violent friction between the rotor surface and the air gap, the air friction loss 

(AFL) in high speed PMSMs would be much larger than that of the common motors. 

Normally, AFL on the rotor radial surface and axial end surface can be calculated as (2-

1) and (2-2) respectively [60]. 

3 4
_Af rad f f airP k C r l =                                           (2-1) 

3 5 5
_ 2 1

1 ( )
2Af end f airP C r r = −                                       (2-2) 

where kf is the roughness coefficient of the rotor surface, Cf the radial surface air friction 

coefficient, l the rotor axial length, ρair the air density, and r1 and r2 are respectively the 

inside and outside radius of the rotor end surface, f the working frequency. 

However, the air in high speed PMSMs air gap is in a turbulent state such that the friction 

coefficient is difficult to calculate accurately. Therefore, it is necessary to modify the 

empirical formula in conjunction with the computational fluid dynamic (CFD) simulation 

method. Through lots of studies, it is well known that the rotor size, rotation speed and 

surface roughness are key issues to induce the AFL. An effective measure that can reduce 

AFL is to add nonmagnetic conductive filler material into the stator slot. Therefore, the 

initial airflow can be smoothed and the fluid resistance can be reduced [60]. 
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2.2.3 Electromagnetic Design 

Electromagnetic design is a fundamental stage in the design of motors and drive systems, 

typically based on the following three models: analytical model, magnetic circuit model, 

and FEM. Compared to the analytical and FEMs, the magnetic circuit model offers 

advantages such as simplified computation, intuitive understanding, rapid iteration, and 

cost efficiency. Simplifying complex electromagnetic systems into equivalent magnetic 

circuits reduces computation time and complexity, facilitating quick evaluation and 

optimization of designs. Additionally, the magnetic circuit model can be combined with 

other models to maintain a certain level of accuracy while significantly lowering 

computational costs, making it widely used in motor performance analysis. 

A traditional existing circuit model was introduced by Colby and Novotny [61]. As seen 

from Figure 2-5, an equivalent resistor was added in parallel with the internal voltage to 

predict iron losses. As the electromotive force is proportional to magnetic flux or flux 

density, the iron losses of the motor can be approximated as proportional to the square of 

the internal voltage. Moreover, the armature current is nearly zero under no-load 

conditions. That is, the voltage across the resistance equals the back electromotive force 

or terminal voltage. Thus, the equivalent iron loss resistance can be obtained from the no-

load iron loss. 

2

c
c
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P

                                                     (2-3) 

 

Figure 2-5 Equivalent circuit for PMSMs introduced by Colby and Novotny [61]. 

In Figure 2-5, E is the back EMF, Rc the equivalent core loss resistance, X = ωLs the 
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current, I2 the armature current. In (2-3), m is the number of phases, Pc the measured no-

load iron loss. 

Despite the advantages of this kind of equivalent circuit model (ECM), several issues still 

exist. For example, due to the rotor saliency, especially in IPMSMs, the d-axis inductance 

is not equal to the q-axis inductance [62]. Therefore, it is necessary to employ two 

equivalent circuits to account for the influence of the difference in d- and q-axis 

inductances. Secondly, most ECMs can only analyze the iron losses of PMSMs operating 

normally at synchronous speed. However, in variable speed conditions, a single-valued 

equivalent resistance model would always fail to accurately reflect and compute iron 

losses [63]. During the steady-state operation of a PMSM with a fixed terminal voltage, 

the iron losses computed from traditional ECMs typically remain almost constant across 

various loads, as the stator resistance is generally much smaller compared to the 

synchronous reactance. However, this contradicts the fact that the armature currents may 

lead to extra iron losses [64]. 

Additionally, in [63], the load iron loss of a three-phase PM claw-pole motor was 

calculated by the ECM of Figure 2-5. Assuming that the equivalent resistance Rc is 

linearly related to speed, (2-4) is used to compute the load iron loss. As seen, with the 

load or armature current increases, the iron loss increases. However, this formula may 

significantly overestimate additional iron losses due to the armature current. In fact, due 

to magnetic saturation, the total flux does not increase significantly, and the additional 

iron losses are mainly caused by flux waveform distortion.  

( )
222

23 3x
c

c c

E XIVP
R R

+
= =                                         (2-4) 

2.2.4 Thermal Design 

The maximum operating temperature of PMSMs is limited by the following factors: a) 

once the insulation working temperature is higher than the allowed value, the PMSM life 

expectancy would have a significant decrease, b) unbearable heat would also cause 

irreversible demagnetization of the permanent magnet, and c) high winding temperature 

can lead to an increase of thermal stress in relevant components as well as the decrease 

of rotor sleeve strength, especially composite sleeve [65]-[66]. All these problems show 
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that thermal field analysis is required and the corresponding heat dissipation of PMSMs 

should be designed to reduce the temperature rise. In general, there are three kinds of 

models for thermal analysis in PMSMs such as the lumped parameter thermal network 

(LPTN) model, FEM and the computational fluid dynamic model [65]-[68]. 

The LPTN method has obvious advantages in calculation speed such that it is suitable for 

temperature rise estimation in the motor design stage. However, LPTN takes too much 

time to calculate equivalent thermal resistance and heat dissipation coefficient. Moreover, 

a large number of assumptions and estimations may increase the error [65]. Currently, 

FEM is often used, in conjunction with LPTN, for 2D and 3D thermal analysis of 

electrical machines. With FEM, the motor can be modeled into 2D or 3D loaded with 

various loss densities and heat transfer conditions, which can obtain a more detailed 

temperature rise distribution than LPTN. But FEM suffers from the same problems as 

LPTN, namely, the heat transfer conditions at each boundary still need to be obtained 

with the help of fluid networks and empirical formulas. In addition, in terms of rapid 

parametric analysis, FEM performance is inferior to LPTN [65]-[66]. For this problem, 

FEM can be employed to correct and refine the equivalent thermal resistance that can 

then be used in the network or to investigate the detailed distribution of heat rise at the 

local part of the motor such as the conductor in the slot. On the other hand, considering 

that the majority of FEM electromagnetic packages include finite-element and thermal-

analysis facilities, FEM can be regarded as a convenient solution in a very complex 

geometry which is not approachable with lumped parameters. 

Meanwhile, based on the finite-volume technique, modern CFD codes can solve the 

Navier–Stokes equations complimented by a selection of validated and proven physical 

models, and then solve 3D laminar, turbulent flow and heat transfer with a high degree of 

accuracy. CFD can jointly model and solve the heat transfer entity of the motor, the 

internal and external cooling fluids as well as the internal temperature distribution [67]. 

In this case, LPTN or FEM temperature rise modelling methods can be completely 

replaced. Moreover, since it is no longer necessary to determine the convective heat 

transfer coefficient of each part with the help of the empirical method, the results can be 

more accurate and detailed. In spite of the advantages, CFD has the shortcomings of long 

modelling time and slow calculation speed. In recent years, there has been an application 

trend that combines all three calculation methods and uses their respective advantages to 
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analyze the motor temperature rise. In [68], combining CFD and FEM, the temperature 

rise of a 30 kW, 60000 r/min PMSM was calculated. The air gap heat transfer coefficient 

and the motor surface heat dissipation coefficient calculated by CFD are assigned to FEM 

as conditions. As a result, a large amount of calculation can be avoided while the accurate 

calculation of motor temperature rise distribution can also be realized. In conclusion, with 

the continuous improvement of computer software and hardware technologies as well as 

the increase of the pursuit of PMSM efficiency and power density, the application of CFD 

technology in heat transfer will become more and more extensive. The losses and 

permanent magnet working state are both directly related to the temperature. In order to 

accurately determine the working point and temperature rise, synthetic solutions should 

be performed through the coupling of power losses and thermal field analysis. 

It should be pointed out that, in order to ensure the motor runs within the temperature 

limit, the design of a good cooling system is required by high speed or ultra high speed 

PMSMs. Air cooling, water cooling, oil cooling and hybrid cooling methods can usually 

be employed. In [69], various cooling equipment of high-speed motors was studied. It is 

found that compared with air cooling, oil cooling can reduce the loss of rotor surface 

ventilation, and can also effectively reduce the temperature rise of the rotor. However, oil 

cooling equipment has a complicated design task and takes up big space. Due to the 

drawbacks of oil cooling, air and water cooling methods are widely used in rotating 

electromechanical systems. The air cooling system is simple in structure, low in cost and 

convenient for management and maintenance, but it consumes a lot of electricity. 

Compared with water cooling, its cooling effect and efficiency are poor. The specific heat 

capacity of water is large. Compared with air cooling, the water cooling method is better 

in effectiveness, efficiency and power consumption, but features a complex structure and 

high cost. Usually, a specific cooling method needs to be selected in conjunction with the 

actual temperature distribution of the motor. There is no doubt that hybrid cooling may 

be more suitable for occasions with high power density requirements. 

2.2.5 Mechanical Characteristics 

Mechanical characteristic analysis is another important issue in the design and 

optimization of PMSMs, especially high speed PMSMs. Generally, the following three 

aspects including rotor material strength, bearing support and dynamic analysis should be 
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investigated. The first and the second aspects are often noncritical and can be readily 

satisfied through empirical design, whereas the third one requires special attention for 

most situations, especially those operated at high speeds. Dynamic analysis is generally 

used to calculate the natural frequency and dynamic response of the motor in operation. 

The materials used in PMSM permanent magnet have poor tensile strength, which means 

that the rotor can easily be damaged by the centrifugal force caused by high speed and 

the thermal stress caused by temperature rise. Thus, it is necessary to ensure that the 

permanent magnet and matching protective sleeve can withstand the allowable stress by 

analyzing the rotor strength in static and high speed dynamic operating conditions. So far, 

various calculated methods, by using the analytical model as well as FEM, for the internal 

stress of permanent magnet and sleeve have been proposed [70]-[71]. Through the 

accurate rotor material strength analysis, the designer can optimize the rotor to meet the 

following conditions including (a) the internal stress of all components in the rotor is 

within the safe range, (b) there is always positive pressure between the parts in fit, (c) the 

permanent magnets always bear compressive stress under various working conditions, 

and (d) the internal stress of protective sleeve should not change significantly in the 

presence of varying speed and temperature. 

Bearing support quality determines the operating stability and dynamic characteristics of 

the high speed PMSM rotor to a large extent. At present, four kinds of bearings such as 

ball bearings, oil-filled bearings, air bearings and magnetic bearings can be applied [72]. 

According to the collected data, it is seen that ball bearings are mainly used in PMSMs 

with low rated power while air bearings and magnetic bearings can usually be employed 

for high power, high speed electrical machines. Recently, a kind of bearingless electrical 

machine was proposed, in which the rotor can be suspended through electromagnetic 

force. Universities including Swiss Federal Institute of Technology Zurich [73], 

Darmstadt University of Technology [74], Jiangsu University [75] and Nanjing 

University of Aeronautics and Astronautics [76] have obtained the preliminary outcomes 

about the bearing-less motor. In summary, ball bearings possess the advantages of space 

saving and lost cost, but it has a relatively high failure rate. Additionally, the operational 

stability of the air bearing needs to improve while the force balance is a critical issue for 

the application of magnetic bearing. 
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Dynamics analysis is important for a rotating machinery. As for a PMSM, the key issues 

in terms of stability analysis, critical speed calculation and unbalance response are 

expected to be solved during the dynamic studies. The stability requires the rotor to return 

to its original operating status in the presence of external disturbances. Critical speed 

calculation can be utilized to the relief of vibration and noise coming from rotor unbalance 

as well as the avoidance of resonance. The unbalanced response is to analyze the 

sensitivity of vibration and noise to imbalance degree and to provide solutions for rotor 

unbalance [77]. 

Rotor dynamic analysis is generally conducted by the transfer matrix method and FEM. 

The former has been gradually abandoned due to the large errors. FEM is widely utilized 

for dynamic analysis with higher accuracy. Through the analysis by scholars, it is found 

that the bearing stiffness, shaft length, shaft diameter and the position of the bearing have 

significant influence on the rotor’s natural frequency. Although a series of achievements 

in rotor dynamics have been published, nonlinear factors influence, parameter sensitivity 

analysis, bearing stiffness determination and dynamic experiments are still very difficult 

and more attention is needed in the process of design and optimization for PMSMs. 

2.2.6 Control Methods Design 

Converters and inverters are key components in power electronics design. Converters 

include AC-DC converters (which convert alternating current (AC) to direct current), DC-

DC converters (which adjust direct current voltage), and AC-AC converters (which 

change the frequency and/or amplitude of alternating current). Inverters, on the other 

hand, convert direct current to alternating current and are widely used in motor drives and 

renewable energy systems. Switching schemes are also crucial for system efficiency, 

performance, and reliability. Hard switching can lead to higher losses and 

electromagnetic interference, while soft switching techniques, such as zero-voltage 

switching and zero-current switching, can mitigate these issues. Pulse-width modulation 

(PWM) controls output voltage and current by adjusting the duty cycle of the switches, 

and they are extensively used in motor drives. In order to reduce the current ripple, 

researchers have investigated various modulation methods, such as sinusoidal pulse width 

modulation (SPWM) [78], discontinuous PWM [79]-[80], bus-clamping PWM [81]-[82], 
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random PWM [83]-[84] and hybrid PWM [85]-[86]. The different modulation methods 

may produce different current/voltage waveforms and magnetic flux harmonics.

Control strategies play an essential function in the determination of dynamic- and static-

state performances of electrical drive systems. Substantial efforts have been put forward 

for the development and application of various control algorithms in commercial drive 

systems, including traditional methods such as the field-oriented controller (FOC), direct

torque controller (DTC) and constant voltage–frequency (V-F) ratio controller [87]-[92], 

as well as modern control strategies such as sensor-less controller (SLC), sliding mode 

controller, adaptive robust controller (ARC) and model predictive controller (MPC) [93]-

[102].

Among the traditional control methods, the FOC decouples the stator current into an 

excitation component and torque component in the d-q coordinate system, so that the

control of the AC motor can be equivalent to that of a separately excited DC motor [87]-

[89]. FOC, proven to have superiorities concerning good control precision, wide speed 

regulating range and fast response speed, has been commonly applied in sorts of electric 

drive systems. Figure 2-6 (a) shows the schematic diagram of a FOC control scheme used

in a PMSM drive system. The DTC abandons the decoupling idea of FOC, which 

calculates and directly controls the flux and torque of the motor in the stator coordinate 

system, as shown in Figure 2-6 (b). It is distinguished by the merits of fast dynamic 

response, simple structure (thus low cost) and strong robustness against motor parameter 

variation. However, the torque and flux ripples reduce the performance in low-speed 

conditions, and the excessive acoustic noises restrict DTC application [90]-[91]. The V-

F control is a kind of open-loop control, such that it can hardly complete the real-time 

control of machines [92].
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Wref as well as to make a smaller d-axis reference current Id_ref.
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Figure 2-6 Control diagrams of typical FOC and DTC for PMSM drive systems. 

The ever-developing modern industry has contributed to the widespread investigations of 

modern control strategies, among which the SLC, SMC, ARC and MPC are the most 

studied and widely used methods. To save costs and reduce the impacts of external 

disturbances on sensors, SLC was proposed to obtain the rotor position through 

calculation instead of sensors. So far, estimation methods using an open loop, fuzzy 

adaptive algorithm and an observer can be used for rotor position when the machines 

work at relatively high speeds, while high frequency signals are often employed to predict 

the rotor position in low-speed conditions [93]-[94]. Sliding mode controller, originally 

proposed by Utkin [95], possesses excellent features including simple algorithm 

derivation, a fast response speed and strong robustness for handling parameter 

uncertainties and external disturbances, which has been widely used in many plants. To 

guarantee convergence properties and to relieve the chattering phenomenon, fractional 

calculus can be integrated into sliding mode controller for PMSM control [96]-[97]. 

Results in [96]-[97] showed the improved control performance of sliding mode controller, 

especially for dealing with uncertain and nonlinear systems, e.g., electric drive systems. 

In combination with the functions of adaptive control in handling unstructured 

uncertainties and robust control in attenuating disturbances, Yao and Tomizuka presented 

ARC [98]-[99] and proved that it could handle both structured and unstructured 

uncertainties. In [100], Yin et al. presented an adaptive robust backstepping controller 

with an extended state observer (ESO), as shown in Figure 2-7, for the speed regulating 

drive system of a new-type hybrid drive wind turbine. Experimental results illustrated 

excellent control performances under disturbances from both wind wheel and power grid 

ends. Taking advantage of the development of artificial intelligence (AI), MPC with an 

advanced predictive algorithm was investigated and applied to electrical machines. This 

kind of control strategy does not need the fixed control model but has three basic parts. 

These are model prediction, iterative optimization and feedback correction. MPC has the 

merits of good robustness and dynamic performance used in complex industrial processes, 

but requires improvements in terms of stability, anti-interference ability and model 

adaptability [101]-[102]. 

In industrial applications, engineers should choose the control strategy and the matching 

processors according to the machine characteristics and operating scenarios to guarantee 
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the best control performance and price/performance ratio. Meanwhile, more and more 

innovative control methods for PMSM drive systems will be presented based on the 

development of modern control theory, which will break through the limitations of 

traditional controllers and achieve parameter identification & control more easily by 

using artificial intelligence algorithms. 
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Figure 2-7 Control diagrams of adaptive robust backstepping controller with ESO for 

PMSM drive systems. 

2.3 Performance Optimization 

The design optimization of PMSMs and their drive systems is a high-dimensional and 

high-nonlinear problem, coupled with the characteristics of being multi-objective and 

multi-disciplinary. Through the significant efforts of researchers, the design optimization 

of electric drive systems has been developing very fast. The most important parts of the 

design optimization process include (a) design methods with analysis models, and (b) 

optimization methods with algorithms. The first stage aims to provide enough information 

including motor/controller parameters and performance evaluations for the development 

of optimization models, while the second stage can be utilized to improve motor 

performance via optimization algorithms or strategies. 

2.3.1 Optimization Models 
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In the design optimization process of PMSMs, due to high rotation speed and sometimes 

special operating requirements, severe uncertainties appear in different physical fields 

including the electromagnetic, thermal and mechanical fields. Coupled with intense 

interaction and conflict among these physics, it is necessary to establish optimization 

models with multi-physics analysis [103].

Figure 2-8 shows the design framework of modern PMSMs regarding the multi-physics 

analysis, which can also be used by other types of electrical machines. As shown, the first 

step is to define the motor specifications, mainly including the cost, output power, 

working efficiency, temperature rise and resonance frequency. Then, the key 

designs/selection process, related to the motor topology, dimension, material and 

manufacturing method, needs to be investigated based on the defined constraints. After 

that, multi-physics analysis models, composed of electromagnetic models, thermal 

models and mechanical models with vibration and noise analysis, can be developed. 

Finally, the performance of the designed motor needs to be evaluated and then utilized 

for the next optimization [104].

Motor specifications 
Output power, efficiency, cost, etc

Selection of motor type and topology

Material

Performance calculation

Dimensions Manufacturing methods

Thermal modelElectromagnetic model Mechanical model

Figure 2-8 Design framework of PMSMs and other electrical machines with multi-

physics analysis.

In view of a single-objective minimization optimization problem with N constraints, the 

multiphysics design optimization model of PMSMs can be shown as follows [104]:
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where X is the design parameter vector, Xu and Xl are respectively the upper and lower 

boundaries of X, and f(*) and g(*) are respectively the objective function and constraints. 

In (2-5), different multi-physics constraints should be defined via (2-6). 

1 1 2

3 3 3

4 5 6

7 8 8

( ) 0 ( ) 0 ( ) 0
( ) 0 ( ) 0 ( ) 0

Constraints
( ) 0 ( ) 0 ( ) 0

( ) 0 ( ) 0 ( ) 0

w st s

r

y

p

d d
t VM

y st c

out

lm

T

g g

T T
g B g B g P
g g g
g g g P

T g



 

  


   


  






 

  

， ，

， ，
：

， ，

， ，

                     (2-6) 

As shown, eight key constraints are commonly used in multi-physics optimization. These 

are respectively related to (a) the flux density at the rotor yoke (Bry) and stator tooth (Bst), 

(b) the residual contact pressure between magnets and rotor iron (Pc), (c) the maximum 

temperature rise of the winding (∆Tw), stator tooth (∆Tst) and yoke (∆Tsy), (d) the power 

density (ρp), (e) the efficiency (η), output power (Pout), (f) the maximum torque per loss 

per mass (Tlm), (g) the total rotating tangential stress (δd
t), and (h) the equivalent Von 

Mises stress ( d
VM ). 

Considering the design optimization process of PMSMs, there are many design 

parameters, objectives and constraints. For example, maximizing the average torque or 

torque density and motor efficiency as well as minimizing the cost, loss and volume, 

weight and torque ripple can all be selected as direct optimization objectives. At the same 

time, some other parameters are also closely related to the performance of motors, such 

as magnetic flux density, air gap, back-emf. These parameters are often selected as 

indirect optimization objectives for motors [103]. Therefore, the design optimization is 

normally a multi-objective optimization problem. The multi-objective optimization 

model with p objectives and Nd constraints can be established as (2-7). 
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where Xd is the design parameter vector, Xdu and Xdl are the upper and lower boundaries 

of Xd, fd and gd are the objective functions and constraints, respectively.

Theoretically, the multi-objective optimization solutions are always a compromise among 

different objectives. That is, to obtain the optimum for each of these objectives is always 

impossible. In this case, one can only acquire the non-inferior solutions that can be called 

as Pareto optimal solutions by the way of getting the objectives as close as possible to 

their optimums. However, different from the solutions of single-objective optimization, 

the Pareto solutions may have a very large or even infinite number, which should be 

passed around as evenly as possible at the front of Pareto solutions. The Pareto front in 

multi-objective optimization is the set of all non-dominated solutions [103]. A specific 

case of Pareto optimal front with two objective functions is shown in Figure 2-9. It can 

be seen that points ‘B’ and ‘C’ are located at the Pareto frontier. Then, the results solved 

from ‘B’ and ‘C’ are the Pareto optimal solutions. Moreover, based on the definitions, it 

can be considered that the solutions of points ‘B’ and ‘C’ dominate the solutions of point 

‘A’. So far, plenty of algorithms such as multi-objective genetic algorithm (MOGA), 

nondominated sorting genetic algorithm (NSGA) and the improved NSGA II and multi-

objective particle swarm optimization (MPSO) methods can all be utilized for completing 

the design and optimization of various multi-objective problems [105].

xd1

xd2 Feasible 
decision space

Feasible 
objective spacefd2(x)

fd1(x)

A

B

C

Pareto 
optimal frontPareto optimal 

solutions

Figure 2-9 A specific case of the Pareto optimal solution.

Among them, the NSGA II is an improved version of the NSGA and can also be called 

as public toolboxes in some software. It is one of the most efficient and famous multi-

objective evolutionary algorithms and has been widely applied in many kinds of 

engineering multi-objective optimization problems [106]-[107]. Figure 2-10 shows a flow 

chart of the NSGA II algorithm. As seen, the method includes two important components: 

the non-dominated sorting approach and the crowd comparison operator. 
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2.3.2 System Level Optimization 

With the purpose of further improving the operating performance of PMSM, the steady-

state performance such as torque, average output power, and efficiency, as well as the 

dynamic responses including settling time, speed overshoot and torque ripple should be 

considered comprehensively. Generally, during the design optimization, multi-physics 

analysis of the motor is always required to estimate these steady-state performances, 

while simulation analysis for the control systems of the machines needs to be conducted 

to evaluate the dynamic responses. Moreover, electric drive systems have become a 

popular part of future applications, which aim to integrate electrical machines and control 

systems together. Therefore, the system-level design optimization of the whole electric 

drive system is very meaningful in the future to ensure the best optimal system 

performance, instead of assembling the motor, inverter and other individual optimized 

components into a drive system [108]. 

Figure 2-11 illustrates a succinct system-level design optimization framework of electric 

drive systems with a particular PMSM and its control system. As shown, there are five 

key steps: (a) determine system requirements and specifications for input, (b) select the 

motor type, drive and controller units according to the system specifications, (c) jointly 

design the motor and controller, (d) construct design optimization models for the whole 

system including both the motor and controller, and (e) evaluate the system performance 

[109]. 

To guarantee system-level performances of the drive systems, a system-level multi-

objective model can be derived by combining the motor and controller design 

optimization models. 
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where xs = [xm, xc] is the decision variable set; xm and xc are the parameter vectors of 

motor level and control level, respectively; xsl and xsu are the lower and upper boundaries 

of xs. fs is the system-level objective, which is generally a function of motor level 

objectives fmi and control level objectives fci; Pm and Pc are the numbers of objectives, 
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while Nm and Nc are the numbers of constraints in motor and control levels, respectively.

All the objectives and constraints should be defined in advance according to the 

requirements/specifications of applications.
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Figure 2-10 Flowchart of the NSGA II algorithm.
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Figure 2-11 System-level design optimization framework for an electric drive system 

with specific PMSM and control system.
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2.3.3 Single-level Optimization Method 

The conventional one is simple in implementation that can be used to evaluate objectives 

and constraints by optimizing the physical models (such as analytical, magnetic circuit, 

FEM and thermal network models). For example, taking advantage of electromagnetic 

analysis’s analytical models, the conjugate gradient and sequential quadratic 

programming algorithms have been successfully used to realize the design optimization 

of several kinds of motors. Additionally, intelligent algorithms and FEM can also be 

coupled (genetic algorithm (GA) &FEM, differential evolution algorithm (DEA) &FEM 

and MOGA&FEM) in conventional optimization methods [110]. Generally, the 

conventional direct optimization method can present good optimal design schemes for 

electrical machines by using an optimization algorithm such as GA. Although the 

classical optimization methods are relatively simple to implement, the optimization 

accuracy cannot always be guaranteed, especially for the high-dimensional design and 

optimization of PMSMs. The main reason lies in that the number of limited samples is 

insufficient for approximate models to replace FEM with satisfactory accuracy for high-

dimensional problems. These challenges by using classical or traditional direct 

optimization methods based on both FEMs and the approximation models have 

contributed to the investigation of new optimization strategies. 

2.3.4 Multi-level Optimization Method 

The design optimization of PMSMs is generally a non-linear multi-physics and multi-

objective problem. In this process, a number of design parameters should be considered 

and may have different sensitivities related to different design objectives. Additionally, 

more attention should also be paid to reducing the huge computation cost required by 

conventional methods when high dimensional optimization problems exist. To address 

these challenges and better optimize the sensitive parameters, a kind of new multi-level 

optimization strategy is recently investigated, by which the initial big and high-

dimensional design parameter space can be refined into two or three low dimensional 

subspaces by using sensitivity analysis methods for all the covered parameters [111]. The 

key flowchart for the multi-level optimization method with three subspaces is given in 

Figure 2-12. 
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As shown, compared to conventional methods, with the multi-level optimization method, 

the initial high and big dimensional design space is divided into three subspaces (X1, X2 

and X3). The first subspace (X1) includes all the highly significant factors, and all the 

significant factors are in the second subspace (X2), while all the non-significant factors 

fill the third subspace (X3). The design optimization of subspaces X1, X2 and X3 can be 

realized one by one, and the optimization results in the up-level can be used in the next 

level. It is seen that for each subspace, the dimensions are much smaller than that in the 

initial space. As a result, the general optimization approximate models can be utilized in 

all sublevels and the calculation complexity can be reduced. 
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Figure 2-12 Flowchart for the multi-level optimization method. 

The first step involves categorizing all optimization variables based on their correlations 

with the optimization objectives, grouping them into highly important, important, and less 

important categories. Common correlation measures, such as the Pearson correlation 

coefficient, mutual information, and Design of Experiments, can be utilized for this 

purpose. Among these, the Pearson correlation coefficient is widely preferred for 

assessing the relationships between objectives and decision variables efficiently, even 
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when dealing with a large number of parameters. It also stands out for its intuitive 

interpretation, robustness with normally distributed data and computational simplicity. 

The Pearson correlation coefficient ρ(X, Y) between two variables X and Y is defined as 

the covariance of the two variables cov(X, Y) divided by the product of their standard 

deviations σX and σY, as given in (2-9). 
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The above equation defines the population correlation coefficient. However, in practical 

calculation, the sample standard deviations sx and sy need to be estimated to obtain the 

sample Pearson correlation coefficient with: 
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For practical computation, statistical software such as NumPy or SciPy in Python, R 

language, MATLAB and SPSS can all be employed to calculate sample Pearson 

correlation coefficient.  

In our previous publications [112], we have extensively discussed the Kriging model and 

NSGA II algorithm used in the design optimization of electric drive systems. Specifically, 

the conventional direct optimization method employs design analysis models such as 

FEM and thermal network model to evaluate the objectives and constraints in the 

optimization models (2-8), and optimizes all parameters at once by using an optimization 

algorithm like genetic algorithms. This method is simple in implementation. For example, 

it can be realized by integrating Matlab and Ansys. While FEM is widely used nowadays 

in the design analysis of electrical machines due to its high accuracy, the computation 

costs are very high [113] and usually more than 10,000 evaluations of the optimization 

model are required. For a motor with 3D FEM, it may require half a minute or more for 
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one simulation, and then at least 10,000 minutes (around 166 hours or 7 days) will be 

required to obtain an optimal solution. This is a huge computation burden for most 

designers. To address this issue, some approximate models (or surrogate models) like 

response surface model, radial basis function model, and the Kriging model have been 

developed and applied to the optimization of electrical machines [10]. Among them, 

considering that the Kriging model has better modelling capability of local nonlinearities, 

and has no significant differences in the computation speeds, it was selected to evaluate 

the objectives and constraints in our optimization. The principles of the Kriging model 

method are given as follows. 

Given n sample points {x1; x2; . . .; xn} and their responses {y(x1); y(x2); . . .; y(xn)}, for 

an input x, the response value y(x) of the Kriging model can be expressed as: 

( ) ( ) ( )Ty f z= +x x β x                                            (2-12) 

where f (x)Tβ is a deterministic term for global modelling,  f (x) is a known approximation 

model, which is generally assumed as a polynomial and has the form of f (x) = [f 1(x), f 

2(x), ..., fq(x)]T, where q is the dimension of polynomial, β is the model parameter vector 

to be estimated, and z(x) is a random error term used for the modelling of local deviation, 

which is usually assumed to be a vector with the mean of zero, variance of σ2 and 

covariance matrix of: 

2 [ (x ,x )]ij i jc R= R                                            (2-13) 

where R is the correlation matrix, and R the user-specified correlation function. 

Adopting the commonly used Gaussian correlation functions, one can express the 

correlation matrix as: 
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where 
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By using the best linear unbiased estimation in statistics, the predictor of y(x) and 

parameter β can be expressed as follows. 
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and 

 
T

1 2( ), ( ), , ( )ny y y=y x x x                                          (2-20) 

Using the maximum-likelihood estimation method, the estimation of σ2 is: 

( ) ( )2 -11 ˆ ˆˆ R
T

n
 = − −y Fβ y Fβ                                         (2-21) 

The estimation of αk in correlation function can be obtained from maximum-likelihood 

estimation. As z(x) follows a n-dimensional normal distribution with zero and covariance 

σ2R, the probability density function of error is: 
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p

 

− − −
=  

− 

Y Hβ R Y HβY β
R

           (2-22) 

Substituting the predicted β and σ2, i.e. (2-17) and (2-21), into the above equation, the 

only unknown parameter αk can be estimated. 
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In summary, implementing the Kriging method consists of estimating the parameters β in 

(2-12), σ2 in (2-13), and the parameters αk in Gaussian correlation functions (2-15). All 

the parameters can be estimated by the software package DACE (Design and Analysis of 

Computer Experiments).  

Taking advantage of the multi-level optimization method, in [114], Putek et al. 

synthesized a multi-level set method with the incorporation of a topological gradient to 

optimize the topology of a permanent magnet machine. In [115], the optimization of all 

sensitive parameters of permanent magnet synchronous generators was realized through 

both dual-level response surface methodology and Booth’s algorithm by Asef et al. Then, 

a multi-level design optimization method for a double-stator permanent magnet 

synchronous motor was also proposed, by which the rotor weight and mechanical stress 

distribution in the rotor core are effectively reduced [116]. In [117], a multi-level 

optimization design method for the flux-concentrating permanent-magnet brushless 

machine was proposed with considerations of permanent-magnet demagnetization 

limitation. Results showed that the optimized motor’s output torque was increased while 

the torque ripple was greatly decreased. In our previous works [118]-[119], the multi-

level optimization method with sensitivity analysis was employed for various types of 

electrical machines. 

The above-mentioned achievements published on the same topic have shown the 

significant advantages of multi-level methods in improving optimization performance 

and calculation efficiency, which have contributed a lot to the research and development 

of design optimization for electric machines. However, the following critical issues still 

need to be solved: (a) The sensitivities of the design parameters are usually calculated 

separately, which means that the correlations or mutual sensitivities among different 

design parameters are neglected. Thus, the accuracy of optimization results may be 

affected. (b) In previous works, researchers fully considered the correlations between 

optimization parameters and objectives, without giving concerns about the correlations 

among different optimization objectives fully. So far, cross-factor variance analysis and 

Pearson correlation coefficient methods can be utilized to classify the optimization 

objectives. (c) It is difficult to set multiple objectives for each optimization level since 

only Pareto solutions can be obtained without specific parameters, and traditional 

methods cannot be used. Future works about multi-level optimization should be carried 
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out to solve problems in terms of analyzing correlations of design parameters and 

objectives, as well as selecting the key points from Pareto solutions of each level. 

Consequently, multi-objective optimization can be employed at each level and the final 

optimization accuracy can thus be guaranteed. 

2.3.5 Space Reduction Sequential Optimization Method 

Apart from the multi-level optimization method, the sequential optimization method is 

another kind of space reduction strategy for completing the design optimization of 

electrical machines, especially with the considerations of inevitable uncertainties in 

manufacturing processes [120]. In contrast to the multi-level method, the idea of the 

sequential optimization method is to reduce the unnecessary waste in computation costs 

that come from the samples outside the interested subspaces [121]. Figure 2-13 illustrates 

the flowchart of a multi-objective sequential optimization method for electric machines. 

Start-Problem defination

 modelling process
Develop approximate models
Generate initial samples S(k)

Simulate the response

Analyze the data 
 optimize the models by using a multi-

objective optimization algorithm
Obtain the Pareto optimal solutions P(k)

Compute the motor performance 
Compare it with the last objective

Performance 
evaluation

/ ?f f  

YES

Output

Update S(k)  with  P(k)

Modify the sampling method
k = k+1

thk

No

 

Figure 2-13 Flowchart for space reduction sequential optimization method. 

Generally, the shape of interesting spaces is a critical issue in this method, which requires 

an advanced space reduction method to guarantee optimization accuracy. Based on the 

modified central composite design technique, a multi-objective sequential optimization 
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method was presented [121]. In [120], by using a convergence measure consisting of an 

orthogonal design method and a hyper-volume indicator, the authors proposed a multi-

objective sequential optimization method for electrical machines’ deterministic and 

robust design optimization. Case studies verified that, once the proposed method is 

employed, the motor performance can be enhanced and the computational cost can also 

be reduced by about 10–40% compared with that of the direct optimization method (like 

DEA plus FEM). 

Although the sequential optimization methods are efficient for the optimization of 

PMSMs, these strategies are difficult to use for extremely high-dimensional optimization 

problems due to the high computation cost of FEM. Moreover, since the sequential 

optimization method is a kind of iterative optimization, the efficiency of the sequential 

optimization method is not highly dependent on the type of surrogate models. 

2.4 Multi-disciplinary Design Optimization Method 

Explanations concerning the multi-physics nature of PMSMs indicate that the design 

optimization processes of electrical machines and their drive systems are complex and 

challenging since multiple disciplines such as structural mechanics, electromagnetics, 

heat transfer and control, as well as multi-constraints and multi-objectives should be 

involved. Moreover, the related disciplines are not isolated but normally strongly coupled. 

In this case, the systematic multi-disciplinary analysis and optimization method can be 

utilized to achieve the multi-objective optimization of electric drive systems in modern 

applications such as wind power generation and electric vehicles, which need challenging 

specifications. 

Figure 2-14 shows the basic framework of the systematic multi-disciplinary optimization 

method. At the disciplinary level, the indirect optimization models (IOMs) for 

optimization variables, constraints, objectives and models can be obtained by the analysis 

and modelling of electrical machines in different disciplines based on the methods (such 

as the LPTN model, FEM and CFD methods) introduced in the electromagnetic design 

part. Then, system level optimization variables, constraints, objectives and models can be 

derived by using collaborative algorithms to finally complete the systematic multi-

disciplinary optimization of a specific electrical drive system. In [122], the multi-

disciplinary design optimization method was utilized for the drive systems based on 
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permanent magnet machines with soft magnetic composite cores. The results showed the 

satisfactory optimization performance of the multi-disciplinary optimization method in 

terms of increasing motor reliability, reducing computation costs and improving the 

performance quality for drive systems.

System level subspace optimization method
 System level robust optimization model 

System level variables, constraints, objectives

Discipline 1
Analysis and Modeling

Collaborative 
algorithms System level

Collaborative 
algorithms

Collaborative 
algorithms

Model 1
IOMs for disciplinary level 

variables, constraints, 
objectives, model 

Model 2
IOMs for disciplinary level 

variables, constraints, 
objectives, model 

Model N
IOMs for disciplinary level 

variables, constraints, 
objectives, model 

Intelligent 
integrated algorithms

Intelligent 
integrated algorithms

Intelligent 
integrated algorithms

Discipline 2
Analysis and Modeling

Discipline N
Analysis and Modeling

Disciplinary
level

Figure 2-14 Flowchart for systematic multi-disciplinary optimization method.

2.5 Conclusion and Comments

2.5.1 Conclusion

The literature review covers methods for motor design optimization, primarily 

introducing multidisciplinary design analysis models for motors and drive systems. These 

models encompass various fields, including material science, loss analysis, 

electromagnetic design, thermal/mechanical models, topologies, and controller types. 

Based on general design optimization methods, the review outlines the relevant steps of 

design optimization and provides a detailed overview of techniques for establishing 

optimization objective models and algorithms for searching for optimal solutions. To 

make the development process of motors and drive systems more automated, flexible, 

and integrated, the literature proposes the topic of application-oriented system-level 

design optimization and introduces two novel and efficient optimization algorithms.
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2.5.2 Comments 

(1) A significant highlight of the review is its focus on the integration trend in 

application-oriented motor drive systems. The literature underscores the 

importance of system-level design optimization to meet practical needs, 

particularly by incorporating multidisciplinary factors into the modelling process. 

This is crucial for addressing real-world challenges in motor design. 

(2) One of the key areas discussed is iron loss modelling, which is vital given its 

substantial contribution to total losses in PMSMs. The complex formation 

mechanisms of iron loss directly impact the efficiency of the motors. Therefore, 

the literature rightly emphasizes the need for detailed iron loss modelling within 

the broader context of system-level loss models. 

(3) Moreover, the literature advocates for the introduction of minimum loss 

controllers to further reduce losses from the controller’s perspective. This 

approach aligns with the overarching goal of enhancing system efficiency. The 

emphasis on developing a system-level optimization model that includes both 

motor and control aspects is particularly noteworthy. 

(4) Given the high-dimensional and nonlinear characteristics of these optimization 

problems, the literature proposes the need for efficient optimization algorithms. 

This is an important consideration, as traditional single-stage optimization 

methods based on finite element or approximate models face challenges in high-

dimensional design optimization problems. 

(5) The literature’s proposal of application-oriented system-level design optimization 

and the introduction of two novel and efficient optimization algorithms are timely 

and relevant. These contributions are poised to make the development process of 

motors and drive systems more automated, flexible, and integrated, which is 

essential for advancing the field. 
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Chapter 3  

Advanced Iron Loss Prediction Models 

Considering Multiphysics Factors 

3.1 Introduction 

The topology of IPMSMs has been considered suitable for driving EVs under complex 

operating conditions, thanks to its advantages in the areas of weight and space saving, 

efficiency improvement, speed range expansion as well as control performance 

promotion [123]. However, the iron loss of IPMSMs can be significantly interfered by 

the time-varying working conditions and coupling effects of multiphysics factors like 

magnetic, thermal and mechanical stress field distributions [124]. Moreover, the 

harmonics of non-sinusoidal magnetic flux in the motor stator, caused by both stator 

slotting structure and PWM inverter, would result in additional iron loss [125]. 

In this case, the development of an accurate iron loss calculation technique, as a 

prerequisite for the design and optimization of IPMSMs in EVs, has attracted great 

research interest from academia and industry worldwide. Recently, the finite element 

analysis (FEA) based on the well-known Bertotti model has shown satisfactory 

performances for calculating iron loss with reasonable accuracy. In [126], the FEA was 

utilized to predict the iron loss and the magnet eddy current loss of PMSMs with 

concentrated windings. In [127] and [128], the iron loss calculation models accounting 

simultaneously for magnetic hysteresis and eddy currents were investigated for steel 

laminations at high frequencies by using the FEA method. In [129], the influence of iron 

loss on IPMSM electromagnetic characteristics was evaluated based on the inverse 

solution of the flux linkages extracted via FEA. In [130], the iron loss caused by fringing 

fluxes in an axial-flux PMSM was calculated through FEA. Although the FEA can 

estimate iron losses conveniently for nonlinear problems with complex structures, it is 

time-consuming, which poses a great difficulty in the design optimization process of 

PMSMs with a large number of iterations. Moreover, the impacts of multiphysics factors 
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such as temperature and stress on motor performance cannot be easily distinguished. It is 

therefore strongly desired to develop iron loss calculation methods that cannot only 

greatly shorten the calculation time, but also indicate the interactions of motor parameters, 

while maintaining the calculation accuracy. 

To reduce the computational cost, alternative iron loss calculation methods based on 

analytical models have been proposed. For instance, the magnetic equivalent circuit 

(MEC), as a promising analytical method, has been applied to estimate the iron loss and 

analyze the operating performance as well as the relationship between static and dynamic 

flux densities for various electrical machines [131]-[133]. However, the MEC calculation 

accuracy might be discounted since this method prefers the average core magnetic density 

to the harmonic component, without giving enough consideration to the iron loss from 

the harmonic contribution. Meanwhile, in EVs, it is impractical for a drive motor to work 

only under definite and standard conditions. Non-sinusoidal flux density waveforms with 

rich harmonics can impact significantly on iron loss characteristics. 

According to the sources, there exist two types of flux density harmonics: the spatial 

harmonics due to stator slotting and the carrier harmonics generated by the PWM inverter. 

To reveal the influences of harmonics, analytical iron loss models are investigated by 

taking into account both the spatial and carrier harmonics. In [134] and [135], an 

analytical iron loss calculation method was proposed for a spoke-type in-wheel PMSM 

with bridge saturation and magnetic field harmonics. In [136], aiming at the influence of 

harmonics, an analytical iron loss calculation method was proposed for an integer-slot 

IPMSM during flux weakening, in which a harmonic loss voltage and a harmonic loss 

coefficient were added to the iron loss resistance model. The relationship between the 

harmonic additional loss and the harmonic voltage was analyzed. Experimental results 

reported in [137] indicate that the iron losses of electrical machines fed by PWM inverters 

could be almost three times higher than those fed by the ideal sinusoidal currents. Similar 

results were also reported in [138]-[140]. 

The abovementioned studies have shown successful progress in improving the speed and 

accuracy of iron loss prediction in electrical machines in the presence of either spatial or 

carrier harmonics. However, in the presence of both spatial and carrier harmonics, 

substantial work is still needed to improve the analytical iron loss prediction model. 

Furthermore, since the magnetic properties including iron losses are susceptible to 
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temperature and mechanical stress [141], [142], the interaction of multiphysics effects, 

such as thermal and stress characteristics, also needs to be considered to improve the iron 

loss prediction accuracy for the design and optimization of PMSMs. 

To address the above-mentioned issues, this chapter proposes an improved analytical iron 

loss prediction model for IPMSMs utilized as the drive motor of EVs. The novelty is 

mainly manifested in that the influences of different physical factors including both the 

spatial harmonics from slotting and carrier harmonics due to PWM inverter, the 

temperature and compressive stress on iron loss are fully considered in the proposed 

analytical models. The prediction accuracy can be improved while the computational 

burden is reduced. 

3.2 Problem Formulation and Models 

Classically, Bertotti’s iron loss separation model, consisting of hysteresis loss density Ph, 

eddy current loss density Pe and additional loss density Pad, has been commonly employed 

for calculating iron loss density in silicon steel sheets. Under sinusoidal magnetization, 

the total iron loss density Ptotal in a silicon steel sheet sample can be calculated by: 

total h e adP P P P= + +                                              (3-1) 
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                  (3-2) 

where s is the motor angular frequency, Bm the amplitude of the magnetic flux density, 

d the thickness of the silicon steel sheet, S the cross-sectional area of the iron core, 

G=0.1375 a dimensionless constant, Fe=1/Fe the conductivity, V a parameter 

characterizing the statistical distribution of local coercive fields, T the excitation period. 

Fe and Fe are the resistivity and density of core material, respectively. Kh and α are both 

hysteresis loss empirical coefficients, and 1.8 2.2  . 2 (12 )e Fe FeK d  =  is defined as 
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the eddy current loss coefficient while ad Fe FeK GVS =  is set as the additional loss 

coefficient. 

Since the additional loss generally accounts for only a small percentage of the total iron 

loss [143], it is ignored in the iron loss calculation, and according to (3-2), the accurate 

estimation of magnetic field and coefficients Kh and Ke is crucial for calculating iron loss. 

3.2.1 Iron Loss Considering Slot Harmonics 

Unlike the ideal case of iron loss estimation in a silicon steel sheet sample under 

sinusoidal magnetization, the calculation of iron loss in a PMSM must consider both the 

fundamental and harmonic flux density waveforms. While there exist two types of 

harmonics, this subsection calculates the iron loss by taking into account the spatial 

harmonics due to the stator slotting and rotor structure. To consider the effects of spatial 

harmonics, the stator is divided into the tooth and yoke regions. The hysteresis and eddy 

current losses in each region are predicted separately with consideration of non-sinusoidal 

flux density waveforms. 

(i) Iron loss model of tooth region 

The hysteresis loss is proportional to the area enclosed by the quasi-static hysteresis loop, 

which is mainly related to the fundamental frequency of magnetic flux density, 

temperature rise and compressive stress instead of the waveform harmonics. In contrast, 

the eddy current loss highly depends on the waveform harmonics, and to calculate the 

eddy current loss, the harmonics of non-sinusoidal flux density waveforms must be 

considered [144]. Because of the complexity of harmonic evaluation process, by using 

FEM, the tooth flux density waveform is transformed into piecewise linear or trapezoidal 

waveform, as shown in Figure 3-1. Under the magnetization of trapezoidal waveform, the 

eddy current loss density of the tooth can be calculated as [145]: 
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where NLi is the number of linear intervals. 

For the tooth region, the non-dominant longitudinal component of flux density can be 

ignored [145], and the time required for a magnet to pass a slot pitch can be expressed as: 
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Figure 3-1 Flux density waveform in the tooth region.
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 =                                                       (3-4)

where NR and NS are the numbers of phases and slots per pole per phase of the PMSM, 

respectively.

For a trapezoidal waveform, the changing rate of flux density with respect to time can 

thus be transformed into:

( )T TmdB t B
dt t

=


                                                      (3-5)

As shown in Figure 3-1, the mutation of flux density change rate happens four times in 

one excitation period. In this case, based on (3-3), the eddy current loss density in the 

tooth region can be expressed by:

24 ( )Tm
eT e

BP K t
T t

= 


2( )Tm( )Tm( )4 ( )B( )B( )TmBTm( )Tm( )B( )Tm( )( )P K t( )P K t( )( )
T t

( )
T t

( )
T t

( )= 
4

= 
4 ( )= ( )= 2= 2( )= ( )( )Tm( )= ( )Tm( )( )B( )= ( )B( )( )Tm( )B( )Tm( )= ( )Tm( )B( )Tm( )P K t= P K tP K t= P K t2P K t2= 2P K t24P K t4

= 
4P K t4 ( )P K t( )= ( )P K t( )( )P K t( )= ( )P K t( )( )Tm( )P K t( )Tm( )= ( )Tm( )P K t( )Tm( )( )B( )P K t( )B( )= ( )B( )P K t( )B( )( )Tm( )B( )Tm( )P K t( )Tm( )B( )Tm( )= ( )Tm( )B( )Tm( )P K t( )Tm( )B( )Tm( )( )


( )( )

T t
( )


( )
T t

( )                                                  (3-6)

Substituting Δt of (3-4) into (3-6), one obtains
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The iron loss in the tooth region can be calculated by:

2= 8 ( )
2

s Tm
totalT hT eT h Tm e R S

BP P P K B K N N
T




= + += 8 ( )= 8 ( )Tm= 8 ( )Tm= 8 ( )= 8 ( )totalT hT eT h Tm e R S= 8 ( )B= 8 ( )B= 8 ( )TmBTm= 8 ( )Tm= 8 ( )B= 8 ( )Tm= 8 ( )= 8 ( )P P P K B K N N= 8 ( )= 8 ( )totalT hT eT h Tm e R S= 8 ( )P P P K B K N N= 8 ( )totalT hT eT h Tm e R S= 8 ( )= 8 ( )

T
= 8 ( )                           (3-8)

where PtotalT and PhT are the total iron loss density and hysteresis loss density in the tooth 

region, respectively.
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(ii) Iron loss model of yoke region 

In this subsection, the flux densities in the yoke region are also considered as piecewise 

linear with trapezoidal waveform obtained by using FEM, as shown in Figure 3-2. 

However, the calculation of the yoke iron loss density is not the same as that for the tooth 

region, which should be estimated separately with both longitudinal and normal 

components. Moreover, although the rise and fall times of flux density in the yoke are 

independent of the position along the radial direction, the amplitude of flux density 

normal component depends highly on the position [145]. Thus, the eddy current loss 

models of yoke region are derived under longitudinal and normal components, 

respectively. 

To calculate the eddy current loss due to the longitudinal component, a quantity 

=
2

mpW
r




                                                      (3-9) 

is defined to represent the coverage of the width of magnet, where p is the number of 

poles, Wm the effective width of magnet for the V-shaped IPMSM, and r the rotor outer 

radius. 

The time required by a magnet to rotate from one point to another in the yoke can be 

expressed as: 

1
m

mech

Wt
r

 =                                                     (3-10) 

where ωmech is the motor mechanical speed and ωmech=2s/p. 

Substituting (3-9) into (3-10), one obtains 

1
s

t 


 =                                                        (3-11) 

During Δt1, as shown in Figure 3-2 (a), the variation of longitudinal flux density is 2BLm, 

and 
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This change happens twice during an excitation period. Substituting BL in (3-12) as Bi in 

(3-3), one obtains the average eddy current loss density in the yoke due to the change of 

longitudinal flux density as: 
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The eddy current loss due to the varying normal component of flux density is also 

estimated. Figure 3-2 (b) shows the normal component of flux density waveform in the 

yoke, where BN(x) is the magnitude of normal component at distance x from the outer 

edge of the yoke. By employing the theoretical quadric fitting method [145], BN(x) can 

be expressed as: 

2( ) ( )N LmB x ax bx B= +                                        (3-14) 

where a and b are the fitting coefficients. 

The time required by a magnet to rotate for one slot pitch can be calculated by: 
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where NS is the number of slots per pole per phase 

During this time period, the flux density normal component varies linearly with the 

amount of BN(x), and can be noted as BN(x,t). The variation rate of normal component is 

calculated by: 
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Combining (3-3), (3-15), (3-16) and (3-17), one can obtain the eddy current loss density 

due to the flux density normal component at point x as: 
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Figure 3-2 Flux density waveforms in the yoke region. 

By integrating PN(x) over x, the average loss density due to the normal component can be 

obtained as: 
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where 
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The total iron loss in the yoke region can be obtained as: 
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Finally, by multiplying the total iron loss densities of the tooth and yoke by the 

corresponding volumes, the total stator iron loss can be estimated as: 

_1iron totalT T totalY YP P V P V= +                                             (3-22) 

where VT and VY are the tooth and yoke volumes, respectively. 

3.2.2 Iron Loss Considering PWM Carrier Harmonics 
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The iron loss prediction model shown in (3-22) can account for the effects of magnetic 

field spatial harmonics and distribution, but it is derived under the assumption that the 

motor is driven by sinusoidal current input. However, the drive motors for EV are 

supplied by inverters and operate for a wide range of speed and torque, which generates 

extra iron loss due to the carrier harmonics. 

As shown in Figure 3-3, the distorted current injected by the inverter can produce minor 

hysteresis loops and generate additional hysteresis loss. Additional eddy current loss can 

also be produced by the flux density harmonics caused by the PWM carrier. To describe 

the effects of PWM carrier harmonics on iron loss prediction, an improved model is 

applied. A coefficient kh_PWM is introduced to revise the calculation equations of hysteresis 

loss while the models of eddy current loss are updated by summing all the eddy current 

losses caused by harmonics, as given below [146]. 
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where Ph_PWM and Pe_PWM are the hysteresis and eddy current losses considering PWM 

carrier harmonics. Pe_PWM (n) is the eddy current loss caused by the nth PWM harmonic, 

Ch the constant coefficient between 0.6 and 0.7 which depends on the lamination 

properties, and ΔBa denotes the fluctuation in motor flux density, as seen in Figure 3-3. 
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Figure 3-3 Distorted flux density waveform with PWM inverter supply.

In the above-mentioned model, Pe_PWM (n) can be estimated from the flux density 

harmonics. According to the Faraday’s law, the relationship between the supply voltage 

and flux density can be expressed as:

( ) W
dBu t N S
dt

=                                                  (3-25)

where NW is the number of winding turns.

Assuming that the output voltage of the PWM inverter, marked as v(t), is a periodic 

function, the stator terminal voltage can be expressed as (3-26) by using Fourier 

decomposition.
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If the PWM inverter is well controlled, the positive and negative parts of the PWM 

waveform are symmetrical. No direct current component and even-order harmonics exist, 

and (3-26) can be transformed into:

( ) 1
3,5,7,

cos2 cos2n
n

v t V ft V n ft 


=

= + 
3,5,7,

                           (3-27)

where f is the fundamental frequency of the PWM waveform.
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Substitute (3-27) into (3-25). After integration, the expression of magnetic flux density 

can be illustrated via: 

( )
1 3,5,

1 sin 2
2

n

nW

VB t n ft
N S n f






=

 
=  

 

，

                            (3-28) 

Thus, the magnitude of the nth harmonic of flux density is 

1
2

n
mn

W

VB
N S n f

=                                              (3-29) 

where Vn is the magnitude of the nth harmonic voltage, and can be estimated from the 

magnitude of fundamental voltage V1 by: 

1

4
2
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                      (3-30) 

where Jh is the Bessel function, γ the modulation ratio, and ε the carrier ratio. 

To reduce the computing burden, the Bertotti model is employed to predict the additional 

eddy current loss density due to the nth carrier harmonic, as the following. 

2
2 2 2 2 2

_
1 1( ) ( )

2 2
n

e PWM e mn n e n e n
W W

VP n K B f K f K V
N S n f N S 

 
= = =  

 

         (3-31) 

where fn is the frequency of the nth harmonic. Combining (3-8), (3-21), (3-22), (3-23), (3-

24) and (3-31), the iron loss model in the presence of non-sinusoidal magnetic flux density 

and PWM carrier harmonics can be obtained as: 
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               (3-32) 

3.3 Iron Loss Considering Multiphysics Factors 

To incorporate multiphysics uncertainties including thermal and stress effects, the iron 

loss model of (3-32) is updated. 

3.3.1 Iron Loss with Thermal Effect 

Since the properties of core materials are sensitive to temperature, the influence of 

temperature should be reflected on iron loss. It is well known that the temperature effect 

mainly acts on the material resistance that is proportional to its length L, and inversely 

proportional to its cross-sectional area ACS, namely, 

( )C

CS

T LR
A

 =                                                   (3-33) 

where R is the resistance of the material, and η(T℃) is the material resistivity varying with 

temperature T℃. 

Therefore, both Kh and Ke are related to T℃, or 

2
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( )
12 ( )

h h C

e e C
Fe C Fe

K K T

dK K T
T 







=



= =


                                     (3-34) 

According to the theory of linear relationship, ηFe(T℃) can be estimated by: 

0( )= (1 )Fe C Fe T CT T   +                                               (3-35) 

where 0
Fe  is the equivalent resistivity of materials at the room temperature, μT the 

temperature coefficient obtained by fitting the iron loss curve under different 
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temperatures, and ΔT℃ the temperature variation. 

3.3.2 Iron Loss with Stress Effect 

Apart from the temperature effect, the remaining stress in silicon steel sheet, caused by 

punching, cutting and pressing, etc., is another important motivating factor responsible 

for the performance degradation, which would induce the enhancement of iron loss due 

to the newly arranged internal magnetic domain. To update the stress effect, the iron loss 

coefficients Kh and Ke should also be functions of stress, and can be noted as Kh(σ) and 

Ke(σ). 

3.3.3 Measurement of Rotational Magnetic Properties 

Since the first measurement of 2D rotational magnetic properties was reported by Baily 

in 1896 [147], a number of 2D rotational property measuring systems and techniques have 

been developed [148]–[150]. Of these measurement systems, the square sample single 

sheet tester, which was developed by Brix et al. [151], has proven to be the most 

favorable, thanks to its high control flexibility on rotating magnetic field patterns, 

outstanding uniformity of magnetic flux density distribution in the sample and, hence, 

high measurement accuracy.  

Led by J. Zhu, the University of Technology Sydney Magnetic Testing Group developed 

a square sample single sheet tester [152], which has been used to measure different 

magnetic materials. This tester is cooperated via a computerized digital signal process 

system, and it is able to measure the B-H relations as well as the core losses under 1D 

alternating fluxes in any specific direction, or 2D circularly and elliptical rotating fluxes 

with different axis ratios. Figure 3-4 shows the schematic diagram of the square single 

sheet tester and the whole system. The tester contains yokes made up of laminated grain-

oriented electrical sheets, and the yoke shapes were designed to form four wedge-type 

magnetic poles. Two excitation coil groups are wound around the X- and Y-axes, and 
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each group has two coils, which are connected in series. A square sample of magnetic 

material is installed in the middle of the tester, where a magnetic field is generated by the 

X- and Y-axes excitation currents. 

The 2D magnetic field in the sample is produced with the currents flowing in the two sets 

of excitation coils on X- and Y-axes. The excitation currents are provided by two power 

amplifiers. Through controlling the magnitudes, phase angles and waveforms of the 

excitation currents, any 1D or 2D magnetic flux density vector can be produced, e.g., a 

1D alternating flux density inclined at a specific angle from the X- or Y-axis, a circularly 

or elliptically rotational flux density or a flux density of any specified locus. Two 

dedicated differential amplifiers with low and high pass filters are used for the feedback 

control of the flux density components on the axes. The function generation and data 

acquisition are both realized by a PC-based digital signal processing system. 

 

(a) 
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(b) 

 

(c) 

Figure 3-4 Principle diagram of the 2D rotating magnetic property test system: (a) 

schematic diagram, (b) single sheet tester for square sample and (c) positions of sample 

and H search coils. 

To acquire the B-H relation and associated core loss, the magnetic flux density inside the 

sample and the magnetic field strength on the surfaces should be measured accurately. As 

shown in Figure 3-4, the magnetic flux density and field strength in the sample can be 

acquired by the B and H sensing coils connected to the sample. Fifteen turns of enamel 

insulated copper wire of 0.1 mm in diameter are threaded through four small holes to 

form a B coil on each axis, as illustrated in Figure 3-5. The perforation is tiny and has 

little effect on the magnetic field distribution inside the sample. For accurate 

measurement, the flux density should be uniformly distributed in the sample, which is 

realized by the optimal design of the tester, particularly the shape and dimensions of the 

magnetic poles. 

 

Figure 3-5 Arrangement of 2D B coils. 
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The magnetic flux density on one axis can be computed by: 

1 ,i Bi
Bi Bi

B V dt i x y
N A

= =                                       (3-36) 

where ABi is the cross-sectional area, NBi is the number of turns, and VBi the induced 

voltage across the terminals of the B-coil on the axis. 

The surface H coils, as shown in Figure 3-4 (c), are applied to measure the 2D magnetic 

field strength. According to the Ampere’s law, the field strength on the surface would be 

equal to that just inside the sample if there were no surface currents. The H-sensing coils 

can be fabricated very thinly, and they can be attached on the sample surface and thus the 

true value of the field strength inside the sample can be acquired. The magnetic field 

strength component on one axis can be computed by: 

0

1 ,i Hi
Hi

H V dt i x y
K

= =                                     (3-37) 

where VHi is the induced voltage across the terminals of the H-coil on the axis, μ0 the 

permeability of air and KHi the coil coefficient, which is determined by calibrating a 

solenoid as shown in Figure 3-6, where A is the frame, B is the H coils to be calibrated, 

C is the Gauss meter probe, D is the connector for outputting the coil terminal voltage 

signals, E is the turn table for placing the coils and F and G are the wheel rubber bands 

for adjusting the coil orientation. 
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Figure 3-6 Solenoid for calibrating H sensing coils. 

It should be noted that this tester can also be used to measure the 1D alternating magnetic 

properties. When only the X-axis or Y-axis excitation current is applied, the H and B 

vectors are constrained in the X or Y direction, and the measured B-H relation would be 

the traditional B-H hysteresis loops. 

The measurement of rotational magnetic properties is mainly conducted under the so-

called circularly rotating magnetization, i.e., the excitation currents of the X- and Y- axes 

are controlled to form a rotating flux density vector of constant magnitude and speed. 

Sometimes, measurements under elliptically rotating magnetization are also carried out, 

e.g., with different ratios of the minor-axis to major-axis magnitudes of flux density. The 

magnetic properties are usually measured with various frequencies and various maximum 

flux densities. 

After the flux density and field strength of the sample are measured, the total core loss Pt 

can therefore be calculated with Poynting’s theorem: 

0 0

1 1 ( )
T T

yx
t x y

m m

dBd dBP dt H H dt
T dt T dt dt 

= = + 
BH                    (3-38) 

where m is the mass density of the sample material, T is the time period and Hx, Hy, Bx 

and By are, respectively, the X and Y components of H and B. 

Moreover, led by J. Zhu, the UTS Magnetic Testing Group developed the world-first 3D 

magnetic testing system in 2001, as illustrated in Figure 3-7 [153]. A photo of the 3D 

magnetic property tester is shown in Figure 3-8. 
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(a) 

 

(b) 

Figure 3-7 3D Vectorial magnetic property measurement system: (a) block diagram, and 

(b) structure of 3D view. 
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Figure 3-8 A photo of the 3D vectorial magnetic property measurement system. 

The measurement system consists of a 3D magnetic property tester, a computer data 

acquisition and control system, and a 3-channel power amplifier. Three pairs of excitation 

windings wound around the six yokes of the tester are used to produce 3D magnetic flux 

in the material sample, which is located in the tester center. By controlling the magnetic 

excitations in three axes, i.e., the magnitudes and phase angles of excitation currents, the 

tester is capable of producing various flux patterns, such as 1D alternating in any specified 

orientation, 2D circularly or elliptically rotating in a plane tilted for a specified angle from 

an axis and rotating in a 3D pattern with the loci of the B vector tip forming a specified 

surface, according to the measurement requirement [154]–[157]. As seen in Figure 3-7 

and Figure 3-8, a sample of the testing material is put in the middle of the testing system, 

in which a 3D vectorial magnetization is generated by the currents passing the three 

excitation coils. 

The magnetic flux density (B) and magnetic field strength (H) sensing coils are employed 

to measure the B and H components at three axes. As shown in Figure 3-9, on each surface 

there are two H coils for measuring the two H components tangential to the surface, and 

for each axis four coils are connected in series. Three B coils are wrapped around the 

sample for measuring the B components along three axes. 
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Figure 3-9 A cubic material sample with B and H sensing coils. 

By measuring the induced electromotive force of the sensing coils, the B and H 

components along each axis can be worked out by: 

1
i

i

i B
B

B V dt
K

= 
                                                 (3-39) 

0

1
i

i

i H
H

H V dt
K

= 
                                               (3-40) 

where i = x, y, z, KBi and KHi are respectively the constants of the B and H coils, and the 

coefficients are determined by calibration [158]. 

When the B and H values have been obtained, the sample core loss Pt in W/kg can be 

computed according to Poynting’s theorem by: 

0 0

1 1T T
yx z

t x y z
m m

dBd dB dBP dt H H H dt
T dt T dt dt dt 

 
=  = + + 

 
 

BH              (3-41) 

where T = 1/f is the excitation period, f is the excitation frequency, and m is the mass 

density of the sample material. 

The prediction of B from H or vice versa is necessary for magnetic field analysis of 

electrical machines. Michelakis et al. proposed a 3D moving vectorial Preisach-type 

model of hysteresis for magnetic material composed of uniaxial interacting particles 

[159]. Zhong et al. presented a 3D vector magnetization model based on the 3D Stoner–

Wohlfarth element operator, in which a phenomenological mean-field approximation was 

used to consider the magnetic interactions among particles [160]. Cardelli et al. extended 

their study on 2D vector hysteresis operator to a 3D case [161]. Li et al. presented a 3D 

magnetic hysteresis model based on a 3D operator according to the minimum energy 

principle of a stable magnetization state [162]. 
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The term of magnetic reluctivity or permeability is usually applied to relate the B and H. 

For 1D alternating magnetic field, the B and H are in the same direction and the 

constitutive equation can be expressed as: 

=H B                                                         (3-42) 

The reluctivity ν is a scalar and its value may vary with the change of B, which is called 

magnetic nonlinearity. For 2D or 3D rotational magnetization, the reluctivity becomes a 

full 2D or 3D tensor [163]-[164], and the constitutive equation is, 

i ij j
j

H B=                                                       (3-43) 

where νij is the reluctivity tensor, i,j = x,y,z in Cartesian coordinates, or r,θ,z in cylindrical 

coordinates. 

The nine elements in the tensor can be obtained by a few measurements under 3D or 

quasi-3D magnetizations [163]. Then they can be used to solve the 3D magnetic field 

distribution in electrical machines [165]. 

3.3.4 Correlation Analysis 

In order to simplify the fitting process of iron loss coefficients, the Pearson correlation 

analysis method is employed to analyze the relationship between iron loss coefficients 

and multiphysics factors. The Pearson correlation coefficient RXY is defined as: 

( )
1

2 2

1 1

( )

( ) ( )

n

i i
i

XY n n

i i
i i

X Y
R

X Y

=

= =

− −
=

− −


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X Y

X Y

                                 (3-44) 

where X={Xi; i=1,···N} is the set of input variables, Y={Yi; i=1,···N} the set of 

corresponding output variables, and X  and Y  are the means of X and Y, respectively. 
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Moreover, the closer RXY is to 1, the stronger the correlation between the input and output 

variables. By taking advantage of the FEM data, the Pearson correlation coefficients 

between the iron loss coefficients, Kh and Ke, and the multiphysics factors at different 

operating speeds (from 500 rpm to 5500 rpm) are obtained, as shown in Figure 3-10.

It can be concluded that the hysteresis loss coefficient has a strong relationship with the 

stress, while the eddy current loss coefficient significantly depends on the temperature.

Finally, the proposed iron loss model considering the coupling effects of multiphysics 

factors can be summarized as:
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       (3-45)

where Kh(σ) and Ke(T℃) can be acquired by fitting the iron loss curves.

Figure 3-10 Correlations between Kh and Ke with temperature and stress.

3.4 Simulation Validations
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An IPMSM prototype for driving EVs is tested to verify the proposed iron loss predictive 

model. The specifications are listed in Table I. Moreover, the prototype is also simulated 

by a 2D time-stepping FEM in ANSYS, as shown in Figure 3-11. 

TABLE I Specifications of the IPMSM Used in EVs 

Items Values Items Values 

No. of poles 8 Core material 35WW360 
No. of slots  48 Core length 108 mm 
No. of phases 3 Stator outer diameter 196 mm 

Magnets per pole 2 Stator inner diameter 135 mm 
Rated power 20 kW Rotor outer diameter 134 mm 

Rated speed 3600 rpm Air-gap length 0.5 mm 
Maximum power 40 kW Tooth width 6.35 mm 

Maximum speed 5500 rpm Magnet width 19.5 mm 
Rated torque 53 Nm V-shaped angle 145° 
Maximum torque 180 Nm Phase resistance 0.0052 Ω 

3.4.1 Effects of Harmonics 

For the inverter-fed IPMSM, there are various harmonic components in the output voltage 

of PWM inverter [166]. However, the voltage or voltage harmonics would not directly 

generate the iron loss that is caused by the changing of magnetic flux density, since the 

magnetic field is generated by current according to Ampere’s Law [167]. In this case, 

when the motor is driven at 3000 rpm under load condition, the output current waveform 

of inverter is obtained. Figure 3-12 shows the carrier harmonic characteristics with the 

developed SPWM strategy based on sampling method [167]. As shown, the current 

waveform mainly contains the 5th, 7th, 11th, 13th and 19th harmonics, which are more than 

10% of the fundamental component. 
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Figure 3-11 2D FEM model of the IPMSM.

Figure 3-12 Output current waveform of PWM inverter.

In order to show the harmonic effects during iron loss calculation, the air-gap flux density 

waveforms with PWM current input are also obtained by taking advantage of the 

established 2D time-stepping FEA model, as shown in Figure 3-13. The magnitudes of 

the fundamental component and individual harmonics are calculated by using the discrete 

Fourier transform method, and the combined simulations of Simplorer and ANSYS can 

be utilized to obtain the airgap flux density with the sinusoidal and PWM supplies. As 

seen from Figure 3-13, because of the current harmonics, the flux waveforms are distorted 

significantly. Figure 3-14 gives the framework of the combined simulation model of 

Simplorer and ANSYS. It is worth mentioning that the magnetic field finite element 

analysis is conducted with the excitations of both the stator currents and rotor magnets.
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Figure 3-13 Predicted air-gap flux density waveforms. 

Figure 3-14 Framework of the combined simulation model of Simplorer and ANSYS. 

3.4.2 Effects of Multiphysics Factors 

Apart from the PWM harmonics, the temperature and stress field distributions of the 

stator in the IPMSM prototype are also analyzed via FEM. To estimate the temperature 

distribution, it is assumed that there is no heat exchange between stator and rotor while 

the mechanical compressive stress in the stator is calculated based on the theory of thick-

walled cylinders of elastic mechanics [168]. The FEM maps of temperature and stress 

field distributions at rated operating point are illustrated in Figure 3-15. It can be seen 

that the maximum temperature happens at the top of the tooth region and reaches 89 ℃, 

while the maximum stress exists at the bottom of stator slot and can be up to 90 MPa. The 

average temperature of the stator is about 60 ℃ and the average stress is around 50 Mpa. 

In order to precisely predict the iron loss of electrical motors based on the proposed 
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approaches, the data of the silicon steel sheets loss under different working conditions are 

measured by using the monolithic measurement method in the built 2-D magnetic 

property testing system, then utilized to calculate the loss coefficients at different working 

points (speed range of 500-5500 rpm with the interval of 500 rpm, temperature range of 

30-100 ℃ with the interval of 10 ℃, stress range of 20-90 MPa with the interval of 10 

MPa) through the Lsqcurve fit in Matlab software. Finally, when the stress values are 

determined, the 3D maps of loss coefficients shown in Figures 3-16 (a) and (b) can be 

obtained with the measured data under different working speeds and temperatures. When 

the temperature values are determined, the 3D maps of loss coefficients under different 

working speeds and stresses shown in Figures 3-16 (c) and (d) can also be fitted. 

The predicted loss coefficients, considering the coupling effects of multiphysics factors, 

can thus be substituted into (3-45) for iron loss calculation. As shown, when the 

temperature increases, the eddy current loss coefficient decreases significantly (about 

35%) while the hysteresis loss coefficient varies slightly (only around 2%). Meanwhile, 

Kh increases by 15% with the increase of stress, while Ke varies by only 1% with respect 

to the stress. 

(a) Temperature field distributions of stator (b) Stress field distributions of stator  

Figure 3-15 FEM maps of temperature and stress field distributions. 
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Figure 3-16 Predicted 3D maps of loss coefficients.

3.5 Experiment Comparison

The prototype stator and rotor structures, as well as the setup and operating principles of 

the integrated experimental platform, are illustrated in Figure 3-17. The control and 

measuring equipment including the control and drive circuits, the dynamometer, and the 

dynamic torque/speed sensors are mounted on the counter-towing experimental platform. 

Besides, a DC power supply is utilized for providing the desired DC power to the test

motor, an upper computer is used for writing the control program, an electrical control 

cabinet is employed to collect speed & torque data and simulate different load conditions, 

while an oscilloscope is applied for the data recording.

DC power 
supply

DC 
power

AC 
power

Oscilloscope 

Power analyzer

Electrical 
control 
cabinet

Upper computer

PWM control 
circuit

Date 
acquisition

DC

AC

AC
DC Converter

Grid

Test IPMSM

Speed & 
torque sensor

Load motor

Load setting

(a) Stator and rotor structure (b) Experimental platform

Rotor Stator

Prototype

(c) Operating performance of the experimental platform

Figure 3-17 Setup and operating principles of the integrated experimental platform.
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3.5.1 No-load Condition 

To verify the superiority in the prediction accuracy and the computational burden of the 

proposed iron loss analytical model, the iron loss of the IPMSM prototype under no-load 

condition is predicted by using the proposed model, then compared with the values 

obtained by the Bertotti separation analytical model and numerical FEM. In the 

calculation,  = 2 and CN = 0.41 hold. Meanwhile, for better comparison, the magnetic-

effect, temperature-effect, and stress-effect on the loss coefficients are considered in both 

the proposed model and the numerical FEM, while these factors were not given into 

considerations in the Bertotti model to show the original improvement of the proposed 

models. 

Three conditions are set for case studies, namely, ‘case (i): the temperature is fixed at 

30 ℃, and stress at 90 MPa, case (ii): the temperature is fixed at 30 ℃, and stress at 20 

MPa, and case (iii): the temperature is fixed at 100 ℃, and stress at 20 MPa’. Figure 3-

18 to Figure 3-20 illustrate the iron losses obtained by the three models at different motor 

speeds in the range of 500 - 5500 rpm, under the operating conditions of cases (i), (ii) and 

(iii), respectively. Since the speed ripples are relatively small, more attentions are paid to 

the iron loss performance under static operating state and the speed harmonics or ripples 

are neglected in the case studies. As seen from Figure 3-18 to Figure 3-20, the stator iron 

loss has a significant upward increase along with the speed increase. Meanwhile, the 

temperature rise and mechanical stress have non-ignorable impacts on the iron loss, which 

would be fully analyzed later. 

The error analysis between the analytical models and FEM, corresponding to Figure 3-18 

to Figure 3-20, is presented in Table II, where EMi and EAi (i = 18, 19, 20) represent the 

maximum and absolute average errors of iron losses which are relative to Figures 3-18, 

3-19 and 3-20, respectively. 
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Figure 3-18 Comparative results of iron losses under case (i).

Figure 3-19 Comparative results of iron losses under case (ii).

Figure 3-20 Comparative results of iron losses under case (iii).

TABLE II Error Analysis of Figures. 3-18, 3-19 and 3-20

Items EM11 EA11 EM12 EA12 EM13 EA13

Bertotti 23.68% 17.90% 24.27% 17.85% 24.34% 16.35%
Proposed 3.53% 2.95% 3.59% 3.03% 3.30% 2.73%
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As shown, under different working modes, the maximum errors between the iron loss 

calculated by the proposed approach and the values obtained by FEM are 3.53%, 3.59% 

and 3.30% for cases (i), (ii) and (iii), respectively, while the absolute average errors are 

all within 3.03% in spite of the effects of temperature and stress. For Bertotti method, the 

maximum errors exceed 23.68% and the absolute average errors are all greater than 

16.35%. Moreover, the proposed method took only a few minutes for iron loss calculation, 

while the FEM required about 56 minutes. The results illustrate very well the superior 

performance of the proposed models in accuracy and conciseness of iron loss prediction 

with no-load condition. 

3.5.2 Load Condition 

Although the results under no-load condition indicate that the proposed model is efficient 

for the iron loss prediction of IPMSMs, the PWM carrier harmonics are not fully 

considered. For better verification, the measured iron losses of the prototype are 

compared with those predicted by the FEM, the method considering PWM and slotting 

harmonics [169], and the proposed model in terms of different input phase currents of 64 

A, 180 A, 285 A and 588 A with the average temperature and stress. The PWM effects 

are considered in all the prediction methods, while the coupling effects of temperature 

and stress on the loss coefficients are only involved in the proposed methods to clearly 

verify the contributions of this work. Taking advantage of the simple structure, fast 

dynamic response and strong robustness, the FOC strategy [170] is used to carry out the 

experiments, aiming to achieve the maximum torque per ampere. It is worth mentioning 

that the iron loss of the prototype cannot be measured directly with the experimental 

platform. The IPMSM mainly contains four kinds of losses, i.e. the iron loss, copper loss, 

mechanical loss and stray loss. The copper loss can be calculated based on the phase 

current and winding resistance. The mechanical losses are determined through a so-called 

dummy rotor method which was successfully employed in our publication [171]. In this 

scheme, the motor rotor is replaced by a wooden rotor with a similar shape as the real 

rotor. Assuming that the mechanical losses with the two rotors are the same under the 

same speed, then the mechanical loss of the test motor at various speeds can be obtained 
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as the input power of the drive motor since there is no magnetic field, induced voltage 

and current in the stator, i.e. no iron loss or copper loss. The stray loss is empirically 

assumed to be 1% of the output power. Thus, the iron loss of the prototype can be 

calculated by: 

ironM inputM copperM mechM outputM strayMP P P P P P= − − − −                   (3-46) 

where PtotalM and PoutputM are the measured input and output powers, while PcopperM, PmechM 

and PstrayM are the derived copper loss, mechanical loss and stray loss based on the 

experimental data. 

To make the mechanical loss data more convincing, we carried out experiments to 

measure the mechanical losses at any speed for three times, and determined the 

mechanical losses by the means. Figure 3-21 shows the measured mechanical loss curve 

with motor speeds. Then, the comparative experimental results are obtained with (3-46) 

and illustrated in Figure 3-22. The error analysis between the measured iron losses and 

the predicted values is presented in Table III, where EMj and EAj (j = 64, 180, 285 and 

588) represent the maximum and absolute average errors of iron loss which are relative 

to those measured by the experimental platform under 64 A, 180 A, 285 A and 588 A 

phase currents, respectively. 

As shown in Table III, with different phase current inputs, the maximum and absolute 

average errors of the measured iron losses and the values calculated by the proposed 

model are less than 5.85% and 4.71%, respectively, which are around 45% of the errors 

for the numerical FEM. The computational times are also much shorter. Although the 

method in [169] takes little computational time as the propose models, the maximum and 

absolute average errors compared with the measured values are bigger by 11.62% and 

11.41%, respectively, regardless of the current inputs. Owing to the loss separation error 

and the unaccountable influence of temperature and stress, there is a deviation of about 

10% between the iron losses obtained by the FEM and experiment measurement. 

Moreover, taking advantage of considering the multiphysics factors, especially the PWM 

harmonics, the proposed model has better prediction accuracy than FEM. All the results 

show the satisfactory performances of the proposed iron loss model under load conditions. 

The visible relationships between these multiphysics factors and the final iron loss are 

also revealed through the improved iron loss prediction model. 
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Figure 3-21 Measurement results of mechanical losses.

Figure 3-22 Comparative results of iron losses under different speeds and phase current 

conditions.

TABLE III Data Analysis of Figure 3-21

Items FEM Proposed Method in 
[169] Items FEM Proposed Method in 

[169]

EM64 10.91% 4.95% 13.03% EM285 10.66% 5.39% 12.87%
EA64 9.61% 3.56% 12.84% EA285 9.44% 3.89% 12.68%

EM180 10.39% 5.22% 12.99% EM588 9.37%  5.85% 11.62%

EA180 9.21% 3.80% 12.81% EA588 8.72% 4.71% 11.41%
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3.5.3 Various Conditions

In order to illustrate the coupling effects of multiphysics factors, the control variable 

method is utilized for analyzing the single temperature-effect, and stress-effect on the 

final iron loss value of the IPMSM. Based on the verifications outlined above, the iron 

losses under varying temperatures and stresses are calculated by using the proposed 

model and given in Figure 3-23. The current is fixed at 180 A and motor speed at 3000 

rpm.

As shown, the iron loss decreases by a range of 15.20% when the temperature increases 

from 30 ℃ to 100 ℃, while the iron loss value increases by 10.03% with the expansion 

of stress from 20 MPa to 90 MPa. Results indicates that the loss coefficients are not only 

affected by the frequency but also strongly related to the temperature rise and mechanical 

stress.

Figure 3-23 Iron losses under varying temperatures and stresses.

3.6 Conclusion

Aiming at the coupling effects of multiphysics factors, an improved iron loss prediction 

model for IPMSMs, used in EVs, is proposed, which accounts for the slotting harmonics, 

PWM harmonics, temperature and stress influences. The accuracy and superiority of the 

proposed model is verified by comparing its results with the results obtained by 
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experimental testing, FEM, and the Bertotti methods on an IPMSM prototype. The main 

conclusions are as follows. 

i) The proposed model has good performance for iron loss prediction. Under no-

load conditions, a comparison with the FEM results shows that the maximum 

and absolute average errors are less than 3.59% and 3.03%, respectively, in 

the case of varying motor operating speeds, temperatures and stresses. Under 

load conditions, the comparison between the iron loss results of experimental 

measurement and theoretical prediction by the proposed model also shows a 

very small error that accounts for only 45% of the errors for the numerical 

FEM. Moreover, the computational cost can also be greatly reduced. 

ii) The iron loss is affected by the slotting harmonics, PWM carrier harmonics, 

temperature rise, and mechanical stress. Specifically, the eddy current loss 

coefficient is mainly related to the thermal field, and the hysteresis loss 

coefficient has a strong dependency on the stress field. Furthermore, the iron 

loss increases when the stress increases, while the iron loss reduces when the 

temperature rises. 

The results of this work may provide useful references for not only the accurate iron loss 

prediction but also multiphysics design optimization of PM motors. Future works 

including the validation works of different types of PM motors under extreme working 

conditions can be conducted to improve the proposed iron loss prediction model in 

adaptability. 
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Chapter 4  

Improved ECM-Based Loss Minimization 

Control Method 

4.1 Introduction 

Recent work has highlighted the strong interdependencies among components in electric 

drive systems and the advantages of optimizing the system as a whole, encompassing 

both the motor and controller [172]. Therefore, identifying optimal parameters for the 

entire system, rather than separately optimizing the motor and controller and then 

assembling them into their respective applications, holds great significance. The design 

optimization of EV drive systems at system level typically involves two main parts, 

namely, the design analysis and the performance optimization [173]. For the design 

analysis, accurate loss calculation is crucial in efficiency optimization. Researchers have 

also conducted substantive works on the efficiency optimizations of various types of 

electric machines and drives [174]. However, the loss models in these achievements only 

include two main electromagnetic losses, i.e., motor core loss and copper loss, without 

enough consideration of the losses aroused by the control system, resulting in restrictions 

on system efficiency improvements. 

More specifically, for the motor side, the computation of core losses can be rather intricate 

and challenging, primarily due to the nonlinear characteristics of core materials and the 

complex magnetic field distributions [175]. The use of the Bertotti model in FEA has 

proven effective for accurately calculating core loss [176]. However, FEA is time-

consuming, particularly in the iterative design optimization of PMSMs with complex 

structures [177]. Recently, to lower computational expenses, alternative methods for 

calculating core loss based on analytical models have been suggested [178]-[179]. Among 

them, the ECM enables engineers to streamline motor design and optimization. By fine-

tuning the parameters, the ECM can consider multiple factors influencing core losses and 

accelerate the design process [180]. However, to the authors’ knowledge, in the 
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conventional ECMs for PMSMs [181], the omission of core loss leads to considerable 

calculation inaccuracies, limiting its applicability in high-speed and high-torque/power-

density PMSMs. While some researchers, such as Hu et al. [182] and Ito et al. [183] have 

attempted core loss modelling within the ECMs, modern PMSMs are extensively 

employed in variable-speed scenarios, and the single-valued equivalent core loss 

resistance model cannot accurately predict core loss across a wide range of speeds and 

loads. Furthermore, the existing ECM structural configurations face challenges in 

faithfully simulating the rotational magnetization behaviours of core materials. 

For the controller part, numerous control methods, including FOC [184], DTC [185], and 

MPC [186], have been developed and optimized at the controller level. However, they 

have seldom been integrated with motor design optimization, such that the desired overall 

system performance and efficiency cannot be guaranteed. Given the widespread 

applications of electric drive systems, with over half of globally generated electricity used 

for motor operations, energy saving and efficiency optimization control are effective 

methods to enhance motor drivers’ efficiency, in addition to optimizing motor structural 

design. Efficiency optimization control methods for PMSMs can be typically categorized 

into three types, i.e. maximum torque per ampere (MTPA) control, online search control 

with minimum input power, and model-based loss minimization control [187]. 

Among them, the online search control method exhibits strong robustness and 

adaptability to variations in motor parameters. However, because of the real-time 

computation of electrical losses combined with the iterative optimization process, this 

method can lead to a substantial computational burden due to exhaustive exploration 

[188]. When motors operate at relatively low speeds and the copper loss dominates the 

whole losses, the MTPA strategy becomes a good option for efficiency optimization. It 

minimizes copper losses by optimizing the d-axis and q-axis currents, with the operating 

point nearest to the maximum torque value. Therefore, in the synchronous reference 

frame, at the MTPA point, the derivative of torque with respect to the load angle should 

be derived as (4-1). 

2 2 2
1 8( )

cos
4( )

PM PM d q s
MTPA

d q s

L L i
L L i

 
 −

 − + + −
=  
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                                 (4-1) 
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                                         (4-2) 

For describing copper losses in terms of stator currents, we can make (4-1) equal zero to 

find the stator current references that achieve the minimum copper loss. Namely, the 

specific d-axis and q-axis current references can be obtained for a given torque, thereby 

minimizing copper loss. But the MTPA method holds the drawback in direct neglect of 

iron loss, thereby it is only preferable to design a control method that is less sensitive to 

the accuracy of iron loss measurements [189]. 

The principle of model-based loss minimization control involves integrating equivalent 

iron loss resistances into the PMSM’s equivalent circuits. By minimizing both copper and 

iron losses, the optimal d-axis current can be obtained. This method can achieve globally 

optimal efficiency and offer advantages such as smooth control and fast response, which 

has been applied to the efficiency optimization control of PMSMs in various industrial 

fields. As is well known, to implement the model-based loss minimization control, an 

accurate loss model is very critical. However, the loss models in most existing 

achievements only include two main electromagnetic losses, i.e., motor iron loss and 

copper loss, without giving enough consideration of the losses associated with the inverter, 

while the iron loss model is not sufficient, resulting in restrictions on system efficiency 

improvements. 

In summary, loss minimization control based on mathematical models, in addition to 

motor topology optimization, is a highly effective method to enhance the drives’ 

efficiency. It considers multiple types of losses, in contrast to the MTPA method, which 

only addresses copper loss. Moreover, it is more computationally efficient, without the 

need for convergence requirements, making it readily implementable in controllers 

without additional hardware demands [190]. However, most mathematical models for 

loss control in PMSMs may not fully address core losses or control-related losses. 

This chapter aims to present an improved ECM-based loss minimization control consid-

ering the losses in both motor and control units, which is integrated into the scheme for 

not only simplifying optimization process, but also better-ensuring efficiency 

improvement. Moreover, rather than focusing on individual components, this work takes 

a comprehensive view of the entire system, allowing full concern of complex interactions 
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between motor and controller, ensuring that all elements work in synergy to achieve 

enhanced overall system performance. Specifically, a generalized equivalent circuit 

model with a novel topology that considers rotating magnetization effects is first proposed 

to accurately predict the core loss of PMSMs under both no-load and loaded conditions.  

The improved model with updated topology incorporates variable equivalent resistances 

for hysteresis, eddy current and anomalous losses, together. Moreover, based on the 

proposed ECM, a system-level loss model of the PMSM drive system is established for 

the loss minimization control and thus the optimization scheme, where high-order 

formulas and radical calculations can be iteratively solved online by a numerical approach.      

4.2 System-Level Loss Model 

Efficiency/loss, regarded as a pivotal factor, holds significant influences on optimal 

solutions and demands precise modelling. Considering that the electrical loss of control 

units also plays a decisive role in system efficiency, the system-level loss model for a 

specific PMSM drive system is formulated as follows. 

total Cu Fe InvP P P P= + +                                                (4-3) 

where PCu, PFe, and PInv are the motor copper loss, motor core loss and inverter loss, 

respectively. 

The losses in a PMSM can be categorized as copper, core loss, mechanical, and additional 

losses. Among them, the non-dominant mechanical and additional losses are both very 

small relative to the total motor loss and they are difficult to measure and control [173]. 

Thus, only controllable electromagnetic losses (core and copper losses) are considered. 

For the control side, electrical losses in control units such as detection and control circuits, 

as well as the inverter, also impact system efficiency to some extent. For most common 

applications, like EVs, the losses in sensors and control circuits are negligible [177], and 

therefore Pinv is primarily considered in this work. 

ECM is an important tool used by engineers to understand and analyze the electrical 

characteristics of PMSMs. In traditional ECMs, the magnetic properties of the iron core 

are often overlooked [191]. However, in real-world applications, devices experience 

various losses, including iron losses which generate heat and thus affect overall efficiency 

and reliability. Thus, in our improved ECM, the iron loss resistances were incorporated, 
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aiming to provide a more accurate mapping of device behaviors under actual operating 

conditions. 

In this study, an improved ECM is proposed for PMSMs. As shown in Figure 4-1, the 

upgraded model incorporates three variable equivalent resistances (Ran, Re, Rh) in parallel 

to the back-emf in the q-axis circuit to separately represent the anomalous loss, eddy 

current loss, and hysteresis loss. This placement represents core losses induced solely by 

the PM flux, enabling the resistances to change with frequency for maintaining a precise 

analysis of core loss components with respect to working speed through parameter 

identification. Moreover, to describe additional core losses caused by the load current, an 

equivalent resistor Ri is employed in parallel with the electromotive force in the 

synchronous reactance induced by the armature currents in d- and q-axis, through which 

the PWM high frequency harmonics and the magnetic saturation effects caused by the 

load currents can all be considered. 

Rs Lq

V q

Iq

Imq

RhReRan

Ri

+ IchIceIcan

Iciq

Imiq

Rs Ld Imd

V d

Id

Ri

+ Icid

ωeLqImq

(a) d-axis

(b) q-axis

ωeLdImd

ωeΨf

 

Figure 4-1 Improved equivalent circuit considering core loss resistances. 

The proposed ECM model is updated and advanced based on an existing circuit model, 

introduced by Colby and Novotny [61]. As seen from Figure 2-5, an equivalent resistor was 

added in parallel with the internal voltage to predict iron losses. As the electromotive force is 

proportional to the magnetic flux or flux density, the iron losses of the motor can be 

approximated as proportional to the square of the internal voltage. Thus, the equivalent iron 

loss resistance can be determined from the no-load iron losses. As the armature current is 

nearly zero under no-load conditions, the voltage across the resistance equals the back 
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electromotive force or the terminal voltage. Then, the equivalent iron loss resistance can be 

obtained by (2-3). 

Despite the advantages of this kind of ECM, several issues still exist. For example, due to the 

rotor saliency, especially in IPMSMs, the d-axis inductance is not equal to the q-axis 

inductance [192]. Therefore, it is necessary to employ two equivalent circuits to account for 

the influence of the difference in d- and q-axis inductances. Secondly, most ECMs can only 

analyze the iron losses of PMSMs operating normally at synchronous speed. But in variable 

speed conditions, a single-valued equivalent resistance model would always fail to accurately 

reflect and compute iron losses [193]. Moreover, during the steady-state operation of a 

PMSM with a fixed terminal voltage, the iron losses computed from traditional ECMs 

typically remain almost constant across various loads, as the stator resistance is generally 

much smaller compared to the synchronous reactance. However, this contradicts the fact that 

armature currents may lead to extra iron losses [191]. 

Meanwhile, it should be noted that iron losses usually consist of three components, namely, 

hysteresis loss, classical eddy current loss, and anomalous loss. Each component varies 

differently with magnetic flux density and frequency. Specifically, hysteresis loss varies with 

the x (x = 1.6-1.9) power of magnetic flux density and linearly with frequency; classical eddy 

current loss varies with the square of magnetic flux density and frequency; and anomalous 

eddy current loss varies with the 1.5 power of magnetic flux density and frequency. When 

using linear equivalent resistors to calculate iron losses, the results typically provide 

reasonably accurate predictions at low frequencies and small magnetic flux density conditions. 

But when the motor operates at high speeds and larger stator currents, the magnetization 

characteristics of the iron core become nonlinear. Additionally, the proportion of classical 

eddy current loss in total iron losses increases. In such cases, using linear equivalent resistors 

to calculate motor iron losses may lead to significant errors. 

To address these issues, in the proposed ECM, each iron loss component is considered 

separately, and three equivalent resistors (Rh, Re, and Ran) that can vary with frequency are 

defined to describe the hysteresis, eddy current, and anomalous losses under no-load 

conditions, respectively. These resistors are directly connected in parallel to the induced 

electromotive force in the q-axis and represent the iron losses induced solely by the PM flux. 

As for load conditions, the load current flows through armature winding, and the magnetic 

flux within the motor is actually a combined result of the flux generated by the PMs and the 
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flux generated by the load current. Additionally, due to the magnetic saturation, the total 

magnetic flux does not increase linearly with the load current. For example, in [193], the load 

iron loss of a three-phase PM claw-pole motor was calculated by the ECM of Figure 2-5. 

Assuming that the equivalent resistance Rc is linearly related to speed, (4-4) can be used to 

compute the load iron loss. It can be seen that as the load or armature current increases, the 

iron losses increase. However, this formula may significantly overestimate the additional iron 

losses due to the armature current. In fact, due to magnetic saturation, the total flux does not 

increase significantly, and the additional iron losses are mainly caused by flux waveform 

distortion. In this case, to describe the additional iron losses caused by the load current, an 

equivalent resistor Ri is employed in parallel with the electromotive force in the synchronous 

reactance induced by the armature current in d- and q-axis. This resistor is added to carry a 

portion of the input current that accounts for the additional iron losses caused by the load. 

( )
222

23 3x
c

c c

E XIVP
R R

+
= =                                           (4-4) 

The meanings of the variables in (4-4) are explained in Figure 2-5. 

According to the proposed ECM, mathematical models are employed to derive equivalent 

circuit representations of d- and q-axis voltages and currents. 
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                                (4-6) 

where Vd and Vq represent the d- and q-axis terminal voltages, Ld and Lq are the d- and q-

axis inductances. Ψf, Ψd, and Ψq stand for the PM and d-axis, q-axis flux linkages. Rs is 

the resistance of armature winding, ωe the rotor speed in electrical angular frequency, and 

p the differential operator (=d/dt). Id and Iq denote the d- and q-axis armature currents, 

Icid and Iciq are the d- and q-axis load core loss currents, Imd, Imiq, and Imq are the d- and q-

axis magnetizing currents, and Ican, Ice, and Ich are the currents flowing through the 

resistances Ran, Re, and Rh. 
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The electromagnetic torque Tem can be determined by the following equation, where np is 

the number of pole pairs. 

( )
3 3 [ ( ) ]
2 2em p d q q d p f d q d qT n I I n L L I I  = − = + −                      (4-7) 

Using (4-8), the ECM allows for the estimation of the copper loss PCu, no-load core loss 

PFe_N, and load core loss PFe_L. 
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The inverter is a critical component that converts DC power into AC power to drive the 

motors. During this process, some losses occur due to the switching operations and 

current flow in the electronic components. Thus, the inverter losses can usually be 

calculated with switching loss and conduction loss. 

2
1 2Inv rms rmsP m I m I= +                                              (4-9) 

where m1 and m2 are the inverter loss coefficients that depend on the specific inverter 

design, topology, and operating conditions. Irms is the magnitude of inverter output current, 

and, 

2 2
drms qII I= +                                                   (4-10) 

Then, combining (4-3), (4-8), (4-9) and (4-10), the system-level loss model for a PMSM 

drive system is obtained as (4-11). Given that the no-load losses can also be calculated 

using (4-11), this paper focuses solely on presenting the system-level loss model under 

load conditions. 
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4.3 Loss Minimization Control 

Based on (4-11), a revised loss minimization control method is synthesized to improve 

the drive system efficiency, in which the relationships between Tem, Id and Iq are derived 

to minimize the system losses. Meanwhile, the currents Icid, Iciq, Ican, Ice, and Ich need to 

be eliminated or replaced for the implementation of loss minimization control. 

For eliminating Ican, Ice and Ich, based on Figure 4-1 (b), the power loss in Ran, Re and Rh 

can also be calculated via: 
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                                        (4-12) 

where CFe donates the equivalent core loss conductance. 

Also, according to the circuit principles shown in Figure 4-1, the current equation of (4-

6) can be updated as: 
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                                 (4-13) 

Then, the unknown variables Imd and Imq can be derived as: 
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In combination with (4-11), (4-12) and (4-15), the system-level loss model with respect 

to Id and Iq can thus be calculated via: 
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To simplify the following calculation, we define, 
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         (4-17) 

Then, by substituting (4-7) and (4-17) into (4-16) to eliminate Iq, the system-level loss 

model of a PMSM drive system considering load loss can be expressed with: 
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             (4-18) 

As the loss minimization control of an electric motor is usually targeted towards load 

rather than no-load conditions in practice, and hence (4-18) is used for the control law 

derivation. As seen, the total power loss is a function related to Id, ωe and Tem, with known 

parameters like inductances, resistances, PM flux linkage, and number of pole pairs. 

During steady-state operation, the losses in PMSMs mainly arise from resistance and core 

losses. By employing a good control strategy, it is possible to minimize these losses and 

achieve high efficiency in practical applications. During transient operations, like start-

up, acceleration, deceleration, or sudden load changes, the motor parameters experience 

instantaneous variations. In such situations, the control becomes complex, and the 
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transient loss is challenging to estimate and control accurately. Thus, PMSM drive 

systems working in steady-state are primarily investigated. 

In steady-state operation, ωe and Tem can be taken as fixed, and the power loss is only 

related to Id. That is, if dPtotal_L/dId = 0 is satisfied, the minimum loss of PMSMs can be 

realized. Then, based on (4-18), making dPtotal_L/dId = 0, one has: 
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It is seen that (4-19) is a complicated nonlinear equation about Id, such that it is very 

difficult to solve the function Id = f(Tem) conveniently to realize the loss minimization 

control. Thus, for simplifying computation, (4-19) is further written as: 
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As seem, (4-20) looks compact and the non-linearity also leads to difficulty in solving 

dPtotal_L/dId = 0 analytically. Consequently, the numerical Newton–Raphson search 

method [194] is employed to obtain the solution of (4-20). The iteration formula is, 
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where Tem(k) is the approximate solution at the kth iteration.

With the solution of (4-20), the relationship between Tem and Id is described, based on 

which the functions Id = F(Tem) and Iq = F(Tem) can also be acquired with the numerical 

polynomial fitting method.

Therefore, the specific control diagram of the proposed loss minimization control method 

is given as Figure 4-2. In the control scheme, a proportional-integral (PI) regulator is 

employed to determine the optimal reference torque *
emT by calculating the difference 

between the reference and actual speeds. The reference d-axis and q-axis currents ( *
dI

and *
qI ) are determined using polynomial functions based on (4-20) - (4-22). The PWM 

controller is then employed to drive the inverter, effectively controlling the PMSM, 

aiming to enable the motor to operate efficiently and meet the desired loss minimization 

requirements.
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Figure 4-2 Block diagram of the proposed loss minimization control method.

4.4 Experiment Validation

Testing is performed on a 48-slot 8-pole V-type IPMSM prototype designed for EVs to 

validate the proposed approaches. It should be noted that all experiments were conducted 

under the sinusoidal PWM technique to obtain a sinusoidal output waveform. Effective values 

are used here, and the load equivalent resistance Ri is defined to be equal in both the d- and 

q-axis due to the symmetry of the circuit. This equivalent load resistance allows for the 

incorporation of complex factors that are challenging to model, including high-frequency 

harmonics, friction, and temperature variations, through the process of parameter 

identification.
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4.4.1 Loss Analysis 

Using the proposed ECM, the no-load iron loss PFe_N can be calculated as: 

2
_ 0

3 1 1 1( )
2Fe N

h e an

P E
R R R

= + +                                        (4-23) 

where E0 is the back electromotive force. 

At the same time, the no-load iron losses of a PMSM can also be estimated using the Bertotti 

model. 

2 1.5
_Fe N h e anP K n K n K n= + +                                        (4-24) 

where n is the motor speed, Kh, Ke, and Kan are the iron loss coefficients. 

In combination with (4-23) and (4-24), one can get: 
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= + + = + +                     (4-25) 

As known, the back electromotive force E0 = 4.44fNϕm, where f = nnp/60, np is the number 

of pole pairs. For our design, the number of poles is 8, and E0 = 0.0296nNϕm. In order to 

determine Rh, Re, and Ran, the no-load iron losses under different working speeds were 

obtained, based on which the loss coefficients can thus be fitted as Kh = 1.854×10-3 W/rpm, 

Ke = 2.253×10-6 W/(rpm)2, and Kan =6.004×10-4 W/rpm. The fundamental magnetic flux 

per pole can also be worked out as 2.048 mWb, while the number of turns of one phase 

winding was obtained as 48 by: 

c
w

ZNN
ma

=                                                  (4-26) 

where Z = 48 is the number of stator slots, Nc = 3 the number of coil turns, m = 3 the number 

of phases, and a = 1 the number of winding branches. 

Furthermore, according to (4-25), it can also be deduced that Rh is a linear function of motor 

speed n, Re is a constant, and Ran is proportional to the square root of n in this case. Finally, 

we can get that Rh = 0.685n Ω, Re =563.71 Ω, and Ran = 2.1153n0.5 Ω. 
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For load conditions, to describe the additional iron losses caused by the load current, an 

equivalent resistor Ri is employed to carry a portion of the input current that accounts for the 

additional iron loss caused by the load. To determine the value of Ri, the motor iron losses 

under various load currents and speeds were figured out. Then, according to the improved 

ECM in Figure 4-1, the relationship among load current, speed, and the additional iron loss 

can be expressed as: 

2 2
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e q mq e d md
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L I L IP
R R

 
= +                             (4-27) 

Moreover, by observing the additional iron loss versus load current and speed curves, 

assuming that the additional iron loss is proportional to the square of the load current and 

motor speed, then, as for the prototype designs, the relationship (4-27) can be obtained by 

fitting methods. Finally, Ri can be calculated as 106.4069 Ω by 1.5(ωeLd)2/Ri. 

On the other hand, in our previous work [191], an improved iron loss analytical prediction 

model considering the effects of slotting harmonics and PWM carrier high-frequency 

harmonics was developed. Meanwhile, by measuring the magnetic properties of stator 

materials, temperature- and stress-dependent loss coefficients were obtained. However, 

compared to the model in [191], the presented ECM possesses advantages in computational 

complexity and implementation process, such that it was utilized to derive loss minimization 

control law in this manuscript. To demonstrate the effectiveness and accuracy of the proposed 

ECM under various operating points, a series of experiments were conducted, in which the 

iron losses of the IPMSM prototype were measured, and then compared with the values 

obtained by FEM, the improved analytical model in [191], and the proposed ECM. 

Finally, the comparative results of core losses under both no-load and load (rated input 

current) conditions are obtained as Figure 4-3. As shown, under no-load condition, as the 

resistances including Ran, Re, Rh are all fitted with actual loss data, the core loss values 

predicted with the proposed ECM are relatively close to those measured with the IPMSM 

prototype at different working speeds. Both the maximum and absolute average errors are 

below 2%, compared to the measured core loss values, which are smaller than the FEM 

results and accounting only around one third of the method in [191]. Under load condition, 

as seen from Figure 4-3 (b), because the model in [191] has considered coupling effects 

of multiphysics factors like harmonics, temperature rise and mechanical stress, it can 

predict the load core loss with high accuracy (within 5.22%). Moreover, the core loss 
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calculated with the proposed ECM also shows satisfactory prediction stability and 

accuracy. The maximum error is only 5.08%, while the absolute average error accounts 

for 3.74%, which are both only around 40% of the errors for the numerical FEM. All the 

results well-verify the effective performance of the proposed EMC for predicting no-load 

and load core losses of IPMSMs.

Figure 4-3 Comparative results of core losses obtained with various models.

4.4.2 Proposed ECM Model

The ECM can be used not only to calculate the losses of the motor but also to accurately 

determine the torque. This is crucial for motor design and application, as torque is one of 

the key performance indicators for measuring the motor’s ability to drive loads. In 

conventional ECMs, the motors are usually idealized as lossless, and the electromagnetic 

torque Tem can be modeled as (4-7). 

In the proposed ECM, the introduction of iron loss resistance components will cause changes 

in circuit currents, thereby affecting electromagnetic torque. Actually, the improved ECM 

with loss resistances is more realistic and can provide more accurate calculations of 
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electromagnetic torque. In this case, the torque calculation formula for the proposed ECM 

model should have been modified as:
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In this study, before deriving the loss minimization control model, the authors have employed 

the proposed ECM model shown as (4-29), to calculate the mechanical characteristic curves 

of motor speed versus output torque, and then compared the data to those obtained by the 

electromagnetic torque model given as (4-7), and measured with the experimental prototype. 

The results are given as Figure 4-4. As seen, the adscititious iron loss resistances introduce 

additional physical phenomena and energy conversion processes. Therefore, when 

calculating the electromagnetic torque, the model of (4-29) can provide a bit more accurate 

and reliable results. However, the calculation results of ECMs when considering and not-

considering the losses are quite close, and the errors are within a controllable range 

(maximum deviation is 3.21%, while average deviation is 2.76%) under various working 

conditions. More importantly, although the model in (4-29) is more accurate, it is also more 

complex and requires more circuit parameters to describe the physical characteristics. For 

establishing the loss minimization control model, using (4-29) would significantly increase 

the computational complexity. Thus, in order to balance the accuracy and computational 

efficiency, this work used the simplified model (4-7) for eliminating Iq in the system-level 

loss model.

Figure 4-4 Comparative results of PMSM mechanical characteristics with fixed DC link 

voltage.
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4.4.3 Improved Loss Minimization Control

An improved loss minimization control method was designed in this work. The proposed 

approach integrates a system-level loss model based on the enhanced ECM model, in which 

the iron loss, copper loss and inverter loss are all considered simultaneously, as shown in (4-

16). It is seen that in steady-state operation, ωe and Tem can be taken as fixed and the power 

loss is only related to Id. That is, if dPtotal_L/dId = 0 is satisfied, the minimum loss of PMSMs 

can be realized. Similar with MTPA, through solving dPtotal_L/dId = 0, given as (4-20), the 

functions Id=f(Te) and Iq=f(Te) can be obtained.

Considering that the performance of the proposed loss minimization controller 

significantly influences the following design optimization of the PMSM drive system, 

three groups of comparative experiments are demonstrated, in which the loss control 

performance of the proposed controller is deeply analyzed and compared with those 

obtained with traditional FOC and MTPA methods. The results concerning loss indicators

are all given as Figure 4-5.

Figure 4-5 Comparative results of loss performances with various controllers.

As shown, under different working loads, using the proposed loss minimization controller, 

the PMSM drive system has the minimum motor loss, inverter loss and whole drive 
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system loss. Compared to FOC, the motor, inverter and system losses can be reduced by 

about 4.76 %, 7.42% and 4.59%, respectively, while the three loss indicators can be 

reduced by about 2.21%, 9.15% and 3.53%, compared to the MTPA method. The 

superiority of the proposed controller in efficiency improvement is verified. 

4.5 Conclusion 

This work proposes a comprehensive loss model for a PMSM system that includes both 

motor and inverter losses, and it develops an improved minimum loss control strategy to 

minimize steady-state drive losses. First, based on the mathematical model of the IPMSM 

drive system, the relationship between electromagnetic torque and dq-axis currents is 

derived using an equivalent transformation method to minimize electrical losses. Then, 

the reference dq-axis currents are calculated using a polynomial fitting method. The 

proposed overall strategy has been successfully applied to a 20 kW PMSM drive 

prototype system. Numerical simulations and experimental tests validate that, in steady-

state operation, the proposed strategy effectively reduces motor, inverter, and total losses 

at various speeds and loads compared to MPTA and FOC controllers.
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Chapter 5 

 System-Level Design Optimization for An 

IPMSM Drive System of Electric Vehicles 

5.1 Introduction 

Designing and optimizing electric drive systems for enhanced performance and higher 

efficiency is urgent and significant, garnering considerable innovation investments and 

research focus [195]. While researchers have made substantial efforts to optimize PMSMs 

and drive systems, technical challenges in complex operating conditions for EV drive 

systems remain [196]. First, existing design optimization has predominantly employed 

single-objective approaches, and to fully exploit optimization benefits, a shift towards 

multi-objective optimization is crucial to achieving a balanced set of performances [197]. 

Furthermore, previous optimization methods have often focused on component-level 

enhancements, which may not always lead to the overall optimization of the entire drive 

system [195]. Modern systems demand specific, integrated design and optimization to 

support multiple performance indicators effectively. 

The effectiveness of system-level performance optimizations depends highly on the 

accuracy of the developed models and the efficiency of the optimization strategies 

employed. For the optimization models, multi-objective optimization is quite suitable for 

optimizing PMSM drive systems as they typically involve multiple performance metrics, 

like efficiency, torque, response time, current waveform quality, cost, and reliability [198]. 

Furthermore, these metrics are often interrelated and may present trade-offs and conflicts. 

Several intelligent algorithms, like MOGA [199], NSGA and NSGA II [200], and MPSO 

[201], effectively address non-inferior Pareto optimums. Despite their global 

optimization advantages and robustness, their application in electric drive system design 

optimization is hindered by limited calculation efficiency, particularly in handling high-

dimensional FEMs. A novel multi-level optimization strategy can be explored to 

overcome these challenges with enhanced optimization for conflicting parameters.  



 

92 

To address these challenges and better optimize the sensitive parameters, some improved 

optimization strategies have been developed. Crevecoeur et al. [202] and Gong et al. [203] 

introduced space mapping methods for the design optimization of electrical machines, in 

which the optimization issues can be conducted in the coarse model space only. However, 

the undesirable accuracy of the coarse model leads to optimization solution errors. 

Considering the unnecessary waste of computation cost that comes from the samples 

outside the interested subspaces, Lebensztajn et al. [204] and Lim et al. [205] reported 

space reduction sequential optimization methods for multi-objective design optimization 

of electrical machines. Although the sequential optimization method is efficient to reduce 

the samples of single- and multi-objective optimization, the large amount computation 

cost of FEM still exists in high-dimensional optimization problems, as the design 

parameters are not simplified. In our previous publications [206]-[208], a novel multi-

level optimization method was investigated, by which the initial big and high-dimensional 

design parameter space is refined into several low dimensional subspaces by using 

sensitivity analysis methods to the covered parameters. As a result, the general 

optimization approximate models can be utilized in all sublevels to reduce the calculation 

complexity while maintaining optimization accuracy. 

In summary, this work aims to present a system-level design optimization strategy for 

PMSM drive systems using an improved ECM-based loss minimization control method, 

targeting to maximize the torque and efficiency, while minimizing the torque ripple and 

speed overshoot. The critical contributions are manifested as follows. (i) A system-level 

loss analysis model is derived considering both the motor and inverter/controller, which 

is beneficial to the following loss minimization controller construction. (ii) The system 

level optimization model is developed for both the electrical machines and control units 

to guarantee the optimal whole system level performance of an IPMSM drive system in 

EVs. (iii) After dividing the design parameters into four subspaces based on the Pearson 

correlation coefficient analysis, the multi-level strategy is employed to solve the 

optimization model for calculation burden reduction and accuracy improvement. 

5.2 Efficient Design Optimization 

In this work, we have meticulously crafted a framework that intricately connects motor 

design with control optimization within a holistic system-level optimization. As given in 

Figure 5-1, an entire system-level design optimization framework of electric drive 
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systems with a specific PMSM and control system is presented. As given, there are five 

key steps including 1) defining system requirements; 2) selecting the motor and controller 

types & topology; 3) initially designing the motor and controller types & topology; 4) 

establishing system-level optimization models as (2-8); and 5) optimizing the models of 

the whole electric drive system, including both the motor and controller. Meanwhile, 

employing an advanced multi-level strategy, we systematically optimize the model step-

by-step, focusing on specific subspaces within the whole parameter space. This 

hierarchical approach not only alleviates computational burden but also ensures optimal 

accuracy by efficiently exploring the design space and enhancing convergence towards a 

globally optimal solution.

System requirements and specifications 
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Selection/design of drive 
and controller 
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Thermal, Mechanical D
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Figure 5-1 Framework of system-level design optimization of electric drive systems.

In the context of PMSM drive systems, our methodology strategically prioritizes the 

optimization of motor parameters preceding loss minimization controller parameters. 

This strategic sequencing is grounded in the pivotal influence of motor characteristics on 

overall system performance, encompassing dynamic response, efficiency, and stability. 

By prioritizing the optimization of key motor parameters, we establish a robust 
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foundation for subsequent fine-tuning of controller parameters. This sequential 

optimization strategy, validated in our prior publications [209]-[210], facilitates seamless 

coordination between optimized motor characteristics and control algorithms, thus 

elevating the overall system performance. 

While our approach initially emphasizes motor design optimization followed by 

controller optimization, it is imperative to underscore the intrinsic interconnection 

between these processes within the used framework. Motor design and controller 

optimization are not conducted in isolation; rather, they engage in a symbiotic 

relationship throughout the optimization journey. At each iteration, motor parameters 

derived from the preceding optimization stage serve as pivotal inputs for refining 

controller parameters in subsequent stages. Moreover, the optimized controller 

parameters together with the motor parameters in this iteration, will also be employed as 

the new initial design values for the next iteration of optimization. This iterative 

refinement process ensures a tightly coupled optimization trajectory between motor 

design and controller parameters, fostering synergistic enhancement of the entire system. 

5.3 Multi-Objective Optimization with Multi-Level Strategy 

5.3.1 System-level Multi-objective Optimization Method 

Several steps are highlighted for system-level design optimization of drive systems with 

specific PMSMs and controllers in this work. 

Step 1: Define application-oriented system requirements including power, torque, speed, 

volume, weight, efficiency, etc. in allowed ranges based on the applications. 

Step 2: Select the motor and controller types & topology. The interplay between 

multiphysics and control aspects should be considered. As for EVs, IPMSMs have been 

increasingly considered as suitable driving units considering their advantages in terms of 

efficiency, torque density, and speed range. However, IPMSMs may face challenges 

when developing high-order loss minimization controllers due to the unequal d-axis and 

q-axis inductances and the complex torque expressions. 
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Step 3: Initially design the motor and controller types & topology, including but not 

limited to materials, dimensions, electromagnetic, thermal and mechanical characteristics 

for the motor level, and the control circuits and algorithms for the control level. 

Step 4: Establish system-level optimization models to accomplish the performance 

improvement for the whole system. In practice, the design requirements and optimization 

objectives of PMSM drive systems are complicated, and engineers prefer multi-objective 

optimization models to deal with the coupling effects among multiple factors. 

To guarantee system-level performances of the drive systems, a system-level multi-

objective model can be derived by combining the motor and controller design 

optimization models. 

min : ( ) ( , ), 1,..., ; 1,...,
. . ( ) 0, 1,...,
. . ( ) 0, 1,...,

s s mi cj m c

mi s m

ci s c

sl s su

f F f f i P j P
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= = =

 =

 =

 

x
x
x

x x x

                      (5-1) 

where xs = [xm, xc] is the decision variable set, xm and xc are the parameter vectors of 

motor level and control level, respectively, xsl and xsu are the lower and upper boundaries 

of xs, fs is the system-level objective, which is generally a function of motor level 

objectives fmi and control level objectives fci, Pm and Pc are the numbers of objectives, 

while Nm and Nc are the numbers of constraints in motor and control levels, respectively. 

All the objectives and constraints should be defined in advance according to the 

requirements/specifications of applications. 

Step 5: Optimize the models of the whole electric drive system, including both the motor 

and controller. 

Step 6: Evaluate the whole system’s performance. 

5.3.2 Multi-level Optimization Strategy 

The optimization models are often high-dimension problems, which leads to a huge 

computational cost for FEM and control simulation. To enhance the optimal efficiency, 

in this work, an advanced multi-level strategy is utilized, which optimizes the model step-

by-step by focusing on specific subspaces within the whole parameter space, thereby 
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reducing the overall computational burden while achieving satisfactory optimal accuracy. 

The flowchart of a multi-level optimization strategy for PMSM drive systems is outlined 

as Figure 5-2. The specific processes are illustrated as follows. 

Start-Problem defination

Sensitivity analysis for all the design parameter of HSPMM

Divide the initial design space into several subspace, X1, X2, X3, and X4
X1: All highly significant parameters

X2: All significant parameters
X3: All non-significant parameters

X4: All controller parameters

      optimization process
Optimization in X1

Parameters in X2, X3 and X4 are fixed

Optimization in X2
Parameters in X1, X3 and X4 are fixed

Optimization in X3
Parameters in X1, X2 and X4 are fixed

Performance 
evaluation

/ ?F F  

YES
Output

Update the parameters
in X2, X3 and X4

k = k+1

thk

NO

Motor

Optimization in X4
Parameters in X1, X2 and X3 are fixedController

 

Figure 5-2 Flowchart of the proposed multi-level optimization strategy. 

Step 1: With system-level optimization models, sensitivity analysis for all motor 

parameters will be carried out, by which the initial design space can be divided into 

several subspaces, i.e., X1 (highly-significant parameters), X2 (significant parameters), 

and X3 (non-significant parameters). Usually, the controller parameters are assigned in 

subspace X4. More subspaces can be defined reasonably if the dimensions are large. 

In this study, the SPSS statistical tool is utilized. For example, in our case, it is necessary 

to specify the ranges of the parameters for the 10 defined motor variables as shown in 

Table I. Subsequently, perform a parameterized FEM analysis and document the effects 

of different design parameters on key motor performance indicators. Create a new data 
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table in SPSS and import the simulation results data into it. Conduct a correlation analysis 

using Pearson’s coefficient to study the relationships among the target variables and the 

motor variables.  

Step 2: Optimize subspace X1 when parameters in X2, X3 and X4 are fixed. In this study, 

an optimization process is conducted using approximate models and intelligent 

algorithms. Initially, a parametric FEM is developed in X1 for the studied PMSM, and 

simulations are performed. Then, the results will be utilized to evaluate motor 

performances and construct an approximate model for reducing computational costs. 

Subsequently, an intelligent algorithm is employed to find the Pareto solution set of X1, 

and the optimal solution is selected for optimizing X2. 

Step 3: Optimize subspace X2 using the optimized parameters in X1, and the fixed 

parameters in X3 and X4. The same optimization process will be demonstrated. 

Step 4: Optimize subspace X3 using the optimized parameters in X1 and X2, and the fixed 

parameters in X4. Similarly, after developing the FEM and the optimization model, the 

Pareto optimal solutions set of X3 can be obtained with an optimization algorithm. 

Step 5: Optimize subspace X4 using the optimized parameters in X1, X2 and X3, the similar 

optimization process is carried out. 

Step 6: Performance evaluation for PMSM drive systems with the optimal parameters. 

Continuously monitor the evolution of objective function F. If the relative error, defined 

as the changing rate of objective function ΔF/F in two consecutive iterations, is below a 

pre-determined threshold ε, end the iteration process and generate the optimized results. 

Otherwise, update the parameters in X2, X3 and X4, and proceed with another iteration 

following steps 2 to 6. 

5.3.3 Optimization Techniques 

Approximate models provide an efficient alternative to FEM, reducing computational 

burden, which express the relationships between objectives and parameters in multi-

objective optimization. Among various modelling techniques, such as the response 

surface model, and radial basis functions model, the Kriging model stands out for its 

superior handling of local nonlinearities, as it considers both mean trend and variances of 
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responses. In this paper, the Kriging model is utilized and its required parameters are 

estimated by the software package DACE (Design and Analysis of Computer 

Experiments) in Matlab. The above parameters are involved in the main statements of the 

Kriging model script file as depicted in Figure 5-3. 

 

Figure 5-3 A code example of the Kriging model in Matlab. 

Multi-objective optimization involves finding solutions that strike a balance among 

multiple objectives. The Pareto solutions, which represent the best compromises, are 

obtained using optimization algorithms. Various techniques, such as DEA, NSGA, and 

its improved version NSGA II, have been applied to tackle multi-objective optimization 

problems. Notably, NSGA II stands out as a highly efficient multi-objective evolutionary 

algorithm and has been widely adopted in solving industrial multi-objective optimization 

problems. It usually includes two important components, i.e. the non-dominated sorting 

approach and the crowd comparison operator. 

5.4 Experiment Validation 

To clearly show the stator/rotor structure, the cross-section parameters are given as Figure 

5-4, while 14 key dimensions are rationalized and confined as in Table Ⅳ. The IPMSM 

prototype with the FOC controller was manufactured with the parameters after 

component-level optimization. 
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Figure 5-4 Structural parameters of the IPMSM. 
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TABLE IV Initial Design Parameters of The IPMSM 

PARAMETERS NOM. VAL. PARAMETERS NOM. VAL. 

Stator inner radius Rro/mm 60-70 Bridge length Lb/mm 1 
Slot depth Ds/ mm 17-22 Magnet air gap Mag/mm 1.57 

Slot opening depth Dso/mm 0.5-1.2 PM height Hpm/mm 6 
Slot opening width Wso/mm 1.5-3.5 PM length Lpm/mm 7-9 
Tooth width Wt/ mm 4.2 Pole angle Ap/ deg 128-136 

Tooth tip angle Att/ deg 20-45 V-shape angle Avs/ deg 130-160 
Air gap length Lag/mm 0.5-2 Web width Ww/mm 5-7 

Among these geometric parameters, the tooth width (Wt) and bridge length (Lb) are crucial 

for stator/rotor structural strength and magnetic flux leakage. While smaller values of Wt, 

Lb and magnet air gap (Mag) can lead to better electromagnetic performance during 

electromagnetic finite element optimization, they cannot be too small due to stator and 

rotor mechanical strength limitations as well as over-saturation. The PM height (Hpm) is 

essential for PMs’ demagnetization performance. A relatively small Hpm might lead to 

motor demagnetization, reducing motor reliability. Finally, the remaining ten motor 

parameters and the six PI gains for speed, d-axis and q-axis currents control, shown in 

Figure 4-2, are considered as the optimization decision variables. 

There are a number of operation requirements of an EV drive system, concerning high 

steady and dynamic performance, cost, energy saving, environment, comfortability, etc. 

In this study, the optimization model is defined as: 

1 max max
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                 (5-2) 

where Tmax is the maximum torque, nos the speed overshoot, and Trip the torque ripple at 

the rated operating point. XS is the designed decision variable vector in the system level, 

ηm the motor efficiency, sf the slot filling factor, and JC the current density of stator 

winding. It should be noted that, in this study, the maximum efficiency goal is achieved 

through the proposed loss minimization control for not only further simplifying the 

optimal dimensions but also reducing the system-level loss. 
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As given in (5-2), it is a multi-objective optimization model which can achieve a balanced 

performance comprehensively with only Pareto optimal solutions instead of the single 

solution set. Therefore, a selection criterion is defined as (5-3), by which the candidate 

point can be chosen from the Pareto solutions for the iterations. The power loss is 

calculated through FEM. 

max_
1 2 3 4

max _ _ _

min : ini riptotal os
cri

total ini rip ini os ini

T TP nF
T P T n

   = + + +                   (5-3) 

where the subscript ini represents the parameters under the initial design. 1, 2, 3 and 

4 are all weighting factors. Through extensive consultations, along with rich literature 

references, it is concluded that the torque and efficiency metrics are slightly more 

important than the latter two indicators, especially for EV drive systems. Consequently, 

the selection of the objective functions is typically defined based on the needs and goals 

from the users or relevant stakeholders. In this work, for effectively implementing the 

multi-level optimization strategy, the final optimal point needs to be selected reasonably 

from the Pareto optimal solutions, and then transmitted to the next level. Thus, a single-

objective selection criterion is defined as (5-3) with four weighting coefficients.  

It is established based on the required objective function instead of using a completely 

heuristic approach. Considering both the steady-state and dynamic performances, the 

maximum torque under fixed current density (Tmax) ensuring stable operation and high 

performance, the system efficiency (ηs), reducing energy losses (Ptotal) and heat 

dissipation, thereby lowering energy consumption and operating costs, the torque ripple 

at rated working point (Trip), reducing mechanical vibration and noise, as well as the speed 

overshoot (nos), ensuring the performance stability, are set as the optimization objectives. 

Through extensive consultations and consideration from the authors, along with rich 

literature references, it was concluded that torque and efficiency metrics are slightly more 

important than the latter two indicators, especially for EV drive systems. Coupled with 

the rich experiences of the authors in the design and optimization of electric drive systems, 

the allocation of weights was determined as 0.3, 0.3, 0.2 and 0.2 for the four indicators, 

respectively. After obtaining the Pareto solutions, the single objective (5-3) can be used 

to choose the candidate points. 

The Pearson sensitivity analysis method is also well-suited for assessing the relationships 

between objectives and decision variables efficiently, even when dealing with a large 
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number of parameters. Moreover, in practice, we need to estimate the sample standard 

deviations sx and sy to obtain the sample Pearson correlation coefficient with:

( )
2 2 2 2

,
( 1) ( ) ( )

i i s i i i i
i i

s s i i s i i

x y n N x y x yx y
N s s N x x N y y


− −

= =
− − −

   

   x y

xy            (5-4)

where xi are the design parameters, yi are the optimization objectives, and Ns is the sample 

size.

In addition to the four non-optimized parameters mentioned above, the Pearson 

correlation coefficients of the remaining ten motor parameters on the objectives are 

calculated, as given in Figure 5-5. As shown, the air gap length (Lag), PM length (Lpm), 

web width (Ww) and stator inner radius (Rro) exhibit significant influences on the majority 

of objectives. The absolute average Pearson correlation coefficients for these variables 

are all greater than 0.85. The pole angle (Ap), slot depth (Ds) and slot opening width (Wso) 

have notably high Pearson correlation coefficients, averaging at 0.779, 0.776 and 0.782, 

respectively, while other parameters show values below 0.6. In this case, the subsections 

are distinguished as X1 = [x1, x2, x3, x4] = [Lag, Lpm, Ww, Rro], X2 = [x5, x6, x7] = [Ap, Ds,

Wso], and X3 = [x8, x9, x10] = [Dso, Att, Avs].

Figure 5-5 Sensitivities analysis results of the selected motor parameters. 

On the other hand, considering that motor parameters are intrinsic to the design and 

construction, which may affect steady-state behaviors, but cannot be adjusted during 

operation, the six PI gains are categorized under the fourth level X4, optimizing responses 

to changing work conditions. The precedence of optimizing the motor parameters before 
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the controller parameters is grounded in the fundamental influence of motor 

characteristics on the overall drive system performance. By prioritizing the optimization 

of motor parameters initially, a robust foundation can be laid for subsequent tuning of 

controller parameters. This sequential optimization strategy, rooted in empirical 

observations of motor drive systems, ensures harmonious coordination between 

optimized motor characteristics and control algorithms, thus enhancing the system’s 

overall performance.

(a) Results of optimized subspace X1 (b) Results of optimized subspace X2

(c) Results of optimized subspace X3 (d) Results of optimized subspace X4
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Figure 5-6 Pareto optimal solutions of iteration 1.

(a) Results of optimized subspace X1 (b) Results of optimized subspace X2

(c) Results of optimized subspace X3 (d) Results of optimized subspace X4

Fcri = 0.7261
Fcri = 0.8055

Fcri = 0.6756 Fcri = 0.5887

To
rq

ue
 ri

pp
le

 (%
*1

00
)

To
rq

ue
 ri

pp
le

 (%
*1

00
)

To
rq

ue
 ri

pp
le

 (%
*1

00
)

To
rq

ue
 ri

pp
le

 (%
*1

00
)

Figure 5-7 Pareto optimal solutions of iteration 2.
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(a) Results of optimized subspace X1 (b) Results of optimized subspace X2

(c) Results of optimized subspace X3 (d) Results of optimized subspace X4
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Figure 5-8 Pareto optimal solutions of iteration 3.

As illustrated, the Kriging model is utilized to approximate the IPMSM drive system 

model, while the NSGA-II optimization algorithm is selected for the solving process in 

each level. FEM and Matlab/Simulink are employed to calculate the system performances

such as torque, speed, and torque ripple at rated speed. After three iterations, the 

convergence criterion of Fcri is triggered, and the Pareto optimal solutions of each sub-

space under different iterations are expressed in Figure 5-6 to Figure 5-8.

In subspace X1 with 4 dimensions, 64 = 1296 FEM samples are generated for the 

optimization. As shown in Figure 5-6 (a), the proposed approach can obtain a series of 

Pareto solutions after the first level optimization. And the result with a minimum Fcri

defined in (5-3) will be sent to the second level optimization of subspace X2, in which 63

= 216 samples are collected. Similarly, based on the selected optimal solution in X1 and 

X2, the optimization of subspaces X3 and X4 are accomplished using 63 = 216 and 36 = 

729 samples, respectively. Thus, the total number of samples when using the proposed 

multi-level strategy is only 2457, much smaller than those in single-level optimization 

with 16 dimensions (about 516), which can undoubtedly reduce the computing costs 

greatly. Taking Figure 5-6 as an example for analysis, and comparing Figures 5-6 (a) and 

(b), it is seen that the torque ripple is reduced greatly, while comparing Figures 5-6 (c) 

and (d), the speed overshoot is suppressed, which indicates that optimization of subspace 

X2 and X4 is better in reducing the torque ripple and speed overshoot, respectively. The 

unanimous conclusion can also be obtained from Figure 5-7 and Figure 5-8.
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The comparative results of each iteration are listed in Table Ⅴ. As the iteration number 

increases, most performance metrics in the used IPMSM drive system are optimized. 

Compared to the initial scheme, the maximum torque is promoted from 160.5 to 182.5 

Nm, while the torque ripple is reduced from 15.5% to 4.2%, and the speed overshoot is 

reduced from 75 to around 18.2 rpm. Moreover, the objective value Fcri also shows 

improvement, decreasing from 0.6676 to 0.5578, indicating that the final optimization 

results bring about the best balance in performance for the drive system. However, it is 

observed that during the iteration process, the maximum torque experiences a slight 

decrease, which may be a result of striking a balance among different objectives. 

Furthermore, the system’s losses are maintained at around 1600 W, remaining relatively 

low due to the benefits of the proposed loss minimization control. 

TABLE V Optimization Results of Each Iteration 

NOM. UNIT INITIAL ITERATION1 ITERATION2 ITERATION3 

Ds mm 17-22 19.8 20.2 19.9 
Lag mm 0.5-2 1.67 0.89 1.63 
Wso mm 1.5-3.5 2.78 2.16 1.97 
Rro mm 60-70 69.5 67.6 68.8 
Lpm mm 7-9 7.5 8.2 8.3 
Ap deg 128-136 128 128.1 128.1 
Ww mm 5-7 6.6 6.8 6.9 
Dso mm 0.5-1.2 0.72 0.79 0.70 
Att deg 20-45 27.4 26.1 24.7 
Avs deg 130-160 153 155 145 
CP1 --- 0.1 1.25 1.36 1.38 
CP2 --- 0.1 0.47 0.42 0.42 
CP3 --- 0.1 0.95 1.15 1.16 
CI1 --- 0.05 0.16 0.11 0.13 
CI2 --- 0.05 0.04 0.04 0.02 
CI3 --- 0.05 0.35 0.64 0.70 
Tmax Nm 160.5 177.8 182.9 182.5 
Trip % 15.5 6.0 5.7 4.2 
nos rpm 75 24.6 19.5 18.2 
Ptotal W 2500 2115 1666 1594 
F --- 1.00 0.6676 0.5887 0.5578 
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The computational costs for each subspace are listed in Table Ⅵ. The optimization 

dimension is greatly reduced by using the multi-level strategy and the loss minimization 

controller. Most computational costs (less than 12 hours in each subspace, and less than 

24 hours in total) are used for generating samples in simulations, while only several 

seconds are taken for solving models. The computing time is greatly reduced compared 

to one-level optimization with 16 dimensions (516 samples). 

TABLE VI Comparison of Computational Costs for Each Subspace 

ISSUES TIME X1 TIME X2 TIME X3 TIME X4 

Simulation sample 11.26 h 2.47 h 3.19 h 6.72 h 
Model solving 39.93 s 1.92 s 2.77 s 19.24 s 

To verify the effectiveness of the proposed system-level optimization approaches 

utilizing the improved ECM-based loss minimization controller, the torque performances 

including the maximum and cogging torques, of the final optimized IPMSM drive system 

are analyzed and compared with those in the initial design point and prototype with the 

component-level optimized parameters and FOC, given as Figure 5-9 to Figure 5-10, 

respectively. 

As shown in Figure 5-9, the maximum torque of the optimized drive system is about 182.5 

Nm, 2.5% and 13.7% larger than that of the prototype (178 Nm) and the initial design 

scheme (160.5 Nm). Moreover, the torque ripple is reduced to 4.17%, only about one 

third of that in the initial drive system. As illustrated in Figure 5-10, the optimized 

cogging torque curve outperforms both the prototype and the initial design. Meanwhile, 

the maximum cogging torque in the optimized scheme is only 0.51 Nm, about 85% and 

60% of the values measured with the prototype and those obtained via initial motor 

parameters. 

Combining with the FEM model and Matlab/Simulink, the comparative results of 

working speed behaviors are outlined in Figure 5-11. As seen, the optimized IPMSM 

drive system exhibits significantly smaller speed overshoots (less than 1%) compared to 

the initial and measured systems across the entire speed range. Moreover, the average 

steady-state errors stay within 0.5% consistently, providing clear evidence of the 

enhanced dynamic performance achieved by the proposed optimization strategy. 
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Figure 5-9 Comparative results of maximum torque.

Figure 5-10 Comparative results of cogging torque.

Figure 5-11 Comparative results of speed tracking curves.
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Finally, to further validate the optimized results as well as the functions of the proposed 

loss minimization control method, the motor, inverter and system losses of the optimized 

PMSM drive system are calculated under rated load conditions and compared with those 

measured using the integrated experimental platform with a FOC method. The results are 

shown in Figure 5-12. Under different working speeds, the optimized IPMSM drive 

system with the proposed loss minimization control, can effectively reduce the motor loss 

and inverter loss by about 5.64% and 3.86%, as well as the system loss by about 4.57%. 

This is crucial for improving system efficiency with considerable significance. It can also 

be seen from Figure 5-13 that the optimized average system-level efficiency is up to 

90.45%, higher than the average value measured with the prototype (87.20%).

Figure 5-12 Comparative results of power losses. 

(a) Measured system-level efficiency by experiments
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Figure 5-13 Comparative results of system-level efficiency map.
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5.5 Conclusion 

This work presented an improved system-level design optimization strategy for PMSM 

drive systems used in EVs. Multi-objectives were considered to achieve an optimal 

balance performance, and the multi-level scheme was utilized to reduce the computation 

burden. An effective loss minimization control method was synthesized to realize the 

system efficiency optimization. Comparative experimental and simulation case studies 

were demonstrated in an IPMSM drive system, by which the effectiveness of the proposed 

approaches was well verified. The main conclusions are as follows. 

The proposed loss minimization control method successfully achieves its goal of 

minimizing energy losses, thereby boosting overall system efficiency without requiring 

multiple optimization stages. Meanwhile, both the steady-state and dynamic 

performances of the system are improved, while the design space is expanded and the 

searching speed is enhanced. 

An optimal solution was selected from Pareto optimal sets with the defined selection 

criterion. Coupled with the sensitivity analysis and multi-level strategies, the optimization 

accuracy and efficiency can be guaranteed. 

Experimental results validated that the optimized drive system realizes promoted 

performances in all aspects of efficiency, maximum torque, torque ripple and speed 

overshoot. 

The outcomes from this study may provide a valuable guideline for the design 

optimization of various drive systems in electrified transportation. Future works will 

focus on exploring the robustness of the proposed optimization strategy under varying 

operating conditions and driving scenarios.
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Chapter 6  

Conclusions and Recommendations for 

Future Works 

6.1 Conclusions 

This thesis primarily focuses on the design and optimization techniques of application-

oriented permanent magnet synchronous motor drive systems, with an emphasis on 

multidisciplinary coupling factors and system-level development.  Chapter 2 provides a 

comprehensive review of the relevant literature, examining multidisciplinary design 

model establishment methods, basic optimization steps, and effective techniques and 

strategies for motors and their drive systems. Following this review, the study identifies 

key research areas, addresses existing issues, and validates the proposed techniques’ 

effectiveness through various case studies. 

i) This work presents a loss analysis model that integrates the coupling of 

multiple physical fields, such as magnetic fields, stress fields, and temperature 

fields, with the aim of more accurately analyzing and predicting the magnetic 

properties of materials. Using a novel magnetic measurement device, 

magnetic property data can be obtained under various conditions, such as 

stress, temperature, and frequency, to validate and optimize this model. The 

effects of slotting harmonics, PWM carrier harmonics, temperature rise and 

mechanical stress are considered in the proposed models. Through extensive 

simulations and experiments, it has been demonstrated that the proposed 

model possesses relatively accurate predictive performance under various 

conditions. 

ii) A refined ECM featuring a novel topology is proposed for the expeditious and 
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efficient computation of core losses in PMSMs under both loaded and no-load 

conditions. In contrast to traditional ECMs, this improved model considers 

magnetic saturation while incorporates variable equivalent resistances for 

hysteresis, eddy current and anomalous losses, together. Moreover, based on 

the improved ECM model, a system-level loss model for PMSM drive systems 

that considers both motor and control units is established for implementing 

the loss minimization control, through which the high-order formulas and 

radical calculations are iteratively solved online by a numerical approach. 

iii) A system-level design optimization strategy for PMSM drive systems is 

proposed in which the improved ECM-based system-level loss minimization 

control is integrated for not only simplifying the optimization process, but also 

better-guaranteeing efficiency improvement. Unlike conventional approaches 

focusing on individual components, this study adopts a holistic view of the 

entire system, allowing thorough consideration of complex interactions 

between the motor and controller. This ensures that all elements synergize to 

enhance overall system performance. 

iv) Recognizing the high dimensionality of the optimization model, leading to 

significant computational costs for FEM and control simulation, a multi-level 

optimization strategy is introduced to solve the multi-objective optimization 

models. This strategy optimizes the models step-by-step by focusing on 

specific subspaces within the parameter space, thereby reducing the overall 

computational burden while achieving satisfactory optimal accuracy. 

6.2 Recommendations for Future Works 

Electric drive systems are the backbone of modern electric vehicles and industrial 

machinery. As the demand for higher efficiency, reliability, and performance grows, so 

does the need for advanced research in this field. Future work should focus on three main 
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areas: the impact of multidisciplinary factors, comprehensive performance evaluation, 

and the integration of AI technologies. 

i) The performance of electric drive systems is influenced by a myriad of 

multidisciplinary factors, including material properties, thermal dynamics, 

mechanical stresses, and electromagnetic interference. Future research should 

delve into how these factors interact and affect the system throughout its entire 

life cycle. By understanding these interactions, it will be possible to develop 

more robust and efficient electric drive systems. This holistic approach 

requires collaboration across various fields such as material science, 

mechanical engineering, thermal management, and electrical engineering. 

ii) Traditionally, the design and optimization of electric drive systems have 

focused on steady-state conditions. However, this approach provides an 

incomplete picture of the system’s performance and reliability. Future work 

should incorporate transient analysis and multi-operation scenario analysis. 

Transient analysis considers the system’s response to changes in load, speed, 

and other dynamic conditions. Multi-operation scenario analysis evaluates 

performance across different operating conditions, such as varying 

temperatures, load profiles, and environmental conditions. By adopting these 

methods, researchers can more comprehensively assess and enhance the 

performance and reliability of electric drive systems. 

iii) The complexity of multidisciplinary coupling effects in electric drive systems 

poses significant challenges. AI technologies, particularly machine learning 

and deep learning, offer powerful tools to address these challenges. Future 

research should focus on leveraging AI to analyze large datasets, identify 

patterns, and predict system behavior under various conditions. AI can also 

optimize system design by exploring a vast space of design parameters and 
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configurations more efficiently than traditional methods. By integrating AI, it 

is possible to achieve more accurate predictions and optimizations, ultimately 

leading to superior electric drive systems. 
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