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Extended Abstract (en) 

In this work, advancements in control, design, and parameter identification 

of permanent magnet synchronous machines (PMSMs) are presented. These 

advancements take up opportunities and challenges offered by novel 

applications and technologies. In fact, PMSMs are increasingly adopted thanks 

to high efficiency and versatility, covering a wide range of applications. In 

particular, the use of PMSMs in the industry of small-scale wind turbines is 

becoming dominant. In this application, direct drive topologies coupled with 

variable speed and fixed pitch wind turbines are a promising solution because of 

their simplicity, efficiency, and reliability. In fact, this solution avoids the use of 

gearboxes and mechanical systems for the control of the pitch angle, reducing 

losses, costs, and failure risks. In this architecture, the aerodynamic power 

regulation is entirely entrusted to the control of the permanent magnet 

synchronous generator (PMSG). While several methods have been developed to 

achieve the maximum power point tracking, poor effort has been made to 

regulate the power for wind speeds above the rated one. In this work, this 

challenge has been addressed by proposing an innovative control scheme in 

which an aerodynamic torque observer and a wind speed estimator are involved. 

The aim of the designed solution is to achieve the maximum power point 

tracking for wind speeds below the rated one and to extend the power generation 

in the high wind speed region. In this region, the respect of the safety mechanical 

limits of the system is the crucial issue. The proposed control scheme has been 

tested on an experimental setup in the laboratory of Electrical Machines and 

Drives of the Politecnico di Bari. The achieved results show that the reference 

power regulation characteristic has been tracked with a good accuracy covering 

the whole wind speed range of the system. 

In the context of the design of PMSMs, novel modular topologies are gaining 

increasing interest, especially in applications where large machines are 
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employed. Thanks to this technology, several advantages in the manufacturing, 

transporting, and assembling over conventional PMSMs can be achieved. A 

drawback of PMSMs with modular stators is the presence of additional harmonic 

components of the cogging torque, with higher amplitudes and lower frequencies 

than the ones of PMSMs with a one-piece stator. The minimization of these 

harmonics is essential to increase the control accuracy and reduce undesired 

noise and vibrations. Despite several methods have been developed for the 

cogging torque minimization, these mostly deal with conventional PMSMs. In 

this work, two novel methods to minimize the cogging torque of modular 

PMSMs are proposed and compared. Both analytical studies and heuristic 

procedures are adopted to solve the problem. Simulation results with the finite 

element method have been presented to validate the proposed methods. The 

results achieved exhibit a reduction of the cogging torque over 90% and show 

that conventional methods used for one-piece stator PMSMs are not effective 

against the additional harmonic components produced by modular stators. 

Also, the spread of the IoTs (Internet-of-Things), edge and cloud computing 

technologies offers novel perspectives on the monitoring and maintenance of 

PMSMs. Although data-driven approaches can be considered dominant in this 

context thanks to the availability of big data, the potential of model-based 

approaches has not been considered and exploited in this novel scenario. Model-

based approaches are based on the parameter identification of the system. Many 

well-known solutions have been developed to identify the parameters of 

PMSMs, but these are not feasible in large-scale applications because these are 

not designed for straight-through processing where the human component is 

negligible and IoTs and edge-cloud computing can give their best. Therefore, in 

the present work, the problem of the automated parameter identification 

processing data produced by the PMSM drive without ad-hoc tests or control 

actions is considered. This problem has been addressed by means of the design 

of an innovative algorithm based on coupled Adaline Neural Networks. Data 
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produced by the PMSM during its ordinary operations are used to feed the 

Adaline Neural Networks. Moreover, an analytical study has been performed for 

the convergence and estimation errors analysis of the proposed algorithm. 

Finally, simulation and experimental investigations have been performed for 

verification purposes. The results achieved show a good accuracy of the 

parameter identification, with experimental estimation errors lower than 15% 

without any manual action. 

Keywords 

Adaline neural networks, Artificial neural networks, Cogging torque, Finite 

element analysis, Genetic algorithm, Modular stators, Parameter identification, 

Permanent magnet synchronous machines, Segmented stators, Small wind 

turbines, Surrogate models, Variable-speed fixed-pitch wind turbines.  
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Extended Abstract (it) 

In questo lavoro sono presentati avanzamenti nella progettazione, controllo 

e identificazione parametrica di machine sincrone a magneti permanenti, 

cogliendo le opportunità e le sfide offerte da tecnologie e applicazioni 

innovative. Infatti, tali macchine sono impiegate in misura crescente in diversi 

campi di applicazione grazie alla loro elevata efficienza e versatilità. In 

particolar modo, la scelta di queste macchine sta diventando dominante 

nell’industria delle piccole turbine eoliche. In questa applicazione, macchine 

direttamente accoppiate a turbine eoliche a velocità variabile e angolo di pitch 

fisso sono considerate una promettente soluzione per la semplicità, efficienza e 

affidabilità del sistema Infatti, questa soluzione evita l’uso di trasmissioni e 

sistemi meccanici per il controllo dell’angolo di pitch, riducendo perdite, costi e 

rischi di guasto. In questa architettura, la regolazione della potenza aerodinamica 

è interamente affidata al controllo del generatore sincrono a magneti permanenti. 

Mentre il problema di massimizzare la potenza prodotta è stato ampiamente 

affrontato con diversi metodi, il problema della regolazione della potenza per 

velocità del vento superiori a quella nominale non ha ricevuto la stessa 

attenzione. Nel presente lavoro, questo problema è stato trattato proponendo uno 

schema di controllo innovativo che include un osservatore della coppia 

aerodinamica ed uno stimatore della velocità del vento. L’obiettivo dello schema 

progettato è duplice: massimizzare la potenza aerodinamica per velocità del 

vento fino a quella nominale ed estendere la capacità di produrre energia per 

velocità superiori a quella nominale, rispettando i limiti meccanici di sicurezza 

del sistema. Lo schema di controllo proposto è stato testato mediante un setup 

sperimentale presso il laboratorio di Macchine e Azionamenti Elettrici del 

Politecnico di Bari. I risultati ottenuti mostrano che la curva di riferimento di 

regolazione della potenza è stata rispettata con una buona precisione nell’intero 

range di velocità del vento.  
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Nell’ambito della progettazione delle macchine sincrone a magneti 

permanenti, le topologie modulari stanno riscuotendo un crescente interesse, 

specialmente nelle applicazioni in cui sono impiegate macchine di taglia elevata. 

Grazie alla tecnologia modulare possono essere conseguiti numerosi vantaggi in 

termini di produzione, trasporto e assemblaggio rispetto alle topologie 

convenzionali. Un inconveniente delle topologie modulari è costituito dalla 

presenza di componenti armoniche addizionali della coppia di cogging, 

caratterizzate da ampiezze più elevate e frequenze più basse rispetto a quelle 

presenti in topologie con statore intero. Minimizzare queste armoniche è di 

fondamentale importanza per incrementare la precisione del controllo e ridurre 

rumori e vibrazioni indesiderate. Nonostante siano stati sviluppati diversi metodi 

per minimizzare la coppia di cogging, questi sono per lo più concepiti per 

macchine convenzionali. Pertanto, nel presente lavoro sono proposti e 

confrontati due metodi innovativi per minimizzare la coppia di cogging di 

macchine modulari. Sia studi analitici che procedure euristiche sono stati 

impiegati per risolvere tale problema mentre sono state effettuate simulazioni 

con il metodo degli elementi finiti per testare e validare le soluzioni proposte. I 

risultati ottenuti sulle macchine ottimizzate mostrano una riduzione della coppia 

di cogging superiore al 90% e dimostrano che metodi convenzionali usati per 

macchine con statore intero non sono efficaci nei confronti delle componenti 

armoniche aggiuntive causate da statori modulari. 

Un’ altra problematica presa in considerazione in questo lavoro è il 

monitoraggio e la manutenzione delle macchine sincrone a magneti permanenti. 

A tal proposito, la diffusione di tecnologie Internet-of-Things, Edge and Cloud 

Computing offre nuove ed interessanti prospettive. Mentre gli approcci 

cosiddetti “data-driven” possono essere considerati dominanti in questo scenario 

tecnologico grazie alla disponibilità dei big data, il potenziale di approcci 

alternativi “model-based” non è stato ancora adeguatamente considerato. Tali 

approcci richiedono l’identificazione parametrica del sistema. Sebbene 
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parecchie soluzioni siano disponibili per identificare i parametri di tali macchine, 

queste risultano poco praticabili in applicazioni su larga scala, dove i vantaggi 

forniti dalle tecnologie IoT e edge-cloud computing sono più evidenti e 

l’intervento di operatori umani deve essere limitato. Dunque, nel presente lavoro 

è stato considerato il problema dell’identificazione parametrica automatizzata di 

macchine sincrone a magneti permanenti sotto l’ipotesi di utilizzare dati ottenuti 

senza prove di laboratorio o azioni di controllo specifiche. Questo problema è 

stato affrontato progettando un algoritmo innovativo basato su reti neuronali 

Adaline accoppiate e alimentate da dati ottenuti durate l’ordinario 

funzionamento delle macchine. È stato svolto uno studio analitico per analizzare 

la convergenza e gli errori di stima dell’algoritmo proposto e sono stati effettuati 

test in simulazione e sperimentali per verificare le prestazioni. I risultati 

mostrano una buona accuratezza dell’identificazione parametrica, con errori 

sperimentali inferiori al 15% senza alcun intervento manuale. 
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1. Introduction 

1.1. Permanent Magnet Synchronous Machines: Market, Novel 

Applications, Opportunities, and Challenges. 

There are about 8 billion electric motors in use in the EU, consuming about 

50% of the electrical energy produced in the EU [1]. The global induction motor 

market reached a value of USD 17.5 billion in 2020 [2] while the global PMSM 

market was valued at USD 12.85 billion in the same year.  This market is 

expected to grow at a Compound Annual Growth Rate (CAGR) of 7.4% over 

the period 2021 - 2026 [3]. The growth of the PMSM market is supported by the 

two following important factors. 

 High efficiency and throughput: these motors ensure higher efficiency, 

power factor and power density than induction motors. Moreover, these 

motors cover a wide range of applications: factory automations, 

consumer goods, office automations, residential and commercial sector, 

energy sector, automotive, lab equipment’s, medical equipment’s, and 

military and aerospace. 

 Electric vehicles are expected to boost the growth of the PMSM market. 

In 2020 the global electric car stock hit the 10 million mark, a 43% 

increase over 2019 [4]. In the same year, PMSMs shared the 77% of the 

electrical car motor market, while wound rotor motors and induction 

motors shared only the 6% and 17%, respectively [5]. With the leading 

automotive companies increasingly adopting permanent magnet motors 

into EVs, the global demand of PMSMs is expected to increase, further 

driving the market growth over the 2021-2026 period [6]. While there 

has been much publicity and technical development towards rare-earth 

reduction in vehicle motors, in practice the market is seeing an increase 

in the number of permanent magnet motors. In recent years, there has 
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been an increased shift towards more permanent magnet-based motors: 

2019 saw this increase to 82% compared to 79% in 2015 (percentage of 

passenger cars using PMSMs) [7]. 

In such context of increasingly adoption of PMSMs, the advent of innovative 

technologies and applications offers novel challenges and opportunities in the 

design, control, modeling, condition monitoring, and maintenance. A sector in 

which the use of PMSMs is becoming dominant is the industry of small-scale 

wind generators [8]. Here, direct drive topologies, where the gearbox between 

the turbine and the shaft of the generator is omitted, can be considered the focus 

of researchers [9]-[15]. A low torque pulsation is essential for this application. 

Moreover, to further simplify the system, the use of fixed-pitch and variable-

speed wind turbines is gaining increasing interest in this sector [16]-[19]. In this 

novel application, the wind turbine power regulation can be achieved only by 

means of the speed regulation of the PMSM. In this context, the design of control 

algorithms of the PMSM to achieve a maximum power point tracking and to 

extend the power generation capability over a wide wind speed range can be 

considered a challenging issue.  

In the same context of wind energy and in other applications in which 

PMSMs with a large diameter are employed, the adoption of unconventional 

modular (segmented) PMSMs topologies has gained increasing attention [20], 

[21]. Compared to conventional one-piece-stator PMSMs, the modular 

technology ensures the reduction of material wastage, simplicity of the stator 

winding process, ease of transportation and assembling, etc., advantages 

particularly noticeably when large PMSMs are adopted. However, in the 

literature, the modular topology has also been proposed and studied for low 

power and small size PMSMs, as in [22]-[24]. Moreover, emerging studies have 

investigated the performances of these topologies and to derive accurate 

mathematical models [21]-[30], highlighting the importance of the topic. A 
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drawback of the modular stator structure is the introduction of additional 

harmonic components of the cogging torque, an undesired pulsation of the torque 

produced by PMSMs also at no-load condition, which causes vibrations, acoustic 

noise, and speed pulsations. The minimization of these harmonic components 

can be considered a novel challenge poorly addressed by the research 

community, despite the effort made in the study of modular PMSMs. 

The development and spread of Internet-of-Things, Edge and Cloud 

Computing technologies also offers novel perspectives on the condition 

monitoring and maintenance of PMSMs. Crucial is the availability of resources 

to store and process the huge amount of data produced by electric drives. This 

potential leads to novel approaches that can overcome the limitations of 

conventional algorithms executed by the control software applications of the 

electric drives. Some manufacturers had already developed IoT-, Cloud-, and 

Big Data-based health management platforms in the field of electric drives used 

in the railway (Alstom, Bombardier, Siemens Mobility, Hitachi, CAF), elevators 

(KONE, Thyssenkrupp Elevator, Otis), and wind power (Siemens Gamesa, 

Vestas) sectors [31]. In this context, the dominant approach is the data-driven 

condition monitoring and fault diagnosis making use of Machine and Deep 

Learning. However, the model-based approaches, in which mathematical models 

replicate the physical behavior of the real system, can offer additional 

advantages if paired with the data-driven analysis. The parameter identification 

for the use of mathematical models is essential. Despite several techniques have 

been developed to identify the parameters of PMSMs, these rely on ad hoc 

laboratory tests or in proper control actions, such as the perturbation of the 

PMSM operating conditions. In the context considered, the main challenge is to 

identify the PMSM parameters exploiting the availability of the data produced 

without specifics tests or control actions. 
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1.2.  Goals and Outlines 

Considering the challenges and motivations in the previous section, this 

work is structured as follows: 

 in the chapter 2, a new solution to the control of a PM synchronous 

generator fully embedded in a small ducted wind turbine over and wide 

speed range is described; 

 in the chapter 3,  two different design approaches are proposed for the 

minimization of the cogging torque of a PMSM with a segmented stator; 

 in the chapter 4 a straight-through-processing solution to the problem of 

the automated parameter identification of PMSMs in a cloud computing 

environment without specific tests or control actions is proposed; 

 chapter 5 contains the main conclusions and future developments; 

 in appendix A the symbology and acronyms adopted and defined in the 

main text are summarized for sake of readability; 

 in appendix B the mathematical model of the PMSM is reported; 

 in appendix C some mathematical proofs about the wind speed estimator 

are reported. 

1.3. The Methodology 

Artificial Intelligence, in the forms of Computational Intelligence and 

Machine Learning, is an instrument increasingly adopted which supports in 

many stages and fields the work of the design and research engineer. In 

particular, the use of Artificial Intelligence is crucial in problems where explicit 

mathematical models and solutions can be difficult or impossible to derive. 

Design optimization, observers and estimators, parameter tuning, and surrogate 

models are only some examples of the application of the Artificial Intelligence 

in the context of the design and control of PMSMs. However, the costs of this 
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instrument, i.e., computational time and resources, can be unsustainable if the 

problem to be solved is not adequately defined and formulated. In this case, 

human intelligence and the value of domain knowledge and expertise play a 

fundamental role. 

In the present work, both Computational Intelligence and Machine Learning 

have been employed to address issues in the design, control, and parameter 

identification of PMSMs. The use of such instruments has been supported and 

integrated with results achieved by means of theoretical studies. In the chapter 

2, a Shallow Neural Network is employed to estimate the wind speed. In this 

case, an analytical study has been performed to properly select the inputs of the 

neural network, ensuring good performances and reducing the computational 

requirements. In the chapter 3, a genetic algorithm and multilayer neural 

network-based surrogate models are used to optimize the PMSM design and 

minimize the cogging torque. In this case, the optimization problem has been 

partially solved by means of a theoretical study, ensuring the reduction of the 

design variables and, therefore, of the computational time required by the 

metaheuristic optimization. Finally, in the chapter 4, an algorithm based on two 

coupled Adaline Neural Networks is proposed to identify the parameter of the 

PMSM. In this case, an analytical study has been performed to derive a 

convergence criterion of the proposed algorithm. Moreover, an additional logic 

based on the domain knowledge has been adopted to properly choose the PMSM 

operating conditions used to feed the Adaline Neural Networks and to minimize 

the estimation errors. 

To validate the proposed methods and solutions, both simulation and 

experimental results are presented. In the chapter 2, tests performed on an 

experimental setup in the laboratory of Electrical Machines and Drives of the 

Politecnico di Bari are presented. Instead, in the chapter 3, simulation results 

achieved with the finite element analysis are shown. In this case, to evaluate the 
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robustness of the proposed solution against the manufacturing errors, an 

extended analysis with the finite element method introducing manufacturing 

tolerances has been presented. Finally, in the chapter 4, both data provided by 

simulation and experimental tests have been used to feed the Adaline Neural 

Networks. The simulation tests have been performed using a PMSM drive 

modeled in Simulink environment. Instead, the experimental data have been 

kindly provided by the University of Nottingham using a custom high-speed 

PMSM drive. 
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2. Control of Permanent Magnet Synchronous 

Generators Fully Embedded in Small Ducted Wind 

Turbines in an Extended Wind Speed Range 

2.1. Introduction and State of the Art 

In recent years, wind energy has been the fastest growing among renewable 

energy sources [32]. In particular, micro and small wind turbines are an attractive 

solution for distributed generation in urban areas, self-energy production, and 

microgrids [32]-[42]. Among these, variable-speed and fixed-pitch (VSFP) wind 

turbines are the most common because this configuration reduces the complexity 

and cost of the system [19], [42]-[46]. Moreover, a direct-drive permanent 

magnet synchronous generator (PMSG) is usually equipped within this type of 

wind energy conversion system (WECS) because it avoids gearboxes, reduces 

costs, and increases reliability and efficiency [19], [40], [41], [43], [44].  

The aerodynamic power and torque of VSFP WECS can be only regulated 

by means of the control of the PMSG, due to the absence of the pitch control. 

For wind speeds lower than the rated one, generally the maximum power point 

tracking (MPPT) is implemented. The aim of the MPPT is to extract the 

maximum available aerodynamic power for a given wind speed. In the literature, 

several MPPT methods for VSFP WECS have been proposed. The first approach 

is to consider the fluid dynamic model of the wind turbine to provide optimal 

references for the shaft speed ([18], [42], [47]-[50]), or torque ([19], [40], [51]), 

and power ([44], [52], [53]). These approaches have the advantage of being fast 

and stable, but are affected by inaccuracies due to production tolerances, model 

and parameter uncertainties, and time variance. Moreover, these methods 

generally require the measurement of wind, shaft speed and torque. To avoid the 

use of mechanical sensors, many sensorless algorithms have been proposed in 
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previous studies to achieve the MPPT. For a WECS with a diode rectifier and 

boost converter, the proposed solution is based on tracking the optimal boost 

converter voltage on the rectifier side using only voltage and current sensors 

[42], [44], [49], [53]. Others are based on the use of observers and estimators of 

shaft speed ([18], [47], [54], [55]), wind speed ([47], [50], [56]-[59]) and 

aerodynamic torque ([18], [40], [44], [56], [60]-[63]). A robust and parameter-

independent approach is based on the perturb and observe concept that is widely 

treated in the literature in its many variants [41], [43]-[46], [52], [64]-[67]. This 

approach avoids the use of mechanical sensors and does not require prior 

knowledge of the WECS because the optimal rotor speed is achieved with a 

research algorithm performed during the operation of the wind turbine. 

However, this approach is slower than the first one for tracking the optimal 

speed, and its accuracy depends on the step size of the P&O algorithm. Finally, 

an innovative and robust approach was proposed in [68] in which an artificial 

neural network (ANN) was used to determine the reference shaft speed that 

maximises power extraction. However, this method requires a period of 

operation of the WESC in which the ANN has to be trained. 

For wind speeds higher than the rated one, the power and torque produced 

by the wind should be limited to avoid mechanical and electrical failure. Due to 

the absence of the pitch control, the most common approach used for VSFP 

WECS operations under high wind speeds is the soft stall method [42], [44]-

[46], [52], [69], [70], which reduces the shaft speed to force the turbine to operate 

below its maximum efficiency. A control strategy alternative to the soft stall 

method is based on the flux weakening operation of PMSGs connected to a full-

bridge PWM rectifiers [19], [40], [71]. This approach differs from the soft stall 

method, because it is based on operating the WECS at shaft speeds above the 

rated speed to reduce the power extracted from the wind. The soft stall method 

has been largely applied to WECSs with a power converter topology consisting 

of a passive diode rectifier and DC/DC converter [18], [42], [44]-[46], [52], [70]. 



 

10 
 

Instead, very few studies have addressed control at high wind speeds of VSFP 

WECSs with a PMSG and a three-phase inverter-based back-to-back converter, 

in case the soft stall method is adopted. This solution, despite its higher costs, is 

characterised by higher efficiency ([32], [60], [62], [72]) in comparison with the 

most commonly used topology for small-scale WECS, based on a 3-phase diode 

rectifier, a DC/DC converter, and a grid-connected three-phase inverter [32], 

[37], [42], [43]. 

The operation of the WECS under high wind speeds is performed with a 

variety of specific aims and solutions, depending on its configuration and 

operating limits. For example, in [40], the WECS was controlled to limit the 

generated electrical power to the rated power of the electrical generator. In [42], 

the machine-side boost converter voltage was limited to a safety value to prevent 

high wind speed from developing excessive torque at higher rotor speeds. In [19]  

and [56], for wind speeds above the rated speed, the PMSG was controlled to 

maximise the electrical power generated by considering the current and voltage 

constraints. In [44] and [70], after constant-speed stall control, a constant 

aerodynamic power soft stall control was performed to avoid exceeding the rated 

power of the turbine. In [45] and [52], after the constant-speed stall operation, 

the control strategy limited the generated DC power considering the electrical 

operating limits of the system. In [18], the rated electrical torque, which occurs 

when the boost converter operates at its rated current, was held until the 

maximum wind speed at which the generator can counteract the aerodynamic 

torque was reached. To the best of the author’s knowledge, the VSFP WECS 

was operated with respect to the rated aerodynamic power of the wind turbine at 

high wind speeds only in [44] and [70]. In these studies, the proposed control 

strategies performed constant aerodynamic power soft stall control. During this 

operation, the shaft speed decreased while the aerodynamic torque increased to 

maintain constant aerodynamic power. With increasing wind speed, this 

operation can lead to the development of excessive aerodynamic torque. In this 
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situation, the major risks are the damaging of the wind turbine and the 

development of an aerodynamic torque the exceeds the electromagnetic torque 

generable by the PMSG. In this last case, the system becomes uncontrollable 

leading to a dangerous increase of the rotational speed. However, [44] and [70]  

did not consider the issue of limiting the aerodynamic torque for safety reasons. 

The use of aerodynamic power or torque observers to perform constant 

aerodynamic power or torque operation is crucial [44], [70]. In the literature, 

different aerodynamic torque observers (ATOs) have been proposed. In [60]-

[62], the aerodynamic torque is estimated by using a sliding-mode observer. A 

new high-gain robust ATO is proposed in [40]. In [18] and [44] a simple adaptive 

observer based on an approximated equation of rotational mass equilibrium is 

proposed. A Luenberger Observer (LO) was proposed in [56] and [63], but these 

works lack experimental validation. The advantages of using a LO are the ease 

in modelling operations and the easy way of achieving a fast convergence. 

In this work, an original control strategy for a small VSFP ducted horizontal 

axis wind turbine (DHAWT) equipped with a full-embedded annular PMSG 

(APMSG) is proposed. The APMSG is grid-connected through a back-to-back 

connection of two three-phase inverters. A tripartite control scheme based on the 

soft stall method is proposed for the DHAWT operation under high wind speeds. 

This operating range is subdivided into constant shaft speed, constant 

aerodynamic power, and constant aerodynamic torque subregions. To perform 

this control strategy, a variable structure controller (VSC) combined with an 

aerodynamic torque LO and a shallow neural network (NN) wind speed 

estimator (WSE) was designed. This control scheme maximises the power 

extracted from the wind, which is compatible with the mechanical safety limits 

of the DHAWT, i.e., the rated shaft speed, rated aerodynamic power, and 

maximum aerodynamic torque. Therefore, the contributions of this study are as 

follows: the achievement of the soft stall method with a back-to-back power 
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converter topology, the operation of the wind turbine once the aerodynamic 

torque limit is reached, and the experimental validation of a LO.  

Experimental tests were conducted in a laboratory setup emulating a ramp 

wind speed pattern to prove the effectiveness of the proposed control scheme. In 

the literature, there is no uniformity in the wind speed pattern used for the 

emulative experimental tests of WECS. The actual measured wind speed 

patterns were used from [19] and [64], while irregular artificial wind patterns 

have been adopted from [44], [47], [52] and [62]. Such wind speed patterns allow 

for analysis of the dynamic performances of the proposed control strategies. 

However, the use of wind speed patterns with multiple steps ([18], [42], [43], 

[45], [46], [48], [51], [57]) and single steps or constant speeds ([41], [49], [53], 

[68]) allows for analysis of the effectiveness of the control scheme in specific 

wind speed subregions. In this study, a ramp wind pattern was chosen to show 

the fitting of the actual aerodynamic power and torque with the ideal regulation 

characteristics over the entire wind speed range. The examination of the dynamic 

performances of the proposed control scheme was not the purpose of this work. 

2.2. System Description 

In this section, an overview of the proposed WECS is provided to 

contextualise the entire study. The system is composed of a DHAWT, an 

APMSG, and a back-to-back power converter topology, as shown in Figure 1. 

2.2.1. Ducted Wind Turbine 

The DHAWT is shown in Figure 2. In these wind turbines, a divergent duct 

increases the pressure drop across the disk of the rotor. This increases the power 

production compared to conventional wind turbines [39], [73]. The DHAWT 

performance improvements allow smaller rotor diameters with the same rated 

power, favouring rotor rigidity and reducing blade deformations. Moreover, the 
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adoption of a diffuser reduces the cut-in speed and wind noise compared to 

conventional ones [74], [75]. In Table 1, the most relevant parameters of the 

DHAWT are considered in this work, which corresponds to the one in [74].  

 

Figure 1. Wind energy conversion system schematic. 

 

Figure 2. Rendering of the DHAWT–APMSG system. 
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It can be noted that the maximum value of the power coefficient (𝐶௣௠௔௫), due to 

the presence of the diffuser, is characterised by a higher value than that of 

conventional wind turbines, whose theoretical maximum value, according to 

Betz’s theory, is 16/27. For DHAWTs, this coefficient can overcome the value 

of 1, as proven in [74]-[76]. To obtain the DHAWT characteristic curve, which 

expresses the relationship between the power coefficient 𝐶௣ and the tip-speed 

ratio (TSR) 𝜆, in [74] a non-conventional approach was used. The flow 

interacting with the DHAWT was computed using computational fluid dynamics 

(CFD) simulations. Source terms for the momentum equations were introduced 

inside the domain swept by the rotor to take the turbine effect on the flow field 

into account. From the CFD simulation, it is possible to compute the local 

relative velocity, and from the polar characteristics of the aerodynamic blade 

profile (with an approach similar to the blade element theory), it is possible to 

compute the force coefficient to determine the force exchange between the flow 

and the rotor. Using CFD simulations has improved the computational accuracy 

of the entire flow field, and hence the computation of the turbine performance. 

The obtained DHAWT characteristic curve is shown in Figure 3. Note that, the 

value of the TSR that maximizes the power coefficient (𝜆௠௔௫) is equal to 6. 

Table 1. Ducted wind turbine parameters. 

Parameter Value 

𝑃௥௔௧௘ௗ 0,5 kW 

𝜔௥௔௧௘ௗ 941 rpm 

𝑇௠௔௫ 5,9 Nm 

𝑅 0,51 m 

𝐽 1,193 Kg ∙ mଶ 

𝜆௠௔௫ 6 

𝐶௣௠௔௫ 1,048 
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Figure 3. DHAWT characteristic curve. 

Regarding the equations used in the model, the aerodynamic reference power 

used to evaluate the turbine performance is expressed by the following equation: 

𝑃௪ =
1

2
 𝜌 𝐴௥𝑣ଷ (1)

where 𝜌 is the air density, 𝐴𝑟 is the rotor swept area, and 𝑣 is the unconstrained 

wind speed. The aerodynamic power caught by the wind turbine is:  

𝑃௔ = 𝐶௣(𝜆) 𝑃௪ (2)

where 𝐶௣(𝜆) is the power coefficient which denotes the power conversion 

efficiency of the wind turbine, which depends on the 𝜆, defined by 

𝜆 =  
𝜔௠ 𝑅

𝑣
 (3)

where 𝑅 is the blade tip radius and 𝜔௠ is the shaft speed. Replacing (1) in (2), 

the following expression of 𝑃௔ is obtained 
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𝑃௔ =
1

2
 𝜌 𝜋 𝑅ଶ𝐶௣(𝜆)𝑣ଷ (4)

The expression of the aerodynamic torque is obtained by the division between 

𝑃௔ and shaft speed 𝜔௠: 

𝑇௔ =
1

2
 𝜌 𝜋 𝑅ଶ 𝐶௣(𝜆) 

𝑣ଷ

𝜔௠
 (5)

By replacing 𝜔௠ in (5) through (3), a new expression for 𝑇௔ is achieved: 

𝑇௔ =
1

2
 𝜌 𝜋 𝑅ଷ 𝐶௣(𝜆) 

𝑣ଶ

𝜆
 (6)

2.2.2. Annular Permanent Magnet Synchronous Generator 

An innovative full-embedded APMSG is considered. This generator was 

designed in agreement with the method presented in [39]. The purpose of this 

method is to design a PMSG integrated with a DHAWT, to achieve a target 

torque with a multi-objective optimisation aimed at minimising the weight of the 

permanent magnets and copper. The APMSG rotor consists of a fibreglass ring 

with internal permanent magnets. It is directly connected to the blade tips and is 

concentric to a segmented iron stator, which is instead embedded on the diffuser 

(Figure 2). Concerning the stator windings, coils are realised on multilayer 

printed circuit boards and are wye connected. This solution makes the 

manufacturing and assembly process easier. In Table 2 all parameters of the 

APMSG are summarised. 

The mathematical model of the APMSG is the same model of a conventional 

SPMSM, reported in Appendix B. In fact, the ironless rotor of the APMSG can 

be considered isotropic, like that of a surface PMSM (SPMSM). This is also the 
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reason why the 𝑑𝑞-axis inductances are the same. In this application, the 

equation (B.6), can be rewritten as 

𝑇 + 𝑇௔ − 𝑇௔௩ = 𝐽 
𝑑𝜔௠

𝑑𝑡
 (7)

 
Table 2. APMSG parameters. 

Parameter Value 

Rated Power 0,8 kW 

Rated Speed 941 rpm 

Rated Current 1,55 A 

𝐿ௗ = 𝐿௤ 1,04 ∙ 10ି଼ H 

𝑅௦ 34,64 Ω 

𝜓௉ெ 7 ∙ 10ିଶ Wୠ 

𝑛௣ 50 

2.2.3. Power Conversion Stage 

The power conversion stage consists of two power converters in a back-to-

back configuration. The APMSG is directly coupled to a machine side converter 

(MSC), which is connected to a grid side converter (GSC). The MSC is a three-

phase full-bridge PWM rectifier whose duty cycles are provided by the proposed 

control scheme to perform a field-oriented control (FOC). The GSC is a PWM 

inverter that maintains a constant voltage on the DC-link, and synchronises and 

controls the output voltages and currents to establish a correct grid connection. 

Thus, the GSC leads to grid frequency decoupling and transfers the generated 

power from the DC link to the grid. 

2.3. Control Scheme Description 

The WECS control scheme shown in Figure 1 can be gathered in four 

macro-blocks: the VSC, the ATO, the WSE, and the PWM blocks. The sensors 
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present in the scheme are the phase current sensors and an optical encoder for 

the measurement of 𝜔௠. 

2.3.1. Variable Structure Controller 

The VSC is shown in Figure 4. In this scheme, all the symbols under “^“ 

represent estimated variables, while the symbols marked with “*” denote 

reference variables. This scheme realises a cascading speed-current FOC. A 

commonly adopted solution for the FOC is based on the use of proportional-

integral (PI) controllers for speed and current regulation. This solution is simple 

and robust, and its effectiveness for the control of WECS with a PMSG and a 

three-phase full-bridge PWM rectifier MSC has already been demonstrated [47], 

[58], [61]. The speed controller is a PI regulator with feedforward for the 

aerodynamic torque disturbance rejection, while the current controllers are 

simple PI regulators. Therefore, 𝐾௣ఠ, 𝐾௜ఠ, 𝐾௣ௗ, 𝐾௜ௗ, 𝐾௣௤, and 𝐾௜௤ represent the 

PI gains of the speed and current control loops, respectively. The 𝑞-axis current 

loop performs torque regulation while the d-axis loop performs the maximum 

torque per ampere control. The “decoupling factors” block operates the 𝑑 and 𝑞-

axis decoupling as follows: 

 

Figure 4. Variable structure controller. 
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The “decoupling factors” block operates the 𝑑 and 𝑞-axis decoupling as follows: 

𝑢′ௗ = 𝑛௣𝜔௠𝐿௤𝑖௤ (8)

𝑢′௤ = 𝑛௣𝜔௠𝐿ௗ𝑖ௗ (9)

The “Park equations” block operates the Park transform using the phase 

currents 𝑖௔ and 𝑖௕ and the rotor position 𝜃௠. 

The shaft speed reference 𝜔௠
∗  is provided by four different laws to achieve 

MPPT control, constant speed control (CSC), constant power control (CPC), and 

constant torque control (CTC) in four different wind subregions. The shaft speed 

reference law is selected by the switching logic according to the estimated wind 

speed value. The aim of the control scheme is to achieve the ideal aerodynamic 

power curve over the entire wind speed range shown in Figure 5. This curve 

shows the maximum aerodynamic power that can be extracted for a given wind 

speed, ensuring the respect of the mechanical limits for safe operation of the 

DHAWT (i.e., rated speed and power and maximum aerodynamic torque). The 

four control laws and the corresponding wind subregions are summarised in 

Table 3 while Table 4 shows the wind speed threshold values. 

Maximum Power- Point Tracking 

The MPPT is performed if the wind speed is between the cut-in speed 𝑣௖௜ 

and the wind speed which corresponds to the rated shaft speed 𝑣௦௣ௗ (i.e., the low 

wind speed region). In this work, an approach based on the model of a wind 

turbine combined with an ANN WSE is proposed. During the MPPT, 𝜔௠
∗  is 

provided by a look-up table (LUT), whose input is the estimated wind speed, to 

maintain the TSR at its optimal value as the wind speed changes. The optimal 

value of the TSR is the one that maximises 𝐶௣; therefore, it maximises the 
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extracted wind power, according to (2). This is the well-known optimal tip-speed 

ratio method. The LUT used for the MPPT control is based on the curve depicted 

in Figure 6 (a), which is built considering the model of the DHAWT. 

 

Figure 5. Subregions of the DHAWT operating range. 

Table 3. Shaft speed control laws. 

Wind Speed Range Control Law 

𝑣௖௜ < 𝑣 < 𝑣௦௣ௗ 𝜔௠
∗ = 𝜔௅௎்

∗  

𝑣௦௣ௗ < 𝑣 < 𝑣௥௔௧௘ௗ 𝜔௠
∗ = 𝜔௥௔௧௘ௗ 

𝑣௥௔௧௘ௗ < 𝑣 < 𝑣௧௥௤ 𝜔௠
∗ =

𝑃௥௔௧௘ௗ

𝑇෠௔

 

𝑣௧௥௤ < 𝑣 < 𝑣௖௢ 𝜔௠
∗ =

𝑇௠௔௫  𝜔஼்஼

𝑇෠௔

 

 
Table 4. Wind speed subregion thresholds. 

Threshold Speed [𝐦/𝐬] 

𝑣௖௜ 2 

𝑣௦௣ௗ 9 

𝑣௣௪௥ 10,4 

𝑣௧௥௤ 14,5 

𝑣௖௢ 18,9 
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(a) (b) 

Figure 6. LUTs of the control algorithm: (a) Shaft speed reference during MPPT 

control; (b) TSR during CTC. 

Operation in the High-Wind Speeds Regions 

The CSC is performed for wind speeds above 𝑣௦௣ௗ and below the rated speed 

𝑣௥௔௧௘ௗ. Once the rated shaft speed is reached, this should be kept constant to 

ensure the respect of the speed limit of the DHAWT, and to extract the maximum 

available power. Therefore, the control law is 

𝜔௠
∗ = 𝜔௥௔௧௘ௗ (10)

By maintaining the shaft speed, the increase in wind speed will increase 

aerodynamic power, as shown by the ideal regulation characteristic shown in 

Figure 7 (a). Therefore, the law expressed by (10) is performed until the rated 

aerodynamic power (𝑃௥௔௧௘ௗ) is reached.  

The CPC is performed for wind speeds above 𝑣௥௔௧௘ௗ and below 𝑣௧௥௤, which 

is the speed at which the maximum torque is reached. For these wind speeds, a 

soft stall is performed to limit the aerodynamic power according to the following 

law: 

𝜔௠
∗ =

𝑃௥௔௧௘ௗ

𝑇෠௔

 (11)
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(a) (b) 
Figure 7. Regulation characteristics: (a) Regulation curve in 𝜔௠ − 𝑃௔ plane; (b) 

Regulation curve in 𝜔௠ − 𝑇௔ plane. 

While this control law is applied, the shaft speed decreases while the 

aerodynamic torque 𝑇௔ increases, keeping the power constant until the safety 

torque limit of the DHAWT is reached, as depicted by the ideal regulation 

characteristics shown in Figure 7 (b). 

The maximum aerodynamic torque is reached when the wind speed equals 

𝑣௧௥௤. CTC is performed from this wind speed until the cut-out speed. In this case, 

the shaft speed reference is 

𝜔௠
∗ =

𝑇௠௔௫ 𝜔஼்஼

𝑇෠௔

 (12)

𝜔஼்஼ =
𝜆∗

௅௎்

𝑅
 (13)
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where 𝜆∗
௅௎் is computed by an LUT based on the curve depicted in Figure 6 

(b). This curve expresses the TSR value that ensures the operation of the 

DHAWT at the maximum torque as the wind speed changes in the CTC 

subregion. The ideal power and torque regulation characteristics corresponding 

to the four control laws described above are illustrated along the fluid dynamic 

characteristics of the DHAWT in Figure 7. 

2.3.2. Aerodynamic Torque Observer 

To estimate the aerodynamic torque, a LO was adopted. The LO is based on 

the following linear time-invariant continuous-time reference model: 

൜
𝒛̇ = 𝐴𝒛 + 𝐵𝒖

𝒚 = 𝐶𝒛
 (14)

where: 

𝒛 = ቂ
𝜔௠

𝑇௔
ቃ , 𝒖 = 𝑖௤ , 𝐴 = ൥0

1

𝐽
0 0

൩ , 𝐵 = ൥

𝐾்

𝐽
0

൩ , 𝐶 = [1 0] 

This model has been defined considering (7) and (B.5) and by introducing 𝑇௔ as 

an exogenous variable, with the following assumptions: 

 the dynamic friction losses are negligible (𝑇௔௩ = 0); 

 the derivative of the aerodynamic torque is zero (𝑇̇௔ = 0). 

In this model, 𝒛 and 𝒚 are the state and measurable outputs of the system, 

respectively, while 𝒖 is the input of the system. The LO is described by the 

following equations: 
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൜
𝒛ො̇ = 𝐴መ𝒛ො + 𝐵෠𝒖 + 𝐿𝒚

𝒚ෝ = 𝐶𝒛ො
 (15)

where 𝒛ො and 𝒚ෝ are the estimations of 𝒛 and 𝒚, respectively; 𝐴መ, 𝐵෠  and 𝐿 are 

designed to make the estimation error asymptotically converge to zero: 

𝒆 = 𝒛 − 𝒛ො (16)

𝐴መ and 𝐵෠  are designed follows: 

𝐴መ = 𝐴 − 𝐿𝐶 (17)

𝐵෠ = 𝐵 (18)

and by substituting into (15): 

𝒛ො̇ = 𝐴𝒛ො + 𝐵𝒖 + 𝐿(𝒚 − 𝐶𝒛ො) (19)

Considering (14) and (19), the differential error can be written as 

𝒆̇ = 𝒛̇ − 𝒛ො̇ = 𝐴𝒆 − 𝐿𝐶𝒆 = (𝐴 − 𝐿𝐶)𝒆 (20)

For the error 𝒆 to asymptotically converge to zero, the matrix 𝐿 should be 

designed to obtain eigenvalues of the matrix 𝐴 − 𝐿𝐶 with a negative real part. 

2.3.3. Pulse-Width Modulation 

The 𝑑𝑞-axis voltage references 𝑢ௗ
∗  and 𝑢௤

∗  provided by the PI current 

regulators are transformed in the three-phase voltage references 𝑢௔
∗ , 𝑢௕

∗ , 𝑢௖
∗ by 
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using the Park anti-transformation. These references are used to compute the 

duty cycles for each leg of the MSC: 

𝑑௔ =
𝑢௔

∗

𝑣஽஼
+ 0.5

𝑑௕ =
𝑢௕

∗

𝑣஽஼
+ 0.5

𝑑௖ =
𝑢௖

∗

𝑣஽஼
+ 0.5

 (21)

2.3.4. Wind Speed Estimation 

The proposed control scheme needs real-time wind speed for the transition 

between the four control laws and to calculate the shaft speed reference during 

the MPPT control and CTC. Determining a strategy to estimate the wind speed 

can be beneficial, instead of using an anemometer, to reduce costs, complexity, 

and the failure rate of the system [48], [64], [69], [72]. In the literature, different 

approaches have been proposed for wind speed estimation. In [50] and [57], the 

method used is based on calculating the wind speed using the inverse model of 

the wind turbine, and the estimation of the aerodynamic torque and shaft speed. 

A similar approach was used in [58], wherein the estimated aerodynamic power 

was used instead of the aerodynamic torque. These model-based methods can be 

imprecise because of estimation errors of the aerodynamic torque, aerodynamic 

power, and shaft speed, and because of uncertainties in the wind turbine model. 

In [59], a support vector machine was used to predict the wind speed. The model 

was trained to track the wind speed measured by an accurate radar anemometer 

during a short initial period of the operation of the WECS. In [47] and [56], a 

three-layer neural network is proposed, whose inputs are the estimated shaft 

speed and aerodynamic torque/power. The machine learning methods can ensure 

better results in comparison with those based on the inverse model of the wind 

turbines but require a training phase in which the wind speed should be 
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measured. However, as suggested in [59], once the training phase is over, the 

sensor used for the wind speed measurement can be used for the training with 

other wind turbines. 

In this work, the author proposes a WSE consisting of a shallow NN whose 

inputs are the estimated aerodynamic torque, the measured shaft speed, and the 

𝑞-axis current of the APMSG. To demonstrate the superiority of this approach 

over the model-based WSE, their performances will be compared with 

experimental tests. 

Shallow NN WSE 

Figure 8 shows that the WSE consists of an NN whose inputs are, 𝑇෠௔, 𝜔௠, 

and 𝑖௤. This is a shallow NN with one hidden layer comprising 10 neurones. The 

activation function of each neurone is a hyperbolic tangent sigmoid (tansig). 

Each neurone is characterised by biases and weights, which are the coefficients 

that should be determined with the training process. The inputs of the shallow 

NN have been chosen on the basis of the study presented in Appendix C. This 

study demonstrates that the wind speed cannot be expressed as a function only 

of 𝑇෠௔ and 𝜔௠ due to the presence of aerodynamic torque estimation errors. 

Instead, there exists a function 𝑓௩ such as 

𝑣 = 𝑓௩(𝑇෠௔ , 𝜔௠ , 𝑖௤) (22)

Thus, the proposed shallow NN can be effectively used to approximate this 

function. 

In a real WECS, this shallow NN should be trained by using the values of 

the input and output variables registered during a test period in which the WECS 

is driven by using the proposed control scheme in the whole wind speed range 

and an anemometer for the wind speed measurement. However, in this study, 
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instead of using an anemometer on a real DHAWT, the training data were 

generated with an experimental test on the test rig described in section 2.4.1. 

This test was performed by emulating the system described in sections 2.2 and 

2.3 with a predefined wind speed pattern. The chosen wind speed pattern for the 

training data generation consists of a uniformly random noise signal that 

overlaps with a ramp that covers the entire wind speed range of the DHAWT. In 

this way, the values of the wind speed are known because the wind speed pattern 

is predefined while the inputs of the shallow NN are based on real measurements 

performed during the test. 

 

Figure 8. Shallow NN with one hidden layer. 

The dataset obtained during the experimental test is approximately 2.3 × 106 

samples. However, this experimental dataset was downsampled by a factor of 10 

and randomly split into training data, validation data, and test data. These 
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datasets are made up of 70%, 15%, and 15% of the samples of the whole 

downsampled experimental dataset. The training dataset is used for determining 

the weights and biases of the shallow NN to reduce the error between the output 

of the NN and the wind speed values of the training dataset. To avoid overfitting 

of the NN, the stop criterion adopted for the training process is based on the 

maximum validation failures. In this way, the training process stops when the 

number of consecutive training epochs for which the estimation error of the 

validation data (generalisation error) increases is equal to six. The test dataset 

is used as an additional verification of the training performance. The Levenberg–

Marquardt (LM) algorithm is used to train the NN. This algorithm is known as 

one of the most efficient training algorithms for small and median size patterns 

[77]. However, LM implementations require a large amount of available 

memory because the algorithm is based on the calculation of a Jacobian matrix 

whose size is proportional to the number of training patterns [77], [78]. In this 

specific application, the LM algorithm was a good choice to train the NN 

quickly. The mean squared errors achieved are about 0.0028 on the training, 

validation, and test datasets, respectively. 

Model-based WSE 

The model-based approach used in [50] and [57] makes use of the inverse 

model of the wind turbine. By using (3) and (5) is possible to highlight a 

relationship between, 𝑇௔, 𝜔௠ and 𝜆: 

𝑇௔ =
1

2
 𝜌 𝜋 𝑅ହ  

𝐶௣(𝜆)

𝜆ଷ
𝜔௠

ଶ  (23)

This equation can be rearranged as follows: 
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𝐶௣(𝜆)

𝜆ଷ
=

𝑇௔

1
2

 𝜌 𝜋 𝑅ହ 𝜔௠
ଶ

 (24)

The term 𝐶௣(𝜆)/𝜆ଷ can be computed from (24) by using 𝑇෠௔ instead of, 𝑇௔ 

and the measured shaft speed 𝜔௠. Thus, λ can be determined by exploiting the 

relationship 𝐶௣(𝜆)/𝜆ଷ − 𝜆, as shown in Figure 9, for the current DHAWT. 

Finally, the estimated wind speed is calculated by reversing (3). 

 

Figure 9. 
஼೛

ఒయ
− 𝜆 characteristic. 

2.4. Experimental Results 

2.4.1. Test Rig Overview 

The test rig used for the experimental tests is shown in Figure 10. A dSPACE 

MicroLabBox d1202 microcontroller was used to execute the test. The DHAWT 

emulation was achieved by connecting a commercial induction motor Leporis 

MS 132S3-2 (which emulates the aerodynamic torque) to a customised edition 

of the described APMSG, reproduced on a reduced scale. The two electric 

machines were connected through pulleys and belts. The mechanical losses of 

this transmission have been considered to emulate the behaviour of a direct 

connection. The induction motor is driven in torque control mode by a dedicated 

Mitsubishi FR A800E inverter. Its torque reference is calculated in real time by 
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adding a mechanical loss torque term to the aerodynamic torque provided by an 

LUT based on the data of the DHAWT and on (5). The input of this LUT was 

the actual wind speed and the up-scaled measured shaft speed. Since the APSMG 

used during the test has rated speed and torque smaller than those of the 

examined DHAWT, a scaling process was performed. This process acts on the 

four control laws described in section 2.3.1, which are used for computing the 

shaft speed reference and the LUT used for the computation of the torque 

reference of the induction motor. The shaft speed references provided by the four 

control laws were multiplied by the ratio between the rated speed of the reduced-

scale APMSG and of the DHAWT. Moreover, the maximum torque and rated 

power values used for the CPC and CTC were downscaled with the same logic.  

 

Figure 10. Experimental test rig. 

Concerning the induction motor LUT, the shaft speed input is the measured 

speed of the APMSG multiplied by the inverse of the ratio used for downscaling. 

Finally, the output of this LUT (aerodynamic torque of the examined DHAWT) 
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was downscaled. The generator side converter is a custom converter composed 

of three Semikron SEMiX303GB12E4s modules, each containing two IGBT 

diodes. The main board of this converter also includes current sensors. The grid-

side converter is instead a TDE MACNO OPDE AFE ENERGY S 15, in a 

custom edition for this rig, and it is set to keep 650 V on the DC-link. Table 5 

summarises the main parameters of the experimental setup, and Figure 11 shows 

a scheme with the interconnections between the components of the test rig. The 

control scheme described in section 2.3 was carried out in a MATLAB-Simulink 

environment and then uploaded into the microcontroller. 

Table 5. Parameters of the experimental setup. 

Parameters  Value 

 APMSG  

Rated Torque  5.5 Nm 

Rated Speed  180 rpm 

Rated Current  20 A 

𝑅௦  0.33 Ω 

𝐿ௗ = 𝐿௤  0.274 mH 

𝜓௉ெ  0.013 Wୠ 

𝑛௣  15 

𝐽  0.148 Kg ∙ mଶ 

 Induction motor  

Rated Speed  2930 rpm 

Rated Power  9.2 kW 

2.4.1. Results 

In this section, the author discusses the experimental results obtained on the 

test rig. The shaft speed and the aerodynamic torque and power obtained during 

the tests were scaled up (multiplied by the ratio between the rated values of the 

DHAWT and APMSG) to compare the results with the ideal regulation curves 

illustrated in Figure 6 and Figure 7. 
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Figure 11. The test rig’s architecture. 

Figure 12 (a), the actual test wind speed pattern and the wind speed 

estimated with the model- and NN-based WSEs are shown. Figure 12 (b) shows 

the estimation errors. The actual wind speed pattern was built with a uniformly 

random noise signal overlapped on a 0.08 slope ramp. An extended operative 

range was considered, from 2.8 to 18.9 m/s even if the cut-in speed defined above 

was 2 m/s. The test was accomplished starting from 2.8 m/s to overcome 

hardware limitations. After a brief initial interval (approximately 35 s), the wind 

speed ramp started growing until the cut-out speed is reached. Therefore, the test 

lasted approximately 250 s. The comparison between the WSEs clearly prove 

the superiority of the proposed NN WSE. 

The comparison between the actual and estimated aerodynamic torque is 

shown in Figure 13 (a), whereas in Figure 13 (b), the relative estimation errors 

are reported. In these figures, the proposed LO is compared with an adaptive 

observer proposed in [18]. The observers have very similar dynamics and 

performances: the maximum error is obtained when the wind speed starts 

increasing, but when the MPPT subregion is finished, 𝑇෠௔becomes very reliable 

until the cut-out speed is reached. Moreover, the adaptive observer exhibits 
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better performance than the LO at low torque values, while at high torque values, 

the situation is reversed. Among the causes of the estimation error that affects 

both observers, there are uncertainties in the model parameters (𝐾் and 𝐽), 

inaccuracies in the estimation and compensation of the mechanical losses, and 

inaccuracies of the torque control of the induction motor. However, this error is 

acceptable in practise and affects only slightly the performance of the proposed 

control scheme, as will be shown in the following figures. In conclusion, these 

results show that the LO can be effectively employed for the estimation of the 

aerodynamic torque of WECSs as a valid alternative to the adaptive observer 

proposed in [18]. 

  

(a) (b) 
Figure 12. Wind speed: (a) Actual and estimated wind speed pattern; (b) Relative 

(percentage) estimation errors. 

  
(a) (b) 

Figure 13. Aerodynamic torque: (a) Actual and estimated aerodynamic torque; (b) 

Relative (percentage) estimation errors. 
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The comparison between Figure 12 and Figure 13 shows that the estimation 

of the wind speed with the model-based approach is strongly dependent on the 

accuracy of the aerodynamic torque estimation. This is particularly evident in 

the time range between 40 and 60 s. Moreover, Figure 13 (a) shows how the 

actual aerodynamic torque is characterised by an almost constant trend between 

180 s and the end of the test. In this time lapse, the wind speed has overcome 

14.5 m/s and the CTC achieves a net of small fluctuations. 

Figure 14 (a) shows how the measured APMSG rotor speed tracks its 

reference trajectory very well. The test started with a value of the shaft speed of 

about 300 rpm; that is the MPPT control reference speed for 2.8 m/s wind speed 

value. The speed tracking error has also been reported in Figure 14 (b): the 

tracking error was restricted to a ±3 rpm range with an average value equal to 

−0.03 rpm. At the time instant = 110 s, the rated rotor speed was reached, and 

the control provided a constant rotor speed until the time instant = 130 s, when 

the rated power was reached. Thus, CSC was achieved. Figure 15 shows the 

references and measured 𝑑-axis and 𝑞-axis currents. The measured currents track 

the references with some oscillations. To better illustrate the effectiveness of the 

proposed method, in Figure 16 and Figure 17, the ideal regulation 

characteristics were compared with the actual scaled ones, depending on rotor 

speed and wind speed. The actual curves match the ideal ones with a good fit in 

all wind subregions; therefore, these figures clearly show that the proposed 

control scheme is effective in all the DHAWT operating ranges. Note that the 

ideal power curve depicted in Figure 17 (i.e., the same as in Figure 5) cannot 

be physically exceeded only in the MPPT subregion. In fact, the purpose of the 

MPPT is to extract the maximum wind power according to the wind turbine 

conversion efficiency. Thus, in this wind speed subregion, the ideal power curve 

represents the maximum aerodynamic power that can be physically extracted by 

the wind turbine. However, in this subregion, the actual aerodynamic power 

follows the ideal one very precisely. For wind speeds above this subregion, the 
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ideal power curve represents the maximum power that can be extracted without 

exceeding the safety mechanical limits. In this case, in the CPC and CTC 

subregions, the actual power slightly exceeds the ideal one because of the control 

scheme performance. This is mainly caused by the aerodynamic torque 

estimation error. In fact, as shown in Figure 13 (b), when the CPC and CTC are 

performed (after 130 s), the aerodynamic torque estimated by the LO is lower 

than the actual one. Considering now (11) and (12) because the shaft speed 

reference is inversely proportional to 𝑇෠௔, its value is higher than that achieved 

without estimation errors. Therefore, the increased shaft speed reference leads 

the DHAWT to develop an aerodynamic power higher than the ideal one. 

However, in practise, small deviations are acceptable. 

  

(a) (b) 
Figure 14. APMSG rotor speed: (a) Speed reference and measured rotor speed; (b) 

Absolute speed tracking error. 

  

(a) (b) 
Figure 15. Comparison between reference and measured currents: (a) 𝑑-axis current; 

(b) 𝑞-axis current. 
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(a) (b) 
Figure 16. Regulation characteristics comparisons: (a) Ideal and actual aerodynamic 

torque depending on shaft speed; (b) Ideal and actual aerodynamic power depending 

on shaft speed. 

  

Figure 17. Actual and ideal aerodynamic power curves depending on wind speed. 

To the best of the author’s knowledge, the proposed aerodynamic power 

regulation considering the mechanical constraints of the WECS with a back-to-

back power converter topology has not been achieved before in the literature. In 

fact, even if the CSC and CPC have been performed in [44], [70], neither have 

faced the issue of limiting the aerodynamic torque. Moreover, in [44], a WECS 

with a passive three-phase diode rectifier and a boost converter is considered. 

The control scheme is largely dependent on this power converter topology and 

is not suitable for the application on the WECS considered in the present work. 

In fact, the control laws proposed in [44] explicitly refer to the generator 

rectification voltage (regulated by the boost converter) to achieve the ideal power 

characteristic, while in the present work, this voltage is held constant by the 
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GSC. For a thorough evaluation of the performance achieved with the proposed 

control scheme, it is possible and useful to compare the results achieved in [70]. 

In this study, the generator speed was regulated with a PID speed controller 

whose output was the reference current of a buck converter connected to a 

battery bank; therefore, the FOC was not performed. Moreover, the control 

scheme avoids the need for wind speed measurement or estimation and makes 

use of an aerodynamic power observer and shaft speed measurement. 

Specifically, in [70], the MPPT was performed with the power signal feedback 

(PSF) method, while the CPC was performed with a closed loop with another 

PID regulator. Table 6 summarises the main features of the compared control 

schemes. Figure 9 and Figure 10 shown in [70] can be compared to Figure 17 

and Figure 16 (b), respectively. It can be seen how the control schemes achieved  

(b), respectively. It can be seen how the control schemes achieved  

Table 6. Main features of the compared WECS control schemes. 

Main Features 
VSC + LO 

(Proposed in This 
Work 

Control Scheme Proposed 
in [70] 

Wind turbine 
VSFP Ducted 

HAWT 
Conventional VSFP wind 

turbine 

Electrical generator APMSG Conventional PMSG 

Power converter topology 
Grid connected 

back-to-back PWM 
inverters 

Passive diode rectifier + 
buck converter connected to 

a battery bank 

MPPT control method 

Optimal TSR 
Model-based 

approach with wind 
speed estimation 

PSF 
Model-based approach with 

aerodynamic power 
estimation 

CSC method 
FOC with a PI 

speed closed loop 
PID speed closed loop (no 

FOC) 

CPC method 
Open loop 
regulation 

PID aerodynamic power 
closed loop 

CTC method 

 

Open loop 
regulation 

Not performed 



 

38 
 

overall similar performances until the CPC. This comparison definitively 

clarifies the originality and effectiveness of the proposed WECS. Finally, the 

author highlights that the merit of the performance achieved with the control 

scheme proposed in this work has to be also attributed to the accurate wind speed 

estimation achieved with the designed NN. In fact, an accurate wind speed 

estimation is crucial for optimal shaft speed reference computation in the MPPT 

and CTC regions. Moreover, an accurate wind speed estimation allows for a 

timely and proper transition between the four designed control laws. 

2.5. Final considerations 

An innovative control scheme for a direct-drive PMSG fully embedded in 

small-scale VSFP DHAWT over an extended wind speed range has been 

presented. This control strategy is implemented considering an AMPSG grid-

connected through a back-to-back connection of two PWM three-phase 

inverters. An ideal power regulation characteristic depending on wind speed is 

considered to maximise the power extraction, ensuring the respect of the safety 

mechanical limits of the WECS. A VSC has been designed to achieve the ideal 

regulation characteristic. This controller regulates the shaft speed of the 

DHAWT according to four control laws performed in four wind speed 

subregions. In the low-speed region, MPPT is performed with the optimal TSR 

method. Instead, the high wind speed region is divided into three subregions in 

which the CSC, CPC, and CTC are performed to avoid exceeding the rated shaft 

speed, the rated aerodynamic power, and the maximum aerodynamic torque of 

the DHAWT. Moreover, a LO has been designed for the estimation of the 

aerodynamic torque necessary for CPC and CTC implementation. Finally, a 

shallow NN has been designed for the estimation of the wind speed necessary 

for the transition between the control laws and the MPPT control and CTC 

implementation. An analytical study has been performed to properly choose the 

inputs of the WSE. 
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 The proposed control scheme has been validated through tests executed on 

a laboratory experimental setup. These tests have been performed considering a 

ramp wind speed pattern to explore the whole operating range of the DHAWT. 

The results show that the overall control strategy is successful in tracking the 

ideal power regulation characteristic. Moreover, the designed aerodynamic 

torque LO and WSE show good performances. To better evaluate the 

performances achieved with the proposed control scheme, comparisons with 

other solutions from the literature have been made. The LO achieves very similar 

performances to those of an adaptive ATO. Instead, the NN WSE is more 

accurate than a model-based WSE whose performances are influenced by the 

estimation errors on the aerodynamic torque. Finally, a comparison with a 

previously reported control scheme further demonstrates the effectiveness and 

originality of the proposed solution. 

2.6. Publications 

The contents and results presented in this chapter have been published in 

[79].  
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3. Cogging Torque Minimization of Modular PMSM 

3.1. Introduction and State of the Art 

In the context of the design of the PMSMs, the adoption of novel topologies 

based on the stator modularity and segmentation has gained increasing interest 

in the recent years. The stator of such machines is segmented in separated core 

modules which commonly assume the shape of T-cores (with one stator tooth), 

C-cores (with two stator teeth) or E-cores (with three stator teeth). Compared to 

conventional one-piece-stator PMSMs, this topology ensures many advantages 

from a manufacturing and assembling point of view: the reduction of material 

wastage [27], [80], simplicity of the stator winding process [80], [81], ease of 

transportation and assembling [28], and the possibility of using different 

materials for the stator and rotor core [27]. Such advantages are particularly 

noticeable for large machines, such as wind and tidal generators [20], [21]. 

Nevertheless, in the literature, this topology has also been studied for low power 

and small size PMSMs, as in [22]-[24]. Some recent research has also 

investigated and pointed out the advantages of the modular machines in terms of 

performances, such as:  

 higher filling factor, that allows to increase the power density [27], [28] 

[80], [81]; 

 enhanced fault-tolerant capability caused by the separation of the 

modules which avoids the faults propagation [23], [28]; 

 enhanced demagnetization-withstand capability [29].  

However, the presence of additional flux gaps between the core modules 

adversely affects the electromagnetic torque, causing a reduction of the average 

torque and increasing the cogging torque. The cogging torque is an undesired 

torque pulsation produced by PMSMs also at no-load condition, which causes 
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vibrations, acoustic noise, and speed pulsations. Conventional PMSMs with a 

one-piece-stator are affected only by cogging torque harmonics caused by the 

non-uniformity of the airgap due to the presence of the stator slots, which are 

called native harmonic components (NHCs). Instead, the flux gaps between the 

core modules can introduce additional harmonic components (AHCs) of the 

cogging torque which are characterized by a lower harmonic order and higher 

amplitude compared to the NHCs [28], [30], [82].  

Despite several methods have been developed for the cogging torque 

minimization, these mostly deal with PMSMs affected only by NHCs. For 

example, methods widely investigated are the rotor or stator skewing [83], [84], 

the adoption of dummy slots or notches on the tooth tips [85], [86], slot openings 

design [87], and teeth pairing [88], [89]. Instead, the minimization of the AHCs 

caused by modular stators has received poor attention so far. The study presented 

in [90] shows that the rotor skewing has no influence on AHCs of low order. In 

[30], an optimal number of uniform stator modules or an optimal combination 

of non-uniform stator modules are suggested to minimize the cogging torque. 

However, this method lacks flexibility and limits the design choices. Moreover, 

even when the optimal design choice is adopted, a non-negligible cogging torque 

remains. In [20], a method to mitigate the cogging torque of a modular PMSM 

with E-cores has been proposed. This method uses the cogging torque produced 

by shifted slot openings to compensate that produced by the flux gaps between 

the core modules. However, this method has a limited effectiveness for some 

specific topologies and cannot be extended to modular machines with a different 

shape of the core modules.  

In the present work, two novel methods have been proposed to minimize the 

cogging torque of modular PMSMs. The first one is based on the design of 

multiple and periodically reproduced shapes of the stator tooth tips by means of 

a topological optimization (TO). A similar approach has been proposed in [91], 
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in which the design of a unique shape for all the tooth tips has been performed 

to reduce the cogging torque of an outer rotor brushless dc motor with a one-

piece-stator. However, the analysis performed in the present work shows that the 

AHCs cannot be minimized by means of the design of a unique shape of the 

tooth tips, but a defined quantity of different tooth tips should be designed. The 

second one is based on the injection of sinusoidal shapes in the stator tooth tips, 

whose frequency is directly correlated to the frequency of the AHCs to be 

minimized. The sinusoidal shaping is a method already employed to contour the 

PMs [92], [93] or to modulate the air gap length [94] to minimize the cogging 

torque of PMSMs. However, to the best of the author’s knowledge, this method 

has not been applied to contour the stator tooth tips for the minimization of 

AHCs of the cogging torque so far. Both the proposed methods are based on the 

injection of novel cogging torque harmonic components to compensate the 

AHCs, by means of the air gap modulation. Moreover, compared to the existing 

methods, the proposed ones are flexible enough to handle arbitrary topologies of 

modular PMSMs with uniform stator segments, without limiting the designer 

choices as in [30].  

A full analytical solution to the topological and shape optimization problems 

defined in this work would be suffering from two important limitations: 

 difficulties in considering unconventional topologies and geometries; 

 accuracy reduced by the presence of non-linear and parasitic 

phenomena. 

In the literature, in the context of the optimization of electrical machines, to 

overcome the limitations of the analytical approach, a widely adopted strategy is 

to couple metaheuristic algorithms with the finite element analysis (FEA). 

Despite the non-negligible computational cost, the adoption of FEA guarantees 

high accuracy and the enables the possibility to analyze fully customized 

topologies and solutions. For example, a genetic algorithm (GA) has been used 
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to optimize the PM distribution [95] or to optimize the position and size of 

notches in the stator tooth tips [96] to minimize the cogging torque of permanent 

magnet machines (PMMs); in [97], a memetic algorithm has been used to 

optimize the shape and displacement of PMs of an interior PMSM (IPMSM) to 

optimize the flux weakening capability.  

The computational effort required by metaheuristic algorithms coupled with 

FEA can be mitigated by means of computationally efficient surrogate models 

which can substitute the time-consuming FEA for the computation of the 

objective function of the optimization problem. ANN-based surrogate models 

constitute a promising approach recently investigated for the reduction of 

computational requirements in electrical machines’ optimizations. For example, 

in [98], a topological binary particle swarm optimization (BPSO) coupled to a 

surrogate model based on a convolutional neural network (CNN) together with 

full and reduced order FEA maximized the torque of a synchronous reluctance 

motor (SynRM). By performing 80% of the BPSO iterations using the CNN, 

results comparable to a full order FEA optimization are achieved. The 

computational times are reduced of almost 20 times, providing a solution in 24 

h. Moreover, in [99], a multi-objective GA has been successfully used with two 

Bayesian regularization backpropagation neural networks which approximate 

the relationship between three design variables and the average torque and the 

torque ripple of a SynRM. In this work, the author investigates the use of 

multilayer ANNs to approximate the relationship between the design variables 

and the cogging torque waveform. A comparison with the results achieved with 

the conventional approach based on the use of a genetic algorithm directly 

coupled to the FEA will show the superiority of the investigated method in terms 

of computational efficiency. 
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3.2. Cogging Torque of Modular PMSMs  

The cogging torque of PMSMs is caused by the interaction between 

isofrequential harmonics of the rotor magneto-motive force (MMF) and of the 

flux-path permeance function (FPPF) [100]-[102]. The harmonics of the 

magneto-motive force are caused by the shape and placement of the rotor PMs. 

Instead, the harmonics of the FPPF are caused by the variations of the airgap 

length due to the stator slots and by the presence of additional airgaps in the flux-

path of modular stators. The cogging torque of modular PMSMs can be 

expressed as: 

𝑇௖௢௚(𝜃) = 𝑇ேு஼(𝜃) + 𝑇஺ு஼(𝜃) (25)

where 𝜃 is the electrical rotor position, 𝑇ேு஼  represents the NHCs caused by the 

presence of the stator slots and 𝑇஺ு஼  represents the AHCs caused by the 

segmented stator.  The frequency of the NHCs is an integer multiple of the least 

common multiple (LCM) between the number of poles and the number of stator 

slots. Instead, the AHCs frequency is an integer multiple of the LCM between 

2𝑛௣ and the number of stator core segments 𝑁௦: 

𝑇ேு஼ = ෍ 𝑇ேு஼௜ 𝑠𝑖𝑛൫𝐿𝐶𝑀൫2𝑛௣, 𝑁௦൯𝑖𝜃 + 𝜑ேு஼௜൯ ,

ஶ

௜

   𝑖 ∈ ℕ (26)

𝑇஺ு஼ = ෍ 𝑇஺ு஼௜ 𝑠𝑖𝑛൫𝐿𝐶𝑀൫2𝑛௣, 𝑚൯𝑖𝜃 + 𝜑஺ு஼௜൯ ,

ஶ

௜

  𝑖 ∈ ℕ (27)

where 𝑇ேு஼௜ , 𝑇஺ு஼௜ , and 𝜑ேு஼௜ , 𝜑஺ு஼௜  are the amplitudes and the phase shift of 

the i-th harmonic component, respectively.  
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Since the number of stator segments is equal or smaller than the number of 

stator slots, the period of the AHCs can be higher than the period of the NHCs. 

Moreover, since the low order harmonics of the MMF and FPPF are generally 

greater than the high order ones, it is expected that the AHCs of the cogging 

torque are greater than the NHCs.  

3.3. The Case Study 

To investigate and validate the methods proposed for the cogging torque 

minimization, the same annular PMSM (APMSM) described in subsection 2.2.2 

has been chosen as a case study. Figure 18 depicts one of the ten modules of the 

considered APMSM with 20, 30 and 60 uniform stator core segments. Machine 

geometrical parameters and materials are summarized in Table 7. 

 
(a) 

 
(b) 

 
(c) 

Figure 18. Modules of the APMSM: (a) Two stator segments per module; (b) Three 

stator segments per module; (c) Six stator segments per module. 
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Considering (27), the following harmonic orders of the AHCs are expected 

in an electrical period for the APMSMs with 20, 30 and 60 stator segments, 

respectively: 

𝐿𝐶𝑀൫2𝑛௣, 𝑚൯

𝑛௣
=

𝐿𝐶𝑀(100, 20)

50
𝑖 = 2𝑖,   𝑖 ∈ ℕ (28)

𝐿𝐶𝑀൫2𝑛௣, 𝑚൯

𝑛௣
=

𝐿𝐶𝑀(100, 30)

50
𝑖 = 6𝑖,   𝑖 ∈ ℕ (29)

𝐿𝐶𝑀൫2𝑛௣, 𝑚൯

𝑛௣
=

𝐿𝐶𝑀(100, 60)

50
𝑖 = 6𝑖,   𝑖 ∈ ℕ (30)

 

For the APMSM with 20 stator segments, a higher amplitude of the first 

AHC is expected with respect to the others APMSMs. In fact, in (28), since 

𝐿𝐶𝑀(100, 20) = 100, the first AHC is produced by the fundamental component 

of the rotor MMF. In (29) and (30), the first AHC is produced by the third 

harmonic component of the MMF which has a smaller amplitude if compared 

with the fundamental component. Moreover, the APMSM with 60 stator 

segments is expected to have larger AHCs than the one with 30 stator segments. 

In fact, when additional airgaps are introduced, the reluctance of the back-iron 

increases. This introduces more flux linkage across slot openings and tooth tips, 

increasing the tangential flux density, which adversely affects the cogging torque 

[30]. Considering (26), instead, the following harmonic orders of the NHCs are 

expected for the three APMSMs: 

𝐿𝐶𝑀൫2𝑛௣, 𝑁௦൯

𝑛௣
=

𝐿𝐶𝑀(100, 120)

50
𝑖 = 12𝑖,   𝑖 ∈ ℕ (31)
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In (31), since 𝐿𝐶𝑀(100, 120) = 600, the first NHC is produced by the 6th 

component of the rotor MMF. Hence, the amplitudes of the NHCs are negligible 

if compared to the amplitudes of the AHCs.  

To analyze the cogging torque of the APMSMs, transient-with-motion 

(TWM) 2D FEA have been performed using the MagNet software. The TWM 

solver provides accurate solutions by considering the motion effect as well as 

the induced eddy currents. A 450 steps TWM FEA has been performed to 

analyze the cogging torque over an electric period. In Figure 19 the cogging 

torque waveforms and harmonic spectra of the APMSMs with 20, 30 and 60 

stator core segments are reported. analyze the cogging torque over an electric 

Table 7. Main parameters and materials of the APMSM. 

Parameter Value 

No. of modules 10 

𝑁௦ 120 

Stator back-iron thickness 4 mm 

Rotor back-iron thickness 4 mm 

PM thickness 3.5 mm 

𝐿௦௧௞ 10 mm 

𝑔 10 mm 

Stator external radius 583 mm 

Rotor external radius 545 mm 

Tooth tips width 20.3 mm 

Tooth tips height 2 mm 

Copper fill factor 0.08 

Element Material 

Magnets NdFeB 40/23 

Stator core 10JNEX900 

Rotor back-iron 10JNEX900 

Windings Copper 100% IACS 
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period. In Figure 19 the cogging torque waveforms and harmonic spectra of the 

APMSMs with 20, 30 and 60 stator core segments are reported. The harmonic 

spectrum of the APMSM with 20 stator core segments has a wide 2nd harmonic 

and a 4th and 6th harmonics with amplitudes of 0.165 and 0.069 Nm, 

respectively. The APMSMs with 30 and 60 stator core segments have similar 

  
(a) (b) 

  

(c) (d) 

  

(e) (f) 

Figure 19. Cogging torque waveforms and harmonic spectra of the APMSMs: (a,b) 

APMSM with 20 stator segments; (c,d) APMSM with 30 stator segments; (e,f) 

APMSM with 60 stator segments. 
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spectra in which the dominant cogging torque harmonic is the 6th. The peak-to-

peak values of the cogging torque are 9.125, 0.226 and 0.298 Nm, i.e., 76,0%, 

1,9% and 2,5% of the rated torque, respectively. In all the cases, the NHCs are 

negligible if compared to the AHCs. Finally, note that in the last two harmonic 

spectra, unexpected weak harmonic components occur. These harmonics can be 

caused by slightly asymmetries in the model [103]. Nevertheless, the obtained 

results are overall in good agreement with the expectations. 

3.4. Cogging Torque Minimization Based on the Stator Tooth 

Tips Topological Optimization 

3.4.1. Theoretical Study and Design Formula 

The first method proposed for the minimization of the AHCs is based on the 

design of multiple, periodically reproduced, independent shapes of the tooth tips 

of the machine, called independent tooth tips. By means of the shaping of the 

stator tooth tips, additional harmonic components of the FPPF and consequently 

of the cogging torque can be injected. Considering the modified shapes of the 

tooth tips, the cogging torque of a modular PMSM can be expressed as: 

𝑇௖௢௚ = 𝑇ேு஼ + 𝑇஺ு஼ + 𝑇ூு஼  (32)

where 𝑇ூு஼  describes the components of the cogging torque caused by the shape 

of the tooth tips, called introduced harmonic components (IHCs). The proposed 

strategy aims at directly suppress the AHCs by means of the IHCs. For this 

purpose, the IHCs should have the same frequency of the AHCs.  

To find a relationship between the frequency of the IHCs and the number of 

the independent tooth tips, the author conducts a theoretical study. In [21], the 

superposition principle is employed to study the cogging torque of PMMs with 
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a segmented stator core (SSC). According to this principle, the contributions of 

the slotted stator structure and of the stator segmentations are independent and 

can be added together. In particular, the cogging torque contribution due to the 

slotted stator structure can be studied by considering a non-segmented slotted 

machine. Commonly made assumptions to study the cogging torque of these 

machines are as follows [21], [88], [101], [104]: 

 the magnetic energy is stored only in the airgap and PMs volume; 

 the PMs and air permeability are equal to the vacuum permeability; 

 the permeability of the iron is assumed to be infinite; 

 the airgap flux density is constant along the radial direction. 

The cogging torque of a rotating PMM can be studied with the well-known 

energy method, which defines the cogging torque as: 

𝑇௖௢௚ = −
𝜕𝑊

𝜕𝜃
 (33)

where 𝑊is the stored magnetic energy. According to the above assumptions, 𝑊 

can be expressed as in [88]: 

𝑊 =
1

2𝜇଴
න 𝐵ଶ𝑑𝑉

 

௏೒

 (34)

where 𝑉௚ is the volume of airgap and PMs, 𝜇଴ is the vacuum permeability, and 

𝐵 is the no-load airgap flux density expressed as: 

𝐵(𝛼, 𝜃) = 𝛬(𝛼) 𝐹௠(𝛼, 𝜃) (35)
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where 𝛬 is the airgap permeance function, 𝐹௠ is the rotor MMF, and 𝛼 is the 

angular displacement along stator circumference. Considering (35), (34) can be 

rewritten as: 

𝑊 =
1

2𝜇଴
න 𝛬ଶ(𝛼)𝐹௠

ଶ(𝛼, 𝜃)𝑑𝑉
 

௏೒

  

                            =
1

2𝜇଴
න න න 𝛬ଶ(𝛼)𝐹௠

ଶ(𝛼, 𝜃)𝑑𝛼𝑑𝑟𝑑𝑧

ଶగ

଴

ோమ

ோభ

௅ೞ೟ೖ

଴

  

                         =
𝐿௦௧௞

2𝜇଴

(𝑅ଶ
ଶ − 𝑅ଵ

ଶ)

2
න 𝛬ଶ(𝛼)𝐹௠

ଶ(𝛼, 𝜃)𝑑𝛼

ଶగ

଴

 (36)

where 𝐿௦௧௞, 𝑅ଵ and 𝑅ଶ are the stack length, the outer radius of rotor, and the 

radius to the tooth tips, respectively. Following the approach adopted in [105] 

and [106], 𝛬 can be expressed as: 

𝛬 =
𝜇଴

𝑔ᇱ
 (37)

with: 

𝑔ᇱ(𝛼) = 𝑔 + 𝑙௦௦(𝛼) + 𝑙௧௧௦(𝛼) (38)

where 𝑔 is the difference between 𝑅ଶ and 𝑅ଵ, 𝑙௦௦ is the additional length of the 

airgap flux-path due to the presence of the stator slots and 𝑙௧௧௦ is the additional 

length of the airgap flux-path due to the modified shape of the tooth tips. 

Assuming 𝑙௦௦, 𝑙௧௧௦ ≪ 𝑔, (37) can be approximated by the first-order Taylor’s 

expansion: 
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𝛬 ≈
𝜇଴

𝑔
−

𝜇଴

𝑔ଶ
(𝑔ᇱ − 𝑔) =

𝜇଴

𝑔
−

𝜇଴

𝑔ଶ
(𝑙௦௦ + 𝑙௧௧௦)  

                           =  
𝜇଴

𝑔
+ 𝛬௦௦ + 𝛬௧௧௦ (39)

where 𝛬௦௦ and 𝛬௧௧௦ are the permeance functions associated to the stator slotting 

effect and to the modified shape of the tooth tips, respectively. Considering (39), 

(36) can be expressed as: 

𝑊 =
𝐿௦௧௞

2𝜇଴

(𝑅ଶ
ଶ − 𝑅ଵ

ଶ)

2
න ൭

𝜇଴

𝑔
+ 𝛬௦௦(𝛼) + 𝛬௧௧௦(𝛼)൱

ଶ

𝐹௠
ଶ(𝛼, 𝜃)𝑑𝛼

ଶగ

଴

 

=
𝐿௦௧௞

2𝜇଴

(𝑅ଶ
ଶ − 𝑅ଵ

ଶ)

2
න ൭

𝜇଴
ଶ

𝑔ଶ
+ 𝛬′௦௦(𝛼) + 𝛬′௧௧௦(𝛼)൱ 𝐹௠

ଶ(𝛼, 𝜃)𝑑𝛼

ଶగ

଴

 (40)

where 𝛬′௦௦ = 2𝛬௦௦ 𝜇଴ 𝑔⁄ + 𝛬௦௦
ଶ, 𝛬′௧௧௦ = 2𝛬௧௧௦ 𝜇଴ 𝑔⁄ + 𝛬௧௧௦

ଶ + 2𝛬௦௦𝛬௧௧௦.  

𝛬′௦௦ = 2𝛬௦௦ 𝜇଴ 𝑔⁄ + 𝛬௦௦
ଶ (41)

𝛬′௧௧௦ = 2𝛬௧௧௦ 𝜇଴ 𝑔⁄ + 𝛬௧௧௦
ଶ + 2𝛬௦௦𝛬௧௧௦ (42)

Compared to the basic machine, the one with the modified shape of the tooth tips 

has an additional component of the squared permeance function, i.e., 𝛬′௧௧௦. 

Therefore, the IHCs are caused by the interaction between this component and 

the rotor MMF: 
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𝑇ூு஼ = −
𝐿௦௧௞

2𝜇଴

(𝑅ଶ
ଶ − 𝑅ଵ

ଶ)

2

𝜕

𝜕𝜃
න 𝛬ᇱ

௧௧௦(𝛼)𝐹௠
ଶ(𝛼, 𝜃)𝑑𝛼

ଶగ

଴

 (43)

If 𝑁௜  independent shapes of the tooth tips are periodically reproduced for all 

the tooth tips of the machine, the frequency 𝑓௧௧௦ of the function 𝑙௧௧௦ is: 

𝑓௧௧௦ =
𝑁௦

2𝜋𝑁௜
 (44)

This frequency coincides with the frequency of 𝛬′௧௧௦. This can be easily verified 

by means of the Werner formula, considering (39), the definition of 𝛬′௧௧௦, and 

that the frequency of 𝛬௦௦ is equal to 𝑁௦/2π, i.e., an integer multiple of 𝑓௧௧௦. 

Considering the orthogonality property of trigonometric functions, in (43) only 

the harmonic components of 𝛬′௧௧௦ and 𝐹௠
ଶ with the same frequency contribute 

to the energy, and, thus, to the cogging torque. Since the frequencies of the 

harmonic components of 𝐹௠
ଶ are multiple of 2𝑛௣ ([100], [101]), the frequency 

of 𝑇ூு஼  is expressed by: 

𝑓ூு஼௜ =
𝐿𝐶𝑀 ቀ2𝑛௣,

𝑁௦

𝑁௜
ቁ 𝑖

2𝜋
,    𝑖 ∈ ℕ 

(45)

Finally, the following expression for the 𝑇ூு஼  holds true: 

𝑇ூு஼ = ෍ 𝑇ூு஼௜𝑠𝑖𝑛

ஶ

௜

൬𝐿𝐶𝑀 ൬2𝑛௣,
𝑁௦

𝑁௜
൰ 𝑖𝜃 + 𝜑ூு஼௜൰ (46)

where 𝑇ூு஼௜  and φூு஼௜ are the amplitude and the phase shift of the i-th harmonic 

component, respectively. 
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Equations (45) and (46) are a key result of the presented analytical study. 

These formulas state that the frequencies of the IHCs of a PMSM designed with 

𝑁௜ independent tooth tips are multiple of the LCM between the number of poles 

and the ratio of the number of slots and the number of independent tooth tips. 

Considering (27) and (46), to obtain IHCs with the same frequency of the AHCs, 

the following equation should be satisfied: 

𝐿𝐶𝑀 ൬2𝑛௣,
𝑁௦

𝑁௜
൰ = 𝐿𝐶𝑀൫2𝑛௣, 𝑚൯ (47)

Therefore, the minimum number of independent tooth tips to suppress the AHCs 

is the following: 

𝑁௜ = 𝑚𝑖𝑛 ൜𝑛 𝜖 ℕ| 𝐿𝐶𝑀 ൬2𝑛௣,
𝑁௦

𝑛
൰ = 𝐿𝐶𝑀൫2𝑛௣, 𝑚൯ൠ (48)

Equation (48) is the design formula that allows the designer to choose the 

number of independent tooth tips to be designed to minimize the AHCs. 

3.4.2. Topological Optimization of the Tooth Tips Shape 

Equation (48) ensures that the IHCs include components with the same 

frequency of the AHCs. However, to suppress the AHCs, it is still necessary to 

properly set the amplitude and the phase shift of the IHCs through the design of 

the shape of the independent tooth tips. To face this issue, an approach based on 

the definition of a TO problem is proposed. Each independent tooth tip is 

discretized with a variable depth layer of 𝑁௦௨௕ sub-regions, called sub-teeth. To 

define the sub-region materials, a binary variable (𝑆௜௝ ) is assigned to each 𝑖-th 

sub-tooth of the 𝑗-th independent tooth tip. 𝑆௜௝ =  0 denotes air while 𝑆௜௝ = 1  

denotes iron. Moreover, considering the depth of the sub-teeth layer as an 
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additional variable, the design variables of the TO problem can be expressed as 

follows: 

𝒙 = ൣ𝑆ଵ,ଵ … 𝑆ேೞೠ್,ଵ … 𝑆ேೞೠ್,ே೔
  𝐷𝑒𝑝𝑡ℎ൧ (49)

where 𝑆௜,௝ ∈ {0,1}, with 𝑖 = 1, … , 𝑁௦௨௕ , 𝑗 = 1, … , 𝑁௜, and 𝐷𝑒𝑝𝑡ℎ ∈ [0 𝑑ெ஺௑], 

with 𝑑ெ஺௑ as the depth limit for the sub-teeth layers. Therefore, 𝑁௦௨௕ ∙ 𝑁௜ binary 

design variables and a real bounded design variable are defined. Two 

independent tooth tips discretized with layers of 5 sub-teeth are shown in Figure 

20, while an APMSM module designed with the above independent tooth tips is 

depicted in Figure 21. As shown in the figure, the shapes of the independent 

tooth tips are periodically reproduced for all the tooth tips of the APMSM. The 

objective function, 𝑓(𝒙), of the TO is defined as the peak-to-peak value of the 

cogging torque: 

𝑓(𝒙) = max ቀ𝑇௖௢௚(𝒙, 𝜃)ቁ − min ቀ𝑇௖௢௚(𝒙, 𝜃)ቁ (50)

where 𝑇௖௢௚(𝒙, 𝜃) is the cogging torque waveform of the APMSM designed in 

agreement with the current values of the design variables 𝒙. The maximum value 

of 𝑁௦௨௕ is limited by the tooth tips width and the manufacturing tolerances, while 

the maximum value for 𝑑ெ஺௑ is limited by the tooth tip height. The choice of 

𝑁௦௨௕ should be a trade-off between the achievable performances and the 

computational effort. In fact, the number of the sub-teeth is related to the quantity 

of the design variables affecting the complexity of the optimization problem and 

consequently the computational effort required by the heuristic solution. Similar 

considerations are done about the choice of 𝑑ெ஺௑. 
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Figure 20. Example of two independent tooth tips discretized with a layer of 5 sub-

teeth: 𝑁௜ = 2, 𝑁௦௨௕ = 5,  𝒙 = [1 0 0 1 0 1 0 0 0 1 0.6]. 

 

Figure 21. Module of the APMSM designed with: 𝑁௜ = 2, 𝑁௦௨௕ = 5, 𝒙 =

[1 0 0 1 0 1 0 0 0 1 0.6]. 

3.4.3. Heuristic Solution Based on Genetic Algorithm and Artificial Neural 

Networks Surrogate Models 

To solve the TO defined by (49) and (50), an original multi-training heuristic 

procedure that employs the GA and ANN-based surrogate models has been 

proposed, which can be described by the flow chart shown in Figure 22. It 

begins with the choice of the main design parameters: 𝑁௜, 𝑁௦௨௕ and 𝑑ெ஺௑. Then, 

𝑁௦௧௔௥௧ sample data are generated through the TWM FEA of the APMSM 

considering random samples of the design variables in the design space. The 

sample data consists of a set of inputs 𝑋 constituting the actual values of the 

design variables 𝒙 and a set of outputs 𝑌 constituting the values of 𝑇௖௢௚_ிா஺(𝒙, 𝜃)  
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Figure 22. Flow chart of the proposed multi-training heuristic procedure. 

computed by the TWM FEA. Specifically, 𝑇௖௢௚_ிா஺(𝒙, 𝜃) is a vector of 𝑁௦௧௘௣ +

1 values of the torque in an electrical period, where 𝑁௦௧௘௣ is the number of steps 

computed by the TWM FEA.of the TWM FEA. Then, by making use of the 

sample data, a multi-training phase is performed. Five feed forward (FF) 

multilayer ANNs are chosen as surrogate models. Details about the choice of the 

FF ANNs will be presented subsequently. 
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These FF ANNs are employed by the GA for the objective function 

evaluation: 

𝑓(𝒙) = 𝑚𝑎𝑥 ቀ𝑇௖௢௚_஺ேே(𝒙, 𝜃)ቁ − 𝑚𝑖𝑛 ቀ𝑇௖௢௚_஺ேே(𝒙, 𝜃)ቁ (51)

where 𝑇௖௢௚_஺ேே(𝒙, 𝜃) is a vector of 𝑁௦௧௘௣ + 1 values of the torque in an electrical 

period, computed by the FF ANN. The best three solutions of each trial of the 

GA are used to perform a TWM FEA and compute 𝑇௖௢௚_ிா஺(𝒙, 𝜃). Thus, the 

new couples (𝒙, 𝑇௖௢௚_ிா஺(𝒙, 𝜃)) are introduced as additional data for the next 

heuristic iteration. The process stops when 𝑁ெ஺௑ sample data are obtained. The 

achieved solution (𝒙௢௣௧) is selected as the best sample among the input data set, 

i.e., the minimizer of the following function: 

𝑓ிா஺(𝒙) = max ቀ𝑇௖௢௚_ிா஺(𝒙, 𝜃)ቁ − min ቀ𝑇௖௢௚_ிா஺(𝒙, 𝜃)ቁ , 𝒙 𝜖 𝑋 (52)

The main idea is to implement a step-by-step incremental accuracy of the 

surrogate models in the proximity of the minimum of 𝑓(𝒙). The author suggests 

employing five FF ANNs to mitigate the randomness of the data sample splitting 

in training and validation data, which affects the surrogate models’ accuracy near 

the solution of the TO. The best three solutions of each GA are chosen for the 

next step to cope with the estimation errors of the surrogate models. Details 

about the TWM FEA, the surrogate models and the GA are provided below. 

Computationally-Efficient TWM FEA  

Each one of the 450 steps TWM FEA performed to obtain the cogging torque 

waveform requires about 55 min on a HP Z440 workstation equipped with an 

Intel Xeon CPU E5-1620 v3 @ 3.50GHz. Since the proposed procedure requires 

hundreds of TWM FEA, the author suggests moderating the number of steps of 
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the TWM FEA according to process time. To ensure that the TWM FEA catches 

the dominant cogging torque harmonics to minimize, the number of steps should 

be greater than the double of the maximum harmonic order of the cogging torque 

harmonics to be minimized, according to the Nyquist criterion. Considering that 

the maximum order of the cogging torque harmonics of the analyzed APMSMs 

is 6, 36 steps has been chosen for the TWM FEA performed during the proposed 

heuristic procedure. Therefore, 𝑇௖௢௚_ிா஺(𝒙, 𝜃) consists of 37 values of the torque 

in an electrical period. Note that 36 steps ensure an acceptable accuracy as will 

be shown later. 

FF ANNs Surrogate Models Design 

The designed FF multilayer ANN is depicted in Figure 23.  The inputs and 

outputs are the design variables 𝒙 and the 𝑇௖௢௚_஺ேே(𝒙, 𝜃) waveform, 

respectively. The architecture consists of an input layer of 𝑁௦௨௕𝑁௜ + 1 neurons, 

of 𝑁ு௅ hidden layers, each one with 𝑁ுே neurons, and an output layer of 37 

linear neurons. The hidden neurons’ activating function is the hyperbolic tangent 

sigmoid (tansig). 

To obtain the five FF ANNs employed by the GA for the objective function 

evaluation, the following training procedure is proposed. First, the 𝑁௦௔௠௣௟௘ 

sample data are randomly split in training (80%) and validation (20%) data. 

Then, the number of hidden layers and the number of neurons for each hidden 

layer are chosen among the following sets of values: 

𝑁ு௅  𝜖 [1, 2] 

𝑁ுே 𝜖 [2, 4, 6, 8] 
(53)
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Figure 23. Architecture of the FF multilayer ANN used as surrogate model. 

The Levenberg-Marquardt algorithm, i.e., one of the fastest among ANNs 

training methods [77], is applied to the training data set to determine the weights 

and biases of the FF ANN. Moreover, to avoid the ANN over fitting on the 

training data, a stop criterion based on the maximum validation failures is 

adopted. This criterion stops the Levenberg-Marquardt training algorithm if the 

estimation error on the validation data (generalization error) fails to improve for 

ten epochs in a row. This step is repeated for all the possible combinations of 

𝑁ு௅ and 𝑁ுே, hence, 8 FF ANNs are trained according to (53). Finally, the 

trained FF ANN with the lowest validation error is chosen as surrogate model. 

A preliminary analysis has shown that, compared to (53), higher numbers of 

neurons and hidden layers don’t ensure better validation errors considering a 

number of data samples lower than 300. As shown in Figure 22, this training 

procedure is repeated five times to obtain five ANN-based surrogate models. 

Note that the five FF ANNs could have different structures, i.e., different values 

of 𝑁ு௅ and 𝑁ுே. Moreover, these structures could vary with each iteration of the 

heuristic procedure. In fact, it is expected that the optimal number of hidden 

layers and neurons increases when the number of sample data increases. 

 



 

61 
 

GA Design 

The main parameters and settings of the designed GA are summarized in 

Table 8. As the computation of the objective function using the surrogate models 

is very fast, the GA can operate with large individuals and generations to 

increase its performances. In this work, the initial population is made by the best 

50 samples of the input data set 𝑋, and 350 samples obtained through a uniform 

sampling in the design space. 

Table 8. GA parameters and settings 

Parameter Value 

Population Size 400 

Maximum Generations Number 100 

Crossover rate 80% 

Mutation rate 20% 

Number of Elite Individuals 0.05 ∙ Population Size 

3.4.4. Results 

Results of the Proposed Heuristic Procedure 

The design parameters used to perform the proposed heuristic procedure are 

reported in Table 9. According to (48), 𝑁௜ is 6, 2 and 2, respectively. Moreover, 

the author set 𝑁ெ஺௑ = 265 to perform the proposed optimization in about 24 h, 

as can be deduced by Table 10, where the computational times of the main steps 

of the proposed heuristic procedure are reported. The training phase is related to 

the five FF ANNs surrogate models.  

Table 11-Table 13 show the results of the proposed heuristic procedure 

obtained on the APMSMs with 20, 30 and 60 stator segments. Since the proposed 

method includes stochastic processes, i.e., the surrogate models training phase 

and the GA heuristics, it has been applied five times to properly evaluate its 

performances. As it can be seen, the method ensures outstanding performances: 
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in all the cases a reduction of the cogging torque higher than 85% is achieved. 

Particularly noteworthy are the results achieved on the APMSM with 20 stator 

segments. In fact, in this case, a cogging torque lower than that of the basic 

APMSMs with 30 and 60 stator segments has been achieved.  

Figure 24 shows the cogging torque peak-to-peak values computed using 

the TWM FEA during the best optimizations, i.e., optimization no. 1, 2 and 2 for 

the APMMs with 20, 30 and 60 stator segments, respectively. As it can be seen, 

a reduction of the cogging torque is already achieved with the first GA solutions, 

then, as the number of data samples increases, the accuracy of the surrogate 

models improves, and better solutions are achieved by the GA heuristics. 

Moreover, in the case of APMSMs with 30 and 60 stator segments, the best 

solutions are achieved from the early iterations. In fact, in these two cases, fewer 

design variables are used. Consequently, the FF ANNs surrogate models ensure 

good approximation performances of the objective function even with few data 

samples. This stresses the importance of reducing the design variables through a 

proper choice of the number of independent tooth tips to save computational 

time. 

Table 9. Actual values of the main design parameters. 

Parameter Value 

𝑁௜ 6, 2, 2 

𝑁௦௨௕ 9 

𝑑ெ஺௑ 0.8 𝑚𝑚 

𝑁௦௧௔௥௧ 100 

𝑁ெ஺௑ 265 

 
Table 10. Computational times of the heuristic procedure on a Workstation Hp Z440. 

Operation Computational Time 

TWM FEA (36 steps) 5 𝑚𝑖𝑛 

Training phase (x5)  3 𝑚𝑖𝑛 

GA heuristic (x5)  6 𝑚𝑖𝑛 
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Table 11. Results of the optimizations with the proposed heuristic procedure on the 
APMSM with 20 stator segments. 

 𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ [Nm] 
Cogging Torque 
Reduction [%] 

Average Cogging 
Torque Reduction [%] 

1 0.216 97.6  

2 1.210 86.7  

3 0.282 96.9 94.4 

4 0.241 97.4  

5 0.592 93.5  

 
Table 12. Results of the optimizations with the proposed heuristic procedure on the 
APMSM with 30 stator segments. 

 𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ [Nm] 
Cogging Torque 
Reduction [%] 

Average Cogging 
Torque Reduction [%] 

1 0.031 86.3  

2 0.030 86.7  

3 0.038 83.2 84.9 

4 0.040 82.3  

5 0.032 85.8  

 
Table 13. Results of the optimizations with the proposed heuristic procedure on the 
APMSM with 60 stator segments. 

 𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ [Nm] 
Cogging Torque 
Reduction [%] 

Average Cogging 
Torque Reduction [%] 

1 0.034 88.6  

2 0.032 89.3  

3 0.037 87.6 87.7 

4 0.040 86.6  

5 0.040 86.6  
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(a) 

 

(b) 

 

(c) 

Figure 24. Objective function values computed using the TWM FEA performed 

during the heuristic procedure: (a) APMSM with 20 stator segments; (b) APMSM with 

30 stator segments; (c) APMSM with 60 stator segments. 
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Figure 25 shows the cogging torque waveforms and harmonic spectra 

obtained with 36 and 450 steps TWM FEA of the best designs of the APMSMs 

achieved by the optimizations. The peak-to-peak values of cogging torque 

computed with the 450 steps TWM FEA are 0.224, 0.042 and 0.0362 Nm for the 

optimized APMSMs with 20, 30 and 60 stator segments, respectively.  

  
(a) (b) 

  

(c) (d) 

  

(e) (f) 

Figure 25. Cogging torque waveforms and harmonic spectra of the optimized 

APMSMs: (a,b) APMSM with 20 stator segments; (c,d) APMSM with 30 stator 

segments; (e,f) APMSM with 60 stator segments. 
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Therefore, a good agreement between the 36 and 450 steps TWM FEA is 

verified. Note that in all the cases a remarkable reduction of the dominant AHC 

is achieved. Moreover, the optimized APMSM with 20 stator segments also 

shows an improvement of the 4th and 6th harmonics over 50%. These results 

demonstrate the effectiveness of the proposed method in the minimization of the 

AHCs of the cogging torque. The no-load flux density distribution of the best 

designs of the APMSMs achieved by the optimizations are shown in Figure 26. 

This figure also shows the optimized shapes of the tooth tips, while the solutions 

achieved (𝒙௢௣௧) have been reported in the figure caption. A low value of the flux 

density can be noted. This corresponds to a design choice of the APMSM 

selected as a case study. In fact, this choice allows to reduce the iron losses while  

 

Figure 26. No-load flux density distribution of the optimized machines: (a) APMSM 

with 20 stator segments, 𝒙௢௣௧ =

[001110011000010111010000011101000011111010000010111010 0.8𝑚𝑚]; (b) APMSM with 30 

stator segments, 𝒙௢௣௧ = [0 1 1 1 1 1 1 1 1 1 0 0 1 0 0 1 1 0 0.48𝑚𝑚]; (c) APMSM with 60 stator 

segments, 𝒙௢௣௧ = [1 0 0 1 0 0 1 1 0 1 1 1 0 1 1 0 1 0 0.62𝑚𝑚]. 
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meeting the torque requirements without increasing the copper losses, i.e., the 

main source of the losses of the considered machine.   

To fully demonstrate the validity of the design formula (48), an analysis of 

the results achieved with values of 𝑁௜ in disagreement with the design formula 

is required. Figure 27 shows the results achieved through the optimizations on 

the APMSM with 20 stator segments with 𝑁௜ = 3, 4, in disagreement with (48). 

As expected, a weak reduction of the cogging torque is achieved. 

 

Figure 27. Objective function values computed using the TWM FEA performed 

during the heuristic procedure on the APMSM with 20 stator segments and 𝑁௜ = 3, 4. 

Figure 28 shows the cogging torque waveforms and harmonic spectra of the 

best achieved solutions, obtained with a 450 steps TWM FEA. The cogging 

torque peak-to- peak values of the optimized machines are 6.927 and 6.805 Nm 

respectively. Note that the APMSMs with 𝑁௜ = 3 has a higher 4th harmonic 

compared to the basic one (greater by 42.8%) while there is a weak influence on 

the 2nd (lower by 24.7%) and 6th (lower by 17.7%) harmonic. Moreover, the 

APMSM with 𝑁௜ = 4 has a higher 𝑁௜ =6th harmonic compared to the basic one 

(greater by 55.9%) while there is a weak influence on the 2nd (lower by 18.8%) 

and 4th harmonic (lower by 3.7%). These results agree with the theoretical study 

since in an electrical period, from (46), the harmonic orders of the IHCs expected 

for 𝑁௜ = 3, 4 are 6𝑖 and 4𝑖, respectively, with 𝑖 ∈ ℕ. These results demonstrate 
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the validity of the developed design formula (48). Note that the solution 𝒙 of the 

TO might be also constituted by the same shape for all the stator tooth tips. This 

implies that the design of a single tooth tip shape does not affect the AHCs of 

the cogging torque. Consequently, traditional methods based on dummy slots or 

notches equally placed in all the tooth tips cannot be adopted for the 

minimization of the AHCs. 

  
(a) (b) 

Figure 28. Comparison between the basic and optimized APMSMs with 20 stator 

segments and 𝑁௜ = 3, 4: (a) Cogging torque waveforms; (b) Cogging torque harmonic 

spectra. 

Results of the Direct Approach 

To demonstrate the computational efficiency of the proposed multi-training 

heuristic procedure, the results are compared with those achieved with the 

conventional direct approach on the APMSM with 20 stator segments. In this 

case, a unique GA heuristic is performed, and the objective function has been 

directly computed by a 36 steps TWM FEA: 

𝑓(𝒙) = max ቀ𝑇௖௢௚_ிா஺(𝒙, 𝜗௥)ቁ − min ቀ𝑇௖௢௚_ிா஺(𝒙, 𝜗௥)ቁ (54)

Same design parameters (i.e., 𝑁௜ , 𝑁௦௨௕ and 𝑑ெ஺௑) are employed. The GA 

population size (PS) and maximum generations number (MGN) are chosen so 

that the two methods have same execution times. Since the best combination of 
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the PS and MGN is not known a priori, the author choses three different 

combinations for these two parameters. These combinations are reported in 

Table 14 together with the number of TWM FEA iterated by the GA, i.e., PS ∙

MGN +  PS since the GA initial population is considered as well. The other 

settings of the GA used for the direct approach are equal to those listed in Table 

8. The initial population is obtained through a uniform sampling in the design 

space. To properly compare the two approaches, five optimizations for each GA 

combination have been performed. Each TWM FEA requires 5 min to be 

performed, thus, each GA heuristic requires more than 25 h. Therefore, a slightly 

advantage of time has been granted to the direct approach. Nevertheless, as 

shown in Table 15-Table 17, none of the three GA combinations ensure the 

same performances obtained by using surrogate models. In fact, the average and 

maximum cogging torque reduction are lower than those reported in Table 11. 

Finally, Figure 29 shows the evolution of the best individuals among the GA 

generations obtained during the best optimizations performed: optimization no. 

1, 3, and 5 for the 17  17, 24  12, and 30  9 GA combinations, respectively. 

This figure clearly shows the limit of the direct approach compared to the 

proposed one: to achieve good results through the GA, high values of the PS and 

of MGN are needed. This condition is satisfied by the proposed method by using 

computationally-efficient surrogate models. 

Table 14. GA population size and maximum generations number set for the direct 
approach. 

GA 1st Combination GA 2nd Combination GA 3rd Combination 

PSxMGN 
No. of 

TWM FEA 
PSxMGN 

No. of 
TWM FEA 

PSxMGN 
No. of 

TWM FEA 

17x17 306 24x12 312 30x9 300 
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Table 15. Results obtained with the direct approach on the APMSM with 20 stator 
segments using a 17x17 GA 

 𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ [Nm] 
Cogging Torque 
Reduction [%] 

Average Cogging 
Torque Reduction [%] 

1 1.850 79.7  

2 2.302 74.8  

3 2.289 74.9 73.9 

4 1.864 79.6  

5 3.601 60.5  

 
Table 16. Results obtained with the direct approach on the APMSM with 20 stator 
segments using a 24x12 GA 

 𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ [Nm] 
Cogging Torque 
Reduction [%] 

Average Cogging 
Torque Reduction [%] 

1 1.997 78.1  

2 1.086 88.1  

3 1.080 88.2 82.4 

4 1.184 87.0  

5 2.699 70.4  

 
Table 17. Results obtained with the direct approach on the APMSM with 20 stator 
segments using a 30x9 GA 

 𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ [Nm] 
Cogging Torque 
Reduction [%] 

Average Cogging 
Torque Reduction [%] 

1 3.003 67.1  

2 1.904 79.1  

3 2.477 72.6 77.3 

4 1.496 83.6  

5 1.445 84.2  
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Figure 29. Evolution of the best individuals among GA generations obtained with the 

direct approach. 

Comparison with the Basic Machine 

In this subsection, a comparison between the basic and optimized design of 

the APMSM with 20 stator segments is reported. The optimized design is the 

one shown in Figure 26 (a). 

Figure 30 shows the torque waveforms and harmonic spectra at rated current 

of the basic and optimized designs obtained with a 450 steps TWM FEA. Note 

that the cogging torque of the basic machine largely affects the torque ripple 

under load operations. In fact, the 2nd harmonic of the cogging torque appears 

unaltered in the torque waveform. Instead, the torque of the optimized machine 

benefits from the proposed method and the torque ripple is significantly reduced.  

In Figure 31, the permanent magnet flux-linkage with the three phases of 

the basic and optimized designs is shown. The basic design has an asymmetry 

of the flux-linkage with a phase B amplitude slightly larger than phases A and 

C. Instead, analysis performed on the basic design with 30 and 60 stator 

segments, not reported here, show a flux-linkage symmetric for the three phases. 

The optimized design keeps the asymmetry of the basic machine but the 

amplitudes of the fundamental components and of the other harmonic 

components are slightly reduced.  
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(a) (b) 

Figure 30. Comparison between the basic and optimized APMSMs with 20 stator 

segments at rated current: (a) Torque waveforms; (b) Torque harmonic spectra. 

 

 
Figure 31. Waveforms and harmonic spectra of the permanent magnet flux-linkage for 

the three phases of the basic and optimized APMSM. 

Details about the THD of the permanent magnet flux-linkage, torque ripple, 

average torque, and losses at rated speed and current of the basic and optimized 

designs are provided in Table 18. The average torque of the optimized machine 
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has been reduced by 3.1%, the torque ripple has been reduced by 66.7% while 

there are no appreciable alterations of the losses and permanent magnet flux-

linkage THD. Due to the high value of the copper losses, the efficiency of the 

optimized and basic design is about 90%. However, since the considered fill 

factor is very low (see Table 7) the efficiency of the machine can be improved 

by increasing the copper volume. 

Table 18. Comparison between the basic and optimized APMSM with 20 stator 
segments. 

Parameter Basic APMSM Opt. APMSM 

Average torque 13.05 Nm 12.64 Nm 

Torque ripple (peak-to-peak to average torque 
ratio) 

70,6% 3,9% 

Phase A permanent magnet flux-linkage THD 0,37% 0,34% 

Phase B permanent magnet flux-linkage THD 0,57% 0,61% 

Phase C permanent magnet flux-linkage THD 0,58% 0,56% 

Copper losses 91.8 W 91.8 W 

Magnet losses 23.6 W 23.3 W 

Iron losses 16.4 W 15.7 W 

Sensitivity Analysis Considering Manufacturing and Assembling Tolerances 

To evaluate the robustness of the proposed method, a sensitivity analysis has 

been performed considering manufacturing and assembling tolerances on the 

optimized design of the APMSM with 20 stator core segments, i.e., the machine 

shown in Figure 26 (a). The considered manufacturing and assembling 

uncertainties are shown in Figure 32 and are as follows: 

 tolerance of stator tooth width, ∆𝑤௧; 

 tolerance of stator segments position, ∆𝜃௧; 

 tolerance of sub-teeth width, ∆𝑤௦௧; 

 tolerance of magnets position, ∆𝜃௉ெ. 
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Note that all the considered uncertainties affect the cogging torque of the 

APMSM. Typical values of tolerance are considered, as reported in Table 19 

[101]. As in [107], a normal distribution is assumed for the manufacturing and 

assembling uncertainties with a standard deviation 𝜎 = (𝑈𝐿 − 𝐿𝐿) 6⁄ , where 𝑈𝐿 

and 𝐿𝐿 are the upper and lower limits of the tolerance ranges, respectively. 

 

Figure 32. Manufacturing and assembling tolerances considered in the sensitivity 

analysis. 

Table 19. Manufacturing and assembling tolerances. 

∆𝒘𝒕 ∆𝜽𝒕 ∆𝒘𝒔𝒕 ∆𝜽𝑷𝑴 

±0.05 mm ±0.05°  ±0.05 mm ±0.05° 

Two methods can be adopted to handle such tolerances. The first method is 

the uniform uncertainties method (UUM), which assumes that the uncertainty on 

each component is the same, e.g., all the tooths have the same width. Although 

its ease of implementation, the effects of the manufacturing tolerances may be 

underestimated with this method. The second approach is the non-uniform 

uncertainties method (non-UUM), which assumes that each component has its 

own uncertainty. This method ensures more realistic analysis but requires a 

higher computational effort since the motor periodicity is lost [101].  
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In this work, the author employed the non-UUM while considering equal 

APMSM modules. That is, each PM, tooth and stator segment of a module has 

its own uncertainty. This choice represents a fair trade-off between accuracy and 

computational effort. Thus, to evaluate the cogging torque under this 

assumption, a TWM FEA in a mechanical period of 36° should be performed, 

which is the angular span of a single APMSM module. In fact, due to the loss of 

the rotor periodicity caused by the tolerance of magnets’ position, the TWM FEA 

cannot be performed in an electrical period. The number of steps of the TWM 

FEA has been fixed to 180, which is the product between 36 (i.e., the number of 

steps used to perform the optimization) and the number of pole pairs of a module 

of the APMSM. A 180 steps TWM FEA requires about 23 min. If the non-UUM 

were applied to each module of the APMSM, a TWM FEA in a mechanical 

period of 360° would have been necessary. Therefore, an 1800 steps TWM FEA 

requiring about 230 min would have been performed. Note that such a high 

computational time limits the number of TWM FEA iterations, reducing the 

analysis accuracy. 

Figure 33 shows the peak-to-peak cogging torque values obtained by means 

of TWM FEA performed on several designs of the optimized APMSM subject 

to the considered tolerances. The average value of the peak-to-peak cogging 

torque of the optimized designs under manufacturing and assembling tolerances 

is shown in the figure. This value is equal to 0,69 Nm, which corresponds to a 

reduction of 92.4% if compared to the basic machine. Moreover, the minimum 

and maximum values of the peak-to-peak cogging torque among the analyzed 

machines are equal to 0,39 and 1.17 Nm, respectively. These results clearly show 

how a significantly reduction of the cogging torque is achieved even under 

manufacturing and assembling tolerances, proving the robustness of the 

proposed method. 
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Figure 33. Peak-to-peak cogging torque of the optimized design of the APMSM with 

20 stator segments under manufacturing and assembling uncertainties. 

3.5. Cogging Torque Minimization Based on the Stator Tooth 

Tips Sinusoidal Shaping 

3.5.1. Theoretical Study and Design Formula 

The second method proposed for the minimization of the AHCs is based on 

the shaping of the tooth tips with sinusoidal profiles. To derive the relationship 

between the frequencies of the introduced sinusoidal profiles and the IHCs, the 

author followed the study reported in subsection 3.4.1. As a result of this study, 

the IHCs can be expressed as follows: 

𝑇ூு஼(𝜃) = ෍ 𝑇ூு஼ೖ
𝑠𝑖𝑛 ቀ2𝜋𝑓௦௣௞

𝜃 + 𝜑ூு஼ೖ
ቁ

ேೞ೛

௞ୀଵ

 (55)

where 𝑁௦௣ is the number of the sinusoidal profiles introduced to shape the tooth 

tips, 𝑓௦௣௞
 is the spatial frequency of the 𝑘-th sinusoidal profile, and 𝑇ூு஼ೖ

 and 

𝜑ூு஼ೖ
 are the amplitude and the phase of the 𝑘-th IHC. The key results expressed 

by (55) can be summarized as follows: 

 each sinusoidal profiles introduces only an IHC; 
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 the frequency of the IHCs coincides with the spatial frequency of the 

sinusoidal profiles. 

As stated in subsection 3.4.1, to suppress the AHCs by means of the IHCs, 

these should have the same frequencies. Therefore, if 𝑁஺ு஼ ⊂ ℕ  is the 

aribitrarily chosen set of the harmonic order of the AHCs to be minimized, 

considering (27) and (55), the following condition should be satisfied:  

𝑓௦௣௞
=  𝐿𝐶𝑀൫2𝑛𝑝, 𝑚൯𝑖 

𝑓௦௣௞
=  

𝐿𝐶𝑀൫2𝑛𝑝, 𝑚൯𝑖  

2𝜋
, 𝑖 𝜖 𝑁஺ு஼ (56)

Equation (56) represents the design formula which allows to choose the 

frequency of the sinusoidal profiles. Note that a sinusoidal profile is introduced 

for each AHC to minimize.  

The same methodology can also be applied for the minimization of the 

NHCs. Let be 𝑁ேு஼ ⊂ ℕ  the arbitrarily chosen set of the NHCs to minimize. 

According to (26) and (55), the IHCs to introduce to suppress the NHCs should 

have the following frequencies: 

𝑓௦௣௞
=  

𝐿𝐶𝑀൫2𝑛𝑝, 𝑁௦൯𝑗  

2𝜋
, 𝑗 𝜖 𝑁ேு஼ (57)

Equation (57) can also be employed for the suppression of the cogging torque of 

conventional PMSMs with a one-piece stator core.  

3.5.2. Formulation of the Optimization Problem 

Equations (56) and (57) allow the designer to choose the number and 

frequency of the sinusoidal profiles which ensure to introduce cogging torque 
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harmonic components isofrequential with the AHCs and to the NHCs to be 

minimized. However, to suppress the AHCs and NHCs, it is also necessary to 

properly set the amplitude and position of the sinusoidal profiles.  

Figure 34 shows two tooth tips shaped by means of the composition of two 

sinusoidal profiles. The shape of the tooth tips can be described by the distance 

from the centre of the PMSM to the tooth tips inner surface: 

𝑟(𝛼) = 𝑅ଶ +  𝑆(𝛼, 𝑨, 𝝋) + ห𝑚𝑖𝑛൫𝑆(𝛼, 𝑨, 𝝋)൯ห (58)

where 

𝑆(𝛼, 𝑨, 𝝋) = ෍ 𝐴௞𝑐𝑜𝑠 ቀ2𝜋𝑓௦௣௞
𝛼 + 𝜑௞ቁ

ேೞ೛

௞ୀଵ

 (59)

𝑨 = ቂ𝐴ଵ 𝐴ଶ  … 𝐴ேೞ೛
ቃ , 𝝋 = ቂ𝜑ଵ 𝜑ଶ  … 𝜑ேೞ೛

ቃ (60)

in which, 𝐴௞, 𝜑௞ are the amplitude and phase shift of the introduced sinusoidal 

profiles. Equation (58) ensures that 𝑟(𝛼) ≥ 𝑅ଶ, ∀𝛼 ∈ [0 2𝜋], i.e., that airgap 

length cannot be reduced with respect to the original shape of the tooth tips, as 

shown in Figure 34. 

To determine the optimal amplitudes and phase shifts of the introduced 

sinusoidal profiles, the author defines an optimization problem in which the 

objective function coincides with (50), in which the vector of the design 

variables 𝒙 is: 
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Figure 34. Example of two tooth tips shaped with two combined sinusoidal profiles. 

𝒙 = [𝑨 𝝋], 𝒙 𝜖 [0 𝐴௟௜௠]ேೞ೛ × [0 2𝜋]ேೞ೛ (61)

where 𝐴௟௜௠ is the sinusoidal profiles amplitude upper bound, Moreover, the 

following constraint is introduced: 

𝑆(𝛼, 𝑨, 𝝋)  ≤ 𝐴௟௜௠ (62)

To ensure the manufacturing feasibility of the tooth tips shape, 𝐴௟௜௠ should be 

chosen minor or equal to half of the tooth tips height.  

3.5.3. Heuristic Solution 

Also in this case, to solve the optimization problem defined by (50), (61) and 

(62), a heuristic solution based on the use of ANN-based surrogate models and 

GA is adopted. However, in this case, a conventional single-training procedure 

is used, based on the following steps: 

 sample data generation with TWM FEA; 

 surrogate models training; 
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 choice of the best surrogate model; 

 GA implementation on the chosen surrogate model; 

 validation of the GA result by means of FEA. 

The sample data generation is performed considering random samples of the 

design variables in the design space. The training of the surrogate models and 

the choice of the best surrogate model is based on the same logic adopted in the 

case of the TO. However, in this case, the choice of the best surrogate models is 

performed by means of a GA in which the design variables are 𝑁ு௅ and 𝑁ுே and 

the objective function is the mean squared estimation error on the validation data. 

Finally, the parameters of the GA implemented on the chosen surrogate model 

to minimize the cogging torque are the same reported in Table 8.. In this case, 

the design variables are expressed by (61), the additional constraint is expressed 

by (62) and the objective function is expressed by (50). 

3.5.4. Results 

In Table 20-Table 22 are reported the results obtained with 10 surrogate 

models trained with 100, 250, and 400 random samples, respectively. The 

APMSM with 20 stator segments has been considered and three sinusoidal 

profiles have been introduced to minimize the 2nd, 4th and 6th harmonics shown 

in  Figure 19 (b). The frequencies of the introduced sinusoidal profiles have 

been chosen in agreement with the design formula (56), i.e., 15.92 𝐻𝑧, 

31.83 𝐻𝑧, and 47.75 𝐻𝑧, respectively. For each surrogate model are reported 

information about the structure of the NN, (i.e., 𝑁ு௅ and 𝑁ுே), the validation 

error, the result of the GA implemented on the surrogate model (𝒙𝒐𝒑𝒕 , 𝑓(𝒙𝒐𝒑𝒕)), 

and the result of the FEA validation 𝑓ிா஺(𝒙𝒐𝒑𝒕). Note that the performances of 

the cogging torque optimization increase with the number of samples employed 

to train the surrogate models and outstanding results are achieved when 400 

samples are employed.  
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In Table 23-Table 25 are reported the results obtained with the same single-

training procedure above described, using the method based on the TO. The 

comparison of the results achieved with the results reported in Table 20-Table 

22 shows that when a low number of samples are employed, the performances 

of the optimization are unsatisfactory in both cases. Instead, with the increase of 

the number of samples, the optimization based on the tooth tips sinusoidal 

shaping outperforms the TO. The main advantage of the optimization based on 

the tooth tips sinusoidal shaping is that the number of design variables depends 

only on the number of AHCs to be minimized while in the TO it increases with 

the period of the AHCs. A reduced number of design variables favors the 

integration of the second method proposed in this work with an optimization 

approach based on the use of surrogate models. Moreover, note that the 

comparison of the results reported in Table 25 and in Table 11 further 

demonstrates the effectiveness of the multi-training heuristic procedure 

described in Figure 22. In fact, this procedure ensures an average cogging torque 

reduction higher than 24.3% compared with the conventional single-training 

approach described in section 3.5.3, and with a computational time reduced by 

about 28%.  

Finally, in Table 26 are reported the results of the optimization performed 

by introducing two sinusoidal profiles in disagreement with the design formula 

(56). The frequencies chosen are 23.87 𝐻𝑧 and 39.79 𝐻𝑧, which correspond to 

the frequencies of the 3rd and 5th harmonics in the harmonic spectrum shown in 

Figure 19. Note that in this case, a very high accuracy of the surrogate model is 

achieved. In particular, the error between the 𝑓(𝒙𝒐𝒑𝒕) and 𝑓ிா஺൫𝒙𝒐𝒑𝒕൯ is 

negligible. Despite, the accuracy of the surrogate models, the performances of 

the optimization are very low since the introduced profiles cannot effectively 

interact with the cogging torque of the APMSM. These results definitely confirm 

the validity of the theoretical study and of the design formula (56).   
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Table 20. Results of the heuristic procedure with 100 random samples. 

 
𝑵𝑯𝑳 

x 
𝑵𝑯𝑵 

Validation  
error  

[(Nm)2] 

𝒇(𝒙𝒐𝒑𝒕)  
[Nm] 

𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ 
[Nm] 

Cogging 
Torque 

Reduction 
[%] 

Average 
Cogging 
Torque 

Reduction 
[%] 

1 4x4 4.028 6.049 8.369 8.3 

5.9 

2 5x6 3.798 1.539 8.813 3.4 

3 3x4 0.663 0.803 8.529 6.5 

4 3x4 1.552 1.642 8.710 4.6 

5 5x4 0.745 2.344 8.812 3.4 

6 2x6 2.237 0.652 8.097 11.3 

7 4x8 1.234 0.499 8.467 7.2 

8 2x4 0.445 0.882 8.608 5.7 

9 3x8 1.436 1.160 8.720 4.4 

10 5x4 0.454 0.611 8.712 4.5 

 
Table 21. Results of the heuristic procedure with 250 random samples. 

 
𝑵𝑯𝑳 

x 
𝑵𝑯𝑵 

Validation  
error  

[(Nm)2] 

𝒇(𝒙𝒐𝒑𝒕)  
[Nm] 

𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ 
[Nm] 

Cogging 
Torque 

Reduction 
[%] 

Average 
Cogging 
Torque 

Reduction 
[%] 

1 3x8 0.105 0.436 1.821 80 

85.3 

2 3x14 0.144 0.275 0.932 89.8 

3 1x16 0.058 0.254 0.947 89.6 

4 1x18 0.200 0.042 1.224 86.6 

5 3x14 0.213 0.449 2.014 77.9 

6 2x14 0.081 0.571 2.125 76.7 

7 2x12 0.255 0.375 0.523 94.3 

8 3x12 0.105 0.282 0.488 94.7 

9 3x12 0.178 0.670 1.597 82.5 

10 2x6 0.334 0.413 1.672 81.2 
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Table 22. Results of the heuristic procedure with 400 random samples. 

 
𝑵𝑯𝑳 

x 
𝑵𝑯𝑵 

Validation  
error  

[(Nm)2] 

𝒇(𝒙𝒐𝒑𝒕)  
[Nm] 

𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ 
[Nm] 

Cogging 
Torque 

Reduction 
[%] 

Average 
Cogging 
Torque 

Reduction 
[%] 

1 3x12 0.130 0.074 1.311 85.6 

90.0 

2 3x14 0.145 0.437 0.822 91.0 

3 3x12 0.057 0.195 0.529 94.2 

4 3x14 0.026 0.020 0.702 92.3 

5 3x14 0.157 0.410 0.389 95.7 

6 4x14 0.169 0.334 1.468 83.9 

7 3x14 0.204 0.223 1.306 85.7 

8 2x14 0.056 0.160 1.848 79.7 

9 2x14 0.024 0.028 0.290 96.8 

10 3x14 0.031 0.300 0.491 94.6 

 
Table 23. Results of the heuristic procedure with 100 random samples using the TO. 

 
𝑵𝑯𝑳 

x 
𝑵𝑯𝑵 

Validation  
error  

[(Nm)2] 

𝒇(𝒙𝒐𝒑𝒕)  
[Nm] 

𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ 
[Nm] 

Cogging 
Torque 

Reduction 
[%] 

Average 
Cogging 
Torque 

Reduction 
[%] 

1 5x4 0.482 8.700 9.264 -1.5 

23.4 

2 2x4 0.268 7.024 6.947 23.9 

3 2x2 0.431 8.565 7.282 20.2 

4 1x6 0.423 7.716 2.362 74.1 

5 2x4 0.272 7.983 6.582 27.9 

6 2x6 0.307 6.177 4.872 46.6 

7 1x2 0.393 6.504 8.465 7.2 

8 3x4 0.288 7.598 8.655 5.2 

9 5x6 0.442 8.380 8.711 4.5 

10 2x6 0.270 6.707 6.755 26.0 
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Table 24. Results of the heuristic procedure with 250 random samples using the TO. 

 
𝑵𝑯𝑳 

x 
𝑵𝑯𝑵 

Validation  
error  

[(Nm)2] 

𝒇(𝒙𝒐𝒑𝒕)  
[Nm] 

𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ 
[Nm] 

Cogging 
Torque 

Reduction 
[%] 

Average 
Cogging 
Torque 

Reduction 
[%] 

1 1x2 0.149 4.359 1.890 79.3 

67.0 

2 1x2 0.112 4.169 2.407 73.6 

3 1x2 0.103 6.157 2.585 71.7 

4 1x2 0.227 6.639 2.224 75.6 

5 1x2 0.150 3.354 2.638 71.1 

6 1x2 0.259 8.396 6.542 28.3 

7 1x2 0.182 5.647 2.089 77.1 

8 1x2 0.126 6.970 3.608 60.5 

9 1x10 0.261 6.587 3.172 65.2 

10 1x2 0.164 5.349 2.932 67.9 

 
Table 25. Results of the heuristic procedure with 400 random samples using the TO. 

 
𝑵𝑯𝑳 

x 
𝑵𝑯𝑵 

Validation  
error  

[(Nm)2] 

𝒇(𝒙𝒐𝒑𝒕)  
[Nm] 

𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ 
[Nm] 

Cogging 
Torque 

Reduction 
[%] 

Average 
Cogging 
Torque 

Reduction 
[%] 

1 2x4 0.135 3.074 2.959 67.6 

70.1 

2 2x6 0.051 0.325 0.548 94.0 

3 2x8 0.126 4.277 1.889 79.3 

4 1x6 0.141 6.573 2.521 72.4 

5 1x2 0.110 6.517 8.190 10.3 

6 3x4 0.089 3.131 3.301 63.8 

7 1x5 0.020 0.168 1.042 88.6 

8 1x4 0.191 0.363 1.509 83.5 

9 2x6 0.019 0.980 1.841 79.8 

10 1x2 0.224 7.700 3.523 61.4 
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Table 26. Results of the heuristic procedure with 250 random samples in disagreement 
with the design formula. 

 
𝑵𝑯𝑳 

x 
𝑵𝑯𝑵 

Validation  
error  

[(Nm)2] 

𝒇(𝒙𝒐𝒑𝒕)  
[Nm] 

𝒇𝑭𝑬𝑨൫𝒙𝒐𝒑𝒕൯ 
[Nm] 

Cogging 
Torque 

Reduction 
[%] 

Average 
Cogging 
Torque 

Reduction 
[%] 

1 2x6 0.0028 7.093 7.135 21.8 

21.6 

2 2x6 0.0032 7.026 7.210 21.0 

3 4x6 0.0009 7.164 7.160 21.5 

4 3x8 0.0011 6.943 7.134 21.8 

5 5x8 0.0009 7.055 7.148 21.7 

3.6. Final considerations 

Two novel design methods for the minimization of the cogging torque of 

PMSMs with modular stators have been presented. The first one is based on the 

topological optimization of multiple independent shapes of the tooth tips. The 

problem has been addressed with a semi-analytical approach. At first, by means 

of theoretical studies, a design formula has been developed, providing the 

number of the independent shapes to design based on the number of stator core 

segments and poles.  Afterwards, the optimal shapes of the tooth tips have been 

achieved through a TO solved with an original and computationally-efficient 

multi-training heuristic procedure. This approach is based on a GA coupled with 

multilayer ANN-based surrogate models employed for the objective function 

evaluation. Substantial cogging torque reduction (>90%) are obtained with the 

proposed approach. The results demonstrate the validity of the developed design 

formula as well as the superiority of the proposed heuristic procedure over 

conventional approaches based on Gas directly coupled with FEA. A detailed 

comparison between the basic and optimized machines shows how the proposed 

method slightly reduces the average torque and the flux-linkage while there are 

no appreciable alterations in the flux-linkage THD and efficiency. Finally, a 

sensitivity analysis has been performed by considering manufacturing and 



 

86 
 

assembling tolerances with the non-UUM proving the robustness of the proposed 

approach. 

The second method is based on the sinusoidal shaping of the stator tooth tips. 

Also in this case, the problem has been addressed with a semi-analytical 

approach. At first, an analytical study has been performed to derive the 

frequencies of the sinusoidal profiles to be introduced. Later, a conventional 

single-training heuristic procedure based on the use of a GA and multilayer 

ANN-based surrogate models has been adopted to optimize the amplitude and 

phase shift of the sinusoidal profiles. The results show a remarkable reduction 

of the cogging torque (>90%), proving the validity of the analytical studies.  

A comparison between the two methods shows that the one based on the 

sinusoidal shaping of the tooth tips ensure better performances with the same 

computational effort. Moreover, the results show that the proposed multi-

training heuristic procedure adopted to solve the TO is computationally more 

efficient than the conventional single-training one. 

3.7. Publications 

Part of the contents and results presented in this chapter have been published 

in [109] and [110]. 
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4. Automated offline parameter identification of 

PMSMs 

4.1. Introduction and State of the Art 

PMSMs performances are subject to degradation due to aging, vibrations, 

overtemperature and overcurrents. However, thanks to the parameter 

identification the conditions of the PMSMs can be monitored and faults can be 

detected and prevented. For instance, variations in the electrical parameters such 

as 𝑑𝑞-axis inductances, stator winding resistance and rotor flux linkage can 

detect inter-turn short circuits, demagnetization, or permanent magnet failures 

[111], [112]. 

To identify the parameters of PMSMs, offline or online approaches are 

employed. Offline approaches identify the parameters based on previously 

collected input/output data through dedicated tests with the machine usually 

disconnected from its load [113], [114]. While ensuring high accuracy, this 

approach needs specific laboratory equipment and human effort. Unfortunately, 

condition monitoring and fault diagnosis of PMSMs require periodic updates of 

the identified parameters, making offline methods not suitable for large-scale 

applications with many operating machines. Instead, online methods identify the 

PMSM parameters during its on-load operation using real-time implementations 

on the drive control unit. Existing online methods are mainly implemented using 

Adaline NNs [111], [115], [116], recursive least squares (RLS) [117], [118], 

evolutionary algorithms (EA) [112], [119]-[121], extended Kalman filter (EKF) 

[122], [123] model reference adaptive systems (MRAS) [124], and observer-

based methods [125], [126]. 

The accuracy of existing online identification schemes is jeopardised by the 

rank-deficiency issue, i.e., the number of unknown parameters is higher than the 
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rank of the PMSM model, thus preventing accurate and simultaneous parameter 

identifications [111], [120]. Reducing the number of unknown parameters by 

setting some of them to nominal values is a possible solution [123], [127]. 

However, variations in PMSM operating conditions, aging and faults can 

increase the difference between nominal and actual values, thus adversely 

affecting the identification accuracy. Moreover, in large-scale multi-machine 

processes, the nominal value of each parameter may be difficult to retrieve. 

Alternatively, the rank of the model can be increased by using additional 

equipment, such as thermal sensors [128] and torque meters [129]. Clearly, costs, 

complexity, and risk of failures would be increased. Signal injection represents 

another solution to increase the rank of the system. For instance,  current ([112], 

[116]-[121]), voltage ([130], [131]) , and rotor position ([111], [120]) offsets 

signals are injected. However, to provide accurate estimations, high signal-to-

noise ratios must be ensured in case of current or voltage injections, thus 

affecting system efficiency and stability while influencing the parameters to be 

identified [111], [120]. Moreover, custom control actions on the PMSM drive 

are required to implement signal injection, making such approach impractical in 

applications where many different commercial drives are present. 

Generally, 𝑑𝑞-axis reference voltages are employed in place of actual phase 

voltages, which are usually not measured. Hence, the estimation accuracy is 

further reduced due to the mismatch between reference and actual phase 

voltages, caused mainly by actuation delays and inverter nonlinearity (i.e., 

voltage drops on power devices and dead-time effect) [132]-[136]. The inverter 

nonlinearity can be compensated through an additional parameter in the PMSM 

model, i.e., the distorted voltage, which rarely overcomes 1.5 𝑉 [111], [112], 

[117]-[121], [128], [129]. Instead, to the author’s best knowledge, the 

compensation for identification purposes of the actuation delay, i.e., the delay 

introduced by the digital implementation of the current regulators and by the 

PWM logic, has not yet received attention. While affecting the estimation of the 
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rotor flux linkage and stator resistance, the voltage distortion caused by the 

inverter nonlinearity does not affect the estimation of the 𝑞-axis inductance when 

the 𝑑-axis current is controlled to zero [135]. Instead, as it will be shown next, 

the actuation delay can also jeopardize the estimation accuracy of 𝐿௤ during a 

zero 𝑑-axis current control and may have a greater impact on the identification 

of the rotor flux linkage and stator resistance. The voltage distortion due to the 

actuation delay increases as the ratios between electrical rotor speed and control 

sampling frequency increases, i.e., when high-speed PMSMs or PMSMs with a 

high number of poles are considered. It is worth mentioning how the main results 

of identification procedures relying on reference voltages show experiments 

with rotor speeds below 400 𝑟/𝑚𝑖𝑛, where the effects of actuation delays are 

negligible [111], [112], [115], [117]-[121], [124], [127], [128], [130]. 

Overcoming the limitations of existing solutions, the author proposes a novel 

approach highly suitable for large-scale industrial processes. Costs, machine 

downtimes, and human efforts are critical parameters to be minimized. Thus, 

realistic scenarios are considered, where: 

 dedicated laboratory tests are not allowed; 

 additional sensors (e.g., phase voltage transducers, thermal or torque 

sensors) are not allowed; 

 the implementation of custom algorithms (e.g., signal injections, 

alteration of the PMSM on-load ordinary operations) on the drive is not 

allowed; 

 nominal values of the parameters are not available. 

The PMSM drives are employed just as measurement collectors. Then, 

collected data is processed offline by the proposed automated algorithm which 

provides rotor flux linkage, stator resistance and inductance estimations. By 

exploiting the data obtained in multiple operating conditions, the problem of 

rank deficiency is overcome without requiring additional sensors, nominal 
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values, or signal injections. Moreover, the actuation delay is also compensated 

ensuring accuracy in medium and high frequency applications as well. 

Since the proposed method fits in large-scale applications, relies only on 

easily accessible data and does not require machine downtimes or custom drive 

programs, it is highly suitable for cloud computing implementations. In 

principle, the data coming from the PMSM drives during regular working 

operations are collected and stored on a cloud data lake, ready for further 

analysis. Code implementation, update, and maintenance is easier and more 

effective on a cloud environment in place of the control drive, where limitations 

are almost always present. Increasing efforts in developing cloud-oriented 

identification algorithms are required, as the advantages of a cloud 

implementation cannot be overlooked: it enables correlations and long-term 

analysis for predictive maintenance, cross-machines analysis, and 

implementation of digital twins without computational constraints. 

4.2. PMSM Model with Actuation Delay 

The steady-state equations of a PMSM in the 𝑑𝑞-axis reference frame when 

the 𝑑-axis current is zero are 

𝑢ௗ௤ = ቂ
𝑢ௗ

𝑢௤
ቃ =  ൤

−𝐿௤𝜔𝑖௤

𝑅௦𝑖௤ + 𝜓௉ெ𝜔
൨  (63)

The three unknown parameters, i.e., 𝐿௤, 𝑅௦, 𝜓௉ெ, cannot be identified 

simultaneously as the rank of (63) is at most two.  

Since voltage measurements are usually not available, the 𝑑𝑞-axis voltage 

reference, i.e., 𝑢ௗ௤
∗ , is employed in place of 𝑢ௗ௤, compromising the accuracy of 

the parameter identification. In particular, the distortion introduced by the 

actuation delay is considered. The actuation delay of 𝑢ௗ௤
∗  is composed by the 
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time delay due to the digital implementation of the current control and the time 

delay due to the PWM logic. While the former is equal to a sampling period of 

the regulator [136], i.e., 𝑇௦, the latter is assumed to be half-sampling period 

[136], [137]. Hence, an actuation delay of 1.5 𝑇௦ is obtained. During this period 

𝑢ௗ௤
∗ (𝑘 − 1) is fixed in the stationary reference frame while the synchronous 

frame rotates, as shown in Figure 35. Thus, the actual voltages at the instant 

(𝑘 + 0.5)𝑇௦ are expressed by the components of the voltage references vector in 

the synchronous frame: 

𝑢ௗ௤((𝑘 + 0.5)𝑇௦) = ൤
𝑐𝑜𝑠 (∆𝜃) 𝑠𝑖𝑛(∆𝜃)
−𝑠𝑖𝑛(∆𝜃) 𝑐𝑜𝑠 (∆𝜃)

൨ 𝑢ௗ௤
∗ ((𝑘 − 1)𝑇௦) (64)

where ∆𝜃 is the rotor angular displacement during to the actuation delay time. 

 

Figure 35. Diagram of voltage vectors. 

By assuming constant speed during this period, it results that  

∆𝜃 =
3

2
(𝜃(𝑘) − 𝜃(𝑘 − 1)) (65)

The author defines compensated voltages at time step 𝑘, i.e., 𝑢෤ௗ(𝑘𝑇௦) and 

𝑢෤௤(𝑘𝑇௦), as the components of 𝑢ௗ௤ in  (64). 
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 Using (63)-(65) and assuming 𝜔(𝑘𝑇௦) ≈ 𝜔((𝑘 + 0.5)𝑇௦) and 𝑖௤(𝑘𝑇௦) ≈

𝑖௤((𝑘 + 0.5)𝑇௦), the following  model is established: 

൤
𝑢෤ௗ(𝑘)
𝑢෤௤(𝑘)

൨ =  ቈ
−𝐿௤𝜔(𝑘)𝑖௤(𝑘)

𝑅௦𝑖௤(𝑘) + 𝜓௉ெ𝜔(𝑘)
቉  (66)

where 𝑇௦ is omitted for the sake of brevity. Note that the compensated voltages 

can be calculated from (64) and (65) using only the samples of the rotor position 

and of the voltage references.  

4.3. Proposed Automated Offline Parameter identification 

Figure 36 summarizes the proposed PMSM automated offline parameter 

identification procedure. An SPMSM drive with a zero 𝑑-axis current control is 

considered. No ad hoc tests or alterations of the machine operations are 

performed to collect the measurement data. In particular, the author assumes that 

electrical rotor position and speed, the 𝑞-axis current and the voltage references 

are the available variables. Thus, the compensated voltages can be calculated 

using (64) and (65).  An edge/cloud computing architecture like the one proposed 

in [138] can be adopted for the data collection and storage. The three phases of 

the offline data post-processing are described in the following subsections.  

4.3.1. SPMSM Steady-States Identification 

The proposed identification method is based on the model (66), which is 

valid only during the SPMSM steady states. Therefore, in the first phase of the 

offline application, the R-statistic algorithm is adopted to detect the SPMSM. R-

statistic is a statistical method developed to automatically distinguish transient 

states from steady states in noisy processes. This method is based on the 

computation of the following statistical index [139]: 
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𝑅ఞ(𝑘) = 2
∑ 𝜒௡(𝑖)ଶ௞

௜ୀ௞ିேೢ
 −

1
𝑁௪

൫∑ 𝜒௡(𝑖)௞
௜ୀ௞ିே ൯

ଶ

∑ (𝜒௡(𝑖) − 𝜒௡(𝑖 − 1))ଶ௞
௜ୀ௞ିேೢାଵ

 (67)

where 𝑅ఞ is the index for the generic variable 𝜒 and 𝑁௪ is the length of the 

moving window. 𝜒௡ is computed as follows: 

𝜒௡(𝑘) = 𝜒(𝑘) + 𝑤ఞ(𝑘)  (68)

where 𝑤ఞ is the noise signals based on the Box–Muller method: 

𝑤ఞ(𝑘) = 𝜎ఞ(𝑘)ඥ−2 𝑙𝑛(𝑟ଵ(𝑘)) 𝑠𝑖𝑛(2𝜋𝑟ଶ(𝑘))  (69)

in which 𝜎ఞ is the standard deviation, while 𝑟ଵ and 𝑟ଶ are independent samples 

chosen from the uniform distribution in the interval [0, 1]. The noise signals are 

introduced to avoid numerical issues [139]. 

𝑅ఞ tend to be around 1 as the process tends to the steady state. Instead, during 

transients, the indices are expected to be greater than 1. Hence, the process is in 

the steady state if 𝑅ఞ ≤ 𝑅௖௥௧, where 𝑅௖௥௧ is a critical threshold. In [139], the 

author suggests manually tuning 𝑅௖௥௧  according to the actual responses. 𝑅௖௥௧, 

𝑁௪, and 𝜎ఞ, are the tuning parameters of the R-statistic algorithm found with 

trial-and-error approach. The tuning of these parameters does not need to be 

repeated for different electrical drives since they do not depend upon physical 

parameters of the machine. This fact ensures the repeatability of the method in 

large scale applications limiting the human effort. To identify the SPMSM 

steady states, the R-statistic algorithm is applied to 𝑖௤ and 𝜔. The SPMSM is 

considered at steady state at the 𝑘-th sample only if 𝑅௜೜
(𝑘) ≤ 𝑅௖௥௧  and  𝑅ఠ(𝑘) ≤

𝑅௖௥௧. 
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Figure 36. Parameter identification procedure. 

4.3.2. Identification of the 𝒒-Axis Inductance  

In the second phase, 𝐿௤ is identified in each detected SPMSM steady state 

using an Adaline NN, called AdNN3. Note that the identification of 𝐿௤ can be 

performed independently from 𝜓௉ெ and 𝑅௦, as can be deduced by the first 

equation of the model (66). 

 AdNN3 is based on the following equations: 

𝐿෠௤(𝑘) =  𝐿෠௤(𝑘 − 1) + 2 𝜂௅೜
(𝑘)𝜔(𝑘)𝑖௤(𝑘)൫𝑢෤ௗ(𝑘) − 𝑢ොௗ(𝑘)൯  (70)

𝑢ොௗ(𝑘) = −𝜔(𝑘)𝑖௤(𝑘)𝐿෠௤(𝑘 − 1)  (71)
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𝜂௅೜
(𝑘) =

𝑘௅೜
− 1

2𝜔(𝑘)ଶ𝑖௤(𝑘)ଶ
  (72)

Note that 𝜔 and 𝑖௤ are the inputs of AdNN3, 𝑢ොௗ is the estimated 𝑑-axis voltage, 

i.e., the output of AdNN3, 𝐿෠௤ is the estimated 𝑞-axis inductance, i.e., the only 

weight of AdNN3, 𝜂௅೜
 is the learning rate, and 𝑘௅೜

 is a real constant in the 

interval [-1, 1]. Equation (70) is the formula for updating the weight of AdNN3, 

which is an Adaline NN with a single neuron. Equation (72) automatically 

update the learning rate at each sample time to ensure the convergence of the 

estimations provided by AdNN3. In fact, by substituting (71) in (70), the 

following first-order difference equation is obtained: 

 𝐿෠௤(𝑘) =  𝐿෠௤(𝑘 − 1) ൤1 + 2 𝜂௅೜
(𝑘) ቀ𝜔(𝑘)𝑖௤(𝑘)ቁ

ଶ

൨ +

                                                                                 2 𝜂௅೜
(𝑘)𝜔(𝑘)𝑖௤(𝑘)𝑢෤ௗ(𝑘) 

(73)

The solution of the homogeneous equation associated to (73) is 

𝐿෠௤௛(𝑘) = 𝑐 ൤1 + 2 𝜂௅೜
(𝑘) ቀ𝜔(𝑘)𝑖௤(𝑘)ቁ

ଶ

൨
௞

, 𝑐 ∈ ℝ (74)

Therefore, (72) is derived from the convergence condition: 

ฬ1 + 2 𝜂௅೜
(𝑘) ቀ𝜔(𝑘)𝑖௤(𝑘)ቁ

ଶ

ฬ < 1 (75)
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4.3.3. Identification of the Rotor Flux Linkage and Stator Resistance  

In the last phase, 𝜓௉ெ and 𝑅௦ are identified on selected SPMSM steady states 

using two coupled Adaline NNs, called AdNN1 and AdNN2, respectively. 

AdNN1 is based on the following equations: 

𝜓෠௉ெ(𝑘) =  𝜓෠௉ெ(𝑘 − 1) + 2 𝜂టುಾ
(𝑘) 𝜔(𝑘) ቀ𝑢෤௤(𝑘) − 𝑢ො௤(𝑘)ቁ (76)

𝑢ො௤(𝑘) = 𝑅෠௦
∗(𝑗 − 1)𝑖௤(𝑘) + 𝜓෠௉ெ(𝑘 − 1)𝜔(𝑘) (77)

𝜂టುಾ
(𝑘) =

1 − 𝑘టುಾ

2𝜔(𝑘)ଶ
 (78)

In these equations, 𝜔 and 𝑖௤ are the inputs of AdNN1, 𝑢ො௤ is the estimated 𝑞-axis 

voltage, i.e., the output of AdNN1, 𝜓෠௉ெ is the estimated rotor flux linkage, i.e., 

the only weight of AdNN1, 𝜂టುಾ
 is the learning rate, and 𝑘టುಾ

 is a real constant 

in the interval [-1, 1]. 𝑅෠௦
∗ is the provisional stator resistance estimation provided 

by AdNN2 and is constant during the operation of AdNN1. The way in which 

𝑅෠௦
∗ is updated is described below.   

Moreover, AdNN2 is based on the following equations: 

𝑅෠௦(𝑘) =  𝑅෠௦(𝑘 − 1) + 2 𝜂ோೞ
(𝑘) 𝑖௤(𝑘) ቀ𝑢෤௤(𝑘) − 𝑢ො௤(𝑘)ቁ (79)

𝑢ො௤(𝑘) = 𝑅෠௦(𝑘 − 1)𝑖௤(𝑘) + 𝜓෠௉ெ
∗ (𝑗)𝜔(𝑘) (80)

𝜂ோೞ
(𝑘) =

1 − 𝑘ோೞ

2𝑖௤(𝑘)ଶ
 (81)
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In these equations, 𝜔 and 𝑖௤ are the inputs of AdNN2, 𝑢ො௤ is the estimated 𝑞-axis 

voltage, i.e., the output of AdNN2, 𝑅෠௦ is the estimated rotor flux linkage, i.e., the 

only weight of AdNN2, 𝜂ோೞ
 is the learning rate, and 𝑘ோೞ

 is a real constant in the 

interval [-1, 1]. 𝜓෠௉ெ
∗  is the provisional stator resistance estimation provided by 

AdNN1 and is constant during the operation of AdNN2. Also, the way in which 

𝜓෠௉ெ
∗  is updated is described below. Note that (78) and (81) have been derived as 

(72). 

The second equation of the model (66) shows that the identification of 𝜓௉ெ 

and 𝑅௦ cannot be performed simultaneously using only a steady state due to the 

rank-deficiency issue. To overcome this issue, the author proposes to feed 

AdNN1 and AdNN2 with measurement data of two different SPMSM steady 

states. The author denotes SS1 and SS2 the steady states used to feed AdNN1 

and AdNN2, respectively. The criterion adopted for the choice of SS1 and SS2 

is discussed later. Moreover, to overcome the rank-deficiency issue, AdNN1 and 

AdNN2 are coupled using the approach described in Algorithm 1. After the 

initialization phase, at the 𝑗-th step, a rotor flux linkage and a stator resistance 

estimation is performed and the values of the provisional estimations 𝜓෠௉ெ
∗  and 

𝑅෠௦
∗  are updated. The provisional estimations are set equal to the last value of the 

estimations provided by AdNN1 and AdNN2 at the 𝑗-th step. This operation 

allows to couple the Adaline NNs, as shown by (77) and (80). The estimations 

𝑅෠௦ and 𝜓෠௉ெ can be considered at the steady state when the last value is chosen 

to update the provisional estimations. The process is cyclically repeated until the 

stop criterion is satisfied, i.e.: 

ቤ
𝜓෠௉ெ

∗ (𝑗) − 𝜓෠௉ெ
∗ (𝑗 − 1)

𝜓෠௉ெ
∗ (𝑗 − 1)

ቤ < 𝜀  ∧   ቤ
𝑅෠௦

∗(𝑗) − 𝑅෠௦
∗(𝑗 − 1)

𝑅෠௦
∗(𝑗 − 1)

ቤ < 𝜀   (82)
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where 𝜀 is an arbitrary constant. Note that SS1 and SS2 are fixed during the 

execution of Algorithm 1.  

Algorithm 1. Operation of the coupled Adaline NNs  

1. Choice of SS1 and SS2 
2. Provisional estimations initialization 

Set 𝜓෠௉ெ
∗ (0) = 0, 𝑅෠௦

∗(0) = 0, and 𝑗 = 1.  
3. Rotor flux linkage identification 

a. Set 𝜓෠௉ெ(0) = 𝜓෠௉ெ
∗ (𝑗 − 1) 

b. Use AdNN1 to identify 𝜓௉ெ on SS1 
c. Set 𝜓෠௉ெ

∗ (𝑗) = 𝜓෠௉ெ(𝑒𝑛𝑑)  
4. Stator resistance identification 

d. Set 𝑅෠௦(0) = 𝑅෠௦
∗(𝑗 − 1) 

e. Use AdNN2 to identify 𝑅௦ on SS2 
f. Set 𝑅෠௦

∗(𝑗) =  𝑅෠௦(𝑒𝑛𝑑) 
5. Convergence check 

If (82) is satisfied then stop, otherwise set 𝑗 = 𝑗 + 1 and go back to step 3. 

4.3.4. Convergence Analysis 

In this section, a convergence analysis of the Algorithm 1 is carried out. Let 

be 𝑢෤௤ଵ, 𝑖௤ଵ and 𝜔ଵ the 𝑞-axis voltage, current and the electrical rotor speed 

during SS1. By substituting (77) in (76), a first-order difference equation is 

obtained. The steady-state solution of this equation at the 𝑗-th step of AdNN1 is: 

𝜓෠௉ெ
∗ (𝑗) = 𝜓෡

𝑃𝑀
(𝑒𝑛𝑑)  ≈ 𝜓෡

𝑃𝑀
(∞) =

𝑢෥𝑞1 − 𝑅෠௦
∗(𝑗 − 1) 𝑖𝑞1

𝜔1
 (83)

Neglecting measurements error and considering (66), 𝑢෤௤ଵ can be expressed as: 

𝑢෤௤ଵ = 𝑅௦ଵ𝑖௤ଵ + 𝜓௉ெଵ𝜔ଵ (84)

where 𝑅௦ଵ and 𝜓௉ெ  are the actual values of the stator resistance and rotor flux 

linkage in the SS1. By substituting (84) in (83): 
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𝜓෠௉ெ
∗ (𝑗) =

𝑅𝑠1𝑖𝑞1 + 𝜓
𝑃𝑀1

𝜔1 − 𝑅෠௦
∗(𝑗 − 1) 𝑖𝑞1

𝜔1
 (85)

By repeating the same procedure for the stator resistance estimated at the (𝑗 −

1)-th step by AdNN2 during SS2: 

𝑅෠௦
∗(𝑗 − 1) =

𝑅௦ଶ𝑖௤ଶ + 𝜓௉ெଶ𝜔ଶ − 𝜓෡
𝑃𝑀

∗
(𝑗 − 1) 𝜔ଶ

𝑖௤ଶ
 (86)

By substituting (86) in (85), the following first-order difference equation is 

achieved: 

𝜓෠௉ெ
∗ (𝑗) = 𝜓

𝑃𝑀1
+ ቈ𝑅𝑠1 − 𝑅𝑠2 + ൫𝜓෠௉ெ

∗ (𝑗 − 1) − 𝜓
𝑃𝑀2

൯
𝜔2

𝑖𝑞2
቉

𝑖𝑞1

𝜔1
 (87)

The solution of this equation is: 

𝜓෠௉ெ
∗ (𝑗) = 𝑐 ቆ

𝑖𝑞1𝜔2

𝑖𝑞2𝜔1
ቇ

௝

+ 𝜓෠௉ெ
∗ (∞), 𝑗 ≥ 1 (88)

where 𝑐 is a constant and 

𝜓෠௉ெ
∗ (∞) = 𝜓

𝑃𝑀1
+ ൫𝜓

𝑃𝑀1
− 𝜓

𝑃𝑀2
൯

𝑟

1 − 𝑟
+ (𝑅𝑠1 − 𝑅𝑠2)

𝑖𝑞1/𝜔1

1 − 𝑟
 (89)

with 

𝑟 =
𝑖𝑞1𝜔2

𝑖𝑞2𝜔1
 (90)
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By substituting (88) in (86), the following expression is achieved: 

𝑅෠௦
∗(𝑗) = −𝑐

𝜔ଶ

𝑖௤ଶ
ቆ

𝑖௤ଵ𝜔ଶ

𝑖௤ଶ𝜔ଵ
ቇ

𝑗

+ 𝑅෠௦
∗(∞), 𝑗 ≥ 1 (91)

where 

𝑅෠௦
∗(∞) = 𝑅௦ଶ + (𝑅௦ଶ − 𝑅௦ଵ)

𝑟

1 − 𝑟
+ (𝜓௉ெ − 𝜓௉ெ )

𝜔ଶ/𝑖௤ଶ

1 − 𝑟
 (92)

Equations (88) and (91) shows that, to ensure the convergence of the stator 

resistance and rotor flux linkage estimations, SS1 and SS2 should be selected to 

satisfy the following condition: 

|𝑟| = ቤ
𝑖𝑞1𝜔2

𝑖𝑞2𝜔1
ቤ < 1 (93)

Equation (93) expresses the convergence condition of Algorithm 1. 

4.3.5. Analysis and Minimization of the Estimation Errors 

If the convergence condition (93) is satisfied, the values of the provisional 

estimations achieved by means of Algorithm 1 are expressed by (89) and (92). 

The analysis of (89) and (92) shows that the estimations are affected by errors 

caused by the variations of 𝜓௉ெ and 𝑅௦ in SS1 and SS2. For convenience, (89) 

and (92) can be rewritten as 

𝜓෠௉ெ
∗ (∞) = 𝜓

𝑃𝑀1
+ 𝜀𝜓 (94)
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𝑅෠௦
∗(∞) = 𝑅𝑠1 + 𝜀𝑅 (95)

with 

𝜀ట = (𝜓௉ெଵ − 𝜓௉ெ )
𝑟

1 − 𝑟
+ (𝑅௦ଵ − 𝑅௦ଶ)

𝑖௤ଵ/𝜔ଵ

1 − 𝑟
 (96)

𝜀ோ = (𝑅௦ଶ − 𝑅௦ଵ)
𝑟

1 − 𝑟
+ (𝜓௉ெ − 𝜓௉ெଵ)

𝜔ଶ/𝑖௤ଶ

1 − 𝑟
 (97)

Note that if an ideal SPMSM with constant parameters were considered, then 

𝜓௉ெ = 𝜓௉ெ = 𝜓௉ெ and 𝑅௦ଵ = 𝑅௦ଶ = 𝑅௦ and the estimations would be 

affected only by the presence of measurement errors. However, in a real PMSM, 

the values of the parameters vary with the operating condition and the errors 

expressed by (96) and (97) cannot be neglected. The methods which overcome 

the rank deficiency issue by means of the signal injection, aim to design 

additional steady states of the PMSM. In particular, the steady states are properly 

designed to minimize the variations of the parameters to be identified ensuring 

low estimation errors. Unfortunately, in the scenario considered in this work, 

this approach cannot be adopted and the only way to minimize the estimation 

errors is to properly select SS1 and SS2 among the available SPMSM steady 

states.  

To minimize 𝜀ట and 𝜀ோ, the following assumptions are made: 

 𝜓௉ெ = 𝜓௉ெ(Θ). The dependence on Θ is caused by the 

demagnetization effect of the temperature; 

 𝑅௦ = 𝑅௦(|𝜔|, Θ). The dependence on 𝜔 is caused by the skin and 

proximity effect while the dependence on Θ is caused by resistivity 

variation with the temperature; 



 

102 
 

 Θ = Θ൫ห𝑖௤ห൯. The temperature depends only on the intensity of the 

currents; 

 the effects of frequency variations higher than 100 Hz on the stator 

resistance are dominant compared to effects of the temperature 

variations. In fact, an increase of temperature of 100 °C causes an 

increase of the resistance of copper windings by about 70% compared 

to the value at room temperature. Instead, an increase of frequency 

higher than 100 Hz can increase the stator resistance over 100% 

compared to the DC value [140]-[143]. 

Under these assumptions, considering (96) and (97), the following criteria 

are established to select SS1 and SS2: 

 Criterion 1: Should be |𝑟| < 1/2, or minimize |𝑟| otherwise; 

 Criterion 2: Should be ห|𝜔ଵ| − |𝜔ଶ|ห < 100 ∙ 2𝜋 or minimize ห|𝜔ଵ| −

|𝜔ଶ|ห otherwise; 

 Criterion 3: Minimize |𝑟|; 

 Criterion 4: Minimize ቚห𝑖௤ଵห − ห𝑖௤ଶหቚ; 

 Criterion 5: Minimize ห|𝜔ଵ| − |𝜔ଶ|ห. 

On the basis of the assumptions and criteria established, two different 

procedures are proposed to optimally select the SPMSM steady states. The first 

one is shown in Figure 37 and allows to optimally select SS2 to minimize the 

estimation errors of 𝜓௉ெ. In this case SS1 is arbitrarily chosen among the 

available steady states. In particular, 𝜓௉ெ is considered dominant if 𝜓௉ெ >

10𝑅௦𝑖௤ଵ/𝜔ଵ. Instead, 𝑅௦ is considered dominant if 𝑅௦𝑖௤ଵ/𝜔ଵ > 10𝜓௉ெ. The 

second one is shown in Figure 38 and allows to optimally select SS1 to minimize 

the estimation errors of 𝑅௦. In this case SS2 is arbitrarily chosen among the 

available steady-state and 𝜓௉ெ is considered dominant if 𝜓௉ெ𝜔ଶ/𝑖௤ଶ > 10𝑅௦. 

Instead, 𝑅௦ is considered dominant if 𝑅௦ > 10𝜓௉ெ𝜔ଶ/𝑖௤ଶ.  
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Figure 37. Identification of 𝜓௉ெ: procedure for the optimal choice of SS2. 

 

Figure 38. Identification of 𝑅௦: procedure for the optimal choice of SS1. 

Before the implementation of the two procedures, the author proposes to 

perform a parameter identification by choosing SS1 and SS2 that minimize |𝑟|. 
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This first parameter identification is needed to provide parameter estimations to 

detect the presence of dominant parameters. 

4.4. Simulation Results 

In this section are reported the results obtained by means of the application 

of the proposed method to data provided by the simulation of an SPMSM drive 

in Simulink environment. The values of the main parameters of the model are 

reported in Table 27.  

Table 27. SPMSM drive parameters. 

Parameters Value 

Rated power  0.5 kW 

Rated current  1.33 A 

Rated mechanical speed    3000 rpm 

𝑛௣ 4 

𝑅௦ 13.155 Ω 

𝐿௤ 39.75 mH 

𝜓௉ெ 0.21 Wb 

Phase current uncertainty ±0.65 % 

DC voltage uncertainty ±0.8 % 

Switching frequency 10 kHz 

𝑇௦ 10ିସ 𝑠 

In particular, an SPMSM driven by an FOC controller and fed by a PWM 

three-phase inverter has been modeled. The FOC controller performs a speed 

control with zero 𝑑-axis current and is made by the cascade of speed and current 

PI regulators. In this model, the inverter nonlinearity is negligible while 

measurement uncertainties are added to the phase currents and on the DC-link 

voltage measurements. These uncertainties have been introduced considering 

datasheets of commercial transducers, i.e., LEM LA 55-P for the phase current 

transducers and LEM LV 25–1000 for the DC-link voltage transducer. 
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Moreover, a resolver has been modeled to provide rotor speed and angular 

position measurements. The SPMSM model with wye-wound stator is 

configured as a Bonfiglioli BMD 400V 65 surface magnet motors. The motors 

and inverter parameters are constant during the simulation. The model is used to 

simulate, at fixed sampling time step, a working cycle of six seconds with 

variable speed and load torque, as shown in Figure 39. This working cycle has 

been designed to obtain multiple operating conditions to be exploited by the 

proposed algorithm.  

 

(a) 

 

(b) 

Figure 39. SPMSM working cycles: (a) Mechanical speed reference and actual speed; 

(b) Electromagnetic and load torque.  

Figure 40 shows the voltage references, the actual voltages, and the 

compensated voltages. Note that the voltage references have been filtered with 
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a low-pass filter to eliminate the high-frequency harmonics generated by the 

PWM. In Figure 41, instead, the errors between the actual voltages and the 

voltage references and between the actual and the compensated voltages are 

reported. Note that, except for transients, the compensated voltages ensure a very 

good approximation of the actual voltages with errors lower than 1 𝑉. The error 

of the voltage references is unacceptable, especially considering the 𝑑-axis 

voltage. In particular, in accordance with the theory, the error between the actual 

voltages and the voltage references increases during the high-speed operations 

of the SPMSM, as can be deduced by comparing Figure 41 with Figure 39 (a).  

 

(a) 

 

(b) 

Figure 40. SPMSM voltages: (a) 𝑑-axis voltages; (b) 𝑞-axis voltages.  
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(a) 

 

(b) 

Figure 41. Voltage errors: (a) 𝑑-axis voltage errors; (b) 𝑞-axis voltage errors. 

These results demonstrate the validity of the proposed voltages compensation 

based on (64) and (65). 

Figure 42 shows the results of the R-statistic analysis, identifying the rotor 

speed and 𝑞-axis current steady states of the motor. The values of the R-statistic 

parameters used to achieve these results are reported in Table 28.  In this figure, 

the 𝑅ఠ, 𝑅௜೜
 and the critical value 𝑅௖௥௧ are shown. Note that the values of 𝑅ఠ, 𝑅௜೜

 

and 𝑅௖௥௧ are reported on the right y-axis of the figure. As expected, 𝑅ఠ and 𝑅௜೜
 

are greater than 𝑅௖௥௧ during the transient states, while are smaller than 𝑅௖௥௧ once 

the steady state is reached. The R-statistic identifies three rotor speed steady-

state time intervals ([0.4s, 2s], [2.4s, 3.5s], and [4.2s, 5.6s]) and three 𝑞-axis 

current steady-state time intervals ([0.7s, 2s], [2.8s, 3.5s], and [4.2s, 5.6s]). 
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Therefore, the detected steady-state operating conditions of the motor are in the 

time intervals [0.7s, 2s], [2.8s, 3.5s], and [4.2s, 5.6s].  

 

(a) 

 

(b) 

Figure 42. SPMSM steady-states identification: (a) Electrical rotor speed steady-states 

identification; (b) 𝑞-axis current steady-states identification. 

Table 28. R-statistic parameters. 

Parameters Value 

𝑁௪ 2000 

𝑅௖௥௧ 1.4 

𝜎ఠ(𝑘) 0.1 ∙ 𝜔(𝑘) 

𝜎iq
(𝑘) 0.1 ∙ 𝑖௤(𝑘) 

Figure 43 shows the results of the 𝑞-axis inductance identification in the 

three detected SPMSM steady-states. The estimation errors are 2.34%, 22.68%, 
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15.36%. Note that the operating condition in which the highest accuracy has 

been achieved is the one with the highest value of 𝜔𝑖௤. This can be explained 

considering the presence of model uncertainties and measurements errors. Let us 

consider the first equation of the model (66), introducing model uncertainties 

and measurement errors: 

𝑢෤ௗ + 𝜀௨ = −𝐿௤(𝜔 + 𝜀ఠ)൫𝑖௤ + 𝜀௜൯ + 𝜀௠ (98)

where 𝜀௨, 𝜀ఠ, 𝜀௜ and 𝜀௠ are the error of the voltage estimation, speed 

measurement, current measurement, and the model uncertainty, respectively. 

The model uncertainty takes into account a not perfect steady-state and a not 

perfect zero 𝑑-axis current. Note that these errors are also present in the Simulink 

model used to generate the data. By reversing (98), the following expression of 

the estimated 𝑞-axis inductance is achieved: 

𝐿௤ = −
𝑢෤ௗ

𝜔𝑖௤
−

𝜀௨ − 𝜀௠

𝜔𝑖௤
− 𝐿௤ ቆ

𝜀ఠ

𝜔
+

𝜀௜

𝑖௤
+

𝜀௜𝜀ఠ

𝜔𝑖௤
ቇ (99)

𝐿௤ = 𝐿෠௤ −
𝜀௨ − 𝜀௠

𝜔𝑖௤
− 𝐿௤ ቆ

𝜀ఠ

𝜔
+

𝜀௜

𝑖௤
+

𝜀௜𝜀ఠ

𝜔𝑖௤
ቇ (100)

𝐿෠௤ = 𝐿௤ +
𝜀௨ − 𝜀௠

𝜔𝑖௤
+ 𝐿௤ ቆ

𝜀ఠ

𝜔
+

𝜀௜

𝑖௤
+

𝜀௜𝜀ఠ

𝜔𝑖௤
ቇ (101)

This analysis shows that the estimation errors of the 𝑞-axis inductance are 

minimized when the identification is performed on operating conditions with 

high values of 𝜔 and 𝑖௤. 
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(a) (b) (c) 

Figure 43. 𝑞-axis inductance identification: (a) 6000 rpm – 0.63 A; (b) 12000 rpm – 

0.13 A; (c) 1200 rpm – 1.1 A. 

In Figure 44-Figure 46 the results of the rotor flux linkage and stator 

resistance identification in three different couples of SPMSM steady states are   

 

(a) 

 

(b) 

Figure 44. Parameter identification based on the coupled Adaline NNs: (a) Rotor flux 

linkage identification on SS1: 6000 rpm – 0.63 A; (b) Stator resistance identification 

on SS2: 1200 rpm – 1.1 A. 
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(a) 

 

(b) 

Figure 45. Parameter identification based on the coupled Adaline NNs: (a) Rotor flux 

linkage identification on SS1: 12000 rpm – 0.13 A; (b) Stator resistance identification 

on SS2: 6000 rpm – 0.63 A. 

shown. In these three cases, SS1 and SS2 have been chosen to satisfy the 

convergence condition (93): |𝑟| is equal to 0.11, 0.10 and 0.01, respectively. In 

this case, since the SPMSM parameters are constant in all the operating 

conditions, the procedure to select SS1 and SS2 shown in Figure 37 and Figure 

38 has not been applied. Note that, in all the cases, the provisional estimations 

𝜓෠௉ெ
∗  and 𝑅෠௦

∗ rapidly converge to stable values, proving the validity of the 

convergence analysis. Moreover, at the end of the identification procedure 

described in Algorithm 1, the estimation errors of the rotor flux linkage are 

0.095%, 0.032%, and 0.020%, respectively; instead, the estimation errors of the 

stator resistance are 1.90%, 0.24%, and 1.70%, respectively. 



 

112 
 

 

(a) 

 

(b) 

Figure 46. Parameter identification based on the coupled Adaline NNs: (a) Rotor flux 

linkage identification on SS1: 12000 rpm – 0.13 A; (b) Stator resistance identification 

on SS2: 1200 rpm – 1.1 A. 

Instead, Figure 47 shows the results of the rotor flux linkage and stator 

resistance identification with SS1 and SS2 chosen in disagreement with the 

convergence condition (93) (|𝑟| = 9.7). In this case the provisional estimations 

are divergent, as expected by the theoretical study.  

The simulation results clearly show the effectiveness and the validity of the 

proposed approach. In particular, the main achievements can be summarized as 

follows: 

 the proposed compensation of the actuation delay is very effective; 
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 the convergence analysis of the proposed identification method based 

on the coupled Adaline NN has been validated. 

The proposed method can overcome the rank deficiency issue providing very accurate 

estimations. 

 

(a) 

 

(b) 

Figure 47. Parameter identification based on the coupled Adaline NNs: (a) Rotor flux 

linkage identification on SS1: 6000 rpm – 0.63 A; (b) Stator resistance identification 

on SS2: 12000 rpm – 0.13 A. 

4.5. Experimental Results 

In this section, the results of the parameter identification of a real high-speed 

SPMSM drive with zero 𝑑-axis current control are reported. A photo of the 

experimental setup is shown in Figure 48. The values of the parameters of the 
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motor are reported in Table 29 while the available stationary operating condition 

(OC) of the motor are shown in Table 30.  

 

Figure 48. Experimental test bench. 

Table 29. SPMSM parameters. 

Parameters Value 

Rated Power 8.5 kW 

Maximum Speed 120 krpm 

𝑛௣ 2 

𝑅௦ 0.698 Ω 

𝐿௤ 1.251 mH 

𝜓௉ெ 26.82 mWb 

Switching frequency 40 kHz 

𝑇௦ 2.5 ∙ 10ିହ s 

 

Note that the value of the stator resistance is the direct current (DC) value at 

room temperature; the rotor flux linkage has been measured in no-load condition 
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at the room temperature and the stator inductance has been measured at low DC. 

The measured temperature of the SPMSM in the available OCs is reported in 

Table 31. 

Table 30. SPMSM stationary operating conditions. 

   𝒊𝒒 [A] 

𝝎𝒎 
[rpm] 

 −𝟑. 𝟓 −𝟕 −𝟏𝟎. 𝟓 −𝟏𝟒 

𝟔𝟎𝟎𝟎 OC 1.1 OC 1.2 OC 1.3 OC 1.4 

𝟏𝟐𝟎𝟎𝟎 OC 2.1 OC 2.2 OC 2.3 OC 2.4 

𝟏𝟖𝟎𝟎𝟎 OC 3.1 OC 3.2 OC 3.3 OC 3.4 

𝟐𝟒𝟎𝟎𝟎 OC 4.1 OC 4.2 OC 4.3 OC 4.4 

𝟑𝟎𝟎𝟎𝟎 OC 5.1 OC 5.2 OC 5.3 OC 5.4 

 
Table 31. Temperature of the SPMSM. 

   𝒊𝒒 [A] 

𝝎𝒎 
[rpm] 

 −𝟑. 𝟓 −𝟕 −𝟏𝟎. 𝟓 −𝟏𝟒 

𝟔𝟎𝟎𝟎 33 °C 46 °C 70 °C 112 °C 

𝟏𝟐𝟎𝟎𝟎 36 °C 49 °C 73 °C 114 °C 

𝟏𝟖𝟎𝟎𝟎 39 °C 52 °C 75 °C 115 °C 

𝟐𝟒𝟎𝟎𝟎 39 °C 51 °C 74 °C 113 °C 

𝟑𝟎𝟎𝟎𝟎 43 °C 55 °C 78 °C 119 °C 

The voltage references and the compensated voltages in the OC 5.1 are 

reported in Figure 49. Since this is an OC with a high value of the speed, a 

significant difference between the two voltages is expected. In fact, a difference 

of about 35 and 11 V between the voltage references and compensated voltages 

of the 𝑑- and 𝑞-axis can be observed, respectively. In this case, the difference 

between 𝑢௤
∗  and 𝑢෤௤ is negligible due to the low value of 𝑢ௗ

∗ . Moreover, note that 

the 𝑑-axis voltage reference is negative, which is obviously incorrect, since from 

(63), considering the sign of the 𝑞-axis current, a positive value is expected. 

Instead, the compensated 𝑑-axis voltage is positive. This result clearly shows the 

need to compensate the voltage references. Figure 50 shows the voltage 
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references and the compensated voltages in the OC 1.4. Since, compared to the 

previous case, a lower speed is considered, a minor difference between the two 

voltages is expected. In fact, a difference of about 0.5 V and 1 V between the 

voltage references and compensated voltages of the 𝑑- and 𝑞-axis is obtained, 

respectively. Finally, Figure 51 shows the voltage references and the 

compensated voltages in the OC 5.4. In this case, a difference of about 33 V and 

20 V between the voltage references and compensated voltages of the 𝑑- and 𝑞-

axis is obtained, respectively.  

  
(a) (b) 

Figure 49. SPMSM voltages in the OC 5.1: (a) 𝑑-axis voltages; (b) 𝑞-axis voltages. 

  
(a) (b) 

Figure 50. SPMSM voltages in the OC 1.4: (a) 𝑑-axis voltages; (b) 𝑞-axis voltages. 

  
(a) (b) 

Figure 51. SPMSM voltages in the OC 5.4: (a) 𝑑-axis voltages; (b) 𝑞-axis voltages. 

In Figure 52, the results of the 𝑞-axis inductance identification in all the 

available OCs are reported. Note that, despite the wide ranges of the current and 

speed, low variations of the estimations are obtained. This result confirms the 
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validity of the voltages compensation with the proposed approach. Note that, the 

estimated 𝑞-axis inductance slightly decreases with increasing speed. This is 

confirmed by [144]. For speed values between 6 and 18 krpm, the estimated 𝑞-

axis inductance decreases when the current increases. The phenomenon is in 

accordance with the saturation effect. Instead, for speed values higher than 18 

krpm, estimated 𝑞-axis inductance increases when the current increases. This 

unexpected behavior can be explained by the presence of neglected phenomena 

in the high frequency operations. To compare the results with the measured of 

value of 𝐿௤, a curve at 0 krpm has been extrapolated using 2nd degree 

polynomials. The estimation error between the value extrapolated at 0 A/0 krpm 

and the measured value is 1.8%. Therefore, a good accuracy of the 𝑞-axis 

inductance identification has been achieved. 

 

Figure 52. 𝑞-axis inductance identification. 

The first identification of 𝜓௉ெ and 𝑅௦  performed before the implementation 

of the procedures shown in Figure 37 and Figure 38 provides 𝜓෠௉ெ
∗ (𝑒𝑛𝑑) =

 23.69 mWb and 𝑅෠௦
∗(𝑒𝑛𝑑) = 1.166 Ω (SS1 = OC 5.1 and SS2 = OC 1.4). the 

presence of a dominant parameter can now be detected using these values.  

Figure 53 shows the results of the rotor flux linkage identification performed 

following the procedure of Figure 37 for the choice of SS2. The OC 1.4 is the 

only one in which the identification of 𝜓௉ெ cannot be performed. In fact, in this 
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case, there is no other OC that can be chosen as SS2 to satisfy the converge 

condition (93). Note that, except for the results at 6 krpm, the rotor flux linkage 

slightly decreases with increasing speed and current. These results are in 

accordance with the temperatures reported in Table 31. Instead, the results a 6 

krpm are not reliable and can be explained analyzing the estimation errors. For 

example, when the estimation at SS1=OC 1.3 is performed, SS2=OC 1.4 is 

chosen according to Figure 37. In this case, the ratio 
௥

ଵି௥
, that appears in (96), is 

equal to 3. Thus, in this condition, the error (𝜓௉ெଵ − 𝜓௉ெଶ), which is a positive 

quantity, is amplified and an overestimation is obtained. To compare the results 

with the measured of value of 𝜓௉ெ, a curve at 0 krpm has been extrapolated 

using 1st degree polynomials (the results at 6 krpm have not been considered for 

this operation). The estimation error between the value extrapolated at 0 A/0 

krpm and the measured value is 3.36%.  

 

Figure 53.  Rotor flux linkage identification in agreement with the optimal criterion. 

Figure 54 shows the results of the stator resistance identification performed 

following the procedure of Figure 38 for the choice of SS1. In this case, the OC 

5.1 is the only one in which the identification of 𝑅௦ cannot be performed. With 

few exceptions, an increase of the estimated resistance with the speed and current 

can be observed. Large estimation errors are achieved in the OC 2.1, OC 3.1, 

and OC 4.1 (SS1 = OC 5.1). Also in this case, these errors can be explained by  
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Figure 54.  Stator resistance identification in agreement with the optimal criterion. 

analyzing (97). In fact, the ratio 
௥

ଵି௥
 is equal to 0.67, 1.5 and 4, respectively. The 

error (𝑅௦ଶ − 𝑅௦ଵ), which is a negative quantity, is amplified and the stator 

resistance is underestimated. To compare the results with the measured value of 

𝑅௦, a curve at 0 krpm has been extrapolated using 1st degree polynomials (the 
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results at 3.5 A have not been considered for this operation). In particular, the 

extrapolated values are compared with the measured DC values of the resistance 

at different temperatures. According to Table 31, the extrapolated values at 7, 

10.5 and 14 A have been compared with measured DC values of the resistance 

at 52, 75 and 115 °C, respectively. The estimation errors are 13.36%, 2.18%, and 

7.08%. 

Finally, in Figure 55 and Figure 56, the results of the identification 𝜓௉ெ 

and 𝑅௦ in disagreement with the procedures reported in Figure 37 and Figure 

38  have been reported. For the identification of 𝜓௉ெ, the criteria of maximising 

|𝑟| and minimizing ห|𝜔ଵ| − |𝜔ଶ|ห have been followed. Instead, for the 

identification of 𝑅௦, the criteria of maximising |𝑟| and minimizing ቚห𝑖௤ଵห − ห𝑖௤ଶหቚ 

have been followed. The results clearly show that not reliable estimations are 

achieved, with larger estimation errors compared to the results reported in 

Figure 53 and Figure 54. This further demonstrates the effectiveness of the 

proposed criteria for the choice of the steady-states.  

 

Figure 55.  Rotor flux linkage identification in disagreement with the optimal criterion. 
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Figure 56.  Stator resistance identification in disagreement with the optimal criterion. 
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4.6. Final Considerations 

A novel method to perform an automated offline parameter identification of 

SPMSMs has been presented. Compared to the existing methods, the proposed 

one allows to identify the electrical parameters of the machine without ad hoc 

tests or perturbations of the operating conditions. The lack of voltage 

measurements has been overcome by using an original model which corrects the 

voltage references by means of the compensation of the actuation delay caused 

by the digital control and PWM inverter. Instead, to overcome the rank 

deficiency issue, an innovative strategy based on two coupled Adaline NNs has 

been designed. A detailed theoretical study has been performed to analyze the 

convergence of the proposed algorithm and the estimation errors. In particular, 

two optimal procedures have been developed to choose the SPMSM steady states 

to be used to feed the Adaline NNs.   

Simulation and experimental results have been provided to evaluate the 

performances of the proposed method. The simulation tests have been performed 

by feeding the Adaline NNs with data obtained with a Simulink model of an 

SPMSM drive. Measurement errors have been introduced while no parameter 

variations have been simulated. The results show that the developed SPMSM 

model to compensate the actuation delay is very accurate. Instead, the presence 

of measurement errors slightly affects the accuracy of the 𝑞-axis inductance 

estimation, especially when the identification is performed in SPMSM operating 

condition with a low value of 𝜔 ∙ 𝑖௤. Finally, the algorithm based on the two 

coupled Adaline NNs ensures outstanding performances with high accuracy of 

the estimations of 𝜓௉ெ and 𝑅௦.  

The experimental results have been obtained by feeding the Adaline NNs 

with data provided by a custom high-speed SPMSM drive. These results 

underline the importance of the compensation of the actuation delay and the 
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comparison of the estimations with the measured values of the parameters shows 

a good accuracy of the results. Moreover, the analysis of the estimation errors 

further confirms the validity of the presented theoretical study and stresses the 

importance of a proper selection of the SPMSM steady states used to feed the 

Adaline NNs. 

4.7. Publications 

Part of the contents and results presented in this chapter have been published 

in [138], [145], and [146]. 
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5. Conclusions and Future Developments 

In this thesis, advancements in control, design, and parameter identification 

of permanent magnet synchronous machines have been presented. In particular 

novel challenges and opportunities offered by recent applications and 

technologies have been considered.  

The problem of the control of a permanent magnet synchronous generator in 

a novel direct drive application is addressed in the chapter 2. In particular, a 

PMSG fully embedded within a small-scale variable speed DHAWT with a fixed 

pitch has been considered. The problem considered is the extension of the power 

generation capability of the DHAWT over a wide wind speed range, ensuring 

the respect of the safety mechanical limits of the system. An original control 

scheme has been designed, using a LO for the aerodynamic torque estimation 

and a Shallow NN for the wind speed estimation. Experimental tests have 

performed to assess the performances of the proposed solution. The main limits 

of the proposed control scheme are the complexity, the need for a shaft speed 

transducer and the training phase required by the wind speed estimator. An 

innovative sensorless control scheme which avoids the use of a wind speed 

estimator has been already designed by the author. The future goal is the 

validation with simulations and experiments. 

The problem of the minimization of the cogging torque of novel modular 

PMSMs is treated in the chapter 3. Two innovative design methods based on the 

optimization of the shape of the stator tooth tips have been proposed. In both 

cases, the optimization problem has been partially solved by means of analytical 

studies. Moreover, to completely solve the problem, a heuristic approach based 

on the use of multilayer ANN-based surrogate models has been adopted. 

Simulations with the FEA considering manufacturing uncertainties have been 

carried out to validate the proposed methods. 
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Finally, the problem of the parameter identification of SPMSMs using data 

obtained without ad hoc tests or control actions is tackled in the chapter 4. An 

original algorithm based on the three Adaline NNs has been proposed. Two of 

those have been designed to solve the rank deficiency issue while a SPMSM 

model considering the actuation delay of the voltage references has been adopted 

to overcome the lack of voltage measurements. Simulation and experimental 

tests have been performed to assess the performances of the proposed solution. 

In the future, the method will be extended to interior PMSMs and the effect of 

the down sampling (a typical issue in cloud computing environments) of the 

measurement data on the accuracy of the parameter identification will be studied.  
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A. Nomenclature 

Symbols 

∗ Apex for the variables references 

^ Apex for the estimated variables 

𝐴௥ Wind turbine rotor swept area 

𝐵 Airgap flux density 

𝐶௣ Power coefficient 

𝐶௣௠௔௫ Maximum value of the power coefficient 

𝐷𝑒𝑝𝑡ℎ Depth of the sub-teeth layer 

𝑑ெ஺௑ Depth limit for the sub-teeth layer 

𝐹௠ Rotor magneto-motive force 

𝑓ூு஼௜ Frequency of the introduced harmonic components 

𝑓௦௣௞
 Spatial frequency of the 𝑘-th sinusoidal profile 

𝑔 Airgap length (Outer radius of the rotor to the tooth tips) 

𝑔ᇱ 
Actual airgap length takin into account the presence of stator slots and 
the shape of the tooth tips 

𝑖ௗ 𝑑-axis current 

𝑖௤ 𝑞-axis current 

𝐽 Total moment of inertia  

𝐾் Torque constant  

𝐿ௗ 𝑑-axis stator inductance 

𝐿௤ 𝑞-axis stator inductance 

𝑙௦௦ Additional airgap flux-path due to the presence of stator slots 

𝐿௦௧௞ Stack length 

𝑙௧௧௦ Additional airgap flux-path due to the tooth tips shape 

𝑚 Number of stator core segments 

𝑁ு௅ Number of hidden layers 

𝑁ுே Number of hidden neurons 

𝑁௜ Number of independent tooth tips 

𝑁ெ஺௑ Maximum number of sample data 
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𝑛௣ Number of pole pairs 

𝑁௦ Number of stator slots 

𝑁௦௔௠௣௟௘ Number of sample data used for the ANNs training 

𝑁௦௣ Number of the introduced sinusoidal profiles 

𝑁௦௧௔௥௧ Number of sample data randomly generated 

𝑁௦௧௘௣ Number of steps of the transient-with-motion finite element analysis 

𝑁௦௨௕ Number of sub-teeth 

𝑁௪ Length of the windows of the R-statistic method 

𝑃௥௔௧௘ௗ Rated power of the wind turbine 

𝑃௪ Wind power 

𝑅 Wind turbine blade tip radius 

𝑅௖௥௧ R-statistic critical value 

𝑅ଵ Outer radius of the PMSM rotor 

𝑅ଶ Inner radius of the PMSM stator 

𝑅௦ Stator resistance 

𝑅෠௦
∗ Stator resistance provisional estimation 

𝑅ఞ R-statistic index for the generic variable 𝜒 

𝑇 Electromagnetic torque 

𝑇௔ Aerodynamic torque 

𝑇஺ு஼  Additional harmonic components of the cogging torque 

𝑇௔௩ Dynamic friction loss torque 

𝑇௖௢௚ Cogging torque 

𝑇௖௢௚_஺ேே Cogging torque computed by means of the artificial neural networks 

𝑇௖௢௚_ிா஺ Cogging torque computed by means of the finite element analysis 

𝑇௟  Load torque 

𝑇ூு஼  Introduced harmonic components of the cogging torque 

𝑇௠௔௫ Maximum aerodynamical torque of the wind turbine 

𝑇ேு஼  Native harmonic components of the cogging torque 

𝑇௦ Sampling period 

𝑢ௗ 𝑑-axis voltage 

𝑢෤ௗ Compensated 𝑑-axis voltage 
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𝑢௤ 𝑞-axis voltage 

𝑢෤௤ Compensated 𝑞-axis voltage 

𝑣 Unconstrained wind speed 

𝑣஽஼ DC-link voltage 

𝑊 Stored magnetic energy 

𝑤ఞ Box-Muller noise added to the generic variable 𝜒 

𝒙 Vector of the design variables 

𝒙𝒐𝒑𝒕 Solution achieved by the optimization 

𝛼 Angular displacement along stator circumference 

Θ Temperature of the machine 

𝜃 Electrical rotor position 

𝜃௠ Mechanical rotor position 

𝛬 Airgap permeance function 

𝛬௦௦ 
Airgap permeance function component associated to the stator slotting 
effect 

𝛬௧௧௦ 
Airgap permeance function component associated to the modified 
shape of the tooth tips 

𝜆 Tip-speed ration 

𝜆௠௔௫ Optimal value of the tip-speed ratio 

𝜌 Air density 

𝜎ఞ Standard deviation of the Box-Muller noise  

𝜒௡ Generic variable with the addition of the Box-Muller noise 

𝜓௉ெ Rotor flux linkage 

𝜓෠௉ெ
∗  Rotor flux linkage provisional estimation 

𝜔 Electrical mechanical speed 

𝜔௠ Rotor mechanical speed 

𝜔௥௔௧௘ௗ Rated speed of the wind turbine 
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Acronyms 

AdNN Adaline neural network 

AHC Additional harmonic component 

ANN Artificial neural network 

APMSG Annular permanent magnet synchronous generator 

APMSM Annular permanent magnet synchronous machine 

ATO Aerodynamic torque observer 

CFD Computational fluid dynamics 

CPC Constant power control 

CSC Constant speed control 

CTC Constant torque control 

DHAWT Ducted horizontal axis wind turbine  

FEA Finite element analysis 

FF Feed forward 

FOC Field-oriented control 

FPPF Flux-path permeance function 

GA Genetic algorithm  

GSC Grid side converter 

IHC Introduced harmonic components 

IPMSM Interior permanent magnet synchronous machine 

LCM Least common multiple 

LM Levenberg–Marquardt 

LO Luenberger observer 

LUT Look-up table 

MGN Maximum generations number 

MMF Magneto-motive force 

MPPT Maximum power point tracking 

MSC Machine side converter 

NHC Native harmonic components  

NN Neural network 
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OC Operating condition 

PI Proportional-integral 

PID Proportional-integral-derivative 

PM Permanent magnet  

PMM Permanent magnet machine 

PMSG Permanent magnet synchronous generator 

PMSM Permanent magnet synchronous machine 

PS Population size 

PSF Power signal feedback 

PWM Pulse width modulation 

SPMSM Surface permanent magnet synchronous machine 

SSC Segmented stator core 

SynRM Synchronous reluctance motor 

TO Topological optimization 

TWM Transient-with-motion 

UUM Uniform uncertainties method  

VSC Variable structure controller 

VSFP Variable-speed and fixed-pitch 

WECS Wind energy conversion system 

WSE Wind speed estimator  
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B. Mathematical Model of the PMSM 

The mathematical model of the PMSM in the 𝑑𝑞 reference system is 

described by the following equations: 

𝑢ௗ = 𝑅௦𝑖ௗ + 𝐿ௗ

𝑑𝑖ௗ

𝑑𝑡
− 𝑛௣𝜔௠𝐿௤𝑖௤ (B.1)

𝑢௤ = 𝑅௦𝑖௤ + 𝐿௤

𝑑𝑖௤

𝑑𝑡
+ 𝑛௣𝜔௠𝐿ௗ𝑖ௗ + 𝑛௣𝜔௠𝜓௉ெ (B.2)

These equations state a relationship between the 𝑑𝑞-axis voltages (𝑢ௗ, 𝑢௤), the 

𝑑𝑞-axis currents (𝑖ௗ , 𝑖௤), and the mechanical rotor speed (𝜔௠). The parameters 

are the phase resistance 𝑅௦, 𝑑𝑞-axis stator inductances 𝐿ௗ and 𝐿௤, rotor flux 

linkage 𝜓௉ெ, and number of pole pairs 𝑛௣. The 𝑑𝑞-axis stator inductances of a 

SPMSM, which is the PMSM topology considered in this work, can be regarded 

as equal. 

The electrical rotor speed 𝜔 and position 𝜃 can be defined as 

𝜔 = 𝑛௣𝜔௠ (B.3)

𝜃 = 𝑛௣𝜃௠ (B.4)

In which 𝜃௠ is the mechanical rotor position. 

The electromagnetic torque of a SPMSM, depends on the 𝑞-axis current, 

number of pole pairs, and rotor flux linkage: 
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𝑇 =
3

2
 𝑛௣𝜓௉ெ𝑖௤ = 𝐾்𝑖௤ (B.5)

where 𝐾் is the torque constant.  

The considered model is completed by a last equation, which expresses the 

rotational mass equilibrium: 

𝑇 − 𝑇௟ − 𝑇௔௩ = 𝐽 
𝑑𝜔௠

𝑑𝑡
 (B.6)

where 𝑇௟ is the load torque and  𝑇௔௩ represents the dynamic friction loss torque. 

 

 

 

 

 

 

 

 

 

 



 

133 
 

C. Wind Speed Estimator 

In this appendix, a study to support the design of the WSE is reported. In 

particular, this study demonstrates that there is no function such that 𝑣 = 𝑓(𝑇෠௔, 

𝜔௠). Moreover, the study proves that there is a function such that  

𝑣 = 𝑓௩(𝑇෠௔ , 𝜔௠, 𝑖௤). This result allows to properly design the WSE based on the 

Shallow NN, ensuring a good accuracy of the wind speed estimations, while 

reducing the computational requirements. 

 Considering the parameter uncertainties relative to 𝐽 and 𝐾், (18) can be 

rewritten as 

𝐵෠ = 𝐵 + ∆𝐵 (C.1)

Therefore, the differential error expressed by (20) can now be expressed as 

𝒆̇ = 𝐴𝒆 − 𝐿𝐶𝒆 + ∆𝐵𝒖 = (𝐴 − 𝐿𝐶)𝒆 + ∆𝐵𝒖 (C.2)

The solution of this first-order differential equation can be expressed by the 

sum of a component asymptotically convergent to zero (𝒆𝟏(𝑡)) and a component 

that depends on 𝒖 (𝒆𝟐(𝒖)): 

𝒆 = 𝒆𝟏(𝑡) + 𝒆𝟐(𝒖) = 𝒆𝟏(𝑡) + 𝒆𝟐൫𝑖௤൯ (C.3)

Neglecting the dynamic of the error of the LO, i.e., 𝒆𝟏(𝑡) = 0,  the following 

equation is established: 

𝑇෠௔ = 𝐽
𝑑𝜔௠

𝑑𝑡
+ 𝐾்𝐾்𝑖௤ +  𝒆𝟐൫𝑖௤൯ (C.4)
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This equation is based on the model of the system observed by the LO and 

on the estimation error due to parameter uncertainties.  

Theorem 1. There is no function 𝑓௩ such that 𝑣 = 𝑓௩(𝑇෠௔ , 𝜔௠). 

Proof of Theorem 1.  

Let us assume that, during the test of the WECS with the anemometer, the 

following values of the measured wind and shaft speed, 𝑞-axis current, and 

estimated aerodynamic torque are registered in two different time instants 𝑡ଵ and 

𝑡ଶ: 

൫𝜔௠ଵ, 𝑣ଵ, 𝑖௤ଵ, 𝑇෠௔ଵ൯ 

൫𝜔௠ଶ, 𝑣ଶ, 𝑖௤ଶ, 𝑇෠௔ଶ൯ 

(C.5)

Moreover, let us assume that: 

𝜔௠ଵ = 𝜔௠ଶ = 𝜔௠ଵଶ 

𝑣ଵ ≠ 𝑣ଶ 

𝑖௤ଵ ≠ 𝑖௤ଶ 

Figure 7 (b) shows that, in this case, the actual aerodynamic torque values in 𝑡ଵ 

and 𝑡ଶ instants are different: 

𝑇௔ଵ(𝜔௠ଵଶ, 𝑣ଵ) ≠ 𝑇௔ଶ(𝜔௠ଵଶ, 𝑣ଶ)    (C.6)

However, because of the presence of the estimation error 𝒆𝟐൫𝑖௤൯, the following 

can be verified:  



 

135 
 

𝑇෠௔ଵ = 𝑇෠௔ଶ = 𝑇෠௔ଵଶ (C.7)

In fact, in 𝑡ଵ and 𝑡ଶ, (C.7) is satisfied: 

𝐽 
𝑑𝜔௠

𝑑𝑡
ฬ

௧ଵ
= 𝑇௔ଵ − 𝐾்𝐾்𝑖௤ଵ − 𝑇௔௩(𝜔௠ଵ ) (C.8)

𝐽 
𝑑𝜔௠

𝑑𝑡
ฬ

௧ଶ
= 𝑇௔ଶ − 𝐾்𝐾்𝑖௤ଶ − 𝑇௔௩(𝜔௠ଵ ) (C.9)

Moreover, from (C.4), (C.8) and (C.9) results: 

𝑇෠௔ଵ = 𝐽 
ௗఠ೘

ௗ௧
ቚ

௧ଵ
+ 𝐾்𝐾்𝑖௦௤ଵ + 𝑒ଶ൫𝑖௤ଵ൯ = 𝑇௔ଵ − 𝑇௔௩(𝜔௠ଵଶ) +

𝑒ଶ൫𝑖௤ଵ൯   
(C.10)

𝑇෠௔ଶ = 𝐽 
𝑑𝜔௠

𝑑𝑡
ฬ

௧ଶ
+ 𝐾்𝐾்𝑖௦௤ଶ + 𝑒ଶ൫𝑖௤ଶ൯

= 𝑇௔ଶ − 𝑇௔௩(𝜔௠ଵଶ) + 𝑒ଶ൫𝑖௤ଶ൯ 

(C.11)

Therefore, 𝑇෠௔ଶ = 𝑇෠௔ଶ if and only if 

𝑇௔ଵ + 𝑒ଶ൫𝑖௤ଵ൯ = 𝑇௔ଶ + 𝑒ଶ൫𝑖௤ଶ൯ (C.12)

Different combinations of 𝑇௔ଵ, 𝑇௔ଶ, 𝑖௤ଵ and 𝑖௤ଶ that satisfy (C.12) may exist. 

Therefore, two time instants may exist such that:  

𝜔௠ଵ = 𝜔௠ଶ 
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𝑇෠௔ଵ = 𝑇෠௔ଶ 

𝑣ଵ ≠ 𝑣ଶ 

Thus, there is no function 𝑓௩  such that 𝑣 = 𝑓௩(𝑇෠௔ , 𝜔௠). 

This result suggests that setting 𝑇෠௔ and 𝜔௠ as inputs of the WSE is not a 

good choice. To ensure the accuracy of the WSE, a possible choice is to set as 

inputs all the available variables, i.e. 

𝑣 = 𝑓௩(𝑢ௗ , 𝑢௤ , 𝑇෠௔ , 𝜔௠, 𝑖௤) (C.13)

However, the following theorem demonstrates that the choice of 𝑇෠௔, 𝜔௠, and 𝑖௤ 

as inputs ensures a correct design of the WSE, reducing the computational 

requirements compared to the solution expressed by (C.13).  

Theorem 2. There is a function 𝑓௩ such that 𝑣 = 𝑓௩(𝑇෠௔ , 𝜔௠, 𝑖௤). 

Proof of Theorem 2.  

Let us consider two time instants, as in (C.5), and assume that: 

𝜔௠ଵ = 𝜔௠ଶ = 𝜔௠ଵଶ 

𝑖௤ଵ = 𝑖௤ଶ = 𝑖௤ଵଶ 

𝑣ଵ ≠ 𝑣ଶ 

(C.14)

By repeating the previous procedure, it can be stated that 𝑇෠௔ଵ = 𝑇෠௔ଶ is verified 

if and only if 
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𝑇௔ଵ + 𝑒ଶ൫𝑖௤ଵଶ൯ = 𝑇௔ଶ + 𝑒ଶ൫𝑖௤ଵଶ൯ ⇒ 𝑇௔ଵ = 𝑇௔ଶ (C.15)

However, (C.15) cannot be satisfied since 𝑇௔ଵ ≠ 𝑇௔ଶ from (C.7). Thus, two 

operating conditions in which 

𝜔௠ଵ = 𝜔௠ଶ 

𝑖௤ଵ = 𝑖௤ଶ 

𝑇෠௔ଵ = 𝑇෠௔ଶ 

𝑣ଵ ≠ 𝑣ଶ 

(C.16)

cannot exist. Therefore, there exists a function 𝑓௩ such that 𝑣 = 𝑓௩(𝑇௔
෢, 𝜔௠ , 𝑖௤) 
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