University of

Shefﬁeld

An Investigation into Interdependencies In
Electrical Machines Involving Deformable
Materials: A ModeiBased MulttObjective

Framework

By
|Izhar Oswaldo Escudero Ornelas
A thesis submitted in partial fulfilment of theequirements for the

degree of
Doctor of Philosophy

The University of Sheffield
Faculty of Engineering
Department of Automatic Controls and Systems Engineering

29th September 2023



Izhar Oswaldo Escudero Ornelas
An Investigation into Interdependencies in Electrical Machines Involving Deformable
Materials: A ModeBased MultiObjective Framework
Ph.D. Dissertatior9th September 203
Supervisos. ProfessorAshutosh Tiwari
Dr.Payam Soulatiantork

The University of Sheffield

Faculty of Engineering

Department of Automatic Controls and Systems Engineering
Amy Johnson Building

Portobello Street

Sheffield, S1 3JD






Acknowledgements

| want to express my gratitude @od, the individuals and institutions who have made
contributions, to the completion of my thesis.

First and foremost, | am truly grateful to Professor Ash Tiwari, who has been my supervisor.
His unwavering guidance, insights and continuous support throughout this journey have played
a role in shaping the direction of my research. | would also likextend my thanks to Dr.
Payam Soulatiantork, who has served as my second supervisor. His thoughtful feedback,
suggestions and encouragement have greatly enhanced the quality of this work. His guidance
has been invaluable in refining the details of my redear

| would like to express my gratitude to Dr. Divya Tiwari and Dr. Michael Farnsworth for
their discussions and guidance, which have greatly contributed to the development of the ideas,
presented in this thesis. Their mentorship has played a role, in gefamd shaping this work.
Their combined wisdom and guidance have played a role in honing and clarifying the ideas
presented in this thesis.

Furthermore, | would like to express gratitude, towards The University of Sheffield and the
Department of Automatic Control and Systems Engineering for providing an environment and
necessary resources that have facilitated the smooth progress of thidhresea

Also, | deeply appreciate the financial support provided by the Mexican Government with
CONAHCYT (Consejo Nacional de Humanidades, Ciencia y Tecnologia). The assistance they
have provided as it has nohly allowed me to pursue this resegrbit also highlights our
collaborative effort to advance science and technology.

Lastly, | want to express my appreciation to my parents, Roman and Alma Rosa, my brother
Aland, my friends and my fiancée Araceli. Your constant love, encouragement and
understanding have been the driving force behind my perseverance and success thtosighout
journey. To all those who have been a part of this experience | am truly thankful for your
contributions, guidance and unwavering belief in me. This accomplishment would not have
been possible, without the support you have provided.






Abstract

The increasing popularity of thgreenindustrial revolution has led to a risen the
production and use of ElectriceYlicles (EVs) and their associated parts, like motors,
generators ahtransformergl]. This surge wadriven by a growing emphasis on sustainability
and the need to shift towards alternatives especially in transpoif@tiéiowever meeting the
growing demand for these parts while maintaining production standards presents a challenge.
To address this challenge it is important to improve manufacturing processes by prioritizing

earlydetection of faults toeduceEnd of Line (EoL) tests and ensure efficient production.

The efficiency and cost ctmol of Electrical Machines (EM greatly depend on the
interactions, bisveen components and subsystefige inclusion ofleformablematerials such
as copper wire introduces complexity owing to their nature. This study suggesiss
frameworksto improve efficiencyby minimising the needor tests and effectively handle

deformable materials during the manufacturing process.

In thisresearch, a framework that utéis Discrete Event Simulation (DE®aspresengd
to investigate the interrelationships in EM manufacturing specifically focusing on the coil
winding process Through experimentgonnections between winding speed, wire thickness,
bobbin shape and variations in resistamere discovered. These findings highlight the
importance of control features. Additiongllyhis study introducedan improved DES
framework that combines the original DES mod#h a Supervised Mchine Learning (SML)
algorithm via Knowledge Distillation (KD)This integration significatty reducedsimulation

times while still maintaining accuracy.

Lastly, a new approach wastrodued with the aim to optimesthe linear coil winding
processby consideringmultiple objectives. The goal was minimise production costs and
decrease faults by examining the connections between these objectives. Advanced gchnique
like the NSGAII algorithm were utiligd to find a balance between faults and production costs

resulting in enhancements, in operational efficiency and cost reduction.
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CHAPTER I: INTRODUCTION
1.1Background

The global shift towards sustainable and-&@ndly technologies has given rise to the
green industrial revolution, a movement that the Unikedgydom has eagerly embracgq.
Consequently, there has been an exponential surge in demand for electrical products,
particularly EVs[2]. At the heart of this rapidly evolving landscape is the manufacturing of
EM, including motors, generators, and transformers. To satisfy the market's demands for high
guality and coseffective products, significant advancements in the manufacturing processes
of EM are imperative. Manfacturing EMpresents numerous challenges, such as striking a
balance between the escalatingmded and maintaining quality2]. The intricate
manufacturing process often leads to faults being detected at the end of production, resulting
in costly and timeconsumingeoL testd3]. Consequently, early fault detection and mitigation
are vital for maintaining production efficiency and product quality. To support the green
industrial revolution's growth and development, efficient and-effsttive manufacturing

processes are crucial.

One crucial aspect that significantly impacts the performance and dependaliiyare
the interdependencies among different components and subsystems. It is vital to strike the
balance between these interdependent elements to maximise efficiency and minimise
production costs. To ensure manufacturing processes and deliver high Eaittis crucial
to understand and manage these interdependencies effectively. The inclusion of materials in
the manufacturing process adds another layer of complexitytaubeir unpredictable
behaviour during production. This unpredictability makes it challenging to simulate and
anticipate how these materials will interact with the product. The unique difficulties presented
by these materials emphasise the need for appesa in addressing them throughout the

manufacturing process.

This PhD research aims to delve into the aforementioned challenges, examining the intricate
relationships between various factors contributing to the cost and qud&tity mianufacturing.
By conducting a comprehensive analysis of existing methodseahdologies, the research
proposs innovative solutions to enhance efficiency, reduce reliance on costly EoL tests, and
better manage the interdependencies and deformable materials involved in the manufacturing

process.
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1.2 Motivation

The motivation for this thesis is rooted in the necessity to enhance the efficiency and
effectiveness ofEM manufacturing processes, with a focus on minimising defects and
maximising product quality. Achieving control over the production process is a critical aspect
of reducing production defects and ensuring efficiency. As such, this research aims to develop
anovel framework that seeks to understand the relationship between input parameters and the
generation of faults. By gaining a deeper comprehenditdimese relationships, the proposed
framework will enable better control over the production process, ultimately minimising
defects and contributing to the overall improvemeriiMfmanufacturing. The insights gained
from this research will not only enhance the competitiveness oEkhendustry but also

support the broader goal of fostering a greener and more sustainable future.

1.3Research problem

Existing literature demonstrates that understanding and modelling the interdependencies
between parameters and outputs can yield significant benefits. However, it is important to note
that, to date, no established methodologies or frameworks have expl@edrocess
characteristics of deformable materials and their impact on EM faults. Therefore, this research
tries to answer the following questiontHow can a novel framewor k
relationship between input parameters and the generatidaufs be developed to enable
better control over the production process, minimise defects, and contribute to the overall
improvement oEMma n u f a c tQonséqueqgtly, dhis PhD research addressed this gap by
developing a framework that encompasses the process characteristics of deformable materials
and their influence on faults, thereby contributing to the optimisation of EM manufacturing

processes.

1.4Research aim and objectives

The main aim of this research was to develop a mdastd framework of the
interrelationships among the various components of a shop floor manufacturing process in
order to identify the source of defects or flaws in a-vealld example from the electrica
machine manufacturing industry involving deformable material. To accomplish this goal, four

primary objectives were designed:
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a) ldentify and apply techniques that determine the key process characteristics in an EM
during an erroprone manufacturing process, detecting interdependencies that lead to
defects downstream.

b) Develop a framework by using modelling techniques to understand how a combination of
process variables influences the creation of defects.

c) Integrate the established framework with a supervised learning algorithm to enhance the
efficiency and reliability of quality control tests by predicting component states and
accounting for interdependencies in the process.

d) Establish a moddbased framework for integrated fault detection and parameter

optimisation in production processes

1.5Research methodology

An in-depth methodology was developed by examining each objective and determining the
best approach to accomplish it, outlining the specific steps required for complEtisn.
methodology was composed of three frameworks (further discussed in sections 1.5.3 to 1.5.5),
each designed to solve a specific objective. Within each framework, various methods were
employed (expanded upon in Chapter Il ), with a predominant focusmodelling
interdependencies, to accomplish their respective objectives effectiValy. research
methodology that directs this PhD thesis was illustrated in Figjdrewhich included the
workflow, research objectives, and their corresponding thesis chapters.

1.5.1 Literature review

In this chapter a literature review was presented, which played a vital role in any research.
It entails a thorough and systematic exploration of existing scholarly work that pertains to the
research question or topic being investigated. The purpos®wadérstand what is currently
known, identify any gaps or inconsistencies in the existing literature and build upon previous
research findings. To do this, literature from various sources such as books, journal articles,
conference proceedings and onloletabases were gathered. It was crucial to ensure that the

sources used were reliable and up to date so that they provide a foundation, for this research.
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Figurel.l. Research Methodology

1.5.2 Main steps

This chapter outlined the methodology employed in the research, providing a detailed
explanation of theapproach taken to achieve the research objectives. The selection of an
appropriate research methodology was crucial for ensuring the validity, reliability, and
generalisability of the study's findings. This research methodology encompasses topics such as

modelling interdependencies, hybrid computational models and-objéctive optimisation.
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1.5.3 Interdependency modelling framework

This chapter focused on developing a framework that models interdependencies between
process variables, particularly in the contextE&Ml involving deformable materials, to
understand their influence on the occurrence of defects. The framework encompasses the
identification of relevant process variables, the establishment of relationships among them, and
the use of computational techniqdiessimulating the influence of these variables on the defect

formation inEM.

Identification of Relevant Process Variables
The first step in developing the framework involved identifying the relevant process
variables that have a significant impact on the occurrence of defdeM imith deformable

materials. These variables included:

1 Material properties: Characteristics of the deformable materials used, such as
elasticity, plasticity, and thermal conductivity, that could influence the behaviour of the
material during the manufacturing process and contribute to defect formation.

1 Manufacturing parameters: Factors like temperature, pressure, and processing time
could affect the material deformation and subsequent defect occurrence.

1 Geometrical factors: The design and dimensions of the electrical machine components

could impact the material deformation and contributed to defect formation.
Establishment of Relationships among Process Variables

Once the relevant process variables had been identified, the next step was to establish

relationships among them to model the interdependencies. This might involve:

1 Developing mathematical equations or empirical models that describe the relationships
between the identified process variables.

1 Conducting experimental studies or analysing existing data to validate the proposed
relationships and identify any correlations or patterns between variables.

1 Identifying potential causal mechanisms that explained the influence of one variable on
another and how they collectively contribute to defect formationEM with

deformable materials.
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Computational Techniques for Simulating the Influence of Process Variables on Defect

Formation

After establishing the relationships among process variables, computational techniques
could be employed to simulate their influence on defect formatiddMn Some potential
techniques included: Finite Element Analysis, Assembly TechniqueBB8d

Validation and Refinement of the Framework
The developed framework should be validated and refined using experimental data or real

world cases to ensure its accuracy and reliability. This might involve:

1 Comparing the predicted occurrence of defects with the actual observations or
experimental results.

1 Identifying any discrepancies between the predictions and observations, and adjusting
the framework or its parameters accordingly.

1 Iteratively refining the framework based on feedback from the validation process until

a satisfactory leveof accuracy and reliability weaachieved.

1.5.4 Hybrid computational framework

This chapter delved into the integration of the established model into a hybrid computational
framework that improves the efficiency and reliability of quality control tests by predicting
component states and accounting for process interdependenciesaribedrk combined the
model of interdependencies between process variables with other computational techniques
and quality control methodologies to create a comprehensive approach to defect prediction and

guality control inEM involving deformable materisl
Integration of the Model with Other Computational Techniques

To create a hybrid computational framework, the established model can be integrated with
other computational techniques relevant to the context of quality control tests. Once the
established model is integrateniith other computational techniques, quality control tests can
be selected to be reduced or diminished based on the resulting hybrid computational

framework. This new hybrid framework should aim to:

1 Detect defects at an early stage, minimising the need for rework or scrapping of

defective components.
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1 Continuously monitor and control the manufacturing process to maintain product

guality and reduce the occurrence of defects.

Implementation and Validation of the Hybrid Computational Framework in Quality

Control Tests

The developed hybrid computational framework should be implemented Hwaoddl
quality control tests and validated éasure its effectiveness, efficiency, and reliability. This

may involve:

1 Conducting a case study in an industrial setting, where the hybrid computational
framework can be applied to the quality control test&MIf involving deformable
materials.

1 Comparing the performance of the hybrid computational framework with traditional
quality control methods, assessing improvements in defect detection rates, process

optimisation, and overall manufacturing efficiency.

1.5.5 Multi -objective optimisation framework

This chapter focused on developing a mdukesed framework that utilised a mudtdjective
optimisation approach to integrate interdependencies between fault detection and parameter
optimisation in production processes. The aim was to simultaneously e@ffeent fault
detection, minimise the occurrence of defects, and optimise process parameters, resulting in

improved product quality and production efficiency.
Identification of Key Objectives and Constraints

The first step in developing the mod®sed framework was to identify the key objectives
and constraints related to fault detection and parameter optimisation in production processes.

These objectives included:

Minimising the occurrence of defects in the production process.

1

1 Maximising the efficiency of fault detection mechanisms.

1 Minimising the costs associated with the production process and quality control.

1 Maximising the overall productivity and throughput of the production process.
Constraints may include limitations in available resources, such as time, budget, or

equipment, as well as safety and environmental considerations.

Introduction 7



Formulation of the Multi -Objective Optimisation Problem
Once the key objectives and constraints have been identified, the-olnjeltive

optimisation problem can be formulated. This involves:

1 Defining the decision variables, which may include process parameters, fault detection
settings, and quality control strategies.

1 Developing objective functions that quantify the performance gfrth@uction process
with respect to each identified objective. These functions should account for the
interdependencies between fault detection and parameter optimisation, as well as their
impact on the overall production process.

1 Defining the constraints, which may involve limits on the values of decision variables

or specific requirements imposed by safety or environmental regulations.

Selection of Optimisation Techniques

The next step is to select suitable optimisation techniques to solve the formulated multi

objective optimisation problem. Some potential techniques include:

1 Evolutionary Algorithms
1 Multi-objective Metaheuristics
1 DecisionMaking Methods

Implementation and Evaluation of the ModetBased Framework

Upon selecting the appropriatptimisation techniques, the mod®sed framework can be
implemented and evaluated using realrld production processes. Validation of the results of
the optimisation process can be achieved by comparing the predicted outcomes with
observations from theroduction process. Through the implementation of a correlation
analysis, interdependencies among variables can be better understood by researchers, allowing
for the identification of potential causal relationships, as well as an assessment of the strength

and direction of these relationships.

1.6 Thesis structure

This section presents an outline of the thesis structure, providing a comprehensive overview

of the chapters and their contents:

Chapter 1: Introduce the background, aim and objectives, and the methodology of this

research.
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Chapter 2: Provide a review of relevant literature concerning interdependenci&Min

involving deformable material, the stad&the-art research, and identify any research gaps.

Chapter 3: Outlines the methodology employed in the research, providing a detailed

explanation of the approach taken to achieve the research objectives.

Chapter 4: Develop a framework that models interdependencies between process variables,
particularly in the context &M involving deformable materials, to understand their influence

on the occurrence of defects.

Chapter 5: Integrate the established model to create a hybrid computational framework that
improves the efficiency and reliability of quality control tests by predicting component states

and accounting for process interdependencies.

Chapter 6: Develop a modebased framework that utilises a mudbjective optimisation
approach to integrate interdependencies between fault detection and parameter optimisation in

production processes.

Chapter 7: Discussion and conclusion of this research and its contribution to knowledge, as

well as provision of information on its limitations and future work.

Introduction 9



CHAPTER II: LITERATURE REVIEW

2.1 Introduction

The detection and modelling of interdependencies among input parameters during the
mandacturing of EMsthat contain copper wire as a deformable material are crucial in the
modern industrial worl¢4]. The increasing demand for reliable and efficient motors, coupled
with technological advancements, requires companies to keep up with the latest developments
in this field to stay competitivEl]. During the manufacturing process, defects or faults are
developed, sometimes they are accumulated creating a negative impact on the quality of the
finished product[5]. Understanding how crucial input process parameters and their
interdependencies affect the occurrence of faults is essential for identifying the faults early in

the proces§o].

Thus, this literature reviewfocusseson exploring interdependencies during the
manufacturing process and the creation of faults in EMs. When it comes to researching the
production of EM there are several challenges that arise due to the use of flexible materials like
copper wire. These matals can be tightly wound around stator cores, but this also brings
complications during the manufacturing process. It becomes crucial to manage the deformation
of copper wire to ensure optimal performance of EMs as it can affect their electrical resistanc

and efficiency[5].

Understanding how stages in electrical manufacturing especially in stator fabrication are
interconnected is a complex task. These interconnected stages can have an impact on outcomes
and potentially lead to faults making it difficult to model the procesbds considering time
based dependencies. Moreover, detecting faults in materials like copper wire is challenging
because their deformation and subtle internal defects make them difficult to identify using EoL
tests. Using innovative approaches sucthasficial Neural Networks (ANN) faces obstacles
when dealing with deformable processes and lacks sufficient training data, which hinders fault

detection in such scenaripg.

Furthermore, incorporating a mutibjective approach in linear winding processes
introduces complexities when it comes to adjusting and optimising the manufacturing process.
The various interdependencies create cause and effect relationships thatamalkeniging to

strike a balance, between reducing costs and minimising faults. Additionally, factors such as
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speed limitations and wire gauge have an impact on the optimisation process. Achieving the
desired objectives requires consideration in dealing with these constraints. Selecting the
suitable algorithm for research purposes adds another layer of comp@exttyere is no
universal solution that fits all scenarios. Each algorithm has its advantages and disadvantages
making it crucial to make well informed decisions for successful research outcomes. It is
essential to address these challenges in order to ealvhe field of EM production while
improving the manageability and optimisation process by reducing costs and minimise faults.
This will ultimately result in enhanced efficiency, reliability and quality, within manufacturing

processes.

This literature review discusses some areas where further research is needed in the field of
fault detection and parameter optimisatioreM production processes specifically regarding
interdependencies. Firstly, there is a need for better techniques to identify the characteristics
and connections within the process that result in defects. Secondly, there is a lack of modelling
techniques thatan effectively understand the relationships between various parameters in real
time manufacturingprocesses andgdict the chances of defects occurring.

Using a DES approach combined with machine learning algorithms shows promise in this
area [8]. Thirdly, it is important to develop an integrated framework that considers
interdependencies for both fault detection and parameter optimisation to enhance
manufacturing operations efficiency and effectiveness. Addressing these research gaps will

contribute significantly tadevelopment electrical machine manufacturing

2.2 Overview of electrical motors

Manufacturing of electrical motors is a complex process that involves the design,
fabrication, assembly and testing elements. This process requires a high level of ppedsion
accuracy in order to create a reliable, efficient and safe produiagedorret al.[5] mention,
as technology advances and electrical motors become increasingly complex, the need for
specialised knowledge and expertise in the field of electrical motor manufacturing continues
to grow. In this section, the basics of electrical motors manufagtare discussed, including

the main components, processes and techniques involved.
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2.2.1 Components within an electrical motor

EMs are essential for industrial and consumer applications, consisting of a housing, stator,
rotor, and shaft as shown in Fig@é. Ki3kalt et al.[9] state that the housing protects internal
components, while the stator produces a rotating magnetic field using coils. The rotor,
containing permanent magnets, rotates in response to the stator's magnetic field, and the shaft
transfers this motion to extal loads. Lauro et gl10] mention that traditionahanufacturing
processes creatthese components, with the stator being the most complex and prone to
defects. Nevertheless, Tiwari et[dl1] point out that the stator must be precisely designed and

manufactured to withstand forces and deformations for optimal performance.

ﬁ
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A. Housing

The housing is crucial for electromagnetic motors, providing protection and heat transfer
support. Typically made of metals like aluminium and steel, the housing is produced using
pressure digasting and machining operations, such as turning, millingdafithg. These
methods ensure precise shapes, sizes, and structural strength for the stator[h?Lighsg
Grabowski et al[13] mention,modern fabrication techniques enable more complex shapes and
higher structural integrity. Achieving small tolerances with high precision is vital for the
assembly process, as misalignments can cause motor vibrations. Conseqentiyt al.
[12] highlight that research on housing design, fabrication, and performance is essential for

ensuring an EM6és motor durability, perfor man

B. Rotor

The rotor is the rotating part of an EM, interacting with the stator's magnetic field to produce
torque, generating rotational motifj. It is typically mounted within the stator and features
a cylindrical steel lamination core with an internal copper windiigpbbel & Mecrow [14]
state that this winding comprises insulated copper conductors arranged in a coil to conduct
electricity and create a magnetic field. As evidenced/in& EI-R e f a[15gréssarchrotor
design and construction are critical for the motor's successful operation, requiring proper
design for specific environments, torque, and speed requirements. The winding must meet the
stator's electrical specifications, and various configurations haen researched to maximise

rotor performance. Careful rotor construction ensures motor quality and reliability.

C. Shaft

Shafts are crucial components of EMs, providing support and enabling proper functioning
[9]. Made from materials like steel and aluminium, these cylindrical shafts allow the rotor to
spin, generate power, and support stator windings. They also insulate windings from the core,
prevent energy leakage, and absorb vibrations and impacts givinghamatotr operatiofil6].
Donget al. [17] support the idea that manufacturing techniques such as machining, extrusion,
forging, and casting can be suitable for producing shafts, with the choice depending on motor

requirements such as materials, tolerances, and production quantities.

D. Stator
The stator is a vital component in an EM, responsible for producing a magnetic field that

interacts with the rotor to create rotational mofib8]. It typically comprises a laminated core
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made of thin steel plates and windings wrapped around th¢l&jré&Nau et al[19] explains

that the stator's purpose is to generate a stable magnetic field, allowing the motor to convert or
transform electrical energyhe core consists of insulated steel plates, while the winding is
made of conductive materials like copper wire. As demonstrated in the research by Guo et al.
[20, t he statords design directly influences
component selection crucial for maximising performar@éveira et al. [21] agree that
choosing the right component arrangement is essential for ensuring efficient and reliable stator

performance.

E. Final assembly

The assembly of the motor is performed automatically or-semamatically. The stator and
the rotor, which already contain the lamination core and the shaft, are put together. To ensure
good efficiencyKiRkalt et al[9] suggest that the air gaps need to be kept as narrow as possible
during assembly. In fact Tiwari et §L1] support the idea that precision is essential to prevent
any misalignments that result in vibration, decreasing the motor's efficiency and leading to
malfunctions. The motor is then given a final inspection to check for any faults or defects and

to ensurdhat it meets the required specifications.

2.2.2 Common manufacturing processes used for EMs

The manufacturing process of an EM is a complex operation involving a number of steps to
ensure a higlguality product9]. This literature review focuses on the typical manufacturing
process steps of stators used in EBtators are an essential component of an EM, and they
play a critical role in converting electrical energy into mechanical erjéigiHowever, they
are also subject to a range of potential issues that can impact their performance, including
deformation, vibration, and electrical faul&. Understanding and mitigating errors earlier in
stators is crucial for ensuring the reliability and longevity of mechanical sysi4ns
Furthermore, if not addressed promptly, these errors can lead to catastrophic failures, expensive
repairs, and operational downtif83[4][6].

The fabrication of stators involves manufacturing steps such as sheet cutting, stacking,

joining, insulation, winding, impregnation, assembly, and contacting, as shown in E@ure 2

Literature Review 14



Stator

[SheetCutting H Stacking H Joining }—» Insulation
[ Contacting J<4{ Impregnation }<7 Winding

Figure 22. Overview of manufacturing steps used to fabrica@er

A. Sheet cutting

Sheet cutting is the first process step used for fabricating a stator, which involves cutting
sheets of material into specific shapes and sizes to create the individual components of the
stator[6]. This process is commonly used in the production of stators made from laminated
cores, which are typically composed of thin sheets of electrical steel or other magnetic materials
[22]. Bayraktar & Turguf23] point out thasheet cutting includes techniques such as punching
and laser cuttingJrbaneket al.[16] explain that punching is widely used for EMs, while laser
cutting offers accuracy for smallecale production. These techniques can alter the material
structure near the edge, with degradation levels dependent upon the cutting method and input
parametersTo mitigate risks, the cutting process must be carefully designed and optimised
using appropriate parameters and too[ig

B. Stacking

Stacking is a step in stator manufacturing, involving the placement of laminations, spacers,
and insulators in their designated positiq@4]. The process begins with aligning the
lamination stack, which can be done manually or by machi?®8s Next, spacers and
insulators are set, providing insulation between laminations and mechanical stability. The final
step is compressing the stack, ensuring proper contact and alignment, typically using a

hydraulic press. Once completed, the stator codasly for testing and installing in the motor.
C. Joining

Joining is a process used during the fabrication of stators to connect the individual
components of the stator together into a cohesive whiagr et al.[26] suggesthat pining

is a critical step in stator manufacturing, ensuring structural integrity. Common joining
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techniques include welding, adhesive bonding, clinching, and fast@WhgAs proposed by
Husain et al.[24] welding is a popular joining technique for stator manufacture due to its
minimal setup time, accuracy, and repeatability. Regardless of the techniqueeiSdeira

et al.[28] explain that posprocessing tests like mechanical fatigue testing aneblestructive
testing (NDT) are crucial for ensuring joint quality. Inspecting joints for visual anomalies helps
identify potential failures, ultimately maintaining the structurégnity and reliability of the
stator[11].

D. Insulation

Insulating involves applying insulating materials to the various components of the stator to
prevent electrical losses and protect against electrical brea@®vriThe process includes
several steps, such as applying a lacquer coating to pegjaittst abrasion and mechanical
damage[24]. Insulation paper wraps around the stator, isolating it from the external
environment and reducing the risk of short circuits and electrical noise. A layer of synthetic
rubber, silicone, or other material adds an extra barrier against short circuitsoaittep
thermal insulation, improving efficiency. Finally, a protective coating safeguards against
environmental factors such as rain, dust, and corrodmeileret al.[30] support the idea that
proper insulation is crucial for the efficient and reliable operation of the stator.

E. Winding

Winding is the process of placing insulated wire around a core to create an electrical coil as
shown in Figure2.3. The winding process typically involves the use of specialised winding
machines, which are designed to wind the wires around the stator core in a precise and
consistent manngi81]. Hofmannet al. [32] point out that computesontrolled machines
ensure uniform wire winding while achieving the desired amount of electrical current to flow
through the stator and motor. The winding process concludes with the installation of electrical
connections and insulan [33]. Then, the completed stator is ready for integration into the

motor system.
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Figure2.3. Representation of the linear winding progestapted from Hagedorn et ).

The winding process iBM is of particular interest because it is the process that involves a
deformable material and contributes to the highest number of f@ulihe amount of force
applied to a wire has an impact on how the wire bends and its electrical resistance. When the
force is increased the wire stretches temporarily without causing any changes. This temporary
stretching causes tledectrical resistance to increase proportionaflgwever, if the force goes
beyond a yield limit the wire bends permanently and its shape changes resulting in an
irreversible increase in electrical resistance. Figideshows how the relationship between

wire force and bending shifts from temporary to permanent at a phistemphasizes the

Plastic wire
deformation

Elastic wire
deformation

Electrric resistance R [Q]

Wire tensile force [N]

Figure2 4. Influence of the wire tensile force and the copper wire deformation on the electi
resistancg5s].

Literature Review 17



importanceof managing tension to prevent any negative effects, on both the wire itself and the

overall performance d&M.

During the winding process, several factors can contribute to faults, such as the deformation
of the wire, the formation of voidand poor electrical insulatidB][6]. These faults can result
in reduced efficiency, increased maintenance, and a decreased lifespan of the electrical
machine. ThereforeBermudez et al. [34] argue that understanding the winding process's

intricacies is crucial for improving the reliability and performancg

EscudereOrnelas et al4] emphasise the importance of the use of advanced modelling and
simulation techniques that can aid the development of better winding processes. These
techniques allow for a more detailed analysis of the winding process and enable the researcher
to identify potential issues before they arise. Additionalligdallah & Benatmaifi35] mention
that these techniques can be used to optimise the winding process to improve efficiency and
reduce the number of faults.

Classification of winding faults

To ensure optimal performance and reliability of EMs, it is crucial to detect and classify
faults in the coilwinding procesg$5]. Different types of faults can have varying impacts on
motor performance, making the understanding of their classification important for improving
overall quality[6]. Based on geometry in each turn and layer;IS=Blanc et al[3] identified
and categorised faults in the eailnding process. These faults include double winding, gap,
crossover, flange winding, loose wire, and bulgy turn, as shown in FRyaré&ouble winding
occurs when a wire shifts into one of the layers above, while gap happensa wire turn is
missing ina layer.Crossoveresults from a change in the feeding direction, and flange winding
only happens at the beginning of a layer whwre isa missing or defective first winding.
Loose wire can arise at the end of the winding process when tension is low, and bulgy turn
results when the winding is not tight enough due to tension variation, causing the wire to swell

and have a curved appearance.
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Double winding Loose wire Gap Crossing

Figure2.5. Classification of typical layering winding defefs].

The occurrence of faults during the winding process can be linked to changes in winding
pressure, which can result in variations in direction and physical propf86H387]. A
reduction in diameter can lead to increased electrical resistance in the bobbin, and variations in
tension can cause the winding scheme to become deformed, resulting in issues such as bulging,
convexity, concavity, or bendiri88]. To prevent such fault¥ater et al[39] discuss that it is
important to analyse the interdependencies between the contributing factors of the process,
including the machine, materials, environment, personnel, and method, in order to determine

the underlying cause.

To better understand and analyse these interdependencids B&hc et al[3] developed
a matrix based on data obtained from workshops that perform winding operations, as shown in
Figure 2.6. The parameters that influence the creation of faults during winding can be
systematicallyepresented, analysed, and studied through the use of the matrix which assigns
values to each parameter. Prior to this classification, there was no specific focus on winding
parameters. This matrix provides an efficient and methodical approach for agtes$actors

that affect the occurrence of faults during the winding process.

The matrix, composed of rows and columns, has been used to analyse the influence of faults
during the winding process. The upper row of the matrix represents the faults classified into
four categories related to electrical properties, wire properties,imgindcheme, and
dimensions. The first column holds parameters divided into categories such as process, wire,
and coil bobbin, while values have been assigned to each parameter according to each fault.
The analysis of the matrix revealed that the wire tenkas the strongest influence on the outer
diameter leading to faults in the winding process, as shown by the interference value between

faults and parameters in the last row and column.
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Figure2.6. Matrix by SellLe Blanc presenting the relationship between process parameters
faults during winding3].

F. Impregnation

Impregnation is a process where a fluid material such as resin is applied to fill the empty
spaces between the laminations and windings of the stator[4@feVacuum Pressure
Impregnation (VPI) and ResiRich Transfer Moulding (RRTM) are commorlged methods
that offer several advantages such as improved electrical insulation, mechanical strength, and
heat dissipation5]. During VPI, the stator core is placed in a vacuum chamber and
impregnated with resin from a heated reservoir, with the pressure caused by heating the
chamber forcing the resin into the empty spaces. RRTM, on the other hand, offers superior
electrical insilation, mechanical strength, and heat dissipation. According to Liu [gtl4l.
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both methods involve a vacuum and pressure, and offer benefits that contribute to the proper

functioning and longevity of the stator in its intended application.
G. Contacting

The contacting process involves connecting the various electrical components of the stator
to each other in order to form a complete electrical cif83k Riedelet al.[42] mention that
thermal crimping is a common technique due to its fast crimping times, tight seal, and reliable
connectionsln contrast,Hagedorn et al[5] explain that welding is also common but has
limitations such as increased hysteresis losses and corrosion. Soldering is another technique
that uses metal heated to join wires and connectors, but it can lead to electrical losses and
damage to the protective coatjj. Proper contacting ensures the stator's efficient and reliable
operation, andAlani et al. [43] support the idea that choosing the appropriate technique
depends upon specific requirements and considerations such as cost, environment, and

expected performance.

2.2.3 Condition monitoring and fault detection in electrical motors

The search for more efficient and reliable ways to identify potential problems in production
processes, with the advancement of technology, has led to the development of analytical tools
and approaches for identifying the sources of eftf45]. The focus of this section is on
the condition monitoring and fault detection in EMs by way of identifying the most useful
methods andechniques that aid the identification of erpvone manufacturing steps as
presented in Figur2.7. Advantages and disadvantages of the various techniques and methods,

as well as their potential applications, are also considered.

The selection of Assembly Sequence Plannirgcedence graphs, Liaison graphs and Petri
Nets as techniques for condition monitoring was based on their ability to accurately model
assembly processes and identify stages that may be prone to errors. This aligns with the
research objective of identifygnmanufacturing errors. Similarly, fault detection techniques
such as FMEA and Quality function deployment were chosen due to their proven track record
in systematically identifying and prioritising potential failure modes while also implementing
quality measuregfurther discuss in section 2.2.3.B)his aligns with the research focus on
ensuring reliability and efficiency in electrical production processes. These techniques were

preferred over other options becatisgy have been extensively studied in the field of electrical
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Figure2.7. Flowchart of the condition monitoring and fault detection techniques implemente
EMs.

manufacturing and have shown success, in similar scenarios (Sections 2.2.3 A and B).
A. Conditional monitoring in electrical motors

i. Assembly Sequence Planning (ASP)

ASP is a set of methodologies used in industry to optimise the design of a product assembly
sequencg46]. Ghandi & Masehiaf46] mention that ASP uses a working model to create a
sequence of steps to reduce errors in the manufacturing process. The ASP model considers the
overall design of the product, the manufacturing process, and the resources required to produce
the product, andreates an optimal assembly sequence that is-fee®f47]. As Prajapat &

Tiwari [47] discuss, the main objectives of ASP are to improve manufacturability, assembly,
and reduce costs while maintaining essential product functions. This approach has proven to
be highly beneficial in mapping a manufacturing process and isolating complexctprodu

assemblies into a limited number of subassemblies as presented i2 Tg4E[49].

As De Oliveira et al[28] point out,the monitoring of faults ifEM is essential to ensure

optimal performance and prevent costly downtiM&rious studies have reported the use of
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Table2.1. Comparison table of condition monitoring techniques.

Condition monitoring

techniques Advantages Disadvantages

-Optimises assembly sequence to redu
errors.

-Improves manufacturability and assembtyMay not be effective in representing
operations involving deformable material
and their interdependencies.

Assembly sequence
planning - Helps identify potential faults and redug
assembly errors.

- Reduces the cost of faulty products.

-Inadequate in representing processes

Gl LS GUER SR Stergi'se'formable materials and their correlatio
-Provides an optimized sequence of
operations. -Assumes independent operations, not

suitable for highly interdependent tasks.

Precedence graph

-Suitable for agile assembly.

-Analyses complex problems and
relationships between causes and effec]-Limited applicability in manufacturing

-Helps determine efficient component [processes and fault detection for EMs.
arrangement and optimisation.

Liaison graph

-Provides a formal model to describe arf
analyse information flow and fault
Petri nets scenarios.

-Time-consuming and not statistically
representative.

-Used for reliability analysis in EM desigr-Does not consider the combined effect
and operation. multiple faults.

ASP in monitoring faults in EM46]. For instance, im study byGhandi & Masehiarj46],

ASP was used to optimise the assembly process of an electrical connector where deformable
and flexible parts were involved while detecting assembly faults. The authors reported that
ASP helped them in identifying potential faults and reduce assesntays. Similarly, in a

study byGuo et al[48], ASP was employed in the disasseynbl electronic appliances and
electromechanical/mechanical products implementing methodologies from the Industry 4.0,
which allowed them to reduce the cost of faulty products. Ultimately, the authors reported that

ASP aided in detecting potential faults and improved the overall l@jadfithe system.
ii. Precedence graph

Precedence graphs are a method used to identify@eoe manufacturing step49]. It
involves a graphical representation of the product design, the sequence of operations required
to produce the product, and the resources ne@&ledgrafet al.[50] suggest that the graph

Literature Review 23



can be used to create an optimised sequence of operations to reduce errors in the manufacturing
process. This method has been applied in EMs to model the sequence of operations, capturing
the characteristics of an electric vehicle by providing an agienady. HoweverBurggrafet

al. [50] describe that this technique has been shown to be inadequate in representing operations
such where deformable material is involved, and establishing correlations between them due

to the constant change of the components.

Echoing Burggréaf, Riggst al.[51] demonstrates that a precedence graph is inadequate in
representing these processes because it assumes that each operation is independent and can be
performed in isolationThis is not the case for magnet assembly and winding processes, as they
are highly interdependent and must be performed in a specific order. For example, if the magnet
assembly is done before the winding process, it may be difficult to wind the wirestlgorre
around the magnets, leading to an incorrect final prd@lidEstablishing correlations between
these processes is also critical for ensuring the optimal performance of the electrical machine
[6]. However, a precedence graph does not provide an effective way to represent these
correlations. For instance, the quality of the final product may be affected by the number of
turns in the winding process, which, in turn, affects the magnetic field prddhycthe machine
[5]. Rocha & Ramo$49] emphasise that these correlations cannot be accurately represented
by a precedence graph, as it only shows the sequence of operations and not the
interdependencies between them.

iii. Liaison graph

The Liaison graph is a tool used to analyse the connections between the causes and effects
of a complex problem. It has been applied in engineering design to analyse the order of
components when assembling them to reduce difficulty and identify angmslaps between
their shape and si62]. Pintzoset al.[52] provide the example where this method was used
in the assembly of a windriven generator to determine the most efficient arrangement due to
the large scale and load of the components. Drawing on the wdskobgio et al.[53] it can
be statal that the use of a Liaison graph allows for the creation of a model with the necessary
instructions to construct the generator quickly and securely while also revealing the

relationships between each component, allowing for optimisation of the output.
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iv. Petri Nets

Petri nets are a graphical, formal and abstract model used to describe and analyse the flow
of information [54]. Pamuk [54] suggests that this model can capture and represent
relationships between different scenarios in which a system may encounter faults. This
technique has been applied in the realmEdf design to increase reliability through the
mapping and evaluating of faults with Petri nets and fault tree ang@$idJtilising Petri nets
allows for the construction of a reliability analysis tailored to the motor's charactditjcs
Therefore, due to the goal of increasing reliability in EM productdmed et al[57] mention
that Petri nets have been used to map the operation sequéiMgetiins, and even winding
machines. The downside of this technique is that it is-tiovesuming and not statistically

representative, and it fails to take into account the combined effect of multiple[3aiits
B. Fault Detection in electrical motors
i. Failure Modes and Effects Analysis (FMEA)

FMEA is a method used to analyse a process and understand the relationship between its
errors and outpufAbhilashet al.[58] point out that FMEA is applied to identify and prevent
errors in the early stages of development and improve product quality by assessing the severity,
frequency, and detectability of possible failures. FMEA has been widely used in industries such
as engineering, automotive, and aerospace, and has been explored from its historical roots in
guality control to contemporary applications in risk managef@®ptJhorar & Kumawaf60]
explain that this technique has been applied to identify parametefsattianal horsepower
AC motor failure and subsequent faptbofing procedures developed using the Pgiee
concept. Despite some limitations such as lack of standardisation and structure, FMEA is a
widely-used method for evaluating potential failure m®dand associated risks8]. Its
benefits outweigh any limitations and there is a large amount of literature available to explore

its applications and potential improvements.
ii. Quality Function Deployment (QFD)

QFD is a widely used approach in product planning, design and quality management, which
incorporates customer feedback into the development process by ranking product
characteristics based on customer requiremgitg Hariri et al. [62] proposed that QFD

allows for a quick and efficient identification of relationships between customer requirements
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and product characteristics, making it useful for detecting process issues and satisfying
customer needs. According to Anwar et [88] QFD has been implemented in various
industries, including the automotive sector, especially in the design of electric cars. However,
challenges associated with QFD include difficulty in obtaining customer feedback, lack of
standardisation, and resourcensaints such as the need for skilled personnel and @je

Despite these challenges, QFD is a useful tool for ranking process characteristics, but other
techniques and expert opinions are necessary to detect correlations as QFD cannot take into

account interdependencig?].

2.3 Interdependencies in electrical motors

Interdependencies in a manufacturing process entail the intricate relationships and
interactions among diverse components, processes, and systems included in producing goods
[6]. Mayr et al.[2] explain that these interdependencies profoundly influence the quality,
efficiency, and coseffectiveness of the manufacturing process. FollowMayr's line of
reasoning, Escudei©Ornelas et al[4] further explain that interdependencies are a critical
aspect in the engineering field and a vital topic for enhancing the manufacturing process's
efficiency. A comprehensive analysis of these interdependencies is necessary to optimise the

manufacturing prcess and ensure that the final product meets the required specifications.

The success of a manufacturing process depends on considering the specific dependencies
and constraints of each component being assembled to produce the final pB&HuUEDr
exampleMayr et al.[2] discussed that in the case of an electrical motor, integration of multiple
components such as the housing, stator, rotor, and shaft requires a comprehensive
understanding of the interdependencies between these components. Neglecting these
interdependencgecan lead to delays, poor quality, and high c[8{$]. Nishino et al.[66]
proposed that incorporating interdependency analysis the manufacturing process
optimisation strategy is crucial to ensure efficiency and improve quality while reducing costs.
This analysis can identify critical components and processes that need optimisation, and
potential bottlenecks that may cause delays or quality ig4désTherefore, it is of great
importance to accurately identify all existing interdependencies in EMs in order to determine
the most relevant parameters and to monitor them efficiently in order to avoid any potential

faults.
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2.3.1 Techniques for measuring interdependencies

Interdependencies in manufacturing processes can be measured through a variety of
techniquesMayr et al.[26] describe that these techniques are employed to understand the
complex relationships between different variables and how they interact with each other during
the manufacturing process. In electrical machine manufactuBatile Blanc et al. [3]
demonstrated that interdependencies exist among various factors and stages playing a critical
role in determining the efficiency and effectiveness of the overall system. Therefore, measuring

these interdependencies is essential for improving the perfoentdBEM processes.
A. Correlation analysis

Correlation analysis is a widely used statistical technique that measures the strength and
direction of the relationship between two variables. In the field of electrical engineering,
Shevkunovaet al.[67] have employed the correlation analysis as a useful tool for measuring
the interdependencies between different parameté&isljrsuch as voltage, current, speed, and
torque. For exampléshoumabhet al.[68] point out that a correlation analysis can help identify
the relationship between the input voltage and the output power of an EM. One of the main
advantages of correlation analysis is that it provides a quantitative measure of the relationship
between vaables, making it useful for identifying the strength of interdependencies between
different EM parameterf$7]. Additionally, it is easy and quick to perform, making it a useful

tool for researchers working witeM.

However, there are also some limitations to using correlation anébgsitkala et al.[69]
mention that one potential drawback is that correlation does not necessarily imply causation,
meaning that a correlation between two variables does not necessarily indicate that one causes
the other. Furthermore, correlation analysis assumes that thengap between variables is
linear, which may not always be the case in H&. Nonlinear relationships may require
more complex techniques such as nonlinear regression analysis or machine learning

algorithms.
B. Regression analysis

Regression analysis is another statistical technique used to measure the relationship between
a dependent variable and one or more independent varialis. iffhis technique can help

identify the impact of variations in the input voltage or frequency on the electrical machine's
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output power and critical parameters affecting the overall performance of the mgg8jine

G| u | et al.[@0] state that this technique's advantages include providing a measure of the
causal relationship between variables, identifying critical factors that impact the machine's
performance, and determining the direction of the relationship between different fgsame
However, Murthy & Kumar [71] argue that the regression analysis's limitations include
assuming a linear relationship between variables and not accounting for other unmeasured

factors that may impact the electrical machine's performance.
2.3.2 Techniques for modelling and simulating interdependencies

Modelling and simulating techniques have become increasingly important in the field of
engineering, particularly in the study of interdependencies between different components and
systemg72], [81]. Laprie et al.[74] state that the ability to accurately model and simulate
complex systems allows for a better understanding of their behaviour and performance, as well
as the identification of potential issues before they arise. In the contexMpf
interdependencies between different components and systems are critical for achieving optimal
performance and reliability. As sudHaweret al.[75] mention that modelling and simulating
techniques are becoming more prevalent in the design, manufacture, and mainte&dhce of
Therefore, this section will explore the different modelling and simulating techniques used in
the study of interdependenciesEM, their advantages and limitations, and the potential future

developments in this field.

The development of EMs has increased in recent years with new technologies and materials
being utilised1]. To produce high quality, reliable, and ceffiective motors, it is important
to understand their behavio[it6]. Modelling EMs enables simulation of their behaviour in
different scenarios and prediction of changes in process paramtef86]. Currently,
modelling and simulation tools are being used to study the behaviour of components such as
the stator, resulting in cost and time savif&§, [77]. There are various modelling techniques
as shown in Figur@.8. The application areas and restrictions of these modelling techniques
must be explored in the literature to compare and assess them. By using modelling techniques,

more reliable motors with fewer faults can be prody2é&gl [78], [79]

The choice of selecting these techniques for modelling and simulating electrical machines
and their interconnections was based on a thorough literature research apfjri@aihThese

methods, as shown in Figure 2.8 have been carefully selected after reviewing existing literature,
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Figure2.8. Flowchart of techniques capable of modelling and simulating EMs and interdepend

consulting the latest higlevel academic journals and gathering valuable insights from the
industrial and electric motor manufacturing stakeholder expericBeed technique has been
chosen considering its suitability in capturing aspects of interdependencies and electrical
machines. This diverse selection is a combination of theoretical foundations, empirical
evidence and practical considerations to ensurerolust approach to modelling

interdependencies, in the context of electrical machines.

A. Techniques for modelling an electric motor manufacturing process
i. Discrete Event Simulation (DES)

DES is a widely used and versatile method for decisiaking in various aspects of the
business world, particularly in the manufacturing indupti§]. Budgagaet al.[80] mention
that DES evaluates systems where events change their state at periodic intervals and introduces
random variables through discrete probability distributions. It provides valuable insights into
system performance and has been used for fault detectob predictive maintenance in wind
turbines, and for predicting energy consumpf{i®}i8l]. Greasley & Edwardf82] point out
that the capability of DES to model discrete events and introduce random variables makes it a

suitable tool for analysing complex systems and processes in the manufacturing industry. DES
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is well-suited for creating a model that simulates the process flow and examines faults as

discrete events to determine which parameters have the highest influence upon them.

According to Prajapaét al.[83] DES is recommended in the literature as a beneficial
technique for modelling process characteristics in manufacturing due to its adaptability.
According to Albers et a[72] they found that there is potential in utilising DES and combined
it with the features offered by Industry 4.0 like simulation to analyse and understand how
different aspects of a manufacturing process are interconnected. They explained that by
modelling hese relationships it becomes possible to achieve a level of control and stability, in
the manufacturing process. In their study Capocchi 8%l.employed a DES to simulate the
parts of an electric motor, including the rotor and stator. They fourtdfE& had shown
potential as presented in TaldR, in detecting faults at a stage in a thpbase wound rotor
induction machine, which led to its application in this research. The application of DES
continues to grow as researchers and practitioners explore its potential to improve system

performanceteliability, and safety47], [84], [85]
ii. Finite Element Analysis (FEA)

FEA is an accurate technique for modelling the behaviour of structurally complex
components in engineering/eigelt et al.[86] highlighted that FEA involves creating a 3D
environment with a finite element mesh to represent changes in component behaviour when an
applied load is imposed. Critical parameters can be identified through calculations and
ComputerAided Design (CAD) softrare when used in conjunction with FEA to create a model
[32]. FEA is a numerical technique that can handle complex problems in areas such as
deformable bodies, heat transfer, and fluid mechadimsh & Sied[87] make the case that
FEA can model both static and dynamic behaviour, including nonlinear outcomes, and generate

time-dependent simulations .

FEA has been widely used for examining faults in EMs, primarily in stators and rotors, and
is capable of conducting structural analysis during winding when faults are more p{8@§ble
[88]. FEA has also been used in combination with other techniques such as Monte Carlo
simulation to predict the relationship between nucleus density, stored energy, and temperature
[89]. However,Kazeminezhacet al. [89] explain that its limitations include its inability to

identify longterm interdependencies across a manufacturing process and its high cost, as well
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as the need for more advanced programming techniques compared to other techniques like
DES.

iii. Neural Networks (NNs)

NNs are modelling techniques that use algorithms to identify relationships in sets of data
from stochastic and predominantly roontinuous manufacturing processes. NNs have the
ability to learn autonomously and generate an output independent of themgpagn perform
multiple tasks without affecting system performaf@@. They are currently used in various
fields such as image and language processing, route detection, speech recognition, and
forecastind91]. Raja et al.[92] point out that NNs have also been used for quality testing in
EMs to identify defects in the stator windirgscheret al.[7] discussed that attempts have
been made to combine NNs with other modelling techniques such as DES to develop surrogate
models of intricate systems, but it requires a large data set for training and takes a long time to
process. NeverthelesSletteret al.[93] state that NNs are faster than FEA and more accurate
than analytical modelling, but require a significant amount of training and are typically

constructed for a specific type of electrical machine.
iv. Fuzzy Cognitive Mapping (FCM)

FCM is a modelling technique that uses a cognitive map to represent the relationships
between elements in a systgra]. It calculates weighted edges to reflect the caumbeffect
relationships between elements, allowing for the modification of external influences and the
creation of dynamic models. FCM has been applied in various fields, including business,
economics, @ucation, health, project planning, and engineering, and has been used in EMs for
fault identification and control, improving performance through consideration of functional
correlations in the proce$84]. However,Groumpos[94] argues that constructing a model
with FCM requires considerable effort and specialist skills, and it may not be suitable for
nonlinear outputs. Despite its limitations, FCM has been demonstrated as a useful tool for

analysing interdependencies to achiepémal changeability in factory design.
v. Design Structure Matrix (DSM)

DSM is a modelling technique that provides insight into complex systems composed of
interconnected componen{95]. It can be used to optimise architecture in products,

organisations, and manufacturing processes. By decomposing a system into subsystems, a
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static or timebased model can be studied to better understand the relationships between
parameters and how they affect system beha\gjr Lu & Sundaran{97] describe how a

DSM has been applied to a range of applicatiomsoviding an example from thBoeing
Commercial Airplane Grouprhere they implemented a DSM as a foundation for developing

a software tool to analyse the relationships between parameters and components of a wing.
However,Browning[95] emphasises that DSM has limitations as shown in TABas it can

only model one single process flow at a time and cannot identify overlapping operations or

interdependences among components, such as those in electronic manufacturing.

Table2.2. Comparison table for modelling techniquesEd.

Technique Advantages Disadvantages
- Provides valuable insights into system |- May not effectively represent long-term
T e performance and fanlt detection. interdependencies.
Simulation (DES) - Suitable for analysing complex systems | - High cost and requires advanced
in mamifacturing. programming techniques.
- Accurate in modelling structurally - Limited in identifying long-term
complex components. interdependencies.

Finite Element Analysis |- Handles deformable bodies and

(FEA) dynamic behavior. - High cost and requires advanced
programming techniques.
- Used for examining faults in EMs.
- Can identify relationships in non- - Requires a large dataset for training and
continuous mamifacturing processes. long processing time.
Neuwral Networks (NN5s)
- Faster than FEA and more accurate - Constructed for a specific type of
than analytical modeling. electrical machine.
- Represents cause-and-effect - Requires considerable effort and
Fuzzy Cognitive Mapping relationships in a system. specialist skills.
(FCM) - Used for fault identification and control | - May not be suitable for nonlinear
in EMs. outputs.
- Provides insight into complex - Can only model one single process flow
Design Structure Matrix interconnected systems. at a time.
(DSM) - Used to optimize architecture in - Cannot identify overlapping operations

products and mamifacturing processes.  |or interdependences among components.
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B. Techniques for modelling interdependencies
i. Qualitative models

Qualitative models proposed by Laprie et [@4] demonstrated the potential to model
process characteristics associated with failures in electric and information infrastructures as
presented in Tabl2.3. Various tools are available to identify key process characteristics and
interdependencies, including the Ishikawa Diagram and the Fuzzy CognitivéOK|E8].

Palet al.[98] describe that the Ishikawa Diagram is particularly useful due to its functionality
and adaptability, but it has limitations as it can only consider a single variable at a time.
Groumpog94] points out that the Fuzzy Cognitive Map is a widely utilised tool to analyse
interdependencies in a syst@ualitative models have several limitations when used to model
interdependencies in a manufacturing stef]. Firstly, they tend to focus on individual

components rather than how they interact with each pibgr

Table2.3. Comparison table of techniques use for modeiliwgrdependencies.

Technique Advantages Disadvantages

- Tend to focus on individual components

rather than their interactions.

- Assume linear and predictable
manufacturing processes.

- Potential to model process characteristics

associated with falures. - Rely on historical data for predictions.

Qualitative models

- Can be complex and time-consuming.

- Mav not consider the human element in
manufacturing.

- Requires a smart production system for

- Visualise interdependencies and identify automatic root cause identification.

Spectrograms

key factors causing test failures. - Cannot take corrective action on its

OWIl.

- Leverages Industry 4 0 technology for
comprehensive knowledge base.
Product Generation Engineering , - Manmual extraction and entry of process
- Analyses process parameters and risk
(PGE) and Model-Based System + tod with their ufizati
Engineering (MBSE) associaed With el wizaon inconvenient.
- Establishes relationships between
process characteristics.

parameters can be time-consuming and
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Secondly, qualitative models assume that the manufactypingess is linear and
predictable, whereas it can be highly dynamic and subject to unexpected ¢6ahgdsrdly,
gualitative models often rely on historical data to make predictions, which may not be
sufficient for modelling interdependencies. Fourthly, qualitative models can be complex and
time-consuming to develop and implement. Lastly, they may notuamtcimr the human
element of manufacturing, such as operator skill or decisiaking, which can significantly

impact the final product's qualif98].
ii. Spectrograms

Identifying the root causes of faults is an essential step in preventing rejections in the
manufacturing proced8] [99]. As products become increasingly complex, and processes
interdependent, Baier et 4P9] developed a method to visualise interdependencies using
spectrograms. This tool allows them to identify key fexctmontributing to Eoltest failure
[11]. Spectrograms have been found to reduce time for root cause analysis by half. However,
a smart production system is still necessary in order to automatically identify root causes and
take corrective action such as altering input parameters, as thigjieeltannot do this itself
[99].

iii. Product Generation Engineering (PGE) and ModeBased System Engineering

(MBSE)

Albers et al.[72] propose a technique for modelling interdependencies which seeks to
leverage the potential of Industry 4.0 technologlis technique analyses relevant product
and process system characteristics using a-tbvwet matrix to generate a comprehensive
knowledge base. Subsequently, a PGE model is utilised to determine the effects of process
parameters and the risk associatéti their utilisation. Finally, MBSE is used for ascertaining
relationships between process characteristics at the early stages oidbgespDespite the
effectiveness of this approach, Albers ef&2] mention it is worthwhile noting that a limiting
factor is the timeconsuming and inconvenient manual extraction of all process parameters and

their subsequent entry into the model.

2.4 Optimisation process considering interdependencies

Simulation models are used to analyse complex systems, such as manufacturing processes,

that can be challenging to study using traditional analytical metfb@8]. Although
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simulation models are powerful tools for understanding such systems, they can be
computationally intensive and require a considerable amount of time to ekHeliteNang

& Boyd [102] mention that simulation models should be designed to run as fast as possible for
industrial settings in order to ensure a high level of accuracy and efficiemesefore, in this
sectin, strategies and techniques weliscussed for significantly optimising simulation

models considering interdependencies to make them more efficient and effective.

2.4.1 Model optimisation

Model optimisation approaches are techniques used to improve the performance and
accuracy of machine learning models, as shown in F@@r& hompson et aJ101] point out
that modeloptimisation is an important aspect of machine learning as it can significantly

improve the model's ability to malkecurate predictions on new, unseen data.

The choice to integrate parallel computing, analytical models and supervised machine
learning as part of a model optimisation approach was based on a thorough analysis of existing
literature (further explore in sections 2.4.1 A, B and C). These selectaidees provided
adaptable approaches for optimising models. They allow for an understanding of system
dynamics, scalability in handling large scale simulations and the ability to capture complex
relationships between variables. By utilising these reseghiand validated techniques, a
strong foundation can be established for this research ensuring that the findings are credible

and rigorous.

Model
Optimisation

l - l

Parallel Analytical S;lper;'sm
Computing models achine
Learning

Figure2.9. Flowchart of model optimisation approaches tiaisider interdependencies
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A. Parallel computing

Parallel computing has greatly impacted scientific research by reducing simulation time and
speeding up the pace of research. It enables processing of a single task in multiple threads,
leading to more complex simulations being run in shorter periodse{103]. Furthermore,
parallel computing technology allows multiple cores to work on the same task simultaneously,
leading to an increased number of simulations run in a shorter timeteaielbuette[104]
explains that this has allowed researchers to quickly test and analyse research scenarios and
make more informed decisions. One example of its application is providBedpaket al.

[103] where an assembly sequence simulation time was reduced by a factor of ten by
implementing parallel computing, leading to faster design iterations and better product
performance. Another study is presentedkpwron et al[105] in which they developed

neural detectors and classifiers to help them enable an automatic model to distinguish between
the stator and rotor winding faults for supplying various voltage frequencies and load torque
values. By using parallel computing, thentputing time was reduced by 50% compared to a

sequential algorithm.
B. Analytical models

Analytical models are a cesffective and timesaving approach used in research to
understand the behaviour of complex systems or prob[é6]s They use mathematical
eqguations to describe the behaviour of a system, enabling researchers to identify important
features and trends, debug and refine simulations, investigate the system under different
conditions, and predict behaviour without runngigiulations. Analytical models have been
applied in various fields, including the thermal analysis of statdedij106]. Studies have
shown good agreement between the results of analytical models and experimental data,
demonstrating their accuragi07]. They have been used to optimise the cooling systems of

stators, improving their cooling performance and reducing maximum tempeidtlires

Analytical models are used to optimise a system based on mathematical computations but
have several limitations. They rely on simplifying assumptions that may not fully capture the
complexity of the system, are computationally expensive anddonsumingo develop, and
may be limited in their ability to capture dynamic changes in the sy§&mAbdulah et al.

[108] mention that they may also require large amounts of data to develop and validate, and

be limited in their ability to account for uncertainty in the system being modelled.
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C. Supervised Machine Learning (SML)

SML algorithms are becoming increasingly popular in the manufacturing process of EMs,
particularly in the production of statdri09]. This is because these algorithms can model the
interdependencies between variables, which affect the quality and efficiency of the final
product[90]. Singhet al.[90] describe that by using a labelled dataset to train a model, the best
performing design can be selected, reducing the time and effort required for optimisation and
selectionEchoing this idea, Chgi10] makes the case that SML algorithms can also identify
the key parameters that affect the quality and efficiency of the final product, thereby improving
the accuracy of predictions.

SML has been used before in EMs as an efficient model optimisation technique with
multiple examples such as the one providedQhen et al.[121] in which SML was
implemented to obtain thgotmal design and performance of a double stator with a multi
excitation fluxswitching machineAnother example was provided Byajapat et a[83] where
the key parameters affecting the quality of the final product were identified uBimgreodel
that was trained on a datasetaofurbine assembly. Overall, SML algorithms present several
benefits in the EM manufacturing process as previously discussed, but they also have some
limitations. A major limitation is mentioned Warekhet al.[112] in which a large, labelled
dataset is required to train the model, and the accuracy of the model depends on the quality of

the labelled dataset.

Supervised learning paradigms

Supervised learning paradigms are techniques that involve training a model on data to
predict or classify future observations, as shown in Figuk®. In supervised learning, the
model is trained on a dataset that includes both input data and the corresponding output data or
labels[90]. The goal is to learn a mapping between the input data and the output data to predict

or classify future observations accuratd0].

One of the most common supervised learning paradigms is regression analysis, which
involves predicting a continuous numerical output variable based on one or more input
variables. Another popular supervised learning paradigm is classification, whichegsvolv
predicting a categorical output variable based on one or more input varkRétgession and
classification models were selected because they have proven to be effective in supervised

learning scenario®0]. In supervised learning the models learn from labelled data to make
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Figure2.10. Flowchart of the most comm&ML paradigms.

predictions or classifications. Although there are other techniques available, for example,
clustering algorithms founsupervised learning or reinforcement learning for sequential

decisionmaking [113], regression and classification were chosen as they are capable of
handling both continuous and categorical output variables. This choice aligns well with this

research objectives and characteristics of the dataset.

Regression model

A regression model iBML predicts a continuous numerical output based on one or more
input variables. It uses algorithms like linear regression, polynomial regression, and support
vector regression to learn a mapping between input and output data for accurate predictions on
new chta. Regression models are easy to interpret and can handle both linear-andamnon
relationships, but they often assume a linear relationship which may not always be accurate
[90]. The quality of their predictions depends heavily ongihality and representativeness of
the input data.

In the realm of EMs, regression models are used to identify dependencies and predict energy
consumption, aiding energy optimisation effdd¢3]. Common models used include linear
regresion, Support Vector sichinegSVM), Random Brest(RF), and XGBoos{90]. They

can predict electric load and consumption in buildings, helping with ersanggg initiatives.
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However, these models face challenges relating to data quality, complexity of factors
influencing energy consumption, scalability, linearity assumption, and model selection. Data
pre-processing is essential to ensure the validity of regression modelsisatte, number of
variables increases, the reliability of regression models decreases. Therefore, choosing the

appropriate regression model for a specific application can also be challenging.

Classification model

A classification model itSML predicts a categorical output variable based on one or more
input variables. It aims to learn a mapping between input and output data to accurately classify
new, unseen data. In the context of EMs, classification models are used to detect and identify
electrical appliances in redgime based on their electrical parame{&is These models aid in
monitoring and controlling the operation of electrical devices, improving energy efficiency and
reducing consumptiofit13]. They can also analyse the driving power and dependence of
power infrastructure components, like substations, to support network analysis and
management. Furthermore, they can be used in the design and application of EMs, helping to

optimise performancena ensure reliability.

Classification models have the advantage of handling categorical output variables with
multiple categories and ndmear relationships between input and output variap4&3.
However, they require a large amount of labelled data for training, and the quality of
predictions is highly dependent upon the quality and representativeness of the input data.

i. Popular supervised learning algorithms

Supervised learning algorithms have many applications, including predicting customer
behaviour, detecting fraud, image classification, and natural language prodé8jirihey
can learn complex patterns in data and make accurate predictions or classifications. However,
Chen[110] discussed that they require a large amount of labelled data for training and can be
susceptible to overfitting if the model is too complex or if the training data is too limited. Some
of the most popular SMLIgorithms include DTRF, SVM, K-NearestNeighbours(KNN),
Naive BayegNB) and neural networks.

The decision to use DT, RF, SVM, KNN, NB and neural networks to model
interdependencies in the manufacturing processlatrical machines was based on their

proven effectiveness, versatility and applicability across a wide range of data scenarios (expand
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upon in thissection). After conducting an extensive literature review research and examining
real world evidenc§0],[110-113], these algorithms were found to be a welinded choice
because they offer interpretability, accuracy, versatility, performance and the ability to handle
complex relationships. This ensures an approach to modelling interdependencies while
maintaining corputational efficiency. Hence, these algorithms were selected as the suitable
options for capturing the diverse and intricatesidependencies during the manufacturing
process of electrical machines. In addition, it is important to note that as the field progresses,

new or more advanced algorithms may be considered for future research endeavours.

Decision treeqDT)

DT are a form of machine learning that is used in electrical machine simulations to reduce
simulation times and improve accurddyi4]. By classifying and predicting outcomes based
on data,DT can determine optimal operating conditions ¥ more efficiently than
traditional method$114] [115]. They also provide a visual representation of the machine's
behaviour and interactions between components, enabling engineers to make informed
decisions and improve efficiency. Several studies have agplied stator manufacturing for
fault prediction with high accuracy and better understanding of the underlying process
mechanismg116]. Despite its advantage§géron[115] describes thaDT can suffer from
overfitting and bias towards dominant classes, and researchers can use ensemble methods to

improve performance.

Random Forests(RF)

RF is a machine learning approach that can be used to speed up the simulation of EMs,
such as stators, by providing accurate predictions of the system's behaviour in various
conditions[117]. RF are a collection oDT that analyse the behaviour of the system from
different viewpoints and identify the most important features for predicting that behaviour. By
combining and weighing the predictions of the individD@| an accurate and faster prediction
of the system's behaviour can be obtained, reducing the simulation time of th{fO6jais
PefaGraf et al.[118] describeRFalso identify outliers in the data and can be used to identify
which parameters have the most impact on the system's behaviour, allowing for better

understanding and design optimisation.

In a study by Marinov et aJ117], a RF algorithm was applied to decision making when
designing power electronic converters, and achieved an accuracyb%@Q butperforming
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other machine learning algorithms. It has also been used for process simulation in stator
manufacturing to identify potential problems and optimisation opportunities. In a study by
Thornton & Edward113], aRF model was developed to simulate the winding process of a
stator in an electric induction motor, with excellent results, showing comparable outcomes
when validated against actual manufacturing data. HowB¥aequire a large amount of data

and can be computationally intensive, and the interpretability of the model may be reduced.

Support Vector Machines (SVMs)

SVMs are a popular technique capable of reducing the number of simulation iterations
required by producing a more accurate model, leading to a reduced number of simulations for
refinement[90]. The improved accuracy of the model also allows for more accurate
performance predictions and better decigiwaking during the design process. SVMs can also
reduce computational time by using algorithms such as kernel me@Gé@ds[115] explains
that they are capable of predicting the stator's behaviour in different operating environments

and under varying loads, further reducing the time and resources required for simulation.

SVMs have been applied in several studies for stator fault prediction and efficiency
prediction. For example, Canengua et al[119] used an SVMased model for stator
winding interturn short circuit fault diagnosis, achieving a high accuracy of 96. Z&@n
[115] discusses the use of an SMMsed method for diagnosing stator winding faults in
permanent magnet synchronous motors, while, in compa@sogh et al[90] used SVMs to
predict the efficiency of stator windings in an axial flux permanent magnet synchronous motor

with high accuracy.

K-Nearest Neighbours (KNNSs)

A KNN algorithm is a data mining technique that is used to reduce simulation time and
improve the accuracy of results. It works by finding theelrest neighbours to a test point in
a dataset and using those neighbours to approximate the desired obifgsth#ve been used
in several studies to predict winding temperature and classify statofi2@d}sThe algorithm
outperformed other machine learning models, such as Artificial Neural Networks and SVM,
in the prediction of winding temperatufg21]. Similarly, it was able to accurately classify
stator faults based on vibration signfl?]. However, KNNs have some limitations,

including the requirement for a large number of training examples and poor performance in
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high-dimensional spaces, which need to be considered when applying the algorithm in practice
[123].

Naive BayeqNB)

NB algorithms are used to reduce simulation time and improve accuracy by quickly
identifying the most important parameters. The algorithm uses Bayesian probability theory to
identify the most significant parameters and exclude those that have the leastampiee
output[116]. The algorithm's simplicity and fast training time make it suitable fortnea
applications like fault diagnosj$15]. However, the accuracy of the classifier depends on the
guality and quantity of input data and the assumption that the input features are independent
of each other may not be true in some cases. Studies have shoiNB tigbrithms provide
more accurate results and are effective in diagnosing different types of faults in stator windings

in induction and permanent magnet synchronous mfitag.

Artificial Neural Networks (ANNS)

ANNSs are a type of artificial intelligence that can be used to simulate the behaviour of
electrical systems, such as stators, to reduce the simulatiof28if#0]. ANNs can learn the
relationship between electrical parameters and the stator behaviour, allowing ftmeeal
approximation. The use of ANNSs for simulation time reduction is a novel application of Al
and has the potential to significantly reduce thetieguired for simulating complex electrical
systemg90]. However, ANNs have a high computational cost, can be considered black boxes,
and are susceptible to overfittifigl]. Researchers should consider these limitations when

applying ANNs to realvorld problems.
ii. Performance Metrics and Evaluation

In SML, the performance of a model is usually evaluated using various performance metrics
that are appropriate for the task at hand and the type of problem being solved. Some of the
most commonly used performance metrics for SML algorithms are preseial@2.4 [90]

[91].
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Table2.4. Performance metrics employed durBglLt o eval uate the mo
accuracy [125].

Evaluation Metric Description

It is the most commonly used performance metric and is simply

Accuracy ratio of the number of correptedictions made by the model to tt

total number of predictions. It is a good metric for balanced dat:i
but can be misleading for imbalanced datasets.

A table summarises the performance of a classification model

. _ showing thenumber of true positives, false positives, true negati

Confusion Matrix and false negatives. The confusion matrix provides a more

comprehensive view of the model's performance, including it
ability to make correct and incorrect predictions.

. It is the ratio of true positive predictions to the total number o
Precision positive predictions made by the model. It measures the mod
ability to avoid false positive predictions.

It is the ratio of true positive predictions to the sum of true posi
Recall and false negative predictions. It measures the model's ability
detect all positive instances.

It is the harmonic mean of precision and recall. It provides a bal
F1-Score between precision and recall and is a good metric to use when
precision andecall are important.

ROC Curve is a plot of the true positive rate against the fals

ROC Curve and AUC | positive rate for different threshold values. AUC is the area un

the ROC curve and provides a single number summary of th
model'sperformance.

Mean Squared Error

(MSE) and Mean These are common performance metrics for regression proble
where the goal is to predict a continuous numerical value. MSE
Absolute Error MAE measure the difference between the true valueshend

predicted values.
(MAE)

These are some of the most commonly used performance met884LinThe choice of
metric depends upon the type of problem being solved and the desiredffrdgéveen
accuracy and other factors, such as precisenall, and computational cost.
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2.4.2 Process optimisation

Process optimisation refers to the action of improving a specific process to achieve the
desired outcomes more efficiently, effectively, and relidfhB4]. Duanet al.[125] suggest
that the winding process in an EM can be considered a-ohjéctive optimisation problem
because it involves several parameters that need to be optimised simultaneously. The winding
process needs to balance several objectives, including achigandesired magnetic field,

minimising energy consumption, reducing fault rates, and improving effic[&hcy

A multi-objective problem refers to a situation where multiple, conflicting objectives must
be optimised simultaneously. This type of problem is common inwedt applications,
including in EMs regarding statofs11][125]. Optimising the design of a stator, for instance,
requires balancing multiple objectives such as reducing weight, increasing efficiency, and
maintaining structural integrity. These objectives are often interdependent and require trade

offs to find the ogmal solution.

The process optimisation of stators focuses on finding a set of solutions that balance multiple
objectives such as reducimganufacturing costs, decreasing fault creation, and improving
process efficiency. Solving multibjective problems can be challenging as the objectives may
conflict and be difficult to balancpl26]. Costantinoet al. [127] point out that traditional
optimisation techniques, such as linear and-limar programming, are not suitable for these
problems as they can only optimise a single objective.

Specialised techniques, such as rroiifective optimisation algorithms and metaheuristics,
have been developed to address this challenge. The optimisation problem can be approached
using varioustechniques as shown in Figur@.11, including evolutionary algorithms or
scalarisation, which aim to find a set of rdominated solutions that represent a traffe

between conflicting objectives.

This research meticulously considered and selected these process optimisation techniques,
based on its proven effectiveness in addressing optimisation challgi&e$27]. These
challenges include converting muttbjective problems into single objective ones, evaluating
alternative solutions systematically, identifying patterns, combining multiple approaches and
dealing with conflicting objectives. Moreover, these techeg) offer adaptability to

optimisation scenarios. Furthermore, their track recosliofess in research studies and
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Figure2.11. Diagram of multiple approaches for process optimisation when dealing with a mu
objective problem

practical applications (more insight offer in this sectiofi¢rs confidence in their capability
to provide outcomes. Lastlypy combining these techniquet is possible toaddress
optimisation challengessing a holistic viewo achieve efficient solutions.

A. Scalarisation method

This method converts a muttbjective problem into a single objective problem by defining
a scalarisation function. The most popular scalarisation method is the weighted sum method
(WSM). The WSM is a commonly used approach for solving roligective prblems by
aggregating multiple objectives into a single objective function by assigning weights to each
objective [128]. WSM has been applied to optimise stator design, balancing conflicting
objectives such as minimising weight and cost while maximising efficiency and structural
integrity [129].

Several studies have shown the effectiveness of WSM in optimising stator Hedgn
[130]. However, WSM has limitations, including difficulty in selecting appropriate weights for
the objectives and difficulty in handling n@onvex or nodinear problem$129]. To address
these limitations, modifications such as the use of robjgctive evolutionary algorithms and
fuzzy decisioAmaking approaches have been proposed to improve the performance of WSM
[131].

B. Decisionmaking method

Decisionmaking methods are techniques used to solve fobjéctive problems by
determining the best solution among a set of alternatives. They can be based on mathematical

models, expert judgment, or both. Common approaches includeamtdtia decisio-making
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(MCDM) methods[62], which help weigh the relative importance of conflicting objectives,
and multiobjective decisiormaking (MODM) method$§61], which use various techniques to
find optimal solutions. Datdriven approaches, like machine learning, can enhance these
methods by incorporating historical data to improve accuracy. Degaisaiimg methods offer

a systematic and structured approachrtblemsolving and can be customised to suit each

problem and decisiemaker's needs.
C. Hybrid methods

Hybrid methods combine multiple optimisation techniques to solve -wiljiictive
problems, leveraging the strengths of different methods to overcome individual limitations.
Techniques such as genetic algorithms, particle swarm optimisation, and antiéaral
networks can be combined for improved performda8€] [133]. Hybrid methods efficiently
and effectively solve mukbbjective problems, addressing tremfés between competing
objectives and handling complex, ntimear relationship$l34]. They can manage problems
with multiple constraints and uncertainties by incorporating various optimisation techniques
suited to different problem types. Hybrid approaches provide robust and accurate solutions in

various applications, including the optsation ofEM like statord135].
D. Machine learning methods

Machine learning methods offer a computational approach to solve-ohjdtitive
problems by optimising multiple conflicting objectives, applicable toweald situations such
as stator design in EM89]. These algorithms learn from past data, identifying patterns and
making predictions about system behaviour, which aids in optimising objectives like cost
reduction and efficiency increafEL6]. Techniques lik®T or neural networks can determine
optimal design parameters, considering traffe between conflicting objectives.

Reinforcement learning can optimise system behaviour by learning from past actions to
make decisions that maximise a set of reward funcff#jsCombining machine learning with
multi-objective optimisation algorithms can lead to more sophisticated predammg
method4136]. However, machine learning methods can also pose challenges, such as the need
for large data amounts, difficulties in interpreting complex models, and the risk of overfitting
to the training datfl37].
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E. Multi -Objective Evolutionary Algorithms (MOEAS)

MOEAs are a class of optimisation algorithms that are designed to solveoljalttive
problems. MOEAs are based on the principles of evolutionary algorithms and genetic
algorithms, which mimic the process of natural selection to find an optimal so[t856h
MOEAs are specifically designed to handle multiple conflicting objectives and generate a set
of nondominated solutions that represent a traffdbetween the conflicting objectives. The
nondominated solutions are known as the Pareto front and providengrehensive

representation of the traddéf between the objectivg$38].

In the context of multbbjective optimisation, MOEASs can be used to find the optimal{rade
off between multiple conflicting objectives. For example, in the desigtMbuch as stators,
MOEAs can be used to minimise weight and manufacturing costs while maximising efficiency
and structural integrity{111] [139]. MOEAs can also handle complex and +ioear
relationships between objectives, which makes them well suited for solvingabjalttive
problemdg126].

MOEAs use various strategies such as selection, crossover, and mutation to generate a new
population of solution$140]. The solutions are evaluated based on their performance with
respect to the objectives, and the best solutions are selected for the next iteration. This process
continues until a satisfactory set of Ademinated solutions is found. The use of MOEASs can
provide a comprehensive representation of the tcdfldoetween conflicting objectives,
making it easier to identify the best traolié for a particular applicatiorl35]. Overall,

MOEAs are a powerful tool for solving mutibjective problems and provide a comprehensive

representation of the traddf between conflicting objectives.
i.  Multi -Objective Optimisation Techniques

Multi-objective optimisation techniques can optimise complex systems with multiple
objectives to be met simultaneously, suclEbtthat require efficiency, reduced losses, and
minimised noise and vibrationfl41]. Such machines have complex interdependencies
between different parameters, requiring optimisation techniques that consider them
simultaneously. Examples include NSGHASPEA2 and MOEA/D as shown in Figuzel 2,

which use mathematical models to simulate machine behaviour and optimise design parameters
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[136][142]. Multi-objective optimisation techniques can handle taifie between different

objectives and interdependencies between parameters, leading to more optimised designs.

Multi-objective
Optimisation Techniques

I ]
J Y Y

NSGA-II SPEA2 MOEA/D

Figure2.12. Diagram of the optimisation techniques userhinti-objective problems

However, they can be computationally expensive and rely on the accuracy of mathematical
models[143].

The selection of techniques such as NSGAII, SPEA2 and MOEA/D were chosen over other
algorithms in this field was because they have shown to be effective when dealing with
problems that involve multiple objectivgd38],[141-143] These algorithms helped in
generating solutions that are robust and can effectively balance conflicting goals. They have
also been proven to perform effectively in generating Pareto optimal solutions, which provides
valuable insights, into complex optisaition scenarios and allows decision makers to explore

different tradeoffs productively.
Non-Dominated Sorting Genetic Agorithm Il (NSGA -II)

The NSGAII, a multi-objective optimisation algorithm based on the genetic algorithm
framework, is widely used in stator manufacturing research. The algorithm has been applied to
optimise the design of stator winding for various types of EMs, as demexsimagtudies by
Thornton & Edward113] andMalagoliet al.[144. nThor nt on &13Estudyaan d 6 s
NSGA-II was used to balance multiple objectives, such as torque, efficiency, and power factor
during the inspection of apparatus with high flexibility for permanent magnet synchronous

motors.
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The algorithm was successful in finding multiple Paigdtimal solutions that met the
desired objectives. Similarly, iMalagolie t  H44] study, an NSGAI was successfully
applied to a stator as part of an asynchronous machine to obtain the optimal design variables
and therefore minimise the cost of materials, taking into account multiple objectives including
torque, efficiency, and fluweakening capability. The results showed that the NHG¥as
able to identify the optimal winding configuration that achieved the desireddffidetween

the conflicting objectives.
Strength Pareto Evolutionary Algorithm (SPEA2)

An SPEAZ2 is a multbbjective optimisation technique that has the objective of finding a set
of Pareteoptimal solutions, where one solution cannot be improved in one objective without
sacrificing performance in another objectiMel3]. The algorithm works by maintaining a
population of candidate solutions and using a fitness function to evaluate each solution's
performance. Through selection, crossover, and mutation operations, the population is evolved
over multiple generations to r&athe optimal set of solutions. Nevertheless, the "niching"
problem, which describes how challenging it is to keep a variety of solutions across the Pareto
front, is one prominent drawback. Despite the fact that SREAploys a density estimation
approachto promote diversity, it could still have trouble keeping a diverse population of
solutions. This might result in the loss of some of the Pareto front, particularly if the Pareto

front is complex or discontinuous.

An SPEA2 has been used in stator manufacturing research to optimise various design
aspects, such as slot configurations and winding layouts. For example, Frut¢s4] alsed
an SPEAZ2 to optimise thaperations scheduling under machine availability constraings
permanent magnet motor. Liu & Zhaftg5] improved the SPEA2 algorithm with a local
search for multobjective investment decisiemaking with an application to permanent
magnet synchronous motors. In both studies, the SPEA2 was able to identify multiple Pareto

optimal solutions that achieved the desired objec{i/45].
Multi -Objective Evolutionary Algorithm Based on Decomposition (MOEA/D)

A MOEA/D is a wellregarded multbbjective optimisation algorithm that relies on
decomposing the objective functions into smaller sub problems. It has been utilised in research
onEM to optimise various aspects such as the design, slot configuration, and material selection

[152]. For instancefFarnsworthet al.[152] applied a MOEA/D to optimise th@esign of a
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programmablenicroelectromechanicddandpass filterwhile Garcia & Trinh[146] utilised a
MOEA/D to optimise themodular cell designGarcia & Trinh[146] point out various
limitations with this algorithm such as it demonstrates sensitivity to its parameters and
scalability issues, especially with an increasing number of objectives, and it struggles to
maintain diverse solutions for problems with complexreRa fronts. It also exhibits
dependency on the decomposition method used, faces challenges in handling complex
constraints and dynamic problems, and can demand significant computational resources,

particularly for highdimensional or mangbjective problens.

2.5 Challenges encountered during stator manufacturing

The production of an EM requires the fabrication of a stator, but issues may arise during the
manufacturing process due to various factors such as material selection, machining accuracy,
lamination quality, coil winding accuracy, assembly quality, andnigseliability [3]. Poor
lamination quality can lead to excessive electrical losses and weakened mechanical integrity,
while incorrect coil winding can result in lower efficiency and increased sound levels [20].
Additionally, unreliable testing can lea@® incorrect measurements and hinder optimal

performance [21].

SellLe Blanc et al. [22] pointed out that these issues can significantly affect the stator's
performance, resulting in reduced efficiency, increased electrical losses, weakened mechanical
strength, and the production of higher sound levels. Therefodgraset al. [23] mention, it
is crucial to address these issues during the manufacturing process to ensure the stator's

efficient and reliable operation.
Deformable material

Deformable materials, such as copper wire, play a significant role in the production of EMs
[1]. These materials possess mechanical properties that enable them to be easily shaped and
bent into specific forms during the manufacturing process, allowing tihér® wound tightly
around a stator core or other components [24]. Komodromos et al. [25] stated that the
deformability of these materials is due to their inherent ductility and malleability, which allow
them to withstand the forces involved in the wirgdprocess without breaking or cracking.
SellLe Blanc et al. [26] pointed out that the mechanical properties of these materials can be

influenced by various factors such as the type and purity of the material, the temperature of the
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environment, and the specific manufacturing techniques used. Understanding the properties of

these materials is crucial for ensuring the efficient and reliable operation of EMs [27].

Coil winding is a complicated process used during the fabrication of stators that involves
winding the copper wire onto the stator core while maintaining the wire's integrity [3]. The
copper wire's capacity for ductility and deformation is essential snpifucess. However, the
deformation of copper wire can cause issues in the winding process, leading to high electrical
resistance or reduced efficiency as discussed by Hagedorn et al. [3]. To prevent these issues,
several techniques have been proposeduditty annealing, lubrication, variate winding
tensions, and dynamic deformation methods [3][28]. Proper maintenance and inspection of the
coils are also crucial in identifying any deformation issues and preventing further damage [19].
Overall, properly maaging copper wire deformation during the winding process is crucial to

achieve optimal performance from the EM [4].
Modelling interdependencies

Interdependencies, within electrical manufacturing processes present a challenge as they
necessitate an understanding of how input parameters and process outputs relate potentially
leading to faults [3]. Specifically in the fabrication of components ssctators, there are
interconnected stages involved, such as the insertion of copper wire into coils. The key
challenge lies in comprehending how these interdependencies impact the outcome and
identifying any signs of trouble before faults arise. Additiynaprocesses involving
deformable materials further complicate matters since alterations made during steps can have
repercussions on subsequent ones. Modelling processes while accounting for -theséche
dependencies within each step is indeed complexexample would be coil winding, where
the shape of the copper wire undergoes changes throughout the process due, to these
interconnected relationships.

Reduction of End of the Line tests

The current quality tests known as the EoL tests, which are typically used to identify faults
during the manufacturing of stators have proven to be inefficient and result in increased costs
and longer production times [1]. Particularly when it comes totityéng faults in materials,
like copper wire, traditional techniques face challenges [4]. The reason for this difficulty lies
in the dynamic nature of deformation the fast pace of manufacturing as well as the presence of

subtle internal defects. Additiafly, limitations in sensor technology and the absence of
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models further complicate matters. Moreover, when it comes to using machine learning for
fault detection in scenarios there are obstacles to overcome. These include a lack of training

data issues with overfitting and difficulties, in dealing with siaear deformable processes.
Multi -objective optimisation involving interdependencies

The use of a muklobjective approach in linear winding processes involves various
interdependencies that lead to complex cause and effect relationships. As a result, making
adjustments and optimising the process becomes challer@}ifgniding the balance between
reducing production costs and minimising faults is also difficult because improvements in one
aspect may have negative consequences elsewhere. Additionally, there are constraints related
to the achievable speed and wire gawggch limit the rage of possible solutions and impact
the optimisation process. Lastly selecting a suitable algorithm, for research poses a challenge
since there is no universal solution that fits all scenarios, and each algorithm comes with its

strengths and weaknesses.

2.6 Research Gaps and developed solutions

This section aims to identify research gaps in the field of fault detection and parameter
optimisation in production processes kvl where interdependencies has a major influence.
The purpose is to provide a foundation for future research to address the limitations of existing
research and develop more advanced and integrated approaches to improve the efficiency,
reliability, and qually of EM manufacturing processes. The role of interdependences is crucial

in this field, and research gaps has been identified with this in mind.

Gap 1: Firstly, there is a lack of understanding and effective methods when it comes to
identifying and implementing techniques that can accurately determine the characteristics of
processes in the manufacturing BM especially when dealing with defects or errors. In
particular, the ability to detect the connections between factors that result in defects further,
down the line is still not well developed and has not been adequately addressed.

Solution 1: To address this identified gapd the first objective of this thesis (section ]1tH¢

existing literature offers techniques like Precedence Graphs, Liaison Graphs, Petri Nets and
Graph Data Models [57] [59] [61]. This work utilised the Precedence Graph technique because
it provides a visualisation of the system and the order of @e8siyiwhich is crucial for

understanding interdependency behaviour. To decompose activities, it is necessary to begin
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with those related to the material specifically the copper wire coil. The purpose of the graph

data model was to extracted process parameters and faults from existing literature. By
analysing the graph, interdependencies between input parameters anddegilts\covered.

Each fault was then ranked using severity, occurrence and detection scales to reveal how
interdependencies affected outputs during coil winding. Insights were gained into how

interdependencies manifested at stages of a process and mdyutend faults.

Gap 2: Another gap was a need for modelling techniques that can effectively capture the
complex relationships between different parameters, in the manufacturing process.
Additionally, these techniques should be capable of providing real time predictions on the
likelihood of defects occurring. Attempts have been made to model the behaviour of
deformable material and its interdependencies during manufacturing [89]. However, these
attempts often focus on specific steps rather than analysing the entire seguietergify

relationships.

Solution 2: To study the interdependencies in a process involving deformable materials, a
framework that utilises a DES approach was developee simulation model focussed on the
process of noncircular orthocyclic coils in a linear manner. The DES model has the capability
to identify faults and areas with higher resistance known as "hotspots". To validate the DES
model accurately, experiments mweconducted on a linear coil winding machine. Thanks to
this model, the second objective of this thesis (sectid) was achieved, which focuses on
creating a modelling framework to gain insights, into how different process variables interact
and impact the occurrence of defects in processes involving materials that can be deformed.
This solution enables an exaration of the process by simulating interactions and optimising

parameters leading to a reduction in defects and improved efficiency, in EM.

Gap 3: There is a lack of research on how the developed framework can be integrated with a
SML approach. This integration was anticipated, to allow for predicting the state of a
component and reducing the time needed for online quality control tests by identifying how
different factors, within the process affect each other. Numerous studies Ipdve@xvays

to address the gap that was identified earlier. In the manufacturing industry, it is practice to

conduct multiple quality tests after each step tatifie any faults or defects [9].

However, this approach can be costly and time consuming. Traditional tests for coil quality

often involve using Dowell 6s equation and
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resistance [3]. While these methods can be effective, they require an amount of time and
expertise. Additionally, pattern recognition has been used to detect coil faults [99]. It does not
consider outputs from previous manufacturing steps, which indegi&s in existing research.

These attempts have been valuable and underscore the need for a more integrated and efficient

approach to detecting faults and ensuring quality control, in manufacturing processes.

Solution 3: The proposed approach utilised a KD approach combining the DES model with a
SML algorithm. It aims tavercome challenges in KD by using architecture search and data
augmentation methods to enhance the generalization capabilities of the student model (SML
algorithm). By employing the DES model to generate training data for the SML algorithm this
framework greatly improves fault detection and prediction in machine manufacturing.
Therefore, achieving the third objective of this research (secddmvhich focus on combining

the known framework, with a supervised learning algorithm in order to enhance the
effectiveness and dependability of quality control tests. By predicting the states of components

and taking into account the interdependencidthinvthe process.

This frameworkholds promise, for reducing manufacturing time enhancing stator quality
and ultimately improving reliability and safetiyurthermore, the developed framework plays
arole, in real time monitoring by potentiallyibg capable of acting as a digital twin. The use
of a digital twin as an online model offers several advantages compared to relying solely on
offline models such as the DES model. Offline models are valuable for analysis and prediction.
However, they have litations when it comes to real time nitmning and control of the
manufacturing process. One significant drawback is their inability to promptly respond to
changes or anomalies in the production environment since they are typically updated

periodically based on data.

In contrast a digital twin serving as an online modah mirror the actual production
environment with great accuracy and provide continuous monitoring and control capabilities
allowing for real time adjustments and interventions. To transform the current models into a
digital twin, integration with sensors dhe actual winding machine would be necessary,
enabling reatime data collection and feedback. This aspect could be considered as potential
future work, as it would enhance the model's ability tueately reflect the current state of the
manufacturing process. As a result, manufacturers could identify faults and predict outcomes

as they happen enabling proactive measures for maintaining quality and efficiency.
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Gap 4: Lastly, there is a gap in the literature regarding a roblj@ective framework for
integrating fault detection and parameter optimisation where interdependencies plays a crucial
role in the production processes. There is a need to develop and successglaliyent such
framework that has the potential to greatly improve the efficiency and effectiveness of
manufacturing operations. There are methods available to tackle complex problems at multiple
levels, such as evolutionary learning, parallel aisttiduted algorithms, and the island model
genetic algorithm [145]. These approaches have mostly been utilised in design optimisation

rather than process optimisation, where a hierarchical approach is necessary.

Solution 4: Evolutionary algorithms, which is a level scheme has demonstrated its
effectiveness in optimising mulabjective problems by maintaining some level of
independence between populations. To optimise the manufacturing process, it has been
proposed to use ¢hNSGAII algorithm. This algorithm has shown great performance in
solving multiobjective problems [123] [1¥3. The focus with the BGA-Il was on two

objectives at both the component and process levels: reducing costs and improving quality.

Taking a multiobjective approach to balance and optimise these objectives within linear
winding processes is an innovative solution to challenges faced in thiafiélsolving the last
objective of thisresearch, which focussed @stablishing a moddiased framework for
integrated fault detection and parameter optimisation in production pro¢esstsn 1.4) In
addition, ly creating correlation matrices from optimised models, insights into interactions
couldbe gainecnd assegslhow optimised input parameters correlate witlesulting system
faults. Utilising the NSGAII algorithm to minimi® interdependencies within the system, can
aid in enhancing manageability and optimisatidnle also lowering expenses and mitigating

faults.
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2.7 Summary

In this literature review, aomprehensive overview of EMs and their components has been
provided, with special emphasis placed on the challenges encountered during the
manufacturing of the stator when deformable material is involved. Common manufacturing
processes have been explomagl the classification of winding faults, as well as the condition
monitoring and fault detection techniques prevalent in the industry, have been discussed. To
understand the complex interdependencies in EMs, various measuring and modelling

techniques, aing with simulation strategies, have been analysed.

A detailed study on SML has been presented, with different supervised learning paradigms
and the most popular supervised learning algorithms being explored, which have potential
applications in enhancing the process optimisation and fault detection iwigM$eformable
materials. This literature review lays a solid foundation for the potential development of a novel
approach to model the interdependencies in electrical motors, especially where deformable
materials are involved. Moreover, an exhaustivarération of process optimisation has been
conducted, considering interdependencies. A variety of optimisation techniques, with a focus
on Multi-Objective Evolutionary Algorithms like the NSGI\ SPEA2, and MOEA/D, have

been explored, with their merits addmerits highlighted.
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Wire diameter 0.30-1.20 mm Caster angle
1- Rectangular
Bobbin shape 2-Square Geometrical faults
3- Circular
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A.Validation by experiments on a coil windin

The DES model outcomes were verified throu:i
| aboergartaodrey | i near winding machine used to cr
| abbased | inear wi ndi ng@O0faah iCNeC, ClondwnWwaass et h
presented7i faFigAaddi 87 ohla) | yCowéd Wi eeder Cont
MK | Softwawki 4. Bel ps manage various proces

size, and the number of turns peors-+ldaoype rmo tTdri:
both on the feeder and bobbi n asspseenth,| yand arte
|l osi nghstepproducing small r un etf da rctoii tl ise ss ua ft
awi de range of bobbin shapes for electronic
for the machine was 2000 rpm. To vdadsiidgan ewa s

utilised as suggested in Section 3.1.5.

Figure 3.windiang Linmefmirne used for exper.i
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Figure 3.7. (b)) Coil Wi nder Con
B.Validation with industry experts

I n this research, validation was conducted
in multiple sectors. These experts were indi

ownership structures.

1T Experephdesents a public |imited company spe
and modeling serviead.uekothaged prodmetdi am o
products, this company boasts a wor kfaor ce ¢
simul ation specialist, brings 25 years of
company operates globally, with its main se

1T Expernts 2Aassoca apgreidv astiet hl i mi ted company focu
products. Wiwadr kaf osrucbes teaxncteieadi ng 1000 empl oy
deal s wiatlhuehi gho-wot ammedaomfacturing. The r
role of director of manufacturing, POSSEessE
oper at edbadn sa agd le, catering to clients wor/l

1T ExperntepB8esents another private | imited <cor
el ectrical machines.wv&Ehgaeagedowoni cnenshe g mo tha C |
this company al so boasts over 1000 empl oyec
specialist, brings 20 years of i ndustry ex
globally, with operations primarily based i
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T Expers a4ffiliated with a public Iimited co

sectors. This company, with a worxkdloue,e lodw
vol ume manufacturing. The respondegwetardestig
industry experience. Their company operates
| ncorporating insights from industry exper
mod el e f feeecdtbibwcalny . EM manuf acturing professi
members of academia and si mal athbdrengpehbhial p:
The goal was to carefully evaluate underl yin
model |l ed. These reviewers analysed the | ogic

serve as structurakbmcompenmentingoffi daildtyyal

for -woedld oper atBaoned momdettheinrg.f eedback two 1

the model ; first the threshold | evel for ide¢e
accumul ated error; secondl vy, a more efficiel
obtai nelde f mo die | in the form of tabl es.

3.2Proposed methodol ogy for developing a hyb

The present met3Bodmp b gtyoe dgneKnBei rgautree a compl et
the DES model previously developed. Thi s c«

teacher model , was capable of preparing a
"student mB8@depregsemti gdirtehe steps that were f
during the KW taipmpatoealcyh, t hi s approach sought
of fault prediction ingmdetbamablengapeoceaks

steps such as |inear winding.
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S Input key Accurate
DE

e |l process [ 25—l "
variables prediction
1 Fault detection

e SML prediction

creation algorithm Accurate

A prediction

Training Evaluation Validation Student model

Data collection

Fi g3&.e Met hodol ogy f

Data

or

Student model

Training the

A

DES model
(Teacher
model)

~| pre-processing

——

models

\

.

Electrical
fault dataset

Geometrical
fault dataset

Regression
model for
electrical

:

resistance

Y variation
Small, Small,
Medium, Medium, Classification
Large Large model for
Datasets Datasets number and

type of
geometrical
fault

Knowledge
distillation
process

Compare SML
algorithms

Selection of
best SML
algorithm

Verification
and validation

4—%

devel oping

—

Validation
using
independent

dataset

Validation
through
experimentation

a h

Modifications of
hybrid model

A

Fi g8>.e Met hodol ogy for developing a

3. 2Ddta collection

The first step in gathering data i
from the previously <created and val
parameters and outcomes associat edl
conducted under different conditions
Physical measurements such as tensio

sft uamew o mio

nvol
i dat ed

ami it chn st hvee

and

n,
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in this dataset. | t served as an essenti al C

on potential faults and their associations w

3.2Dat a-ppopeessing

As part ofprtoctesdathg-iprcehsis] vehedaalakset was t
di stinct dat abases wiitthhe usnmag ule dsaitzaeb asspee cciofnitc:
the medium databaé2O0t®d@ei nadnadd ntcresmblearr ge d a
approxi mate(4%0,f®O@U0G atsigneasngesmys the small dat
intense partitioning strategy granted the o0}
varied conditions WVWwhiddmialisdraéconcHileismagndwi
segment ati onEada mnh edatha bsaushes ewa s T12t5h% ns pdliivti,d ewdi tuh
the data reserkvDemdbdiedr t@amndi nhegrtemai niThmg s25 %
type of split allowed the model to keep a p

validation against those earmarked for train
3.2TBaining the student model

Effective training of the -prsotcuedsesnetd dnaotdae It ol
advanced methodol ogies such as deep neur al |
was for the student mod el to mi mivkci Iteh eb etiena
computationally efficient. Both models wused
and bobbin shape and target | abels for train
was supported by i ncoatproiraali nmge giagtgen se swarhi

geometrical faults per Il ayer, in its output

The training | osselsec fthore KiDe fstaimdevotr &K mevad
|l oss function calculated the squared differe
hel ped guide the | earning process of the st
and computationally efdiallentheéetsmbighet nogs o
as KudlLkebadtkr divergence does. This could pot
insights from the Itleygac hMSE moidgehlt. gAidwde t mwaka

examples and i f not carefully balanced, with
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3.2KAowl edge distillation process

A comprehensive appdoraichg tooidlat wi nmdiiangy sf o

necessitated wutilising two model s. The init
predicting percentage variation in electric
classificationhenodgepefofregastmetdri cal faul t |
actual and predicted resistance outcomes whe
evaluating how well the classification techn

ACompari son of SML algorithms

Whil e creating an effective KD process, it
SML al gorDTREFRY Ml iIKKNENMBAINN o det er mi ne .t hTehirs el
included testing algorithmsdsamtiilaltilksowhedg

instructor modelpr wbetsseditdbt aingr ppe ocedur e

capabilities effectively, consideration for
si ze, number of epalr ameéeéer bandbisge compl ex de
timing, was assessed. Analysing results help
and thus could inform on the data's coempl ex
ma ki nfgutiumr e | earning processes. The rigorous

process by selecting the more efficient supe

BSelection of the best SML algorithm

Undertaking the KD process required thought

SML al gorithm. Mul ti ple algorithms were exal
capturing distilled knowledge-pr Bsegde dalt qao rbief
their performance was assessed thiSecdgh)onarmni @
After this evaluation, the best suited super
model , therefore eralblriamg feept iamum bkndwlre dag ul

3.2Véerification and Validati on

To ensure that a KD approach was successfu

chosen algorithms. This involved conducting
a cross vali@®adtiioon tAe)c,hnaguwel(l as daomntorrdalelre
to assess their reliability, functionality e

Techniques and Methods 73



was possible to enhance the efficiency of f a

by i mproving its robustness and output gener
AValidation process using an independent dat

To achieveftohidsvadiomstda omm approach was wutil

l evel s, as 31h0own ni ndiFiigdirneg t he dataset into
assigned as either a source of data for trai
other |l eftover parts are employed acbdbrding
indications about an algorithm's abilities;
its generali Jdatei erv ad aa@d b iolni tmeas.ur e s, i ke a
score, were computed for each iteration. Thi

These scores were then averaged to give an

fevdi fferent scenarios. This approach provid
ability to generalize beyond specific instan
Data blocks

Step 1 - — Prediction 1
Step 2 - —— Prediction 2

Step 3 . — Prediction 3 p— — Final Prediction
Step 4 - — Prediction 4
Step 5 .—0 Prediction 5

Fi g30C. Diagrfaold d-varnaea i on met hod (bl ocks
at each 1s4t9%]p) by

BVali dation process through experimentation

To assess their efficiency and accuracy,
classification models were conducted on a |

value outcomes from the selected alagoerdi tbhym tw
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same machine, it was possible to determine w
in production settings utilising genuine dat
for use with this parti cuolcaerdutryepe cafn nwitndihn
extended towar ds ot her techniques such as

characteristics and chall enges.
3.2M6di fication of hybrid model based on fee

Modi fications were made to the hybrid mode
more data (10% more instances) into their da
and gaps | ocated at the secodddi afyiecul 1ty pas
pl acement of wires over wires, which resul't
mo d e | was modi fied by adjusting the error p

increased based dredbdbackt Sroamd thal vabliaati o

process also involved tuning hyperparameter s
in order to optimise the accuracy, robustnes
was haneew its performance, in detecting faul
3.3Proposed fr ameowgrekc tfiovre nowlttiimi sati on i nvol
The manufacture of EMs entailed the intrica
chall enges relating to costs -oabndecftawlet pc ot
approach that equally priori triisceasc ibeost ha sassopceic

| i neiardi ng techniques wasf rraengemwieosrekd | | TIisa s at teld.

311 as an effective way forward.

Il n this reckjaecthi,va anupntoaddrntdwascpmplpesedha

related to |inear winding. The goal of this
effective while reducing faults providing &
processes. However, theisuli mpotrtampl ¢ me mtod te
optimising two objectives: cost wadshou attiidn saen
as a foundation and in future phases expand
wider rangesofTlhdgecdbjectives may include e
out put, reduced materi al usage and environme
this way, this research aims to contitmucus.l

optimisation strategy over ti me.
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This approach considered the effects that
together providing a comprehensive framewor k
reducing fault r althees swhbesre qwiamdiordga ccedioless.v er a
approachensl bdthoj escotliveee pr obl ems showcasing the

outcomes in terms of cost reduction and f aul

To thoroughly eval uatod | @ htei v e mpapxpgr oat h emt

interdependenci es, a correlation analysis v

nterconnected effects between objectives wi
umlby of geometrical faults as key objecti ve
i med to gain insights into how changes in
orrelation matrix was construcd efdr dmrbadthh s

riginal model s and the new optimised model :

o O O Q@9 S

erived folbjmeat mué tal gorit hm.
3.3Pdtoblem definition

Reducing both costs and faults presented ch

winding Byopesoestising these objectives, i

financi al performance and product reliabil:ii
effoThere is a -ocfdmptlheaxt trreaqdwei red opti mi sati
variables |l i ke speed selection that i mpact t
mi ght cause | onger pradwsdtsi ovrhitliemd h etyh eroarbh yd

more frequent cases of malfunctioning produc
cost reduction by enabling greater output,

winding speed.

Achieving an ideal bal ance between costs a
smooth operation in the |linear winding proce
variations affect each -noatkheerrs waa smi naegcfesosoaur eya b
mi ddl e ground. By utilisingalappgepde atmail Dip
approaches enabl es a thorough anal ysis tha
conditions coneafifséddtnigveornedbdtds cweasltlr adsesrreduc
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AOptimi sation objectives

When determining optimisation goal s, it was
This included identifying desired results an
costs while improving quality andefeffdaetcitv esred
and attained opti mal results within the 1in
essenti al hurdl es: the redusei ofi dfauptodrect
presented in the 8lia.ness function in Figure

The optimisation objectives for this problen

Il n this case, X represented the set of deci

rotational speed, tension in the wire, wire

| t was wanted to find the x that sol ves t he

Minimise F(x) = [f21(x), f2 (x)],

Wher e:

T f1(x) was the manufacturing cost. This
the |linear coil winding process such as

throughput.

T f2(x) was the number of geometrical f au

woul d depend on the number of geometri ca

winding process.

Fi galz. Example of fitness fur

BConstraints on decision variabl es

To conduct this research accurately whil st
qguality, feasibility of operation, and over

speed and wire gauge were cmoudiazlt ocesnwter i ©th
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caref ul consideration on how they i mpact t

considerations as a top priority al ong
specs/ capabilities. Through selecting these
desired | evels of ophi micsg atvieomprwibtdt Rimn btwuh e ain
crucial standard mentioned previously.

For this research, It was assumed that x[O
x[ 1] was the wire gauge. The goal was -to fin
objective problem while respecetrisng certain b
The constraints were expressed as foll ows:

a <= x0 <= b
c<= x1 <= d

Hermanr epresent the minimum and maxi mum f ea:

Si mi lcamdrepresent the mini mum and maxi mum f ea

mu lotbij ecti ve problem it was required to find
F(x) = [fl1(x), f2(x)] while satisfying the ¢
I n a complete mat hematical form, the problen

Mi nimise F(x) = [f1l(x), f2(x)]

Subject to

a <= x1 <= b
cC <= x2 <= d
or
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CDecision variabl es

Careful consideration of factors having d
constraints was essenti al when selobgteichgvde
probl ems. I n the relpjrecteintetdromb ldd m gfhoprr otbH ee

a significant number of decision variables \

three categories3dd:as displayed in Tabl e

Tab3l.e4d Definition of deci si on

Categor Notat i ¢ Descript
Y Yield |
l nput Ar

Number of
x[ 0] Rotati ona
o X[ 1] Wire gau

Deci si on i
X[ 4] Bobbin s
X[ 5] Caster a

C Cost
N f Number of
Out put Al Tf Type of |

El ectrical
ERvV ) )
variati or

|l nput Padlampetewvwsari ables were housed within t
the optimisation solver-deThexa pgpreamdti ®@mal me:

viable boundaries defined by policy and envi

Deci si on Prahrea naertrearnsg;e ment of these variables

of the coil winding process, and it was not
i mpacted. These decision parameters come wi't
opi mi sation sol ver. For every combination of
was produced, resulting in an array of possi

OQut put PaOamptuer parameters were simulated b\
parameters and decision variables are provi

pertaining to the coil winding process and t

Techniques and Methods 80



reflected in the output parameters. To asses

to the optimisation solver.

DPardtased approach

For addressing multiple objbeacste dv easp parto aonitc ea
mor e practical gi ven i ts competence i n pr
simultaneously showcasing the adjustments r
faced required considering both production <c

This approach helped generate a set of sol

conflicting objectives. Thend,t wehiRar eteqp rfersa
possible solutions were improving one o0objec
exploration all owedofffosr aamd emwaad eu aitti opno sosfi hilrea

achieved the best compr omsse hbhetdweemnumi ngmig

Further details about Qhhaipst.earpprloach were pre

3.3S@8lution generation

This section has explored how to generate s
where interdependencies played a vital rol e,
was discussed how t-obpeobseecetegpthomigueci dimeht
explained how to incorporate the already <cre
of the winding problem into the optimisation
i mpl ementing the chbmenooptiecsitvtelony thghble

the objectives was discussed.
ASel ection of optimisation technique

The use N®GA Imerteh o d was empl oyed due t o It
characteristics in this domain. The benefit:
able to maoabpgecmuVveéspaedeptly, together with
mechani sm whsi cdhasaildrowsavi gati on through Par
opti mal dectici oost reémasusgnumber ofmuflatuil t s

objwetiissue.
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BSi mulation model of I inear winding probl em

The devel opmeht bDoértael NE&Ar winding proces:¢
objectives and quantifying them. Next, the s
function that i ncorporated speesficPgbhent vy
3.9 within JupyterlLab environment version 3.

for the devel opment of the optimisation solyv

its remarkabl e fl exisbiltisty obudtusadbilitty,s ag
and modelling. These aspects were considerec
reseiasgéeci fically considering the requiremet
efficient | evels.

The Pymoo | ibrary was chobsieandloy intsersfaoea,

mu lotbij ecti ve optimisation suppoc¢rltl dnuordienlg itnh e
research. Pymoo constituted awoftcdeecttpadapmpiadt P
of numer-olbijseanuil e opti mi sation -lal goTheéhins pr
noteworthy featevel WAPRI t hmarhkegdh by adaptabi
accommodating personalised adjsuotermerst .DERYmMO
and j Metal Py) since it off-epedmiasat hgheapgon

making it effortless to alternate between ap

For this research, thkelfmbdebswhasndeésiognédr

how it has been done traditionally. The use
al gorithmsl Il itkbe MeSGAIuiet ehdo wp ovred N twiea le dalsetdi ®
decision variable sets' qualities or "fitnes
on mat hemati cal equations that produce scal a
appropriately. cloiwavewor khsthbaet @eatrti an al't
selected by i mplementing a main component of
relying on conventional techniqgques for deter
This novel approach integrated both regres

advanced technique for assessing alternative
the decision variables set giomr)h amd idl &ss infa
(for classification). Using t hepess iolitlpiuttys' s c

"fitWwWeske operating independently from the o
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contribute significantly to its process thro

functi on'

A specific set of decision variables trigge

val ue output. Such an out plult aslegoreidt lam' g us e
opti mal solutions. Wi th its hecylbarsisdi fmmocdaetli oans c
function offers far superior assessment than
functions al one. I n adopting -abhjiesctiirnieo vpartab
solving, greater opitmpmi csaed ovwoletifiechi gqeakisby
After generating an initial population of p
used such as selection, crodsovamkaemndd smbhtudtii

on their fitness and cr covdtiinngatld ospaslan dde iad @

foll owed an iterative process in which it e
solutions unt il eolptta inmail ngora ospeati meotb ) e uv eo
probl ems. This method erabliende aan wo mtdii magl paa
considering multiple objectives.

CSeup of the optimisation algorithm

To under standl Ihoav ¢ dreri eNeSe@A oh was s&8%5. up, r
This table itemises alll configurations wused

this methodology going forward.

Tab3.e5 8@t of t-hle mWBIGRIcti ve opti mi sat

Par amet e Val ue
Popul ati o 100| 500
Number of ¢ 3| 5] 10
Mi grati on 5

Sel ectioBinaryRandoga

Crossove TwoPoint Cr

Mut ati on BitflipMu
Mutation pPiprobp0ob, v
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CodeNEGRAI algorithm

I n order to undebsgeanhdvbowpt heni mattbn pr oce
code for-lthel 8GALt hambl e on ane nChRaDnAc & erpeopsri a dour C

and aid i n ¢chot mpprse We/nfsiigassnhar e. comMé i 8 2 6cddcdDec 2
intelligibly outlined each operation with re
foll owed by selection, crossover, mutati on,
empl oyed in this researmeml ifaatiilan aky spdearan.sp

3.3S8lution evaluation

When faced with multiple goals it could be
creating solutions wusing optimisation al gor |
these options based on a set of sdluntcitam nmi @
i mpact different scenarios ultimately | eadir
how well they perform while balancing achiev
as hypervolume, spacing dedugemnedafioonabref s
ranking possibilities. By conducting experim
goal s, It became possible to assess the suit
anal yses,ngintcil widtingamsa&l ysi s and ranking furt
a

clear path, for making well i nformed deci s
3.3Pd4reto front analysis

Usi ng a aPBRardetaopproach the research ai med t
problem involving multiple objectives. As a

high quality solutiorms feadketwffear itrhge swrbij ewce
would produce a Pareto front, which il lustre
number of geomet raxc sflaudnds pprendiulcgtyieorhh({cX sp |l ¢
present the fact that no sblubiohl dgmt hagekldo
one objective without compromising another

preferred for both objectives as they indi
effectiveness and compdar ivimd ueas!| wtbitan s,e dr d fr eon
pl ayed an i mportant rol e, i nofacthhievyi mgl tai cwm

optamien probl em.
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3.3DBci-Mabkbnng

The process of making decisions would focus
and quality at the time. Along with this, i
winding speed and staying wibaen theseanggefo
By takeapgroackould be ensured that the soluwu

reduction and reducing quality faults, while
3.3S6nsitivity analysis

To conduct the sensitivity analysis, an a
correlation matrices that measured the inter
i nput parameters were used for a®ipepluoposae.
repeating the process with optimised par amet
tools in quantifying and visualising the re¢
outputs. They would prowpiadamensirght a1fil uteo clea
By foll owisntg pt tpirsoctewas it was possible to ¢
uncovering how modifications, i n both input

affected the behTahiisoutro poifc twhaes nfioudretlhse.r (di s c u:
3.3.Validation and vecrlilf iaclagtoiroint honi t he NSGA

The process fo+#fl |l yalwheat ianpgp!l N®@A t o a chall

objectives, comprised various essential stag
comparing its execution against testablliixkhed
model s created for similar problems such as
first step proved successful in verifying h

proceed to assess whet Heomr mamcreoti ni tc odnglairVv esrog

out comes -Fuoslidn-gcarboisdsat i on test for seamiess r.

objective challenge.
3.3C8rrelation analysis for interdependenci e
The incidence of faults during winding and

understood by conducting a correlation anal

i mperative in gaining insight int atrlaenefgreao sl
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correlate with output metrics |ike the cost

empl oyed across five different scenarios to

Firstly, to understand the interdependency
was adoptedlLéaBlkednjods BSwésidl kst abli shed tool ma
bet ween factors involved in the winding pr
identifying potential areas where I mprovemen
mi ght influescetbehebyfaceating ripple effe
matrix provided theoretical and empirical ob
findings. Further mor e, by visualising the i
tbi way, the complexities of the process bec

making towards minimising faults and costs a

Secondly, a wuni guiea anpepw ocaocrhr ewaast iuotni |masterdi x
was developed incorporating data [fZPImt Nari o
devel oped DES model , and resul ts from | ine

correlation matrix was developed to further

This model utilised a more diveresreenmodealcltior
influence one another. Finally, correlati ons
model s could offer valuable insights into re
aspects involved in lIinear winding.

The process ¢ ommeetnicreids alkyy omsiadgor i-lttThmsorsuc
generating solution sets wi t h di stinct i np
parameters thatunbdvédybmemnlsli mdé&l| gohrei thSIGA t he
intention to exewweteda owadaellss at Hbaatl asitce bet wee
compromi sing on minimising faults. Thereafte
proceed thoroughly, with special attention

opti mi sed ypmataineert.er Dlse fcont empl ated evaluat.

regarding areas | i ke the dependability of th
optimisation process,-landl gowi bhog al pgetd 1t he
effi ciency and reduced faults in |linear windi
A statistical met hod such as Pearsonos CO

guantifying their rel ati onGhhaipptge.r ( Whlit & was s f
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availabl e, It became convenient toa ecansbnsecC
coef fwicse.ntPo il @atvensoi mply both variables n
when changed, while negativeadoefhfaingiesntasmmomeg
By analysing the patterns emerging from thi
out come ittel pmonsgt sitma&kn ndedinsitohne r i ght direc
i mprovement s, and enabletnegd trhees url & sse awhcihcehr a

achievable through quick controls, enhancing
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CHAPTER IV: DEVELOPMENT AND IMPLEMENTATION OF A
SIMULATION MODEL APPROACH TO EXPLORE
INTERDEPENDENCIES IN THE COIL WINDING PROCESS OF
ELECTRICAL MACHINES FOR ENHANCED OPERATIONS

4 .1.Introduction

This clapter is dedicated to presetihe results from this research concerning
interdependency interactions involving deformable materials underscored with specific faults
and complexities present in an electrical m ¢
the results obtained frottne DES model highlighting critical inputs and output parameters
identified during this research (Taldlel). These key variables provided insights into how the
interdependencies behaved in the system. Also, the results of the DES model also presented an
understanding of how different components within the system are interconnected.

Moving on to the next section, section 4.3 presented the results from thaskdb
experiments using a lineaoil-winding machine. These experiments aimed to validate the
accuracy and predictions made by the DES model focusing on two types of faults; electrical
resistance faults and geometrical faults. By comparing the data obtained from the literature
[2][Blagai nst the model 6s predictions, a deeper
these specific anomalies was gained. Finally, in section 4.4 a comparison between the results
obtained from the DES model and those obtained through lab experimentasicarried out.

This comparative analysis aided in evaluating how accurately and practically applicable the
DES model was, in predicting real world behaviours. These discoveries help to gain an insight
into how deformable materials wardgluenced by intedependencies iBM. This knowledge
improved the capability to tackle issues and intricacies such as hotspots and geometrical faults

that arise during their operations.
4.2. Results from the DES model

The objective of this section was to present and elaborate on the findings obtained from the
development and execution of a DES model based on a linear coil winding process. To begin,
the DES model allowed for an examination of the interdependencies Wthitoil winding
process filling a crucial gap in previous modelling technid@§®9]. It provided real time

predictions of probabilities, which is vital for quality control in manufacturing. Notably, the
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model 6s ability to consider deformabl e mater

materials was a noteworthy advancement. The specifications and capabilities of the DES model
have been previously discussed in section 3.1.2. However, in ttisns¢he significant
implications they have in the performance dynamics of the coil winding process in electrical

machine manufacturing was understood.

One of the discoveries from these implications was the identification of "hotspots"
characterised by increased electrical resistance. This finding has implications for ensuring
quality and optimising processes. These hotspots indicated areas during tougingfadere
defects or inefficiencies were more likely to occur. By pinpointing these locations, the DES
model offered a valuable tool to focus on optimising these specific areas ultimately resulting
in improved overall process efficiendy addition toits role in modelling interdependencies,
the DES model's potential as a digital twin lies in its ability to facilitate prompt responsiveness
to potential fault creations. Integration of sensors on the winding machine is crucial for future
enhancement, aswould enable reaime data collection and feedback, further improving the
model's accuracy and its capability for continuous monitoring and control of the manufacturing

process.
4.2.1 ldentification of critical inputs & output parameters

Drawing inspiration from Selle Blanc et al.'d3] ground breaking work, an abridged
matrix that synthesises essential factors impacting the incidences of faults during the coill
winding process was developed. TaBlé visually exhibits key process inputs within its
columns, and potential faults within its rows; the colours correspond to various forms of faults
caused by processes impacting on such inputs. Vital input parameters like wire tension, caster
angle of wireand especially winding speed wee@nsidered as critical to this model based on
their pominence in previous findings, including those by Hagedorn Ejal.

In order for the DES model to operate effectively, input parameters must be entered into the
system such as winding speed, tension, wire diameter and type of bobbin shape. Based on these
inputs, the model generates deviations in the set value of appfistrie Studies have
demonstrated that nesircular bobbins with higher winding speeds may have uneven process
parameters, which can impact wire tensile force and consequently alter a wire's electrical

propertieq5].
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Table4.1. Main winding faults and influencing parameters during linear winding adapted3foifhe influence level informs the impact of a particular
parameter on the generation of faults.

Process Wire Coil bobbin
Parameter Machine Wire Geometry Mechanical Geometry
Windi Caster |Wire feeding| Wire feed \ Winding Wife Wife Ou.ter Im.ler Plastic Failure | Tensile .
inding fault Exit angle tension tension wire wire ] . Length | Width
angle speed rate speed deformation | strain | strength
(global) {local) gauge gauge
Faulty electric resistance M M M H H H H H H H H H L H
Short circuit M M M H H H H M M H H H M H
Reduce High Voltage strength M M M H H H H M M H H H M H
Wire Damage M M M H H H H M M H H H M H
Wire fracture M M M H H H H M M H H H M H
Winding scheme (wild) H H H H H H H H H H H H M H
Loose winding H M H H H H H H H M H H M M
Concision of winding M M M H H H H M M H H H M M
Defective outer diameter H H H H H H H H H H H H M H
Defective inner diameter L L L H H H H M M H H H H H
INFLUENCE LEVEL
H HIGH
M MEDIUM
L LOW
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A. Input parameters
Winding speed

Results showed that one critical factor affecting fault occurrence during coil winding was

the winding speed. This aligns with the research provided by Hagedorbtialwhich the

quality of coils produced depends significantly on this parameter. When there aspéegh

winds during coil production, results showed that errors like overlapping, or gap, can increase
due to less precise wire placement control. Conlyerstow wind speeds may lead to
inefficient production and hence negatively impact overall productigjft50]. Therefore,

opting for an optimal winding speed assures that a balance between efficient production and
quality output is achieved while minimising possible fault occurrefigesrhis proves the

significance of winding speed in determining potential faults.
Wire tension

Tension has become an indispensable input factor influencing faults during coil winding
processes due to its control over the tightness of windlig. With excess tension comes
undue stress on wires, which can lead to breaks and deformations, while inadequate tension
begets excessively loose coils resulting inspbmal efficiency and even unwinding events.
Therefore, by balancing tension levels aygrately, one can minimise risks of faults while
reaping maximal benefits from optimal performance and highality outcome$6].

Wire diameter

During the process of coil winding, one input parameter stands out as beingicfugval r e
di ametero. This parameter has a significant
on space usage within the cfiD]. Improper utilisation of this space can result in issues like
gaps or overlapd52]. Opting for thicker wires creates more tension during winding that may
cause rupture or deformation, while thinner wires could be too loose for optimal performance
and cause unwinding difficultig26]. Henceforth, choosing an appropriate wire diameter is
paramount when attempting to decrease fault frequency levels since it plays such an

influential role in coil winding.
Bobbin shape

Creating faults during coil winding depends heavily upon selecting an adequate bobbin

shape as an input paramg{6]. It determines how the wire gets wound around them and
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their impact on uniformity during winding. Using incorrect bobbin shapes can cause
irregularities leading to faults like double windings or gaps. This is due to inconsistent
windings resulting from unsuitable proportions of different parts of the wireshei
together using insulating material present between {B¢nThis result on different layers
been wound on top of each other over designated time intervals leading to
breakage/deflection. Appropriaselection becomes essential for flawless operation without

any mishaps, as they significantly affect whether faults occur.
B. Output parameters

The simulation model produces two main output forms. Firstly, it displays a winding
scheme representation providing the location of all turns and layers involved in the winding
process. This representation shows ghecise position of every turn, including faults like
high electrical resistance, geometric faults and hotspots. Secondly, the model calculates the
cumulative error in electrical resistance, allowing the model to determine the moment when

a bobbin shouldd considered scrapped due to the high percentage of accumulated faults.
Electrical resistance

During the coil winding process, results show that multiple interdependent factors such as
wire diameter, winding tightness and uniformity must all be considered, since they directly
impact the electrical resistance of the wire. Larger wire diametergtdgeitiwindings can
exacerbate this condition, while uneven coiling can also lead to irregular resistivity, which
hampers overall performanfEs3]. Thus, gaining insight into these interdependent variables
and effectively regulating them contributes towards successful electrical resistance control
throughout the coil winding operation. With regard to the variation in applied tension levels
under diferent conditions when fluctuations occur, exceeding yield limits while applying
tension could potentially deform wires or decrease their @estsonal areas, which would

inevitably raise electrical resistance rates within this Ega].

Figure4.1 displays the output obtained from the DES model. This figure represents the
winding scheme displaying vital information such as the high electrical resistance, location
of hotspots and geometrical faults. Once the input parameters were received, the mode
introduced variations in the value of applied tension based on the given inputs. The DES
model analyses these variations in applied tension causing tension values to fluctuate as

previously discussed by Escudddonelas et al[6]. If the tension exceeds its limit, it may
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lead to wire deformation resulting in a reduced sectional area and an increase in electrical

resistance, within that specific region.

Then, the model then calculated the change in electrical resistance for each coil turn and
determined the caster angle that causes geometric defects as later explain in section 4.2.2. As
shown in Figure4.1, this illustration provided the positioning of individual turns and
identified any faults present. These faults can include electrical resistance (represented with a
red circle), imperfections in shape (represented with a letter as explained in selcddoi3

clusters of electrical issues known asspots (represented as a group of three or more red

circles).
Winding_Scheme
e | LAYERS
e LAYER3
T LAYER1
High electrical Geometrical fault Hotspot
resistance fault (Double winding)

Figure4.1. Example of the DES model representing outputs such as electrical and geomei
faults.

Another result obtained within this research was a database consisting of tables filled with
critical datawhich were discussed gepthin section 4.2.2. This database included specifics
such as electrical resistance values of individual turns duringititeng process and caster
angles for each turn along with any geometrical faults present. The goal of this extensive
database was to pinpoint precisely where troublesome abnormalities originate in order to
make necessary adjustments towards preservimgalproduction parameters. By using this
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same comprehensive set of data as training material for supervised learning algorithms, it is

possible to elevate and improve manufacturing practices accordingly.
Location of hotspots during coil winding

Utilising the DES model yields a variable output facilitating predictions concerning
potential hotspots during coil winding operations. Hotspots depict positions on copper wires
with greater electrical resistance and mapping them out proves criticalidingveetbacks
in function and reliability. The methodology used by DES involves monitoring resistance
levels throughout the entire length of wire being wound. By recording the changes in
resistance for each turn, it was possible to identify areas wilatebk electrical resistance
within the coil winding. These regions were deemed as potential focal points for future

inspection steps, as displayed in Figdiz

However, results show that in cases where hotspots go unchecked, elevations in
temperature could cause damaging insulation breakdowns or create short circuits, which
would lead to perceptible damage to the stator. Therefore, predictive determinations
surrounding hotspot locations through DES findings present significant insights into
promoting enhanced reliability and heightened performance levels during coil winding

exercises.

Hotspots

Figure4.2. Representation of hotspots (in red) in different winding layers during an orthocy
winding.
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4.2.2 ldentification of interdependencies in linear winding

Based on the findings from the linear winding process a flowchart was developed as
presented in Figurd.3. This flowchart captured the evemanging aspects of the process
including the interactions between wieging, mechanical deformation, thermal behaviour
and electrical properties. Despite the difficulties presented by using materials and nonlinear
effects over time, it was managed to incorporate these factors into the flowchart. This

comprehensive flowchaenables data analysis for simulation purposes.

4.2.3 Displaying results from the DES model

The DES model provided valuable insights regarding faults encountered during coll
winding operations. The simulation model results were disglaythe form of tables formed
of eight columns per layer in the coil, as showrFigure 44. These columns provided
information on the layer number, the individual tension vakegldor each turn according to
variation, the potential faults that could arise, the type of deformation per turn, the percentage
of variation added to the base tension, the wire diamiterelectrical resistance value, and

the amount of variation detected in the electrical resistance.

Turns Layer 1 Fault Deforrmation  Variation T Diarneter  Electrical resistance Varlation ER

1 42,32 Mo other Elastic 5.00% 116 U.unl4dalang 0.00%
Z 40.06 Mo other Elastic 0.14% 1.18 00014461365 0.00%
4018 Mo other Elastic 0.45% 1.18 0.0014461363 0.00%

Figure4 4. Representation of the first three layers whiledelling the coil winding process using a DE
model.

1 Geometrical defectssuch as double winding, gaps, crossings, among other issues stem
from the mishandling of physical components affecting wire overlapping completeness,
and the unbalanced tension or existence of gaps within wires.

1 Electrical failures due to increased electrical resistance relate to parameters such as wire
diameter and tension levels (among others) directly influencing a coil's electromagnetic
properties.

Figure 4.4 offers further vital specifics concerning each falike its location within the

windings and level of severity experienced. The information presented in this figure is of great

worth in comprehending the root causes of issues and formufdéing to minimise them in

forthcoming winding procedures for coils.
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Figure4.3. Flowchart of interdependencies in a linear coil winding process.
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To determine values for each row in the aforementioned figure, several calculations using
specific equations had to be undertaken. These equations were developed with an aim to
reflect specific aspects paramount to the winding process while also accdantimgrplay
between various input parameters like wire diameter, winding speed, tension and bobbin
shape among others. Due to its manifold nature and complexity involving multiple variables
within its loop, such as turning times, considerations likes¢hiacluded in these diverse
formulas become critical when collecting correct data about geometrical/electrical faults that

manifest at given positions on coils, and in ascertaining the severity levels involved.

These formulas enabled the model to have an accurate measurement of such outcomes
regarding fault presence across varying assemblages of wound coils whose degree or type
may differ based on varied input parameters. These equations allowed the modelr® capt
any change in input parameters and their impact on the electrical and geometrical properties

of the output, which is the wound caoil.
A. Calculating the number of turns during coil winding (column 1)

The initial column oFigure4.4implements an iterative formula as shown in the Equation
1, to determine the number of turns involved in the process of coil winding. The term "Number
of Turns" indicates the number of loops made around the core, which has an impact on both
the electricabnd mechanical properties of the coil. The parameter "Length of wire" refers to
the length of wire used in the winding process. It takes into account any variations or wastage
that may occur during coil production. The ‘it parameter represents the distance between
consecutive wire turns, indicating how closely spaced each loop is, along the length of the
colil.

06anIYol & —— Eq. 1

This count serves as a foundation for the simulation, enabling a thorough examination of
possible faults and their occurrence timeframes by presenting a sequential account of the
winding procedure. An iterative formula suits this purpose since it repgaieaiputes the
turns using input parameters like speed, providing means to track changes within the system
that indicate potential faults. Furthermore, being able to associate turn counts with other
variables or outputs allows for a complete understandihgnterconnections among

subsystems in coil winding processes.
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B. Calculating the wire tension value with variation and the percentage variation
(columns 2 & 5)

In order to calculate varying tension values accurately during coil winding processes,
Equation 2 was used to represent the tension value in the second coltriguref4.4.
Winding is prone to faults that can be caused or exacerbated by defective tensions; thus, it is
pivotal to determine them with precision. To establish the degree of variation applied to each
turn in a coil's tension level, an innovative function wasteceand shown in the form of

Equation 2.

YUY Y Yoo ol € OOOQa Q&2

The model that takes a probability distribution into account to assign a tension value.
However, this probability is influenced by the speed at which the winding occurs. When the
winding speed is higher there is a chance of tension fluctudtié8fF which then impacts
how the tension value for each layer is calculated. This dynamic approach acknowledges that
in real world scenarios winding speed can have an effect on tension levels and introduces a
level of uncertainty into the tension variation gges. To ensure that defects are prevented it
remains crucial to have lower boundaries (referred t&Yasand”Y ) in place to maintain
tension within acceptable limits. By incorporating adjustments based on probability and speed
related factors, into this equation it enhances the adaptability of the winding process and

improves precision when it comes to controlltegsion.

Then to calculate the variation percentage presented in column 5, Equation 3 was

implemented.
"YQE | 60diE QUONERQE 0699 —cp T b Eq. 3

Equation 3 calculates the percentage of tension variation compared to the range between
the tensionY ) and maximum tensionY ). It shows how far the actual tension value
(T) deviates from the maximum tensions. This variation percentage gives information about
the amount of tension fluctuation in a specific layer while winding. Such insights are crucial,

for evaluating the quaiitand dependability of coil winding operations.

An example of how the tension fluctuated throughout the winding process can be seen in

Figure45. In this example, the DES model provided the parameters for each layer and turn
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of wire in a rectangular bobbin at high speed (800 rpm). It highlights an upper boundary (yield
limit), which could cause electrical faults if breached, and a lower boundary that results in
loosely wound wire due to insufficient tension. The maximum lforitension (also known

as yield limit), was set at 61.75 Newtons as specify by existing litefa%dije This specific
tension value is crucial as it marks a point in how the copper wire behaves when it is wound.
Once the tension surpasses this threshold level, the copper wire shifts from being deformed
elastically to being plastically deformed. By establishing the tension threshold at 61.75
Newtons, the aim is to ensure that the applied tension on the copper wire remains within the
deformation range thereby reducing the risk of plastic deformation and any resulting

geometric flaws or defects, during the dimg process.
C. Calculating the type of geometrical fault (column 3)

By referring to Table 3.1 (section 3.1.4), a series of guidelines dictate the creation of
specific forms of geometrical fault based on process parameter values and modifications. It is
important to bear in mind that certain lower layer faults could restitrther complications
with upper or neighbouring layers, which would ultimately impact the complete winding
scheme. Thus, it is imperative that any electrical or geometrical defects from earlier rounds

be taken into consideration while determining thfosduture rounds.

To provide accurate representations of any geometric faults arising during the bobbin's

surface winding process, caster angle values were calculated for every turn obtained based on
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both wire guide positioning relative to wirgg. Any caster angle value detected to be out of
range in the simulation model was classified as a geometric fault. These faults were identified
using initials as shown in Table 3.1 (section 3.1.4) and illustrated for each turn ondfégure

The presented DES model approach mapped when and what type of geometrical fault had
occurred during winding. The overall results highlighted that double winding occurred more
frequently among geometrical faults, unlike flange winding, which had limited apmoeava

bobbin edges.

According to the DES model, Equation 4 adapted fid®m0] was utilised for the

calculation of the caster angle.
00 0 O03dxeQ Eq. 4
When determining caster angle, Equation 4 wagployed which involves taking the
natural logarithmd fand multiplying it by the bobbin's diamet&? §, then multiplying that
product by adding A and B angles occurring between the wire guide and winding location.
Angle A stands between a winding location to an exact point located straight in front of a wire
guide, whilst angle B occurs between the tgrsl in front of the wire guide towards the

winding area. After calculating the caster angle using the DES model, maximum limits for
caster angles were also determined utilising Equatioprdpounded by Dobroschk&50].
0 0 ™ 00 0 &N Eq.5

Results have revealed significant insights into how geometrical errors are linked to caster
angles whemotational speeds rise above safe levels between predefined upper and lower
limits of maximum angle permitted by manufacturers. Manufacturing companies try not only
to prevent this, but also lessen risks associated with errors potentially arising frasivexce
oscillation or misaligned machinery parts. This increasingly complex issue, given the
advances made over recent years, makes machines capable of working faster than ever before
while requiring high precision standards. Moreover, this demonstratesetiem small
variations bet ween wiresd diameters may in
occurring within guidesd velocities themsel:"

Equations 6.1 and 6.2.
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GEOMETRICAL FAULT LIST
Layer Turn |GEO_FAULT

1 1 NO FAULT
1 2 NO FAULT
1 3 NO FAULT
1 4 NO FAULT
1 5 NO FAULT
1 6 NO FAULT
1 7

1 8
1 9

1 10 NO FAULT
1 11 NO FAULT
1 12 NO FAULT
1 13 NO FAULT
1 14 NO FAULT
1 15 NO FAULT
1 16 NO FAULT
1 17 NO FAULT
1 18 NO FAULT
1 19 NO FAULT
1 20 NO FAULT

Figure4.6. Lists obtain from the DES model using a rectangular bobbin: Geometrical fault type

Equation 6.1 entails the division of the force exerted upon the wire guide by the collective

mass of both copper wire and wire guide.

O — Eq. 6.1

Equation 6.2 can be utilised to compute wire guide velocity, accounting for acceleration.
Specifically, this equation requires the incorporation of the initial speed and product of
acceleration, and elapsed tinh@stly, Figure4.7 depicts changes to caster angle when using

a rectangular bobbin.

b0 BO Eq. 6.2
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Figure4.7. Caster angle chart of the DES model using a rectangular bobbin

D. Calculating the type of deformation in the copper wire (column 4)

Once the percentage variation in tension was determined, it is essential for the
recognise any potential defects caused by plastic deformation that arises when yield il
crossed, as shown in the code presented in F@8rerhis applies throughout every layer a
turn within these coilsd devel opment p
depends on normal distributions: probabilities are calculated and recorded within coli
Through analysis of the tensiealue after applyg variation, the model accurately identifi
the type of deformation in each turn. To effectively present this finding, it expertly labelle

turn with either plastic or elastic deformation and displayed it in column 4.
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base tension = get base tension()
new_tenslon = get_new_tension ()}
wield limit = get yield 1imit(}
# Calculate tension wariation
def calculate tension warlation(base tension, new tension):
return abs{new_tension - base_tenslon) / base_tension * 188
tension variation = calculate tension variation{base tension, new tension)
# Determine deformation type
def calculate deformation(tension, yield limit):
if tension » yield limit:
return 'Plastic’
else:
return 'Elastic’
deformatlon_type = calculate_deformation(new_tension, yield limit}
# Calculate probability of faults
def calculate fault probabilitwi{deformation_type):
if deformation type == "Plastic’:
probability = np.random.normaliloc=8.7, scale=8.1) # assume normal distribution
elze:
probability = np.random.normaliloc=8.2, scale=8.1) # assume normal distribution
return probability
fault_probability = calculate_fault_probability{deformation_type)

Figure4.8. Pseud@ode for calculating the type of deformation during coil winding.

E. Calculating the diameter (column 6)

In the sixth column of the table, the current wire diameters can be found, which are subject
to variation due to inheremterdependencies within the system, as well as fluctuations in
tension and speed during winding. Results showed that when applied tension (adapted
from[154]) exceeds a threshold of 61.75 Newtons, stretching occurs leading to a permanent

change in wire diameter which has significant impacts on the coil winding process outcomes.

To more accurately reflect these processes, a calculation formula was utilised incorporating
original diameters, along with material properties like Young's modulus and yield strength,
which all ows for greater accur ascamgpactsemmar di ng

system performance, as shown in the pseudo code in Edure

original_diameter = get_original_diameter()
new_tension = get_new_tension()
yield strength = get_vyield strength()
young_modulus = get_woung_modulus ()
def calculate new_diameter (original_diameter, new_tension, young_modulus, yleld strength):
if new_tension » 61.75: # threshold tension
stretch_ratio = new_tension / wyield strength
return original_diameter * (1 - (stretch_ratio f young_modulus))
else:
return original_diameter
new_diasmeter = calculate_new_diameter{original_diameter, new_tension, young_modulus, wield strength)

Figure4.9. Pseudo code for calculating the copper wire diameter during coil winding.
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Once the diameter was calculated, the model stores the values for the creation of databases
for further analysis in the form of tables, as shown in Figul®. Additionally, after
calculating the diameter the model stores the values for creating databases to conduct analysis.
These values are stored in tables as depicted in Hdgl®e This database was designed to
highlight any abnormalities in the diameter and cross section by marking them with a colour.
This feature makes it easier to identify the nemand location of affected diameters, on a
bobbin.

DIAMETER LIST
Layer Turn |Diameter (mm)| Cross_Section (mm)
1 1 1.00000 0.78540
1 2
1 3 1.00000 0.78540
1 4 1.00000 0.78540
1 5 1.00000 0.78540
1 6 1.00000 0.78540
1 7 1.00000 0.78540
1 8 1.00000 0.78540
1 9 1.00000 0.78540
1 10
1 11 1.00000 0.78540
1 12 1.00000 0.78540
1 13 1.00000 0.78540
1 14 1.00000 0.78540
1 15
1 16
1 17
1 18
1 19
1 20

Figure4.10. List (diameter variation) obtained from the DES model using a rectangular bol

F. Calculating electrical resistance value and variation percentage (column 7 & 8)

To calculate thisariation in electrical resistance, it is first required to calculate the wire's

total electrical resistance using Equation 7,
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To calculate the electrical resistance in a coppee (Y , its resistivity value
(symbolised as }) r-&pgemseosedbby djvldeédxb@g”

sectional areé@ . Equation 8 calculates the sectional atea ) of a copper wire.
0 “w - Eq. 8

By simply inputting the wire diameted)(into Equation 7, it is possible to calculate the
crosssection area. However, Dobroschi&s0] explains that theéy can also be calculated
by using the diameter of the copper wife ( instead of th@ . Therefore, the equation has
to be adjusted by multiplying the resistivity value of copper wire Y times four and then

divided by the product ahultiplying “ timesQ

Dobroschke's[150] work observes how various factors affect coil conductivity,
specifically noting that reduced fill factors lead to increased electrical resistance due to
increased spacing between wires within the tightly wound structure. Notably however,
research emphasis calculating measurements pastding instead: Wol{151] highlights
instances where winding parameters such as the diameter andsexbermal area
approaching critical failure levels can contribute to a difference in electrical resistance. Of
these parameters, the ghiger wields the greatest interdepende on introduced errors and

it can be analysed by using the next equation:

o) o)
0] o)

YY Yo 'Yn Eq. 9

A decrease in the diameter of a wire labelleddasomlis directly proportional to a
decrease in its curregtirrying capacity and, hence, an increase in electrical resistance. In
multi-layering, utilising smaller diameter wires resulted from tightly compressed coils leading
to shorter lengthEl51]. Nonetheless, this compression also reduces-sext®nal area, thus
resulting in increased electrical resistance. As a result of such, reductions that may possibly
arise due to fluctuations throughout production processes or product tolerances may have
significant effects on the electrical resistance, as shown in HglteFigure4.11 displays
the variation of electrical resistance during winding, including incremental steps with each

layer rolled onto the bobbin.
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Figure4.11. Electricaresistance chart of the DES model using a rectangular bobbin.

The work carried out by Komodromos et[ab5] offers insights into how different copper

wire diameters respond to tensile force and how this affects their electrical conductivity
characteristics. Experimental results showed that increasing strain levels led to changes in
crosssectional areas for aésted wires, resulting in variations in resistivity metrics across
samples with small diameter sizes (0.63mm vs 1.18 mm), where respective resistance
increments were measured at 23% compared with 8%. As previously echoed by Dobroschke
[150] and Wolf [151], however, determining actual resistivity values during winding
processes remains a challenge. The calculation of the electrical resistance value can be
obtained by using the formula presented in Equation 7, but it highly depends on the layer and
the bobbn shape used in the model. This equation required the resistivity, length, and cross

sectional area of the wire.

The resistivity utilised in the simulation was specify in Equation 7, yielding a value of
1.72x10"8 gqm. The tot al |l ength of the wire was
Y OUN@ETRED QI D A ¢ ¢ IYIQ Eq. 10

When:

f 0 be the initial perimeter (circumference or sum of sides) of the bobbin.
1 N be the number of turns.
1 L be the number of layers.

I T be the thickness of the wire.
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1 be the height increment added fsrer for noncircular bobbins (0 for circular).

Figure4.12 displays an example of the first five layers of the simulation used to calculate

the wire's length in the case of a circular bobbin. This calculation takes into aitiwgdch

additional layer, the circumference of the bobbin increases by T (2.36 mm that represents
twice the thickness of the copper wire). However, in the case of circular bobbins, there is no

need

to

f or mul a

Eq. 11

consi der so the
"Yé OU@E RO QI D A)
Per turn  Per layer
aglag M
1 Llayer 9424778 1284.956
2 Llayer 101.6619 20332229
3 Layer 109.0761 21%81.522
4 Layer 1164903 23229 205
5layer 1321.21826 2020.371

becomes

Figure4.12. Example of the first five layers where wire length was calculated for a circular bobbin.

After determining the length of the wire, the electrical resistancecalaslated in each

layer to serve as a reference for detecting any variations in the process. This procedure allowed
the quantification of the variation in the electrical resistance per turn. These parameters were

incorporated into the model for a secondltrun, with a baséension of 40 Newtaand a

winding speed of 300 rpm adapted frgi®8][154]. These parameters were selected as

standard from previous experiments in literatiir®4], since they marked common values

utilised during linear winding.

The simulation was validated against the model's logic and revealed that faults occur at

300 rpm due to high variation, as depicted in Figui8. This figure presented the results

obtained from the simulation, specifically the results from the third layer during linear

winding because this layer is known to present faults that accumulated from previous layers.

During this trial the simulation psented a column for geometrical faults, where if a fault was

presented, it would be highlighted in red, otheevit would be stayed as green. The next

column was dedicated to detecting the type of deformation, in which if the predicted

deformation was permanent (plastic), it would be highlighted in pink for better visualisation.
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3 Fault Deformation Variation T Diameter Electrical resistanc Variation ER
51.81  Double winding [ SN 550% 118 000152114
61.17 No other Elastic 53% 1.18 0.00151856 0.00%
41.34 No other Elastic 5% 1,18 0.00151856 0.00%
55,23 No other Elastic 38% 1.18 0.00151856 0.00%
49,72 No other Elastic 24% 1.18 0.00151856 0.00%
53.41  Double winding | EEEEEN 74% 118 000152502 |
38.05 No other Elastic 5% 1,18 0.00151856 0.00%
49.74 No other Elastic 24% 1,18 0.00151856 0.00%
49,56 No other Elastic 24% 1.18 0.00151856 0.00%
41,69 No other Elastic 4% 1.18 0.00151856 0.00%
38,06 No other Elastic 5% 118 0.00151856 0.00%
41.34 No other Elastic 5% 1,18 0.00151856 0.00%
40,17 No other Elastic 0% 1.18 0.00151856 0.00%
38.44 No other Elastic 4% 1.18 0.00151856 0.00%
6017  Multiple winding  Elastic 508 1.18 0.00151856 0.00%
38,51 No other Elastic 4% 1.18 0.00151856 0.00%
69.71 Noother [N 74% 1.18 o.oo152502 [
38.19 No other Elastic 5% 1.18 0.00151856 0.00%
48,63 No other Elastic 22% 1,18 0.00151856 0.00%
69.43  Double winding [ SN 74% 1.18 0.00152502

Figure4.13. Example of a trial run where variationthe electrical resistance wdstected.

The rest of the columns presented key results such as the variation on tension, diameter
and electrical resistance value as previously presented in Biguieis worth noticing that
if the values obtained during the trial stayed under the stablished threshold for each of the
columns, the system would not highlight any turn specific turn. Finally, the last column
presented the variation in electrical resigte, where if any variation above cero was detected,

the system would identify it and highlighted red.
G. Cumulative error in electrical resistance

The simulation model was modified to calculate the cumulative increase in electrical faults
in the winding system, as presented in Figutd. This addition takes into account the stage
at which fault development exceeds a set threshold whereafter windings are unsuitable for
use. In assessing cumulative errors throughout each layer of coil turns, industry experts were
consulted, and they sugsted on establishing a threshold value for cumulative error in

electrical resistance as 10% for this model.
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ER_Malue Sirnulated L1 0113987
ER_Calculated_L1 0113878

ER_Percentage_ L1 1.545904

ER_Malue Simulated 12 0.11451

ER_Calculated 12 0.11440

ER_Percentage L2 2.353128 : H
ER._Simulated_bobbin 0.575062

ER_alue_Simulated |3 0,11500 ER_calculated_bobbin

ER_Calculated_L3 0.11491 m| I 370

ER_Percentage_L3 1.864309 Bobbin_StatusER, 100

ER_Value_Simulated L4 0,11553 ER._Percent_bobbin_acc

ER_iZalculated L4 0.11543

ER_Percentage_L4 1.942954

ER_Malue_Sirmulated LS 011603
ER_Zalculated LS 0,11595
ER_Percentage_LE 1.430792

Figure4.14. Representation of cumulative error calculation of high electrical resistance during coil
winding.

When the increase in electrical resistance surpassed the set threshold, the model
automatically rendered the winding unsuitable for use, was determined faulty. The cumulative
error was obtained by calculating the percentage error in each turn of evergridysdding
it as the winding progressed, as shown in Figuts. To prevent the production of nonviable

coils, the model was set to stop the process when this threshold value was reached.

threshold error = 8.1 # 18% threshold
cumulative_error = 8.8 # initial cumulative error
faulty = False
def calculate percentage errori{original resistance, new_resistance):
return {new_resistance - original_resistance) / original_resistance
for layer in coil layers:
for turn in layer:
original_resistance = get_original_resistance{turn)
new resistance = get new _resistance(turn)
percentage_error = calculate_percentage_error{original_resistance, new_resistance)
cumulative_error += percentage_error
if cumulative error » threshold error:
faulty = True
break
if faulty:
break
if faulty:
print{"The coil winding is unsuitable for use and will be scrapped.™)
else:
print{"The coll winding process is completed successfully.™)

Figure4.15. Pseudo code for calculating the cumulative error during coil winding
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4.2.4 Interdependencies from the DES model

According to the DES model findings, it is possible to effectively detect and model
interdependencies among input parameters as they relate to faults that arise during a winding
process. The tension and winding speed were among the leading parametex$ithat
significant influence on the creation of these faults. Three different simulation experiments
were carried out using the DES model. Each experiment focused on a different winding speed;
one at a higher speed of 300 rpm, another at a medium sp2@@ pim and a third at a lower
speed of 100 rpm. The purpose of these simulations was to investigate how the different
speeds affect the process of winding.

In each experiment the wire was subjected to a tension of 40 Newtons during the winding
process. Variation was added to the tension based on the winding speed as discuss in Equation
2. Moreover, an established threshold for yield limit was maintain ab &deWtons based on
existing literature[154]. By conducting these simulation runs with varying speeds while
keeping the yield limit constant, valuable insights can be gained regarding potential issues,

like geometric faults and other variables that may arise during coil winding.
Experiment 1- High rotational speed

The occurrence of faults during winding can be attributed to variations in tension
exceeding the yield limit per turn. At times, these variations can result in a significant uptick
in tension levels by up to 70%. In the simulation experiment with the Détfelrfrigure4.16
displays the data collected. The experiment was conducted at a winding speed of 300 rpm.
The figure illustrates how winding speed, tension parameters and geometric faults are
interconnected. It provides insights, into trends, patterngatahtial correlations helping us
understand how different winding speeds affect the performance and reliability of the coil

winding process.

Figure4.16 offers a visual depiction of how different types of deformations variations in
electrical resistance and their effects on tension values and geometric faults interact during
the coil winding process. The type of deformation was highlighted accordihg type of
deformation for easier visualisation (green represents elastic deformation while red indicates
plastic deformation). This colour coded system helps to quick identification. Moreover, the

figure draw attention to points in the simulatiovhere changes in electrical resistance were
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detected highlighting them in red. This visual cue helps in detecting any deviations in

electrical resistance during the winding process.

An important discovery emerged from the experiment. It was observed that turns with a
high variation in tension exceeding 23% caused high electrical resistance when the tension
values surpassed the predetermined yield limit. As a result, certain gedmétsoccurred,

such as double windings and gaps in the wound coil. Furthermore, these geometric faults were

Layer 1
T i Electrical | Variati
Turn ension Fault |Deformation|VarTension|Diameter e. rica ariation
Value Resistance ER
1 54,20 No fault Elastic 14.20 1.000 0.0251 0.000000
54.40 No fault Elastic 14.40 1.010 0.0201 0.000300
3 66.40 |Double W Plastic 26.40 0.934 0.0230 1.260000
Layer 2
T i Electrical | Variati
Turn enston Fault |Deformation|VarTension|Diameter E, rica ariation
Value Resistance ER
1 46.92 No fault Elastic 6.92 1.000 0.0202 0.000000
2 49.44 No fault Elastic 9.44 1.010 0.0202 0.000000
3 63.40 Gap Plastic 23.40 0.983 0.0241 1.305000
Layer 3
T i Electrical | Variati
Turn ension Fault |Deformation|VarTension|Diameter e. rica ariation
Value Resistance ER
1 46.85 No fault Elastic 6.85 1.010 0.0207 0.000400
2 54,80 | Nofault Elastic 14.80 0.990 0.0216 | 0.000400
3 65.60 Gap Plastic 25.60 0.928 0.0245 1.390000

Figure4.16. Results from the DES model the winding process at 300 RPMth a base tensior
of 40N.

worsened by a decrease in wire diameter which further aggravated the issue. The decrease in

diameter also caused an increase of over 1%, in electrical resistance.

During another trial run, now ugy a base tension of 60 Newsmstead, variations in
tension raise up to 42% resultingfaults such as crossovers to be identified as presented in
Figure4.17. This figure presents a comparison between a simulation run at high speed with a
control tension value against a simulation with a higher tension value. This produce that the
wire becomepermanently defored and reduce its crossection in the process. As the
formula for the electrical resistance calculation suggests, changes within thseatiss and
diameter bring about consequential increases in the electrical resistance. It should be notice

that duringsimulations, fluctuation within electrical currents was usually recorded between
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0.2% up toa maximum oR.0% i often causing risei® coil temperature and thereby
negatively affecting stator insulation and performance.
3 Fault Deformation variation T Diarneter  Electrical resistance Wariation ER
42.74 Mo other Elastic 7% 1.18 0.00151856 0.00%

3 Fault Deformation Wariation T Diameter  Electrical resistance Yariation ER

85.20 Cross over _ 42% 117 0.00154463 _

Figure4.17. Comparison between simulations trials, one with a control tension against another v
higher base tension.

Experiment 2- Medium rotational speed

Experiment 2 was conducted at medium speed, producing different results compared to the
previous experiment. In this experiment the main focus was on keeping variations in tension
below the base value. As a result, it was observed an increase of up o tEdion. This
finding clearly demonstrates a significant relationship between winding speed and tension
variations. It is worth noting that as the speed increases the magnitude of tension fluctuations
also escalates. Figu#el8 visually depictghis relationship by graphically representing the

percentage changes in tension with respect to increasing winding speeds.

Note: The data points shown in Figure 4.18 presents the outcomes of conducting 100 runs
of the DES model in order to verify its consistency. Moreover, by using an averaging method
it can be ensured resilience against fluctuations and increase the reliahiliey fofdings.
Running the model 100 times strikes a balance between obtaining statistically significant
results, managing computational resources efficiently, and validating the model's repeatability
and robustnesAn example ofusing this averagingnethal was presentedby Cossar &
Rezaei[156], where theyexploredl the application of avaging estimation models in
simulating Permanent Magnet AC electric motor and generator drive systems using
Matlab/Simulink. It compak the performance of these models with standard switching
converter approaches, finding that the average voltage models accurately predict key
operational parameters while significantly reducing simulation times, making them
advantageous for systelevel modellingincorporating detailechechanical and aeronautical

subsystems.
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Figure4.18. Plot of the average variation percentage in tension at vapeasls.

Experiment 3- Low rotational speed

In the last experiment, the simulation was run at a low winding speed. The simulation was
set with a base tension of 40 Newtons and a winding speed of 100 rpm. The results showed
there were no faults detected during the winding process. This importaingfisdclearly
shown in Figur&.19. The consistent tension of 40 Newtons along with the low speed seemed

to effectively prevent any geometric faults or changes in electrical resistance.

The reason why no faults were observed at lower winding speeds is because of the
interaction between the controlled factors and the natural behaviour of the winding process.
When the speed is slower there is less stress and tension on the wire during winding. By
maintaining a controlled tension of 40 Newtons, it was ensure that there is not much strain on
the wire, which helps prevent issues like double winding or gaps. dhised tension also
helps minimise variations in resistance, which ultimatelyddgada decrease, in faults. This
result highlights how important it is to control these winding parameters for the success of the
process.
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Layer 1
Turn Tension Fault |Deformation|VarTension |Diameter Ele:ctrlcal Variation
Value Resistance ER
1 42.74 No fault Elastic 2.74 1.010 0.0197 0.000300
60.60 No fault Elastic 20.60 1.010 0.0197 0.000300
3 48.74 No fault Elastic 8.74 1.000 0.0201 0.000000
Layer 2
T i Electrical | Variati
Turn enston Fault |Deformation|VarTension|Diameter e_ rica artation
Value Resistance ER
1 58.00 | Nofault Elastic 18.00 0.990 0.0210 | 0.000400
60.00 No fault Elastic 20.00 0.990 0.0210 0.000400
3 61.00 No fault Elastic 21.00 1.010 0.0202 0.000400
Layer 3
Turn Tension Fault |Deformation|VarTension|Diameter Ele_ct rical | Variation
Value Resistance ER
1 60.20 No fault Elastic 20.20 0.990 0.0215 0.000400
56.20 | Nofault Elastic 16.20 1.000 0.0216 | 0.000000
3 53.80 No fault Elastic 13.80 0.990 0.0216 0.000400

Figure4.19. Results from the DES model of the winding process at 100 rpm with a base te
of 40N.

A. Wire tension and electrical resistance variation

According to the results from the DES model, it was found that changes in critical input
parameters resulted in faults such as increased electrical resistance. The model revealed two

significant associations among critical process parameters:

1 The first one being between wire tension and electrical resistance,

1 The second being between wire gauge, wire guide, and caster angle.

Figure 4.20 graphically demonstrates how variation in the electrical resistance of a
rectangular bobbin increases the tension applied to the wire. This fluctuation reached as high
as 11% when tension (represented by a green solid line) surpassed the yielddioaitgth
by a red dashed line) by nearly 40 N. In addition, this graph indicated that when annealed
copper wire with a diameter of 0.71 mm encountered tension beyond its yield limit (61.75N),
it transformed from elastic deformation into plasticatefation mode, resulting in a smaller
diameter that escalated electrical resistance significantly, creating problems for the coil's

overall electrical resistance which directly impacts motor performance and reliability.
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Figure4.20. Plot showing variation in electrical resistance for a rectangular bobbin with respec

tension in the wire. The red dashed l#t®ws the yield point of the wire.

B. Wire gauge, wire guide and caster angle

The DES model revealed how specific parameters, such as wire diameter, could
considerably affect both wire guide speed and caster angle. Biglir@) demonstrates these
impacts, the blue line depicts changes in decreased or increased diameters when there are
fluctuations in the wire guide speed that then influence how much the purple line decreases

or increases downwards whemarted from 6.2 to 5.8 degrees.

Results showed that improper tolerances during manufacturing or inappropriate levels of
stress applied during winding could result in a variance in wire gauge. According to the DES
model analysis, changes in wire gauge affected the speed of the wireaguddpicted by
Figure 21 (a). In this figure, it illustrates that wire weight influences guide speed due to smaller
diameters generating less weight resulting in faster guides than usual, while larger diameters
generate extra weight causing slower movesiitich affect caster angles which alters the
winding geometry resulting in various contours like convex or concave windings observed as

a reduction in fill factors.
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Figure4.21. (a) Variation in winding speed and caster angle with respect to the diameter of the
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Figure4.21. (b) Relationship between wire diameter, wire feed rateamakion of wire guide at
turning points.

The graph presented in Figude21 (b) displays an interesting finding regarding wire
diameter reduction. Specifically, when reducing it by half, there is a consequential increase
of almost 40% in the gredime, which represents the feed rate of the wire, as well as over a
35% increment in the red lirieindicating greater variation when stopping at turning points.
As stipulated earlier, using thinner wires results in elevated speeds for both the guiding sys
and wires themselves, affecting said variability. The DES model was utilised to calculate

variations occurring based on distance travelled after deceleration commenced.
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In order to accurately calculate the wire displacenigritom a starting point to a critical
turning juncture along a given wire guide path, Equation 12 was used, where vglpcity
elapsed timgy), accelerationy and time elapsed squar@d were usedHowever, quite often
there exists only compounded variations within these calculations due largely to shifting

conditions resulting from heightened momentum caused by an increasing wire feed.

[ 00 -6d Eq. 12

This anomaly initiates additional errors cumulatively experienced with every turn taken,
effectively impacting proper alignment of wires whilst also distorting geometric shapes along
with contributing, potentially, to what could be a poor fill factor. Tdeserates a need for
methods to calculate percentage variation between the precise stopping point required at the
exact turning mark, and the actual final locations of the wire guide stopping, either before or
after as per variance in the acceleratiorelevin this regard, the DES model offers ideal
opportunities to model correlations among various parameters of complicated processes

involving deformable materials.

When creating the simulation model for geometrical faults, the caster angle was
determined by examining both wire guide position and the wire's location on the bobbin's
surfacg5]. By using the maximum caster angle as the benchmark for boundary determination
purposes, it was possible to establish both upper and lower limits within which no geometrical
faults should occur. However, should rotational speeds see excessive varidttause the
safety limit for caster angles to be exceeded, then a certain type of geometrical fault may
result. It is imperative to consider that an increased span between safety limits in relation to
measured rotational speed will ultimately yield unnsagsgeometry failure; such failures if

any must always be minimised.

The rate at which the wire guide moves has a direct bearing on the caster angle relative to
minimum threshold requirements expected from this action, which would produce a smooth
circular motion during its rotation cycle around the coil (bobbin). If thre'szimovement was
not significantly reduced, gradually a decrease of the caster angle would occur resulting in
gaps being produced in the colil structure. This will be observed in a significant reduction of
the bobbin's fill factor from its standard 90.7&4ust 6575%. However, on the other hand,
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when the wire guide speed is increased beyond required upper limits,-doodieg faults

will be generated, and major workflow disruption could ensue.

A sudden change in wire guide speed can occur when the diameter of a wire keeps
fluctuating. This can cause an increase in its feed rate but also make it impossible for it to
reach the anticipated turning points (Figdt21l b). Known as abnormal acceleration, this
anomaly arises due to mismatching between wire feed speed and winding location. For thinner
wires, faster wire guide speeds lead to more significant differences while still reaching turning

points.

The typical approach for obtaining a positive caster angle during winding entails situating
the wire guide behind the designated location. Such an approach ensures proper tensioning of
wires and enables efficient wrapping progress. Results suggest thagdegdeights of wires
lead to an increase in speed once passing through guides, effectively reducing the caster angle
and subsequently creating geometrical faults, such as gaps, upon surpassing designated areas
intended for wrapping. Conversely, if too rhueeight is added onto wires, causing slower
progression coupled with incorrect casters, this can lead to the inward dragging of wires
creating double layering concluding in unsatisfactory filling factors for resulting coil
geometries, which could be eitlfaulgy or concave.

4.3. Results from the experiments on the coil winding machine

This section presents results obtained through a series of experiments uskipselhb
linear coitlwinding machine. These results have been instrumental in validating the DES
model and attention was paid towards exploring underlying findings and dcadtnd
validationcritical results when compared to predictions, as guided by the DES Model.

4.3.1. Electrical Resistance faults

During the experimentation with a linear winding machine, it was aimed to assess how
various process parameters, namely winding speed, wire diameter and bobbin shape impacted
occurrences of faults within this system. The experimentation began by quantfym
electrical resistance using~aUKE 8808Abench digital multimeter prior to engaging in any
tests as presented in Figur22.
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Figure4.22. Fluke 8808A Bench Digital Multimeter used to measure the electrical resistar
the copper wire. (Adapted from Fluke)

The FLUKE 8808Amultimeter was selected due to its level of accuracy, precision and
stability. The Fluke 8808A multimeter has a specified DC voltage accuracy of 0.015%
allowing it to provide precise resistance measurements within a deviation of only 0.0015
Ohms, from theactual resistance value. This makes it ideal for detecting the smallest
variations in electrical resistance. Its reputation as an instrument from a reputable brand,
combined with its versatility and easy, to use interface ensures that it can effeciivelyef

precise measurement needs during this research.

To account for changes resulting from experimental procedures associated with this
research effort, measurements were recorded before and following every experiment
conducted during this investigationdoalyse what happens when rotational speed varies as
specified in the design protocol per test round. Based on the findings, a plot was created, as
presented in detail in Figu#e23. This shows the electrical resistance's variation magnitudes

across different bobbin shapes during varying rates of rotation.

Note: The figures displaying plot charts in this results section (4.3 and 4.4) represent the
averaged data points obtained from performing 33 experiments conducted on the linear
winding machineThis limited number of experiments was attributed to the extensive setup
requirements and the tirRdnsuming nature of result analysis associated with running a
linear winding experiment. Nonetheless, despite the relatively small number of trials, the
avelged data points provide valuable insights into the performamtéeatmaviour of the
system under studyrhis averaging method not only enhances the reliability of the findings
but also helps mitigate the impact of outliers or anomalies, thus ensuring the accuracy and

validity of the results.
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A. Winding speed and change in electrical resistance

Findings from the experimental data, presented in Fig8, reveal that maximum
elevation in electrical resistance occurred when using a rectangular bobbin at a winding speed
of 800 rpm. The trend reflected that augmentation in rotational velocity amplified variations
seen within electrical resistance measu$gsecifically, observations indicated significantly
lower-level changes when speeds were kept low. This finding accentuates a clear correlation
between increasing rotational speed and heightenedsl®f electrical resistance during
winding procedures. The variation was created because the wire feed increases and creates a
momentum that does not allow the wire guide to stop at the exact turning point causing extra
tension on the wire as explained Hagedorn et al[5]. This extra tension causes ttress

sectional area of the wire to be reduced creation a variation in the electrical resistance.
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Figure4.23. Electrical resistance variation percentage with different wire gauges and bobbin shapes.
B. Bobbin shape and change in electricaksistance

An analysis was conducted to uncover how bobbin shape affects electrical resistance
changes, finding that the rectangular shape presented an average increase in electrical
resistance of 4% at high speeds, whereas its countérpguiireshaped bobbinis displayed
only a slight average increase of 2.7%. The aspect ratio greatly influences these differences

in bobbin shapes. The heigiostbase measurements dictate whether the bobbin will be
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rectangular or square shapedhere a larger aspect ratio corresponds to more variation seen
within resistive properties, and vice versa. Figu&3 showed that using bobbins with higher
aspect ratios result in double or nearly double variations compared to their counterpart;
rectangular results are nearly twice as high as those seen for squares. These findings suggest
that careful consideration dfobbin shape may best address manufacturing needs when

fabricating products reliant on electrical components

C. Wire gauge and change in electrical resistance

The experiments investigated the complex relationship linking wire gauge to fluctuations
in electrical resistance levels. It became apparent that as wire diameter increased, so did
overall levels of electrical impedangeespecially noticeable when compayi different
gauges using squashaped bobbins where nearly a 2.0% increment was observed between
measurements for large versus smadieed wires, whereas when using rectangsiteped
bobbins, variations attributed to different diameters were lesggoastial, ranging at around
only 0.2%. Therefore, results presented in FiguP8 showed that variations arising due to
differences in both factors (i.e. wire gauge & bobbin shape) contribute to the accumulation of

defects over time.

4.3.2. Geometrical faults

The approach taken to study the winding schema defects involved recording videos during
experimentation so that it could be closely analysed to see how different forms of geometric
flaws would manifest over time. Special care was taken to examine eagduatlvideo on
a perframe basis using an exhaustive checklist for identifying common forms of geometric
errors within winding schemata. To give an example: Fig@d shows multiple images
taken from footage following highpeed (800 rpm) testing witquare and rectangle bobbins.
These images depict several types of geometric fault, including gaps, crossings, and double
windings. From this collection of recorded data points, it was possible to produce a graphical
representation (Figu#25) illustrating how changes in winding speed relate to alterations in

the occurrence rate of particular geometrical faults.
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Figure4.24. Geometrical faults during linear winding at 800 rpm using a square bobbin (A & C) and rectangular bobbin (B & D).
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Figure4.25. Plot with the number of geometrical faults at different winding speeds variating
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A. Winding speed and geometrical faults

Analysing the data presented within Figdr25 highlights some clear trends regarding their
relation to geometric faulting tendencies while employing different winding speeds. The most
notable being a substantial increase demonstrated among fold defects while utilising both
bobbins shapes under esthhigher or lower rotational settings, particularly registered upon
reaching either 200 or 800 rpm set points.

The occurrence of faults when charmgitne speed at which the wire wasund can be
attributed to several underlying factors. Firstly, variations in winding speed directly affect the
tension applied to the wire during the process. This increased stress on the wire caolead to
defects due to excessive stretching or bending. Secondly, the choice of bobbin shape, the wire
length between the winding point and the wire guide interacts with the winding speed
influencing how layers of wire are stacked. Thigeraction can cause misalignments
contributing to a tendency for faults at specific speeds. Additionally, as the winding process
involves accelerations and decelerations it can disrupt the smooth winding of the wire and
potentially result in defects likdouble windings or gaps. Lastly, properties inherent to the
copper wire itself such as its elasticity and resistance to deformation play a role in how it reacts

to stress when wound at different speeds.
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Modifications in the diameter of the wire have an impact on the occurrence of geometric
faults when the winding speed changes. The dynamic behaviour during speed changes in
winding along with material properties like flexibility and elasticity and the heetension
adjustments all depend on variations in wire diameter. Additionally, changes in wire diameter
from smaller to larger gauges can influence interactions with the bobbin including its shape

and contours, which can affect how wire layers are sthekd aligned.

This changed significantly though once testing under moderate operational ranges (500
rpm); both trials exhibited lower counts in geometric anomalies noted during nosage
conditions. Conversely, this led to further difficulties being experienced within subsequent
trials where speed kept rising which consequently caused similar fault occurrences seen when
executing standard procedures with minimal wind speeds (medtiabnove) leading to the
conclusion that these findings suggest a correlational association between winding velocity and

geometrical faults that arise during winding.
B. Bobbin shape and geometrical faults

Modifying the shape of the bobbin can have an impact on the occurrence of geometric faults
in coil winding processes. This is because there are interconnected factors inktieadhe
bobbin shape is changgedirectly affects how the layers stack and align which can lead to
misalignments. It also has an effect on how tenssodistributed along the wire potentially
resulting in uneven winding. The altered shape may guide the wire in ways causing overlaps
and uneven winding. Additionally new contact pgeirand friction may arise, further
contributing to fault$3]. Ensuring that the bobbin shape is compatible with the characteristics
of the wire is crucial for achieving winding. It is important to understand and manage all these
implications because changes in bobbin shape can compound with variables like dynamic
behaviour disruptions during speed changes or interactions, with other factors.

According to the data presented in Figdr25, choosing the right shape for the bobbin can
have a significant impact on the outcome of the winding process. Notably, using a square
shaped bobbin seems to result in substantially more geometrical faults compared to using a
rectangulasshaped one. Spically, it was found that running the winding machine at lower
speeds with a squastaped bobbin would lead to over double the number of errors than those
resulting from utilising its alternative counterpawhile both shapes seem comparable
regarding geometric troubles during medigpeed operations, faults amplify significantly,
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and almost triple, when utilising thinner gauge wire with sgisasped bobbins. When
working under higher speed conditions, selecting the rectangular shape delivered remarkably
better result$ yielding only two defects, compared to the eight presents&yerage) when

using a square bobbin.

C. Wire gauge and geometrical faults

Modifying the thickness of the wire used in coil winding processes can result in types of
geometric issues such as double winding and gaps due to a combination of interconnected
factors. When adjusting the wire thickness, it is important to make changesion to ensure
proper winding. Thicker wire usually requires higher tension. The mechanical properties of the
wire such as strength and resistance to deformation also change with thicknesses affecting how
the wire responds to winding forces and potdlyticausing misalignments and geometric
problems. Additionally, variations, in wire thickness can impact layer stacking and distribution

of tension which may introduce overlaps and irregularities during the process.

The insights offered by Figuré.25 underscore the vital role played by wire gauge in
creating geometric flaws during winding processes. Specifically, this impact is notable with
reducedsized wire gauges employed for winding tasks. In analysing both sqaiade
rectangleshaped bobbin prmances under different conditions involving diverse wirings
sizes, it was established that figeuged wiring sizes led to more fault appearances than larger
ones did. Conversely, designing wound systems using fiayywires produced fewer
geometric anomalies across all bobbin categories analysed hereunder, although attention
should be paid to these very fine wiring details so as not to cause irreparable deficiencies too
often observed within various designed items.d¢xample, when using square bobbins, thinner
wiring created 25 fault spots. However, embracing thicker wire lowered this number to only 9
faults, even at high winding speeds. It is evident that using redimed wires produces

profound effects on the oarrence of geometrical faults.
4.4. Comparison of results between simulation model and physical experiments
4.4.1. Electrical resistance faults

The obtained results from the DES modelling were validated through experimentation
conducted within laboratory settings utilising linear agihding machines. These experiments

assessed key process parameters through their deliberate variation foreth@easracy
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assurance purposes. Subsequently, the results were compared with those derived from the DES
model. For analysis purposes of the electrical resistance variation upon different wires sizes,

Figures4.26 and4.27 were developed.

Figure4.26 highlights correlations between rotational velocities, represented by rectangular
bobbins, along with electrical resistance percentages presented as straight dashes depicting a
series of experiments. While Figu#27 examines these same variables utilising square
bobbins instead, each of these figures also analyses two variants: thicker wires (represented by
blue lines 0.71mm) and thinner ones (represented by red lines 0.3mm). The findings show an
established corration between winding speeddelectrical resistance percentual variation for
this test setup, displaying higher percentage variations with utilisation of thicker iwires

especially at increased velocities where changes can ascend to 4% as observed4i2Bigure

Although both Figures4.26 and 4.27 demonstrate uniform increases in percentage
variations, which are consistent with winding velocity increases, results indicate that a
rectangular bobbin's overall discrepancies are more significant compared to those exhibited via
a square bobbin's analg. Regarding the square bobbin, systematic variation increases were
only witnessed at higher respective speeds and thicker wires ranging from 1.3% to a maximum
of 3.7%.

Based on these results, it is clear that the shape of the bobbin plays a critical role in the
percentage variation of electrical resistance in copper wire. This research indicates that
rectangular bobbins tend to create higher variations even when wispéggls are slow,
whereas square bobbins remain relatively consistent until higher speeds are reached. This is
due to the aspect ratio of the bobbin shape and its influence on tension during winding. A
greater aspect ratio leads to rapid fluctuations isitenthroughout the process and can exceed
yield limits. In contrast, bobbin shapes with a square aspect ratio maintain consistent tension
throughout the process, resulting in less variation during winding. This finding is crucial for

manufacturers seeking reduce variation in electrical resistance and improve coil quality.
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Figure4.26. Comparison for a rectangular bobbin with two different wire gauges using a DES model
and linear winding experiments to determine the percentage error in electrical resistance.
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Figure4.27. Comparison for a square bobbin with two different wire gauges using a DES model and
linear winding experiments to determine the percentage error in electrical resistance.
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4.4.2. Wire gauge

In addition, experiments were conducted with different wire gauges, which showed
correlation between winding speed and wire diameter. The comparisons between the DES
model and physical experiments revealed that larger diameter wires tend to deform ityore eas
at high speeds leading to greater electrical resistance. Conversely, the DES model confirmed
that smaller diameter wires exhibited lower levels of electrical resistance variation. However,
it is worth noting that the DES model considered only threatimarameters with high
influence, whereas realistic operational environments have multiple factors impacting fault
creation such as friction in wire guidgg. One possible input parameter that can influence the
occurrence of faults during winding is friction within the wire guide. When friction increases
it applies additional tension to the was explain by LéBlanc[3], which can potentially create

defects in the final product.
4.4.3. Accuracy of the results from the DES model

Following the physical experiments depicted in Figyr@6 and4.27, an evaluation of the
DES model's accuracy was conducted by examining its percentage error or difference in results.
Calculating the percentage error determines how much trend differs between the DES model
and experiments using a linear winding machineréerring to Tabl& .2, it can be seen how
the variation in electrical resistance differs between both these factors. For rectangular bobbins
that use thinner wires (0.30 mm), there wasncreased percentage of error (1.56%) compared
to experiments, suggesting external factors were at play such as material handling or machine
wear and tear. On the other hand, when testing square bobbins, a smaller percentage of errors
were observed atnty 0.27%. It's fair to say that out of these two models tested so far, the
square bobbin appears more accurate owing to fewer discrepancies in resulis &thgit

both models remain relatively reliable, with under 5% errors overall.

Table4.2. The Percentage Error results for the rectangular and square bobbin when calculating the
electrical resistance.

Rectangular bobbin
200 RPM | 500 RPM | 800RPM
0.7l mm | 0.02% 0.25% 0.49%
0.30mm | 1.56% 0.74% 0.85%
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Square bobbin
200 RPM | 500 RPM | 800RPM
0.71 mm | 0.43% 0.16% 1.04%
0.30 mm | 0.27% 0.31% 0.19%

Table4.3 summarises the calculated cumulative errors for different DES model scenarios.
To determine this, the percentage difference between regular electrical resistance and high
electrical resistance during windinvgas calculatedrecoreétd and aded up throughout the
entire simulation process. The results indicated that, as winding speed increases in both types
of bobbin shapes (square or rectangular), there is an increase in overall cumulative error rates.
However, this tended to be more noticeatih rectangular ones because of the constant wire
length changes that occur during winding due to their shape, leading to higher errors than those
recorded on square ones.

Table4.3. The cumulative error results for the rectangular and square bobbin when calculating the
electrical resistance in the DES madel

Rectangular bobbin
200 RPM | 500 RPM | 800RPM
0.71 mm | 0.90% 2.60% 3.47%
0.30 mm | 0.89% 2.45% 3.01%

200 RPM | 500 RPM | 800RPM
0.71mm | 0.90% 1.67% 2.75%
0.30mm | 0.87% 1.22% 1.58%
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4.4.4. Geometrical faults

To evaluate how accurately the DES model detects geometric faults on the first layer of a
bobbin, two plots were generated (Figu4e8 and4.29). Both experimental data and the DES
model revealed higher occurrences of geometric imperfections duringpégia runs (e.g.,
ramping up/down affects caster angles), but also noted considerable incidences when operating
at slower speeds. In fact, thier wires are especially problematic as their greater spack
effect can be difficult to manage compared wititker wires given up/down ramping issues,
which exacerbate imperfections. Interestingly, a median speed indicates lower numbers of
geometric faults as caster angles remain more stable. However, the square bobbin in Figure
4.29 produced a significantly greater number of faults compared to the rectangular bobbin
shown in Figuret.28.
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Figure4.28. Comparison for a rectangular bobbin with two different wire gauges using a [
model and linear winding experiments to determine the numiggrarhetrical faults in the first
layer.
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Figure4.29. Comparison for a square bobbin with two different wire gauges using a DES r
and linear winding experiments to determine the number of geometrical faults in the first |

Indeed, when using thinner wires at slower speeds rectangular bobbins showed only 7
imperfections, whereas the same configuration with a square bobbin caused that number to
increase to 16. This merits attention since having an aspect ratio of 1.1 appesu$t in more
imperfections that are geometric during winding processes. Additionally, it has been observed
that processing speed plays an important role too, since wire guides move too fast at high
speeds and they may miss turning pointisereby gen@ting larger changes in casting angles

leading ultimately to incorrect wire placement and resulting in double windings.

Ensuring a caster angle within the established limits is reliant on both the aspect ratio of
each bobbin and the speed variation. Therefore, regulating these parameters is essential for
achieving proper winding. To achieve this, control features can tmeuted to maintain a
consistent caster angle throughout the process. One potential solution involves calculating
turning points that are specific to the current winding speed, enabling the wire guide to halt at

precise intervals and maintain a stablee@raahgle even at high speeds.

As presented in section 3.1.5, findings showed that thinner wires are prone to dapking

effect during coil winding leading to greater geometrical faults compared to their thicker
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counterparts, an observation confirmed by comparing experimental results with those obtained
through a DES modelling technique. It is thus advisable for manufacturers to use a uniform
diameter of wire throughout all stages of esihding processing so ast to incur such

difficulties.

Experts within simulation and electrical motor manufacturing industries have approved the
implementation of DES models given their accuracy in detecting-dauking factors while
maintaining quality standards during manufacture (with no otheexisting fault detection
technology providing enough detail about location within bobbins being available yet).
Through utilisation of a specified turn's electrical resistance measurements, a manufacturer

attains more confidence when conducting-efitine tests.

While validatingeffectiveness, the experiments only considered two different wire gauges
at extreme ends of the size spectrum. Hence, it is important to conduct further tests to look at
the effects resulting from variations in wire diameters on the electrical resistwreed after
coil winding. With this strategy, it is possible to test the DES model using other winding
techniques such as needle windihgaccording to experts familiar with simulation and

electrical motor manufacturing processes.
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4.5.Summary

This chapter presented the results obtain from a DES model that addresses interdependency
in processing criteria driving err@rone outcomes during electric motor manufacturing
processes. This model includes thependency within the ceiinding stage d simulate
deformable copper wire behaviour resulting from factors specifically addressing input

variablesjncludingwire tension, winding speed, bobbin shape and diameter.

Both simulated and physical experiments on ¢b#-winding machine were conducted
using validated critical parameters variation targeted at determining their effect on generating
defects during primary steps towards electric motor manufacture, alongside expert feedback
for validation purposes. The results demuoatstd specific input variables such as wire tension
and winding speed played essential roles throughout the various stages withinthediog

stage required for fault detection accuracy, immoving endproduct quality expectations.

Conducted experiments have uncovered a range of notable correlations influencing
electrical resistance during the ewiinding process. Specifically, winding speed and wire
thickness were observed to have a direct relationship with electrical resistaiat®na
resulting in greater variation when using thicker wires or higher speeds. Bobbin shape is
another pivotal factor to consider; when using rectangular bobbins, significantly higher
variations were noted at slower switching speeds. On the otherdtarateshaped bobbins
remained consistent until higher wind speeds were used. These findings indicate that while
DES models are reasonably reliable for predicting outcomes during winding processes, errors
can emerge. In comparing models' efficacy at dbffié configurations, thinner wires in
combination with rectangular bobbins proved particularly challenging, generating up to 1.56%

maximum error rates.

Beyond these aspects, geometric faults were also noted throughout all tests conducted
irrespective of wire size or speed setting (most prominently for sghamed bobbins and
thin-gauge wiring). To improve winding quality and achieve better-goductswhile
reducing waste and inefficiencies in manufacturing processes altogether, strategies promoting
control features aiming to maintain consistent caster angles need to be considered for wider
implementation across the manufacturing floor as industry atdadrogress. Finally, this

research advocates further observational testing aimed at measuring how different wire
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diameters ultimately influence pegstocess electrical resistance levels after successful coll

winding delivery has been achieved.
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CHAPTER V: ENHANCING FAULT DETECTION IN COIL WINDING
MANUFACTURING PROCESSES USING A HYBRID
COMPUTATIONAL FRAMEWORK

5.1Introduction

In this chapter, an analysis of the results obtained from the proposed hybrid computational
framework for fault detection in the coil winding manufacturing process is presented as shown
in Figure5.1. Utilising a method called knowledge distillation for transferring knowledge
presents an approach to condensing the valuable insights and expertise contained within a
complex simulation model into a lighter and more efficient form. By simplifying this
knowledge into a condensed model, it is possible to greadiyce simulation time while still
maintaining a level of accura¢¥51]. This approach takes advantage of the ability of distilled
models to capture patterns and relationships, from the original simulation optimising

computational resources without sacrificing performance.
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Figure5.1. ChapterOverview: Results from the hybrid computational framework for fault

detection in the coil winding manufacturing process.
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The approach of KD in this research entails transferring the understanding of a complex
model, like the DES model, thegpresents how a bobbin behaves when being linearly wound
to a faster and simpler model such as the RF model, which acts as a student. The purpose of
this transfer is to distill the knowledge contained in the DES model into the student model so
that it canmake accurate predictions, about the state of the bobbin while also simplifying
computations and improving efficiency. This chapter highlighted any potential benefits related
to the modified strategy for the coil manufacturing process, which includetlieticn in the
manufacturing time, improved stator quality, substantial improvements towards overall

machine safety, and an increase in overall level of trust towards future designs.
5.2Results and comparison of the SML models

The linear winding process presented several challenges during the simulation process as
discussed by Selle Blanc et al[3] because of its intricate and constantly changing nature due
to the use of deformable material. Results showed that interactions between multiple physical
phenomena during this process such as the motion of laying wire combined with mechanical
deformation,thermal behaviour, and electrical properties, makes it difficult to accurately
predict nonlinear influences over tirfie48]. Additionally, other external factors like material
properties or operator behaviour introduce more variability into the system making data

analysis for simulation difficult161].

Next, the focus of the chapter was to demonstrate how well the new proposed framework
presented in section 3.2 could predict and enhance the simulation speed for models simulating
linear coil winding processes. The goal was achieved by comparing sevdral@dfiithms
with different datasets and selecting the one with the best performance. The process began by
using the software AWitness Horizono to dev
interdependencies during the winding stages of the procefiscassed in section 3.1. This
model could be used for developing preventative maintenance plans aimed at reducing
vulnerability when faults inevitably arise. Although the DES model delivered noticeable
improvements in efficiency over other simulation miedsuch as FEA, the DES model took
in average two minutes to simulate a single coil cquadcore Intel Core i59300H 9th
Generatiorprocessor with 8GB RAM. As Thompson et[aD1] mentions, currently industrial

settings have a demand for even shorter computational times.
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Therefore, there was a need of a technique capable of been used as a student model during

the KD process while improving the accuracy and speed of predictions in the DES model. After

a thorough review of the literatur@ML algorithms was selected as a solution for the following

reasons:

T

Availability of Labelled Data: In manufacturing settings labelled data is often easily
accessible which is advantageous for learning.

Enhanced Prediction Accuracy:Supervised learning models are specifically designed to
provide predictions based on historical data making them well suited for improving
prediction accuracy.

Faster Simulation Speed:Once trained supervised learning models are computationally
efficient. Can make faster predictions compared to time consuming DES simulations.
Sensitivity Analysis: Supervised learning models can be utilised for sensitivity analysis
enabling the understanding of how variations in input parameters influence outcomes.
Model Generalisation: These models can learn patterns from training data and adapt to
evolving manufacturing processes.

Other approaches such as unsupervised learningpaskd systems or reinforcement

learning do not offer the same advantages in terms of prediction accuracy and simulation speed.

T

Unsupervised Learning: Unsupervised methods focus more on data exploration and
grouping than providing accurate predictions, which makes them less suitable for predictive
modelling in manufacturing.

Rule Based SystemsiVhile rule-basedsystems are automated, they may not be well suited

for ever changing manufacturing processes. They often require manual adjustments and
maintenance.

Reinforcement Learning: While powerful reinforcement learning may not be practical for
manufacturing processes due to its tioo@suming trial and error approach and may not
directly address the need, for simulation speed.

Therefore, multiple SML algorithms such &, RF, SVM, KNN, NB, and Neural

Networks were compared to select the most accurate and efficient algorithm in section 5.2.1.

To assess the precision and accuracy of these learning algorithms and compare their

performance, visual tools such as scatter plots and confusion matrices were utilised. Scatter

plots has been used as visual representations when evaluating the coneésten predicted
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and real values, in regression or classification scenf8#s These charts provided insights

into the models ability to differentiate between classes (fault types) and how their performance
varies across decision boundaries. Confusion matrices were also used to provide a detailed
breakdown of the models predictioims comparison to the actual labels (geometric faults)
during the classification process. These matrices present information on positives true
negatives, false positives and false negatives for each class. By analysing these matrices, it was
possible to ealuate the accuracy of the models. This analysis helped identify strengths and
weaknesses for each algorithm.

Hyperparameter tuning within an SML algorithm like a neural network was also explored
to understand whether it would yield better results than the other algorithms. During the
hyperparameter tuning process, various parameters of a neural network sachiag fate,
activation functions, number of layers and neurons per layer were adjusted while the objective
of improving predictive accuracy of the network remains. This culminated in using & finely

tuned neural network for comparison against other algost

When it comes to comparing various SML algorithms utilised in linear winding processes,
Figure5.2 highlights six primary process parameters that functioned as inputs for evaluation
purposes: winding speed, wire gauge, bobbin shape, layer, yield limit, and caster angle. The
first parameter, winding speed, represents the rotational speed of thelslaftiwding. The
second, wire gauge, refers to the diameter of the copper wire. Bobbin shape is another variable,
limited to two shapes: square and rectangulayer refers to a specificoil-winding layer
consisting of 20 turns each and a complete bobbin comprising five layers in total. Yield limit
was another crucial parameter analysed that described the point where wire transitioned from
elastic to plastic deformation with O or 1 representing ®gpective states. Caster angle was
an angle that defined the orientation between the winding location at the bobbin and the wire

guide.
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Figure5.2. Factors introduced to the SML algorithms for comparison.

This research utilised two types of models to analyse the data, a regression and a
classification model. While theegression model forecasted changes in electrical resistance by
each coil winding turn's percentage variation, the classification model, on the other hand,
successfully identified geometric faults per turn. To determine how well each model performed
predidions, both models were evaluated using established techniques.

Predictive accuracy was deployed successfully during the evaluations for both models,
along with limited simulation periodsnd varied dataset sizes (Figure)5The comparisons
between the SML algorithm advantages and disadvantages were discussed using three crucial
parameternitially (winding speed, wire gauge, and bobbin shape), rather than six. This was
done to compare the different algorithms based on their computational complexities while
increasing practical applicability through minimising ow#irig risks as suggested by Greasley
& Edwards[82].

Theframeworkinvolved utilisingthree distinct datasets (consisting of differing data sizes)
containing various levels (ranging from 1% to 20%) of added white Gaussian noise through
random perturbations inherent within each simulation model's output structure. Adding said
noise levelsnt o t he model 6s simulation would prod
uncertainties associated with realistic industrial manufacturing scenarios necessary for testing

the corresponding model's robustness effectively under varyinghgataconditiong6].
5.2.1 Analysis of Supervised Learning Algorithms for Linear Winding Process

In this analysis, it was examine how different supervised learning algorithms perform when

it comes to predicting electrical resistance during the winding process. Accuracy charts have
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been plotted which showcase how well these algorithms predict winding speed (which ranges
from 100 to 350 rpm) and electrical resistance (which ranges from 100, to 900 milliohms). The
original values are represented by the blue markers while the red samkigate the
predictions made by the algorithm. For this evaluation, a dataset comprising 40,000 data points

was utilised and no noise was introduce during testing.
A. Analysis of regression modelfr predicting electrical resistance during linear winding

The DT algorithm has shown promising abilities when it comes to the linear winding
process. TheMSE of 0.156 indicates a reasonably accurate prediction. By looking at the
accuracy plot (Figur®&.3), it is possible to see that the algorithms predictions (shown in red)
closely match the resistance values (shown in blue) at different winding speeds. This suggests
that theDT algorithm has the potential to accurately predict resistance during linear winding a

factor, in the manufacturing processkii.
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Figure5.3. Regression model performance of Blemodel showing the predicted electrical

resistance (in red) compared to the actual values (in blue), with a MSE of 0.156.
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TheRFalgorithm, which is a technique, for ensemble learning showed impressive accuracy
when it came to predicting electrical resistance in the linear winding process. It achieved a level
of precision with a MSE of 0.142 as shown in Fighee Its effectiveness comes from using
ensemble learning, which combines the outputs of multiple trees to reduce overfitting and
improve accuracy. MoreoveRF is known for its ability to handle linear relationships and
accurately assesses the importance of featuresseTfactors contribute to its predictive

performance, in the manufacturing domain.
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Figure5.4. Regression model performance of the Random Forest model showing the prec
electrical resistance (in red) compared to the actual values (in blue), with a MSE of 0.1«

In this case the SVM algorithm, known for its flexibility and effectiveness showed a MSE
of 40529 as shown in FiguBes. This indicates a difference, between the predicted electrical
resistance and the actual values. There could be multiple reasons behind this less than ideal
performance. Firstly, the accuracy of SVM is greatly influenced by the choice of
hyperparametersf.these parameters are not properly tuned it can have an impact on the results.
Secondly, if the relationship between winding speedeaadtrical resistance is highly non
linear, SVM might struggle to model it. Another important factor is theppoeessing of data,
including scaling and normalisation. This step is crucial for SVM to perform at its best because
it is sensitive, to how fgures are scaled. Lastly, given the complexity of both, SVM models
and the dataset itself there is a possibility that overfitting occurred. This highlights the

importance of controlling model complexity to avoid such issues.
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Importantly the analysed algorithm showed an enhancement in their predictive accuracy
when it came to electrical resistance particularly within the 550 to 600 milliohm range. This
specific interval seemed to be crucial as it exhibited a level of pre@setter alignment
with the actual values predicted by the algorithms. The reason behind this improvement can be
attributed to the algorithms ability to effectively capture and understand the patterns and

dynamics inherent in the winding process, witthiis particular resistance range.
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Figure 55. Regression model performance of the SVM model showing the predicted elect

resistance (in red) compared to the actual values (in blue), with a MEES20

The KNN algorithm did not perform well as expected with a MSE of 39052 as shown in
Figure5.6. It particularly struggled in predicting electrical resistance values that were above
600 or below 150 milliohms. Most of its predictions fell within the range of 150 to 600
milliohms suggesting that it was more accurate in that specific zone. Howdnaar,itaxcame
to values outside this range the algorithm faced difficulties due to its reliance on neighbours
for predictions. This made it sensitive to the distribution and density of data points. Therefore,
the algorithms performance was affected by da&farasentation and irregularity in data
distribution beyond the mentioned range. To enhance its accuracy across all resistance values
carefully should be given to the ppeocess data and potentially explore weighted distances,

for neighbour contributions.
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Figure5.6. Regression model performance of the KNN model showing the predicted elect

resistance (in red) compared to the actual values (in blue), with a M6

The performance of tHeB algorithm was not optimal as it had a high MSE of 32938 as shown

in Figure5.7. Interestingly the algorithm faced challenges in predicting a wide range of
electrical resistance values. It often focused its predictions on points like 200, 300, 500 and 650
milliohms. Among these, the algorithm frequently predicted values aroundi8i@bms. This
tendency to localize predictions indicates that the algorithm struggled to capture the
complexities and variations within the continuum of resistance. The lodalaeire of its
predictions may be attributed to assumptions about feature independence inhereMBo the
algorithm. To improve its adaptability and accuracy across a range of electrical resistance
values possible enhancements could include advanced feature engineering addressing

assumptions, about feature independence and exploring ensemble techniques.
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Figure 5.7. Regression model performance ofNBanodel showing the predicted electrical

resistance (in red) compared to the actual values (in blue), with a MEP88

The tune ANN showed promising performance with a MSE of 148 as shown in Bi§ure
were most of the predictions were accurate and aligned well with the actual electrical resistance
values. However, there was an anomaly in the predictions between 100 and 250 rpm,
specifically at an electrical resistance of 650 milliohms. During tinigaathe model had some
mispredictions that deviated from the values. These discrepancies might indicate that the ANN
model is sensitive to combinations of speed and electessstance, which warrants further
investigation into potential causes like insufficient training data in that range network

architecture.
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Figure5.8. Regression model performance oftimee ANNmodelshowing the predicted

electrical resistance (in red) compared to the actual values (in blue), with a M88 of

In this evaluation of different supervised learning algorithms, each algorithm demonstrated
its own unique strengths and weaknesses when it came to predicting electrical resistance during
the linear winding process. THRT algorithm although it had a MSE of 0.156 showed only
moderate predictive ability. However, tiRF model outperformed it with a MSE of 0.142

indicating its proficiency in capturing underlying patterns in the data.

The SVM algorithm showed an MSE of 40529 suggestingaumuirate predictions for
electrical resistance. On the hand both the KNN ldBdalgorithms had even higher MSEs
(39052 and 329338 respectively) indicating significant challenges in making accurate
predictions. NotablyNB exhibited a bias towards specific resistance values, which limited its

ability to provide diverse predictions.

Lastly, the tune ANN displayed promising potential with an MSE of 148. Although there
were some mispredictions at data points, particularly around 650 milliohms within a specific
range of speeds the ANN showcased overall accuracy. In conclusioRFtladgorithm
emerged as the effective, in predicting electrical resistance followed closely Dy Hrel the

tune ANN models.
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B. Analysis of classification modelsfor predicting geometrical faults during linear
winding

In this section, the goal is to assess how six different supervised learning algorithms perform
on the winding model focusing on classification. To evaluate their performance confusion
matrices were used to analyse how well each algorithm classifies @lata mto specific
categories. A confusion matrix can be used to understand the algorithms accuracy, in
identifying true positives true negatives, false positives and false negatives providing an

overview of their classification accuracy.

When evaluating the accuracy of classifications using confusion matrices geometric states
that may occur during the linear winding process were represent. Each state signifies a
condition or pattern that the model aims to classify. Here is a breakdoWwe stattes shown

on the axes:

1.No Fault: This is when there are no irregularities or faults in the process, which is considered
an ideal state.

2. Double Winding: It refers to when the wire is wound in a double loop instead of a single
one resulting in a fault.

3. Gaps: This indicates gaps or spaces in the winding deviating from the desired uniformity.
4. Crossing: This happens when wires cross or overlap, creating irregularities in the pattern.
5. Flange Winding: It describes winding at the edges or flanges of the bobbin.

6. Loose Winding: It represents winding that is too loose or slack deviating from the desired
tightness.

By utilising these states within a confusion matrix, it is possible to evaluate how accurately
each algorithm classifies instances into these specific fault categories. This provides insights,

into how well the classification models perform.

The DT algorithm demonstrated an overall accuracy of 90.86% as shown in BEi§ure
indicating its ability to correctly classify the majority of instances. However, it is important to
investigate the misclassifications in the confusion matrix for an understanding of its
performance. It seems that the algorithm sometimes misclassifig winding as 'Double

Winding' (110 cases). This could be due to the complexity involved in the process. In situations,
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slight variations in the winding pattern may resemble a double loop leading to

misclassification. The algorithm might struggle to distinguish these subtle differences.

Moreover, there are instances where gaps are misclassified as ‘Loose Winding' (399 cases).
This could be because both types of faults exhibit irregularities that deviate from uniformity
making it challenging for the algorithm to differentiate between tlespecially when the
variations are subtle. Similarly, there is a tendency for 'Crossing’ faults to be misclassified as
'‘Double Winding' (363 cases) possibly because the algorithm finds it difficult to discern the
nuanced differences between these faulesypCrossing' involves wires overlapping or
crossing paths, which can resemble a pattern of 'Double Winding' in cases and cause confusion,
for the model.
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Figure5.9. Classification performance of tBd model, with an accuracy of 90.86%, highlightil

misclassifications across different geometrical states.

The RF algorithm obtained an accuracy rate of 98.8886shown in Figur®.10, which
indicates its strong ability to correctly classify instances. While there are some
misclassifications they are relatively minimal. When the algorithm misclassifies 109 instances
as 'Double Winding' that were actually non faulty, it suggests aedgglin distinguishing
normal winding patterns from those that resemble 'Double Winding." This misclassification
could occur when occasional variations in the winding process mimic the pattern of a loop
causing confusion, for the model. However, it is mooacerning when the algorithm
misclassifies 11 actual 'Double Winding' instances asfawoity. This implies that some
genuine 'Double Winding' faults are not being accurately identified. It is possible that the
algorithm fails to capture all the patterthgt define 'Double Winding,' leading to these false

negatives.

Despite these misclassifications, tR€& algorithm still demonstrates great accuracy. Its

capability to handI®T and combine their results allows for highly accurate classification of
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different geometrical states. However, further optimisation and fine tuning may be necessary
to reduce the occurrences of misclassifying 'Double Winding' cases-éauttyrand improve

the precision and reliability of the algorithm.
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Figure5.10. Classification performance of the Random fonestiel showcasing an accuracy c
98.83%, with minor misclassifications between geometrical states.

The SVM algorithm achieved an accuracy rate of 98.48%shown in Figuré.11,
indicating its proficiency in accurately classifying geometrical states. A notable concern is the
misclassification of 110 instances as fianlty when they were actually 'Double Winding.'

This suggests that the SVM algorithm may struggle to distingueshden winding patterns

and those resembling a 'Double Winding' pattern. It seems to be sensitive to variations in the
process that occasionally mimic the 'Double Winding' pattesulting in these false negatives.
Another issue arises from the misclassification of 42 instances of 'Double Winding' as 'Flange
Winding." This indicates a similarity in patterns, between these two types that poses a challenge
for the algorithm to di#rentiate accurately. Fistaning may be necessary to distinguish these

distinct geometrical states.
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Figure5.11. Classification outcomes of the SVM model with an accuracy of 98.48%, captL

slight misclassifications, particularly related to double winding.
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The accuracy of the KNN algorithm is impressive at 92.38%shown in Figur®.12.
However, it does have an issue where it sometimes misclassifies certain types of fauks as non
faulty except for the 'Loose Winding' fault. This drawback is concerning because
misclassifying faults can have consequences in manufacturing processesndie [specific
when the algorithm misclassifies 'Double Winding," 'Gap," 'Crossing' and 'Flange Winding' as
faulty instances it could potentially lead to overlooking imporpaoblems during the linear
winding process. Gap had the highest rate of misclassification, where the KNN algorithm
incorrectly classified up, to 249 instances. To address this concern, further investigation and
adjustments, to the algorithms parameters haynecessary. This will help improve its

sensitivity to fault patterns and ensure identification of various geometrical states.
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Figure5.12. Classification results of the KNN model demonstrating an accuracy of 92.93%

displaying varying misclassifications, notably in recognizing loose winding.

In theNB classification with a accuracy of 98.22% shown in Figurg.13,there is a pattern
worth mentioning when it comes to misclassifications between 'Double Winding' and 'Flange
Winding'. Specifically, there were 42 instances where 'Double Winding' was mistakenly
labelled as 'Flang&/i n d i n g 8uggestshsone Bimilarities in their featudsdditionally,
'Flange Winding' was incorrectly identified as 'Crossing' 22 times indicating an overlap or
similarity, in their characteristics. This pattern highlights the importance of refining our
features and fine tuning the algbm to accurately differentiate between these complex

geometric states.
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Figure5.13. Classification performance of the model with an accuracy of 98.22%, demonstrat
some misclassifications, notably associated with double winding and flange winding.

The classification model ANN had an accuracy rate of 98.35% when it comes to classifying
different geometric states during the winding pro@ssshown in Figurb.14. However, upon
examination of misclassifications valuable insights were obtained specifically in which '‘Double
Winding' appears to be a point of confusion. It has been misclassified as 'Flange Winding' 126
times. This suggests that there may be someagiiiels in the patterns of features between
these two states and it could be due to thmpdexities involved in wire placement and

variations in tension that occur in both cases.

Moreover, it is interesting to note that 'Crossing' has been misclassified once as 'Flange
Winding.' This raises questions about how distinguishable thesst&tas are based on their
features. There may be characteristics shared between 'Crossing' and 'Flange Winding,' which
could lead to this particular misclassification. It poses a challenge in defining features that
clearly separate these states possildyireng a more refined set of features or adjustments to
the algorithm.

Furthermore, the fact that Crossing' has been misclassified as "Flange Winding' four times
and 'Double Winding' seven times suggests a potential overlap in their feature space. These
geometric states might exhibit similarities making it difficult for #igorithm to establish a
clear boundary, between them. Improving feature selection by considering these nuanced

differences could enhance the performance of the model.
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Figure5.14. Classification outcomes of the tune ANN model with an accuracy of 98.35%,

highlighting misclassifications and trends in categorising diffegyentnetrical states.

In summaryRF and SVM showed accuracies of 98.83% and 98.48% respectively making
them stand out. These models excelled in distinguishing geometric $é&tetisplayed
stability while SVM showcased separation boundaries. On theMan&NN, NB and ANN
achieved accuracies above 90% indicating their suitability for this task. However, they did have
some misclassifications, particularly when categorizing 'Double Winding' and 'Flange

Winding," which suggests that there are overlapping featuremmmatte

The recurring trend of misclassifying 'Double Winding' as 'Flange Winding' across models
(and vice versa in some cases) highlights the importance of having clearer feature definitions,
between these states. Furthermore, distinguishing between 'Crosgdittgaage Winding' also
proved challenging at times indicating an area where feature refinement is needed.

5.3Expansion of database through noisy data integration

Expanding a database, by incorporating data using Gaussian noisgheations in the
field of machine learning and data analysis. One essential benefit is improving the robustness
and generalisation of the model. By introducing Gaussian noise into the dataset during training
the model becomes more adept at handlingatiaris and uncertainties present in real world
data. This enhanced robustness ensures that the model can effectively adapt to noisy data it

may encounter when used practically making it more reliable.

Additionally, integrating data into the dataset promotes a diverse representation of
information. Injecting noise expands the range of patterns and variations captured in the
dataset. This increased diversity helps models identify features and pattetmees@imaking

them more versatile and adaptable to various scenarios they may encounter during application.
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Another significant advantage of incorporating data is its role in preventing overfitting.
Overfitting occurs when a model overly optimises for the training dataset potentially leading
to performance on data. By including data, randomness and complexityraduced into the
dataset discouraging models from relying heavily on specific patterns that may be unique, to
the training data itself. This helps in creating a model that can generalise better and is not

overly dependent, on the details of the tragndata.

Furthermore, including noisy data makes the dataset more similar to real world conditions
making the models training more realistic and practical. Real world data often contains noise
caused by factors like measurement errors, environmental conditionmanimistakes. By
incorporatingdata, the model learns to identify patterns, amidst real world noise, which
accurately represents its intended application environment. Lastly, integrating noisy data leads
to an expanded dataset that acts as a form ofdataentation. This larger dataset allows for

training potentially enhancing the models learning and overall performance.

The preference, for using Gaussian noise as a technique to enhance datasets through data
augmentation is rooted in its properties. Gaussian noise, characterizeddlyshaped
probability distribution known as the distribution offers a practical approach. This distribution
is well defined making it easy to work with widely recognized in the fields of statistics and
probability theory[161].

Moreover the application of Gaussian noise is supported by the Central Limit TH&prem
This theorem states that when a large number of variables are summed together regardless of
their originaldistributions,they tend to follow a Gaussian distribution. Therefore, Gaussian
noise does notonly posses®legance but also mirrors the aggregation of various random
influences commonly observed in natural processes and measurements. The widespread
occurrence of Gaussian noise, in processes makes it a suitable option for simulating
uncertainties encountered real world situations. This has ledits use in modelling and

simulations.

Although other types of noise such as uniform noise, Poisson noise or Laplace noise have
their applications and advantadé®9], Gaussian noise stands out due to its versatility and
broad range of uses. It can represent a spectrum of uncertainties from fluctuations to significant

deviations. This aligns well with inference, hypothesis testing and meaningful analysis of
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results. Consequently, Gaussian noise is an appropriate choice for data augmentation as it

enables model® handle uncertainties that arise across different domains.
5.3.1 Steps to extend a data base using Gaussian noise

Using Gaussian noise to enhance the dataset is a technique for introducing variability and
resilience. Unlike other methods, like linear transformations or simple random noise addition,
Gaussian noise offers a more realistic and flexible way to simulate vaeabworld
scenario$109]. This randomness follows a distribution enabling the generation of data points
that closely mimic natural fluctuations observed in manyweald phenomena. As a result,
it enriches the dataset by making it more adaptable aedsei.

Figure5.15 presents the steps involved in extending a database using Gaussian noise:

dataset

to augment

Step 7:
Validate and

Test

variability

y St'?IP 1: Step 2:Determine CSTEpI:;: GStep 4:
amiliarise which variables alculate enerate
with the average and Gaussian

noise samples

Step 6: Adjust or
scale noise
values as needed

Step 5: Add
noise into

existing data

Figure5.15. Steps to extend a data base using Gaussian noise (adaptED8Hm

In the first step, it is important to familiarise yourself with the dataset that is relevant to the
winding process. This means examining features like speed, tension, bobbin shape, wire gauge
and other relevant factors. Moving on to the second step,fidertich specific variables
associated with the process need to be enhanced or modified. These variables could include

speed, tension or wire gauge.

Moving on to the third step, the standard deviation for each selected variable based on the
data from the dataset needs to be calculated. These statistical measures play a crucial role, in
generating Gaussian noise that accurately reflects the charaxdesfsthe dataset. Then in

step four, generate Gaussian noise samples using these calculated average and standard
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deviation values. It is essential to ensure that this generated noise truly captures the variability

and distribution observed in the existing dataset.

Now, in step five it involves integrating this generated Gaussian noise into their variables
within the dataset from the linear winding process. This integration effectively expands the
dataset by adding 10,000 extra data points. Step six requires agustioaling these noise
values so that they align appropriately with the context of the process. For example if certain
variables such as wire gauge (0.30 to 1.10 mm) have defined ranges it's important to make

sure that these adjusted noise values faliwithose ranges.

Finally, step seven focuses on validation and testing. Validate the dataset to ensure that the
added noise aligns with the intended distribution and accurately represents the characteristics
of the winding process. Evaluate how this expanded datasetsafiectel performance, by
testing it within theRF model. These steps collectively outline how to extend a dataset using

Gaussian noise and apply it to the winding process data set.
5.4Validation process through experimentation

Experiments were conducted utilising a linear winding machine whereby validating
regression and classification models was achieved by comparing predicted values against
actual measurements obtained from the winding machine. The objective was to detegmine t
extent of accuracy within each of the models while attempting to handiweddl data inputs
effectively. Furthermore, it was demonstrated how well these models performed in providing
accurate outputs when utilised in authentic production environmemsvorth noticing that
this research was only able to verify the model's results in linear winding processes exclusively,
limiting its abilities for generalisability outside this scope. However, other winding processes,
such as needle winding, may linde different applications and features that are subject to
various challenges unique to themselves, making predictions of their outcomes an arduous task

wherein new experimental techniques are required.

To validate the results obtained from the chosen SML algorithms, a series of empirical
experiments using a linear covinding machine (200 mm Coil Winder MK4) were conducted.
These laboratory tests were structured according to the DoE pringlgleas presented in
Table5.1 and involved performing a total of 33 triélsglivided into two set$ utilising a wire
gauge measuring 1 mm (the most frequently used in industry). Thoatuthese experiments

variousinput parameters were varied, such as alterations in bobbin shape as well as rotational
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winding speed settings, while also examining their impacts on performance metrics within coll

winding.

Table 5.1. Experimental Design for Line&inding Process: Variation in Speed, Copper Wire Si
Layers per Bobbin, and Bobbin Shape

Experiment | Experiment Copper Wire |Layers per )

Set Number Speed (rpm) Size {[mm) Bobbin Bobbin Shape
1 1 200 1 1 Square
1 2 400 1 1 Rectangle
1 3 600 1 2 Square
1 4 800 1 1 Rectangle
1 5 1000 1 2 Square
1 b 1200 1 1 Rectangle
1 7 1400 1 2 Square
1 8 1600 1 1 Rectangle
P 1 200 1 1 Square
2 2 250 1 1 Rectangle
2 3 300 1 1 Square
2 4 350 1 1 Rectangle
2 5 400 1 1 Square
2 b 450 1 1 Rectangle
2 7 500 1 1 Square
2 8 550 1 1 Rectangle
P 9 600 1 1 Square
2 10 650 1 1 Rectangle
2 11 700 1 1 Square

First set of experiments: Highspeed increments

The first experimental set was made up of 22 test runs that incorporated significant speed
variationthrough rampup intervals, these speed increments were measured at 200 rpm per
interval. During this set of experiments, the copper wire size was kept constant, at 1 millimetre.
However, the focus was on analysing how an incorrect wire laying when a wafecteated
in the first layer affected multiple number of layers per bobbin. Therefore, during this set,
experiments using 1 to 2 layers per bobbin were conducted to observe and analyse any
inaccuracies, in the wire laying process and their implicatioastly, in these experiments,

two different bobbin shapes were tested, which included square and rectangle bobbins.

Hybrid Computational Framework 157



Second set of experiments: Lovgpeed increments

The second set of experiments consisted of 11 trials. These trials aimed to examine
variations in speed with ramp up intervals at intensities (50 rpm per interval). Unlike the first
set of experiments, for the second the number of layers per bobbin wa®ksigtent at only

one layer. This allowed the analysis of how speed variation, on its own influenced the process.
5.4.1 Results from the validation through experimentation

Postexperiment evaluations evidenced remarkable correlations between predicted results
obtained through the SML algorithms and the actual performance scores. This demonstrated
the high level of accuracy anticipated for the proposed algorithm with thességm and
classification models across numerous types of winding configurations avallableesults
highlight how effective an SML approach can be at predicting faults within coil winding

processes.

Tables5.2 & 5.3 present the SML comparison results wherein every individual table
corresponds to a certain model type, either regression or classification model. The tables
offered concise insights into the efficiency of every algorithm concerning accuracy,
computationtime, and other important metrics. In fact, these tables presented comparisons
between several SML algorithms used across databases of different sizes and were catered
towards various models (regression and classification). Each tableneshsat columns that
highlighted values obtained, corresponding to separate input parameters, like normal MSE or
computational time required to run the algorithm expressed in seconds, together with
associated accuracies and models having fewer inputsleegde. The rows within each table

evaluate an algorithm's performance based on the selected input parameter.

The assessment of the machine | earning al gc¢
any modifications was referred to as the "Normal" column in this research. The effectiveness
and quality of a regression model can be closely monitored through kéemkgf its MSE
value displayed in the normal column. To determine whether a regression model has
performed well or not depends on whether it achieves low MSE values which ensure that
predicted outcomes match closely with actual readings obtained fsbofata. Similarly, for
classification models, accurate predictions would result in higher percentages showcased by
its accuracy rate presented in its corresponding normal column agairigerelaksifications

obtained from testing data.
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Results affirmed that for multiple database sizes (small/medium/I&gé¢nd to perform
better than competing algorithms when it comes to regression models, as shared%PTable
Evaluating the model, with multiple data sizes can provide insights into whether the model
tends to overfit or underfit in various scenarios thereby guiding the need, for appropriate
adjustments. In terms of classification analysis (see TaB)eRF provided great outcomes
with nearperfect accuracy stood out significantijneng DT & ANN models in distinct

databases.

Incorporating Gaussian noise into a model is crucial as it helps replicate the unpredictability
of realworld scenarios and introduces diversity. This in turn allows for an evaluation of the
models capabilities and its ability to handle uncertain and noisy data. Remarkably enough,
adding noise into datasets did not impacted significantly oREextraordinary proficiency
over its fellows despite expected variations. The reasonRMRy@re resilient to noise could
be attributed to its structure, which cbimes predictions from multiplBT. This approach
helps reduce the influence of data points ensuringRRatontinue to perform exceptionally

well even when there is additional noise present.

Regarding the database sizes: As for the Gaussian Noigevels:
i qull: 19,000 data pointg 1 Low: 1%

i Medlu.m. 20,000 data pomts 1 Medium: 5%

1 Large: 40,000 data points 1 High: 20%

The Gaussian noise levels selected were determined through a comprehensive approach
combining insights from literature review (reference), previous research experiences, and
feedback fromndustrial experts. This mulfaceted strategy ensured that the chosen noise
levels were both theoretically grounded and practically applicable, aligning with the research's

objectives and the reatorld scenario of the dataset.

Through analysis, it was determined that SML algorithms were more accurate when more
process parameters were included, as there is a positive correlation between their accuracy and
parameter inclusivity in models. When all six parameters were utiliseghtbaed accuracy

was achieved, signifying how vital utilising a comprehensive suite of input variables can be in
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constructing model accuracies. Moreover, it was revealed that algorithmic computational
times relied on parameter numbers; fewer inputs resulted in faster processing times.
Irrespective of this, some algorithms like SVM axB were not significantly impacted by
increasing parameter numbers with normalised processingrames.

NB and SVM are reliable algorithms for classificati®7][82]. They are not easily
influenced by an increase in input parameters or irrelevant features. SVM is particularly adept
at handling outliers and can effectively establish decision boundaries even in high dimensional
space$123]. Contrary NB operates on a Bayesian probabilistic framework that performs well
in higher dimensions by leveraging its assumption of independence, between fi@&&lres
Lastly, a decrease in accuracy was observed with high noise levels for SML implementations,
according to our resultsThe accuracy of these algorithms decreased when noise was
introduced to the database because noise brings in irrelevant information that can confuse the
classification proces®NB assumes that features are independent and noise can disrupt this
assumption resulting in dependable probability estimfit83]. SVM strives to identify
decision boundaries and noise can cause misclassifications making it more challenging to

accurately separate data poifit87].

The decisiormaking difficulty arises from choosing between multiple effective methods
based on comparability regarding factors such as MSE, which measures model accuracy
concerning time consumption, computatiise, among others considered for our eviibma
[110]. The results reveal that among SML algorithiRE,demonstrated superior prediction
accuracy and computational efficiency compared to ANNRRhdluring the experimengs
outlined in Tablé 4.

RFwas the best performing algorithm out of all those assessed. While other models varied
between promisingly successful predictions rates, their datasets did not match the precision
level presented by the preferred methBdF)( It is recommended that during the selection
process, algorithms should be selected based on their intended use of either regression or
classification. Results have shown tHRIE remains a viable option in predicting faults

(regression or classification) during coil winding.
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Table5.2. Comparison of SML algorithms used to predict the electrical resistance variation using a regression n

Regression model
Small size data base
Algorithm Normal Time Less Inputs Low Noise |Medium Noise| High Noise
(MSE) (sec) {MSE) {MSE) {MSE) (MSE)
Decision tree 1.06E-05 0012 8877 0.001 33853.008 74457611
Random forests | 4.96E-05 0.527 0.661 0.000 17391.274 41278.502
SV (9293371 f.032 A5293 434 A9292 281 BR29A. 280 A9299 A4
KM 56192.413 0.068 36241777 BEYE3. 506 TO9ETTTE 0079733
Maive Bayes 56659396 0.010 57151718 56675043 57029997 58147182
AWM 53727155 5139 40562 635 175 889 21941 214 44037 859
Tuned ANN 57025 36.142 78693 4462 509 29123.410 50425850
Medium size data base
Algorithm Normal Time Less Inputs Low Noise [Medium Noise| High Noise
(MSE) (sec) {MSE) {MSE) {MSE) (MSE)
Decision tree 8.96E-06 0.019 835911 0.00025 34258.705 B5433.753
Random forests | 1.39E-05 0.969 8.05601 0.00016 17023.527 36512 877
STV 64775, 10 23409 64713816 64777 RS 64794 597 f4794.012
KMM 46436, 38 0.12% 31887110 62514 667 B3157 183 A5623.351
Maitwve Bayes 5308492 0.058 53111.955 53135 264 53578.540 54218.378
AWM 48503.08 11.336 36E07 826 23544 620 30ET0.FTS 38387342
Tuned ANN 329.07 8621 126,330 A89 522 20275535 41250.020
Large size data base
Algorithm Normal Time Less Inputs Low Noise |Medium Noise| High Noise
(MSE) (sec) {MSE) {MSE) {MSE) (MSE)
Decision tree 0.156 0.035 8359 0.380 16808191 41612.006
Random forests 0.142 2.277 8.956 0.229 9062 .494 21736.310
SV 40529 314 88,554 f4713. 816 53168203 53167 622 53173.368
KM 39052865 0.249 31887110 50853274 51769 254 52430471
Maive Bayes 32938.593 0.065 53111.955 32961.317 33617.950 35368.012
AWM 33397427 15,540 36E07. 826 515 626 137155903 21829 835
Tuned AWM 148,138 87928 126,330 35270 17638035 26226, 156
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Table5.3. Comparison of SML algorithms used to predict the type of geometrical fault using a classification

Classification model
Small size data base

. Normal . Less Inputs Low Noise Medium Noise High Noise

Algorithm {Accuracy %) Time (sec) (Accumcg %) | (Accuracy %) | (Accuracy %) (Accg:ml:y %)
Decision tree 06956 0.009 04612 0.6956 06956 069568
Random forests| 0.9994 0.269 0.7380 0.9996 0.9994 0.9904
SVM 0.9994 0.786 06592 0.9996 0.9994 0.9994
ENN 0.9704 0.1&81 07174 08738 05100 0.7748
Natve Bayes 0.9934 0.028 0.5604 0.9936 0.9934 0.9994
ANHN 09924 T416 0.372 1.0000 0.9994 0.9992
Tuned ANN 1.0000 21.058 0.5494 1.0000 1.0000 1.0000

Medium size data base

. Normal . Less Inputs Low Noise Medium Noise High Noise

Algorithm {Accuracy %) Time (sec) (Accumcg %) | (Accuracy %) | (Accuracy %) (Accg:ml:y %)
Decision tree 05384 0.011 06823 0.5384 0.5384 05384
Random forests| 0.9998 0.541 0.8570 0.9996 0.9990 0.9983
SVM 0.9973 52417 07271 09923 0.9981 0.9949
ENN 0.9741 0.3%4 0.5508 0.9266 05965 05642
Natve Bayes 0.955%4 0.034 06525 09895 09895 0.9895
ANN 0.9985 10.633 06784 0.9952 0.9971 0.9987
Tuned ANN 0.9939 38473 0.7386 0.9985 0.9949 0.9973

Large size data base

. Normal . Less Inputs Low Noise Medium Noise High Noise

Algorithm {Accuracy %) Time (sec) (Accumcg %) | (Accuracy %) | (Accuracy %) (Accg:ral:y %)
Decision tree 0.9084 0.019 0.7658 0.9086 0.9084 0.90848
Random forests| 0.9883 1.633 0.8243 0.9800 0.9888 0.9883
AWM 0.9345 319,183 0.7434 09844 0.9343 0.9842
ENN 0.9293 0.749 0.5450 089148 05735 0.5464
Natve Bayes 09822 0027 077451 09822 09822 09822
ANN 0.9835 457704 0.6727 0.9868 0.9843 0.9837
Tuned ANN 09875 T4 545 07451 0.9870 0.9865 0.98668
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Table5.4. Results of the comparison between SML algorithms.

Regression Classification
1st Random Forest Random Forest
2nd Decision Tree Artificial Neural Network
3rd Artificial Neural Network Decision Tree

5.5Results from the validation process with experiments on a coil winding machine

The results in section 5.4 suggests that an effective approach to predatiagnding
faults is by utilising thékF algorithm. Results demonstrated outstanding performance by this
method in both regression and classification models. To validate this claim, a linear coil
winding machine was employed, which showed the accuracy rates of the model when
variations were intrduced in the form of four experiment configurations, as presented in Table
55. For instance, findings indicated that the square bololassification model was
exceptional with an accuracy rate of 99.33%, while its counterpart, a rectangular bobbin,
showed lower performance at 94.17%. The reasons behind this difference is explained in the
following sections. Nonetheless, whiRd= continues to be a feasible option in predicting coll
winding faults, further investigation is necessary for identifying ideal algorithms and
parameters fitting unique winding configurations.

Table55. Experimental results comparing the accuracy of a RRialgorithm against a linear
winding machine.

Experiment configuration | Accuracy
| Squarc.e Bobbin 94.85%
regression model
) Sq.uare Bobbm 99.33%
classification model
3 Rectangle Bobbin 94.92%
regression model
4 Rect.angle.: Bobbin 04.17%
clagsification model
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A. First Experiment Configuration: square bobbin regression model

The square bobbin experiment highlights electrical resistance analysis through regression
models with an impressive average accuracy rate of 94.85%. However, during initial
experiments, when examining the first layer of bobbins within this model, thegedeasease
in accuracy due to a higher percentage of faults present within this particular layer. The
explanation of why this occurred could be linked back to a lack of support for wire motion
since no prior wires helped guide its positioning (unlike ¢hafsthe upper layers), as shown

in Figure5.16.

Figure5.16. Geometrical faults such as crossings detected in the first layer of the square b
configuration.

Faults often arise on the first layer of winding because there is no exagppgrt to guide
the wires movement during this stage. When the winding process begins, the wire is placed
directly onto the bobbin without any layers to help position it. Unlike, in upper layers, where
the wires receive support and alignment from woungerks the first layer lacks this
foundational support. As a result, the wire on the first layer is more susceptible to instability
and misalignment, which can cause problems like overlaps, gaps or uneven winding. These
initial issues can spread through apfayers worsening as the winding process continues. The
absence of wires to guide positioning makes the first layer particularly prone to faults,

emphasizing how crucial it is to have control and monitoring during this phase of winding.

Despite these challenges faced early on, subsequent modelling work improved
significantly, as previous layers provided important guidance and information that contributed
towards greater precision. Results from the second set of experiments, which featcined

Hybrid Computational Framework 164



