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ABSTRACT

Electrified vehicular industry is growing at a rapid pace with a global increase in
production of electric vehicles (EVs) along with several new automotive cars companies
coming to compete with the big car industries. The technology of EV has evolved rapidly
in the last decade. But still the looming fear of low driving range, inability to charge rapidly
like filling up gasoline for a conventional gas car, and lack of enough EV charging stations
are just a few of the concerns. With the onset of self-driving cars, and its popularity in
integrating them into electric vehicles leads to increase in safety both for the passengers
inside the vehicle as well as the people outside. Since electric vehicles have not been widely
used over an extended period of time to evaluate the failure rate of the powertrain of the
EV, a general but definite understanding of motor failures can be developed from the usage
of motors in industrial application. Since traction motors are more power dense as
compared to industrial motors, the possibilities of a small failure aggravating to
catastrophic issue is high. Understanding the challenges faced in EV due to stator fault in
motor, with major focus on induction motor stator winding fault, this dissertation presents

the following:

1. Different Motor Failures, Causes and Diagnostic Methods Used, With More Importance

to Artificial Intelligence Based Motor Fault Diagnosis.

2. Understanding of Incipient Stator Winding Fault of IM and Feature Selection for Fault
Diagnosis

3. Model Based Temperature Feature Prediction under Incipient Fault Condition

4. Design of Harmonics Analysis Block for Flux Feature Prediction

5. Flux Feature based On-line Harmonic Compensation for Fault-tolerant Control

6. Intelligent Flux Feature Predictive Control for Fault-Tolerant Control

7. Introduction to Machine Learning and its Application for Flux Reference Prediction

8. Dual Memorization and Generalization Machine Learning based Stator Fault Diagnosis

Vi



’

“When something is important enough, you do it even if the odds are not in your favor.’

— Elon Musk

This dissertation is dedicated to those who get doubted upon, the weaker section, the
underdogs, but still choose to dream big and fight for their dream.
Be inspired and inspire others around you!

Stay hungry, Stay foolish!

MAY THE FORCE BE WITH YOU
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CHAPTER 1

INTRODUCTION

During the recent few years, due to increase in geo-political awareness, affordable
pricings, significant incentives from the government, cheaper cost to run has lead to
increase in sales and production of electric vehicles (EVs). It is being predicted that if this
current electric car revolution continues, by 2025, EVs will be as cheap as gasoline cars
and by 2038, EV sales shall surpass internal combustion engine cars [1]. Although the basic
concept of electric vehicle dates back to 1800s, EVs have not been able to cater to the needs
of commercial usage like gasoline cars have been. Thus, although the technology is not
new, the commercialization of EVs is fairly new and has not reached the maturity of
gasoline cars. Thus, the kind of problems that might occur in the long term usage of EVs
are at their primitive stages. There are mechanics every where to fix any kind of issues
arising in gasoline vehicles. But when it comes to EVs, according to market survey more
than 90% of mechanic car repair shops are not ready or have enough capabilities to fix
problems arising in an electric motor run vehicle. With an alarming production ramp up of
EVs some of which are autonomous at the same time, it is important to understand and
prevent any faults that might occur in the powertrain of EVs in future for safety of the
passengers. As more EVs are being used commercially, some of these EVs might have a
fault occurring due to manufacturing defect, irrational usage, long-term wear and tear or

unprecedented circumstances, which are inevitable.

1.1. Overview of Electric Vehicles in Canadian Market

With the modern paradigm shift to electric vehicles from the conventional gas cars, a
lot of research is being done. Most of the research concentration is being put into making
the batteries last longer, and designing electric machines of high performance efficiency
complemented by highly efficient control drive. This is done for optimized operation of
the motor and adequate amount of battery usage by having least amount of losses produced
in the whole drivetrain. Since the world is moving more and more to artificial intelligence
and self-driving cars, electric cars are the favourite of manufacturers considering it is much

easier to have a complete electric system starting from the LIDAR for self-driving to the
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control of the vehicle programmed into a high processing microcontroller to an electric
motor. This new revolution of paradigm shift from combustion engine vehicles to hybrid
and electric cars and also to self-driving cars, is here to stay [2]-[4]. With cars like Tesla
Model S and Model X being highly efficient on ‘fuel’, highest 0-60mph pick up, having
fast charging, are aesthetically designed; the auto car industry has moved to attract
customers with such features. Companies such as General Motors, Ford, Mercedes Benz,
BMW, Volkswagen and Toyota are now moving into developing such electric vehicles. A
comparative study of different EVs has been done in Table 1.1. 0-60 acceleration has been
considered in mph unit since it is a standard. Vehicles such as Nissan Leaf and Ford Focus
Electric have been around for a while but it could not attract the general mass because of
the fear of losing charge while driving and not being able to ‘refuel’ (charge the batteries)
the car as it would be to do with a conventional gas car [5]. A lot of research is being done
in order to alleviate the fears of the masses and making electric cars cheaper, better looking
and faster charging. But down the lane, these electric motor driven vehicles can have the
same fault issues as the industrial motors get that have been running continuously for
several years. Thus, this dissertation investigates in solving such fault occurrences that
might occur in the electric motor while the car is being driven, for the safety of the driver
and the passengers. For better understanding, it is important to understand the structure of
an electric vehicle. A sample image of Tesla Model S as shown in Fig. 1.1 has been used
to understand the structure. An electric vehicle mainly consists of an electric motor, a
battery pack, a battery management system, a controller unit for the motor and a main
control overlooking the vehicle dynamics [6]. Sometimes, it might have 2 motors in the
vehicle to make it an all-wheel drive (AWD). As it can be seen in Fig. 1.1(a), in the front
is the electric motor which is an induction motor in this case with its controller. Various
electric motors used in other commercial electric vehicles have been shown in Fig. 1.2.
Similarly, the back has a motor and a control unit consisting of the control and inverter
stack which can be seen in Fig. 1.1 (b). In the center, below the seats, the battery pack is
placed, since it has two advantages as it does not occupy space in the back or front of the
car and the whole vehicle has a lower center of gravity making it more stable while driving.
The placement of battery pack in the car varies from one car manufacturer to another.

Since, the electric motor is the heart of an electric vehicle, a healthy motor condition



determines the best operating condition of the motor, proper driving experience and safety
of driver and co-passengers. In the case of any fault occurrence in the motor while the

vehicle is being driven it will cause the passengers to be stranded in the middle of nowhere.

. Battery Pack

(b)

Fig. 1.1. Overview of an electric vehicle. (a) Layout of Tesla Model S powertrain. (b)
Physical layout of Tesla Model S with motor, controller and battery pack [7].
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(b) (c)

Fig. 1.2. Electric motors used in current electric vehicles. (a) Cross section of VVolkswagen
e-Golf permanent magnet motor. (b) Smart Electric permanent magnet motor with in-motor

controller. (c) Ford Focus Electric interior permanent magnet motor with gearbox.
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TABLE 1.1

COMMERCIALLY AVAILABLE ELECTRIFIED VEHICLES [8] —[10]

. Motor
Price | Range | 0-60 . Torque
Car Model (CAD) | (km) mph Motor Type Size (Nm)
(kw)
Smart forTwo | «a 800 | 109 | 9.8 | Synchronous 60 160
Electric
Ford Focus Permanent
Electric $31,498 185 10.1 Magnet 107 249
Kia Soul Permanent
Electric $35,395 150 11.8 Magnet 81 157
) Interior
Hyundai IONIQ | ¢35 519 | 177 | 81 | Permanent 88 205
Electric Magnet
Nissan Leaf | $35,998 | 172 | 10.2 Pf\;r;‘grr]‘:t”t 80 157
Volkswagen Permanent
o-Golf $36,355 134 10.4 Magnet 100 290
Tesla Model 3 Permanent
(Base) $40,000 350 4.6 Magnet 228 563
Chevrolet Bolt | $42,895 | 383 | 65 Pf\;lr;‘gr:‘st”t 150 160
BMWi3 | $48.750 | 183 | 7.1 P?\Zr;]gg:tm 127 249
Tesla Model S .
(75D) $95,350 210 2.5 Induction 193 249
TeslaModel X | ¢ 09 100 | 381 | 2.9 | Induction 103 249
(75D)
Tesla Model S Dual
(P100D) $174,700 | 507 2.28 Induction 193+375 | 249+649
Tesla Model X Dual
(P100D) $188,300 | 465 24 Induction 193+376 | 249+650
Fiat 500e usD Permanent
(USonly) | $31.800 | 2° | 87 Magnet 83 200
Mercedes
usD Permanent
BZggtleygus $39.900 140 7.9 Magnet 87 187




1.2.Background of Faults Occurring in Electric Motors for EVs

The invention of induction motor (IM) in 1888 by Nikola Tesla has been by far one of
the simplest and most rugged machines for conversion of alternating current electrical
energy to mechanical energy [11]. Since then IM has been widely used in various
industrial, commercial as well as automotive applications. With the advent of power
electronics and their implementations for control of AC electric motor since the 1960s, the
popularity of usage of IM increased exponentially. But that doesn’t mean that AC machines
like IM and permanent magnet synchronous motor (PMSM) are immune to any kind of
failure. Since IM and PMSM act as the main prime mover for many industrial applications,
any kind of failure occurrence leads to stopping the motor to clear the fault. Thus, losing
on production time and reduced productivity. With increase in use of IMs and PMSMs in
EVs, such kind of fault occurrence would mean the risk of safety of passengers as well as
the inconvenience cause by the need to stop the car, possibly at an inconvenient time and
place. Since there is always the probability of sudden motor failure, continuous online
condition monitoring and diagnostic are vital issues of electric machines to be done to

vastly improve the reliability, maintainability and safety of EVs.

Electric motor faults can be broadly categorised as electrical and mechanical faults.
Any kind of bearing, shaft, other eccentricity or loading fault are classified as mechanical
faults. Other kind of faults like stator winding burn, broken rotor bar, broken end-rings,
and drive based faults are classified as electrical fault. The classification of faults is shown
in Fig. 1.3. As per IEEE-IAS and EPRI surveys [12], [13] shown in Table 1.2, it can be
said that bearing fault is the highest occurring fault. Just after bearing fault, stator winding
fault can be rightly said as the second highest fault occurrence at approximately 37%. More
than 90% of the stator fault are related to stator windings. Considering, bearing is a
mechanical fault, stator winding fault can be rightfully assumed as the highest electrical
fault occurrence. It has been indicated in [14], that time taken for a single turn stator
winding fault to develop into a critical fault in a conventional 20 hp induction motor is less
than 2 seconds. Thus, the risk of stator winding inter-turn fault occurrence in a 504 hp
motor of a Tesla Model S is much greater. If the various faults are visualised as shown in
Fig. 1.4, it can be seen that stator fault is the highest electric fault occurrence in any motor.
Thus, this dissertation has primarily been focused on stator fault.

6



Induction Motor

Stator Fault

Winding Fault

Fault
Electrical Fault
Eccentricity
Fault
Drive Based
Fault Rotor Fault

Broken Bar Fault

Mechanical Fault

Load Fault

Bearing Fault

Broken End-ring
Fault

Fig. 1.3. Classification of induction motor faults.

m Bearing Fault

m Stator Winding and Stator
Related Fault

 Rotor Bar and Eccentricity

Fault

= Miscellaneous Faults

Fig. 1.4. Distribution of various fault occurrences in industrial induction motor.




TABLE 1.2

SURVEY RESULTS OF INDUSTRIAL INDUCTION MOTOR FAILURE RATE [12], [13]

IEEE-IAS Survey EPRI Survey
Component : :
(% of failure) (% of failure)
Bearing 44 41
Stator 26 36
Rotor 8 9
Miscellaneous 22 14

Electric motor

h 4

Feature selection such

as current, flux, noise

h 4

Signal measurement and analysis of feature

A

Comparative data such as look-up reference
table or Al predicted

YES

v

control

Post-fault operation
such as fault-tolerant

Fault decision

NO
v

Continuous safe
operation of IM

Fig. 1.5. General overlay of any fault diagnostic method for electric motors.
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1.3. Fault Occurrences and Diagnostic Methods
Various fault diagnosis methods have been developed depending on the type of method

or sensor used or by the reason the fault happened. Most of background study relates to

motor faults in general and not specific to EV application. The process of fault detection

to data processing and post fault detection general methodology has been shown in Fig 1.5.

Fault diagnostic methods can be classified based on the cause or method used as follows:

1. Based on the Fault Cause:

(a)

Thermal: Due to thermal stresses, the motor is subject to thermal aging which
means the motor in EV might need to be changed in a few years. An increase in
temperature leads to lower performance of the machine reducing the life span of
the insulation of the machine. A simple rule of thumb can be considered where a
10° increase in temperature can decrease motor insulation life by 50%. Other side
effects caused by thermal stress is thermal overloading which occurs due to
variation in voltage, unbalance in phase voltages, excess motor loading, improper
cooling of the motor and variation in ambient temperature. For example, a small
increase in voltage unbalance has an huge effect on the winding temperature.

Thereby exposing the windings to various faults [15], [16].

(b) Electrical: The types of electrical faults can be due to phase-to-ground, phase-to-

(©)

phase, and turn-to-turn faults leading to short circuit or open circuit winding,
overvoltage and, under voltage problems. An unbalanced supply from the inverter
side is also a huge cause of electrical stress to increase in the motor of the EV
powertrain. Tracking and corona effect arise at operating voltages above 600 V
which vastly effects the automotive drive system performance. At those high
voltages the transient voltage conditions leads to deterioration of stator insulation
ad case various line-to-line or, line-to-ground faults. With usage of power
electronics based drive units, the voltage transients subjected onto the motor are
continuous and more during motor start-stop [17]-[20].

Mechanical: The most common mechanical faults are bearing failure, rotor-shaft
misalignment and shaft deflection which can directly affect the wheels of the EV.

These can happen due to continuous usage and time, manufacturing defect or some



unavoidable circumstances. There are several other mechanical stress like loose
rotor balancing weights, loose rotor fan blades, improper tubing or collapse of
cooling pipe inside the motor, and loose parts striking the motor while the car is
being driven [21]-[25].

(d) Environmental: Environmental conditions affecting the system when used in
extreme situations, contamination, increase in humidity, hostile chemicals, or any
unwanted radiations can be categorized as environmental or ambient stress.
Existence of contamination particles can lead to reduction in heat dissipation,
thereby increasing the thermal deterioration of the motor. If those contaminations
are conducting, then a thin layer of that material can lead to surface currents and
electrical tracking, leading to additional electrical stress to be applied on the motor.
Destructive chemicals can degrade the insulation, or windings or the core material
and make it more vulnerable to mechanical stresses. To avoid such environmental
faults, the motor should be kept clean and dry internally, as well as externally, to
avoid the influence of any kind of moisture, chemicals, and foreign particles, or

develop motors with new advanced material which are more resilient [26]-[28].

2. Based on Sensor Application and Installation:

(@) Invasive: Placement of sensors inside the motor for detection purpose, such as the
application of RTDs or flux sensors placed right inside the motor for continuous
monitoring of the condition of the running motor. The advantage of this method is
that the health condition monitoring is extremely accurate [29].

(b) Non-Invasive: Sensors outside the motor such as current sensor is used for fault
diagnosis which does not involve tampering with the already manufactured motor.
Using such non-invasive sensor, the data collected is processed accordingly to
figure out the fault condition of the motor. This method of estimation is not so

accurate but the amount of sensors required are less and non-intrusive [30].

3. Based on Test Method used:
(a) Offline Testing: Motor needs to be removed from the vehicle and then checked
for fault developed. This method of testing is the oldest method to date. VVarious
research done in [31]-[40] has been tabulated in Table 1.3.
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TABLE 1.3

OFFLINE TECHNIQUES FOR FAULT DETECTION [31] — [40]

Core Technique

Methodology

Diagnostic Results

Winding

Resistance Test

Detection of shorted turns

e Ease of operation

¢ Detects only fault

Insulation Detection of phase-to-ground | e Ease of operation
Resistance Test | insulation e Can be used for both stator and
rotor winding
e Temperature sensitive
Polarization Detections of contamina- | e Ease of operation
Index tions and phase to ground |e Less sensitive than insulation
fault resistance test
DC High-Pot DC based phase to ground | e Ease of operation
Test insulation detection e More predictive than insulation
resistance and polarization index
method
o If test is successful, insulation of
the winding is fine
o |f test fails, a fault is detected
AC High-Pot Phase to ground insulation | e Better than DC high-pot test but
Test detection using AC more difficult to test
Surge Test Turn-to-turn insulation e |deal for finding insulation fault
failure e Cannot find fault due to grounding
error
e Destructive for the motor
Offline  Partial | Deterioration of phase-to- | e Gives proper results
Discharge ground and turn-to-turn fault | ¢« Not applicable for low voltage

detection

machines
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Dissipation Phase-to-ground and phase- | e Regular basis observation needed
Factor to-phase insulation to get data over period of time
deterioration detection e Can determine the exact cause of
deterioration
Inductive Phase-to-ground and phase- | e Easily affected by contaminations
Impedance to-phase insulation ground | and impurities
detection e Not so easy in operation
Terminal Turn-to-turn fault detection | e Analysis is independent of
Voltage unbalanced supply voltage
Signature e Can be done only after switching
Analysis off

(b) Online Testing: The EV need not be stopped for checking the motor for fault. It

can continue running as any fault occurrence will be indicated. Online methods of

condition monitoring are growing and continuous research is being done to improve

the methods. Research done as in [41]-[50] has been summarised in Table 1.4.

TABLE 1.4

ONLINE TECHNIQUES FOR FAULT DETECTION [41] —[50]

Core

Technique

Methodology
Implemented

Results Obtained

Motor
Current
Signature
Analysis
(MCSA)

Analysis of stator

current spectrum

* 3rd order harmonic was observed in the event
of stator turn fault.

» However, saturation of magnetic material and
unbalanced source supply also cause increase

in 3rd harmonics.

Shorted stator
turns as a search

coil

Observed stator currents at the terminal voltage
of machine just after switching it off. But, it

cannot provide continuous monitoring.

Stator power

analysis

AC components of power signal could detect

stator turn fault for severity more than 5%.
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Phase shifts

» Magnitude of phase shifts between the line
current and phase voltage was observed
indicating the stator turn fault.

* Immune to source unbalance.

Park’s vector
approach &
extended Park’s

vector approach

* Degree of ellipticity and major axes
orientation of the pattern was used to
determine the stator turn

* Fault severity and the faulty phase.

Current/voltage

* Negative sequence current/voltage and

voltage negative/positive sequence

components were used to detect stator turn

sequence faults accurately.
components * However, it is affected by asymmetries like
Sequence unbalance supply voltage and machine
Component saturation etc.
 Effect of unbalanced source on negative
Sequence o )
) sequence current has been eliminated in seq.
impedance
* Impedance method.
) * High frequency signals were injected for turn
High  frequency ] o ] ]
_ S fault detection due to its immunity to negative
signal injection
seq. component.
) * Air-gap torque being sensitive to stator turn
] Air-gap torque )
Air-gap fault was applied.
frequency
Torque * Non-zero angular frequency of the torque
components o
showed the faulty situation.
» Temperature estimation techniques based on
Temperature | Thermal model ) ) o )
o solving analytical lumped circuit, according to
Monitoring and parameter

based approaches

the variation of the resistance, was employed

to detect stator winding fault.
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Embedded » Metallic sensors were used to measure the
temperature local temperature which showed rise

detector corresponding to the faulty condition.

* Infrared thermal images based on image
Thermal images processing were used to detect stator turns

short circuit.

Expert system, .
o * Al techniques such as ES, NN, fuzzy, GA etc.
Artificial fuzzy, neural )
) ) employed for fault detection have been found
Intelligence | network, genetic
) advantageous as well as more accurate.
algorithm etc.

1.4. Machine Learning based Fault Diagnosis

As the background study presented in Section 1.3 relates more to faults and fault
diagnosis occurring in motors in general for all applications, it is important to understand
that such slow methodologies cannot be applied for EVs since a fault incidence can
compromise the safety of the passengers in the fraction of a second. Thus fast, and reliable
machine learning methodologies are needed to prevent fault in EV application. Many
researchers have worked on statistical fault diagnosis, mild machine learning algorithm and
hybrid neural network based algorithms to find faults in motor faster, with higher precision
and accuracy. Not much work has been done in the field of machine learning based fault
diagnosis although during recent times, there has been an inevitable increase in
development of machine learning algorithms for software applications. Just 5 years back
such processing power was not possible in microcontrollers or computers to process
humongous data produced by the system. But still some work has been done as shown in
the Table 1.5. The most commonly used machine learning methodology is using artificial
neural networks (ANN) and various forms of ANN such as back-propagation neural
networks, regression based neural network, hybrid neural network and fuzzy logic. As
shown in the Table 1.5, all the various machine learning techniques are either mild or
hybrid or computationally slow so not feasible to implement in a controller to be used in a
vehicle but highly feasible for industrial application based purposes where time is not

extremely crucial in term of the time between fault occurrence and damage done.
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TABLE 1.5

MACHINE LEARNING TECHNIQUES FOR FAULT DETECTION

Ref.

Machine Learning Techniques Used Number

High-breakdown statistical techniques which acts as a supervised classifier [51]

Hybrid of artificial immune and support vector machines [52]
Unsupervised Learning with Softmax regression and sparse filtering [53]
Hybrid Fuzzy Min Max-Classification and Regression Tree model for

. . [54], [55]
supervised learning
Hybrid Statistical and Neural Network for feature extraction/reduction [56], [57]
Kalman Filter based pattern recognition [58]
Adaptive Neural-Fuzzy [59], [60]
Self-organizing-map based radial-basis-function network [61]
Unsupervised Neural Network based [62]

1.5. Research Contribution of this Dissertation

As per the background study done, it clearly indicates that fault diagnosis is best when
used with machine learning when it comes to EV application since they have higher
predictive capabilities with increased accuracy and precision in considerable smaller period
of time as opposed to other methods as shown in Table 1.3 and 1.4. So major objectives of
this dissertation has been to investigate the stator winding fault occurrence at incipient
stage before it leads to a catastrophic fault, propose faster methods of fault diagnosis and
thereby creating a fault-tolerant drive system for an EV. For all of this, a few machine
learning based fault detection method has been developed and implemented to find the
feasibility and the usage of features to detect fault faster and classify the motor health
condition as per the detected fault. Since this method needs to operate on a chip placed
inside a vehicle, the algorithm to detect fault has to be faster than any present methodology,

highly intuitive in nature, should not create a false alarm, work in collaboration with other
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algorithms that will be used in self-driving technology. In this dissertation the findings of
model based fault diagnosis has been presented using scaled down laboratory motors with
similar characteristics as a traction motor. Then the idea of model based was moved to
artificial neural network based predictive results. Since ANN in single layer is not so
intuitive in prediction, multiple layers such as deep neural network has been used to predict
better but that increased the time of training and the algorithm became much computational
intensive. Eventually using the basic knowledge of statistical mathematics and the intuitive
nature of deep neural nets, a dual memorization and generalization machine learning
algorithm has been developed which changes itself on-time to adapt and process data faster
when needed and higher accuracy. This algorithm uses, adaptive gradient decent,
improvised regression and classification methodologies, deep neural networks and other
regularization algorithms in one machine learning algorithm. This has been explained in

details in chapter 4 along with the results.

1.6. Organization of this Dissertation Highlighting Research Contributions

This dissertation including the introduction chapter has 9 chapters that presents the
research conducted and the novel contributions made to this field of work to achieve the
overall objectives. The chapters are organised as follows:

Chapter 2 discusses the performance of a motor in a traction application with incipient
stator fault from finite element analysis (FEA) point of view. Two motors have been
designed in an FEA software — one healthy and the other faulty, analysed and simulated to
achieve similar results obtained from the experimental results. The study in chapter helped
in defining the features which are essential for fault diagnosis and later using it for

developing the machine learning algorithm.

Chapter 3 describes the methods used to understand how temperature can be used as
one of the features for fault diagnosis of the motor in the EV. Initially, the motor
temperature rise is monitored over a period of time and how it affects the parameters of the
motor especially stator resistance. To achieve a more predictive temperature based fault
diagnosis, a lumped thermal model has been proposed which has been coupled with
artificial neural network to predict temperature of the motor and diagnose fault based on

that predicted temperature.
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Chapter 4 introduces how flux can be used as a feature for fault diagnosis. Since the
value of flux reference is a direct input into the drive control of a motor in the powertrain
of the EV, designing a block which can help in continued motor operation even after the
occurrence of incipient stator fault. The design of this novel harmonics block has been

explained here.

Chapter 5 uses the novel harmonics block as designed in Chapter 4 to develop a more
fault-tolerant motor control for traction application. This harmonic compensation based
control has been implemented on a 7.5 hp induction motor (IM) which has previously
detected stator winding fault. It has been shown how this novel fault-tolerant control has
helped in continued operation of the motor with better performance than a control without

fault-tolerant capabilities.

Chapter 6 extends the work done in Chapter 5 by introducing an intelligent swarm
optimization based flux reference prediction since in traction application the prediction
needs to be fast. This has greatly improved the computational time and also the faulty motor

is ready before the incipient fault occurs by observing the trend in change of parameters.

Chapter 7 introduces machine learning algorithm and a deep neural network has been
developed in order to predict flux reference more efficiently accurately as compared to the
swarm optimization method. Due to machine learning algorithm, the improvement in flux
predictions have been noted and shown how it helps in developing a smarter, artificial

intelligent based fault-tolerant motor control.

Chapter 8 shows the final work of the development of a better, faster, more accurate
and precise dual memorization and generalization machine learning algorithm which has
been a significant improvement in the previous algorithms used for predicting fault using
different features. It has also been a big improvement as compared to the other flux

predictive fault-tolerant controls as per literature review.

Chapter 9 is the conclusive chapter summarizing the different tasks that have been
achieved which led to the final development of a machine learning based flux prediction
for a fault-tolerant control. The future work has been shown so as to continue this work

into a well defined artificial intelligence based motor control.
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CHAPTER 2

UNDERSTANDING OF INCIPIENT STATOR WINDING
FAULT OF IM AND FEATURE SELECTION FOR FAULT
DIAGNOSIS

2.1. Introduction

To understand what an incipient stator winding fault looks like in a motor, it is essential
to understand fault occurrence from the design point of view. Since winding fault is a fault
which occurs in the motor itself and not in any of the power electronics components, design
overview of a healthy and faulty IM has been presented in this chapter to understand the
various aspects and the motor performance. To do so, the induction motor under test has
been develop in a finite element analysis (FEA) software. Two identical motors have been
used for this. One is the healthy motor on which various experiments have been done before
cutting the motor into half to understand the design and recreate it in FEA. The other one
is the fault IM which has been developed from the healthy IM FEA to match with the real
IM under test.

2.2. Electromagnetic Design of Electric Motor using Field Equations

FEA has been proven an effective tool for precise electric machine simulation and
analysis considering time and space harmonics [1], [2]. The focus of this section is a brief
description of electromagnetic analysis via finite element method to compute the vector
fields and forces acting in induction machine, and therefore a brief review of the FEA
technique is necessary. Only the two-dimensional (2D) FEA technique is briefly reviewed
in this section. The three-dimensional (3D) FEA technique is based upon similar principles,
but with more complex differential equations due to the additional dimension. The

dynamics of electromagnetic fields are modeled using Maxwell’s equations.

vxE-_B (2.1)
ot
wB:ujﬂm% (2.2)
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v.E=P (2.3)
e

V.B=0 (2.4)

where E is the electric field, B is the flux density, J is the current density, p is the charge
density, € is the permittivity of the material, and p is the permeability of the material. In
electric machines, pJ is considered, while the rest of the term is generally very small, and
is neglected. Therefore, in most of electric machines it is neglected and (2.2) is
approximated. To derive a partial differential equation to model machines, a magnetic

vector potential A is often defined and subsequently substituted into (2.2), which yields,

va(Vx A)=j (2.5)

where v is magnetic reluctivity equal to 1/p. In electric machines, the uniformity along the
z-axis enables one to model the machine in two dimensions. Assuming the vector fields

can be modeled in two-dimensions, vector potential is assumed to be in Z coordinate as

A=A 2 (2.6)

Z

where Z is the unit vector of the Z-axis. Moreover, A is not a function of z. Hence,

VxA=—=% Ly 2.7
Ay 2.7)
Equation 2.5 becomes
A A -
2v A, +£v oA, 2=-J (2.8)
ox \ox ) oy \ oy

In the machine, the current density vector J is also in the Z direction, and (2.8) is converted

to Poisson’s equation
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In the FEA, the planar structure being modeled is divided into numerous elements.

ﬁv[%j+iv(%j __3, 2.9)

These are often triangles in 2D FEA. The three vertices of a triangle are called nodes.
Within each triangle, y is assumed to be constant. In addition, the magnetic vector potential
within each triangle is assumed to be a linear combination of the three nodal potentials of
the triangle [3]. Starting with (2.9), for the stator and rotor assuming that the current density
results from winding excitations and induced voltage from stator respectively where
induced electric fields are neglected, upon applying the finite element method, the

magnetic vector potential at each node is obtained by solving an algebraic equation

SA=1 (2.10)

where the global stiffness matrix S is an nxn matrix that contains components that are a
function of the material properties, and element geometries, A is the unknown nx1 vector

of nodal potentials, I is an nx1 vector representing nodal currents

L=, 1, - 1,]7 (2.11)

The individual nodal current is represented by

= > Sl jelLn] (2.12)

All trianglescontainingnode J 3

k is the index number of a triangle containing node j, Jk is the current density of triangle k,
and AK is the area of triangle k. After calculating A, the flux density within each element
can be also obtained using (2.5). The accuracy of the FEA solution is a function of the
number of elements used in the discretization. Generally, a large number of elements are
required to have a satisfactorily and accurate result for induction machines. This means
equation (2.10) is of relatively large order, which imposes significant computational load

for constructing and solving the equation. Therefore, FEA requires much more
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computational effort compared with lumped-parameter models and MEC to satisfy the
accuracy of the analysis.

Using the magnetic field calculated in FEA, the electromagnetic force and torque are
calculated from the computed flux densities or magnetic potentials. To calculate the force
and torque within FEA, several numerical techniques have been applied such as Lorenz
force, Maxwell stress tensor or global co-energy methods. FEA is a useful modeling
method to accurately predict machine performance, but its intense computational effort
limits its application. Therefore, research has been done to increase the simulation speed
of FEA by reducing the model complexity. In the proposed method, the rotor and stator
models are calculated in the FEA program separately. Moreover, the rotor model contains
only one slot pitch to limit the computational effort, and the stator model contains one pole
pitch. The lumped parameters, which are then used to set up a LP steady-state model, can
be therefore obtained within a short time. To incorporate the skew effect into the model,
3D FEA is usually used, which takes much more time than 2D FEA. To represent a rotor
in 2D models, one can use a set of non-skewed 2D models, each representing a section of
rotor at different positions along the machine axis. The continuously skewed rotor is then
approximated as multiple slices. Care must be taken in this technique to ensure that the

currents in the rotor bars are consistent on every slice.

2.3. Structural Design of Laboratory IM in FEA software

In order to understand and design a fault diagnostic method two similar IM have been
used in this study. Although the machine developed and used for testing is on industrial
motors but the study done can be extended to traction application. One has been the healthy
IM and the other is the IM with stator-inter turn fault. Both are the same motors of 7.5 hp
motors. In order to understand the behavioural difference in the two motors, extensive
experimentation have been conducted on both the motors. Once the results have been
recorded which will be presented in the consequent chapters, the healthy motor was
dismantled to understand the design of the motor. The windings were taken out to
understand the way the stator winding was done and the rotor was cut to find the design of
the rotor slots and the dimensions. On taking out the windings, it was found that the stator

has single layer concentric winding distribution whose layout has been shown in Table 2.1.
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The stator dimensions were taken to re-create the machine in a finite element software as
shown in Fig. 2.1. Similarly, the rotor was cut as shown in order to find the design layout
and the dimensions as shown in Fig. 2.2. In Fig. 2.3, the resemblance of the cut rotor to
the designed rotor in FEA has been done to indicate the similarity of the FEA designed
software to be as close to the machine being tested. The main objective has been to
understand the motor performance and what happens to the motor when there is a slight
inter-turn fault from design perspective. The complete motor was designed both in 2-D
FEA as shown in Fig. 2.4 as well as 3-D FEA as shown in Fig. 2.5. But for analysis of
results the 2-D FEA model was used because of it faster computational time and decent

accuracy in results when compared with experimental results.

TABLE 2.1
WINDING DISTRIBUTION IN THE STATOR OF THE IM UNDER STUDY

Slot | 1|2 |3 |4|5|6|7 |89 (10/11|12|13 |14 15|16

Phase | A|]A|AJA|C|C|C|C/B|B|B|B|-Al-Al-A|-A

Slot |17 |18 |19 20|21 |22 |23 |24 25|26 |27 |28 |29 |30 31|32

Phasey C | C|C | C|B|-B|-B|-BIA|A|]A|A|-C|C|-C|-C

Slot | 33|34 |35|36|37|38(39 |40 |41 |42 |43 |44 |45 |46 |47 | 48

Phase| B | B| B | B|-A|-A|-A|-A|lC|C|C|C|-B|-B|-B|-B
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Fig. 2.1. Stator slot dimension as measured to be used as inputs for FEA design.

Fig. 2.2. Rotor slot dimensions as measured and used as input for FEA designing.
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(d) (e)

Fig. 2.3. Faulty IM under test. (a) Rotor cross-section to understand and find the
dimensions of the rotor slots. (b) Opened stator for dimension measurement. (c) Just the
rotor taken out of the motor. (d) Complete faulty IM. (e) Rotor placed inside the stator.

31



Fig. 2.4. 2-D FEA modelling of the 7.5 hp motor.

Fig. 2.5. 3-D FEA modelling of the motor under investigation.
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TABLE 2.2

PARAMETERS OF THE ALUMINUM ROTOR INDUCTION MOTOR UNDER TEST

Equivalent Circuit Parameters Rated Parameters
Rs 0.180 Q Pout 7.5hp
Rr 0.590 Q Vims 200 V
Xis 0.570 Q Irms 209 A
Xir 0.860 Q Speed 1,750 rpm
Xm 22.67 Q Pole Pairs 2
® 376.8 rad/s Rotor Slots 42

2.4. Performance Analysis of IM under Different Operating Conditions

During FEA, the IMs both the faulty and healthy 1M have been given the same operating
conditions. Both have been operated in voltage and current excitation for better
understanding. The results presented here are for the motor being operated at line-to-line
voltage of 208 V. As it can be seen in Fig. 2.6 (a), the healthy IM has even distribution in
the current waveform whereas in Fig 2.6 (b), it can be seen that the behaviour of phase A
is different in amplitude compared to the other two phases since the fault occurrence is in
that phase. Similarly, when comparing the induced voltages in the stator windings as shown
in Figs. 2.7. (a) and (b), the faulty phase not only has lesser amplitude but also disturbs the
consequent phases. Figs. 2.8 (a) and (b) represents the motor performance in terms of flux
linkage where in healthy conditions, the flux linkage induces in all phases is even at 0.8
Wh, whereas in the faulty IM for phase A it is at 0.6 Wb while phase B and C are at 0.76
Wh. This indicates why having current voltage and flux are important features for fault

detection. The fault also affects the torque performance with increase ripples as in Fig. 2.9.
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Fig. 2.6. The stator current waveform as generated in FEA software. (a) Healthy IM. (b) IM with
incipient stator winding fault.
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Fig. 2.7. The induced voltage in the windings of all the phases of IM. (a) Healthy IM. (b) IM with
incipient stator winding fault.
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Fig. 2.8. The flux linkage as generated in the windings of all the phases of IM. (a) Healthy IM. (b)
IM with incipient stator winding fault.
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Fig. 2.9. Torque generated in IM with incipient fault has more torque ripple when
compared with the healthy IM condition.

2.5. Fundamentals of Heat Transfer in Electric Machines
This section overviews the theory behind fluid dynamics and heat transfer [4]. This is
the theory behind the simulations done for investigating thermal distribution of electric

machines.
A. Heat Transfer in Electric Machines

Heat transfer always occurs through a temperature gradient in a system. According to
the second law of thermodynamics, the entropy of a system always increases over time or
remains constant in a steady state. In an electric motor, heat sources are losses in the
machine, which generate heat that transfers to the machine casing. In an electric machine,
heat transfer has equal importance as electromagnetics because the temperature rise of the
machine determines the total power output. The problem of temperature rise can be seen
in two ways, removal of heat from the motor or distribution of the heat inside the machine.

In transients of the motor, heat is also distributed differently than in steady state conditions.

Conduction is the transfer of heat through some medium. This only occurs when a
temperature gradient is present. The rate that the heat transfers through a material depends
on the temperature and thermal conductivity of the material. This can be expressed by the

following equation:

q=—k— (2.13)



where g[W/mK] is the heat flux, and k is called thermal conductivity. Conduction can be
described as the quantity of heat transmitted in time through a distance. The property of k
can change the rate it can conduct and this property can also be dependent on temperature.
Typically, in metallic substances, thermal conductivity decreases while temperature rises.

In comparison, the thermal conductivity of an insulator increases as temperature increases.
B.  Losses in Traction Electric Machines

Losses in the electric machine can directly be related to the heat generated in a motor.
The losses can be characterized in the following types - core losses or iron losses, stator
coil winding losses (copper losses), friction and windage losses (mechanical losses), and
stray load losses. Understanding these losses can help in understanding the sources of heat

and areas of concern in the machine layout.

Iron losses are losses that occur in the core of the machine itself. These losses depend
on the geometry, manufacturing processes and construction of the laminations. Losses in
the iron can be split into two types, hysteresis losses and eddy current losses. Hysteresis
loss comes from the alternating flux in the iron core, but the alternating flux also induces a
voltage that induces eddy currents. This is reduced by laminations or high resistivity

compounds. The iron losses can be shown in the equation below:
P = XK, 1B + K, (fB, ] (2.14)

Stator losses are the resistive losses in the conductors of the machine. Resistive losses
come from the actual windings of the machine. Since there are only windings on the stator
of the machine, all of the resistive losses are on the stator. This makes the simulations and
the calculations simpler, as only one part has to be solved for. The power loss that occurs

in the windings can be described by the following equation:

where Rac is the AC resistance of the phase winding.
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C. Other Mechanical Losses in the Machine

Some of the losses come from the bearing themselves. This comes from the friction in
the rolling elements to the sealing for the grease of the bearing. These losses are very small
and have relatively no impact on the machine thermally. One of the other mechanical losses
is windage, this comes from the rotor spinning and acting as an inefficient fan. This actually
has a positive impact on thermal management of the system as it creates moving air inside
the machine. This does not have a great effect on the overall thermal management of the

machine.
D. CFD Analysis of Electric Machine at Steady State

Computational fluid dynamic (CFD) simulations are important for understanding heat
extraction from the machine. The original design of the machine was meant to be air cooled
by ambient air. This is just air that is around the machine and there is no forced air cooling
involved. This type of cooling is the easiest to implement as there are no additional parts
for the machine and this method is the most reliable as there are no moving parts for
cooling. This type cooling, however, is insufficient for current electric machine design and
additional cooling needs to be added for optimal performance characteristics. This type of
air cooling will be simulated through CFD to see the flow around the machine. The purpose
of this simulation is to observe the nature of air as it becomes lighter and rises as the
temperature increases. This air is then replaced by cool air from below the machine. The
simulation is done to observe this air cooling effect and to determine how much current
can be applied while keeping the temperature of the machine below its limits. This was
performed to mimic the steady state condition where the air around the machine is heated
from the motor itself. The internals of the machine are also filled with air, but are in an
enclosed space similar to the actual machine. The purpose of the simulation with CFD of
the machine is to identify the heat distribution of the machine with natural air flow. All of
the information from electromagnetic analysis is used in the following simulations. These
will include all of the factors of the machines, including all of the heat generation of the
machine. At high current loads, the dominant heat generation comes from the coils in
resistance heating. As it can be seen in Fig. 2.10 (a) the motor gets extremely high in certain
region indicating the fault occurrence. The CFD results indicating temperature rise as high

37



as 80.965°C complied with the experimental results as shown in Fig. 2.10 (b) where the
temperature rises to around 83.13°C

Max = 83.78

Avg = 73.51
Min = 4344y

Fig. 2.10. Temperature rise in Faulty IM. (a) Thermal analysis. (b) Experimental results.
(c) Heat flux and temperature variation as studied in FEA thermal analyser

2.6. Feature Selection for Developing Machine Learning for Fault
Diagnosis
As seen in Section 2.4, the motor performance varies slightly when there is a change in

an incipient stator winding fault. As the fault gradually changes to a major stator fault, the
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motor performance changes drastically show the dangers of having such a motor in a
vehicle can cause the safety of passengers to be at risk. From Sections 2.2 and 2.3, it can
be said that flux and temperature are can be used to understand the occurrence of incipient
fault. An incipient stator winding fault causes a variation in the balanced air-gap. The
unbalance in air-gap causes the rotor to rotate in an uneven manner thereby worsening the
situation. This air-gap flux can be studied and the variation can be used as an indication of
fault occurrence. Even a harmonic tracking of the flux and current is a definitive indication
of stator fault which will be presented in Chapter 4. Temperature is usually a result of
continuous monitoring over a period of time to see any significant change. Thus
temperature has been used as a feature which is more long term and definitive
representative of the area of fault occurrence since the region cause more heat with increase
in losses. As usual in a field-oriented control of IM the motor, the existing voltage and
current sensors used for controlling the motor can also be used as feature which indicate if
there is a fault due to change in the waveform of the result. In the consequent chapters, it
will be shown how flux and temperature are used and the data analysis done to use them

as feature for fault prediction machine learning algorithm.
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CHAPTER 3

MODEL BASED TEMPERATURE FEATURE
PREDICTION UNDER INCIPIENT FAULT CONDITION

3.1. Introduction

In this chapter, temperature has been considered as one of the primary features to
identify any occurrence of stator winding fault for traction motor. A change in temperature
in the stator windings can be a clear indication of the occurrence of some fault in the motor
which causes additional increase in losses which is usually dissipated in the form of heat.
This is a direct indication of the effect of incipient stator fault on the IM. When connected
to a drive, the increase of losses is more causing further increase in thermal conditions of
the motor. It is of utmost importance to understand the change in machine parameters
caused during a stator fault, since it negatively affects the drive performance and degrades
the motor performance even more. Initially, the temperature variation of a 15 kW copper
rotor induction motor (CRIM) has been studied which is a scaled down traction motor and
the variation of stator parameters in the form of resistance has been evaluated as well as
estimated using a mild artificial intelligence namely, an Improved Swarm Particle
Optimization (IPSO) technique to be used for determining any stator fault occurrence. This
proposed method has been key in developing machine learning algorithms. Once
established that stator fault causes huge variation in temperature, a novel Duplex Neural-
Lumped Thermal Network (DNLTN) has been developed to predict temperature as well as
fault in relation to temperature variation. This duplex lumped thermal model with machine

learning has been presented in the later half of this chapter.

Several algorithms have been proposed in literature to estimate the stator and rotor
resistance [1]-[4] from mathematical models using only stator voltage and current
measurements. However, inclusion of precise temperature measurement has not been
studied in detail. The parameters, when estimated independent of temperature, do not give
a comprehensive understanding of how the stator resistance might change with increase in

temperature due to continuous running of the machine. The robustness of various
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algorithms can clearly be improved when observed from the perspective of temperature
measurement [5], [6]. The IPSO technique is proposed in conjunction with the two axis
model of an IM in order to precisely determine the variation of stator resistance occurring
due to temperature rise. Subsequently, the accuracy of the estimated model based stator
resistance is determined with the help of experimental verification using a 15 kW CRIM
as shown in Fig. 3.1. This section hereby, provides a mild artificial intelligence method for
accurately determining the temperature dependent stator resistance thereby determining the
possibility of a stator failure. This estimated stator resistance can be fed back to the motor

drive for better control of the motor under fault conditions. Thus, the ideology of an

accurate drive fed machine is achieved.

(b)
Fig. 3.1. The investigated motor under test. (a) Stator. (b) Rotor.

3.2.Mathematical Model of Copper Rotor Induction Motor

Since the machine under test is an induction machine, it has been modeled accordingly
based on the two-axis theory [7]. The stator resistance, Rsis taken as an unknown variable.
Since a squirrel cage IM is used, the rotor currents of the g-axis and the d-axis namely, lgr
and lar cannot be directly measured and the rotor voltages, Vqr and Var are zero as the rotor
ends are shorted. In order to evaluate the rotor speed (wr) of the IM, the formula used is

expressed as in (3.1)
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dw, P
dt 23 (Te —T0) 3.5
where Te and Ty are the electromagnetic and load torques of the machine respectively. T is
the load torque that would be provided to the machine externally, while Te needs to be

formulates as in (3.2) where Lm is the mutual inductance in terms of current in two-axis.

3P A .
Te :EELm (lqsldr _Idslqr)' (3.2)
Voo | [ Ro+pLs ol oL, oLy |lgs
VdS _ _CULS RS + pLS _a)Lm me IdS (3.3)
0 me (w_wr)l-m Rr +pLe (w_wr)l-r iqr

0 _(w_wr)l-m me _(w_wr)l-r Rr+er

Using (3.1)-(3.3) the machine model has been developed in a high level analytical and
numerical program keeping in mind the data of the CRIM which was obtained from the

datasheet and nameplate of the motor as summarised in Table 3.1.

TABLE 3.1
CRIM DATA SHEET

Manufacturer Siemens Min. Efficiency 0.924
Output Power 20 hp Ambient Temp. 40°C
Rater Power 14.92 kW Insulation Class F

Rated Voltage 200/400 V Temp. Rise Class B
Rated Current 57.0/28.5 A NEMA Design B
Rated Speed 1,475 rpm Frame 256 T
Number of Poles 4 Weight 341 lbs.
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3.3.Investigation of Online Stator Resistance using Thermal Resistance

A. Experimental Evaluation of Stator Resistance

The experiment is performed on a 15 kW, totally enclosed fan-cooled CRIM as shown
in the Fig. 3.2. In the conducted experimental evaluation, the CRIM is made to run at a
rated speed of 1,500 rpm with varying load conditions. The motor is driven by an inverter-
fed PLC based drive system which can be tested for both encoder-less and encoder-based
drive system. The encoder-less drive system is an open-loop slip speed controlled variable
frequency drive (VFD) system. On the other hand, the encoder based system is a closed-
loop speed control VFD with a PID control for the feedback loop. The experiment was
performed initially keeping the fan of the induction motor so that the machine is provided
with appropriate cooling. The experiment was repeated after removing the fan in order to

measure temperature rise leading to the measurement of change in stator resistance.

The experimental setup in Fig. 3.3 illustrates that the test motor is driven by a variable
frequency drive and a dynamometer is used as a load. The motor control unit controls the
speed and torque settings of the dynamometer and the test motor respectively used as a
load. The motor control unit controls the speed and torque settings of the dynamometer and
the test motor respectively. A torque transducer is used to measure the torque of the test
motor and the dynamometer. Two four-wire resistance temperature detectors (RTD) have
been installed at stator end-windings to measure the temperature rise. Data acquisition
(DAQ) system controller unit records the temperature measurements using RTDs as shown
in Fig. 3.3. The experiment on the motor has been performed with and without the fan
cooling to investigate the temperature rise at the stator end-winding. The final results are
taken for investigation when the motor is operating at full load conditions with a speed of
1,500 rpm delivering a torque of 60 Nm at 50 Hz. Fig. 3.4 presents the experimental results
obtained for stator end-winding temperature rise in case of 75% loading condition. It is
demonstrated for both with fan cooling and without fan cooling. The deviation in the
temperature in the both cases shows that heating in CRIM is a serious issue which affects
machine parameters to a considerable difference. This has been shown for the CRIM

running for a period of 2 hours.
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Fig. 3.3. Machine under test and instrumentation layout.
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Fig. 3.4. Measured temperature over a period of time with & without cooling fan.

B. Estimation of Stator Resistance

The stator coil resistance is found to increase with a small increase in temperature. This
effect is formulated by (3.4):

Rr = Ry x (1+ aAT) (3.4)

where, Rt is the value of stator coil resistance at temperature T, Ro is the value of resistance
at a reference temperature, and a is the temperature coefficient for copper, and AT is the

temperature rise at the stator end-winding.

R =R, x[l+ax{me x(l—e%)H (3.5)

The formulation of (3.4) can be expressed exponentially as in (3.5) with Ro, o and Tmax
being constant values as it is more comprehensive and result oriented when compared to

the requirement of this research manuscript. Steady-state temperature rise analysis is used
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to compare the cooling effects on the stator end-windings under different cooling
arrangements. For transient thermal behavior for the end-winding, temperature rise can be

expressed as in (3.6):
AT =T, x(l—e_%j (3.6)

where, AT is the temperature rise (°C), Tmax IS the maximum steady state temperature in
°C, 7 is a heating time constant and t is the time which depends on the convection heat
transfer coefficients, end-winding surface area, end-winding mass and heat capacity [8].
By using (3.6) the best value for each of the experimentally found stator end-winding
temperature results for different cooling arrangements is taken along with the maximum

steady state temperature Tmax and the values are presented in Table 3.2,

TABLE 3.2

STEADY STATE TEMPERATURE RISE AT 1,500 RPM

Cooling Types 50% load 75% load 88% load

: . 45.53°C 51.32°C 64.98°C
With fan cooling

Without fan cooling 61.57°C 69.67°C 104.87°C

3.4. Calculation of Stator Resistance Using Particle Swarm Optimization

To estimate the online resistance of an induction, motor the two-axis modeling is applied
to the CRIM. According to [9]-[12], in PSO, the potential solutions, called particles, move
through the problem space with a velocity v by following the current optimum particles.
Each particle keeps track of its coordinates in the problem space which are associated with
the best solution it has achieved so far which is indicated as Po. Apart from Py, taking into

account the neighborhood of the particle, another best value is kept in track by the optimizer.
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When a particle takes all the population as its topological neighbors, the best value is a
global best and is called Gp [13]-[17]. The velocity of particle i at iteration m, vi™ can be

expressed as in (3.7)
V" =" o xrand, x (Py -5 ")+ ¢, xrand, x (Gy; —s;") 3.7

where, Cjis the weighting co-efficient, rand; is a random number between 0 and 1, si™ is the
current position of the particle i at iteration m, and is equal to vector [Rsi™ , Rr™] in this
condition.C1 and C2 normally are two positive constants, called the cognitive and social
parameters respectively. In this study, these parameters are considered to be dynamic in
nature with initial and final values for Ci1 as 1.5 and 2.5 respectively while 2.5 and 1.5

respectively for C2 [10], [11]. The weighing function w of the (3.8)
W=W,_, +{Mx iter} (3.8)

The objective function is designed based on finding the rotor and stator resistance
expressed in two parts. The initial step taken by IPSO is to minimize the error of the
measured current from the test and current as formulated by the machine model. There is
a need to consider the measured stator resistance due to thermal effect as a part of the
required research activity. Another part is added to the objective function in order to satisfy
the error of stator and rotor resistance (Rs, Rr). Therefore, the final objective function can

be expressed as in (3.9).

(3.9)

Error(lmeasured’ Icalculated
+ Error(rs,thermal’ r-s,IPSO)

obj(r,, 1, )= Min[

The improved particle swarm optimization as developed can be expressed using the
flowchart depicted in Fig. 3.5. 100 iterations have been performed so that the best results
obtained are as close to the expected and measured values.
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Fig. 3.5. Flowchart to show each step of process used in finding stator resistance.
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3.5. Numerical Investigation of Copper Rotor Induction Motor

The machine model as established in section 1l has been developed in a technical
computer programming language used for data analysis. The developed IPSO is then
integrated with the machine model which analyses each result till the optimized value is
obtained. Fig. 3.6 depicts the performance of IPSO and indicates the convergence of the
fitness function to the optimized result. 30 samples for each of the 100 iterations was used
to find the best value at the fastest converging point. The DC test, no load test and the
blocked rotor test were respectively performed on the machine in order to find the
parameters of the 20 hp copper-rotor induction motor values. The values obtained have
been presented in Table 3.3. The values of the stator resistance as retrieved from the
numerical investigation was compared with those obtained from the thermal measurement

of resistance and the test of DC injection into the stator windings.

TABLE 3.3

EQUIVALENT CIRCUIT PARAMETERS OF CRIM

Parameters Values Parameters Values
Rs 0.35625 Q Xm 28.20 Q
Rr 0.12Q ® 314.159
Xis 1.71 Q Peu (stator) 94.43 W
Xir 1.71 Q Protational 355.40 W

Fig. 3.7 (a) presents the relative analysis of experimental results obtained for stator end-
winding temperature rise with fan cooling and the estimated value as produced by the
developed PSO. It shows a definite stray of the estimated resistance value from the
experimentally measured value. Fig. 3.7 (b) represents a similar investigation for the
machine under test without any aided cooling system. It is seen that under both cases, the

experimental value is in close correspondence with the values obtained from numerical
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investigation. From the figures, it is evident that the stator resistance increases with time
and temperature. In order to take care of the overall efficiency of the CRIM when taking
temperature into account, skin effect of the conductor bars in the machine has to be taken
into account. The flow of alternating currents in close proximity to a conducting material
induces eddy currents in the material. This induced eddy current density varies
exponentially with depth. The skin depth 6 of the conducting material depends on magnetic

and electric permeability and frequency of the magnetizing current, f shown as in (3.10)

51/ fmifo (3.10)

Due to the increase in skin effect, the effective stator and rotor resistance gets modified
with time. There is an existence of ferromagnetic materials in the machine whose magnetic
domain changes or they tend to lose magnetic properties due to rise in temperature. The
atoms in the domain are excited enough to remain pointed in one direction over a longer
period of time as a result of rise in temperature. This also affects the motor at the material
level [18].
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Fig. 3.6. Convergence diagram of the IPSO for the CRIM.
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3.6.Re-Modelling of Faulty IM for DNLTN Method

Once temperature has been found to be a useful feature for detection of variation in
machine performance, a novel method of online parameter estimation along with loss
calculation using Duplex Neural-Lumped Parameter Thermal Network (DNLTN) is done
to create a robust self-governing system using deep capture over a period of time. Current,
voltage, flux and temperature are used as feedback to the duplex network model which is
trained inorder to recognize pattern change for fault diagnosis and compute the changed
parameters, providing a more comprehensive, precise and reliable online parameter
estimator with condition monitoring. This DNLTN method has been implemented on the

7.5 hp aluminum rotor induction motor (ALIM) which has been designed in Chapter 2.
A. Mathematical Model

The ALIM has been modeled using Steinmetz equivalent circuit based on the two-axis
rotating reference frame theory expressed as in (3.11). The major difference in ALIM and
CRIM is the vaue of rotor resistance. This model is chosen over the conventional voltage-
current two-axis model because when current is taken as the state variable, the model
contains two derivatives of current in the d-q voltage equations. While considering flux
linkage as the state variable, there is only one derivative of flux linkage. This makes

computation and modelling of ALIM easier in terms of extracting the flux.

ers p g _XMrs 0
D o o D
\Y] b b \J
S - §
a e XK, P Xy |1 (3.11)
Vds |_ o, D o D ||Vds
vqr 3 Xl,grr 0 XBI'r Lo o Var
Vdr ™ g
0 _XMrr —g‘i‘& &'Fﬁ
i D @, o, D ]

where D = Xs.Xr— X%m

If current is chosen as the independent variable, the voltage-flux equations get expressed
as (3.12). The parameters of IM, namely, the measured voltage, current and flux, can be
calculated as defined in (3.11) and (3.12).
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igs| 1] 0 X, 0 =Xy |l Yds (3.12)

B. Loss Calculation and Estimation

In an induction traction motor three-phase electrical power changes to mechanical
power. The input power to the IM Pin is in the form of three-phase electric voltages and
currents. The first losses encountered in the machine are copper losses in the stator
windings which is stated as the stator copper loss PscL. Some amount of power is lost as
hysteresis and eddy currents in the stator core Pcore. The power remaining at this point is
transferred to the rotor of the machine across the air gap between the stator and rotor. This
power is called the air-gap power Pac of the machine. After the power is transferred to the
rotor, some of it is lost as aluminium losses namely the rotor aluminium loss PraL, and the
rest is converted from electrical to mechanical form as Pconv. Finally, friction and windage
losses Praw and stray losses Pmisc. are subtracted. The remaining power is the output of the
motor Pout. The core losses do not always appear in the power-flow diagram at the point
shown in Fig. 3.8. Because of the nature of core losses, where they are accounted for in the
machine is somewhat arbitrary. The core losses of the IM motor come partially from the
stator circuit and partially from the rotor circuit. Since an IM motor normally operates at
almost synchronous speed, the relative motion of the magnetic fields over the rotor surface
is quite slow, and the rotor core losses are very tiny compared to the stator core losses.
Since the largest fraction of the core losses comes from the stator circuit, all the core losses
are lumped together at that point on the diagram. These losses are represented in the
equivalent circuit by the resistor Re. If core losses are just given by a number instead of as
a circuit element they are often lumped together with the mechanical losses and subtracted
at the point on the diagram where the mechanical losses are located. The higher the speed
of the IM motor, the higher its friction, windage, and stray losses. These factors needed to
be considered while modelling the loss profile of the motor. On the other hand, the higher
the speed of the motor, the lower its core losses. Therefore, these three categories of losses

are sometimes lumped together. The total rotational losses of a motor are often considered
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to be constant with changing speed, since the component losses change in opposite

directions with a change in speed [19].

I Pag I Pconv
I (Air Gap Loss) I (Converted Loss)
Pin | | Pout
I |
| |
PscL Pcore PRAL Prcore PF&W Pmisc.
tator amination Rotor Rotor riction
§ Laminati ( ( (Frict
Copper  Loss) Loss)  Core &
Loss) Loss) Windage
Loss)

Fig. 3.8. The power flow and losses as generated in the induction motor

The losses in IM can be divided into stator copper loss, rotor copper loss, core losses at
stator and rotor teeth, core losses due to leakage flux, and additional stray losses which can
be due to friction of motor coupling, bearings, overheating or some other mechanical

losses. The overall losses in IM can be estimated as shown in (3.13) — (3.15).

I:)input - Poutput = Pcu_stator - Pcu_rotor - Pcore - I:)misc (3-13)
Pcu_stator = 3'52Rs; I:)cu_rotor =3l rer; Pout = Tioad Oy (314)
Pput = NEVA (3.15)

Using the parameters as calculated from the model explained in Section 3.6 A, Pcu_stator,
Pcu_rotor, and Pinput can be estimated. Since the speed and load torque are measured, Pout can
be estimated. The miscellaneous losses are considered as 2% of Pout . Since no real-time
measurement of core resistance and inductance is done here, Pcore is evaluated using the

method of elimination. These calculated losses are used in the lumped parameter model in
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order to predict the temperature rise in the machine. During faulty conditions, the change
in parameters due to change in magnetic flux, are incorporated, to calculate the losses and
further utilised in the LPTN model. Hence, online parameter estimation enables prediction

of temperature rise in the machine during operation of motor under faulty conditions.
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Fig. 3.9. Schematic flow of novel DNLTN method for parameter and loss estimation.

3.7. Duplex Neural — Lumped Thermal Network Development

A. Neural Network Parameter Estimator

Artificial neural networks (ANNSs) can be used to identify and control the nonlinear
dynamic systems because they can approximate a wide range of nonlinear functions to any
desired degree of accuracy. Moreover, they can be implemented in parallel and therefore,
shorter computational time can be achieved. In addition, they have immunity to harmonic

ripples and have fault-tolerant capabilities [20].

A three-layer feed-forward neural network, as shown in Fig. 3.10, has been used — input,
hidden and output layers. Each of these is made of artificial neurons. Input layer is

composed of measured values of voltage, current and flux density from the motor. This is
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defined by xj which is the input value of the j*" neuron. This xj now enters the hidden layer
where it is multiplied by a weight wyj. Sometimes if needed a bias bk can be added to it. vk
is the linear combination output of the input signals with their corresponding neuron
weights as shown in (3.16). Output layer is defined by yk which is the equivalent of
activation function of vk with a bias of bk as defined in (3.17).

Vi = _ilwkj - Xj (3.16)
j=
Ye = (P(Vk + bk) (3.17)

One of the main properties of neural network is the ability to be trained in order to
optimize the values which it gathers from deep learning method. Then the trained results
are validated and tested before producing the best fitted value. All the experimentally
measured values are fed into this artificial neural network along with the model calculated
values in order to get the best fitted values for voltage, current and flux density.

Input z Ve | z e | P9 Ouput
() (%)

Hidden Layer Output Layer

Fig. 3.10. Design of neural network used in application of parameter estimation.

B. Lumped Parameter Thermal Network (LPTN)

The principle of the nodal method consists of dividing the machine into basic thermal
elements that represent a combination of conduction, convection and radiation heat transfer
processes. Lumped elements are chosen on the basis of thermal and physical uniformity.
The part of the winding with maximum temperature is usually inaccessible. The proposed

LPTN model for a faulty condition is shown in Fig. 3.11.
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Pcu-s, Pcu-r and Pcore represent the copper losses of stator and rotor and the core losses. R
and C represent the thermal resistances and conductances due to conduction and convection
heat transfer. Tn shows the temperature rise at the n™ node in the machine. The losses
calculated in Section 3.6 B are incorporated in (3.18) showing increase in temperature T

over period of time p .
T = T4 Pmotor—loss + hconvp\conv(Tconv - Tref )+ « (d% ) (3 18)
P P UgA\'ad (Trid - Trif )+ KA:ond (Tcond - Tref ) pCV

where p denotes density of air, ¢ is Stefan-Boltzman constant, « is thermal conductivity of
air, € is emissivity, c is specific heat capacity of air, V is volume, hc is convection coefficient
of air, 7 is total time, Aconv, Acond, and Arad IS convection, conduction and radiation area,
Teonv, Teond, Trad, and Trer are convection, conduction, radiation and reference temperatures

respectively.

Rrc Rrb Rsw Rsc Rcase
T

TTPTITY T

Prc

ase

L
I case Pamb

Fig. 3.11. Proposed lumped parameter thermal network for the fault IM.

3.8.Experimental Validation of Proposed Novel Duplex Network

The IM with stator inter-turn fault is connected to the DC machine as a load as shown

in Fig. 3.12. The test was performed at different speeds and loading conditions. A high
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performance 32-bit microcontroller capable of real-time control is used to run the IM. This
control board is capable of handling a large amount of data capture which is sent to the
local computer for storing during each test. It triggers the proposed duplex model running

on the board and results are displayed on the computer.

For magnetic flux measurement, a search coil has been wound on the previously
detected faulty phase of the ALIM. Unlike other fault condition monitoring methods where
search coil is placed at the end-windings, it has been placed along the entire length of stator
tooth for more uniform result of the magnetic flux which changes the desired results to a

great extent.

Faulty__AM WDC Load Motor Converter & Inverter

e W7 Y Stk

Designed drive board running

Current probes
proposed duplex model

Fig. 3.12. Set up for experimental validation of the proposed duplex neural-lumped thermal

network.

The current, voltage and flux values are measured and fed into the control board. K-type
thermocouples have been placed inside to find out the experimental temperature values.

This is an invasive method of estimation which increases the robustness of the DNLTN.
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3.9.Proposed Duplex Model Result Analysis

The duplex neural-lumped parameter thermal model has been implemented on the 7.5
hp faulty aluminium rotor IM. It has been studied under various speeds and loads in order
to check the reliability of the proposed model. The DNLTN model estimates the
temperature of the motor and then calculates the parameters of the motor. In Fig. 3.13, it
has been shown how the calculated resistance using DNLTN is compared to the
experimental values. Although there is a steady increase in resistance due to fault but but
the values of predicted resistance is close to the experimental value. Figs 3.14 show the
thermal condition of the faulty IM over a period of operation which has been measured
using RTD and infrared temperature sensor. Fig 3.14 (a) indicates the distribution of heat
over the IM with the overlay of the IM below to have a clear picture of excess heating. Fig.
3.14 (b) shows how the loading DC motor is cool although the IM is getting excessively
heated due to fault occurrence. Fig. 3.14 (c) show the temperature and condition of the
motor at room temperature of 24.69°C whereas Fig 3.14 (d) shows how heated up the IM
becomes and it reaches a temperature of 83.78°C. The IM was stopped at 90 °C to stop the

insulations from breaking down further.

=+« Experimental Stator Resistance Estimation
——Duplex Model Stator Resistance Estimation

—
— b
|
1

oo oo
b = oy oo

Stator Resistance (£2)

=]

0 20 40 60 80 100
Time (min)

Fig. 3.13. Comparison of experimental and duplex model based change in stator resistance.
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Max = 35.61 Max = 83.78
Avg = 34.68 Avg = 73.51
Min = 24.69 i Min = 43 44,

(©) (d)

Fig. 3.14. Motor thermal condition as measured using IR sensor. (a) Distribution of

temperature over various parts of the motor with the image of IM as x-axis to indication
the locations. (b) DC load motor remains cool unlike the faulty IM indicating that fault
cause undue heat at same ambient conditions. (c) Faulty IM before starting the experiment.
(d) Faulty IM condition after 30 minutes of operation.
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3.10. Conclusion

The research done in this chapter presents IPSO as a predictive method which can
provide an effective online tuning of stator resistive parameters using temperature as a vital
feature. The necessity of online parameter estimation has also been highlighted. The
improved algorithm makes the system more reliable and fast at different loading condition
and temperature, thereby making it flexible to be used for EV/HEV motor drive
application. The novel Duplex Neural-Lumped Thermal Network model which uses a
trained neural network along with lumped thermal model operating at same time for
consideration of thermal issue as a single learning body for online parameter estimation
and loss calculation of a faulty IM with a higher accuracy and reliability as compared with
IPSO. This model also uses deep learning to verify the fault trend occurrence as pattern
recognition method which is fundamental for eventual machine learning algorithm
developed in this dissertation. Both the methods can be used for condition monitoring as
well as designing a fault-tolerant control drive for IM which will be implemented for future
work. This also calls for a predictive drive control system to prevent hazards caused due to
overheating of the motor in EV/HEV application which has been developed and proposed
in later sections. As an additional outcome, these methods can also be used to design an
adaptive cooling system which increases the cooling rate of the motor to assist during the

occurrence of stator fault.
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CHAPTER 4

DESIGN OF HARMONICS ANALYSIS BLOCK FOR FLUX
FEATURE PREDICTION

4.1. Introduction

Once temperature has been established as a prime feature for detecting fault in motor,
it has also been observed that rate of change in temperature is a much slower process for
fault detection when it comes to traction application. On the other hand, using flux as a
feature has been found to be much faster in predicting fault. Inorder to achieve that, a novel
harmonic analysis block has been modelled using magnetic equivalent circuit (MEC) to
determine the variation in air-gap flux developed due to unbalanced motor condition.
Further, in order to verify the developed MEC and also distinguish between harmonics
induced from the inverter side and the motor inter-turn fault condition, an observer search
coil technique (OSC) has been implemented on the 7.5 hp ALIM with incipient stator turn
burnout under investigation. In the OSC technique, a search coil has been wound along the
entire tooth of stator in order to estimate effective air-gap flux from the machine including
effects from both the stator and rotor. The advantage of the developed OSC technique is
low cost, simplicity, and ease in implementation. The developed MEC is first analyzed
under healthy motor conditions without any faults and verified using experimental data
from the search coil. Further, the MEC is updated for a stator inter-turn fault condition and
implemented in the harmonic analysis block. Thus, the flux obtained from the MEC during
healthy motor condition acts as a flux reference and any abnormal changes in this air-gap
flux will indicate a fault occurrence in the motor. Since, input to the MEC is the machine
three-phase currents, any time harmonics induced from the inverter can easily be taken into
account. Based on the flux waveforms obtained from the MEC under both healthy and
faulty conditions, harmonic analysis and modeling is also included in the novel harmonic
block which can be used in a fault-tolerant control including harmonic compensation and

stator-flux based control. The design of the harmonic block has been shown in Fig. 4.1.
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Fig. 4.1. MEC network as used for the proposed modelling.

4.2. Modelling of Harmonics Analysis Block

The proposed method uses both MEC and real time data for fault detection and
implements harmonic modeling to evaluate the harmonic orders induced during faults. In
order to further develop a fault-tolerant control of the motor, knowledge about the
harmonic orders induced during healthy condition is of prime importance as well. The
MEC of a healthy ALIM is initially developed and the flux waveform obtained is verified
with the experimental results obtained from the search coil. In order to clearly distinguish
between inverter induced harmonics, the MEC is modeled for time harmonics as well.
Thus, the initial healthy condition flux waveform obtained from MEC acts as a reference
and in case of any inter-turn fault occurrence or any fluctuations in the order of harmonics
is observed, faster classification of faults is achieved. In such a case, a MEC of ALIM with
stator inter-turn fault is implemented to obtain the flux waveform and harmonic modeling

is performed to understand and model a fault-tolerant control methodology.
A. Magnetic Flux Density Estimation using Observer Search Coil Method

In order to get the real time flux value, a flux sensor which is an observer search coil
in this case, is wound along the previously detected faulty phase of the ALIM as shown in
Fig. 4.2. Usually, most researchers use search coils at the end windings of the stator since
it is easy in installation and lower in cost [1]. However, in the test motor under

consideration, the search coil is wound along entire tooth for increased accuracy and
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uniformity in measurement of magnetic flux. The magnetic flux can be calculated as (4.1)

where B is the magnetic flux density

—9BO) 4 (4.1)

[vxEds =—% [BMds =]
S S S

The calculated flux density value is used for detecting any variation in the flux and
estimating the amount of variation when an inter-turn fault occurs. The only disadvantage
with this method is that it is invasive and not all motors are designed with a search coil

placed inside.

Fig. 4.2. Search coil placed on the phase of detected unbalance

B. Modelling of Unbalanced IM in dg-Axis Frame

The 3-phase IM under test has been modelled using two-axis rotating reference frame
as shown in (4.2). The fault occurrence in the stator winding has been considered as
creating a variation in the stator side of the mathematical model. The change in stator
resistance rs has been considered as an addition effect of rs resistance. Similarly, for stator
inductance an additional effect of X is considered which occurs due to stator winding fault.
This flux model is chosen over the conventional voltage-current two-axis model since the
model contains two derivatives of current in conventional d-q voltage equations when
current is considered as the state variable. But while considering flux linkage as the state

variable, there is only one derivative of flux linkage [2]. This makes computation and
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modelling of ALIM easier in terms of extracting the flux. The measured voltage, current
and flux are fed into this model to calculate the parameters of IM. The difference in healthy

and faulty condition has been taken care of by rf and X.
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Fig. 4.3. MEC network as used for the proposed modelling.
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Fig. 4.4. MEC network variation due to inter-turn fault.

C. Magnetic Equivalent Circuit Modelling of Faulty IM

During a stator inter-turn fault, the spatial magnetic field distribution in the machine is
significantly affected. While the input parameters and operating conditions of the machine
under consideration remains the same, the geometrical aspect of the machine is
compromised. Thus, MEC model is implemented to investigate the magnetic field
distribution of the IM during stator inter-turn fault conditions. Although the MEC model
developed is for the 7.5 hp ALIM but it has been developed keeping in mind traction
application. The model takes into account the stator and rotor slotting effects, saturation

and slot leakage effects [3].

Using relevant geometrical data, details of winding configuration and material
properties, a portion of the MEC model of the healthy ALIM without any faults has been
developed as in Fig. 4.3. As seen from the figure, the magnetic scalar potential (un) at 4
nodes identified as the stator yoke, stator tooth, rotor tooth and rotor yoke are to be
determined for particular values of stator fluxes (®st) and rotor fluxes (®rt). In the model,
the stator yoke reluctance (Rsy), stator tooth reluctance (Rst), rotor bar reluctance (Rr), rotor
yoke reluctance (Rry), air-gap reluctance (Rij) and corresponding stator slot (Rss) and rotor
slot (Rrs) leakage reluctances associated with each part of the machine can be easily

determined using geometric dimensions at each part. Further, permeance matrices (Ajj)
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between various nodes can be easily determined. For a machine with Ns stator slots, Nr
rotor bars and p poles, 0 < i < Nsand 0 <j < Nr. Applying nodal analysis, the following

system of equations is obtained

A+ (AR + 1A, (A11Rst + |)A23 0 0 u, - AR

0 As, Ass 0 Us _| - Pre (4.3)
0 0 Aw 0 || 4 |
0 0 0 -M r_t}nmf ib th¢rt

where Fst the stator tooth mmf matrix, Mrtmms is the rotor tooth mmf matrix and iv is the
rotor bar matrix. The stator mmf can be calculated for a particular magnitude of current
with or without any additional harmonics from the inverter side as well. For a particular
current input, the induced rotor fluxes can be calculated to further obtain the rotor bar
currents [4]. Thus, knowing the magnetic potentials, the air-gap flux density, Bg can be

calculated for any rotor position, 0 of the IM using (4.4).

SREIOEND) o

In case of fault condition, the turns per phase of the machine is disturbed and the
corresponding stator tooth mmf matrix, rotor flux matrix and stator permeance matrices are
modified. In order to account for the fault conditions, additional phase impedance
component (Zr) can be included across any of the three phase impedance as shown in Fig.
4.4 and the air-gap flux density can be computed for the faulty IM. However, it is important
to note that any change in the flux distribution of the faulty IM when compared to the
healthy machine can be attributed to change in spatial harmonics caused by inter-turn faults
only and has no contribution from the associated time harmonics from inverter side. Thus,
MEC can be adapted to detect fault and also estimate the effective air-gap flux during inter-

turn fault in IM.

D. Magnetic Harmonics Modelling of IM

In order to understand the harmonic order of the machine flux during both healthy and

inter-turn fault condition to assist in developing a fault-tolerant control, harmonic modeling
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of the IM is explained in this section. Current with fundamental frequency (®) flows in the
stator wound with P pairs of poles as in (4.5). Subscript m represents the peak value of the

corresponding parameters.

I = I3y, cos(PO — wt) (4.5)

If the number of pole-phase groups of the stator winding is Z, the stator fluxes produced
by the current will have the same frequency, but the number of pairs of poles are increased
by vsZ, where vs is the order of stator space harmonics. ®@sslot IS the flux produced due to

stator slot opening, where vsiot is the stator slot harmonics

ds= 2 dsmy, COS((P+VsZ)0—t)+dgsiot
v,=1,2,3.. k=123..
Dsstot = 2 Dss1otmCOS((P +Vg)otS )0 — ot
V.. =kS+P

slot

(4.6)

The stator flux produces rotor currents, which have the same pairs of poles and the

same frequency. This rotor current is written as in (4.7) where or is the speed of the rotor

= >l cos(P+ 420~ (0= (P-+vsZ)Jo ) @7
v =12,3.

If the number of rotor bars is Sr, then the rotor fluxes produced by rotor currents have
the same frequency but the number of pole pairs is increased by vrSr. where vr is rotor

space harmonics. Drslot IS the flux produced due to rotor slot opening [5].

or= 2 Ormy, cos((P +VsZ +V; S; )0 — (00— (P +VsZ)oop )t) + ot
v,=1,2,3.. k=123..
Orstot= 2 PrslotmCOS((P +VgiotSy )0 — (@ =V, Sy oop )t)
Vslot:ksrip

(4.8)

Time harmonics are developed due to the inverter side of the drive system when there

is a distorted voltage supply to the motor. The voltage and current can be expressed as
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V=V, ZO;:lC s cos(,uco.t + 0y, ) (4.9)

» C
=1y, Zylﬁ COS(,ua)t +o,, +0, ) (4.10)
)7

where W is the order of the time harmonics voltage, Vim and lim are the maximum values of
the fundamental voltage and fundamental current respectively, Cnyu is the ratio of the
amplitude of the u™ time harmonics voltage to the amplitude of the fundamental voltage,
o is the angular frequency of the fundamental voltage, t is the time, vy IS the phase angle
of the ™" time harmonics voltage, 8y is the phase angle between the u" time harmonic

voltage and current, 01 is the fundamental power factor angle [6].

The harmonic modeling block for fault diagnosis operates on the Fourier series for the
magnetic flux density waves as expressed in (4.11) where Bp, By represent time harmonics
and Bx, Bae represent slot harmonics.

B(x,t) =Y B,yvcospx—va,t -y, )+ Z,, Bﬂvcos(ypx—Va)ﬂt —y/ﬂ) @
+ B cosApx—at -y, )+ D" B COA PX— @t — ) '

4.3. Experimental Verification of Proposed Harmonic Block

The proposed harmonics block implements the developed magnetic circuit model along
with experimental results of faulty ALIM in order to get the real time data. The ALIM used
is a 7.5 hp motor with winding inter-turn shorting on one of the phases. Another similar
motor with same specifications has been used to get the healthy motor results.

The air-gap flux waveforms obtained from the search coil and the MEC of the healthy
motor at a rated speed of 1,750 rpm and per phase current of 20.9 A are indicated in Fig.
4.5 (a). Similarly, the flux waveforms obtained from both the MEC and the search coil
during the occurrence of an inter-turn fault at the same speed of 1,750 rpm, are illustrated
in Fig. 4.5 (b). However, since the tests were performed during the fault condition, the

currents were limited to only around 4 A. It is clearly seen that the results obtained from
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MEC are in close agreement with the experimental data during both healthy and faulty
operations. Also, the flux waveforms highlight the drastic changes in the flux values during

fault occurrence from the reference flux obtained during healthy condition.

—— Observer Search Coil —=—MEC

Airgap Flux Density for Healthy
IM [T]

(@)

—— Observer Search Coil —s=—MEC

Airgap Flux Density for Faulty IM

(b)

Fig. 4.5. Comparative results of flux obtained from MEC and OSC. (a) Healthy IM flux.
(b) Faulty IM flux.
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4.4. Result Analysis of the Proposed Harmonic Block for Flux Feature
Prediction

Understanding the harmonic spectra of flux during healthy and faulty condition is vital
for fault detection technique. A Fourier transform of flux obtained is performed for both
healthy and faulty conditions and are illustrated in Figs.4.6 (a) and (b) respectively. The
harmonic analysis is plotted for cycles per 2z mechanical radians. If v is the order of flux
harmonics as illustrated in Fig. 4.6, the fundamental torque producing component isv = P
in the mechanical domain and hence is the fundamental rotor frequency corresponding to
the machine speed. The machine under test consists of 4-poles and hence, the fundamental
torque producing component is of 2" order. The main harmonic is synchronous with the
rotor speed; all the other harmonics are at asynchronous speed with respect to rotor
inducing large rotor currents. Harmonics of order lower than v = P are sub-harmonic fields,
which lead to parasitic effects in the machine such as rotor losses and noise and vibration.
In case of the test machine, fundamental frequency component is the sub-harmonic field.
The wavelength of sub-harmonics is higher than the corresponding wavelength of main
harmonic leading to higher values of induced currents in the rotor. Stator and rotor slot
harmonics are of the order v =kS £ P, where S is the rotor or stator slots and k is any integer.
For the machine under test, stator slot harmonics are of 50" and 46™ orders and rotor slot
harmonics are of 44" and 40" orders. The rotor and stator slot harmonics are caused due
to non-uniform air-gap as a result of slotting and distribution of coils in the stator. During
an inter-turn fault, the magnitude of rotor and stator slot harmonics is increased when
compared to healthy operating conditions. It can be observed from the two figures that
apart from the fundamental frequency component, sub-harmonic frequency components
and slot harmonic components, a lot of other frequency components occur due to presence
of faults, especially 5" and 7" order components including 11" and 17" orders, leading to
additional torque ripple and losses in the machine. Thus, in order to develop a fault-tolerant
control, these frequency components need to be compensated before completely shutting

down the machine.
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Fig. 4.6. Real time flux harmonic analysis of (a) Healthy motor condition (b) Faulty motor

condition.

4.5. Conclusion
The proposed harmonic analysis block uses MEC and real time data to detect fault and

performs harmonic modeling and analysis to better understand the effects of inter-turn
faults and further develop a fault-tolerant control. The added advantage of this model is
that it can separate fault on motor side from that of inverter side by segregation of space
and time harmonics and checking for any variation in harmonics from the normal healthy
condition. This block can be used for designing a harmonic compensation block with
adequate reference flux prediction so as to enable the safe operation of motor in incipient
fault condition which means the EV can still be driven although there has been a fault. The

driver shall be notified of the fault and the passengers can reach their destination safely.
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CHAPTER 5

FLUX FEATURE BASED ON-LINE HARMONIC
COMPENSATION FOR FAULT-TOLERANT CONTROL

5.1. Introduction

This chapter proposes a field-oriented fault-tolerant control method to be used in
traction application incorporating the developed methodology in Chapter 4. The space
harmonics of magnetic flux is measured from the search coils wound around the stator slots
and time harmonics is calculated from the measured currents and voltages of the induction
motor. The measured values are represented/calculated in terms of magnetic flux and the
error signal is processed as a reference to the drive system. The IM has been modelled in
FEA as described in Chapter 2 with the parameters of machine-under-test in order to
compare the healthy condition of the motor with the experimental results of faulty motor.
The novelty of this procedure lies in highlighting the importance of reduction of both time
and space harmonics developed simultaneously in an online compensation traction drive

system.

5.2. Modelling of Harmonic Compensation Block

A. Slot Harmonic Modelling

The slot harmonics in an induction motor arise from radial forces due to the magnetic
flux density in the air gap which is dependent on the rotor speed. The influence of non-
sinusoidal MMF and variation in magnetic permeance of air gap due to structural design
of the IM such as the number of poles and slots, magnetic saturation of flux, non-linear
faults and eccentricity of the rotor, leads to variation of the magnetic flux density. The slots
produce an even distribution of air-gap permeance which interacts with magnetizing
component of air-gap MMF even when the slip of IM is zero. When slip is greater than
zero, there is a flow of rotor current producing slot MMF harmonics which also interacts
with fundamental component of air-gap flux. Rotor eccentricity in the air gap flux

originates due to difference in the regions of low and high reluctance causing air gap to be
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maximum at one region and minimum on the other. These unbalances induce unstable

voltages in the windings of the stator with change in rotor position [1].

Two harmonic components of frequencies Z/P(wrtmo), where P is the number of pole
pairs and Z is the rotor slots rotating at wr, are produced at the air gap flux due to modulation
of the rotor slots. This results in a sinusoidally distributed air-gap MMF which is expressed
as (5.1)

B(6,t) = B, cos(w,t — PO)
z z (5.1)
+B,,co Ecor+coo t—(P+2)0+y, |+B,,co anr—(oo t—-(P-2)0+vy,,

where yr1 and yr2 are phase angles. The stator space harmonics is produced due to EMF in
the stator windings induced by flux density. Generally, this air gap MMF is not perfectly
sinusoidal since it contains space harmonics produced by spatial asymmetries, inverter
supply and magnetic saturation [2]. This causes the rotor speed dependent harmonics to

appear in the magnetic flux density of the air-gap represented as (5.2).

Oy, = (% o, £ kmoj (5.2)

where k is the positive order of the air-gap flux harmonic. The rotor speed frequency can
be expressed in electrical Hz as

fr = g(fsh - kfo) (5-3)

B. Time Harmonics Modelling

Time harmonics is developed from the inverter side of the drive system when the motor
is supplied with a distorted voltage [3]. This leads to the frequency induced in the rotor to
vary due to increased difference in fundamental and harmonic frequencies. The voltage

and current can be expressed as

V=V 3524 Ay coslkot + by ) (5.4)
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i = |mzf=1|§—k|cos(kmt+¢vk +0,) (5.5)
k

where Vm and Im are the maximum values of the fundamental voltage and current

respectively, Aw is the ratio of amplitude of k™ time harmonics voltage to fundamental

voltage, o is the angular frequency of Vi, @ is the phase angle of k™ time harmonics

voltage, Ok is the phase angle between k™ time harmonic voltage and current. The novel

compensation block incorporates the Fourier series of flux waveform as expressed in (5.6).

B(x,t) =) B,vcos(px—va,t -y, )+ zﬂ Bﬂvcos(,upx—va)ﬂt —z//ﬂ)

(5.6)
+ ZA Bﬂ COS(ﬂ,pX - a)/lt —V, )+ Z,ie Bﬂe COS(ﬂ,e PX— a)/let - l///le)

where Bp, By represent time harmonics and By, Bae represent slot harmonics.

Smart drive board running
proposed control strategy

Current probes Search coil through
filter

Fig. 5.1. Set up for experimental validation of the proposed compensation drive.
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Fig. 5.2. Proposed novel control strategy with harmonic compensation block.

5.3. Experimental Validation of Proposed Harmonic Compensation Drive
A. Experimental Methodology

Comparative performance analysis was performed on a healthy 7.5 hp, laboratory totally
enclosed fan-cooled aluminium-rotor induction motor (ALIM) and a faulty ALIM with the
machine parameters as shown in Table 2.2. The test was performed at different speeds
starting from 0 to the rated speed of 1,750 rpm. The faulty motor is driven by an inverter-
fed, digital signal processor based drive system. The designed control logic has been
implemented using high performance 32-bit microcontroller capable of real-time control.
The complete setup with the control board running the proposed control strategy is shown
in Fig. 5.1. The proposed drive system is a flux-oriented vector control which contains both
current and speed feedback. The harmonic compensation block contains the mathematical
formulation as explained. This block also uses a lookup table for magnetic flux based on
values of flux as obtained from finite element analysis (FEA) and the experimental values
for the healthy IM. The flow of operations is shown in Fig. 5.2.
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B. Evaluation of Magnetic Air-gap Flux Density

To measure the air gap flux density, search coils have been wound along the previously
detected faulty phase of the ALIM as shown in Fig. 5.3. Traditionally the search coils are
placed at the end windings of the stator. In order to obtain more accurate results search coil
has been placed along the complete length of the tooth [4]-[6]. This gives a more uniform
result of the magnetic flux along the entire stator length instead of just end windings which
drastically changes the desired results. The search coil is designed using 22 AWG wire

with 6 turns along the length of stator slot. The flux linkage can be calculated as (5.7)

__d _ [~ 9B(t)
!vxE.ols_—a ! B(t).dS = ! S (5.7)

where B is the magnetic flux density. The induced voltage measured at the search coil can

be expressed using Maxwell Faraday’s law of electromagnetism as (5.8)

do
e=-N— 5.8
ot (5.8)

where N is the number of turns of the search coil.

Search
coil end
inding

Fig. 5.3. Search coil placed on the phase of detected fault.
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C. Slot and Time Harmonic Tracking

Since at no load fr is same as fo, rearranging (5.3) gives no load slot harmonic frequency

fshoas (5.9) is used to define a search interval window as Afsh which tracks slot harmonics.

fono = (é - kj fo (5.9)

The slip for k™ harmonics of the forward and backward rotating time harmonics is

presented in terms of electrical synchronous speed and rotor speed as (5.10)

k®gy, = ®
S, = ;y— (5.10)

(Dsyn

where wsyn is the synchronous speed of the motor. Since fr can be related to the harmonics
slip frequency which is in terms of the time harmonics, using (5.2), (5.3), (5.9) and (5.10),
the stator slot harmonics can be estimated as

z(1
fsh = fshO __[__ jfr (5-11)

P\ S

here fsn is the slot harmonics of the IM in terms of Hz. All the harmonics that are multiple
of fundamental frequency of the inverter supply k.fo is filtered out. This helps in defining
Afsh as in (5.12). The harmonics of inverter supply are then considered for time harmonics
tracking using the Sk from (5.10) and verified using (5.11) till the 37th harmonics for

reasonable accuracy.

Af g = fo(1- g ) (5.12)
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Fig. 5.4. Behavior of electromagnetic torque (a) Ripples caused in the unbalanced IM. (b)

Decrease in ripples after balancing the IM.

D. Control Strategy for On-line Harmonics Compensation

The control drive was programmed to run the proposed control strategy as shown in Fig.
5.2. The harmonic compensation block takes back EMF of search coil and current from
inverter supply as input, in order to work as an online data sampling module. This proposed
control strategy, using speed and flux as references, is running continuously along with the
conventional vector control. In case of the unbalanced motor, the online harmonics module
computes the slot and time harmonics as explained in Section 5.2 C and gives flux, whose
considered bandwidth is 2,160 Hz, as a feedback for the flux control. Spectral analysis
using Fast Fourier Transformation (FFT) is done to extract harmonics from the search coil
voltage. Since the FFT module in the drive uses 1024 sampling points in one period,
theoretically FFT can be applied upto 512" harmonics. Figs. 5.4(a) and (b) illustrates
harmonics effect on torque ripple.

5.4. Analysis of Time and Spatial Harmonics
A. Investigation Using Finite Element Model

The 7.5 hp ALIM been designed using time stepping finite element analysis in this
chapter following the steps in Chapter 2. Influence of both spatial and time harmonics is

studied on the flux density distribution in the air-gap for the 48 stator slots and 42 rotor
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bars IM. The flux density is calculated as a product of MMF function and permeance factor.
Considering both the harmonics in MMF function, flux density distribution over one pole
pair has been calculated using Maxwell equations The difference in magnetic flux density
for balanced and unbalanced induction machine have been compared in Fig. 5.5 for a slip
of 0.0083. The inconsistency in flux lines of unstable IM due to increased harmonics in the

air-gap is represented in a simulated IM and compared with the healthy motor.

18 +
16 +
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12 1+ . |

—— Balanced condition

—— Unbalanced condition
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Fig. 5.5. The air gap magnetic flux density for healthy and unstable condition.

Symmetrical flux lines for Lack of induced voltage
balanced voltages = causing unsymmetrical
el flux distribution

Fig. 5.6. Magnetic flux distribution for the IM. (a) Normal condition. (b) Unbalanced condition.
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