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ENGLISH ABSTRACT

Wind power has increased dramatically in the past decades all over the world. The
fast expansion of the wind power has also encountered quite a few challenges at
the same time, among which major issues are Reliability, Availability and
Profitability (RAP). From the life cycle management perspective, efficient
Operation & Maintenance (O&M) is one of the most significant means to ensure
and improve the RAP of Wind Turbines (WTs) during 20-year lifetime,
especially in offshore environments. Health Monitoring and Fault Diagnostics
(HMFD) is the enabling technology for RAP oriented maintenance of WTs. The
objective of this project is to enhance the RAP of WTs by developing advanced
HMFD technologies. HMFD for a Switched Reluctance Generator based Wind
Turbine (SRG-WT) has been studied in this project, where gearbox and generator
are the main focuses.

The thesis starts with introduction and literature review. Chapter 2 and Chapter 3
are dedicated to the online HMFD of WT gearboxes. Specifically, chapter 2 is on
the HM of WT gearboxes where a saddle-coil probe based oil metal debris sensor is
proposed to improve the performance of online health monitoring for WT
gearboxes, the results demonstrate that the proposed saddle-coil inductive sensor
possesses good identification ability of recognizing the ferromagnetic and non-
ferromagnetic oil debris particles whose diameters are as small as 100 um. Chapter
3 is dedicated to the FD of WT gearboxes. Conventional FD approaches including
frequency domain analysis and joint time frequency analysis are investigated and
evaluated using the signals collected from an experimental gearbox test bench with
incipient gear tooth wear fault. Afterwards, an intelligent approach for the incipient
gear fault detection based on t-Distributed Stochastic Neighbor Embedding (tSNE)
and K Nearest Neighbor (KNN) is presented. The incipient gear tooth fault has
been successfully detected under different operation conditions.

The next two chapters are focused on the HMFD of SRG. A sensor-less approach
for online thermal monitoring of stator winding of SRG is addressed in Chapter 4,
only voltage and current measurements which already exist in the control system
are needed to estimate the temperature of stator winding, neither machine
parameters (except initial resistance) nor thermal impedance parameters are
required in the scheme. Simulation results under various operating conditions
confirm the proposed sensor-less online thermal monitoring approach. Chapter 5
presents a fault diagnostic scheme for a SRG based on the residual between the
estimated rotor position and the actual output of the position sensor. Extreme
Learning Machine (ELM), which could build a nonlinear mapping among flux
linkage, current and rotor position, is utilized to design an assembled estimator for
the rotor position detection. The data for building the ELM based assembled
position estimator is derived from the magnetization curves which are obtained



from Finite Element Analysis of an SRG. The effectiveness and accuracy of the
proposed fault diagnostic method are verified by simulation at various operating
conditions. The results provide a feasible theoretical and technical basis for the
effective condition monitoring and predictive maintenance of SRG. The thesis ends
with conclusions and future works.

The main contribution of this project is on the advanced monitoring and diagnostic
methods for WTs. A new probe is designed to improve the performance of the oil
metal debris sensor for online health monitoring of WT gearboxes. The proposed
probe can also be applied to online health monitoring of general mechanical
transmission systems. Furthermore, tSNE based nonlinear feature reduction is first
applied to intelligent detection of incipient gear fault of WT gearboxes. Moreover, a
simple and cost effective method is proposed to estimate the temperature of stator
winding of SRG without using thermal sensors. Besides, ELM is applied to the
rotor position estimation and position sensor fault diagnostics of SRG for the first
time, the results validate the superiority of this method.
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DANSK ABSTRAKT

Vindkraft er steget dramatisk i de sidste artier over hele verden. Den hurtige
ekspansion af vindkraften har ogsd stedt pa en hel udfordringer pa samme tid,
blandt hvilke store spergsmal er Pélidelighed, tilgaengelighed og Rentabilitet (RAP).
Fra livscyklus management perspektiv, effektiv drift og vedligeholdelse (O & M) er
en af de mest betydningsfulde middel til at sikre og forbedre RAP af vindmeller
(WTS) i lebet af 20-ars levetid, iser i offshore miljger. Sundhedsovervagning og
Fejl Diagnostics (HMFD) er nedvendig teknologi for RAP orienterede
vedligeholdelse af WTS. Formaélet med dette projekt er at forbedre RAP af
traesporingssystemet ved at udvikle avancerede HMFD teknologier. HMFD for en
Switched Tilbageholdenhed Generator baseret Wind Turbine (SRG-WT) er blevet
undersagt 1 dette projekt, hvor gearkasse og generator er de vigtigste fokusomrader.

Afhandlingen starter med introduktion og gennemgang af litteraturen. Kapitel 2 og
kapitel 3 er dedikeret til online HMFD af WT gearkasser. Konkret kapitel 2 er pa
HM af WT gearkasser, hvor der foreslés en sadel-spole sonde baseret olie metal
vragrester sensor til at forbedre effektiviteten af online sundhedsovervagning for
WT gearkasser, resultaterne viser, at den foresldede sadel-coil induktiv sensor
besidder god identifikation evne til at genkende de ferromagnetiske og ikke-
ferromagnetiske olie debris partikler, hvis diametre er s& sma som 100 um. Kapitel
3 er dedikeret til FD af WT gearkasser. Konventionel FD tilgange herunder
frekvensdomanet analyse og felles tid frekvens analyse undersgges og vurderes
forst ved hjelp af de signaler, der er indsamlet fra en eksperimentel gearkasse
provebank med begyndende gear tand slid skyld. Bagefter er en intelligent tilgang
til den begyndende gear fejlfinding baseret pa t-Distributed Stochastic Neighbor
Embedding (tSNE) og K Narmeste nabo (KNN) prasenteres. Den begyndende gear
tand fejlen er blevet opdaget under forskellige driftsbetingelser.

De naeste to kapitler er fokuseret pA HMFD af SRG. En sensor-mindre tilgang til
online termisk overvigning af statorvikling af SRG behandles i kapitel 4, er det kun
spanding og stream malinger, der allerede findes i styresystemet er nadvendig for at
vurdere temperaturen i statorvikling, hverken maskine parametre (undtagen
indledende modstand) heller termiske impedans parametre er pakraevet i ordningen.
Simulation resultater under forskellige driftsbetingelser bekrafter den foreslédede
sensor-mindre online termisk overvagning tilgang. Kapitel 5 prasenterer en
fejldiagnose ordning for en SRG baseret pa det tilbagevarende mellem den
anslaede rotor position og den faktiske produktion af positionssensoren. Extreme
Learning Machine (ELM), som kunne bygge en ulinezr kortleegning blandt
fluxkobling, strem og rotor position, er udnyttet til at designe en samlet estimator
for rotorens position detektion. Dataene til at bygge ELM baseret samlede stilling
estimator er afledt af magnetiseringskurver som er fremstillet af Finite Element
Analyse af en SRG. Effektiviteten og ngjagtigheden af den foresldede diagnostiske

Vi



metode skyld er verificerede af simulation ved forskellige driftsforhold.
Resultaterne giver et realistisk teoretiske og tekniske grundlag for en effektiv
tilstandsovervigning og forebyggende vedligeholdelse af SRG. Atfhandlingen
slutter med konklusioner og fremtidige vaerker.

Det vigtigste bidrag med dette projekt er pa den avancerede overvagning og
diagnostiske metoder til WTS. En ny sonde er designet til at forbedre ydeevnen af
olien metal vragrester sensor til online sundhedsovervagning af WT gearkasse. Den
foresldede sonde kan ogsa anvendes pa online sundhedsovervagning af generelle
mekaniske transmissionssystemer. Desuden er tSNE baseret lineer funktion
reduktion forst anvendes pa intelligent detektion af begyndende gear skyld WT
gearkasse. Endvidere foreslas en enkel og omkostningseffektiv metode til at
estimere temperaturen af statorviklingen af SRG uden brug termiske sensorer.
Desuden er ELM péferes rotorens position estimering og positionssensor
fejldiagnosticering af SRG for ferste gang, at resultaterne validere overlegenhed af
denne fremgangsmade.

Vil
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CHAPTER 1. INTRODUCTION

1.1. BACKGROUND AND MOTIVATION
1.1.1. BACKGROUND

Human society is experiencing an energy revolution — shift from fossil fuels to
renewable and sustainable energies among which wind power has been expanding
dramatically in the past decades all over the world. According to Global Wind
Statistics 2015 published by Global Wind Energy Council (GWEC), the global
cumulative installed wind power capacity is more than 430GW by the end of 2015.
As shown in Fig. 1.1, the global cumulative installed wind power goes through an
exponential growth trend, from less than 17GW in 2000 to over 430GW in 2015 [1].
The top ten countries of cumulative wind power until December 2015 are China,
United States, Germany, India, Spain, United Kingdom, Canada, France, Italy and
Brazil. The corresponding cumulative wind power capacities of these countries are
demonstrated in Fig. 1.2 [1]. Thus wind power has become one of the most
significate renewable power sources.
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Fig. 1.1. Global cumulative installed wind power capacity from 2000 to 2015. [The
figure was made in Microsoft Office Excel using the statistical data from reference

[11].
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Fig. 1.2. Top ten countries of cumulative wind power until December 2015. [The
figure was made in Microsoft Office Excel using the statistical data from reference

[11].

It is estimated that wind power would have a continued growth in the decades to
come. Wind power accounts for about 3% of global electricity generation in 2014,
the penetration level of wind power will achieve 17-19% of global electricity by
2030 with the capacity of 2,000 GW. The installation capacity of wind power will be
4,042 GW by 2050 [2].

1.1.2. CHALLENGES

There are more than 268,000 Wind Turbines (WTs) installed all over the world by
the end of 2014 [3], the quantity of WTs could be 1,000,000 in 2030 and 2,021,000
in 2050 (the numbers are inferred based on the predicted global installation capacity
of wind power and the average rated power per WT). The fast expansion of the
wind power has been accompanied by many problems at the same time, among
which major issues are relatively poor Reliability, Availability and Profitability
(RAP). Management and maintenance of this huge number of renewable power
generation assets are great challenges.

Reliability
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WT, which consists of more than 8000 components [2], has a sophisticated
electromechanical system with multi-body structure. Moreover, WTs are usually
located in remote or ocean areas where the harsh operating conditions may result
in the poor reliability of systems. Thus the reliability of WTs is susceptible to the
degradation and failures of its assembly units. Most subsystems in a wind turbine
may fail during operation, including blades and rotor, pitch control system, gearbox
and bearings, generator, power electronic converters, yaw system, electrical control
system and brakes etc. Recently, there are more and more accidents arising in wind
farms all over the world with the continuous rapid expansion of wind power. A
wind turbine in Netherland was burnt in 2013, two young Dutch technicians died
in this fatal accident [4]. Fig. 1.3 demonstrates a disintegrated wind turbine in
Ireland owing to a fault of turbine control system [5, 6]. It is observed that the blades
are crashed into small pieces of fiberglass. A falling blade with fire in US is shown
in Fig. 1.4, the blade is falling down from a firing wind turbine [7]. A wind turbine
collapsed and hit the ground in Sweden on Christmas Eve 2015, which is reported
in reference [8]. The tower was broken into several segments. The undesirable
RAP of wind turbines is a great challenge for the development and utilization of
wind power effectively and inexpensively.

Fig. 1.3. Disintegration of a wind turbine in Ireland on 2 January 2015 due to a fault
in turbine control system [Reproduced with permission from [Andrew Kusiak,
“Renewables: Share data on wind energy,” Nature, vol. 529, no. 7584, pp. 19-21,
Jan. 2, 2016.] Copyright 2016, Nature Publishing Group], [5, 6].
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Fig. 1.4. A falling blade with fire in US, 23July 2015 [Reproduced with permission
from Kimberly Watley, Copyright 2016, Kimberly Watley], [7].
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Fig. 1.5. Wind turbine subsystems failure rate and downtime per failure from two
surveys including over 20000 turbine years. [The figure was made in Microsoft
Office Visio using the statistical data from reference [9]].
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Availability

Availability of WT is defined as a ratio of the total operational time (including start,
generation, braking time, etc.) during a given interval to the total calendar time of

the interval. It could be expressed as a percentage, A (%) = TTT_—TDX 100, where A
T

is the availability of WT, T is the total calendar time during the given interval, T}, is
the total downtime of the WT. T, can be calculated using frequency of failure
multiplied by downtime per failure in WT.

Fig. 1.5 shows the comparison of the failure rate and downtime of different wind
turbine subsystems from two German surveys by Wissenschaftliches Mess- und
Evaluierungsprogramm (WMEP) and Landwirtschaftskammer Schleswig-Holstein
(LWK) [9] which reveal that the gearbox has the longest downtime per failure while
the electrical system has the highest failure rate among all the onshore wind turbines.
It should be noted that the availability of electrical system is higher compared with
mechanical system, even though electrical system has the highest failure rate. The
main reason is that the electrical system is easy to be changed and has a shorter
repair time. In other words, the electrical system does fail often but recovers
quickly, hence it has less influence on the overall availability of the WTs.
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Fig. 1.6. Downtime caused by each subsystem of WTs in Egmond aan Zee wind
farm in Netherland during 2008 and 2009. [The figure was made in Microsoft
Office Excel using the statistical data from reference [11, 12]].
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It is reported that the average availability is 95-98% for onshore WT, and is 80-
95% for offshore WT [10]. However, the actual operating statistics of two large
offshore wind farms indicate that the availabilities are even lower.

Fig. 1.6 demonstrates the downtime caused by subsystems, which is derived from
the operation reports of WTs in Egmond aan Zee wind farm in Netherland during
2008 and 2009 [11-12]. This wind farm consists of 36 Vestas V90 3MW WTs
which began operating in 2007. Gearbox and generator are among the top 2
subsystems which cause the longest downtime of WTs. The total downtime T}, in
2008 is 76758 hours, Ty = 36 turbines * 8760 hours = 315360 turbine hours,
thus the availability of the Egmond aan Zee wind farm in 2008 is, A = (315360 —
76758)/315360 = 75.7%. Similarly, the availability in 2009 can be calculated as
82.9%. The operating statistics of Egmond aan Zee wind farm shows that the low
availability of wind farms especially offshore wind farms is a significant challenge
for the development of wind power.

Profitability

Profitability is another challenge faced by wind power developers, which is mainly
due to the high Operation and Maintenance (O&M) cost especially for the offshore
wind projects. The lifetime cost distribution of a baseline offshore wind project is
shown in Fig. 1.7. It can be observed that the O&M cost takes up 21% of the total
cost in this project. In reference [13] and [14], it is revealed that the maintenance
cost accounts for 10-15% of the lifetime cost of onshore WTs, and 20-35% that of
offshore WTs. The high maintenance cost results from the maintenance strategy of
WTs. Periodical maintenance is the dominant maintenance strategy in wind power
industry, normally the WTs are inspected twice a year. Although this maintenance
strategy is more effective than the posterior maintenance, it still has drawbacks.
Firstly, the condition of the WT is assessed and maintenance practices are arranged
at fixed intervals based on experience, such strategy is usually high cost and often
require shutdown of WT which certainly reduced the availability of wind farm.
Another disadvantage is that the condition assessment is only made every certain
time and the equipment conditions between maintenance remain unknown, which
may result in either excessive maintenance or lack of maintenance of the WTs. Thus
the condition based maintenance is preferred for the maintenance cost reduction and
profitability improvement of WTs.

Another factor which has a great impact on the profitability of WTs is the
unplanned replacement of the critical subsystems especially in offshore wind
projects. Costs for unscheduled replacement of WTs are significant. Table I shows
the cost for replacement of different subsystems for a SMW offshore WT [15],
which has a value of 50 million DKK. The cost for replacement of gearbox is
more than two times of that for generator or blade. Replacement of such
subsystems usually requires specialized vessel and crane. In addition, the harsh
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marine environment may limit the accessibility of operating personnel to faulty
WT, which further increases the cost of human resource.

Therefore, the high O&M and unscheduled replacement costs make the
profitability of WTs a big challenge.

O&M

21%_ Turbine
28%

Electrical
infrastructure
11%
Other capital
Support costs
structure 1%
13% \ Project
installation development

10% 5%

Fig. 1.7. Lifecycle cost distribution of an offshore wind project. [The figure was
made in Microsoft Office Excel using the statistical data from reference [10]].

Table 1.1. Subsystem replacement cost of a SMW offshore wind turbine [15].

Name of Subsystem Cost (DKK)
Gearbox 3,937,000
Generator 1,968,000

Blade 1,625,000
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1.1.3. MOTIVATION

Health Monitoring and Fault Diagnostics (HMFD) is the enabling technology for
safe and reliable operation as well as efficient maintenance of WTs.

The first motivation is to sense the conditions of WT in real time, identify the
potential faults/failures in the ecarly stage, promote condition based and RAP
orientated maintenance of WTs by developing advanced and innovative HMFD
technologies. The aim is to improve the reliability of WTs and reduce the O&M
costs, eventually lower the cost of wind power.

Another driving force of this research is the great market demand of advanced
HMFD systems for WTs. It is reported that the global O&M market of WTs was
62.26 Billion DKK in 2014 and is predicted to be 137.92 Billion DKK by 2023[16].
As one of the core technologies for O&M of WTs, the HMFD systems will have a
booming market in the decade to come. However, the dominant commercialized
HMFD technologies are spectral analysis based on vibration monitoring which is
focused on the drive train subsystems of WTs according to survey [17]. O&M
market calls for new technologies for HMFD of WTs.

Thus, it is of great significance to conduct research on HMFD of WTs to sense the
health status, detect incipient faults, identify severity and locations of faults, predict
the remaining useful lifetime and promote RAP orientated maintenance of WTs.

1.2. STATE OF THE ART

Online HM is an effective way to sense the health status of WTs. Based on the data
collected from the online HM system, the terminal users need an automatic
classification system to provide or predict the assessment results of the health
conditions of WTs for them to arrange the maintenance strategies in advance. RAP
orientated maintenance require the stable accurate and fast FD techniques to detect,
locate the fault as soon as possible and recognize the root causes as accurate as we
can, predict the future damage and system failures as early as possible. This will
benefit the logistic decisions for wind farm operators.

In the literature, a number of articles have reviewed the state of the art on HMFD of
WTs. As the HMFD of WTs is a multidisciplinary research area, the authors of these
review papers are from different fields which are mainly in the domains of Electrical
Engineering [18-26], Mechanical Engineering [27-31] and Civil Engineering [32-34].
Structural HM in WTs especially corrosion and crack monitoring are often neglected
in the review papers from Electrical Engineering and Mechanical Engineering
communities, while the review papers from Civil Engineering usually pay little
attention on the HM of electrical components in WTs.



CHAPTER 1. INTRODUCTION

In this section, a brief review of the state of the art on HM of WTs will be provided.
FD of WTs will be reviewed and classified in a new perspective.

WT is a sophisticated mechanical-electrical-magnetic system. A typical offshore
WT configuration is illustrated in Fig. 1.8. The components/subsystems of a WT
which have been/should to be monitored include blade, main bearing, main shaft,
gearbox, generator, power converter, sensor, nacelle, tower, foundation, hydraulic
system, control system, braking system, yaw system, anemometer and key
connecting bolts. The common fault modes of main components in a WT have
been introduced in [23]. The HM methods applied to WTs have been well
investigated and summarized in recent review reference [23, 24, 26] published in
the last two years. Thus FD of WTs is the main focus of this overview.

Blade

Rotor Electrical
Brake control
Main/ Gearbox

. Generator
bearing
Rotor / Nacelle
hub
Pitch
system Yaw
system
Tower
Cable

Fig. 1.8. A typical offshore wind turbine.
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HM is the foundation for fault detection and diagnostics of WTs. The monitoring
solutions applied to WTs include acoustic emission monitoring [35, 36], thermal
monitoring [37, 38], ultrasonic monitoring [39, 40], fiber optical monitoring [41,
42], current monitoring [43, 44], voltage monitoring [45, 46], electrical impedance
monitoring [47, 48], strain monitoring [49], eddy current monitoring [50], oil
monitoring [51, 52, 53], X-radioscopy [29], lightning monitoring and protection
[54], fir monitoring [55], and SCADA data analysis [56, 57].

Among the above mentioned HM methods, vibration, thermal and -electrical
parameters monitoring are often used for WTs> HM. The vibration monitoring is
most common and mature and thermal monitoring is usually used in protection of
WT generators. Bearing faults in the generators were successfully recognized in [44]
by analyzing the current signal in the Permanent Magnet Synchronous Generator
(PMSG). Reference [58] also used electrical signal which is output power signal as a
medium to detect the shaft misalignment fault in a Doubly Fed Induction Generator
(DFIG). As a matter of fact, both mechanical and electrical faults in WTs can be
recognized via stator electrical signals as is shown in reference [59]. It is a trend that
noninvasive nondestructive methods such as Current Signature Analysis (CSA) and
other electrical signal based FD in WTs is more and more popular as they have
significant advantages over vibration based methods in terms of cost,
implementation and reliability.

The FD methods used in WTs can mainly be divided into the following categories:
model based method, signal processing based method, artificial intelligence based
method and their combinations.

Model based FD of WTs

Measured Measured
input output
u(k) _| Physical y(k)
o system Fault
Residual signal
+ (k) Sk
L Fault trigger | Fault isolation f———p
Observer -
> ¥ (k)
Estimated
output
Fault detection Fault diagnosis

Fig. 1.9. Schematic diagram of model-based fault diagnosis.
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Model based FD is popular in control community. The basic idea is using the
generated residual between measured behavior and estimated behavior as a fault
indictor to trigger the fault detection and fault isolation schemes based on the
mathematic models of dynamic systems. Analytical redundancy in the system is
fully utilized in the model based FD [60, 61]. The schematic diagram of model-
based FD is shown in Fig. 1.9. Fault detection usually means to detect abnormal
states. The existence of a fault could be checked by the fault detection block, while
fault diagnosis block is trying to identify the location, types as well as severity of the
fault. It should be noted that a set of residuals could be required in some cases to
isolate the fault.

T, Ty
Vi Blade and Pitch o . . "| Generator and
—_— Drive Train
System - - Converter
[0} o,
A 4 9 A
B B a, Pg z-gr
m
T rm a)gm
Y Tond
Controller

Fig. 1.10. The fault detection bench model in [64].

Recently, model based FD has been gradually applied to WTs. Reference [62]
proposed a model based method to detect the current, voltage, and position sensor
fault in DFIG based WTs. Kalman filter was used in [63] to detect current sensor
faults for a WT. A benchmarking model for three-bladed horizontal variable speed
WT with a full converter coupled is proposed in [64] and [65], which is demonstrated
in Fig. 1.10. FD schemes for sensors, actuators and system could be tested using this
model. Several solutions have been explored based on this model recently. Support
Vector Machines (SVM) with Gaussian Kernel has been used to classify the types of
faults based on trained vectors which can be found by learning the fault pattern from
training dataset. A combined observer and Kalman Filter solution for the fault
diagnosis of this bench model has also been developed. These proposed methods have
satisfactory results [66-68]. The drawback of model based fault detection method lies
in the accurate analytical mathematic model which is usually very hard to be
established because modern wind turbines are more and more complicated. However,
model based FD is feasible for some subsystems and components.

Sgnal Processing based FD of WTs
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Signal processing based method used in wind turbine fault diagnosis is more
common. A literature review in this related papers show that signal processing theory
including Power Spectral Density (PSD) analysis, Wavelet, Empirical Mode
Decomposition (EMD) and Bivariate Empirical Mode Decomposition (BEMD) etc.
have been used in this research field. Also, some noninvasive monitoring methods
containing power signal and stator current are favored to be used for the diagnosis of
mechanical faults in wind turbines. Most of the researches are focused on the
mechanical faults, so there are more to do with respect to the electrical faults in wind
turbines. W. Yang et al. proposed to obtain fault related signals from generator output
power and rotational speed. They designed an adaptive filter based on continuous
wavelet transform to track the energy in the fault related frequency bands from the
power signal. Both mechanical and electrical faults were successfully detected by
applying this method [69]. Watson, S.J. et al. also used generator output power signal
instead of vibration monitoring to gain the features of the faults. But they only study
the mechanical faults such as shaft misalignment failure and bearing failure in the
wind turbine [70]. BEMD was investigated in paper [71] for detecting incipient
mechanical and electrical faults of wind turbines. The results showed that BEMD is
more effective than EMD and wavelet-based energy tracking techniques. But this
method is too complicated to be implemented in field applications in the near future.

Hilbert-Huang Transformation (HHT) is proposed in [72] to detect the very early
stage fault in inter-turn insulation by only analyzing the stator current in the PMSG.
Simulation results show that HHT can detect the incipient insulation fault in PMSG
successfully. In addition, HHT is more effective than DWT in incipient winding
insulation deterioration detection of the PMSG. The decomposition of phase current
by Discrete Wavelet Transform (DWT) and EMD are presented in Fig. 1.11(a) and
Fig. 1.11(b) respectively. A novel methodology based on tracking the characteristic
demagnetization fault orders of stator current by means of Vold-Kalman Filter
(VKF) has been proposed in [73] for the partial demagnetization fault detection of
PMSMs operating under nonstationary conditions. Only the fault related harmonics
are tracked while the rest of components are removed as noise. Amplitude of
envelopes of the fault characteristic orders has been used as fault indictors. The
results demonstrate the potential of the proposed method for PDFD of PMSMs to be
applied in industrial nonstationary applications. Choi-Williams time frequency
distribution of the tracked orders of stator current in a healthy and 50%
demagnetized PMSM are shown in Fig. 1.12 (a) and Fig. 1.12(b), respectively. By
comparing the results in these two scenarios, it can be seen that the envelopes of 1/3,
5/3, 15/3 orders of stator current in 50% demagnetization fault occasion are all
higher than those of healthy occasions. Significant difference of Choi-Williams time
frequency distributions of the tracked orders of these two cases can be observed
casily.
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Fig. 1.12. Choi-Williams time frequency distribution of the tracked orders of stator
current in a PMSM with slope speed profile from 6000 to 5550 r/min (a) healthy (b)
50% demagnetized.

Artificial Intelligent based FD of WTs

Recently, some researchers began to apply Artificial Intelligent in the fault diagnosis
of wind turbines. Most of these studies are based on artificial neural network which is
an efficient tool in dealing with complicated nonlinear fault pattern identification
problems in wind turbines. In paper [74], Back Propagation (BP) neural network was
applied in the identification four kinds of typical faults of gearbox in wind turbines.
Although the research results are satisfying, the author didn’t consider the drawbacks
of BP neural network such as slow convergence speed and local extremum which will
affect the diagnosis accuracy. X. Zhang et al. summarized that the fault diagnosis
method based on frequency spectrum analysis and wavelet analysis can be effectively
used in the vibration analysis of the gear box, shaft and generator of WTs [75].
Different structure of neural network including feed forward and self-organizing
feature map neural network (SOM) and varieties algorithms containing BP,
Leverberg Marquart (LM) have been applied in gearbox, yaw system, generator and
power electronic equipment in wind turbines [76-77]. Fuzzy algorithm approach,
maximum membership grade principle and data mining algorithm are also adopt to
diagnose the fault symptom of wind turbine blade and gearbox respectively [78-80].

14
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Other intelligent fault diagnosis technologies used in the wind turbines including
Muti-Agent system and Data-Mining Approach. These methods are based on large
quantities of data from Supervisory Control and Data Acquisition (SCADA) system
in wind power plants. By analysis these data, the health status as well as the condition
trend of the turbine and the internal segments will be estimated by different Agents or
different data-mining algorithms such as wrapper with genetic search (WGS),
wrapper with best first search (WBFS) and boosting tree algorithm (BTA). A. S.
Zaher et al. proposed a multi-agent framework which includes abnormal detection
and trend prediction for wind turbines. The fault diagnosis system architecture using
Multi-Agent techniques is shown in Fig. 1.13. The system includes five agents among
which three are fault diagnosis agents [81]. In paper [82], A. Kusiak et al. proposed
wind fault prediction models based on data mining algorithms.
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Fig. 1.13. Fault diagnosis system architecture using Multi-Agent techniques [81]

It is a trend that current based bearing fault diagnosis and other electrical signal based
fault diagnosis in WTGS is more and more popular because they have significant
advantages over vibration based methods in terms of cost, implementation and
reliability. X. Gong et al. proposed a wavelet method for incipient bearing fault
detection using stator currents of the wind turbine [83]. A method based on stator
current PSD analysis was also proposed in paper [84]. Bearing outer race and inner
race defects for a direct-drive wind turbine generator were researched in this paper.
There are also many works we can do in this area in the future.

Although a great many of the research objects in these studies are generator, it seems
that they often concentrate on the mechanical parts such as bearing and shaft in wind
generations. In fact, the electrical fault in rotor and stator in wind turbine generator
should also be paid more attention on.
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Power electronic conversion system, which interfaces the power grid and wind
turbines’ generator, is one of the most important parts in wind power systems [85-86].
The reliability analysis and faults diagnosis of power electronics conversion system in
wind power system become a very important issue. Except for fault diagnosis of
universal power electronics devices, converter and power electronics systems, there
are also many papers about the fault diagnosis of these devices used in the wind
power system. Among these papers, study objects include single fault and multiple
faults both in the grid side and generator side converters. The wind power generation
systems cover from Permanent Magnet Synchronous Generator (PMSG) to Doubly-
Fed Induction Generator (DFIG). The algorithms used in this field include BP neural
networks fault diagnosis method and orthogonal power references method [87-91].

In the past few years, some novel generators are gradually applied to WTs. Among
them switched reluctance generator (SRG) is attractive for its fault tolerant ability.
But fault tolerance doesn’t mean fault free. Several articles are about the fault
diagnostics of SRGs. Winding fault detectors were designed in [92] to indicate the
faulty windings in SRG to make sure the generator can continue operate without the
faulty phase. Reference [93] analyzed and simulated the various faulty modes of the
SRG. The generator’s excitation requirements with and without faults were also
investigated in this article. The literature on FD for switched reluctance wind turbine
generators is very rare. But the demand for high reliable generators in wind power
system is urgent. The fault tolerance capability of SRG should be fully utilized in the
wind turbine application to satisfy the high reliability requirement. Hence there are a
lot of opportunities in this research field.

To sum up, a brief literature review on fault diagnosis of WTs has been carried out. It
can be concluded that although a lot of work has been done in the recent past, the
fault diagnosis of WTs is still in the initial stage and there are plenty of work to do.
Currently, almost all condition monitoring and fault diagnosis methods used in wind
power industry are borrowed from universal equipment fault diagnosis or have been
used in other similar applications. Thus, the characteristics of faults pattern and
mechanism as well as the uniqueness should be studied before applying those
technologies in wind turbine. On the other hand, more attention should be paid on the
electrical fault research in generators as well as in the power electronics conversion
system of WTs. Also, noninvasive monitoring method such as stator current and other
electrical signal based monitoring should be applied in the condition monitoring and
fault diagnosis of WTs. Again, because the WTs are very complicated, one fault can
be caused by many reasons, just using one method to diagnose the fault is very
difficult. So the newest theory in Artificial Intelligence, Machine Learning, Pattern
Recognition, Data Mining, Intelligent Computing and other related theory and their
combination should be used in the fault diagnosis of WTs. Furthermore, condition
prediction, fault warning fault tolerant control, condition based maintenance as well
as SCADA data analysis should be further researched based on the intelligent fault
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diagnosis of WTs. Therefore, it is thought that there are a lot of opportunities and
strong demands in this research field.

1.3. SCOPE OF THIS THESIS

Research object

As mentioned in section 1.1, faults in gearbox and generator result in the longest
downtime of WTs and maintenance costs for these subsystems are relative high.
Thus, the HMFD of gearbox and generator in WTs is the concentration of this
project. In order to fulfill partial objectives for “Research on DC network connection
with a novel wind-power-generator system” supported by the Danish Agency for
Science, Technology and Innovation through the under Grant DSF-10-094560, a
Switched Reluctance Generator (SRG) based WT has been selected to conduct
research on HMFD of gearbox and generator.

Specific research objectives

The objective of this project is to enhance the RAP of gearbox and generator in SRG
based WTs by applying advanced HMFD technologies. The specific research
objectives are,

a. To improve the performance of the oil debris sensor for HM of
gearboxes, in order to prolong the lifetime of gearboxes and benefit the
condition based maintenance of gearboxes.

b. To detect the incipient teeth faults of gearboxes based on a novel
incipient fault detection scheme using the tri-axis vibration signals
aiming at improving the sensitivity of the fault related features and
enhancing the accuracy of the incipient fault detection of WT gearboxes.

Cc. To develop a sensor-less scheme for thermal monitoring of stator
winding of SRG, neither machine parameters nor thermal impedance
parameters are required in the scheme.

d. To develop a fault diagnostic scheme for FD of position sensor in a SRG
based on the model based FD. The purpose is to provide a feasible
theoretical and technical basis for the effective predictive maintenance of
SRG.

Methodology

The methodology of this project is shown in Fig. 1.14. Firstly, fault analysis and
simulation has been conducted with the focus on gearbox and generator, knowledge
of failure mechanism has been obtained. This study requires interdisciplinary
knowledge including Electrical Machine, Power Electronics, Artificial Intelligence,
Computational Intelligence, Machine Learning and Signal Processing. So some
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novel and newest theories in these fields have been investigated. The fault analysis
and simulation also provide guidance to the whole procedure including the algorithm
development and experimental design. Secondly, parameters for HM of WTs have
been selected. For the HMFD of gearbox, the monitored parameters are lubricating
oil debris and vibration. For the HMFD of generator diagnosis, the monitored
parameters are voltage and current. In addition, the effective and feasible feature
extraction methods and fault diagnostic models have been developed for the
diagnosis. A new oil debris sensor has been proposed. A novel approach has been
proposed to detect the incipient teeth fault in a gearbox based on vibration
monitoring. A sensor-less scheme for thermal monitoring of stator winding of a WT
generator has been developed. A fault diagnostic scheme for FD of position sensor
in a WT generator has been proposed. Some of the proposed HMFD methods have
been verified experimentally.

] | l

Fault Anallysis Data Feature Fault
and Simulation Acquisition Extraction Classification

‘Wind Turbine

Generator |

FEEerrEEER

] {Maintenance Schedulingj——,
’—1 Health Status Prediction |

Reliability Evaluation
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Fig. 1.14. Methodology of this project.
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1.4. THESIS LAYOUT
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Fig. 1.15. Thesis layout and relationship of the chapters.

The thesis consists of 6 chapters, the thesis layout and relationship of the chapters are
demonstrated in Fig. 1.15. The thesis is arranged as below,

Chapter 1 Introduction

The background, challenges and motivations of the research are introduced, the state
of the art of HMFD for WTs is reviewed briefly. In addition, the research objects,
specific research objectives as well as the methodology of the project are presented.
Finally, the thesis layouts and list of publications are given.

Chapter 2 Online health monitoring of wind turbine gear boxes

A new inductive sensor which uses saddle-coil probe to generate a uniform magnetic
field for performance improvement on the metal particle detection for HM of WT
gearboxes is proposed in this chapter. The detailed geometry and the performance
analysis are presented by using finite element analysis. The results demonstrate that
the proposed saddle-coil inductive sensor possesses good identification ability of
recognizing the ferromagnetic and non-ferromagnetic oil debris particles whose
diameters are as small as 100 pm.
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Chapter 3 Incipient gear fault detection of wind turbine gear boxes

A new method for detection of early degradation in WT gearboxes is presented in
this chapter. Tri-axis vibration signals, which are used as the medium for the fault
detection, are collected from an experimental gearbox test bench with incipient gear
tooth wear fault. Twenty four statistical features in time domain are extracted from
the vibration signals in each sampled instance. The intrinsic low dimensional
manifold embedded in the twenty four dimensional fault characteristic space is
learned by using the t-Distributed Stochastic Neighbor Embedding (tSNE) which is
an advanced nonlinear dimensionality reduction algorithm. The incipient gear tooth
fault has been successfully detected under different operation conditions only via a
sample K Nearest Neighbor (KNN) classifier using the reduced features in the
manifold.

Chapter 4 Online thermal monitoring of switched reluctance wind turbine
generators

A sensor-less approach for online thermal monitoring of stator winding of SRM is
proposed in this chapter, only voltage and current measurements which already exist
in the control system are needed to estimate the temperature of stator winding,
neither machine parameters nor thermal impedance parameters are required in the
scheme. Simulation results under various operating conditions confirm the proposed
sensor-less online thermal monitoring approach.

Chapter 5 Sensor fault diagnosis of switched reluctance wind turbine
generators

This chapter presents a fault diagnostic scheme for a SRG based on the residual
between the estimated rotor position and the actual output of the position sensor.
Extreme Learning Machine (ELM), which could build a nonlinear mapping among
flux linkage, current and rotor position, is utilized to design an assembled estimator
for the rotor position detection. The data for building the ELM based assembled
position estimator is derived from the magnetization curves which are obtained from
Finite Element Analysis (FEA) of an SRG with the structure of 8 stator poles and 6
rotor poles. The effectiveness and accuracy of the proposed fault diagnosis method
are verified by simulation at various operating conditions. The results provide a
feasible theoretical and technical basis for the effective condition monitoring and
predictive maintenance of SRG.

Chapter 6 Conclusion and futureworks

Contributions and main findings of this thesis are summarized in this chapter. Future
works are also discussed in the end.
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CHAPTER 2. ONLINE HEALTH
MONITORING OF WIND TURBINE
GEARBOXES:

Metal debris in lubricating oil contains abundant information regarding the ageing
and wear/damage of WT gearboxes. The health condition of the lubricated WT
gearboxes can be indicated by the concentration and size of the metal abrasive
particles, which may provide very early warnings of faults/failures and benefit the
condition based maintenance of WTs. A new inductive sensor which uses saddle-
coil probe to generate a uniform magnetic field for performance improvement on
the metal particle detection is proposed in this chapter. The detailed geometry and
the performance analysis are presented by using finite element analysis. The results
demonstrate that the proposed saddle-coil inductive sensor possesses good
identification ability of recognizing the ferromagnetic and non-ferromagnetic oil
debris particles whose diameters are as small as 100 pm.

2.1. INTRODUCTION

Gearbox, which is a crucial subsystem in many WTs, causes the longest downtime
per failure as mentioned in section 1.1. Meanwhile, the unscheduled replacement
cost of the faulty WT gearbox is extremely high. Online HM is an effective means
to ensure the availability and reduce the maintenance cost of WTs.

As modern WTs frequently change the operating mode according to the wind and
grid conditions, WT gearboxes suffer severe transient loadings during start,
shutdown and abnormal grid connections (low or high voltage ride through) [1].
The extreme loads may accelerate the degradation and damage of bearing and gear
which are the crucial components of a WT gearbox. Most of WT gearbox failures
result from the faults of bearing and gear. There are many different wear and
damage patterns of these two critical components. Common bearing damages in
WT gearboxes are demonstrated in Fig. 2.1, Fig. 2.1 (a) presents the crack fault of
the intermediate bearing, Fig. 2.1 (b) shows the macro pitting on rotor bearing.
Similarly, the Fig. 2.2 displays the common gear faults in WT gearboxes. Scuffing

! This chapter is based on the paper which was originally published with following details.
[C. Wang, X. Liu, and Z. Chen, “Probe Improvement of Inductive Sensor for Online Health
Monitoring of Mechanical Transmission Systems,” IEEE Transactions on Magnetics, vol. 51,
no. 11, Nov. 2015], materials are reused with permission from IEEE. Copyright 2015, IEEE.
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of the high-speed gear is shown in Fig. 2.2(a). Corrosion of the sun pinion is
presented in Fig. 2.2 (b),

(a) (b)

Fig. 2.1. Common bearing damages in WT gearboxes, (a) Axial crack on the
intermediate bearing, (b) Macro pitting on rotor bearing [2]. Reproduced with
permission from [R. Errichello, R. Budny, and R. Eckert, “Investigations of Bearing
Failures Associated with White Etching Areas (WEAs) in Wind Turbine
Gearboxes,” Tribology Transactions, vol. 56, no. 6, pp.1069—1076, Jul. 2013.].
Copyright 2013, Taylor & Francis.

(a) (b)

Fig. 2.2. Common gear damages in WT gearboxes, (a) Scuffing of the high-speed
gear, (b) Corrosion of the sun pinion [2]. Reproduced with permission from [R.
Errichello, R. Budny, and R. Eckert, “Investigations of Bearing Failures Associated
with White Etching Areas (WEAs) in Wind Turbine Gearboxes,” Tribology
Transactions, vol. 56, no. 6, pp.1069—-1076, Jul. 2013.]. Copyright 2013, Taylor &
Francis.

There are many different HM methods for the WT gearboxes including vibration
monitoring, acoustic monitoring, oil monitoring and current monitoring as
concluded in section 1.2. The vibration based HM is the most popular approach in
the wind industry applications, however, the very early faults could not be detected
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using vibration based HM. Fault symptoms evolution with time is illustrated in Fig.
2.3. As we can see in this figure, after a fault occurs, there are many different
symptoms over time such as oil debris, acoustic emission, vibration, noise, heat,
smoke and eventually breakdown. The oil debris may come out very soon after the
fault occurs, thus if this fault indicator could be detected and recognized, the fault
can be detected in a very early stage.

. | Acoustic
Emission
Vibrations

Gearbox Health Index

\/ Months Weeks Days Minutes Time

Fig. 2.3. Fault symptoms evolution with time.

Lubricating oil is the life blood of the WT gearboxes. “Blood test” is one of the
most effective approaches to monitor the health and detect the incipient fault of WT
gearbox. Metal debris in lubricating oil contains abundant information regarding the
ageing and wear/damage of WT gearbox. The health condition of the WT gearbox
can be indicated by the quantity and size of the metal abrasive particles, which may
provide very early warnings of faults/failures and benefit the condition based
maintenance of the system [3]. Fig. 2.4 illustrates the lubrication-oil circulating
system of a WT gearbox. The step-up gearbox consists of one stage planetary gear
and two stage parallel shaft gears. The inductive sensor can be implemented in the
primary oil channel (as shown in Fig. 2.4) or bypass oil channel which is in parallel
with the primary channel for the online HM.

Generally speaking, the quantity per volume of the oil metal debris indicates the
ageing rate of the system, while the size presents the severity of the wear status.
Particle diameter under 20pum implies normal wear condition of the system,
diameter from 50 um to 100 pm indicates the infancy failure of the system [4].
Conventional oil metal debris detection methods such as spectroscopic analysis and
ferrographic analysis are costly and time consuming, which cannot be used for
online monitoring. Optical oil debris sensor is susceptible by the color and
transparency of the oil, while the acoustic sensor is susceptible by the vibration,
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capacitive sensor can’t recognize the ferromagnetic and non-ferromagnetic particles
[4-5].

Gearbox
e _H_._u —=1 Generator
r [ T LTH\ | | G
Wind 1 == 1
Turbine T H |
0 g |
m | \Jr\Shaft

o o
[ Gear |
f Lubricant Oil |
Lubricant |
Oil Pipeline M e
Pump Inductive
Sensor

Fig. 2.4. The lubricating system of a WT gearbox.

Inductive sensor, which transforms the quantity per volume and size of the metal
particles into the number and magnitude variation of pulses of coil inductance, is a
good choice for the online health monitoring of mechanical transmission systems. It
is low-cost, high-accuracy, robust and easy to install. Moreover, it can also
distinguish between the ferromagnetic and non-ferromagnetic metal debris
particles.

An inductive sensor with solenoid coil probe with excitation frequency of
10.06MHz is described in [5] for estimating the composition and size of the metal
particles in a glass tube whose outer diameter is 6mm. The smallest detectable
particles are diameter of 200um for nonferrous and diameter of 100um for ferrous
particles. A high throughput inductive pulse sensor for online lubricating oil debris
monitoring is presented in [6], the inner diameter of the oil tube is 1mm, two-layer
planar coil is used in this study, the excitation frequency is 2MHz, the diameters of
the tested particles in this paper is 75-105um for ferromagnetic particles and 105-
150pm for non-ferromagnetic particles. The oil debris sensor was first applied for
the condition assessment of the Pratt & Whitney F119 engine for F22 fighter in
1990s [7]. Previous works on the inductive oil debris sensor using solenoid or

33



HEALTH MONITORING AND FAULT DIAGNOSTICS OF WIND TURBINES

planar coils didn’t take the diameter effect of such coils into consideration. The
works have been done under the assumption that the magnetic field in the oil tube
through which the particles pass is uniform. However, solenoid or planar coils
which are used in references [4-9] around or inside the lubricating oil tubes could
not provide uniform magnetic field, which may result in confused inductance
variation output of the sensor. A debris particle passing the oil tube at different
positions in the cross section may cause different inductance changes, which may
results in detection errors.

Hence, a new inductive sensor which applies saddle coils to generate a uniform
magnetic field for metal particle detection is proposed in this chapter, aiming at
eliminating the diameter effect and improving the performance of the oil debris
detection sensor. The remaining parts of this chapter are arranged as follows,
section 2.2 describes the principle of inductive sensor, the uniformity of magnetic
field produced by the proposed saddle coil probe is presented in the section 2.3, in
section 2.4, the performance of the proposed inductive sensor is simulated and
verified by Finite Element Analysis, section 2.5 concludes this chapter.

2.2. PRINCIPLE OF INDUCTIVE OIL DEBRIS SENSOR

2.2.1. PRINCIPLE

The schematic diagram of the inductive oil debris sensor is depicted in Fig. 2.5,
when the non-ferromagnetic particle passes the alternated magnetic field together
with the oil flow inside the lubricating oil tube, the magnetic field generated by the
coil will be weakened (the red lines in Fig. 2.5) owing to the eddy current damping
effects. Thus the inductance of the coil in the probe will decrease. During the non-
ferromagnetic particle passing through the alternated magnetic field, a negative
polarity pulse will be produced on the inductance of the coil. While if a
ferromagnetic particle moves across the magnetic field in the oil tube, the magnetic
permeability effect of ferromagnetic material and eddy current effect of metallic
material are superimposed. Due to the higher permeability of ferromagnetic
particle, the magnetic field can be strengthened (purple lines in Fig. 2.5(b)) which
results in an increase of the coil inductance. Meanwhile, the eddy current will also
be generated inside or on the surface of the ferromagnetic particles dependent on
the excitation frequency, which decreases the coil inductance.

If the excitation frequency is set appropriately, the ferromagnetic particle would
generate a positive polarity pulse on the inductance when it passes through the
magnetic field, thus the ferromagnetic particles and non-ferromagnetic particles can
be distinguished by the polarity of the inductance pulses. The quantity and size of
the particles can also be identified by the number and amplitude of the pulses.
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Fig. 2.5.The schematic diagram of the inductive sensor, (a) non-ferromagnetic
particle, (b) ferromagnetic particle.

2.2.2. EQUIVALENT CIRCUIT MODEL
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|
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Fig. 2.6. The equivalent circuit model of the oil debris inductive sensor.

The presented inductive sensor can be modeled as a transformer with coupled
primary and short circuited secondary windings. The equivalent lumped parameter
circuit model of the oil debris inductive sensor is illustrated in Fig. 2.6. The primary
winding is the probe coil loop, while the secondary winding is the eddy current
loop. Instead of a high permeable ferromagnetic core in a typical transformer, the
core material in this inductive oil debris sensor equivalent transformer is air. Thus
the coupling factor between the primary and the secondary winding is much smaller
than the typical transformer. The equivalent transformer has a leaky and incompact
coupling of its two windings. When there is no particle passing through the oil
debris sensor, the L, in the secondary winding can be viewed as zero which means
the secondary coil has nothing to do with the primary winding in this case. If a
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ferromagnetic particle passes through the oil debris inductive sensor, the model can
be regarded as an air core transformer with an additional small ferromagnetic core.

The voltage equations of the primary and secondary windings are,
Uy = R, + jowLI; — joMI, 2.1
0 = R,L, + jwL,I, — joMI, (2.2)
where Uy, Ry, I and L, are the voltage, resistance, current and inductance in the
primary winding, respectively. Driver is the AC power source of the probe, I, Ry
and L, are the current, equivalent resistance and inductance of the secondary

winding. M is the mutual inductance.

The equivalent impedance of the sensor probe Z can be obtained by solving the
above two equations,

Z—Ul—R+ w0 M R, +j|wL w M L (2.3)
I RN CTAD R RN TN CTAD b |
Thus the equivalent inductance is
w?M?

L=1L,— (2.4)

———<L
R; + (wLy)?)

here formula (2.4) can be employed to explain the principle of the inductive sensor.
The metallic particles exposed in the alternating magnetic field induce the last parts
in (2.4) which leads to a decrease of L. On the other hand, the ferromagnetic
particle would increase the self-inductance of L; which could enlarge the L.

2.3. SADDLE COIL PROBE
2.3.1. THE PROPOSED SADDLE COIL PROBE
Fig. 2.7 displays the geometry of the proposed saddle coil pair whose length
diameter ratio and circular arcs are 2 and 120° respectively. This specific saddle

coil pair can generate uniform stationary or alternating magnetic field and it has
found applications in biomedical fields [10-11].
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Fig. 2.7.The probe in Cartesian coordinate system.

2.3.2. MAGNETIC FIELD CALCULATION OF THE PROPOSED SADDLE
COIL PROBE

According to Biot-Savart law, the magnetic flux density of any point P(xg, o, Zg) in
the coordinate space can be calculated by,

— IdL x 7
deuoi

pp— (2.5)

The magnetic field source consists of two broad parts, namely the coils in the upper
and lower arcs and the four straight lines on the cylindrical shell. Thus the integral
calculation of magnetic field can be divided into two parts for convenience.
For the upper and lower arcs,

dl, = (Rcos6, Rsind, L/2)

7 = (xo — Rcos@,y, — Rsinb, z, — L/2)

de = (Rcos6,Rsinb,—L/2)
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7, = (xo — RcosB,yy — Rsin®, z, + L/2)

do,k=1,2

w

T —_— . 3m —_
= EM_OIdlerk 9+f7,u_oldlk><rk
k _%471 73 _5?71471 Ty

For the four straight lines,
— R
dls = (3, —V3R/2,7)
. R
3 = (xO _E,yo + \/ER/Z,ZO - Z)
— R
dl4 = (E’\/gR/Z’Z)
_ R
7y = (xo — :3’0 \/_R/Z Zp — z)
— R
dls = (-7, —V3R/2,7)
. R
s = (xO +E,y0 +\/§R/2,ZO —Z)
—_ R
dlg = (—E,\/§R/2,Z)
R
Te = (xo + —+3R/2,zy — 2)

— zyoldl X7

1 d6,j = 3,4,5,6
] 247-[ 7-]3

where,

ey = [Teopl

(2.6)

2.7)

2.8)

2.4. PERFORMANCE OF THE PROPOSED OIL DEBRIS SENSOR

2.4.1. SIMULATION

The saddle coil oil debris sensor model is developed in Comsol Mutiphysics
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environment.
Table 2.1
PARAMETERS OF THE STUDIED OIL DEBRIS SENSOR.
Parameter Value
Excitation frequency 10MHz
Saddle coils diameter Imm
Saddle coils length 2mm
Copper particle diameter 100 pm
Ferro particle diameter 100 um
Excitation current density 6.83 X 10°A/m?
Nominal inductance 7.1795nH

The materials of the ferromagnetic and non-ferromagnetic particles used in this
study are iron and copper, respectively. The particles pass through the sensor along
the positive direction of Z axis from different locations in XY plane. Three
locations are studied in this paper, namely r/R =0, r/R =0.5, r/R = —0.5, where r
is the perpendicular distance from the point to Z axis, R is the radius of the saddle
coils.
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Fig. 2.8. Mesh of the saddle coil.
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Fig. 2.9. Slice and streamline of the magnetic flux density.

Mesh of the saddle coil is shown in Fig. 2.8. Slice and streamline of the
magnetic flux density is illustrated in Fig. 2.9. The magnetic flux density of the
cross section and longitudinal surface of this saddle coil probe are shown in Fig.
2.10 and Fig. 2.11, respectively. As can be seen, the magnetic flux density in cross
section along radius direction is nearly uniform in most regions except near the
wires.

Fig. 2.10.The magnetic flux density of the cross section of saddle coil probe.
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Fig. 2.11. The Magnetic flux density of longitudinal surface of the saddle coil
probe.

2.4.2. RESULTS ANALYSIS

The Relative Inductance Variation (RIV) AL/Lversus excitation frequency when
the 100um-diameter Cu and Fe particles pass through the probe is demonstrated in
Fig. 2.12.

0.006
0.005 —e— Cu Particle

] —=a— Fe Particle
0.004 4
0.003 1
= 0.002 A
|
<1 0.001 A

0 -
-0.001 A
-0.002 A

-0.003

1 3 5 7 9 11 13 15 17
Frequency (MHz)
Fig. 2.12. The relative inductance variation versus excitation frequency.
It is observed that the RIVs induced by Cu and Fe particles are in different polarity.

The absolute value of RIV (ARIV) caused by the Cu particle decrease with the
increase of frequency, it is opposite for the Fe particle. The Cu particle is easy to be
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detected with high excitation frequency, while low excitation frequency is favored
for detection of the Fe particle. Thus 10MHz can be a compromised frequency in
this study.
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Fig. 2.13. The relative inductance variation versus particle diameter.

Fig. 2.13 depicts the RIV versus particle diameter with excitation frequency of
10MHz. The ARIVs for Cu and Fe particles are both increased with the
enlargement of diameter. The RIV curves are nearly linear when the diameters are

larger than 90 um. The parameters of the studied oil debris sensor are shown in
Tab. I.
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Fig. 2.14.The inductance of the saddle probe versus Z axis positions when non-
ferromagnetic particle passes through the sensor from different locations in XY
plane.
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Fig. 2.15.The inductance of the saddle probe versus Z axis positions when
ferromagnetic particle passes through the sensor from different locations in XY

plane.
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Fig. 2.16.The relative inductance variation of saddle coils at different locations in
the cross section of the oil tube.

The inductance profiles of the saddle probe versus Z axis positions when non-
ferromagnetic particle and ferromagnetic particles pass through the sensor from
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different locations in XY plane are demonstrated in Fig. 2.14 and Fig. 2.15,
respectively. As is presented in Fig. 2.16, the relative inductance variations of
saddle coils AL/L at different locations in the cross section of the oil tube for Cu
particle are all -0.17%, while for Fe particle, the relative inductance variation are all
0.32%, which verifies the theoretical analysis of the proposed inductive sensor.

2.5. SUMMARY

A new inductive sensor probe is proposed in this chapter for the online health
monitoring of WT Gearboxes. The magnetic field homogeneity as well as the
performance of the proposed saddle coil are analyzed and verified by finite element
analysis. Future work will be the experimental verification of the proposed saddle
coil probe. Although the proposed inductive sensor is used in 100 pm-diameter
metallic particle detection, it can also find applications in the smaller size particle
counting in biomedical engineering or larger particle identification in industry.
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CHAPTER 3. INCIPIENT FAULT
DETECTION OF WIND TURBINE
GEARBOXES

A new method for detection of early degradation in WT gearboxes is presented in
this chapter. Tri-axis vibration signals, which are used as the medium for the fault
detection, are collected from an experimental gearbox test bench with incipient gear
tooth wear fault. Twenty four statistical features in time domain are extracted from
the vibration signals in each sampled instance. The intrinsic low dimensional
manifold embedded in the twenty four dimensional fault characteristic space is
learned by using the t-Distributed Stochastic Neighbor Embedding (tSNE) which is
an advanced nonlinear dimensionality reduction algorithm. The incipient gear tooth
fault has been successfully detected under different operation conditions only via a
simple K Nearest Neighbor (KNN) classifier using the reduced features in the
manifold.

3.1. INTRODUCTION

FD of WT gearbox is highly desired by the wind farm operators to benefit the
predictive maintenance and to reduce the cost of wind power [1-5]. In the literature,
the fault detection and diagnosis of gear and bearing in WT gearboxes have been
achieved by generator current signature analysis [6-10], piezoelectric strain based
monitoring [11], acoustic emission analysis [12], frequency based analysis of
rotation speeds [13], signature analysis of output power signal [14], Supervisory
Control And Data Acquisition (SCADA) data based approach [15], and vibration
based analysis [16-17].

However, the early fault detection of WT gearbox is still a challenging task because
the incipient fault signatures are very weak and are often buried in the noise. There
are few papers on the incipient fault detection of WT gearbox. The trends of
vibration and oil debris count versus cumulative wind energy production are
analyzed in reference [16] for detection of early damage of WT gearbox. A side
band fault detection algorithm which could be incorporated into a commercial
condition monitoring system for automatic gear fault detection and diagnosis is
presented in [17]. The incipient gear faults including 3mm X 2mm chip, Smm x
Smm chip, 7mm x Smm chip, missing tooth on an and pinion damage are detected
and identified by using the proposed algorithm. In [18], an artificial neural network-
based condition monitoring approach is applied to detect the damages in the gearbox
bearings of a WT gearbox successfully. The intelligent and automatic fault detection,
which is the trend of the next generation HMFD of wind turbines, could reduce the
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quantity of the information and inspection that the operators and maintainers of
wind turbines must handle. In the automatic fault detection framework, the feature
extraction and reduction is one of the most important steps which play a
determinative role to the performance of incipient fault detection.

Hence a tSNE based incipient fault detection scheme using the tri-axis vibration
signals is proposed in this chapter aiming at improving the sensitivity of the fault
related features and enhancing the accuracy of the incipient fault detection of WT
gearboxes. The remaining parts of this chapter are arranged as follows. Section 3.2
illustrates the fault setting and experimental setup. Evaluation of commonly used
methods for the incipient gear FD is presented in section 3.3, frequency domain and
joint time-frequency domain analysis are investigated in this section. A novel FD
method based on tSNE and KNN is proposed in section 3.4, the detection results are
analyzed. Section 3.5 summarizes this chapter.

3.2. FAULT SETTING AND EXPRIMENTAL SETUP

Fig. 3.1. The seeded incipient tooth fault.

The seeded incipient tooth fault and experimental setup are presented in Fig. 3.1 and
Fig. 3.2, respectively. 25% abrasion of two adjacent teeth in gear d of a two stage
gearbox is set to emulate the incipient gear fault of WT gearboxes. The numbers of
teeth in the gears are, a. 54, b. 29, c. 40, d. 29, which makes the gear ratio to be
2.568. Tri-axis vibration signals, which are used as the medium for the fault
detection, are collected from the experimental gearbox test bench with incipient gear
tooth wear fault. The sampling frequency is 20kHz. Three datasets are generated to
be used in section 3.3 and section 3.4.

Dataset 1. Tri-axis vibration signals with a length of 2 seconds when the rotational
speed is 1500 rpm of the healthy gearbox. Tri-axis vibration signals with a length of
2 seconds when the rotational speed is 1500 rpm of the faulty gearbox. Tri-axis
vibration signals with a length of 0.5 second when the rotational speed is 3000 rpm
of the healthy gearbox. Tri-axis vibration signals with a length of 0.5 second when
the rotational speed is 3000 rpm of the faulty gearbox.
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Dataset 2. Segments of 0.6 second tri-axis vibration signals during a nonstationary
operation condition with the speed profile of 1500-0-1500 rpm are collected using
the health and faulty gearbox, respectively.
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Fig. 3.2. Experimental setup.

Dataset 3. Four operation conditions, case I: tooth healthy @1200-1600rpm, case II:
tooth faulty @1200-1600rpm, case III: tooth healthy @2700-3100rpm, case IV:
tooth faulty @2700-3100rpm are conducted for the data acquisition. 50 specimens
of the tri-axis vibration signals, each of which contains more than 5 rotating cycles
of the HSS, are collected from each operation condition. Among these collected
instances, 25 instances are randomly selected as testing instances in each case.
Hence there are totally 200 specimens collected from the experiment, among which
100 specimens are testing specimens.
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It should be noted that the above mentioned rotating speed is the speed of High
Speed Shaft (HSS) in the gearbox.

3.3. INVESTIGATION OF REGULAR FD APPROACHES
3.3.1. FREQUENCY DOMAIN ANALYSIS

When two gears mesh each other, the number of teeth involved in the process varies
from one pair to two pair then back to one pair, which forms a periodic impulse to
the teeth. The shock between the contacting teeth results in the gear meshing
vibration. Gear Mesh Frequency (GMF) is,

fo=n—=Z 3.1

where f;, is GMF, n is integer, N is the rotational speed of the shaft (rpm), Z is the
teeth number of the gear. When the rotational speed is 1500 rpm, GMF of different
gears in the gearbox shown in Fig. 3.2 is presented in Table 3.1. Table 3.2 shows
the rotating frequency of different Shafts, where fs1, fs2 and fs3 represent the
rotating frequency of low speed shaft, intermediate shaft and high speed shaft,
respectively.

Table 3.1. GMF of different gears with rotational speed of 1500 rpm.

Gear Pair Gear Ratio Gear Mesh Frequency (Hz)
alb 1.862 525.42
c/d 1.379 725

Table 3.2. Shaft rotating frequency with rotational speed of 1500 rpm.

Shaft Shaft rotating frequency (Hz)
fsl 9.73
fs2 18.13

fs3 25
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Shafts, gears and bearings in a gearbox could produce vibration during normal
operation. The energy distribution of the vibration subjects to change once there is a
fault in the gear teeth. Thus the vibration signal is the carrier of fault signatures and
could be used as the medium for FD of gearboxes. Fault characteristics could be
extracted from the vibration signals. Frequency spectrum analysis is the most
commonly used approach for the FD of gear fault. Fast Fourier Transform (FFT) is
used to obtain the spectrum in frequency domain. If there is damage in the gear teeth,
the amplitude of the fault characteristic frequencies should increase. Dataset 1 is
used in this subsection.

Fig. 3.3 presents the frequency spectrum of vibration signals from healthy gearbox,
it should be noted that only the signals in x and z directions are shown in this figure.
This is because the gear fault can only affect the vibration signals in radial direction.
Hence y axis signal of the tri-axis accelerometer, which is in the axial direction, is
not analyzed here. As shown in Fig. 3.3(a), the upper graph is the time domain
waveform of vibration in x axis between 8 and 10 second, spectrum in two
frequency bands, 0-30Hz and 500-750Hz, is also presented in this figure. Vibration
signal in z direction is transformed into frequency and shown in Fig. 3.3(b). The

corresponding frequency spectrum analysis for the faulty gearbox is presented in Fig.
3.4.

Table 3.3. Comparison of fault characteristic frequencies from healthy and faulty
gearboxes with rotational speed of 1500 rpm.

Fsl Fs2 Fs3 Fgml Fgm2

(9.73Hz) (18.13Hz) | (25Hz) (525.4Hz) | (725Hz)
xMag(healthy) | 0.0002 0.0023 0.0078 0.12 0.008
xMag(faulty) 0.0016 0.0037 0.0087 0.05 0.009
zMag(healthy) | 0.0012 0.001 0.0014 0.025 0.012
zMag(faulty) 0.0006 0.001 0.002 0.012 0.013

Table 3.3 shows the comparison of fault characteristic frequencies from healthy
and faulty gearboxes with rotational speed of 1500 rpm, the magnitude of Fs2, Fs3
and Fgm?2 have slight increases both in x and z axis when the incipient gear fault
occurs. However, there are opposite changes on the magnitude of Fsl and Fgml.
Therefore frequency spectrum is not effective for the FD of incipient gear fault.
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In order to evaluate the spectrum analysis method comprehensively, vibration data
collected from healthy and faulty gearboxes with rotational speed of 3000 rpm are

also analyzed. GMF of different gears is shown in Table 3.4. The rotating
frequency of different Shafts is presented in Table 3.5.

Table 3.4. GMF of different gears with rotational speed of 3000 rpm.

Gear Pair Gear Ratio Gear Mesh Frequency (Hz)
alb 1.862 1050.84
c/d 1.379 1450

Table 3.5. Shaft rotating frequency with rotational speed of 3000 rpm.

Shaft Shaft rotating frequency (Hz)
fsl 19.46
fs2 36.26
fs3 50
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Table 3.6. Comparison of fault characteristic frequencies from healthy and faulty
gearboxes with rotational speed of 3000 rpm.

Fsl Fs2 Fs3 Fgml Fgm2

(19.46Hz) | (36.26Hz) | (50Hz) (1050.8Hz) | (1450Hz)
xMag(healthy) | 0.023 0.003 0.02 0.09 0.08
xMag(faulty) 0.029 0.003 0.02 0.08 0.1
zMag(healthy) | 0.006 0.008 0.04 0.05 0.09
zMag(faulty) 0.005 0.009 0.03 0.02 0.05

Fig. 3.5 presents the frequency spectrum of vibration signals from healthy gearbox,
As shown in Fig. 3.5(a), the upper graph is the time domain waveform of vibration
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in x axis between 8 and 10 second. Spectrum in two frequency bands, 15-55Hz and
1000-1500Hz, is also presented in this figure. Vibration signal in z direction is
transformed into frequency and shown in Fig. 3.5(b). The corresponding frequency
spectrum analysis for the faulty gearbox is presented in Fig. 3.6.

The comparison of fault characteristic frequencies from healthy and faulty
gearboxes with rotational speed of 3000 rpm is presented in Table 3.6, the
magnitude of Fsl, Fs2 and Fgml have tiny increases in x or z axis when the
incipient gear fault occurs. Other indicators hold the level or descend. The results
from both operation conditions indicate that the frequency spectrum is not reliable
for the FD of incipient gear fault.

3.3.2. JOINT TIME-FREQUENCY DOMAIN ANALYSIS

Fourier Transform (FT) is widely used for the FD of gearboxes operating under
stationary conditions. However, most modern WTs rotate at variable speed to extract
the maximum power from wind [19]. In such cases, FT is not effective for analyzing
the time varying signals. Short Time Fourier Transform (STFT) is the most widely
used method for analysis of nonstationary signals. Thus STFT is utilized in this
subsection to analyze the nonstationary vibration signals in dataset 2.

The idea of STFT is using a sliding window w(t) to segment the signal s(t) into
small sections, which is narrow enough to be considered as stationary. FT is applied
to each segment of the s(t), which gives a bank of spectral information for the
narrow time intervals. Thus STFT is a joint time frequency representation method
which provides both time and frequency information of s(t).

The definition of Continuous-time STFT is,
S(t,w) = j s(w(t — t)e /tdt (3.2)

Discrete-time DTFT D(t, w) of s(n) is

[oe]

D(n,w) = Z s(m)w(n — m)e-jom (3.3)

m=—oo

Discrete DTFT X(t, w) of s(n) is

[ee)

X(n k) = Z sm)w(n — m)e_jzﬁnkm (3.4)

m=—oco

where N is the width of the window, 0 < k < N — 1.
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Two pieces of data in dataset 2 is analyzed in this subsection. STFT of vibration
signals from healthy gearbox and faulty gearbox are shown in Fig. 3.7 and Fig. 3.8,
respectively. Hanning window is used in this study, the overlap is 100. The length
of the vibration signal is 0.6 second. By comparing the joint time frequency
representation of the signals from healthy and faulty gears, only the trend of the
spectrum change following the variable rotational speed profile 1500-0-1500 could
be observed. The change of fault characteristic frequencies related to the incipient
gear fault is not found in the time frequency representation.

3.4. INCIPIENT GEAR FAULT DETECTION BASED ON TSNE
AND KNN

3.4.1. EXTRACTION OF FAULT CHARACTERISTICS

The incipient gear fault related features extracted in this section is the statistical
characteristics in time domain. Suppose the time series x: {x;, ..., Xk, ..., X, } is the
sampled vibration instance, the fault related features are shown as follows.

Mean value:
n
. 3.5
X = o Z Xy (3.5
k=1
Max value:
X = max(x) (3.6)
Root mean square:
1 n
RMS = |- Z (x0)? (3.7)
Variance:
n
1 _
g2 == Z(xk — x)? (3.8)
e
Crest factor:
X

(3.9)
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Shape factor:

RMS
SF = C E— (3.10)
n
n k=1|xk|
Kurtosis:
E[(x, — %)*]
k = —r (3.11)
Skewness:
E[(xx — X)°]
= p (3.12)

3.4.2. NONLINEAR DIMENSIONALITY REDUCTION USING TSNE

The intrinsic low dimensional manifold embedded in the twenty four dimensional
fault characteristic space is obtained by using tSNE [20-21], which is a promising
approach of manifold learning [22-23], to improve the sensitivity of the fault related
features and facilitate the incipient FD of WT gearbox. The principle of tSNE is
briefly introduced here.

tSNE consists of two steps. Firstly, a probability distribution is constructed for the
high dimensional objects, which makes the objects with high similarity could be
selected easily and the objects with low similarity have a low probability to be
selected. Given a set of N high dimensional objects x;, x, ... xy, it should be noted
that N is the number of object not the dimensionality. The similarity between objects
x;and x; is,

exp(—||x; — xj||2/2c52)

jle = 3.13

DIl = S exp(—IIx; — x,[12/20%) (3.13)
_ Pjii t Py

Pij =" 5N (3.14)

Here Gaussian kernel o is used to establish the probability distribution.

The second step is to build a probability distribution in the target low-dimensional
space. The constructed two probability distributions in two different dimensional
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spaces should be as similar as possible. Suppose y;,¥, ... Yy is mapped low
dimensional objects, the similarity of y;and y; is defined as,

G = @+ [ly -y |[H
t a1+ lye =yl

(3.15)

where t distribution is used to evaluate the similarity of the objects in low-
dimensional space.

The positions of the mapped low dimensional points y; in the manifold are obtained
by Kullback—Leibler divergence optimization of the two distributions P and Q via
gradient descent method. The objective function C s,

p..
¢ = KL(P||Q) = Z pijlog™d (3.16)
i#] qij

Gradient is,

dc

v, = 4Z(pij gD =)+ |y — }’j||2)_1 (3.17)

3.4.3. FAULT CLASSIFICATION BASED ON KNN

Now that the intrinsic low dimensional manifold embedded in the high dimensional
fault characteristic space is learned by using tSNE, the next step of the incipient gear
FD of WT gearbox is fault classification. KNN is applied to fulfill this step. The
basic theory of KNN is presented shortly in this subsection.

Suppose X = (x4, ...,xy) is the training sample set, X; = (X;1, ..., Xjx) is the k
nearest neighbors of x;, X, = (x¢q, ..., X¢m) testing sample set, x, is an arbitrary
testing sample. Xy = (Xo1, ..., Xo) 1S the k nearest neighbors of x,, whose labels are
Ly =(l, ..., ;). It should be noted that these k nearest neighbors are from the
training sample set. Assume 68 = (8, ..., x¢) is the class set. There are totally C
categories [24].

The voting rules of KNN is,

k
j* =arg max Z(S(li,j) (3.18)
j=1,..C e
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where 6 is the Kronecker delta.

The training data set is used by the testing instance to search the k Nearest
Neighbors. The class label is determined by major class of k Nearest Neighbors.
Equation (3.18) is used in this decision-making procedure.

3.4.4. RESULTS ANALYSIS

The time domain waveforms of tri-axis vibration signals of a specimen in operation
case II are shown in Fig. 3.9 (a). It can be observed that the actual rotation speed
varies from 1200 rpm to 1400 rpm in this 0.2s specimen. A multi-band FIR filter is
designed to remove the noise and fault unrelated frequencies. Fig. 3.10 demonstrates
the Amplitude-frequency characteristics of the FIR multi-band filter. Spectrum
comparison before and after filtering is illustrated in Fig. 3.11.

The filtered signals in time domain are highlighted in Fig. 3.9(a). Twenty four
statistical time domain features are extracted from the filtered tri-axis vibration
signals in each specimen using the formula (3.5) to (3.12), from which the intrinsic
features in 3 dimensional manifold are obtained via tSNE. The intrinsic features of
the 100 specimens in case I and II are demonstrated in Fig. 3.9(b). It is observed that
the healthy and faulty instances are projected to two compact clusters with great
margins which can be totally separated using a linear classifier.
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Fig. 3.12 shows the results of the nonlinear dimensionality reduction using tSNE
and incipient gear fault detection based on KNN (k=3) classification. The reduced
dimensional intrinsic features of the specimens in four operation cases aggregate to
four separated clusters after tSNE, which is demonstrated in Fig. 3.12(a). As is
presented in Fig. 3.12(b), the boundaries for the incipient gear fault detection are
depicted in the two dimensional intrinsic feature plane. The classification accuracy
for training dataset is 100%, while it is 97% for the test dataset because there are
two instances on the boundary and one wrongly classified instance of the healthy
category.

3.5. SUMMARY

A new approach for the incipient gear fault detection based on tSNE and KNN is
proposed in this chapter, incipient gear fault is analyzed and set on the high speed
gear in the experimental gearbox, commonly used FD approaches including
frequency domain analysis and joint time frequency analysis are investigated and
evaluated, followed by the detailed procedure of the proposed FD method. Statistical
characteristics in time domain are chosen as fault features. The principles of tSNE
and KNN are briefly introduced. Finally, the results are analyzed.

BIBLIOGRAPHY

[1] J. Ribrant and L. Bertling, “Survey of failures in wind power systems with
focus on Swedish wind power plants during 1997-2005,” IEEE Trans. Energy
Convers,, vol. 22, no. 1, pp. 167-173, Mar. 2007.

[2] W. Qiao and D. Lu, “A survey on wind turbine condition monitoring and fault
diagnosis-part I: Components and subsystems,” |IEEE Trans. Ind. Electron., vol.
62, no. 10, pp. 6536-6545, Oct. 2015.

[3] W. Qiao and D. Lu, “A survey on wind turbine condition monitoring and fault
diagnosis-part II: Signals and signal processing methods,” IEEE Trans.
Industrial Electronics, vol. 62, no. 10, pp. 6546-6557, Oct. 2015.

[4] S. Faulstich, B. Hahn, P. J. Tavner, “Wind turbine downtime and its importance
for offshore deployment,” Wind Energy, vol. 14, no. 3, pp. 327-337, 2011.

[5] S. Sheng and P. Veers, “Wind turbine drivetrain condition monitoring — an
overview,” NREL, Golden, CO, Tech. Rep. NREL/CP-5000-50698, May 2011.

[6] X. Gong and W. Qiao, “Bearing fault diagnosis for direct-drive wind turbines
via current-demodulated signals,” IEEE Trans. Ind. Electron., vol. 60, no. 8, pp.
3419-3428, Aug. 2013.

[7]1 J. Zhang, J. Dhupia, and C. J. Gajanayake, “Stator current analysis from
electrical machines using resonance residual technique to detect faults in
planetary gearboxes,” |[EEE Trans. Ind. Electron., early access article, 2015.

[8] P. Zhang and P. Neti, “Detection of gearbox bearing defects using electrical
signature analysis for doubly fed wind generators,” |EEE Trans. Ind. Appl., vol.
51, no. 3, pp. 2195-2200, Dec. 2014.

66



CHAPTER 3. INCIPIENT FAULT DETECTION OF WIND TURBINE GEARBOXES

[9] D. Lu and W. Qiao, “Adaptive feature extraction and SVM classification for
real-time fault diagnosis of drivetrain gearboxes,” Proceedings of |EEE
Transportation Electrification Conference and Expo (ITEC), 2013, pp. 1 —6.

[10]1D. Lu and W. Qiao, “Current-based diagnosis for gear tooth breaks in wind
turbine gearboxes,” Proceedings of |IEEE Energy Conversion Congress and
Exposition (ECCE), 2012, pp. 3780 — 3786.

[11]J. Yoon, D. He, and B. Hecke, “On the use a single piezoelectric strain sensor
for wind turbine planetary gearbox fault diagnosis,” |[EEE Trans. Ind. Electron.,
early access article, 2015.

[12]Y. Qu, D. He, J. Yoon, B. Hecke, E. Bechhoefer and J. Zhu, “Gearbox Tooth
Cut Fault Diagnostics Using Acoustic Emission and Vibration Sensors — A
Comparative Study,” Sensor, vol. 14, no. 1, pp. 1372—-1393, Jan. 2014.

[13]P. F. Odgaard and A. R. Nejad, “Frequency based Wind Turbine Gearbox Fault
Detection applied to a 750 kW Wind Turbine,” Proceedings of IEEE
Conference on Control Applications, Oct. 2014, pp. 1383-1388.

[14]S. J. Watson, B. J. Xiang, W. Yang, P. J. Tavner and C. J. Crabtree "Condition
monitoring of the power output of wind turbine generators using
wavelets", |EEE Trans. Energy Convers., vol. 25, no. 3, pp.715-721, 2010.

[15]1Y. Wang and D. Infield, “Supervisory control and data acquisition data-based
non-linear state estimation technique for wind turbine gearbox condition
monitoring,” |ET Renewable Power Generation, vol. 7, no. 4, pp. 350-358, Jul.
2013.

[16]C. J. Crabtree, Y. Feng, and P. J. Tavner, “Detecting Incipient Wind Turbine
Gearbox Failure: A Signal Analysis Method for Online Condition Monitoring,”
in Proc. Euro. Wind Energy Conf., 2010, pp. 1-6.

[17]1D. Zappala, P. J. Tavner, C. J. Crabtree, S. Sheng, “Side-band algorithm for
automatic wind turbine gearbox fault detection and diagnosis,” IET Renewable
Power Generation, vol. 8, no. 4, pp. 380-389, 2014.

[18]P. Bangalore, and L. B. Tjernberg, “An Artificial Neural Network Approach for
Early Fault Detection of Gearbox Bearings,” IEEE Trans. Smart Grid, vol. 6, no.
2, pp. 980-987, Jan. 2015.

[19]1Z. Chen and E. Spooner, “Grid power quality with variable speed wind
turbines,” |EEE Trans. on Energy Conversion, vol. 16, no. 2, pp. 148-154,
2001.

[20]L. J. P. Maaten and G. E. Hinton, “Visualizing High-Dimensional Data Using t-
SNE,” Journal of Machine Learning Research, vol. 9, no. 11, pp. 2579-2605,
Nov. 2008.

[21]L. J. P. Maaten, “Accelerating t-SNE using Tree-Based Algorithms,” Journal of
Machine Learning Research, vol.15, no. 10, pp. 3221-3245, Oct. 2014.

[22]]J. Tenenbaum, D. Silva, J. Langford, “A global geometric framework for
nonlinear dimensionality reduction,” Science, vol. 290, no. 5500, pp. 2319—
2323, Dec. 2000.

[23]S. T. Roweis, L. K. Saul, “Nonlinear dimensionality reduction by locally linear
embedding,” Science, vol. 290, no. 5500, pp. 2323-2326, Dec. 2000.

67



HEALTH MONITORING AND FAULT DIAGNOSTICS OF WIND TURBINES

[24]L. Ma, M. M. Crawford, and J. Tian, “Local manifold learning-based k-nearest-
neighbor for hyperspectral image classification,” |[EEE Trans. Geosci. Remote
Sens,, vol. 48, no. 11, pp. 4099—4109, Nov. 2010.

68



CHAPTER 4. ONLINE SENSORLESS THERMAL MONITORING OF SWITCHED RELUCTANCE MACHINE

CHAPTER 4. ONLINE SENSORLESS
THERMAL MONITORING OF
SWITCHED RELUCTANCE MACHINE:

Stator winding is one of the most vulnerable parts in Switched Reluctance Machine
(SRM), especially under thermal stresses during frequently changing operation
circumstances and susceptible heat dissipation conditions. Thus real-time online
thermal monitoring of the stator winding is of great significance to the system
protection and lifetime extension of SRM. A sensor-less approach for online thermal
monitoring of stator winding of SRM is proposed in this chapter, only voltage and
current measurements which already exist in the control system are needed to
estimate the temperature of stator winding, neither machine parameters nor thermal
impedance parameters are required in the scheme. Simulation results under various
operating conditions confirm the proposed sensor-less online thermal monitoring
approach.

4.1. INTRODUCTION

Although the SRM is robust, the stator winding is one of the most vulnerable points
under thermal stresses during operation. The maximum temperature limits for the
different classes of insulation materials used in the windings are presented in Tab.
4.1 by referring to the IEC standards [1-2]. The winding’s insulation is ranked by
the ability to bear the thermal load. The limit temperature of class A is 105 °C, while
it is 180 °C for H class. According to [3], the lifespan of the winding could decrease
one half given that the temperature rises by every 10 °C higher than the designed
limits. Thus real-time online thermal monitoring of the stator winding is of great
significance to the system protection and lifetime extension of SRM.

The temperature rise and distribution of the SRM has been studied using lumped
parameter thermal model and numerical methods recently [4-7]. However, few
literatures can be found on the real-time thermal monitoring for SRM. The thermal
monitoring methods for electrical machines can be generally divided into two
categories, namely with and without additional devices.

2 This chapter is based on the paper which was originally published with following details.

[C. Wang, H. Liu, X. Liu, X. Zhang, and Z. Chen, “Online Sensorless Thermal Monitoring
for Switched Reluctance Machine,” Proceedings of 18th International Conference on
Electrical Machines and Systems (ICEMS 2015), 2015, pp.1709-1715.], materials are reused
with permission from IEEE. Copyright 2015, IEEE.
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For the former, embedded sensors such as thermistors or thermocouples in the
machine are the most common and straightforward configurations. Another method
in this category is the signal injection by auxiliary circuits which run independently
with the system. The resistance can be identified via the signal injection from which
the temperature of the stator could be estimated indirectly by the variation of the
stator winding resistance [8-10]. Although the results of these approaches are
accurate, they are intrusive. Furthermore, the additional sensors and circuits may
also increase the cost and reduce the reliability of the system.

Table 4.1
Winding insulation classes and the limited temperatures [1-2].
Insulation Class TemperatureLimit (°C)
A 105
B 130
F 155
H 180

The latter category is model based methods which consist of thermal models and
electrical models for the thermal monitoring of machines [11-18]. The thermal
model based methods employ equivalent thermal circuits (ETC) for the temperature
estimation. The parameters of the ETCs can be obtained based on the specifications
of the machine and heat transfer path, complicated temperature test as well as
calibration [11-13]. The main disadvantage of this approach is that the accuracy is
susceptible to different heat dissipation conditions. The electrical model based
approach estimates the average stator winding temperature using the stator
resistance which varies with the temperature. In this case, the stator winding itself
can be regarded as a temperature sensor. By changing the control references and
pulse width modulation, the active flux or torque [14], DC current [15], DC voltage
[16] is injected into the machine, the generated DC offset in the stator winding can
be used to calculate the stator resistance. Another stator resistance evaluation
method is to design a resistance estimator based on the analytical model of the
machine [17]. The electrical models based temperature estimation method overcome
the drawbacks of thermal models, it is not affected by the change of cooling
conditions.

In this chapter, a novel temperature estimation scheme for the SRM is proposed

without using thermal sensors. The arrangement of the remaining parts of this
chapter is as follows, section 4.2 presents the nonlinear analytical model of the
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studied SRM, section 4.3 demonstrates the online sensor-less stator winding thermal
monitoring scheme for SRM, simulation and results analysis are shown in section
4.4, conclusions are drawn in section 4.5.

4.2. MODELLING OF SRM

SRM has a doubly salient structure, and there is no magnet or winding on the rotor.
The transversal section view of an 8/6 SRM is shown in Fig. 4.1. The stator has 8
poles while the rotor has 6 poles. The nonlinear relationship of flux linkage as a
function of phase current and rotor position represents the magnetization
characteristics of a SRM. The SRM model used in this chapter is a nonlinear
analytical model proposed in [19] and [20]. The magnetic curve clusters of one
phase in a SRM are displayed in Fig. 4.2. As can be seen in Fig. 4.2, the flux linkage
rises monotonically with the increase of phase current at each position. When the
phase current reaches to certain value, the variation of the flux linkage is becoming
unapparent due to the flux saturation. The unaligned stator inductance, initial
aligned stator inductance, and saturated aligned stator inductance used in the
analytical SRM model can be obtained by derivative operation of flux linkage on
stator current.

Fig. 4.1. The transversal section of an 8/6 SRM.

The flux linkage W, at the totally unaligned rotor position is approximated as a
linear function of stator current i,

V(D) =1Ly~ 4.1)

where L is the unaligned stator inductance.
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Fig. 4.2. The magnetic curve clusters of one phase in a SRM.

At the totally aligned rotor position, the flux linkage W, (i) is a non-linear function
of the stator current,

Y(i)=Wer - (1—e X)) + Ly 4.2)
where
L,—L
K — 2 3
q’sat

W, Ly and L can be obtained by using the equations in Fig. 4.2.

The flux linkage W(i, 0) for the middle rotor positions is calculated using the above
two flux linkages,

le(l' 9) = lpua(i) + 77(9) ’ (qja(l) - lpua(i)) (43)

where 1(0) is a weighting function,

1 1 x
=—+4= N, 21— 44
n(#) 5 +5c0s( r<9+ T Ns)) 4.4
N, is the number of rotor poles, N is the number of stator poles, and x = 0, ...,—Iis -

1 denotes the phase.
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The voltage equations are,

U= Ry iy + 0k _ R
k= 0kt lg ar Tk 5%

+69Uk di, 0¥, do 45
di, dt 06 dt (4.5)

whre Uy, Ry, ix and Wy are the voltage, resistance, current and flux linkage of phase
k, 6 is the rotor angle.

Electromagnetic torque produced by phase k is,

0 i
T (i,0) = @f ¥, (i*,0) di* (4.6)
0

Mechanical movement equation is,

@6 =T F do T, 4.7
] dt2 — le dt l ( . )
where J is rotational inertia, F is frictional coefficient, T, is total electromagnetic
torque, T; is load torque.

4.3. THE PROPOSED ONLINE SENSORLESS THERMAL
MONITORING OF SRM

According to the electromagnetic characteristics of SRM, the phase current and
phase flux linkage are all zero at the beginning of winding magnetizing as well as
the end of winding discharging, which is illustrated in Fig. 4.3.

If the two time spots mentioned above are denoted as t,,, and t,, then we can get

0= [ @ —i©-RIdt

tOTL

tz

t2
:f u(t)dt — R f i(t)dt =0 (4.8)

on tOTl
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Fig. 4.3. Illustration of the two characteristic flux linkage points.
where @,is the flux linkage of one phase in SRM at t,, u(t) and i(t) are phase

voltage and phase current between t; and t,, thus the phase resistance R can be
estimated by
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[Pt
R="Tn 4.9)
[ i(t)dt

tOTL

It should be noted that R in (4.8) is a function of time in reality. However, the
temperature variation of the stator windings in one duty period during normal
operation conditions is so little that it is reasonable to assume that the stator winding
resistance is constant in one duty cycle.

The resistivity of the copper, which is the typical material of stator winding in a
SRG@G, changes with the temperature of the coil, the relationship is

Pt = Po + acpo(t —to) (4.10)

where p, is the resistivity of copper at temperature t °C, p, is the resistivity of

copper at temperature t,°C, «a. is the temperature coefficient of copper (3.93 x
1073/°C).

If we assume the length and cross sectional area of the copper is invariant, the
resistance of the winding is proportional to its resistivity

R« p “4.11)
The temperature of the copper conductor t can be derived as

R./Ry— 1
t= o+ 2fo=1 (4.12)
aC

4.4. SIMULATION AND RESULTS ANALYSIS
4.4.1. SIMULATION OF THE SRM SYSTEM

A 7.5kw 8/6 poles four-phase SRM is modelled in Matlab/Simulink, the
specifications of the studied SRM system is shown in Tab. 4.2. The unaligned stator
inductance, initial aligned stator inductance, and saturated aligned stator inductance
are calculated by magnetization characteristics obtained from Finite Element
modelling.

A PI controller is designed to regulate the rotational speed. The stator currents of the
four phases in two cycles when rotational speed is 1000 rpm and load torque is 20
Nm are shown in Fig. 4.4. It takes 0.01 second for the rotor to turn 60° of
mechanical angle. Fig. 4.5 displays the voltage profile of phase A during two
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periods. The totally aligned position of phase A is defined as 0°. The turn-on angle
and turn-off angle of phase A are set to be 30° and 55°. The voltage of phase A is
240V when the rotor position is 30° at 0.045 second, where the current of phase A is
rising quickly due to low inductance at the unaligned position. The phase A gets into
current chopping mode from about 0.0455 second until 0.048 second. After which it
goes into discharging mode up to 0.00496 second. The currents of Phase B, C and D
have 15° phase delays successively.

Table 4.2

Main parameters of the studied SRM system.
Parameters Value
Rated power 7.5 kw
Phase number 4
DC supply voltage 240 V
Structure 8/6 poles
Stator outer diameter 210 mm
Inner diameter 113.8 mm
Air gap 1 mm
Rotor diameter 50 mm
Stator resistance R 0.224 ohm @25°C
Unaligned stator inductance 3.1386 mH
Initial aligned stator inductance 46.4714 mH
Saturated aligned stator inductance 0.94 mH
Aligned saturation flux linkage 0.4716 Wb
Inertia 0.02 kg'm?
Friction coefficient 0.02
Rated load 20 Nm
Initial rotor speed 1000 rpm

Three cases are studied in this chapter, the results and analysis are given in the next
section. It should be noted that the thermal time constant of electrical machines are
relatively large, hence it may take tens of minutes for the temperature rising curve
getting to steady state. However, the time scale of the proposed thermal estimation
method is 10 milliseconds (1000rpm), it is unnecessary to simulate the temperature
rising or change in tens of minutes. The time scale used in this study is 0.15 second.
It is assumed that the temperature of stator winding is constant in the steady state,
while it is slope response in the transient state. It is reasonable because thermal
analysis is not necessary and not the focus of this chapter. Specifically, the
temperature profiles in different operating conditions are assumed as follows, the
stator resistances are set according to the temperature.
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Fig. 4.4. The four-phase stator currents during two cycles.
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Fig. 4.5. Voltage of phase A during two cycles.

In Case 1: constant speed (1000rpm), constant load (20Nm), It is assumed that the
temperature is constant (70.4°C) in this steady state. The phase resistance is 0.264
ohm. In Case 2: step change of speed (1000rpm to 1500rpm), constant load (20Nm),
It is assumed that the temperature is constant during 0.05 and 0.1 second, phase
temperature is 70.4°C. The phase resistance is 0.264 ohm. From 0.1s to 0.15s, the
temperature increases linearly from 70.4°C to 87.5°C. The phase resistance
increases linearly from 0.264 ohm to 0.278 ohm correspondingly. In Case 3:
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constant speed (1000rpm), step change of load (40Nm to 20Nm), during 0.05 and
0.1 second, the temperature in the steady state is assumed to be 93.16°C. From 0.1s
to 0.15s, the temperature decreases linearly from 93.16°C to 81.8°C. The phase
resistance increases linearly from 0.284 ohm to 0.2748 ohm correspondingly. In
industrial applications, the stator winding temperature could be calculated every few
minutes to reduce calculation amount.

4.4.2. RESULTS ANALYSIS

Case 1: constant speed (1000rpm), constant load (20Nm)
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Fig. 4.6. The rotational speed and electromagnetic torque profiles of the SRM
system in case 1.

The rotational speed and electromagnetic torque profiles of the SRM system are
shown in Fig. 4.6. The speed controller is well designed and the rotational speed can
be maintained at 1000 rpm with little error. The torque ripple is less than 20%,
which is accepted for this kind of machine. The torque ripple could be reduced by
optimizing the turn-on and turn-off angles which is not in the scope of this chapter.

The current, current integration, voltage and voltage integration profiles of phase A
in the SRM system in case 1 are shown in Fig. 4.7. The voltage and current profiles
are the same as the steady state discussion in section A. The integrations of current
and voltage are reset at the turn-on occasion. The temperature of stator winding is
estimated using equations (4.9) — (4.12), which is demonstrated in Fig. 4.8. Due to
constant resistance of phase A in this case during the 0.15 second, the estimated
phase resistance by (4.9) is exactly an accurate estimation.
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Case 2: step change of speed (1000rpm to 1500rpm), constant load (20Nm)
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Fig. 4.10. The current, current integration, voltage and voltage integration profiles of

phase A of the SRM system in case 2.
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Fig. 4.11. The estimated temperature and error of stator winding in case 2.

A step change of rotational speed is imposed at 0.1 second in this case study. The
response curve is shown in Fig. 4.9. The adjustment time of the speed controller is
less than 0.02 second. The overshoot is very little and the response speed is very fast.
The torque ripple is extremely large during the transient stage, which returns to
normal after the rotational speed reaches a stable level around 1500 rpm.

In Fig. 4.10, the current, current integration, voltage and voltage integration profiles
of phase A in the SRM system in case 2 is demonstrated. In the transient period,
there are two cycles during which the phase A is charging consistently until the turn-
off position. Phase A operates in single pulse mode during these two cycles.

The estimated temperature and error curve are shown in Fig. 4.11. Before the speed
change, the proposed temperature estimation method can track the resistance and
temperature without error, while the temperature has a ramp-up from 70.8°C after
the step change of rotational speed. Because the estimated temperature can only be
updated once in a cycle, a zero order holder is utilized for the interpolation between
two updated points. Thus the error is relatively large, but it is still acceptable as the
maximum error is only 2°C. It is observed that the estimated values are always
lower than the real ones, which can be explained by (9), where we suppose that the
resistance R is constant in a short period, in reality R is slowly rising up after 0.1
second, therefore the estimated value using (9) is lower than the real value.

Case 3: constant speed (1000rpm), step change of load (40Nm to 20Nm)

81



HEALTH MONITORING AND FAULT DIAGNOSTICS OF WIND TURBINES

1050

1000

Rotation speed (rpm)

950
0.05

0.06

.
01 011 0.12 0.13 0.14 0.15
Time (s)

0.07 0.08 0.09

0
0.05

Electromagnetic Torque (Nm)

0.07 0.14 0.15

.
01 011 012 013
Time (s)

I
0.09

I I
0.06 0.08

Fig. 4.12. The rotational speed and electromagnetic torque profiles of the SRM
system in case 3.

L fﬂ\oﬁ

O

ﬁ\f\f“\f“\

0

0.05 0.11 0.12 0.13 0.14 15

0

0.05 0. 06 0. 07 0. 08 0. 09 X 0. 11 0. 12 0. 13 0. 14 15
200+ -

0 |
-200 ] E

0.05 0.06 007 008 009 01 011 012 013 0.14 0.15

0.12 0.13 0.14 0.15

Voltage int (V.s) Voltage (V) Currentint (A.S) cyrrent A)

0.11

Il
0.1
Time (s)

O I I I I
0.05 0.06 0.07 0.08 0.09

Fig. 4.13. The current, current integration, voltage and voltage integration profiles of
phase A of the SRM system in case 3.

A step change of load torque from 40Nm to 20Nm at 0.1 second is presented in Fig.
4.12. The rotational speed is kept to be 1000 rpm in this case. The torque ripple
before 0.1 second is over 40%, while it reduces to the same level of case 1 after 0.1
second. The current, current integration, voltage and voltage integration of phase A
in the SRM system change dramatically at 0.1 second, which is shown in Fig. 4.13.
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The estimated temperature and error in this circumstance are shown in Fig. 4.14.
The proposed temperature estimation method can accurately estimate the resistance
and temperature before the load change. Nonetheless, the temperature falls off from
93.2°C after 0.1 second due to load change. The estimation error becomes large
owing to interpolation and zero order holding. It can be seen that the estimated
values are always larger than the real ones. The reason is that the resistance of
winding in phase A at t,, is larger than the resistance at t,. The assumption of
constant winding resistance introduces an incremental error to the resistance and
temperature estimation.
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Fig. 4.14. The estimated temperature and error of stator winding in case 3.

4.5. SUMMARY

A novel approach for online thermal monitoring of stator winding of SRM without
thermal sensors is presented in this chapter. The proposed approach has been
verified with high accuracy under variable rotational speed and torque conditions.
The stator winding itself has an additional function as a thermal sensor in this
scheme. The accuracy of the winding temperature estimation may be affected by the
resistance-temperature characteristic and the resolution and precision of the voltage
and current measurements. It doesn’t need parameters of the machine, it is
nondestructive, and can be easily implemented in the machine control and
monitoring system only by adding the temperature estimation algorithms in the
software. It is cost-effective and has a vast application potential on the online
condition monitoring and health management of SRMs.
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CHAPTER 5. A FAULT DIAGNOSTIC
METHOD FOR POSITION SENSOR OF
SWITCHED RELUCTANCE WIND
POWER GENERATORS:

Fast and accurate fault diagnosis of the position sensor is of great significance to
ensure the reliability as well as sensor fault tolerant operation of the Switched
Reluctance Generators (SRGs). This chapter presents a fault diagnostic scheme for a
SRG based on the residual between the estimated rotor position and the actual
output of the position sensor. Extreme Learning Machine (ELM), which could build
a nonlinear mapping among flux linkage, current and rotor position, is utilized to
design an assembled estimator for the rotor position detection. The data for building
the ELM based assembled position estimator is derived from the magnetization
curves which are obtained from Finite Element Analysis (FEA) of a SRG with the
structure of § stator poles and 6 rotor poles. The effectiveness and accuracy of the
proposed fault diagnosis method are verified by simulation at various operating
conditions. The results provide a feasible theoretical and technical basis for the
effective condition monitoring and predictive maintenance of SRGs.

5.1. INTRODUCTION

With the increasing concern on the reliability and cost, Switched Reluctance
Generator (SRG) has been attracting more and more attentions from the wind power
academia and industry. Unlike the most commonly used Doubly Fed Induction
Generator (DFIG) and Permanent Magnet Synchronous Generator (PMSG) in wind
energy conversion systems, there is no winding or magnet on the rotor of SRG, in
addition, each phase is independent of each other in terms of structure and
electromagnetism. These significant features help SRG possess high reliability and
good fault tolerant ability, making SRG a candidate for the next generation variable
speed wind generator [1-7].

Although Switched Reluctance Machine (SRM) has a robust structure and high fault
tolerant ability, it does not mean that it is fault free. The relatively vulnerable parts
in a SRM are stator windings, power transistors, bearings and sensors. There are

® This chapter is based on the paper which was originally published with following details.

[C. Wang, X. Liu, H. Liu, and Z. Chen, “A Fault Diagnostic Method for Position Sensor of
Switched Reluctance Wind Turbine Generators,” Journal of Electrical Engineering &
Technology. vol. 11, no. 1, Jan. 2016.], materials are reused with permission from KIEE.
Copyright 2016, The Korean Institute of Electrical Engineers.
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some researches on Fault Detection and Diagnosis (FDD) of winding, power
converter and bearing of SRM [8-12] but very few publications about the position
sensor FDD [13]. Although it is a trend that the position sensor will be eliminated
with the mature of sensorless control technology [15-19], most SRMs still have
position sensors in a considerable period of time. When the position sensor fails, the
system should be able to detect it and then switch to the backup sensor or execute
proper system reconfiguration and fault tolerant control. Thus the fast and accurate
fault diagnosis of the position sensor is essential to ensure the reliability as well as
sensor fault tolerant operation of the SRG.

Reference [13] proposed a square wave position edge prediction method for the
position signal fault diagnosis and position faults recovery of SRM. However, the
position sensor system investigated in this chapter is three optical encoders based
measurement system, which may limit the application scope of this approach.
Despite few investigations of position sensor FDD, the rotor position estimation of
SRM from which the sensor health status can be inferred has been studied a lot [15-
27]. One possible solution for position sensor FDD in SRM which widely used in
control theory community is to extract and analyze the residual between the actual
output and the estimated output if this estimated value is accurate enough [28]. Flux-
current characteristics method, which is first proposed by [17], is the most popular
method for rotor position estimation in medium and high speed operating of SRM.
Flux linkage-current-angle relationship data is stored in a 2D lookup table which is
used to estimate the rotor angle. The drawback of this method lies in occupation of
mass software and hardware resources as well as long computing time due to table
searching and interpolation processing. In order to overcome these shortcomings,
plenty of nonlinear approximation solutions have been developed in the last decades
based on the basic idea of flux linkage-current-angle characteristics of SRM. These
solutions include fuzzy logic [17-21], Back-Propagation (BP) neural networks,
Radial Basis Function (RBF) neural networks, adaptive neuro-fuzzy inference
system [22-25]. The above methods substitute fuzzy or neural network models for
the 2D lookup tables, which release large amount of memory. However, the fuzzy
logic rules in the fuzzy logic model are massive and require experience to create,
meanwhile, most artificial neural networks models are based on iterative learning
algorithm which is time consuming and hard to achieve global optimum.

This chapter presents a fault diagnostic approach for position sensor in SRG based
on the residual between the actual output of the position sensor and the estimated
rotor position which is obtained from an assembled estimator. Section 5.2 gives the
position sensor fault pattern analysis of the SRG. Section 5.3 presents the procedure
of magnetization characteristics acquisition via FEA. The rotor position estimation
of SRG based on Extreme Learning Machine (ELM) is proposed in section 5.4.
Section 5.5 illustrates the fault diagnostic approach for position sensor in SRG based
on analysis of the residual. The performance of the proposed approach is verified
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under various operating conditions and sensor fault scenarios. Section 5.6 presents
the conclusion of this chapter.

5.2. POSITION SENSOR FAULT PATTERN ANALYSIS OF SRG

5.2.1. POSITION SENSOR OF SRG

Accurate rotor position information is indispensable for the SRG to determine the
conducting phase/phases and turn-on/turn-off angles to achieve desired control
performance. A typical wind power generation system configuration with SRG is
depicted in Fig. 5.1, the position sensor measures the position angle of high speed
shaft of the gearbox and feedbacks this signal to the controller of the asymmetric
half bridge converter. The common used position sensors are optical encoders, hall-
effect sensors and magnetic resolvers [13-14].

5.2.2. POSITION SENSOR FAULT ANALYSIS

Owning to the harsh environments most Wind Energy Conversion Systems (WECS)
usually work in, especially for offshore occasions, the position sensors are fragile
under long-time extreme temperature, high humidity and salt mist conditions. In
dusty environment, the optical encoders tend to be affected and may lost signals,
while the hall-effect sensors are more susceptible to temperature.

Wind
Turbine
B
ol
B
\
‘ As; i -
e ymmetric ) Grid
wl Gearbox AF . Bridge Converter Inverter
J 2 < w — — DbC
= =~ |
I o & AC

Fig. 5.1. A typical wind power generation system configuration with switched
reluctance generator.

Moreover, the magnetic resolvers are quite easily disturbed by electromagnetic
radiation which is abundant in the nacelle of WECS. In addition, the transmission
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channel, the power source and the related modulation and measurement circuits of
the position signal may also be intervened by the external electromagnetism sources.

Thus the above mentioned factors may eventually result in intermittent or permanent
faults in the software or hardware of the rotor position sensing systems. The false
signals from the faulty rotor position sensor may affect the normal function of the
feedback loop and the control system of the WECS. The incipient sensor fault could
influence the power generation capacity of the WECS, while more serious sensor
faults may lead to catastrophic failures of the WECS.

5.3. MAGNETIZATION CHARACTERISTICS ACQUISITION VIA
FEM

Magnetization characteristics, which demonstrate the relationship among flux
linkage, phase current and rotor position, is the foundation for rotor position
estimation. 2D finite element model of a 7.5kw 8/6 poles four-phase SRG is
developed using ANSYS MAXWELL to obtain the magnetization characteristics.

The fully unaligned position is defined as 0°, while the fully aligned position is 30°.
The distributions of the flux line at the fully unaligned and aligned positions are
shown in Fig. 5.2. Fig. 5.3 displays the magnetic curve clusters of phase A with the
rotor position interval of 1.2°. As can be seen in Fig. 3, the flux linkage rises
monotonically with the increase of phase current at each position. When the phase
current reaches to certain extent, the variation tendency of the flux linkage is
becoming unapparent owning to the flux saturation. At each fixed phase current, the
flux linkage increases while the rotor position rotates from the fully
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Fig. 5.2. Flux line distribution at different positions, (a) fully unaligned position, (b)
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Fig. 5.3. The magnetic curve clusters of the studied SRG.

unaligned position (0°) to aligned position (30°). Near the fully aligned position, the
relationship between flux linkage and phase current is nonlinear, on the other hand,
there is a nearly linear relationship between flux linkage and phase current near the
fully unaligned position.
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5.4. ROTOR POSITION ESTIMATION OF SRG BASED ON ELM
5.4.1. EXTREME LEARNING MACHINE

Single hidden layer feedforward neural networks (SLFNs) which have universal
approximation ability are widely used in state estimation of electrical machines.
Traditional parameter optimization of the SLFNs is based on iterative methods.
Gradient descend methods, such as the most commonly used BP algorithm, are used
to guide the learning process of parameters tuning iteratively with the training data.
These methods are usually time-consuming and hard to get the global optimal
solutions. ELM is a recently developed novel learning algorithm for training the
SLFNs [29-31]. The name ‘ELM? also refers to the SLFNs trained by this algorithm.
Thus in the following parts of this chapter, ELM may be either of the two meanings.
The only preset parameter of ELM is the number of hidden layer neurons. It is no
need to tune the weights and threshold parameters in the learning process of ELM
algorithm, the unique optimal parameters can be obtained analytically via simple
matrix computations. Thus it offers significant superiorities in term of fast training
speed, easy to implement, good generalization ability as well as minimal human
involvement.

ELM has been used in power system applications to solve the prediction and state
evaluation problems [32-33]. The key principle of ELM for rotor position estimation
of SRG is given as follows.

N . . .
Suppose {xi,yi}i_ ,isn sample dataset of a nonlinear system, where x; € R" with

X; = [Xi1, Xiz, 0, Xin] T, ¥, E R™ With y, = [y,,¥,,, ...,yim]T, n, mis the dimension of
X;, y;, respectively. The goal is to approximate a model in the form of,

f(xj) = Zﬁig(wi X+ bi). j=1,..,N (5.1)

where ®; = [w;1, Wj3 ..., w;x]T is the weight vector connecting the ith hidden
neuron and the input neurons, B; = [Bi1, Biz -, Bin]" is the weight vector connecting
the ith hidden neuron and the output neurons, b; is the threshold of the ith hidden
neuron, g(x) is the activation function, K is the number of hidden neurons of ELM.
The ELM can approximate these N samples with zero error means that

Ziaallf () = w51=0,

K
Zﬂig(wi-xj+bi)=yj, j=1,...,N (52)
i=1
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The above equations can be rewritten in a compact form,

GB=Y (5.3)
where
c g(“’l'{‘l"'bl) g(wK'3f1+bK)
g(wy xy+b) - glwg-xy+ bl .
B=1[B1 - BK]T
Y = [y1 }’K]T

here G is the hidden-layer output matrix of the SLFN, while 8 is the output weight
matrix, Y is the target matrix.

The smallest norm least squares solution of the above regression system is
B =G'Y (5.4)

where G is the Moore-Penrose generalized inverse of matrix G. The G can be
obtained via Singular Value Decomposition (SVD).

Thus the estimated output of the regression system f (xj) can be expressed as,
F = GB = GG'Y (5.5)

The Mean Square Error (MSE) of the regression system is,
1 1 2
2=—||F-Y|*==|GGTY - Y 5.6
lell? = IIF = Y11 = | I (56)

5.4.2. ROTOR POSITION ESTIMATION OF SRG

The voltages and currents of the four phase windings will be delivered to a flux
linkage calculator to calculate the flux linkage of each phase. If the leakage
inductance between the phases is neglected, the flux linkage of the phase k can be
calculated by,

Wi () = f (e — Ryi)dt + P (0), k = 12, .. 4 (5.7)
0

where u; , R, , i, are the phase voltage, phase resistance and phase current
respectively. Then the current and flux linkage will be input to the corresponding
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ELM position estimator. There are four ELM estimators, each of which works in its
own best estimation region. This will be introduced in detail in the next section.

Offline training and online estimation strategy, which may improve the efficiency of
the ELM, is used in this study. After the training process, all the weights and biases
parameters of the ELM rotor position estimator are determined. These parameters
are configured into the online ELMs for real time rotor position estimation.

5.5. POSITION SENSOR FAULT DIAGNOSIS AND RESULTS
ANALYSIS

5.5.1. SIMULATION
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Converter
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Fig. 5.4. Configuration of the SRG system and the rotor position estimation module.

The configuration of the studied 7.5kw 8/6 poles four-phase SRG system is
demonstrated in Fig. 5.4. The current chopping control strategy is deployed in the
simulation for the current control, the hysteresis band width is £3A. The DC
exciting voltage is 120V. Due to the generating mode of SRM, the turn-on and turn-
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off angles are set to be 30° and 60°. The nominal rotor speed is 1000 rpm while the
nominal wind speed is 12m/s. The simulation is implemented in Matlab/Simulink®
environment. Each phase is working on the current chopping mode with the
reference current 62.5A and the hysteresis band width +3A. Adjacent phases have a
phase shift of 15°.The optimal rotor speed of the SRG is determined by referring to
the wind speed to extract the maximum power from the wind [34], which is shown
in Fig. 5.5.

Pt—-———— le<Vw2<Vw3<Vw4
4
Maximum
power line
P3 ______________
P
Pl _______ 1
I
0 1
0 Wr1 Wyz2 Wez Wiy Wy
Fig. 5.5. Maximum power point tracking.
Input layer Hidden layer Output layer
b,
&()
&()
gd*) —bx

Fig. 5.6. Structure of the ELM position estimator.
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1299 samples are collected from the flux linkage-current-angle relationship. The
input weights w; and bias b; are generated randomly, the output weights B; are
analytically calculated using the extremely fast ELM. The structure of the ELM
position estimator is illustrated in Fig. 5.6. There are two neurons in the input layer,
one neuron in the output layer. Sigmoid activation function is used in this study. The
number of neurons in the hidden layer is 500. It takes only 0.8292s to learn the 1299
samples, which is almost impossible for other iterative algorithms given the same
hardware conditions. The ELM estimator only has the angle estimation range of 30°
which is restricted to the magnetic characteristics. Thus, when the current and flux
linkage of certain phase are nonzero, they could be used for the ELM to estimate a
30° range of the rotor angle.

Three types of sensor faults are simulated in this study to verify the effectiveness of
the proposed diagnosis method. The faults include bias fault, drifting fault and
intermittent fault. The bias fault is simulated by adding a constant shift to the output
of the position sensor. A monotone increase is superimposed to the sensing signal to
simulate the drifting fault. For the intermittent fault, a narrow bandwidth long flat-
top pulse is imposed on the sensor’s output.

5.5.2. RESULT ANALYSIS

The estimation results of the four separate ELMs when the wind speed is 12 m/s and
the generator speed is 1000 rpm are show in Fig. 5.7. Theoretically, only two phases
with 30° phase shift (such as phase C and A) is enough to estimate the whole 60°
angle cycle. However, as can be seen in Fig. 5.8, the estimation results are
undesirable, which is due to the nonlinear magnetization characteristics of the SRG.
As shown in Fig. 5.3, the magnetic curves near the aligned, unaligned as well as low
current regions are crowed together or even intersecting, which may reduce the
accuracy of even advanced estimation algorithms. For the intersection points in the
magnetic curves, it is impossible to estimate the rotor position precisely only using
flux linkage-current-angle relationship because of the non-unique mapping. In fact,
there is a distinguished region among the aligned, unaligned and the certain current
and flux linkage range for rotor position estimation, which results in the relatively
accurate estimation range of about 20° shown in Fig. 5.7. Therefore, 15° sensitive
region of each ELM is selected to contribute the whole 60° range angle estimation.
To be specific, ELM1 is responsible for estimation of 41° - 55°, ELM2 takes charge
of angle span of 56° - 10°, ELM3 is used to evaluate the position between 11° - 25°,
ELM4 is in charge of 26° - 40°. The improved results are demonstrated in Fig. 5.8.
The estimated rotor angle is very close to the real rotor position as shown in Fig. 5.8.
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The detailed estimation results under various operating conditions are presented in
the following section.
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Fig. 5.8. Outputs of the improved assembled ELM estimators and estimated rotor
angle.

The assembled ELM estimation results under different operating conditions are
shown in Fig. 5.9, Fig. 5.10 and Fig. 5.11, respectively.

Table 5.1. The ELM estimation error at different operating conditions

Operating Condition (wind speed, m/s)
8 12 6-12
(667rpm) (1000rpm) (500-1000rpm)
MAE (°) 0.7273 0.5748 2.3633
RMSE (°) 0.1949 0.1617 0.2870
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In the case of 12 m/s wind speed, the generator speed is 1000 rpm. As shown in Fig.
5.8(b), the Maximum Absolute Error (MAE) of ELM estimation is 0.5748°, the Root
Mean Squared Error (RMSE) is 0.1617°. The MAE and RMSE are both higher with
8 m/s wind speed. As the wind speed increases linearly from 6 to 12 m/s, the
generator speed increases from 500 to 1000 rpm, the estimation error is bigger in the
low speed stage. The MAE and RMSE results are presented in Tab. 5.1. Although
the MAE in the 500 to 1000 rpm acceleration operating condition is relatively larger,
the RMSEs are very low (no greater than 0.3°) in all the three operation conditions
which indicate the overall estimation performance of the proposed method is good.
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Fig. 5.9. Assembled ELM estimation result when wind speed is 12m/s (w,, = 1000)
rpm, (a) current and flux linkage waveforms, (b) estimation result.
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Fig. 5.12. Residual under normal sensor condition when wind speed from 6 m/s to
12 m/s.
It is noted that the MAEs in the cases of 8 m/s wind speed and 12 m/s wind speed
conditions always appear when the corresponding current and flux linkage are in the
transitional area between the distinguished and crowed regions of the magnetization
characteristic curve, which may affect the performance of the ELM estimators.
However, 0.7273° and 0.5748° of MAE are satisfying for position estimation. For
the wind speed increasing from 6 to 12 m/s operating condition, the MAE is
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2.3633°, the relative large errors are all appear before 700 rpm (0.035s).
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Fig. 5.13. Residual under sensor bias fault condition when wind speed from 6 m/s to

12 my/s.
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Fig. 5.14. Residual under sensor drifting fault condition when wind speed from 6
m/s to 12 m/s.
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Fig. 5.15. Residual under sensor intermittent fault condition when wind speed from
6 m/s to 12 m/s.

The corresponding current and flux linkage in this case are in the crowed region of
the magnetization characteristic curve which is inevitable in this operation
condition.

The residual generated under normal sensor condition when wind speed varies from
6 m/s to 12 m/s is shown in Fig. 5.12. The residual generated under the bias fault,
drifting fault and intermittent are demonstrated in Fig. 5.13, 5.14, and 5.15,
respectively. Since the MAE is 2.3633° in this variable speed operating condition
which is shown in Table 5.1, the threshold to determine the normal/abnormal status
of the sensor is set to be £2.5°. As can be seen in Fig. 5.12, the residual from 0.03s
to 0.05s when the sensor is healthy and the wind speed is variable has little
variations which are all within the threshold range.

As shown in Fig. 5.13, the bias fault occurs at 0.04s until 0.05s, the generated
residual has a rapid rise and exceeds the set upper threshold of 2.5° quickly just after
the occurrence of this sensor fault. It is observed that the average residual fluctuation
also has a slight increase compared with the normal case.

Fig. 5.14 presents the residual curve under sensor drifting fault condition when wind
speed from 6 m/s to 12 m/s. The residual in the drifting fault occasion keeps gentle
increase between 0.03s and 0.05s. The fault residual reaches and passes the upper
threshold at about 0.046s. The fault alarm can be triggered at around 0.047s
dependent on the setting.
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As is described in Fig. 5.15, a peak pulse of the residual is produced between 0.04s
and 0.041s in the intermittent sensor fault circumstance when wind speed from 6
m/s to 12 m/s. It is noted that the average residual fluctuation also has an increase
compared with the normal case.

To summarize, when the rotor position sensor has a fault, the output of the sensor
can’t represents the real rotor position while the proposed assembled ELM estimator
can still estimate the rotor position in a high accuracy, which generates residuals.
Once the residual exceeds the set threshold, the fault alarm can be triggered which
indicates the fault is detected. By analyzing the generated residuals, different kinds
of rotor position fault are identified. According to the simulation and results
analysis, the common faults such as bias fault, drifting fault and intermittent fault
have been detected and diagnosed accurately by using the proposed position sensor
fault diagnostic scheme.

5.6. SUMMARY

This chapter presents a novel rotor position sensor fault diagnostic scheme for SRG
based on assembled ELM. Simulation results show that the learning speed of ELM
is extremely fast, the rotor position estimation accuracy is also very high with the
best RMSE of 0.1617°. The sensor faults including bias fault, drifting fault and
intermittent fault have been detected and diagnosed accurately by using the
proposed position sensor fault diagnostic approach. The rotor position estimation
method as well as sensor fault diagnostic scheme proposed in this chapter are of
great significance for cost reduction, reliability improvement and predictive
maintenance of SRG. It has vast potentials in the application of virtual sensor,
position sensor redundancy, sensor-less control and sensor fault tolerant control of
SRG.
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CHAPTER 6. CONCLUSIONS AND
FUTURE WORKS

6.1. CONCLUSIONS

The objective of this project has been to enhance the RAP of SRG based WTs by
applying advanced HMFD technologies. This dissertation has investigated the health
monitoring and fault diagnostics of WTs with focuses on gearboxes and generators.

Since metal debris in lubricating oil contains abundant information regarding the
ageing and wear/damage of WT gearboxes. The health condition of the lubricated
WT gearboxes can be indicated by the concentration and size of the metal abrasive
particles, which may provide very early warnings of faults/failures and benefit the
condition based maintenance. A new inductive sensor which uses saddle-coil probe
to generate a uniform magnetic field for performance improvement on the metal
particle detection is proposed. The detailed geometry and the performance analysis
are presented by using finite element analysis. The results demonstrate that the
proposed saddle-coil inductive sensor possesses good identification ability of
recognizing the ferromagnetic and non-ferromagnetic oil debris particles whose
diameters are as small as 100 pm.

FD of WT gearboxes is highly desired by the wind farm operators to benefit the
predictive maintenance and to reduce the cost of wind power. A new method for
detection of early degradation in WT gearboxes is presented. Tri-axis vibration
signals, which are used as the medium for the fault detection, are collected from an
experimental gearbox test bench with incipient gear tooth wear fault. Twenty four
statistical features in time domain are extracted from the vibration signals in each
sampled instance. The intrinsic low dimensional manifold embedded in the twenty
four dimensional fault characteristic space is learned by using the t-Distributed
Stochastic Neighbor Embedding (tSNE) which is an advanced nonlinear
dimensionality reduction algorithm. The incipient gear tooth fault has been
successfully detected under different operation conditions only via a simple K
Nearest Neighbor (KNN) classifier using the reduced features in the manifold.

Stator winding is one of the most vulnerable parts in Switched Reluctance Machine
(SRM), especially under thermal stresses during frequently changing operation
circumstances and susceptible heat dissipation conditions. Thus real-time online
thermal monitoring of the stator winding is of great significance to the system
protection and lifetime extension of SRM. A sensor-less approach for online thermal
monitoring of stator winding of SRM is proposed, only voltage and current
measurements which already exist in the control system are needed to estimate the
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temperature of stator winding, only reference stator resistance Ry is needed, neither
other machine parameters nor thermal impedance parameters are required in the
scheme. Simulation results under various operating conditions confirm the proposed
sensor-less online thermal monitoring approach. It doesn’t need parameters of the
machine, it is nondestructive, and can be easily implemented in the machine control
and monitoring system only by adding the temperature estimation algorithms in the
software. It is cost-effective and has a vast application potential on the online
condition monitoring and health management of SRMs.

Fast and accurate fault diagnosis of the position sensor is of great significance to
ensure the reliability as well as sensor fault tolerant operation of the Switched
Reluctance Wind Generator. A novel rotor position sensor fault diagnostic scheme
has been proposed for SRG based on assembled ELM. Simulation results show that
the learning speed of ELM is extremely fast, the rotor position estimation accuracy
is also very high with the best RMSE of 0.1617°. The sensor faults including bias
fault, drifting fault and intermittent fault have been detected and diagnosed
accurately by using the proposed position sensor fault diagnostic approach. The
proposed rotor position estimation method as well as sensor fault diagnostic scheme
are of great significance for cost reduction, reliability improvement and predictive
maintenance of SRG. It has vast potentials in the application of virtual sensor,
position sensor redundancy, sensor-less control and sensor fault tolerant control of
SRG.

As concluded above, this PhD dissertation has addressed some of the major issues
regarding health monitoring and fault diagnostics of wind turbines. Issues with oil
debris sensor improvement, incipient fault detection of WT gearboxes, online
sensor-less thermal monitoring of SRM, and position sensor fault diagnosis in SRG
have been covered. Simulation and experimental results have showed that these
proposed methodologies are able to successfully address these issues.

6.2. FUTURE WORKS

Although many aspects regarding health monitoring and fault diagnostics of wind
turbines have been covered by this dissertation, several other issues are interesting
for future investigation. Some of the issues that are deemed valuable are listed as
follows,

1. This research concentrates on the HMFD of gearbox and generator in WTs,
other subsystems or components in WTs, such as blade, tower, main
bearing, power converters, have not been included. As a matter of fact,
blade and main bearing may also cause long downtime of WTs, power
converters has high failure rate. The scope of the HMFD should be
extended to blade, tower, main bearing and power converters in the future
research.
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From maintenance point of view, the decision makers of wind farm
operators would like to know the remaining service time of the faulty
subsystem/component in WT after the detection of the fault, thus failure
prognostic technologies including physics of failure based prognosis, data
driven prognosis as well as fusion prognosis need to be further investigated
for the health management of WTs.

About the oil debris sensor improvement for online health monitoring of
WT gearboxes, experimental tests need be followed to verify the proposed
new saddle-coil probe. Furthermore, the sensitivity of the new oil debris
sensor should be evaluated. Moreover, triple-coil structure oil debris sensor
with uniformity improvement of magnetic field is also a valuable research
topic. In addition, signal processing technologies for the oil debris
identification, life time prediction of WT gearboxes based on oil debris
information in the lubricating oil could also be investigated.

For the incipient fault detection of WT gearboxes, detection of gear wear
fault is the focus in this project, the proposed approach could also be
extended to detection of bearing and shaft faults. In addition, FD of WT
gearbox based on data fusion of multiple sensors including vibration sensor,
thermal sensor and oil debris sensor is also worthy of study in the future.

Experimental verification of the proposed sensor-less thermal monitoring
of SRM should be conducted. In addition, thermal modeling and
temperature rise analysis of SRM could also be studied based on FEA.
Sensor-less thermal monitoring may be investigated for the generators in
DFIG and PMSG based WTs.

Sensor-less control and sensor fault tolerant control of SRG could be the
continued research based on the position sensor fault diagnostic approach
proposed in this project. Experimental verification of the proposed sensor
diagnosis methods should also be followed. Fault modeling and diagnosis
of windings in the stator of SRG could be carried out to improve the
reliability of SRG based WTs.
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