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ABSTRACT 

 

The research work presented in this thesis discusses various complex issues associated 

with condition monitoring of wind energy conversion system (WECS). The aim of this 

dissertation research is to develop nonintrusive condition monitoring and fault detection (CMFD) 

approaches for WECS.In this thesis, four different key components of WECS have been used for 

condition monitoring and fault diagnosis purpose which are the key element in the WECS: 1) 

Condition monitoring of wind turbine generating system (WTGS), 2) Condition monitoring of 

gearbox, 3) Condition monitoring of bearing and 4) Condition monitoring of step-up transformer 

used for grid integration. 

Generally, WTGS is under downtime condition for 3 to 10 days/year due to the 

components failures, which can be accounted to yaw system failure, structure failure, hydraulic 

and brakes failure, gearbox failure, sensors failure, drive train failure, control system failure, 

electric system failure, generator failure, blades/hub/pitch failure, and other failure. The failure 

due to imbalance indifferent mechanical structure also creates major faults in WTGS. The 

imbalance faults in blades, shaft, furl and aerodynamic asymmetry are the common imbalance 

faults in WTGS. The proposed approach uses only PMSG (permanent magnet synchronous 

generator) current signatures that have already been utilized by the protection and control system 

of WTGS, no additional mechanical sensors are required. However, there are challenges in using 

current measurements for CMFD of WTGS. First, it is a challenge to extract WTGS fault 

signatures from non-stationary current measurements, due to the variable-speed operating 

conditions of WTGS. Moreover, the useful information in current measurements for CMFD of 

WTGS usually has a low signal to noise ratio, which makes the CMFD difficult. For this, EMD 
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(empirical mode decomposition) and wavelet transform based on an appropriate signal processing 

technique have been proposed. Second, it is a challenge to select the most relevant input variables 

to the classifier for CMFD of WTGS. For this, the J48 algorithm and PCA algorithm based an 

appropriate feature selection technique have been proposed. The third, it is a challenge to find out 

the suitable technique for imbalance fault classification of WTGS. For this, a comparative study 

of six different artificial intelligence (AI) techniques (i.e., MLP, SVM, PSVM, ELM, GEP and 

MFQL) has been proposed to find out the suitable AI approach for CMFD of WTGS. 

Gearbox is used in the WECS to enhance the rotation speed of the main shaft connected 

with the generator which is used to generate the electrical power if the generator is not a PMSG. 

Therefore, condition monitoring of gearbox has become more important for proper functioning of 

WECS. An unexpected fault of the gearbox may cause huge economic losses, even personal 

injury. So, probably failure diagnosis is an important process in the preventive maintenance of 

gearbox which avoids serious damage if defects occur in one of the gears during operation 

condition. Therefore, for early detection of the defects, AI-based an approach for gearbox fault 

diagnosis has been proposed in this dissertation by using vibration signals. The proposed 

approach overcomes the problems of feature extraction, feature selection and accuracy of fault 

diagnosis in the area of CMFD of the gearbox. 

There are various places in WECS where bearings are utilized such as in main shafts, yaw 

drive, pitch bearings, generators, and gearboxes (if used). Bearing failure may occur due to 

defects in its inner race, outer race or the rolling elements. To prevent such breakdown, an 

advance condition monitoring system has been proposed in this dissertation for CMFD of WECS. 

To carry out the monitoring, the feature extraction, attribute selection and fault classification 

techniques are proposed for the CMFD of bearing.  
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Each WTGS in a WECS is equipped with a step-up transformer, which steps up turbine 

generator output voltage from a few hundred volts to the collector system's medium voltage 

distribution levels. These wind turbine step-up transformers are failing at an alarming rate and 

developers and operators of utility-scale wind farm projects are scrambling to identify the most 

likely causes for this widespread failure. Therefore, an accurate fault diagnosis is important in 

transformers for ensuring quality power supply with minimum disturbances of WECS. The 

dissolved gas analysis (DGA) has been widely used as a tool for transformer fault condition 

interpretation but it required personal experiences than mathematical modelling. Therefore, in 

this dissertation, an AI-based CMFD approach has been proposed to overcome the problem of 

conventional DGA interpretation, as well as proposed approach, solves the problem of selection 

of most relevant attributes, which are used as an input variable to the six different AI approaches.  

The proposed approaches have extensively been tested on computer simulations and 

experiments for a PMSG based WTGS, gearbox, bearings and step-up transformer used in WECS 

and detailed discussions on each case study results have been presented.The results on test 

systems (i.e., direct-drive WTGS, gearbox, bearing and transformer) illustrate the effectiveness of 

the proposed approaches and provide insights into the nature of the problem. 

 

 
 
 
 

 

 



सार 
अनुसंधान इस शोध में प्रस्तुत काम विभिन्न जटिल पिन ऊजाा रूपांतरण प्रणाली (WECS) की स्स्ितत 

तनगरानी के साि जुड ेमुद्दों पर चचाा की। इस शोध प्रबंध अनुसंधान के उदे्दश्य nonintrusive स्स्ितत तनगरानी 
और गलती का पता लगाना (CMFD) विकभसत करने के भलए WECS.In इस शोध के भलए दृस्टिकोण है, 1) 

पिन िरबाइन उत्पादन प्रणाली की दशा की तनगरानी (WTGS), 2) गगयरबॉक्स की दशा की तनगरानी, 3) की 
दशा की तनगरानी: चार WECS के विभिन्न प्रमुख घिक स्स्ितत तनगरानी और गलती तनदान स्जस उदे्दश्य के 

WECS में प्रमुख तत्ि हैं के भलए इस्तेमाल ककया गया है असर और 4) स्िेप-अप गिड एकीकरण के भलए 

इस्तेमाल ककया ट्ांसफामार की दशा की तनगरानी। 

आम तौर पर, WTGS घिक विफलताओं, जो प्रणाली की विफलता, संरचना विफलता, हाइड्रोभलक ब्रेक और 

विफलता, गगयरबॉक्स विफलता, सेंसर की विफलता, ड्राइि टे्न की विफलता, तनयंत्रण प्रणाली की विफलता 
रास्ते स ेहिना करने टहसाब ककया जा सकता है की िजह से 3 से 10 टदनों के भलए / िर्ा डाउनिाइम शता के 

तहत है , बबजली प्रणाली की विफलता, जनरेिर विफलता, ब्लेड / हब / वपच विफलता, और अन्य विफलता। 
असंतुलन उदासीन यांबत्रक संरचना की िजह से विफलता िी WTGS में प्रमुख दोर् पैदा करता है। ब्लेड में 
असंतुलन दोर्, शाफ्ि, मोडना और िायुगततकीय विर्मता आम असंतुलन हैं WTGS में दोर्। प्रस्तावित 

दृस्टिकोण केिल PMSG (स्िायी चुबंक तुल्यकाभलक जनरेिर) का उपयोग करता है ितामान हस्ताक्षर कक 

पहले स ेही WTGS के संरक्षण और तनयंत्रण प्रणाली द्िारा उपयोग ककया गया है, बबना ककसी अततररक्त 

यांबत्रक सेंसर की आिश्यकता है। हालांकक, िहााँ cMFD के भलए ितामान माप का उपयोग करने में चनुौततयां 
हैं की WTGS। सबसे पहले, यह चर गतत ओपेरा की िजह से, गैर स्स्िर ितामान माप से WTGS गलती हस्ताक्षर 

तनकालने के भलए एक चनुौती है WTGS की टिगं की स्स्ितत। इसके अलािा, WTGS की CMFD के भलए ितामान 

माप में उपयोगी जानकारी आमतौर पर शोर अनुपात, जो CMFD कटिन बना देता है के भलए एक कम संकेत 

है। इस के भलए, ईएमडी (अनुििजन्य मोड अपघिन) और एक उगचत भसग्नल प्रोसेभसगं के आधार पर बदलन े

तरंगगका तकनीक प्रस्तावित ककया गया है। दसूरा, यह WTGS की cMFD के भलए िगीकारक भलए सबस े

अगधक प्रासंगगक इनपुि चर का चयन करने के भलए एक चनुौती है। इस के भलए, J48 एल्गोररथ्म और पीसीए 

एल्गोररथ्म आधाररत कोई उगचत विशरे्ता चयन तकनीक प्रस्तावित ककया गया है। तीसरा, यह है एक 

चनुौती WTGS के असंतुलन गलती िगीकरण के भलए उपयुक्त तकनीक पता लगाने के भलए। इस के भलए, 

छह अलग कृबत्रम बुवि (AI) तकनीक (यानी, MLP, SVM, PSVM, एल्म, GEP और MFQL) का एक तुलनात्मक 

अध्ययन को खोजने के भलए प्रस्तावित ककया गया है बाहर WTGS की cMFD के भलए उपयुक्त ऐ दृस्टिकोण। 



गगयरबॉक्स जनरेिर जो बबजली उत्पन्न करन ेके भलए करता है, तो जनरेिर एक PMSG नही ंहै प्रयोग ककया 
जाता है के साि जुडा हुआ मुख्य शाफ्ि की घूणान गतत को बढाने के भलए WECS में प्रयोग ककया जाता है। 
इसभलए, गगयरबॉक्स की स्स्ितत तनगरानी WECS के समुगचत काया के भलए और अगधक महत्िपूणा हो गया 
है । गगयरबॉक्स की एक अनपेक्षक्षत गलती का कारण हो सकता बडा आगिाक नुकसान, यहा ं तक कक 

व्यस्क्तगत चोि। तो, शायद विफलता तनदान जो गंिीर क्षतत से बचा जाता है, तो दोर् आपरेशन हालत दौरान 

गगयर में से एक में होत ेहैं गगयरबॉक्स की तनिारक अनुरक्षण में एक महत्िपूणा प्रकिया है। इसभलए, दोर् का 
जल्दी पता लगाने के भलए, ऐ आधाररत गगयरबॉक्स गलती तनदान के भलए एक दृस्टिकोण कंपन संकेतों का 
उपयोग करके इस शोध प्रबंध में प्रस्तावित ककया गया है। प्रस्तावित दृस्टिकोण की cMFD के क्षेत्र में सुविधा 
तनटकर्ाण, सुविधा चयन और गलती तनदान की सिीकता की समस्याओं पर काबू पा गगयरबॉक्स। 

जहा ंबीयररगं मुख्य शाफ्ि, विचलन ड्राइि, वपच बेयररगं, जनरेिर में के रूप में ऐसी उपयोग ककया जाता है 

WECS में विभिन्न स्िानों, और गगयरबॉक्स (यटद प्रयोग ककया जाता) कर रहे हैं। इसके िीतरी दौड में दोर्, 

बाहरी जातत या रोभलगं तत्िों की िजह से असर विफलता हो सकती है। इस तरह के िूिने को रोकने के भलए 

एक अगिम हालत तनगरानी प्रणाली WECS की cMFD के भलए इस शोध प्रबंध में प्रस्तावित ककया गया है।, 
तनगरानी, सुविधा तनटकर्ाण बाहर ले जाने का शे्रय चयन और गलती िगीकरण तकनीक असर की cMFD के 

भलए प्रस्तावित कर रहे हैं करने के भलए। 

एक WECS में प्रत्येक WTGS एक स्िेप-अप ट्ांसफामार, जो कलेक्िर भसस्िम के मध्यम िोल्िेज वितरण के 

स्तर के भलए कुछ सौ िोल्ि से िरबाइन जनरेिर उत्पादन िोल्िेज कदम के साि सुसस्जजत है। ये पिन 

िरबाइन स्िेप-अप ट्ांसफामार एक चौंकाने िाली दर और डिेलपसा पर असफल रहे हैं और उपयोगगता पैमाने 
पर पिन खेत पररयोजनाओं के ऑपरेिरों इस व्यापक विफलता का सिाागधक संिावित कारणों की पहचान 

के भलए पांि मार रहे हैं। इसभलए, एक सिीक गलती तनदान WECS की न्यूनतम गडबडी के साि गुणित्ता 
बबजली की आपूतता सुतनस्श्चत करने के भलए ट्ांसफामार में महत्िपूणा है। िंग गैस विश्लेर्ण (DGA) व्यापक 

रूप से ट्ांसफामार गलती हालत व्याख्या के भलए एक उपकरण के रूप में इस्तेमाल ककया गया है, लेककन यह 

गणणतीय मॉडभलगं से तनजी अनुििों की आिश्यकता है। इसभलए, इस शोध प्रबंध में, एक ऐ आधाररत cMFD 

दृस्टिकोण पारंपररक डीजीए व्याख्या की समस्या है, साि ही प्रस्तावित दृस्टिकोण से उबरने के भलए 

प्रस्तावित ककया गया है , सबसे अगधक प्रासंगगक गुण है, जो छह के भलए एक इनपुि चर के रूप में उपयोग 

ककया जाता है के चयन की समस्या का हल विभिन्न ऐ दृस्टिकोण। 

प्रस्तावित दृस्टिकोण बड ेपैमाने पर कंप्यूिर पर परीक्षण ककया गया है simulati 



vii 

Contents 

     

  Certificate i 

  Acknowledgements ii 

  Abstract iv 

  Contents vii 

  List of Figures xv 

  List of Tables xxi 

  List of Symbols xxvi 

  Acronyms xxviii 

     

1 Introduction 1 

 1.1 Wind Energy Conversion System (WECS) 1 

 1.2 Component Wise Reliability Analysis in WECS 2 

  1.2.1 Condition Monitoring of Wind Turbine Generating System (WTGS) 5 

  1.2.2 Condition Monitoring of Gearbox 6 

  1.2.3 Condition Monitoring of Bearing 6 

  1.2.4 Condition Monitoring of Transformer Used in Electrical System of 

WECS 

7 

 1.3 Condition Monitoring Techniques Used in a WECS 8 

 1.4 Research Aim And Objectives 10 

  1.4.1 Research Aim 10 

  1.4.2 Research Objectives 11 

 1.5 Thesis Outline 12 

    

2 Literature Review 18 

 2.1 General 18 

 2.2 Literature Survey Related With WECS 18 

  2.2.1 Literature Survey For Condition Monitoring of WECS 19 

   2.2.1.1 Condition Monitoring of Tower 19 



viii 

   2.2.1.2 Condition Monitoring of Blades 23 

   2.2.1.3 Condition Monitoring of Rotor 24 

   2.2.1.4 Condition Monitoring of Gearbox 24 

   2.2.1.5 Condition Monitoring of Generator 25 

   2.2.1.6 Condition Monitoring of Bearing 25 

   2.2.1.7 Condition Monitoring of Step-Up Power Transformer 26 

 2.3 Major Research Gap Findings 27 

 2.4 Summary 29 

    

3 Condition Monitoring of Wind Turbine Using Wavelet Transform 30 

 3.1 Introduction 30 

 3.2 Dynamical Model Development of WTGS System 32 

  3.2.1 Brief Detail of WTGS Model Simulation 32 

  3.2.3 Simulation of Imbalance Faults for Further Study 35 

  3.2.4 Simulation Results Analysis 36 

   3.2.4.1 Simulation Results Analysis for Blade Imbalance Faults 38 

   3.2.4.2 Simulation Results Analysis for Aerodynamic Asymmetry 39 

   3.2.4.3 Simulation Results Analysis for Rotor Furl Imbalance Faults 40 

   3.2.4.4 Simulation Results Analysis for Tail Furl Imbalance Faults 42 

   3.2.4.5 Simulation Results Analysis for Nacelle Yaw Imbalance 

Faults 

43 

 3.3 Signal Processing and Feature Extraction 44 

  3.3.1 Wavelet Transform 44 

  3.3.2 FBs of Wavelet Based Statistical Characteristics Evaluation for WTGS 

Fault Diagnosis 

47 

 3.4 Feature Selection 49 

  3.4.1 Methods Used For Feature Selection 50 

   3.4.1.1 Waikato Environment For Knowledge Analysis (WEKA) 

Based Method 

50 

    3.4.1.1.1 Brief Detail of WEKA 50 

    3.4.1.1.2 J 48 Algorithm 51 



ix 

   3.4.1.2 RapidMiner Based Method 54 

    3.4.1.2.1 Brief Detail of RapidMiner 54 

    3.4.1.2.2 Principle Component Analysis (PCA) 58 

  3.4.2 Input Variable Selection Using WEKA Based J48 Algorithm 60 

   3.4.2.1 Wavelet Based Number of Frequency Band (FB) Selection 

Using J48 Algorithm 

60 

   3.4.2.2 FBs of Wavelet Based Statistical Feature Selection Using 

J48 Algorithm 

63 

  3.4.3 Input Variable Selection Using RapidMiner Based PCA Algorithm 65 

   3.4.3.1 Wavelet Based Number of Frequency Bands (FBs) Selection 

Using PCA Algorithm 

65 

   3.4.3.1 FBS of Wavelet Based Statistical Feature Selection Using 

PCA Algorithm 

67 

 3.5 WTGS Imbalance Fault Classification Using Multi AI Techniques 68 

  3.5.1 Multi Layer Perceptron Neural Network (MLP) 69 

   3.5.1.1 Brief Detail of MLP 69 

   3.5.1.2 MLP Based Imbalance Fault Diagnosis Model 72 

  3.5.2 Support Vector Machine (SVM) 73 

   3.5.2.1 Brief Detail of SVM 73 

   3.5.2.2 SVM Based Imbalance Fault Diagnosis Model 75 

  3.5.3 Proximal Support Vector Machine (PSVM) 77 

   3.5.3.1 Brief Detail of PSVM 77 

   3.5.3.2 PSVM Based Imbalance Fault Diagnosis Model 80 

  3.5.4 Extreme Learning Machine (ELM) 82 

   3.5.4.1 Brief Detail of ELM 82 

   3.5.4.2 ELM Based Imbalance Fault Diagnosis Model 85 

  3.5.5 Gene Expression Programming (GEP) 86 

   3.5.5.1 Brief Detail of GEP 86 

   3.5.5.2 GEP Based Imbalance Fault Diagnosis Model 89 

  3.5.6 Modified Fuzzy-Q-Learning (MFQL) 92 

   3.5.6.1 Brief Detail of MFQL 92 



x 

    3.5.6.1.1 Q Learning 92 

    3.5.6.1.2 Fuzzy Q Learning 93 

    3.5.6.1.3 Modified Fuzzy Q Learning 96 

   3.5.6.2 MFQL Based Imbalance Fault Diagnosis Model 101 

 3.6 Results and Discussion 102 

  3.6.1 MLP Based WTGS Fault Diagnosis 102 

  3.6.2 SVM Based WTGS Fault Diagnosis 107 

  3.6.3 PSVM Based WTGS Fault Diagnosis 110 

  3.6.4 ELM Based WTGS Fault Diagnosis 114 

  3.6.5 GEP Based WTGS Fault Diagnosis 117 

  3.6.6 MFQL Based WTGS Fault Diagnosis 118 

  3.6.7 Comparative Analysis of WTGS Fault Diagnosis Using Wavelet 

Transform 

122 

 3.7 Summary  123 

    

4 Condition Monitoring of Wind Turbine Using Empirical Mode Decomposition 124 

 4.1 General 124 

 4.2 Introduction 125 

 4.3 Data Set Used For Study 126 

 4.4 Signal Processing and Feature Extraction 127 

  4.4.1 Empirical Mode Decomposition (EMD) 127 

 4.5 Feature Selection 133 

  4.5.1 Feature Selection Using J48 Algorithm 133 

  4.5.2 Feature Selection Using PCA Algorithm 137 

 4.6 WTGS Imbalance Fault Classification Techniques 138 

 4.7 Results and Discussion 138 

  4.7.1 MLP Based WTGS Fault Diagnosis 139 

  4.7.2 SVM Based WTGS Fault Diagnosis 143 

  4.7.3 PSVM Based WTGS Fault Diagnosis 146 

  4.7.4 ELM Based WTGS Fault Diagnosis 150 

  4.7.5 GEP Based WTGS Fault Diagnosis 152 



xi 

  4.7.6 MFQL Based WTGS Fault Diagnosis 154 

  4.7.7 Comparative Analysis of WTGS Fault Diagnosis Using EMD Method 156 

 4.7 Summary 158 

     

5 Condition Monitoring of Gearbox Used in WECS 160 

 5.1 General 160 

 5.2 Introduction 160 

 5.3 Proposed Approach for Gearbox Fault Diagnosis 163 

 5.4 Data Analysis 165 

  5.4.1 Data Collection/Source 165 

  5.4.2 Conventional Procedure for the Data Interpretation 166 

 5.5 Signal Processing And Feature Extraction 168 

  5.5.1 Signal Processing Using Empirical Mode Decomposition (EMD) 168 

  5.5.2 Statistical Characteristics used for Fault Diagnosis 172 

 5.6 Feature Selection and Fault Classification 173 

  5.6.1 Feature Selection Using J48 algorithm 173 

  5.6.2 Artificial Intelligence Techniques Used for Gearbox Fault Diagnosis 176 

 5.7 Results and Discussion 177 

  5.7.1 MLP Based Gearbox Fault Diagnosis 179 

  5.7.2 SVM Based Gearbox Fault Diagnosis 184 

  5.7.3 PSVM Based Gearbox Fault Diagnosis 185 

  5.7.4 ELM Based Gearbox Fault Diagnosis 187 

  5.7.5 GEP Based Gearbox Fault Diagnosis 188 

  5.7.6 MFQL Based Gearbox Fault Diagnosis 191 

  5.6.7 Comparative Analysis of Gearbox Fault Diagnosis 192 

 5.7 Summary 195 

     

6 Condition Monitoring of Bearings Used In WECS 196 

 6.1 General 196 

 6.2 Introduction 196 

 6.3 Proposed Approach For Bearing Fault Diagnosis 198 



xii 

 6.4 Data Analysis  199 

  6.4.1 Data Collection/Source 199 

  6.4.2 Conventional Procedure for the Acquired Data Interpretation 201 

 6.5 Signal Processing And Feature Extraction 205 

  6.5.1 Signal Processing Using Empirical Mode Decomposition (EMD) 205 

  6.5.2 Statistical Characteristics used for Bearing Fault Diagnosis 208 

 6.6 Feature Selection and Fault Classification 209 

  6.6.1 Feature Selection Using J48 algorithm 209 

  6.6.2 Artificial Intelligence Techniques Used for Gearbox Fault Diagnosis 212 

 6.7 Results and Discussion 213 

  6.7.1 MLP Based Bearing Fault Diagnosis 214 

  6.7.2 SVM Based Bearing Fault Diagnosis 219 

  6.7.3 PSVM Based Bearing Fault Diagnosis 221 

  6.7.4 ELM Based Bearing Fault Diagnosis 223 

  6.7.5 GEP Based Bearing Fault Diagnosis 225 

  6.7.6 MFQL Based Bearing Fault Diagnosis 226 

  6.7.7 Comparative Analysis of Bearing Fault Diagnosis 228 

 6.8 Summary 230 

    

7 Condition Monitoring of Transformer Used in WECS 232 

 7.1 General 232 

 7.2 Introduction 232 

 7.3 Conventional Techniques Used For DGA Interpretation 235 

 7.4 Data Collection/Source 237 

  7.4.1 Dataset From Credible Literature 237 

  7.4.2 Practical DGA Dataset 238 

 7.5 Accuracy Analysis of Conventional DGA Performance 239 

 7.6 Conventional DGA Methods Based Fault Classification Using Artificial 

Intelligence Techniques 

242 

  7.6.1 MLP Based Power Transformer Fault Diagnosis 242 

  7.6.2 SVM Based Power Transformer Fault Diagnosis 243 



xiii 

  7.6.3 PSVM Based Power Transformer Fault Diagnosis 245 

  7.6.4 ELM Based Power Transformer Fault Diagnosis 246 

  7.6.5 GEP Based Power Transformer Fault Diagnosis 247 

  7.6.6 MFQL Based Power Transformer Fault Diagnosis 248 

 7.7 Proposed Approach For Fault Diagnosis 249 

  7.7.1 Most Relevant Input Variable Selection 250 

  7.7.2 Implementation of AI Methods Based on Most Relevant Input 

Variables 

255 

   7.7.2.1 MLP Based Proposed Approach Implementation 255 

   7.7.2.2 SVM Based Proposed Approach Implementation 259 

   7.7.2.3 PSVM Based Proposed Approach Implementation 260 

   7.7.2.4 ELM Based Proposed Approach Implementation 265 

   7.7.2.5 GEP Based Proposed Approach Implementation 266 

   7.7.2.6 MFQL Based Proposed Approach Implementation 268 

   7.7.2.7 Comparative Analysis of Step-up Transformer Fault 

Diagnosis Using AI Based Proposed Approach 

270 

 7.8 Summary 273 

    

8 Main Conclusions and Suggestions For Future Work 274 

 8.1 General 274 

 8.2 Main Conclusions 276 

 8.3 Suggestions For Future Work 281 

    

Appendices 283 

A Condition Monitoring of WTGS Using Wavelet Transform 283 

 A.1 Standard WTGS Models Used for Study 283 

 A.2 Energy Entropy Representation for FBs of 65 Version of Wavelet Transform 284 

 A.3 Wavelet Based Number of Frequency Bands (FBs) Selection Using PCA 
Algorithm: 

294 

 A.4 FBs of Wavelet Based Statistical Feature Selection Using PCA Algorithm 325 

 A.5 Mathematical Realization of GEP Based WTGS Fault Diagnosis System 338 



xiv 

    

B Condition Monitoring of WTGS Using EMD 352 

 B.1 IMFs and its Energy Representation 352 

 B.2 Mathematical Realization of GEP Based WTGS Fault Diagnosis System Using 
EMD 

368 

    

C Condition Monitoring of Gearbox 379 

 C.1 Feature Selection Using J48 algorithm 379 

    

D Condition Monitoring of Bearing 388 

 D.1 IMFs and its Energy Representation 388 

 D.2 Feature Selection Using J48 algorithm for Bearing Fault Diagnosis 390 

 D.3 Mathematical Realization of GEP Based Bearing Fault Diagnosis 401 

    

E Condition Monitoring of Transformer 406 

 E.1 Mathematical Realization of GEP Based Transformer Fault Diagnosis 406 

    

 References 417 

   

  List of Publications 436 

   

  Biodata 440 

 

 

 

 

 

 



xv 

List of Figures 
 
Fig. 1.1 Anatomy of WECS and Its Failure Occur Components 2 

Fig. 1.2(a) Failure rates for Germany (WMEP). A total of 2.43 failures per turbine per 

year in average 

4 

Fig. 1.2(b) Downtimes for Germany (WMEP). Total down-time of 6.0 days per year 

per turbine in average 

4 

Fig. 1.3(a) Failure rates for Sweden (VPC). A total of 0.39 failures per turbine per 

year in average 

4 

Fig. 1.3(b) Downtimes for Sweden (VPC). Total down-time of 2.08 days per year per 

turbine in average 

4 

Fig. 1.4(a) Failure rates for Finland (VTT). A total of 1.38 failures per turbine per 

year in average 

5 

Fig. 1.4(b) Downtimes for Finland (VTT). Total downtime of 9.88 days per year per 

turbine in average 

5 

Fig. 1.5 Commercially Available CMFD Systems for WECS 9 

Fig. 1.6 Complete Research Plan 11 

Fig. 3.1 Methodology and Strategies For Implementation of Wavelet Transform 

Based WTGS Diagnosis Model 

32 

Fig. 3.2 Complete Structure of the WTG Model with Wind Data in 

TurbSim/FAST/Simulink Combined Simulation Platform 

33 

Fig. 3.3 Model of WTGS in FAST and Simulink Combined Simulation Platform 34 

Fig. 3.4 The Output Information of (a) Wind Speed, (b) Stator Current of PMSG, 

and (c) Electric Power, and (d) Shaft Rotating Speed 

37 

Fig. 3.5 PSD Analysis of Blade Imbalance Under Variation of +2%, 5% and -3% 

Mass Density for (a) PMSG Stator Current of Ia; (b) Ib and (c) Ic 

38 

Fig. 3.6 PSD Analysis of Pitch Angle Imbalance under Variation of +100, +50 and -

80 Angle for (a) PMSG Stator Current of Ia; (b) Ib and (c) Ic 

40 

Fig. 3.7 PSD Analysis of Rotor Furl Imbalance under Variation of +10, +5 and -5 

Degree Angle for (a) PMSG Stator Current of Ia; (b) Ib and (c) Ic 

41 

Fig. 3.8 PSD Analysis of Tail Furl Imbalance under Variation of +10, +5 and -5 42 



xvi 

Degree Angle for (a) PMSG Stator Current of Ia; (b) Ib and (c) Ic 

Fig. 3.9 PSD Analysis of Nacelle Yaw Imbalance under Variation of +10, +20 and 

-10 Degree Angle for (a) PMSG Stator Current of Ia; (b) Ib and (c) Ic 

43 

Fig. 3.10 Signal Decomposition Approaches Using Wavelet Method 45 

Fig. 3.11 Energy Entropy Representation for Morl wavelet Transform 46 

Fig. 3.12 WEKA Based Input Variable Selection and Classification Model 51 

Fig. 3.13 RapidMiner Based Input Variable Selection and Classification Model 55 

Fig. 3.14 Architecture of MLP 70 

Fig. 3.15 MLP Based WTGS Fault Diagnosis System 73 

Fig. 3.16 The Standard SVM Classifier in the w-Space 74 

Fig. 3.17 SVM Classifiers Based WTGS Fault Diagnostic Model 77 

Fig. 3.18 The PSVM in the  ,w   space of 1 :nR   79 

Fig. 3.19 The PSVM Implementation Flow Chart 79 

Fig. 3.20 PSVM Classifiers Based WTGS Fault Diagnostic Model 81 

Fig. 3.21 Schematic Diagram of ELM Structure 82 

Fig. 3.22 Imbalance Fault Diagnostic Model Based on ELM Classifier 86 

Fig. 3.23 An Example of Gene of GEP and its Expression Tree (ET) 87 

Fig. 3.24 Working Procedure of GEP Algorithm 88 

Fig. 3.25 GEP Classifiers Based Imbalance Fault Diagnostic Model for WTGS 90 

Fig. 3.26 Membership Functions Laid Over IMF’s 97 

Fig. 3.27 Training Phase Performance Plot 104 

Fig. 3.28 Training Phase Error Histogram 104 

Fig. 3.29 Training Phase Confusion Matrix of a) Training, b) Validation, c) Testing 

and d) Over all Confusion Matrix of the Model 

105 

Fig. 3.30 Training Phase ROC Plot of a) Training, b) Validation, c) Testing and d) 

Over all ROC of the Model 

106 

Fig. 3.31 Testing Phase plot of a) Testing Phase Confusion Matrix and b) ROC 

Curve of the Model 

107 

Fig. 3.32 Training and Testing Phase Plot for SVM1 to SVM5 for 6 Different Types 

of Input 

109 

Fig. 3.33 With Different Value of Nu, the Training and Testing Phase Classification 113 



xvii 

Accuracy by (a) PSVM1, (b) PSVM2, (c) PSVM3, (d) PSVM4 and (e) 

PSVM5 

Fig. 3.34 Representation of Gamma (G) and Weight (W) for PSVM1 to PSVM5 

Based on “Selected Statistical Feature by J48 Algorithm 

114 

Fig. 3.35 Performance Plot for all Six ELM Models with Variation of Hidden Layer 

Neurons 

115 

Fig. 3.36 Training and Testing Phase Plot for SVM1 to SVM5 for Different Inputs 118 

Fig. 3.37 Learning Curves for MFQL Classifier for All Six Models 119 

Fig. 4.1 Methodology and Strategies for Implementation of EMD Based WTGS 

Diagnosis Model 

126 

Fig. 4.2 Signal Decomposition Approaches Using EMD Method 129 

Fig. 4.3(a) IMFs of EMD Representation of (a) Normal Operating Condition Signal  132 

Fig. 4.3(b) IMFs of EMD Representation of (b) AdjBlM Condition Signal with 

Variation of +2% Blade Mass Density. 

132 

Fig. 4.4(a) Energy Distribution Representation of (a) Normal Operating Condition 

Signal 

133 

Fig. 4.4(b) Energy Distribution Representation of (b) AdjBlM Condition Signal with 

Variation of +2% Blade Mass Density 

133 

Fig. 4.5 Decision Tree for Selecting 8 Input Variables From 16 136 

Fig. 4.6 Performance Plot of Training Phase 140 

Fig. 4.7 Error Histogram Plot of Training Phase 140 

Fig. 4.8 Training Phase Confusion Matrix of a) Training, b) Validation, c) Testing 

and d) Over all Confusion Matrix of the Model 

141 

Fig. 4.9 Training Phase ROC plot of a) Training, b) Validation, c) Testing and d) 

Over all ROC of the model 

142 

Fig. 4.10 Testing Phase plot of a) Testing phase confusion matrix and b) ROC Curve 

of the Model 

143 

Fig. 4.11 Training and Testing Phase Plot for SVM1 to SVM5 for Different Inputs 145 

Fig. 4.12 With Different Value of Nu, The Training and Testing Phase Classification 

Accuracy by (a) PSVM1, (b) PSVM2, (c) PSVM3, (d) PSVM4 and (e) 

PSVM5 

149 



xviii 

Fig. 4.13 Representation of Gamma (G) and Weight (W) for PSVM1 to PSVM5 

based on “Selected IMFs by J48 Algorithm 

149 

Fig. 4.14 Performance Plot for All Three ELM Models with Variation of Hidden 

Layer Neurons 

152 

Fig. 4.15 Training and Testing Phase Plot for SVM1 to SVM5 for Different Inputs 153 

Fig. 4.16 Learning Curves for MFQL Classifiers for All Three Models 155 

Fig. 5.1 Flowchart of Proposed Gearbox Fault Diagnosis System 164 

Fig. 5.2 Vibration Signal Representation with Variation of Load 166 

Fig. 5.3 Energy Magnitude Representation of the Vibration Signal with Variation 

of Load for sensor#1 to sensor#4 

167 

Fig. 5.4(a) Energy Magnitude Representation of IMFs for Helthy Condition with Load 

Variation 

172 

Fig. 5.4(b) Energy Magnitude Representation of IMFs for Broken Tooth Condition 

with Load Variation 

172 

Fig. 5.5 Decision Tree representation for J48 model#4 176 

Fig. 5.6 Training and Testing Phase Classification Accuracy Representation for 7 

MLP Models 

179 

Fig. 5.7 Training Phase Performance Plot 180 

Fig. 5.8 Training Phase Error Histogram 181 

Fig. 5.9 Training Phase Confusion Matrix of a) Training, b) Validation, c) Testing 

and d) Over all Confusion Matrix of the Model 

182 

Fig. 5.10 Training Phase ROC plot of a) Training, b) Validation, c) Testing and d) 

Over all ROC of the Model 

183 

Fig. 5.11 Testing Phase plot of a) Testing phase Confusion Matrix and b) ROC 

Curve of the Model 

183 

Fig. 5.12 Training and Testing Phase Classification Accuracy Representation by 

SVM 

185 

Fig. 5.13 Training and Testing Phase Classification Accuracy Representation by 

PSVM 

186 

Fig. 5.14 Performance Plot for all Seven ELM Models with Variation of Hidden 

Layer Neurons 

188 



xix 

Fig. 5.15 Expression Tree (ET) for GEP Model#7 191 

Fig. 6.1 Flowchart for Proposed Approach of Bearing Fault Diagnosis System 199 

Fig. 6.2 Bearing Test Rig 200 

Fig. 6.3 Picture of Bearing Components After Test: (a) Inner Race Defect in 

Bearing 3, (b) Roller Element Defect in Bearing 4 and (c) Outer Race 

Defect in Bearing 4 

201 

Fig. 6.4 Time Feature Kurtosis Representation Of Whole Life Cycle of Four 

Bearing (a) Bearing#1, (b) Bearing#2, (c) Bearing#3 and (d) Bearing#4 

202 

Fig. 6.5 Time Feature STD Representation of Whole Life Cycle of Four Bearing 

(a) Bearing#1, (b) Bearing#2, (c) Bearing#3 and (d) Bearing#4 

203 

Fig. 6.6 Time Feature Variance Representation of Whole Life Cycle of Four 

Bearing (a) Bearing#1, (b) Bearing#2, (c) Bearing#3 and (d) Bearing#4 

204 

Fig. 6.7 Time Feature RMS Representation of Whole Life Cycle of Four Bearing 

(a) Bearing#1, (b) Bearing#2, (c) Bearing#3 and (d) Bearing#4 

204 

Fig. 6.8 IMFs of EMD Representation for (a) Bearing#1 and (b) Bearing#2 208 

Fig. 6.9 Energy Magnitude Distribution of IMFs Representation for (a) Bearing#1 

and (b) Bearing#2 

208 

Fig. 6.10 Decision Tree representation for J48 Algorithm Base Model#4 212 

Fig. 6.11 Training Phase Performance Plot 216 

Fig. 6.12 Training Phase Error Histogram 216 

Fig. 6.13 Training Phase Confusion Matrix of a) Training, b) Validation, c) Testing 

and d) Over all Confusion Matrix of the Model 

217 

Fig. 6.14 Training Phase ROC Plot of a) Training, b) Validation, c) Testing and d) 

Over all ROC of the Model 

218 

Fig. 6.15 Testing Phase Plot of a) Testing Phase Confusion Matrix and b) ROC 

Curve of the Model 

219 

Fig. 6.16 SVM Based Training and Testing Phase Classification Accuracy 

Representation for Different Inputs 

220 

Fig. 6.17 With Different Value of Nu, the Training and Testing Phase Classification 

Accuracy by (a) PSVM1, and (b) PSVM2 

222 

Fig. 6.18 Performance Plot for all Seven ELM Models with Variation of Hidden 224 



xx 

Layer Neurons 

Fig. 6.19 Learning Curves for MFQL Classifiers for all Seven Models 227 

Fig. 7.1 Methodology and Strategies for Implementation of Transformer Fault 

Diagnosis Model 

234 

Fig. 7.2 Conventional Methods Based Accuracy Analysis of DGA Performance 241 

Fig. 7.3 Proposed Approach for Transformer Fault Classification 250 

Fig. 7.4 Decision Tree of Selected 8 Input Variables from 24 253 

Fig. 7.5 Performance Plot of Training Phase 256 

Fig. 7.6 Error Histogram Plot of Training Phase 256 

Fig. 7.7 Training Phase Confusion Matrix of a) Training, b) Validation, c) Testing 

and d) Over all Confusion Matrix of the Model 

257 

Fig. 7.8 Training Phase ROC Plot of a) Training, b) Validation, c) Testing and d) 

Over all ROC of the Model 

258 

Fig. 7.9 Testing Phase Plot of a) Testing Phase Confusion Matrix and b) ROC 

Curve of the Model 

259 

Fig. 7.10 With Different Value of Nu, the Training and Testing Phase Classification 

Accuracy by (a) PSVM1, (b) PSVM2, (c) PSVM3, (d) PSVM4 and (e) 

PSVM5 

264 

Fig. 7.11 Representation of Gamma (G) and Weight (W) for PSVM1 to PSVM5 

based on “Selected IMFs by J48 Algorithm 

264 

Fig. 7.12 Learning Curve of ELM Based Proposed Approach with Different Number 

of Hidden Nodes 

266 

Fig. 7.13 Learning Curves for MFQL Classifiers for all Four Models 269 

Fig. 7.14 Six AI Approaches Based Performance Analysis of DGA Interpretation 271 

 

 

 

 

 



xxi 

List of Tables 
 
Table 1.1 Comparison of the Top-Three Components with the Highest Failure Rates 

From 11 Different Databases 

2 

Table 1.2 Summary of Possible Monitoring Methods for Wind Turbines 8 

Table 2.1 Summary of Condition Monitoring Techniques in Wind Turbine 26 

Table 3.1 Files/Model Used in FAST 34 

Table 3.2 Performance Analysis of 65 Versions of Wavelet and its Validation by 

Using J48 Algorithm 

60 

Table 3.3 Mexh Wavelet Based Performance Analysis Corresponding to Selected 

Input Variables by J48 Algorithm 

62 

Table 3.4 Confusion Matrix for Mexh Wavelet Based Detailed Accuracy Analysis by 

Class 

62 

Table 3.5 Efficiency Analysis of Wavelet 63 

Table 3.6 Input Attribute Ranking for Haar Wavelet 67 

Table 3.7 Accuracy Analysis After Eliminating Least Ranked Attribute for Haar 

Wavelet 

67 

Table 3.8 Rank of Input Variables for Haar based statistical feature and its 

corresponding classification accuracy 

68 

Table 3.9 Codification of SVMs output 76 

Table 3.10 Codification of PSVMs output 82 

Table 3.11 Codification of GEPs output 91 

Table 3.12 MLP Based Performance Analysis of Wavelet Transform and its Statistical 

Characteristics 

103 

Table 3.13 SVM Based Performance Analysis of Wavelet Transform and its Statistical 

Characteristics 

108 

Table 3.14 Classification accuracy analysis for SVM1 to SVM5 based on “Selected 

Statistical Feature by J48 Algorithm 

109 

Table 3.15 PSVM Based Performance Analysis of Wavelet Transform and its 

Statistical Characteristics 

110 

Table 3.16 Classification accuracy analysis for PSVM1 to PSVM5 based on “Selected 114 



xxii 

Statistical Feature by J48 Algorithm 

Table 3.17 ELM Based Performance Analysis of Wavelet Transform and its Statistical 

Characteristics 

116 

Table 3.18 GEP Based Performance Analysis of Wavelet Transform and its Statistical 

Characteristics 

117 

Table 3.19 Classification accuracy analysis for GEP1 to GEP5 based on “Selected 

Statistical Feature by J48 algorithm 

118 

Table 3.20 MFQL Based Performance Analysis of Wavelet Transform and its 

Statistical Characteristics 

119 

Table 3.21 Summary of Six AI Technique Based Performance Analysis of Wavelet 

Transform and its Statistical Characteristics 

123 

Table 4.1 Performance analysis of EMD corresponding to selected input variables by 

J48 algorithm 

134 

Table 4.2 Confusion matrix for EMD based detailed accuracy analysis by class 134 

Table 4.3 J48 Algorithm Based Attribute Selection-Cum Classifier Model Using 

IMFs of EMD 

135 

Table 4.4 Rank of Input Variables using Rapid Miner for imbalance fault 

identification 

137 

Table 4.5 Step wise accuracy analysis in term of CC after removing least ranked 

input variable 

137 

Table 4.6 MLP Based Performance Analysis of Wavelet Transform and its Statistical 

Characteristics 

139 

Table 4.7 SVM Based Performance Analysis of EMD Based IMFs 144 

Table 4.8 Classification Accuracy Analysis for SVM1 to SVM5 based on “Selected 

IMFs by J48 Algorithm 

145 

Table 4.9 PSVM Based Performance Analysis of EMD Based IMFs 146 

Table 4.10 Classification Accuracy Analysis for PSVM1 to PSVM5 based on 

“Selected IMFs by J48 Algorithm 

150 

Table 4.11 ELM Based Performance Analysis of EMD Based IMFs 151 

Table 4.12 GEP Based Performance Analysis of EMD Based IMFs 153 

Table 4.13 Classification Accuracy Analysis for GEP1 to GEP5 based on “Selected 153 



xxiii 

IMFs by J48 Algorithm 

Table 4.14 MFQL Based Performance Analysis of EMD Based IMFs 155 

Table 4.15 Summary of Six AI Technique Based Performance Analysis of EMD 
Based IMFs 

156 

Table 5.1 Recorded Vibration Data from Gearbox Fault Diagnostics Simulator 166 

Table 5.2 Time-Frequency Domain Based Statistical Characteristics 173 

Table 5.3 Performance Analysis Corresponding to Selected Input Variables by J48 

Algorithm 

174 

Table 5.4 Detailed Accuracy By Class of J48 Model#4 175 

Table 5.5 J48 Algorithm Based Attribute Selection-Cum Classifier Model4 175 

Table 5.6 The Training phase diagnosis results with all features in multi-class AI 

models 

177 

Table 5.7 The Training phase diagnosis results with Salient features in multi-class AI 

models 

178 

Table 5.8 The Testing phase diagnosis results with all features in multi-class AI 

models 

178 

Table 5.9 The Testing Phase diagnosis results with Salient features in multi-class AI 

models 

178 

Table 5.10 MLP Based Performance Analysis of Gearbox Fault Diagnosis 180 

Table 5.11 SVM Based Performance Analysis of Gearbox Fault Diagnosis 184 

Table 5.12 PSVM Based Performance Analysis of Gearbox Fault Diagnosis 186 

Table 5.13 ELM Based Performance Analysis of Gearbox Fault Diagnosis 187 

Table 5.14 GEP Based Performance Analysis of Gearbox Fault Diagnosis 189 

Table 5.15 MFQL Based Performance Analysis of Gearbox Fault Diagnosis 192 

Table 5.16 Summary of Six AI Technique Based Performance Analysis of Gearbox 

Fault Diagnosis 

193 

Table 6.1 Time-Frequency Domain Statistical Characteristics for Bearing Diagnosis 208 

Table 6.2 Performance Analysis Corresponding To Selected Input Variables By J48 
Algorithm 

210 

Table 6.3 Features of IMFs Based Detailed Accuracy By Class of J48 Model4 211 

Table 6.4 J48 Algorithm Based Attribute Selection-Cum Classifier Model Using 

Features of IMFs 

211 



xxiv 

Table 6.5 The Training Phase Diagnosis Results with All Features In Multi-Class AI 

Models 

213 

Table 6.6 The Training Phase Diagnosis Results With Salient Features In Multi-

Class AI Models 

213 

Table 6.7 The Testing Phase Diagnosis Results With All Features In Multi-Class AI 

Models 

214 

Table 6.8 The Testing Phase Diagnosis Results With Salient Features In Multi-Class 

AI Models 

214 

Table 6.9 MLP Based Performance Analysis of Bearing Fault Diagnosis 215 

Table 6.10 SVM Based Performance Analysis of Bearing Fault Diagnosis 220 

Table 6.11 Classification accuracy for SVM1 and SVM2 based on category#7 dataset 220 

Table 6.12 PSVM Based Performance Analysis of Bearing Fault Diagnosis 221 

Table 6.13 Classification accuracy for PSVM1 and PSVM2 based on category#7 

dataset 

223 

Table 6.14 Multi-class ELM Based Performance Analysis for Bearing Fault Diagnosis 223 

Table 6.15 Multi-class GEP Based Performance Analysis for Bearing Fault Diagnosis 225 

Table 6.16 Classification accuracy analysis for GEP1 to GEP2 based on category#7 

data selected by J48 method 

226 

Table 6.17 MFQL Based Performance Analysis of Bearing Fault Diagnosis 227 

Table 6.18 Summary of Six AI Technique Based Performance Analysis of Bearing 

Fault Diagnosis 

228 

Table 7.1 IEEE/IEC Measures for Diagnosis of Incipient Faults 236 

Table 7.2 Limits in ppm of Key-Gases as Per IEEE Guide C57.104 236 

Table 7.3 Incipient Fault Classification by Triangle Zone Limits of Duval 237 

Table 7.4 Summary of Power Transformer Fault Diagnosis Based on IEEE/IEC 

Standard 

237 

Table 7.5 Power Transformer Rating Used For Oil-Sampling 238 

Table 7.6 DGA Data Set for All Types of Fault 239 

Table 7.7 Fault Diagnosis and Codification Using IEEE/IEC Procedure 240 

Table 7.8 Accuracy Analysis for IEC/IEEE DGA Interpretation Methods 240 

Table 7.9 MLP Based Performance Analysis of DGA Interpretation for Transformer 243 



xxv 

Table 7.10 SVM Based Performance Analysis of Various DGA Interpretation 

Methods 

244 

Table 7.11 PSVM Based Performance Analysis of Various DGA Interpretation 

Methods 

245 

Table 7.12 Multi-Class ELM Based Performance Analysis of Various DGA 

Interpretation Methods 

246 

Table 7.13 GEP Based Performance Analysis of Various DGA Interpretation Methods 247 

Table 7.14 Multi-Class MFQL Based Performance Analysis of Various DGA 

Interpretation Methods 

248 

Table 7.15 Importance Factor (IF) for Input Variables (IV) 251 

Table 7.16 Performance Analysis of DGA Interpretation To Selected Most Relevant 

Input Variables By J48 Algorithm 

252 

Table 7.17 Class Wise Detailed Performance Analysis J48 Model 252 

Table 7.18 Class Wise Confusion Matrix for DGA Interpretation 252 

Table 7.19 Input Variables (IV) and Importance Factor (IF) Using PCA 253 

Table 7.20 Step Wise Accuracy Analysis in Term of CC after Removing Least 

Ranked Input Variable 

254 

Table 7.21 MLP Based Performance Analysis for Step-up Transformer Using 

Proposed Approach 

255 

Table 7.22 SVM Based Performance Analysis for Step-up Transformer Using 

Proposed Approach 

260 

Table 7.23 SVM Based Performance Analysis for Step-up Transformer Using 

Proposed Approach 

261 

Table 7.24 Multi-class ELM Based Performance Analysis for Step-up Transformer 

Using Proposed Approach 

265 

Table 7.25 Multi-class GEP Based Performance Analysis for Step-up Transformer 

Using Proposed Approach 

267 

Table 7.26 Multi-class MFQL Based Performance Analysis for Step-up Transformer 

Using Proposed Approach 

268 

Table 7.27 Summary of Six AI Technique Based Performance Analysis of DGA 

Interpretation 

270 



xxvi 

List of Symbols  

 
 

Q Reactive Power  

P Active Power  

Rext variable resistance 

CO2 Carbon Dioxide, 

CO Carbon Monoxide  

CH4 Methane  

C2H2 Acetylene  

C2H6 Ethane  

H2 Hydrogen  

C2H4 Ethylene  

O2 Oxygen  

N2 Nitrogen 
oC Degree Centigrade 

rad/s Speed 

Watt - w Power 

Nm Torque 

Pe Electric Power 

Te Electric Torque 

W Rotating Speed 

y(t) Time Domain Signal  

E Energy  

  Error Penalty 

w  Weight And Bias 

( )  Learning Rate 

( )b  Bias 

( )me t  Upper Envelope  



xxvii 

( )te t  
Lower Envelope 

(%) Percent  

e mse Error 

t Temperature  

D1 and D2 Energy Discharge of low and high energy 

T1-T3 Thermal Faults 

f1 Thermal Fault (<150oC) 

f2 Thermal Fault (150-300oC) 

f3 Thermal Fault (300-700oC) 

f4 Thermal Fault (>700oC) 

f5 Partial Discharge (PD) of low energy (LE) (PD1) 

f6 PD of high energy (HE) (PD2) 

f7 LE discharge (D1) 

f8 HE discharge (D2) 

(s) Processing time  
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Acronyms   
 

ACI American Concrete Institute  

ADAMS Automatic Dynamic Analysis of Mechanical Systems 

AdjBlMs Blade imbalance 

AI Artificial Intelligence 

ANN Artificial Neural Network  

ASME The American Society Of Mechanical Engineers  

ASTM The American Society Testing And Materials  

AWEA American Wind Energy Association  

BDFIG Brushless Doubly Fed Induction Generator  

bior Bi-orthogonal wavelets 

BlPitch Aerodynamic asymmetry 

BS British Standards 

BS British Standard 

CCA Canonical Correlation Analysis 

CCP Common Coupling Point 

CI Computational Intelligence 

CM Condition Monitoring  

CMFD Condition Monitoring and Fault Diagnosis 

coif1 Coiflets wavelets 

CS Cognitive System  

CSA Canadian Standard 

CW Control Winding  

db Daubechies wavelets 

DEL Damage Equivalent Load 

DFIG Doubly Fed Induction Generator 

DGA Dissolved Gas Analysis 

dmey Discrete approximation of Meyer wavelet 

DNV-GL Det-Norske Varitas-Germanischer Lloyd 

DOFs Degrees of Freedom 



xxix 

DT Decision tree  

ELM Extreme Learning Machine  

EMD Empirical Mode Decomposition 

ET Expression Tree 

FAST Fatigue, Aerodynamic, Structure, Turbulence 

FB Frequency Band 

FFT Fourier transform 

FIST Facilities Instructions, Standards, and Techniques  

FQL Fuzzy O Learning 

GA Genetic Algorithm 

gaus Gaussian wavelets 

GEP Gene Expression Programming  

GP Genetic Programming 

haar Haar wavelet 

HAWT Horizontal Axis Wind Turbine 

HVG High Voltage Generator  

IEC International Electrotechnical Commission 

IEEE Institute of Electrical And Electronics Engineers 

IG Induction Generators  

IM Iterative Method 

IMF Intrinsic Mode Function 

IMS Intelligent Maintenance System 

IS Indian Standard 

ISO International Organization For Standardization 

J48 Java implementation of the C4.5 decision tree algorithm 

LSC Load-Side Converter  

MCSA Machine Current Signature Analysis 

MD Mass Density 

mexh Mexican hat wavelet  

meyr Meyer wavelet  

MFQL Modified Fuzzy Q Learning 



xxx 

morl Morlet wavelet  

MSC Machine-Side Converter  

MW Mega Watt 

NACU National Association of Cement Users 

NacYaw Control errors of yaw system 

NF No fault 

NN Neural Network 

NREL National Renewable Energy Laboratory 

NTM Normal Turbulence Models 

OM Orthogonalization Method 

OPM Orthogonal Projection Methods 

OSIG OptiSlip Induction Generator  

PCA Principle Component Analysis 

PMIG Permanent Magnet Induction Generator  

PMSG Permanent-Magnet Synchronous Generator  

PNN Probabilistic-NN  

PSD Power spectral density 

PSVM Proximal Support Vector Machine  

PW Power Winding 

rbio Reversed Bi-orthogonal wavelets  

RMS Root Mean Squared 

ROC  

RotFurl Rotor furl imbalance 

RSC The Rotor-Side Converter  

SCIG Squirrel Cage Induction Generator  

SFRA Sweep Frequency Response Analysis 

SG Synchronous Generator  

SNR signal to Noise Ratio  

SRB Spherical-Roller Bearings  

SRG Switched Reluctance Generator 

STD Standard Deviation 
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STFT Short-Time Fourier Transform 

SVD Singular Value Decomposition 

SVM Support Vector Machine  

sym Symlets wavelets 

TailFurl Tail furl imbalance 

TFG Transverse Flux Generator  

TRB Tapered Roller Bearing 

UL American safety consulting and certification company 

VA Apparent Power 

VAWT Vertical Axis Wind Turbine 

WECS Wind Energy Conversion System 

WEKA Waikato Environment for Knowledge Analysis 

WRIG Wound Rotor Induction Generator 

WRSG Wound-Rotor Synchronous Generator  
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