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The fault diagnosis of industrial facilities is one of the significant and ever-growing 

fields of research. Fault diagnosis can be applied to a diversity of industrial components such 

as rotary machines, motors, pipelines, robot manipulators, gearboxes, etc. In this research, 

hybrid approaches are developed for detection and classification of the rotary machine bearing 

faults. Rolling element bearing represents a class of nonlinear and multiple-degrees-of-

freedom rotating machines that have pronounced coupling effects and can be used in various 

industries. Uncertain conditions in which a rolling element bearing operates, as well as 

nonlinearities, represent challenges for fault diagnosis that are addressed through the fault 

diagnosis techniques. If defects in the rolling element bearing are not identified and diagnosed 

in time they can lead to the failure of the whole mechanical system. The failure of the rolling 

element bearing results in unexpected downtimes and great economic losses. Moreover, it can 

be a threat to the safety of the people working in the facility. The condition monitoring of a 

rolling element bearing can be achieved through different techniques. This work focuses on 

vibration and acoustic emission analysis method because these signals are suitable for fault 
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diagnosis in rolling element bearing. Several methods have been advised for anomaly 

detection and identification in rolling element bearings. These techniques can be divided into 

four principal divisions: model-based techniques, signal-based approaches, data-driven 

algorithms, and hybrid-based procedures. In this dissertation, hybrid-based techniques that 

uses a combination of the system modeling algorithms, observation techniques, and a machine 

learning-based classification are introduced for the diagnosis of bearing faults of various 

severities.  

System modeling is the main argument in designing observation-based techniques for 

fault diagnosis. Numerous procedures have been used to model bearings and can be classified 

into two main groups: mathematical-based system modeling, and system identification 

techniques. The mathematical-based bearing modeling such as five-degrees-of-freedom 

mathematical modeling of vibration signals, and system identification techniques such as 

ARX-Laguerre and fuzzy ARX-Laguerre bearing vibration and acoustic emission signal 

modeling are prescribed in this work.  

The model-based fault diagnosis techniques are reliable and robust algorithms and 

have been used in various applications. Observation-based algorithms are the main model-

based techniques used for bearing fault diagnosis. Despite the advantages of observation-

based approaches, these techniques have some limitations in the presence of uncertain and 

unknown conditions. Nonlinear-based observation techniques (e.g., sliding mode observer, 

feedback linearization observer) and linear-based observation algorithms (e.g., proportional-

integral (PI) observer) are the main procedures used to develop observation to estimate the 

signals. The sliding mode observer is a nonlinear and high-gain observer that can improve a 

system's dynamic and reduce the estimator error infinite time. This technique is robust and 

reliable, but is prone to chattering phenomenon and limited estimation accuracy. To minimize 

the chattering phenomenon, the higher-order sliding mode observer is recommended in this 

work. This technique suffers from a somewhat reduced estimation accuracy. To improve the 

estimation accuracy, a higher-order super-twisting sliding mode observer was developed.  

Sliding mode observer and high-order super twisting (extended-state) sliding mode 

observer have acceptable state estimation and works in uncertain condition; however, 



Abstract                                                                                                                                 xiv 
_________________________________________________________________________________________ 

 

chattering phenomenon is the main drawback of these techniques in uncertain conditions. To 

minimize the effect of the chattering phenomenon, a feedback linearization observer was 

developed. The feedback linearization observer is a powerful technique for signal estimation. 

The main idea of this approach is to algebraically transform the nonlinear system dynamic 

parameters into a linearized system so that the feedback observation algorithm can be applied. 

This observer is based on the dynamics of the system's behavior, thus it works perfectly if all 

parameters are known. Apart from the stability and reliability of this observation technique, it 

suffers from a lack of robustness. To address this issue, the variable structure (extended-state) 

feedback linearization observer is developed in this work.   

Despite the advantages of high-order super-twisting sliding mode observer and 

variable structure feedback linearization observer for fault diagnosis of bearing based on five-

degrees-of-freedom mathematical modeling of vibration signals such as reliability and 

robustness, these techniques have some limitations in the presence of uncertain and unknown 

conditions. To decrease these limitations, the auto-regressive exogenous input (ARX) 

technique is advised for bearing system modeling in this work. To improve the stability and 

robustness of ARX modeling for vibration/acoustic emission signals, an orthonormal function 

technique based on the ARX-Laguerre method is developed. Moreover, The ARX-Laguerre 

PI observer is a linear and easy to implement technique for signals estimation but have limited 

robustness and accuracy. To address these issues, an extended-state technique based on a 

sliding mode algorithm is applied to the ARX-Laguerre PI observer to perform fault diagnosis 

and overcome potential problems that may appear when applying a linear observer to a 

nonlinear signal. Moreover, the simplicity and flexibility of the ARX-Laguerre extended-state 

PI observation method allow it to be applied in industrial environments for single-type and 

multiple-type fault diagnosis of bearing. 

The ARX-Laguerre technique is robust and stable, but has some limitations when 

applied to nonlinear and non-stationary signal modeling. To address these problems, a fuzzy 

ARX-Laguerre technique for vibration and acoustic emission bearing signals is prescribed in 

this work. Through the high-order super-twisting (extended-state) sliding mode observer 

increases the robustness and reduces the chattering phenomenon, this scheme, unfortunately, 

suffers from the small rate chattering phenomenon and signal estimation accuracy in the 
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presence of uncertainties and unknown conditions. Therefore, in this dissertation, the fuzzy 

technique is applied to the fuzzy ARX-Laguerre high-order super-twisting (extended-state) 

sliding mode observer to increases the signal estimation accuracy and design fuzzy ARX-

Laguerre fuzzy high-order super-twisting (fuzzy extended-state) sliding mode observer. 

Once the rotary machinery bearing is modeled based on a mathematical-based 

modeling (e.g., five-degrees-of-freedom mathematical modeling of vibration signals) or 

system identification techniques (e.g., ARX-Laguerre technique, and fuzzy ARX-Laguerre 

method), and the rotary machinery bearing signals are estimated based on the extended-state 

observers (e.g., high-order super-twisting sliding mode observer, variable structure feedback 

linearization observer, and ARX-Laguerre sliding mode PI observer) or fuzzy extended-state 

observer (e.g., fuzzy ARX-Laguerre fuzzy high-order super-twisting sliding mode observer), 

the decision regarding the bearing conditions can be made. In this work, machine learning-

based classification techniques called a support vector machine (SVM) and decision tree (DT) 

are employed the decision-making procedure for bearing fault diagnosis to complete the 

proposed techniques for diagnosis the faults. Specifically, during the experiment the high-

order super-twisting sliding mode observer, variable structure feedback linearization observer, 

ARX-Laguerre sliding mode PI observer, and fuzzy ARX-Laguerre fuzzy high-order super-

twisting sliding mode observer an average fault diagnosis accuracy of 95.8%, 96.1%, 94.3%, 

and 99.2%, respectively. 

 



Contents                                                                                                                               xvi 
_________________________________________________________________________________________ 

VITA     ................................................................................................................................ viii 

DEDICATION ……………………………………………………………………………. ix 

ACKNOWLEDGMENTS ......................................................................................................x 

ABSTRACT.......................................................................................................................... xii 

Contents ............................................................................................................................... xvi 

List of Figures .......................................................................................................................xx 

List of Tables ...................................................................................................................... xxii 

List of Algorithms ............................................................................................................. xxiv 

Nomenclature .................................................................................................................... xxvi 

Chapter 1   Introduction ........................................................................................................1 

1.1 Motivation .....................................................................................................................2 

1.2 Thesis Outline ...............................................................................................................6 

Part I   Extended-State Observation Fault Diagnosis of Bearing Under Inconsistent 

Working Conditions ...................................................................................................9 

Chapter 2   Bearing Fault Diagnosis by a Robust Higher-Order Super-Twisting Sliding 

Mode Observer ..........................................................................................................10 

2.1  Introduction ................................................................................................................10 

2.2  Problem Statements and Fault Diagnosis Objectives .................................................13 

2.3  Mathematical Modeling of REBs ...............................................................................16 

2.4  Fault Diagnosis: Robust High-Order Super-Twisting Sliding Mode Observer..........21 

2.4.1. ARX-Laguerre Proportional-Integral Observer (ALPIO) ........................................ 21 

2.4.2. Proposed High-Order Super-Twisting Sliding Mode Observer (HOSTSMO) ........ 24 

2.4.3. Fault Diagnosis Using Support Vector Machine ..................................................... 26 

2.5  Datasets, Results, and Analysis ..................................................................................27 

Contents 

file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758122
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758122
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123


Contents                                                                                                                               xvii 
_________________________________________________________________________________________ 

2.5.1. Dataset ...................................................................................................................... 27 

2.5.2. Taining and Testing Subset Configuration .............................................................. 28 

2.5.3. Fault Detection and Fault Identification .................................................................. 29 

2.6  Conclusions.................................................................................................................31 

Chapter 3 Bearing Fault Diagnosis Using an Extended Variable Structure Feedback 

Linearization Observer ............................................................................................33 

3.1  Introduction .................................................................................................................33 

3.2  Rolling Element Bearing Mathematical Formulation .................................................35 

3.3  Fault Diagnosis: Proposed Feedback Linearization Observer ....................................37 

3.3.1. ARX-Laguerre Proportional-Integral Observer (ALPIO) ........................................ 38 

3.3.2. Variable Structure Feedback Linearization Observer (PFLO) ................................ 39 

3.3.3. Fault Detection and Fault Identification Using Support Vector Machine ............... 43 

3.4  Dataset, Results and Analysis ....................................................................................43 

3.4.1. Bearing Data ............................................................................................................ 44 

3.4.2. Training and Testing Configuration ......................................................................... 44 

3.4.3. Fault Detection and Fault Identification .................................................................. 44 

3.5  Conclusions................................................................................................................48 

Chapter 4 Nonlinear Extended-state ARX-Laguerre PI Observer Fault Diagnosis of 

Bearing .......................................................................................................................50 

4.1  Introduction .................................................................................................................50 

4.2  Rolling Element Bearing Modeling ............................................................................54 

4.3 Fault Diagnosis: Sliding Mode Extended-State ARX-Laguerre PI Observer ............59 

4.3.1. Sliding Mode Extended-State ARX-Laguerre PI Observer ..................................... 59 

4.3.2. Fault Detection and Fault Identification Using Support Vector Machine ............... 63 

4.4  Datasets .......................................................................................................................64 

4.4.1. Case Western Reverse University (CWRU) Bearing Data ...................................... 64 

file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123


Contents                                                                                                                               xviii 
_________________________________________________________________________________________ 

4.4.2. Smart HSE Lab  Bearing Data ................................................................................. 64 

4.5  Results and Analysis ...................................................................................................67 

4.5.1. Training and Testing Configuration ......................................................................... 67 

4.5.2. Single Type Fault Detection and Identification ....................................................... 68 

4.5.3. Multiple Types Fault Detection and Identification .................................................. 71 

4.6  Conclusions.................................................................................................................74 

Part II   Fuzzy Extended-State Observation Fault Diagnosis of Bearing Under 

Inconsistent Working Conditions ............................................................................76 

Chapter 5   Rolling-Element Bearing Fault Diagnosis Using Advanced Machine-

Learning-Based Observer ........................................................................................77 

5.1  Introduction .................................................................................................................77 

5.2  Dataset ........................................................................................................................84 

5.2.1. Case Western Reverse University (CWRU) Bearing Data ...................................... 84 

5.2.2. Smart HSE Lab  Bearing Data ................................................................................. 84 

5.3  Rolling-Element-Bearing Modeling ...........................................................................85 

5.4  Proposed Algorithm for Fault Diagnosis in Rolling-Element Bearing ......................90 

5.4.1. Advance Sliding Mode Observer for Fault Estimation ............................................ 91 

5.4.2. Fault Detection and Fault Identification Based on Decision Tree Technique ......... 95 

5.4.2.1 Residual Signal Characterization ........................................................................... 95 

5.4.2.2 Decision Tree-Based Fault Diagnosis .................................................................... 97 

5.5  Experimental Results ................................................................................................100 

5.5.1. Single Type Fault Detection and Identification Provided by CWRU Dataset ....... 100 

5.5.2. Multiple Type Fault Detection and Identification Provided by SHSE Lab Dataset

 .......................................................................................................................................... 103 

5.6  Conclusions...............................................................................................................105 

Part III   Summary and Future Work ..............................................................................107 

file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758122
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758122
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758123
file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758171


Contents                                                                                                                               xix 
_________________________________________________________________________________________ 

Chapter 6   Summary of Contributions and Future Work .............................................108 

6.1  Introduction ...............................................................................................................108 

6.2  Summary of Contributions .......................................................................................108 

6.3  Future Work ..............................................................................................................112 

Publications .........................................................................................................................116 

References ............................................................................................................................120 

file:///F:/PhD%20Thesis/%5bV3_2Thesisfinal%5d_%5bFarzin%5d.docx%23_Toc34758172


List of Figures                                                                                                                     xx 
_________________________________________________________________________________________ 

Figure 1. 1. Block diagram of the algorithms for fault diagnosis of bearing based on hybrid 

approach. .................................................................................................................................. 5 

 

Figure 2. 1. Block diagram of the SVM-based robust high-order super-twisting (extended-

state) sliding mode observer fault diagnosis of REBs ........................................................... 14 

Figure 2. 2. The system geometry, measurement location, and configuration of the system 15 

Figure 2. 3. Five degrees of freedom of the rolling element bearing (REB) [74] ................. 17 

Figure 2. 4. The seeded roller bearing test rig for recording fault data ................................. 28 

Figure 2. 5. Residual of acceleration for normal, inner, outer, and ball faults ...................... 29 

 

Figure 3. 1. Block diagram of the SVM-based variable structure (extended-state) feedback 

linearization observer fault diagnosis of REBs. .................................................................... 36 

Figure 3. 2. An overview of the experimental setup and bearing faults: (a) schematic, (b-1) 

inner fault, (b-2) outer fault, and (b-3) ball fault. .................................................................. 45 

Figure 3. 3. Residual of acceleration for normal, inner, outer, and ball faults based on the 

PFLO...................................................................................................................................... 46 

 

Figure 4. 1. Block diagram of the SVM-based sliding mode (extended-state) ARX-Laguerre 

PI observer for fault diagnosis in the REBs. .......................................................................... 53 

Figure 4. 2. ARX-Laguerre Orthonormal Filter Technique. ................................................. 57 

Figure 4. 3. ARX-Laguerre orthonormal method for system identification/estimation in the 

normal condition: (a) desired and estimation torque and (b) error. ....................................... 58 

Figure 4. 4. ARX-Laguerre orthonormal method for system identification/estimation in the 

faulty condition: (a) desired and estimated torque and (b) error. .......................................... 59 

Figure 4. 5. Block diagram of the fault simulator. ................................................................. 65 

Figure 4. 6. (a) Experimental setup to record fault data and (b) PCI-2 AE data acquisition . 65 

Figure 4. 7. Different fault conditions in a bearing: (a) OR, (b) IR, (c) Ball, (d) IR-OR, (e) IR-

Ball, (f) OR-Ball, and (g) IR-OR-Ball. .................................................................................. 66 

Figure 4. 8. Original raw signals for various faulty conditions ............................................. 67 

Figure 4. 9. Residual signals for normal, inner, outer, and ball faults based on the SMALPIO.

 ............................................................................................................................................... 69 

Figure 4. 10. Residual signals for normal, inner, outer, ball, inner-ball, outer-ball, inner-outer, 

and inner-outer-ball faults based on the SMALPIO. ............................................................. 71 

 

Figure 5. 1. Proposed algorithm for FEDI (fault estimation, detection, and identification) in 

rolling-element bearing (REB). ............................................................................................. 82 

Figure 5. 2. The estimation accuracies in the normal condition: (a) the real and estimated 

signal, and (b) the estimation signal’s error. .......................................................................... 90 

Figure 5. 3. The estimation accuracies in the abnormal condition. (a) Real and estimated 

signals by three techniques, and (b) the estimation signal’s error by three techniques. ........ 91 

List of Figures 

file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014451
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014451
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014452
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014452
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014453
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014454
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014455
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014456
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014457
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014457
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014458
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014458
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014459
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7014459
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015008
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015008
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015009
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015010
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015010
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015011
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015011
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015012
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015013
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015014
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015014
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015015
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015016
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015016
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015017
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7015017
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017334
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017334
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017335
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017335
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017336
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017336


List of Figures                                                                                                                     xxi 
_________________________________________________________________________________________ 

Figure 5. 4. Residual signal based on sliding mode observer (SMO). .................................. 94 

Figure 5. 5. Residual signal based on advanced SMO (ASMO). .......................................... 95 

Figure 5. 6. Residual signal based on advanced fuzzy SMO (AFSMO). .............................. 96 

Figure 5. 7. The energy of the residual signal based on the AFSMO: (a) original, (b) zoom 

frame. ..................................................................................................................................... 97 

Figure 5. 8. The decision tree trained for detecting and diagnosing various bearing faults using 

the energy values of the residual signal windows for 0.021 inches crack size condition under 

3 hp torque load. .................................................................................................................... 99 

 

file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017337
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017338
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017339
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017340
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017340
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017341
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017341
file:///C:/Users/Xami/Google%20Drive/Mypapers/PhD%20Thesis/Thesis--v8.docx%23_Toc7017341


List of Tables                                                                                                                       xxii 
_________________________________________________________________________________________ 

Table 2. 1. Parameters of REB model ................................................................................... 20 

Table 2. 2. Case Western Reverse University (CWRU) dataset ............................................ 28 

Table 2. 3. Fault diagnosis results when the torque load is 0 hp ........................................... 30 

Table 2. 4. Fault diagnosis results when the torque load is 1 hp. .......................................... 30 

Table 2. 5. Fault diagnosis results when the torque load is 2 hp ........................................... 30 

Table 2. 6. Fault diagnosis results when the torque load is 3 hp ........................................... 31 

Table 2. 7. The accuracy of the fault diagnosis for the load-variant datasets ........................ 31 

 

Table 3. 1. Fault diagnosis results to test the crack-variant dataset when the torque load is 0 

hp. .......................................................................................................................................... 46 

Table 3. 2. Fault diagnosis results to test the crack-variant dataset when the torque load is 1 

hp. .......................................................................................................................................... 47 

Table 3. 3. Fault diagnosis results to test the crack-variant dataset when the torque load is 2 

hp. .......................................................................................................................................... 47 

Table 3. 4. Fault diagnosis results to test the crack-variant dataset when the torque load is 3 

hp. .......................................................................................................................................... 47 

Table 3. 5. Fault diagnosis results to test the load-variant datasets. ...................................... 48 

 

Table 4. 1 Detailed information of the datasets. .................................................................... 66 

Table 4. 2. Single type fault diagnosis results to test the crack-variant dataset (torque load is 

0 hp). ...................................................................................................................................... 69 

Table 4. 3 Single type fault diagnosis results to test the crack-variant dataset (torque load is 1 

hp). ......................................................................................................................................... 70 

Table 4. 4 Single type fault diagnosis results to test the crack-variant dataset (torque load is 2 

hp). ......................................................................................................................................... 70 

Table 4. 5. Single type fault diagnosis results to test the crack-variant dataset (torque load is 

3 hp). ...................................................................................................................................... 70 

Table 4. 6 Single type fault diagnosis results to test the torque/motor speed-variant dataset.

 ............................................................................................................................................... 71 

List of Tables 



List of Tables                                                                                                                       xxiii 
_________________________________________________________________________________________ 

Table 4. 7 Multiple types of fault diagnosis results to test the crack-variant dataset (torque 

speed is 300 RPM). ................................................................................................................ 72 

Table 4. 8 Multiple types of fault diagnosis results to test the crack-variant dataset (torque 

speed is 400 RPM). ................................................................................................................ 72 

Table 4. 9 Multiple types of fault diagnosis results to test the crack-variant dataset (torque 

speed is 450 RPM). ................................................................................................................ 73 

Table 4. 10 Multiple types of fault diagnosis results to test the crack-variant dataset (torque 

speed is 500 RPM). ................................................................................................................ 73 

Table 4. 11. Multiple types of fault diagnosis results to test the motor speed-variant dataset.

 ............................................................................................................................................... 74 

 

Table 5. 1 The fuzzy rule table for system modeling based on the fuzzy ARX-Laguerre (FAL) 

technique. ............................................................................................................................... 89 

Table 5. 2 The accuracy of the single faults FEDI when the torque load is 0 hp. ............... 101 

Table 5. 3 The accuracy of the single faults FEDI when the torque load is 1 hp. ............... 101 

Table 5. 4 The accuracy of the single faults FEDI when the torque load is 2 hp. ............... 101 

Table 5. 5. The accuracy of the single faults FEDI when the torque load is 3 hp. .............. 101 

Table 5. 6. The accuracy of the single faults FEDI for the custom load-variant datasets. .. 103 

Table 5. 7. The accuracy of the multiple types FEDI to test the crack-variant dataset when the 

torque speed is 300 RPM. .................................................................................................... 103 

Table 5. 8. The accuracy of the multiple types FEDI to test the crack-variant dataset when the 

torque speed is 400 RPM ..................................................................................................... 104 

Table 5. 9. The accuracy of the multiple types FEDI to test the crack-variant dataset when the 

torque speed is 450 RPM. .................................................................................................... 104 

Table 5. 10. The accuracy of the multiple types FEDI to test the crack-variant dataset when 

the torque speed is 500 RPM ............................................................................................... 104 

Table 5. 11. The accuracy of the multiple types FEDI to test the crack-variant dataset when 

the torque speed is 500 RPM……………………………………………………………… 105

  

 

 



List of Algorithms                                                                                                                xxiv 
_________________________________________________________________________________________ 

Algorithm 2. 1. SVM-based high-order super-twisting sliding mode (hybrid) observer for fault 

diagnosis of the bearing. ........................................................................................................ 27 

 

Algorithm 3. 1. SVM-based variable structure (extended-state) feedback linearization (hybrid) 

observer for fault diagnosis of the bearing. ........................................................................... 43 

 

Algorithm 4. 1. SVM-based sliding mode (extended-state) ARX-Laguerre PI (hybrid) 

observer for fault diagnosis of a bearing. .............................................................................. 64 

 

Algorithm 5. 1. Decision trees-based fuzzy ARX-Laguerre fuzzy high-order super-twisting 

sliding mode (hybrid) observer for fault diagnosis of the bearing. ..................................... 100 

  

List of Algorithms 



Nomenclature                                                                                                                    xxv 
_________________________________________________________________________________________ 

 

 

Nomenclature 

PI observer  Proportional-Integral observer 

ARX Auto Regressive eXogenous  

SVM Support vector machine 

DT Decision tree 

GHG Greenhouse gas 

CO2 Carbon dioxide 

Gt Gigatonne 

EMS Electric motor system 

MCSA Motor current signature analysis 

AE Acoustic emission 

REB Rolling-element bearing 

FDD Fault detection and diagnosis 

PMI Proportional multiple-integral 

SMO Sliding mode observer 

HOSMO Higher-order sliding mode observer 

HOSTSMO Higher-order super-twisting sliding mode observer 

K-NN k-nearest neighbor 

CARTs Classification and regression trees 

ANNs Artificial neural networks 

DOF Degrees of freedom 

FTF Fundamental train frequency 

CWRU Case Western Reverse University 

APIO ARX-Laguerre proportional integral observer 

LMI Linear matrix inequality 

OR Outer raceway  

IR Inner raceway 

FLO Feedback linearization observer 

PFLO Proposed feedback linearization observer 

VSO Variable structure observer 



Nomenclature                                                                                                                    xxvi 
_________________________________________________________________________________________ 

 

 

FDI Fault detection and identification 

hp horsepower 

PIO Proportional-integral observer 

SMALPIO Sliding mode extended-state ARX-Laguerre PI observer 

IR-OR Inner-Outer raceway 

IR-Ball Inner-Ball raceway 

OR-Ball Outer-Ball raceway 

IR-OR-Ball Inner-Outer-Ball raceway 

SHSE Lab Smart Health, Safety, Environment Lab 

NDES No-drive-end shaft 

DES Drive-end shaft 

FEDI Fault estimation, detection, and identification 

OFB Orthonormal function bases 

GOB Generalized orthonormal bases 

FAL T-S fuzzy ARX-Laguerre 

FO Fuzzy observer 

SO Suboptimal  

QC Quasi-continuous  

TW Twisting method 

ASMO Advanced sliding mode observer 

AFSMO Advanced fuzzy sliding mode observer 

AI Artificial intelligence 

ML Machine learning 

DL Deep learning 

NH Negative high 

NM Negative medium 

NL Negative low 

Z Zero 

PL Positive low 

PM Positive medium 

PH Positive high 



Nomenclature                                                                                                                    xxvii 
_________________________________________________________________________________________ 

 

 

1D One Dimensional 

GDI Gini Diversity Index 

ACA Average classification accuracy 

RUL Remaining useful life 

 



Chapter 1: Introduction                                                                                                          1 
_________________________________________________________________________________________ 

 

Chapter 1  

Energy is essential for the survival and strength of modern industrial civilization. 

Generally, the sources of energy are fossil fuels such as oil and coal. Use of these fuels has 

significant impacts on the environment, one of the main challenges being greenhouse gas 

(GHG) emissions, with carbon dioxide (CO2) as their major component [1]. Regularly, 29 

Gigatons (Gt) of CO2 are emitted every year, of which about 7 Gt can be absorbed naturally 

[2]. The remainder enters into the atmosphere, causing issues such as global warming and 

pollution. In recent years, the rate of industrialization has sharply increased, causing an 

increase in the rate of GHG emissions. About 50% of the energy produced by various 

techniques is consumed by heavy industries. The most widely used electro-mechanical 

equipment, consuming about 80% of the industrial electricity total, is various types of motors. 

Based on the energy-efficiency trends seen in the energy audits of the various industries, 

optimization of power consumption, condition monitoring and fault diagnosis, and power 

quality improvements are important factors in energy efficiency. There is also serious 

attention on the disturbing effects of systems anomalies on energy efficiency and thus the 

environment since conservation of the environment's quality and energy efficiency are major 

challenges in most countries around the world[2, 3]. Most research and industry initiatives 

over the last decade have resulted in a significant decrease in the share of energy losses due 

to faulty industrial systems. However, in some fields, such as induction motors, reliable 

techniques must still be designed.  

Induction motors have been used in diverse industries, such as the machine tool and 

oil industries. The dynamic behavior of an induction motor is entirely nonlinear, which can 

cause various challenges in control and fault diagnosis. High-temperature environments, 

heavy-duty cycles, poor installation, overloading, and aging of components cause a diverse 

range of electrical and mechanical defects in motors. Diverse faults have been defined in 

induction motors, such as motor failures, air-gap faults, bearing and cage faults, and stator 

failures. The two main types of induction motor defects are mechanical and electrical failures. 

Various types of induction motor faults are mostly associated with mechanical defects (79%), 
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such as bearing defects (69%) and the other types of rotor faults (10%). The other types of 

induction motor faults are electrical failures (21%), such as open circuits and short circuits in 

stator windings [4]. Various techniques have been presented recently for rotating machines 

fault diagnosis and can be divided into two main categories: a) hardware-based techniques 

that rely on various physical instruments installed on the industrial systems and b) software-

based techniques that utilize limited equipment. Recently, software-based techniques for fault 

diagnosis have been used in various applications. Different techniques have been used for 

software-based fault diagnosis, such as model-based techniques, signal-based methods, 

knowledge-based algorithms, and hybrid methods [5, 6]. 

Based on this introduction the thesis will focus on developing efficient fault diagnosis 

schemes for bearing of a rotary machine that are used in various industries. The proposed fault 

diagnosis schemes for this component will be based on hybrid solutions. The focus will be to 

develop reliable and robust fault diagnoses schemes that can perform satisfactorily under 

inconsistent working conditions, i.e., variable shaft speed, and multiple crack severities.  

This chapter provides concise descript of the motivation behind and objectives of the 

conducted research work which is presented in the dissertation. The research work described 

in the dissertation has been published in peer reviewed journals. Moreover, within each 

chapter necessary motivation, introduction and background study of the given problem is 

provided. Nonetheless, motivation behind this research work is given in section 1.1, and 

section 1.2 outlines the dissertation itself. 

1.1 Motivation 

Nowadays, induction motors are profoundly used in the industries to carry out 

numerous tasks. These motors consist of two main parts; 1) stator and 2) rotor [4]. The rotor 

part of the motors contains bearings. Bearings have been extensively used in several industries, 

such as the automotive, steam and gas turbines, and power generation industries, to improve 

their efficiency by reducing friction[4, 5]. The complexities of the required tasks, with time-

varying and nonlinear parameters in rolling element bearings, make their fault estimation, 

detection, and identification highly challenging. The fault estimation, detection, and 

identification are intransitive to prevent the bearing’s destruction. Here, the fault estimation 
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technique is used to estimate the signal (fault) to obtain the valuable differentiation between 

various conditions of bearing, the fault detection algorithm is used to detect normal and 

abnormal conditions, and the fault identification technique is used to identify the specific types 

of faults in the bearings. Various types of failures have been representing in bearings, which 

are divided into four foremost groups, i.e., inner race faults, outer race faults, ball or rolling-

element faults, and cage faults. To analyze the faults conditions in a bearing, various bearing 

condition monitoring techniques such as vibration, motor current signature analysis (MCSA), 

and acoustic emission (AE) measurements have been used [7]. This research exploits the 

vibration and acoustic emission (AE) measurements since these signals are suitable for fault 

estimation, detection, and identification in rotating machines. 

Different techniques have been used for the diagnosis of faults in bearings, including 

signal-based fault diagnosis, knowledge-based fault diagnosis, model-based fault diagnosis, 

and hybrid/active approaches to fault diagnosis. All methods for fault diagnosis have specific 

advantages and challenges. Signal-based fault diagnosis extracts the main features from output 

signals. Because of the presence of disturbances, the performance of this method is degraded. 

Knowledge-based fault diagnosis is highly dependent on the historical data used for training, 

which incur high computational costs for real-time data. The model-reference method 

identifies faults using a small dataset, but it requires an accurate system model. Hybrid fault 

diagnosis techniques use a combination of high-performance methods to design a robust, 

stable and reliable technology [5, 6]. 

The core of this thesis is observer-based fault diagnosis. The main challenge in 

designing the procedure of observation-based fault diagnosis is system modeling. System 

modeling was divided into two principal techniques: (a) Physical-based (mathematical-based) 

system modeling and (b) signal-based system identification. In the mathematical-based 

system modeling, the Lagrange technique can be used for modeling the REBs in this thesis, 

i.e., chapters 2 and 3 [8, 9]. Apart from the reliability and accuracy of mathematical-based 

system modeling, this technique has drawbacks in uncertain and noisy conditions. To address 

this issue, the system identification techniques based on Auto-Regressive with eXogenous 

input (ARX)-Laguerre technique and fuzzy ARX-Laguerre procedure is used to modeling the 

vibration and AE bearing signals in this thesis, i.e., chapters 4 and 5 [10, 11].  
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Various observation-based techniques have been used for fault detection, estimation, 

and identification, and they are divided into two main groups: (a) linear-based observers and 

(b) nonlinear-based observers. Proportional integral (PI) observers are linear and have been 

used in different systems for fault diagnosis, but they are ineffective in the presence of 

uncertainties and disturbances [11-13]. To improve the robustness, the robust extended-state 

technique (e.g., sliding mode extended-state observer) was presented in this thesis [11]. 

Compared to linear observers, nonlinear observers (e.g., sliding mode and feedback 

linearization) have more edges, such as robustness and reliability. Feedback linearization 

observers are reliable and stable; however, they are not adequately robust. Due to the lack of 

robustness in the feedback linearization observers, a robust extended-state (i.e., variable 

structure extended-state observer) is developed in this dissertation. The variable structure 

extended-state technique is a robust, stable, and reliable method to improve the robustness in 

the feedback linearization observer. The next scenario to increase the performance of fault 

diagnosis technique is sliding mode observer. The sliding mode observer is reliable and 

robust, but is prone to high-frequency oscillations, especially in faulty conditions. The high-

frequency oscillation (chattering phenomenon) is one of the significant disadvantages of 

sliding mode observer. The main effect of this challenge is the increase of some serious 

mechanical obstacles such as heats the mechanical components and saturation. These 

oscillations can be reduced using a high-order sliding mode observer. To modify the 

performance of high-order sliding mode observers, a super twisting high-order sliding mode 

observer is recommended. Despite its satisfactory stability, robustness, reliability and high-

frequency attenuation, the signal estimation accuracy of these (sliding mode observers and 

feedback linearization observers) methods must be increased to improve the rate of fault 

identification. To increase the signal estimation accuracy and fault identification performance, 

an artificial intelligence (e.g., fuzzy logic) algorithm is recommended in the rotating machines 

[8-10,14].  

To perform fault detection and identification in the presence of uncertainties, machine 

learning-based techniques i.e., support vector machine (SVM) and decision trees govern the 

observers to find the exact solution for fault diagnosis under various crack types and motor 

speed conditions [10, 14]. The block diagram of the main steps for fault diagnosis of the 

bearing based on the extended-state observation techniques or fuzzy extended-state 
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observation techniques and machine learning algorithms (further referred to as hybrid) is 

represented in Figure 1.1.  

 

Figure 1.1. Block diagram of the algorithms for fault diagnosis of bearing based on hybrid 

approach. 

The diagram has three parts: (a) modeling the dynamic behavior of the bearing, (b) 

estimation of the bearing signals based on the extended-state observers or fuzzy extended-

state observers, and (c) detection and classification of faults based on the machine learning 

algorithms. Three different techniques are used to bearing modeling in this research such as 

mathematical vibration bearing modeling, ARX-Laguerre technique, and fuzzy ARX-

Laguerre procedure. Estimating the bearing signals has two principal sub-blocks: (i) designing 

the classical linear or nonlinear observers such as Proportional-Integral (PI) observer, sliding 

mode observer, and feedback linearization observer, (ii) implementing an extended-state 

algorithm (e.g., higher-order super-twisting technique, variable structure algorithm, sliding 

mode procedure) or fuzzy extended-state technique (e.g., fuzzy high-order super-twisting 

algorithm) to reduce chattering, improving the robustness and reliability, and evaluating the 
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estimation accuracy. Detection and identification of faults based on the machine learning 

algorithms has two main sub-blocks: (i) generation of the residual signal based on the 

difference between the original and estimated signals, and (ii) the detection and classification 

of the fault types using the SVM or decision trees techniques.  

The objective of this dissertation is to perform fault detection and identification or 

diagnosis of rotating machine that includes: (i) investigating robust and reliable fault diagnosis 

under inconsistent (uncertain)working conditions based on extended-state observation 

techniques, and (ii) investigating robust, reliable, and accurate fault diagnosis under 

inconsistent (uncertain)working conditions based on fuzzy extended-state observation 

algorithm. 

1.2 Thesis Outline 

The dissertation is composed of three parts, excluding Chapter 1. Extended-state 

observation fault diagnosis of bearings under inconsistent working conditions is presented in 

Part I, i.e., Chapter 2, 3, and 4. Part II is about the fuzzy extended-state observation fault 

diagnosis of bearings under inconsistent working conditions, i.e., Chapter 5. Finally, the 

summary of work, conclusion, and future work is presented in Part III, i.e., Chapter 6.  

Chapter 2 discusses the mechanism of robust and reliable fault diagnosis of rotary 

machine bearings based on sliding mode observation technique. This chapter presents the 

advantages of sliding mode observer such as stability and robustness in process of bearing 

fault diagnosis. Apart from advantages of sliding mode observer for fault diagnosis such as 

stability and robustness but this technique is suffering from chattering phenomenon especially 

in uncertain conditions. To address this issue the super-twisting higher-order sliding mode 

observer is presented in this chapter. Once the residual signal is obtained based on the 

difference between the original signal and estimated signal, this signal can be successfully 

used to perform the decision making. In addition, the support vector machine (SVM) is used 

for fault detection and diagnosis. The effectiveness of the proposed technique is evaluated 

using a vibration dataset provided by Case Western Reserve University (CWRU) dataset. 

Bearing fault diagnosis is difficult when some fluctuations in working conditions such as shaft 



Chapter 1: Introduction                                                                                                          7 
_________________________________________________________________________________________ 

 

speed are experienced. Therefore, this chapter focuses on the fault diagnosis of bearings under 

variable load. 

In Chapter 3 a nonlinear observation technique for bearing fault diagnosis based on 

robust extended-state (variable structure) feedback linearization observer is presented. The 

feedback linearization observer is stable; however, this technique suffers from a lack of 

robustness. The proposed variable structure technique was used to improve the robustness of 

the fault estimation while reducing the effect of uncertainties (e.g., load variant) in the 

feedback linearization observer. Once the residual signal is obtained, the support vector 

machine (SVM) technique is used for fault detection and diagnosis. The effectiveness of the 

variable structure feedback linearization observer procedure for the identification of the faults 

was tested using the Case Western University vibration dataset. In this chapter a solution for 

the fault diagnosis of the bearings under such conditions is presented. 

Chapter 4 is about the identification and detection of bearing defects based on robust 

observation approach when there are inconsistent working conditions. In previous two 

chapters, the mathematical bearing modeling was used to develop extended-state observation 

approaches for fault diagnosis. To address the challenges posed by the complexities and 

disturbance problems of mathematical-based system modeling, we used a signal-based system 

identification technique based on the ARX–Laguerre technique. To improve the performance 

of signal estimation, the ARX-Laguerre proportional integral (PI) observer is developed for 

vibration and acoustic emission signals in this chapter. To address the challenges of ARX-

Laguerre PI observer (e.g., stability and robustness), the sliding mode (extended-state) ARX-

Laguerre PI observer technique is developed in this chapter. Finally, a machine learning 

technique, called a support vector machine (SVM) is used for fault detection and identification 

in this chapter. The effectiveness of the sliding mode (extended-state) ARX-Laguerre PI 

observer was evaluated using two different datasets: a) the Case Western Reverse University 

(CWRU) bearing vibration dataset and b) the Smart HSE (SHSE) Lab bearing AE dataset to 

validate the single and multiple-types of fault diagnosis, respectively. In this chapter the 

inconsistent working condition are assumed when there is significant shaft speed variation as 

well as bearing single and multiple-defects of multiple scales exist at the same time.  
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In Chapter 5 fuzzy extended-state fault diagnosis of a bearing is developed. The 

complexity of the system’s dynamic behavior and uncertainty result in substantial challenges 

for fault estimation, detection, and identification in rotating machines. To address the 

aforementioned challenges, this chapter proposes a novel technique for fault diagnosis of a 

rolling-element bearing (REB), founded on a fuzzy ARX-Laguerre fuzzy higher-order super-

twisting (fuzzy extended-state) sliding mode observer. First, a fuzzy ARX-Laguerre algorithm 

is implemented to model the bearing in the presence of uncertainty. Next, the sliding mode 

observer is applied to resolve the problems of signal estimation in a complex system with a 

high degree of uncertainty, such as rotating machinery. To address the problem of chattering 

phenomenon that is inherent in the sliding mode observer, the higher-order super-twisting 

(extended-state) technique is introduced. In addition, the fuzzy method is applied to the 

higher-order super-twisting (extended-state) technique sliding mode observer to improve the 

accuracy of fault estimation in uncertain conditions. As a result, the fuzzy higher-order super-

twisting (fuzzy extended-state) sliding mode observer adaptively improves the reliability, 

robustness, and estimation accuracy of rolling-element bearing fault estimation. Finally, a 

machine learning technique, called a decision tree, adaptively derives the threshold values that 

are used for problems of fault detection and fault identification in this study. The effectiveness 

of the fuzzy higher-order super-twisting (extended-state) sliding mode observer was evaluated 

using two diverse datasets: a) the Case Western Reverse University (CWRU) bearing 

vibration dataset and b) the Smart HSE (SHSE) Lab bearing AE dataset to validate the single 

and multiple-types of fault diagnosis, respectively. Therefore, observation technique, artificial 

intelligence, and machine learning based approached is developed in this chapter to address 

the fault diagnosis issue in bearing. 

Finally, chapter 6 concludes the thesis and presents a brief summary of the 

contributions and discusses future work.  
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Chapter 2 

2.1 Introduction 

Rolling element bearings (REBs) are very important components in rotating machines, 

as they are used to reduce the friction between moving parts for linear and rotational motion 

[5]. Bearings have been widely used in the rotating machinery in various industries, such as 

steel mills, paper mills, and wind power generators, to improve their lifespan and efficiency 

by reducing friction and facilitating motion [15]. Complexities of the tasks and nonlinear 

parameters in REBs make their fault detection and diagnosis (FDD) very challenging. The 

detection and diagnosis of faults is necessary to prevent the complete failure of the bearing 

and hence avoid the impairment of the machinery. Several types of faults have been defined 

in REBs, which are divided into four main categories, i.e., inner raceway faults, outer raceway 

faults, ball faults, and cage faults [16].  

Different techniques have been introduced for the diagnosis of faults in bearings, 

including signal-based fault diagnosis [17-22], knowledge-based fault diagnosis [23, 24], 

model-based fault diagnosis [25-27], and hybrid/active approaches to fault diagnosis [28, 29]. 

Although signal-based fault diagnosis has several advantages, this method has challenges 

associated with system reliability in the presence of uncertainty and external disturbances. 

Knowledge-based fault diagnosis has its own challenges, as it requires massive quantities of 

data for training the system to make diagnostic decisions. Model-based fault diagnosis 

identifies the faults by using a small dataset, but it needs to model the system’s dynamics [6]. 

Various model-based methods have been rigorously studied in the field of detection, isolation, 

and identification for REBs [5, 6]. Model-reference methodologies detect faults by setting a 

threshold for the residual signal, which is generated from the difference between an actual 

signal and the system’s estimation of that signal [7]. These residuals are highly sensitive to 

the possible faults in the system, which can affect the diagnostic performance [15, 30]. These 

Bearing Fault Diagnosis by a Robust Higher-Order Super-

Twisting Sliding Mode Observer 
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signals are certainly independent of the inputs and outputs under normal conditions. Model-

reference based fault diagnosis utilizes output observers, system identification and parameter 

estimation, and the parity equation [5, 26, 31, 32]. 

Specifically, the system-observer-based technique is regarded as an important model-

reference methodology for FDD [5]. Observation methods are designed using different 

algorithms, such as the proportional-integral (PI) observation technique [13, 33, 34], the 

proportional multiple-integral (PMI) observation method [35-37], the descriptor observation 

technique [38, 39], adaptive observation methods [40-42], and sliding mode observation 

techniques [27, 43-46]. Sliding mode observer (SMO) is an excellent FDD candidate for 

systems that operate in uncertain and noisy conditions. In this technique, the output estimation 

error is forced to zero based on the nonlinear switching term. This method can detect and 

isolate a fault as it adaptively updates the system parameters, which can significantly improve 

the diagnostic performance of this method if applied for FDD in bearings. Furthermore, this 

observer works based on the system’s behavior, which tends to work very well when most of 

the dynamic and physical parameters are adequately known [47-50]. Apart from several 

advantages, such as stability and reliability, this method of using an SMO suffers from the 

chattering phenomenon, and requires the relative degree of the outputs concerning the 

uncertainties or disturbances to be one. In mechanical systems based on the position 

observation, the estimation of the first and second derivative of position, such as velocity and 

acceleration, respectively, is necessary. Thus, in the acceleration equation, uncertainties and 

external disturbances are relative to the second derivative of the measured position [50]. The 

higher-order sliding mode observer (HOSMO) has been proposed to improve the performance 

of SMO in the presence of uncertainty and disturbances [51-56]. Since HOSMO employs a 

discontinuous control algorithm on the higher-order derivatives, chattering can be attenuated 

by moving the switching to the higher derivatives in HOSMO. The performance of the higher-

order sliding mode technique has been improved by using different algorithms, such as the 

suboptimal algorithm [57], the quasi-continuous technique [58], and the twisting method [59]. 

Apart from the many advantages of sub-optimal HOSMO, the quasi-continuous HOSMO, and 

the twisting HOSMO, these methods face a critical challenge related to the first-order 

derivative of the sliding variable. This issue has been addressed by proposing a higher-order 



  

 

Chapter 2:  Bearing Fault Diagnosis by a Robust Higher-Order Super-Twisting Sliding Mode 

Observer                                                     12 
_________________________________________________________________________________ 

 

 

super-twisting sliding mode technique [48]. For unmeasurable state observers and high-

accuracy velocity estimation without filtration, the higher-order super-twisting sliding mode 

observer (HOSTSMO) was proposed [43, 45, 60, 61]. In this chapter, we propose a robust 

higher-order super-twisting sliding mode observer for fault detection and isolation in the 

presence of uncertainty and external disturbances for rolling element bearings (REBs). 

In the past decade, different machine learning solutions that utilize statistical feature 

parameters as attributes to learn how to solve various fault diagnosis problems, have been 

proposed. The most popular approaches reported in the literature include k-nearest neighbor 

(k-NN) classification algorithms (fault diagnosis) [62], classification and regression trees 

(CARTs) (fault diagnosis and prognosis) [63, 64], artificial neural networks (fault diagnosis) 

[65, 66], and other various types of regression algorithms (fault prognosis) [67]. However, 

these fault diagnosis methods have some limitations. Specifically, k-NN does not learn any 

specific mathematical function during its training, so the classification result is completely 

dependent on the quality and scale of the features used in the training set. Moreover, the value 

of k and the distance function used in this algorithm must be chosen, and a proper tradeoff 

between accuracy and the time needed for training must be found. Similarly, CART 

algorithms are also sensitive to the quality of the features used for training; however, they are 

insensitive to the scale of the data. Like k-NN, CART methods do not manipulate the input 

data during training, and in cases of overlapping feature spaces, the classification performance 

of the decision trees can be poor. During the training stage, artificial neural networks (ANNs) 

may neglect some data problems while adjusting the weights and hyperparameters. However, 

ANNs have some limitations, such as gradient pitfalls and longer training times for large data 

sets that may not allow for an optimal solution.  

To avoid these issues and to address the problem of fault diagnosis, the support vector 

machines (SVMs) [68-71] machine learning algorithm is utilized in this chapter. This 

algorithm has a strong mathematical background, and better addresses feature dimensionality 

due to the availability of the different types of kernels that can be used for training. For this 

chapter, a linear kernel [72] was chosen as the kernel function due to the small number of 

extracted features and the linear separability of the available data. To extend the capabilities 
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of SVM and solve the multiclass classification problem, a “one-against-one” [73] strategy was 

employed for training. 

Figure 2.1 shows a block diagram of a hybrid fault diagnosis approach based on the 

SVM-based robust high-order super-twisting sliding mode observer for fault diagnosis for 

rolling element bearings. The diagram has three main parts: (a) mathematical modeling the 

dynamic behavior of the REBs [74], (b) estimation of the normal and abnormal signals based 

on the robust high-order super-twisting sliding mode observer, and (c) detection and 

identification of faults based on the machine learning (SVM) algorithm [14]. Estimating 

normal and abnormal signals based on the robust high-order super-twisting sliding mode 

observer has two principal sub-blocks: (i) designing the sliding mode observer (SMO), (ii) 

implementing a high-order SMO to reduce chattering, and evaluating it using the super-

twisting method. Detection and identification of faults based on the support vector machine 

(SVM) algorithm has three main sub-blocks: (i) generation of the residual signal based on the 

difference between the original and estimated signals, (ii) characterization of windows by the 

energy feature for residual signals, and (iii) the detection and classification of the fault types 

using the SVM technique.  

The rest of this chapter is organized as follows. Section 2.2 gives the problem 

statements and fault diagnosis objectives. Section 2.3 presents the detailed mathematical 

modeling of an REB with 5 degrees of freedom. Section 2.4 shows a comprehensive 

methodology to design an SVM-based robust higher-order super-twisting sliding mode 

observation (hybrid) technique for fault detection and diagnosis. Datasets, results, and 

discussion are presented in Section 2.5. Section 2.6 concludes this chapter. 

2.2 Problem Statements and Fault Diagnosis Objectives 

The main objective of this chapter is to devise a robust scheme for the detecting and 

estimating of faults in rolling element bearings (REBs), including inner, outer, and roller 

faults. The proposed scheme is based on vibration modeling and a higher-order sliding mode 

observer in the presence of uncertainty and disturbance. The foremost challenge is to model 

the REB vibration data in terms of the energy. This chapter utilizes vibration data collected 
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using an experimental testbed, which is illustrated in Figure 2.2 [15]. The corresponding 

Lagrangian formulation for this system consists of potential energy, kinetic energy, and 

generalized forces as shown below: 

𝑑

𝑑𝑡
(
𝜕𝐾

𝜕�̇�𝑖
) −

𝜕𝐾

𝜕𝑞𝑖
+

𝜕𝑃

𝜕𝑞𝑖
= 𝑄𝑖, 𝑖 = 1,2,3,4,… , 𝑛𝐷𝑂𝐹  (2.1) 

 

Figure 2.1. Block diagram of the SVM-based robust high-order super-twisting (extended-state) 

sliding mode observer fault diagnosis of REBs. 

where K is the kinetic energy, P represents the potential energy, iQ  represents a generalized 

force, iq is the generalized coordinate, and DOFn  is the number of degrees of freedom. Each 

generalized coordinate corresponds to a degree of freedom (DOF) of the system, and each 

generalized force in the system acts along the corresponding generalized coordinate. The 
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energy equation is obtained by taking the derivative of Equation (2.1) with respect to each 

generalized coordinate as follows: 

𝐹(𝜃) = 𝑀(𝜃)[�̈�] + H(𝜃, �̇�) + 𝜑 + ∆ + 𝛿(𝑡 − 𝑇𝑓),  (2.2) 

where 𝐹(𝜃), 𝑀(𝜃), 𝜑, ∆, 𝛿, 𝛿(𝑡 − 𝑇𝑓) and 𝑇𝑓 are the force vector, time-variant mass matrix, time-

variant nonlinear bearing vector, unknown modeling parameters, faults vector (inner, outer, 

and ball), time profile of the faults, and time of fault occurrence, respectively. If              

H(𝜃, �̇�) = C(𝜃)[�̇�] + K(𝜃)[𝜃]  and ∆= (∆𝑀)(𝜃)[�̈�] + (∆𝐶)(𝜃)[�̇�] + (∆𝐾)(𝜃)[𝜃] , then the Lagrange 

dynamic formulation of a bearing can be written as follows: 

𝐹(𝜃) = (𝑀 + ∆𝑀)(𝜃)[�̈�] + (𝐶 + ∆𝐶)(𝜃)[�̇�] + (𝐾 + ∆𝐾)(𝜃)[𝜃] + 𝜑 + 𝛿(𝑡 − 𝑇𝑓),  (2.3) 

where C(𝜃), K(𝜃) and (∆𝑀, ∆𝐶, ∆𝐾) are the time-variant stiffness matrix, time-variant damping 

matrix, and unknown modeling parameters for mass, stiffness, and damping matrices, 

respectively.  

 

Figure 2.2. The system geometry, measurement location, and configuration of the system. 

To simplify the modeling and analysis, ((2.2) and (2.3)) are re-written as follows: 

[�̈�] = 𝑀(𝜃)−1{𝐹(𝜃) −Ψ(𝜃, �̇�)} − 𝜆(𝜃, �̇�, 𝑡),  (2.4) 
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where Ψ(𝜃, �̇�) = C(𝜃)[�̇�] + K(𝜃)[𝜃] and 𝜆(𝜃, �̇�, 𝑡) = 𝑀(𝜃)−1(Δ + 𝛿(𝑡 − 𝑇𝑓)) represent the modeling 

uncertainty and faults of the bearings. For a bearing in healthy condition, it is assumed that 

the uncertainty is bounded as follows: 

𝑖𝑓 (𝑡 < 𝑇𝑓) → 𝛿(𝑡 − 𝑇𝑓) = 0 → ‖𝑀(𝜃)−1 × ∆‖ ≤ Γ,  (2.5) 

where   is a constant. In the faulty condition, (2.5) can be written as follows: 

𝑖𝑓 (𝑡 > 𝑇𝑓) → ‖𝑀(𝜃)−1 ×𝑀(𝜃)−1(𝛥 + 𝛿(𝑡 − 𝑇𝑓))‖ = 𝜆(𝜃, �̇�, 𝑡) > 𝛤,  (2.6) 

Based on the above formulations, we can see that mathematical modeling of REBs is 

very complicated, and it is not exact. Moreover, the model’s behavior may be different from 

the real system’s behavior in both healthy and faulty conditions because the model is usually 

obtained under various assumptions that may not hold true for a real system. This makes the 

detection and diagnosis of faults in rolling element bearings more challenging and warrants 

the development of an algorithm that is robust to modeling uncertainties and disturbances. To 

solve the challenge of uncertain parameters in system modeling, a higher-order super-twisting 

sliding mode observer is recommended in this study. This observation technique estimates the 

faults based on robust model-based nonlinear methods and improves the rate of fault detection 

and diagnosis. The objectives of fault diagnosis for an REB in the presence of uncertainty is 

the estimation of inner, outer, and ball faults based on model reference HOSTSMO, which is 

defined as follows: 

[𝛿𝑖𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒] → [𝛿𝑖𝑑], [𝛿𝑜𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒] → [𝛿𝑜𝑑], [𝛿𝑏𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒] → [𝛿𝑏𝑑]  (2.7) 

Where [𝛿𝑖𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒], [𝛿𝑖𝑑], [𝛿𝑜𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒], [𝛿𝑜𝑑], [𝛿𝑏𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒] and [𝛿𝑏𝑑] are the estimated inner fault, desired 

inner fault, estimated outer fault, desired outer fault, estimated ball fault, and desired ball fault, 

respectively.  

2.3 Mathematical Modeling of REBs 

As bearing data is inherently nonlinear, we choose the HOSTSMO technique for fault 

detection and diagnosis. This robust method is highly efficient and can provide excellent 
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detection and diagnostic performance. The HOSTSMO technique offers a flexible way to find 

the optimized parameters for a nonlinear data model. 

The mathematical model of the REB can be expressed in terms of the angular position 

of the ball, the fundamental train frequency (FTF), and time, using the following formulations 

[74-76]: 

{
 

 𝜃𝑗 =
2𝜋(𝑗 − 1)

𝑛𝑏
+𝜔𝑐𝑡 + 𝜃0

𝜔𝑐 =
𝜔𝑖
2
(1 −

𝑑

𝐷
)

, (2.8) 

where θj, nb, ωc, ωi, t, θ0, d, and D are the angular position of the j-th ball, number of balls, 

FTF, constant rotor velocity, elapsed time, initial position, ball diameter, and pitch diameter 

of the bearing, respectively. Figure 2.3 illustrates the 5 degrees of freedom for modeling the 

REB. 

 

Figure 2.3. Five degrees of freedom of the rolling element bearing (REB) [74]. 

The contact forces are defined by the following equations [74, 75]:  
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{
𝐹𝑥 = ∑ 𝐶𝑃𝛿𝑗

𝛾
cos(𝜃𝑗) . ℎ(−𝛿𝑗)

𝑁𝑏
𝑗=1

𝐹𝑦 = ∑ 𝐶𝑃𝛿𝑗
𝛾
cos(𝜃𝑗) . ℎ(−𝛿𝑗)

𝑁𝑏
𝑗=1

,  (2.9) 

ℎ(𝑥) = {
1      𝑥 ≥ 0
0      𝑥 < 0

.  (2.10) 

The contact deformation is defined as follows: 

𝛿𝑗 = 𝜃𝑥𝑑 𝑐𝑜𝑠(𝜃𝑗) + 𝜃𝑦𝑑 𝑠𝑖𝑛(𝜃𝑗 −𝜔)  (2.11) 

Here, 𝛿𝑗, 𝜃𝑗 , 𝛾, ℎ(𝑥), 𝐶𝑃, 𝜃𝑥𝑑 , and 𝜃𝑦𝑑 are the contact deformation, angular position of the 

j-th REB, force exponent, Heaviside function, stiffness of outer race, and displacements 

between inner race and ball in the inner, outer, and ball faults in the x and y directions, 

respectively. Based on [74, 76], the 5-DOF REB model has three main parts: an outer race, 

which is modeled by 2-DOF, an inner race, which is modeled by 2-DOF, and the sprung mass, 

which is modeled by 1-DOF. The equation of the outer race is defined as follows [74]: 

𝑀𝑃�̈�𝑥0 = 𝐹𝑥 − 𝐾𝑃�̇�𝑥0 − 𝐶𝑃𝜃𝑥0 

𝑀𝑃�̈�𝑦0 = 𝐹𝑦 −𝑀𝑃𝑔 − (𝐾𝑃 + 𝐾𝑅)�̇�𝑦0 − (𝐶𝑃 + 𝐶𝑅)𝜃𝑦0 + 𝐶𝑅𝜃𝑦𝑅 + 𝐾𝑅�̇�𝑦𝑅  

(2.12) 

where 𝑀𝑃 , 𝜃𝑥0 , 𝜃𝑦0 , 𝐾𝑃 , 𝑔, 𝐾𝑅 , 𝐶𝑅, and 𝜃𝑦𝑅 are the outer mass, outer center of mass along the x-axis, 

outer center of mass along the y-axis, outer damping, gravity, damping of the sprung-mass, 

stiffness of the sprung-mass, and sprung-mass displacement, respectively. To model the inner 

race, the equation of the inner race is defined as follows [74]: 

𝑀𝑆�̈�𝑥𝑖 = −𝐹𝑥 + 𝐾𝑆�̇�𝑥𝑖 + 𝐶𝑆𝜃𝑥𝑖 

𝑀𝑆�̈�𝑦𝑖 = −𝐹𝑦 −𝑀𝑆𝑔 − 𝐾𝑆�̇�𝑦𝑖 − 𝐶𝑆𝜃𝑦𝑖 

(2.13) 

where 𝑀𝑆, 𝜃𝑥𝑖 , 𝜃𝑦𝑖 , 𝐾𝑆, and 𝐶𝑆 are the mass of the shaft, inner center of mass along the x-axis, 

inner center of mass along the y-axis, damping of the shaft, and stiffness of the shaft, 

respectively. The sprung mass equation (1-DOF) along the y-axis is given as follows [74]: 

𝑀𝑅�̈�𝑦𝑅 = 𝐶𝑅(𝜃𝑦0 − 𝜃𝑦𝑅) + 𝐾𝑅(�̇�𝑦0 − �̇�𝑦𝑅) − 𝑀𝑅𝑔 (2.14) 
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Here, RM  is the mass of the sprung-mass. Based on [74, 76], the localized faults for 

the outer race, inner race, and ball are given in the following equations. If centers of mass in 

the x and y directions are different, then the fault deformation is given by Equations (2.15) 

and (2.16): 

𝜃𝑥𝑑 = 𝜃𝑥𝑖 − 𝜃𝑥𝑜 

𝜃𝑦𝑑 = 𝜃𝑦𝑖 − 𝜃𝑦𝑜  

(2.15) 

𝛿𝑓 = {
𝜔𝑑 ∅𝑑 < 𝜃𝑗 < ∅𝑑 + ∆∅𝑑
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

. (2.16) 

whereas the outer contact deformation fault is defined as follows: 

𝛿𝑜 = max(𝜃𝑥𝑑 cos(𝜃𝑗) + 𝜃𝑦𝑑 sin(𝜃𝑗) − 𝜔 − 𝛿𝑓 , 0) (2.17) 

The inner contact deformation fault is defined by Equation (2.20) if the specified 

angular position ∅𝑑  and fault deformation 𝛿𝑓𝑖  are given by Equations (2.18) and (2.19), 

respectively: 

∅𝑑 = 𝜔𝑖𝑡 + ∅0 (2.18) 

𝛿𝑓𝑖 = {
𝜔𝑑 ∅𝑑 < 𝜃𝑗 < ∅𝑑 + ∆∅𝑑
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (2.19) 

𝛿𝑖 = max(𝜃𝑥𝑑 cos(𝜃𝑗) + 𝜃𝑦𝑑 sin(𝜃𝑗) − 𝜔 − 𝛿𝑓𝑖 , 0) (2.20) 

where ∅0  and 𝛿𝑖  are the initial spall location and the inner contact deformation fault, 

respectively. If the fault deformation is expressed as follows: 

𝛿𝑓 = {
𝜔𝑑𝑟 −𝜔𝑑𝑜 0 < ∅𝑆 < ∅𝑏𝑜
𝜔𝑑𝑟 +𝜔𝑑𝑜 𝜋 < ∅𝑆 < 𝜋 + ∅𝑏𝑖

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, (2.21) 

where ∅𝑏𝑖 and ∅𝑏𝑜 are the angular widths of inner and outer faults, respectively, then 𝜔𝑑𝑟 and 

𝜔𝑑𝑜 can be given as follows: 

𝜔𝑑𝑟 =
1

2[𝑑 − √(𝑑2 − 4𝑥2)]
 (2.22) 
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𝜔𝑑𝑜 =
1

2[𝐷𝑜 −√(𝐷𝑜
2 − 4𝑥2)]

 
(2.23) 

Therefore, the ball contact deformation fault is then defined as follows: 

𝛿𝑏 = max(𝜃𝑥𝑑 cos(𝜃𝑗) + 𝜃𝑦𝑑 sin(𝜃𝑗) − 𝜔 − 𝛿𝑓 , 0) (2.24) 

Thus, the rolling element bearing model in the presence of uncertainty and faults can 

be expressed as follows: 

𝐹(𝜃𝑥,𝑦) = (𝑀)(𝜃)[�̈�] + (𝐶)(𝜃)[�̇�] + (𝐾)(𝜃)[𝜃] + 𝜑 + 𝐹𝑑(�̇�) + (𝛿𝑖(𝑡 − 𝑇𝑓𝑖) +

𝛿𝑜(𝑡 − 𝑇𝑓𝑜) + 𝛿𝑏(𝑡 − 𝑇𝑓𝑏)),  
(2.25) 

To design a model-reference-based fault diagnosis scheme for bearings, this section 

uses a 5-DOF mathematical model for an REB system and a benchmark bearing dataset, which 

was acquired from Case Western Reserve University (CWRU) [77]. The data is collected 

using vibration acceleration sensors installed on the bearing housings. The bearings used for 

the collection of this data are 6205-2RS JEM SKF roller bearings, and their parameters for the 

5 degrees of freedom model are given in Table 2.1 [78, 79]. 

Table 2.1. Parameters of REB model. 

Parameters Value 

Number of balls 9  

Stiffness of ball 
7 N

m
5.96 10 ( )  

Mass of outer (Kg) 2.7(Kg)  

Stiffness of outer 
5 N

m
1.31 10 ( )  

Mass of shaft (Kg) 1.36(Kg)  

Stiffness of Shaft 
6 N

m
23.3 10 ( )  

Damping  NS
m

654( )  

Ball diameter 7.940(mm)  

Pitch diameter 39.04(mm)  

Defect size 7(mm)  

Defect depth 2(mm)  
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2.4 Fault Diagnosis: Robust High-Order Super-Twisting Sliding Mode 

Observer  

The vibration signals of an REB have various types of disturbances. Thus, designing 

a robust approach for fault detection and diagnosis is the principal challenge. In the first step, 

ARX-Laguerre proportional integral observer (APIO) is briefly discussed. The primary 

challenge of this technique is robustness. To address this challenge, the proposed higher-order 

super-twisting sliding mode observer (HOSTSMO) is the second candidate for fault diagnosis 

in an REB. This technique is designed to ensure fast convergence of the estimated faults to 

the measured faults in the presence of uncertainties, and to attenuate the chattering. 

2.4.1. ARX-Laguerre Proportional-Integral Observer (APIO) 

As the rolling element bearing is a nonlinear system, if 𝑋1 = 𝜃 and 𝑋2 = �̇�, the state-

space formulation for an REB can be given as follows: 

{
�̇�2 = 𝛼(𝑋1, 𝑋2, 𝑢) + ∆(𝑋1, 𝑋2, 𝑡) + 𝛿𝑖(𝑡) + 𝛿𝑜(𝑡) + 𝛿𝑏(𝑡)

𝑌 = (𝐾)𝑇𝑋1
 (2.26) 

where  �̇�1 = 𝑋2 = �̇�, 𝑢 = 𝐹(𝜃), 𝛼(𝑋1, 𝑋2, 𝑢) = 𝑀(𝜃)−1{𝐹(𝜃) − Ψ(𝜃, �̇�)}, (�̇�1, �̇�2) are system states, 𝐾 

is a coefficient, 𝑢 is the control input, ( )i t  is the inner fault, ( )o t  is the outer fault, ( )b t  is 

the ball fault, 1 2( , , )X X t  is the system uncertainty, and Y  is the measured output. The ARX-

Laguerre orthonormal technique is given as follows [12]: 

𝑌(𝑘) = ∑ 𝐾𝑛,𝑎(∑
√1− 휁𝑎

2

𝑍 − 휁𝑎
(
1 − 휁𝑎 , 𝑧

𝑍 − 휁𝑎
)𝑛 ∗

∞

𝑗=1

𝑁𝑎−1

0

𝑦(𝑘)). 𝑥𝑛,𝑦(𝑘) + 

∑ 𝐾𝑛,𝑏(∑
√1− 휁𝑏

2

𝑍 − 휁𝑏
(
1 − 휁𝑏 , 𝑧

𝑍 − 휁𝑏
)𝑛 ∗

∞

𝑗=1

𝑁𝑏−1

0

𝑢(𝑘)). 𝑆𝑛,𝑢(𝑘) 

(2.27) 

where 𝑌(𝑘), 𝑢(𝑘), (𝐾𝑛,𝑎&𝐾𝑛,𝑏), (𝑁𝑎, 𝑁𝑏), ((
√1−𝜁𝑎

2

𝑍−𝜁𝑎

1−𝜁𝑎,𝑧

𝑍−𝜁𝑎
)&(

√1−𝜁𝑏
2

𝑍−𝜁𝑏

1−𝜁𝑏,𝑧

𝑍−𝜁𝑏
)), (휁𝑎&휁𝑏),∗, 𝑥𝑛,𝑦(𝑘) , and 𝑥𝑛,𝑢(𝑘) 

are the system output, system input, Fourier coefficients, system order, Laguerre-based 

orthonormal function, Laguerre pole, convolution product, output signal filter, and input 



  

 

Chapter 2:  Bearing Fault Diagnosis by a Robust Higher-Order Super-Twisting Sliding Mode 

Observer                                                     22 
_________________________________________________________________________________ 

 

 

signal filter, respectively. The state space equation for the ARX-Laguerre orthonormal 

function can be written as follows: 

{
𝑋(𝑘) = [𝐴𝑋(𝑘 − 1) + 𝑏𝑦𝑦(𝑘 − 1) + 𝑏𝑢𝑢(𝑘 − 1)] + ∆(𝑘 − 1) + 𝛿(𝑘 − 1)

𝑌(𝑘) = (𝐾)𝑇𝑋(𝑘)
 (2.28) 

where 𝑋(𝑘), 𝑌(𝑘), 𝑢(𝑘), ∆(𝑘), 𝛿(𝑘), (𝐴, 𝑏𝑦, 𝑏𝑢)  and (𝐾)𝑇are the input/output filter, measured output, 

control input, uncertainty and disturbance, faults, coefficient matrices, and the Fourier 

coefficient, respectively. The matrix A  is given as follows: 

𝐴 = [
𝐴𝑦 𝑂𝑁𝑎,𝑁𝑏

𝑂𝑁𝑏,𝑁𝑎 𝐴𝑢
], (2.29) 

𝐴𝑦 =

[
 
 
 
 
 
 

휁𝑎 0 . . . 0

1 − 휁𝑎
2 휁𝛼 . . . 0

−휁𝑎(1 − 휁𝑎
2) 1 − 휁𝑎

2 . . . 0
. . .
. . .

(−휁𝑎)
𝑁𝑎−1(1 − 휁𝑎

2)

. . .

. . .

. . .

. . .

. . .

. . .

0
0
휁𝑎]
 
 
 
 
 
 

 and 

𝐴𝑢 =

[
 
 
 
 
 
 

휁𝑏 0 . . . 0

1 − 휁𝑏
2 휁𝑎 . . . 0

−휁𝑏(1 − 휁𝑏
2) 1 − 휁𝑏

2 . . . 0
. . .
. . .

(−휁𝑏)
𝑁𝑏−1(1 − 휁𝑏

2)

. . .

. . .

. . .

. . .

. . .

. . .

0
0
휁𝑏]
 
 
 
 
 
 

 

(2.30) 

,a bN NO  and ,b aN NO  are null matrices of dimensions a bN N  and b aN N , respectively. 

The vectors yb  and ub  can be defined as follows: 

𝑏𝑦 = √1 − 휁𝑎
2

[
 
 
 
 
 

1

−휁
𝑎

(−휁
𝑎
)2

. .

. .

(−휁
𝑎
)𝑁𝑎−1]

 
 
 
 
 

 (2.31) 
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𝑏𝑢 = √1 − 휁𝑏
2

[
 
 
 
 
 

1

−휁
𝑏

(−휁
𝑏
)2

. .

. .

(−휁
𝑏
)𝑁𝑏−1]

 
 
 
 
 

 (2.32) 

The ARX-Laguerre PI observer for a faulty system is given as follows: 

 

ˆ ˆ ˆ ˆ( ) [ ( 1) ( 1) ( 1)] ( 1)

ˆ ˆ ˆ ˆ( 1) ( 1) ( 1) [ ( 1) ( 1)]]

ˆ ˆ( ) ( ) ( )

ˆ ˆ ˆ( ) ( 1) [ ( 1) ( 1)]

ˆ ˆ ˆ( ) ( 1) [ ( 1) (

PIO PIO y PIO u

i o b p PIO

T
PIO

i PIO i ii PIO

o PIO o io PIO

X k AX k b Y k b u k k

k k k K Y k Y k

Y k K X k

k k K Y k Y k

k k K Y k Y



  

 

 

−

−

= − + − + − +  −

+ − + − + − + − − −

=

= − + − − −

= − + − − 1)]

ˆ ˆ ˆ( ) ( 1) [ ( 1) ( 1)]b PIO b ib PIO

k

k k K Y k Y k −










−


= − + − − −

 (2.33) 

where ˆ ˆ ˆˆ ˆ ˆ( ), ( ), ( ), ( ), ( ), ( ), ( )PIO PIO i PIO o PIO b PIOX k Y k u k k k k k  − − −  and ( , , , , )p ii io ibK K K K K  are the 

estimated system state based on APIO, estimated measured output based on APIO, control 

input, estimated uncertainty and disturbance, estimated inner fault, estimated outer fault and 

estimated ball fault, and gains, respectively. Gains are optimized based on the Linear Matrix 

Inequality (LMI) optimization method as follows: 

1

*

1,

(1 2 ) ( ) ( ) 0

[0,0.5]

,* , ,

0

0 1

T T

P

i

T

T
y u

M

P A P K P PA K

K
K i o b

K

K K

A b C b
A

   











−




 − − − − 





 
= =  
 


 =  


  +
  =
 
 

 
(2.34) 
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where   is the decay rate that is used to quantify the convergence rate of the estimation error 

and P  is the Lyapunov symmetric and positive definite matrix. When the accuracy of the 

signal estimation increases, the estimated output (�̂�𝑃𝐼𝑂) converges to the measured output 𝑌. 

This means that the difference between these two signals converges to zero. Thus, the residual 

signal based on APIO can be calculated as follows:  

ˆ( ) ( ) ( )PIO PIOr k Y k Y k= − . (2.35) 

Though useful in many cases, this method is not robust in detecting and isolating faults in the 

presence of uncertainties and disturbances. To improve its robustness, a sliding mode observer 

is used. 

2.4.2. Proposed High-Order Super-Twisting Sliding Mode Observer (HOSTSMO) 

Based on Figure 2.1, the robust high-order super twisting sliding mode observer fault 

diagnosis for REBs is presented in this chapter. The fault diagnosis of the REB based on the 

proposed algorithm has two main steps. To increase the fault detection and classification, the 

signal estimation accuracy of the normal and abnormal signals based on the robust high-order 

super twisting sliding mode observer is presented in the first step. The sliding mode observer 

is a robust technique that can be used for signal estimation. A high-order super twisting 

technique is used to mitigate the issue of chattering in sliding mode observer. The second step 

for fault diagnosis is fault detection and classification. To increase the fault detection and 

identification accuracy, SVM is considered in this chapter. The sliding mode observer is 

defined as follows [50]: 

{
 
 

 
 �̂̇�1−𝑆𝑀𝑂 = �̂�2−𝑆𝑀𝑂 + 𝜆𝑎𝑠𝑔𝑛(𝑒1−𝑆𝑀𝑂) + 𝛿𝑆𝑀𝑂 , (𝑒1−𝑆𝑀𝑂 = 𝑋1 − �̂�1−𝑆𝑀𝑂) 

 �̂̇�2−𝑆𝑀𝑂 = α(𝑋1, �̂�2−𝑆𝑀𝑂, 𝑢) + 𝜆𝑏𝑠𝑔𝑛(𝑒2−𝑆𝑀𝑂), (𝑒2−𝑆𝑀𝑂 = �̂̇�1−𝑆𝑀𝑂 − �̂�2−𝑆𝑀𝑂)

�̂�𝑆𝑀𝑂 = (𝐾𝛽)
𝑇
�̂�1−𝑆𝑀𝑂

,  (2.36) 

In addition, the equation to define fault estimation based on the SMO is: 

𝛿𝑆𝑀𝑂(𝑘 + 1) = 𝛿𝑆𝑀𝑂(𝑘) + 𝜆𝑎(𝑒1−𝑆𝑀𝑂) + 𝜆𝑏𝑠𝑔𝑛(𝑒2−𝑆𝑀𝑂).  (2.37) 
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where𝑢 = 𝐹(𝜃), 𝛼(𝑋1, 𝑋2, 𝑢) = 𝑀(𝜃)
−1{𝐹(𝜃) −Ψ(𝜃, �̇�)}, (�̂̇�1−𝑆𝑀𝑂, �̂̇�2−𝑆𝑀𝑂) are estimated system states 

based on sliding mode observer, (𝐾𝛽, 𝜆𝑎, 𝜆𝑏) are coefficients, u  is the control input, �̂�𝑆𝑀𝑂 is fault 

estimation based on the sliding mode observer, and �̂�𝑆𝑀𝑂 is the estimated measured output 

based on sliding mode observer. The SMO is stable and robust; however, it suffers from the 

chattering phenomenon. The new part is defined as follows: 

𝐻 = 𝜆‖𝑒𝑖‖
0.5𝑠𝑔𝑛(𝑒𝑖), 𝜆 > 0  (2.38) 

where 𝐻  and 𝜆 are an observation function and coefficient, respectively. If the uncertainties 

are estimated, the sliding dynamics can converge to zero in finite time. 

{
𝐻 = 𝜆‖𝑒𝑖‖

0.5𝑠𝑔𝑛(𝑒𝑖) − �̂�

�̇̂� = −𝜆0 × 𝑠𝑔𝑛(𝑒𝑖)
,  (2.39) 

where �̇̂� and 𝜆0 are the super-twisting variable and coefficient, respectively. The compensate 

sliding variable dynamic is defined as follows: 

{
𝜆‖𝑒𝑖‖

0.5𝑠𝑔𝑛(𝑒𝑖) − �̂� = �̂�(𝑋1, 𝑋2, 𝑡)

�̇̂� = −𝜆0 × 𝑠𝑔𝑛(𝑒𝑖)
,  (2.40) 

where 𝜆(𝜃, �̇�, 𝑡) = 𝑀(𝜃)−1{Δ + δ(𝑡 − 𝑇𝑓)}  represents the modeling uncertainty and estimated 

bearing faults. Based on (2.39) and (2.40), the challenge of uncertainties and unknown inputs 

(faults) estimation can be solved in finite time. Equation (2.40) is called the super-twisting 

algorithm. Based on (2.39), the formulation of HOSTSMO can be given as follows: 

{
 
 

 
 �̂̇�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = �̂�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 + 𝜆1|𝑒1|

2
3𝑠𝑔𝑛(𝑒1) + 𝛿𝑆𝑀𝑂 , (𝑒1 = 𝑋1 − �̂�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂) 

 �̂̇�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = α(𝑋1, �̂�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂, 𝑢) + 𝜆2|𝑒2|
0.5𝑠𝑔𝑛(𝑒2) + �̂�,

�̂�𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = (𝐾𝛽)
𝑇
�̂�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , (𝑒2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = �̂̇�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 − �̂�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂)

, (2.41) 

when �̇̂� = 𝜆0 × 𝑠𝑔𝑛(𝑒1). In addition, the equation to define fault estimation based on the 

HOSTSMO is: 

{
𝛿𝑆𝑀𝑂(𝑘 + 1) = 𝛿𝑆𝑀𝑂(𝑘) + 𝜆𝑎(𝑒1−𝑆𝑀𝑂) + 𝜆𝑏𝑠𝑔𝑛(𝑒2−𝑆𝑀𝑂) + 𝜆2|𝑒2|

0.5𝑠𝑔𝑛(𝑒2) − �̂�

�̇̂� = 𝜆0 × 𝑠𝑔𝑛(𝑒1)
  (2.42) 
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According to Equations (2.26) and (2.41), the estimation error performance of model 

reference HOSTSMO in REBs can be given as follows:  

{
 
 
 
 

 
 
 
 �̃̇�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = �̇�1 − �̂̇�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 ,

�̃̇�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = �̇�2 − �̂̇�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 ,

�̃̇�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = �̃�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 − 𝜆1|𝑒1|
2

3𝑠𝑔𝑛(𝑒1),

�̃̇�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = X(𝑋1, �̂�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , �̃�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , 𝑢) − 𝜆2|𝑒2|
0.5𝑠𝑔𝑛(𝑒2) − �̂�,

X(𝑋1, �̂�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , �̃�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , 𝑢) = α(𝑋1, 𝑋2, 𝑢) − α(𝑋1, �̂�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , 𝑢) + Δ(𝑋1, 𝑋2) + 𝛿,

�̃�𝐻𝑂𝑆𝑇𝑆𝑀𝑂 = (𝐾)𝑇𝑋1 − (𝐾𝛽)
𝑇
�̂�1−𝐻𝑂𝑆𝑇𝑆𝑀𝑂

,  (2.43) 

If the system states are bounded as |X(𝑋1, �̂�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , �̃�2−𝐻𝑂𝑆𝑇𝑆𝑀𝑂 , 𝐹)| < 𝐻+ , then the 

sliding gains (𝜆0, 𝜆1, 𝜆2) can be calculated as follows to guarantee stability and convergence: 

{

𝜆0 = 1.1 × 𝐻
+

𝜆1 = 1.9 × √𝐻+
3

𝜆2 = 1.5 × √𝐻
+

.  (2.44) 

When the accuracy of the signal estimation increases, the estimated output (�̂�𝐻𝑂𝑆𝑇𝑆𝑀𝑂) 

converges to the measured output 𝑌. This means that the difference between these two signals 

converges to zero. Thus, the residual signal based on HOSTSMO can be calculated as follows:  

𝑟𝐻𝑂𝑆𝑇𝑆𝑀𝑂(𝑘) = 𝑌(𝑘) − �̂�𝐻𝑂𝑆𝑇𝑆𝑀𝑂(𝑘).  (2.45) 

2.4.3. Fault Diagnosis Using Support Vector Machine 

Based on Figure 2.1, after estimating the normal and abnormal signals using the 

HOSTSMO technique and finding the residual signals, the decision-making ability can be 

introduced using a support vector machine (SVM) technique. This part has two main steps: a) 

residual signal characterization, and b) SVM-based fault detection and identification. The 

residual signals obtained for normal and abnormal conditions are utilized for the fault 

diagnosis of the REBs. First, numerical attributes such as feature parameters are used for fault 

diagnosis. Various types of features can be used. In this chapter, the energy of residual signals 

was selected. The value of the energy attribute can be computed as follows:  
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𝐸 =∑𝑟𝑥𝑖
2

𝑀

𝑖=1

  
(2.46) 

where 𝐸,𝑀 and 𝑟𝑥𝑖  are the energy of the residual signals in different conditions, the total 

number of instances, and the residual signal, respectively. After extracting the feature (e.g., 

energy) from the residual signals in normal and abnormal conditions, the SVM technique is 

used for fault diagnosis [14]. The outline realization of the proposed high-order super-twisting 

sliding mode observer method for the fault diagnosis of the bearing is summarized in 

Algorithm 2.1. 

Algorithm 2.1. Proposed high-order super-twisting sliding mode observer for fault diagnosis of the 

bearing. 

1: Bearing mathematical modelling (2.25) 

2: Run the sliding mode observer (2.36), (2.37) 

3: Reduce the chattering and improve the accuracy in sliding mode observer based on high-order 

super-twisting algorithm (2.41), (2.42) 

4: Run the residual signal characterization by energy (2.45), (2.46) 

5: Apply the SVM classification technique for fault detection and identification [14].  

2.5 Datasets, Results, and Analysis 

2.5.1. Dataset 

To validate the effectiveness of the proposed algorithm, this section uses the 5-DOF 

mathematical formulation in [15, 74] for REB system modeling and a benchmark bearing 

dataset that was acquired from Case Western Reserve University (CWRU) [77]. The apparatus 

employed in the experiment included a 2-hp motor, a torque transducer, a load motor, and a 

dynamometer. Figure 2.4 illustrates the detailed location of each component [15]. In this 

system, the vibration sensor is used for data collection from roller bearings 6205-2RS JEM 

SKF for the diagnosis of bearing faults. Single-point faults with three different crack sizes 

(i.e., severity levels) of 0.007, 0.014, and 0.021 inches in diameter were seeded on the drive-

end bearings at different bearing locations as the outer raceway fault (OR), inner raceway fault 

(IR), and the ball fault (Ball), respectively. Data was collected for the three fault conditions 

and bearings in normal healthy state. The data was recorded at a 48 kHz sampling rate under 

four different motor loads from 0 to 3 hp. The description of the data is given in Table 2.2. 
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Figure 2.4. The seeded roller bearing test rig for recording fault data. 

Table 2.2. Case Western Reverse University (CWRU) dataset. 

Dataset  

f = 48 kHz 
Fault Types Motor Load (hp) Motor Speed (rpm) Fault Crack Size (in) 

Dataset 1 

Normal states 0 1797 

0.007, 0.014, and 0.021 
IR fault states 0 1797 

OR fault states 0 1797 

Ball fault states 0 1797 

Dataset 2 

Normal states 1 1772 

0.007, 0.014, and 0.021 
IR fault states 1 1772 

OR fault states 1 1772 

Ball fault states 1 1772 

Dataset 3 

Normal states 2 1750 

0.007, 0.014, and 0.021 
IR fault states 2 1750 

OR fault states 2 1750 

Ball fault states 2 1750 

Dataset 4 

Normal states 3 1730 

0.007, 0.014, and 0.021 
IR fault states 3 1730 

OR fault states 3 1730 

Ball fault states 3 1730 

IR = inner raceway fault; OR = outer raceway fault; Ball = ball fault. 

2.5.2. Training and Testing Subset Configuration 

For analyzing the fault detection and fault identification capabilities of the proposed 

methodology, the dataset consisting of 1600 samples (400 data instances per class) was 

randomly split into training and testing subsets. Specifically, 1200 samples (75 instances per 

class) were used for training SVM classification algorithms, whereas the remaining previously 

unobserved 400 samples (100 instances per class) were utilized for the testing process. The 
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similar dataset perturbations were applied to the residual signals obtained by the referenced 

APIO and SMO methods in order to perform the comparison between them and the proposed 

technique (HOSTSMO) used in conjunction with the SVM classification algorithm. 

2.5.3. Fault Detection and Fault Identification 

To validate the efficacy of the proposed HOSTSMO, APIO, and SMO methods for 

fault detection and diagnosis method, we test it with benchmark bearing datasets as described 

in Table 2.2. Figure 2.5 shows the residual signals for the normal, inner fault, outer fault, and 

ball fault conditions based on proposed HOSTSMO. Based on this figure, the difference 

between various states of signals in the HOSTSMO is clear for fault detection and 

identification.  

 

Figure 2.5. Residual of acceleration for normal, inner, outer, and ball faults. 

To provide a comprehensive performance evaluation, the two case-studies are 

considered in this result sections: evaluating fault diagnosis accuracies on crack-variant 

datasets provided by CWRU and the created custom load-variant datasets. In the first step, we 

investigate the fault identification capabilities of the proposed HOSTSMO, SMO, and the 

state-of-the-art APIO technique [12] on four crack-variant datasets, where the torque load 

remained fixed. The fault diagnosis results obtained for the REB datasets with various crack 

diameters under fixed load conditions are tabulated in Tables 2.3–2.6. The diagnostic 

performance is reported as the percentage of correct detections in all data. 



  

 

Chapter 2:  Bearing Fault Diagnosis by a Robust Higher-Order Super-Twisting Sliding Mode 

Observer                                                     30 
_________________________________________________________________________________ 

 

 

Table 2.3. Fault diagnosis results when the torque load is 0 hp. 

Algorithms 
HOSTSMO (Proposed 

Method) 
SMO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 100% 100% 100% 88% 88% 88% 

Ball Fault 100% 97% 100% 89% 91% 92% 88% 78% 78% 

OR Fault 95% 96% 96% 81% 89% 92% 75% 81% 78% 

IR Fault 96% 93% 95% 88% 90% 94% 70% 70% 71% 

Average 97.75% 96.5% 97.75% 89.5% 92.5% 94.5% 80.25% 79.25% 78.75% 

 

Tables 2.3-2.6 demonstrates that HOSTSMO and SMO methods show high fault 

detection accuracies (i.e., differentiating between normal and abnormal states). Regarding the 

fault identification (i.e., differentiating between types of faults), it can be seen that the 

proposed method resulted in the highest accuracy in comparison with the SMO and APIO 

methods. The results shown in Tables 2.3-2.6 indicate that the HOSTSMO method 

outperforms the SMO and APIO techniques in terms of average accuracy with a value of 

96.19%, 94.88%, and 96.44% for three fault severity levels characterized by crack sizes of 

0.007, 0.014, and 0.021 inches, respectively. 

 
Table 2.4. Fault diagnosis results when the torque load is 1 hp. 

Algorithms 
HOSTSMO (Proposed 

Method) 
SMO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 98% 98% 98% 88% 88% 88% 

Ball Fault 98% 92% 96% 89% 90% 92% 80% 81% 85% 

OR Fault 95% 96% 95% 90% 89% 92% 78% 80% 81% 

IR Fault 98% 98% 97% 88% 92% 90% 70% 74% 75% 

Average 97.75% 96.5% 97% 91.25% 92.25% 93% 79% 80.75% 82.25% 

 

Table 2.5. Fault diagnosis results when the torque load is 2 hp. 

Algorithms 
HOSTSMO (Proposed 

Method) 
SMO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 100% 100% 100% 85% 85% 85% 

Ball Fault 91% 89% 93% 89% 90% 88% 79% 81% 84% 

OR Fault 93% 88% 94% 88% 84% 85% 79% 75% 80% 

IR Fault 97% 95% 100% 89% 90% 92% 75% 76% 79% 

Average 95.25% 93% 96.75% 91.5% 91% 91.25% 79.5% 79.25% 82% 
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Table 2.6. Fault diagnosis results when the torque load is 3 hp. 

Algorithms 
HOSTSMO (Proposed 

Method) 
SMO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 100% 100% 100% 90% 90% 90% 

Ball Fault 93% 89% 90% 86% 85% 86% 79% 79% 80% 

OR Fault 89% 90% 90% 82% 86% 88% 76% 78% 80% 

IR Fault 94% 95% 97% 87% 94% 89% 75% 77% 79% 

Average 94% 93.5% 94.25% 88.75% 91.25% 90.75% 80% 81% 82.25% 

As shown in these tables, the proposed method for bearing fault diagnosis outperforms 

the state-of-the-art SMO method yielding average performance improvements of 5.94%, 

3.13%, and 4.065% , and outperforms the state-of-the-art APIO method yielding average 

performance improvements of 16.49%, 14.78%, and 15.13% for three fault severity levels 

characterized by crack sizes of 0.007, 0.014, and 0.021 inches, respectively. 

The fault diagnosis results obtained for the REB datasets with load-variant conditions 

is tabulated in Table 2.7. Based on Table 2.2 we re-configured the available CWRU dataset 

and created three custom load-variant datasets to validate the robustness of the proposed fault 

identification technique under changing load conditions.  

Table 2.7. The accuracy of the fault diagnosis for the load-variant datasets. 

Algorithms HOSTSMO (Proposed Method) SMO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal 100% 100% 99% 97% 98% 98% 91% 91% 88% 

Ball fault 94% 94% 95% 86% 89% 91% 80% 81% 83% 

OR Fault 91% 92% 91% 78% 80% 85% 73% 75% 79% 

IR Fault 93% 92% 94% 89% 90% 93% 80% 84% 84% 

Average 94.5% 94.5% 94.75% 87.5% 89.25% 91.75% 81% 82.75% 83.5% 

 

The results presented in this table allow us to conclude that the HOSTSMO method is 

highly robust to the changing experimental conditions, such as torque loads and rotating 

speeds. The proposed technique outperformed its counterparts with the lowest average 

classification accuracy of 94.5%, achieved for the crack with diameters of 0.007 and 0.014 

inches under different load level conditions in this case study. 

2.6 Conclusions 

In this chapter, a hybrid approach using the SVM-based higher-order super-twisting 

sliding mode observation method is developed for detection and classification of REB faults. 
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The bearing fault signal is highly nonlinear and composed of uncertain dynamic parameters. 

To design a robust model-reference observation technique, bearing was modeled using a 5-

degree-of-freedom nonlinear system. To increase the signal estimation accuracy and reduce 

the chattering phenomenon, a high-order super-twisting sliding mode observer is developed. 

Once the residual signal is obtained based on the difference between the original signal and 

estimated signal, these signals are characterized by energy and can be successfully used to 

perform the decision making. In addition, the support vector machine (SVM) is used for fault 

detection and diagnosis. The effectiveness of the proposed observation technique was tested 

with a benchmark dataset that was provided by Case Western Reserve University. As a result, 

the proposed method improved the average fault identification performance by about 5.94%, 

3.13%, and 4.065% compared with the state-of-the-art SMO for the crack sizes of 0.007, 

0.014, and 0.021 inches, respectively. In addition, the proposed algorithm improved the 

average performance of fault identification by about 16.49%, 14.78%, and 15.13% compared 

with the state-of-the-art APIO for the crack sizes of 0.007, 0.014, and 0.021 inches, 

respectively. Moreover, the proposed algorithm demonstrated its robustness while performing 

the tasks of REB fault detection and identification under changing operating conditions, such 

as variable load levels and variable rotating speeds. In addition, the use of the HOSTSMO 

improved the average fault identification performance for under changing operating 

conditions by about 5.1% and 12.2% compared with the SMO and APIO, respectively. Based 

on the results we can conclude that the proposed methodology is highly efficient in diagnosing 

bearing faults. 
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Chapter 3 

3.1 Introduction  

The most common method to decrease the friction in rotating machinery is the use of 

rolling element bearings (REBs) [5]. REBs have been used in many diverse applications, such 

as industrial meters, aerospace, and engines [15]. Across industries, the reliability and lifespan 

of the rotating machine are two critical factors for its safe and continued operation. However, 

various parameters can reduce the bearing lifespan; such as improper installation, the presence 

of contaminants, and incorrect handling [80]. Thus, the design and application of stable and 

reliable techniques for fault detection and diagnosis (FDD) are critical for identifying various 

faults prior to complete machine failure. 

The four main types of bearing failure are the inner, outer, ball, and cage faults [16]. 

When a crack or spall exists in any of these raceways, the bearing will generate impulses, 

depending on its dynamics. To analyze the bearing condition, different condition monitoring 

techniques based on acoustic emissions, stator current, shaft voltage, bearing circuit analysis, 

vibration, and bearing current have been studied [81]. Among these, the vibration and acoustic 

emission measurement techniques have been the most widely used [81-86]. Various signature 

analysis methods of vibration measurements have been explored to improve the performance 

and reliability of the condition monitoring techniques [83-85]. Moreover, fault detection and 

diagnosis can be divided into four major categories: (a) Signal-based [83, 87-91], knowledge-

based [92-97], model-based [25-27], and hybrid-based fault diagnosis [29, 87, 98]. The main 

challenge of signal-based FDD is the reliability of the diagnosis in the presence of 

uncertainties and external disturbances [5, 6]. To address this issue, statistical features 

extracted from the signals and machine learning algorithms, such as support vector machine 

(SVM) and proximal support vector machine [93], have been used in the literature. Recently, 

Bearing Fault Diagnosis Using an Extended Variable 
Structure Feedback Linearization Observer 
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several deep learning techniques such as deep autoencoders [97], artificial neural networks 

(ANNs), and hierarchical convolution networks have been introduced by various researchers 

for signal-based FDD [92, 94-96]. Meanwhile, the diagnosis decision in the knowledge-based 

approach is fully dependent on the data and on proper tuning, using the various hyper-

parameters [99]. The model-based method, on the other hand, is relatively simple and can be 

easily applied if the appropriate dynamics of the target system are available. 

In this chapter, therefore, a model-reference fault detection and diagnosis technique 

for the rolling element bearing is proposed [5, 32, 96, 100]. Various researchers have used 

observational techniques, based on different algorithms. Examples include the proportional-

integral (PI) technique [12, 101], proportional multiple-integral (PMI) method [37, 102, 103], 

descriptor technique [104, 105], adaptive methods [42, 106, 107], sliding mode techniques 

[45, 46, 108, 109], and feedback linearization techniques [110, 111]. Linear observer methods 

(e.g., PI and PMI) have been used in various applications for FDD, but these techniques have 

challenges in the presence of uncertainties [8, 112]. To solve the challenge of linear observers, 

nonlinear observer techniques have been recommended [46, 110, 111]. One of the well-known 

nonlinear observation techniques for FDD is the sliding mode observer [45, 46, 108, 109]. 

Apart from the numerous positive attributes of the sliding mode observer, such as stability 

and reliability, this technique has the challenge of a chattering phenomenon [8]. To avoid 

chattering, a proposed feedback linearization observer is recommended in this research. 

Feedback linearization is a procedure for system linearization, but it is ultimately a nonlinear 

control theory technique. This observer works based on the system behavior, and thus the 

output performance can be excellent if the system’s dynamics are adequately known. The 

traditional feedback linearization observer is stable; however, this technique suffers in its 

robustness. The variable structure technique was used to improve the robustness with respect 

to fault estimation and the uncertainties in the feedback linearization observer. The support 

vector machine (SVM) algorithm is used for fault identification in this chapter. The efficacy 

of the proposed feedback linearization observer (PFLO) approach was validated using data 

collected from Case Western Reverse University (CWRU) rolling element bearing tests [113].  
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Figure 3.1 shows a block diagram of the hybrid technique based on the SVM-based 

variable structure feedback linearization fault diagnosis for rolling element bearings. This 

block diagram has three main parts: (a) mathematical modeling the dynamic behavior of the 

REBs [74], (b) estimation of the normal and abnormal signals based on the robust feedback 

linearization observer, and (c) detection and identification of faults based on the machine 

learning (SVM) algorithm [14]. Estimating normal and abnormal signals based on the robust 

feedback linearization observer has two principal sub-blocks: (i) designing the feedback 

linearization observer (FLO), (ii) improving the robustness of the feedback linearization 

observer based on the variable structure algorithm. Detection and identification of faults based 

on the support vector machine (SVM) algorithm has three main sub-blocks: (i) generation of 

the residual signal based on the difference between the original and estimated signals, (ii) 

characterization of windows by the energy feature for residual signals, and (iii) the detection 

and classification of the fault types using the SVM technique.  

The remainder of this chapter is organized as follows. The mathematical formulation 

of rolling bearing element (REB) is described in Section 3.2. The proposed feedback 

linearization observer is presented in Section 3.3. Bearing dataset, results, and discussion are 

provided in Section 3.4. In Section 3.5, conclusions are presented. 

3.2 Rolling Element Bearing Mathematical Formulation 

Based on [8, 74], the bearing model is presented as a five-degree-of-freedom nonlinear 

and time-varying system. The energy formulation for REB is defined as in the following 

equation [74]. 

𝐹(𝑞) = (𝐼 + ∆𝐼)(𝑞)[�̈�] + (𝐶 + ∆𝐶)(𝑞)[�̇�] + (𝑔 + ∆𝑔)(𝑞)[𝑞] + 𝑁 + 𝜓,  (3.1) 

where 𝐹(𝑞), 𝐼(𝑞), 𝐶(𝑞), 𝑔(𝑞), 𝑁, 𝜓, and (Δ𝐼, ∆𝐶, ∆𝑔) are the force vector, mass vector, time-variant 

stiffness matrix, time-variant damping matrix, nonlinear bearing parameter vector, various 

types of fault, and unknown modeling parameters for mass, stiffness, and damping matrix, 

respectively. The uncertainty is defined as in the following equation. 
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Δ𝑑 = (∆𝐼)(𝑞)[�̈�] + (∆𝐶)(𝑞)[�̇�] + (∆𝑔)(𝑞)[𝑞],  (3.2) 

where Δ𝑑 is uncertain and unknown parameters.  

 

Figure 3.1. Block diagram of the SVM-based variable structure feedback linearization observer 

fault diagnosis of REBs. 

 

Based on Equations (3.1) and (3.2), the dynamic equation of the bearing is represented 

as follows: 

𝐹(𝑞) = 𝐼(𝑞)[�̈�] + 𝐶(𝑞)[�̇�] + 𝑔(𝑞)[𝑞] + ∆𝑑 +𝑁 + 𝜓,  (3.3) 

To model the above system equation, we have: 
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[�̈�] = 𝐼(𝑞)−1{𝐹(𝑞) − 𝐶(𝑞)[�̇�] − 𝑔(𝑞)[𝑞]−∆𝑑 −𝑁 −𝜓}.  (3.4) 

If Ω(𝑞, �̇�) = 𝐶(𝑞)[�̇�] + 𝑔(𝑞)[𝑞] + 𝑁, and Γ(𝑞, �̇�) = 𝐼−1(𝑞)(Δ𝑑 + 𝜓), then Equation (3.4) is re-

written as follows: 

[�̈�] = 𝐼(𝑞)−1{𝐹(𝑞) − Ω(𝑞, �̇�)} − Γ(𝑞, �̇�).  (3.5) 

In a healthy condition, the bounded uncertainty is defined as follows: 

𝑖𝑓 𝜓 = 0 → ‖𝐼(𝑞)−1 × ∆𝑑‖ ≤ σ𝑛  (3.6) 

In a faulty condition, Equation (3.6) can be re-written as follows: 

𝑖𝑓 𝜓 ≠ 0 → ‖𝐼(𝑞)−1 × (𝜓 + ∆𝑑)‖ > σ𝑛  (3.7) 

Here σ𝑛 is a normal threshold value. Based on Equation (3.5), the mathematical modeling of 

the REBs includes uncertainties and unknown conditions. To address this drawback, and to 

increase the accuracy of the signal estimation, the proposed feedback linearization observer 

(PFLO) can as described in the following section. 

3.3 Fault Diagnosis: Proposed Feedback Linearization Observer 

Based on Figure 3.1, the proposed feedback linearization observer (PFLO) fault 

diagnosis for a REBs is presented in this chapter. The fault diagnosis of the REB based on the 

PFLO has two main parts. To have a robust and reliable fault detection and identification, the 

signal estimation accuracy of the normal and abnormal signals based on the PFLO is presented 

in the first step. The FLO is a nonlinear observer that can be used for signal estimation. In 

addition to effectively estimate the signal, robustness is the other challenge that needs to be 

addressed. To increase the signal estimation robustness, a variable structure technique is 

introduced. After estimate the signal, to increase the fault detection and identification 

accuracy, SVM is considered in this chapter. 
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Based on references [8, 74], the Case Western Reserve University (CWRU) bearing is 

modelled as a 5-DOF (degrees of freedom) system. Let us consider 𝑍1 = 𝑞 𝑎𝑛𝑑 𝑍2 = �̇�. The 

Lagrange formulation of the bearing in Equation (3.3) can be written in state space form as: 

{

�̇�1 = 𝑍2 = �̇� 

 �̇�2 = �̈� = 𝑓(𝑍1, 𝑍2, 𝑢) + 𝛥𝑑(𝑍1, 𝑍2, 𝑡) + 𝜓

𝑊 = (𝐶)𝑇𝑍1

,  (3.8) 

where 𝑓(𝑍1, 𝑍2, 𝑢) = 𝐼(𝑞)−1{𝐹(𝑞) − Ω(𝑞, �̇�)} . Here, (�̇�1, �̇�2), 𝑢 = 𝐹(𝑞),𝑊 , and (𝐶)𝑇 are the state of 

bearing, system’s input, system’s output, and output coefficient, respectively. To validate the 

proposed method, we will compare this method with a state-of-the-art ARX-Laguerre 

proportional-integral observation (APIO) technique [8, 12], and the feedback linearization 

observer (FLO) in Equation (3.9). Therefore, the APIO is represented in the following section. 

3.3.1. ARX-Laguerre Proportional-Integral Observer (APIO) 

In the first step, the ARX-Laguerre proportional-integral observer (APIO) is 

recommended for the FDD of the bearing. This technique is linear and models the fault based 

on the integral term. The formulation of the APIO technique for FDD in the bearing is defined 

as follows [12]: 

{

�̂�(𝑘) = [𝛼�̂�(𝑘 − 1) + 𝛽𝑤�̂�(𝑘 − 1) + 𝛽𝑢𝑢(𝑘 − 1)] + Δ̂𝑑(𝑘 − 1) + �̂�(𝑘 − 1) +

 𝐾𝑃[𝑊(𝑘 − 1) − �̂�(𝑘 − 1)],

�̂�(𝑘) = (𝐶𝛼)
𝑇�̂�(𝑘)

,  (3.9) 

Based on the APIO technique, the fault is modeled based on the linear integral 

theorem, as follows: 

�̂�(𝑘) = �̂�(𝑘 − 1) + 𝐾𝑖[𝑊(𝑘 − 1) − �̂�(𝑘 − 1)].  (3.10) 

where �̂�(𝑘), �̂�(𝑘), �̂�(𝑘), 𝐾𝑃 , 𝐾𝑖 , (𝐶𝛼)
𝑇  and (𝛼, 𝛽𝑤 , 𝛽𝑢)  are the system state estimation, measured 

output estimation, faults (error) estimation,  proportional coefficient, integral coefficient, 

output coefficient, and coefficients, respectively. Based on reference [12], the coefficients 

𝛼, 𝛽𝑤 , and 𝛽𝑢 are calculated as follows: 
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𝛼 = [
𝛼𝑤 𝑂𝑁𝑎,𝑁𝑏

𝑂𝑁𝑏,𝑁𝑎 𝛼𝑢
], (3.11) 

The 𝛼𝑤 and 𝛼𝑢 coefficients can be written as [8, 12] 

𝛼𝑤 =

[
 
 
 
 
 
 

휁𝑎 0 . . . 0

1 − 휁𝑎
2 휁𝑎 . . . 0

−휁𝑎(1 − 휁𝑎
2) 1 − 휁𝑎

2 . . . 0
. . .
. . .

(−휁𝑎)
𝑁𝑎−1(1 − 휁𝑎

2)

. . .

. . .

. . .

. . .

. . .

. . .

0
0
휁𝑎]
 
 
 
 
 
 

 and 

𝛼𝑢 =

[
 
 
 
 
 
 

휁𝑏 0 . . . 0

1 − 휁𝑏
2 휁𝑎 . . . 0

−휁𝑏(1 − 휁𝑏
2) 1 − 휁𝑏

2 . . . 0
. . .
. . .

(−휁𝑏)
𝑁𝑏−1(1 − 휁𝑏

2)

. . .

. . .

. . .

. . .

. . .

. . .

0
0
휁𝑏]
 
 
 
 
 
 

 

(3.12) 

where (휁𝑎 , 휁𝑏) and (𝑂𝑁𝑏,𝑁𝑎 , 𝑂𝑁𝑎,𝑁𝑏) are Laguerre poles, and null matrices, respectively. Based on 

the recursive nature of Equation (3.10) when inserted into Equation (3.9), it is clear that this 

technique is prone to large fluctuations in uncertain and highly nonlinear conditions. To 

address this issue, the proposed feedback linearization observer is recommended. 

3.3.2. Variable Structure Feedback Linearization Observer (PFLO) 

Based on Figure 3.1, the variable structure feedback linearization observer (PFLO) 

can be designed to estimate signals in the presence of uncertainties. The feedback linearization 

observer (FLO) offers a nonlinear approach to find an optimized estimation of the system and 

fault. This technique is stable, but it has some issues in the presence of uncertainties. To 

evaluate the feedback linearization observer, a variable structure observer is recommended. 

This technique is one of the highly robust fault detectors for uncertain and faulty systems. The 

FLO model adaptively improves the linearized model. The state space feedback linearization 

observer is defined in the following formulation: 
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{

�̂̇�1 = �̂�2 + 𝐾𝑝1𝑒1, (𝑒1 = 𝑍1 − �̂�1) 

 �̂̇�2 = 𝑓(𝑍1, �̂�2, 𝑢) + 𝐼
−1 × (𝐾𝑝2𝑒2) + �̂�

�̂� = (𝐶𝛼)
𝑇�̂�1

+ Δ̂𝑑(𝑍1, 𝑍2, 𝑡) , (𝑒2 = �̂̇�1 − �̂�2)    (3.13) 

The fault is modelled based on the following definition: 

�̂�(𝑘) = 𝐼−1{�̂�(𝑘 − 1) + 𝐾𝑖1[𝑊(𝑘 − 1) − �̂�(𝑘 − 1)]}.  (3.14) 

where (𝐾𝑝1 , 𝐾𝑝2 , (𝐶𝛼)
𝑇 , 𝐾𝑖1)  are coefficients. The feedback linearization observer is stable; 

however, this technique suffers from a lack of robustness. A variable structure observer (VSO) 

is one of the nonlinear and robust fault detectors for uncertain and faulty systems. The state 

space formulation for the VSO is defined follows [8]: 

{

�̂̇�1 = �̂�2 + 𝛾𝑎  𝑠𝑔𝑛(𝑒1), (𝑒1 = 𝑍1 − �̂�1) 

 �̂̇�2 = 𝑓(𝑍1, �̂�2, 𝑢) + 𝛾𝑏 𝑠𝑔𝑛(𝑒2)

�̂� = (𝐶𝛼)
𝑇�̂�1

, (𝑒2 = �̂̇�1 − �̂�2)    (3.15) 

According to [8], the VSO suffers from a chattering phenomenon. To address the 

issues of the variable structure observer and feedback linearization observer, the robust 

variable structure technique was applied to the feedback linearization observer. The fault 

estimate based on the robust variable structure technique is defined as follows: 

{
𝐾𝑧‖𝑊(𝑘 − 1) − �̂�(𝑘 − 1)‖

0.5
𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) − �̂� = Δ̂𝑑(𝑍1, �̂�2, 𝑡) + �̂�

�̇̂� = 𝐾𝑧0 × 𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1))
,  (3.16) 

where (𝛾𝑎, 𝛾𝑏 , 𝐾𝑧)  and �̇̂�  are coefficients and the variable for the super-twisting technique, 

respectively. Based on Equations (3.15) and (3.16), the proposed variable structure extended 

feedback linearization observer is defined as follows: 

{

�̂̇�1 = �̂�2 + 𝐾𝑝1𝑒1, (𝑒1 = 𝑍1 − �̂�1) 

 �̂̇�2 = 𝑓(𝑍1, �̂�2, 𝑢)𝐼
−1 × (𝐾𝑝2𝑒2) + Δ̂𝑑(𝑍1, 𝑍2, 𝑡) + �̂�

�̂� = (𝐶𝛼)
𝑇�̂�1

, (𝑒2 = �̂̇�1 − �̂�2)    (3.17) 
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The fault estimation formulation is defined as follows: 

{
 
 

 
 �̂� = �̂�(𝑘 − 1) + 𝐾𝑖1[𝑊(𝑘 − 1) − �̂�(𝑘 − 1)] + 𝐾𝑧‖𝑊(𝑘 − 1) − �̂�(𝑘 − 1)‖

0.5
×

 𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) − �̂�,

�̇̂� = 𝐾𝑧0 × 𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1))

.  (3.18) 

Based on Equations (3.8) and (3.17), the residual signal (𝑟(𝑘)) is defined as follows: 

𝑟(𝑘) = 𝑊(𝑘) − �̂�(𝑘)  (3.19) 

where �̂�(𝑘) is calculated in Equation (3.17), respectively. After obtaining the stability, the 

state space estimation of �̂�1, �̂�2 converges to 𝑍1, 𝑍2, and the estimation error converges to zero 

and 𝐾𝑧‖𝑊(𝑘 − 1) − �̂�(𝑘 − 1)‖
0.5
𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) = 0 . More specifically, the 

convergence conditions are specified by the following criteria: 

Δ̂𝑑(𝑍1, �̂�2, 𝑡) + �̂� − 𝐾𝑧‖𝑊(𝑘 − 1) − �̂�(𝑘 − 1)‖
0.5
𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) − �̂� = 0 → 

𝐾𝑧‖𝑊(𝑘 − 1) − �̂�(𝑘 − 1)‖
0.5
𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) → 

Δ̂𝑑(𝑍1, �̂�2, 𝑡) + �̂� > 𝜎𝑛 .  

(3.20) 

where 𝜎𝑛 is a normal threshold value. When the variable structure observer is applied to the 

feedback linearization observer, as in Equation (3.18), the challenge of uncertainties and fault 

estimation can be solved in finite time. If the states of the system are bounded as        

𝑓(𝑍1, �̂�2, 𝑢) < 𝐽
+ , to guarantee the stability and convergence, the variable structure fault 

estimator gains 𝐾𝑧0and 𝐾𝑧 is calculated as follows: 

{
𝐾𝑧 = 1.5√𝐽

+

𝐾𝑧0 = 1.1𝐽
+
,  (3.21) 

where 𝐽+  is a positive constant. Based on the Lyapunov theorem, the Lyapunov function 

(V(x))of the proposed observer is defined by the following equation. 
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V(x) = 2K|𝑊(𝑘 − 1) − �̂�(𝑘 − 1)| +
1

2
�̂�2 +

1

2
(KZ|𝑊(𝑘 − 1) − �̂�(𝑘 − 1)|

0.5
× 

𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) − �̂�  

(3.22) 

Based on Equation (3.22), the Lyapunov derivative function is proposed in Equation 

(3.23). 

V̇(x) =
[(𝑊(𝑘 − 1) − �̂�(𝑘 − 1))

0.5

𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) �̂�]

|𝑊(𝑘 − 1) − �̂�(𝑘 − 1)|
0.5 × 

KZ
2
[
KZ

2 −KZ
−KZ 1

] [(𝑊
(𝑘 − 1) − �̂�(𝑘 − 1))

0.5

𝑠𝑔𝑛(𝑊(𝑘 − 1) − �̂�(𝑘 − 1))

�̂�
] + 

∆𝑑(𝑍1, 𝑍2, 𝑡) − Δ̂𝑑(𝑍1, �̂�2, 𝑡)

|𝑊(𝑘 − 1) − �̂�(𝑘 − 1)|0.5
[
KZ

2

2

−KZ
2
] × 

[(𝑊
(𝑘 − 1) − �̂�(𝑘 − 1))

0.5

𝑠𝑔𝑛(𝑊(𝑘 − 1) − �̂�(𝑘 − 1))

�̂�
]  

(3.22) 

The uncertainty estimation accuracy band is defined by the following 

|∆𝑑(𝑍1, 𝑍2, 𝑡) − Δ̂𝑑(𝑍1, �̂�2, 𝑡)| ≤ 𝜑 |(𝑊(𝑘 − 1) − �̂�(𝑘 − 1))
0.5
|  (3.24) 

Here, 𝜑 is a positive constant. Based on Equation (3.24) the Lyapunov derivative function is 

applied to Equation (3.24) and rewritten in Equation (3.25). 

V̇(x) ≤
− [(𝑊(𝑘 − 1) − �̂�(𝑘 − 1))

0.5

𝑠𝑔𝑛 (𝑊(𝑘 − 1) − �̂�(𝑘 − 1)) �̂�]

|𝑊(𝑘 − 1) − �̂�(𝑘 − 1)|
0.5

× 

KZ
2
[
KZ

2 − (KZ)∆𝑑(𝑋1, 𝑋2, 𝑡) − Δ̂𝑑(𝑋1, 𝑋2, 𝑡) −KZ
−(KZ + 2(∆𝑑(𝑋1, 𝑋2, 𝑡) − Δ̂𝑑(𝑋1, 𝑋2, 𝑡)) 1

] × 

[(𝑊
(𝑘 − 1) − �̂�(𝑘 − 1))

0.5

𝑠𝑔𝑛(𝑊(𝑘 − 1) − �̂�(𝑘 − 1))

�̂�
] 

(3.25) 

Based on [114], if 
KZ

2
[
KZ

2 − (KZ)∆𝑑(𝑋1, 𝑋2, 𝑡) − Δ̂𝑑(𝑋1, 𝑋2, 𝑡) −KZ

−(KZ + 2(∆𝑑(𝑋1, 𝑋2, 𝑡) − Δ̂𝑑(𝑋1, 𝑋2, 𝑡)) 1
] > 0  thus, V̇(x) < 0 . 

Thus, it can converge to zero in finite time.  
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3.3.3. Fault Detection and Fault Identification Using Support Vector Machine 

Based on Figure 3.1, after estimating the normal and abnormal signals using the 

proposed feedback linearization observer (PFLO) and finding the residual signal based on 

equation (3.19), the decision-making ability can be introduced using a support vector machine 

(SVM) algorithm. This section has two main parts: a) residual signal characterization, and b) 

SVM-based fault detection and identification (FDI). The residual signals obtained for normal 

and abnormal conditions are utilized for the FDI of the REBs. First, the energy of residual 

signals was selected. The value of the energy attribute can be computed as follows:  

𝐸 =∑𝑟𝑥𝑖
2

𝑀

𝑖=1

  
(3.26) 

where 𝐸,𝑀 and 𝑟𝑥𝑖  are the energy of the residual signals in different conditions, the total 

number of instances, and the residual signal, respectively. After extracting the feature (e.g., 

energy) from the residual signals in normal and abnormal conditions, the SVM technique is 

used for fault diagnosis. The outline realization of the extended variable structure feedback 

linearization observer method for the fault diagnosis of the bearing is summarized in 

Algorithm 3.1. 

Algorithm 3.1. SVM-based variable structure (extended-state) feedback linearization observer for 

fault diagnosis of the bearing. 

1: Bearing mathematical modelling (3.8) 

2: Run the feedback linearization observer (3.13), (3.14) 

3: Improve the robustness in feedback linearization observer based on variable structure algorithm 

(3.17), (3.18) 

4: Run the residual signal characterization by energy (3.19,3.26) 

5: Apply the SVM classification technique for fault detection and identification [14].  

3.4 Dataset, Results and Analysis 

The effectiveness of the proposed feedback linearization observer (PFLO), APIO and 

FLO for fault detection and identification was evaluated using the Case Western Reverse 
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University (CWRU) bearing dataset. According to [8, 74], the bearing was modeled using 

mathematical technique, and the parameters for this modeling are given in Table 2.1. 

3.4.1. Bearing Data 

The vibration data were collected from a 6205-2RS JEM SKF roller bearing installed 

in a rotary motor. Based on Figure 3.2, a 2-horsepower (hp), three phase induction motor was 

connected to a torque transducer and a dynamometer to apply different loads, ranging from 0 

hp to 3 hp [15, 77]. The vibration sensor (accelerometers) was attached to the roller bearing 

for data collection. The vibration signals were collected for normal and faulty conditions with 

a 48 kHz sampling rate. The rotation velocities of the induction motor also varied from 1730 

rpm to 1790 rpm. Table 2.2 presents the details of the Case Western Reverse University 

(CWRU) bearing dataset. Based on the work in reference [113], which is outlined in Table 

2.2, three different crack sizes, four different motor loads, and four different motor speeds 

were seeded at different positions of the bearing. 

3.4.2. Training and Testing Configuration 

For analyzing the fault detection and fault identification capabilities of the proposed 

feedback linearization observer, the dataset consisting of 1600 samples (400 data instances 

per class) was randomly split into training and testing subsets. Specifically, 1200 samples (75 

instances per class) were used for training SVM classification algorithms, whereas the 

remaining previously unobserved 400 samples (100 instances per class) were utilized for the 

testing process. The similar dataset perturbations were applied to the residual signals obtained 

by the referenced APIO and FLO methods in order to perform the comparison between them 

and the proposed technique (PFLO) used in conjunction with the SVM classification 

algorithm. 
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Figure 3.2. An overview of the experimental setup and bearing faults: (a) schematic, (b-1) 

inner fault, (b-2) outer fault, and (b-3) ball fault. 

3.4.3. Fault Detection and Fault Identification 

To validate the efficacy of the proposed feedback linearization observer (PFLO), 

ARX-Laguerre proportional integral observer (APIO), and feedback linearization observer 

(FLO) methods for fault detection and diagnosis, we test it with benchmark Case Western 

Reverse University (CWRU) bearing datasets as described in Table 2.2. Figure 3.3 illustrates 

the residual signals for the normal, inner fault, outer fault, and ball fault conditions based on 

PFLO. From this figure, it can be observed that the residual signals are well differentiable in 

normal conditions, which means that they can be used for fault detection (i.e., differentiation 

between normal and abnormal conditions); and this technique is suitable for identification of 

the faults. To provide a comprehensive performance of fault diagnosis accuracy, the two case-

studies are considered in this result parts: a) crack-variant datasets and b) load-variant datasets 

provided by CWRU. In the first step, we investigate the fault identification capabilities of the 
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proposed method (PFLO), FLO, and APIO [12] for four crack-variant datasets, where the 

torque load remained fixed. 

 

Figure 3.3. Residual of acceleration for normal, inner, outer, and ball faults based on the PFLO. 

The fault diagnosis results obtained for the REB datasets with various crack diameters 

(e.g., 0.007, 0.014, and 0.021 inches) under fixed load conditions are tabulated in Tables 3.1–

3.4. Based on these tables the average of the fault detection accuracy (i.e., differentiating 

between normal and abnormal states) for proposed method (PFLO), FLO, and APIO are 

100%, 92.8%, and 87.8%, respectively. Therefore, these tables demonstrate that PFLO show 

high fault detection accuracies. 

Table 3.1. Fault diagnosis results to test the crack-variant dataset when the torque load is 0 hp. 

Algorithms PFLO (Proposed Method) FLO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 92% 92% 92% 88% 88% 88% 

Ball Fault 100% 100% 100% 89% 92% 90% 88% 78% 78% 

OR Fault 95% 95% 96% 87% 90% 92% 75% 81% 78% 

IR Fault 95% 93% 94% 89% 88% 89% 70% 70% 71% 

Average 97.5% 97% 97.5% 89.25% 90.5% 90.75% 80.25% 79.25% 78.75% 

 

Regarding the fault identification (i.e., differentiating between types of faults), it can 

be seen that the proposed method (PFLO) resulted in the highest accuracy in comparison with 

the FLO and APIO methods. Based on Tables 3.1-3.4 the proposed method (PFLO) 
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outperforms the FLO and APIO techniques in terms of average accuracy with a value of 96%, 

95.7%, and 96.7% for three fault severity levels characterized by crack sizes of 0.007, 0.014, 

and 0.021 inches, respectively. 

Table 3.2. Fault diagnosis results to test the crack-variant dataset when the torque load is 1 hp. 

Algorithms PFLO (Proposed Method) FLO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 93% 93% 93% 88% 88% 88% 

Ball Fault 97% 93% 97% 86% 92% 90% 80% 81% 85% 

OR Fault 94% 96% 96% 88% 88% 90% 78% 80% 81% 

IR Fault 95% 96% 96% 81% 85% 88% 70% 74% 75% 

Average 96.5% 96.25% 97.25% 87% 89.5% 90.25% 79% 80.75% 82.25% 

 

Table 3.3. Fault diagnosis results to test the crack-variant dataset when the torque load is 2 hp. 

Algorithms PFLO (Proposed Method) FLO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 90% 90% 90% 85% 85% 85% 

Ball Fault 95% 93% 97% 87% 87% 88% 79% 81% 84% 

OR Fault 95% 90% 91% 89% 88% 89% 79% 75% 80% 

IR Fault 95% 96% 96% 85% 87% 88% 75% 76% 79% 

Average 96.25% 94.75% 96% 87.75% 88% 87.75% 79.5% 79.25% 82% 

 

Table 3.4. Fault diagnosis results to test the crack-variant dataset when the torque load is 3 hp. 

Algorithms PFLO (Proposed Method) FLO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 96% 96% 96% 90% 90% 90% 

Ball Fault 93% 90% 93% 86% 86% 87% 79% 79% 80% 

OR Fault 93% 96% 97% 86% 84% 84% 76% 78% 80% 

IR Fault 90% 93% 94% 82% 82% 85% 75% 77% 79% 

Average 94% 94.75% 96% 87.5% 87% 88% 80% 81% 82.25% 

Regarding these tables, the proposed method (PFLO) for bearing fault detection and 

identification outperforms the FLO technique yielding average performance improvements of 

8.1%, 6.95%, and 7.5% for three fault severity levels characterized by crack sizes of 0.007, 

0.014, and 0.021 inches, respectively. In addition, the proposed method (PFLO) for bearing 

fault diagnosis outperforms the APIO technique yielding average performance improvements 

of 16.7%, 15.8%, and 15.5% for three fault severity levels characterized by crack sizes of 

0.007, 0.014, and 0.021 inches, respectively. The fault diagnosis results obtained for the REB 

datasets with load-variant conditions is tabulated in Table 3.5. Based on Table 2.2 we re-
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configured the available CWRU dataset and created three custom load-variant datasets to 

validate the robustness of the proposed fault identification technique under changing 

load/motor speed conditions.  

Table 3.5. Fault diagnosis results to test the load-variant datasets. 

Algorithms PFLO (Proposed Method) FLO APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal 100% 100% 100% 92% 92% 93% 91% 91% 88% 

Ball fault 91% 93% 95% 82% 88% 88% 80% 81% 83% 

OR Fault 90% 90% 91% 80% 81% 83% 73% 75% 79% 

IR Fault 92% 92% 94% 86% 87% 90% 80% 84% 84% 

Average 93.25% 93.75% 95% 85% 87% 88.5% 81% 82.75% 83.5% 

 

Based on Table 3.5 the proposed method (PFLO) is highly robust to the changing 

experimental conditions, such as torque loads and rotating speeds. Regarding this table, the 

proposed method (PFLO) for bearing fault diagnosis for the load-variant dataset outperforms 

the FLO technique yielding performance improvements of 8.25%, 6.75%, and 6.5% for three 

fault severity levels characterized by crack sizes of 0.007, 0.014, and 0.021 inches, 

respectively. Moreover, the proposed method (PFLO) for bearing fault diagnosis for the load-

variant dataset outperforms the APIO technique yielding performance improvements of 

12.25%, 11%, and 11.5% for three fault severity levels characterized by crack sizes of 0.007, 

0.014, and 0.021 inches, respectively.  

3.5 Conclusions 

In this chapter, a hybrid approach using the SVM-based variable structure feedback 

linearization observer is developed for detection and classification of REB faults. To modeling 

the vibration bearing signals, the mathematical technique is implemented. Next, signal 

estimation is developed in two main steps. Firstly, the feedback linearization observer is 

developed for vibration signals. Secondly, the variable structure technique is recommended 

to decrease the problems usually encountered with varying motor speeds. Moreover, an SVM 

is used to detect and classify REB faults. The power of the proposed technique to diagnose 

REB faults was demonstrated using the Case Western University vibration dataset. As a result, 

the average performance improvements to test the crack-variant dataset for the recommended 
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procedure (PFLO) were 7.5% and 16%, compared with the FLO and APIO techniques, 

respectively. In addition, the average performance improvements to test the load-variant 

dataset for the proposed method (PFLO) were 7.2% and 11.59%, compared with the FLO and 

APIO procedures, respectively. In the future, a robust hybrid technique based on the fuzzy 

robust feedback linearization observation method will be designed to enhance the 

performance of fault diagnosis. The hybrid extended state observer will be combined with a 

system estimation technique, and an intelligent extended state robust feedback linearization 

observer to improve the performance of fault diagnosis in a faulty system. 
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Chapter 4 

4.1 Introduction  

Induction motors have been used in diverse industries, such as the machine tool and 

oil industries. The dynamic behavior of an induction motor is entirely nonlinear, which can 

cause various challenges in control and fault diagnosis. High-temperature environments, 

heavy-duty cycles, poor installation, overloading, and aging of components cause a diverse 

range of electrical and mechanical defects in motors. Diverse faults have been defined in 

induction motors, such as motor failures, air-gap faults, bearing and cage faults, and stator 

failures. The two main types of induction motor defects are mechanical and electrical failures. 

Various types of induction motor faults are mostly associated with mechanical defects (79%), 

such as bearing defects (69%) and rotor faults (10%). The other types of induction motor faults 

are electrical failures (21%), such as open circuits and short circuits in stator windings [4]. 

The most common defect in induction motors are mechanical failures. These faults are 

classified as bearing faults and rotor faults. Across industries, bearing defects are the most 

common critical effect increasing failure in induction motors [4]. The four main types of 

bearing defects are inner raceway faults, outer raceway faults, ball failures, and cage faults 

[115, 116]. To analyze the condition of bearings, different types of condition monitoring 

techniques, such as acoustic emission (AE), stator current, shaft voltage, bearing circuit, and 

vibration analysis, have been reported in the literature [81]. Vibration and AE measurement 

techniques are the most widely used for monitoring the bearing conditions [81]. Since AE 

signals are strongly correlated with actual faults, this research utilizes acoustic emission 

sensors for data collection. 

Nonlinear Extended-state ARX-Laguerre PI Observer 
Fault Diagnosis of Bearings 
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Two main fault detection and diagnosis methods are hardware-based fault detection 

and diagnosis (FDD) and functional-based FDD [15]. Fault detection and identification based 

on the hardware method is a stable, reliable, and preventive maintenance technique, but it is 

also expensive. To address this issue, functional-based FDD has been presented. The four 

foremost types of functional-based fault detection and diagnosis are signal-based FDD [83, 

87-91], knowledge-based FDD [92-97], model-based FDD [25-27], and hybrid-based FDD 

[29, 87, 98]. Several signal-based techniques, such as motor current signature analysis 

(MCSA), vibration analysis, the noise monitoring technique, and torque monitoring analysis, 

have been introduced. A common signal-based technique for FDD in the induction motor is 

the MCSA technique. This technique is more common for broken rotor bar (BRB) faults, air-

gap eccentricity faults, and stator electric current faults. To diagnose faults in the mechanical 

parts of an induction motor, such as a bearing, vibration and acoustic emission analysis are 

more common [7]. The main drawbacks of signal-based FDD are reliability and robustness. 

Knowledge-based FDD has various advantages, but this technique needs massive quantities 

of data for training. Model-based FDD has been considered a robust and reliable FDD 

technique. 

The main concept of model-based FDD is system modeling, which has been 

acknowledged by several researchers in the field [5]. System modeling was divided into two 

principal techniques: (a) Physical-based system modeling, which uses a mathematical 

formulation for system modeling, and (b) signal-based system identification, which uses 

various identification techniques. To address the challenges posed by the complexities and 

disturbance problems of physical-based system modeling, we used a signal-based system 

identification technique based on the autoregressive exogenous input (ARX)–Laguerre 

technique [12].  

The main techniques for model-reference FDD use output observers, system 

identification and parameter estimation, and the parity equation [32, 117]. Various researchers 

have used observational methods for FDD, such as a proportional integral (PI) observer [12, 

101], proportional multiple integral (PMI) observer [37, 102, 103], and sliding mode observer 



 

 

Chapter 4:  Nonlinear Extended-state ARX-Laguerre PI Observer Fault Diagnosis of    

Bearing           52 
_________________________________________________________________________________ 

 

 

(SMO) [45, 46, 108, 109]. The fault diagnosis in noisy conditions and state-estimation in the 

highly nonlinear systems are the main drawbacks in the PI and PMI observers. The sliding 

mode observer has been considered to solve the linear observer’s drawback [109]. Apart from 

several advantages of the sliding mode observer, chattering phenomenon is the main 

drawback. The higher order sliding mode observer (HOSMO) was presented to solve the 

chattering phenomenon in the sliding mode observer [118]. This observer works based on the 

system’s dynamic behavior, and thus the observer performance can be significant if most 

system dynamic parameters are known. To address the challenges of proportional integral 

observer (PIO) and SMO, the sliding mode extended-state ARX-Laguerre PI observer 

technique is introduced in this chapter. The support vector machine (SVM) algorithm is used 

for fault detection and identification in this chapter. The efficacy of the proposed sliding mode 

extended-state ARX-Laguerre PI observer (SMALPIO) approach was validated using two 

different scenarios to analyze the single and multiple-crack detection.  

As shown in Figure 4.1, the sliding mode extended-state ARX-Laguerre PI observer 

technique consists of three main steps: (a) System modeling, (b) the advanced observation 

technique, and (c) decision part for fault diagnosis. The ARX–Laguerre technique is used for 

system modeling. The extended- observation algorithm is divided into two main steps: (a) The 

ARX–Laguerre PI observer, and (b) sliding mode extended-state ARX–Laguerre PI observer. 

The ARX–Laguerre PI observer is used for signal estimation based on the PI observation 

technique. While the ARX–Laguerre PI observer is easy to implement, the main drawback of 

this technique is robustness. To address the robustness issue, a sliding mode extended 

algorithm is introduced. The decision part based on the support vector machine (SVM) has 

three main sub-blocks: (a) generation of the residual signal based on the difference between 

the original and estimated signals, (b) characterization of windows by the energy feature for 

residual signals, and (c) the detection and classification of the fault types using the SVM 

technique. The main contributions of this chapter can be summarized as follows: 

(1) Modeling the vibration signals based on ARX-Laguerre technique. 



 

 

Chapter 4:  Nonlinear Extended-state ARX-Laguerre PI Observer Fault Diagnosis of    

Bearing           53 
_________________________________________________________________________________ 

 

 

(2) Improved estimation accuracy of normal and abnormal signals based on the sliding 

mode extended-state ARX–Laguerre PI observer. 

 

Figure 4.1. Block diagram of the SVM-based sliding mode (extended-state) ARX-

Laguerre PI observer for fault diagnosis in the REBs. 

The rest of this chapter is organized as follows. In Section 4.2, the rolling element 

bearing (REB) is modeled using the ARX–Laguerre procedure. The proposed sliding mode 

extended-state ARX–Laguerre PI observer for bearing fault detection, estimation, and 

identification is presented in Section 4.3. In the first step of that process, a PI observer is built 

using the ARX–Laguerre technique; in the second step, the extended-state sliding mode 

algorithm is added to the ARX–Laguerre PI observer to improve its reliability and robustness. 

In Section 4.4, two types of datasets are introduced. Results and discussion are presented in 

Section 4.5. Conclusions are provided in Section 4.6.  
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4.2 Rolling Element Bearing Modeling 

The principal target of this chapter is to detect and estimate an induction motor’s 

mechanical faults based on the sliding mode extended-state ARX-Laguerre PI observer. The 

foremost issue of the induction motor is mathematical modeling in the presence of 

uncertainties and faults. Thus, this chapter utilizes a state-of-the-art induction motor 

experiment for modeling based on system identification. The three-phase space vector of 

induction motor formulation based on the stator and rotor voltage, current, and flux are 

presented below [4]: 

{
[𝑉𝑠𝑡𝑎𝑡𝑜𝑟] = [𝑍𝑠𝑡𝑎𝑡𝑜𝑟] × [𝑖𝑠𝑡𝑎𝑡𝑜𝑟] + [�̇�𝑠𝑡𝑎𝑡𝑜𝑟]
[𝑉𝑟𝑜𝑡𝑜𝑟] = [𝑍𝑟𝑜𝑡𝑜𝑟] × [𝑖𝑟𝑜𝑡𝑜𝑟] + [�̇�𝑟𝑜𝑡𝑜𝑟]

 (4.1) 

where , ,[ ],[ ], , ,stator rotor stator rotor stator rotor statorV V Z Z i i  and rotor are the three phase stator voltage, 

three phase rotor voltage, stator impedance, rotor impedance, three phase stator current, three 

phase rotor current, change of stator flux, and change of rotor flux, respectively. The flux 

linkage can be written as follows: 

{
[𝜑𝑠𝑡𝑎𝑡𝑜𝑟] = [𝐿𝑠𝑡𝑎𝑡𝑜𝑟] × [𝑖𝑠𝑡𝑎𝑡𝑜𝑟] + [𝑀𝑠𝑡𝑎𝑡𝑜𝑟.𝑟𝑜𝑡𝑜𝑟] × [𝑖𝑟𝑜𝑡𝑜𝑟]
[𝜑𝑟𝑜𝑡𝑜𝑟] = [𝐿𝑟𝑜𝑡𝑜𝑟] × [𝑖𝑟𝑜𝑡𝑜𝑟] + [𝑀𝑠𝑡𝑎𝑡𝑜𝑟.𝑟𝑜𝑡𝑜𝑟] × [𝑖𝑠𝑡𝑎𝑡𝑜𝑟]

 (4.2) 

Here, , , ,stator rotor stator rotorL L  and .stator rotorM are the stator flux, rotor flux, stator inductance 

matrix, rotor inductance matrix, and stator-rotor mutual inductance, respectively. Based on 

(4.1) and (4.2), the stator and rotor currents are calculated as follows: 

𝑑

𝑑𝑡
[
𝑖𝑠𝑡𝑎𝑡𝑜𝑟
𝑖𝑟𝑜𝑡𝑜𝑟

] = [
𝐿𝑠𝑡𝑎𝑡𝑜𝑟 𝑀𝑠𝑡𝑎𝑡𝑜𝑟.𝑟𝑜𝑡𝑜𝑟

𝑀𝑠𝑡𝑎𝑡𝑜𝑟.𝑟𝑜𝑡𝑜𝑟 𝐿𝑟𝑜𝑡𝑜𝑟
]
−1

× 

([
𝑉𝑠𝑡𝑎𝑡𝑜𝑟
𝑉𝑟𝑜𝑡𝑜𝑟

] − [
𝑍𝑠𝑡𝑎𝑡𝑜𝑟 𝜔𝑟

𝑑

𝑑𝑡
𝑀𝑠𝑡𝑎𝑡𝑜𝑟.𝑟𝑜𝑡𝑜𝑟

𝜔𝑟
𝑑

𝑑𝑡
𝑀𝑠𝑡𝑎𝑡𝑜𝑟.𝑟𝑜𝑡𝑜𝑟

𝑇 𝑍𝑟𝑜𝑡𝑜𝑟

] [
𝑖𝑠𝑡𝑎𝑡𝑜𝑟
𝑖𝑟𝑜𝑡𝑜𝑟

]) 

(4.3) 

where r is rotor rectangular velocity. Based on the dynamic formulation of an induction 

motor, mathematical modeling of the induction motors is incredibly complicated and 
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uncertain, and thus, the task of modeling is significantly important. To address this issue, this 

chapter utilizes an ARX-Laguerre system estimation technique for system modeling. This 

technique reduces the complexity and improves the robustness [12, 119]. The ARX-Laguerre 

orthonormal technique for modeling an REB is presented based on the system input and 

output, Fourier coefficients, and Laguerre-based orthonormal function as follows [12, 119]: 

𝑂(𝑘) = ∑ 𝐾𝑛,𝛼(∑
√1 − 휁𝛼

2

𝑍 − 휁𝛼
(
1 − 휁𝛼, 𝑧

𝑍 − 휁𝛼
)𝑛 ∗

∞

𝑗=1

𝑁𝛼−1

0

𝑂(𝑘)). 𝑆𝑛,𝑂(𝑘) + 

∑ 𝐾𝑛,𝛽(∑
√1 − 휁𝛽

2

𝑍 − 휁𝛽
(
1 − 휁𝛽 , 𝑧

𝑍 − 휁𝛽
)𝑛 ∗

∞

𝑗=1

𝑁𝛽−1

0

𝐼(𝑘)). 𝑆𝑛,𝐼(𝑘) 

(4.4) 

where 𝑂(𝑘), (𝐾𝑛,𝑎&𝐾𝑛,𝑏), (𝑁𝑎 , 𝑁𝑏), ((
√1−𝜁𝛼

2

𝑍−𝜁𝛼

1−𝜁𝛼,𝑧

𝑍−𝜁𝛼
)&(

√1−𝜁𝛽
2

𝑍−𝜁𝛽

1−𝜁𝛽,𝑧

𝑍−𝜁𝛽
)), (휁𝛼&휁𝛽),∗, 𝐼(𝑘), 𝑆𝑛,𝑂(𝑘), and 

𝑆𝑛,𝐼(𝑘)  are the system output, coefficients of Fourier, order of system, functions of the 

Laguerre-based orthonormal, Laguerre poles, convolution product, system input, output signal 

filtered, and filtered input signal, respectively. To calculate the state-space equation, the 

following variables are defined in Equations (4.5) and (4.6). 

{
  
 

  
 

𝐿𝑛
𝛼 =

√1 − 휁𝛼
2

𝑍 − 휁𝛼
(
1 − 휁𝛼, 𝑧

𝑍 − 휁𝛼
)𝑛

𝐿𝑛
𝛽
=
√1 − 휁𝛽

2

𝑍 − 휁𝛽
(
1 − 휁𝛽 , 𝑧

𝑍 − 휁𝛽
)𝑛

 (4.5) 

{
𝜒𝑛,𝑜(𝑘, 휁𝛼) =∑𝐿𝑛

𝛼 ∗ 𝑂(𝑘)

𝜒𝑛,𝐼(𝑘, 휁𝛽) =∑𝐿𝑛
𝛽
∗ 𝐼(𝑘)

 (4.6) 

Based on Equations (4.4), (4.5), and (4.6) the ARX-Laguerre technique is represented as 

𝑂(𝑘) = ∑ 𝐾𝑛,𝛼𝜒𝑛,𝑂(𝑘)

𝑁𝛼−1

0

𝑆𝑛,𝑂(𝑘) + ∑ 𝐾𝑛,𝛽

𝑁𝛽−1

0

𝜒𝑛,𝐼(𝑘)𝑆𝑛,𝐼(𝑘) = 𝐴(𝑧−1)𝑆𝑛,𝑂(𝑧) + 𝐵(𝑧
−1)𝑆𝑛,𝐼(𝑧) (4.7) 
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Here, 𝐴(𝑧−1) and 𝐵(𝑧−1) are two polynomials with degrees 𝑁𝛼 and 𝑁𝛽, respectively. Based on 

Equation (4.7) the transfer function is represented as follows: 

𝐻(𝑧) =
𝑆𝑛,𝑂
𝑆𝑛,𝐼

=
𝐵(𝑧−1)

1 − 𝐴(𝑧−1)
 (4.8) 

The identification between Equations (4.6) and (4.7) provides (4.9). 

𝐴(𝑧−1) = ∑ 𝐾𝑛,𝛼𝜒𝑛,𝑂(𝑘),

𝑁𝛼−1

0

𝐵(𝑧−1) = ∑ 𝐾𝑛,𝛽

𝑁𝛽−1

0

𝜒𝑛,𝐼(𝑘) (4.9) 

Based on Equations (4.5), (4.6), (4.7), and (4.9) the optimization problem is defined as follows 

[119]: 

𝑚𝑖𝑛
𝜁𝛼

‖𝐴(𝑧−1) − ∑ 𝐾𝑛,𝛼𝜒𝑛,𝑂(𝑘)

𝑁𝛼−1

0

‖

2

, 𝑚𝑖𝑛
𝜁𝛽

‖𝐵(𝑧−1) − ∑ 𝐾𝑛,𝛽

𝑁𝛽−1

0

𝜒𝑛,𝐼(𝑘)‖

2

 (4.10) 

From the relations Equations (4.5), (4.6), and (4.9), the minimization technique Equation 

(4.10) is used to decompose the polynomials 𝐴(𝑧−1)  and 𝐵(𝑧−1)  on the Laguerre 

orthonormal bases, and the 휁𝛼and 휁𝛽are optimized. A block diagram of the ARX-Laguerre 

technique is illustrated in Figure 4.2. The ARX-Laguerre state-space equation is written as 

follows: 

{
𝑋(𝑘 + 1) = [𝐴𝑋(𝑘) + 𝑏𝑦𝑦(𝑘) + 𝑏𝑢𝑢(𝑘)] + 𝐹𝑑(𝑘) + 𝛿(𝑘)

𝑌(𝑘 + 1) = (𝐾)𝑇𝑋(𝑘 + 1)
 (4.11) 

where 𝑋(𝑘), (𝐴, 𝑏𝑦, 𝑏𝑢), 𝑌(𝑘), 𝑢(𝑘), 𝐹𝑑(𝑘), 𝛿(𝑘)  and (𝐾)𝑇 are the system state, coefficient 

matrices, measured output, control input, uncertainty and disturbance, faults, and the Fourier 

coefficient, respectively. 𝐴, 𝑏𝑦,  and 𝑏𝑢,  are presented in Equations (4.12), (4.13), (4.14), 

(4.15) and (4.16), respectively. 

𝐴 = [
𝐴𝑜 𝑂𝑁𝑎,𝑁𝑏

𝑂𝑁𝑏,𝑁𝑎 𝐴𝑖
], (4.12) 
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Here, 0A and iA are defined in Equations (4.13) and (4.14), respectively. 

𝐴𝑜 =

[
 
 
 
 
 
 

휁𝛼 0 . . . 0

1 − 휁𝛼
2 휁𝛼 . . . 0

−휁𝛼(1 − 휁𝛼
2) 1 − 휁𝛼

2 . . . 0
. . .
. . .

(−휁𝛼)
𝑁𝑎−1(1 − 휁𝛼

2)

. . .

. . .

. . .

. . .

. . .

. . .

0
0
휁𝛼]
 
 
 
 
 
 

and (4.13) 

𝐴𝑖 =

[
 
 
 
 
 
 

휁𝛽 0 . . . 0

1 − 휁𝛽
2 휁𝑎 . . . 0

−휁𝛽(1 − 휁𝛽
2) 1 − 휁𝑏

2 . . . 0
. . .
. . .

(−휁𝛽)
𝑁𝑏−1(1 − 휁𝛽

2)

. . .

. . .

. . .

. . .

. . .

. . .

0
0
휁𝛽]
 
 
 
 
 
 

 (4.14) 

 

Figure 4.2. ARX-Laguerre Orthonormal Filter Technique. 

Here, 𝑎1 =
√1−𝜁𝑎

𝑍−𝜁𝑎
 , 𝑎2 =

1−𝜁𝑎,𝑧

𝑍−𝜁𝑎
 , 𝑎𝑛 =

1−𝜁𝑎,𝑧

𝑍−𝜁𝑎
 , 𝑏1 =

√1−𝜁𝑏

𝑍−𝜁𝑏
 ,𝑏2 =

1−𝜁𝑏,𝑧

𝑍−𝜁𝑏
 , 𝑏2 =

1−𝜁𝑏,𝑧

𝑍−𝜁𝑏
 , and 𝐾 =

[𝐶0,𝛼, . . . , 𝐶𝑁𝛼−1,𝛼, 𝐶0,𝛽 , . . . , 𝐶𝑁𝛽−1,𝛽]. 
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where 𝑂𝑁𝑎,𝑁𝑏 and 𝑂𝑁𝑏,𝑁𝑎  are null matrices of the dimensions 𝑁𝑎 × 𝑁𝑏 and 𝑁𝑏 × 𝑁𝑎 . 

𝑏𝑦and𝑏𝑢are defined as follows: 

(𝑏𝑦 = √1 − 휁𝛼
2

[
 
 
 
 
 

1
−휁𝛼
(−휁𝛼)

2

. .

. .
(−휁𝛼)

𝑁𝛼−1]
 
 
 
 
 

), and (𝑏𝑢 = √1 − 휁𝛽
2

[
 
 
 
 
 

1
−휁𝛽

(−휁𝛽)
2

. .

. .
(−휁𝛽)

𝑁𝛽−1]
 
 
 
 
 

)  (4.15) 

Figures 4.3 and 4.4 illustrate the estimation accuracy for the healthy and faulty conditions 

using the ARX-Laguerre method. For the healthy state in Figure 4.3, the sensitivity of the 

torque estimation is exceptionally high, and the rate of error is close to zero. In the faulty 

condition, the error rate increases. Figure 4.4 illustrates the power of the estimated signal and 

error rate in the faulty condition. 

 

Figure 4.3. ARX-Laguerre orthonormal method for system identification/estimation in the 

normal condition: (a) desired and estimation torque and (b) error. 
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Figure 4.4. ARX-Laguerre orthonormal method for system identification/estimation in the 

faulty condition: (a) desired and estimated torque and (b) error. 

 

4.3 Fault Diagnosis: Sliding Mode Extended-State ARX-Laguerre PI 

Observer 

An induction motor is a significant system in various industries. Reliable induction 

motor fault detection and diagnosis is significant for maintaining machine operations in safety 

conditions. To address the issue of fault diagnosis, the sliding mode extended-state ARX-

Laguerre PI observer is proposed in the following section.  

4.3.1. Sliding Mode Extended-State ARX-Laguerre PI Observer 

The proposed methodology comprises of six major parts, as shown in Figure 4.1: (a) 

system modeling using the ARX-Laguerre technique, (b) ARX-Laguerre proportional-integral 

(API) observer, (c) observer evaluator based on the sliding mode extended-state ARX-

Laguerre PI observer , (d) residual generator, (e) windows characterization, and (f) decision 

making based on SVM. The classical ARX-Laguerre PI observer offers a linear approach to 

find an optimized estimation of the system and fault. This technique is stable, but it has an 
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issue regarding accurate fault estimation and robustness. To evaluate the ARX-Laguerre PI 

observer, a sliding mode extended-state observer is considered. This technique improves the 

robustness and precision of fault estimation. Using ARX-Laguerre state space system 

modeling, the ARX-Laguerre PI observer method is defined to estimate the system modeling. 

Therefore, the ARX-Laguerre PI observer is defined as the following equation. 

{
�̂�(𝑘 + 1) = 𝐴�̂�(𝑘) + 𝑏𝑦�̂�(𝑘) + 𝑏𝑢𝑢(𝑘) + 𝐹𝑑(𝑘) + 𝛿𝐴𝐿𝑃𝐼𝑂(𝑘) + 𝐾𝑝(𝑌(𝑘) − �̂�(𝑘))

�̂�(𝑘 + 1) = (𝐾)𝑇�̂�(𝑘 + 1)
  (4.16) 

where �̂�(𝑘), �̂�(𝑘), �̂�𝐴𝐿𝑃𝐼𝑂(𝑘)  and 𝐾𝑝  are the state estimated, output estimated, faults 

estimated based on ALPIO technique, and the proportional coefficient, respectively. For fault 

estimation using the ARX-Laguerre PIO technique, the integral term is used to reduce the 

fault estimation error. The integral term of fault estimation in the ARX-Laguerre PI observer 

is given in Equation (4.17). 

𝛿𝐴𝐿𝑃𝐼𝑂(𝑘 + 1) = 𝛿𝐴𝐿𝑃𝐼𝑂(𝑘) + 𝐾𝐼(𝑌(𝑘) − �̂�(𝑘))  (4.17) 

Here, 𝐾𝐼is the integral term coefficient. This technique has been used in several applications 

[119], but it has a drawback in the presence of uncertain and noisy conditions. To address this 

issue, an observer evaluator is considered, as shown in Figure 4.1. The sliding mode extended-

state ARX-Laguerre PI observer is designed to improve the performance of faults estimation. 

Therefore, a sliding mode extended-state algorithm is used to modify the fault estimation, 

reliability, and robustness of the ARX–Laguerre PI observer, as represented in the following 

equations: 

{
�̂�(𝑘 + 1) = 𝐴�̂�(𝑘) + 𝑏𝑦�̂�(𝑘) + 𝑏𝑢𝑢(𝑘) + 𝐹𝑑(𝑘) + 𝛿𝑆𝑀𝐴𝐿𝑃𝐼𝑂(𝑘) + 𝐾𝑝(𝑌(𝑘) − �̂�(𝑘))

�̂�(𝑘 + 1) = (𝐾)𝑇�̂�(𝑘 + 1)
  (4.18) 

{
 
 

 
 𝛿𝑆𝑀𝐴𝐿𝑃𝐼𝑂(𝑘 + 1) = 𝛿𝐴𝐿𝑃𝐼𝑂(𝑘) + 𝐾𝐼 (𝑌(𝑘) − �̂�(𝑘)) + 

𝐾𝑆1‖𝑌(𝑘) − �̂�(𝑘)‖
0.5
sgn (𝑌(𝑘) − �̂�(𝑘)) − γ 

�̇̂� = 𝐾𝑆2sgn(𝑌(𝑘) − �̂�(𝑘))

 (4.19) 
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Here, 𝛿𝑆𝑀𝐴𝐿𝑃𝐼𝑂(𝑘)  and  (𝐾𝑆1 , 𝐾𝑆1)  are the faults estimated based on SMALPIO 

technique and extended-state coefficients. According to Equations (4.18) and (4.19), the 

system’s output and faults are estimated using the sliding mode extended-state ARX-Laguerre 

PI observer. This technique is more accurate and robust than the ARX-Laguerre PI observer 

technique. The stability and convergence are proven in below [120]. If the sliding mode 

extended-state PI observer is defined by the following Equation: 

Uhgo = Kc−new(δ̂PIO(k + 1) + |S∂|
κδ̂PIO(k + 1)) , Kc−new > 0, (4.20) 

S∂ = δ̂(k) + K(Y(k) − Ŷ(k)) (4.21) 

In the normal condition ( ( ) 0k = ), the convergence reaching time is calculated based on (4.21). 

𝑇𝑐𝑜𝑛𝑣 =
2

𝐾𝑐−𝑛𝑒𝑤
(𝑆ℓ + |𝑆ℓ|

𝜅+1),1 < 𝜅 < 2 

𝑆ℓ = 𝐾(𝑌(𝑘) − �̂�(𝑘)) 

(4.22) 

Based on [120], in the first step, we defined the convergence time in the normal 

condition, Equation (4.22). Based on Equation (4.22), the residual signal is converged to zero 

in a finite time. In the abnormal condition, the compensate variable is defined by 

U̇hgo = δPIO(k + 1) − (Kc−new(δ̂PIO(k + 1) + |S∂|
κδ̂PIO(k + 1))) , S∂(0) = S∂0, (4.23) 

Based on [120], to have stability and finite time convergence, the coefficient is 

bounded as follows: 

Kc−new > 2 × (δPIO(k + 1)) − δ̂PIO(k + 1)) (4.24) 

Based on the Lyapunov theorem, the Lyapunov of the proposed observer is defined by 

the following Equation: 

Vproposed(x) = 2Kc−new|S∂| +
1

2
δ̂PIO(k + 1)

2 +
1

2
(Kc−new|S|

κ − δ̂PIO(k + 1))
2 

(4.25) 

The derivative of the Lyapunov function is defined by Equation (4.25). 
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V̇proposed(x)

=
1

|S∂|
κ
[S∂

κ δ̂PIO(k + 1)]
Kc−new
2

[
Kc−new

2 −Kc−new
−Kc−new 1

] [
S∂
κ

δ̂PIO(k + 1)
] 

+
δPIO(k + 1) − δ̂PIO(k + 1)

|S∂|κ
[
Kc−new

2

2

−Kc−new
2

] [
S∂
κ

δ̂PIO(k + 1)
] 

(4.26) 

The band of the fault estimation based on the proposed method is defined by the 

following assumption: 

|δPIO(k + 1) − δ̂PIO(k + 1)| ≤ ω|S∂|
κ (4.27) 

Based on Equation (4.26) and Equation (4.27), 

V̇proposed(x) =
−1

|S∂|
κ
[S∂

κ δ̂PIO(k + 1)]
Kc−new
2

× 

[
𝐾𝑐−𝑛𝑒𝑤

2 − (
1

𝐾𝑐−𝑛𝑒𝑤
+ 𝐾𝑐−𝑛𝑒𝑤)(𝛿𝑃𝐼𝑂(𝑘 + 1) − 𝛿𝑃𝐼𝑂(𝑘 + 1)) −𝐾𝑐−𝑛𝑒𝑤

−(𝐾𝑐−𝑛𝑒𝑤 + 2(𝛿𝑃𝐼𝑂(𝑘 + 1) − 𝛿𝑃𝐼𝑂(𝑘 + 1)) 1

] × 

[
S∂
κ

δ̂PIO(k + 1)
] 

(4.28) 

 

2

1 ˆ( ) ( 1)
2

1 ˆ( )( ( 1) ( 1))

ˆ ( 1)ˆ( 2( ( 1) ( 1)) 1

c new
proposed PIO

c new c new PIO PIO c new
c new

PIO
c new PIO PIO

K
V x S k

S

K K k k K S
K

k
K k k









 


 

−




− − − 
−

−

−   +
 

 
− + + − + −   

  
 +  − + + − + 

 

(4.29) 

So, if [
𝐾𝑐−𝑛𝑒𝑤

2 − (
1

𝐾𝑐−𝑛𝑒𝑤
+ 𝐾𝑐−𝑛𝑒𝑤)(𝛿𝑃𝐼𝑂(𝑘 + 1) − 𝛿𝑃𝐼𝑂(𝑘 + 1)) −𝐾𝑐−𝑛𝑒𝑤

−(𝐾𝑐−𝑛𝑒𝑤 + 2(𝛿𝑃𝐼𝑂(𝑘 + 1) − 𝛿𝑃𝐼𝑂(𝑘 + 1)) 1
] > 0,  

�̇�𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑(𝑥) < 0. Based on [120], when �̇�𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑(𝑥) < 0, the residual signals converge to 

zero in a finite time.  
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After designing the proposed sliding mode extended-state ARX-Laguerre PI observer 

method, the residual signal can be calculated as follows.  

{
𝑒(𝑘) = 𝑋(𝑘) − �̂�(𝑘)

𝑟(𝑘) = 𝑌(𝑘) − �̂�(𝑘)
  (4.30) 

Here, 𝑒(𝑘) and 𝑟(𝑘) are the signal’s error and residual signal, respectively. 

4.3.2. Fault Detection and Fault Identification Using Support Vector Machine 

Based on Figure 4.1, after estimating the normal and abnormal signals using the 

proposed sliding mode extended-state ARX-Laguerre PI observer (SMALPIO) and finding 

the residual signal based on equation (4.30), the decision-making ability can be introduced 

using a support vector machine (SVM) algorithm. This section has two main parts: a) residual 

signal characterization, and b) SVM-based fault detection and identification. The residual 

signals obtained for normal and abnormal conditions are utilized for the fault detection and 

identification of the REBs. First, the energy of residual signals was selected. The value of the 

energy attribute can be computed as follows:  

𝐸 =∑𝑟𝑥𝑖
2

𝑀

𝑖=1

  
(4.31) 

where 𝐸,𝑀 and 𝑟𝑥𝑖  are the energy of the residual signals in different conditions, the total 

number of instances, and the residual signal, respectively. After extracting the feature (e.g., 

energy) from the residual signals in normal and abnormal conditions, the SVM technique is 

used for fault detection and identification. Algorithm 4.1 illustrates the sliding mode extended-

state ARX-Laguerre PI observer for fault diagnosis of the bearing. 
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Algorithm 4.1. SVM-based sliding mode (extended-state) ARX-Laguerre PI (hybrid) observer for 

fault diagnosis of a bearing. 

1: Perform system modeling based on the ARX-Laguerre technique (4.4,4.11)   

2: Run the ARX-Laguerre PI observer (4.16,4.17) 

3: 
Improve the robustness in ARX-Laguerre PI observer based on sliding mode algorithm 

(4.18,4.19) 

4: Run the residual signal characterization by energy (4.30,4.31)  

5: Apply the SVM classification technique for fault detection and identification [14] 

4.4 Datasets 

The effectiveness of the proposed sliding mode extended-state ARX-Laguerre PI 

observer (SMALPIO) and ARX-Laguerre PI observer (APIO) for fault detection and 

identification was evaluated using two different datasets: a) the Case Western Reverse 

University (CWRU) bearing dataset to test the single type fault and b) the Smart HSE Lab 

bearing data set to test the multiple types of fault.  

4.4.1. Case Western Reverse University (CWRU) Bearing Data 

The vibration data were collected from a 6205-2RS JEM SKF roller bearing installed 

in a rotary motor. Based on Figure 3.2, a 2-horsepower (hp), three phase induction motor was 

connected to a torque transducer and a dynamometer to apply different loads, ranging from 0 

hp to 3 hp [15]. The vibration sensor (accelerometers) was attached to the roller bearing for 

data collection. The vibration signals were collected for normal and faulty conditions with a 

48 kHz sampling rate. The rotation velocities of the induction motor also varied from 1730 

rpm to 1790 rpm. Table 2.2 presents the details of the Case Western Reverse University 

(CWRU) bearing dataset. Based on [113], which is outlined in Table 2.2, three different crack 

sizes, four different motor loads, and four different motor speeds were seeded at different 

positions of the bearing. 

4.4.2. Smart HSE Lab  Bearing Data 

Figure 4.5 demonstrates an experimental system for the fault simulator of bearings. To 

transfer the torque to the no-drive-end shaft (NDES) through the gearbox, the three-phase 

induction motor is connected to the drive-end shaft (DES) [121]. Figure 4.6 illustrates the 
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experimental data acquisition system to extract the normal and faulty signals. Faults with 

crack sizes of 3 mm and 6 mm in diameter are seeded on the drive-end bearings as the outer 

raceway fault (OR), inner raceway fault (IR), ball raceway fault (Ball), inner-outer raceway 

fault (IR-OR), inner-ball raceway fault (IR-Ball), outer-ball raceway fault (OR-Ball), and 

inner-outer-ball raceway fault (IR-OR-Ball) (see Figure 4.7). The data are recorded at 250 

kHz sampling rate and the rotational speeds are 300, 400, 450, and 500 RPM. The details of 

the data are given in Table 4.1. In addition, the raw signal for different faulty conditions is 

illustrated in Figure 4.8. 

 

 

Figure 4.5. Block diagram of the fault simulator. 

 

Figure 4.6. (a) Experimental setup to record fault data and (b) PCI-2 AE data acquisition 

Adjustable blades

Three phase 

induction motor

A cylindrical roller bearing
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(a) (b) (c) (d) (e) (f) (g) 

Figure 4.7. Different fault conditions in a bearing: (a) OR, (b) IR, (c) Ball, (d) IR-OR, (e) 

IR-Ball, (f) OR-Ball, and (g) IR-OR-Ball. 

 

Table 4.1. Detailed information of the datasets. 

Dataset Fault Types Rotational Speed (RPM) Fault Crack Size (mm) 

Dataset 1 

Normal States 300 

3 and 6 

IR Fault 300 

OR Fault 300 

Ball Fault 300 

Inner-Outer Fault 300 

Inner-Ball Fault 300 

Outer-Ball Fault 300 

Inner-Outer-Ball Fault 300 

Dataset 2 

Normal States 400 

3 and 6 

IR Fault 400 

OR Fault 400 

Ball Fault 400 

Inner-Outer Fault 400 

Inner-Ball Fault 400 

Outer-Ball Fault 400 

Inner-Outer-Ball Fault 400 

Dataset 3 

Normal States 450 

3 and 6 

IR Fault 450 

OR Fault 450 

Ball Fault 450 

Inner-Outer Fault 450 

Inner-Ball Fault 450 

Outer-Ball Fault 450 

Inner-Outer-Ball Fault 450 

Dataset 4 

Normal States 500 

3 and 6 

IR Fault 500 

OR Fault 500 

Ball Fault 500 

Inner-Outer Fault 500 

Inner-Ball Fault 500 

Outer-Ball Fault 500 

Inner-Outer-Ball Fault 500 



 

 

Chapter 4:  Nonlinear Extended-state ARX-Laguerre PI Observer Fault Diagnosis of    

Bearing           67 
_________________________________________________________________________________ 

 

 

 

Figure 4.8. Original raw signals for various faulty conditions. 

 

4.5 Results and Analysis 

The effectiveness of the proposed sliding mode extended-state ARX-Laguerre PI 

observer (SMALPIO) for the identification of various conditions (e.g., single type of fault and 

multiple type of faults) is compared to the ARX-Laguerre PI observer (APIO).  

4.5.1. Training and Testing Configuration 

For analyzing the single type fault detection and fault identification capabilities of the 

proposed sliding mode extended-state ARX-Laguerre PI observer, the CWRU dataset 

consisting of 1600 samples (400 data instances per class) was randomly split into training and 

testing subsets. Specifically, 1200 samples (75 instances per class) were used for training 

SVM classification algorithms, whereas the remaining previously unobserved 400 samples 
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(25 instances per class) were utilized for the testing process. The similar dataset perturbations 

were applied to the residual signals obtained by the referenced APIO method in order to 

perform the comparison between that and the proposed technique (SMALPIO) used in 

conjunction with the SVM classification algorithm. 

In addition, for analyzing the multiple types of fault detection and fault identification 

capabilities of the proposed sliding mode extended-state ARX-Laguerre PI observer, the 

Smart (Health, Safety, Environment) SHSE Lab bearing datasets (e.g., normal, outer raceway 

fault (OR), inner raceway fault (IR), ball raceway fault, inner-outer raceway fault (IR-OR), 

inner-ball raceway fault (IR-Ball), outer-ball raceway fault (OR-Ball), and inner-outer-ball 

raceway fault (IR-OR-Ball)) consisting of 3200 samples (400 data instances per class) was 

randomly split into training and testing subsets. Specifically, 2400 samples (75 instances per 

class) were used for training SVM classification algorithms, whereas the remaining previously 

unobserved 800 samples (25 instances per class) were utilized for the testing process. The 

similar dataset perturbations were applied to the residual signals obtained by the referenced 

APIO method in order to perform the comparison between that and the proposed technique 

(SMALPIO) used in conjunction with the SVM classification algorithm. 

4.5.2. Single Type Fault Detection and Identification 

To validate the efficacy of the proposed sliding mode extended-state ARX-Laguerre 

PI observer (SMALPIO) and ARX-Laguerre PI observer (APIO) methods for single type fault 

diagnosis, we test it with benchmark Case Western Reverse University (CWRU) bearing 

datasets as described in Table 2.2. Figure 4.9 shows the residual signals for the normal, inner 

fault, outer fault, and ball fault conditions based on SMALPIO.  
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Figure 4.9. Residual signals for normal, inner, outer, and ball faults based on the SMALPIO. 

Regarding this figure, the residual signals are well differentiable for fault detection 

and fault identification. To provide a comprehensive performance of fault diagnosis accuracy, 

the two case-studies are considered in this result parts: a) crack-variant datasets and b) load-

variant datasets provided by CWRU. Firstly, we investigate the fault identification capabilities 

of the proposed sliding mode extended-state ARX-Laguerre PI observer (SMALPIO) and 

ARX-Laguerre PI observer (APIO) [12] for four crack-variant datasets, where the torque load 

remained fixed. The fault diagnosis results obtained for the REB datasets with various crack 

sizes (e.g., 0.007, 0.014, and 0.021 inches) under fixed load conditions are presented in Tables 

4.2–4.5. Based on these tables the average of the fault detection accuracy for proposed method 

(SMALPIO) and APIO are 100% and 87.8%, respectively.  

Table 4.2. Single type fault diagnosis results to test the crack-variant dataset (torque load is 0 hp). 

Algorithms 
SMALPIO (Proposed 

Method) 
APIO 

Crack Diameters 

(in) 
0.007 0.014 0.021 

0.007 0.014 0.021 

Normal  100% 100% 100% 88% 88% 88% 

Ball Fault 93% 93% 94% 88% 78% 78% 

OR Fault 80% 93% 96% 75% 81% 78% 

IR Fault 95% 93% 93% 70% 70% 71% 

Average 92% 94.75% 95.75% 80.25% 79.25% 78.75% 
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Table 4.3. Single type fault diagnosis results to test the crack-variant dataset (torque load is 1 hp). 

Algorithms SMALPIO (Proposed Method) APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 88% 88% 88% 

Ball Fault 95% 93% 95% 80% 81% 85% 

OR Fault 91% 91% 93% 78% 80% 81% 

IR Fault 91% 93% 96% 70% 74% 75% 

Average 94.25% 94.25% 96% 79% 80.75% 82.25% 

 

Table 4.4. Single type fault diagnosis results to test the crack-variant dataset (torque load is 2 hp). 

Algorithms 
SMALPIO (Proposed 

Method) 
APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 85% 85% 85% 

Ball Fault 93% 93% 96% 79% 81% 84% 

OR Fault 95% 90% 90% 79% 75% 80% 

IR Fault 95% 94% 94% 75% 76% 79% 

Average 95.75% 94.25% 95% 79.5% 79.25% 82% 

 

Table 4.5. Single type fault diagnosis results to test the crack-variant dataset (torque load is 3 hp). 

Algorithms SMALPIO (Proposed Method) APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 90% 90% 90% 

Ball Fault 91% 90% 91% 79% 79% 80% 

OR Fault 90% 90% 94% 76% 78% 80% 

IR Fault 90% 91% 91% 75% 77% 79% 

Average 92.75% 92.75% 94% 80% 81% 82.25% 

These tables indicate that the average of fault diagnosis accuracy for the proposed 

technique (SMALPIO) are, yielding 93.7%, 94%, and 95.2% for three levels of crack severity 

of 0.007, 0.014, and 0.021 inches, respectively. In addition, the proposed method (SMALPIO) 

outperforms the APIO technique yielding average performance improvements of 14%, 13.9%, 

and 13.9% for three fault severity levels characterized by crack sizes of 0.007, 0.014, and 

0.021 inches, respectively. Moreover, the fault diagnosis results for the REB datasets with 

load-variant conditions is represented in Table 4.6. Based on Table 2.2 we re-configured the 

available CWRU dataset and created three custom load-variant datasets to validate the 

robustness of the proposed fault identification technique under changing load/motor speed 

conditions. Regarding this table, the proposed method (SMALPIO) in the presence of the 
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load-variant dataset outperforms the APIO technique yielding performance improvements of 

11%, 10.25%, and 9.75% for three fault severity levels characterized by crack sizes of 0.007, 

0.014, and 0.021 inches, respectively. 

Table 4.6. Single type fault diagnosis results to test the torque/motor speed-variant dataset.  

Algorithms SMALPIO (Proposed Method) APIO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 

Normal 100% 100% 100% 91% 91% 88% 

Ball fault 91% 90% 91% 80% 81% 83% 

OR Fault 87% 90% 90% 73% 75% 79% 

IR Fault 90% 92% 92% 80% 84% 84% 

Average 92% 93% 93.25% 81% 82.75% 83.5% 

 

4.5.3. Multiple Types Fault Detection and Identification 

To validate the efficacy of the proposed method (SMALPIO) and APIO approaches 

for multiple types fault diagnosis, we test it with benchmark Smart HSE Lab (SHSE) bearing 

datasets as described in Section 4.4.2. Figure 4.10 demonstrations the residual signals for the 

normal, ball fault, inner (IR) fault, outer (OR) fault, inner-ball fault, outer-ball (OR-Ball) fault, 

inner-outer (IR-OR) fault, and inner-outer-ball (IR-OR-Ball) fault conditions for dataset 4 

based on proposed technique (SMALPIO).  

 

Figure 4.10. Residual signals for normal, inner, outer, ball, inner-ball, outer-ball, inner-outer, 

and inner-outer-ball faults based on the SMALPIO. 
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Tables 4.7–4.10 illustrate the accuracy of fault diagnosis using the proposed sliding 

mode extended-state ARX-Laguerre PI observer (SMALPIO) and ARX-Laguerre PI observer 

(APIO) for the normal condition, faulty ball state, inner fault, outer fault, inner-outer fault, 

inner-ball fault, outer-ball fault, and inner-outer-ball fault. The diagnostic accuracy is reported 

as a percentage of correct fault identification in all data. 

Table 4.7. Multiple types of fault diagnosis results to test the crack-variant dataset (torque speed is 

300 RPM). 

Algorithms Proposed Method APIO 

Crack Diameters (mm) 3 6 3 6 

Normal Stat 100% 100% 83% 83% 

IR Fault 93% 94% 69% 73% 

OR Fault 95% 95% 71% 75% 

Ball Fault 94% 94% 78% 77% 

IR-Ball Fault 93% 96% 79% 81% 

OR-Ball Fault 95% 97% 80% 80% 

IR-OR Fault 94% 94% 78% 82% 

IR-OR-Ball Fault 95% 96% 78% 80% 

Average% 94.88 95.75 77 77.88 

 

 

Table 4.8. Multiple types of fault diagnosis results to test the crack-variant dataset (torque speed is 

400 RPM). 

Algorithms Proposed Method APIO 

Crack Diameters (mm) 3 6 3 6 

Normal Stat 100% 100% 86% 86% 

IR Fault 94% 96% 73% 73% 

OR Fault 93% 93% 71% 78% 

Ball Fault 95% 94% 76% 77% 

IR-Ball Fault 95% 96% 80% 83% 

OR-Ball Fault 94% 95% 83% 84% 

IR-OR Fault 98% 96% 78% 80% 

IR-OR-Ball Fault 95% 95% 78% 79% 

Average% 95.5 95.63 78.13 80 

As shown in Tables 4.7–4.10, the average rate of failure identification is 95.5% for the 

proposed sliding mode extended-state ARX-Laguerre PI observer and 79.7% for the ARX-

Laguerre PI observer. The proposed extended-state ARX-Laguerre PI observer fault diagnosis 

method outperforms the state-of-the-art ARX-Laguerre PI observer (APIO) method, yielding 

an average performance improvement of 16.16%, and 15.49% for 3 mm and 6 mm cracks, 
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respectively. Overall, the proposed extended-state ARX-Laguerre PI observer fault diagnosis 

method efficiently identifies single and composite faults in the bearing. 

Table 4.9. Multiple types of fault diagnosis results to test the crack-variant dataset (torque speed is 

450 RPM). 

Algorithms Proposed Method APIO 

Crack Diameters (mm) 3 6 3 6 

Normal Stat 100% 100% 88% 88% 

IR Fault 94% 94% 74% 74% 

OR Fault 95% 94% 76% 78% 

Ball Fault 94% 95% 80% 80% 

IR-Ball Fault 93% 95% 80% 81% 

OR-Ball Fault 94% 94% 79% 78% 

IR-OR Fault 96% 97% 80% 81% 

IR-OR-Ball Fault 95% 96% 80% 80% 

Average% 95.13 95.63 79.63 80 

 

Table 4.10. Multiple types of fault diagnosis results to test the crack-variant dataset (torque speed is 

500 RPM). 

Algorithms Proposed Method APIO 

Crack Diameters (mm) 3 6 3 6 

Normal Stat 100% 100% 88% 88% 

IR Fault 95% 95% 80% 80% 

OR Fault 96% 94% 78% 80% 

Ball Fault 97% 96% 81% 83% 

IR-Ball Fault 94% 94% 82% 84% 

OR-Ball Fault 95% 95% 85% 84% 

IR-OR Fault  94% 96% 80% 82% 

IR-OR-Ball Fault 95% 95% 81% 81% 

Average% 95.75 95.63 81.88 82.8 

 

In this experiment, the bearing data are collected under four different motor speeds, as 

shown in Table 4.1. The proposed method (SMALPIO) is robust even if the motor speed 

changes. When the motor speed changes, the system model is changed, and the proposed 

observer detects the model change. This technique is robust, and the speed variation is defined 

as an uncertainty condition. Table 4.11 presents the fault diagnosis accuracy for variable 

motor speeds (e.g., 300 RPM, 400 RPM, 450 RPM, and 500 RPM) in different crack sizes 

(e.g., 3 mm and 6 mm), various conditions (normal, ball fault, inner fault, outer fault, inner-

outer fault, inner-ball fault, outer-ball fault, and inner-outer-ball fault) of the proposed method 
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(SMALPIO) and APIO. Regarding this table, the proposed method (SMALPIO) in the 

presence of the motor speed-variant dataset outperforms the APIO technique yielding 

performance improvements of 13.25% and 13.2% for two fault severity levels characterized 

by crack sizes of 3 and 6 mm, respectively. 

Table 4.11. Multiple types of fault diagnosis results to test the motor speed-variant dataset. 

Algorithms Proposed Method APIO 

Crack Diameters (mm) 3 6 3 6 

Normal Stat 100% 100% 87% 87% 

IR Fault 95% 95% 82% 81% 

OR Fault 94% 94% 76% 79% 

Ball Fault 94% 95% 80% 81% 

IR-Ball Fault 93% 94% 82% 82% 

OR-Ball Fault 96% 96% 83% 84% 

IR-OR Fault  93% 94% 82% 81% 

IR-OR-Ball Fault 93% 94% 80% 81% 

Average% 94.75 95.25 81.5 82 

4.6 Conclusions 

In this chapter, a hybrid approach using the SVM-based sliding mode extended-state 

ARX-Laguerre PI observation technique was evaluated to detect, estimate, and classify 

several single and multiple-faults in a bearing including ball, inner, outer, inner-ball, outer-

ball, inner-outer, and inner-outer-ball faults. To modeling the vibration and AE bearing 

signals, the ARX-Laguerre technique is proposed. Next, signal estimation is developed in two 

main steps. Firstly, the ARX-Laguerre PI observer is developed for vibration and AE signals. 

Secondly, the sliding mode extended-state technique is recommended to increase the 

robustness, which this problem usually encountered with varying motor speeds. After 

generating the residual signals, a support vector machine (SVM) is developed for the detection 

and classification of the bearing fault conditions. The effectiveness of the proposed procedure 

is validated using two different datasets for single-type fault diagnosis based on the Case 

Western Reverse University (CWRU) vibration dataset and multi-type fault diagnosis of 

bearing using the Smart Health Safety Environment (SHSE) Lab acoustic emission dataset. 

Experimental results showed that average performance improvements for the crack-variant 

CWRU dataset using the proposed method are 14%, 13.9%, and 13.9%, as compared with the 
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ARX-Laguerre PI observer technique for three fault severity levels characterized by crack 

sizes of 0.007, 0.014, and 0.021 inches, respectively. In addition, the proposed method 

(SMALPIO) in the presence of the load-variant CWRU dataset outperforms the APIO 

technique yielding performance improvements of 11%, 10.25%, and 9.75% for three fault 

severity levels characterized by crack sizes of 0.007, 0.014, and 0.021 inches, respectively. 

Based on the second scenario (e.g., multiple-fault), the proposed fault diagnosis method 

outperforms the ALPIO method, yielding an average performance improvement of 16.16%, 

and 15.49% for Smart HSE dataset for 3 mm and 6 mm cracks, respectively. Moreover, the 

proposed method in the presence of the motor speed-variant SHSE dataset outperforms the 

APIO technique yielding performance improvements of 13.25% and 13.2% for two fault 

severity levels characterized by crack sizes of 3 and 6 mm, respectively. Overall, the proposed 

extended-state ARX-Laguerre PI observer fault diagnosis method efficiently identifies single 

and composite faults in the bearing. 
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Chapter 5 

5.1 Introduction 

Rolling element bearings (REBs) have been extensively used in several industries, 

such as the automotive, steam and gas turbines, and power generation industries, to improve 

their efficiency by reducing friction [5, 15]. The complexities of the required tasks, with time-

varying and nonlinear parameters in rolling bearings, make their fault estimation, detection, 

and identification highly challenging. The fault estimation, detection, and identification 

(further referred to as FEDI) are intransitive to prevent the bearing’s destruction. Here, the 

fault estimation technique is used to estimate the signal (fault) to obtain the valuable 

differentiation between various conditions of bearing, the fault detection algorithm is used to 

detect normal and abnormal conditions, and the fault identification technique is used to 

identify the specific types of faults in the REBs. Various types of failures have been 

representing in bearings, which are divided into four foremost groups, i.e., inner race faults, 

outer race faults, ball or rolling-element faults, and cage faults that in this research called IR, 

OR, Ball, and Cage, respectively. To analyze the faults conditions in a bearing, various REB 

condition monitoring techniques such as vibration, motor current signature analysis (MCSA), 

and acoustic emission (AE) measurements have been reported [7]. This research exploits the 

vibration measurements since these signals are suitable for FEDI. 

Numerous procedures have been recently presented for FEDI in various systems, 

which can be divided into four groups: (a) model-based techniques, (b) signal-based 

approaches, (c) knowledge-based procedures, and (d) hybrid methods [5, 6]. Some recently 

published representative examples of model-based techniques have been reported in [5, 8, 9, 

14, 122]. Model-based techniques for fault diagnosis identify the faults by modeling the 

system’s dynamics using mathematical modeling or system identification techniques using a 

small dataset. Apart from the various advantages of the model-based method such as reliability 

and robustness, accuracy is the main drawback of this technique [5]. Signal-based fault 

Rolling-Element Bearing Fault Diagnosis Using Advanced 
Machine Learning-Based Observer 
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diagnosis approaches extract fault features and differentiate the health conditions of the 

system by applying various signal processing techniques to the acquired signals. Some 

recently published representative examples of signal-based approaches can be found in [123-

132]. When using the traditional fault diagnosis frameworks (i.e., knowledge-based methods), 

it is crucial to select an appropriate signal processing technique that is useful for extracting 

the representative fault features that are used as inputs to the decision-making approaches. 

Recently, various types of advanced signal processing approaches were applied for rotating 

machinery fault diagnosis. These techniques include the conventional wavelet transform 

[123], wavelet-based kurtogram [124], empirical mode decomposition [128], ensemble 

empirical mode decomposition [130] and their modifications [125, 127, 129], as well as 

relatively new methods for detecting and extracting the repetitive transients caused by 

mechanical faults, such as spectral Gini index [131] and spectral l2/l1 norm  [132]. These 

methods are essential for feature engineering; however, in the proposed methodology, the 

signal processing step is replaced by the observation technique (advanced fuzzy sliding mode 

observer) which is used to provide new insights and demonstrate the applicability of the 

control theory field for solving the problems of mechanical fault diagnosis. Knowledge-based 

approaches were based on the ideas of transferring the industrial knowledge and expertise in 

fault diagnosis from humans to the machine by creating algorithms that performed fault 

identification using decision tables and rules. However, recently the trend in knowledge-based 

approaches has been shifted toward artificial intelligence techniques that are used for 

automatically extracting valuable features and making decisions about the fault conditions of 

the system [93, 126, 133]. To address the issues of model-based approaches and knowledge-

based techniques, hybrid fault diagnosis can be introduced for bearing fault diagnosis. In the 

hybrid approach, various algorithms from different groups can be used in parallel to improve 

the performance of the fault diagnosis method. In this research, a robust hybrid fault diagnosis 

algorithm is presented using a machine learning-based advanced fuzzy sliding mode observer 

for the REB. 

The main challenge in designing the procedure of sliding mode observer is system 

modeling. The mathematical-based system modeling and system identification are the main 

frameworks for modeling the complex (e.g., bearing) systems [8, 122]. In the mathematical-
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based system modeling, the Lagrange technique can be used for modeling the REBs [8]. Apart 

from the reliability and accuracy of physical system modeling, this technique has drawbacks 

in uncertain and noisy conditions. To address this issue, the system identification techniques 

are widely applied as indicated in [12, 119, 122]. To estimate the system using system 

identification technique, various orthonormal procedures such as Auto Regressive with 

eXogenous input (ARX), orthonormal function bases (OFB), and generalized orthonormal 

bases (GOB) methods have been used [12, 119]. Apart from several advantages of 

orthonormal techniques compared to the classical algorithms, these techniques have two 

important drawbacks. The first one is related to the challenge of finding the optimal 

orthonormal values and the second problem is related to the restrictions in decoupled systems 

[8, 9, 12, 119]. To address these issues, ensure an efficient complexity reduction and reduce 

the system’s estimation order, the ARX-Laguerre technique has been applied in [12, 119]. 

Apart from the advantage of complexity reduction in ARX-Laguerre, it has a challenge related 

to estimation accuracy in nonlinear systems. To increase the accuracy in the ARX-Laguerre 

technique, the T-S fuzzy ARX-Laguerre (FAL) technique is presented in the literature [122]. 

In our work, this technique is used to estimate the vibration signals of REBs. 

One of the main model-based techniques that can be used for FEDI is the observation 

technique [5]. The observation techniques can be categorized into two main groups: (a) The 

linear observers (e.g., proportional-integral (PI) and proportional multi integral (PMI)) and 

(b) nonlinear observers (e.g., feedback linearization observer (FLO), sliding mode observer 

(SMO), and fuzzy observer (FO)). Robustness and reliability in uncertain conditions are the 

main drawbacks of linear observers [12, 119]. Regarding the nonlinear observers, they can be 

designed based on driving the dynamic system’s behavior in parallel with the linear observer 

to increase the robustness and reliability of the linear observer for fault estimation [8, 9]. In 

this chapter nonlinear observer is used for FEDI. Despite the improvement of the accuracy 

obtained from using the FLO, robustness is the main issue of this technique [9]. The extended-

state FLO and SMO have been presented by researchers to improve the robustness of 

observers [8, 9, 122]. The SMO is a robust technique for FEDI for nonlinear and complex 

systems (e.g., rolling bearings) which operate in uncertain and noisy conditions. The nonlinear 

switching function in the SMO is defined to converge the output estimation error toward zero. 
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This technique can perform FEDI according to adaptive updates of the observer parameters, 

which can significantly improve the performance of FEDI in nonlinear systems [134, 135]. 

Though the SMO increases the robustness, this scheme unfortunately suffers from the 

chattering phenomenon and reduced fault estimation accuracy in the presence of uncertainties 

and unknown conditions. The chattering phenomenon (high-frequency oscillation) is one of 

the significant disadvantages of SMO. The main effect of this challenge is the increase of 

some serious mechanical obstacles such as heats the mechanical components and saturation. 

To decrease the chattering, the higher-order SMO (HOSMO) is presented and reported in [55, 

136]. To increase the performance of the HOSMO, different techniques, such as the 

suboptimal (SO) method [57], quasi-continuous (QC) algorithm [58], and twisting technique 

(TW) [59], have been introduced. The main challenge of the QC-HOSMO, SO-HOSMO, and 

TW-HOSMO approaches is the first-order derivative of the sliding variable. To address this 

issue, a higher-order super-twisting (advanced) SMO (ASMO) for measurable and 

unmeasurable state observer has been reported [8]. Apart from the stability, robustness, and 

chattering attenuation in the ASMO, this method suffers from a somewhat reduced fault 

estimation accuracy. Therefore, in this chapter, the fuzzy technique is applied to the ASMO 

to increase the estimation accuracy and design AFSMO. 

Once the observer is designed, the decision regarding the REB condition should be 

made. There are various conventional techniques that can be applied for the decision-making, 

such as decision tables, rule-based reasoning, and case-based reasoning [137]; however, 

recently the solutions provided by artificial intelligence (AI) are frequently applied to resolve 

the problems of fault diagnosis. Machine learning (ML) is one of the fields of AI that 

introduces some of the most popular techniques for decision-making, such as support vector 

machines (SVMs) [138] and artificial neural networks (ANNs) [66, 139]. To make a decision 

on the particular faulty condition, the SVM first attempts to find an optimal hyperplane that 

best separates the feature parameters corresponding to data instances of different classes. 

Then, when the new data sample appears, the SVM determines on which side of the 

hyperplane the sample lays and assigns a class corresponding to the location. When an ANN 

is used in fault identification, the network learns the optimal weights of its neurons during the 

back-propagation procedure to minimize the loss function and meet the target values given a 
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set of input attributes (i.e., feature set) corresponding to different faulty conditions. These 

days, the trend in AI applications have shifted toward the deep learning (DL) approach, which 

focuses on learning data representations to achieve the target goals. This shift is primarily 

enabled by the significant increase of computational capabilities of modern computer systems. 

The most popular DL-based solutions used for solving different problems in condition 

monitoring are convolutional neural networks [140] (fault diagnosis), autoencoders [133]  

(fault diagnosis, feature extraction, and data augmentation), generative adversarial networks 

[141] (data augmentation), and recurrent neural networks [142] (fault prediction). The 

principles of DL-based solutions are similar to those of the ANN; they adapt the weights of 

neurons and tune the hyperparameters to meet the requirements according to the task. 

However, unlike ANNs, the deep networks are characterized by a large number of hidden 

layers and nodes, which necessitate the application of huge datasets to achieve a good 

generalization by these networks. Also, the computational time of DL-based methods 

significantly increases in comparison with the conventional ML-based approaches. In this 

work, we employ an ML-based classification technique called a decision tree (DT) [143-145] 

to complete the proposed fault diagnosis methodology and implement the decision-making 

procedure for REB fault detection and identification. During training, the conventional DT 

[63] algorithm relatively fastly learns and derives the logical set of easily interpretable rules 

that can be used for decision-making regarding the REB faulty conditions, while providing 

insights into the quality of the fault estimation procedure performed by the advanced fuzzy 

SMO (AFSMO) in the previous step.  

Figure 5.1 illustrates the complete block diagram of the proposed algorithm for FEDI 

of the bearing. This figure indicates that this algorithm has three main parts. In the first step, 

the system is modeled using the fuzzy ARX-Laguerre (FAL) technique. This part itself has 

three steps: (i) modeling the bearing based on the ARX method, (ii) modifying the 

performance of the ARX technique based on an orthonormal function and designing the ARX-

Laguerre method, and (iii) improving the accuracy and performance of ARX-Laguerre bearing 

modeling based on the fuzzy ARX-Laguerre technique. In the second step, the AFSMO is 

designed for accurate fault estimation and improved performance of the decision component. 

The second step has three sub-blocks: (i) run the SMO, (ii) reduce the chattering and increase 
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the robustness, in which the SMO is improved based on the advanced technique and the 

designed ASMO, and (iii) increase the fault estimation accuracy using the fuzzy algorithm 

and apply it to the ASMO. Apart from the advantages of the ASMO regarding robustness and 

reliability, it suffers from a suboptimal fault estimation accuracy. To address this issue, a fuzzy 

algorithm is used in parallel with the advanced SMO for the bearings. 

 

Figure 5.1. Proposed algorithm for FEDI (fault estimation, detection, and identification) in 

rolling-element bearing (REB). 
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In the third step, the faults are detected and identified based on the DT machine 

learning algorithm. The decision-making for fault detection and identification of REBs 

contain three parts applied in sequence. These parts are the (i) residual generator, (ii) window 

characterization, and (iii) deriving the logical decision rules for fault detection and 

identification using DTs. In the residual generator, the residual signals are calculated in 

various (normal and abnormal) conditions. Next, these residual signals are cut into windows 

of equal size and the amplitude-dependent feature parameter is extracted to quantitively 

characterize these obtained windows. Finally, the fault detection and identification are 

accomplished by the logical decision rules delivered by the DT technique. Specifically, the 

decision about the fault condition is accomplished by comparing the value of the extracted 

feature parameter from the window of the residual signal with the learned threshold provided 

by the DT classification algorithm. This chapter has the following contributions: 

I. Robust technique for modeling the vibration signals in bearings based on the fuzzy ARX-

Laguerre approach is proposed. 

II. The estimation accuracy of the higher-order sliding mode observer for vibration signals 

has been improved by the T-S fuzzy algorithm. 

III. The performance of fault detection and identification by the proposed hybrid observer is 

improved by the decision tree technique and hence, new machine learning-based hybrid 

observer is introduced in this chapter. 

The rest of this chapter is organized as follows: Section 5.2 provides insights into the 

Case Western Reserve University (CWRU) benchmark and Smart HSE (SHSE) Lab datasets 

used in this chapter. In Section 5.3, the bearing is modeled based on the fuzzy ARX-Laguerre 

procedure. Section 5.4 includes two main steps. In the first step, the AFSMO is utilized for 

fault estimation. In the second step, the decision tree algorithm is used for the fault detection 

and identification. In Section 5.5, fault detection, estimation, and identification results for the 

bearing are analyzed. Finally, the conclusions are provided in the last section. 
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5.2 Dataset  

In this chapter, two different datasets are used to evaluated the proposed algorithm. 

The Case Western Reserve University (CWRU) benchmark bearing dataset and the Smart 

HSE (SHSE) Lab bearing dataset are used to experimentally evaluate the effectiveness of 

machine learning-based AFSMO to test the single type and the multiple types of fault 

diagnosis, respectively.  

5.2.1. Case Western Reverse University (CWRU) Bearing Data 

To collect the vibration signals in normal and abnormal conditions, the vibration 

sensor (6205-2RS JEM SKF) is used. This sensor collects normal and single point faults that 

are seeded on the drive-end bearings at various bearing locations as the ball (Ball) fault, outer 

(OR) fault, and inner (IR) fault, respectively. The sampling rate of the record data is 12 kHz 

under four different motor torques loaded under different rotation velocities from 1730 rpm 

to 1790 rpm. Table 2.2 illustrates the data description of the CWRU benchmark bearing 

dataset. Four different datasets are defined in this table which are categorized by motor torque 

loaded from 0 to 3 hp. Moreover, the vibration signals in healthy and faulty (Ball, OR, IR) 

conditions have three different crack sizes (i.e., 0.007, 0.014, and 0.021 inches in diameter) 

[15, 77]. 

5.2.2. Smart HSE Lab  Bearing Data 

To transfer the torque to the no-drive-end shaft (NDES) through the gearbox, the three-

phase induction motor is connected to the drive-end shaft [121]. Figure 4.6 shows the 

experimental data acquisition system to extract the normal and faulty signals. Faults with 

crack sizes of 3 mm and 6 mm in diameter are seeded on the drive-end bearings as the outer 

raceway fault (OR), inner raceway fault (IR), ball raceway fault (Ball), inner-outer raceway 

fault (IR-OR), inner-ball raceway fault (IR-Ball), outer-ball raceway fault (OR-Ball), and 

inner-outer-ball raceway fault (IR-OR-Ball). The data are recorded at 250 kHz sampling rate 

and the rotational speeds are 300, 400, 450, and 500 RPM. The details of the data are given in 

Table 4.1.  
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5.3 Rolling-Element-Bearing Modeling 

In this chapter, the hybrid technique is proposed for FEDI. The model-based approach 

is the core of the proposed method. First, the Lagrangian formulation based on potential 

energy, kinetic energy, and generalized forces can be expressed as the following equation 

[74]. 

𝑑

𝑑𝑡
(
𝜕𝐾

𝜕�̇�𝑖
) −

𝜕𝐾

𝜕𝑞𝑖
+

𝜕𝑃

𝜕𝑞𝑖
= 𝑄𝑖, 𝑖 = 1,2,3,4,…  (5.1) 

Here, 𝐾, 𝑃, 𝑄𝑖, and 𝑞𝑖 are kinetic energy, potential energy, generalized force, and generalized 

coordinate, respectively. The energy equation can be obtained by the derivative of the 

Equation (5.1) and is expressed as follows [8, 74]: 

𝐹(𝑞) = (𝐴 + ∆𝐴)(𝑞)[�̈�] + (𝐵 + ∆𝐵)(𝑞)[�̇�] + (𝐶 + ∆𝐶)(𝑞)[𝑞] + 𝜑,  (5.2) 

where 𝐹(𝑞), 𝐴(𝑞), 𝐵(𝑞), 𝐶(𝑞), 𝜑, and (Δ𝐴, ∆𝐵, ∆𝐶) are the force vector, mass vector, time-variant 

stiffness matrix, time-variant damping matrix, fault (IF, OF, BF) vectors, and unknown 

modeling parameters for mass, stiffness, and damping matrix, respectively. If ∆= ∆𝐴(𝑞)[�̈�] +

∆𝐵(𝑞)[�̇�] + ∆𝐶(𝑞)[𝑞], the dynamic equation of the bearings can be represented as follows: 

𝐹(𝑞) = 𝐴(𝑞)[�̈�] + 𝐵(𝑞)[�̇�] + 𝐶(𝑞)[𝑞] + ∆ + 𝜑,  (5.3) 

If 𝜔(𝑞, �̇�) = 𝐵(𝑞)[�̇�] + 𝐶(𝑞)[𝑞]  and 𝜓(𝑞, �̇�) = 𝐴−1(𝑞)(Δ + 𝜑)  represent the 

uncertainties and faults, the bearing dynamic equation is rewritten as follows: 

[�̈�] = 𝐴(𝑞)−1{𝐹(𝑞) −𝜔(𝑞, �̇�)} − 𝜓(𝑞, �̇�).  (5.4) 

Apart from several advantages of mathematical-based system modeling, in most 

complicated systems, such as bearing systems, the precise mathematical formulation of energy 

and force in the bearing is nonlinear and complicated. In addition, mathematical modeling is 

not accurate in the presence of uncertainty. Moreover, the dynamic behavior of the bearing in 

theoretical and practical applications may be different, which causes challenges in system 

modeling for FEDI. Therefore, the fuzzy ARX-Laguerre (FAL) technique is represented for 

REB modeling. This system modeling technique has three main steps. In the first step, the 
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ARX system modeling is defined. To improve the robustness and reliability of the system 

modeling, the ARX-Laguerre technique is represented in the second step. In addition, to 

improve the system’s modeling accuracy for the ARX-Laguerre technique, the fuzzy 

technique is represented. The mathematical formulation for an ARX system model is 

represented as [11, 12, 119]: 

𝑓𝑜(𝑘) = ∑ 휀𝑥(𝑖)
𝛿𝑥
𝑖=1 𝑓𝑜(𝑘 − 𝑖) + ∑ 휀𝑦(𝑖)

𝛿𝑦
𝑖=1

𝑓𝑖(𝑘 − 𝑖),  (5.5) 

where 𝑓𝑜(𝑘), (휀𝑥(𝑖), 휀𝑦(𝑖)) , 𝑓𝑖(𝑘), and (𝛿𝑥 , 𝛿𝑦) are the output, model parameters, input, and 

order of the system, respectively. To represent the model parameters (휀𝑥 , 휀𝑦), the following 

equation is presented. 

{
휀𝑥(𝑖) = ∑ 𝜔𝑛,𝑥 𝐽𝑛

𝑥∞
𝑛=0 (𝑖, 𝛾𝑥)

휀𝑦(𝑖) = ∑ 𝜔𝑛,𝑦 𝐽𝑛
𝑦∞

𝑛=0 (𝑖, 𝛾𝑦)
,  (5.6) 

Here, (𝜔𝑛,𝑥, 𝜔𝑛,𝑦), (𝛾𝑥 , 𝛾𝑦),  and (𝐽𝑛
𝑥, 𝐽𝑛

𝑦
)  are the coefficients of the Fourier decomposition, 

orthonormal basis, and orthonormal function, respectively. In the next step, ARX-Laguerre 

system modeling is used to obtain robust system modeling. The input and output orthonormal 

functions are represented in Equation (5.7). 

{
𝑂𝑛,𝑓𝑜(𝑘, 𝛾𝑥) = ∑  𝐽𝑛

𝑥∞
𝑖=1 (𝑖, 𝛾𝑥)𝑓𝑜(𝑘 − 𝑖)

𝑂𝑛,𝑓𝑖(𝑘, 𝛾𝑦) = ∑  𝐽𝑛
𝑦∞

𝑖=1 (𝑖, 𝛾𝑦)𝑓𝑖(𝑘 − 𝑖)
,  (5.7) 

Here, 𝑂𝑛,𝑓𝑜  and 𝑂𝑛,𝑓𝑖  are the filtered orthonormal functions for the output and input, 

respectively. The ARX orthonormal function is represented as the following equation. 

𝑓𝑜(𝑘) = ∑ 𝜔𝑛,𝑥  
𝛿𝑥−1
𝑛=0 𝑂𝑛,𝑓𝑜(𝑘, 𝛾𝑥) + ∑ 𝜔𝑛,𝑦 𝑂𝑛,𝑓𝑖(𝑘, 𝛾𝑦)

𝛿𝑦−1

𝑛=0 ,  (5.8) 

In addition, the Laguerre technique is defined as Equation (5.9). 

{
 
 

 
 𝐿𝑛

𝑥 =
√1−𝛾𝑥

2

𝑍−𝛾𝑥
(
1−𝛾𝑥

𝑧

𝑍−𝛾𝑥
)𝑛

𝐿𝑛
𝑦
=

√1−𝛾𝑦
2

𝑍−𝛾𝑦
(
1−𝛾𝑦

𝑧

𝑍−𝛾𝑦
)𝑛
,  (5.9) 
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Here, 𝐿𝑛
𝑥  and 𝐿𝑛

𝑦
 are the input and output Laguerre functions, respectively. Based on Equations 

(5.7) and (5.9), the input and output orthonormal functions are modified to be the following 

equation. 

{
�̅�𝑛,𝑓𝑜(𝑘, 𝛾𝑥) = ∑  𝐿𝑛

𝑥 (𝑘) ∗∞
𝑗=1 𝑓𝑜(𝑘)

�̅�𝑛,𝑓𝑖(𝑘, 𝛾𝑦) = ∑  𝐿𝑛
𝑦(𝑘) ∗∞

𝑗=1 𝑓𝑖(𝑘)
,  (5.10) 

Here, �̅�𝑛,𝑓𝑜 and �̅�𝑛,𝑓𝑖 are the input and output modified orthonormal functions, respectively. 

Thus, the ARX-Laguerre system modeling and estimation is represented as the following 

[119]. 

𝑓𝑜(𝑘) = ∑ 𝜔𝑛,𝑥  
𝑖𝑥−1
𝑛=0 �̅�𝑛,𝑓𝑜(𝑘, 𝛾𝑥)𝑊(𝑘) + ∑ 𝜔𝑛,𝑦 �̅�𝑛,𝑓𝑖(𝑘, 𝛾𝑦)𝐼(𝑘)

𝑖𝑦−1

𝑛=0

𝑓𝑜(𝑘) = 𝛹(𝑧
−1)𝑊(𝑧) + 𝛬(𝑧−1)𝐼(𝑧)

  (5.11) 

Here, (Ψ(𝑧−1), Λ(𝑧−1)) and (𝑊(𝑘), 𝐼(𝑘)) are the polynomial variables and filtering signals, 

respectively and defined as the following equations. 

𝛹(𝑧−1) = ∑ 𝜔𝑛,𝑥  
𝑛𝑥−1
0 �̅�𝑛,𝑓𝑜(𝑘)

𝛬(𝑧−1) = ∑ 𝜔𝑛,𝑦 
𝑛𝑦−1

0 �̅�𝑛,𝑓𝑖(𝑘)
,  (5.12) 

Therefore, the state-space ARX-Laguerre technique is represented as Equation (5.13). 

{
𝐽𝑠(𝑘 + 1) = [𝜎𝑠𝐽𝑠(𝑘) + 𝜎𝑜𝐽𝑜(𝑘) + 𝜎𝑖𝐽𝑖(𝑘)] + 𝜑(𝑘)

𝐽𝑜(𝑘 + 1) = (𝜆)
𝑇𝐽𝑠(𝑘)

,  (5.13) 

Here, 𝐽𝑠(𝑘), (𝜎𝑠, 𝜎𝑜, 𝜎𝑖), 𝐽𝑜(𝑘), 𝐽𝑖(𝑘), 𝜑(𝑘) , and (𝜆)𝑇 are the system’s state, modeling 

coefficients, measured output, input, uncertainties and fault, and Fourier coefficients, 

respectively. Here, the state system modeling coefficient 𝜎𝑠 is represented by the following 

equation: 

𝜎𝑠 = [
𝜎𝑠𝑜 𝑂𝑁𝑥,𝑁𝑦
𝑂𝑁𝑦,𝑁𝑥 𝜎𝑠𝑖

],  (5.14) 

where 𝑂𝑁𝑥,𝑁𝑦 and 𝑂𝑁𝑦,𝑁𝑥 are null matrices and 𝜎𝑠𝑜 and 𝜎𝑠𝑖 are represented in Equations (5.15) 

and (5.16), respectively. 
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𝜎𝑠𝑜 = [
𝛾𝑥 ⋯ 0
⋮ ⋱ ⋮

(−𝛾𝑥)
𝑁𝑥−1(1 − 𝛾𝑥

2) ⋯ 𝛾𝑥

],  (5.15) 

𝜎𝑠𝑖 = [

𝛾𝑦 ⋯ 0

⋮ ⋱ ⋮
(−𝛾𝑦)

𝑁𝑦−1(1 − 𝛾𝑦
2) ⋯ 𝛾𝑦

],  (5.16) 

The output system modeling coefficient 𝜎𝑜 is represented in Equation (5.17). 

𝜎𝑜 = √1 − 𝛾𝑥
2

[
 
 
 
 

1
−𝛾𝑥
−𝛾𝑥

2

⋮
(−𝛾𝑥)

𝑁𝑥−1]
 
 
 
 

,  (5.17) 

 

In addition, the input system modeling coefficient 𝜎𝑖 can be represented in Equation (5.18). 

𝜎𝑖 = √1 − 𝛾𝑦
2

[
 
 
 
 
 

1
−𝛾𝑦

−𝛾𝑦
2

⋮
(−𝛾𝑦)

𝑁𝑦−1]
 
 
 
 
 

,  (5.18) 

To improve the ARX-Laguerre system modeling accuracy, the fuzzy technique is 

recommended in this research. The fuzzy ARX-Laguerre (FAL) system modeling is defined 

as follows. 

{
𝐽𝑠(𝑘 + 1) = [𝜎𝑠𝐽𝑠(𝑘) + 𝜎𝑜𝐽𝑜(𝑘) + 𝜎𝑖𝐽𝑖(𝑘) + 𝜎𝑓𝐽𝑓(𝑘)] + 𝜑(𝑘)

𝐽𝑜(𝑘 + 1) = (𝜆)
𝑇𝐽𝑠(𝑘)

,  (5.19) 

Here, f  and fJ  are the fuzzy coefficient and fuzzy function for system estimation, 

respectively. The fuzzy if-then rule in this research is defined by the following rule. 

𝐼𝑓 < 𝑓𝑖𝑟𝑠𝑡 𝑖𝑛𝑝𝑢𝑡 >  𝑖𝑠 < 𝑙𝑖𝑛𝑔𝑖𝑠𝑡𝑖𝑐 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑓𝑖𝑟𝑠𝑡 𝑖𝑛𝑝𝑢𝑡 >  𝑎𝑛𝑑
< 𝑠𝑒𝑐𝑜𝑛𝑑 𝑖𝑛𝑝𝑢𝑡 >  𝑖𝑠 

< 𝑙𝑖𝑛𝑔𝑢𝑖𝑠𝑡𝑖𝑐 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑠𝑒𝑐𝑜𝑛𝑑 𝑖𝑛𝑝𝑢𝑡 >  𝑡ℎ𝑒𝑛 < 𝑜𝑢𝑡𝑝𝑢𝑡 >  𝑖𝑠 <

𝑙𝑖𝑛𝑔𝑢𝑖𝑠𝑡𝑖𝑐 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑜𝑢𝑡𝑝𝑢𝑡 >  

(5.20) 
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The membership functions of a fuzzy set for the system estimation of error (𝑒) in the 

interval of [−0.3, 0.3] are the Gaussian and the linguistic variables, which are defined by 

negative high (NH), negative medium (NM), negative low (NL), zero (Z), positive low (PL), 

positive medium (PM), and positive high (PH). The fuzzy membership functions for the 

system estimation of the change of error (�̇�) in the interval of [−0.1, 0.1] are the Gaussian 

and the linguistic variables, which are defined by NH, NM, NL, Z, PL, PM, and PH. In 

addition, the fuzzy linguistic variables for 𝐽𝑓  in the interval of [−0.08, 0.08]  are the 

Gaussian and the fuzzy sets, which are defined by NH, NM, NL, Z, PL, PM, and PH. Table 

5.1 illustrates the fuzzy rule table for the FAL system estimation technique. According to this 

table, the error has seven linguistic variables, the change of error has seven linguistic variables 

and the fuzzy system estimation has seven linguistic variables. Therefore, the fuzzy technique 

to improve system modeling has 49 rule-bases. Based on these 49 rule-bases, the fuzzy 

technique has improved the accuracy of system modeling to achieve the minimum estimation 

error. 

Table 5.1. The fuzzy rule table for system modeling based on the fuzzy ARX-Laguerre 

(FAL) technique. 

Error (𝒆) 

Change of Error (�̇�) 

 NH NM NL Z PL PM PH 

NH PH PH PH PH PM PL Z 

NM PH PH PH PM PL Z NL 

NL PH PH PM PL Z PL PM 

Z PH PM PL Z NL NM NH 

PL PM PL Z NL NM NH NH 

PM PL Z NL NM NH NH NH 

PH Z NL NM NH NH NH NH 

Figures 5.2 and 5.3 show the estimation accuracy and errors of REB modeling for the 

normal and faulty conditions based on the proposed FAL technique, ARX-Laguerre system 

modeling technique, and ARX system estimation method. Based on these figures, the system 

modeling accuracy in the proposed fuzzy ARX-Laguerre system modeling is higher than the 

ARX-Laguerre technique and ARX system modeling techniques. Regarding Figure 5.2, the 

error rate in the proposed fuzzy ARX-Laguerre technique is close to zero. 



 

 

Chapter 5: Rolling-Element Bearing Fault Diagnosis Using Advanced Machine Learning-

Based Observer   90    

__________________________________________________________________________ 
 

 

 

Figure 5.2. The estimation accuracies in the normal condition: (a) the real and estimated 

signal, and (b) the estimation signal’s error. 

5.4 Proposed Algorithm for Fault Diagnosis in Rolling-Element Bearing 

According to Figure 5.1, the fuzzy ARX-Laguerre method was used to model the 

bearing in normal and abnormal conditions. The next step focuses on the designed advanced 

fuzzy sliding mode observation technique that comprises three main blocks: (a) apply SMO 

for fault estimation, (b) improve the robustness and chattering attenuation based on the high-

order super-twisting (advance) SMO (ASMO), and (c) improve the accuracy of the fault 

estimation technique, i.e., the T-S fuzzy algorithm applied to the ASMO. 
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Figure 5.3. The estimation accuracies in the abnormal condition. (a) Real and estimated 

signals by three techniques, and (b) the estimation signal’s error by three techniques. 

5.4.1. Advance Sliding Mode Observer for Fault Estimation 

Based on Equation (5.19) for FAL modeling of the REB, the SMO is proposed based 

on Equation (5.21). 

{

𝐽𝑠−𝑆𝑀𝑂(𝑘 + 1) = [𝜎𝑠𝐽𝑠−𝑆𝑀𝑂(𝑘) + 𝜎𝑜𝐽𝑜−𝑆𝑀𝑂(𝑘) + 𝜎𝑖𝐽𝑖(𝑘) + 𝜎𝑓𝐽𝑓(𝑘)] + �̂�𝑆𝑀𝑂(𝑘) +

 𝜎𝑝(𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘)) + 𝜎𝑠𝑀 . 𝑠𝑔𝑛(𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘))

𝐽𝑜−𝑆𝑀𝐶(𝑘 + 1) = (𝜆)
𝑇𝐽𝑠−𝑆𝑀𝑂(𝑘)

,  (5.21) 

In addition, the equation to define fault estimation based on the SMO is: 

�̂�𝑆𝑀𝑂(𝑘 + 1) = �̂�𝑆𝑀𝑂(𝑘) + 𝜎𝑝 (𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘)) + 𝜎𝑠𝑀 . 𝑠𝑔𝑛(𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘)).  (5.22) 
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where 𝐽𝑠−𝑆𝑀𝑂(𝑘), 𝐽𝑜−𝑆𝑀𝑂(𝑘), �̂�𝑆𝑀𝑂(𝑘), and (𝜎𝑠, 𝜎𝑜 , 𝜎𝑖 , 𝜎𝑝, 𝜎𝑆𝑀) are the sliding mode system 

state estimation, sliding mode output estimation, sliding mode fault estimation, and 

coefficients, respectively. The SMO is a robust and stable technique for fault diagnosis in 

bearings, however, this technique suffers from the chattering phenomenon. To reduce the 

effect of the chattering, the following function is introduced: 

𝑍 = 𝜎𝑥‖𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘)‖
0.5
𝑠𝑔𝑛 (𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘)),  (5.23) 

where 𝑍  and 𝜎𝑥  are new the observation definition and coefficient, respectively. If the 

unknown conditions are estimated (Δ + 𝜑), the SMO error goes to zero in a finite time. 

{
𝜎𝑥‖𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘)‖

0.5
𝑠𝑔𝑛 (𝐽𝑜(𝑘) − 𝐽𝑜−𝑆𝑀𝑂(𝑘)) − 𝛿

�̇� = 𝜎𝑥0 × 𝑠𝑔𝑛 (𝐽𝑜(𝑘) − 𝐽𝑜(𝑘))
,  (5.24) 

Here, 𝜎𝑥0 and �̇� are the respective coefficient and the variable for the super-twisting 

variable. Therefore, based on Equation (5.23), this technique can improve the performance of 

fault estimation in the unknown condition. Therefore, to reduce the chattering phenomenon, 

the ASMO state-space and the fault estimation equation can be represented in Equations (5.25) 

and (5.26). 

{
 

 
𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘 + 1) = [𝜎𝑠𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑜𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑖𝐽𝑖(𝑘) + 𝜎𝑓𝐽𝑓(𝑘)] +

�̂�𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑝(𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)) + 𝜎𝐻𝑠𝑀 . 𝑠𝑔𝑛|(𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘))|
2

3

𝐽𝑜−𝐻𝑆𝑀𝐶(𝑘 + 1) = (𝜆)
𝑇𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘)

,  (5.25) 

{
 
 

 
 �̂�𝐻𝑆𝑀𝑂(𝑘 + 1) = �̂�𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑝 (𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)) + 𝜎𝐻𝑠𝑀 × 𝑠𝑔𝑛

(𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)) + 𝜎𝑥‖𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)‖
0.5
𝑠𝑔𝑛 (𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)) − 𝛿

�̇� = 𝜎𝑥0 × 𝑠𝑔𝑛 (𝐽𝑜(𝑘) − 𝐽𝑜(𝑘))

.  (5.26) 

Here, 𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘), 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘), �̂�𝐻𝑆𝑀𝑂(𝑘),  and (𝜎𝑥, 𝜎𝐻𝑆𝑀)  are the advanced sliding 

mode system state estimation, advanced sliding mode output estimation, advanced sliding 

mode fault estimation, and coefficients, respectively. To find the sliding gain, the estimation 

error is calculated based on the following equation. 
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{
  
 

  
 
𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘 + 1) = [𝜎𝑠𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑜𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)] + �̃�𝐻𝑆𝑀𝑂(𝑘) +

𝜎𝑝 (𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)) + 𝜎𝐻𝑠𝑀. 𝑠𝑔𝑛 |(𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘))|

2

3

𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘 + 1) = (𝜆)
𝑇𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘)

𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘) = 𝐽𝑠(𝑘) − 𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘)

𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘) = 𝐽𝑜(𝑘) − 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘)

.  (5.27) 

Here, 𝐽𝑠−𝐻𝑆𝑀𝑂(𝑘), 𝐽𝑜−𝐻𝑆𝑀𝑂(𝑘),  and �̃�𝐻𝑆𝑀𝑂(𝑘)  are the state-estimation error, 

measured output estimation error, and fault estimation error based on the advanced SMO, 

respectively. Therefore, to guarantee the stability and robustness, the sliding surface slope 

coefficients are represented by the following equations [8]. 

{

𝜎𝑥0 = 1.1 × 𝛤

𝜎𝐻𝑆𝑀 = 1.9 × √𝛤
3

𝜎𝑥 = 1.5 × √𝛤

.  (5.28) 

Here, Γ  is an estimation error bounded and based on Equation (5.26), it can be 

determined by the nonlinear part of the estimation error performance. Though there is an 

improvement in the robustness and the attenuation of the chattering based on the ASMO for 

FEDI, this fails to improve the fault estimation accuracy. Therefore, the T-S fuzzy algorithm 

is used to improve the ASMO. The T-S fuzzy technique is represented based on the following 

equation [146]. 

𝛼𝑓(𝑘) = {
𝑖𝑓 𝑟𝑥(𝑘) 𝑖𝑠 𝑇𝐻𝑛 𝑡ℎ𝑒𝑛 𝛼𝑓(𝑘 + 1) = 𝛼𝑓(𝑘) + 𝜍𝑛(𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘)) 

𝑖𝑓 𝑟𝑥(𝑘) 𝑖𝑠 𝑇𝐻𝑓 𝑡ℎ𝑒𝑛 𝛼𝑓(𝑘 + 1) = 𝛼𝑓(𝑘) + 𝜍𝑓(𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘))
.  (5.29) 

Here, 𝑟𝑥(𝑘), 𝛼𝑓 , 𝑇𝐻𝑛, 𝑇𝐻𝑓 , and (𝜍𝑛, 𝜍𝑓)  are the residual signal, fuzzy estimation 

function, threshold value for the normal condition, threshold value for the faulty condition, 

and normal and abnormal coefficients for the T-S fuzzy observer, respectively. Therefore, the 

proposed advanced fuzzy SMO and the fault estimation are represented in Equations (5.30) 

and (5.31). 
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{
 
 

 
 𝐽𝑠−𝑓𝐻𝑆𝑀𝑂(𝑘 + 1) = [𝜎𝑠𝐽𝑠−𝑓𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑜𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑖𝐽𝑖(𝑘)] + �̂�𝑓𝐻𝑆𝑀𝑂(𝑘) +

𝜎𝑝 (𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘)) + 𝜎𝑓𝐻𝑠𝑀 . 𝑠𝑔𝑛 |(𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘))|

2

3
+ 𝛼𝑓(𝑘)

𝐽𝑜−𝑓𝐻𝑆𝑀𝐶(𝑘 + 1) = (𝜆)
𝑇𝐽𝑠−𝑓𝐻𝑆𝑀𝑂(𝑘)

,  (5.30) 

{
 
 

 
 �̂�𝑓𝐻𝑆𝑀𝑂(𝑘 + 1) = �̂�𝑓𝐻𝑆𝑀𝑂(𝑘) + 𝜎𝑝 (𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘)) + 𝜎𝑓𝐻𝑠𝑀 × 𝑠𝑔𝑛

(𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘)) + 𝜎𝑥‖𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘)‖
0.5
𝑠𝑔𝑛 (𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘)) − �̂�

�̇̂� = 𝜎𝑥0 × 𝑠𝑔𝑛 (𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘))

.  (5.31) 

Here, 𝐽𝑠−𝑓𝐻𝑆𝑀𝑂 , 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂 , �̂�𝑓𝐻𝑆𝑀𝑂 , and 𝜎𝑓𝐻𝑠𝑀are the advanced fuzzy sliding mode 

system state estimation, advanced fuzzy sliding mode output estimation, advanced fuzzy 

sliding mode fault estimation, and coefficients, respectively. After estimating the output based 

on the proposed AFSMO, the residual signal can be calculated as follows: 

𝑟𝑥(𝑘) = 𝐽𝑜(𝑘) − 𝐽𝑜−𝑓𝐻𝑆𝑀𝑂(𝑘).  (5.32) 

Figures 5.4–5.6 illustrate the residual signal in normal and abnormal conditions based 

on the SMO, ASMO, and AFSMO (the proposed method).  

 

Figure 5.4. Residual signal based on sliding mode observer (SMO). 
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Based on these figures, the difference between various states of signals in the 

AFSMO is more clear than those of the ASMO and SMO. In the next part, the procedure 

of fault detection and identification is performed and described using the decision tree 

machine learning technique. 

5.4.2. Fault Detection and Fault Identification Based on Decision Tree Technique 

5.4.2.1 Residual Signal Characterization 

Once the residual signal is obtained based on Equation (5.32), this signal can be 

successfully used to perform the fault detection and diagnosis process. To apply the DT 

approach for the problem of fault diagnosis, the specific numerical feature parameter sensitive 

to the changing signal conditions is essential. Because of the fact that the residual signal itself 

represents an error between the original signal and that estimated by the proposed observer, 

this signal cannot be quantified by most of the conventional feature parameters that are used 

in fault diagnosis. However, the parameters that are sensitive to the amplitude can be applied 

to characterize the residual (i.e., the error) signal. 

 

Figure 5.5. Residual signal based on advanced SMO (ASMO). 
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Figure 5.6. Residual signal based on advanced fuzzy SMO (AFSMO). 

To characterize the residual signal by a numerical parameter, first, we split the time 

sequence into windows. Then, the feature parameter called the energy of the signal is extracted 

from these windows to deliver a numerical value that can be used to characterize “the amount 

of error” in the particular window. The formulation of the energy feature parameter is provided 

below: 

𝐸 = ∑ 𝑟𝑥𝑖
2𝑁

𝑖=1 .  (5.33) 

Here, 𝑟𝑥𝑖 is the 𝑖𝑡ℎ sample of the residual signal and 𝑁 is the total number of samples. 

When the different types of mechanical faults appear in REBs, the amplitudes of the vibration 

signals change drastically. This signal behavior strongly affects the residues as well. Thus, the 

use of the energy as a numerical feature for characterizing the windows of the residual signals 

is a reasonable choice because the value of the energy is closely related to the amplitude of 

the sequence being investigated. Moreover, since the residue represents the error between the 

two signals, the values of its samples can be both positive and negative. The application of 

the energy feature allows us to consider the error values located on both sides from zero 

because of the squared term presented in Equation (5.33). Figure 5.7 shows the residual signal 
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characterization based on the energy for normal and faulty conditions. As can be seen from 

this figure, the extracted feature parameters corresponding to different system’s conditions are 

well separable in one Dimensional (1D) feature space which means that the proposed 

methodology can be efficiently applied for purposes of REB fault diagnosis. 

 

 

Figure 5.7. The energy of the residual signal based on the AFSMO: (a) original, (b) zoom 

frame. 

5.4.2.2 Decision Tree-Based Fault Diagnosis  

Once the windows of residual signals have been characterized using the energy feature 

parameter, these feature parameters are fed into the classifier, which is made using the DT. 

DT [63], as well as random forests (i.e., the ensemble of DTs) [64, 147], is a type of machine 
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learning technique that can perform both the classification and regression tasks while their 

decisions are fairly intuitive and easy to interpret. Because of their properties, decision trees 

are considered as white-box models; they automatically derive general classification rules that 

work well for the data given in the training set based on the specific attributes (i.e., feature 

parameters). Moreover, these obtained decision rules can be efficiently used manually for 

classifying different samples if necessary. 

During training of the DT to perform fault detection and identification, the heuristic 

criteria that is based on the error and is called the Gini Diversity Index (GDI) [148], also 

known in the literature as the Gini Impurity, is applied in this chapter. The main advantage of 

employing the GDI criterion is that the DTs trained with this metric tends to isolate the most 

frequent data class in its branch of the tree which is useful for evaluating the quality of features 

in training set and their separability. The GDI is defined as follows: 

𝐺𝐷𝐼𝑖 = 1 −∑ 𝑃𝑖,𝑘
2𝑛

𝑘=1 .  (5.34) 

where iGDI  is the Gini score for the thi  leaf of the DT, n  is the total number of classes (i.e., 

bearing faults) presented in data, and ,i kp  is the ratio of the instances belonging to class k  

among all instances in the thi  leaf. 

The training procedure of the DT can be summarized as follows. Given a specific 

feature parameter and GDI criterion, the training goal is to find a split for the features that 

induces a binary partition of the set of data samples with a minimum GDI criterion, where the 

weights of this criterion are given by the number of data samples that lie in each of the two 

branches [149]. The leaf node is said to be “pure” when all training samples it applies to 

belong to the same class. Finally, after the training of the DT with the energy values extracted 

from the windows of residual signals is completed, we obtain a set of rules for differentiating 

various bearing conditions. This set of rules is based on the threshold values automatically 

learned by the DT to minimize the weighted sum of Gini scores of the DT leaves. After 

completing the training process, the new data sample can be simply classified by tracing out 

a route from the root to one of the leaves of the tree while comparing the energy value with 

the learned threshold values for each of the leaves. In this chapter, the number of assigned 
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leaves is similar to the number of signal classes presented in the dataset, which is equal to 

four. Equations (5.35) and (5.36) are used to formulate the respective fault detection and fault 

diagnosis based on the DT algorithm. 

{
𝑖𝑓 𝐸 < 휁𝑛 → 𝑁𝑜𝑟𝑚𝑎𝑙
𝑖𝑓 𝐸 ≥ 휁𝑛 → 𝐹𝑎𝑢𝑙𝑡𝑦

  (5.35) 

{

𝑖𝑓 𝐸 ≥ 휁𝑛& 𝐸 < 휁𝑏 & 𝐸 < 휁𝑖 → 𝐵𝑎𝑙𝑙 𝐹𝑎𝑢𝑙𝑡
𝑖𝑓 𝐸 ≥ 휁𝑛& 𝐸 ≥ 휁𝑏 & 𝐸 < 휁𝑖 → 𝐼𝑛𝑛𝑒𝑟 𝐹𝑎𝑢𝑙𝑡
𝑖𝑓 𝐸 ≥ 휁𝑛& 𝐸 ≥ 휁𝑏 & 𝐸 ≥ 휁𝑖 → 𝑂𝑢𝑡𝑒𝑟 𝐹𝑎𝑢𝑙𝑡

  (5.36) 

Here, 휁𝑛, 휁𝑏, and 휁𝑖 are the normal condition threshold, ball fault condition threshold, 

and inner fault condition threshold, respectively. The proposed DT-based AFSMO for bearing 

FEDI is summarized in Algorithm 5.1, and an example of the DT trained using the energy 

values extracted from the residual signal windows for 0.021 inches crack size condition under 

3 hp torque load is presented in Figure 5.8. 

 

Figure 5.8. The decision tree trained for detecting and diagnosing various bearing faults 

using the energy values of the residual signal windows for 0.021 inches crack size 

condition under 3 hp torque load. 
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Algorithm 5.1. Decision trees-based fuzzy ARX-Laguerre fuzzy high-order super-twisting sliding 

mode (hybrid) observer for fault diagnosis of the bearing. 

1: Perform system modeling based on the fuzzy ARX-Laguerre technique (5.19) 

2: Run the SMO (5.21, 5.22) 

3: Run the ASMO to reduce the chattering phenomenon (5.25, 5.26) 

4: Run the AFSMO to increase the fault estimation (5.30, 5.31) 

5: Run the residual generator (5.32) 

6: Run the residual signal characterization by energy (5.33) 

7: Run the learning process of decision trees (5.34) 

8: 
Apply the classification rules delivered by decision trees for fault detection and identification 

(5.35, 5.36) 

5.5 Experimental Results 

In this section, the fault diagnosis capabilities of the proposed technique are validated 

against two state-of-the-art approaches that have reported results for the same publicly 

available datasets (e.g., CWRU dataset and SHSE Lab dataset). Specifically, the first 

employed method is the ASMO and the second approach used for the comparison is the SMO. 

The final fault diagnosis performance is expressed in terms of the average classification 

accuracy (ACA) as follows: 

𝐴𝐶𝐴 =
∑ 𝑇𝑃𝑚
4
𝑚=1

𝑁𝑠𝑎𝑚𝑝𝑙𝑒𝑠
× 100%  (5.37) 

where 𝑇𝑝 is the number of true positive predictions (i.e., the number of data samples 

of the specific class 𝑚 correctly identified as ones belonging to the class 𝑚), and 𝑁𝑠𝑎𝑚𝑝𝑙𝑒𝑠 is 

the total number of samples available in the particular dataset. To provide a comprehensive 

performance evaluation, the two different conditions for each of case-studies are considered 

in this result sections: evaluating fault diagnosis accuracies on crack-variant datasets and the 

created custom load-variant datasets provided by CWRU and SHSE Lab. 

5.5.1. Single Type Fault Detection and Identification Provided by CWRU Dataset 

In this subsection, we investigate the fault identification capabilities of the proposed 

methodology on four crack-variant datasets, where the torque load remained fixed. In other 

words, each of the four datasets corresponding to the particular load levels contains three 

subsets, where each of the subsets is formed using the data instances collected under the 
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specific crack size. In this experiment, each subset comprises of 𝑁𝑓 × 𝑁𝑤 data samples, where 

𝑁𝑓 is the number of faulty conditions available in the CWRU benchmark dataset and 𝑁𝑤 is 

the number of windows (equal to 400, Section 5.4.2) cut from the residual signals delivered 

by the AFSMO in the previous step. The fault diagnosis results obtained for the REB datasets 

with various crack diameters under fixed load conditions are tabulated in Tables 5.2–5.5. 

Table 5.2. The accuracy of the single faults FEDI when the torque load is 0 hp. 

Algorithms AFSMO (Proposed Method) ASMO SMO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 100% 100% 100% 100% 100% 100% 

BF 100% 100% 100% 93% 94% 94% 89% 91% 92% 

OF 84% 100% 99% 81% 92% 92% 80% 88% 90% 

IF 96% 100% 99% 94% 90% 96% 88% 91% 94% 

ACA 95% 100% 99.5% 91.25% 94% 95.5% 89.25% 92.5% 94% 

 

Table 5.3. The accuracy of the single faults FEDI when the torque load is 1 hp. 

Algorithms AFSMO (Proposed Method) ASMO SMO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 100% 100% 100% 98% 98% 98% 

BF 100% 99% 100% 96% 90% 98% 90% 88% 92% 

OF 100% 100% 100% 94% 94% 95% 90% 90% 90% 

IF 100% 92% 100% 95% 98% 98% 88% 90% 89% 

ACA 100% 97.75% 100% 96.25% 95.5% 97.75% 91.5% 91.5% 92.25% 

 

Table 5.4. The accuracy of the single faults FEDI when the torque load is 2 hp. 

Algorithms AFSMO (Proposed Method) ASMO SMO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal  100% 100% 100% 100% 100% 100% 100% 100% 100% 

BF 100% 95% 100% 91% 90% 88% 88% 90% 87% 

OF 100% 100% 99% 90% 84% 85% 88% 84% 82% 

IF 100% 100% 100% 98% 100% 100% 89% 90% 90% 

ACA 100% 98.75% 99.75% 94.75% 93.5% 93.25% 91.25% 91% 89.75% 

 

Table 5.5. The accuracy of the single faults FEDI when the torque load is 3 hp. 

Algorithms AFSMO (Proposed Method) ASMO SMO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal 100% 100% 100% 100% 100% 100% 100% 100% 100% 

BF 100% 100% 100% 92% 86% 88% 85% 85% 85% 

OF 100% 100% 100% 86% 87% 90% 80% 87% 89% 

IF 100% 100% 100% 94% 96% 96% 87% 93% 90% 

ACA 100% 100% 100% 93% 92.25% 93.5% 88% 91.25% 91% 
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The experimental results demonstrated in Tables 5.2–5.5 show that the proposed 

methodology based on the AFSMO, and DT for fault identification of the REBs clearly 

outperforms the state-of-the-art techniques used for comparison in this chapter for all the 

available fault types with various fault severity degrees (i.e., crack sizes). Despite the 

advantages of the proposed methodology, the significant drop in classification accuracy can 

be observed for OR Fault under a 0 hp load with a crack of size 0.007 inches—around 84% 

(Table 5.2). This performance drop can be explained as follows. During the analysis of this 

behavior, it was discovered that the CWRU signals acquired under the conditions mentioned 

above for the OR Fault and IR Fault overlap significantly. Since the proposed and referenced 

methodologies create the model of the system being investigated based on the actual data 

collected from the testbed, they tend to transfer some of the uncertainty conditions presented 

in the original data into the created model. Because of this overlapping behavior appearing in 

the originally collected data, the residual signals provided by the proposed methodology and 

energy values extracted to characterize the windows of these residuals also overlap each other. 

However, the proposed technique allowed for the improvement of fault identification for the 

ball and IR faults compared to the counterparts used in this paper. Thus, even with the 

significant accuracy decrease for the OR faulty condition, it is clear that the proposed 

methodology demonstrates better classification performance in terms of the ACA. 

In addition, based on Table 2.2 we re-configured the available CWRU dataset and 

created three custom load-variant datasets to validate the robustness of the proposed fault 

identification technique under changing load conditions. In more detail, each of the three new 

datasets corresponded to three different sizes of the crack (i.e., 0.007, 0.014, and 0.021 inches 

in diameter), which contains 𝑁𝑓 × 𝑁𝑙𝑜𝑎𝑑 ×𝑁𝑤 data instances, where 𝑁𝑓 is the number of fault 

conditions presented in the available CWRU dataset, 𝑁𝑙𝑜𝑎𝑑 is the number of load levels, and 

𝑁𝑤 is the number of windows cut from the residual signals delivered by the AFSMO. The 

results obtained during this experiment are presented in Table 5.6. 

The results presented in this table allow us to conclude that the proposed method is 

highly robust to the changing experimental conditions, such as torque loads and rotating 

speeds. The proposed approach outperformed its counterparts with the lowest average 
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classification accuracy of 93.8%, achieved for the crack with a diameter of 0.007 inches under 

different load level conditions in this case study. 

Table 5.6. The accuracy of the single faults FEDI for the custom load-variant datasets. 

Algorithms AFSMO (Proposed Method) ASMO SMO 

Crack Diameters (in) 0.007 0.014 0.021 0.007 0.014 0.021 0.007 0.014 0.021 

Normal 100% 100% 100% 100% 100% 100% 99% 99% 100% 

BF 100% 99% 100% 95% 95% 95% 89% 88% 91% 

OF 75% 99% 95% 81% 90% 92% 75% 79% 84% 

IF 100% 99% 93% 93% 96% 91% 90% 91% 94% 

ACA 93.8% 99.1% 97% 92.3% 95.25% 94.5% 88.3% 89.3% 92.3% 

 

5.5.2. Multiple Type Fault Detection and Identification Provided by SHSE Lab 

Dataset 

To validate the efficacy of the proposed method (AFSMO), ASMO, and SMO 

approaches for multiple types fault diagnosis, we test it with benchmark Smart HSE Lab 

(SHSE) bearing datasets as described in Section 4.4.2. Tables 5.7–5.10 illustrate the accuracy 

of fault diagnosis using the proposed technique (AFSMO) ASMO, and SMO approaches for 

the normal condition, faulty ball (Ball) state, inner (IR) fault, outer (OR) fault, inner-outer 

(IR-OR) fault, inner-ball (IR-Ball) fault, outer-ball (OR-Ball) fault, and inner-outer-ball (IR-

OR-Ball) fault. The diagnostic accuracy is reported as a percentage of correct fault 

identification in all data. 

Table 5.7. The accuracy of the multiple types FEDI to test the crack-variant dataset when the torque 

speed is 300 RPM 

Algorithms 
AFSMO (Proposed 

Method) 
ASMO SMO 

Crack Diameters (mm) 3 6 3 6 3 6 

Normal Stat 100% 100% 100% 100% 88% 90% 

IR Fault 100% 100% 94% 94% 80% 80% 

OR Fault 100% 98% 95% 96% 74% 75% 

Ball Fault 98% 99% 94% 94% 78% 79% 

IR-Ball Fault 98% 98% 95% 96% 79% 80% 

OR-Ball Fault 98% 98% 96% 96% 80% 83% 

IR-OR Fault 99% 98% 94% 95% 80% 83% 

IR-OR-Ball Fault 98% 98% 96% 96% 82% 82% 

ACA% 98.88 98.63 95.5 95.88 80.13 81.5 

Regarding theses tables, the average rate of fault identification is 99.12% for the 

proposed method (AFSMO), 96.44% for the ASMO, and 81.9% for the SMO. The proposed 

method fault diagnosis outperforms the ASMO, yielding an average performance 
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improvement of 3.63%, and 2.47% for 3 mm and 6 mm cracks, respectively. In addition, the 

proposed method fault diagnosis outperforms the SMO, yielding an average performance 

improvement of 17.69%, and 16.75% for 3 mm and 6 mm cracks, respectively. Overall, the 

proposed method fault diagnosis efficiently identifies single and composite faults in the 

bearing.  

Table 5.8. The accuracy of the multiple types FEDI to test the crack-variant dataset when the torque 

speed is 400 RPM 

Algorithms 
AFSMO (Proposed 

Method) 
ASMO SMO 

Crack Diameters (mm) 3 6 3 6 3 6 

Normal Stat 100% 100% 100% 100% 90% 90% 

IR Fault 100% 100% 95% 94% 82% 82% 

OR Fault 100% 99% 95% 97% 78% 79% 

Ball Fault 98% 98% 95% 95% 78% 79% 

IR-Ball Fault 100% 100% 97% 96% 78% 81% 

OR-Ball Fault 98% 99% 95% 96% 81% 82% 

IR-OR Fault 99% 99% 96% 97% 81% 84% 

IR-OR-Ball Fault 97% 98% 96% 97% 82% 83% 

ACA% 99 99.13 96.13 96.5 81.25 82.5 

Table 5.9. The accuracy of the multiple types FEDI to test the crack-variant dataset when the torque 

speed is 450 RPM 

Algorithms 
AFSMO (Proposed 

Method) 
ASMO SMO 

Crack Diameters (mm) 3 6 3 6 3 6 

Normal Stat 100% 100% 100% 100% 90% 90% 

IR Fault 100% 100% 95% 96% 83% 83% 

OR Fault 98% 100% 96% 97% 79% 80% 

Ball Fault 100% 99% 95% 96% 78% 79% 

IR-Ball Fault 100% 100% 98% 97% 77% 80% 

OR-Ball Fault 97% 99% 96% 96% 82% 82% 

IR-OR Fault 99% 99% 95% 97% 83% 84% 

IR-OR-Ball Fault 99% 99% 96% 97% 81% 82% 

ACA% 99.13 99.5 96.38 97 81.63 82.5 

Table 5.10. The accuracy of the multiple types FEDI to test the crack-variant dataset when the 

torque speed is 500 RPM 

Algorithms 
AFSMO (Proposed 

Method) 
ASMO SMO 

Crack Diameters (mm) 3 6 3 6 3 6 

Normal Stat 100% 100% 100% 100% 90% 90% 

IR Fault 100% 100% 95% 96% 82% 83% 

OR Fault 99% 100% 95% 97% 82% 80% 

Ball Fault 98% 99% 97% 97% 79% 81% 

IR-Ball Fault 100% 100% 98% 97% 79% 80% 

OR-Ball Fault 99% 99% 97% 96% 83% 83% 

IR-OR Fault 99% 98% 96% 98% 83% 84% 

IR-OR-Ball Fault 99% 99% 96% 98% 82% 84% 

ACA% 99.25 99.38 96.75 97.38 82.5 83.13 
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In addition, the bearing data are collected under four different motor speeds, as shown 

in Table 4.1. The proposed method (AFSMO) is robust even if the motor speed changes. Table 

5.11 presents the fault diagnosis accuracy for variable motor speeds (e.g., 300 RPM, 400 

RPM, 450 RPM, and 500 RPM) in two types of crack sizes (e.g., 3 mm and 6 mm), various 

conditions (normal, ball fault, inner fault, outer fault, inner-outer fault, inner-ball fault, outer-

ball fault, and inner-outer-ball fault) of the proposed method, ASMO, and SMO.  

Table 5.11. The accuracy of the multiple types FEDI to test the motor speed-variant dataset. 

Algorithms 
AFSMO (Proposed 

Method) 
ASMO SMO 

Crack Diameters (mm) 3 6 3 6 3 6 

Normal Stat 100% 100% 100% 100% 87% 87% 

IR Fault 97% 97% 93% 93% 80% 83% 

OR Fault 98% 99% 94% 95% 82% 83% 

Ball Fault 95% 96% 96% 97% 78% 81% 

3IR-Ball Fault 100% 100% 96% 97% 76% 80% 

OR-Ball Fault 98% 98% 96% 97% 80% 81% 

IR-OR Fault 98% 98% 92% 92% 80% 81% 

IR-OR-Ball Fault 97% 97% 91% 90% 83% 84% 

ACA% 97.88 98.13 94.75 95.13 80.75 82.5 

Regarding Table 5.11, the proposed method (AFSMO) in the presence of the motor 

speed-variant dataset outperforms the ASMO technique yielding performance improvements 

of 3.13% and 3% for two fault severity levels characterized by crack sizes of 3 and 6 mm, 

respectively. Moreover, the proposed method in the presence of the motor speed-variant 

dataset outperforms the SMO technique yielding performance improvements of 17.13% and 

15.63% for two fault severity levels characterized by crack sizes of 3 and 6 mm, respectively.   

5.6 Conclusions 

This chapter proposed a hybrid technique using decision tree-based advanced fuzzy 

sliding mode observer to perform reliable fault diagnosis in a rotating machine. Rolling 

element bearing (REB) presents a nonlinear system that can now be analyzed in uncertain 

conditions. To improve the system modeling accuracy, the fuzzy ARX-Laguerre technique is 

presented in the first step. In the second step, the sliding mode observer (SMO) is designed 

for the signal estimation. To reduce the chattering and increase the estimation accuracy of the 

sliding mode observer, in the third step, the advanced fuzzy sliding mode observer (AFSMO) 

is considered. To increase the fault estimation accuracy, the T-S fuzzy algorithm is applied to 
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the AFSMO in the fourth step. To perform fault detection and identification in the presence 

of uncertainties, decision trees govern the AFSMO to find the exact solution for fault 

diagnosis under various crack types and motor speed conditions. The effectiveness of the 

proposed algorithm is validated using two available vibration datasets: CWRU vibration 

dataset for single fault diagnosis and SHSE Lab vibration dataset for multiple fault diagnosis. 

The proposed decision tree-based AFSMO outperformed the ASMO and SMO in terms of 

classification accuracy. As a result, in a single fault diagnosis, the proposed method improved 

the average fault identification performance by about 4.5%, 5.3%, and 4.8% compared with 

the ASMO for the crack sizes of 0.007, 0.014, and 0.021 inches, respectively. In addition, the 

AFSMO improved the average performance of fault identification by about 8.8%, 7.6%, and 

8.1% compared with the SMO for the crack sizes of 0.007, 0.014, and 0.021 inches, 

respectively. Moreover, the average rate of fault identification is 99.12% for the proposed 

method (AFSMO), 90.07% for the ASMO, and 81.9% for the SMO for multiple types fault 

diagnosis. The proposed technique demonstrated its robustness while performing the tasks of 

REB fault detection and identification under changing operating conditions, such as variable 

load levels and variable rotating speeds. Based on the results we can conclude that the 

proposed methodology is highly efficient in diagnosing bearing faults. However, to ensure the 

robustness and efficacy in the industrial environment, it is crucial to reduce the error of the 

system modeling. To address this issue, we will focus on developing an adaptive algorithm in 

our future work. Moreover, we will focus on exploring and evaluating the capabilities of 

applying the proposed methodology in conjunction with various vibration health indicators 

for a task of REB fault prognosis on run-to-failure experimental data. 
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Chapter 6 

6.1 Introduction 

The main contributions of this dissertation and future aspects of the current work are 

given in this chapter. Section 6.2 highlights the main contributions of this thesis whereas 

future research direction is given in section 6.3. 

6.2 Summary of Contributions 

The dissertation has focused on the hybrid fault diagnosis of rotating machinery. It 

covers the fault diagnosis of bearing based on two different algorithms, i.e., extended-state 

observation fault diagnosis of bearing, and fuzzy extended-state observation fault diagnosis 

of bearing. Chapters 2 to 4 are about the schemes and investigations into extended-state 

observers for fault diagnosis of bearings while chapter 5 focuses on fault diagnosis of bearing 

based on fuzzy extended-state sliding mode observer, respectively. The contributions of this 

dissertation to fault diagnosis of bearings are given below:  

Robust and reliable fault diagnosis of rotary machine bearing based on hybrid 

approach using SVM-based higher-order super-twisting (extended-state) sliding mode 

observation technique was presented in Chapter 2. In the first step, the rotary machine bearing 

was modeled based on five degrees of freedom mathematical vibration system modeling. 

Next, the sliding mode observation technique was designed for signal estimation. The sliding 

mode observer is reliable and robust, but is prone to high-frequency oscillations (chattering) 

and accuracy, especially in faulty and uncertain conditions. A high-order sliding mode 

observer was developed to reduce the chattering phenomenon. Besides, to increase the fault 

estimation accuracy, a high-order super-twisting (extended-state) sliding mode observer was 

proposed. Once the residual signal is obtained based on the difference between the original 

signal and estimated signal, this signal can be successfully used to perform the decision 

making. In addition, the support vector machine (SVM) is used for fault detection and 

diagnosis. The effectiveness of the proposed technique is evaluated using a vibration dataset 

Summary of Contributions and Future Work 
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provided by Case Western Reserve University, which consists of vibration acceleration 

signals recorded for rotary machine bearing with the inner, outer, ball, and no faults, i.e., 

normal. Experimental results indicate that the average of fault diagnosis accuracy for the 

proposed technique to test the crack-variant dataset is, yielding 96.2%, 94.9%, and 96.5% for 

three levels of crack severity of 0.007, 0.014, and 0.021 inches, respectively. Moreover, the 

average of fault diagnosis accuracy for the proposed technique to validate the robustness based 

on the torque/speed-variant dataset are, yielding 94.5%, 94.5%, and 94.75% for three levels 

of crack severity of 0.007, 0.014, and 0.021 inches, respectively. 

To eliminate the effect of chattering phenomenon especially in faulty and uncertain 

conditions the next hybrid technique using an SVM-based extended variable structure 

(extended-state) feedback linearization observer for fault diagnosis of rotary machine bearing 

was presented in Chapter 3.  After modeling the rotary machine bearing based on five degrees 

of freedom mathematical vibration system modeling, a reliable technique based on the 

feedback linearization observer was developed for signal estimation.  The feedback 

linearization observer is stable and chattering-free; however, this technique suffers from a lack 

of robustness. The proposed variable structure technique was used to improve the robustness 

of the fault estimation while reducing the effect of uncertainties in the feedback linearization 

observer. After improving the accuracy and robustness of bearing signal estimation based on 

the variable structure (extended-state) feedback linearization observer, the residual signal is 

obtained based on the difference between the original signal and estimated signal. Once the 

residual signal is obtained, the support vector machine (SVM) technique is used for fault 

detection and diagnosis. The effectiveness of the proposed extended variable structure 

feedback linearization observer procedure for the identification of the outer, inner, and ball 

faults was tested using the Case Western University vibration dataset. Experimental results 

show that the average of fault diagnosis accuracy for the proposed extended variable structure 

feedback linearization observer to validate the crack-variant dataset are, yielding 96%, 95.7%, 

and 96.7% for three levels of crack severity of 0.007, 0.014, and 0.021 inches, respectively. 

In addition, the average of fault diagnosis accuracy for the recommended procedure to validate 

the robustness based on the torque/speed-variant dataset are, yielding 93.25%, 93.75%, and 

94.75% for three levels of crack severity of 0.007, 0.014, and 0.021 inches, respectively.  
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Apart from the reliability and accuracy of mathematical-based system modeling, this 

technique has drawbacks in uncertain and unknown conditions. The main limitation in 

Chapters 2 and 3 was mathematical-based bearing modeling. To address this issue, in Chapter 

4, the system identification techniques based on Auto-Regressive with eXogenous input 

(ARX)-Laguerre technique was implemented. After modeling the rotary machine bearing 

based on the ARX-Laguerre technique, a reliable technique based on the ARX-Laguerre 

Proportional-Integral (PI) observer was developed for signal estimation. To increase the 

robustness and accuracy of signal estimation for fault diagnosis of bearing, the sliding mode 

(extended-state) ARX-Laguerre PI observer was developed. Once the residual signal is 

obtained based on the difference between the original signal and estimated signal obtained by 

the sliding mode (extended-state) ARX-Laguerre PI observer, this signal can be successfully 

used to perform the decision making. In addition, the support vector machine (SVM) is used 

for fault detection and diagnosis. The effectiveness of the hybrid approach using SVM-based 

sliding mode (extended-state) ARX-Laguerre PI observer was evaluated using two different 

datasets: a) the Case Western Reverse University (CWRU) bearing dataset and b) the Smart 

HSE (SHSE) Lab bearing dataset to validate the single and multiple-types of fault diagnosis, 

respectively. Experimental results for CWRU bearing dataset show that the average of fault 

diagnosis accuracy for the proposed sliding mode extended-state ARX-Laguerre PI observer 

to validate the crack-variant dataset is, yielding 93.7%, 94%, and 95.2% for three fault severity 

levels characterized by crack sizes of 0.007, 0.014, and 0.021 inches, respectively. Besides, 

the average of fault diagnosis accuracy for the proposed method to validate the robustness 

based on the torque/speed-variant dataset are, yielding 92%, 93%, and 93.25% for three levels 

of crack severity of 0.007, 0.014, and 0.021 inches, respectively. Moreover, results for the 

second scenario (SHSE Lab bearing dataset) illustrate that the average fault diagnosis 

accuracy for the proposed technique to validate the crack-variant dataset is, yielding 95.3% 

and 95.7% for two fault severity levels characterized by crack sizes of 3 and 6 millimeters, 

respectively. In addition, to validate the robustness based on the torque/speed-variant dataset 

the average of fault diagnosis accuracy for the proposed method are, yielding 94.8% and 

95.3% for two fault severity levels characterized by crack sizes of 3 and 6 millimeters, 

respectively. 
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The second part of the dissertation contributes to the literature on fuzzy extended-state 

observation fault diagnosis of rotary machine bearing as below: 

To reduce/eliminate the effect of the chattering phenomenon, improve the signal 

estimation accuracy, and increase the system modeling accuracy especially in the uncertain 

and unknown conditions the last hybrid technique using machine learning-based fuzzy ARX-

Laguerre fuzzy higher-order super-twisting sliding mode observer for fault diagnosis of rotary 

machine bearing was presented in Chapter 5. The complexity of the system’s dynamic 

behavior and uncertainty result in substantial challenges for fault estimation, detection, and 

identification in rotating machines. First, an ARX-Laguerre algorithm is presented to model 

the bearing in the presence of uncertainty. In addition, a fuzzy algorithm is applied to the 

ARX-Laguerre technique to increase the system’s modeling accuracy. Next, the conventional 

sliding mode observer is applied to resolve the problems of signal estimation in a complex 

system with a high degree of uncertainty, such as rotating machinery. To address the problem 

of the chattering phenomenon that is inherent in the conventional sliding mode observer, the 

higher-order super-twisting (extended-state) technique is introduced in this chapter. In 

addition, the fuzzy method is applied to the higher-order super-twisting (extended-state) 

sliding mode observer to improve the accuracy of fault estimation in uncertain conditions. As 

a result, the higher-order super-twisting (extended-state) fuzzy sliding mode observer 

adaptively improves the reliability, robustness, and estimation accuracy of rolling-element 

bearing signal estimation. Then, the residual signal delivered by the proposed methodology is 

split in the windows and each window is characterized by a numerical parameter. Finally, a 

machine learning technique, called a decision tree, adaptively derives the threshold values that 

are used for problems of fault detection and fault identification in this chapter. The 

effectiveness of the machine-learning-based advanced fuzzy sliding mode observer was 

evaluated using two diverse datasets: a) the Case Western Reverse University (CWRU) 

bearing dataset and b) the Smart HSE (SHSE) Lab bearing dataset to validate the single and 

multiple-types of fault diagnosis, respectively. Experimental results for CWRU bearing 

dataset show that the average of fault diagnosis accuracy for the machine-learning-based 

advanced fuzzy sliding mode observer to validate the crack-variant dataset are, yielding 

98.8%, 99.1%, and 99.8% for three fault severity levels characterized by crack sizes of 0.007, 
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0.014, and 0.021 inches, respectively. Besides, the average of fault diagnosis accuracy for the 

machine-learning-based advanced fuzzy sliding mode observer to validate the robustness 

based on the torque/speed-variant dataset are, yielding 93.8%, 99.1%, and 97% for three levels 

of crack severity of 0.007, 0.014, and 0.021 inches, respectively. Moreover, results for the 

next scenario (SHSE Lab bearing dataset) illustrate that the average of fault diagnosis 

accuracy for the proposed technique to validate the crack-variant dataset are, yielding 99.1% 

and 99.2% for two fault severity levels characterized by crack sizes of 3 and 6 millimeters, 

respectively. In addition, to validate the robustness based on the torque/speed-variant dataset 

the average of fault diagnosis accuracy for the proposed method are, yielding 97.9% and 

98.1% for two fault severity levels characterized by crack sizes of 3 and 6 millimeters, 

respectively. Therefore, the machine learning-based advanced fuzzy sliding mode observation 

methodology significantly improves the reliability and accuracy of the fault estimation, 

detection, and identification of rolling element bearing faults under variable crack sizes and 

load conditions.  

6.3 Future Work 

As explained in the previous section the primary focus of this dissertation is the fault 

diagnosis of rotating machinery. Chapters 2 to 5 elaborated on the contributions and the 

investigations carried out on the topics. Though the research on these areas was a detailed one 

there are other topics and techniques which are needed to be investigated for exhaustive 

details. These topics can be classified into three main divisions: fault diagnosis, fault-tolerant 

control, and fault prognosis. Some of these future topics are presented below: 

Fault diagnosis: In fact, the real system's faults are complex, non-stationary, and 

nonlinear which occurs in various components. Extracting features for diagnosing these faults 

at their early stages requires complex and computationally expensive signal processing 

approaches that are not always suitable for industrial applications. Therefore, hybrid 

approaches that use a combination of deep learning/machine learning and modern control 

algorithms (e.g., linear observers and nonlinear observers) will be introduced for diagnosing 

the system's faults of various intensities. In future work, I would like to verify the applicability 
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of these techniques to solve the issues of fault diagnosis in different systems, such as bearing, 

gearbox, and pipeline. 

Fault prognostics: Prognosis is the process of remaining useful life (RUL) estimation. 

The RUL estimation has several challenges, such as the machine health degradation model 

and abnormal conditions threshold to define end-of-life. Various techniques can be used for 

degradation modeling that can be divided into model-based techniques and data-driven 

approaches. The fusion of these techniques could be the ultimate vision of fault prognostics 

capabilities that could able to utilize the advantages of both techniques to design a hybrid 

approach for the mission-critical solution. So, hybrid approaches that use a combination of 

data-driven and observation algorithms will be introduced for RUL estimation of various 

intensities. In future work, I would like to verify the applicability of these techniques to solve 

the issues of fault prognostics in various systems.  

Fault-tolerant control: Numerous procedures have been introduced for fault-tolerant 

control. These strategies are classified into two groups: a) active fault-tolerant control and b) 

passive fault-tolerant control. The active fault-tolerant control includes two steps. First, the 

fault is detected and identified then, the effect of the fault is reduced based on various control 

algorithms. In passive fault-tolerant control, the impact of the fault is decreased directly based 

on control techniques. In the future investigation, active fault-tolerant control will be adopted 

for fault-tolerant control in various industrial applications such as motors, gearboxes, and 

robots. The active fault-tolerant control is classified into two main groups: a) linear and b) 

nonlinear. Linear procedures lead to unsatisfactory fault-tolerant control due to nonlinear 

parameters, and uncertain conditions. To address these issues, the use of a nonlinear fault-

tolerant controller will be suggested. Various nonlinear active fault-tolerant controllers have 

been presented in the literature, including model-based, artificial intelligence-based and 

hybrid. The model-based active fault-tolerant controllers have numerous advantages, such as 

stability, robustness, and reliability, but its performance under unknown conditions is the main 

argument against its use. To address this weakness, artificial intelligence-based and hybrid 

controllers can be used. However, artificial intelligent active fault-tolerant controllers 

procedures have many issues concerning robustness and reliability. To address the faults in 

model-based and artificial intelligence, a hybrid fault-tolerant controller based on the 
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combination of data-driven techniques, observation algorithms, and control methods will be 

developed in the future. 
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