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With the recent progress of the 4th industrial revolution, many manufacturing industries 

focus on implementing a smart factory that can maximize the effect of increasing productivity 

and reducing labor costs. For maintaining stable operation of the smart factory, 

countermeasures must be prepared according to the increased uncertainty and complexity of 

the advanced system. To do this, it is necessary to extend the life of each equipment by 

utilizing an appropriate maintenance strategy. In this dissertation, deep learning-based 

algorithms are studied for reliable fault diagnosis of bearings and induction motors of a 

rotating equipment as well as circulating fluidized bed combustion boiler (CFBC) boiler tubes.  

First, a bearing fault diagnosis technology is introduced based on a convolutional neural 

network (CNN). To improve classification performance of the CNN, a normalized bearing 

characteristic component (NBCC) is used generated by extracting bearing defect frequencies 

from spectrum of the acoustic emission signal. In addition, importance weights of features are 

extracted by using gradient-weighted class activation mapping (Grad-CAM) to enable CNN 

interpretation. Experimental results show that the proposed method achieves high 

ABSTRACT 



 
Abstract                                                                                                                                 vii 
 

vii 
 

classification accuracy and CNN successfully learns bearing’s characteristic frequency for 

each type of the bearing failure. 

To further improve performance of the deep learning-based fault diagnosis method, two-

dimensional CNN-based fault diagnosis methods have been studied by converting one-

dimensional signal into two-dimensional data and learning it. In this study, a CNN-based fault 

diagnosis method is proposed using stacked envelope spectral image (SESI) to find a 2D 

representation of the AE signal based on the fault characteristic frequency of the bearing. SESI 

is designed to include general-purpose fault characteristics of bearings by extracting and 

stacking bearing fault frequencies from the envelope spectrum. When learning a 2D CNN 

using SESI, the learned CNN can directly learn fault frequency of the bearing. To verify 

performance of the proposed method, Experimental results show that fault diagnosis for each 

type of bearing with high performance is possible by mutually learning the data acquired from 

two different testbeds and performing a diagnostic test.  

In addition to SESI, another new method, called “defect signature wavelet image (DSWI)”, 

is established to construct the 2-D fault diagnosis representation of multiple bearing defects 

from 1-D acoustic emission signals. This technique starts by applying envelope analysis to 

extract the envelope signal. A novel strategy is propounded for the deployment of the 

continuous wavelet transform with damage frequency band information to generate DSWI, 

which describes acoustic emission signal in time-frequency-domain, reduces the 

nonstationary effect in the signal, shows discriminate pattern visualization for different types 

of faults, and associates with the defect signature of bearing faults. Using the resultant DSWI, 

CNN architecture is designed to identify the fault in the bearing. To evaluate the proposed 

algorithm, the performance of this technique is scrutinized by a series of experimental tests 

acquired from a self-designed testbed and corresponding to different bearing conditions. 

Experimental results demonstrate that the proposed methodology outperforms conventional 

approaches in terms of classification accuracy. The result of combining CNN with DSWI 

input yields an accuracy of 98.79% for classifying multiple bearing defects. 

Although deep learning-based fault diagnosis methods show excellent performance, 

machine learning-based fault diagnosis methods are still being studied. Since machine 
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learning-based fault diagnosis methods use features designed by experts, performance is 

excellent even when a small amount of data is learned compared to deep learning-based fault 

diagnosis, and features can also be analyzed. This thesis proposes a technique for diagnosing 

incipient bearing defects under variable speed conditions, by extracting features from different 

sub-bands of the inherently non-stationary AE signal, and then classifying bearing defects 

using a weighted committee machine, which is an ensemble of support vector machines and 

artificial neural networks. The proposed method also improves the generalization performance 

of neural networks to enhance their classification accuracy, particularly with limited training 

data. 

In addition to bearings, induction motors are also very important parts that transmit power 

to drive equipment. Therefore, not only bearing fault diagnosis but also fault diagnosis of 

induction motors is vital in terms of maintenance of the equipment. In this thesis, a 

Mahalanobis distance-based classifier is proposed, which can diagnose various defects of 

induction motors including bearing failures, rotor unbalance, broken rotor bar, bowed rotor 

shaft, and rotor misalignment. The proposed method extracts an effective feature vector using 

the difference in harmonic components related to the failure of the vibration signal. After 

generating features from harmonic components for defects, diagnostic performance is 

improved with a classifier using Mahalnobis distance. Experimental results demonstrates that 

the proposed method has higher classification performance than the conventional method in 

both noiseless and white Gaussian noise environments. 

Finally, a technique for estimating the tube leakage location of a CFBC boiler for thermal 

power generation is proposed. Since the fluid medium, which is the fuel of the CFBC boiler, 

is a small but hard solid like pulverized coal, it may cause abrasion of the waterwall tube as 

well as leakage due to the blow of the fluid medium. A method of estimating the leakage 

location of the CFBC boiler tube for thermal power generation is proposed using an acoustic 

emission sensor. The proposed method uses an acoustic emission sensor that can effectively 

detect the acoustic waves generated by the movement of a medium molecular unit, and uses a 

sensor sensitivity estimation algorithm for each location that considers the attenuation rates 

of the membrane welds and non-welded parts of the boiler water wall tube.
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Chapter 1  

Introduction 

With the recent progress of the 4th industrial revolution, many manufacturing industries are 

promoting the introduction of smart factories that can maximize the effect of increasing 

productivity and reducing labor costs. Smart factory refers to an evolved factory that integrates 

the entire production process such as planning, design, production, distribution, and sales with 

information and communication technology (ICT) to produce customized products with 

minimal cost and time. However, for the stable operation of smart factories, countermeasures 

must be prepared according to the increase in the uncertainty and complexity of the advanced 

system, and for this, it will be necessary to extend the life of the equipment by utilizing an 

appropriate maintenance strategy. In the case of an automated manufacturing plant where 

economic losses due to sudden operation disruption are very large, it can be said that securing 

an appropriate maintenance strategy is important in implementing a smart plant. 

Representative maintenance strategies include period-based maintenance, which is regularly 

maintained at regular time intervals, and post-maintenance that performs maintenance after a 

failure, but wastes costs by unnecessary replacement regardless of the presence or absence of 

defects and prevents sudden equipment failure. There are limitations. Reliability-Centered 

Maintenance (RCM) and Risk-Based Maintenance (RBM) have been studied and introduced 

to solve the problems arising from such post-maintenance and preventive maintenance. RCM 

analyzes data generated during operation and secures reliability through conservation policies 

to ensure that replacement occurs at an appropriate lifetime. RBM plans maintenance by 

calculating the degree of risk based on the frequency of failure and the cost of post-treatment 

[1]. In recent years, due to the development of big data and artificial intelligence technology, 

research has been actively conducted to improve diagnostic performance by applying artificial 

intelligence technology to data collected in real time and RCM and RBM technology [2]–[5]. 

Fault diagnosis is to detect and identify faults in facilities and extract specific fault-related 

information such as fault type, fault severity, fault location, etc. [6]. Failure prediction is a 

technology that estimates the remaining useful life (RUL) within a specific confidence interval, 

and it requires additional information that cannot be measured with sensors alone, such as past 
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failure and maintenance history, and changes in operating environment [7]. Diagnosis and 

prognosis methods are classified into model-based and data-based approaches, and hybrid 

approaches that combine the two [6]–[9]. The model-based approach is a method of predicting 

potential failures and remaining life based on a mathematical model calculated physically and 

mechanically. To apply the model-based approach to fault diagnosis and prediction of 

remaining life, a well-established model is needed in mechanical physics that can explain the 

relationship between the measured signal and the equipment defect. The strength of the model-

based method is that if the correct parameters for the target machine can be entered into the 

designed diagnostic model, the machine can be diagnosed with high accuracy even in various 

operating environments or operating conditions. However, since a lot of expertise is required 

to construct such a diagnostic model, it is difficult to find suitable parameters when the target 

machine has high complexity, and considerable expertise and effort are required to design an 

accurate diagnostic model [10]. Due to the shortcomings of such a model-based approach, 

most recent fault diagnosis and prediction techniques are being studied through data-based 

approaches. The data-driven approach proceeds in three main steps: 

 Step 1-Acquisition of signals: Measure signals to be used for fault diagnosis and 

prediction, such as vibration acceleration [11]–[13], acoustic emission[14], [15], or 

stator current signal [16] using a measuring device. 

 Step 2-Feature extraction: From the collected signals, features of normal and fault 

conditions are extracted to be used for input of the diagnostic model. In addition, 

the extracted features are also used as a health indicator (HI) of a failure prediction 

model for failure prediction. 

 Step 3-Diagnosis of faults: Various types of defects are identified by inputting 

features extracted using machine learning-based classifiers such as k-Nearest-

Neighbour (k-NN), Support Vector Machine (SVM), or Artificial Neural Network 

(ANN). Classify. In addition, in failure prediction, a health index is learned, and 

RUL is predicted using a linear or nonlinear regression model. 

The advantage of the data-based approach is that unlike the model-based approach, system 

parameters are not required, and if enough data is secured, it can be used without detailed 
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mechanical information. In addition, since the machine learning model is trained based on 

data, it is possible to perform fault diagnosis and prediction by detecting data changes even in 

a complex system through a periodic learning process. In this dissertation, fault diagnosis and 

prediction studies were introduced for bearing, induction motor, and CFBC boiler tube using 

acoustic emission and vibration signals. 

1.1 Motivation 

Nowadays, electrical machines are profoundly used in the industries to carry out numerous 

tasks. These machines consist of two main parts; 1) stator and 2) rotor [17]. The rotor part of 

the machines contains bearings that are vital to reduce the friction among different 

components of the machines [18]. Different cracks and spalls appear on the bearing due to 

harsh working conditions that can lead to the failure of the machines [19]. Bearings contributes 

to the 50-51% of the rotary machine failures [20]. The failure of the machines leads to 

unwanted downtime, substantial economic losses and put the safety of the workers at risk. To 

mitigate the problem, the maintenance of the rotating machines is compulsory. There are two 

main categories of the machine’s maintenance. The first one is the reactive maintenance and 

the second is proactive maintenance [21]. In reactive maintenance, the ineffective or damaged 

components of the machines are repaired or replaced so that the machine may continue its 

function smoothly. So, in this kind of maintenance, there is no need to take preventive 

measures and the issue is addressed when it is reported. On the other hand, in the proactive 

maintenance preventive measures are taken to mitigate the machine failure. Further, the 

proactive maintenance is divided into two categories: 1) preventive maintenance 2) predictive 

maintenance. In preventive maintenance, the maintenance of the machine is carried out on the 

routinely basis. Whereas, in predictive maintenance, the techniques are developed that can 

help to assess the health states of the components and predict when maintenance is needed for 

the machine. In this way, unnecessary downtime of the machine can be avoided and cut off 

the economic losses and improves the safety measures within the industry. So, fault diagnosis 

can be categorized as predictive maintenance of the electric machines, as it predicts the health 

states of the machine’s bearing.  
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There are numerous studies present that have been conducted to develop fault diagnosis 

techniques for rotating machines bearings. These traditional bearing fault diagnosis 

techniques mainly rely on the classical machine learning algorithms; for instance, ANN, SVM, 

and k-NN [22]–[24]. These algorithms are shallow in nature and are inefficient while dealing 

with the complex signals obtained from the bearings where there is shaft speed fluctuation.  

In recent years deep learning is making its mark in many fields including image processing 

[25], [26], speech recognition [27], natural language process [28], medical image processing 

[29], etc. Such deep networks have the capability of extracting meaningful information 

through their deep architectures and by using nonlinear transformation in the hidden layers 

from the provided inputs which can be further used as higher-level features for classification 

purposes. 

The objective of this dissertation is to perform fault diagnosis of mechanical equipment that 

includes (i) deep-learning-based fault diagnosis for bearings, (ii) machine-learning-based fault 

diagnosis for bearings and induction motor, (iii) Leakage detection and localization of CFBC 

Boiler tube.  

1.2 Thesis Outline 

The dissertation is composed of 8 Chapters including introduction, i.e., Chapter 1. Deep-

learning-based fault diagnosis of bearings under inconsistent working conditions is presented 

in Chapter 2, 3, and 4. Machine-learning-based fault diagnosis of bearings and induction 

motors is introduced in Chapter 5. Leakage detection and localization of CFBC boiler tube 

are given in Chapter 7. Finally, Chapter 8 concludes contribution and further research.  

Chapter 2 discusses the mechanism of reliable fault diagnosis of rotary machine 

bearings with the help of a deep neural network. NBCC was proposed to extract the bearing 

defect frequency from the spectrum of the acoustic emission signal was used. To enable CNN 

interpretation, the importance weights of features were extracted using Grad-CAM.  

In Chapter 3, two-dimensional CNN-based fault diagnosis methods have been studied 

by converting a one-dimensional signal into two-dimensional data and learning it. To solve 

such a problem, a study was conducted to extract a consistent and understandable image 
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pattern by extracting and stacking the defect frequency that appears when a defect occurs from 

the spectrum. In this chapter, a CNN-based fault diagnosis method was explained, which uses 

SESI to find a 2D representation of the AE signal based on the fault characteristic frequency 

of the bearing. SESI is designed to include general-purpose fault characteristics of bearings 

by extracting and stacking bearing fault frequencies from the envelope spectrum. When 

learning a 2D CNN using SESI, the learned CNN can directly learn the fault frequency of the 

bearing.  

Chapter 4 is about a novel strategy which generates DSWI using the continuous 

wavelet transform with damage frequency band information. DSWI describes the acoustic 

emission signal in time-frequency-domain, reduces the nonstationary effect in the signal, 

shows discriminate pattern visualization for different types of faults, and associates with the 

defect signature of bearing faults. Using the resultant DSWI, the CNN architecture is designed 

to identify the fault in the bearing 

Chapter 5 introduces a technique for diagnosing incipient bearing defects under 

variable speed conditions, by extracting features from different sub-bands of the inherently 

non-stationary AE signal, and then classifying bearing defects using a weighted committee 

machine, which is an ensemble of support vector machines and artificial neural networks. The 

proposed method also improves the generalization performance of the neural networks to 

enhance their classification accuracy, particularly with limited training data. 

In Chapter 6, a Mahalanobis distance-based classifier was introduced, which can 

diagnose various defects of induction motors including bearing failures, rotor unbalance, 

broken rotor bar, bowed rotor shaft, and rotor misalignment. The proposed method extracts 

an effective feature vector using the difference in harmonic components related to the failure 

of the vibration signal. After generating features from harmonic components for defects, 

diagnostic performance was improved with a classifier using Mahalnobis distance.  

Chapter 7 is about a technique for estimating the tube leakage location of a circulating 

CFBC boiler for thermal power generation. Since the fluid medium, which is the fuel of the 

CFBC boiler, is a small but hard solid like pulverized coal, it may cause abrasion of the 

waterwall tube as well as leakage due to the blow of the fluid medium. A method of estimating 
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the leakage location of the CFBC boiler tube for thermal power generation is proposed using 

an acoustic emission sensor. The proposed method utilizes an acoustic emission sensor that 

can detect the acoustic waves generated by the movement of a medium molecular unit. sensor 

sensitivity estimation algorithm is performed for each location that considers the attenuation 

rates of the membrane welds and non-welded parts of the boiler water wall tube. The 

amplitude of each location is expressed as a heatmap. 

Finally, chapter 8 concludes the thesis and presents a summary of the contributions 

and discusses future work. 
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Chapter 2  

Bearing Fault Diagnosis using Grad-CAM and Acoustic Emission Signals 

2.1 Introduction 

Bearings are vital components of heavy rotating machines that reduce friction between a 

rotating shaft and fixed components such as bearing housings. It is known that 45-55% of 

failures of rotating machines are caused by bearing faults [30]. Hence, it is important to detect 

the arising bearing faults at early stages to prevent the secondary failure of the manufacturing 

equipment. In the past decades, many bearing fault diagnosis techniques have been developed 

based on acoustic emission (AE). AE is the process of generation of transient elastic waves 

from sudden cyclic fatigue, fraction, impacting, etc. [31]–[34]. Regarding bearings, the 

acoustic waves can be generated when the rolling elements of bearing hit the cracked surface 

on inner race, outer race, and rolling element. The advantage of AE-based analysis is its 

capability of detecting very low-energy signals caused by bearing failures at an early-stage or 

during slow-speed operation [31]. However, since the sampling rate used for AE signal 

collection is usually higher than 1 MHz, it is difficult to analyze the AE signal because of the 

tremendous amounts of data in the collected time-series (due to high signal sampling rates) 

and computational time required for analysis. Model-based feature extraction is one of 

promising approaches to overcome these issues because it converts big raw data instances into 

small feature vectors. Multipoint optimal minimum entropy deconvolution adjusted 

(MOMEDA) is introduced to extract informative features in several papers [35]–[37]. In these 

studies, the MOMEDA has been utilized to extract fault period impulse component as features 

which is demodulated signal. Other papers developed deep neural network (DNN)-based 

bearing fault diagnosis methods [38]–[43]. DNN-based bearing diagnosis methods are 

powerful tools to extract informative features by learning feature representations from a large 

amount of raw data. Recently, some papers compared the performance of CNN and DNN-

based approaches. These papers concludes that the CNN-based techniques are much better 

than DNN-based methods in terms of fault diagnosis performance [32], [41], [44], [45]. 

Although DNN or CNN-based methods have achieved high classification accuracy, there are 

still two issues that must be resolved to make these methods highly applicable to real 



 
 
 
Chapter 2: Bearing Fault Diagnosis using Grad-CAM and Acoustic Emission Signals       8 

8 
 

applications. The first issue is that the trained neural network, in general, can be only reliable 

on the specific machine since the patterns of the raw signals strongly depend on the operating 

conditions of the machinery such as load, installation, external vibration, etc. The second 

concern is that the trained feature representation is uninterpretable due to the black box-like 

operation of the neural networks.  

This research proposes a new CNN-based rolling element bearing fault diagnosis approach 

to resolve the aforementioned problems. To address the first issue, the proposed method 

utilizes NBCC as the input data of CNN rather than raw AE signal itself. Since the bearing 

characteristic frequencies are induced by appearing bearing failures, NBCC is a more effective 

representation for diagnosing the bearing failure symptoms. To resolve the second issue, this 

research applies Grad-CAM to visualize important regions in NBCC. According to the 

literature, Grad-CAM is a promising method that provides visual explanations of the 

classification result of a CNN in object detection and recognition [46].  

The remainder of this chapter is organized as follows. Section 2 introduces the proposed 

methodology for diagnosing rolling element bearing faults using AE signals. In Section 3 the 

bearing fault simulator used for collecting AE signals is presented. The fault diagnosis results 

demonstrated and discussed in Section 4. Finally, Section 5 contains the concluding remarks. 

2.2 Proposed Method 

Figure 2.1 illustrates the process of diagnosing bearing faults by the proposed method as a 

flowchart. In step 1, the envelope power spectra are calculated from pre-acquired AE signals 

containing healthy and faulty conditions. In step 2, frequency magnitudes are extracted from 

the characteristic frequency range of the bearing and used as features. In step 3, the CNN is 

trained using the extracted features. Here, the envelope power spectra of new AE signals are 

classified into healthy or faulty condition using the trained CNN. Finally, in step 4, the 

importance weights with frequency are generated including valuable regions in the envelope 
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spectrum using Grad-CAM for the acquired AE signals.  

2.2.1 Envelope Analysis 

Since the impulses generated by bearing failures are amplitude-modulated, AE signals 

should be first demodulated to extract pure burst signals. As shown in Figure 2.2, Hilbert-

transform-based envelope analysis is used to demodulate the AE signal [14], [47]. First, the 

Hilbert-transform is applied to the AE signal as follows [47]: 

�̑��� � 1� 	 ��
�� � 
 �
,∞

�∞

 (2.1) 

  

where t is the time, ��
� is a sample of the input signal at 
, and ����� is a sample of the 

Hilbert transformed signal at time t. Hilbert-transform shifts the phase of the input signal by 

90 degrees. 

To obtain the analytical signal, z(t), the Hilbert-transformed signal, �����, and input signal, 

x(t) are combined as complex numbers [47]: 

���� � ���� � ��̑���,     � � √�1.  (2.2) 
  

Then, the envelope signal, e(t) is computed as |z(t)|. Finally, the envelope spectrum, f(ω) is 

calculated as the square root of the fast Fourier transform of e(t) as follows: 

���� � � �����������∞�∞ .  (2.3) 

  

 

Figure 2. 1. Flowchart of the proposed approach 

 

Figure 2.1 Flowchart of the proposed approach 
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2.2.2 Bearing characteristic component analysis 

Bearing failures generate periodic burst signals that are represented as the bearing 

characteristic frequency harmonics in the spectrum [48]. Outer race way with a crack on its 

surface (ORCS) emits a periodic pulse each time when the rolling element passes over the 

cracked surface. Since the outer race is a static component of the bearing and the applied load 

to cracked surface is always stable, the amplitude of the impulses does not change. Inner race 

way with a crack on its surface (IRCS) generates a series of impulses when each rolling 

element hits the crack on the inner race of the bearing. By rotating the inner ring with the shaft, 

the response of impulses grows up periodically when the inner race passes loaded zone which 

is oriented to the direction of gravity. Since this phenomenon modulates the impulses by 

rotating speed, the sideband of rotating speed appears nearby the characteristic frequency of 

inner race. Rolling element with a crack on its surface (RECS) generates impulses by hitting 

inner and outer races. Magnitude of the impulse is affected whether the contact occurred in 

the loaded or unloaded zones. Similarly, the sideband of RECS is fundamental train frequency 

[48]. Figure 2.3 illustrates the examples of the ideal signals for ORCS, IRCS, and RECS. 

 

Figure 2.2 The flowchart of envelope analysis. Hilbert-transform is applied to AE signal to calculate 
90-degree phase-shifted signal. Then, analytical signal is calculated by sum of the original signal and 
its Hilbert-transform as an imaginary number. Next, the envelope signal is calculated by applying
absolute operation to the previously computed analytical signal. Finally, the fast Fourier transform of 
the envelope signal provides envelope spectrum. 
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Accordingly, the bearing characteristic (or defect) frequencies are categorized into ball pass 

frequency on the outer race (BPFO), ball pass frequency on the inner race, (BPFI), and ball 

spin frequency (BSF). BPFO, BPFI, and 2×BSF are caused by the bearing failures of outer 

race, inner race, and rolling element, respectively. The bearing characteristic frequencies are 

defined as follows [48]: 

��� � !"# $ % $ &1 � '()*) $ +,-./0, (2.4)

���1 � !"# $ % $ &1 � '()*) $ +,-./0, (2.5)

 �%� � *)#() $ % $ 21 � '()*) $ +,-./#3, (2.6)

 

where Nb is the number of rolling elements, S is the shaft speed, Bd is the diameter of the 

rolling element, Pd is the pitch diameter, i.e., the distance between the center of a rolling 

element and the center of the inner race, and θ is a contact angle of the rolling element with 

respect to the shaft. 

The bearing characteristic components (BCCs) are extracted as an input vector of the CNN. 

BCCs are defined as follows: 

 

Figure 2.3 Examples of the ideal signals for each type of bearing fault  
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�44�5� � ����, � � 0, … , �_9:�, (2.7)

 

where f are the values of the envelope spectrum and Fmax is the frequency which is higher 

than all the harmonics of bearing characteristic frequencies as below: 

�;<= � 9:����� , ���1, �%�� $ > � �?@)A , (2.8)

 

where n is the number of frequency harmonics and fside is the sideband of the highest 

characteristic frequency. Table 2.1 shows fside for each type of bearing characteristic frequency. 

In this chapter, Fmax is equal to BPFI which is the highest among the bearing characteristic 

frequencies. Figure 2.4 depicts the extraction process of BCCs. 

Table 2.1 Bearing characteristic frequencies 

Bearing characteristic frequency Sideband (fside) 

BPFO No sideband 

BPFI Shaft speed 

BSF Fundamental train frequency 1 
1 This frequency is generated when the roller cage enters the load zone [49] (3.3Hz in this study).  

 

Since the variation of magnitude makes the training CNN unstable, BCCs are min-max 
normalized to be used for input data of CNN as follows: 
 

 

Figure 2.4 The extraction process of bearing characteristic components 
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B�44��� � C�44��� � 9�>��44�D C9:���44� � 9�>��44�DE , � �0, … , �;<= . (2.9)

2.2.3 Training DNN and Classification 

The structure of CNN is represented in Figure 2.5. The proposed CNN has six convolutional 

layers and two fully-connected (FC) layers. Each convolutional layer consists of a one-

dimensional (1-D) convolutional layer, a batch-normalization layer, and a rectified linear unit 

(ReLU). All convolutional layers are connected to each other using a max pooling layer with 

down-sampling factor of 2. The input size of each convolutional layer is half of the input size 

of the previous convolutional layer, except for the first layer. The FC layers and softmax role 

classification are the last layers [50]. For the training process, multiclass categorical cross-

entropy is used as the loss function, and Adam optimization algorithm is used for 

backpropagation [51]. 

 

 

 

Figure 2.5 DNN structure for bearing fault diagnosis 
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2.2.4 Importance-weight extraction 

Figure 2.6 illustrates the flowchart of Grad-CAM with an example of CNN structure. Each 

convolutional layer consists of several filters with trainable filter coefficients. CNN applies 

these filters to the input data for extracting the informative features from the data. In Grad-

CAM, the outputs of final convolutional layers are used to calculate the importance-weight 

for each characteristic frequency in NBCC. To obtain the importance-weight, a partial 

derivative of the score for class c is calculated of the k-th activation map. The following 

equation represents the definition of FGH  [52]: 

FGH � I! ∑ KLMKNOP!@QI , (2.10)

 

where pk
c indicates the importance-weight of the k-th filter for class c, yc is a classification 

score of class c, and R@G is i-th element in k-th activation map. When CNN is being trained, KLMKNOP  is calculated in back-propagation step. Finally, the importance-weight of class c is 

calculated as follows [52]: 

SH � T FGHRGG . (2.11)

 

Figure 2.6 The flowchart of Grad-CAM with an example of CNN structure 
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2.3 Experimental Setup and Data Acquisition  

To validate the proposed method, a bearing fault simulator is used for measuring healthy 

and faulty-state AE signals of the rolling element bearing. The established bearing fault 

simulator is illustrated in Figures 2.7 and 2.8. On the drive-end shaft, a three-phase induction 

motor is connected to a gearbox by flexible coupling. The gearbox transfers the torque of the 

induction motor to the non-drive-end shaft with a gear reduction ratio of 1.52:1. A tachometer 

is installed to measure the rotating speed of the non-drive-end shaft. A cylindrical roller 

bearing (FAG NJ206-E-TVP2), which is the target bearing of the experiment, is installed in 

the bearing housing of the non-drive-end shaft. To apply radial and axial load, a fan with 

adjustable blades is connected to the non-drive-end shaft via a belt. The shaft speed is 500 

revolutions per minute (RPM) in this study. An AE sensor is attached on the bearing housing 

of the target bearing. The measurement device for obtaining AE signals is a PCI-2-based 

system. A general-purpose wideband AE sensor, whose frequency response is between 100 

kHz and 1000 kHz, is used to capture resonance frequency signals containing modulated 

bearing signals.  

 

 

 

 

Figure 2.7 Illustration of the bearing fault simulator  
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Figure 2.9 and Table 2.2 shows the specification of the target bearing. Contact angle is 0 

because the target bearing is a radial bearing. By using the Equations (2.4-2.6) with the bearing 

parameters and shaft speed, the bearing characteristic frequencies of BPFO, BPFI, and BSF 

are equal to 43.68 Hz, 20.72 Hz, and 64.65 Hz, respectively. 

 

 

 

 

 

Figure 2.8 Photographs of the experimental setup 

 

Figure 2.9 Illustration of bearing, FAG NJ206-E-TVP2  
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Table 2.2 The specification of the target bearing, FAG NJ206-E-TVP2 

Category Symbol in equations Value (mm) 

Pitch diameter Pd 46.5 

 The diameter of rolling element Bd 9 

Contact angle of rolling element θ 0 

The number of rolling elements Nb 13 

Pitch diameter Pd 46.5 

 

The seeded bearing faults, which are outer race way with ORCS, IRCS and RECS, are 

shown in Figure 2.10. The crack dimension of bearing failures is 6mm x 0.5mm x 0.5 mm. In 

addition, Figure 2.11 illustrates an example of AE signals for each bearing condition in dataset. 

As shown in Figure 2.11, healthy bearing (HB) contains less impulses than ones in faulty 

conditions. On the contrary, the signal of bearing faults such as ORCS, IRCS, and RECS emit 

more impulses created by the cyclic impacts of faults. 

 
 

  

(a) (b) (c) 
Figure 2.10 The seeded bearing faults:  
(a) Outer race way with a crack on its surface (ORCS); (b) Inner race way with a crack on its surface 
(IRCS); (c) rolling element with a crack on its surface (RECS). 

    
(a) (b) (c) (d) 

 
Figure 2.11 The examples of AE signals for each bearing conditions listed as:  
(a) The AE signal of heathy bearing; (b) The AE signal of ORCS; (c) The AE signal of IRCS; (d) 
The AE signal of RECS. 
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2.4 Experimental Results and Discussion 

To validate the performance of Grad-CAM for bearing fault diagnosis, AE signals from 

healthy-state and three types of bearing fault are acquired using the testbed. The length of a 

measured AE signal is 1 second with a 1 MHz sampling rate and the number of AE signals 

for each condition is 600. The half of the data instances from the collected dataset were 

randomly selected for training the CNN. The remaining unseen samples were used for 

validating the fault diagnosis capabilities of the trained CNN. The trained CNN achieved 99% 

classification accuracy on the validation dataset, as shown in the confusion matrix depicted in 

Figure 2.12. 

Figure 2.13 demonstrates the importance-weight over frequency component of envelope 

spectrum. As shown in the figure, the CNN learned that the harmonics of defect frequencies 

are the important information for classifying the states of the bearing. In this study, BPFO, 

BPFI, BSF, and the shaft speed are 44, 42, 65, and 8.33 Hz, respectively. For the healthy 

condition, CNN learned that low frequency band components are important since the low 

frequency band contains the harmonics of the shaft speed frequency that can be clearly 

observed in the healthy condition of the bearing. Since the defect and shaft speed frequencies 

are also valuable in traditional bearing fault diagnosis methods, it seems that the CNN have 

been trained without any fault-related information. In the case of outer race fault, the values 

of 2×BSF and BPFO harmonics are too similar that makes it difficult to classify the input data 

based on these characteristic frequencies. Therefore, the CNN chose the sideband of BPFO as 

useful information instead of BPFO, itself. 

 

Figure 2.12 Confusion matrix of classification result 
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2.5 Conclusion 

In this chapter, NBCC is introduced, which contains bearing characteristic frequencies for 

training CNNs when used for the task of rolling element bearing fault diagnosis. In addition, 

this research analyzed the feature representation of the trained CNN for bearing fault diagnosis 

using Grad-CAM technique. In the experiment, a custom simulator was used to imitate 

bearing faults. Using the bearing fault simulator, AE signals were measured for healthy state 

of the bearing and three different types of bearing faults such as outer race way, inner race 

way, and rolling element with a crack on their surface. In the experimental result, the CNN 

achieved 99% accuracy when trained with the proposed NBCC. The result also demonstrates 

that the low frequency components are important for classifying healthy state of the bearing, 

whereas bearing characteristic frequencies are essential for diagnosing various types of 

bearing faults. This result indicates that CNN trained with the proposed NBCC properly 

understood the valuable features of the envelop power spectrum for each bearing condition 

used in this work. For the application of CNNs in real environment, the proposed approach 

can be utilized to verify whether CNN learns inappropriate feature representation or not. 

 

Figure 2.13 Importance weights from Grad-CAM for DNN 
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Chapter 3  

Deep Learning-based Bearing Fault Diagnosis using Stacked-Envelope 

Spectral Image of Acoustic Emission Signals 

3.1 Introduction  

Rolling element bearing is widely used to various rotating machines, which reduces friction 

between dynamic components and static components. Since rolling element bearing is a vital 

component, the failure of rolling element bearing affects the operating condition of machines. 

Therefore, the fault diagnosis of rolling element bearing is extremely predominant to keep the 

system in effective and safe working state. The fault diagnosis techniques can be categorized 

to model-based, data-driven, hybrid approaches [8], [9]. The model-based techniques require 

mechanically well-established model which provides the failure characteristics of rolling-

element bearing in terms of signal. Once the failure model is established by mechanical 

knowledge, no additional data is required. Also, the model-based method is very robust to 

diagnose rotating machines in various operating conditions if we input the parameters of target 

machines to the model [53], [54]. However, since it requires many expert-knowledges such 

as threshold, spectral analysis, characteristic frequency of components, etc., it is only suitable 

for professional users. Additionally, if the target machine has complex systems, it is too 

difficult to establish mechanical model because of many unknown parameters such as 

resonance frequency, external vibration from the other machines, vibration mode, unexpected 

state of the machine, etc. The hybrid approach is combined of model-based and data-driven 

based [55]. 

Specifically, the most case of data-driven methods utilizes machine learning algorithms with 

a large amount of data for training purpose. The strong advantage of data-driven methods is 

that they can establish the model of complex system without any priori mechanical knowledge. 

For this approach, the input data have an important role since it affects to the training process 

of the machine learning algorithms. Several techniques can be employed to collect the data 

for bearing diagnosis such as vibration acceleration [11], [12], the stray flux spectra [56], the 

induction motor’s stator-current [16], and AE [14], [57]–[59]. For the low speed rotary 
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component as bearing, the AE-based technique is sensitive to the low energy impulse signal 

that release by a developing of crack in the bearing even it is subsurface [57], [60] so that the 

AE signal is found to be very useful for bearing fault diagnosis. Hence, this research collects 

the AE signal from bearing to diagnose incipient bearing defect. Then, machine learning trains 

the historical data which is measured by offline maintenance or online monitoring system. In 

general, machine learning-based data-driven method processes follow steps: 1) extracting 

features from measured data, 2) selecting informative features, 3) training historical data with 

selected features, 4) classifying new data using trained model. In order to extract relevant 

features, feature engineering is important process. However, it is difficult to verify the 

designed features are effective for bearing fault diagnosis. 

Recently, DNN-based approach is one solution dealing with the feature engineering issue. 

DNN-based approaches output the comparable results to the traditional machine learning 

approaches by the using of end-to-end learning. This end-to-end learning can learn 

automatically discriminative representation features by training directly the raw input data, 

which could overcome designing relevant features. The alleviation of feature engineering 

helps the DNN have the computational efficiency and suitable for real-time application. 

Various DNN-based approaches have been researched to perform fault diagnosis, such as 

auto-encoder [59], [61], CNN [44], [62], transfer learning [63], [64], etc. However, the 

features extracted by trained DNN are difficult to be interpreted since they are calculated from 

raw signal with trained complex weight values. Accordingly, it is difficult to validate the 

generalized relationship between the features and bearing fault symptoms. Without such 

validation, the features could affect the accuracy of diagnosis if it is applied to the bearing 

dataset measured from different machines rather than trained target machine. Among the DNN 

techniques, the CNN become into prominence with its state-of-the-art power on the perceptual 

problem of visualization in 2D as image or video. To leverage the power and adapt to 2D-

CNN, several studies try to find an 2D representation of AE signal. In [32], Tra et al. used 

energy distribution map for diagnosis of bearing defect. The bi-spectrum image is used to 

classify the faults in inconsistent working condition by Sohaib et al. in [65]. In [62] and [48], 

the authors segment the signal and stacked the segment to generate the vibration image. These 

2D-representations of AE signal can give a high classification result for the collect data from 

the same system. However, they generate the different pattern image when applied to the other 
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system setup. Therefore, if the researchers using the collected data from one system to train 

the model and use the data from another system for testing even if they used the same type of 

bearing and rotation speed, the algorithm will be misclassified and gives low performance. To 

address this problem, the defect characteristic of bearing, which is seemed to be unchanged 

for different systems contain the same type of bearing and same operation speed. 

In this chapter, a new method to find a 2-D-representation of AE signal is proposed based 

on the defect characteristic frequencies of bearing. This methodology generates SESI. 

Envelope spectrum could be utilized as a comprehensive data to diagnose bearing condition 

by observing bearing characteristic frequencies. The SESI, which is constructed from 

envelope spectrum of vibration signal and filtered by frequency range covering the bearing 

characteristic frequencies, is consider as the new signature for different type of faults in 

bearing and is used to input to the classifier. The author also proposed a structure of CNN for 

classification different type of bearing defect by learning and extracting the knowledge from 

the SESI. In experiment, this study compares the classification accuracy of proposed method 

and traditional methods using dataset measured on two different machines. To validate 

performance of feature learning, the method is trained for one machine and tested for the other 

machine without any retraining process. 

The rest of this chapter is organized as follows. Section 2 explain details of proposed method 

for construct the SESI and CNN structure. Section 3 described the experimental setup to 

collect the dataset in two different machines of RK-4 testbed and laboratory designed testbed. 

After that, Section 4 presents the experimental result and discussion when applying the 

algorithm to analyze the datasets. Finally, the conclusion is given in Section 5. 

3.2 Diagnosis methodology using the Stacked-Envelop Spectral Image 

and Deep learning algorithm 

The proposed method to convert the 1-D signal to 2-D SESI and deep learning structure 

consists of the following four steps. (Step 1) Envelope spectra are calculated from pre-

acquired AE signals from the bearing datasets. (Step 2) Frequency magnitudes in the 

characteristic frequency range of the bearing are extracted as a vector of values. (Step 3) The 
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SESI image is construct based on stack the frequency magnitude vector in the same frequency 

range to create a matrix and convert the matrix’ values to image pixels. (Step 4) CNN is trained 

using the extracted features and classification. The SESI of new AE signals are classified into 

healthy or faulty condition using the trained CNN. 

3.2.1  Envelope analysis to construct stacked-envelope spectral images 

Bearing faults, often relate to as a localized fault, such as crack or spall, is caused by long-

lasting working factors, such as poor lubrication, overload, corrosion, material fatigue, etc. 

Bearing fault signals can be modeled as pseudo-cyclo-stationary and always contain series of 

short transients. The defect point on fault bearing generate periodic burst signals that are 

represented as the bearing fault signature frequency in the spectrum. The fault characteristic 

frequency is categorized as BPFO, BPFI, and BSF. Both outer race failure, inner race failure, 

and rolling element failure of the bearing cause BPFO, BPFI, and 2×BSF, respectively. The 

bearing fault signature frequencies are calculates based on the geometric parameter and 

operation condition as follows [66]: 

��� � !UVWW# $ %F $ &1 � 'XYXZ $ +,- [/0,  (3.1)

���1 � !UVWW# $ %F $ &1 � 'XYXZ $ +,- [/0, (3.2)

�%� � \*2\^ $ %F $ _1 � `\^\* $ +,- [a#b. (3.3)

 

Here, Bcdee is the number of rolling elements, %F is the rotating speed of shaft, \^ is the 

rolling element’s diameter, Pd is the pitch diameter, and [ is a contact angle of the rolling 

element with respect to the shaft. Consequently, the bearing signature frequency will generate 

the high peak in the frequency spectrum. If the authors stack the frequency spectra with the 

same frequency range and convert the matrix value to image pixels, the SESI is obtained with 

the pattern of strikes respect to the defect frequency positions. For different types of fault, the 

different pattern can be obtained and the SESI shows a valuated representation of 1-D signal 

in form 2-D images. 
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However, these cyclic impulses are generated in the low-frequency domain, and they are 

amplitude-modulated to higher frequencies, that results the difficulty to observe them in the 

frequency spectrum with normal fast Fourier transform. Because of the modulation 

phenomenon, envelope analysis with Hilbert transform is employed as the demodulation 

technique to isolate the periodic burst signal of bearing fault from the carrier signal. First, the 

long-length signal is segment to smaller segments which both help to reduce the time for 

signal processing and increase the number of data sample. By this way, each original sample 

signal will generate a set of segments and each segment gives an envelope spectrum. The 

stacked process of the envelope spectra from segments creates an image. So that, each original 

sample signal will generate one SESI. Moreover, instead of segment the signal side by side as 

in many researches as [62], [67]. The research proposed a new method to make a segment 

based on sampling process.  

The basic of this method is depicted in Figure 3.1 as below. Assume the original signal is 

segmented to M -segments. For each segment 
thi ,  with 1..i M= ,the sequent of segments is 

construct as follow: 

-��� � [��5�, ��S � ��, ��2S � ��, . . . , ���5 � 1�. S � ��], with 5 � 1. . S (3.4)

 

By this way, each segment is created by sampling the original signal at different start point. 

Therefore, all the data points from the original signal can be used and the loss of information 

can be reduced. 
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Since the cyclic impulse signals from bearing failures are amplitude-modulated, AE signals 

are demodulated to extract pure burst signals from the bearing fault. In this study, Hilbert 

transform-based (HT) [14], [59] envelope analysis is used for demodulation of the AE signal. 

First, the HT is applied to the AE signal as follows:  

�̑��� � 1� 	 ��
�� � 
 �
lm
�m -��� (3.5)

 

where ��
� is a signal at time 
, and ����� is the HT signal at time �. Then the analytical 

signal, z(t), is calculated from the HT signal �̑���, and input signal ���� by combining in a 

form of complex numbers ���� � ���� � n�̑���, where n# � �1. Then, the envelope signal, 

e(t) with instantaneous amplitude is computed as the modulus of ����, with ���� � |����|. 
Finally, the envelope spectrum is calculated as the square root of the fast Fourier transform of 

e(t). 

 

Figure 3.1 The proposed method for segment data 
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Figure 3.2 shows the overall process of the proposed methodology. After the envelop 

spectrum is extracted, the defect frequency band filtering help to limits the frequency range 

by using the defect frequency values. The defect frequency range is chosen to ensure the first 

three harmonic of each defect frequency locate inside this range. Then, the envelop spectrum 

is normalize and down-sampling to suitable to the pre-define size of image before stacked in 

matrix and convert to SESI. Finally, the images are input to the CNN classifier to separate 

different type of fault. 

 

 

Figure 3.2 The overall scheme of SESI extraction and CNN classification  
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3.2.2 Training CNN structure for classification 

The convolution neural network has demonstrated the powerful in processing 2D-pixel 

images for its capability when using the convolutional operation. As the state-of-the-art 

performances, CNNs have become the de-facto standard in computer vision field with 

different tasks such as image recognition and object detection. It is used to automate the 

process of feature extraction and feature selection for a given set of data. This network 

generates an optimal use of the indigenous connections (instead of the multi-layer perceptron), 

weight distribution to achieve invariance of scaling, shifting or distortion of the input images 

[44], [68]. To classification the bearing fault’s types, the CNN includes a feature processing 

and a fault condition classifier. The feature processing seeks to automatically extract and 

select features, and the fault condition classifier recognizes fault conditions using the extracted 

features. In this study, the feature processing includes several convolution blocks, in which 

each block contains a convolution layer, a batch-normalization layer, and a leaky rectified 

linear unit (leaky-ReLU), in sequence. And fault condition classifier is constructed by last 

fully connected layers.  

Typically, in the convolution block, the convolution layer are variants of multi-layer 

perceptron, with the difference that the convolution layer’s learnable parameters are 

constructed as a set of filters. The filter convolves with the input pixels to get feature map at 

the output. The forward pass of convolution layer p in 4�qchannel operation can be described 

as ,re � ∑ sG,re ∘ �Ge�I � urerWvwGQI , where the �∘�operator denote the 2D convolution between 

the input �Ge�I and the kernel filter sG,re , and ure  is the bias parameters of the 4�q channel in 

layer p. The two main advantages of convolution layers, compare with using fully connected 

layers, are local interconnection and sharing of parameters. Local interconnection forces the 

model to consider the spatial structure of the data through a sparse local interconnection 

pattern between neurons of adjacent layers. Sharing of parameters indicates the fact that all 

the neurons in the same feature map share the same set of parameters, that allows features to 

be detected regardless of their positions in the input image, thereby constituting the 

characteristic of translation invariance. Moreover, through the convolution mechanisms, the 

number of parameters to be learn can significantly be reduced compare with other fully 

connected structure. The forward process of convolution block p is described as below: 
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,II ← +,>y��e�I, .e� ,#e ← u:�+ℎ>,{9|,}�,Ie � ,e ← p�:5~ReLU�,#e � (3.6)

 

Where .e � �se , ue� is the weight and the bias need to be learned. Then, all the convolution 

layers are followed by the batch normalization to make an improvement of convergence 

process in the training phase while avoiding the regularization requirement which is found in 

other machine learning algorithms. The batch normalization also helps regularize the model 

so that the network does not need to employ the dropout method to avoid overfitting. Batch 

normalization is achieved through a normalization step that fixes the means �( ��1/9� ∑ �,I�@;@QI  and variances �(# � �1/9� ∑ ��,I�@ � �(�#;@QI of each layer's inputs with 9 

is the size of mini-batch. Each dimension of the input will be normalized separately. The 

output of normalize layer can be obtained by:  

�,̄I�@ ← �,I�@ � �(��(# � �  �,#�@ ← ��,̄I�@ � � (3.7)

 

Here, � is an arbitrarily small constant; � and � are the parameter which are subsequently 

learnt in the optimization process. Finally, the convolutional block gives the output by 

substitute ,# to the leaky rectified linear unit which has the form of     

p�:5~ ����� �� � � �,0.01�, if  � ≥ 0   otherwise (3.8)

 

In this study, the network down-samples the input image by the factor stride (i.e., the factor 

by which the output of the layer is smaller than the input signal of the network) through the 

convolution step instead of using the pooling layer. This approach shows a better performance 

when extract the features of image in a deep network [69], [70]. 

During forward propagation process over several alternated convolutional blocks, the 

valuable features of input data are extracted, and then feeds to the fully connected layers and 
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soft-max role classification are the last layers, by which the classifying task is mainly realized. 

To obtain a well-performed CNN, cross-entropy is used as the loss function, and Adam 

optimization is used for backpropagation to train the parameters of the network. The 

optimization strategy seeks to minimize a cost function, which calculate the mismatch 

between the predictions from the network and the ground true labels for a set of data.  

Before the CNN is trained on the set of data samples, the hyperparameters of the model such 

as the number and size of kernel filters in each convolution layer, and the number of fully 

connected layers and neurons, batch-size, learning rate, etc., are need to be specified, that 

defines a hypothesis space. Following some general design principles, the proposed CNN 

model is initially made as simple as possible to ensure the generalization ability and 

computational efficiency. The structure of the CNN is represented in Figure 3.3. 

3.3 Experimental Setup and Data Acquisition 

To validate the proposed method, a bearing fault simulator is used for measuring healthy and 

 

Figure 3.3 CNN structure for bearing fault diagnosis  
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faulty-state AE signals of the bearing. Two testbeds were used to collect the AE data from 

bearings. The detail setup of two testbeds is present below. 

3.3.1 Rotorkit testbed dataset 

The established bearing fault simulator using the rotor-kit RK-4, which is design by Bently-

Nevada Asset Condition Monitoring, is illustrated in Figure 3.4. The RK-4 closely simulates 

actual rotating machine behavior by permitting the researchers to isolate and control 

individual machine characteristics and make it useful as a laboratory device for theoretical 

research. On the V-frame, a motor is connected to rotate only one shaft by a coupling. During 

the experiment process, a key phase senor was installed near the shaft to acquire the tacho 

signal which shows the rotating speed. The motor of RK-4 can closely hold the desired speed 

when loading conditions changes. This operation is executed by incorporating a direct current 

motor with high-performance control circuitry. A cylindrical roller bearing (FAG NJ206-E-

TVP2), which is the target bearing of the experiment, is installed in the bearing housing of the 

shaft. The shaft speed is 1800 RPM in this research. The radial load of 800-gram disc is 

applied to the shaft. Both AE and vibration sensors are attached on the bearing housing of the 

target bearing as depict in Figure 3.4. The RK4 testbed permit to simulate and measure the 

signal from both normal and faulty condition with low level of mechanical noise by 

minimizing the vibration from its other components. 
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3.3.1 Laboratory designed bearing testbed dataset 

In the reality industry, the AE signal is strongly affected by the environment which include 

the noise from motor or the vibration of other devices. Therefore, the collected signal from 

sensors not only contain the faulty signal from bearing but also the unexpected components 

from environment. In addition, the industrial fault signal from the real machine is difficult to 

obtain because of security reasons. Consequently, the laboratory constructs an elaborate 

experimental apparatus to mimic the working condition in factory. The detail installation of 

this testbed is depicted in the Figure 3.5. The testbed contains a three-phase motor to drive the 

main shaft through the belt. On the main shaft, two target bearing housing is install in both 

sides. Both the axial and radial load is applied to the bearing by hydraulic system. The load 

was kept constant of 100 kgf for both axial direction and radial direction. The shaft is rotated 

at constant speed of 1800 rpm during the measuring time. The same bearing type (FAG 

NJ206-E-TVP2) was used as in the RK-4 testbed. The AE and vibrations sensor were attaches 

on the bearing house. 

In both experiments, the measurement device for collecting AE signals is a NI 9234 Data 

 

Figure 3.4 The rotorkit testbed setup  
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Acquisition (DAQ) device [71]. A general-purpose wideband AE sensor in type of R15I-AST 

[72], whose frequency response is between 50Hz and 400 kHz, is used to capture resonance 

frequency signals containing modulated bearing signals. The vibration signal is measured by 

PCB-622B01 piezoelectric sensor [73]. The detail of data acquisition system is detailed in the 

Table 3.1 below: 

Table 3.1 Details of data acquisition system 

Devices Detailed specification 

NI 9234 DAQ 

- IEPE signal conditioning with AC coupling (2 mA) 

- Operating condition: -40 °C to 70 °C operating, 50 g shock, 5 g vibration 

- Resolution: 24-bit 

- Dynamic range: 102 dB 

R15I-AST 
- Peak Sensitivity (Ref in V/µbar): -22 dB 

- Resonant Frequency (Ref in V/µbar): 150 kHz 

- Operating Range: 50-400 kHz 

PCB-622B01 
- Sensor sensitivity: (±5%) 100 mV/g  

- Frequency Range: 0.2 to 15000 Hz 

- Measurement Range: ±50 g (±490 m/s²) 

 

 

Figure 3.5 The laboratory designed testbed setup  
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3.4 Experimental Results and Discussion 

To validate the performance of SESI extraction for bearing fault diagnosis, AE signals from 

healthy-state and three types of bearing fault are acquired using the testbeds. The length of a 

measured AE signal is 1 second with a 256 kHz sampling rate. The AE signals for each 

condition is continuously measured for 5 minutes. 80% of the dataset is selected randomly for 

training the CNN. The remaining 20% of the dataset is used for testing.  

3.4.1 Effective of the algorithm on RK-4 testbed dataset 

Figure 3.6 illustrates the result of the proposed algorithm to the AE signal which is collected 

from the RK-4 testbed. The extracted SESI from the AE signal is shown in Figure 3.6 (a). 

Each image has the size of 25�403 pixels. The important frequency for each type of fault are 

shown as the strikes in the image. The normal signal generates an image with the appearance 

of edge and blob pattern in random position. This image represents as the background noise 

when the peaks appear randomly in the frequency spectrum. Compare to the faulty signal, the 

faulty images show the strike at certain location which respect to the defect frequency. For 

different type of fault, the defect frequency peaks appear at different position in the spectrum. 

Figure 3.6 (b) depicts the result of classification algorithm which the total average accuracy 

 

Figure 3.6 The result of the proposed method for RK-4 testbed dataset  

(a) SESI for different type of AE signal (b) Confusion matrix of classification 
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of 100%. The result shows characteristic bearing frequencies are important for classification 

of the AE signals from bearing failures. 

3.4.2 Effective of the algorithm on laboratory designed bearing testbed dataset 

The laboratory testbed is designed to mimic the operating condition in the industrial 

environment. So that the signal from this testbed contains a large amount of noise signals 

which is mostly from other device such as the motor, the pump to drive oil for lubrication. 

Therefore, in all of the generated image contain more noise with the random blob and edge. 

However, the heavy load from both axial and radial direction help to increase the vibration 

amplitude. This effect makes the first three harmonic in the case of outer raceway fault can be 

easier to observe in the SESI as in the Figure 3.7 (a). In addition, the image with noise effect 

reduce the accuracy classification when some of patterns between different signals can be 

confused. Consequently, the average accuracy decreases in the case with AE signal from 

laboratory testbed with 99.60% of average accuracy. 

 

Figure 3.7 The result of the proposed method for laboratory testbed dataset  

(a) SESI for different type of AE signal (b) Confusion matrix of classification 
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3.4.3 Effective of training and testing with different datasets 

To demonstrate the effective of the proposed algorithm, the research applies the algorithm 

with different training and testing datasets. There are two scenarios which is proposed respect 

to two datasets which is described above in section 3: (1) using the dataset from laboratory 

testbed for training and the RK-4 dataset for testing; (2) using the RK-4 dataset for training 

and the laboratory testbed dataset for testing. The result is described in Figure 3.8 and Figure 

3.9 as below. 

 

Figure 3.8 depicts the result of using the laboratory testbed bearing dataset for training and 

the RK-4 testbed bearing datasets for testing. The result illustrates a high accuracy 

classification of classification with 94.50% of average accuracy. However, there are still some 

misclassification between the normal class and roller class which is cause by the background 

noise affect to the pattern of roller fault case as shown in the Figure 3.8a. 

 

 

Figure 3.8 The result of the proposed method for the scenarios (1) test:  

(a) SESI for different type of AE signal (b) Confusion matrix of classification   
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Similarly, Figure 3.9 shows the result for the second scenario. The result in Figure 3.9b show 

the accuracy of the algorithm with 84% of average accuracy. The most misclassification 

occurs between inner class of laboratory testbed dataset. This happens because the effect of 

the high level of noise that blur the strike in the inner pattern of the laboratory testbed testing 

dataset, and it make the algorithm confuse with the normal case of training dataset from RK-

4 testbed. Figure 3.10 below show an example of the inner testing sample is blurred by 

affecting by noise. 

Compare with the scenarios (1) in the specific case of inner fault, when the training data 

using the laboratory testbed dataset, the set of generated images from the AE signal with 

different level of noise that will include both the clean images with the low level of noise and 

the blur images with the high level of noise. The testing images from the Rk-4 testbed, which 

is form laboratory environment and has the lower level of noise, can be easy to recognize by 

the algorithm. So, it gives the result with better accuracy. However, for the second scenario 

 

Figure 3.10 Example of inner SESI which is blurred by high level of noise  

 

Figure 3.9 The result of the proposed method for the scenarios (2) test:  

(a) SESI for different type of AE signal (b) Confusion matrix of classification   
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when the training with the clean signal from RK-4 testbed, the training model cannot cover 

all cases of images. And it will misclassification when the image with high level of noise, that 

look similar as the normal case than the fault case, is used for testing. Consequently, the result 

in the second scenario is lower. In addition, the proposed algorithm shows its ability for using 

its knowledge which is extracted from one system and apply to another system for fault 

diagnosis based on the less changing of bearing characteristic frequencies. These properties 

make the SESI like to be unchanged for difference systems which contain the same types of 

bearing. 

For illustration, the proposed method with SESI is compared with the vibration image, 

another algorithm to convert the 1-D signal to 2-D image. This algorithm is also applied by 

[62], [67]. The extracted vibration image for different type of AE bearing signal from the two 

datasets, which is described in section 3, is show in Figure 3.11. And the results of 

classification are described in Table 3.2. The two methods are compared in three scenarios: 

(1) only use the RK-4 dataset for training and testing; (2) only use laboratory testbed dataset 

for training and testing; (3) use the laboratory testbed dataset for training and RK-4 dataset 

for testing. 

As illustrated in Figure 3.11, the vibration images show different patterns for different 

dataset with the same type of defect signal. Thus, the classifier is misclassification in most the 

 

Figure 3.11 Vibration image from the RK-4 dataset and Laboratory testbed dataset  



 
 
Chapter 3: Deep Learning-based Bearing Fault Diagnosis using Stacked-Envelope Spectral 

Image of Acoustic Emission Signals  38  

38 
 

cases when using one dataset for training and test with another dataset. On the other hand, the 

proposed method with SESI show a significant high accuracy in this case with the difference 

in training and testing datasets compare to the vibration image. Moreover, the proposed 

method with SESI also outperformed to the vibration image method even in other two 

scenarios when the training set and testing set belong to the same dataset. 

Table 3.2 Classification result of the proposed method compare with vibration image method 

Scenarios Type SESI method Vibration image method 

(1) 

Normal 100% 100% 

Outer  100% 100% 

Inner 100% 75% 

Roller 100% 95.8% 

Average accuracy 100% 92.71% 

(2) 

Normal 100% 95.80% 

Outer  100% 100% 

Inner 98.40% 100% 

Roller 100% 95.80% 

Average accuracy 99.60% 97.92% 

(3) 

Normal 88% 62.50% 

Outer  100% 0% 

Inner 100% 16.70% 

Roller 90% 91.70% 

Average accuracy 94.50% 42.70% 

 

3.5 Conclusion 

Rolling element bearing is vital component of rotating machinery. Bearings reduce the 

friction of the rotating body and fix the position of the mechanical parts. Since rolling element 

bearing is a necessary component, the failure of rolling element bearing affects the operating 

condition of machines. Therefore, the fault diagnosis of rolling element bearing is extremely 

predominant to keep the system in effective and safe working state. In this study, a new 

method to find a 2-D representation of AE signal is proposed based on the defect characteristic 

frequencies of bearing. This methodology generates SESI. The SESI, which is constructed 

from envelope spectrum of vibration signal and filtered by frequency range covering the 
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bearing characteristic frequencies, is consider as the new signature for different type of faults 

in bearing and is used to input to the classifier. The author also proposed a structure of CNN 

for classification different type of bearing defect by learning and extracting the knowledge 

from the SESI. In experiment, this study compares the classification accuracy of proposed 

method and traditional methods using dataset measured on two different machines. To 

validate performance of feature learning, the method is trained for one machine and tested for 

the other machine without any retraining process. 80% of the dataset is selected randomly for 

training the CNN, and the remaining 20% of the dataset is used for testing. Furthermore, in 

the cross-testbed experiment in which one testbed dataset is trained and another testbed's 

dataset is classified, the proposed method achieved high performance compared to the 

conventional signal-image-based CNN algorithm. In particular, in the experiment of learning 

the dataset of the laboratory-designed testbed and classifying the dataset of the RK-4 testbed, 

the existing algorithm achieved 42.7%, while the proposed algorithm achieved 94.5%. 

Therefore, the proposed method is expected to achieve generalized bearing diagnostic 

performance for various rotating machines. 
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Chapter 4  

A Deep-Learning-based Bearing Fault Diagnosis using Defect Signature 

Wavelet Image Visualization 

4.1 Introduction 

Indisputably, rotary machinery is broadly utilized across production industries such as in 

power systems, petrochemicals and means of transportation due to its low cost, rugged high 

efficiency under a heavy load, reliability, and robust design. Generally, the consequence of 

rotary machinery obliged to operate for prolonged periods under harsh-condition 

environments is wear and tear, which is associated with mechanical stresses, which can lead 

to unexpected failure in bearings and gears, which are crucial components in a rotary machine. 

Such failures could lead to economic losses or human casualties. As a consequence, the 

machine’s health supervision and fault analysis are vital integral elements of the maintenance 

procedure in industrial manufacturing. A robustly conditioned monitoring procedure can 

improve productivity, reduce maintenance expenses, and enhance reliability and safety.  

While gear and bearing faults commonly betide the rotary machine, bearing faults prevail in 

occurrence. Industrial statistics illustrate that 40% of total large machine breakdowns 

happened due to broken bearings while for small machines, the analogous number reaches up 

to 90% [74]. Therefore, real-time monitoring and fault diagnosis methods for rolling element 

bearings have accrued considerable attention from researchers in recent years. Normally, there 

are three primary categories for fault diagnosis methods including reactive, preventive, and 

predictive maintenance [75]. Fault diagnosis methods can also be categorized as data-driven-

based (knowledge-based), model-based, and hybrid-based with the hybrid-based method 

considered as the combination of one or several methods of model-based and data-driven-

based [76]–[78]. In model-based fault diagnosis, the bearing system is analyzed by 

constructing an equivalent mathematical model that describes the differences between the 

normal state and fault states; however, the model-based method can be complicated by the 

increasing non-linearity of the system. The computational cost increases when the complexity 

of the system increases [79], [80]. Data-driven-based methods are based on measurements 

taken over time and with data analysis to yield an assessment about the physical state of the 
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machine [81], [82]. With the developments in acquisition devices and sensors, communication 

technology, availability of data such as big data and cloud computing, and effective data 

processing methods, data-driven-based fault diagnosis has emerged as the most suitable fault 

diagnosis option.  

Bearing fault data can be acquired from acoustic emission measurements, ultrasound, 

vibration, temperature, thermal images, and current sources, all of which are extensively 

applied for investigation. Previously, fault analysis by vibration signals attracted more 

attention for supervising the health of the machine thanks to its potential to transmit the 

intrinsic information of the rotary machine. Using acoustic emission (AE) signals for fault 

diagnosis offers some advantages over the vibration signal when applied to rotary machines. 

For instance, the vibration-based signal is susceptible to presenting degradation of bearings at 

low rotation speeds, and the signal is not appropriate to detect and isolate faults that are still 

in the incipient stage. To identify damage before it manifests in the form of small cracks on 

the metal surface, AE signal-based methods have proven to be effective at comparatively low 

speeds. 

The classification or identification of a fault is impossible when analyzed from the raw fault 

data. With a diversity of signal processing methods, raw sensor data are processed to extract 

the information that correlates to the faults. Some well-established approaches for signal 

processing are analysis with time-domain techniques, frequency-domain techniques, and 

time-frequency-domain techniques. The algorithms based on signal analysis are inessential to 

constructing an equivalent mathematic model, so that the performance of the algorithm instead 

depends largely on the data from different operational conditions of the system. The root mean 

square, kurtosis, and other high-order statistics moments are some of the popular features 

often used in time-domain analysis. In addition, Do et al. [83] and Wen et al. [84] suggested 

a method to efficiently extract features of the faults in a bearing with the vibration image. 

They converted a segment of time-domain vibration signals into 2-D gray-scale images and 

got the local texture features from these images by using a transform with a scale-invariant 

feature. Nevertheless, as the AE signals of a bearing may contain some noise component, such 

as sensor noise or random environment peaks, the approach using only time-domain 

characteristics for transforming the vibration signals into 2-D images is not adequately robust 
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to represent the characteristics of the faults. To tackle this problem, this study proposes a more 

reliable 2-D representation of the AE sensor signals for high accuracy in recognizing the 

bearing faults. On the other hand, fast Fourier transform (FFT) and other high-order spectral 

analyses are generally used in frequency-analysis. In [85], Tra et al. used energy distribution 

map, and in [86], Sohaib et al. used bi-spectrum as the image representations in 2-D. These 

representations can illustrate the discrimination between different types of faults in bearings, 

but they did not show the relation between the image and the fault signature of the bearing. 

For a signal with natural non-stationary state, which is common, frequency-processing 

methods are not broadly relevant because of their lack of capacity to disclose the intrinsic 

information. In general, the rotary machine is constructed from different non-stationary 

components since the operating environment always varies and faults also vary. Thus, it is 

crucial to analyze the signals with non-stationary characteristics with the assistance of several 

time-frequency-analyses, for example, the S-transform [87], [88], the short-time Fourier 

transform [89], [90], and the wavelet transform [91]–[93]. Employing these techniques yields 

both the time- and frequency-knowledge needed for the investigation. Due to its exclusive 

properties, wavelet analysis is frequently used for processing the non-stationary signals in the 

faults of bearings to localize the faults and determine the crack sizes in different components 

and structures. To extract features for fault recognition, many studies have reported successful 

use of the wavelet decomposition. Although many variations of wavelet technique exist, it is 

important to select a satisfactory wavelet to discover the best matching and give the most 

appropriate representation for bearing faults. If a crack or spall appears on a contact surface 

between any components in a bearing, an impact is created when the ball or roller hits the 

defect, which leads to a peak transient response impulse with damped oscillation at the tail. 

Since the bearing rotates at a constant speed, the periodic impulse behavior contains important 

information regarding bearing health. So, exploiting the transient response and meticulously 

analyzing the signal can effectively predict the early state of bearing faults. These transient 

responses appear periodically and generate peaks at particular frequencies in the spectrum of 

the AE signal. The particular frequencies include BPFO, BPFI, and BSF [81], [94]. 

Determination of the frequency range in which to observe the signal from these particular 

frequencies allows enhancement of the fault diagnosis algorithm. In this study, a reliable 

image extraction scheme relating to the characteristic frequencies range in the wavelet 
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representation is employed to generate robust and more effective features of the rolling 

element bearing faults.  

Subsequent to transforming the AE signals into a compact relevant 2-D representation, the 

images serve as input of a classifier to generate the decision making. Recently, machine 

learning-based methodologies for fault analysis have become prevalent and powerful 

algorithms in the field of bearing health monitoring since they have the capacity to gain 

valuable knowledge from the considerable amount of recorded data already extant. Among 

the various processes, K-NN [81], SVM [82], and ANN [95] are popularly implemented for 

fault detection. Deep learning approaches have recently been considered a new branch of 

application for fault diagnosis. The deep learning algorithm comprises multiple stages of non-

linear operation and shows an ability to automatically learn up to high-abstract features to 

more intelligently support decision-making. Deep learning algorithms such as CNN [96] and 

stacked auto-encoders [97] have been investigated in fault detection. Thus, our research also 

aims to design and employ a deep and capable CNN architecture to obtain high accuracy for 

bearing fault diagnosis. 

The specific contributions of this chapter can be summarized as follows:  

1)  To alleviate the limitations of previous methods used for transformation of 1-D signals 

into 2-D images, a novel 2-D representation method is created by combining the 

envelope analysis and continuous wavelet transform (CWT) with filtering by the 

frequency range covering the bearing defect frequencies to generate DSWI. The 

constructed DSWI is considered as the new signature, which solves the modulation 

problem, reduces the nonstationary effect in the signal, demonstrates the distinct 

patterns for the different types of faults in bearings, and closely relates to the defect 

frequencies in the envelope spectrum.  

2)  This study also introduces a specific architecture of CNN for classifying multiple fault 

types that occur in bearings by learning the specific features from the DSWI 

representations. To estimate the performance of the proposed approach, it has been 

evaluated using the laboratory dataset collected from the bearing testbed. Finally, the 

results of the proposed method are compared with other methods presented in the 



 
 
Chapter 4: A Deep-Learning-based Bearing Fault Diagnosis using Defect Signature Wavelet 

Image Visualization  44  

44 
 

literature. 

The remaining portions of this research are organized as follows: A description of the test 

rig, experiment setup, and data acquisition system is provided in Section 2. Section 3 describes 

the overall methodology of this study to construct the DSWI as the 2-D representation of the 

AE signal from the different types of bearing faults and the structure of the CNN for 

classification. Section 4 discusses and explains the resultant performance of the proposed 

methodology using the different evaluations from the dataset, and Section 5 gives the 

conclusions of the paper.  
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4.2 Seed to the Data Acquisition System and Experimental Process 

 The dataset used to evaluate this work is acquired from the self-defined bearing testbed of 

Ulsan Industrial Artificial Intelligent Laboratory (UIAI) at Ulsan University (Ulsan, South 

Korea). The overall data are collected from bearings which were classified into normal 

(healthy) condition and bearings with artificial damage. The damaged bearings consisted of 

those with outer damage, bearings with inner damage, and bearings with roller damage. The 

test rig setup is described in Figure 4.1 which illustrates the real testbed image, and the 

different cases of artificial cracks generated on the bearings. During the data collection, the 

testbed was driven under a constant speed of 1800 r/min by the three-phase motor. The belt 

 

Figure 4.1 The self-defined testbed setup for measuring signals of bearing faults  
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helps to transmit the motion from the rotor shaft to the main shaft which is installed with two 

testing bearing housings on both sides. The cylindrical roller-element bearing in type FAG 

NJ206-3-TVP2 was used in this experiment. The AE signal and vibration accelerometer signal 

are acquired mostly from the target bearing on the left side. A constant load of 100 kgf was 

applied in both axial and radial directions to the main shaft and the bearing house. 

The AE signal and vibration signal are recorded by the AE sensor of type R15I-AST [25] 

and accelerometer of type PCB-622B01 [26]. These sensors are both connected with the NI-

9234 DAQ device which has four analog input channels and is designed to perform precise 

measurements from Integrated Electronics Piezo-Electric (IEPE) sensors. The NI-9234 is 

equipped with built-in anti-aliasing filters that have the ability to automatically regulate the 

sample rate the user specifies. The signals were collected with a sampling rate of 25 kHz. A 

detailed description of the dataset acquisition system is shown in Table 4.1. Each type of fault 

signal in the bearing is measured continuously for about 5 min, then segmented to 1-s signals 

for analysis. Therefore, each type of fault includes 309 data samples of 1-s signals. Then the 

testing bearing is replaced with another one and the test is repeated. 

Table 4.1 Specifications of measuring sensors and data acquisition card 

Devices Detailed Specification 

AE sensor R15I-AST 

- Resonant frequency: 150 kHz (Ref in V/µbar) 

- Operating range: 50–400 kHz 

- Peak sensitivity: −22 dB (Ref in V/µbar) 

Vibration sensor PCB-622B01 

- Frequency range: from 0.2 to 15,000 Hz 

- Measurement range: ±490 m/s2 

- Sensor sensitivity: 100 mV/g 

DAQ type NI 9234  

- Operating condition: −40 °C to 70 °C operating 

- Dynamic range: 102 dB 

- Resolution: 24-bit 

- IEPE signal conditioning with AC coupling (2 mA) 

 

4.3 Fault Diagnosis Methodology Using the Defect Signature Wavelet 

Image 

The main purpose of this research is to explore the appropriateness of characteristics of 

bearing fault signal to generate a 2-D representation which can help to separate different types 

of faults in bearings. To create a relevant 2-D representation to train the CNN classifiers, the 
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initial AE signals are fed across an envelope analysis to demodulate and are decomposed using 

the continuous wavelet transform with a specific frequency band acquired from the bearing 

characteristics and working conditions. Finally, the classifier model is built to validate the 2-

D representation method. Several hyperparameters in the classifier structure are also 

characterized to ensure optimum performance. An overall workflow is presented below. 

4.3.1 Bearing Fault Signature and Wavelet Analysis 

Bearing faults can occur with many types of damage presenting such as spalling, pitting, 

misaligned races, waviness that happens due to improper installation, abrasive wearing, 

manufacturing error, material fatigue, and so on. In general, the fault in each bearing element 

has a specific representative frequency. When the fault appears on a bearing component, the 

interaction of defects with other surfaces generates pulses with small duration which lead to 

an increasing vibrational energy at that specific frequency. These frequencies depend on the 

geometry characteristics of the bearing such as the number of rolling elements (or balls) Bcdee, 
the rolling element’s diameter \^, the cage diameter or pitch diameter \�, the contact angle 

of the balls [, and the rotational frequency %F. This phenomenon will generate a high peak at 

a particular position in the spectrum from the FFT analysis. However, the damage frequency 

is amplitude-modulated to the high-frequency region that causes indiscriminate visualization 

when we observe the spectrum with the conventional FFT method. To overcome this 

drawback, the demodulation method is used with the Hilbert transform and envelope analysis. 

By these methods, a signal is filtered by the bandpass filter in a frequency band in which the 

fault impulse is amplified by structure resonances and is applied to remove the carrier signal. 

The envelope signals of bearing outer, inner, and roller faults are illustrated in Figures 4.2b, 

4.3b, and 4.3f, respectively. The obtained envelope signal contains richer diagnostic 

information both in terms of the repetition frequency of ball-bass and ball-spin frequency 

about bearing fault. The envelope spectra, obtained by applying the FFT to the envelope signal 

with specific defect frequencies BPFO, BPFI, and BSF, for respective cases of outer, inner, 

and roller faults, are illustrated in Figures 4.2c, 4.3c, and 4.3g, respectively. Nevertheless, the 

envelope analysis still imparts some limitation. If only the FFT is used to calculate the 

envelope spectrum, that would lead to the loss of the time information of the signal envelope 

concerning the specified time when these impulses appear. To solve this issue, the authors 
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proposed another method using the continuous wavelet transform spectrogram with a specific 

frequency range that covers the three harmonics of the largest defect frequency, to represent 

the signal envelope in both time and frequency domain. 

Among the time–frequency decomposition methods, the short-time Fourier transform is 

constrained by the time–frequency resolution. To obtain an exact time resolution requires an 

analysis window to be short, whereas a long analysis window involves an accurate frequency 

resolution. The wavelet analysis is a recommended methodology to process the nonstationary 

AE signals, and it is acceptable to detect the temporary changes in the signal. In wavelet 

methods, the AE signals are decomposed in terms of a zero-mean function of a family of 

wavelets that keep an invariable shape but are able to be dilated and shifted in time. CWT (or 

an admissible wavelet) projects an AE signal -��� onto a family of zero-mean functions  ��,���� (family of wavelets): 

 

Figure 4.2 2-D representation of the signal corresponding to the outer fault:  
(a) DSWI, (b) envelope signal, (c) envelope spectrum with FO defect frequency, and (d) outer defect 
frequency FO, respectively  
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s?��, �� � � -�����,�∗ �����l∞�∞ , (4.1) 

where ��,�∗ ��� represents the complex conjugate, � stands for a dilation factor, and � is a 

translation factor. The wavelets remain normalized, such that ���,�� � 1, as the mother 

wavelet is normalized. The factor � has the role of shifting in time such that if the � gets a 

positive value, the mother wavelet is shifted to the right, and if the � gets a negative value, the 

mother wavelet is shifted to the left. To comprehend the role of the dilation � in wavelet 

analysis, let us use Parseval’s theorem to transfer the Equation (4.1) to the frequency domain: 

s?��, �� � I#� � -̂���l∞�∞ ���,�∗ �����, (4.2) 

where -̂��� represents the Fourier transforms of -��� and ���,�∗ ��� are Fourier transforms of ��,�∗ ���. Since ���0� � 0, the transfer function of a bandpass filter is represented by �����, 

which means the function -��� is particularized by the decomposition with wavelet family in 

the form of a series of different frequency bandwidths. Furthermore, the energy bandwidth 

can be expressed by: 

��# � I#�  � �� � �H�#¡�����¡#��l∞¢ , (4.3) 

where �H corresponds to the center frequency of ����� , and £ � �1/2�� � ¡�����¡#l∞¢ �� . 

Hence, the center frequency of the wavelet and the energy bandwidth of the wavelet are ��H/��  and ���/��, respectively. Thus, since the scaling parameter �  changes, both the 

energy bandwidth and the center frequency of the wavelet vary. That means if the value of 

factor �  is large, the mother wavelet has the role of a zoom-in function and vice versa. 

Moreover, when the value of parameter � is large, the bandpass width becomes diminutive, 

which yields an increase of resolution in frequency analysis. In this study, the 2-D 

representation DSWI with the CWT spectra from the envelope signal of AE signal for the 

outer, inner, and roller faults are shown in Figures 4.2a, 4.3a, and 4.3e, respectively. These 

figures depict the pattern considering both the frequency domain described by the defect 

envelope spectrum and the information from the time domain of the envelope signal which 

appears in the form of a periodic impulse. These figures also illustrate that depending on the 
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amplitude of impulse and the attenuation process, these impulses cannot always be seen in the 

frequency spectrum. At some point, these defect frequencies can be diminished and not be 

seen even if this is the 1X harmonic which usually has higher energy than the others. This 

characteristic represents the non-stationarity of the system. Moreover, if the segment signal 

has a length of less than 0.1 s, the information about the bearing defects is missed. Hence, 

setting up the sampling rate and segment length appropriately is important to not lose the 

information. 

 

4.3.2 2-D Data Representation with Defect Signature Wavelet Image Generation 

The overall process of the proposed methodology to construct the DSWI and bearing fault 

diagnosis is presented in Figure 4.4. Fundamentally, by virtue of the Hilbert transform, the 

 

Figure 4.3 2-D representation of the signals corresponding to the inner and roller faults:  
(a) DSWI for inner fault, (b) envelope signal for inner fault, (c) envelope spectrum with FI defect 
frequency for inner fault, (d) inner defect frequency FI, (e) DSWI for roller fault, (f) envelope signal 
for roller fault, (g) envelope spectrum with SF defect frequency for roller fault, and (h) roller (ball 
spin) defect frequency SF, respectively. 

 

Figure 4.3 Cont. 
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signal envelope can be computed. The one-second AE signal -��� in the time domain is 

converted to the Hilbert domain -̃��� using the Hilbert transform [98], [99]. The Hilbert 

transform applies the convolution of -��� with the signal of 1/�� that produces -̃��� � -��� ∗�1/���. Then the method calculates the analytic signal in a complex number form with both   

in the real part and   in the imaginary part as   in quadrature, where   represents the imaginary 

unit. Immediately, an advantage is detailed in that the demodulating of the extraction of the 

spectrum section is effectively executed by an ideal filter, which helps to distinguish it from 

adjacent components which will be considerably stronger such as the gear mesh frequencies. 

Following that, the absolute value of �>y��� � |-<���| � |-��� � n-̃���| is computed to yield 

the signal envelope. Then, the square root of FFT with signal �>y��� performs the envelope 

spectrum. In fact, it is more desirable to analyze the square of the envelope signal instead of 

the envelope itself. A simple argument for that is by comparison of the spectra of a squared 

signal with that of a rectified signal. In mathematical terms, it should be considered that a 

rectified signal is the same as the square root of the squared signal. Likewise, the envelope of 

the signal is calculated as the square root of the squared envelope. When the square root 

operator is applied, it launches extraneous components which do not appear in the original 

squared signal, and this is the reason to create the masking of the desired information. Because 

the entire operation is calculated digitally, it is impossible to erase the high harmonics by 

using lowpass filtration, and they generate the alias to the measurement range, which causes 

masking. In addition, when applying the one-sided spectrum, by considering the analytic 

signals whose squared envelope is constructed by multiplication with its complex conjugate, 

the spectra of the squared envelope is the convolution of the respective spectra. When this 

convolution is carried out, the result only yields different frequencies, e.g., sideband spacings. 

These different frequencies will contain the desired modulation information. Then the 
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envelope signal is supplied to the continuous wavelet transform.  

The continuous wavelet transform with damage frequency filter band is applied after 

obtaining the envelope signal to generate the DSWI representation. The use of wavelet 

transforms to detect local faults in bearings has been described by many authors. However, 

most of the literature on utilization of wavelet decomposition for fault diagnostics makes the 

error of considering the performance only in the time-domain (mostly for denoising) and on a 

short-recorded segment of signal, frequently shorter than the longest modulation period. 

Usually, the assertion is that the wavelet transform is more advanced than envelope analysis. 

Nevertheless, many authors fail to realize that the wavelet coefficients’ squared modulus is 

helpful for a squared envelope signal, and much diagnostic information can be derived by 

analyzing the frequency domain of such squared envelope signals. As discussed, frequency-

domain analysis of the envelope signal often makes evident fault repetition (in the form of 

transition peaks) and modulation patterns which are often difficult to recognize in time-

domain signals, especially when the modulation phenomenon is so strong that the transient 

impulse is only stimulated when the fault point is inside the load-zone. These impulses are 

 

Figure 4.4 Generating the DSWI representation and process for fault diagnosis. 
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thus created with greatly varied amplitude. For instance, the continuous wavelet transform has 

a similar skeleton with the Fourier transform. While the Fourier transform yields correlation 

coefficients between the original signal and a sinusoidal signal, continuous wavelet transform 

obtains correlation coefficients resulting from an inner product of the mother wavelet and the 

signal. Unlike the Fourier transform though, where the signal is converted into the frequency-

domain, continuous wavelet transform transfers the signal to the time-frequency-domain by 

managing the shape of the mother wavelet. Here, the research controls the shape of the mother 

wavelet by adjusting the scaling and shifting parameters. Continuous wavelet transform, using 

a smooth analytical mother wavelet, is able to identify the dynamic frequency characteristics 

of the signal at different scales. By employing various dilates and translations to the mother 

wavelet function, continuous wavelet transform coefficients reflect the resemblance of the 

signal to the wavelet at the current scale. The bump wavelet is a good choice for the continuous 

wavelet transform when signals are oscillatory, and when the researchers are more interested 

in time-frequency analysis than in the localization of transients. Moreover, bump wavelet has 

the best time resolution permitting separation of the start and the end times for each component 

of the signal with impressive precision for each of the performed tests. The bump is the 

symmetric wavelet in frequency and has an immediate relationship between the scale and the 

center frequency. The bump wavelet is defined by: 

��"¥;��¦� � �I� II��§�¨���§©���I/�,�lI/���¦� (4.4) 

where � > 0, � > 0 with �� > 1, are the commonly used with continuous wavelets. The 

parameter � controls the window widths of the time-frequency localization of the wavelets 

(plays a role in trans-shaping the mother wavelet �"¥;�) and has effects on the representation 

of the transformed signal. In the literature, the wavelet parameter � is usually treated as a fixed 

constant. The bump wavelet �"¥;�  is bandlimited and hence it has better frequency 

localization than other wavelet families. ¦« � � admits the peak frequency which is defined 

by ¦«: � :{ 9:�¨ ¡�"¥;��¦�¡  and ©  denotes the indicator function. The translation 

parameter � is involved in the mother wavelet’s location and specifies the properties of the 

resulting child wavelets. Therefore, this research also determines the characteristic signature 
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of faults at various locations of the mother wavelet by controlling the translation. The high-

resolution in the frequency of large-scale wavelet permits us to capture the harmonic of the 

slow-variation elements whenever the fine-resolution of time in small-scale wavelet allows us 

to catch the fast-variation elements in the AE data. The wavelet decomposition enables 

detection of the hidden details of transient impulse waveforms, which is significant for 

inspecting a signal which contains both high frequency and low frequency components. In the 

case of the bump wavelet, the wavelet representation is almost symmetric with respect to the 

scale associated with the peak frequency. Since most defect characteristic harmonics stay in 

the low frequency range, fine-resolution frequency band analysis is essential to exactly 

interpret the properties of the abnormal indications in the bearing. As mentioned previously, 

the mother wavelet works in the role of a bandpass filter that permits a special frequency band 

to pass across a range existing between two limiting frequencies. This research scrutinized the 

multiple faults which occur in bearings by changing the cutoff frequencies of the bandpass 

filter with the frequency range which contains defect characteristics. The matrix of wavelet 

coefficients is established with the wavelet coefficients in a range which is defined as below: 

�@,� � ���� with � � 0 … �;<= and �;<= � 9:��� , �1, %�� $ 5 � �?@)A  

 

(4.5) 

where 5 is the number of considered harmonics and �?@)A  is the sideband of the highest 

defect frequency. Moreover, the initial low cutoff frequency is set to zero hertz for the fine 

resolution analyses in frequency. Because the frequency range is the function of rotation speed, 

it is robust when the rotating speed changes. Therefore, the DWSI always contains the damage 

frequency harmonics of bearing faults. Using these settings, the 2-D coordinate matrices are 

constructed, and then the values of coefficients in the matrix are employed to define the vertex 

colors by scaling the values in the matrix to the full range of the colormap to convert the 

representation of a 1-D vibration signal as a 2-D spectrogram image. Then, the 2-D which is 

similar to the spectrogram image is fed to a CNN model which is designed and trained for 

feature learning and classification. 

4.3.3 Deep Convolution Neural Network Structure Specification 

Convolution neural network has several benefits comparable to other feature-learning 
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methodologies. Previously, much as the stacked sparse auto-encoder did, the CNN 

automatically learns numerous levels of abstract representations from the data via their deep 

architecture layers. The learning process enables signals of high complexity to be learned to 

create a high-order representation feature. Secondly, the CNN applies an end-to-end structure 

for the learning model, hence, a single unique structure has to be optimized and the testing 

phase only needs a one-pass feed-forward process. Finally, the CNN model is utilized to 

exploit the spatial characteristic in the constructed DSWI from the sensor data. By using the 

sparse number of attributes, CNN reduces the number of training parameters when compared 

to the multi-layer perceptron network (a conventional artificial neural network). In the case of 

a DSWI from the AE signal, the CNN defines a spatial architecture as the set of three channels 

with respect to three channels of the DSWI. A typical case to note is that due to the rolling 

and sliding mode combination of the roller or ball in bearing, the expected energy which is 

contained in a fundamental frequency may not totally appear in the frequency range close to 

the fundamental frequency. Therefore, deploying this information can ameliorate the 

performance of the fault detection algorithm. Instead of feature extraction stage with the 

features being designed by experts, it should be considered that the difference of feature-

learning method is in the researched work of this chapter as here, the feature extraction stage 

is not employed; thus, the CNN model is directly implemented on the DSWI of the AE data 

so that the CNN has the capacity to learn the features itself. Many optimization constraints, 

comprising batch normalization, dropout, initialization methods, and leaky rectified linear 

units, are also used for incorporating into the principal architecture of the CNN to create better 

classification performance. A CNN operates as follows: given an input image consisting of 

multiple channels, a convolutional layer computes a transformed output as the function of the 

input, weights, and bias parameters, with the difference from the normal artificial neural 

network being that the adjusted variables of the layer are organized as a sequence of filters 

and are applied to the convolving operator over the input to produce the output of the 

convolution layer. Each convolutional layer output is a 3D tensor, which includes a stack of 

2-D matrices, the so-called feature maps, which will be utilized as input to feed to the next 

network layer of the CNN model. The weight parameters in the filter bank are distributed and 

shared over the local region of input, which efficaciously exploits the local spatial 

characteristics, and diminishes the quantity of optimized parameters. The convolutional 
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operation can be described as: 

 @�;� � ± ²T s@�H,;� ∘ %@�I�H� � �@�;�r
HQI ³ (4.6) 

In this formula,  � stands for the order of the layer as before. The 2D convolution of the 

input %@�I and the weight s@�H,;�, which is responsible for yielding 9�ℎ output of the map, is 

presented by the �∘� operator in the formula. The term �@�;� represents the bias vector. After 

that, a nonlinear activation function ± on the sum of convolutions plus a bias vector is applied 

to obtain the final output. By utilizing a deep architecture, a network with several convolution 

layers, the model is more robust to complex variations in the data. Thus, if the data naturally 

describe many variations with high complexity, a deep architecture is necessary. In the case 

of bearing faults, due to the manifestation of the various faults which are considered here that 

illustrate a little variation, a reasonably designed deep model suffices. In addition, the initial 

layers of CNNs learn the fastest, so a short training period is adequate to achieve convergence. 

A lot of variations of the proposed CNN were examined by varying the number of 

convolutional blocks and fully connected layers, and the number of nodes in each layer. 

Applying to this particular case with the fault in bearing, an extremely deep version of the 

network model does not give better results but does increase the time for training. The 

structure which is applied in this study leverages the capacity of the CNN for exploiting the 

spatial structure in the DSWI data to sufficiently capture the properties of the AE signals. 

After the convolutional layer, batch normalization follows to improve the convergence 

process by regularizing the model to avoid overfitting. Then the output from the batch 

normalization is fed to the nonlinear activation function. The proposed CNN has a structure 

including several convolution blocks. Each block indicates one feature learning step with a 

specific level that includes convolution, batch-normalization, and activation function. Figure 

4.5 depicts the designed architecture for each convolution block of the CNN model, which 

consists of six blocks of convolution with filters 3–8, 8–16, 16–16, 16–8, 8–8, and 8–1. The 

input image has a size of 128 × 128 pixels with three channels. At the output after the six 

blocks, the feature maps are flattened and fed to the fully connected layers. There are two fully 

connected layers and a soft-max layer which has the role of the classifier. The most regularly 
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applied non-linear activation functions are the sigmoid, hyperbolic tangent, and rectified 

linear units (ReLU). Among them the ReLU function has been demonstrated to be more 

powerful than the others. However, during the training phase, ReLU units can die, and this 

problem can happen when great values of gradient flow across the ReLU function. This 

inspires the weights to be updated, and later the ReLU neuron fails to activate ever again on 

any data point. The leaky-ReLU function is an improved version that attempts to address this 

issue. The leaky-ReLU is used to introduce non-linearity into each stage, permitting the CNN 

to learn complex models. Normally, the pooling layer is employed to decrease the resolution 

of the feature maps via the subsampling step to reduce the number of parameters and quicken 

the computation. In this study, instead of using pooling to reduce the size of spatial 

representation, the authors proposed using the convolution layer with a large kernel size and 

strike. This approach shows better performance when extracting the features of the image in 

a deep network. 
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The training phase of the CNN model relates the learning of all the weights and biases, and 

it is essential to obtain the optimized parameters for a successful feature learning. During the 

training phase of the network’s parameters, it is also necessary for the CNN to optimize the 

hyperparameters, which include the learning rate and dropout. The dropout holds an important 

characteristic of CNN, which considerably helps to prevent the overfitting phenomenon by 

generalizing the model. In the designed model, dropout with a proportion of 0.5 is employed 

for better regularization of the CNN. The adapted moment estimation, which is defined as a 

back-propagation strategy, is utilized to control the learning rate and other hyperparameters. 

The Adam optimization calculates the learning rate scale for different layers and avoids 

manual assignment to choose a suitable learning rate. Several configurations of the deep 

network, including LeNet-5 [29] and AlexNet [30], were tested to compare the results with 

 

Figure 4.5 The proposed deep convolution neural network architecture diagram for the 128 × 128 
size images 
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the proposed. The CNN model was trained with minibatch gradient descent and in each 

minibatch 100 training examples were used. The proposed CNN model training process is run 

over 100 epochs to learn the robust features for one normal operating condition and each type 

of faulty condition. 

4.4 Methodology Evaluation Results 

In this section, the proposed bearing fault diagnostic method is evaluated using collected 

data from a real-bearing testbed which is described in Section 2. The AE signal has a duration 

of one second for each sample. It has been shown that a proper signal processing technique is 

required for converting the signal to meaningful information with the DWSI before feeding 

to the CNN. Each DSWI is constructed from a one-second sample signal using the method 

detailed in Section 3. This processing step is employed to retain the specific properties of 

different health states. Hence, the invariant signatures of different health conditions can use 

the full potential of the CNN. Then, the CNN model is trained to automatically extract and 

learn the features from 988 samples of the training dataset. The CNN is simultaneously 

validated with 248 samples of the validation dataset during each iteration epoch. The trained 

CNN model is validated by predicting the class for 248 samples from the test dataset. To 

evaluate the proposed method by comparing to other methods, two scenarios were employed 

using different types of 2-D representations as the input and with different CNN structures 

proposed in the literature. 

4.4.1 Performance Evaluation of DSWI Compared to Vibration Image and 

Conventional Wavelet Spectrogram 

The same sample signals are used to create 2-D representations with the vibration image 

method and the conventional wavelet spectrogram. The vibration image is constructed by 

segmenting the raw signal in the time-domain into smaller samples and the segments are 

stacked one by one to generate the 2-D matrix. Then the values of the matrix are normalized 

in range [0,255] and converted to a grayscale image. This method is also used in [83], [84] to 

generate the 2-D image from the vibration signal. The second method to compare with the 

proposed method is the conventional wavelet spectrogram. The AE signal is directly analyzed 

with the continuous wavelet transform without envelope analysis and the information of the 
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damage frequency band is used to create the wavelet spectrogram. The detailed visualization 

of vibration image, wavelet spectrogram, and the DSWI for different types of faults in 

bearings and the normal case is shown in Figure 4.6. The proposed method with DSWI shows 

the pattern differences more distinctly between different types of signals compared to other 2-

D representations. The other patterns do not show clearly separate visualizations from the 

different bearing status AE signals. Moreover, the pattern of DSWI illustrates a correlation to 

the damage frequencies as ascertained in Section 3. Since the AE-based method becomes more 

sensitive to low energy emissions from the bearing, gathering separate visual information 

associated with the energy distribution through low amplitudes can supply useful knowledge 

to further analyze. The DSWI with time-frequency-domain analysis can catch these small 

changes in signal form of the image by highlighting the powerful energy bands. Therefore, 

the DSWI includes low energy information in the field of time-frequency-domain. These 

kinds of images are provided as the input to the CNN to indirectly evaluate the performance 

of the proposed approach through the classification accuracy. The classification accuracy 

performance is detailed by the confusion matrices as illustrated in Figure 4.7. The confusion 

matrix indicates the class distinguishing performance by calculating the actual versus 

predicted deviation. For validating the diagnostic result, the metrics of sensitivity score (SS) 

and mean per class of sensitivity score are used. The sensitivity score formula is presented as 

follows: 

%% � #�{¶�_F,-#�{¶�_F,- � #�:p-�_>� $ 100% (4.7) 

Here, the term #�{¶�_F,- depicts the number of correctly predicted data samples from the 

provided test dataset which are used to validate the model at each iteration, and the term #�:p-�_>� refers to the number of data samples from a class that are wrongly classified. 

Hence, the average sensitivity can be obtained by :y%% � �∑ %%�/#+p:--, where ∑ %% 

represents a summation of the class-wise sensitivity score for all the test dataset. 
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Then, the averages of all the accuracies and losses are collected to observe the accuracy 

values and loss values during the training stage. The CNN model hit an accuracy of 98.79% 

on average with the scenario of using the DSWI as the input, while the other scenarios of 

using the vibration image and conventional wavelet spectrogram had average accuracies of 

83.06% and 93.15%, respectively, as described in Figure 4.7. Other devices such as motors 

and the noisy factory environment create impulses or random fluctuation peaks in the AE 

signal making the time-domain or frequency-domain analysis inefficient for this kind of AE 

signal. Processing the AE signal with DWSI can, however, partly alleviate the noisy random 

fluctuations and environmental stimulation in the AE signal. Apart from the comparison, 

vibration images obtained from the time-domain analysis are not sensitive enough to weak 

 

Figure 4.6 The generated image of bearing fault signal from different methods:  
(a) Vibration image (b) Conventional Wavelet spectrogram image (c) DSWI 



 
 
Chapter 4: A Deep-Learning-based Bearing Fault Diagnosis using Defect Signature Wavelet 

Image Visualization  62  

62 
 

incipient damage that may cause less discriminate information. Thus, the proper processing 

methods are preferred, which can result in discriminating information with conventional 

wavelet spectrogram and DSWI. From performances that are based on the other methods of 

the 2-D converted image of the AE signal, which taken together with results in discriminant 

patterns form for different types of faults in bearings, the conventional wavelet spectrogram 

can obtain a classification accuracy of more than 90%. However, the proportion of 

misclassification among different class types is not equal. Most of the misclassification 

happens in normal class because the pattern is not sufficiently discriminant. From the 

classification report, it is clearly observable that the proposed CNN model with the DSWI 

input is able to extract and learn the features from the training dataset and classify the features 

in the testing dataset for the appropriate faulty and healthy conditions. 

4.4.2 Performance Comparison with Difference Model for Classification  

To further validate the performance of the diagnostic method, the proposed CNN model is 

compared against several state-of-the-art approaches: (1) K-nearest-neighbor + principal 

component analysis (KNN+PCA), (2) Multiclass Support Vector Machines + principal 

component analysis (MCSVM+PCA), (3) LeNet-5, and (4) AlexNet. The KNN and SVM 

methods using the feature extraction (FE)-based approach where the features are texture 

features extracted from the images of different types of 2-D representation include vibration 

image, conventional wavelet spectrogram and the proposed of DSWI. These features are 

extracted using the uniform local binary pattern method [100]. The method is employed based 

on the concept of the certain local binary patterns, termed uniform, that are fundamental 

 

Figure 4.7 The generated image of bearing fault signal from different methods:  
(a) Vibration image (b) Conventional Wavelet spectrogram image (c) DSWI. 
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characteristics of local image texture. The image’s occurrence histogram is indicated to be a 

very useful texture feature. Then, the KNN or Multi-class SVM (MCSVM) algorithm is 

utilized to carry out the fault classification after decreasing the feature space’s dimensionality 

by principal component analysis. The LeNet-5 and AlexNet are two well-known CNN 

structures commonly used in the literature for image processing. The input of the LeNet-5 and 

AlexNet is the vibration image, the conventional wavelet spectrogram and the DSWI 

analogous to the input of the proposed CNN. The experiment comparing the CNN with the 

other approaches in literature is conducted with the same dataset that is used to evaluate the 

proposed model. The recorded dataset used to evaluate the proposed CNN and other machine 

learning models is detailed in Section 2. The prediction accuracy for the testing part of the 

dataset for each implemented method is gathered and presented in Table 4.2. As can be seen 

from Table 4,2, the other 2-D representation methods (i.e., vibration image and conventional 

wavelet spectrogram) showed inferior fault diagnostic performance when compared to the 

DSWI approach employed for the signal processing step. Thus, the comparison results show 

that the proposed DSWI clearly outperformed the other types of 2-D representations for all 

experimental scenarios with different classifier methods. 

Table 4.2 also presents a collation of the other classifier models that are investigated with 

the proposed CNN. Therefore, by comparison with the recently researched deep learning 

architectures, our approach provides a better result. The results show that the proposed CNN 

approach attains a result superior to that of the other methods. The prediction accuracy is 

98.79%, 97.98%, 95.97%, 87.76% and 61.63% for proposed CNN, AlexNet and LeNet-5, 

MCSVM+PCA, and KNN + PCA, respectively. This result also shows the superior 

performance of the proposed CNN approach. For the KNN + PCA and MCSVM + PCA which 

are based on the feature extraction method, the results illustrate lower accuracy because they 

depend on the characteristic of features, while the design of features needs the help of the 

experts for different types of application. The results from the LeNet-5 and AlexNet showed 

high accuracies proximate to the proposed CNN. However, the LeNet-5 is the simplest 

architecture and is not a strong enough structure for learning the information from the DSWI 

which is highly complex. AlexNet gives a better result but it is more complex and requires 

more time spent on training. According to the results reported in Table 4.2, the diagnostic 

performance of the CNN is best in all scenarios. 
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Table 4.2 The classification report of the test dataset for different types of input and different 
classification methodology 

Scenarios Type 
Vibration Image 

Method 
Wavelet Spectrogram DSWI 

(1) KNN + PCA 

Normal 35.50% 0% 93.50% 

Outer  41.90% 100% 88.70% 

Inner 30.60% 45.20% 61.30% 

Roller 98.40% 50.00% 0% 

Average accuracy 51.42% 48.99% 61.13% 

(2) MCSVM + PCA 

Normal 100% 75.20% 85.20% 

Outer  96.80% 84.23% 90.02% 

Inner 91.90% 86.80% 86.70% 

Roller 35.50% 81.40% 89.12% 

Average accuracy 80.97% 81.91% 87.76% 

(3) LeNet-5 

Normal 32.25% 96.77% 93.54% 

Outer  65.00% 100% 96.77% 

Inner 35.00% 59.67% 93.54% 

Roller 60.00% 100% 100% 

Average accuracy 46.77% 89.11% 95.97% 

(4) AlexNet 

Normal 64.52% 64.51% 98.38% 

Outer  100% 100% 100% 

Inner 13.33% 98.38% 93.54% 

Roller 96.77% 100% 100% 

Average accuracy 68.54% 90.72% 97.98% 

Proposed CNN 

Normal 100% 75.80% 96.80% 

Outer 88.70% 100% 100% 

Inner 59.70% 96.80% 98.40% 

Roller 83.90% 100% 100% 

Average accuracy 83.06% 93.15% 98.79% 

4.5 Conclusions 

In the modern era, the high complexity industrial system can ensure reliability and safety 

thanks to the sensor devices that have become necessary modules in comprehensive systems. 

Acoustic emission signals have emerged as an intelligent and optimized solution that 

simplifies the fault diagnostic procedure with a sequence of sensors. In this study, data-driven 

methodology using an acoustic emission signal analyzed by envelope analysis and an 

enhanced continuous wavelet transform with the damage frequency band information was 

used to generate the new 2-D representation image (so-called DSWI) from the 1-D signal. 

This DSWI shows the discriminate pattern and correlates with the defect frequencies for each 

type of fault in bearings helping to improve the performance of the machine learning methods 

for bearing fault diagnosis. The purpose of this study is also to propose a CNN architecture 

that is suitable for separating the DSWI from different types of faults in bearing. To validate 
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the diagnostic result of the proposed approach, the data collected from an elaborately self-

designed testbed are deployed. Then, the experimental findings imply that the CNN classifiers 

achieved greater than 98% accuracy and other evaluation parameters also outperformed the 

current state-of-the-art. By incorporating the deep learning-based structure with the new time-

frequency domain-based 2-D representation, the proposed method is efficacious, with great 

accuracy and no need for the feature selection stage. In addition, a collated comparison with 

some well-known methods in literature is executed and indicates that the DSWI with the CNN 

algorithm can become a promising method for bearing fault diagnosis. 

 

 

 

 

 

 



 
 
Chapter 5: Incipient Fault Diagnosis in Bearings under Variable Speed Conditions using 

Multiresolution Analysis and a Weighted Committee Machine  66  

66 
 

Chapter 5  

Incipient Fault Diagnosis in Bearings under Variable Speed Conditions 

using Multiresolution Analysis and a Weighted Committee Machine 

5.1 Introduction 

Bearings are the leading cause of failure in induction motors, and 51% of failures are 

attributed to a defective bearing [101]. These failures can cause unscheduled and costly 

shutdowns. The early detection of these defects is helpful in preventing such abrupt shutdowns. 

The initiation and propagation of cracks in the bearing material is associated with the sudden 

release of energy, which propagates as structure-borne waves or acoustic emissions (AEs). 

AE activity can be used to detect material defects in bearings; thus, acoustic emissions are 

commonly used to monitor the condition of bearings, especially for the diagnosis of incipient 

faults [102]. 

Localized defects in bearings, including cracks on the roller and inner/outer raceways, can 

be diagnosed via envelope analysis of the AE signals. This involves the detection of peaks in 

the power spectrum of the AE envelope signal at the characteristic frequencies associated with 

each defect type, such as 2 $ BSF, BPFO, and BPFI [103]. However, since these are kinematic 

quantities, these characteristic frequencies depend on the rotation speed and bearing geometry. 

Therefore, envelope analysis-based methods are of limited utility in the diagnosis of bearing 

faults under variable speed conditions. Khan et al. proposed a vibration signal imaging-based 

method for rotational speed-invariant fault diagnosis in bearings [104]. In their technique, they 

render the vibration acceleration signal as a grayscale image and use texture descriptors, which 

are based on the local binary operator, for the diagnosis of different faults. The high rotational 

speed of bearings and the lower sampling rate (12 kHz) resulted in clearly distinguishable 

textures and easy to handle image dimensions for the data [104]. However, acoustic emissions 

are sampled at very high sampling rates (such as 250 kHz for this study) because their 

frequency content lies within the range of 20 kHz to 1 MHz [102]. Imaging-based methods 

would result in very large images with sparsely distributed textures. Moreover, AE signals are 

usually used for incipient fault diagnosis at low rotational speeds [103], resulting in lower 
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impulses in the AE data; thus, AE signals would be rendered as barely visible textures by an 

imaging-based method. 

Feature extraction based methods usually extract features from the raw condition monitoring 

signals, i.e., vibration acceleration or AE, and then use those features to develop 

discriminatory models of the data to classify different bearing defects [13]. However, under 

variable speed conditions, features extracted from the raw AE signal, result in overlapped 

feature spaces that result in poor discriminatory models. In this study, an improved feature 

extraction method is proposed to diagnose incipient bearing defects. The proposed method 

decomposes the raw AE signal into different sub-band signals using the discrete wavelet 

packet transform (DWPT), which is more effective for the multiresolution analysis of non-

stationary signals [105]. A feature vector is extracted from each subband signal, resulting in 

multiple feature vectors from the raw AE signal. In contrast, traditional feature extraction 

methods extract a single feature vector from the raw AE signal. The feature vectors extracted 

from different sub-bands of the original AE signal result in models of the fault data that are 

discriminatory, even under variations in the rotational speed, as shown by the results in 

Section 4. The weighted committee machine (WCM), which is an ensemble of SVMs and 

ANNs, is employed to build discriminatory models of the feature vectors for different bearing 

defects. 

5.2 The Acquisition of Acoustic Emission Data 

For this study, acoustic emission data for both normal and defective bearings are captured 

using a wide-band AE sensor; these are recorded at a sampling rate of 250 kHz using a PCI-2 

system. These signals are then divided into two datasets based upon the defect size, as shown 

in Table 5.1. Each dataset has signals for a BNC and bearings with seven types of localized 

defects, including ORCS; IRCS; RECS; cracks on the inner and outer raceways (BCIO); 

cracks on the outer raceway and roller (BCOR); cracks on the inner raceway and roller (BCIR); 

and cracks on the inner raceway, outer raceway, and roller (BCIOR). For each of these eight 

bearing conditions, 90 AE signals are recorded at five different rotational speeds each, as 

given in Table 5.1. The length of each AE signal is five seconds. Each of the two datasets 

contains a total of  ∑ ∑ 90⟨R£%�>:p-⟩¾̂*¿QIÀÁ<¥e�_He<??A?QI ,  i.e., 3600 AE signals. 
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Table 5.1 Classification result of the proposed method compare with vibration image method 

Single and compound seeded bearing 
failures (90 AE signals for each bearing 
condition), fs=250kHz 

Rotating speed (RPM) 
Crack size (mm) 

Length Width Depth 

Dataset 1 300, 350, 400, 450 500  3 0.35 0.3 

Dataset 2 300, 350, 400, 450 500 6 0.49 0.5 

 

5.3 The Proposed Methodology for Speed-Invariant Fault Diagnosis 

Figure 5.1 presents the proposed methodology for incipient fault diagnosis in bearings under 

variable speed conditions. The proposed method employs DWPT for the effective 

multiresolution analysis (MRA) of a non-stationary AE signal [106].  

 

Figure 5.1 The proposed method for incipient fault diagnosis under variable speed conditions using 
a WCM 
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Figure 5.2 shows measured AE signals, envelope signals via analytical analysis, envelope 

power spectra for a defect-free bearing (i.e., normal) and defective bearings (i.e., a bearing 

with a crack on its outer race (BCO), a bearing with a crack on its inner race (BCI), and a 

bearing with a crack on its roller (BCR)). Bearing characteristic frequencies (i.e., BPFO, BPFI, 

and BSF) can be computed as follows: 

 

 

Figure 5.2 The proposed method for incipient fault diagnosis under variable speed conditions using 
a WCM 
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��� � >cdeeAc ⋅ �c2 `1 � �)�) +,- [a, (5.1)

���1 � >cdeeAc ⋅ �c2 `1 � �)�) +,- [a , (5.2)

�%� � �) ⋅ �c2 ⋅ �) Ã1 � `�)�) +,- [a#Ä , (5.3)

where BPFO is the ball pass frequency of the outer race, BPFI is the ball pass frequency of 

the inner race, and BSF is the ball spin frequency, nroller is the number of rolling elements, Bd 

is the diameter of rolling elements, Pd is the diameter of a pitch, fr is the rotating speed, and α 

is the contact angle between the rolling element line and the inner raceway of the bearing 

[103]. 

The proposed method employs DWPT for the effective MRA of a non-stationary AE signal 

[106]. Using the Daubechies 15 mother wavelet, the AE signals are decomposed into two 

resolutions to generate four sub-band signals, where the frequency range of each sub-band 

according to the Nyquist theorem are 0 ~ 31.25 kHz, 31.25 ~ 62.5 kHz, 62.5 ~ 93.75 kHz, and 

93.75 ~ 125 kHz in the sampling rate of 250 kHz. For each sub-band signal, 19 statistical 

quantities are calculated, as given in Tables 5.2 and 5.3. Thus, for each AE signal, a set of 

four feature vectors is extracted (i.e., one from each of its four sub-bands). The number of 

sub-bands is determined empirically to extract sufficient discriminatory fault information for 

rotational speed-invariant fault diagnosis. Traditional feature extraction methods for bearing 

fault diagnosis, extract features from the raw fault signal only, i.e., vibration acceleration or 

AE signal. However, as demonstrated by the results in Table 5.4, it results in poor 

discriminatory models for different fault types, under variable speed conditions. The 

discriminative performance of these models improves when the raw AE signal is decomposed 

into different sub-bands, and feature vectors extracted from those sub-bands are used to 

construct discriminatory models for different types of bearing faults or defects. The AE signals 

are decomposed into four sub-bands only, as further decomposition does not significantly 

improve the diagnostic performance of the proposed method and only adds to the complexity 

of the WCM.  
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Table 5.2 The three statistical features of the frequency-domain AE sub-band signal. Here, S(f) is the magnitude response of the FFT of x(n) and 
Ntfreqbin is the total number of frequency bins. 

Feature Equation Feature Equation Feature Equation 

Frequency center 
(FC) 

1B�ÅcAÆ"@Ç T %���!ÈÉUÊËÌOÍ
ÇQI  

RMS 
frequency 
(RMSF) 

Î 1B�ÅcAÆ"@Ç T %���#!ÈÉUÊËÌOÍ
ÇQI  

Root variance 
frequency (RVF) Î 1B�ÅcAÆ"@Ç T %�� � �4�#!ÈÉUÊËÌOÍ

ÇQI  

 

Table 5.3 The 16 statistical features of the time-domain AE sub-band signals. Here, x is an input signal, N is the total number of samples. 

Feature Equation Feature Equation Feature Equation 

Peak (xpeak) 9:��|��>�|� RMS frequency (RMSF) 
�c;?1B ∑ |��>�|!ÇQI  Mean (�̅) 

1B T ��>�!
ÇQI  

Root-mean-square (xrms) Î1B T ��>�#!
ÇQI  Entropy � T F�>�. p,# F �>�!

ÇQI  Shape factor square-
mean-root 

�?;c1B ∑ |��>�|!ÇQI  
Kurtosis 

1B T Ã��>� � �̅� ÄÐ!
ÇQI  Skewness 

1B T `��>� � �̄� aÑ!
ÇQI  Peak-to-peak (PP) 

9:�C��>�D � 9�>C��>�D 
Crest factor 

9:��|��>�|��?;c  Square-mean-root (xsmr) ²1B T �|��>�|!
ÇQI ³# Kurtosis factor 

Ò¶{�,-�-'1B ∑ ��>�#!ÇQI /# 
Clearance factor 

��A<G�?;c  Fifth normalized moment 
1B T `��>� � �̄� a¾!

ÇQI    

Impulse factor 
9:��|��>�|�1B ∑ |��>�|!ÇQI  Sixth normalized 

moment 
1B T `��>� � �̄� aÓ!

ÇQI    
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Table 5.4 Average classification accuracies and sensitivities for single and multiple combined 
bearing defects using different levels of decomposition of the original AE signal 

Datasets 
No of 
sub-

bands 

Average sensitivity for each fault type 
ACA(%) 

BCI BCO BCR BCIO BCIR BCOR BCIOR BNC 

Dataset 1 

1 100 80 100 91.11 86.66 97.77 86.66 97.77 92.50 

2 95.55 100 97.77 88.88 91.11 91.11 91.11 100 94.44 

4 100 90 100 100 98.88 98.88 95.55 97.77 97.64 

8 96.66 100 100 97.77 98.89 98.88 93.33 96.66 97.77 

Dataset 2 

1 93.33 97.77 93.33 95.55 82.22 100 91.11 97.77 93.88 

2 97.77 97.77 95.55 100 95.55 97.77 93.33 100 97.22 

4 98.88 98.88 95.55 100 95.55 100 98.88 100 98.47 

8 100 100 100 97.77 95.55 97.77 100 100 98.89 

 

These feature vectors are used to train the WCM and subsequently classify unknown AE 

signals. The WCM is an ensemble of two classifiers: support vector machine committee 

groups (SVMCGs) in the first stage and artificial neural networks as a combiner (ANNC) in 

the second stage. The SVMCGs in the first stage are used as a prior classifier, whereas the 

ANNC in the second stage combines the outputs of individual members of each SVMCG. In 

this study, the first stage of the WCM has eight SVMCGs (i.e., one for each fault class). There 

are four SVM committee members in each SVMCG, which are trained on the feature vectors 

from the corresponding sub-band signals. All the SVMs in an SVMCG are trained using the 

one-against-all (OAA) MCSVM framework. Thus, each SVMCG is used to create a 

discriminatory model that can identify a single fault type, independent of the rotational speed, 

using feature vectors extracted from the four sub-bands of the original AE signal. The outputs 

of each SVMCG (i.e., the four decision values of its member SVMs) are then used to train the 

artificial neural networks in the second stage, which act as a combiner for the first stage 

outputs. The WCM labels an unknown AE signal using the index of the maximum value in 

the ANNC outputs. 

The SVM is a supervised binary classification algorithm that finds the largest margin 

hyperplane in the feature space of two classes. This hyperplane is then used to label test 

samples from both classes. It can solve nonlinear classification problems by mapping them to 

high-dimensional feature spaces using kernel functions [107]. This study uses the Gaussian 
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radial basis function (RBF) as a kernel function. Using Lagrange multipliers, the SVM 

algorithm can be reduced to solve the following optimization problem: 

:{9:�ÔO ÕT [@
Ç

@QI � 12 T T [@[�~@~�Ò��@ , ���Ç
�QI

Ç
@QI Ö , 

-¶un�+� �, T [ ~@ @ � 0,   0 ≤ [@ ≤ 4,  ∀� � 1,2, . . . , >Ç
@QI  (5.4)

 

Here, �@  and ��  represent samples from the training dataset, [@  represents the Lagrange 

multiplier, and 4 is a penalty variable for tuning the generalization performance of the SVM. 

The corresponding classification function for the SVM is as follows: 

���� � ->Ù����Ú, �ℎ�{�  ���� � T [@∗~@∗Ò��@∗, ��Ç
@QI � u, (5.5)

 

Here, [@∗ represents the Lagrange multiplier corresponding to the support vector �@∗. The 

decision value ���� ranges between �∞ to �∞ and represents the signed distance of an 

unknown observation � from the decision boundary. A positive decision value for a class 

indicates that � is predicted to be in that class, whereas a negative value indicates otherwise 

[108].  

In the second stage of the WCM, single-layer ANNs with only one neuron in the output layer 

are trained independently as a binary classifier in the OAA strategy; this is done using the 

Levenberg-Marquardt (LM) backpropagation algorithm [109]. Single-layer ANNs are used 

due to their simplistic structure and their ability to classify linearly-separable patterns. The 

output neurons use the sigmoid activation function; thus, the output of each ANNC lies 

between 0 and +1. The class label for the unknown sample �̄ is determined using the decision 

function in (4), where ~@ is the output of the ith ANNC. 

���̄, ~I, ~#. . . ~À� � :{9:�� ~@� (5.6)
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Overfitting can reduce the generalization performance of an ANN, but this can be improved 

through a variety of techniques, including early stopping, regularization, and retraining [110]. 

This study utilizes these methods to improve the generalization of the ANNC, as illustrated in 

Figure 5.3. The ANNC is trained using the decision values from SVMCG, which are divided 

into training and validation subsets at ratios of 0.7 and 0.3, respectively.  

The performance function of the ANNC is modified by adding the mean of the sum of 

squares of the network weights and biases, 9-�, as given in Equation (5.7). 

9-�{� � � ∗ 9-� � �1 � �� ∗ 9-� (5.7)

 

Here, � is the performance ratio and 9-� is the mean of the sum of squares for the network 

errors. This modified performance function smooths the network response, making it less 

likely to overfit; this is done by forcing it to have smaller weights and biases. The training and 

validation steps are repeated multiple times for different values of � to find the optimal value 

in the interval [0 1]. The above process is repeated to train several ANNCs and find the one 

with the best generalization. 

 

Figure 5.3 The algorithm for optimizing the ANN committee 
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5.4 Experimental Results and Discussion 

The proposed method for speed-invariant fault diagnosis in bearings is validated using the 

datasets presented in Table 5.1. Each dataset is divided into two subsets: one for analysis and 

the other for evaluation. For each bearing condition, 50% of the AE data signals are used to 

construct the analysis dataset, while the remaining 50% are used to set up the evaluation 

dataset. The AE signals in the analysis set are decomposed into two, four and eight sub-band 

signals each. For each level of decomposition, 19 features are extracted from each sub-band 

signal. These feature vectors are used to train the SVMCGs of the WCM using the OAA 

framework. The SVMCG reduces the 19 features into a single decision value that is more 

discriminative; this is then used to train the ANNC in the second stage, as discussed in Section 

3. Figure 5.4 shows the four decision values from SVMCG 1 for the 240 AE signals in the 

analysis set, when each AE signal is decomposed into four sub-band signals.   

The trained WCM is then used to classify the feature vectors extracted from different sub-

bands of unknown AE signals in the evaluation dataset. The results in Table 5.4 indicate that 

the diagnostic performance of the proposed method, in terms of classification accuracy and 

sensitivity (i.e., the probability of correctly detecting a given fault), improves significantly 

when the WCM is trained using features vectors that are calculated for the original AE signal 

at multiple resolutions. The proposed method correctly detects incipient bearing faults of two 

different dimensions with average classification accuracies of 97.64% and 98.64%, 

respectively, when the original AE signal is decomposed into four sub-bands. However, 

further decomposition of the AE signal does not result in any significant improvement in 

Figure 5.4 The decision values of SVMCMs in SVMCG 1 
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diagnostic performance, as shown in Figure 5.5.  

 

5.5 Conclusions 

Existing AE-based methods for the diagnosis of incipient defects in bearings, especially 

techniques that use envelope analysis, are not invariant to changes in a bearing’s rotational 

speed. This is the case because they rely on the detection of peaks at characteristic defect 

frequencies in the envelope power spectrum of the AE signals, and these defect frequencies 

vary with the bearing’s rotational speed. In this study, an improved feature extraction-based 

method is proposed for the diagnosis of incipient defects in bearings, under variable speed 

conditions. The proposed method decomposes the non-stationary AE signal into different sub-

bands using DWPT. It extracts 19 statistical features from each sub-band signal to form feature 

vectors, which are then used to train the weighted committee machine. The WCM is an 

ensemble of support vector machines and artificial neural networks. Our experimental results 

show that the proposed method can effectively diagnose both single and combined bearing 

defects under variable speed conditions. Moreover, the advantages of decomposing the AE 

signal into different sub-bands are not unlimited, i.e., the improvement in diagnostic 

performance wanes when the AE signal is decomposed into more than four sub-bands for 

feature extraction.

 

Figure 5.5 The performance of different number of sub-bands for datasets 1 and 2 
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Chapter 6  

A New Fault Classification Scheme Using Vibration Signal Signatures and 

the Mahalanobis Distance 

6.1 Introduction 

Induction motors are complex electromechanical devices used in most industries in 

applications such as industrial fans, blowers and pumps, and conveyors and compressors. 

However, they are susceptible to many types of faults, and malfunctioning motors can cause 

large economic losses. Although the costs to repair or refurbish the motors themselves might 

not be substantial, the costs associated with downtime can be enormous [111]–[116]. Thus, 

condition monitoring systems for electrical machines play important roles in the safe operation 

of machinery and expand the motors’ lifetimes by providing adequate warning of imminent 

failures, diagnosing present maintenance needs, and allowing workers to schedule future 

preventive maintenance and repair work, thereby avoiding heavy production losses, and 

maximizing uptime and optimum maintenance schedules. Early fault diagnosis techniques 

allow machine operators to have the necessary spare parts on hand before the machine is 

stripped down, thereby reducing outage times. Furthermore, fault prognosis systems can be 

integrated into maintenance policies, allowing usual maintenance at specific intervals to be 

replaced by condition-based maintenance [112], [115]–[117]. 

Many papers in the literature address the problem of identifying faults in induction motors 

by monitoring the motor status. Researchers have mainly used stator current, voltage, and 

vibration signals as the inputs for fault detection systems. Among them, vibration signals are 

preferable because they link directly to most machines’ operational and maintenance stages. 

Vibrations are consequences of defects in a machine’s structure; therefore, identifiable fault 

signatures can be found in vibration signals. Axial and radial acceleration sensors are used to 

detect mechanical problems, and tangential acceleration sensors are used to detect electrical 

problems. Thus, vibration monitoring is the most effective and reliable method for identifying 

faults in induction motors [118]–[120]. 

In general, condition-monitoring schemes have been widely used to identify specific failure 
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modes in one of the three main induction motor components: stator, rotor, and bearings. 

Several conventional vibration and current analysis techniques exist by which certain faults 

in rotating machinery can be identified for repair. Many researchers have applied advanced 

signal processing techniques over the measured physical magnitude to obtain good feature 

vectors for use as reliable fault indicators. 

The existing techniques can be classified into three domains: time-domain analysis (mean, 

peak, peak-to-peak interval, standard deviation, crest factor, high-order statistics: root mean 

square (RMS), skewness, kurtosis, etc.) [120]–[124]; frequency-domain analysis (e.g., FFT, 

envelope analysis, spectral analysis) [118], [120]; and time-frequency domain analysis (e.g., 

wavelet transform) [119]. Based on the three domains, many features can be generated from 

vibration data. The original feature set from each of the three domains generally has high 

dimensionality, which under low variability from healthy and unhealthy states can complicate 

defect detection and degradation propagation prediction. Therefore, it is important to devise a 

systematic approach that can extract the most useful information about machine health states. 

Several methods have been introduced to reduce or select optimal features: linear and 

nonlinear principal component analysis [125], independent component analysis [120], and 

singular value decompositions [126], for example. 

To the best of our knowledge, most methods follow the same rules. So-called “universal” 

feature generation and reduction methods are applied to all classes to derive distinctive 

condition signatures. That is a time consuming and difficult way to find a proper extraction 

method because the signature of a defective motor occurs within a wide frequency band and 

can be masked by noise. Instead of looking for highly significant features, this study aims to 

design and develop an effective method to generate different features to enhance the 

performance of a diagnosis system that will be able to learn new class signatures. 

 We select vibration signals, which are inexpensive and easy to measure, as the fault 

diagnosis system input for detection and classification. We then use spectral envelopes 

(spectral masks) and fast Fourier transforms to specify the harmonic components of a 

vibration signal. These signals model a particular motor failure signature such that the system 

can detect and classify comprehensive fault conditions in induction motors, as indicated in 
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[83]. With subsequent vibration readings taken under identical conditions, we can determine 

whether any deterioration that affects the vibration signatures has taken place in the machine’s 

condition. In the classification task, we use the Mahalanobis distances between a test sample 

and known faulty signatures to measure the similarity between the sample and the signatures, 

so that the minimum distance indicates the name of the fault. 

The remainder of the paper is organized as follows. Section 2 surveys the fault-related 

frequencies and harmonics of vibration signals from faulty induction motors. Section 3 

presents the proposed vibration signature production method and diagnosis model. Section 4 

presents a discussion of our experimental results, including comparison with several published 

algorithms. Section 5 concludes this chapter. 

6.2 Fault-Related Harmonics in Vibration Signals 

We consider seven different motor conditions in this study, six mechanical faults: rotor 

unbalance (RU), broken rotor bar (BR), bowed rotor shaft (BS), faulty bearing (FB), angular 

misalignment (AM), and parallel misalignment (PM); and one healthy condition (NO). 

6.2.1 Rotor unbalance (RU) 

The motor speed can be identified by a peak in the spectral range, which is determined by 

the number of poles in the rotor. If a motor is out of balance or misaligned, the fault signature 

normally takes the form of increased amplitude of the rotating frequency and its harmonics. 

Vibration analysis can provide a quick and relatively easy way to extract information about a 

rotor unbalance fault in an induction motor. 

6.2.2 Faulty bearings (FB) 

The characteristic fault frequencies for FB depend on which bearing surface contains the 

fault, and they are predictable. In addition, bearing vibrations often occur at very high 

frequencies. From the geometry of the bearing, various theoretical frequencies can be 

calculated, such as the inner and outer race element pass frequencies, cage rotational 

frequency, and rolling-element spin frequency. A defect on the outer race will cause an 

impulse each time the rolling elements contact the defect. The theoretical ball pass outer 
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raceway frequency (fBPOF) is easily determined as 

�(*ÜÁ � >2 �c60 21 � �\ +,- Þ3, (6.1)

 

where ϕ is the ball contact angle with the races; D is the ball pitch diameter, measured from 

one ball center to the opposite ball center; d is the ball diameter; n is the number of balls in 

the bearing; and ωr is rotational speed in revolutions per minute (rpm). This vibration 

frequency (fBPOF) reflects itself in the current spectrum as follows: 

�(^! � ��ß ±  9�(*ÜÁ�, (6.2)

 

where m = 1, 2, 3,..., and fs is the electrical supply frequency. 

6.2.3 Broken rotor bar (BR) 

The space harmonics (fBB) components indicate a BR defect in an induction motor: 

�(( � 25�1 � -F � ± -3 �?, (6.3)

 

where s is the per-unit motor slip, p is the number of poles in the motor, and k/p = 1, 3, 5, ... 

denotes the characteristic values of the motor. The sideband components around the supply 

current frequency fs are as follows: 

�(^( �  �1 ±  25-��ß , (6.4)

 

where fBRB denotes the sideband frequencies associated with the BR. The slip s is defined as 

the relative mechanical speed of the motor nm with respect to the motor synchronous speed ns 

as follows: 
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- � >? � >;>? , (6.5)

 

The motor synchronous speed ns is related to the electrical supply frequency fs as follows: 

>? � 120�?� , (6.6)

 

where P is the number of poles in the motor, and the constant 120 expresses the motor’s 

synchronous speed ns in rpm units. 

6.2.4 Bowed rotor shaft (BS) 

When a motor runs with a bowed shaft, the vibration spectrum appears quite similar to that 

in an imbalance condition. A bowed shaft can be detected by measuring the separated shaft 

with a dial indicator. A bowed rotor shaft is an out-of-balance condition and shows up as a 

1X-rpm and 2X-rpm vibration. 

6.2.5 Rotor misalignment (parallel (PM) and angular (AM)) 

Rotor misalignment results in a non-uniform air gap. Misalignment-related faults commonly 

occur as a result of FB. Higher orders of misalignment can cause rotor-to-stator rub, resulting 

in damage to the rotor or stator windings or cores. 

6.3 Proposed Method 

Our proposed fault classification system generates different fault-related features to enhance 

the accuracy of its classification decisions. The system is depicted in Figure 6.1.  In Section 

2, we discussed the fault-related theoretical harmonics. The proposed approach exploits those 

different harmonics for online identification of induction motor states. First, we generate the 

signatures of the condition vibration signals in a training stage, and then we use those 

signatures as motor condition indicators in online detection and classification of induction 
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motor defects. 

6.3.1 Production of fault signatures in vibration signals 

Signature production contains two phases, as depicted in Figure 6.2. The first phase specifies 

the set of relevant frequency bands and weights, where the frequency bands are the harmonic-

related frequencies in each kind of vibration signal, and the weights are the values of the 

spectral envelope at each frequency band. In this study, we use the all-pole model to define 

the spectral envelope because it directly describes a power spectrum and hence can be easily 

combined with our harmonics structure model, which is defined on a linear frequency axis.  

Figure 6.2 (a) shows the three concise steps we use to generate the frequency bands and 

weights phase. 

 

 

Figure 6.1 Proposed online fault classification system 

 

Figure 6.2 Fault signatures in the vibration signal generation process 
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 Phase I: 

 Step 1: Use one-second faulty vibration signals to calculate linear predictive coding 

(LPC) coefficients {ak}, where k=1,2,…, and P is the LPC order. The spectral 

envelope of the vibration signal is then defined by the frequency response of the all-

pole filter, H(z): 

��[>] � T :G�[> � 5]*
GQI , (6.7)

á��� � 1R��� � 11 � ∑ :G��G*GQI , (6.8)

 

 Step 2: Apply the expectation and maximization algorithm to estimate the mean 

spectral envelope from all the training samples for a specific motor condition. 

 Expectation step: Calculate the expected value of the log likelihood function with 

respect to the conditional distribution of Z given X under the current estimate of 

parameter θ(t) 

â�.|.���� � £ã||ä,å���[p, � �.; ç, è�], (6.9)

 

where θ(t) is the current parameter estimation, and θ is the unknown actual 

parameter X. 

 Maximization step: Find the parameters that maximize this quantity 

.�� � 1� � :{9:�å â�.|.����. (6.10)

 

 Step 3: Determine the frequency bands and weights. The peaks, or local maxima of 

the mean envelope of a specific motor condition, first defined in step 2 are found by 

first-order optimization techniques (gradient ascent method) on the frequency axis in 
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steps proportional to the positive of the envelope gradient at the current point. 

�ÇlI � �Ç � �Ç é����é� ,    > ≥ 0, (6.11)

 

Therefore: 

���¢� ≤ ���I� ≤ ���#� ≤ ⋅⋅⋅. (6.12)

 

The sequence {fn} converges to the desired local maxima. The interested frequency bands 

contain the harmonics and neighborhood frequencies of the vibration signals of the specific 

induction motor faults, defined by the valley frequencies adjacent to the peak frequencies. 

Weights at the frequencies are values of the spectral envelope if the frequencies are in the 

band and are zeros if the frequencies are outside the band. 

 Phase II: 

The second phase, shown in Figure 6.2 (b), uses the set of frequency bands and weights 

calculated in phase I to calculate the covariance matrix and mean vector of the fault signature. 

This phase contains three steps. 

 Step 1: Determine FFT of the vibration signal to obtain the power spectrum 

ê�9� � 1B T ��>���>����#;�Á Ç!�I
ÇQ¢ , (6.13)

where N is the number of points used to calculate the discrete Fourier transform (DFT), 

0≦n≦N-1, and ω(n) is the Hamming window function given by: 

��>� � � `0.5 � 0.5 +,- 2�>B � 1a. (6.14)

 Step 2: Find the inner product of the power spectrum for each frequency band and 

weight determined in phase I. 

 Step 3: Apply the expectation and maximization algorithm to find the covariance 
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matrix and mean vector of all training samples. 

This procedure applies to each fault to generate its own signature. Thus, for our seven motor 

conditions, we need to run the process seven times to create seven signatures. The vector 

dimensions are unequal because the number of harmonics in the vibration signals varies from 

fault to fault, as explained in Section 2. 

6.3.2 Online detection and classification system 

Figure 6.1 (b) shows the schema of our online classification system based on the fault 

signatures in the vibration signal. The acquisition system receives the vibration signals from 

sensors attached to the induction motor. The vibration signal in the time domain is transformed 

to the frequency domain by fast Fourier transform. The power spectrum of the vibration signal 

then simultaneously feeds to the 7 fault models, which each have 3 components: set of 

frequency bands and weights, covariance matrix, and mean vector. The set of harmonics and 

its neighbor frequencies vary from signature to signature in number of bands and weight 

values within each band. For each model, the power spectrum is divided into a vector by an 

inner product operation between the spectrum and weight values in each band. The dimension 

of the output vector is the number of bands, which are defined in the signature production 

progress. We use the Mahalanobis distance to measure the similarity between the generated 

vector, represented by its mean value with the covariance matrix, and the fault signatures. In 

total, we calculate 7 Mahalanobis distances to classify the vibration signal to the 

corresponding fault category using the reference signature that gives the minimum distance to 

the vibration signal. Each signature model works as a binary classifier that can detect its own 

conditions against other motor conditions. 

Mahalanobis distance: Given unknown x, it is assigned to class ωi if 

�@ � ì�� � 9@�í%@�I�� � 9@�, (6.15)

where Si is the covariance matrix, and mi is mean point of the ith group. 
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6.4 Experimental Results 

6.4.1 Experiment and simulation setup 

To evaluate the performance of our proposed method, we set up an experimental testbed to 

acquire several different faulty vibration signals, as shown in Figure 6.1 (a). This setup 

consists of motors, pulleys, a belt, a shaft, and a fan with changeable blade pitch angle. We 

use 6 0.5kW, 60Hz, 4-pole induction motors to generate data under full load conditions. We 

collect NO and 6 fault signals: AM, PM, BR, BS, FB, and RU. Table 6.1 describes the 

different faulty conditions when the acquired vibration signals are sampled at 8 kHz. We use 

105 one-second-long vibration signals for each faulty condition. More detailed information 

about this experiment is available in [120]. 

Table 6.1 Details of fault conditions 

Fault condition Fault description 

Angular and parallel 
misalignment 

Rearing diameter: 40mm 
Housing maximum diameter: 40.7mm 

Broken rotor bar 12 of 34 rotor bars were broken by holes; depth: 15mm, diameter: 
5mm 

Bowed rotor shaft Shaft deflection in  
Mid-span: 0.075 mm, air gap: 0.025mm  

Faulty bearing Spalling on the outer race: #6203 

Rotor imbalance Unbalanced mass on the rotor: 8.4 g,  
Distance 40.2mm, position: 0°, 36°, 72° 

Phase imbalance Adding resistance to one phase 

 

In our experiment, we implement a minimum distance classifier for faulty vibration signals 

from induction machines. We carry out 10 trials to obtain the average result. For each trial, 

we use 34 randomly selected signals for each fault to generate the vibration signatures and 

total data for validation. Therefore, the test data contain 735 vibration signals for seven motor 

condition signal categories (AM, BR, BS, FB, NO, PM, and RU), 105 samples per fault, to 

validate the approach. A vibration signal in the test data is used to simultaneously generate 7 

vectors following steps 1 and 2 from phase II of signature production. Then we calculate 7 

Mahalanobis distances to measure the similarity of the vibration signal to all fault categories. 
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The fault is classified into the category with the minimum Mahalanobis distance. 

We consider the acquired vibration signals to be noiseless. To evaluate the efficiency and 

robustness of our work, we use simulated data with additive white Gaussian noise at Signal-

to-Noise Ratio (SNR) = 15 or 20 dB to the vibration signals. 

The accuracy values from our proposed approach are the highest for all kinds of conditions 

 

 

 

Figure 6.3 Performance under different conditions 
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at 100%, compared with the other 3 algorithms, which achieves 100% correct classification 

only for certain faults: AM, FB, PM, BR, FB, BS, and PM in [83](Figure 6.3). The general 

classification accuracy of our algorithm and the approaches in [121], [124] are 100%, 92%, 

97%, and 79%, respectively. Our approach outperforms the algorithms in [121], [124] in 

detecting NO and RU conditions with 100% and 91% precise condition indications, whereas 

the published algorithms have less than 60% and 75% accuracy. 

When we test the systems with noisy vibration signals, the accuracy of our approach 

decreases slightly to 98.18%, whereas the algorithms in [121], [124] show dramatic declines 

to 85.87%, 61.45%, and 74.78%, respectively. 

The strength of our algorithm over the others can be explained by two main reasons. First, 

our approach can precisely detect the characteristic harmonics of a vibration signal, which 

helps us detect the motor condition. Second, we extract different features for each condition, 

represented by the frequency bands and weights, which is far better than the existing extraction 

methods that apply to all kinds of motor fault categories. 

In addition to classification accuracy, the ability to detect an unknown state is an important 

requirement in an induction motor state monitoring system. The algorithm in [121] is 

originally designed to detect only bearing faults. With our dataset, we introduce other 

mechanical faults, such as rotor unbalance and angular misalignment. The approach in [121] 

seems unable to recognize the RU fault, having the very low accuracy value of 33.33% and 

0% when the SNR is 20 and 15 dB, respectively, even though this kind of fault is used to train 

the diagnosis system. Our approach automatically detects the distinctive fault-related 

frequencies and then focuses on those frequency bands to generate more discriminant vectors 

for the introduced classes. 

6.5 Conclusion 

Fault detection and classification are essential processes for manufactory automation, used 

mainly for condition-based maintenance. Generally, researchers have tried to find “universal” 

feature generation and feature reduction methods to derive distinctive fault features. The 

features then apply to a classification system that recognizes the fault name. This approach 
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has problems. For example, if a new class is taken into consideration, the extracted features 

can be ineffective at separating it out from existing classes, which can mean that extraction 

and selection algorithms need to be redesigned. To overcome those problems, we have found 

a way, which we believe to be the first of its kind, to accurately identify induction motor faults 

from vibration signals under noisy conditions; our system can also cope with a new group in 

the classification system. Our proposed algorithm, a viable alternative to online detection of 

induction motor defects, considers the differences in the fault-related frequencies in vibration 

signals. The features extracted from each specific fault differ from those of other faults. We 

can then use a modified minimum distance classifier to improve classification performance. 

Our experiments revealed that our technique shows a clear advantage over existing methods 

in classification accuracy in both noiseless and additive white Gaussian noise circumstances. 
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Chapter 7  

Heatmap-based Leakage Localization Algorithm using Acoustic Emission 

Sensor for Circulating Fluidized Bed Combustion Boiler Tube 

7.1 Introduction 

The importance of efficient energy conversion such as waste and biomass as a new 

renewable energy source that can replace coal required for thermal power generation is more 

emphasized as the recent high oil price situation continues, and environmental pollution 

problems emerge. Thermal power generation using a circulating fluidized bed boiler not only 

reduces the emission of nitrogen oxides (NOx) and sulfur oxides (SOx), which are the main 

causes of environmental pollution, but also can directly burn various fuels such as wastes 

other than coal and biomass. It is a thermal power generation method that is in the spotlight 

as [127]. However, the fluid medium, which is the main combustion target of the circulating 

fluidized bed boiler, is a small but hard pulverized coal-like solid, which hits and wears the 

water wall tube in the furnace. This causes steam leakage in the tube, which not only reduces 

the thermal conductivity of the circulating fluidized bed boiler, but also leads to shutdown, 

resulting in enormous economic losses [128]. 

In this study, a heatmap-based circulating fluidized bed boiler tube leakage location 

estimation algorithm was developed, which uses an acoustic emission sensor that can express 

the leakage location and degree of leakage in a heatmap of a circulating fluidized bed boiler 

for thermal power generation using an acoustic emission sensor. To verify the performance of 

the proposed algorithm, after attaching a 4-channel acoustic emission sensor to the testbed of 

the circulating fluidized bed boiler tube, the leakage location was estimated by collecting the 

acoustic emission signal of an artificial leakage. 
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7.2 Proposed Methodology 

7.2.1 Sensor localization method 

To estimate the sensor coordinates, the distance between each sensor of 4 channels is 

measured. The measured distance between sensors is defined as dij, which means the distance 

between the i-channel sensor and the j-channel sensor. The ruler of each sensor is calculated 

by solving the equation between the measured distance between sensors and the distance 

calculated through the coordinates of the sensors. The flow chart of the sensor coordinate 

estimation algorithm is shown in Figure 7.1. 

The coordinates of the 1-channel sensor and 2-channel sensor are defined as in Equation 

(7.1). 

%I � �0,0�, %# � ���-�I#, 0�. (7.1)

 

Figure 7.1 A block diagram of sensor localization algorithm 
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The distance between the 1-channel sensor and the 3-channel sensor is calculated by 

Equation (7.2), and the distance between the 2-channel sensor and the 3-channel sensor is 

calculated by Equation (7.3). 

���-�I#�# � �Ñ# � ~Ñ#. (7.2)���-�#Ñ�# � �## � 2�#�Ñ � �Ñ# � ~Ñ#. (7.3)

 

Through the system of Equations (7.2) and (7.3), the x and y coordinates of the 3-channel 

sensor can be calculated as in Equations (7.4) and (7.5), respectively. 

�Ñ � ��## � ���-�IÑ�# � ���-�#Ñ�#�. (7.4)

~Ñ � ì���-�IÑ�# � �Ñ#. (7.5)

7.2.2 Leakage localization method using heatmap 

Since the boiler water wall tube is welded between the membrane and the tube, the signal 

attenuation rate of the welded part and the non-welded part is different. After measuring the 

signal attenuation rate through an experiment, it is possible to calculate the amplitude weight 

for each position of the acoustic emission signal through Equation (7.6). 

£@��, ~� � �� � �@�#{I � �~ � ~@�#{# , � � 1,2,3,4. (7.6)

The heatmap can be calculated as the sum of the product of each sensor weight and the 

amplitude level of the signal collected from the corresponding sensor. 

ás � T £@ ∙ R@
Ð

@QI  (7.7)

7.3 Experimental Setup 

To verify the technology proposed in this study, a circulating fluidized bed boiler simulation 
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testbed was used. An artificial pinhole simulation system that can be opened and closed using 

a solenoid valve was used to simulate the pores. Figure 7.2 is a conceptual diagram of the 

artificial pinhole simulation system used in the experiment. 

 

 

Figure 7.2 A scheme of CFBC testbed for imitating tube leakage 
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The leakage of artificial pinholes in four different locations is connected to the tank through 

a pipe, and the leakage of the pinhole can be controlled through an electrically controlled 

solenoid valve and a control panel. Figure 7.3 shows a photograph of an artificial pinhole 

installed in a circulating fluidized bed boiler testbed. 

 

Figure 7.3 Photographs of CFBC testbed for imitating tube leakage 
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7.4 Experimental Result 

Figure 7.4 shows the heatmap according to the amplitude of the acoustic emission signal due 

to leakage of the 0.6mm pinhole located at the top and the upper left of the boiler tube. The 

part close to blue has low amplitude and the part close to red has high amplitude. The black 

dot means the sensor location for each channel. The blue circle marks a location near 99% of 

the maximum amplitude. As shown in Figure 7.4, all parts are marked with a color close to 

blue at the top, and a color close to red near the pinhole at 0.6mm pinholes. 

 

 

 

 

 

Figure 7.4 A concept of CFBC testbed for imitating tube leakage 
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7.5 Conclusions 

In this study, a heatmap-based location estimation algorithm is proposed using an acoustic 

emission sensor. The proposed algorithm consists of an algorithm for estimating sensor 

coordinates based on the distance between sensors and an algorithm for estimating the location 

of the leakage considering the damping rate of the membrane weld of the boiler water wall 

tube. The effectiveness of the algorithm was verified through an artificial leak experiment 

using a circulating fluidized bed boiler testbed. 
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Chapter 8  

Summary of Contributions and Future Works 

8.1 Introduction 

The main contributions of this dissertation and future aspects of the current work are 

given in this chapter. Section 8.2 highlights the main contributions of this dissertation whereas 

future research direction is given in section 8.3. 

8.2 Summary of Contributions 

The dissertation has focused on deep-learning and machine-learning-based fault 

diagnosis of industrial equipment. It covers the fault diagnosis of three types of industrial 

equipment, i.e., rotary machine bearings, induction motors, and CFBC boiler tube. Chapter 2 

to 4 are about the deep-learning-based fault diagnosis of bearings while chapter 5 and 6 focus 

on machine-learning-based fault diagnosis of bearings and induction motors, respectively. In 

chapter 7, CFBC boiler tube leakage detection and localization methods are introduced. The 

contributions of this dissertation to fault diagnosis are given below:  

• A new CNN-based rolling element bearing fault diagnosis approach was presented in 

chapter 2. The Proposed algorithm performs reliable fault diagnosis of bearings by 

resolving two issues; The first issue is that the trained neural network, in general, can 

be only reliable on the specific machine since the patterns of the raw signals strongly 

depend on the operating conditions of the machinery such as load, installation, external 

vibration, etc. The second concern is that the trained feature representation is 

uninterpretable due to the black box-like operation of the neural networks. To address 

the first issue, the proposed method utilizes NBCC as the input data of CNN rather 

than raw AE signal itself. Since the bearing characteristic frequencies are induced by 

appearing bearing failures, NBCC is a more effective representation for diagnosing 

the bearing failure symptoms. To resolve the second issue, this research applies Grad-

CAM to visualize important regions in NBCC. 

• In chapter 3, a new method to find a 2D-representation of AE signal is proposed based 

on the defect characteristic frequencies of bearing. This methodology generates SESI. 
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The SESI, which is constructed from envelope spectrum of vibration signal and 

filtered by frequency range covering the bearing characteristic frequencies, is consider 

as the new signature for different type of faults in bearing and is used to input to the 

classifier. The author also proposed a structure of CNN for classification different type 

of bearing defect by learning and extracting the knowledge from the SESI. The 

proposed methods solved two issues: 1) relevant feature extractions, 2) generalization 

of feature representations. In experiment, this study compares the classification 

accuracy of proposed method and traditional methods using dataset measured on two 

different machines. To validate performance of feature learning, the method is trained 

for one machine and tested for the other machine without any retraining process. In 

the experiment of learning the dataset of the laboratory-designed testbed and 

classifying the dataset of the RK-4 testbed, the existing algorithm achieved 42.7%, 

while the proposed algorithm achieved 94.5%. 

• In chapter 4, a novel 2-D representation method is created by combining CWT with 

filtering by the frequency range covering the bearing defect frequencies to generate 

DSWI. The constructed DSWI is considered as the new signature, which solves the 

modulation problem, reduces the nonstationary effect in the signal, demonstrates the 

distinct patterns for the different types of faults in bearings, and closely relates to the 

defect frequencies in the envelope spectrum. This study also introduces a specific 

architecture of CNN for classifying multiple fault types that occur in bearings by 

learning the specific features from the DSWI representations. To estimate the 

performance of the proposed approach, it has been evaluated using the laboratory 

dataset collected from the bearing testbed. Finally, the results of the proposed method 

are compared with other methods presented in the literature. 

• In chapter 5, an improved feature extraction method is proposed to diagnose incipient 

bearing defects. The proposed method decomposes the raw AE signal into different 

sub-band signals using DWPT, which is more effective for the multiresolution analysis 

of non-stationary signals. A feature vector is extracted from each sub-band signal, 

resulting in multiple feature vectors from the raw AE signal. In contrast, traditional 

feature extraction methods extract a single feature vector from the raw AE signal. The 

feature vectors extracted from different sub-bands of the original AE signal result in 
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models of the fault data that are discriminatory, even under variations in the rotational 

speed. WCM, which is an ensemble of SVMs and ANNs, is employed to build 

discriminatory models of the feature vectors for different bearing defects. 

• The study in chapter 6 aims to design and develop an effective method to generate 

different features to enhance the performance of a diagnosis system that will be able 

to learn new class signatures. Spectral envelopes and fast Fourier transforms was used 

to specify the harmonic components of a vibration signal. These signals model a 

particular motor failure signature such that the system can detect and classify 

comprehensive fault conditions in induction motors. With subsequent vibration 

readings taken under identical conditions, we can determine whether any deterioration 

that affects the vibration signatures has taken place in the machine’s condition. In the 

classification task, Mahalanobis distances between a test sample and known faulty 

signatures was used to measure the similarity between the sample and the signatures, 

so that the minimum distance indicates the name of the fault. 

• In chapter 7, a heatmap-based circulating fluidized bed boiler tube leakage location 

estimation algorithm was developed, which uses an acoustic emission sensor that can 

express the leakage location and degree of leakage in a heatmap of a circulating 

fluidized bed boiler for thermal power generation using an acoustic emission sensor. 

To verify the performance of the proposed algorithm, after attaching a 4-channel 

acoustic emission sensor to the testbed of the circulating fluidized bed boiler tube, the 

leakage location was estimated by collecting the acoustic emission signal of an 

artificial leakage. 

8.3 Future Works 

This dissertation presents and discusses deep-learning and machine-learning-based fault 

diagnosis of industrial equipment. Chapter 2 to 7 summarized contributions and the 

investigations carried out on the topics. Although, the study shows thoroughbred performance 

of fault diagnosis, some of these future topics are presented below: 

• Although it is true that the deep learning-based fault diagnosis method has superior 

performance compared to the existing machine learning-based fault diagnosis method, 
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the deep learning-based fault diagnosis method requires a large amount of data. 

However, it is difficult to secure a large amount of equipment failure data in an actual 

industrial site. Therefore, there is a need for continuous research on deep learning 

algorithms that can provide sufficient diagnostic performance even when the amount 

of data is small. 

• There is a limit to researching fault diagnosis technology through data collected using 

a testbed, and it is difficult to guarantee the reliability of the technology when applied 

to the field. Therefore, there is a need for a study on a technology that can generalize 

a deep learning model learned from data acquired in a specific environment, such as 

transfer learning. 

• Furthermore, there is a need for research and development of software and platforms 

that can fully utilize data-driven fault diagnosis methods. For example, there are 

studies on the database structure, a framework for learning, updating, and utilizing AI-

based fault diagnosis, and a framework for analyzing and managing big data. 
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