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Abstract

Rolling element bearings are critical components in industrial rotating machines.

Faults and failures of bearings can cause degradation of machine performance or even

a catastrophe. Therefore, it is significant work to perform bearing fault diagnosis and

prognosis (FDP) reliably and effectively. Diagnosis aims to detect and estimate the

fault state of bearing in real-time. Prognosis aims to conduct a long-term prediction

to predict the fault evolution and estimate the remaining useful life (RUL) of the

bearing.

Deep learning (DL) based FDP methods have become an important branch

of bearing FDP methods due to their powerful capabilities in feature automatic

learning, fault modeling, and fault identification. Although they have made

significant achievements in bearing FDP, there still exist some challenges and open

problems, especially for modern industrial systems that are often designed with

multiple complicated functions and operated under varying operating conditions and

environments. Most existing DL-based FDP methods are designed for stationary

operating conditions and are purely data-based, which often cannot guarantee good

results and high efficiency for FDP of modern industrial systems.

To overcome the challenges and improve the performance of the existing DL-based

bearing FDP methods, this thesis proposes some improvements of DL-based bearing

FDP methods in terms of structure optimization, adaptive learning strategy, FDP

algorithm execution strategy, etc. The proposed DL-based FDP methods can

generate better results in accuracy, efficiency, and robustness for bearing FDP tasks.

Deep belief network (DBN) and convolutional neural network (CNN) are two
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mainstream DL structures. They have different advantages and unique network

characteristics in various applications. This thesis is conducted based on these

two networks to improve their performance in FDP applications. This thesis first

proposes a deep belief network (DBN) and principal components analysis (PCA)

based approach for bearing fault classification. A particle swarm optimization

(PSO) based DBN adaptive training procedure is employed to optimize the DBN

structure. This approach provides an automatic, accurate, and effective bearing fault

classification solution.

To improve the accuracy and learning efficiency of the existing CNN-based bearing

diagnosis methods, a deep residual CNN is proposed for multi-task bearing fault

diagnosis. In the proposed approach, domain knowledge is integrated with monitoring

data to build the information map. Two attention modules are introduced to enhance

the discriminate feature learning ability. Two classifiers are employed for multi-task

diagnosis. This diagnosis method has significant improvements in terms of diagnostic

accuracy and training efficiency.

For the bearing diagnosis under varying speeds, a novel multi-scale discriminate

CNN based bearing fault diagnosis is proposed to deal with the challenges caused

by the varying speeds. The varying speed information is integrated with monitoring

data to build the information map. A multi-scale discriminate convolutional neural

network-based method is designed to enhance the learning ability for signals with

some specific characteristics. The extracted features are then employed to identify

bearing fault modes. Experimental results and comparisons show that the proposed

approach can achieve better performance in terms of accuracy and efficiency than

some state-of-the-art methods.

For bearing fault prognosis, this thesis proposes a hybrid Bayesian

estimation-based FDP framework with fault detection and multiple model fusion.

In the proposed approach, convolutional neural network (CNN) is used to detect
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fault and select appropriate fault dynamic model. To improve the performance,

continuous wavelet coefficient matrices (CWCM) power spectrum of vibration are

fused with operating conditions to build information maps for fault detection and

model selection. After a fault is detected, Bayesian estimation based FDP method is

triggered to estimate the fault state and predict the remaining useful life. In the FDP

process, Dempster-Shafer theory (DST) is employed to fuse prediction results from

different models if necessary. The bearing state and RUL can be estimated based on

PF-based estimation and fusion results.

The proposed methods are verified with different bearing case studies. The

experimental results are analyzed and compared with other state-to-art approaches,

which demonstrate that the proposed approaches have better performance. This

thesis provides a successful exploration and attempt of DL algorithms in dealing with

fault diagnosis and prognosis problems.
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Chapter 1

Introduction

1.1 Background and motivation

Rotating machinery systems play important roles in modern industries, such as wind

turbines, vehicles, helicopters, ships, and many other complex mechanical systems.

Bearings are pivotal mechanical components in rotating systems, as illustrated in

Fig. 1.1. Bearings typically operate under tough conditions, such as daily basis,

heavy load, high speed, and high temperature. Moreover, bearings often work

under ill-fitted conditions such as excessive loads, misalignment caused by improper

installation, waviness of raceway, and off-size rolling elements caused by unqualified

manufacturing. The harsh and ill-fitted working conditions can lead to bearing

faults, degradation, and complete failure. The degradation and faults of bearings,

if not processed in a timely and effective means, will affect machine production,

performance, reliability and may eventually lead to system failure or safety issues.

Unexpected faults and failures also cause significant economic loss.

Bearing faults are top contributors to the failure of rotating machinery systems.

For example, in wind energy systems, about 80% gearbox failures are caused by

bearing faults [1], about 41% total faults of induction motors are related to bearings

[2]. To ensure the reliability, as well as the effectiveness of machine maintenance and

logistics planning, and to meet the increasing demands for system safety, reliable and

accurate fault diagnosis drew more and more studies in recent years. Condition-based

maintenance (CBM) is an up-to-date maintenance strategy that is conducted based
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Figure 1.1: Rotating machinery system

on sensor measurements (such as vibration, acoustic emission, temperature, etc.)

from bearings and advanced algorithms. The maintenance plan can be optimized by

the availability of bearing health condition [3]. Bearing fault diagnosis and prognosis

(FDP) is an essential technique of CBM, which provides evidence of bearing fault

state in current and future time instants and bearing remaining useful life (RUL) for

maintenance decision-making. Besides, production planning can also be optimized

using the diagnosis and prognosis output to achieve a high productivity rate and

execution efficiency.

Rolling element bearings are one of the most widely used bearings in rotating

machinery systems. A rolling element bearing consists of an inner race, an outer

race, a number of rolling elements, and a cage to hold and evenly separate the rolling

elements. Bearing fault modes can be roughly divided as local faults and distributed

faults [4, 5]. Local faults are defined as single localized faults, such as pitting, scratch,

crack, hole, etc. Local faults can occur in any component of a bearing. Distributed

faults are defined as irregularities of bearing structures, such as misalignment of shaft
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or races, eccentric races, off-size rolling elements, roughness, etc. These faults can

be caused by excessive operational conditions, improper installation, and imperfect

manufacturing. In operation, distributed faults often cause excessive contact force

and friction, which will eventually lead to local faults. When bearings operate under

fault conditions, they cause certain characteristic signals that are excited in the form

of sound, vibration, energy, or acoustic emission.

Bearing FDP are systematic approaches to evaluate the health condition and

the RUL in real-time. Among the explored bearing sensing modalities, vibration

signals and acoustic emission (AE) measurement and analysis are the two well-known,

cost-effective, and most employed signals in bearing FDP. Bearing fault diagnosis

includes two tasks: fault detection and fault classification. Fault detection aims to

evaluate the bearing and determine whether a fault occurs. Fault classification aims

to identify or recognize the type of fault. The fault type includes fault location,

fault dimension, and other faults related information. Since the two tasks are all

pattern recognition tasks, they are generally achieved at the same time. Bearing

fault prognosis aims to predict the fault evolution process based on a dynamic fault

model and predict the RUL based on the current health condition and the use of

bearing.

1.2 Research state of bearing FDP

Numerous successes have been achieved for bearing FDP in the past few decades

in many rotating machinery systems [6]. The performance of bearing FDP, which

includes accuracy, efficiency, robustness, extensibility, depends not only on the quality

of bearing monitoring techniques, but also on the applied fault FDP techniques. This

section summarizes the research state of bearing FDP.
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1.2.1 Bearing fault diagnosis

The existing fault diagnosis techniques can be summarized as signal processing

methods, machine learning based methods, and deep learning based methods as shown

in Fig. 1.2. The procedure of bearing fault diagnosis consists of data pre-processing,

feature extraction, and fault classification. Data pre-processing is applied on raw

data to do some feature extraction, which is also known as feature engineering. Since

most bearing faults cannot be measured directly, feature extraction aims to extract

fault indicators or features from bearing monitoring data to indicate the fault state.

Therefore, it often requires that the extracted feature and fault state has a strong

correlation. The extracted features are then used for fault classification manually or

through intelligent algorithms.

Figure 1.2: Bearing fault diagnosis method overview
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1.2.1.1 Signal processing methods

Signal processing approaches mainly include two steps: feature extraction and

decision-making. Bearing monitoring signals, such as vibration and acoustic emission,

contain abundant information. However, the information is always submerged

with background noise, which makes it difficult to distinguish. Signal processing

methods rely on all kinds of single processing techniques to extract scalar indices to

evaluate bearing health conditions. The signal can be analyzed in the time-domain,

frequency-domain, and time-frequency domain. Time-domain signal processing

methods are the most straightforward techniques for detecting bearing faults. Many

of the time-frequency signal processing methods are conducted around the analysis

on statistical factors [7], like peak-to-peak value, kurtosis, root-mean-square (RMS),

crest factor, impulse factor, etc. Besides, some other time-domain analysis techniques

like time-synchronous averaging [8], time-shifting [9], are also employed for bearing

fault diagnosis. The bearing condition can be estimated from these statistical factor

values by comparing them with the values when the bearing is in the normal condition.

For example, RMS is compared with a recommended threshold value to estimate the

condition of a bearing in [10]. Multiple time-domain features, including waveform

length, slope sign changes, Wilson amplitude, etc., are used in [11]. Time-domain

signal processing methods are the most basic and easy-to-use methods for bearing

fault diagnosis. They show many disadvantages in practical applications. For

example, some of the fault characteristics will not show up in the time-domain,

especially for incipient faults. Besides, bearings are usually operated in noise

environments, and fault signals are submerged into noise. Therefore, time-domain

signal processing can just be employed in some elementary bearing fault diagnosis

tasks.

The occurrence of some bearing faults introduces some specific frequency

components in bearing monitoring signals. Frequency-domain signal processing
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methods can reveal the frequency characteristics effortlessly for bearing fault

diagnosis. Common frequency domain analysis techniques include fast Fourier

transform (FFT), short time Fourier transform (STFT), energy spectrum analysis

(ESA), etc. These techniques convert time-domain signals into frequency domain

spectrum to reveal the frequency information. Many frequency-domain signal

processing techniques have been proposed for bearing fault diagnosis. For example,

Henning et al. [12] analyzed the dominant mechanical resonance frequencies of rolling

bearings for fault detection. Wang et al. [13] adopted the kurtosis of temporal signals

that are filtered by STFT.

Bearing operating signals contain rich periodic components, which show different

frequency-related characteristics as non-stationary, cyclic, time invariance, etc.

Time-domain or frequency-domain methods alone are often difficult to reveal these

characteristics. Therefore, some time-frequency domain signal processing methods are

developed to analyze the signal in both domains. The common used time-frequency

techniques include wavelet transform (WT), empirical mode decomposition (EMD),

Wigner Ville distribution (WVD), etc. These time-frequency methods have proven

effectiveness in exploring non-stationary characteristics. For example, an empirical

wavelet transform (EWT) was proposed for fault diagnosis of wheel bearing [14]. The

method combined classic wavelet with EMD, which is verified suitable for processing

non-stationary vibration signals.

Although signal processing methods have some advantages and are successfully

applied in many practical rotating machinery systems, the disadvantages are also very

evident. In signal processing methods, bearing faults are manually diagnosed based

on the empirically determined and selected features from signal processing. However,

there exist many challenges in this process. For example, temporal analysis cannot

determine very similar fault-related components. Besides, fault-related signals are

not strong enough to be distinguished in terms of amplitudes, energy, etc., especially
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at the initial stages. It is a challenging work to build a relationship between selected

features and fault modes. The challenge lies in that manually selected features may

not be the optimal one for bearing fault diagnosis. Besides, the patterns or distinctive

characteristics of the features that can reveal the occurrence of a bearing fault may

be difficult or impossible for human being to identify, especially for the fault at early

stages and the bearing monitoring signal with a small signal-to-noise ratio. Signal

processing methods can only be used to detect a few well-defined fault modes, while

faults in real rotating machinery systems are often complicated. Therefore, signal

processing methods cannot guarantee satisfying performance for most bearing fault

diagnosis tasks. To find the exceptional fault introduced patterns, many machine

learning techniques are applied to learn and explore the patterns and relationships

hidden in features and bearing fault modes.

1.2.1.2 Machine learning based methods

Machine learning techniques are derived from artificial intelligence. They are

employed to find patterns from data. The broadly practiced machine learning

algorithms for bearing fault diagnosis include artificial neural network (ANN) [15],

support vector machine (SVM) [16], principle component analysis (PCA) [17],

k-nearest neighbor (KNN), etc. Machine learning algorithms can learn subtle

relationships between features and bearing fault modes. The trained machine learning

algorithms can make decision for bearing fault diagnosis based on the learned

relationship.

Another important branch of machine learning based bearing fault diagnosis

is fuzzy formalisms. In practical bearing diagnosis fields, the knowledge about

rotating machinery systems is necessarily incomplete and ambiguous. The reasons

can be summarized as follows: first, fault-related signals or characteristics cannot be

guaranteed to be fully observed; second, the volume of faulty data is always smaller
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than that of healthy data; third, bearing monitoring data are noisy, redundant, and

non-stationary; fourth, the relationship between bearing monitoring data and fault

types are not clear and hard to identify. Fuzzy formalisms can be used to explore the

inherent uncertainty and provide an insight into the linguistic relationships between

features and faults. The most applied fuzzy formalisms include neuro-fuzzy inference

system [18], neural-fuzzy inference system (ANFIS) [19], approximate entropy [20],

etc.

The general procedure of machine learning based methods also includes data

pre-processing, feature extraction, fault classification. In machine learning methods,

bearing faults are identified and classified using machine learning algorithms based on

the selected features. The machine learning based methods have achieved satisfying

performance for different applications. This benefits the development of complex

signal processing techniques and the intelligent recognition capacity of machine

learning algorithms. The feature extraction techniques in machine learning methods

are similar to those in signal processing methods. To improve the recognition ability

of machine learning methods, machine learning methods are often integrated with

various signal processing techniques, which include WT [21, 22], EMD [23, 24],

EWT [25, 26], ensemble empirical mode decomposition (EEMD) [27, 28], variational

mode decomposition (VMD) [29, 30], linear discriminant analysis (LDA) [31], local

characteristic scale decomposition (LCD) [32], etc. All these techniques attempt

to decompose the bearing monitoring signals in different scales to reveal some

fault-related hidden characteristics.

Many research works have studied the effectiveness of machine learning based

methods for bearing fault diagnosis. Most of the works are conducted based on the

above-mentioned feature extraction techniques and machine learning algorithms. An

intelligent EMD and ANN based bearing fault diagnosis approach was proposed in

[15], in which the most significant intrinsic mode functions (IMFs) are selected to
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train ANN. In [33], EEMD energy entropy and singular values are extracted using

EEMD as the features and an optimized SVM is applied to identify the fault type. A

composite multiscale fuzzy entropy and ensemble SVM method was proposed in [34].

In [19], an ANFIS was trained using the features extracted from wavelet transform

under the presence of load variations. More machine learning based approaches are

reviewed in [35–38].

Based on the above discussion, both signal processing methods and machine

learning methods rely heavily on feature extraction. The performance of bearing

diagnosis depends on the quality of feature extraction and selection. In this process,

complex signal processing and domain expertise are always involved in selecting

reasonable features for diagnosis. Besides, traditional machine learning algorithms

are often assembled with shallow structures. There are some challenges when dealing

with fault diagnosis tasks for some complex systems and the faults at their early

stages. Even the features are effectively and professionally selected with expert

knowledge, the fault patterns are still not obvious due to the interference of noise and

fault-independent signals. Therefore, the diagnosis accuracy and efficiency cannot be

guaranteed for modern rotating machinery systems that working in versatile operating

conditions and noisy environments.

1.2.1.3 Deep learning based methods

Deep learning (DL) is a new branch of machine learning. DL can learn

features automatically from raw data and find the potential patterns hidden in

data. DL techniques have achieved great achievements in various fields, such as

natural language processing, computer visual, pattern recognition, etc, in different

applications, such as unmanned vehicles [39], automatic speech recognition (ASR)

[40], as well as bearing fault diagnosis [41]. DL-based methods are drawing

increasing attention to overcome the aforementioned challenges and further improve
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the performance of bearing fault diagnosis.

DL-based bearing fault diagnosis methods have witnessed rapid development

in the past about five years. DL algorithms perform excellently in fault feature

extraction, classification, and can offer some new functionalities that cannot be

accomplished by traditional methods. The widely studied DL-based bearing fault

diagnosis methods include deep belief network (DBN), convolutional neural network

(CNN), long short term memory (LSTM), deep auto-encoder (DAE), etc. DBN is

a deep network constructed by multilayer Restricted Boltzmann Machines (RBMs),

DBN and its variation structures are widely used for bearing fault diagnosis [36].

The DBN-based bearing fault diagnosis can be summarized in two categories. One

is variation of the network, which includes adaptive learning [42–45], training and

fine-tuning strategy [46, 47], etc. An improved hierarchical adaptive DBN is

developed for bearing fault diagnosis in [42], in which the learning adjustment strategy

is optimized by Nesterov momentum. The results show that the network training

convergence can be improved with the optimized method. In [46], an improved

ensemble method is introduced to improve DBN feature learning ability. Another

one is developed with the combination of different signal processing techniques [7,

45, 48]. A dual-tree complex wavelet packet (DTCWPT) and DBN based method is

proposed in [45] to extract the fault characteristics information. An adaptive DBN is

constructed to identify bearing fault mode based on the extracted features. In [49],

the bearing monitoring is processed using variational mode decomposition to highlight

the fault related characteristics. The fault mode is diagnosed by ensemble DBN, and

the experimental results demonstrate that this method is effective for bearing fault

diagnosis.

CNN plays a dominant role in DL-based bearing fault diagnosis. A typical

structure of CNN is mainly composed of several alternating convolutional layers,

pooling layers, activation layers, fully connected layer, and output layer. CNN
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is designed with the idea of location connection and convolution kernel parameter

sharing [50]. The features can be extracted by the convolution and pooling operation

layer by layer. Classification or regression task is performed based on the extracted

features.

Most of the CNN-based bearing diagnosis methods are designed based on

one-dimension (1-D) and two-dimensional (2-D) CNN. 1-D CNN can be used to act

on bearing monitoring data directly, while 2-D CNN is designed for learning 2-D

local correlations and extracting hierarchical correlations from 2-D images [51]. To

fully investigate CNN’s powerful feature learning ability for bearing fault diagnosis,

CNN-based methods are mainly studied and explored on variant structures and

combination with various signal processing techniques.

The variants of CNN include multiscale CNN [52], adaptive CNN [53, 54], residual

network [55], densely connected convolutional network (DCNN) [56], etc. CNN and its

variants based bearing fault diagnosis methods have achieved promising achievements

in terms of accuracy and efficiency. A multiscale kernel residual CNN structure is

proposed in [55] to better capture fault characteristics under non-stationary operating

conditions. Residual CNN is also introduced to deal with the degradation problem

in the network with high depth structures. To maximizing bearing fault diagnosis

accuracy without machinery expertise and overcomplicating network structure, a

novel hierarchical learning rate adaptive CNN is studied in [54]. A attentive DCNN

based method is proposed by combination of DCNN and an attention mechanism [57],

the method is verified to outperform competitive results with less training data in

bearing fault detection tasks. More CNN-based bearing fault diagnosis methods are

reviewed in [51, 58, 59]. The variant structures of CNN have improved the bearing

diagnosis performance in different tasks. Another mainstream CNN-based bearing

fault diagnosis is explored based on the combination with complex signal processing

techniques, which are similar to the applied techniques in machine learning based
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ones as introduced in the last section.

Apart from the aforementioned DL based bearing fault diagnosis, there are also

many other DL based methods, including transfer learning, generative adversative

network (GAN), capsule neural network, etc., that are widely studied to deal

with some of the open challenges in bearing fault diagnosis. Transfer learning

based methods are studied for bearing diagnosis problems under unknown or

partially known area (target domain) or using known knowledge (source domain)

[60]. Generative adversarial network (GAN) based methods can provide promising

performance in bearing fault diagnosis with imbalanced datasets [59, 61]. A hybrid

DL method that combine capsule network with stochastic delta rule is proposed in

[62] for bearing fault diagnosis under varying operating conditions and environments.

Based on the review of DL-based methods, the domain knowledge and system

operating conditions are not considered and utilized, which are very important

information in bearing FDP. Besides, most works focus on the variations of network

structures and the employment of signal processing techniques. More important,

most of the existing methods conduct in traditional manners, without considering the

discrimination of the features. Therefore, accuracy and efficiency of these existing

methods can be further improved.

1.2.2 Bearing fault prognosis

Accurate fault diagnosis can detect and identify the presence of bearing faults. After

a fault is detected, it is desirable to accurately predict the evolution or growth of

the fault and estimate the RUL for optimal maintenance and schedule. Prognosis is

the technique of predicting bearing future conditions using the measured or inferred

features, as well as fault dynamic models and estimating the RUL of the damaged

systems. Numerous prognosis techniques have been proposed for bearing. They can

be categorized into three types of fundamental approaches: model-based methods,
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data-driven methods, and hybrid methods as shown in Fig. 1.3.

Figure 1.3: Bearing fault prognosis method overview

1.2.2.1 Model-based methods

Model-based approaches are developed based on fault dynamic models. The model

can be mathematical physical models, empirical models, statistical models. Physical

models can be a set of algebraic or partial differential equations [63], which accurately

describe the physics phenomena underlying bearing faults. Significant understanding

of mechanistic knowledge and theories relating to the systems is often needed to

build models. The review of physical models in rotating machinery prognostics can

be found in [64, 65]. For rolling element bearings, the most common behavioral

models include crack growth models [66–69], spall progression model [70], Forman

crack growth model [71], stress-based fatigue model [72], etc., With different physical

models, many different approaches have been developed for bearing fault prognosis.

A creep model based prognostic approach is presented for RUL prediction in [73]. In
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[72], two stress-based fatigue life models are developed for ball and roller bearings

fault prognosis. Statistical models, which include proportional hazards model [74,

75], proportional intensity model [76], exponential model [77, 78], etc, are also widely

studied and applied for bearing fault diagnosis. An ensemble model with genetic

algorithm and Weibull proportional hazards model is proposed in [74] for bearing

RUL prediction. In [79], an exponential model is optimized by gradient descent to

estimate the model parameters, and the RMS of bearing vibration is used as the

model input to predict bearing RUL.

Besides, some Bayesian estimation techniques are often categorized as

model-based methods since the methods are also dependent on pre-constructed fault

models [80]. The commonly used techniques include Sequential Monte Carlo (Particle

Filter (PF)), Kalman Filter(KF), Extended Kalman Filter (EKF), etc. This kind

of prognosis methods employs dynamic state models and measurement models to

predict fault states. Bayesian estimation frameworks have been widely used in bearing

prognosis due to the uncertainty management ability, which is one of the key factors

in prognosis.

Uncertainty is a quantitative indication of the quality of FDP results. It

allows decision-makers to assess the reliability of FDP results. The uncertainties

in the Bayesian estimation framework can be from fault dynamic modeling, model

prediction, measurement, etc. PF based methods are effective in uncertainty

management, which provides probability distribution of state that can be used to

improve the method stability. The PF based methods have been widely studied and

applied in industries. For example, an enhanced PF based method, which combines

adaptive importance density function selection and neural network re-sampling

smoothing, is developed in [81] for rolling bearing RUL prediction. The EKF based

bearing RUL prediction method is studied in [82]. The proposed method is verified

effective in bearing fault prognosis. More research works about stochastic modeling
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based prognosis methods are reviewed in [83, 84].

Model-based approaches can deliver promising prognostic results when accurate

mathematical models can be constructed. However, the structure and operating

conditions of real systems are always complex, and the degradation mechanisms are

generally stochastic [85]. Therefore, it is difficult to get the physical or analytical

system models in forms of analytical equations. Besides, different systems have

different physical mechanisms. The constructed model-based methods for a specific

system cannot be generalized to others. Model-based method are cost expensive in

general. Consequently, the applicability of model-based approaches may be limited

in real applications.

1.2.3 Data-driven methods

Data-driven methods use monitoring data to explore hidden system degradation laws

and predict the evolution or degradation process of faults in the absence of physical

nature of failure mechanism and system degradation models. The widely studied

data-driven based techniques include traditional machine learning methods and

DL methods. The most well-studied traditional machine learning methods include

ANN, support vector regression (SVR), fuzzy logic based methods, Markov model,

etc. Since traditional machine learning algorithms often have shallow structures,

complicated signal processing are often integrated to improve the prognosis capability.

Traditional machine learning based bearing prognosis methods consists of offline

learning stage and online prediction process. The offline learning stage includes health

indicator (HI) construction and fault degradation learning. HI construction is to build

an indicator that can accurately reflect the health state of bearings through historical

monitoring data. HI can be the features in any analysis domains or hybrid factors

that are constructed based on multiple extracted features. In the HI construction

process, various signal processing techniques are often involved. The process is labor
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expensive. Besides, adequate prior knowledge and domain expertise are necessary for

handcrafted feature extraction. Then, some machine learning techniques are applied

to learn the degradation behaviors for online prognosis. In [86], Weibull hazard rates

of RMS and kurtosis are used to train ANN based models to predict RUL for rotating

machinery. A parsimonious network based on a fuzzy inference system is proposed

and tested in [87] for low-speed slew bearing prognosis. In [88], SVM is used to

evaluate the degradation stage of bearings, then a hybrid degradation tracking model

is employed to exploit the optimal RUL prediction for bearings.

DL techniques have demonstrated powerful automatically representative feature

extraction and learning ability. Different types of DL techniques have been

successfully applied in bearing prognosis tasks. Compared with traditional machine

learning based methods, DL can learn bearing degradation features automatically

rather than extracting handcrafted features with domain expertise. Among the

emerged DL techniques, DBN, LSTM, CNN are the dominant models that have been

widely studied. A DBN-based bearing condition prediction method is proposed in [89]

using the RMS of bearing vibration data. In [90], a hybrid LSTM based model is built

using bearing data from multi-sources for RUL prediction. An improved 1D-CNN and

simple recurrent unit based bearing RUL prediction method is investigated in [91].

DL-based prognosis methods have achieved great achievements. However, the

existing DL-based works still have shortcomings, which hinder the application and

development of methods in some prognosis tasks. The shortcomings mainly exist in

HI construction, fault dynamic modeling, and algorithm execution mechanisms, etc.

The HIs in most of the existing works are defined as one of the bearings features,

which sometimes cannot reflect the real bearing health conditions in some cases.

Besides, the fault dynamic modeling process is conducted without considering the

system operating conditions and domain knowledge. Furthermore, the traditional

FDP are often executed periodically without consideration of bearing fault growth
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rate. They will result in large computation and low prognostic accuracy.

1.2.3.1 Hybrid methods

The hybrid methods are developed with the integration of model-based methods and

data-driven methods. The hybrid method can take advantage of both methods to

further improve the performance of prognosis. For example, the existing DL-based

methods have difficulties in predicting the theoretical distribution of the predicted

RUL and quantifying the prognosis uncertainties. In contrast, some of model-based

methods have natural capability of dealing with prediction uncertainties but suffering

from the degradation feature extraction and model construction. To overcome the

limitations from both sides, PF and DL based methods are investigated in many

research works. A DBN and particle filter based method is proposed in [92] for

hybrid ceramic bearings.

The hybrid methods can overcome some limitations of the separate methods.

However, with the increasing system operating conditions and functional

complexities, some of the challenges and limitations in model-based methods or

data-driven methods are still not well solved effectively.

1.3 Bearing diagnosis and prognosis challenges

Based on the above discussion, DL-based methods have been widely studied and have

become one of the most important branches for bearing FDP. They have achieved

significant achievements in the past few decades and have been successfully applied

in industries. However, some challenges and open problems still exist that hinder the

development of DL-based FDP methods. In the FDP tasks for modern industrial

systems, the challenges of the existing DL related methods are mainly caused by the

following factors:
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• Increasing system complexity

Modern systems are becoming more and more complicated by integrating more

sensors and actuators to accomplish sophisticated manufacturing, navigation,

transportation missions. The fault mechanisms and modes change a lot with

the increasing system complexity. It leads to challenges for existing methods

to detect and identify the occurred faults accurately and efficiently. Besides,

it is difficult or even impossible to develop an accurate and efficient system

physical model for these complicated engineering systems. The reasons can

be summarized as follows: 1) the lack of full understanding of the physical

mechanism and knowledge of the system, especially those complicated ones; 2)

the current modeling approach is not capable of learning and describing the

complex relationships in systems; 3) complex signal processing and professional

knowledge are always involved in system modeling processes. All these

limitations hinder the development of effective FDP.

• Varying working environment and operating condition

Modern multi-function systems are required to work under different

environments and operating conditions. These factors affect the performance,

reliability, and lifetime of systems. The system responses to these factors are

generally stochastic and irregular, which are difficult to study based on the

system mechanism. However, the research on varying working environments

and operating conditions are quite limited in the existing FDP works.

• Data collection and data volume

With the development of sensing techniques, systems can be monitored in

different degrees with different sensors. The explosion of monitoring data also

brings challenges for bearing FDP. Rich information is behind the collected
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data. It is desirable to make better use of monitoring data and explore the

hidden fault-related information for bearing FDP.

The above-discussed factors show challenges for the existing methods, which often

cannot generate satisfying results in bearing FDP tasks. Motivated by these

challenges, this thesis is conducted to improve the performance of the existing

methods in the following aspects:

• Network structure and training strategy

The structures of the existing DL-based methods are not determined in an

efficient way. Most of the structures are determined by trial-and-error. This

makes the structure estimation process time-consuming and difficult. There is

no general and theoretical guidance for determining the DL structure. Besides,

the training efficiencies of DL-based methods are significantly affected by the

learning rate and activation layers. However, traditional DL methods often

use constant learning rates and saturated activation layers, such as sigmoid

and tanh, which lead to low diagnosis accuracy and slow convergence rate in

training.

• Discriminate feature learning

For bearing monitoring data, some features are not informative or irrelevant

to faults, and they will result in low training efficiency or large diagnosis

errors. This is especially true for bearing monitoring with multiple and

different types of sensors mounted at different locations. The data of these

sensors often show different characteristics, and each sensor provides its

unique perspective of bearing health conditions, which needs different levels of

attention. Unfortunately, most of the existing works lack explicit discriminate

feature learning mechanisms so that they give equal attentions to all features.
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This not only introduces unnecessary computation cost, but also leads to low

training efficiency, especially for diagnosis with data from multi-sensors.

• System domain knowledge and operating condition integration

Most industrial systems are working in varying operating conditions and

environments. The information of operating conditions, such as load profile,

rotating speed, and environmental factors, etc., and domain knowledge, such

as fault mode, fault mechanisms, and fault characteristic frequencies, etc., have

significant influence on the accuracy and performance of diagnosis. However,

this kind of important information is not utilized in most of the existing

DL-based approaches. As a result, these approaches often cannot guarantee

good results for diagnosis with varying operating conditions, environments,

and unexpected fault modes. To make full use of these critical information,

it is desirable to integrate the operating conditions and domain knowledge to

improve the performance, reliability, and robustness of diagnosis.

• Multi-task fault diagnosis

Most bearing diagnosis methods are developed as single task methods for

detecting and identifying fault modes. To improve the maintenance efficiency

and reduce maintenance cost, more fault information, including fault mode,

fault location, and operating condition at the time of fault detection, are

essential. This leads to multi-task bearing diagnosis methods in which a single

network is able to provide multiple fault-related information, such as fault mode,

fault location, etc.

• Prognosis start-to-prognosis (STP) detection

In bearing whole service life, bearings usually experience different stages, which

are defined as run-in stage, steady-state stage, and faulty stage [93], as shown

in Fig. 1.4. Most of the service time is in the steady-state stage, which is
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a long steady process before a fault occurs. In the run-in and steady-state

stages, bearings are in healthy condition. The time duration of healthy stages

of different bearings vary a lot due to manufacturing, operating condition,

assembly quality, etc. In steady-state stage, only on-line anomaly detection

is needed, while bearing FDP is not necessary as it leads to large computation

and unreliable prognostic results. However, at the end stage of their service life,

bearings usually experience a fast and severe degradation phase. Therefore, it is

necessary and significant to identify the bearing operating stages and accurately

estimate the start-to-prognosis (STP) time instant for RUL prediction.

Figure 1.4: Bearing running stages

• Fault dynamic modeling, selection, and fusion

Bearings often show different fault modes, and they present different

degradation trends in the faulty stage. This makes it difficult to describe

different degradation dynamics using one fault dynamic model, even with

parameter adaptation. It is, therefore, desirable to select the most appropriate

fault dynamic model to conduct FDP for different fault modes. However, the

model selection methods in most existing works are designed using threshold

setting or machine learning methods [94]. The measurements (features or fault

indicators extracted from raw data) often show random fluctuations due to

system noise or other interference, which may yield false detection and then
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affect the accuracy of model selection. Besides, it is sometimes difficult to

select an appropriate fault dynamic model for FDP, especially at the initial

stage of fault. In this case, it is desirable to employ and fuse the results from

multiple models to obtain robust FDP results.

1.4 Thesis organization

To address the above-mentioned challenges and open problems, this thesis aims to

propose novel DL-based frameworks for bearing FDP. The thesis is organized as

follows: Chapter 2 introduces the research contents and contributions; To improve the

accuracy and training efficiency of the DBN based bearing fault diagnosis method, an

optimized adaptive DBN method is proposed in Chapter 3; In Chapter 4, an enhanced

discriminate feature learning based CNN is proposed for bearing fault diagnosis

with the fusion of multi-sensor data, bearing domain knowledge, and operating

conditions; Chapter 5 presents a multi-scale discriminate CNN based fault diagnosis

method for the bearing under varying speed. Chapter 6 discusses a hybrid Bayesian

estimation-based bearing FDP, which includes fault detection, fault model selection,

PF-based prognosis, and Dempster Shafer Theory (DST) based prognosis fusion;

Chapter 7 gives the conclusions and future work.
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Chapter 2

Research Content and Contribution

2.1 Research content and contribution

DL-based bearing methods have made significant achievements in bearing FDP. They

show powerful automatic feature extraction capability from raw data. Among the

techniques, DBN and CNN are two of the most representative networks that have

been widely used in industries. DBN is a representation of the feed-forward network

structure, while CNN is a type of space invariant network structure. Each of them

has its own unique advantages for different applications. This thesis mainly focuses

on these two DL networks to improve the FDP performance in terms of accuracy,

efficiency, robustness. This thesis is conducted from the following aspects:

2.1.1 Optimized adaptive PReLU-DBN for bearing fault

diagnosis

DBN performs well in time series prediction, natural language processing, etc. The

performance of DBN-based methods is mainly affected by the network structure,

activation function, and training strategy. Based on the challenges and open problems

that discussed in Section.1, the first work of this thesis is conducted to improve

the performance of DBN-based fault diagnosis methods in terms of accuracy and

efficiency. The research content and contribution of the improvements can be

summarized as:
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• Propose a hybrid flexible diagnosis framework for rolling element bearings that

integrates feature extraction, dynamic training, and structure optimization.

• Propose a Parametric Rectified Linear Unit-DBN (PReLU-DBN) with dynamic

training activation layers and adaptive learning rate that enables high accuracy

and fast convergence speed.

• Develop an adaptive Restricted Boltzmann Machine (RBM) training procedure

and Particle Swarm Optimization (PSO) based structure optimization, which

achieves not only an optimal network structure, but also a fast training speed.

2.1.2 Multi-task Bearing Fault Diagnosis with Information

Fusion

Deep learning-based diagnosis methods currently face some challenges and open

problems. First, domain knowledge of fault modes and operating conditions is not

integrated in most existing approaches, which results in low diagnosis accuracy and

training efficiency. Second, existing methods treat all features with indiscriminate

attention, which causes unnecessary computation and even false diagnosis results

in some cases. Third, multi-task diagnosis becomes more important for health

maintenance.

Based on the motivations and challenges summarized in Section 1, the second

work of this thesis aims to develop an enhanced discriminate feature learning based

deep residual CNN for multi-task bearing fault diagnosis with information fusion. In

the proposed method, a variant structure CNN, deep residual convolutional neural

network (DR-CNN), is employed [95]. For traditional CNN, when the depth of

the CNN structure is increased to deal with monitoring data in complex operating

conditions, it causes two problems. One is that a network with a deeper structure

has many layers and trainable parameters, which makes training time-consuming
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and difficult. The other one is that the performance may get saturated, which means

a CNN structure with more layers cannot always lead to a better performance of

diagnosis [95]. DR-CNN is used in this work as it overcomes performance degradation

when the depth of the network increases.

The proposed CNN-based diagnosis method in this thesis fuses the domain

knowledge and operating conditions with data from multiple sensors. Although

the domain knowledge are considered in some of the existing works [96–98], these

existing DL-based approaches often lack discriminate feature learning capability

and do not consider human-involved feature extraction. In this work, two feature

attention modules, channel attention module (CAM) and non-local attention module

(NLAM), are adopted to improve the discriminate feature learning ability. Besides,

the constructed and initialized network is trained with a dynamic training procedure

to further improve the training efficiency. The main contributions of this work are

summarized as follows:

• Explore the attention mechanisms in multi-task DR-CNN to improve bearing

diagnosis performance in terms of training efficiency and accuracy.

• Domain knowledge is integrated and fused with multiple sensor data to make

the diagnosis network converge in a fast and accurate way.

• Two classification tasks are achieved simultaneously by one network with a

single training process.

2.1.3 Varying Speed Bearing Fault Diagnosis with

Multi-scale Discriminate CNN

Most industrial bearing systems operate in varying conditions and environments,

especially the operating speed and load. Compared with stationary working

conditions, bearings under varying speed conditions throw more challenges for fault
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diagnosis as fault-related signals will be affected by varying operating speed and

load. Therefore, it is desirable to integrate the critical bearing information under

varying conditions to further improve the accuracy, efficiency, and extensibility of

fault diagnosis. Although operating conditions are considered in some existing works,

they are designed for stationary operating conditions.

Besides, some fault-related signals of bearings under varying speeds show similar

characteristics with bearing intrinsic signals, such as periodicity and repeatability.

Therefore, it is more challenging for bearing fault diagnosis under varying speeds

compared with that in stationary operating conditions. However, the fault-related

characteristics are rarely considered in the existing methods, they often cannot

guarantee satisfying results for the tasks under varying speeds.

Due to the complex working conditions, varying speeds and loads, the features of

bearing faults often present unique characteristics in different spaces and scales. DL

network can project bearing monitoring data into different feature spaces. However,

simple projection and transform cannot guarantee the feature extraction performance

for bearings under varying speeds, resulting in low diagnosis accuracy. Multi-scale

analysis and feature extraction are effective methods to increase the feature learning

ability of network to capture the hidden features in different spaces.

Based on the above-mentioned limitations and motivations for bearing fault

diagnosis under varying speeds, this thesis proposes a multi-scale discriminate

CNN-based method. The method is developed with complete consideration of

bearing operating conditions and fault signal characteristics under varying speeds.

The multi-scale feature extraction architecture can effectively capture the features

under varying speeds. Besides, the bearing operating speed information is integrated

into the input for feature extraction, and the correlations between operating speed

and raw data are also extracted to enhance network feature extraction ability for

bearings under varying speeds. To improve the effectiveness of feature learning and
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further explore the hidden important information for fault diagnosis, the multi-head

self-attention-based architecture is deevloped to learn important information in

a parallel manner with discriminate attention. With the extracted multi-scale

discriminate attention features, bearing fault diagnosis under varying speeds can

achieve satisfying results in terms of accuracy and efficiency. The main contributions

of this method are concluded as follows:

1. A multi-scale discriminate feature learning network is proposed to improve the

performance of bearing fault diagnosis under varying speeds.

2. It sufficiently takes bearing fault characteristics into account. Bearing varying

speed information is integrated with bearing raw data as the input of the

network to achieve a high feature learning efficiency and diagnosis accuracy,

which also provides a solution to integrate more system domain knowledge to

get a robust fault diagnosis method.

3. The efficiency and accuracy of the proposed method are validated with

two experiments with different settings. Experimental results show that it

outperforms the state-to-the-art DL-based methods.

2.1.4 Hybrid bearing fault prognosis with fault detection

and multiple model fusion

Accurate bearing fault diagnosis and prognosis (FDP) is critical for optimal

maintenance schedules, safety, and reliability. The existing methods face some

problems and challenges in detecting the starting time for prognosis and using a

single model to describe fault dynamics. This thesis proposes a hybrid Bayesian

estimation-based bearing FDP approach. The proposed method consists of two major

offline components (Health Indicator and model training) and four major online

components (CNN-based STP detection, CNN-based model selection, PF-based
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prognosis, and DST-based prediction fusion). This work combines the powerful

feature learning and pattern recognition ability of deep learning, and state estimation

and uncertainty management ability of Bayesian estimation. In this work, CNN is

adopted for STP detection and model selection due to its powerful feature learning

and pattern recognition ability. In the offline part, two CNN-based models are

trained using bearing information maps. The fault dynamic models are built using

the extracted HI. In the online prognosis process, the fault state is identified using

CNN-based fault detection model. The prognosis process is executed after the

detection of a fault with the integration of fault dynamic models, which are selected

by model selection CNN. A Dempster-Shafer Theory (DST) based fusion mechanism

is proposed to further improve the prognostic performance. The bearing state and

RUL can be estimated based on PF-based estimation and fusion results. The main

contributions of the proposed method are summarized as follows:

1. Propose a hybrid Bayesian estimation-based bearing FDP framework with

CNN-based STP detection and model selection to improve FDP efficiency,

accuracy, and applicability.

2. Build an information map that integrates continuous wavelet coefficient

matrices (CWCM) power spectrum of vibration and operating condition as

the input of CNN for STP detection and fault model selection to improve the

accuracy and training convergence speed of CNN.

3. Design a CNN-based automatic model selection and DST-based fusion in

PF-based bearing FDP to improve accuracy and robustness of prognosis.

With the consideration of the challenges in DL-based bearing FDP methods,

this thesis presents new explorations of DL-based FDP methods in terms of

structure optimization, adaptive training, domain knowledge and operating condition

integration, fault prognostic model selection and fusion. The proposed methods are
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verified accurately and effectively in bearing FDP, and can achieve better performance

than the existing methods.
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Chapter 3

Optimized adaptive PReLU-DBN for bearing

fault diagnosis

This chapter proposes a DBN based framework that integrates principal component

analysis (PCA) and Parametric Rectified Linear Unit (PReLU) activation layers as a

general approach for reliable and effective bearing fault diagnosis. First, PCA is first

applied to raw vibration signals to reduce the signal dimension. Then, PReLU-based

DBN (PReLU-DBN) is introduced to improve the learning performance in term of

accuracy and efficiency. In the training process, the evolution strategy of particle

swarm optimization (PSO) with an adaptive training procedure is utilized to obtain

the optimal structure of PReLU-DBN. The rest of this chapter is organized as

follows: Section 3.1 presents a brief introduction of PReLU-DBN, PCA, and PSO.

Section 3.2 provides details of the design and implementation of the proposed fault

diagnosis method, including PSO for optimal DBN structure and adaptive training

process. Section 3.3 presents experiments and analysis of results to demonstrate the

effectiveness of the proposed approach, which is followed by concluding remarks in

Section 3.4.

3.1 Theoretical background

This section briefly introduces the principles of PCA, PReLU-DBN, adaptive training

strategy, and PSO optimization for the development of the proposed approach.
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3.1.1 Principle Component Analysis

Principal component analysis is a traditional statistical analysis approach that

is widely used in data dimension reduction, feature extraction and fusion,

high-dimensional data visualization, and data regression, etc. PCA can be regarded

as a transform that projects the original data to a new space with lower dimension.

Given original data vector xi (i = 1, · · · , m), the covariance matrix of the data

vector can be calculated as:

Cov = 1
m

m∑
i=1

(xi − µ)(xi − µ)T (3.1)

where µ = 1
m

∑m
i=1 xi is the mean value of the vector. With a n dimensional data

vector, the eigenvalue of the covariance matrix can be described as:

λj · uj = Cov · uj (j = 1, · · · , n) (3.2)

where λj are the eigenvalues of the covariance matrix sorted in descending order and

uj are their corresponding eigenvectors.

To get the first k eigenvectors (k < n) that corresponds to the first k largest

eigenvalues, let

Uk = [u1, u2, · · · , uk] (3.3)

Λk = diag[λ1, λ2, · · · , λk] (3.4)

The principal components of the original data can be computed as the orthogonal

transformations of xi:

P = UT
k xi (3.5)

The obtained components P are principal components, which describe the original

data vector with a reduced dimension. This work uses the characteristic of

dimensional reduction of PCA to process the raw data.
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3.1.2 PReLU-DBN and Adaptive Training Strategy

DBN can be regarded as a special neural network constructed from multiple RBMs

[89]. Fig. 3.1 shows the schematic representation of DBN with two hidden layers.

Due to this stacked structure, DBN has a strong capability in capturing representative

information from raw time series data. The output of the learned information from the

output layer is extracted features, which can be utilized as the input of a supervised

learning algorithm in classification or regression for fault diagnosis.

Figure 3.1: The structure of a n hidden layer DBN

In the DBN structure shown in Fig. 3.1, RBM is a special probabilistic model

of Boltzmann machine consisted of a visible input vector v and a hidden vector h

that are connected by weighting factors. The joint configuration (v, h) is given by

the following energy function:

E(v, h) = −
m∑
j=1

ajvj −
n∑
i=1

bihj −
n∑
i=1

m∑
j=1

vjwijhi (3.6)

where vi and ai are binary states and bias of the i-th element of the visible vector,

respectively, hj and bj are the binary states and bias of the j-th element of the hidden

vector, respectively, wij is the weight of the connection between the i-th neuro in the
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visible layer and the j-th neuro in the hidden layer. The joint distribution over the

visible layer and hidden units is defined as:

p(v, h) = 1
Z
e−E(v,h) (3.7)

where Z is a partition function defined as:

Z =
∑
v,h

e−E(v,h) (3.8)

In DBN structure, the connections just exist between adjacent layers. The neurons

in the same layer are independent to each other. The conditional probabilities of the

hidden layer and the visible units are given as:

p(hi = 1|v) = 1
1 + e−bi−

∑m

i=1 viwij
(3.9)

p(vi = 1|h) = 1
1 + e−ai−

∑m

j=1 hjwij
(3.10)

The training is divided into two stages: pre-training and fine-tuning [99].

The forward pre-training can be regarded as a construction and reconstruction

process using Eq. (3.6), which aims to extract features based on its learning rules

automatically. In pre-training, the stacked RBMs are trained layer by layer using

a greedy learning algorithm [99]. This is an unsupervised training process that is

elaborated as follows:

Given training input data and initial DBN parameters, the hidden layer can be

trained greedily by (3.9) and (3.10). This is a positive phase in which the gradient of

the log probability of the given training data can be described as:

∂ log p(v)
∂ ωij

= 〈vihj〉data − 〈vihj〉model (3.11)

where 〈·〉p represent averages with respect to distribution p. Learning rule aims at

maximizing the log probability of the data, which is equivalent to minimizing the
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divergence of the distribution defined by the model and the given training data.

Based on the Contrastive Divergence (CD) algorithm [99, 100], the parameters of

DBN can be adjusted by:

ωnij = ωn−1
ij + γ(〈vihj〉data − 〈vihj〉k) (3.12)

anij = an−1
ij + γ(〈vihj〉data − 〈vihj〉k) (3.13)

bnij = bn−1
ij + γ(〈vihj〉data − 〈vihj〉k) (3.14)

where γ ∈ [0, 1] is the learning rate that can be used to adjust the learning speed, n

is the iterations of training, k is the step of Contrastive Divergence.

After pre-training, the fine-tuning step is implemented with a back propagation

algorithm [100] to optimize the parameters and structure of the pre-trained network

to further improve the classification accuracy. This is a supervised learning process

using a conjugate gradient algorithm and labeled data. In fine-tuning, the weights

and biases of every layer are adjusted continuously at the same time until the iteration

reaches the threshold. The trained DBN model after fine-tuning can then be used in

describing the fault dynamics.

As mentioned early, fixed learning rate often results in slow convergence in

training. To address this problem, an adaptive training method is introduced. In

this method, a small learning rate is initialized and is adaptively adjusted with

reconstruction errors. The learning rate is decreased (increased) when reconstruction

error increases (decreases). This adaptive training method can be described as:

∆E = E(k)− E(k − 1); ER = |∆E/E(k)| (3.15a)

γk = fdγ
k−1; ∆E ≥ 0. (3.15b)

γk = fiγ
k−1; ∆E < 0 & ER < σ. (3.15c)

γk = γk−1; ∆E < 0 & ER ≥ σ. (3.15d)
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where E(k) is the current epoch reconstruction error, fi ∈ [1, 10] and fd ∈ [0.1, 1] are

increasing factor and decreasing factor, respectively, σ ∈ [0.1, 10] is the threshold of

relative error change rate.

In the training process, activation layers play key roles in learning complex

functional mappings from data. The well-known activation functions like sigmoid and

tanh are saturated activation functions and have been widely used in deep learning.

However, their derivatives become small when the absolute value of the training input

becomes large. This leads to the vanishing gradient problem [101] in back-propagation

training algorithm and results in a low training speed.

Figure 3.2: PReLU activation function

To address aforementioned problem, this chapter develops a DBN model with

an adaptive activation function of PReLU. This non-saturated activation function

allows to adaptively learn the slope of its input and, at the same time, contributes

to accelerating the learning process [102]. The activation function of the proposed

PReLU-DBN model is defined in Eq. (3.16) and shown in Fig. 3.2.

f(xi) =


aixi, xi < 0

xi, xi ≥ 0
(3.16)

where ai are learnable parameters for all channels of the input training data. Its
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gradient is given as:

df(xi)
dxi

=


ai, xi < 0

1, xi ≥ 0
; df(xi)

dai
=


xi, xi < 0

0, xi ≥ 0
(3.17)

3.1.3 Particle Swarm Optimization

The performance of DBN based fault diagnosis depends heavily on its structure.

In order to obtain an optimal structure with high accuracy and convergence rate

of training, a PSO based structure optimization approach is proposed. PSO is an

evolutionary algorithm that has been widely used for optimization of weights and

architecture of machine learning.

PSO simulates the process using a set of particles with different positions and

velocities. The position of each particle corresponds to a fitness degree, which is used

to evaluate the performance of the current structure. In this work, the fitness degree

g is defined as the error of fault classification, which is given as:

g = 1− A (3.18)

where A is the accuracy of diagnosis defined as the ratio of correct diagnosis samples

over all testing samples. With this fitness function, particle i is defined by position

P k
i and velocity V k

i , which can be updated as follows:

V k+1
i = ωV k

i + c1r1(pkBi − P
k
i ) + c2r2(gkBi − P

k
i ) (3.19)

P k+1
i = P k

i + V k+1
i (3.20)

where ω, c1, and c2 are inertia weight, personal learning coefficient, global learning

coefficient, respectively, k represents the k-step of PSO, r1 and r2 are random values
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between 0 and 1, pB and gB denote the best particle position and best group position,

respectively.

Table 3.1 outlines the pseudocode of the PSO algorithm. First, the number of

decision variables and fitness function are defined based on the bearing diagnosis

problem. The decision variables are the numbers of the hidden layers of the DBN,

and fitness function is defined in (3.18). Then, PSO is randomly initialized with a

swarm including N particles based on the defined encoding strategy. The particles

start to evolve until the process reaches the pre-defined threshold, which is defined

as the error of the diagnosis with the evolved structure. In this step, gB and pB are

updated based on the fitness degree. At the end of optimization, the optimized DBN

structure pB can be obtained, while gB particle can be picked up for estimating the

final performance of the optimized variables.
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Table 3.1: PSO algorithm

Algorithm: Particle Swarm Optimization

Input:

Number of decision variables (swam size);

Lower and Upper bound of variables;

Maximum generation;

Fitness function;

Output:

Global best position;

Problem definition:

Define decision variables;

Define fitness function;

Parameter initialization of PSO:

for i to Number_Particle do

Initialize position and velocity;

Evaluate fitness value of each particle;

Determine global best position;

end

Evolution:

for i to Max_Iteration do

for j to Number_Particle do

Update velocity;

Update position;

Evaluate the fitness degree(classification error);

Determine gB from PSO_Swarm;

Determine pB from PSO_Swarm;

end

end

Return pB and gB;
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3.2 Overview of the proposed solution

Fig. 3.3 shows the structure and information flow of the proposed PReLU-DBN-based

fault diagnosis solution. It consists of two parts: an offline training part and an online

test part. The offline training part determines the optimum adaptive DBN structure

to maximize the performance and efficiency. The online testing part takes real-time

data for online diagnosis. Detailed implementation process is described as follows:

Figure 3.3: Framework of proposed approach

Step 1 Partition the time series data into segments based on sampling rate and

bearing operation conditions. Then, the data segments are divided into training

and testing sets.

Step 2 Apply PCA on raw signal segments [x1, x2, ..., xn] to reduce their

dimensionality and obtain low-dimensional features [z1, z2, ..., zm],m < n. Note

that this step also generates a projection matrix that will be used in testing.

Step 3 Initialize the structure of PReLU-DBN and use PSO algorithm to

optimize the number of neurons in each hidden layer. In this step, the adaptive

training strategy is integrated into the PReLU-DBN training process to evaluate

the fitness degree of particle swarm.
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Step 4 Terminate the training process when the performance meets pre-defined

requirements or the iteration number reaches the threshold. The optimized

PReLU-DBN structure can guarantee high accuracy and fast convergence rate.

Step 5 Use testing data set to verify the trained optimal PReLU-DBN model.

The performance on the test data is analyzed and compared with other DBN

structures with different activation layers.

Compared with existing methods, this proposed PReLU-DBN based bearing

diagnostic approach has an efficient learning efficiency and a high diagnosis accuracy.

It avoids complex signal processing and minimizes human involvement, which makes

it more generic, robust, and easier to be extended to other applications.

3.3 Experimental Results

This section presents a case study of bearing fault diagnosis and comparison with

some existing methods to demonstrate the performance and efficiency of the proposed

method.

3.3.1 Data Description and Pre-processing

The structure of the rolling element bearing in this study is shown in Fig. 3.4

[4]. Table 3.2 lists the main geometric parameters. The data was collected from

accelerometers with a sampling rate of 50 KHz. The experiments were conducted

with different fault sizes under three different rotating speeds and three different

loads, which makes nine different data sets for each fault size.

Table 3.2: bearing geometric parameters

Parameter Pitch Diameter Roller Number Roller Diameter Contact Angle

Value 5.715 cm 19 0.784 cm 13.13◦
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Figure 3.4: Tapered Roller Bearing Structure and Photo[4]

Table 3.3: Experimental data description

Test No. Width (micron) Depth (micron) Fault Speed (RPM) Load (PSI)

C0 0 0 0

C1 35.33 2.46 37.79 800 200

C2 37.67 10.56 48.23

C3 48.33 2.38 50.71 1200 400

C4 49.33 4.88 54.21

C5 61.00 5.80 66.8 1600 600

C6 64.00 11.00 75

C7 131.3 1.40 132.7

D1 64 11 75 800 200

D2 64 11 75 1200 400

D3 64 11 75 1600 600

The fault dimensions are measured by depth and width in microns. The overall

fault size is defined as the sum of width and depth. For example, the bearing C1 in

Table 3.3 with fault dimension width of 35.33 and depth of 2.46 has an overall fault

dimension of 35.33+2.46=37.79. Based on overall fault dimension, fault modes are

defined from F-1 (Health) to F-6 as shown in Table 3.4.

To capture the diagnostic information in each data segment, it should include at

least one full rotation of the bearing at the lowest rotating speed. For this reason,
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according to the lowest rotating speed of 800 rpm and sampling rate of 50 KHz, the

size of data samples is set as 3750. This results in 1575 samples for each bearing fault

mode, and 6 classes of bearing data in each data set. To train the DBN in a fair way,

each raw data set is separated into several segments, which are randomly selected to

construct the training and testing sets.

Table 3.4: Fault mode discretization

Dataset No. Fault Dimension Mode

C0,G2 0 F-1

C1 37.79 F-2

C2,C3,C4 48.23∼54.21 F-3

C5 66.8 F-4

C6,D1,D2,D3 75 F-5

C7 132.7 F-6

Table 3.5: Parameters of PSO

PSO Parameter Value

Personal learning coefficient 1.5

Global learning coefficient 2

Inertia weight damping ratio 0.99

Population size 10

Inertia weight 1

Maximum/Minimum velocity 4.7/-4.7

Due to high dimensionality and large size of input samples, PCA is applied to the

original signal for dimensionality reduction. The reduced dimension size of PCA is

set as 50. The input size changes from 3750 to 50. This step can also be regarded as

feature fusion, which greatly reduces the computational cost for the following training

process and improve the efficiency of the structure optimization process.

Figure 3.5: 3D-PCA visualization of raw data
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Figure 3.6: 3D-PCA visualization of extracted features

To demonstrate the feature extraction capability of DBN, the raw vibration signals

and the processed data at each layer are visualized. To make the visualization clear,

the first three main components are shown in the 3-D space. Figs. 3.5 and 3.6

visualize the first three main components of the raw data and the extracted features

from DBN, respectively. The comparison shows that the extracted feature can better

describe fault conditions and is easy to classify.

3.3.2 DBN structure optimization

PSO algorithm is used to determine the optimal structure of DBN, which leads to

increase of diagnosis accuracy and decrease of training time. In this work, the defined

DBN structure consists of three RBMs, denoted as RBM1, RBM2, RBM3, and they

have n1, n2, n3 neurons, respectively. The decision matrix of PSO is designed as

X(n1, n2, n3). Then, PSO is performed to find the optimal structure of DBN as

described in Table 3.1. By following the evolution strategy of PSO, the positions

and velocities of particles can be updated through the quantitative comparison to its

fitness degree.

In the designed PSO algorithm, PSO related parameters are determined

trial-and-error. The parameters are given in Table 3.5. In order to intuitively
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investigate the efficiency of the PSO-DBN algorithm in optimizing DBN structure,

Fig. 3.7 shows the evolutionary trajectories of the optimization process. It is clear

that the fitness can converge to 0. In this process, the swarm may be trapped

into a local minimum, which will lead to a stepwise decrease of the fitness. The

positions of particles denote the optimum value of the decision matrix. From the

evolutionary process of the positions, the optimal positions of particles are [500, 362,

147]. Therefore, the optimal DBN structure given by PSO is [500, 362, 147], i.e., n1

= 500, n2 = 362, and n3 = 147.

Figure 3.7: PReLU-DBN structure optimization

In the DBN structure optimization process, an adaptive training method is

introduced to improve the training convergence speed. In the training process,

learning rate, iteration number of RBM, and fine-tuning epoch are set as 0.05, 50,

30, respectively. Figure 3.8 describes the training process. At the end of training,

the training accuracy of the proposed adaptive training approach achieves 100%. It

is worth noting that the classification accuracy of the adaptive training converges to

a constant at about 20 iterations. After the diagnostic model is established, it is used

to testing data.
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To further demonstrate the effectiveness of the proposed fault diagnosis approach,

3-fold cross-validation (CV) is conducted, in which the data are equality divided into

three datasets {A, B, C}. Each dataset has 4050 samples. Figure 3.8 shows the

training process of 3-fold CV. At each time, two are used for training and the last

one is used for testing. The results show that the training performance of 3-fold CV

is comparable, which indicates the proposed method is robust.

Figure 3.8: Accuracy of training process

3.3.3 Results discussion and comparison

3.3.3.1 Accuracy

To verify the effectiveness of the training process of the proposed approach, it is

compared with other DBN structures with different activation layers, which include

sigmoid, tanh, ELU , and ReLU .

Fig. 3.9 shows the accuracy of the training process of different DBNs at different

training epochs. It is clear that the proposed approach has the best diagnosis

accuracy. More importantly, the results show that the proposed PReLU-DBN has
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Figure 3.9: Comparison of DBN structures with different activation layers

the fast training speed and it converges at epoch 20. ReLU-DBN converges to similar

accuracy at epoch 25, which is a little slower than the proposed PReLU-DBN. All

other DBNs have much slower convergence speed and lower accuracy.

The quantitative comparison results of 3-fold CV diagnosis accuracy are also

tabulated in Table 3.6. The results show that the average diagnosis accuracy of the

proposed method can reach 99.73%, which is higher than all other DBN structures.

Table 3.6: Classification accuracy of 3-fold CV

Training /Testing Sigmoid-DBN tanh-DBN ELU-DBN ReLU-DBN Proposed

A,B/ C 46.74% 67.62% 79.65% 99.4% 99.78%

A,C/ B 45.92% 70.61% 33.13% 99.35% 99.88%

B,C/ A 45.33% 62.07% 36.09% 98.64% 99.53%

Average 46.00% 66.77% 49.62% 99.13% 99.73%

3.3.3.2 Convergence analysis

To show the training efficiency of the proposed approach, Fig. 3.10 compares the

convergence curves of PReLU-DBN with different DBN structures. The result shows
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the errors of training processes after each training epoch. It is clear that the training

process of the proposed PReLU-DBN is quick and smooth and converges to the

highest accuracy with the fastest convergence rate at about epoch 25. Moreover, the

convergence curve does not fluctuate, which indicates that the proposed PReLU-DBN

has good stability.

Figure 3.10: Comparison of Error of training process for DBN structures with different
activation layers

3.4 Conclusions

This chapter proposes a DBN-based approach, which integrates PSO and adaptive

PReLU-DBN, for accurate and efficient rolling element bearing diagnosis. In the

proposed method, PCA is applied to the raw data to reduce the dimension of

the input data. The optimal structure of DBN is determined by PSO. In the

optimization of PSO, a PReLU activation layer and an adaptive training strategy are

developed to speed up the training process. Experiments on a tapered roller bearing

are conducted to demonstrate the effectiveness and efficiency of the methodology.

Experimental results show that the proposed approach is effective for accurate
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bearing fault diagnosis. It avoids manually feature extraction and selection that

requires extensive human involvement. Compared with traditional DBN structures,

the proposed PReLU-DBN based fault diagnosis approach is able to achieve higher

accuracy and faster convergence speed. More important, the proposed approach is a

generic solution that can be applied to a variety of systems.
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Chapter 4

Enhanced Discriminate Feature Learning Deep

Residual CNN for Multi-task Bearing Fault

Diagnosis with Information Fusion

This chapter proposes an enhanced discriminate feature learning based deep residual

CNN for multi-task bearing fault diagnosis with information fusion. The rest of

this section is organized as follows: Section 4.1 provides details of the design and

implementation of the proposed method, including information fusion, discriminate

feature attention, and multi-task fault diagnosis. The theoretical knowledge of the

proposed approach is detailed in Section 4.2. Section 4.3 presents experiments,

analysis, discussion, and comparison studies to demonstrate the effectiveness of the

proposed approach, which is followed by concluding remarks and future works in

Section 4.4.

4.1 Implementation Procedure

Fig. 4.1 shows the framework of the proposed multi-task CNN based fault diagnosis

method with enhanced discriminate feature learning. The proposed method consists

of data pre-processing, information fusion, feature learning with discriminate feature

attention mechanisms, and fault diagnosis. The detailed implementation process is

described as follows:

Step 1 Partition the time series data into segments based on the sampling rate
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Figure 4.1: Framework of the proposed approach

and the bearing rotating speed. The data segments are then divided into

training and testing sets.

Step 2 Convert the bearing monitoring data segments from different sensors

into 2-D (dimensional) grayscale images and transform the domain knowledge

into information maps. The data images are then integrated with information

maps to build the fused information images, which are used as the input of the

proposed multi-task CNN.

Step 3 Construct the discriminate feature attention (Channel Attention Module

(CAM) and Non-local Attention Module (NLAM)) based DR-CNN network

with multiple classifiers for multi-task diagnosis. The structure and parameters

of the network are first initialized based on the input and tasks, and then trained

with the fused information images by using a dynamic training strategy.

Step 4 Terminate the training process when the performance meets the

pre-defined requirements or the iteration number reaches the threshold.

Step 5 Verify the trained network on the test data sets. Performance is

analyzed and compared with other state-of-the-art approaches to demonstrate

the effectiveness of the proposed method.
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4.2 The Proposed Approach

4.2.1 Discrimination Feature Attention

4.2.1.1 Channel Attention Module (CAM)

Convolution operation can be used to recognize fault features from the input images

or feature maps from previous layers in different scales by different kernels. A wealth

of feature information is provided in bearing data. However, some features are not

related to the fault or even indicate false information due to interference signals. To

address this problem, CAM is introduced to enhance the fault related information

extraction ability. In CAM, feature attention map are obtained by exploring the

inner-channel relationship of features [103].

Figure 4.2: The Channel Attention Module

Fig. 4.2 shows the structure of CAM. The main idea is to distinguish different

features among different channels of convolution operation and improve the network

sensitivity by explicitly modeling the importance of channels. In this figure, X is

a combination of convolution channels, which is denoted as X = [x1, x2, · · · , xc],

where xi is the convolution map obtained by the i-th convolution channel and c is

the number of convolution kernels. Note that the convolution map X is obtained by

applying convolution operation on the input images, which are the combination of

bearing monitoring data, operating conditions, and domain knowledges. Convolution

operation is used to extract features in different scales from the input information
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images. The features are compressed by a global average pooling (GAP) layer with the

pooling filter size H×W , where H andW are the width and height of the convolution

map xi, respectively. The channel-wise statistics vector yc can be obtained as:

yc = GAP (xc) = 1
H ×W

H∑
i=1

W∑
j=1

xc(i, j) (4.1)

The channel recalibration weight vector y′ is defined as:

y′ = σ(F ′′(δ(F ′(y)))) (4.2)

where δ is the Rectified Linear Unit (ReLU) activation function, σ is the Sigmoid

function, F ′ and F ′′ are the convolution operations with convolution kernel size of

1 × 1. The output vector can be regarded as channel-wise dependencies with the

size of 1 × 1 × c, which are used to indicate the importance of each channel of the

convolution map. The recalibrated feature map M can then be obtained by:

M = x · y′ = [x1y
′
1, x2y

′
2, · · · , xcy′c] (4.3)

In the obtained recelibrated feature map M , the discriminate feature information

is highlighted by assigning the weight vector y′. In this module, the GAP is

performed on all convolution channels of X, some of the useful information will also

be diminished. To retain the original information, residual connection is introduced,

which also improves the effectiveness of this design.

4.2.1.2 Non-local Attention Module (NLAM)

In bearing diagnosis, each input information map is converted and built from

a segment of bearing data. Some of the features in the data show long-range

dependencies, which include intrinsic bearing operating signals, fault related impulse

excitations, system periodic signals, etc. Since these bearing signals are not short

burst signals, and the bearing data are collected during a long time range, the
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features are long-range dependent. Different fault modes show different long-range

dependencies. In the output of NLAM, the long-range dependent features, such

as some periodic excitation signals caused by faults and operation behaviors, are

emphasized, while the useless information are suppressed. Enhancing the long-range

dependencies related feature learning ability is critical for improving bearing fault

diagnosis efficiency. Besides, the bearing data are always collected with noises, which

significantly affect the performance of bearing diagnosis. How to reduce the effect of

noise involvement in the learning process of DL is also important for bearing fault

diagnosis.

To capture long-range dependencies and reduce the effect of data noise in DL,

different non-local blocks are proposed and analyzed in [104]. The non-local blocks

are efficient in capturing useful information and omitting the effect of noise. In this

work, a simplified NLAM is adopted to construct the network, through which the

fault feature learning ability can be improved with slight increase in computation

cost. The NLAM is assigned following CAMs to enhance the network learning ability

of this kind of long-range dependencies features.

Figure 4.3: The Non-local Attention Module

The core idea of NLAM is non-local operation, which computes a weighted mean

of all signal points from different sensors in the input of NLAM module Y [105].

In bearing diagnosis tasks, the fault related features are supposed to exist in each

sample. The non-local operation is used to capture this kind of fault related features
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that do not just exist in some bearing samples. The long-range dependencies can

be captured based on the appearance similarity, which is estimated by computing

interactions between features at any two positions. The receptive field of the NLAM

is the whole input. The general non-local operation can be defined as:

φi = 1
C(y)

∑
∀j
f(yi, yj)g(yj) (4.4)

where i is the feature index of an output position whose response is to be computed,

and j is the index that enumerates all possible positions, f is the function that is

used to calculate the relationship between yi and all yj, and C(y) is the normalization

factor.

In the simplified NLAM, the attention weight φ is obtained by F ′ and softmax

function. The simplification details can be found in [104]. The attentional feature

maps are obtained by coupling the attention weight φ to the input of NLAM module

Y by matrix multiplication. The transformed features are aggregated to the input of

each position by element-wise addition operation. The residual connection enables

inserting the attention module to any network without breaking or losing any original

information. Then the network feature learning efficiency and reliability can be

enhanced.

Fig. 4.3 illustrates the structure of NLAM in which the input feature maps Y

are flatten by 1 × 1 convolution kernels. The attention weight vector φ of non-local

channels is defined as:

φ = λ(F ′(Y ))) (4.5)

where λ is the softmax function, F ′ is the convolution operation with a 1× 1 kernel.

The enhanced non-local fault related features can be obtained by:

Z = Y + F ′′(Y · φ) (4.6)
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where Z is the output of the attention module, F ′′ is the convolution operation with

1 × 1 kernel, which is used to transform the size of the obtained attentional feature

map to the size of the NLAM module input Y .

4.2.2 Deep Residual Convolutional Neural Network

CNN is a variant structure of neural networks, which is mainly composed of

alternating convolutional layers, pooling layers, activation layers, and a fully

connected layer. CNN is designed to learn spatial hierarchies of features by applying

multiple types of functional layers [106]. The convolutional layers and pooling layers

are always along with the activation layers. The features are extracted layer by layer

from lower to upper. The convolution operation is performed by applying filters to

the input images or the output of lower layers to extract features. The pooling layer

is a down-sampling process, which is usually used to compress the output feature

maps from the convolutional layers. Maximum pooling is the most common used

pooling technique, which uses the maximum value of a region of neurons in the lower

layer. The fully connected layer is followed by the softmax classifier to identify fault

modes.

For applications under varying operating conditions and complex working

environments, networks with deeper structures are often used to get better results for

diagnosis tasks. This makes the training of the networks difficult. More important,

existing research reveals that the accuracy saturates and even degrades when the

depth of the network increases to a certain value [55, 95, 107]. The causes of the

accuracy degradation remain an open problem. In other words, a deeper network

cannot guarantee better performance.

The accuracy degradation problem in traditional CNN can be avoided by

introducing residual learning units to form the so-called residual networks [107], which

are also known as directed acyclic graph (DAG) networks. Residual networks have
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residual connections that bypass some layers of the CNN structure. The residual

connection provides an easy way to propagate the parameter gradients from the

output layer to the previous layers. Based on this structure, a deeper structure

can be designed to achieve high accuracy for complex diagnosis tasks.

With this consideration, this work adopts the residual learning unit (RLU) consists

of two convolutional layers, two Batch Normalization (BN) laybers, and one ReLU

activation layer, as shown in Fig. 4.4, to construct the residual networks. Note that a

shortcut pathway is employed in the structure to connect the input and the output of

the stacked layers directly. The saturation problem of training very deep networks can

be alleviated with the shortcut path structure. With this structure, the integrated

RLU can be defined as:

y = F (x,Wi) + x (4.7)

where x and y are the input and output of the residual structure, respectively, F is the

residual function, which represents the residual mapping to be learned, F (x,Wi) + x

is operated by a shortcut connection and element-wise addition.

Figure 4.4: The Residual Learning Unit

4.2.3 Data Conversion and Information Map Construction

4.2.3.1 Data conversion and combination

The raw bearing monitoring data is 1-D time series data. To meet the requirements

of the inputs of proposed network, the first task is to convert the data to 2-D images.
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In the conversion process, the raw data are randomly divided into training set and

testing set with the length of M2, where M is the length and width of the converted

grayscale images. The sample length is estimated based on the sampling rate and

the bearing rotating speed with the principle of including all sampling data in one

rotation of the bearing. Fig. 4.5 describes the data conversion process. For each

segment of data sample, a sliding window is applied on the raw data. The gray pixels

of the first segment M1 can be calculated based on Eq. (4.8). The gray pixels are

then used as the first row of the grayscale image. Based on this conversion procedure,

the segments of the raw data can be converted into grayscale images with the size

of M ×M . The pixel intensity values of the images are obtained by normalizing the

raw data to the range of (0, 255). By defining I(i, j) as the raw time series data, the

pixel intensity value of the images G(i, j) can be calculated as:

G(i, j) = round
{
I(i, j)− Imin ×

255
Imax − Imin

}
(4.8)

where i = 1, · · · ,M , j = 1, · · · ,M is the coordinate of the images, Imax and Imin

represent the maximum and minimum of the raw data I, and round(·) is the round

function.

Figure 4.5: Data Conversion and Combination Procedure

The data from multi-sensors are used to improve the diagnosis performance. For

each fault mode, the raw data from N sensors are used in this work, the data images

can be built with the size of M ×M ×N as Fig. 4.5.
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4.2.3.2 Information map construction

Domain knowledge is the knowledge of a specific, specialized discipline or field [96].

In bearing fault diagnosis, domain knowledge includes the system mechanisms and

expert empirical knowledge, such as bearing rotating mechanism, fault characteristics,

and some common fault patterns that can be extracted from historical monitoring

data, etc. These domain knowledge are critical information for diagnosis in practical

applications. The powerful feature learning and fusion ability of deep learning based

approaches provide a solution for integrating the complex heterogeneous data in

diagnosis process.

The bearing operating conditions, such as rotating speeds and loads, have great

effects on the monitoring data in terms of signal energy, amplitude, frequency, and

noise term. These effects throw some challenges on fault diagnosis, especially for

systems that operate in varying conditions and working loads. Therefore, it is

desirable to integrate the information of operating conditions in the diagnosis process.

In this work, an operating information map is built to integrate the domain

knowledge and operating condition information in the input of the networks. In

order to keep the data format of the operating information map be consistent with

the obtained data images, different operating conditions are represented with different

grayscales. First, an empty information map with the size of M ×M is built. The

background of the map is defined as the operating condition information represented

by gray levels that are estimated as:

oij = kp (4.9)

where oij is the gray value of the background at the coordinate (i, j), k is the

discretized rotating speeds or load levels, p = 1 when k is the rotating speed level,

p = 2 when k is the load level. To distinguish the operating conditions represented
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by different backgrounds, the value of k is selected to avoid overlapping of the

backgrounds with different grayscales.

Fault characteristics frequency (FCF) is one of the most important domain

knowledge of rolling element bearings, which is a representation of the rolling element

fault mechanism. Bearing faults can occur at inner ring, outer ring, or rolling ball.

When a fault occurs, the related fault characteristics frequency will appear in the

monitoring data. The FCFs can be calculated as [108]:

fIR = fr ×
N(1− d1

d2
cosα)

2 (4.10)

fOR = fr ×
N(1 + d1

d2
cosα)

2 (4.11)

fBA = fr ×
d2(1− (d1

d2
cosα)2)

2d1
(4.12)

where fr is the bearing rotating frequency, fIR ,fOR, fBA are the fault characteristics

frequency of inner race fault, outer race fault, and ball fault, respectively, N is the

number of rolling elements, α is the contact angle, d1 is the rolling element diameter,

d2 is the pitch diameter. The FCFs are represented using gray bands in the operating

information map.

After estimating the FCFs, the ratio between the frequencies can be obtained as

fIR : fOR : fBA = a : b : c. Assume the dimension of the built operating information

map is M ×M , the relative location of the three frequencies can be estimated on the

information map. For example, the vertical location ifIR of fIR is estimated as:

ifIR = a

a+ b+ b
·M (4.13)

The FCFs are integrated into the operating information map using three gray

bands. Since the real FCFs may not exactly be the obtained values due to influence

of operating noise, data acquisition error, and sampling error, the real FCFs may
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show some deviation and vibrations. To reduce the influence and cover the FCFs as

much as possible, the gray band centered at the calculated frequency values, which

include the neighboring areas, are used in the information map. The built operating

information map is then combined with the data images to build bearing information

map with the size of M ×M × (N + 1) as shown in Fig. 4.5.

4.2.4 Multi-task CNN based Fault Diagnosis

The overall architecture of the proposed fault diagnosis approach is shown in Fig. 4.6.

It includes data pre-processing, discriminate feature attention, feature learning, and

multi-task fault diagnosis. The domain knowledge are integrated into an information

map, which is fused with bearing data images from multi-sources as the input of

the network. The discriminate feature attention section is composed of a sequentially

connected channel attention module and a non-local attention module, which enhance

the discriminate features learning ability with different mechanisms. The DR-CNN

based feature learning network mainly consists of several alternating convolutional

layers, BN layers, and ReLU activation layers. In this work, the RLUs are introduced

by two shortcut connections as shown in Fig. 4.4. The dropout layer is also introduced

in this structure to avoid the over-fitting problem. To achieve the classification for

multitasks using one single network, the network is designed with multiple classifiers

after the fully connected layer. In Fig. 4.6, two classifiers, denoted as S1 and S2, are

used as an example. The features are extracted layer by layer for both tasks. For

each task, there are one independent fully connected layer and one classifier. The

independent part can be trained separately based on the extracted features from the

shared structure.

Using the fused information image as the input of the network, the constructed

discriminate feature attention based DR-CNN network can be trained for multi-task

fault diagnosis. The training process is conducted based on Adam optimization
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Figure 4.6: The proposed multi-task bearing fault diagnosis method

algorithm [109]. To achieve high training accuracy and quick convergence for both

tasks, an exponential decay based learning rate schedule is introduced in the training

process. It seeks to adjust the learning rate dynamically during the training process

by reducing the learning rate according to a pre-defined schedule. The learning rate

decreases to lower values as the training progresses. The dynamic learning rate can

be defined as:

λ = β0 · exp(−ϕ · t) (4.14)

where β0 is the initial learning rate, t is the iteration number, and ϕ is a

hyperparameter, β0 and ϕ are estimated empirically by trial-and-error based on the

training performance of the initial training stage.

4.3 Experimental Results

To validate the performance of the proposed multi-task CNN based bearing fault

diagnosis method, two case studies with different experiment settings are conducted.

The experiments are performed in MATLAB R2020b environment running on a

computer with Intel(R) Core i7-6700 CPU@3.40GHz (8CPUs) processor, 3.4GHz

16G RAM.
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4.3.1 Case i: Case Western Reserve University Data

4.3.1.1 Data Description and Pre-processing

The first experiment uses the bearing data collected from the machinery fault

simulator-rotor dynamics simulator[96] as shown in Fig. 4.7. Three bearings are

mounted on the drive end, middle, and non-drive end of the testbed. For each bearing,

three faults, which include outer race fault, inner race fault, ball fault, are injected

in the bearings. The bearings are tested at ten different rotating speeds from 300 to

3000 r/min with a step increase of 300 r/min. The data are collected with a sampling

frequency of 256 times the rotating speed. The bearings are tested with multi-sensors

that are placed on the top of each bearing house. In this work, the data from two

sensors at the drive end and middle are used.

Figure 4.7: Machinery fault simulator-rotor dynamics simulator (MFS-RDS) testbed
[96]

The raw data are randomly split into training sets and testing sets with a length of

2500 data points. For the data from each sensor, the 1-D time series data is converted

into 2-D grayscale images with the size of 50 × 50. The network input is built by

combining the data images with the information map. The size of the the network
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input is 50×50×3. For each fault mode, 1500 samples are used, and there are totally

6000 samples. To verify the accuracy and effectiveness of the proposed approach,

3-fold cross-validation (CV) is conducted. The samples are randomly divided into

three datasets {A,B,C}. In this case study, Task 1 and Task 2 are assigned as fault

mode diagnosis and fault localization, respectively. For each data sample, it comes

with two labels. One is 4 classes of fault mode (inner-race fault, outer-race fault, ball

fault, normal) while the other one is 4 classes of fault locations (drive end bearing,

middle bearing, non-drive end bearing, normal).

4.3.1.2 Multi-task DR-CNN based fault diagnosis

The training process is conducted based on the Adam optimizer [110]. Table 4.1

shows the detailed structure of the discriminate feature attention based DR-CNN.

The proposed network adopts one RLU whose structure is highlighted with bold

text. In the training process, the initial learning rate and dropout rate are set at 0.01

and 0.3, respectively. The mini-batch size of the input is 125. The training process is

terminated when the epochs reach the pre-defined maximum epoch. Then the trained

network is used on testing set to validate the performance.

Figs. 4.8 shows the training progress of Tasks 1 and 2, both with comparison of

results without domain knowledge and without attention modules. It is clear that the

proposed approach can achieve high accuracy with fast convergence speed for both

tasks, which also demonstrate the benefits of integration of domain knowledge and

attention modules. The convergence of the training loss in the whole process for the

3-fold CV is shown in Fig. 4.9. Note that the convergence of the 3-fold CV processes

are all stable and fast.

Table 4.2 lists the testing accuracy for the three CV combinations. The average

training accuracies of both Tasks 1 and 2 can achieve 98.41% and 98.38%, respectively.

To show the superiority of the proposed approach, the results are compared with
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Table 4.1: Structure of the proposed network in Case I

Layer Type Filter size Count Output
1 Input - - 50×50×3
2 Convolution 5×5×1 100 50×50×100
3 Channel Attention - - 50×50×100
4 Non-local Attention - - 50×50×100
5 ReLU 1×1 100 1×1×100
6 Convolution 5×5×3 30 5×5×3
7 Max pooling 2×2×3 30 5×5×3
8 BN - 30 5×5×3
9 Convolution 5×5×3 30 5×5×3
10 Max pooling 2×2×3 30 5×5×3
11 ReLU - - 56×56×3
12 Max Pooling 4×4×3 30 53×53×3
13 BN - - 53×53×3
14 ReLU - - 53×53×3
15 Dropout - - 1×1×100
16 Fully connected 1 1×1×100 4 1×1×4
17 Softmax 1 - - 1
18 Fully connected 2 1×1×100 4 1×1×4
19 Softmax 2 - - 1

Table 4.2: Accuracy of diagnosis with MFS-RDS data

Task Training Without No Domain Proposed(%)
/Testing Attention(%) Knowledge(%)

Task1

{A,B}|C 95.2 93.2 98.25
{A,C}|B 95.8 93.1 98.49
{B,C}|A 95.11 92.45 98.48
Average 95.37 92.9 98.41

Task2

{A,B}|C 94.53 96.4 98.27
{A,C}|B 96.9 94.26 98.14
{B,C}|A 95.44 96.46 98.72
Average 95.6 95.7 98.38
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Figure 4.8: Training accuracy of multitask CNN of Case I

Figure 4.9: Training loss of multitask CNN of Case I,{A,B}|C indicates A and B are
used as training, C is used as testing

the structure without domain knowledge and without feature attention mechanisms,

respectively. Based on Table 4.2, the proposed approach can improve the accuracies

by about 5.5% and 2.7%, respectively, for fault diagnosis and localization compared

with the structure without domain knowledge. The comparison with the structure

without attention mechanism shows that the accuracies can improve about 3% and

2.8% for fault diagnosis and localization, respectively.

The method is then compared with a latest multitask CNN based bearing fault

diagnosis method [96]. The method uses bearing information map and the continuous

wavelet coefficient matrices (CWCMs) of bearing data as the input of multitask CNN,

in which the domain knowledge are also integrated in the diagnosis process and a

dynamic CNN is applied to classify the fault modes. Table 4.3 shows the accuracies

of fault diagnosis and fault location. The proposed method can improve the accuracies

by about 2% in both diagnosis and localization. The results demonstrates that the
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proposed method can achieve better performance than CWCM-CNN with less data

processing.

Table 4.3: Comparison of multitask CNN

Method CWCM-CNN CWCM-CNN Proposed
with information map

Task 1 (%) 91.92 96.53 98.41
Task 2 (%) 93.09 96.36 98.38

To further validate the effectiveness of the proposed approach, it is compared with

some recent DL-based approaches, which include 1-Dimensional CNN (1-D CNN)

[111], hierarchical CNN (HCNN) with a matrix reconstruction method [112], deep

CNN with wide first layer kernels (WDCNN) [113], dislocated time series CNN

(DTS-CNN) [114]. The comparison results in Table 4.4 show that the average

accuracy of the proposed approach has improvements about 20.17%, 15.61%, 11.58%,

and 10.07%, respectively. Since these methods are single-task methods, only the

accuracy of fault mode is compared.

Table 4.4: Comparison of Fault mode accuracy with different methods

Method 1D-CNN HCNN WDCNN DTS-CNN Proposed
Accuracy(%) 78.24 82.80 86.83 88.34 98.41

4.3.2 Case ii: Rolling Element Bearing Testing Data

4.3.2.1 Data Description and Pre-processing

The bearings in this case study are tapered ball bearings as described in Section.

3.3. In this work, the proposed approach is performed on vibration and AE acoustic

emission signals. The data from X channel and Y channel of the triaxial sensors and

the AE sensor are used. The multi-sensor data are converted and combined with the

information map to build the input of network with the size of 60× 60× 4. For each
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fault mode, 1800 samples are used. There are totally 9600 samples in the training set

and 4800 samples in the test set. The samples are also divided into three datasets

{D,E, F} to cross-verify the proposed approach.

4.3.2.2 Multi-task CNN based fault diagnosis

Using the 2-D information map built from the data of two types of sensors and the

corresponding domain knowledge, the discriminate feature attention based DR-CNN

is trained for multi-task fault diagnosis. In this case study, Task 1 is defined to

diagnose the fault mode, while Task 2 is defined as identifying the bearing operating

condition (speed) at the occurrence of the fault. The labels for Task 1 and Task 2 are

fault dimension and rotating speed, which include 8 classes and 3 classes, respectively.

The training procedure and parameters are consistent with that in Case i. The

detailed structure is described in Table 4.5. The main differences are the input and

output of the network. With the input information maps and the initialized structure,

the multi-task fault diagnosis is trained. Then the trained network is implemented

on the testing set to validate the performance. The training processes of Task 1 and

Task 2 are shown in Fig. 4.10. Clearly, the training accuracy of both tasks converges

at about 6 epochs. The training process has fast convergence and good accuracy for

both tasks. The cross validation experiments indicate the robustness of the proposed

approach.

Figure 4.10: Training accuracy of multitask CNN of case 2
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Table 4.5: Structure of the proposed network

Layer Layer Type Filter size Count Output
1 Input - - 60×60×4
2 Convolution 5×5×1 100 60×60×100
3 Channel Attention - - 60×60×100
4 Non-local Attention - - 60×60×100
5 ReLU 1×1 100 1×1×100
6 Convolution 5×5×3 30 5×5×3
7 Max pooling 2×2×3 30 5×5×3
8 BN - 30 5×5×3
9 Convolution 5×5×3 30 5×5×3
10 Max pooling 2×2×3 30 5×5×3
11 ReLU - - 56×56×3
12 Max Pooling 4×4×3 30 53×53×3
13 BN - - 53×53×3
14 ReLU - - 53×53×3
22 Dropout - - 1×1×100
23 Fully connected 1 1×1×100 4 1×1×4
24 Softmax 1 - - 1
26 Fully connected 2 1×1×100 4 1×1×4
27 Softmax 2 - - 1

The experimental results are also compared with the structure without domain

knowledge and feature attention mechanism, respectively. Table 4.6 shows the testing

results of cross validation and quantitative comparisons. The average diagnosis

accuracies of Task 1 and Task 2 of the proposed method can achieve 99.98% and

99.46%. Compared with the structure without attention mechanism and without

domain knowledge, the proposed method has about 4% and 3% improvement in Task

1 and about 11% and 9% improvement in Task 2, respectively.

To show the convergence of the whole training process, Fig. 4.11 presents

convergence curves of the 3-fold CV. It shows the overall loss after the training of each

mini-batch. Based on Fig. 4.11, all the training processes are fast and smooth, the
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Table 4.6: Accuracy of fault diagnosis (Fault diagnosis/Operating speed
identification)

Task
Training Without No Domain

Proposed(%)
/Testing Attention(%) Knowledge(%)

Task1(Fault)

{D,E}|F 94.4 96.4 99.97

{D,F}|E 96.4 96.8 99.99

{E,F}|D 96.2 95.6 99.97

Average 95.9 96.2 99.98

Task2(Speed)

{D,E}|F 88 93.2 99.96

{D,F}|E 91.2 87.6 99.52

{E,F}|D 86 89.2 98.91

Average 88.4 90 99.46

loss converges to close 0 at about iteration 200. The fluctuations of all convergence

curves are small, which demonstrates that the proposed approach is stable and robust.

Figure 4.11: Training loss of multitask CNN of Case 2, {D,E}|F indicates D and E
are used as training, F is used as testing

4.4 Conclusions

This chapter proposes a novel enhanced discriminate feature learning based DR-CNN

multi-task bearing fault diagnosis. The raw data from multi-sensors are converted and

fused with domain knowledge to build the information maps. Two different attention
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modules are employed to enhance the fault related discriminate features learning

ability. The constructed discriminate feature attention DR-CNN structure with two

classifiers is assembled and trained with dynamic training procedure using the fused

information maps. Two case studies are presented to verify the performance of the

proposed approach. The first case study uses the data from the same type of sensors

at different locations while the second case study uses the data from different types of

sensors. Experimental results and comparisons show that the proposed approach can

achieve high training accuracy, fast convergence speed, and high diagnostic accuracy

for multitasks with a single network. The results demonstrate that the proposed

multi-task bearing diagnosis network with the integration of domain knowledge and

fusion of data from multi-sources is stable and robust.
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Chapter 5

Varying Speed Bearing Fault Diagnosis with

Multi-scale Discriminate CNN

The preceding chapters present different DL-based methods for bearing fault

diagnosis. Experimental results show that the proposed methods can achieve

satisfying results for bearing fault diagnosis. However, the methods are mainly

proposed for bearing fault diagnosis under stationary operating speed. In practice,

most industrial bearing systems operate in varying conditions and environments,

especially the operating speed and load. Compared with stationary working

conditions, bearings under varying speed conditions throw more challenges for fault

diagnosis as fault-related signals will be affected by varying operating speed and

load. Therefore, it is desirable to develop the method for bearing fault diagnosis

under varying conditions to improve the accuracy, efficiency, and extensibility of

fault diagnosis. Although operating conditions are considered in some existing works

[96–98], they are designed for stationary operating conditions.

Besides, some fault-related signals of bearings under varying speeds show similar

characteristics with bearing intrinsic signals, such as periodicity and repeatability.

Therefore, it is more challenging for bearing fault diagnosis under varying speeds

compared with that in stationary operating conditions. However, the fault-related

characteristics are rarely considered in the existing methods. Therefore, they often

cannot guarantee satisfying results for the tasks under varying speeds.

Due to the complex working conditions, varying speeds and loads, the features
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of bearing faults often present their unique characteristics in different spaces and

scales. DL network can project bearing monitoring data into different feature

spaces. However, simple projection and transform cannot guarantee the feature

extraction performance for bearings under varying speeds, resulting in the low

diagnosis accuracy. Multi-scale analysis and feature extraction are effective methods

to increase the depth of network to capture the hidden features in different spaces.

Bearing monitoring data contain abundant information, which includes

fault-related frequency components, operating environment conditions, system

intrinsic signals, unexpected external interrupt signals, and various noises. The

collected data are a superposition of individual vibration signals of the system from

different parts. Some signals are not informative or irrelevant to faults. They will

introduce more learning loads and will result in the degradation of accuracy and

training efficiency. The signals of interest to fault diagnosis are the components

that are related to faults. Besides, the operation of bearings is often monitored

with multiple sensors that are placed at different locations or are of different types.

How to learn useful information in an effective way is critical for fault diagnosis

tasks. Most existing works lack explicit discriminate feature learning mechanisms for

different signals. Therefore, some unnecessary computation costs will be introduced

in the learning process and the diagnosis accuracy and training efficiency will also

be affected. As a result, the generalization of existing methods is often not suitable

for fault diagnosis tasks under varying speeds. To deal with these challenges, it is

of great importance to develop an efficient fault diagnosis method with discriminate

feature learning mechanisms to fully explore the learning ability of DL networks.

With the above-mentioned limitations and motivations, this chapter proposes a

multi-scale discriminate CNN-based method. The method is developed with fully

consideration of bearing operating conditions and fault signal characteristics under

varying speeds. The multi-scale feature extraction architecture can effectively capture
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the features under varying speeds. Besides, the bearing operating speed information

is integrated into the input for feature extraction, and the correlations between

operating speed and raw data are also extracted to enhance the network feature

extraction ability for bearings under varying speeds. To improve the effectiveness

of feature learning and further explore the hidden important information for fault

diagnosis, the multi-head self-attention-based architecture enables the network to

learn important information in a parallel manner with discriminate attention. With

the extracted multi-scale discriminate attention features, bearing fault diagnosis

under varying speeds can achieve satisfying results in terms of accuracy and efficiency.

5.1 Theoretical Background

5.1.1 Convolutional Neural Network

CNN is a typical deep learning network, which has been widely and successfully used

in computer vision, pattern recognition, etc. It is a representative variant of neural

networks. A typical structure of CNN is mainly composed of several alternating

convolutional layers, pooling layers, activation layers, fully connected layers, and

output layers. CNN is designed with the idea of location connection and convolution

kernel parameter sharing [115]. The convolution operation is conducted by applying

convolution kernels on the given inputs (input images or the output of lower layers)

to learn features in different scales. The pooling layer is performed to compress the

output feature maps from the convolutional layers. The features of the input images

can be extracted by convolution and pooling operation layer by layer. Classification

or regression task is performed based on the extracted features. The convolution

operation is conducted by applying a convolution kernel on the input image or the

previous layer output to generate a corresponding feature using a nonlinear activation

function [106]. The pooling layer is carried out for the down-sampling operation.

73



The common pooling operations include maximum pooling and average pooling.

Maximum pooling is operated by finding the maximum value of a region of the feature

map while average pooling is to find the average value of a region. The extracted

feature is fully connected in fully connected layers to perform the classification or

regression tasks.

5.1.2 Multi-Head Self Attention Module

The multi-scale feature learning network is designed based on the self-attention

mechanism [116]. The attention architecture provides a way to assign different

weights to input information for feature extraction, which helps the network pay close

attention to important information and reduces the role of irrelevant components.

Multi-head self-attention (MHSA) is designed with a parallel attention head to extract

features from different subspaces or different scale feature spaces.

5.1.2.1 Scaled dot-product attention

The scaled dot-product attention (SDPA) is the core part of multi-head self-attention

architecture. It’s designed to capture the internal correlation of the input signals.

The key idea of the attention mechanism is to map a query and a set of key-value

pairs to output with attention. The quarry Q, key K, and V are obtained by linear

transformation of the input signals. The output of the attention can be described as a

weighted sum of the value using the attention weights, where the weight is calculated

by a compatibility function of the query with the corresponding key. Dot-product

attention is adopted since it is much faster and more space-efficient in practice. Fig.

5.1(a) shows the structure of scale dot-product attention with the input of Q, K, and

V . The attention weights which are applied on the values and the output of scale
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dot-product are computed as:

w = softmax(QK
T

√
dk

) (5.1)

Attention(Q,K, V ) = wV (5.2)

where Q = XWq are the queries matrices, K = XWk and V = XWk represent the

keys and values matrices respectively, Wq,Wk,Wv are learnable matrixes, and
√
dk is

a scaling factor.

5.1.2.2 Multi-head self attention

Since a single attention function just provides one projection for the input features,

it is beneficial to project the input features with different projections simultaneously.

The core idea of multi-head attention is to perform the scale dot-product attention

for the input features with different projections in parallel, which is shown in Fig.

5.1(b). The weighted feature from each scale dot-product attention is concatenated

together to generate a final weighted feature matrix as:

MultiHead(Q,K, V ) = Concat(H1, · · · , Hm)W q (5.3)

where Hi = Attention(Q,K, V ), Wq is the corresponding matrix, m is the number of

attention head. Multi-head attention provides a parallel feature learning structure,

which has a more powerful feature attention ability than single-head attention with

similar computation. In this work, the multi-head self-attention is as the hidden

layers in multi-scale branches.

5.2 The Proposed Approach

5.2.1 Overall Framework

This work presents a multi-scale discriminate CNN based fault diagnosis using

multi-head attention. Fig. 5.2 shows the overall architecture of the proposed
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Figure 5.1: Self attention network [116]

Figure 5.2: The Proposed multi-scale discriminate CNN based bearing fault diagnosis
method

approach, which includes data pre-processing, discriminate feature learning, and fault

diagnosis. The detailed implementation process is described as follows:

Step 1) Partition the 1-dimensional (1-D) monitoring data into segments based on

the sampling rate and the bearing rotating speed. The obtained data samples

are then split into training and testing sets.

Step 2) Convert raw bearing data segments into 2-dimensional (2-D) grayscale

images and transform the varying speed information into information maps.

The data images are then integrated with the information map to build the

fused information maps, which are used for fault diagnosis.
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Step 3) Design multi-scale discriminate feature learning network based on multi-head

attention. The structure and parameters of the network are first initialized

based on the input and tasks, and then trained with the build information

images.

Step 4) If the performance satisfies the pre-defined requirements or the training

epoch reaches the threshold, the training process is terminated.

Step 5) The trained network is tested using testing datasets. The advantages of

the proposed network are further demonstrated with the comparisons of the

state-to-art methods.

5.2.2 Data Conversion and Information Map Construction

5.2.2.1 Data conversion and combination

The raw 1-D time series vibration data are first converted to 2-D images. Fig. 5.4 is

the data conversation and sample construction process. In data conversion, the raw

data are divided into samples with length of M2. To include at least one rotation of

bearing data to each sample, the sample length is estimated with the consideration

of the data sampling rates and bearing rotating speeds. These samples are then

converted into 2-D grayscale images with the size of M ×M . To this end, a sliding

window with length of M is employed to divide each sample into M segments. The

pixel intensity values of the first segment M1 are obtained based on Eq. (5.4), and

then used as the first row of the 2-D image. Based on this conversion strategy, the

other rows of the 2-D grayscale image can be obtained. In the end, a 2-D image with

the size of M ×M can be obtained from each raw data sample. The 2-D images are

then randomly separated into training and testing sets.

The pixel intensity values of the images are calculated by normalizing the raw

data to the grayscale value in the range of (0, 255). By defining G(i, j) as the raw

77



Figure 5.3: Bearing Varying Speed Information

data, the pixel intensity of the images K at the coordination (i, j), i, j ∈ [1, · · · ,M ]

can be calculated as:

K(i, j) = round
{
G(i, j)−Gmin ×

255
Gmax −Gmin

}
(5.4)

where Gmax and Gmin represent the maximum and minimum of the raw data G, and

round(·) is the round function.

Figure 5.4: Data Conversion and Combination Procedure

5.2.2.2 Information map construction

Domain knowledge is the knowledge of a specific, specialized discipline or field [96].

In bearing fault diagnosis, domain knowledge includes fault mechanisms and expert

empirical knowledge, such as bearing operating speed, rotating mechanism, fault

characteristics, and some common fault patterns that can be extracted from historical

monitoring data, etc. This domain knowledge is critical for diagnosis. The powerful

feature learning and fusion ability of DL-based approaches provide a solution for

integrating complex heterogeneous domain knowledge in the diagnosis process.
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The bearing operating conditions, such as rotating speeds and loads, have great

effects on the monitoring data in terms of signal energy, amplitude, frequency, and

noise term. These effects throw some challenges on fault diagnosis, especially for

systems that operate in variable conditions and working load. Therefore, it is

desirable to integrate the information of the operating condition in the diagnosis

process. Adding bearing operating information can enable the model to learn some

key features for identifying faults.

In this work, an information map is built to integrate operating speed in the input

to the networks. An empty information map with the same size of M ×M is built.

The built information maps are then combined with the data images to build the

network input, which has the size of M ×M × (N + 1) as shown in Fig. 5.4.

5.2.3 Architecture of Multi-scale Discriminate Feature

Extraction

The framework of the multi-scale feature extraction network is shown in Fig. 5.2.

The main stream of the proposed network is an improved deep residual CNN network,

which is composed of alternating convolutional and polling layers, a MHSA block, and

a resiudal connection. The other two sub-streams are mainly composed of MHSA

blacks. This network is designed with the fully consideration of bearing fault-related

signal characteristics.

As mentioned above, the fault-related signal components are expected to

contribute more to the training of the network. The most common bearing signal

components are periodic impulses, which can be system intrinsic operating signals

or system periodic signals. Besides, some bearing-related faults can also lead to

repetitive and periodic impulses in vibration signals. Since mechanical systems

are always operated in harsh working environments, the periodic impulses are

often submerged by noises and it is difficult to identify these signal characteristics
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from vibration signals. In addition, although the periodic signals from different

sources or faults show differences in frequency and energy, they all show long-range

dependencies as shown in Fig. 5.5. Therefore, enhancing the learning ability for

the noise-submerged fault-related periodic impulses and long-range dependencies

is critical for improving network feature extraction efficiency and fault diagnosis

accuracy. The emphasis on learning these specific signal components can also reduce

the computation cost of bearing data noise.

Figure 5.5: Long range dependency example

CNN extracts temporal features by scanning the input images through different

convolution kernels, the different scale convolution operations allow the network to

extract features in multiple scales as Eq. (5.5). The input can be projected into

different spaces using convolution and pooling operations. The features from different

layers can be regarded as different representations of the input.

S =
∑
u

∑
v

X[u, v]H[i− u, j − v] (5.5)

where X,H denote the input image and convolution kernel, i, j are the index of rows

and columns of the input image. The input is projected into high-level representations

in different scales by different convolution and pooling layers as shown in Fig. 5.6.

However, this projection cannot guarantee a satisfying result for the diagnosis tasks

of rotating machinery due to the increasing complexity of operating conditions.

The different scale features extracted in Fig. 5.6 are then used as the input for

different streams, which are developed based on MHSA. In each feature extraction

stream, a multi-scale and multi-head discriminate feature extraction network is
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Figure 5.6: Multi-scale feature extraction network architecture

designed to further learn the hidden characteristics in the input feature maps. The

network architecture of each stream is shown in Fig. 5.7.

In each stream, convolution operation with multiple kernels is first applied on the

input to further project the input to different spaces in multi-scales. MHSA block is

then performed on each feature representation to extract features in a parallel manner

as illustrated in Section 4.1. As shown in Fig. 5.7, the input feature maps of each

stream are projected to different feature matrices with linear transformers, and SDPA

is then applied on the transformed matrix to get weighted feature maps in parallel. In

the multi-head discriminate feature attention network, different attention heads focus

on different features and will give the focused features different weights based on the

contributions for fault mode identification. This design enables the network to focus

on important information and reduce the effects of irrelevant information in terms

of computation cost and diagnosis accuracy. Besides, multi-head self-attention also

aims to capture the internal correlation of the input. The attention features from the

different heads are concatenated together as weighted features of the current feature

stream. With the weighted features, the performance of fault diagnosis can be further

improved with high accuracy and efficiency.

Besides, bearing speed information is integrated into the input for fault diagnosis

in this work. With the speed varying, the characteristics of fault-related signal
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Figure 5.7: Multi-head discriminate feature extraction network architecture

components will also change in the time domain and frequency domain. There exists

a correlation between bearing data and varying speed information. The multi-scale

discriminate feature extraction network is also capable of learning this kind of spatial

information.

Finally, the extracted features from each stream are contacted together as the

input of a fully connected layer for fault diagnosis as Eq. (5.6). The training is

carried out using the loss function that is defined in Eq. (5.7).

F = f(W · ∪(∪mk=1W
kyk) + β) (5.6)

L = − 1
n

n∑
i=1

yi · log(pi) (5.7)

where ∪ stands for concatenation operation, f is softmax function, yi and pi are the

actual label and predicted probability for the ith sample, respectively. The training

process is conducted based on the Adam optimizer [110].

5.3 Experimental Results

To verify the effectiveness and advantages of the proposed method, it is performed

on two benchmarks with different experiment settings for fault diagnosis tasks. The
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experiments are performed in anaconda python environment running on a computer

with Intel(R) Core i7-6700 CPU@3.40GHz (8CPUs) processor, 3.4GHz 16G RAM.

5.3.1 Case I: SpectraQuest machinery fault simulator

5.3.1.1 Data Description and Pre-processing

The datasets are from the University of Ottawa. The experiments are performed

on a SpectraQuest machinery fault simulator (MFS-PK5M) [117], which is the

experimental testbed shown in Fig. 4.7. The bearing is driven by a motor. Two

bearings are installed at the drive-end and the non-drive end. The drive-end bearing

is a healthy bearing, while the non-drive-end bearing is the experimental bearing,

which can be replaced as a healthy bearing, inner fault bearing, or outer race fault

bearing based on different health conditions. An accelerometer is installed on the

house of the experimental bearing to collect the vibration signals. An encoder is

placed near the drive-end to collect the speed information. The vibration signals and

rotational speed are all collected with a sampling rate of 200kHz and a duration of

10s.

Figure 5.8: MFS-RDS testbed [117]
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The experiments are conducted under four operating rotation speed conditions,

which include increasing speed, decreasing speed, increasing then decreasing speed,

and decreasing then increasing speed. Bearings in different health conditions are

all operated under the four rotating speeds. For each fault mode, the raw data are

randomly split into training sets and testing sets with a length of 3600 data points.

The 1-D time series data of each sensor is converted into 2-D grayscale images with

the size of 60 × 60. The network input is built by combining the data images with

bearing rotating speed. The size of the network input is 60 × 60 × 2. For each

fault mode, 2000 samples are used, and there are total 6000 samples. To verify the

accuracy and effectiveness of the proposed approach, 3-fold cross-validation (CV) is

conducted. The samples are randomly divided into three datasets {A,B,C}. For

each data sample, it comes with a label of 3 fault modes (healthy, inner-race fault,

outer-race fault).

5.3.1.2 Multi-scale Attention based Fault Diagnosis

In this experiment, the initial learning rate and dropout rate are set at 0.01 and

0.3, respectively. The mini-batch size of the input is 125. The training process is

terminated when the number of epoch reaches the pre-defined maximum epoch. Then

the trained network is performed on the testing set to validate the performance.

Figs. 5.9 shows the training progress of 3-fold CV. It is evident that the proposed

approach can achieve high accuracy with fast convergence speed, which demonstrates

that the developed multi-scale CNN can yield promising results. The convergence of

the training loss in the whole process for the 3-fold CV is shown in Fig. 5.10. It is

obvious that the convergence of the 3-fold CV processes is all stable and fast.

Table 5.1 lists the testing accuracy for the three CV combinations. The average

training accuracy can achieve 99.53%. To show the superiority of the proposed

approach, the results are compared with the structure without domain knowledge
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Figure 5.9: Training accuracy of varying speed

Figure 5.10: Training Loss of varying speed

Table 5.1: Accuracy of diagnosis with MFS-RDS data

3-fold CV {A,B}|C {A,C}|B {B,C}|A Average

Accuracy 99.82 99.37 99.39 99.53

and without feature attention mechanisms, respectively.

To further highlight the effectiveness of the proposed approach, four

state-of-the-art DL-based methods, i.e., MK-ResCNN [55], WD-CNN [113], DICNN

[118], convolution enabled transformer (Con-ET) [119] are selected for comparison.

The comparison results in Table 5.2 show that the average accuracy of the proposed

approach has improvements of about 1.85%, 18.07%, 0.96%, and 1.11%, respectively.

Table 5.2: Comparison of fault diagnosis accuracy with different methods

Method MK-ResCNN WD-CNN DICNN Con-ET Proposed
Accuracy(%) 97.67 81.45 98.56 98.41 99.53
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5.3.2 Case II: Varying Speed Rotating Machine Test Bed

5.3.2.1 Experimental Platform Setup and Data Collection

To further verify the promising performance of the proposed method. The method

is verified using the data collected from the rotating machine test bed (RMTB). The

test rig consists of six major parts, including a 2 HP motor, three support bearing

units, a test bearing unit, a force loading unit (hydraulic pump for applying load

radially), transmission (shaft), variable frequency drive (VFD). All the components

are placed in line, and the motor connects to the shaft by a shaft coupling. The

physical structure is shown in Fig. 5.11. The bearings in this test rig can be divided

into two types: support bearings and test bearings. The support bearings with

plumber blocks are mainly used for supporting the shaft. The data is collected from

the bearing housing with test bearing, and the load is applied on the testing bearing

over housing.

The experiment was performed on a bearing from new to failure. Bearing is tested

at 3200 pounds load. The rotational speed was cycled through 1-minute periods of

600, 900, and 1200 rpm to simulate a practical varying speed mechanical system. The

experiment was terminated with a complete failure that happened in the inner race

of the test bearing as shown in Fig. 5.11.

5.3.2.2 Multi-scale Attention based Fault Diagnosis

The bearing run-to-failure data are divided into 5 health stages based on the fault

severity. For each health stage, the data are preprocessed to generate 800 samples.

There is a total of 3000 samples in use, while 80% of the samples are used for training,

and 20% are used for testing.

To intuitively demonstrate the feature extraction capability of the proposed

method, the raw data and the features extracted by the proposed method are
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Figure 5.11: The rotating machine test bed

Figure 5.12: Feature visualization of raw data

visualized in 3-D space with t-distributed stochastic neighbor embedding (t-SNE)

[120]. Fig. 5.12 and Fig. 5.13 visualize the first three main components of the raw

data and extracted features, respectively. In Fig. 5.12, the samples from raw data

are mixed together, and it is difficult to distinguish the corresponding fault mode.

However, the extracted features from different fault modes are almost separable,

which indicates that they can be clearly distinguished. The results show that the

proposed method has a powerful feature extraction ability. To verify the effectiveness

of the varying speed integration, the first three main components of the extracted
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Figure 5.13: Feature visualization of extracted features

Figure 5.14: Feature visualization of extracted features without speed information

features without speed information involvement are visualized in Fig. 5.14. It can be

observed that the extracted features of different faults are still mixed together, and

this will further affect the accuracy of fault diagnosis. It demonstrates that speed

information and domain knowledge integration can significant improve the network

feature learning ability.

The training process is shown in Fig. 5.15. It can be seen that although the

88



Figure 5.15: Training accuracy of RMTB

Figure 5.16: Training loss of RMTB

Table 5.3: Accuracy of diagnosis with RMTB

3-fold CV {A,B}|C {A,C}|B {B,C}|A Average

Accuracy 99.2 98.3 99.8 99.1

training accuracy shows some fluctuations, the training accuracy can still reach a

high accuracy after about 30 epochs. Table. 5.3 shows the testing accuracies of

3-fold CV. The average accuracy can achieve 99.1% on the RMTB, which further

indicates that the proposed method has stable and robust performance.

5.4 Conclusions

This chapter proposes a novel multi-scale discriminate CNN based bearing fault

diagnosis. The raw data from multi-sensors are converted and fused with varying

speeds to build the information maps. Multi-head attention-based discriminate

features learning framework is proposed for feature extraction. Two case studies

are conducted to verify the performance of the proposed approach. The feature
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extraction capability is visualized using t-SNE dimensionality reduction technique,

which demonstrates the powerful feature extraction ability of the proposed method.

Experimental results and comparisons show that the proposed approach can achieve

better performance in terms of accuracy and efficiency compared with some

state-to-the-art DL-based methods.
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Chapter 6

Cost-Efficient CWT-CNN Based Bearing Fault

Diagnosis and Prognosis

This chapter introduces a hybrid Bayesian estimation-based bearing FDP approach.

The proposed method consists of two major offline components (Health Indicator

(HI) and model training) and four major online components (CNN-based STP

detection, CNN-based model selection, PF-based prognosis, DST-based prediction

fusion). This work combines the powerful feature learning and pattern recognition

ability of deep learning, and state estimation and uncertainty management ability

of Bayesian estimation. In this work, Convolutional neural network (CNN) [121] is

adopted for STP detection and model selection due to the powerful feature learning

and pattern recognition ability [53, 121–124]. In the offline part, two CNN-based

models are trained using bearing information maps. The fault dynamic models are

built using the extracted HI. In the online prognosis process, the fault state is detected

using CNN-based fault model detection. The prognosis process is executed after the

detection of a fault with the integration of fault dynamic models, which are selected

using CNN-based fault selection model. A Dempster-Shafer Theory (DST) based

fusion mechanism is proposed to further improve the prognostic performance. The

bearing state and RUL can be estimated based on PF based estimation and fusion

results.
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6.1 Proposed Approach for bearing fault diagnosis and prognosis

Fig. 6.1 illustrates the framework of the proposed method, which includes feature

extraction, offline modeling, online fault detection, and Bayesian estimation based

FDP. The implementation details are described as follows:

Dempster–Shafer 
theory (DST)

RUL 
Distribution

HI 
(Energy)

FDP 
Evaluation

Feature 
Extraction

STP 
Detection

DST 
Fusion

Bayesian Estimation with Uncertain ModelOnline-Framework

𝑃1
𝑃2
⋮
𝑃𝑛

Fault ?

A

B

Fault Dynamic 
Model 

Offline Trained Models

Bearing 
Information 

Map

Model 1

Model 2

Model n

Model 
Selection

⋮

Figure 6.1: Proposed hybrid PF based FDP approach.

Step 1 Take a segment of vibration signals and transform it into CWCM energy

spectrum images, which are combined with bearing operating conditions to

build information maps.

Step 2 Offline CNN training: Construct and train two CNNs using the

information maps. One is for automatic fault and STP detection. The other

one is for fault model selection.

Step 3 Offline fault dynamic modeling: Extract HI from raw data and build

different fault dynamic models based on the HI.

Step 4 Design PF based FDP framework with the selected fault dynamic model,

which includes state estimation, RUL prediction, and DST based prognostic

fusion if necessary.
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Step 5 Conduct online experiments to verify the performance of the proposed

approach.

6.1.1 CWT-CNN based STP identification

6.1.1.1 Theory of CWT

CWT is a time-frequency domain signal processing approach, which provides a

time-scale view of signals [125]. The transformed signal is obtained by applying a

family of wavelet functions, defined by translation τ and scale a, on raw signals. The

translation defines the location of the wavelet, while the scale, defined as a = 1/f ,

relates to the stretching or compressing scale of the wavelet. The transform is defined

as:

CWT (a, τ) = 1√
a

∫ +∞

−∞
f(t) ∗Ψ(t− τ

a
)dt (6.1)

where Ψ is the mother wavelet and the Morlet wavelet is used in this work. This

decomposes raw signal f(t) into CWCMs. Fig. 6.2 shows the wavelet power spectrum

of a bearing in the run-to-failure experiments. For each subfigure, the horizontal axis

is time and the vertical axis is frequency. The images show that the bearing vibration

has apparent energy distribution in the degradation process.

6.1.1.2 Fusion of CWCM and system operating condition

Operating conditions, including rotating speed, loading profile, temperature, etc.,

have great effects on bearing degradation rate and fault state. For example, the

service life may reduce a lot for a system operating in a high-stress condition, such

as high load and high speed. Vibration signals at different operating conditions

show different features in terms of energy, noise, frequency, amplitude, among others.

Therefore, it is important information and should be integrated into the FDP process.
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Figure 6.2: Power Spectrum of CWCM during the run-to-failure process.(a)-(h) are
CWCM of samples at different time instants

In this work, two operating conditions, loading profile and rotating speed,

are considered. To insure the uniformity of CWCM images with the operating

information, an empty image with the same size as the CWCM image is built. The

background color of the empty image is defined as the level of the loading profile. The

rotating speed information is integrated into the empty image using color bands in

different locations. According to CWT, the vertical axis of CWCM is the frequency

that corresponds to scale a as:

Fa = Fc · fs
a

(6.2)

where Fc is the center frequency of the wavelet function, Fa is the related frequency

of scale a. Based on the relationship, the location of the color band can be estimated

as:

ifr = Fc · fs
fr

(6.3)

where ifr is the location of color band, fc is the signal sampling frequency, fr is bearing

rotating frequency, which can be obtained as fr = rp/60, rp is the rotating speed with

the unit of rpm. After estimating the location, a color band can be added to locations
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that correspond to different rotating speeds. The built operating condition images

are then fused with CWCM to build bearing information maps as Fig. 6.3. For each

snapshot of raw data, an information map is built for the following FDP process.

Figure 6.3: Information map construction.

6.1.1.3 CNN based fault detection and model selection

Accurate detection of the occurrence of a bearing fault and a good fault dynamic

model are critical for FDP. CNN is a classical deep learning technology that has

achieved promising results in bearing FDP as it is able to process original data with

minimal amounts of pre-processing. A classic CNN is mainly composed of alternating

convolutional layers, pooling layers, and fully connected layers. In the convolutional

layer, a set of filters are applied on the input images to extract feature maps. The

pooling layer down-samples the feature maps to reduce the dimension of convolution

features. The extracted features are finally integrated in fully connected layer as the

input of classifier to calculate the probabilities of bearing health condition (healthy

or faulty).

Two 2-dimensional (2-D) CNNs, i.e., STP detection CNN and model-selection

CNN, are trained separately for fault detection (STP detection) and fault dynamic

model selection. STP detection aims to detect the occurrence of a fault, i.e., the

STP for prognosis. The input of STP detection is the information maps that include

the energy spectrum of CWCM and operating condition. The output is bearing
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Figure 6.4: Bearing STP detection

health condition label which indicates the fault state (health or fault). Note that

the STP detection CNN only uses the information map at the current time instant

for detection. When a fault is detected, model-selection CNN selects the most

appropriate fault dynamic model for prognosis. Since the degradation model for

prognosis describes the fault growth trends, it requires several consecutive historical

information maps as the input vector of the model selection CNN. The output of

the model-selection CNN is the probabilities of candidate fault dynamic models. The

model selection probabilities are used as evidence for decision-making of the prognosis

with the single model or multiple models. Besides, the probabilities are also used to

fuse the results of the prognosis with multiple models.

For STP detection CNN, the data formet is DF = {Xt;Y F
t }, where Xt and Y F

t

are the bearing information maps and the label indicating the bearing health stage at

t, respectively. For each bearing dataset, the data are divided into healthy datasets

and faulty datasets manually to train the CNN for fault detection.

For model selection CNN, the data format is DM = {Xt−k+1, · · · , Xt;Y M
t }, where

Xt−k+1, · · · , Xt are bearing information maps in the past k time instants, and Y M
t

is the labels of different models. Note that the model selection CNN is triggered

after a bearing fault is detected. Then, the model selection CNN is trained using the

information maps that are divided as faulty to select appropriate fault models.
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6.1.2 Bearing FDP using Particle Filtering

6.1.2.1 HI Construction

A high-quality HI should accurately indicate the degradation of bearings. Based

on the bearing analysis results in the time-domain, frequency domain, and

time-frequency domain, energy is selected as HI since it presents clear degradation

trends in the faulty stages. HI can indicate the fault severity of bearings, which is

defined as the ratio of the power of CWCM to its maximum power.

6.1.2.2 Fault dynamic model

The fault growth dynamics can be generally described as:

xk = f(xk−1, ωk); also denoted as p(xk|xk−1) (6.4a)

yk = h(xk, vk); also denoted as p(yk|xk) (6.4b)

where k is time stamp, x is the fault state, f(·) depicts the bearing state transition,

h(·) is the measurement equation, y is the state measurement, ωk and vk are process

and measurement noises, respectively. Since bearing state cannot be measured, HI is

used as the state. For this setting, Eq. (6.4b) reduces to yk = xk+vk. To capture the

uncertainty of different bearing degradation cases, the models are built as probability

models, in which the parameters are subject to different distributions. Fig. 6.5 shows

the comparison of model with the degradation data of different bearings.

The diagnostic algorithm is executed from the estimated STP tSTP to estimate the

current health state. Prognosis is the procedure of long-term (multi-step) prediction

and RUL calculation. The process involves two stages: the first stage is to calculate

the fault state distribution at each future time instant by using the fault state model

repeatedly. The prediction step is carried out with a fixed time interval from the

current time tk to the failure time instant tf when the fault state reaches the failure
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Figure 6.5: Fault modeling with uncertainty.

threshold Ff . The prediction steps are {tk, tk+1, · · · , tf−1, tf} and the predicted

fault state mean value of the distribution at these time instants can be denoted

as {F (tk), F (tk+1), · · · , F (tf )}.

The second stage is to compare the fault state pdf (probability density function) at

all time instants with the failure threshold by using the law of total probabilities to get

the time to failure (TTF) or RUL distribution. Here, RUL is calculated by comparing

the distributions of fault state at all prediction steps with the failure threshold. The

prognosis is conducted at every time instant to get a RUL distribution.

6.1.2.3 Bearing FDP using PF

In this long-term prediction of prognosis, uncertainty is a key factor that should be

addressed. Bayesian estimation techniques [126] provide a general rigorous solution

for uncertainty management. In this research, PF is employed for its advantages in

nonlinear representation and uncertainty management.

Mathematically, the bearing fault states X can be described by a Markov process

characterized by the initial distribution p(x0) and the transition probability p(xk|xk−1)

defined in Eq. (6.4a). Define x0:k = {x0, · · · , xk} and y1:k = {y1, · · · , yk} as the state

and measurement. It is of interest to estimate the posterior distribution p(x0:k|y1:k).

Based on the Bayesian estimation theory, the task involves two steps, i.e., prediction

and filtering.
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Since many bearing fault dynamics are nonlinear or non-Gaussian, PF method

[127] is used to approximate the optimal solution. Firstly, a set of N particles

{xik−1, w
i
k−1}, i = 1, 2, · · · , N is assumed available at the time instant (k− 1), where

xik−1 define the locations of particles in the fault state space and wik−1 are the weights

of particles with the sum of 1. This set of particles can be used to approximate the

desired state distribution ψk−1(xk−1).

The objective is to get a new set of particles {x̂ik, ŵik} that can approximate

the state distribution ψk(xk). Since the state distribution ψk(xk) is unknown, an

importance distribution qk(x̂ik|xik−1) is defined and all current particles are extended

using this important distribution. Since qk(x̂ik|xik−1) is different from the real state

distribution ψk(xk), their difference is compensated by weights.

For bootstrap particle filtering, the importance distribution is taken as the

transition prior, i.e., qk(x̂ik|xik−1) = p(xk|xk−1). With this choice, the weights are

updated as:

w(x̂ik) = ψk(xk)/qk(x̂ik|xik−1) = w(xik−1)p(yk|xik) (6.5)

Then, the approximation at k can be estimated as:

p(xk|yk) =
N∑
i=1

ŵikδ(xk − x̂ik) with ŵik = w(x̂ik)∑
w(x̂ik)

(6.6)

where δ is the Dirac-delta function, ∑N
i=1 ŵ

i
k = 1. When the particle number N

is large, the posteriori estimation distribution p(xk|yk) will converge to the exact

solution ψk(xk).

In prognosis, the current state distribution is projected to future time instance.

For each execution, the fault state xk+1 at the next time instant is predicted as x̃(i)
k+1.

The pdf p(x̃k+1) can be approximated using the predicted particles.

Following this process, the predicted state distribution is recursively taken as the

input of fault model for predicting the state pdf at the next time instant. Based on

this strategy, the state pdf at each future time instant {p(x̃k+1), p(x̃k+2), · · · , p(x̃f )}

99



can be predicted. Finally, the TTF pdf can be obtained by comparing those state

pdf with the failure threshold. The predicted RUL pdf p(RUL) can be obtained by

calculating the time interval between the current time instant and the predicted TTF

as:

p(RUL) ≈ 1
N

N∑
n=1

δ(TTL(i) − k) (6.7)

6.1.2.4 RUL prediction fusion

Suppose n models are defined for fault dynamic description, the output of

model-selection CNN can be described as:

[P1, P2, · · · , Pn] = softmax(x) (6.8)

where P1 ≥ P2 ≥ · · · ≥ Pn are the ranked probabilities of model selection, x is

the vector of the extracted features in the fully connected layer of model-selection

CNN. In practice, n often is a small number to reduce the design effort. An adaptive

model selection mechanism is developed to avoid equivocal decision-making for model

selection. The model selection with high confidence and weak confidence will be

distinguished for different operations. A high probability P1 means that the model

is selected with strong confidence. The FDP is conducted with the single selected

fault model. On the contrary, if the selection probability is small, the fault model is

selected with weak confidence. In this case, the two models with higher probabilities

P1 and P2 are used for prognosis parallelly. The final RUL is estimated by fusing

predictions from two models using DST. The selection of two models will ensure the

real-time implementation. The model selection threshold is set as 0.7 in this work.

DST is an extension of Bayesian methodology [128], which utilizes belief

uncertainty intervals based on evidence of multiple observations to represent the

belief of assumptions (boa) [128]. It is an effective decision fusion algorithm that

exploits the probabilities of multiple pieces of uncertain evidence enclosed within the
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prediction process. It can provide the confidence of the occurrence of a specific event.

The DST fusion of prognosis results from multiple models can be more sufficient and

accurate to support decision-making.

Figure 6.6: RUL prediction fusion

In DST fusion, the frame of discernment is composed of bearing condition

probabilities (Faulty (µ1), Failure (µ2)) and two source uncertainties (model selection

uncertainty (µ3), and prediction uncertainty (µ4)) as Θ = {µ1, µ2, µ3, µ4}. The faulty

probability, blue part of state pdf in Fig. 6.6, is defined as the probability that

the state is detected as faulty but not yet reached the failure threshold, suppose two

models are used. The failure probability (red part of pdf) is defined as the probability

that the state has reached failure threshold. The basic probability assignment (BPA)

for faulty, failure, model selection uncertainty, and prediction uncertainty are denoted

by m(µ1),m(µ2),m(µ3),m(µ4), respectively. For example, m(µ2) is bearing failure

probability.

FDP process considers uncertainties of model selection and prediction. Model

selection uncertainty is evidenced by the probability of model selection, which is

quantified as a function of model selection probabilities:

m(µ3) = λ · (P2/P1) (6.9)

where P1 and P2 are model selection probabilities of two models, λ is a parameter
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determined by trial-and-error to adjust the effect of model selection in FDP.

Prediction uncertainty is evidenced by the state pdf at each time instant. It is defined

as:

m(µ4) = S/Smax (6.10)

where S represents the spread function, which is represented as 2σ2, and σ2 is the

variance of the state pdf, and Smax is the spread limit. Then, the BPA for failure is

assigned as:

m(µ2)k = p(f |xk > ξ) · (1−m(µ3)k −m(µ4)k) (6.11)

where ξ is the bearing failure threshold, k is the current time instant, p(·) is the

probability function that describes the failure probability of the state when the

prediction reaches the pre-defined failure threshold. Based on the quantification rule,

the values of different masses are described in Table 6.1.

Table 6.1: The mass combination of prediction using DST

Fig. 6.6 is the DST based prognostic fusion process. At each prognostic cycle, the

mass function of each part can be obtained as Table 6.1. The final prognostic results

are the BPA combinations of failure m(µ2), model selection uncertainty m(µ3), and

prediction uncertainty m(µ4), the combination is the fused failure probability. The

blue box represents m(F ) where the prognostic from two models agree with each

other. The magenta box is the combined uncertainty m(U).
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m(F ) =m1(µ2)m2(µ2) +m1(µ2)m2(µ3) +m1(µ2)m2(µ4)

+m1(µ3)m2(µ2) +m1(µ4)m2(µ2)

m(U) =m1(µ3)m2(µ3) +m1(µ3)m2(µ4)+

m1(µ4)m2(µ3) +m1(µ4)m2(µ4)

After all BPA functions are estimated, the fused failure probability and

uncertainty can be estimated as:

PF (k) = m(F )
1− (m1(µ1)m2(µ2) +m2(µ1)m1(µ2))

PU(k) = m(U)
1− (m1(µ1)m2(µ2) +m2(µ1)m1(µ2))

6.2 Experiments and Analysis

In this section, a series of bearing experimental results are presented to verify

the proposed method. The experiments are implemented in MATLAB R2018a

environment running on a computer with Intel(R) Core i7-6700 CPU @ 3.40GHz

(8CPUs) processor, 3.4GHz 16G RAM.

6.2.1 Data description

The data is collected from the PROGNOSTIA experimental testbed [129]. The

testbed is composed of three main components: the rotating system, the loading

part, and the measurement part. The bearings are operated in different loads and

speeds. The load is generated by a force actuator, and the speed is changed by

switching different couplings. Two accelerometers, which are installed radially on the

external race, are used to collect the bearing vibration data with a sampling rate of

25.6 kHz. Table 6.2 presents an overview of bearing datasets.
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Table 6.2: Bearing data description

Operating Condition Rotating Speed (rpm) Load (N) Dataset

Condition 1 1800 4000
B1_1, B1_2, B1_3

B1_4, B1_5, B1_6

Condition 2 1650 4200
B2_1, B2_2, B2_3

B2_4, B2_5, B2_6

Condition 3 1500 5000 B3_1, B3_2, B1_3

6.2.2 HI construction and fault modeling

As mentioned earlier, HI is used as feature to describe fault dynamics. Fig. 6.7

shows the extracted HIs for different bearings. Note that, the steady-state phases

are removed in this figure to highlight the degradation process after the fault occurs.

It is clear that these degradation processes of bearings can be described by three

fault models. For this reason, three models are built for bearing FDP. To cover most

bearing degradations for each fault mode, probabilistic models are used. The three

probabilistic models are built as:

Model 1, 2: fk+1 = fk + p1e
p2k + ωk (6.12a)

Model 3: fk+1 = fk + p1k
3 + p2k

2 + p3k + p4 + ωk (6.12b)

where f is bearing HI, k is time index, p1 ∼ p4 are the model parameters. Fault

models 1 and 2 are built as (6.12a), fault model 3 is built as (6.12b). The model

parameters are identified for different models as shown in Table 6.3. Note that

the model parameters are subject to a Gaussian distribution to accommodate the

uncertainty of fault dynamics.
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Figure 6.7: The HIs for different bearings.

Table 6.3: Model parameters for different fault models

Parameter Value

Model 1 p1 ∼ N [9.11e−5, 0.0005] p2 ∼ N [0.0565, 0.005]

Model 2 p1 ∼ N [0.01139, 0.0005] p2 ∼ N [0.9199, 0.005]

Model 3
p1 ∼ N [9.86e−10, 0.0005] p3 ∼ N [4.1e−5, 0.005]

p2 ∼ N [−3.87e−7, 0.0005] p4 ∼ N [0.0006, 0.005]

6.2.3 STP detection and fault model selection

Two CNNs are trained for STP detection and model selection, respectively. STP

detection CNN aims to detect bearing fault and estimate the STP for prognosis. The

output of STP detection CNN is bearing health condition (healthy, faulty). Model

selection CNN outputs the probabilities for three fault models. The training process

is conducted based on the Adam optimizer. The initial learning rate and dropout

rate are set as 0.01 and 0.3, respectively. The detailed structure of the trained model

selection CNN is described in Table 6.4. The mini-batch size of the input is 125.

The training process is terminated when the epochs reach the pre-defined training

threshold of maximum epoch or identification accuracy. The overall average offline

testing accuracy for STP detection and model selection are illustrated in Table 6.5.
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Based on Table 6.5, two CNN models can accurately detect bearing faults and select

the most appropriate fault models for FDP.

Table 6.4: Structure of the proposed network in model selection

Layer No. Layer Type Filter Size Filter Count Output

1 Input - - 60×60×6

2 Convolution 5×5×1 100 60×60×100

3 Maxpooling - - 60×60×100

4 Convolution - - 60×60×100

5 ReLU 1×1 100 1×1×100

6 Convolution 5×5×3 30 5×5×3

7 Max pooling 2×2×3 30 5×5×3

8 BN - 30 5×5×3

9 Convolution 5×5×3 30 5×5×3

10 Max pooling 2×2×3 30 5×5×3

11 ReLU - - 56×56×3

12 Max Pooling 4×4×3 30 53×53×3

13 BN - - 53×53×3

14 ReLU - - 53×53×3

15 Dropout - - 1×1×100

16 Fully connected 1×1×100 3 1×1×3

17 Softmax - - 1

Table 6.5: Accuracy of stage identification and model selection

Task Stage Identification Fault Model Selection

Accuracy(%) 98.27 96.04

Fig. 6.8 is the fault detection result of Bearing 1_3. Although the bearing is

detected as faulty at 1827s and 1877s, they are not effective detection since the state

is identified as faulty only after three consecutive states are detected as failure. The
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fault is finally detected at 2143s. It is clear that the fault detection results are

almost consistent with the actual bearing condition. After a fault is detected, three

consecutive historical information maps are combined as the input of model selection

CNN to select fault prognostic model. The probabilities of the three models are [0.98,

0.01, 0.01]. Since P1 > 0.7, Model 1 in Table 6.3 is selected to be implemented with

PF to conduct prognosis for Bearing 1_3.

Figure 6.8: Bearing failure detection results for Bearing 1_3.

6.2.4 Fault diagnosis and prognosis with single fault model

In the implementation, the selected single model is integrated in the PF-based FDP

algorithm. In the diagnosis stage, the particle filter is configured with 100 particles.

The failure threshold of HI is set as 0.8. Fig. 6.9 shows the diagnostic results for

Bearing 1_3 at the 13th cycle after the detection of STP. The figure shows the

comparison of the mean of bearing state pdf (red) and the measurements (HI values)

(blue). The pdf of each estimation are also given to show estimation uncertainty.

After the bearing state distribution is obtained from diagnosis, it is used as the

initial condition for prognosis to estimate the TTF. Since there is no measurement

in prognosis, it is conducted based only on fault dynamic models. The prognosis is

also configured with 100 particles. Fig. 6.10 shows the prognostic result at the 13th

cycle after the STP detection. At each time instant, the mean value and the 95%

confidence interval of the predicted fault state distributions are plotted. To make
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Figure 6.9: Bearing diagnosis results.

Figure 6.10: Bearing prognosis results.

the figure clear, it only shows the state pdf on some selected time instants. Each

prognosis process is terminated after all particles reach the failure threshold. The

RUL pdf, which is given in green color, is obtained by collecting the time instants

when the particles reach the failure threshold.

To demonstrate the RUL prediction accuracy in the whole bearing life, α − λ

metrics [130] with α = 0.3 is used. This metric shows whether the predicted RUL at

any particular time instant falls into a defined precision range. Fig. 6.11 shows the

RUL prediction results for Bearing 1_3. It is clear that 91% of the predicted RUL

falls into the defined accuracy zones.
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Figure 6.11: The RUL prediction result of Bearing 1_3.

6.2.5 DST fusion based FDP with multiple fault models

As mentioned earlier, DST-based fusion process will be triggered when necessary.

Fig. 6.12 shows a prognosis process using multiple models of Bearing 1_3 at the

28th time instant, which triggers the DST-based fusion process for prognosis. At the

current time instant, the model selection CNN yields probabilities of [0.63, 0.32, 0.05].

Since the probabilities of all models are less than 0.7, Models 1 and 2 are selected to

run the prognosis in parallel, i.e., two state pdfs are obtained for each prognosis cycle.

The mass function for the faulty state and failure state can be calculated based on

the DST details described in Section 6.1. For the failure prediction from two models,

DST provides a fused failure probability. Bearing TTF is estimated using a detection

probability 90%. In the figure, Model 1 has an early failure alarm, while Model 2 has

a late one. The fused failure probability falls between the two failure probabilities.

For example, at the 122nd time instant, the probability of failure (PoF) of Model 1

is 0.85, while the PoF of Model 2 is 0.08. The fused PoF is 0.53, which provides a

more reasonable failure alarm than single model. Table 6.6 shows the average errors

of the predicted RUL at several model fusion time instants from single model and

DST fusion. Clearly, DST based fusion method can provide an RUL prediction with

better performance.
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Figure 6.12: Fusion of prognosis with two fault models

Table 6.6: RUL Prediction Error Comparison

Time Instant(s) Model 1 Model 2 DST
25 11 6 4
42 3 3 2
57 5 3 2
73 8 4 3

Average Error 6.75 4 2.75

6.2.6 Results comparison and analysis

To further demonstrate the effectiveness of the proposed method, the results are

analyzed and compared with some state-to-the-art methods in terms of accuracy and

application economical efficiency using two different evaluation metrics.

6.2.6.1 Accuracy analysis

Cumulative Relative Accuracy (CRA) [131] comprehensively assesses the accuracy of

a prognostics method by aggregating the relative prediction accuracy at all prediction

times. It has the definition of:

CRAλ = 1
|`λ|

`λ∑
i=1

w(r(i))RAλ (6.13)

where `λ is the set of all time index of the predictions, w(r(i)) is a weight factor as a

function of RUL at all prediction time indices. The results are compared with particle
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filter and relevance vector machine based hybrid prognosis method (PF-RVM)[132],

and a multi-objective deep belief networks ensemble (MODBNE) [133], as shown in

Table 6.7, in which the best CRA values are highlighted. The proposed method has

higher prediction accuracy than the other three methods for most bearing cases.

Table 6.7: Comparison of Different methods using CRA

Bearing No. PF-RVM MODBNE Proposed
Bearing 1_1 0.5384 0.4318 0.7313
Bearing 1_2 0.6369 0.6248 0.7403
Bearing 1_3 0.7306 0.5571 0.8000
Bearing 1_4 0.6278 0.4085 0.7636
Bearing 1_5 0.6352 0.6636 0.7140
Bearing 2_1 0.6237 0.5518 0.7557
Bearing 2_2 0.5081 0.2564 0.6946
Bearing 3_2 0.5825 0.5167 0.7797
Bearing 3_3 0.6518 0.6050 0.7024

6.2.6.2 Evaluation of application economical efficiency

The potential economic loss caused by bearing failure is a significant factor in real

applications. If the predicted failure time falls later than the actual failure time, it

will cause unexpected breakdown and should be avoided. Based on the consideration,

a modified CRA (MCRA) is proposed. In MCRA, the weights are assigned based on

the prediction horizon and the absolute error (ahead or later) between the predicted

RUL and the ground truth. It is given as:

MCRAλ = 1
|`λ|

`λ∑
i=1

w∗(r(i), D)RAλ (6.14)

where D = sign(r∗(tλ) − rl(tλ)) is the sign of the prediction error, and weight w∗ is

defined as:

w∗ = g(l, D) =


k1 · (tf − l) + k2, D > 0

k3 · (tf − l) + k4, D < 0
(6.15)
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where l is the length of the prediction horizon, g is the function to estimate the

unique weight for each prediction, k = [0.005, 0.5, 0.008, 0.2] are the parameters for

the two different linear weight functions, and tf is the failure time. MCRA takes

more application-related factors into account and gives award (penalty) to early (late)

failure time prediction.

Table 6.8: Comparison of Different methods using RMSE and MCRA

Bearing No. PF-RVM Proposed
RMSE MCRA RMSE MCRA

Bearing 1_1 4.3621 0.5136 3.5322 0.6372
Bearing 1_2 6.2031 0.5287 5.2219 0.5973
Bearing 1_3 4.6324 0.6637 3.6304 0.7036
Bearing 1_4 4.5682 0.6521 3.8261 0.6713
Bearing 1_5 6.4271 0.5931 5.8595 0.6394
Bearing 1_6 3.9271 0.6254 3.0608 0.7530

Table 6.8 presents and compares the RUL prediction performance with root

mean square error (RMSE) and MRCA score, in which we program the algorithm

of PF-RVM [132]. It can be seen that the proposed method has smaller RMSE

and higher MCRA than the PF-RVM method for all the bearings, which fully

demonstrates the performance of the proposed method.

6.3 Conclusions

Motivated by the challenges or open problems in bearing FDP, this chapter presents

a systematic bearing FDP framework that integrates CNN-based fault detection

and model selection, Bayesian estimation-based FDP, and DST-based prognostic

fusion. This proposed method makes the most of the strengths and circumvents

the demerits of deep learning methods and model-based methods, which combines

the advantage of the powerful learning and pattern identification ability of CNN,

uncertainty representation ability of Bayesian estimation, and information fusion

of different resources. Two CNN models are trained to detect the STP and select

112



appropriate models for prognosis, which guarantees the computation efficiency and

accuracy of FDP. DST fusion is applied to fuse the prognostic results when necessary.

Experiments and comparisons show that the proposed method has high performance

in accurate STP detection and RUL prediction.
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Chapter 7

Conclusion and future work

This chapter concludes the main works of this thesis and summarizes the future work

of this research.

7.1 Conclusions

Early and accurate bearing fault diagnosis is critical for condition-based maintenance

and logistics, which can significantly reduce the cost of operating and maintenance.

Current industrial systems often work in variable and complex operating conditions,

which bring some challenges for existing DL-based FDP methods. The challenges

can result in a low FDP accuracy and efficiency. To overcome the challenges, this

thesis improves the existing DL-based fault diagnosis (classification) approach in

terms of structure optimization, adaptive learning strategy, domain knowledge, and

FDP algorithm execution strategy. Moreover, this thesis proposes a hybrid Bayesian

estimation-based method for prognosis, which includes fault detection, fault model

selection, PF-based prognosis, and DST-based prediction fusion.

First, this thesis proposes a DL-based approach, which integrates PSO and

adaptive PReLU-DBN, for accurate and efficient rolling element-bearing diagnosis.

In the proposed method, PCA is applied to the raw data to reduce the dimension

of the input data. The optimal structure of DBN is determined by PSO. In the

optimization of PSO, a PReLU activation layer and an adaptive training strategy are

developed to speed up the training process. Experiments on a tapered roller bearing

are conducted to demonstrate the effectiveness and efficiency of the methodology.
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It avoids manual feature extraction and selection that requires extensive human

involvement. Compared with traditional DBN structures, the proposed approach

is able to achieve higher accuracy and faster convergence speed. More important, the

proposed approach is a generic solution that can be applied to a variety of systems.

Second, a novel enhanced discriminate feature learning-based multi-task DR-CNN

is proposed to improve the accuracy and efficiency of the bearing under varying

operating conditions. The raw data from multi-sensors are converted and fused with

domain knowledge to build information maps. Two different attention modules are

employed to enhance the fault-related discriminate features learning ability. The

constructed discriminate feature attention DR-CNN structure with two classifiers

is assembled and trained with a dynamic training procedure using the fused

information maps. Two case studies are conducted to verify the performance of the

proposed approach. The proposed approach can achieve high training accuracy, fast

convergence speed, and high diagnostic accuracy for multitasks with a single network.

It demonstrates that the proposed multi-task bearing diagnosis network is stable and

robust in different applications.

Third, this thesis proposes a novel multi-scale discriminate CNN-based bearing

fault diagnosis for bearing fault diagnosis under varying speed. The raw data are

converted and fused with varying speeds to build the information maps. Multi-head

attention-based discriminate features learning framework is proposed for feature

extraction. Two case studies are conducted to verify the performance of the proposed

approach. The feature extraction capability is visualized using t-SNE dimensionality

reduction technique, which demonstrates the powerful feature extraction ability of

the proposed method. Experimental results and comparisons show that the proposed

approach can achieve better performance in terms of accuracy and efficiency than

some state-of-the-art methods.

Fourth, this thesis presents a hybrid bearing FDP framework that integrates
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CNN-based fault detection and model selection, Bayesian estimation-based FDP, and

DST-based prognostic fusion. This approach combines the advantage of the strong

learning and pattern identification ability of CNN, the uncertainty representation

ability of PF. Two CNN models are trained to detect the STP and select appropriate

models for prognosis, which guarantees the computation efficiency and accuracy of

FDP. DST fusion is applied to fuse the prognostic results when necessary. The

proposed method can accurately estimate the real-time bearing fault condition and

predict the RUL.

7.2 Future work

Future work will focus on transfer learning based on the proposed DL-based networks

to improve the applicability and efficiency of the methods. The proposed DL-based

methods have achieved satisfying performance on different bearing cases. The training

and testing datasets that are used in this thesis are all from the same source, and

the characteristic distributions of the training and testing are similar. However, in

practice, the working conditions of bearings often change a lot in the service life,

which makes the data show different characteristic distributions. The fault diagnosis

accuracy cannot be guaranteed when the developed network is trained under one

working condition or task but applied on the bearings under other working conditions

or tasks. Besides, there are some other problems in real applications, such as the

training and testing data accessibility, imbalance problem of collected data, low data

volume, etc. These problems will all hinder the application of the proposed methods.

Therefore, future work will focus on transfer learning based on the proposed networks

to improve their practicability, and allow the proposed methods to be applicable to

different bearing cases.

Transfer learning-based fault diagnosis is a cross-domain learning problem. The

model is trained with source domain data and tested with the data from the
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target domain. Future work will focus on developing novel cross-domain adaption

mechanisms based on the developed DL-based networks to improve the usability of

the methods.
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