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ABSTRACT

An unappealing property of all practical industrial systems is the fact that they

are vulnerable to malfunction since they are often operated in extreme working conditions.

More generally, the unexpected modes of behaviour can cause unexpected failures leading

to unanticipated interruptions in industrial production. Specifically, the bearing in rotary

machine and boiler tubes in a power plant are the critical components in industrial systems,

which usually have faults leading to catastrophic loss in the economy. The diagnosis and

prognosis to detect the faults and predict the lifetime of these components are needed for

scheduling maintenance. The failure in these machines usually goes with the symptoms

such as the generating abnormally vibration or generating of the elastic wave in form of

acoustic emission (AE) which can be measured by vibration acceleration sensors or AE

sensors. The AE-based signal processing techniques are more efficient for capturing low-

energy fault signatures that make them more attractive and appealing to many researchers.

Hence, advanced data acquisition and signal processing techniques have been developed for

effective and early fault detection and estimate future health in critical systems. Moreover,

with the ever-increasing amounts of data, the need for automated methods for data analysis

continues to grow. Machine learning and deep learning are thus developed to automatically

detect a pattern in data and use the uncovered pattern to predict the future or other

outcomes of interest. This dissertation considers these issues related to the fault diagnosis

and health prognosis of bearings and boiler tubes using the deep learning methodology.

Firstly, a new algorithm of non-mutual exclusive classifier deep neural network

(NMEC-DNN) is proposed for the field of detecting the simultaneous occurrence of vari-

ous types of defects in bearings. The proposed methodology uses a deep neural network

architecture based on stacked de-noising auto-encoder (SDAE) and a non-mutually exclu-

sive classifier (NMEC). The NMEC-DNN is trained only using data for single faults but it
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Abstract vii

affords to classifies both single faults and multiple combined faults. The proposed method

is implemented and evaluated using experimental bearing data, achieves good classification

performance with a maximum accuracy of 95%; and yields better diagnostic performance

in comparison to the multi-class classifier based on support vector machines.

Secondly, to handle a specific issue in a boiler tube that is the effect of random

and high-amplitude impulses from the interaction between the coal fuel stream and the

boiler tube membrane, and to propose an impulse detection method, the deep learning

flexible boundary regression (DLFBR) architecture is effectively exploited. Thereby, the

shape extraction (SE) pre-processing technique is implemented to yield the shape signal,

which contains intrinsic information about the impulse from the raw AE signal. Then,

DLFBR extracts and generates both the feature map and the confidence mask from the

shape signal to regress a boundary box, which specifies the position of the impulse. The

proposed algorithm is applied to an experimental leakage detection dataset recorded from a

sub-critical boiler unit with a tube membrane. Experimental results show that the proposed

method is effective for detecting impulses in a boiler tube test-bed signal and improve the

accuracy for leakage detection.

Thirdly, a reliable health indicator (HI) methodology for bearing fault prognosis

is proposed. The HI model is constructed using historical data, with considering its non-

stationary nature, that is decomposed to the different levels of resolution as sub-band;

smoothed via a locally weighted regression; evaluated using a gradient-based method. HIs

showing the best trends among all the sub-bands are iteratively accumulated to construct

an HI with the best trend over the entire life of the bearing. The efficiency of the proposed

approach is validated using several experiments from the run-to-failure test data of the

center for Intelligent Maintenance Systems (IMS) and PRONOSTIA dataset, which yields

accurate estimates of the RUL of a bearing at different points during its life.



Abstract viii

Finally, in order to estimate the remaining useful life (RUL), an efficient evaluation

method using a recursive extreme learning machine (RELM) integrate the sequential Monte-

Carlo framework is proposed for the correct prediction of the lifetime of bearings. The

parameters of models are recursively updated to capture the evolving trend in the run-

to-failure data by the training process with a particle filter, an instance of the sequential

Monte-Carlo framework. Then, the RELM can automatically projection the health state

values and estimate the RUL. The effectiveness of the proposed degradation prediction

approach is evaluated through the PRONOSTIA dataset of bearing faults and its prognostic

performance is compared with existing techniques.
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Chapter 1

Introduction

This chapter provides a brief description of the motivation, contribution, and out-

line of the research work which is presented in this dissertation. All the research work

presented in this thesis has been published in peer-reviewed journals, and each chapter of

this thesis provides the essential motivation and background knowledge for each problem

addressed therein. In spite of that, Section 1.1 provides the overall motivation for this

thesis, Section 1.2 describes the main objectives and contribution of this dissertation, and

Section 1.3 provides an outline of the thesis itself.

1.1 Motivation for Fault Diagnosis and Prognosis Develop-

ment in the Era of Industry 4.0

Nowadays, with the demand and rapid development in mass production, the indus-

trial equipment needs to operate continuously. The unexpected breakdown of the system by

failure in the machine not only cause a tremendous loss of revenue but also lead to human

casualties. For instance, an engine caught fire on a Boeing 777-300 airplane as it accelerated

for take-off as Korean Air Flight 2708 at Japan’s Haneda Airport in 2016. The take-off was

2
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aborted, and all 17 crew members and 302 passengers were evacuated [1]. On November

6, 2007, a Massachusetts power plant’s steam-generating boiler exploded, and three men

died [2]. All these incidents could have been prevented using the intelligence fault diagnosis

and prognosis method to detect the fault of components in the system at the early stage,

predict the future health, and schedule the time for maintenance. Prognostics and health

management (PHM) is a multifaceted branch of knowledge that safeguards the integrity of

components, products, and systems by keep away from the unanticipated problems that can

lead to performance deficiencies and safety adverse consequences [3]. PHM involves sensors

and sensing techniques, anomaly detection via in-situ condition monitoring, fault diagnosis

and prognosis, and decision management. PHM techniques have advanced and full-grown

considerably since 2008 to sustain the product quality and improve the performance of the

machine. In the era of Industry 4.0, with the developing of Internet of Things (IoT) and

artificial intelligence (AI), cloud computing, and Big data, the dramatic increase of sensing

and measuring equipment, data rates and communication capabilities continue to drive the

complexity of PHM applications to new levels. Besides, artificial intelligence techniques

such as fuzzy logic, machine learning and deep learning, transfer learning, etc., improve the

ability of automatically PHM process. Among the PHM aspects, the fault diagnosis and

prognosis have an important role in ensuring the continuous operation of the machines in

the industry.

The diagnosis of the industrial process is a scientific discipline aimed at the de-

tection of faults in an industrial plant, their isolation, and finally their identification. It

enables the extraction of specific fault-related information, such as failure types, the sever-

ity of the damage, fault location, etc., [4]. On the other hand, the prognosis specifies the

process of estimating the remaining useful life (RUL) within certain confident intervals,

which often requires additional information not traditionally provided by sensors such as
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past operating profile, maintenance history, and environment effect [3]. Both diagnosis and

prognosis methods usually categorize to model-based, data-driven-based, and hybrid-based

approaches [3, 5, 6], where the hybrid-based is the combination of the methods belong to

model-based and/or data-driven-based [7]. The model-based approach is usually founded

from the physics-of-failure which based on the identification of potential failure sites, fail-

ure modes, and failures mechanism for the system as the function of its life cycle loading

condition. It requires a mechanically well-established model that provides the failure char-

acteristics which describe the relationship between measurable signals and bearing faults.

The model-based methods are very robust to diagnose machines in various operating condi-

tions if we input the correct parameters of target machines to the model. However, since it

requires many expert-knowledges to construct the well-defined model, the complexity will

increase if the target machine has complex systems and it is too hard to establish an explicit

mechanical model because of many unknown parameters [8]. Recently, fault diagnosis and

prognosis has mostly been done through data-driven-based techniques. These techniques

usually involve three major steps:

• Step 1: Signal acquisition, which measures the signal that will be used for fault

diagnosis and prognosis such as vibration acceleration [9–11], acoustic emission [12,

13], or stator current signal [14].

• Step 2: The extraction of features from the acquired signal that are the characteristic

of anomalous conditions for the diagnosis. On the other hand, the extracted features

should perform the health state or health indicator (HI) for prognosis.

• Step 3: The classification of various defect types based upon the extracted features us-

ing different classifiers such as k-Nearest-Neighbour (k-NN), support vector machines

(SVMs), or artificial neural networks (ANNs) for fault diagnosis. For fault prognosis,
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the machine learning algorithm is used to regression future health and predict the

RUL.

Compare to the model-based approach, the data-driven-based approach does not

essentially need system-specific information. It analyses intermittent faults by detecting

changes in system features so that it can be adopted in a complex system. A brief objective

for each step is illustrated as below.

Firstly, among the methods for signal acquisition, acoustic emission (AE) or the

vibration acceleration techniques are considered in many applications [13, 15–17]. Price et

al. investigated the effectiveness of AE signal-based fault diagnosis in the industry [13].

These types of signals show their ability of enough sensitivity to capture the abnormal

symptom from industrial systems such as the crack in bearing or leak in the boiler tube.

Hence, the research of AE and vibration acceleration generates many applications for fault

diagnosis and prognosis.

Secondly, in the data-driven approach, the extracted features are primarily the

statistical properties of the time and frequency domain of the fault signal, along with the

quantities calculated through the complex analysis. Feature extraction is of great signif-

icance, as discriminative features yield discriminative models and hence better diagnostic

performance. However, designing discriminative features not only requires expert domain

knowledge, more often than not, feature selection methods are also required to eliminate

irrelevant and redundant features that degrade the performance of the diagnosis methods

[11, 18]. For example, the envelope analysis-based methods diagnose bearing defects by de-

tecting specific peaks at the characteristic frequencies in the power spectrum of the envelope

signal that are associated with different types of bearing defects [19–21]. When a bearing is

rotating at a constant speed, the repeated excitation of a localized defect in bearing results

in transient impulses that occur periodically. The frequency of these impulses depends upon
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the location of the defect in bearing and can be inferred from, the bearing’s geometry, and

its rotational speed. Hence, these frequencies are so-called characteristic defect frequencies.

The repeated impacts of a bearing moving parts against bearing defects excite the resonant

frequencies of adjacent components. These resonant frequencies have high bandwidth and

are modulated by the characteristic defect frequencies. Thus, the resonant frequencies have

the role of the carrier wave, whereas the characteristic defect frequencies act as modulating

frequencies. This makes the defect frequencies are coved by the side-band of the carrier

signal Envelope analysis is used to demodulate the carrier from the modulating frequencies,

and the power spectrum of the envelope signal is then analysed for the detection of char-

acteristic defect frequencies and the corresponding localized defects [19–21]. In actuality,

bearing operation is mostly subject to variations in speed as, for example, in wind turbines.

Both envelope analysis and feature extraction-based methods are susceptible to variations

with the rotating speed of the bearing and hence are of limited utility under such condi-

tions. Therefore, variations in a bearings speed can affect the amplitude of the impulses

generated by the repeated impact of moving parts with the defective areas. This can lead

to significant variation in features, even for the same defect type. Thus, fault signals may

have different attributes, resulting in inconsistent feature vectors, hence limiting the direct

application of these methods.

Another example relates to the boiler tube system, which usually has faults in the

type of leakage. As leakage occurs, the leaking fluid has a turbulent flow; due to impact

force around the leak point, this stress induces a detectable acoustic wave inside a duct that

propagates along its length. The exhaustion of fluid generates an AE signal that causes

radial vibration. The AE sensors attached on the outside of the pipe can detect an internal

pipeline signal. The leak signal that emerges from an abrupt change in flow through a

perforation conventionally includes transient bursts. Bursts usually come from abnormal



Chapter 1: Introduction 7

points—such as bending segments, cracks, or leaks or collisions inside the pipeline. For the

leakage phenomenon, the extraction of features, which relate to the impulse characteristics

such as duration, hit counts, rise time, the measured area under the rectified signal envelope

energy (MARSE energy), are necessary for leakage detection [22, 23]. However, signals from

the leak are non-stationary and weak signals, that is the reason they easily are affected by

environmental noise.

Therefore, feature engineering is an important procedure in order to extract the

relevant features. However, it is difficult to verify the designed features are effective for fault

diagnosis. Moreover, the extracted features from different domains generate a heterogeneous

feature pool. The heterogeneous feature pool improves the effectiveness of the feature

extraction step in discriminating each fault condition; however, this discriminant property

may be adversely affected by the high dimensionality of the feature vector when it is further

utilized by machine learning techniques, for instance, artificial neural network [24] or support

vector machines, to classify the faults. However, several researchers deployed dimension

reduction or a feature selection method [25] to reduce the complexity of the feature pool,

although these approaches ultimately lack the soundness of pattern recognition for the

diagnosis system.

To tackle the issue which relates to feature extraction and selection, the deep

learning promise to generate the new methods. In the early 2010s, with the appearance

of deep neural network (DNN) represented by stacked auto-encoder (SAE) [26], convolu-

tion neural networks (CNNs) [27, 28] and recurrent neural networks (RNNs) [29], transfer

learning, etc., that shows the state-of-the-art performance on perceptual problems such as

computer vision. Deep learning has achieved nothing short of a revolution in the field and

then attracted great interest in applying it to many other areas. Thus, several deep learning

methods are applied to the fault diagnosis and prognosis field. These methods were sum-
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marized in [30, 31]. Opposite to the previous machine learning algorithms that require a lot

of effort in feature engineering, the end-to-end structure of deep learning can automatically

learn the discriminative features representation directly from the raw input data. By merg-

ing feature extraction, feature selection, and classification tasks into a compact learning

process, the end-to-end deep learning algorithm is allowed to learn whatever representation

that regards as the most suitable characteristic for the classifier, rather than forced to select

by human knowledge of hand-designed features. Second, end-to-end learning considerably

simplifies machine learning work-flows with only one end-to-end function. The alleviation of

feature engineering makes the end-to-end deep learning computationally efficient and suit-

able for real-time processing. Nevertheless, the extracted features from DNN are difficult

in the interpretation meaning between them and the physical characteristics of failure as

they are inferring from the raw signal and trained parameter’s values.

After the fault in the component is determined, the prognosis and health man-

agement is a key component of any predictive maintenance strategy and primarily involves

the estimation of the remaining useful life (RUL) at a given point during its operation

[32–37]. A reliable estimate of RUL can help in the timely scheduling of maintenance and

significantly improving the capability and reliability of the entire system. In the indus-

trial rotary machine, the bearing is also the component that is most taken care of by the

prognosis process. Data-driven-based techniques rely on historical data that is primarily

measured from bearings using vibration accelerometers [32, 33, 35–41] and acoustic emis-

sion sensors [42, 43]. This historical data is analysed to infer the health of the bearing

and to understand the degradation that it experiences over its lifetime. The degradation

behaviour is determined using the acquired measurement data, and this knowledge is then

used to estimate the RUL of the bearing. Once again, the feature processing is employed to

construct an appropriate HI that represents the degradation and can be used to infer the
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true health of bearing. Many researchers try to define the good features for HI: root means

square [41], Renyi entropy [33], Mahalanobis distances [44], RNN-HI [45], etc. Despite many

methods, finding an HI that physicality practical, reveals the bearing degradation remains

challenging.

Finally, the RUL is predicted using the constructed HI. Gebraeel et al. estimated

a bearings RUL using artificial neural networks [46]. Moreover, variants of the Kalman

filter have been used to estimate the RUL of bearings [33, 36]. In [35], a scheme of bearing

prognosis employed hidden Markov modelling for pursuing the severity of the faulty bearing.

In addition, methods based on neuro-fuzzy techniques have also been utilized to estimate a

bearings’ RUL [47]. As data-driven techniques require historical measurement data, these

methods can only be applied to systems for which such data is available. Nevertheless,

data-driven techniques with deep learning algorithms are highly effective and very useful

especially for complex systems, where a mathematical model might not always be feasible.

In current health prognosis of bearings, several key issues need to be investigated; such as

the development of a suitable health indicator, determining the time to start prediction

(TSP), detecting the failure threshold, overcoming random fluctuations in the bearings HI,

and appropriately modelling the evolving trend in the bearings HI.

1.2 Thesis Objectives and Contributions

The primary objectives of this thesis are to develop effective data-driven tech-

niques with deep learning for fault diagnosis of industrial equipment, especially the bearing

and boiler tube, and investigation into two issues related to bearing health prognosis, i.e.,

the construction of bearing HI and the estimation of RUL. In this regard, the following

contributions have been made:
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Firstly, an automated and effective approach of non-mutual exclusive deep neural

network (NMEC-DNN) employing the stacked de-noising auto-encoder (SDAE) is presented

for fault diagnosis in bearing. The NMEC-DNN model tries to classify both single faults

and multiple combined faults in bearings with only using the separated single fault data for

training. The NMEC-DNN can automatically extract useful features and thereby gather

useful insights from the measurement data on each fault type to diagnose both single and

combined faults in bearings. This methodology results in significantly better diagnostic

performance while reducing the number of scenarios for data collection. The diagnostic

performance of the proposed method is compared with conventional multi-class SVMs tech-

nique under different scenarios.

Secondly, a specific issue, which affects the leakage detection in a boiler tube,

relates to the appearance of random and high-amplitude impulses from the interaction be-

tween the coal fuel stream and tube membrane in the AE signal. These types of impulses

need to be handle carefully. The author proposes a deep learning flexible boundary regres-

sion (DLFBR) that automatically detects and isolates the impulse waveform from the AE

signal. In this method, a pre-processing method for shape extraction (SE) to extract the

global shape of a signal at the macro-level and reduce the effect of environmental noise.

Then, the algorithm defines the impulse as an object versus the background signal and uses

the signal with impulse position as the target for training the model. After the training

phase, the model can automatically generate the bounding box around the impulse in the

tested signal, which helps to isolate this impulse waveform. The proposed method is val-

idated using the dataset of leakage which is collected from the experimental boiler tube

test-bed.

Thirdly, a reliable methodology helps to construct the health indicator (HI) for

fault prognosis in bearing. The novel HI is made using the sub-band analysis with dis-
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crete wavelet packet transform (DWPT). Then, the HI in each sub-band is evaluated by

the gradient-based metric to find the best trend in each sub-band. After that, the cumu-

lative of the gradient-based metric at each time index to form the final HI. The proposed

method is tested using the run-to-failure test data of the center for Intelligent Maintenance

Systems (IMS) and the PRONOSTIA dataset, both yields a HI which satisfies the stan-

dard evaluation metric include monotonicity, robustness, and trendability. Moreover, the

HI yields reasonably accurate estimates of the RUL of a bearing at different points during

its operational life.

Finally, a novel approach for RUL prediction is proposed using the neural core

Recursive Extreme Learning Machine (RELM) with is training by sequential Monte-Carlo

framework algorithm. The RELM learns the amplitude response of the signal which is sim-

ulated as degradation process. During the learning process, the particle filter, an instance

of sequential Monte-Carlo, is employed to optimize the parameters of the RELM simulta-

neously with health indicator values by that the models are recursively updated to capture

the evolving trend in the bearings. The model is then used to project the future values

of the health indicator and estimate the RUL of the bearing. The proposed algorithm is

tested and validated on the PRONOSTIA dataset, and its prognostic performance is com-

pared with three state-of-the-art techniques in the literature. The results of this preliminary

investigation indicate the viability of using RELM to estimate the RUL of bearings.

1.3 Thesis Outline

The contents of this thesis are divided into four major parts, including Part I with a

single chapter for introduction, i.e., Chapter 1. Part II of the thesis considers fault diagnosis

for bearing and boiler tube components and comprises of two chapters, i.e., Chapter 2 and 3.
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Part III of the thesis considers two different issues in bearing health prognosis and includes

two chapters, i.e., Chapters 4 and 5. Whereas, Part IV of the thesis consists of a single

chapter, i.e., Chapter 6. The contents of each chapter are briefly outlined below:

Chapter 1 briefly outlines the fault diagnosis and prognosis motivation for the

industrial equipment, objective, and outline of the thesis. Moreover, it also provides a brief

introduction of the mechanicals for the fault signature in both rolling element bearing and

boiler tube.

Chapter 2 presents the deep neural network based on the stacked de-noising auto-

encoder and non-mutual exclusive classifier to classify the combined modes of bearing fault

with only use the single modes of fault for training.

Chapter 3 proposes the impulse detection algorithm using the deep learning flexible

boundary regression which can automatically generate the boundary box surrounding the

impulse in the acoustic emission signal. This algorithm is used for extracting the impulse

waveform in the AE signal of a boiler tube.

Chapter 4 proposes a novel approach for the health prognosis of rolling element

bearings, which infers a bearings HI using historical data and estimates its RUL using

adaptive regression models. The proposed HI is constructed through sub-band analysis of

the vibration acceleration signals with an evaluation for each sub-band using the gradient-

based metric. At each time index, the sub-band which exhibit the best trend in term of the

gradient is selected for constructing the HI. The proposed HI is monotonically increasing

and robust to random fluctuation. Using this HI, the estimating of RUL achieves high

accuracy.

Chapter 5 presents and discusses the results of a proposed non-linear hybrid model

algorithm to predict the RUL. This algorithm using the sequential Monte-Carlo framework

to train a RELM. Estimation of the model’s parameters, along with the system states, is
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used to construct an updated model that is utilized for prediction. Practical experiments

using the public benchmark dataset indicate that the RELM method demonstrates superior

effectiveness for RUL estimation, as measured by the (α − λ) metric and the cumulative

relative accuracy.

The thesis is concluded in chapter 6 with a summary of the contributions made

therein and a discussion of future research directions.



Part II

Fault Diagnosis using Acoustic

Emission Signal Processing
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Chapter 2

Non-Mutually Exclusive Deep

Neural Network Classifier for

Combined Modes of Bearing Fault

Diagnosis

2.1 Introduction

Reducing the cost of maintenance and decreasing the shutdown time are important

components of maintenance in modern industries. Faults in the rolling element bearings

are the most common cause of rotary-machine breakdown. According to research by the

Electric Power Research Institute [48], bearing failures account for 40% to 50% of faults

in induction motors alone. These unscheduled breakdowns can cause an entire system to

crash, thereby leading to tremendous economic losses. Thus, bearing fault diagnosis has

received extensive attention for the prevention of unexpected downtime in industries and for

15
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ensuring safety while maintaining efficiency of the manufacturing environment. In addition,

automatic fault detection of bearings using sensors and remote control stations can also be

helpful in the reduction of labor costs [49].

Bearing failures can be categorized into two types: single mode faults and com-

bined mode faults. In single mode faults, only one bearing component develops a defect,

i.e., the inner raceway (BCI), outer raceway (BCO), or roller element (BCR). Defects that

simultaneously occur in more than one component are known as combined mode faults.

They include the inner-roller defect (BCIR), outer-inner defect (BCOI), outer-roller defect

(BCOR), and outer-inner-roller defect (BCOIR). When a bearing has combined mode de-

fects, i.e., defects in multiple components, then the fault identification and classification

becomes more difficult, owing to the complexity of the recorded signals that are used for

the diagnosis of these faults. Consequently, an efficient method is required for the detection

of combined multiple defects in bearings.

The fault detection and diagnosis methods include data-driven, model-based, and

hybrid techniques. Hybrid techniques are usually a combination of model-based and data-

driven methods. In [50, 51] model-based methods along with fuzzy filters have been proposed

to ensure robustness and sensitivity to fault condition. Similarly, in [52, 53] model-based

methods have been effectively used for the detection of faults in different systems. With the

help of multi-sensor systems, data-driven techniques are becoming more popular and robust

in the detection of faults in industrial environments [54] [55]. In recent years, machine learn-

ing has led to significant advancements in bearing fault diagnosis of rotary machines. These

techniques offer better adaptability to complex systems and do not require any physical

model for bearings. However, sufficient historical data is required for constructing a model

for the measurement data, which is acquired through a variety of sensors and measuring

equipment. Many machine learning techniques have been applied to diagnostics in bearings
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using vibration and acoustic emission data. These techniques include Bayesian inference

[56], principal component analysis [57], decision trees [57], hidden Markov models [58], ar-

tificial neural networks (ANN) [59, 60], k-nearest neighbor based methods (k-NN) [12], and

support vector machines (SVM) [61]. Kang et al. [12] and Nguyen et al. [61] proposed

effective fault diagnostic schemes, which involve feature pool configuration techniques to

select and extract the best features from both single and combined modes. The extracted

features, which contain rich information on each type of bearing fault, are provided to ma-

chine learning algorithms for classification. To use these features for multi-fault diagnosis,

Islam et al. [62] proposed a Bayesian inference-based multi-class SVM, which is effective in

diagnosing multiple fault conditions of the bearing.

In the above algorithms, data for each fault mode is required for developing mod-

els that can then be used to distinguish different faults. Thus, without data for all types

of faults, i.e., both single and combined faults, these techniques are not able to effectively

distinguish all faults. However, we hypothesize that given data on the single fault modes

of a bearing and an effective machine learning technique, we should be able to detect

multiple combined faults without requiring separate measurement data for those multi-

ple combined faults. Hence, to achieve this objective, a method based on a deep neural

network (DNN) non-mutually exclusive classifier (NMEC) aggregating stacked denoising

autoencoders (SDAE) is proposed in this chapter. NMEC-DNN can automatically extract

useful features and thereby gather useful insights from the measurement data on each fault

type. These extracted features are high-level representations of the original signals and can

appear as abbreviated fault information by removing the residual part.

The main contribution of this research is the NMEC-DNN strategy of recognizing

and classifying the combined bearing defects. In the proposed method, measurement data

for only the normal state and single-fault modes of bearings is used to train the DNN,
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which is then used to diagnose both single and combined faults in bearings. The DNN is

pre-trained using a stacked denoising autoencoder to extract rich information features from

each sample. Then, the NMEC is used to classify the unknown samples. This methodology

results in significantly better diagnostic performance while reducing the number of scenarios

for data collection. The proposed NMEC-DNN is also compared with the conventional

multiclass SVM.

The remainder of this chapter is structured as follows. Section 2.2 outlines the

background of different kinds of fault mode signatures and the support vector machine

method. The NMEC-DNN architecture is presented in Section 2.3. The results and discus-

sion are given in Section 2.4. Finally, the conclusions are provided in Section 2.5.

2.2 Basic Concepts of Bearing Fault Diagnosis

The core concept of this research is the intrinsic relationship among different bear-

ing faults and the signatures that can be used to diagnose these faults. This section de-

scribes this relationship. It additionally presents SVM, which is the method implemented

for comparison with the proposed method.

2.2.1 Bearing Fault Signature

A bearing fault, usually referred to as a localized defect is caused by many factors,

such as material fatigue, corrosion, and poor lubrication. Material fatigue, due to the cyclic

loading of bearings, can lead to the development of spalls, which can grow into cracks. When

the cracks appear on the surface of bearing components, they can lead to accelerated bearing

degradation due to pitting and tearing of the bearing material. Moreover, inadequate

lubrication increases friction, which leads to increased metal-to-metal contact and greater

plastic deformation due to local contact phenomenon. This increases the temperature at
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Figure 2.1: Acoustic emission signal for each bearing condition.

the local point, further accelerating the bearing deterioration process. Furthermore, high

humidity in the environment also acts as a catalyst for bearing corrosion [63]. When the

defect emerges in the bearing, it induces an anomalous pattern in the vibration amplitude.

Contacts between elements in the damage zones generate high-level, short-duration impulse

forces. For example, a defect on the outer or inner raceway produces impulses when the

roller (or ball) passes over the defect zone. Since the machine rotation is periodic, these

impulses tend to be generated periodically. The frequency of these impulses is known as

the defect frequency (or bearing characteristic frequency) and is determined by the location

of the defect and the geometry of the bearing. These impulses stimulate high frequency

resonances in the bearing, which act as carrier signals and are amplitude-modulated by the

defect frequencies [64]. The existence of a particular localized defect is indicated by the

occurrence of impulses at a specific defect frequency. Moreover, the amplitudes of these

impulses can provide information on the degree of fault severity. Figure 2.1 depicts the

acoustic emission signal for different types of bearing defects.

Compared to the signal of the no-defect bearing (BND), signals for faulty bearings

show abnormal impulses. The signals for bearings with combined bearing defects, such as

BCOI, BCOR, BCIR, and BCOIR, show more complicated impulse patterns as compared

to the single bearing defects, such as BCO, BCI, and BCR. The single bearing defects

such as outer race fault, inner race fault and roller fault can be detected using the ball-

pass frequency of the bearing outer-race (BPFO), the ball-pass frequency of the inner-race
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(BPFI), and twice the ball-spin frequency (2×BSF; i.e., the defect point on the roller hits the

outer and inner raceways to produce two impulses in each roller’s spin cycle), respectively

[21]. These frequencies can be calculated using Equation 2.1, 2.2, and 2.3.

BPFO =
nfr
2

(
1− d

D
cosφ

)
(2.1)

BPFI =
nfr
2

(
1 +

d

D
cosφ

)
(2.2)

BSF =
Dfr
2d

[
1−

(
d

D
cosφ

)2
]

(2.3)

Here, fr is the shaft rotation speed, n is the number of rolling elements, φ denotes

the contact angle (or angle of the load from the radial plane), d represents the roller diame-

ter, and D is the pitch diameter. These cyclic impulses appear in the low-frequency range,

and they are amplitude-modulated to higher frequencies. Because of the modulation of the

carrier signal, envelope analysis [65] is applied as a demodulation technique to detect these

impulses by isolating the impulse signal from the carrier signal.

As mentioned above, the defect frequencies modulate the amplitude of the carrier

frequencies. The amplitude modulation occurs when a defect on the moving parts of bearing,

i.e., the inner race and rollers, periodically enters and leaves the load zone. Because of this

amplitude-modulation, the defect frequencies cannot be detected in the spectrum of the

raw AE signals. This is due to two reasons; firstly, the spectrum of the raw AE signals

is flooded with the high magnitude resonance frequencies and measurement noise, making

it very difficult to detect the low magnitude defect frequencies. Secondly, the BPFI and

2×BSF do not appear in the spectrum of the raw AE signal, rather they appear as side-

bands of the carrier frequency, making the detection of the inner and roller faults very
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difficult using the spectrum of the raw AE signal. It is pertinent to mention here that

the defect frequencies are in tens of Hertz, whereas the resonance frequencies range from

several kilohertz to tens of kilohertz. The amplitude modulation results in side-bands in

the spectrum of the raw AE signal that are spaced apart by the modulation frequency, i.e.,

the BPFI or 2×BSF, and centered about the carrier frequency. It is very difficult to recover

BPFI and 2×BSF from these side-bands and thereby use them to detect inner race and

roller faults. Thus, the simple fast Fourier Transform (FFT) of the raw time domain signal

is not very useful for fault detection in bearings. Rather, first the raw AE signal needs to

be demodulated to recover the envelope signal, which can then be analysed to detect the

defect frequencies. Hence, to remove the carrier signal, first, the Hilbert transform [20] is

used to convert the time-domain signal to the time-frequency domain as x̃(t) = H[x(t)],

where x̃(t) is formed from x(t) in the Hilbert space. Later, the complex analytic signal

is calculated by c(t) = x(t) + ix̃(t), where i2 = −1 is the imaginary unit. The equation

of e(t) = |c(t)| =
√
x2(t) + x̃2(t) yields the envelope signal. The envelope signal is then

analysed using the FFT. Finally, the envelope power spectrum is obtained as the squared

absolute value of the FFT signal.

Figure 2.2 shows the envelope power spectra of different bearing fault signals. From

experience, we know that the bearing fault signatures of multiple concurrent defects differ

in terms of the summation of the corresponding single defects. However, if the interaction

between defect signals is adequately small, the bearing fault classes can be assumed as

independent non-exclusive classes. In this study, the envelope spectrum of the combined

defect (BCOI) (Figure 2.2d) contains both harmonics of BPFO and BPFI. Hence, the

combined defect of BCOI can be treated as the combination of BCO (Figure 2.2a) and BCI

(Figure 2.2b). The same results are observed when analysing the envelope spectra of other

combined defects, such as BCOR (Figure 2.2e), BCIR (Figure 2.2f), and BCOIR (Figure
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Figure 2.2: Envelop spectrum of seven types of fault signals: (a) Bearing-Crack-

Outer; (b) Bearing-Crack-Inner; (c) Bearing-Crack-Roller; (d) Bearing-Crack-Outer-Inner;

(e) Bearing-Crack-Outer-Roller; (f) Bearing-Crack-Inner-Roller; (g) Bearing-Crack-Outer-

Inner-Roller.
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Figure 2.3: The process of classification by non-mutually exclusive classifier-deep neural

network (NMEC-DNN).

2.2g). A signal is classified as the combined fault class if its extracted features exhibit the

characteristics of both the single faults that constitute the combined fault. Based on this

property, the proposed NMEC-DNN is built to recognize the single fault components in the

complex multi-fault signals.

Figure 2.3 shows the processes involved in the proposed scheme for combined fault

diagnosis. In the off-line process, after the pre-processing step, data is separated into two

parts: the first part contains the single fault samples, which are only used for training the

NMEC-DNN; the second part contains the combined fault samples that are used for testing

the network. In the on-line process, an unknown signal is placed in the network to be

labelled as belonging to one of the eight fault classes. The architecture of NMEC-DNN is

shown in Figure 2.4 and presented in Section 2.3.
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Figure 2.4: NMEC-DNN architecture: (a) DNN training process (b) Auto-encoder struc-

ture (c) DAE structure (d) NMEC structure.
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2.2.2 Multi-Class Support Vector Machine

The multi-class SVM is employed for comparison with the proposed method.

Among the SVM architectures, the kernel SVM [66] is a kernel based method for build-

ing classification models. This method is fundamentally a binary classification technique

that separates two classes using a maximum-margin hyperplane in a hyper dimensional

feature space as discussed in detail in [67].

In this chapter, the multi-class SVM with the one-against-all (OAA) strategy is

used for bearing fault diagnosis in the same setting as the proposed method NMEC-DNN

for an even comparison of the two techniques. The multi-class SVM is trained using the

normal and single defect signals and then tested using the multiple combined defect signals.

This is illustrated in Figure 2.5, which shows that the SVM is trained to classify three fault

types (outer, inner, roller) and the normal state. The OAA-SVM framework transforms

this four-class classification problem into three two-class classification sub-problems. They

are denoted by “SVM-outer,” which determines whether a signal belongs to an outer or

non-outer fault (normal, inner, roller). “SVM-inner” determines whether a signal belongs

to an inner or non-inner fault (normal, outer, roller). In addition, “SVM-roller” determines

whether a signal belongs to a roller or non-roller fault (normal, inner, roller). The outputs

of the three SVMs are binary values (zero or one), and a multiplexer is used to gather and

interpret the outputs to infer the health of the bearing.

2.3 The Proposed Combined Bearing Fault Diagnosis Method-

ology

Figure 2.4 illustrates the processes involved in the proposed method for NMEC-

DNN training and testing. The network training is done in two phases, i.e., a pre-training
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Figure 2.5: Set of support vector machines (SVMs) for classification.

phase, and fine-tuning phase, as shown in Figure 2.4a.

2.3.1 Pre-Training Phase with a Stacked De-noising Auto-encoder

The auto-encoder is a type of ANN that finds a non-linear mapping to transfer

input x in dimension d to a new representation, h, in dimension d′ so that h = fθ(x) =

s(Wx + b), where θ = {W, b}, W is a d′×d matrix of synapse weights, b is a bias vector

of dimension d′, and s(·) is a non-linear mapping. The auto-encoder learning procedure

consists of two steps: encoder and decoder. The encoder finds a deterministic mapping,

fθ, as above. The decoder maps back the representation h to reconstruct the vector z =

gθ′(h) = ϕ(W ′h + b′), which has the same dimension as the vector x, where θ′ = {W ′, b′}

and ϕ(·) is an affine or non-linear mapping.

Figure 2.4b illustrates the architecture of the original auto-encoder. The encoder
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and decoder are simultaneously trained, and thus the object of reconstructed vector z is as

close as possible to the input vector x. For this purpose, the network learns to minimize the

distance, L(x, z) = ‖x − z‖2 between the input vector and its learned representation. The

result from the auto-encoder training is vector h, which is the higher-level representation

of input x. Depending upon the dimension d′, a different representation of the vector is

formed. However, when the dimension d′ is equal to (or larger than) the dimension d, the

representation h can achieve perfect reconstruction by copying the input vector without

discovering any useful information. To neglect the constraints for the dimension d′, the

de-noising auto-encoder (DAE) yields a more stable and robust result.

The underlying idea of the de-noising auto-encoder is that vector h is yielded

from the corrupted input x̃, which is constructed from input x by a stochastic mapping,

x̃∼qD(x̃|x). Then, the noising input x̃ is mapped by the auto-encoder h = fθ(x̃) and

reconstructed z = gθ′(h). The reconstruction error is maintained as the distance between x

and z, as above, when training the de-noising auto-encoder. Figure 2.4c shows the procedure

of the DAE network. The network is forced to learn knowledge from the noise input to

correct and reconstruct the clear input. Hence, the extracted feature from input x is output

vector h from the hidden layer of the DAE network. This is because the input vector can

be reconstructed from h, which means the vector h contains rich information about the

raw input data. Moreover, the mathematical analysis shows that the reconstruction error

criterion of the auto-encoder satisfies the infomax principal of Linsker [68]. For extracting

deeper or higher order information, the stacked de-noising auto-encoder is integrated with

a greedy layer-wise strategy, i.e., a generative model with several layers of hidden causal

variables. The stacked de-noising auto-encoder is formed by removing the output layer of

the trained auto-encoder and feeding the output h of the hidden layer to the next auto-

encoder. The output is thereby mapped from the previous layer with the aspiration of a
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better representation.

With the iterative execution of this process by several DAE layers, a deep neural

network with a desirable structure can be obtained. Consequently, each hidden layer pro-

duces a new representation that is more abstract than the previous layer. After that point,

the fine-tuning of the whole network is performed using gradient descent in a supervised

manner to obtain the ultimate criterion of interest for classification.

2.3.2 Fine-Tuning Phase for Classification

In the last phase of the training process, the proposed NMEC-DNN is trained

end-to-end using supervised learning to simultaneously fine-tune the network parameters.

The parameters except the final layer of the network are initialized from the pre-trained

auto-encoder as discussed above. The parameters are then simultaneously fine-tuned to

minimize the error between the predicted value and the target label using the gradient

descent method. In this study, the faults belong to eight classes: BND, BCO, BCI, BCR,

BCOI, BCOR, BCIR, and BCOIR. Each class is independent and not mutually exclusive;

e.g., one acoustic emission signal can concurrently contain both an outer and inner fault,

which will be classified as a defect in the outer-inner raceways (BCOI). To achieve this

objective, the target label of each class must exhibit the intrinsic relationship between

classes. Table 2.1 shows the output labels of the DNN. For this formulation, a group of

three bits encodes the labels of eight classes of the bearing faults. The three bits are denoted

as three labels: Outer (O), Inner (I), and Roller (R). For each fault type, values of the labels

flip to a particular combination as given in Table 2.1. Accordingly, the three bits with values

of zero represent the label for defect-free bearing, and the three bits having values of one

represent the label for the defect on outer-inner-roller (BCOIR). Hence, the output layer

has three nodes with respect to the three-bit output.
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Table 2.1: Encoding the output label of DNN.

Types of Bearing Faults
Labels

O I R

Normal 0 0 0

Outer 1 0 0

Inner 0 1 0

Roller 0 0 1

Outer + Inner 1 1 0

Outer + Roller 1 0 1

Inner + Roller 0 1 1

Outer + Inner + Roller 1 1 1
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In this study, the NMEC is applied to the last layer of the deep neural network.

Each signal input is associated with a subset of labels, which are nominal relevant labels;

all remaining labels are irrelevant. After the last hidden layer of the DNN, the scores

with respect to each label are produced. A label predictor typically converts label scores

to binary using a thresholding technique [69]; i.e., once training of the neural network is

finished, the output may be interpreted as a probability distribution. Then, the labels are

sorted by the probabilities in decreasing order, and a threshold is chosen to produce the

best classification performances for each pair of successive positive labels. The threshold

is associated with rank-loss [70] for back-propagation. However, it has been asserted that

none of the convex loss functions or the discontinuities are consistent with respect to the

rank-loss function, which is not suitable for a problem of non-mutually exclusive classes.

Consider an unknown instance x of a combined fault signal BCOI, which can

be assigned in both classes BCO and BCI, where BCO and BCI are two non-mutually

exclusive (dependent) classes. The mutual information between the two classes, BCO and

BCI, is denoted as I(BCOx : BCIx). From the definition of Kullback–Leibler divergence,

this mutual information is the relative entropy between the joint and the marginal product

distributions. Consider that the random variable (B̂CO, B̂CI) is independent, but it has

the same marginal as (BCO,BCI); i.e., P (B̂CO, B̂CI) = P (BCO)P (PCI). Then,

I(BCO : BCI) = D(BCO,BCI||B̂CO, B̂CI) (2.4)

where D(A||B),
∑

x Pr[Ax] log Pr[Ax]
Pr[Bx]

is the Kullback–Leibler divergence. Pr[Ax] is the

probability of a proposition {A = x}, where A is a random variable. From Equation 2.4,

the relation between the Kullback–Leibler divergence and cross-entropy yields

I(BCO : BCI) = H((BCO,BCI); (B̂CO, B̂CI))− S(BCO,BCI) (2.5)

where S(BCO,BCI),−
∑

x Pr[BCOx, BCIx] logPr[BCOx, BCIx] is the joint entropy of
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the joint distribution Pr[BCOx, BCIx]. The first element of the right-hand part of Equation

2.5 is given by

H(A;B),−
∑
x

Pr[Ax] logPr[Bx] (2.6)

which is defined as the cross-entropy between two distributions, Pr[Ax] and Pr[Bx]. In

formal information theory terms, this measures the average number of bits needed to iden-

tify events that occur with probability Pr[Ax], specifically if a coding scheme is used that

is optimal for the probability distribution, Pr[Bx]. Here, Pr[Ax] = Pr[BCOx, BCIx] and

Pr[Bx] = Pr[B̂COx, B̂CIx]. Then, from Equation 2.6, the cross-entropy of the joint distri-

bution of Pr[BCOx, BCIx] and the respected Pr[B̂COx, B̂CIx] are given as Equation 2.7.

H((BCO,BCI); (B̂CO, B̂CI)) = −
∑
x

Pr[BCOx, BCIx] logPr[B̂COx, B̂CIx] (2.7)

This cross-entropy presents the uncertainty of whether instance belongs to both

BCO and BCI classes. Pr[B̂COx, B̂CIx] is obtained from the output of the front layer next

to the last layer. A similar analysis is applied for each pair of joint distributions, as shown

in Figure 2.4d. Then, the loss function is defined based on the cross-entropy function as:

L(y, ŷ) = −
∑
j

y(j) log ŷ(j) (2.8)

The log-loss measures the uncertainty of the probabilities of classification model ŷ

by comparing them to the ground truth label, y. A perfect classifier would have a log-loss

of precisely zero; a less ideal classifier would have progressively larger log-loss values.

Here, we focus only on the probability of a data point belonging to a class. The

real values from the network are first fed into the sigmoid function σ(·) that squashes the

real-valued output to [0, 1]. The model prediction becomes ŷ(h) = σ(W ThL + b), where

ŷ is the predicted value from the output layer, and hL is the output of the last hidden
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layer of NMEC-DNN. For instance, the predicted value from the output layer or the model

probability of assigning label m is denoted as ŷ(m). Here, y(m) ∈ {0, 1} is the target

value or a binary indicator of whether label m is the correct classification for an instance.

Additionally, M is the number of possible labels, and the cross-entropy loss is defined based

on the sigmoid function as:

Lθ(y, ŷ) =
1

M

M∑
m=1

[
−y(m) log ŷ

(m)
θ − (1− y(m)) log(1− ŷ(m)

θ )
]

(2.9)

It is straightforward to show∇L(W ) = 1
M

∑
m h.(ŷ

(m)
θ −y) and∇L(b) = 1

M

∑
m(ŷ

(m)
θ −

y) for the output layer. This gradient is the only requirement for optimization. Moreover,

the use of the cross-entropy loss avoids learning slowdown in many neural networks because

the derivation of the loss function only depends on the output error instead of the derivation

of the activation function.

2.4 Experimental Results and Discussion

2.4.1 Data Acquisition

The algorithm was evaluated by applying it to the bearing fault data collected

using a self-designed test rig, as shown in Figure 2.6 [71, 72]. The cylindrical roller-element

bearings (type FAG NJ206-3-TVP2) were installed in both shafts of the gearbox. The

counter shaft was coupled with a three-phase motor for driving. A gearbox with a ratio

of 1.52 : 1 was used to transmit the power from the counter shaft to the main shaft. The

main shaft is connected with a bell and pulley to rotate the propeller, which can be used to

vary load on the bearing. The bearing rotating speed was measured using a displacement

transducer attached to the main shaft. An acoustic emission (AE) sensor (type PACWSα)

was placed on the bearing housing to record the AE signals that indicated the state of the

bearing health condition. A total of eight types of bearing signals were recorded, including
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signals for seven types of bearing faults (BCO, BCI, BCR, BCOI, BCOR, BCIR, and

BCOIR) and a healthy bearing, i.e., bearing with no defect (BND). For each type of fault,

the signal was recorded at a rotational speed of 500r/min. The duration of each signal is

1-s and was recorded at a sampling rate of 250kHz using a PCI-2 system. According to

the parameters of the bearing and the rotational speed of the shaft, the values of the defect

frequencies of BPFO, BPFI, and BSF are 43.7Hz, 64.6Hz, and 20.7Hz, respectively.

2.4.2 Experimental Results

Each 1-sec signal is a vector of size 250, 000 corresponding to the sampling rate of

250kHz. The AE signal cannot be used directly as input by the NMEC-DNN, as it would

make training practically unfeasible. Therefore, we use feature extraction and consider two

different scenarios. The AE signals are divided into 500 and 1000 segments each. When a

1-sec AE signal is segmented into 500 and 1000 segments, then the length of each segment

is 500 and 250 samples, respectively. For each segment, different features are calculated,

which are then grouped into a feature vector that is used as input to the neural network.

The feature vectors are homogeneous, i.e., each feature vector consists of values of a single

feature for all the segments. For example, a feature vector might contain 500 RMS values,

one for each of the 500 segments of the AE signal. These features include the root mean

square (RMS), skewness, crest factor, kurtosis, clearance factor, and entropy [73]. Thus,

the NMEC-DNN is provided with inputs of two different sizes, i.e., 500 and 1000.

The dataset for evaluating NMEC-DNN consists of 600 AE signals of 1-sec duration

each, for each bearing with a single fault (BCO, BCI, BCR, and BND), i.e., a total of 2400

AE signals. These 2400 AE signals are divided into three subsets containing 2000 AE

signals for training, 200 AE signals for validation, and 200 AE signals for testing. The data

for testing the combined mode faults consists of 200 AE signals (50 AE signals for each
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Figure 2.6: (a) Data acquisition system set-up and the types of bearing defects: (b)

BCO (outer raceway);(c) BCR (roller element); (d) BCI (outer raceway); (e) BCOR

(outer–roller defect); (f) BCOI (outer–inner defect); (g) BCIR (inner–roller defect); (h)

BCOIR (outer–inner-roller defect).



Chapter 2: Non-Mutually Exclusive Deep Neural Network Classifier for Combined Modes
of Bearing Fault Diagnosis 35

Figure 2.7: Feature space of the single faults: (a) before using stacked de-noising auto-

encoders (SDAE)training and (b) after using SDAE training.

type, BCOI, BCOR, BCIR, and BCOIR). As mentioned earlier, each of these AE signals is

divided into (1) 500 segments, and (2) 1000 segments. Feature vectors are then constructed

for all the AE signals by calculating the aforementioned features for each segment of the AE

signal, and these feature vectors are used as inputs to the NMEC-DNN. The parameters of

NMEC-DNN are determined using state-of-the-art methods to maximize the accuracy. For

the case of 500 inputs, the DNN is set up with three hidden layers, and the number of nodes

in each layer is 600, 300, and 50. The SDAE activation function is the sigmoid function,

and the deactivation phase uses the affine function. The stacked de-noising auto-encoder

with the stochastic gradient descent algorithm is used to minimize the reconstruction error.

For the case of 1000 inputs, the network is set to five hidden layers and the number of nodes

in each layer is 1400, 600, 400, 100, and 50, respectively.
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Figure 2.7 depicts the three-dimensional (3D) feature spaces of some features for

the cases before and after using SDAE as the method for extracting and compressing infor-

mation. The features extracted by SDAE show better separation and clustering for different

fault types. Samples belonging to the same class are more closely clustered, whereas samples

belonging to different classes can be easily discriminated as shown in Figure 2.7b. Whereas,

before SDAE training, the features of different classes overlap each other making it difficult

to distinguish those fault classes using these features as shown in Figure 2.7a.

Among the proposed features that are used as inputs to NMEC-DNN, the RMS,

which represents the average power of the AE signal and is effective in discovering incipient

defects. The RMS value increases as the AE activity increases in a bearing with increasing

deterioration. When each feature is considered separately, the RMS provides the most sig-

nificant contribution to the classification performance. In contrast, the features, such as the

kurtosis, crest factor, skewness, clearance factor, and entropy, show a lower contribution to

the detection performance. To improve the classification accuracy, a more efficient approach

is needed to incorporate the multi-featured information for a more consistent diagnostic per-

formance. Thus, RMS is used as the primary feature because it provides the most useful

information about the bearing faults. The other features are selected for use along with

the RMS to provide additional defect information for improving the classification perfor-

mance. The results illustrate that the kurtosis provides the best result owing to its ability

in capturing the spikiness of the fault signal, which increases with increasing AE activity.

The kurtosis measures the sharpness of the peaks and is helpful in identifying transient

and spontaneous events within the AE signal. Since the kurtosis has a high sensitivity to

incipient defects it is not very stable. Therefore, it can be combined with another feature to

enhance its ability to characterize a signal. Hence, when the kurtosis and RMS are applied

together, the performance is increased significantly to a maximum of 100% for the single
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mode defects and to 95% for the combined mode defects. The results of classification by

NMEC-DNN are given in Table 2.2.

The results of the proposed method are compared with a set of SVMs that are

trained in the OAA multi-class framework using the same settings as the proposed method.

The SVMs show relatively poor diagnostic performance in the case of combined faults with

a maximum accuracy of 49%, although they work well for the single fault with an accuracy

of 92%. Meanwhile, NMEC-DNN shows better performance in diagnosing both single and

combined faults with a maximum classification accuracy of 100% and 95%, respectively.

The confusion matrices, which show the results of NMEC-DNN and SVM classification for

each class using the RMS and kurtosis features, are shown in Figure 2.8. The NMEC-

DNN shows better performance in the classification of most of the combined fault classes.

However, the SVM mostly misclassifies the two classes, BCOI and BCOIR. In this case, when

the bearing has the combined defect in all components (outer, inner, roller; Figure 2.2g), the

first harmonics of 2×BSF and BPFO are very close to each other. Moreover, 2×BSF has a

small amplitude and is easily covered by the side-band of BPFO. The higher harmonics of

these defect frequencies, which contain minimal energy, are commonly overwhelmed by the

noise and higher-level vibration of the macro-structure components. Thus, the two signals

cannot be clearly differentiated, as shown in Figure 2.2d,g. Moreover, in the combined fault

cases the tightness-of-fit of the components also affects the actual frequency and there are

differences between the measured frequencies on account of the random slip. The other case

of misclassification is between BCIR and BCOI, which is due to the interaction between

the fault signals of the combined fault. In practice, when the multiple combined modes

appear in the bearing, the different types of fault signals interact with each other. The

transformation of the problem of multi-class classification into three two-class classification

sub-problems defines the model in which each class is independently exclusive and cannot
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Table 2.2: Results of Classification.

500 Inputs 1000 Inputs

Single Combined Single Combined

Root Mean Square (RMS)
SVMs

NMEC-DNN 88− 91% 87− 89% 93− 95% 88− 90%

Kurtosis
SVMs

NMEC-DNN 81− 82% 78− 80% 84− 85% 81− 83%

Crest factor
SVMs

NMEC-DNN 65− 68% 63− 64% 73− 74% 69− 71%

Clearance factor
SVMs

NMEC-DNN 62− 65% 58− 61% 66− 68% 61− 63%

Skewness
SVMs

NMEC-DNN 72− 76% 71− 74% 74− 76% 73− 75%

Entropy
SVMs

NMEC-DNN 77− 79% 69− 72% 78− 80% 76− 78%

RMS + Crest factor
SVMs 90% 44.5% 83% 50%

NMEC-DNN 84− 86% 80− 83% 87− 89% 83− 84%

RMS + Skewness
SVMs 84.5% 42.5% 69% 26%

NMEC-DNN 60− 63% 50− 54% 76% 74%

RMS + Clearance factor
SVMs 98% 46.5% 87.5% 33%

NMEC-DNN 72− 75% 69− 72% 80− 84% 70− 74%

RMS + Entropy
SVMs 83.5% 20.5% 82.5% 26%

NMEC-DNN 65− 68% 60− 63% 74− 77% 70− 73%

RMS + Kurtosis
SVMs 92% 46% 92.5% 49%

NMEC-DNN 91− 93% 88− 91% 99− 100% 93− 95%
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Figure 2.8: Confusion matrixes for (a) NMEC-DNN classification; (b) SVM classification

with root mean square (RMS) and kurtosis features.

interact with other classes. The disadvantage of this transformed model illustrates that

the SVM method may not have been the most accurate methodology for all situations. It

does not naturally handle non-mutually exclusive classes or generate a proper probability

estimation. In contrast, NMEC-DNN used with the probability model can capture and

model the dependencies between combined fault classes better than the multi-class SVM.

2.5 Conclusions

A reliable methodology for combined bearing fault diagnosis was proposed in this

chapter. This methodology builds a deep neural network based on the stacked de-noising

auto-encoder aggregate non-mutually exclusive classifier. Owing to the layer’s SDAE archi-

tecture, the proposed NMEC-DNN demonstrated its ability to automatically learn features

from single mode faults and to effectively classify the combined mode faults even though the

combined mode data were not used during the training stage of the network. This strategy
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helps in building a more practical classification methodology with lesser data requirements

and better diagnostics performance under different operating conditions. Moreover, it pro-

vides an advanced failure warning in the rotary machine operation and reduces unexpected

failures in real applications. The experimental results using a bearing dataset indicated

that the proposed methodology achieves a maximum classification accuracy of 95%. The

results also illustrated that NMEC-DNN yields significantly better performance compared

to the set of SVMs for multi-label classification. In future work, our research will focus on

modifying the NMEC-DNN structure for suitability to large-scale input data.



Chapter 3

Deep Learning Object-Impulse

Detection for Enhancing Leakage

Detection of a Boiler Tube Using

Acoustic Emission Signal

3.1 Introduction

In recent decades, coal-fired power plants have been widely used as the main

energy plants for large-scale industrial procedures. A coal-burning power plant boils water

in boiler tubes using the heat generated by burning fossil fuels to provide high-pressure and

high-temperature steam inside the tube. Boilers are critical units for transferring heat from

the fuel to the water. Due to its extremely high operating pressure and temperature, the

boiler tube is the component that most commonly undergoes failure [74–78]. Tubes wear

out and can no longer sustain the high temperatures and pressures. Undiscovered failure

41
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in a tube may lead to even more destruction in other tubes [79]. The failure of boiler tubes

can be caused by fuel ash particles, overheating, waterside and fireside corrosion fatigue

cracking, stress corrosion cracking, erosion, etc., resulting in leakage in the tubes. Leakage

in a steam boiler not only diminishes the total efficiency of the power plant operation

due to unscheduled outages but also induces hazardous conditions for operators. Leakage

can lead to catastrophic secondary damage, such as tube explosions and destruction of

the whole boiler, if not handled properly. Condition monitoring and leak diagnosis of

boiler tubes are indispensable for efficient performance and maintenance; they can help

improve the reliability, safety, and availability of the system. In addition, a fault detection

system is able to identify a fault at its earliest degradation phase by exploiting complex and

non-stationary patterns of variables, enabling operators to take proper actions in advance.

In a thermal power plant, measures such as forecasting of tube explosions, timely leak

detection, and localization of leak positions are necessary to schedule repair times and

minimize financial losses. However, the structure of a boiler is so complicated that the

state of the component–tube interaction associated with the turbulence of the two-phase

flow (water and steam) is hard to model. Hence, boiler tube maintenance can rely on

data-driven fault detection in the tubes. Data, which indicate the health states of the

tube, can be acquired by acoustic emissions, the electrical resistance, and vibration and

ultrasonic signals [80–82], and the leakage detection mechanism is re-purposed as a classifier

to perform detection. Among these methods, acoustic emission (AE) is widely used to

collect data to monitor a degrading system [15, 17, 82]. When a leak occurs in a tube,

turbulence flow created by escaping fluid creates pressure waves throughout the escaping

fluid, within the fluid itself, and within the container structure. These waves are related

to structure-borne acoustic waves. To detect leaks, the energy associated with turbulence

waves is transformed into electrical signals using different types of transducers, which are
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connected to a computer. AE sensors, which have high sensitivity, can record emission

events caused by slight variations in the structure of a tube component [83]. An advantage

of using AE sensors for assessment is that this allows the entire machine structure to be

monitored simultaneously with a simple in-situ set up. This analysis technique does not

need to scan individual components but utilizes a set of sensors that are attached outside

of the tube component to transmit AE signals. Several dynamic variables can then be

simultaneously observed during a leakage process. Previous studies related to data-driven

monitoring of boiler tubes mostly used manual processes to analyse collected data [84, 85].

These methods are executed by visualizing sudden variations in the recorded data and then

manually detecting the leakage source. However, the highly complex and non-linear signals

acquired from the system when a leak occurs in the boiler tube are impossible to identify

by simply observing the AE waveforms. Recently, meticulous artificial intelligent (AI)

techniques have been investigated for leak detection in boiler tubes. For example, Sun et al.

implemented a leakage detection algorithm that utilized a scheme with principal component

analysis [86]. Some other techniques focused on flow-rate balance signals with Bayesian

networks [87], phase transformation and maximum likelihood [79], fuzzy logic [88, 89], and

artificial neural networks [74, 90, 91]. Furthermore, these classifying methods did not give

a satisfactory result based on the input of raw AE signals. Hence, a preprocessing set-up

is necessary to extract better information from the recorded AE signals. However, even

this application has certain limitations, such as wave attenuation, inference of background

noise, and inaccessible sensor locations.

One of the processes that has the largest effect on measuring leakage signals is

the interaction between the coal fuel stream from the fuel injection inlet and the tube’s

wall. The AE signal from the fluid leakage associated with the tube’s wall has a small

amplitude and is non-stationary, but it spreads over a long duration; it is usually covered
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by another signal with a high signal-to-noise ratio (S/N), which can be caused by the

excitations generated by the coal powder impacting with the metal tubes. This impact

phenomenon randomly generates sharp and transient impulses with high amplitude. To

filter the fluid leakage signal, this kind of high S/N impulse waveform needs to be detected

and removed from the recorded signal. Previously, the impulse detection problem has

usually been solved by setting a threshold (e.g., a soft threshold [92, 93], wavelet threshold

[94], constant false alarm rate for object detection [95]) and a cut-off range where the

amplitude of the signal exceeds the threshold. However, this approach is easily affected

by random peaks from noise, and the cut-off range does not cover the whole length of the

impulse. Based on the concept of object detection [96, 97], we defined the fuel-attacked

impulses as salient objects over the remaining background signal, and the object detection

and object localization algorithms are employed to identify this kind of impulse. Despite

the achievements of AI-based methods, such as the Hidden Markov [98], fuzzy algorithm

[99], and convolution neural network [100, 101] methods, the design of an impulse detection

algorithm still relies on the patterns of signals, which have been preliminarily studied in

[102]. However, the leakage signal in the boiler tube contains complex intrinsic information

with a different pattern, and the patterns of the impulse signal and leak signal are hardly

differentiated. Therefore, this chapter proposes a deep learning flexible boundary regression

(DLFBR) method to capture the different intrinsic information of the object, which is the

attacked impulses, and the background signal, which is mainly caused by the leakage signal.

DLFBR frames impulse detection as a regression issue to spatially separate the boundary

box surrounding the impulse. It first uses a one-dimensional convolution neural network

(1D-CNN) to divide the time signal into grids with different grid sizes. With respect to

each grid size, a confidence mask and a feature map are created to mark the position and

extract the object-related information. Then, the boundary regression algorithm yields the
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boundary around the object that needs to be detected based on a different relative scale of

the feature map and confidence mask. To purify the leakage signal, this chapter proposes

an impulse detection methodology using the DLFBR model to detect impulses caused by

the impact of the fuel stream on the metal tube. A summary of the main contributions of

this research are presented as follows:

1. This research proposes a preprocessing method for shape extraction (SE) to extract

the global shape signal, which contains intrinsic information on the impulse and a low

level of random noise in the macro-level that corresponds to the length of the sampled

signal.

2. Then, the main proposed method uses DLFBR, which is structured based on a 1D-

CNN with the boundary regression layer. This deep learning model learns information

related to the shape signal and generates the grid with a confidence value; it helps to

regress the boundary of the impulse.

In the remainder of this chapter, we provide a brief description of the boiler tube

leak detection test-bed and data acquisition system in Section 3.2. A detailed description

of the SE and DLFBR are given in Section 3.3, and the experimental evaluation results

of the algorithm are presented in Section 3.4. Finally, Section 3.5 contains the concluding

remarks.

3.2 Dataset of Simulated Leakage in a seeded Boiler Tube

In a coal-burning thermal power plant, the steam, which vaporized from feed-water

by heat energy from fuel combustion, rotates the turbine to generate electricity. To sim-

ulate the leak process in a boiler tube, an elaborate experimental apparatus was built to

collect the leakage signal. The general scheme of the system is depicted in Figure 3.1. The
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feed-water was circulated by a pump between the tube membrane and the tank. Before

flowing into the lower drum, water was preheated by steam from the upper drum. The

lower drum fed feed-water that was vaporized into steam, which was temporarily stored in

the upper drum. In advance, bituminous pulverized coal was directed through the nozzle

into the combustion or furnace. To protect the sensor from heat damage caused by fire and

hot gas when the furnace was in a positive pressure situation and ensured the sensitivity

of the sensor, most leak detection test-beds weld wave-guides onto the boiler tube mem-

brane and through the case, unused soot blower ports, or penetrations in the inspection

doors. Both airborne and structure-borne techniques were used to measure the leakage

signal. In airborne applications, microphones were attached by hollow wave-guides to the

furnace medium space. For the structure-borne measurement, piezoelectric transducers

were attached to AE-type wave-guides. The wave-guide housed the AE sensor assembly

with integrated head amplifiers to reduce the loss of the AE energy in the measurement,

along with the essential components required for its sustained operation, such as isolation

valves, heat-insulated spacers, and heat-insulated couplings.

The leakage phenomenon in the boiler tube was simulated by seeding four pinholes,

which were located at four different positions in the boiler’s tube. The four pinholes were

disposed at random position in the tubes as the occurrence of faults is random. The positions

of the seeded pinholes are depicted in Figure 3.1, where the pinholes are depicted by red

stars. The test-bed was installed using seeded pinholes with different sizes: 0.6mm, 1mm,

and 2mm in diameter. The detailed installation of each pinhole on the boiler membrane

is illustrated in Figure 3.2. The measuring points with wave-guides were located near the

source of the leakage hole to get a better AE signal. The leakage level was controlled by

manipulating the flow passage with a valve. Each pinhole state could be remotely controlled

by solenoid valves, which were attached to the pinhole. The valves needed to open and close
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Figure 3.1: The overall scheme of the boiler tube leak detection testbed.
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Figure 3.2: Detailed setup of the data acquisition system.

the pinholes to simulate tubes in different operating conditions: leak and normal. First, the

valves were held in the closed state during the process of collecting AE signals for the normal

condition. For the normal condition, AE signals were recorded for one minute. These signals

were segmented into multiple one-second signals. Furthermore, valves were opened to record

the signals related to the leakage phenomenon. Signals were recorded for two minutes in

the leak state. The AE signals were recorded using wideband differential AE sensors (WDI-

AST) and data acquisition devices with a peripheral component interconnect (PCI-2). To

increase the number of impacts between the fuel powder and the tube membrane, the fuel

stream was composed of a mixture of steel elements and pulverized coal. A detail of the

set-up is illustrated in Figure 3.2, and the data specification is also presented in Table 3.1

below.
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Table 3.1: Data acquisition system and data specification.

Type of Setup Detailed Specification

Card PCI 2 • 18− bit 40 MHz ADC

• Sensor testing: AST built-in

• Dynamic range: > 85 dB

AE sensors (WDI-AST) • Peak sensitivity [V/µbar] : −25 dB

• Directionality: ±1.5 dB

• Working range: from 200 to 900 kHz

• Resonant frequency: 650 kHz

Measurement type • Acoustic emission

• Vibration

• Pressure

• Microphone

Pinhole size 0.6 mm, 1 mm, 2 mm

Test cases • No operation

• Without fake powdered coal

• With fake powdered coal

AE sampling rate 1 MHz

Signal length for each case 3 min to 5 min

Number of datasets 4
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3.3 Impulse Detection Methodology using Deep Learning

Flexible Boundary Regression

Since the time lengths of the AE impulse signal excited by the fuel stream are

variable, the proposed method must adapt to predict boundaries of different sizes. This

research introduces the DLFBR impulse detection model, which considers an impulse as

an object to be analysed and recognized. This model improves the 1D-CNN to adapt for

hit detection in the AE signal. The research re-frames hit detection as a straightforward

regression issue, directly from the AE signal vector to the boundary box coordinates. The

proposed method takes an AE signal as the input, feeds it through a neural network struc-

ture that looks similar to a 1D-CNN to integrate the boundary regression layer, and receives

a vector of box coordinates around the impulse position in the output. The basic idea of

the detection algorithm includes two steps: preprocessing the signal to extract the shape

signal and a flexible boundary detector.

3.3.1 Preprocessing to Extract the Shape Signal

The preprocessing step works to extract the global shape of the impulse at the

macro-level, corresponding to the length of the sampled signal. Normally, the concept of

object detection is used in an image processing technique where the object is smooth, contin-

uous, and mostly homogeneous inside the point area of the object. With this condition, the

convolution neural network considers the boundary of an object to be composed of an edge

and blob patterns, which have a sudden change between their different colors. However, the

AE signal collected from the leak detection test-bed always includes environmental noise

and contains many small troughs and peaks. If these troughs and peaks are smaller than

the grid size generated by the deep learning detector, the object detection algorithm cannot
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Figure 3.3: Preprocessing process of the acoustic emission (AE) signal.

give a satisfying result. To mitigate the undesired variations and unexpected instantaneous

frequency values produced by the remaining amount of small noise, the preprocessing step

helps obtain the overall shape of the signal with little random noise. Figure 3.3 presents

the preprocessing step of the algorithm.

In the first step, the AE signal sample is segmented into non-overlapping frames

and rectified to obtain the positive part. Then, in each window, the root means square

(RMS) is calculated to form the lower rate RMS signal. Next, the lower rate signal is

expanded to its original size by scaling the time axis using cubic interpolation and anti-

aliasing. The cubic interpolation method performs piecewise cubic Hermite interpolation

based on the values at neighbouring grid points. It seeks to match only the first-order

derivatives at the data points with those in the intervals before and after. For a set of data

points (xi, yi), i = 1..n, the cubic Hermite interpolant at any point x, with xi < x < xi+1,

takes the form:

P (x) =
3cs2 − 2s3

c3
yi+1 +

c3 − 3cs2 + 2s3

c3
yi +

s2(s− c)
c2

di+1 +
s(s− c)2

c2
di, (3.1)
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where

c = xi+1 − xi,

di = P ′(xi),

δi = yi+1−yi
ci

,

s = x− xi.

An instance based on piecewise cubic Hermite interpolation is shape-preserving piecewise

cubic, which preserves the shape of the data since the resulting interpolated function has a

continuous derivative. Shape-preserving piecewise cubic interpolation has a similar formula

to that of piecewise cubic Hermite interpolation, but it differs in the component of the

first-order derivatives di. The output vector value is a weighted average of points taken

from at least the nearest four neighbourhoods; this interpolation ensures that the value of

the interpolant is located within a range of local points.

3.3.2 Impulse Detection with the Deep Learning Flexible Boundary Re-

gression Detector

In contrast to general CNNs, the proposed method employs a one-dimensional

time-domain signal as the input data instead of two-dimensional pixels. The one-dimensional

AE signal is fed into the first convolution layer. To detect an object, the detector takes

the feature for that object and assesses it at various locations and scales in the sample

signal. DLFBR observes the entire signal during the training and testing process to im-

plicitly encode contextual information about the type of object as well as its position. The

component object detector is only unified into an end-to-end single neural network, which

utilizes features from the entire signal to estimate the position for each boundary box. To

reason globally about the full sample signal and all of the objects inside the signal, DLFBR

divides the input signal into a grid with a grid size G. If the center of an object drops
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into a cell in the grid, that cell responds to detecting that object. From the generated grid,

each grid cell regresses the B encircled box and the confidence score for each box. These

confidence scores represent how confident the network is that the box contains an object,

as well as how accurate the network thinks the predicted box is. The confidence is specified

as

conf(cell) = Pr[Impulse]×IOU truthpred (3.2)

The confidence score should be zero if there is no object existing in that cell.

Otherwise, the confidence score should receive a value equal to the intersection over union

(IOU) proportion between the regressed boundary box and the ground truth boundary

box. This metric is normally used to evaluate how well an object detection output is

related to some ground truth box. Every boundary box is composed of three prediction

values: (x,w, c). The x coordinate locates the center of the predicted box relative to the

margin of the cell; the width w is presented relative to the whole length of sample signal;

and the confidence c is the confidence score of whether or not there is an object inside the

box, which represents the IOU proportion between the ground truth box and the predicted

box. This score encodes both the probability of that impulse appearing in the box and

how well the regressed box fits the impulse. If direct location prediction is utilized, the

model encounters instability issues during the training phase when predicting the estimate

x for the box. To remedy this issue, researchers have used the concept of an anchor, which

predicts box coordinates relevant to the position of the grid cell. The logistic regression

activation σ(·) is used to map and constrain the network’s predictions output such that the

values fall between 0 and 1. Thus, DLFBR predicts a vector of three elements (τx, τw, τc)

for each boundary box. When the grid cell is offset from the beginning of the sample signal

by cx and the anchor is previously set with the width qw, then the predictions correspond
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to

bx = σ(τx) + cx,

bw = qwe
τw ,

P r[Impulse]×IOU truthpred = τc.

(3.3)

The predefined anchors are chosen to be as representative as possible of the ground

truth boxes, and the K-means clustering algorithm is used to define them. This prediction

constraint helps make parameter optimization easier to learn and makes DLFBR more

stable. To adapt to a different length, DLFBR generates predictions across three different

scales so that the boundary regression layer is used for detection in the feature map and

makes confident masks of three different grid sizes: 10, 40, and 80 cells.

The structure of DLFBR includes three steps, as shown in Figure 3.4. First, the

block convolution layers of the model extract the features from the AE signal to yield the

feature map and confidence mask with respect to the grid. Splitting the signal into the

grid cells was implicitly done by several layers of 1D-CNN. The convolutions enable us to

compute predictions at different positions in a signal in an optimized way. The network

down-samples the input signal by the factor stride (i.e., the factor by which the output

of the layer is smaller than the input signal of the network) until the boundary regression

layer; thus, the output from the final convolution layer has the size of the predefined grid.

The grid size determination enforces spatial diversity in the boundary predictions. The

convolution layers employ the leaky ReLU as the activation function with

ψ(x) =


x, if x > 0.

0.1x, otherwise.

(3.4)

All of the convolution layers are added by the batch normalization to create im-

provements in the training convergence while avoiding the regularization requirement found
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Figure 3.4: The deep learning flexible boundary regression (DLFBR) impulse detection

algorithm.
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in other methods. The method also helps regularize the model so that the network does

not need a drop-out step to avoid over-fitting.

In the second step, the boundary regression layer predicts the output probabilities

and coordinates. The boundary regression layer utilizes the anchor boxes to decouple the

object prediction from the spatial location for every box. In this way, the impulse location

predictor predicts the box coordinate, and the object predictor predicts the conditional

probability of whether or not there is an object in the given box. The boundary box width

is normalized by the sample signal length so that it falls between 0 and 1. The boundary

box coordinate is parameterized to be offset by a particular cell location to ensure that it is

also bounded in the range of 0 and 1. Then, the sum-squared error used as the output loss

function helps to optimize the parameters of the model. Because most of the cells in the

grid do not contain an impulse, but the sum-squared error weights the location error equally

with the classification error, misalignment occurs; this affects the precision. To solve this

issue, the two parameters, i.e., αloca and αnoObj , are used to increase the value of the loss

component from the coordinate estimations and to decrease the value of the loss component

from the confidence core for boxes that do not contain objects. This research also predicts

the square root of the width to reflect the fact that small deviations in large boxes matter

less than they do in small boxes; this is done instead of using the width directly to solve

the problem that arises when the sum-squared error weights the error from the large boxes

and small boxes equally. During training, DLFBR predicts multiple boxes for each cell, but

only one box is chosen to be responsible for each impulse; the prediction box that has the

highest current IOU proportion with the ground truth is selected. The loss function used
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to optimize the parameters of the network is shown below.

Lθ(o
pred, otruth) = αloca

G∑
i=0

B∑
j=0

1
obj
ij

[(
xtruthi − xpredi

)2]

+αloca

G∑
i=0

B∑
j=0

1
obj
ij

[(√
wtruthi −

√
wpredi

)2
]

+

G∑
i=0

B∑
j=0

1
obj
ij

(
ctruthi − cpredi

)2
+ αnoObj

G∑
i=0

B∑
j=0

1
noObj
ij

[(
ctruthi − cpredi

)2]
(3.5)

Here, 1objij denotes that it has the value 1 when the object exists in the predicted

boundary box jth of cell ith. Additionally, 1noObjij is almost the same, except it has a value

of 1 when there are no objects in the ith cell. The first component in the loss function

calculates the loss related to the predicted box’ center position. The second part is the loss

related to the predicted box’ width. The third and fourth parts are associated with the

confidence scores for each box. Usually, it is clear which cell has an object appear inside of

it, and the network should only predict one box for each impulse. However, for some large

impulses or impulses near the border between cells, which can be well localized by multiple

cells, the algorithm will predict multiple boundary boxes. Non-maximal suppression can be

employed to remove extra detection boxes that are generated for the same impulse. This

non-maximal suppression first discards all boxes with a confidence of prediction less than

or equal to 0.6. Then, it picks the box with the largest confidence in its prediction output

as the prediction and discards any remaining boxes with IOU values greater than or equal

to 0.5. Finally, only one boundary box is chosen for each impulse.

3.4 Results and Performance Evaluation

To validate the effectiveness of the DLFBR method, this algorithm was employed

to detect impulses caused by a coal fuel powder attack by using the dataset described in

Section 3.2. Four datasets were collected, each corresponding to a different pinhole that
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(a) No leakage signal

(b) Leakage signal

Figure 3.5: Collected signals: (a) no leakage signal and (b) leakage signal.

was opened. Each dataset included more than 100 one-second signals. The normal signal

was recorded when all of the pinholes were closed to create a baseline for comparison of the

leakage cases. Both the signals in the leakage case and the normal case showed a similar

signal with the impulses in the time domain, as shown in Figure 3.5.

The high amplitude impulses that appeared in both the leakage and normal signals

do not relate to the intrinsic properties of the leakage phenomenon. Nevertheless, this kind

of impulse, which was caused by the interaction between the coal powder flow and the steel

tubes, protruded from and overlaps with the real leakage signal. Moreover, these interacting
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impulses appeared randomly, and the impulse width was variable; this made it more difficult

to exactly detect their position and width in the time domain signal.

3.4.1 Effectiveness of the Shape Extraction Algorithm

DLFBR was designed to be flexible to different kinds of inputs. We used three

different inputs for DLFBR: the raw AE signal, the envelope signal, and the extracted

shape signal. To illustrate the effectiveness of preprocessing with shape extraction, the

results for impulse detection from DLFBR with the same sample but different input types

are compared in Figure 3.6. Figure 3.6c shows the results of impulse detection with the

input that used the proposed preprocessing method. Similarly, Figure 3.6a and Figure 3.6b

show the results when the inputs were the raw signal and the preprocessing signal with

envelope analysis.

As seen in Figure 3.6a, applying DLFBR to the raw signal sometimes failed to

detect the impulse, even if the impulse clearly showed a high amplitude. Furthermore,

DLFBR predicted a number of boundary boxes for the same impulse. These boxes may

be overlapping or separate because of the small troughs and peaks inside the impulse; this

can cause DLFBR to make incorrect predictions. The DLFBR results with the envelope

analysis are shown in Figure 3.6b. This method could detect most of the impulses and

led to better predictions, but the overlapping between boundary boxes still occurred. The

results of DLFBR with the SE preprocessing are shown in Figure 3.6c. This technique

outperformed the other two methods, detecting all of the impulses and predicting only one

boundary box for each impulse.
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(a) Input with raw signal without any preprocessing

(b) Input uses preprocessing based on envelope analysis

(c) Input uses shape extraction preprocessing

Figure 3.6: Performance of the DLFBR algorithm with different preprocessing: (a) Input

with raw signal without any preprocessing; (b) input uses preprocessing based on envelope

analysis; (c) and input uses the proposed shape extraction (SE) preprocessing.
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3.4.2 Effectiveness of the DLFBR Impulse Detection Algorithm

For illustration purposes, this research compared the proposed method with two

other impulse detection methods found in the literature. The results of the proposed

DLFBR algorithm and the other two methods, i.e., the soft threshold [92, 93] and con-

stant fault alarm rate (CFAR) [95] methods, are considered by measuring the prediction

performance of these methodologies based on the metric of the average precision, which is

based on the intersection over union. To compute the precision, the overlap area between

the output box from the algorithm and the ground truth box was first found. Then, the area

of the union, which consisted of both the output box from the algorithm and the ground

truth box, was also calculated. Dividing the area of overlap by the area of union gave the

IOU proportion. Due to the variable AE signal and the fact that the impulses are transient

and non-periodical, a complete match between the output boxes and ground truth boxes is

unrealistic. This research defines an evaluation metric that rewards output boxes for heav-

ily overlapping with ground truth boxes. The ground truth box that bounds the impulse

was generated by hand for each one-second sample signal, which contained the impulse.

Then, the intersection over union was calculated between the output of the algorithm and

the ground truth box. If the IOU was larger than a predetermined value, the algorithm

detected a true positive impulse. Then, the precision was calculated as

Pre =
#true positives

#true positives + #false positives
(3.6)

The results of impulse detection for these three methods are shown in Figure

3.7. These results were obtained from the same sample for illustration purposes. The soft

threshold method could not accurately detect the prominent impulse in the presence of

background noise, as shown in Figure 3.7c; in fact, this method missed the second impulse

of the sample. In addition, this method did not give good results for the width of the
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impulse when the predicted box did not cover the whole impulse, i.e., the trailing region

of the impulse was cut off because its amplitude value was smaller than the threshold.

Therefore, the threshold-based technique is appropriate when the level of the background

noise is either unchanged or changes gradually. The CFAR detector’s results showed better

detection ability, as shown in Figure 3.7b. Because the threshold from the CFAR detector

was more adaptive to the noise, it detected more true impulses. However, it did not perform

well in terms of the box width when the signal consisted of strong temporal bursts of high

AE activity. Such bursts were composed of overlapping transients with varying duration,

strength, and shape. In this research, in addition to determining the exact position, the

width of the impulse is also important for defining the impulse box, which contains enough

information related to the entire impulse to purify the leakage signal from the attack signal

of the coal fuel stream. DLFBR was robust to different levels of noise and gave better width

values for the boundary box of the impulse; it detected most of the impulses with a larger

margin regression box relative to the CFAR detector, as shown in Figure 3.7a. This box

covered the length of the impulse and ensured that there was only one box for each impulse.

The calculated precision metrics used to evaluate the three algorithms for impulse

detection with a boiler tube dataset are shown in Table 3.2. DLFBR yielded the best results,

showing an average precision of 89.80% for the four datasets and higher IOU proportions

of overlap between the predicted boxes and the ground truth boxes.

3.4.3 Results for Leak Detection in Boiler Tubes

To purify the leakage signal from the attack signal of the coal fuel stream, the

detected impulses were removed from the AE recorded signals. Then, classification was per-

formed on the impulse-removed signal between the normal and leakage conditions. During

the experimental process of leakage detection, the leak stream along with the generated AE
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(a) Impulse detection results using the proposed DLFBR

(b) Impulse detection results using CFAR

(c) Impulse detection results using the soft threshold

Figure 3.7: Performance of impulse detection for different algorithms: (a) proposed

DLFBR method, (b) constant fault alarm rate (CFAR) method, and (c) soft threshold

method.
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Table 3.2: Precision performance for deep learning flexible boundary regression (DLFBR)

compared to the soft threshold and constant fault alarm rate (CFAR) methods.

Dataset Soft Threshold (IOU = 0.2) CFAR (IOU = 0.2) Proposed Method (IOU = 0.3)

Dataset 1 0.7562 0.6767 0.9154

Dataset 2 0.6333 0.7111 0.8100

Dataset 3 0.4882 0.6948 0.9331

Dataset 4 0.7640 0.8037 0.9336

Average 0.6604 0.7215 0.8980

signal was continuous but non-stationary. Therefore, the transient impulse that appeared in

the recorded AE signal contained less information about the leakage phenomenon. However,

most of this was caused by the interaction between the coal fuel and the tube membrane.

Removing these impulses helped increase the quality of the leakage signal component, which

resulted in higher classification accuracy. This method helped to indirectly evaluate the ef-

fectiveness of the proposed DLFBR method. For this reason, the proposed method employs

the 1D-CNN classifier to separate the normal and leakage signals in this study. The deep

structure of the 1D-CNN architecture and the adaptation of the highly non-linear properties

of the network allow this method to obtain salient information from the input data. To

demonstrate the efficacy of the DLFBR impulse detection model, we obtained classification

results for the leakage and normal signals when the input used the raw AE signal (without

removing the impulse) and when the input had the impulse removed.

The 1D-CNN used all four channels of each dataset as inputs for the neural net-

work. The results of the classification accuracy are presented in the first column of Table

3.3. By using the input where the impulse had been removed, the classification accuracy
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(a) a signal with the impulse

(b) a signal where the impulse was removed

Figure 3.8: Confusion matrix of the one-dimensional convolution neural network (1D-

CNN) classification results when the frequency spectrum input had (a) a signal with the

impulse and (b) a signal where the impulse was removed.
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Table 3.3: Results of leakage classification.

Method
Input to the 1D-CNN Classification

Raw Signal Frequency Spectrum

Signal with impulse 50.05% 99.60%

Impulse-removed signal 64.70% 99.80%

Improvement 14.65% 0.20%

was increased by 14.65%. However, this result shows low classification accuracy because

the intrinsic information inside the signal is complex, and constructing an optimized neu-

ral network structure requires a huge effort. Alternatively, the frequency spectrum, which

presents useful and stable details about the leak signal, can be utilized as an input for the

1D-CNN. In the frequency spectrum, normal noise is shown as low-frequency white noise

(rumbling), while leaks display a higher frequency (hissing) signal. The classification results

for the normal and leakage signals using the frequency spectrum as the input are shown in

the second column of Table 3.3, and the confusion matrices are depicted in Figure 3.8. It

can be seen that the classification model’s average accuracy with the frequency spectrum

input from the impulse-removed signal was 99.8%. This is an increase of 0.2% compared

to using the signal without removing the impulse. This means that the employed classifier

can accurately classify most of the testing samples. Specifically, the neural network can

correctly classify 99.8% of the instances in the normal class; 99.8% of the instances belong-

ing to the leakage state of the boiler tube were correctly predicted. Removing the attack

impulses from the signal can yield enhanced classification performance.
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3.5 Conclusions

The main objective of this chapter was to detect and isolate the transient impulses,

which are caused by the interaction between the coal fuel powder stream and the boiler tube

component. These impulses do not relate to the leakage acoustic emission signal from the

tubes but unfavourably affect the measured signal. To address this issue, this chapter pro-

posed a deep learning approach with DLFBR impulse–object detection. Before applying

DLFBR, the SE algorithm was employed to extract the shape signal, which helps to improve

the capabilities of DLFBR. Afterwards, the DLFBR learned the intrinsic information from

the shape signal to generate the feature map and confidence mask for each signal; it helped

to regress the boundary box of impulse. The proposed DLFBR method was applied to an

experimental boiler tube leakage detection dataset. The proposed DLFBR-based technique

showed superior impulse detection performance compared with two other impulse detec-

tion methods found in literature, demonstrating 89.8% average precision. In addition, the

proposed DLFBR was indirectly evaluated by removing the impulses from the collected

signal. The experimental results yielded 99.8% classification accuracy between the normal

and leakage signals. The improved accuracy with using the purified signal by the proposed

DLFBR demonstrates the usefulness of impulse detection in a time-domain signal.
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Chapter 4

A Reliable Health Indicator for

Fault Prognosis of Bearings

4.1 Introduction

Prognosis and health management of rotary machines is an important research

area. Generally, this involves condition monitoring using appropriate sensors, assessment

of the current health status of the machines and predicting their future health by analysing

acquired measurement data, and utilization of this knowledge to improve the overall relia-

bility and availability of the machines [32, 41, 42, 44, 103–107]. Rolling element bearings

are among the most significant contributors to the failure of critical industrial equipment,

such as induction motors [108, 109]. Consequently, they have received considerable research

attention [32, 33, 35, 41, 42, 44, 104, 106]. Most of the research conducted on bearing health

prognosis has involved the development of techniques to estimate the remaining useful life

(RUL) of bearings. This cannot be accomplished with absolute precision due to the inherent

acausal nature of the problem [103, 110, 111]. That is, the bearing’s RUL depends on future

69
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operating conditions and load profiles, which cannot be precisely determined in advance;

thus, they are assumed to be stationary. Nevertheless, a reasonable estimate of a bearing’s

RUL is helpful for scheduling maintenance and avoiding abrupt machine failures.

There are four important aspects related to the problem of bearing health prog-

nosis, as identified in an extensive and systematic review [106] of the most recent literature

on the topic. Three of these aspects are the availability of appropriate and representative

measurement data, the construction of an appropriate health indicator (HI) that can be

used to infer the true health of the bearing, and the detection of different health stages

through which a bearing evolves during its lifetime using the HI. This last aspect involves

determining the time-to-start prediction (TSP) or the first prediction point (FPT), which is

the point at which a bearing departs from its normal healthy behaviour and begins showing

signs of degradation. The failure threshold for the HI indicates the bearing’s end of life

(EOL). The last important aspect is RUL estimation of the bearing, which is done by de-

veloping models for the evolving trends in the bearing HI and using those models to project

the HI until the bearing reaches its EOL. These aspects are briefly discussed below. The

primary contribution of this study is the construction of a bearing HI; this is discussed in

detail in Section 4.3.

Since it is difficult to acquire run-to-failure test data for bearings in an industrial

environment, most studies on bearing health prognosis [32, 33, 35, 41, 42, 44, 104, 107]

have been conducted using accelerated degradation or run-to-failure test data collected

under laboratory conditions. These data are typically collected using accelerometers that

measure the vibration acceleration of bearing housings [38, 107, 112–114]. Additionally,

some researchers have used acoustic emission data (AE) to estimate the RUL of bearings

[42]. Two such datasets that are freely available to the research community and have

been extensively used for research on different aspects of bearing health prognosis are the
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Intelligent Maintenance Systems (IMS) dataset [112, 113] and the PRONOSTIA dataset

[38, 114]. The useful lives of the bearings employed in the collection of the IMS data ranged

from 7 to 35 days, whereas the bearings in the PRONOSTIA platform had useful lives of

only several hours. These datasets have notable differences and pose different challenges to

researchers, as discussed in [106].

Essentially, bearing health prognosis is concerned with the quantitative assessment

and prediction of damage to a bearing over its operational life. Since it is prohibitively

difficult to directly observe and quantify the damage that a bearing or any of its components

undergoes during operation, this assessment must be made through measurement data, i.e.,

the vibration acceleration [32, 33, 35, 41, 44, 104, 107] or the AE signals [42]. Generally,

one of the features of the measurement data is used as an HI to infer the true health

of the bearing. The selection or construction of an appropriate HI is very important to

correctly determine both the onset and progression of degradation in bearings. A good

HI should correlate well with the physical degradation of a bearing, which is assumed

to be irreversible [106]. Thus, an HI is expected to exhibit a monotonically increasing

or decreasing trend, which is determined by various metrics, such as the monotonicity

[39, 104, 115, 116]. Moreover, the HI should be robust to noise and stochastic fluctuations,

which is not always the case. Hence, researchers have used different smoothing techniques to

remove noise and spurious fluctuations in the HI [39–42, 104] or improve the signal-to-noise

ratio [117, 118].

The root mean square (RMS) value of the time-domain vibration acceleration

signal is a commonly used HI [32, 40, 40, 119]. Nevertheless, researchers have experimented

with other choices for HIs, and different techniques have been employed to construct HIs

that correlate well with a bearing’s degradation, i.e., an HI shows a monotonically increasing

or decreasing trend and is robust to noise and random fluctuations. For instance, Singleton
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et al. used the variance of the time-domain vibration signal [33] as an HI. Elforjani et al.

[42] proposed using the signal intensity estimator as the bearing HI, which is a scaled ratio

of the sum of cumulated sums of a segment of an AE signal to the entire length of the

AE signal. Javed et al. [104] proposed using trigonometric functions and cumulative or

point-wise running sums of features with appropriate scaling to construct an HI with better

monotonicity. Deutsch et al. [107] used the values of the fast Fourier transform (FFT) of the

vibration signals to estimate the RUL of a bearing. Liao et al. [39] used a genetic algorithm

to construct an HI using different combinations of features and different mathematical

formulations. Jin et al. [44] assessed the health of a bearing using Mahalanobis distances

from wavelet features of bearings in healthy states. Guo et al. [45] proposed a recurrent

neural network (RNN)-based HI, which is constructed by selecting sensitive features from

an initial set of 14 features using metrics such as the monotonicity and correlation; those

features are then fused using the RNN to yield an RNN-HI. Malhi et al. [120] used the

RMS and peak values of the wavelet coefficients as the HI for bearings. In [121], the

authors used the kurtosis of band pass-filtered vibration signals as the HI. Similarly, Li et

al. [122] used the mathematical morphology pattern spectra of vibration signals as the HI,

whereas Loutas et al. [123] used the spectral flatness as the HI for bearings. The reviews

in [106, 124] provide a more comprehensive overview of the health indicators used for the

health prognosis of rotary machines in general and bearings in particular.

Despite the above developments, finding an HI that is physically practical, reveals

the bearing degradation, and is grounded in well-established principles remains challenging.

The vibration acceleration and AE signals that are recorded from bearing housings are

inherently non-stationary, and the transient activity caused by developing faults can be

effectively captured by analysing these signals at different resolutions in the time-frequency

domain [12, 19]. This has prompted researchers to use time-frequency analysis techniques,
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such as sparsogram [125] and the discrete wavelet packet transform (DWPT), for bearing

fault diagnosis [12, 126, 127]. In this chapter, we propose a method of analysing the vibration

acceleration signals at the sub-band level. Instead of directly calculating the HI value for

the raw signal, we first decompose the raw vibration acceleration signal into different sub-

bands. The HI is then calculated from each of these sub-band signals. The RMS value

is used as the HI; however, it is not directly calculated from the raw signal. The trend

in the HI over the lifetime of the bearing varies across different sub-bands. This aspect is

illustrated in Section 4.4. For some sub-bands, the HI shows a monotonically increasing

trend, whereas it shows fluctuations and increasing–decreasing–increasing trends for others.

At each time index, we evaluate the HIs extracted from all of the sub-bands by using a

gradient-based method. The sub-band with the maximum gradient is selected to construct

the optimal HI, which exhibits a monotonically increasing degradation trend and is robust

to noise and random fluctuations. In short, the main contributions of this study are:

1. A novel method is proposed to construct a bearing HI through sub-band analysis

of the vibration acceleration signals, which are inherently non-stationary and require

analysis at different resolutions in the time-frequency domain to capture the maximum

amount of information related to bearing degradation. An HI that is calculated for

the entire raw signal fails to capture this information. Alternatively, decomposing

the signal into different sub-bands enables analysis and selection of the best available

information that is related to bearing degradation from individual sub-bands.

2. A gradient-based metric is proposed to evaluate the HI extracted from individual sub-

bands at each time index. The sub-bands that exhibit the best trend in terms of the

proposed metric are then selected to construct an optimal HI that can be used to infer

a bearing’s health and estimate its RUL.
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3. The proposed method yields an HI that monotonically increases and is robust to

random fluctuations and noise. The RMS value is used as the HI; it is calculated

using a novel method and can be used to infer the true level of physical degradation

in the bearing and estimate its RUL.

The remainder of this chapter is organized as follows: in Section 4.2, the datasets

used in this study are briefly introduced to validate the proposed method. In Section 4.3,

the proposed method for the construction of the HI is detailed and illustrated. In Section

4.4, the results are presented and discussed, and our conclusions are presented in Section

4.5.

4.2 Accelerated Bearing Degradation Test Data

The proposed method for the construction of an HI for bearing health prognosis

was tested on two of the most widely used accelerated bearing degradation test datasets that

are available in the National Aeronautics and Space Administration Ames Research Center

data repository, i.e., the IMS dataset, which was published by Intelligent Maintenance

Systems at the University of Cincinnati [112, 113], and the PRONOSTIA dataset, which

was published by Franche − Comté Electronics Mechanics Thermal Science and Optics −

Sciences and Technologies (FEMTO) [38, 114]. Details of the experimental test-beds that

were used to acquire these datasets are provided in the relevant works listed in the reference

section, while the salient features of these datasets are described below.

The IMS dataset contains data for three accelerated degradation tests. For each

test, four Rexnord ZA-2115 double-row bearings were installed on a single shaft with no

seeded defects. The durations of the tests ranged from 7 to 35 days. Vibrations of the

bearings were measured using accelerometers installed along the horizontal and vertical
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axes. The vibration acceleration was measured every 10 min for 1 s at a sampling rate of

20 kHz. Thus, after each 10-min measurement interval, 20480 data points of the vibra-

tion acceleration were recorded. Most of the bearings in this dataset showed an increas-

ing–decreasing–increasing degradation trend, suggesting the development and subsequent

healing of an incipient defect before the onset of severe damage in a bearing [106, 113].

The PRONOSTIA dataset contains data for 17 run-to-failure tests that were per-

formed under three different operating conditions, each using one roller element bearing.

All of these degradation tests lasted for shorter durations than those of the IMS dataset,

i.e., only a few hours. The vibration acceleration was measured using two accelerometers

installed along the horizontal and vertical axes of the bearing. The vibration signals were

recorded every 10 s for a duration of 0.1 s at a sampling rate of 25.6 kHz, resulting in a

very low frequency resolution for this dataset. Thus, after each 10 s measurement interval,

2560 data points of the vibration acceleration were recorded. The PRONOSTIA dataset is

considered very challenging for bearing health prognosis because most of the bearings expe-

rience sudden accelerated degradation, unlike the IMS dataset, and the bearing degradation

behaviour widely varies, even for the same operating conditions [106]. The challenges posed

by both of these datasets make it that much more important to find an HI that can reveal

true bearing degradation under different operating conditions.

4.3 Proposed Methodology for the Construction of a Bearing

Health Indicator

The proposed method for constructing a bearing HI is illustrated in Figure 4.1.

It consists of two distinct processes. The first process involves decomposition of the raw

vibration acceleration signal into different sub-bands using the DWPT, followed by the
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Figure 4.1: Proposed methodology for the construction of a bearing HI using sub-band

analysis of the vibration acceleration signal.

extraction and smoothing of the RMS (HI) values from individual sub-bands. The second

process involves evaluation of the RMS trends extracted from individual sub-bands at each

time index using the proposed gradient-based method.

Once the RMS trend quality is determined for each sub-band at each time index,

the best RMS trends are selected from different sub-bands and accumulated for the entire

duration of the bearing operation. The result is an optimal HI that shows the best trend,

i.e., a monotonically increasing trend, at all times during bearing operation. These processes

are detailed in the subsection below.

4.3.1 Extraction of a Health Indicator from Individual Sub-Bands

The vibration acceleration signal is inherently non-stationary [12, 19, 126], and the

RMS value of the raw signal may not always reveal the true degradation trend because it

can miss important fault information that is spread across different time-frequency locales.

In short, the RMS value calculated for the raw vibration signal aggregates information

from both good and bad sub-bands of the signal into one number, thereby compromising
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the overall quality of the information extracted from the signal.

The above process results in RMS trends that do not always show a monotonically

increasing trend; consequently, they may not correlate well with bearing degradation. The

process may also result in RMS trends that are less robust to noise and exhibit large random

variations. Hence, in this research, we decompose the raw vibration acceleration signal into

different sub-band signals using the DWPT and then extract the RMS from each sub-band

signal. These extracted RMS trends from different sub-bands are then evaluated to select

the best trends for the construction of the final health indicator.

The DWPT [128] is an extension of wavelet decomposition and a generalization of

the discrete wavelet transform (DWT). It is a powerful mechanism for signal processing and

has been effectively used for bearing fault diagnosis [12, 126]. Compared to normal wavelet

analysis, the DWPT can analyse a given signal at better frequency resolutions [129], making

it more useful for analysing non-stationary signals than other techniques that are commonly

used for bearing fault diagnosis and prognosis [130–132].

As shown in Figure 4.1 the raw vibration signal is first decomposed into 16 sub-

bands using a four-level DWPT and the Daubechies-4 (Db4) mother wavelet function

[12, 126]. The parameters of the DWPT, i.e., the number of sub-bands or the level of

decomposition of the vibration acceleration signal, and the mother wavelet function are

similar to the ones proposed in [12, 126]. These sub-bands are then reconstructed based

on the coefficients of the frequency bands, and the RMS values are calculated for each re-

constructed sub-band signal. This results in 16 RMS values for a single time index. The

process is repeated for each time index, and as a result, 16 different RMS curves or trends

are obtained, one corresponding to each sub-band signal.
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4.3.2 Smoothing of the Health Indicator

The RMS curves obtained from different sub-band signals may exhibit random

fluctuations. Researchers have utilized different smoothing and curve-fitting techniques to

remove small, random fluctuations in the HI curve and reveal the true degradation behavior

[41, 42, 104]. Bearing degradation is assumed to be an irreversible process that always

increases with time; hence, the HI is expected to always show an overall increasing trend

with time. This seems like a reasonable assumption, and it makes modelling the trends

of the HI easier. However, in the IMS dataset, an increasing–decreasing–increasing trend

is observed in the HIs of most bearings. Some researchers have attempted to explain this

by alluding to the phenomenon of self-healing in bearings [106, 113]. Common smoothing

techniques do not filter such trends from the HI; rather, these techniques are only used

to reduce the small, local fluctuations in the HI. In this work, the RMS curves obtained

from the 16 sub-bands are smoothened using locally weighted regression (LOESS) [133].

In LOESS, every smoothed value is determined using the neighbouring data points within

a given span. The regression weight for each data point in the span is calculated using

Equation 4.1:

wi =

(
1−

∣∣∣∣x− xid(x)

∣∣∣∣3
)3

(4.1)

Here, x is the predictor value associated with the value to be smoothened, xi

denotes the nearest neighbours of x in the span, and d(x) represents the horizontal distance

between x and the most distant predictor value in the span. LOESS then uses locally

quadratic regression as a weighted linear least-squares regression, determining the smoothed

value through weighted regression at the predictor value.
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4.3.3 Evaluation and Accumulation of Health Indicators from Individual

Sub-Bands

Once the HI curves are extracted from individual sub-bands and smoothened, these

curves are evaluated at each time index to determine the sub-band that exhibits the best

trend. These trends are then accumulated over the entire operational life of the bearing.

This process is illustrated in Figure 4.2, which shows three vibration acceleration signals

that are recorded at three different time indices. The three signals are each decomposed

into 16 sub-band signals using the DWPT. For each sub-band signal, and at each time

index, the RMS value is calculated and smoothened. Thus, at each time index, we have

16 smoothened RMS values, denoted as f1(t), f2(t), ..., f16(t), with one corresponding to

each sub-band. Then, for each sub-band, the gradient of the RMS values is determined by

calculating the difference between the RMS values for successive time indices, as given in

Equation 4.2:

∆fi
i=1,2,...16

= fi(t+ 1)− fi(t) (4.2)

Then, at each time index, the maximum value among the gradients for the 16

sub-band signals is determined. This maximum gradient value represents the best trend

of the RMS values among all of the sub-bands at a particular time index. It is used to

construct the optimal value of the HI using Equation 4.3:

h(t+ 1) = h(t) + max ∆fi
i=1,2,...16

(4.3)

Here, h(t) is the value of the health indicator at time t and ∆fi is the gradient of the ith

sub-band at time t. This process is repeated at each time index to generate the HI curve

with the best trend for the entire duration of bearing operation.
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Figure 4.2: Process of evaluating the RMS trends obtained from different sub-bands and

the construction of the optimal health indicator.
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4.4 Results and Discussion

In this section, the results of the proposed method for the construction of a bearing

health indicator are presented and discussed for the IMS and PRONOSTIA run-to-failure

test datasets, respectively.

4.4.1 HI Trends for the IMS Dataset

Figure 4.3 demonstrates the effectiveness of using sub-band analysis for the extrac-

tion of the HI. The RMS trends in Figure 4.3 correspond to 16 sub-bands of the vibration

acceleration signals for bearing 1 of the second run-to-failure test of the IMS dataset. This

particular bearing failed due to failure of its outer race. It is observed in Figure 4.3 that

the behaviour of the RMS values is different in different sub-bands. For some sub-bands,

it shows a monotonically increasing trend throughout the bearing lifetime; alternatively,

for others, it shows fluctuations. Moreover, some sub-bands are more useful in detecting

incipient degradation, whereas others show no signs of incipient degradation. The basic

idea of the proposed method is to combine the best of each sub-band at each time index

and construct an HI that accurately captures bearing degradation throughout its lifetime.

This process of accumulating the best trends from different sub-bands of the vibration ac-

celeration signal is detailed in Section 4.3. The same process is illustrated in Figure 4.4,

which shows how good trends from different sub-bands of the vibration acceleration signal

are accumulated to construct the optimal HI with a monotonically increasing trend. Figure

4.3 and 4.4 show results for the same bearing.

Similarly, Figure 4.5 shows a comparison of the RMS values extracted directly from

the raw vibration acceleration signals and the RMS values extracted using the proposed

method. Both the comparison of RMS trends in Figure 4.5 and the RMS trend shown

in Figure 4.4 show that the RMS trends extracted using the proposed methods present a
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Figure 4.3: RMS trends extracted from 16 sub-bands of the vibration acceleration signals

for bearing 1 of the second run-to-failure test of the IMS dataset, which fails owing to an

outer race failure.
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Figure 4.4: Process of accumulating the best trends in the RMS values from different

sub-bands for bearing 1 of the second run-to-failure test of the IMS dataset, which failed

owing to an outer race failure: (a) Outer optimal degradation trend, (b) RMS value from

sub-bands (4,5), (c) RMS value from sub-band (4,4), (d) RMS value from sub-bands (4,1).
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Figure 4.5: Comparison of RMS trends extracted directly from the raw vibration signals

and RMS trends extracted using the proposed method for (a) bearing 3 and (b) bearing 4

of the first run-to-failure test of the IMS dataset.

monotonically increasing degradation trend. As mentioned earlier and apparent in Figure

4.4 and 4.5, the RMS values extracted from the raw vibration acceleration signals of the

IMS dataset show an increasing–decreasing–increasing behavior. Through analysis of the

vibration signals at the sub-band level, the proposed method reveals the true degradation

in the bearing.

4.4.2 Effect of Smoothing on the RMS Trends

A bearing’s health indicator, whether it is extracted from the raw signal directly

or from any of its sub-bands, almost always exhibits an underlying long-term trend and

high-frequency spurious fluctuations that are mostly local in nature. To estimate a bearing’s

RUL, revealing the true long-term trend of the health indicator is highly desirable. Accurate

estimation of a bearing’s RUL requires the removal of high-frequency, spurious fluctuations

in the health indicator. The primary purpose of smoothing is to filter out these fluctuations

from the health indicator curve to reveal its true long-term trend. Figure 4.6 illustrates the
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effect of smoothing on the RMS curves extracted from different sub-bands of three bearings

from the IMS dataset. Smoothing via locally weighted regression removes spurious local

fluctuations from the RMS curve and highlights its long-term trend. The LOESS method

is applied with a span value of 0.1, resulting in a curve that best fits the RMS values

extracted from each sub-band signal. Smoothing helps remove any sharp changes in the

gradient of the RMS values that may have been caused by noise or stochastic variations in

the degradation process. This enables the proposed scheme to generate HI trends that are

easier to model and yield better RUL estimates, while also reducing the effects of noise and

random variations.

4.4.3 HI Trends for the PRONOSTIA Dataset

The PRONOSTIA dataset is considered to be a very challenging dataset for esti-

mating the RUL of bearings [41, 106] because many algorithms do not achieve good results

with these data [32, 33, 41]. This difficulty stems primarily from the inability of RUL esti-

mation algorithms to correctly model the degradation behaviour of bearings. HIs extracted

directly from the raw vibration signals—the RMS values [32, 41], variance, or Renyi entropy

[33]—exhibit highly nonlinear behavior that is inconsistent across bearings, even under the

same operating conditions. Moreover, the transition of the bearing from a normal, healthy

state to a state of severe degradation is fairly sudden in most of the cases, and many times

the trend in the HI does not correlate well with the expected degradation in the bearing.

One way to improve this situation is to construct a health indicator that is more indicative

of the degradation that a bearing actually experiences. In the proposed method, we strive

to achieve this objective by using sub-band analysis of the vibration acceleration signals,

as discussed in the preceding sections. The resulting HI exhibits a monotonically increas-

ing behaviour throughout the bearing’s lifetime. It is also free of random fluctuations and
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Figure 4.6: Effect of smoothing using locally weighted regression on the RMS trends of

(a) bearing 1 of the second run-to-failure test, (b) bearing 3 of the first run-to-failure test,

and (c) bearing 4 of the first run-to-failure test. The IMS dataset was used for these tests.
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misleading trends.

Figure 4.7 shows the RMS trends for six different bearings of the PRONOSTIA

dataset that were extracted using the proposed method, comparing them with the RMS

values calculated directly for the raw vibration signals, which is a common procedure. Most

of these bearings, except for bearing 11 in Figure 4.7a, exhibit RMS trends that are very

difficult to model and hence result in poor RUL estimates. The RMS values extracted

using the proposed method yield better HI trends that are easier to model and yield better

RUL estimates. Thus, the proposed method yields an HI that clearly reveals the bearing

degradation and exhibits a trend that is easier to model for RUL estimation.

4.4.4 Quantitative Evaluation of the Proposed Health Indicator

The performance of the proposed method for calculating the bearing health in-

dicator is compared with methods based on the variance [33] or conventional RMS, which

are popular choices for bearing health indicators; conventional RMS is calculated directly

from the raw vibration acceleration signal without any sub-band analysis. The quantitative

assessment of these three health indicators is done using three metrics, i.e., monotonicity

[104, 106, 134], robustness [106, 134], and trendability [104, 106, 134, 135]. Monotonicity

measures whether the HI is monotonically increasing or decreasing. It is measured using

Equation 4.4:

Mon(X) =
1

K − 1

∣∣∣∣No.of d

dx
> 0−No.of d

dx
< 0

∣∣∣∣ (4.4)

Here, X = {xk}k=1:K is the sequence of values of the HI, xk is the value of the HI at

time tk, K is the total number of HI values in sequence X, and d/dx = xk+1 − xk is the

gradient of the HI. The value of the monotonicity ranges from 0 to 1. For a bearing HI,

higher values of monotonicity are desirable. Table 4.1 presents the values of monotonicity

for the three health indicators, mentioned earlier, which are extracted from the IMS and
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(a) (b)

(c) (d)

(e) (f)

Figure 4.7: Comparison between the trend in RMS extracted directly from the vibration

acceleration signal and the one extracted using the proposed method for (a) bearing 11,

(b) bearing 14, (c) bearing 16, (d) bearing 22, (e) bearing 24, and (f) bearing 32 of the

PRONOSTIA dataset.
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PRONOSTIA datasets discussed in Section 4.2. It can be clearly observed in Table 4.1 that

the proposed method for the construction of a bearing HI yields better monotonicity values

for all bearings as compared to the other two health indicators.

The robustness metric measures how robust the HI is to random fluctuations,

which may arise due to sensor noise, the stochasticity of bearing degradation, or variations

in operating conditions. Robustness is measured using Equation 4.5:

Rob(X) =
1

K

K∑
k=1

exp

(
−
∣∣∣∣xk − xTkxk

∣∣∣∣) (4.5)

Here, K is the total number of HI values, xk is the value of the HI at time tk, and xTk is

the mean trend value of the HI at time tk, which is usually calculated using a smoothing

technique.

Table 4.2 presents the values of robustness for the three health indicators, men-

tioned earlier, which are extracted from the IMS and PRONOSTIA datasets discussed in

Section 4.2. It can be clearly observed in Table 4.2 that the proposed method for the con-

struction of a bearing HI yields better robustness values for all bearings as compared to the

other two health indicators.

Similarly, the trendability metric measures the correlation between the HI and

time. It is calculated using Equation 4.6

Tre(X,T ) =
K
(∑K

k=1 xktk

)
−
(∑K

k=1 xk

)(∑k
k=1 tk

)
√[

K
∑K

k=1 x
2
k −

(∑K
k=1 xk

)2] [
K
∑K

k=1 t
2
k −

(∑K
k=1 tk

)2] (4.6)

Here, tk is the kth value of time and xk is the value of the HI at time tk. The trendability

value ranges from -1 to +1, where -1 indicates a strong negative correlation and +1 indicates

a strong positive correlation. In this case, a strong positive correlation (or generally positive

values of trendability) is desirable. Table 4.3 presents the values of trendability for the three

health indicators, mentioned earlier, which are extracted from the IMS and PRONOSTIA
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Table 4.1: Quantitative Evaluation of the Health Indicators using Monotonicity.

S. No. Bearing
Health Indicators

Traditional RMS Variance Proposed

1 IMS Outer 0.0132 0.001 0.9868

2 IMS Inner 0.0144 0.0292 0.9133

3 IMS Roller 4.64× 10−4 2.09× 10−2 0.9995

4 PRONOSTIA b11 0.0071 0.0093 0.9925

5 PRONOSTIA b13 0.0152 0.4278 0.9836

6 PRONOSTIA b14 3.99× 10−2 4.29× 10−1 0.9629

7 PRONOSTIA b15 8.12× 10−4 3.48× 10−1 0.9736

8 PRONOSTIA b16 0.0037 0.3509 0.9163

9 PRONOSTIA b17 0.0053 0.3780 0.9588

10 PRONOSTIA b22 0.0402 0.0402 0.9686

11 PRONOSTIA b23 0.0082 0.3335 0.9043

12 PRONOSTIA b24 0.0027 0.3675 0.9694

13 PRONOSTIA b25 0.0147 0.3323 0.9883

14 PRONOSTIA b26 0.0057 0.2767 0.9472

15 PRONOSTIA b27 0.0565 0.2826 0.9609

16 PRONOSTIA b32 0.0073 0.0024 0.9383

17 PRONOSTIA b33 0.0438 0.4539 0.9977
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Table 4.2: Quantitative Evaluation of the Health Indicators using Robustness.

S. No. Bearing
Health Indicators

Traditional RMS Variance Proposed

1 IMS Outer 0.9487 0.9440 0.9958

2 IMS Inner 0.9685 0.9586 0.9954

3 IMS Roller 0.9754 0.9737 0.9947

4 PRONOSTIA b11 0.9467 0.8936 0.9968

5 PRONOSTIA b13 0.9362 0.8702 0.9968

6 PRONOSTIA b14 0.9620 0.8181 0.9974

7 PRONOSTIA b15 0.9675 0.9448 0.9982

8 PRONOSTIA b16 0.9347 0.8825 0.9981

9 PRONOSTIA b17 0.9635 0.8563 0.9983

10 PRONOSTIA b22 0.9699 0.9395 0.9979

11 PRONOSTIA b23 0.9073 0.8735 0.9924

12 PRONOSTIA b24 0.9478 0.7794 0.9971

13 PRONOSTIA b25 0.9446 0.9172 0.9985

14 PRONOSTIA b26 0.9611 0.9431 0.9981

15 PRONOSTIA b27 0.9402 0.9112 0.9947

16 PRONOSTIA b32 0.9352 0.8618 0.9974

17 PRONOSTIA b33 0.9622 0.8908 0.9983
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datasets discussed in Section 4.2. It can be clearly observed in Table 4.3 that except for one

bearing the proposed method for the construction of a bearing HI yields better trendability

values for all bearings as compared to the other two health indicators.

Moreover, the HI curves obtained using the proposed method have also been used

to estimate the RUL of bearings; these results have been compared to the ones obtained

using conventional RMS. The purpose of constructing any health indicator is to use it to

estimate the RUL of bearings. A good HI is easier to model and results in better RUL

estimates. In order to model the behavior of the proposed HI and estimate the RUL of

bearings, we used the adaptive regression models-based approach proposed in [41]. The

prognostic performance achieved by the proposed HI is compared with the model-based

approaches used by Li et al. [32] (i.e., the Paris model-based approach, exponential model-

based approach, and improved exponential model-based approach), as well as the adaptive

regression models-based approach proposed by Ahmad et al. [41]. Both Li et al. and

Ahmad et al. used conventional RMS values as bearing HIs.

The prognostic performance of all these methods is measured using their cumula-

tive relative accuracy (CRA) scores [110, 111], which are given in Table 4.4 for four bearings

of the PRONOSTIA dataset. The CRA is the normalized and weighted sum of the relative

accuracies of the RUL estimates at specific time instances [110, 111]. The relative accuracy

(RA) is a measure of error in the estimated value of RUL r(iλ) relative to the true value of

the RUL r∗(iλ) at a specific time index iλ [33, 110]. It is calculated using Equation 4.7

RAλ = 1− |r∗(iλ)− < r(iλ) > |
r∗(iλ)

(4.7)

Here, λ is the time window modifier, such that tλ = tp + λ(tEOL − tp), where tp refers to

the time index when the RUL is estimated for the first time. Additionally, tEOL refers to

the time index when the value of the estimated HI crosses the failure threshold. Table 4.4
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Table 4.3: Quantitative Evaluation of the Health Indicators using Trendability.

S. No. Bearing
Health Indicators

Traditional RMS Variance Proposed

1 IMS Outer 0.6680 0.3965 0.8131

2 IMS Inner 0.3882 0.2689 0.7833

3 IMS Roller 0.8465 0.7931 0.9572

4 PRONOSTIA b11 0.6798 0.3792 0.7819

5 PRONOSTIA b13 0.5500 0.8353 0.6793

6 PRONOSTIA b14 0.7095 0.7156 0.7158

7 PRONOSTIA b15 -0.1582 -0.4051 0.6654

8 PRONOSTIA b16 -0.0922 -0.2725 0.9000

9 PRONOSTIA b17 0.3360 0.4472 0.8316

10 PRONOSTIA b22 0.7450 0.5847 0.9623

11 PRONOSTIA b23 0.0211 -0.4844 0.4235

12 PRONOSTIA b24 -0.0938 -0.3742 0.8288

13 PRONOSTIA b25 -0.6617 -0.7458 0.9304

14 PRONOSTIA b26 -0.0114 -0.2822 0.6057

15 PRONOSTIA b27 0.2480 0.2095 0.4489

16 PRONOSTIA b32 0.1087 0.1468 0.8077

17 PRONOSTIA b33 0.6403 0.6584 0.8543
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Table 4.4: The CRA Scores obtained using the Proposed HI and other RUL estimation

methods.

Method Bearing 11 Bearing 13 Bearing 14 Bearing 15

Paris Model 0.6967 0.6074 0.6317 0.7443

Exponential Model 0.7111 0.5311 0.5420 0.7463

Improved Exponential Model 0.8696 0.7623 0.8712 0.9324

Adaptive Predictive Model 0.9362 0.9003 0.9608 0.7790

Proposed 0.9395 0.9287 0.7623 0.9547

shows that, with the exception of bearing 14, the proposed HI yields better CRA scores and

better prognostic performance.

4.5 Conclusions

In this chapter, an attempt was made to address an important problem in bear-

ing health prognosis, i.e., the construction of a reliable HI to determine the progression of

degradation in bearings. Bearing degradation is generally indirectly determined or inferred

through different features of the bearing fault signals as it is prohibitively difficult to de-

termine it directly through the direct assessment of a bearing’s condition. Once initiated,

bearing degradation is assumed to be irreversible and a good bearing HI is expected to cor-

related well with this progressively increasing bearing degradation. Nevertheless, bearing

fault signals are subject to noise and random fluctuations, which can affect the behaviour

and an HI and lead to poor inference about a bearing’s health condition. Hence, an HI

is also expected to be robust to noise and random fluctuations. These characteristics also
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make it easier to model the trends in the HI over the lifetime of the bearing, which can lead

to better RUL estimates. Hence, a new approach was presented for the construction of a

bearing’s HI that considers the non-stationary nature of the vibration acceleration signals,

which is often ignored during the construction of HIs for bearing health prognosis and may

result in the loss of information that may be critical to quantifying a bearing’s degradation.

Thus, instead of quantifying bearing degradation using a single value of the HI for the entire

raw vibration acceleration signal, we proposed to quantify bearing damage by analysing the

raw signal at different resolutions. Therefore, the vibration acceleration signal is decom-

posed into different sub-bands, and the HI is extracted from individual sub-band signals,

thereby enabling the evaluation of the original signal at different time-frequency resolutions.

The HI curves extracted from each sub-band signal are smoothened using locally weighted

regression and then evaluated using the proposed gradient-based metric at each time index.

The HI curves with the maximum gradient are iteratively accumulated to render an HI with

an optimal trend over the entire life of the bearing. The proposed method was tested on

the IMS and PRONOSTIA datasets that are used as benchmark datasets for bearing health

prognosis. The results indicated that unlike the traditional methods of calculating a bear-

ing’s HI, the proposed method yields an HI that is more reflective of bearing degradation,

i.e., it has better monotonicity and better correlates with bearing degradation. Moreover,

it is more robust to noise and random fluctuations in measurement data. Furthermore,

the resultant HI is easier to model and yields better prognostic performance when used to

estimate the RUL of bearings.



Chapter 5

Prognosis of the Lifetime of

Bearings using a Sequential

Monte-Carlo Framework for

Training a Recursive Extreme

Learning Machine

5.1 Introduction

Assessment of the failed status of bearings and prognostication of their future

health plays a pivotal role in the safe condition maintenance of machines. This is accom-

plished by detecting anomalies and producing alarms and warnings regarding the future

health of the rotary components in the pumps, generators, and turbines of electric power

plants. For implementing such proactive and predictive maintenance strategy, the reliable

96
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monitoring not only can diminish the emergency downtime and the catastrophic conse-

quences as well as the economy lost but also ensure the safety operation [130, 136]. Bear-

ings are the most principal cause of failure in rotary machines and are the reason for the

majority of total shutdowns [40, 82, 137]. Therefore, determining the bearing’s state and

estimation of a bearing’s remaining useful life (RUL), i.e., the residual time before the fault

state approaches the lower bound that coincides with the losing of functionality of the ma-

chine, is at the heart of optimizing machine maintenance scheduling. Unlike the action of

merely diagnosing the bearing health using a classifier, a sequence of consecutive historical

data points should be investigated in prognostic evaluation because the process of bear-

ing degradation is continuous and stochastic. Hypothetically, prognostic approaches are

specified by data-driven-based techniques, physics-based techniques, and hybrid techniques

[42, 138]. The failure which is described by physics models that govern the deterioration

of a bearing has an advantage in long-term behaviors of RUL prediction results [139–141].

The Paris-Erdogan model is a famous model of this method for the propagation of crack.

In [39], the Paris-Erdogan rule was employed into state space model and was used to pre-

dict the rest of useful time in rotating machine. In similarity with Paris-Erdogan law, the

researchers in [32] used exponential model for RUL estimation. However, the building of

failure mechanism models requires a huge effort of expert knowledge and only contribute to

a specific application. In research methods such as [32, 35, 38, 40, 41, 142–144], the data-

driven approaches estimate the future state rely on the series of former measurement data

that is collected from the bearing by sensor and without utilizing any particular physical

model. The changing in data, which correlates to the condition of system, is elaborated

to infer about the health and the degradation process that it presents over its lifetime. In

data-driven, a feature or a group of features is extracted and utilized as the health indicator

(HI) that deduces the true health of the bearing. In many research, the root mean square
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(RMS) is widely used as health indicator for the RUL estimation [32, 40–42, 145]. But

these approaches are dependent on the trend of the historical data, which usually perform

an unusual varying property near the end of lifetime [146]. Hence, these methods are useful

in near-future responses, specifically toward the end of life. Hybrid techniques are usually

a combination of the above-mentioned methods to ameliorate the prediction performance.

Recently, hybrid approaches using artificial intelligence techniques have demonstrated the

capability of capturing complex interactions in historical data, and the use of such techniques

is rapidly growing in prognostics and health management. Machine learning approaches,

such as the connected artificial neural network (ANN) and hidden Markov modelling, have

been used to improve RUL prediction of bearing failures in [40, 46, 147]. In [147], a scheme

of bearing prognosis employs hidden Markov modelling for pursuing the severity of the

faulty bearings. Previously, the sequential Monte Carlo method has demonstrated some

success in RUL prediction, as in [148–150]. These researches used a state-space model with

a single and fixed function to predict the development of failure throughout the lifetime.

The deterministic definition of the model ensures the monotonic nature of the degradation

process, but it lacks the flexibility to recognize complicated signal variations, potentially

making the life prediction useless in cases in which the expected parameters differ from the

real ones. Moreover, a flexible model like an ANN produces a local optimization, and it is

difficult to obtain a global result. To solve this problem, the particle filter (PF), which is

a recursive Bayesian filter of Monte Carlo approximations, is proposed to train the ANN

with a global optimization scheme; this approach is proposed in [151, 152]. Another is-

sue related to ANNs is that the back-propagation algorithm is unfavourable with respect

to time. Recently, the Extreme Learning Machine (ELM) has made great progress with

a single hidden feed-forward layer instead of using the traditional gradient-based method

[104]. The achievements of the ELM allow for a superior generalization performance than
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the traditional ANN due to the truth that the output weights are analytically calculated at

a breakneck learning pace and with minimum human intervention. In order to make reason-

ably estimates of the RUL, this chapter proposes an algorithm using the ELM model as the

core prediction mechanism for an estimate of the RUL of bearings and uses the PF method

to optimize the parameters of the ELM. The ELM is structured as a Recursive Extreme

Learning machine (RELM), in which the output of the ELM in previous steps is recursively

fed back to itself in the current prediction step. The summary of main contribution is

present as follow:

1. A novel method, which use a dynamic regression model, is proposed to predict the

RUL from the vibration acceleration signal. This model applies a connected neural

core of extreme learning machine integrate with particle filter to form the Recursive

Extreme Learning machine (RELM) and learn the amplitude response of the signal

which is simulated as degradation process.

2. During the learning process, the proposed method uses the particle filter to optimize

the parameters of the RELM simultaneously with the health indicator value by that

the neural network capture the information between the consecutive state related to

the bearing degradation.

The remaining sections of this chapter are organized as follows. After a brief

introduction of the bearing dataset that is used to assess the capability of the proposed

method in Section 5.2, the details of the RELM are discussed in Section 5.3. Then, the

highly satisfactory results of the algorithm for the RUL estimation are presented in Section

5.4. At last, Section 5.5 presents the conclusions of the research.
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5.2 Seeded Run-to-Failure Experimental Data

To illustrate the effectiveness of the chapter’s contributions, the proposed approach

is applied to the dataset PRONOSTIA, published by the FEMTO-ST Institute [38, 114].

This dataset is briefly mentioned one time in the Section 4.2 of chapter 4. However, in this

section, it is described with more detail. The PRONOSTIA dataset allows researchers to

simulate the accelerated degradation process of ball bearings (from the brand-new state to

the breakdown state) in both static and variable operating conditions, during the entire

time life over which data is gathered. Each bearing in the test-bed was measured over a

period of a few hours, and the bearings naturally deteriorated without being seeded with

an artificial crack in advance. The bearings were normal degradation during the operation

of the experiments and all bearings were broken when the tests finished as shown in Figure

5.1b. The experiments are shutdown when the vibration signal pass the threshold of 20g.

The platform devices of PRONOSTIA is depict in Figure 5.1a.

The PRONOSTIA support to collect data of the accelerated degradation in varying

condition of load and speed. The power of AC motor is transmitted through a gear box

which has two shafts. The speed is controlled by setting the speed of the AC motor through

an interface program. The varying load is created by applying the radial force to the test

bearing. This radial force from the actuator is controlled by pressure from the digital electro-

pneumatic regulator. Three different condition were recorded with the speed of 1800r/min,

1650r/min, 1500r/min, and the radial load of 4000N, 4200N, 5000N, respectively. There

are two type of measured parameter in each test include the vibration and the temperature.

However, in this research, the author only focuses to analyse the vibration response. The

vibration of test bearing was measured in both the vertical direction and horizontal direction

using the accelerometers attached on the housing of the bearing. The sample signals are
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Figure 5.1: The experimental test-bed of PRONOSTIA (a) Components structure (b)

Bearing’s crack and spall (c) Recorded signal from bearing #1-1
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recorded each 10s for a signal length of 0.1s with a rate of frequency sampling of 25.6kHz.

However, the PRONOSTIA dataset consists of vibration acceleration signals with a duration

of 1/10th of a second, which gives them a poor frequency resolution of 10Hz; and almost all

the bearings in the PRONOSTIA failed due to multiple defect of the spalls or break on the

balls, races, or cage, which makes it even hard to detect the characteristic defect frequencies

in their envelope power spectra. Further details are found in the relevant reference [35, 145].

Several researches utilized this datasets to evaluate their RUL prediction algorithm [46, 146–

148] .The properties of the PRONOSTIA dataset make it challenging for bearing health

prognosis, as most of the bearings experience suddenly accelerated degradation, and the

degradation behaviour varies widely even under the same operating conditions. Therefore,

the learning of useful information about the degradation patterns is a very difficult problem

that increases the complexity of the RUL prediction.

5.3 Prognosis Methodology based on a Particle Filter for

Training the RELM Core

The target of this research is predicting the RUL of bearing from the collected

dataset. Because this dataset includes the entire life of tested bearing, it is used as the

baseline to evaluate the prediction result. Assume that the algorithm is fed an enough

information about the degradation process of the bearing from the initiating of the test

to a specified point in the lifetime, the algorithm exerts to estimate the remaining time

within an accepted accuracy range. Before the RUL estimation stage, several pre-processing

issues that are necessary to be investigated such as health indicator (HI) extraction, the

first prediction point (FPP) or time-to-start-prediction determination, the failure threshold

(FT) determination, to support for the RUL prediction. A scheme for the overall process
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Figure 5.2: The flowchart of overall prognosis process using the RELM

of prognosis is described as in the Figure 5.2. As discussing above, the RMS which reflect

the augmentation of the vibration energy, can be also used as the HI. The RMS of the

accelerated vibration show a steady trend for the healthy stage of bearing and increasing

trend with non-linear behaviour when the defect initiation and propagation. That why in

this research, the RMS is used as the predicting index. After the HI determination, another

shortcoming of the FPP and FT is calculated in sub-section below.
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5.3.1 The FPP and FT Determination

The FPP, which is the instance of time when the prediction stage of RUL is

triggered, have the important affected to the final estimation because it manages the number

of necessary information about the early fault incorporation to the healthy state of bearing

as one of the inputs to the prediction algorithm. In this research, the author utilizes

the linear regression and alarm boundary apply to the RMS health indicator in order to

determine the FPP. This technique takes a window of m value in the HI and smoothing

them with linear rectification. Then, these values are fit with linear regression and the alarm

boundary is applied to detect whether the degradation start or not. The alarm boundary is

selected when finding within the window the instant at which the value exceeds more than

10% of the first value in the window. The other stage to support for the RUL estimation

is the FT determination. The FT is adequately determined by using the clustering method

based on the subtractive and fuzzy clustering which set the threshold point is the point at

which the HI value change the state from the degradation to the fail state. This technique

first automatically divides the HI values into different clusters respect to different state

of bearing such as normal phase, early degradation phase, middle degradation phase and

breakdown phase. These cluster aim to gather the data point into the homogeneous group

base on the distance between data points so that the intra-group similarity gets the min

value to have dense clusters and intergroup dissimilarity obtain the max value to increase the

separation between clusters. After the threshold point is determined, the amplitude of the

RMS value at this point is set as the failure threshold. The failure threshold unnecessarily

shows absolute failure of the bearing, but beyond that endanger of functionality loss for

alarming to stop the prediction.
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5.3.2 The Recursive Extreme Learning Machine Algorithm

The estimate RUL process is performed after the appropriate FPP being deter-

mined. However, at the FPP, the fault has just happened, and it is hard to prediction

exactly the RUL from the FPP due to lacking the information of the evolution trend.

Therefore, the RUL estimation be usually executed after the FPP a number of time in-

dexes. To determine the long-term health state of the bearing, the proposed method uses

an ELM core as a prediction engine, then the sampling-importance-resampling particle filter

is utilized to adjust the ELM’s parameters for optimization. The algorithm is presented

in Figure 5.3. This algorithm works in two stages including the training phase and the

prediction phase. In the training phase, parameters of the ELM are determined from the

prediction and target value of the HI in each time instance. Then, the particle filter is used

to adjust these parameters by tracking the tendency of the HI from the beginning to the

starting prediction point. During the tracking of the degradation state, all parameters in

the ELM are updated, along with the state, to determine the particle distribution. In this

phase, the degradation behaviour is learned using time series data to investigate how the

HI evolves throughout its operation. At the end of the training stage, the trained ELM

propagates the unknown future step until it approaches the failure threshold.

In advance, the ELM neural network approach is utilized as the basic tool to

execute the multi-step future forecast over a long-drawn-out prediction horizon. The ELM

is employed to avoid the potentially limiting drawbacks of a normal neural network, such as

configuring the architecture of the hidden layer, over-fitting, and lack of generalization. The

ELM network is constructed using a random projection, and the learning is executed by

calculating the least squares best fit of the linear equation by employing the Moore Penrose

generalized inversing procedure. The ELM architecture is provided in Figure 5.3c, where the

middle-hidden layer is not neuron-like. The proper choice of the hidden neuron activation
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Figure 5.3: The RELM architecture and training process: (a) training phase of the model,

(b) prediction phase of the model, and (c) ELM structure
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functions must be considered, and these functions must allow optimized convergence to the

best solution and have the ability to non-linearly transform inputs. Therefore, the non-linear

representations are treated by combining two distinct functions of the inverse hyperbolic

sine (h1) and Gabor wavelet (h2) for each hidden node instead of a single activation function.

h1 = log
[
s+ (s2 + 1)1/2

]
and h2 = |a|−1/2 Ψ

(
s− b
a

)
with Ψ(s) = cos(5s)e−0.5s

2
(5.1)

Here, s represents the input values from the signal, Ψ presents the family of wavelets, a and

b are the corresponding dilate and translation coefficients, respectively. The hidden node

output is the mean calculation after receiving the transformation values from dual functions

as h = (h1 + h2)/2. Moreover, the random initialization of the parameters can affect the

capability for generalization, which should also be taken into consideration. The particular

random parameter initialization procedure is provided by [153]. The initialization algorithm

is an uncomplicated method that aims to assign input parameter ranges according to the

connection of the hidden input layer topology. For each time step kth, the ELM can be

expressed in a compact form as:

ẑk =

N∑
j=1

βjf(h1,h2)(wjsk + bj) (5.2)

Where wj and bj are respective the weight and bias between the jth hidden node and the

input and βj is the weight between the jth node and output. The constraint is to keep at

minimum the norm of the distance between the output prediction ẑk and true target zk, such

that ‖zk − ẑk = 0‖. Hence, the formula can be expressed in matrix formality as Z = H.β,

where H is the matrix of mapping f(sk, wk, bk), β =
[
βT1 , β

T
2 , ..., β

T
N

]
represents the output

weights, and Z = [z1, z2, ..., zN ]T is the target. Finally, the solution of the linear equation

system, with the least norm of output weights, can be obtained as β̂ =
(
HTH

)−1
HTZ.

Then, for each time step kth, the value from the previous step (k − 1)th is used again as
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the input, whenever the prediction is made to obtain the value at the current step. As

in Figure 5.3a, at time step kth, a feedback flow of the output through a delay step is set

as the input node value of the ELM at step (k − 1)th. The method implemented in this

research can predict a bearing’s RUL, and not only relies on a bearing’s historical profile,

which is available over a certain time horizon, but also on its current condition monitoring

data. The principal issue of this approach for choosing the output weights is the lack of

certainty related to the ELM’s parameters from a practical point of view. Consequently, it

is essential to take into account the uncertainties to demonstrate reliability and to facilitate

decision making. To tackle the requirements, we employ the particle filter to finely adjust

the parameters with a stochastic approach. The learning information of the actual model

parameters can then possibly be improved during the filter performance. The chosen particle

filter is the recursive Bayesian estimation method, found using the sequential Monte Carlo

to approximate the conditional posterior distribution with a calculation performed on a

discrete sampling particle set. The estimation of system parameters, along with the states,

creates an innovated model that exhibits a general unifying framework for sequential state

estimation. The state transition describes the development of the system’s parameters

as a Markovian process, the measurement equation describes the collected observation.

The state transition equation and measurement equation are established as follows: sk =

f(sk−1, wk, bk) + dk and zk = sk + vk, where zk denotes the output measurement, sk is

estimated as the system state, and (wk, bk) are the parameters of the ELM model. The

non-linear mapping function f(·) is represented as an ELM function. The used neural

model helps to flexibly feed a number of prior states as the input values to the ELM.

The measurement experiment is assumed to be corrupted by a noise distribution vk. In

this research, the author chooses a zero-mean Gaussian distribution of covariance R as the

probability distribution function of the initial noise. As assumed, the measurement noise
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is not correlated with the network’s parameters and initial conditions. Here, the research

ignores the process noise by setting dk = 0. The evolution of the states corresponds to

a Markov process with an initial probability density function (pdf) p(s0) and transition-

state pdf p(sk|sk−1). The observations, or the measurement data, are also presumed to

be conditionally independent as given the states of the system. For application of this

research, it is of interest to estimate the posterior p(sk|Zk) by the sequential rule, using

the observation data at different time steps as Zk = {zi}ki=1. Bayesian inference is obtained

from Bayes’ theorem when the new data arrives, given as

p(sk|Zk) =
p(zk|sk)p(sk|Zk−1)

p(zk|Zk−1)
(5.3)

Then, the predictive distribution of the time step kth is inferred from the posterior at

the time step (k − 1)th, as p(sk|Zk−1) =
∫
p(sk|sk−1)p(sk−1|Zk−1)dsk. The denomina-

tor, which is typically regarded as a normalization constant, is expressed as p(zk|Zk−1) =∫
p(zk|sk)p(sk|Zk−1)dsk. Because an analytic formula is hard to obtain given non-linear

pdfs, an approximation of the posterior pdf can be made in a computationally feasible

manner by discretizing the integral with the help of a set of samples from the importance

distribution, which are also called particles. The importance distribution is another distri-

bution which have a support broad enough to include the posterior. A sequence of possible

particles is defined by representing the stochastic evolution, indicated with a superscript

denoting the general nth particle:

p(sk−1|Zk−1) =
Ñ∑
n=1

ωnk δ(sk−1 − snk−1) (5.4)

Where Ñ is the number of used particles, snk−1 refers to the value of nth particle, ωnk is

a scalar weight value concerning snk , and δ represents the delta Dirac function. Then the



Chapter 5: Prognosis of the Lifetime of Bearings using a Sequential Monte-Carlo
Framework for Training a Recursive Extreme Learning Machine 110

approximation formula can be written as:

p(sk|Zk−1) =

Ñ∑
n=1

ωnk−1p(sk|snk−1) (5.5)

If the prior pdf of particles at time k is proposed with a given pdf π(s), the above equation

can be rewritten as

p(sk|Zk−1) =
Ñ∑
n=1

ωnk−1p(s
n
k |snk−1)

π(snk)
δ(sk − snk) (5.6)

Substituting this into Bayes’ formula and comparing with p(sk|Zk), which is obtained in a

manner similar to Equation 5.5, we have that

ωnk ∝ ωnk−1
p(zk|snk)p(snk |snk−1)

π(snk)
(5.7)

In the above, we have chosen the importance distribution π(s) = p(s|snk−1), then ωnk ∝

ωnk−1p(zk|snk). In our work, the likelihood function is adopted in the following Gaussian

form

p(zk|sk) ∝ exp
(
−0.5

(
(zk − ẑk)T R−1 (zk − ẑk)

))
(5.8)

where ẑk is the estimation of zk and represents the importance distribution of ELM. The

normalized importance weight is ω̃nk = ωnk/
∑N

n=1 ω
n
k . Using the above method, the state is

estimated by the weight as ŝk ≈
∑N

n=1 ω̃
n
k s

n
k . In this research, the system state and weight

matrix of the ELM are simultaneously updated by the PF at each time step k. However,

with increasing iterations, the variance of the particle weight becomes increasingly large,

and most of the particles receive small weights, resulting in particle degeneracy. To solve

the degeneracy problem, a specified re-sampling scheme is imposed in which the weights

are multiples of (1/N) to determine the number of copies for each particle.
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5.4 Experimental Results and Discussion

In the current section, the practical results of the RELM for bearing health prog-

nosis are obtained when applying the algorithm to the run-to-failure benchmark dataset of

PRONOSTIA, as presented in Section 5.2. As an assumption, the process only knows the

knowledge from the beginning to a determined point of the run-to-failure data and using

these previous data to train the algorithm. Then, the remaining part will be predicted

by the RELM. Generally, the entire machine lifetime can be partitioned into many stages:

normal phase, early degradation phase, degradation phase, terminal degradation phase,

and breakdown phase. The RUL estimation only begin from the initial degradation phase.

However, when the bearing is in the early fault stage, or the bearing fault is slight, the

change of the vibration data is small. Therefore, the beginning time of the occurring degra-

dation stage is difficult to detect by the visible graph of observation data. Normally, RUL

estimation only begins after the time chosen to start the prediction. To avoid the risks

of missing useful information about incipient faults, the time to start the prediction has

been decided using the linear regression and alarm boundary. The FPP of the four bearing:

#1−1, #1−3, #1−4, #1−5 at the first test condition of speed of 18000r/min and load of

4000N are specified as 12970s, 13150s, 11600s, and 24210s, respectively. Another critical

issue is setting a failure threshold, which is accomplished by utilizing the combination of

subtractive and fuzzy clustering, in which the distance from the cluster that represents the

severe degradation stage is far away in parameter space from the other stages of normal and

early degradation. Hence, the failure threshold is determined when the root mean square,

which is utilized as the HI, progresses to the breakdown state. Here, the RMS value is nor-

malized for the range of [0, 1], with 1 representing complete failure. The failure threshold is

determined as 0.26 for bearing #1− 1 and 0.21 for bearing #1− 3, respectively. The result
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of the failure threshold determination is present in Figure 5.4a for the bearing #1− 1 and

the bearing #1− 3 of the dataset.

Then the RUL estimation is employed by using the trained ELM to proceed es-

timating the prediction value until it exceeds over the threshold. Figure 5.5 indicate the

propagation state trajectory for bearing #1-3 at different start points when the system

operated at 15000s, 16000s, 17000s, 18000s, 19000s, and 20000s, which is estimated using

the trained RELM. This figure proves that the estimated RUL at the points is closer to the

end of test, the more exactly accuracy of RUL values is predicted.

Table 5.1 provides the result of RUL prediction for bearing #1− 1 and #1− 3 at

different points in the lifetime of these bearings. A comparison between the predicted RUL

and the truth RUL, which is yielded from the baseline data, is also shown in this table.

The fourth column for each bearing in the Table 5.1 provide the metric of relative accuracy

which measure the error between the predicted RUL and the actual RUL at a determined

time instance.

The results of the RUL estimation process are depicted in Figure 5.6. The perfor-

mance of the proposed RUL estimation for bearing #1−1 and bearing #1−3 are illustrated

in Figure 5.6c and Figure 5.6d; and compared with the result of the adaptive predictive

model approach [41] in Figure 5.6a and Figure 5.6b. The (α−λ) metric is also proposed for

use as the evaluation method, which determines whether the proposed approach predicts

the RUL within the determined error limit of the actual RUL at an arbitrary time index of

interest and how fast the predict converge to the actual RUL; here, α defines the margin of

error on the predicted RUL (α = 20%) and λ characterizes the relative distance from a given

point to the end-of-life, i.e., a given value of λ = 0.5 indicates that the bearing component

is halfway to end-of-life. As evident from Figure 5.6, the RUL estimates coincide with the

actual RUL and lie within the expected error bounds at all times.
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(a) Bearing #1− 1

(b) Bearing #1− 3

Figure 5.4: Failure threshold determination result of (a) bearing #1−1 (b) bearing #1−3
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(a) 15000s (b) 16000s

(c) 17000s (d) 18000s

(e) 19000s (f) 20000s

Figure 5.5: Predicted trajectory from RELM for bearing #1 − 3 start at different point

(a) 15000s (b) 16000s (c) 17000s (d) 18000s (e) 19000s (f) 20000s
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Table 5.1: Calculated and estimated RUL for bearing #1− 1 and bearing #1− 3

Bearing #1− 1 Bearing #1− 3

Time

(s)

Calculated

RUL(s)

Predicted

RUL(s)

Relative

accuracy

Time

(s)

Calculated

RUL(s)

Predicted

RUL(s)

Relative

accuracy

20010 8020 8210 0.9763 13510 10240 8450 0.8252

20410 7620 7600 0.9974 14010 9740 10600 0.9117

20810 7220 7970 0.8961 14500 9240 9360 0.9870

21210 6820 6320 0.9267 15010 8740 7610 0.8707

21610 6420 6440 0.9969 15510 8240 7320 0.8883

22010 6020 6030 0.9983 16010 7740 8060 0.9587

22410 5620 5520 0.9822 16510 7240 5840 0.8066

22810 5220 5580 0.9310 17010 6740 5800 0.8605

23210 4820 4420 0.9170 17510 6240 6780 0.9135

23610 4420 4010 0.9072 18010 5740 6570 0.8554

24010 4020 3640 0.9055 18510 5240 6110 0.8339

24410 3620 3970 0.9033 19010 4740 5110 0.9219

24810 3220 3290 0.9783 19510 4240 4180 0.9858

25010 3020 2803 0.9281 20010 3740 3800 0.9840

20510 3240 3040 0.9383

21010 2740 2560 0.9343

22010 1740 1590 0.9138

22510 1240 1260 0.9839
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(a) B#1− 1 (adaptive predictive model) (b) B#1− 3 (adaptive predictive model)

(c) B#1− 1 (proposed model) (d) B#1− 3 (proposed model)

Figure 5.6: RUL estimation results and the (α − λ) metric with α = 20%: (a) (α − λ)

metric of bearing #1 − 1 via the adaptive predictive model; (b) (α − λ) metric of bearing

#1 − 3 via the adaptive predictive model; (c) (α − λ) metric of bearing #1 − 1 via the

proposed method; and (d) (α− λ) metric of bearing #1− 3 via the proposed method
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For illustration purposes, the results of previous and proposed approaches are

compared for the same dataset on four bearings. The results of the proposed algorithm

and the other three model-based approaches, i.e., the exponential-based [154], improved

exponential-based [32] and Paris-Erdogan model [138], considering that the predictive per-

formances of all methodologies are measured by the metric of cumulative relative accuracy

(CRA) of the predicted RUL [111]. The CRA value stay in the range of [0, 1], where the 1 is

the highest accuracy. The CRA is specified as Table 5.2 provides the comparison using the

CRA metric of the proposed method to other model-based methods. The result is observed

in Table 5.2 that the proposed approach shows better CRA values in most cases, except

the case of bearing #1 − 4, in which the CRA of the proposed method approximated the

improved exponential model.

5.5 Conclusions

A hybrid approach by employing the Monte-Carlo simulation with an adaptive

model of the extreme learning machine is proposed in this research to effectively estimate

the RUL of bearing components. The RELM is used as the core prediction mechanism for

estimating the RUL of bearings. The particle filter is employed to train the parameters

of the RELM and adapt to the long-term prediction process. A practical case study was

applied to the PRONOSTIA dataset, which provides evidence exhibiting the dominance of

the proposed method compared with previous competing model-based approaches. Even

though the results show that our model is a very efficient method for prognosis, there

exist issues that require further research. Of particular interest is consideration of the

sudden failure of bearings with little prior indication of a degradation process; the RUL

prediction for such an unexpected process is of more practical significance than the gradual
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Table 5.2: The CRA metric comparison of the proposed method to other model-based

methods

#Bearing No.1− 1 No.1− 3 No.1− 4 No.1− 5

Exponential + PF 0.7111 0.5311 0.5420 0.7463

RELM method 0.9460 0.9053 0.8491 0.9335

Improvement (%) 23.49 37.42 30.71 0.1872

Paris-Erdogan + PF 0.6967 0.6074 0.6317 0.7443

RELM method 0.9460 0.9053 0.8491 0.9335

Improvement (%) 24.93 29.79 21.74 18.92

Improved exponential + PF 0.8696 0.7623 0.8712 0.9324

RELM method 0.9460 0.9053 0.8491 0.9335

Improvement (%) 7.64 14.30 −2.21 1.1e− 3
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and continuous degradation bearings.
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Conclusions and Future Works
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Chapter 6

Summary of Contributions and

Future Works

6.1 Summary of Contributions

In this dissertation, the endeavours were created to address very important issues

related to two very important areas of research into the condition-based maintenance of

industrial machines, i.e., fault diagnosis in bearings and boiler tubes, and their health prog-

nosis, which are extensively employed using the deep learning for the signal analysis with

the AE signals in monitoring the fault conditions. The accurate detection and identifica-

tion of bearing failures at an early state primarily not only relate to separate faults in each

component of bearing but also involving the simultaneous appearance of multiple types of

fault. Similarly, bearing health prognosis, which primarily involves the health indicator

construction and the estimation of a bearing’s RUL once the signs of bearing degradation

are imminent, are active and important areas of research. Moreover, the detection of im-

pulse in the leakage signal of a boiler tube remains a challenging problem that attracts the

121
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more researcher’s attention. The conclusions of contributions made in this dissertation can

be summarized as follows:

In Chapter 2, this dissertation develops a deep learning algorithm with DNN in

operation based on the SDAE and NMEC to classify multiple combined faults in bearing.

When the bearing occurs the combined faults, the complexity of fault signature components

inside the AE signal increases the difficulty for the classifier which requires larger data

for training. The NMEC-DNN helps to solve this problem because it is based on the

mutual information between classes to classify the combined fault classes with only using

the separate single fault classes for training. Inside the NMEC-DNN, the SDAE has the

role of feature processing to automatically extract and select features, while the NMEC

has the role of the classifier using mutual information. The algorithm is evaluated using

the laboratory bearing dataset. The diagnostic performance of the proposed method is

compared with techniques based on support vector machines. The results indicate that

the proposed method mostly yields better diagnostic performance under all scenarios as

compared to the other approaches. However, the algorithm costs in time for training and

has a problem with large-scale input data.

Secondly, a deep learning automated approach for impulse detection is presented

in Chapter 3. The impulse detection is employed to detect the high-amplitude impulse in

the AE signal from a boiler tube, which causes by the interaction between the coal powder

stream and the tube and affects to the leak signal to low accuracy for fault diagnosis in the

boiler tube system. Chapter 3 proposes the DLFBR algorithm to solve impulse detection as

a regression issue to spatially separate the boundary box surrounding the object-impulse.

The DLFBR uses the 1D-CNN to divide the signal sample in the whole length with grids.

For each cell in the grid, the confident value and feature are calculated to generate the

confident mask and feature map. Then the boundary is regressed base on the confident
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mask and feature map. Because the grids are generated with different grid sizes, the box’

size can adapt to the variation in the length of impulse. Before imputing to the DLFBR, the

signal is pre-processed with the SE algorithm to obtain the shape signal which contains the

intrinsic information on the impulse and low level of random noise. The algorithm is applied

to the data which is collected from laboratory test-bed for boiler tube leak detection. The

results indicate that the proposed method shows a high impulse detection performance and

improves diagnostic performance as compared to the other approaches.

Thirdly, for bearing fault prognosis, a reliable method to extract the HI is pro-

posed in Chapter 4, using the DWPT decomposition, locally weighted regression smoothing,

and gradient-based metric evaluation. In this work, a DWPT-based sub-band analysis is

performed to extract the HI in each sub-band from the acquired signals related to bearing

conditions. In some sub-bands, the HI shows a monotonic increase trend, whereas it shows

the fluctuation in the others but contains the early abnormal symptoms of failures. Hence,

the novel approach arms to extract the good trend in each sub-band and overcome the

fluctuation characteristic. At each time index, the gradient metric is used to evaluate the

HI value in each sub-band. The trend in sub-band with the maximum gradient is selected

to construct the final HI, which exhibits a monotonically increasing. The proposed method

is tested on two benchmark datasets of IMS and PRONOSTIA, datasets for bearing health

prognosis. The result HI indicates the reliable with better correlate with bearing degrada-

tion when it is evaluated by monotonicity, robustness, and trendability. Moreover, it yields

better prognosis performance when used to estimate the bearing’s RUL.

The last contribution of this dissertation is presented in Chapter 5, in which an

efficient RELM-based approach is proposed for RUL prediction in bearing prognosis. This

hybrid approach uses the ELM model as the core prediction mechanism for an estimate of

the RUL and uses the PF method to optimise the parameters of the ELM. This structure
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is employed as RELM structure, in which the output of ELM in the previous time index is

recursively fed back to itself in the current prediction step. The estimation of system pa-

rameters, along with the states, creates an innovative model that exhibits a general unifying

framework for sequential state estimation. Experimental results, using the PRONOSTIA

dataset, proves that the proposed RELM method yields reasonably accurate estimates com-

pared to other state-of-the-art approaches in predicting the lifetime of bearing.

6.2 Future Research Directions

Although the effective solutions on machine learning and deep learning are success-

fully exploited for implementation with the AE signal processing algorithms from diagnosis

and prognosis in industry and achieved the desirable results, there are many important

aspects related to improving the performance of the software design that still need further

investigation. Moreover, this thesis efforts to fortify the fault diagnosis and prognosis to en-

sure a robust health monitoring system for massive industrial cases. The signal processing

and deep learning-based methods are very effectively applied in detecting and predicting

degradation for some industrial equipment such as the bearing and boiler tube under vary-

ing conditions. However, there are also many challenging problems for fault diagnosis and

prognosis which require further research. Among the many avenues for future investigation,

some are suggested:

• The deep learning with end-to-end structure can automatically extract and select

features, ignore the feature engineering, and feature learning schemes. However, the

features from the deep neural network usually generate from multiply the parameters

of the trained network with the input and it is difficult to explain the relationship

between the features and the physical phenomenon. These researches should be in-
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vestigated to control the response of the network and improve its capability.

• The deep learning-based techniques are gaining popularity and have extensively used

for detection and diagnosis of bearing faults. Moreover, the advent of cloud computing

and the internet of things are set to usher in the era of mechanical big data. With

more and more data available to us, it is an urgent matter for constructing generative

models of this data that can incorporate the growing amount of measurement data

and extract useful information from it, which is more representative of the true nature

of the data.

• Since the PHM has received a lot of attention from researchers, many articles have

been published on these subjects in recent years. Nevertheless, the prognosis is the

most promising feature and less explore in PHM. There is still a need for constructing

a more effective HI for bearings that makes physical sense, can be reliably used to

determine the levels of degradation in bearings, monotonically and preferably linearly

varies with increasing degradation, and can be used to evaluate correctly the failure

severity irrespective of the size of the bearings, i.e., does not have scaling issues. The

development of such a HI may require a more enhanced understanding of the bearing

degradation mechanism and the way increasing levels of degradation affect different

characteristics of the system. It would require the design of more experiments, and

the collection of more data, which might be more expensive costs. Moreover, the RUL

estimation always incurs with several challenges to more exactly calculate the lifetime

with high reliability for the mission-critical solution.

• The on-line monitoring system is still a challenging issue since it required real-time

data processing. That system can be developed with increasing speed by deep learning

the IoT system in the future.
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