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Abstract

Rolling-element bearings are widely used in various mechanical and electrical applications.
Accordingly, a reliable bearing health condition monitoring system is very useful in industries to
detect incipient defects in bearings, so as to prevent machinery performance degradation and
malfunction. Although several techniques have been reported in the literature for bearing fault
detection and diagnosis, it is still challenging to implement a bearing condition monitoring system for
real-world industrial applications because of the complexity of bearing structures and noisy operating
conditions. The objective of this thesis is to develop a novel intelligent system for more reliable
bearing fault diagnostics. This system involves two sequential processes: feature extraction and
decision-making. The proposed strategy is to develop advanced and robust techniques at each
processing stage so as to improve the reliability of bearing condition monitoring. First, a novel
wavelet spectrum analysis technique is proposed for the representative feature extraction. This
technique applies the wavelet transform to demodulate the resonance signatures that are related to
bearing health conditions. A weighted Shannon function is proposed to synthesize the wavelet
coefficient functions to enhance feature characteristics. The viability of this technique is verified by
experimental tests corresponding to various bearing health conditions. Secondly, an enhanced
diagnostic scheme is developed for automatic decision-making. This scheme consists of modules of
classification and prediction: a novel neuro-fuzzy classifier is developed to effectively integrate the
strengths of the selected fault detection techniques (i.e., the resulting representative features) for a
more accurate assessment of bearing health conditions; a novel multi-step predictor is proposed to
forecast the future states of bearing conditions, which will be used to further enhance the diagnostic
reliability. The investigation results have demonstrated that the developed intelligent diagnostic

system outperforms other related bearing fault diagnostic schemes.
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Chapter 1

Introduction

1.1 Overview

The development of reliable monitoring systems has been the focus of various undertakings in a wide
array of industries involving rotary machinery to prevent machine performance degradation and
malfunction, or even catastrophic failures [1, 2]. A reliable monitoring system can be applied to
schedule preventive and predictive maintenance operations without the need of periodic shutdowns
for routine inspections. It can reduce costly repairs by quickly identifying the faulty components

without examining all of the related components.

Most machine failures are related to mechanical transmission systems such as gears and bearings
[1]. To date, a series of effective investigations have been conducted for gear fault diagnosis and
prognosis [3-9]. Thus, this thesis is focused on the condition monitoring of rolling element bearings.
From a mechanical structure standpoint, a bearing is different from a gear in that a bearing is a
complex system which consists of two rings and a set of elements running in the tracks between the
rings. The rolling elements may be balls, cylindrical rollers, tapered rollers, needles, or barrel rollers,
encased in a cage that provides equal spacing and prevents internal strikes. From the signal
processing perspective, a gear signal is periodic with the shaft rotation, which can be differentiated, in
theory, by the technique of time synchronous average filtering [10]. The bearing signal is non-
periodic in nature because of the slippage occurring between the mating components. Each bearing
rotary component generates vibratory signals, and each component can experience damage. The
signals generated by a bearing are non-stationary, especially when slipage occurs among the rotating
elements (e.g., the rolling elements and ring raceways) [2]. Therefore, compared with a gear system
analysis, a bearing fault diagnosis is an even more challenging task in condition monitoring,

especially when the machine is operating in a noisy environment.

Bearing defects can be categorized into distributed and localized faults. Typical distributed
bearing defects include surface roughness, waviness, misaligned races, and off-size rolling elements,
which are usually caused by design and manufacturing errors, improper mounting, wear, and
corrosion [11]. Localized bearing defects include cracks, pits, and spalls on the rolling surfaces,
which are usually caused by plastic deformation, brinelling, and material fatigue [12]. Both

distributed and localized bearing faults increase the noise and vibration levels, and can cause
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machinery malfunction. From the standpoint of health condition monitoring, localized defect
diagnostics are more important, because the spalling of races or rolling elements is the dominant style
of the failure of rolling element bearings in real-world applications whereas many distributed faults
originate from a localized spalling [13]. Consequently, the research in this thesis is focused on

bearing systems with localized bearing faults.

1.2 Literature Review

This section reviews the state of the art related to bearing fault feature extraction, diagnostic

decision-making, and machine fault state forecasting techniques.

1.2.1 Bearing Fault Detection Techniques

Several techniques have been reported in the literature for bearing fault detection. Based on the
type of signals, they can be classified into acoustic signal analysis, temperature measurement,
lubricant analysis, electrical current analysis, and vibration measurement [13].

The most effective acoustic-based bearing health monitoring is acoustic emission [18]. It is a
transient impulse generated by the rapid release of strain energy in solid material under mechanical or
thermal stress. The detection of cracks is the prime application of acoustic emission; therefore, this
technique can be used as a tool for the detection of bearing faults and shaft cracks. Typically, the
accuracy of these methods depends on the sound pressure and sound intensity data [143].

Bearing distributed defects generate excessive heat in the rotating components [20, 144].
Monitoring the temperature of a bearing housing or lubricant is the simplest method for fault
detection in rotary machines. In wear debris analysis, the presence of metallic particles in the
lubricant is detected by sensitive sensors [19, 145]. Furthermore, the analysis of the different metallic
elements in the lubricant can facilitate the location of the fault.

The operating conditions of a machine can also be monitored by analyzing the spectrum of the
motor current [21]. The changes in the electric signals are associated with the changes in the
mechanical components of the machine; therefore, bearing faults can be detected by using the motor
current related signal processing techniques [146].

Since the abnormal vibration of rotary machines is the first sensory effect of rotary component
failure, vibration analysis is widely employed in various industries [14-16]. The vibration signal is
generated by the interaction between the bearing defect and its mating component. Consequently, a

vibration analysis can be employed for the diagnosis of all types of faults, either localized or
2



distributed. In this work, vibration measurement is applied for the detection of incipient bearing faults
due to the ease of measurement and analysis [17].

A vibration-based signal analysis can be performed in the time domain [15, 18], the frequency
domain [22, 23], or the time-frequency domain [24, 25]. In the time-domain analysis, a bearing fault
is detected by monitoring the variation of some statistical indexes such as the root mean square
(RMS) value, the crest factor, or the kurtosis. A bearing is believed to be damaged when a monitoring
index exceeds thresholds; however, it is usually difficult to determine the appropriate thresholds
because they may vary in different applications.

Frequency-domain methods may be the most commonly used approach in bearing fault detection,
by which the bearing defects are detected based on the analysis of spectral information. The main
advantage of the frequency-domain analysis over the time-domain analysis is that it is relatively
easier to identify and isolate certain frequency components of interest [13]. The bearing health
conditions are assessed by examining the fault-related characteristic frequency components in the
spectra [26] or in some extended spectral expressions such as bispectrum or cepstrum maps [27, 28].
Frequency-based techniques, however, are not suitable for the analysis of non-stationary signals that
are generally related to machinery defects [2].

Non-stationary or transient signals can be analyzed by applying time-frequency domain
techniques such as the short-time Fourier transform (FT) [29], the Wigner-Ville distribution [30], and
the wavelet transform (WT) [4]. In fault detection, the WT is the most popular time-frequency
domain technique because of its more flexible multi-resolution [25, 29]. According to the signal
decomposition paradigms, the WT can be classified as the continuous WT [7], the discrete WT [31],
the wavelet packet analysis [32], and those WTs with post-processing schemes such as the singularity
analysis, the FT, and the energy density analysis. In [33], for example, the singularity analysis was
performed across all scales of the continuous WT to identify the temporal location of defect-induced
bursts in the vibration signals. An approach based on the combination of the wavelet and FT was
suggested for feature extraction in [34, 35]. A time-energy density analysis approach based on the
WT was presented in [36], which could extract the fault related features by analyzing the energy
distribution over different frequency bands.

Although a number of WT-based approaches have been reported in the literature for feature
extraction, no technique has been proposed to deal with the deployment of WTs over a designated

frequency band, and also no method has been suggested to effectively integrate the contributions from



various WT processes. To date, effectively extracting representative features related to initial bearing

defects still remains a challenging task, particularly in real-world industrial applications [2, 37].

1.2.2 Diagnostic Decision-Making Techniques

Fault detection and diagnosis is a sequential process involving two steps: feature extraction and
decision-making (diagnosis). Feature extraction is performed by the use of appropriate signal
processing and/or post-processing techniques; it is a mapping process from the signal space to the
feature space. The decision-making is a process to classify the obtained features into different
categories. The traditional approach of fault diagnostics relies on human expertise to relate the
extracted features to the faults, which is usually time-consuming and unreliable, particularly when
multiple features are applied for fault diagnostics and when the data are noise affected [38, 39]. The
alternative is to use automatic diagnoses. Several automatic decision-making techniques have been
reported in the literature, which can be broadly classified into mathematical model-based methods
[40] and data-driven approaches [41]. The latter is employed in this research because an accurate
mathematical model is usually difficult to derive for complex mechanical systems, especially as the
machine operates in uncertain and noisy environments.

The commonly used data-driven methods include pattern recognition methods and inference-
based classification approaches. The pattern recognition methods include statistical classifiers,
geometric methods, and polynomial classifiers [42], which have been implemented in certain fault
detection applications [43-45]. However, these approaches cannot be used for time-varying systems,
because they rely on the statistic measurements (e.g., density and probability) of the vibration data.
Data driven (or inference-based) diagnostic classification can be performed by intelligent tools such

as neural networks (NNs) [16, 46], fuzzy logic [47, 48], and synergetic schemes [49-51].

Neural classifiers are less affected by noise, and have been extensively applied in machine fault
diagnostic applications [52-55]. After being properly trained, the NNs can represent the complex
relationship between features and faults, and the extracted features can be processed in parallel. In
[46], for example, a radial basis function (RBF) network was developed based on features from both
the time and frequency domains; it was stated that a combination of the mean of the envelope signal
and the 14th spectral amplitude from the power spectrum can lead to a satisfactory fault classification.
An expert system based on fuzzy classification and linear membership functions (MFs) was presented
in [48] for bearing fault detection, in which the input features were extracted by using the kurtosis

method, the crest factor method, and the high frequency resonance technique. An NN-based system
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was studied in [57] to detect the bearing faults based on the acoustic signals in a wayside environment;
eighty-eight statistical features were generated from discrete wavelet transform coefficients, whereas
thirteen optimal features were chosen by a genetic algorithm for classification. However, the
disadvantages of NNs are that their internal layers are opaque to the users, and the convergence of

learning is usually slow and not guaranteed [58].

Fuzzy logic reasoning deals with system uncertainties and ambiguities in a way that mimics
human reasoning [59]. Fuzzy classification starts from highly formalized insights about the structure
of categories, and then formulates expert knowledge in a linguistic form. The fuzzy diagnosis is
conducted through adequate fuzzy operations [60, 61]. Due to their concise form, fuzzy classifiers
have been applied in some real-world applications [47, 48, 62-66]. However, fuzzy systems do not
have much learning capability, and it is usually cumbersome to establish an optimal inference rule

base when more input variables are utilized [58].

To reap the benefits of both NNs and fuzzy logic techniques, they can be combined into
synergism schemes, in which the NNs provide fuzzy systems with learning abilities, and the fuzzy
logic provides NNs with a structural framework having a high-level fuzzy IF-THEN rule thinking and
reasoning. In [67], for example, a neural fuzzy (NF) scheme was suggested for the diagnosis of
localized defects in a ball bearing; the features were extracted from the standard deviation ratio of the
wavelet decomposed signals of the testing and reference conditions. The adaptive network-based
fuzzy inference system (ANFIS) was applied for bearing fault diagnosis in [68], and the input features
are derived from the kurtosis analysis and spectrum peak ratios. A genetic algorithm based feature
optimization technique was proposed by Liu (the author of this thesis) et al. for bearing fault

diagnostics, in which an NF system is utilized for the decision making process [69].

Each of these aforementioned techniques, however, has its own merits and limitations, and can be
used for some specific bearing applications only [1, 2, 59]. When a condition monitoring system is
employed in real-world industrial applications, the critical issue is its reliability. Unreasonably missed
alarms (i.e., the monitoring system cannot pick up existing faults) and false alarms (i.e., the
monitoring system triggers an alarm because of noise, not real faults) can seriously mitigate the
system’s validity [41]. To this end, a more advanced diagnostic system is in demand to provide the

industries a more accurate assessment of bearing health conditions.



1.2.3 Machine Fault State Forecasting Techniques

Machinery condition prognosis entails the use of current and previous machinery conditions to
predict the future states of a mechanical system (or a component) of interest. Currently, several
techniques have been reported in the literature for time series predictions [70]. The classical
approaches for nonlinear time series predictions are the use of stochastic models such as the
autoregressive (AR) model [71], the threshold AR model [72], the bilinear model [73], the projection
pursuit [74], the multivariate adaptive regression splines [75], and the Volterra series expansion [76].
These approaches have found some applications in machinery system prognosis [11, 77-79].
However, it is usually difficult to develop an accurate analytical model for a complex mechanical
system [80].

Recent interest in time series prediction has been focused on the use of flexible models such as
NNs and fuzzy systems. The NNs have two typical connection architectures: the feedforward and the
recurrent networks, and both have been employed in time series forecasting applications [81-87].
From the modelling perspective, a feedforward network is a special case of nonlinear AR models,
whereas a recurrent network is a nonlinear AR moving average model. Consequently, it can be
inferred that the recurrent NN predictors have an advantage over the feedforward NN predictors in a
similar way that the AR moving average models have over the AR models. This conclusion has been

quantitatively verified in [88] by simulations and practical tests.

Fuzzy predictors employ linguistic rules for system behaviour forecasting [89]. They begin with a
formulated insight into the dynamic behaviours of the system, and then the expert knowledge is
formulated into IF-THEN rules, in a way that mimics humans to perform a forecasting task. However,
as stated before, fuzzy systems lack a learning capability, and sometimes, it is difficult to properly
establish the fuzzy forecasting inference rules.

A solution to overcome these limitations is to use synergetic systems such as NF schemes in
which a forecasting operation is performed by fuzzy logic, whereas fuzzy system parameters are
trained by NN-based algorithms. In [90], the ANFIS predictor was implemented for time series
prediction; the simulation results revealed that the ANFIS predictor provided a higher forecasting
accuracy than both the classical AR models and the feedforward NNs. The research in [6, 8]
demonstrated that if an NF predictor is properly trained, it even outperforms those based on recurrent
NNs.

Although the NF predictors have demonstrated some superior properties to other classical

forecasting tools, advanced research still needs to be done in the following aspects before it can be
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applied to real-world industrial applications [90, 91]: 1) improving the convergence properties,
particularly for multi-step-ahead predictions; and 2) enhancing the adaptive capability to

accommodate time-varying system conditions.

1.3 Objectives

To tackle these challenges as discussed in the previous section, an advanced intelligent system is
developed in this thesis in order to provide a more accurate assessment of bearing health conditions.
As schematically illustrated in Figure 1.1, this intelligent system consists of two modules: the
representative feature extraction by using the proposed signal processing technique and the decision-
making by applying the suggested diagnostic scheme. The strategy is to develop advanced and more
robust techniques at each processing stage to improve the reliability of bearing condition monitoring.
The specific approaches are summarized as follows:

1) To develop a more reliable signal processing technique for bearing fault detection. The emphasis
is placed on feature extraction and the analysis of non-stationary signatures that are generated, for

example, by the faults on the rolling elements and rotating rings of bearings.

2) To develop an enhanced diagnostic (ED) scheme for automatic diagnostic decision-making. The
suggested ED scheme consists of two modules:
o A novel NF classifier is proposed to effectively integrate the strengths of several signal
processing techniques for a more accurate assessment of the health condition of bearings.
e A new multi-step predictor is developed and integrated into the ED scheme to forecast the

future states of the bearing health condition, and to further enhance the diagnostic reliability.
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1.4 Experimental Setup

An experimental setup is employed in this research to collect the vibration signals for two
purposes: to study the vibration signatures generated by incipient bearing faults, and to verify the
techniques to be developed. This experimental setup is shown in Figure 1.2. The system is driven by a
3-hp induction motor, with the speed range between 20 and 4200 r/min. The shaft rotation speed can
be controlled by a speed controller (Delta VFD-PUOQ1). An optical encoder is used for shaft speed
measurement. Thus, the shaft rotation speed is known directly from the reading of this speed
controller, which can be further verified by applying the FT on the signals from the optical encoder. A
flexible coupling is utilized to damp out the high-frequency vibration generated by the motor. Two
ball bearings are fitted into the solid housings. Accelerometers (ICP-IMI, SN98697) are mounted on
the housing of the tested bearing to measure the vibration signals along two directions. Considering
the structure properties, the signal that is vertically measured is utilized for analysis, whereas the
signal that is horizontally measured is used for verification. A static load is applied by two disks, and
a variable load is applied by a magnetic brake system (Placid Industries, B150-24-H) through a bevel
gearbox and a belt drive. A data acquisition board (NI PCI-4472) is employed for signal collection,
which has built-in anti-aliasing filters with the cut-off frequency set at half of the sampling rate.



Figure 1.2. Experimental setup: (1)-digital encoder; (2)-variable speed control; (3)-enclosure;
(4)-motor; (5)-flexible coupling; (6)-1CP accelerometer; (7)-bearing housing; (8)-tested bearing;
(9)-hardened shaft; (10)-load disc; (11)-belt drive; (12)-alignment adjustor; (13)-base; (14)-

magnetic load system; (15)-bevel gearbox.

The ball bearings of type MB ER-10K are utilized. Four bearing health conditions are considered:
healthy bearings, bearings with outer race defects, bearings with inner race defects, and bearings with
rolling element faults. Three sets of faulty bearings with different fault sizes are prepared and tested.
The fault types and the corresponding fault dimension (in diameter) are listed in Table 1.1. Each
bearing is tested under seven different shaft speeds (600, 900, 1200, 1500, 1800, 2100, and 2400
r/min) and two load levels (1.2 and 2.3 N - m), respectively. When a bearing is running at a specific
shaft speed and load level, five segments of vibration signals are collected.

Table 1.1. Fault type and size

Outer Race Defect Inner Race Defect Rolling Element Defect
SET 1 (mm) 0.35 0.41 0.29
SET 2 (mm) 0.39 0.47 0.35
SET 3 (mm) 0.44 0.56 0.38
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1.5 Thesis Outline

Chapter 2 presents a new signal processing technique, the wavelet spectrum analysis, to extract
the representative features that are related to the bearing health conditions. The investigation results
demonstrate that this new signal processing technique is an effective bearing fault detection method,

which is especially useful for non-stationary feature extraction and analysis.

In Chapter 3, a novel NF classifier is discussed. This classifier can integrate the strengths of the
two suggested signal processing techniques, the wavelet spectrum analysis technique and the kurtosis
ratio method, for a more reliable bearing fault diagnosis.

A multi-step NF predictor with a variable input pattern is proposed in Chapter 4 for dynamic
system state forecasting. The performance of this new predictor is evaluated, in terms of the input
pattern, structure, and the training algorithm, by simulations with both benchmark data sets and

experimental data sets.

In Chapter 5, the newly-developed intelligent tools, the NF classifier and the NF predictor, are
integrated to construct the ED scheme for comprehensive fault diagnostics in rolling element
bearings.

Finally, the conclusion remarks and some future research topics are summarized in Chapter 6.

11



Chapter 2

A Wavelet Spectrum Analysis Technique

2.1 Problem Definition

Typically, the bearing defects arise during the operation. Therefore, the detection of these defects at
their early stage without machine disassembly is pivotal in bearing condition monitoring. The
magnitudes of the vibration signatures generated by these incipient bearing defects are related to the
fault size, dynamic load, and the shaft speed [2]. To date, effectively extracting the representative
features associated with incipient bearing defects still remains a challenging task, particularly in real-
world industrial applications [37]. In this work, the bearing defects of three sizes as given in Table 1.1
in Chapter 1 will be analyzed, and a wavelet spectrum analysis (WSA) technique is proposed in

Section 2.2 to extract the representative features for bearing fault detection.

2.2 Theory of Wavelet Spectrum Analysis

Whenever a fault occurs on a bearing component, stationary and/or non-stationary impacts are
generated, which excite the bearing and its support structures. As a result, resonance signatures [26]
are generated, which are usually buried in other high-amplitude vibration signals. In the proposed
WSA technique, the first step is to find these resonance signatures; the second step is to synthesize
the resulting wavelet coefficient functions by applying the proposed weighted Shannon function; the
third step is to construct the autocorrelation spectrum of the synthesized function to highlight bearing
characteristic frequencies [27]; finally, an averaging process is taken in the frequency domain to

eliminate some random noises that are related to the variations in operating conditions.

2.2.1 Determination of Wavelet Functions

Given a rolling element bearing, the defect usually occurs on the fixed ring race first because the
fixed ring material is subject to more dynamic load cycles [13]. Consider a bearing with a fixed outer
ring, and suppose that a defect (e.g., a fatigue pit) has happened on the outer ring race. Each time a
rolling element rolls over the pit, an impulse is generated due to the impact. This impulse excites the
vibration resonance of the bearing and the around structures. In theory, the excited transient modes

due to an outer race defect do not vary because the defect angular position remains the same as each

12



impact occurs. On the other hand, if a defect occurs on a rolling element or an inner ring race, the
generated impulse transient modes will change in properties because the impact occurs at a different
angular position as the bearing components rotate. Figure 2.1(a) shows a typical vibration signal
generated by a bearing with an inner race defect. Because the defect is at its initial stage, it is difficult
to directly recognize the bearing fault from the measured vibration signal without an appropriate
signal processing technique. Figure 2.1(b) shows the residual signature that is obtained by high-pass
filtering the original vibration data with a cut-off frequency 1000 Hz, in which the bearing fault
related features are highlighted; these features can be further enhanced by using the proposed WSA
technique as discussed below. It is also seen that the magnitudes of the impulse transients and the
excited resonance modes vary over time, due to the variation of the angular positions of the impacts.
Correspondingly, it is more suitable to apply the WT to analyze these non-stationary resonance
signatures, which enables a higher time-resolution solution at high frequencies and vice versa [93].
Also for comparison, a typical vibration signal generated by a bearing with an outer-race defect,
running at the same shaft speed under the same load level as what in Figure 2.1, is shown in Figure
2.2. It is seen that the signatures generated by outer-race defect bearing is stronger in magnitude than
that by inner-race defect bearing, due to the difference in signal transmission pathway and the nature
of resonance modes. Therefore, extracting the representative features for an inner-race defect bearing
is more challenging than that for an outer-race defect bearing under the same operating condition. In
the following context, the WT will be applied to analyze these non-stationary signatures generated by

incipient bearing faults for feature extraction.
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Given a time-domain signal x(t) , the wavelet coefficients are determined by

WT, (t,5)= | x(z)}Vsw' (- s(t-7)) d | 2.1)

—00

where W (t) denotes the complex conjugation of mother wavelet function w(t) ; s and t are the scale

and time variables, respectively, which produce dilation and translation [92].

The choice of an appropriate mother wavelet depends on the signal properties and the purpose of
the analysis. In bearing fault detection, the interest is to obtain the resonance features that are induced
by a localized bearing fault. The selection of Morlet wavelet as the mother wavelet for the signal
analysis is well accepted in the field of machinery fault detection [2, 4, 96]. The Morlet wavelet is a

modulated Gaussian function [92]

2

w(t) = exp{— th - Jexp(j 27 1), (2.2)

0

where b, is the spread of the Gaussian function and f; is the centre frequency of the pass-band of the

mother wavelet. The real and imaginary parts of a complex-valued Morlet wavelet are shown in
Figure 2.3.

Wavelet w(t)

Figure 2.3. Real (solid line) and imaginary (dashed line) parts of the Morlet wavelet.

Given a mother wavelet, the following WT admissibility should be satisfied [92]:

15



df < +o0, (2.3)

where W () is the FT of w(t) . Because w(t) decays over time, the admissibility (2.3) is equivalent
to the requirement [93]:

[wit)dt =0, (2.4)
Strictly speaking, the Morlet wavelet does not satisfy the zero-mean requirement. However, the mean
can become infinitely small if the term b, f; is sufficiently large. As b, f, increases, the duration of
the wavelet expands, and the time resolution will decrease correspondingly. As a result, the obtained
mother wavelet w(t) may not be suitable to analyze fast-decaying transient signatures. Based on the

above reasoning, the product of the spread and the scaled centre frequency is kept as a constant in this

work, i.e.,

b 27, f 1
b f, =—(f,s,)=b,f, = =22 = ,
i Si(0|) 0°'0 272_ /—2|n2

(2.5)

where 27b, f, = 74/2/In2 was given in [92]; s; represents the ith selected scale; b, and f; are the

corresponding ith spread and centre frequency, respectively. Based on the relation between b, and f,

as in (2.5), the mean of the obtained mother wavelet w(t) remains at a level as low as10 ™ in this

work, and the effective support will vary with the scaled centre frequency to accommodate the
variation of the signatures of interest.

The FT of the mother wavelet w(t) in (2.2) is given by
W (f)=byv27 expl- 20222(f - £, )?). (2.6)

Thus, the FT of the dilated wavelet w(st) becomes

W, (f)=l,27 exp(- 2b272(f - f, 7). @.7)
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For the chosen mother wavelet, the following equation holds, W™ (—st) = w(st) . Therefore, (2.1) can

be implemented by using
WT, (t,s)=/sF[X (f W, (f)] (2.8)

where F~'[-] denotes the inverse FT, X (f)is the FT ofx(t), and W, (f)is given by (2.7). In the

implementation of (2.8), X (f) is calculated only once, whereas W, (f) is calculated for all values

of the scale variable s.

2.2.2 Strategy for Deployment of Wavelet Center Frequencies

High resonance signatures of the bearing structure are usually amplitude modulated by the

bearing defect [26], thus the analysis of these resonance signatures plays an important role in bearing

fault detection. The frequency band of interest is chosen as [Nf,, f, /2.56] to reduce the interference
effects from the low-frequency noisy components, where f, is the shaft speed, N is the order of shaft
harmonics, and Nf, represents the lower bound frequency, the signal under which will not be

considered for feature extraction; f, is the sampling frequency, and the constant 2.56 is usually

selected instead of 2 in industries [94] to avoid aliasing. The centre frequencies of the wavelet should

be deployed to implement the WT over this designated frequency band, without the overlapping
between the wavelet frequency bands. Based on (2.8), the 3-dB [147] bandwidth BW, for the ith

centre frequency f, is derived as follows:
BW, =[1- 4,1+ A]f,, (2.9)

where 4 =1In 2/\/§7z Beginning with the lower bound frequency Nf, , the centre frequencies can be

recursively calculated by

f :MNL i=1,2, ..., m1 (2.10)
(L-2)
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1l f, -
f. __[2.56 +f 1+ /1)} i=m (2.12)

where m is the number of the selected scales. The bandwidth between f_, and the upper bound

frequency fs/2.56 may be smaller than the 3-dB bandwidth of f_, thus the middle point is utilized
in (2.11).

2.2.3 A Weighted Shannon Function for Synthesizing Wavelet Coefficient Functions
Based on (2.10) and (2.11), the wavelet coefficients [\NTX(t,si)| over seven bandwidths are

derived and partly shown in Figures 2.4(c) — (i), and the corresponding time-domain vibration
signatures are reproduced in Figures 2.4(a), (b). By comparing these figures, it is seen that the fault
related features are usually reflected over several wavelet bands due to the variation of the transient
modes. In the literature [34], one-scaled WT like those shown in Figure 2.4(e) is usually applied to
demodulate the resonance vibration signatures for feature extraction. Consequently, the useful
information from other frequency bands [e.g., Figures 2.4(c), (d), (f) — (i)] is missed. Accordingly, in
this work, a weighted Shannon function is proposed next to integrate the contribution from the

vibration signature of each frequency band for a more effective feature extraction.
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This technique is proposed, based on an extended Shannon entropy function. The Shannon
entropy in information theory is a measure of the degree of uncertainty that is associated with a
random variable [95, 96]. In this study, a modification is made to that function to highlight the fault-

related features and to minimize the interference information,
m [—— -
:ZMTX(tk’Si)IogﬂWTX(tk'Si)]’ (2.12)
i=1

wherei=1,2, ..., m;k=1,2,...n;nisthe number of discrete points of signal x(t); £ is the

selected logarithm base that may vary from 2 to 10 (£ =2 in this study); and the normalized wavelet

coefficient VWX(tk , si) is given by
T, (
WT«(t,.s, )= W (s) tk’s') (2.13)

where o; represents the spread estimate of [\IVTX (t, S; )| .
For a wavelet scale s;, the term Vﬁx(tk , Si)logﬁVWx(tk , Si) is used to highlight the coefficients

VWx(tk,si) whose magnitudes are larger than fo;, and diminish the others. The fault related

features will correspond to the coefficients of higher magnitudes, which are derived from the

resonance features that closely ‘match’ the dilated (i.e.,s;) wavelets. The threshold for determining

whether the derived wavelet coefficients are bearing condition related depends on the selection of the

design parameter £, such that a wavelet coefficient with a magnitude larger than fo; is assumed to

be bearing condition related. In operations, some noise effects may be also taken into the process over
a specific bandwidth, however, these effects can be diminished in the “additive” operation (2.12).
Figure 2.4(j) shows the integrated wavelet coefficients by which the bearing condition-related
features are highlighted.

It can also be observed from Figure 2.4 that the bearing condition-related features become more
prominent over some bandwidths [e.g., Figures 2.4(d), (e), (h), and (i)] and less pronounced over
others [e.g., Figures 2.4(c), (f), and (g)]; each frequency band corresponds to a wavelet scale as in

(2.9). If these wavelet coefficients are integrated for a lower-dimensional (1-D) feature representation,
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their contribution to the feature extraction will differ from one centre frequency to another. To find an
indicator to represent such an effect, the magnitude of the wavelet coefficient function is treated as a
discrete random variable in this case, whereas its probability distribution corresponding to different

scales is examined and plotted in Figure 2.5. It is seen that the tail length of the probability density

function varies with respect to the wavelet scale s;. This is because the characteristic defect frequency

of a bearing is usually carried by resonance signatures generated by the impact as a rolling element
strikes a defect. However, similar types of features may also be generated by other vibratory sources

such as inherently varying compliance, misalignment, and imbalance [13]. When applying the WT to

process the overall vibration signal from a faulty bearing, the coefficients [\/VTX (t, si] obtained from

the non-defect-related resonance signatures (or noise) usually exhibit the characteristics of lower
amplitude and longer duration (counting for the major part of the total energy). On the other hand, the
WT coefficients corresponding to the defect-related resonance signatures usually exhibit the
characteristics of higher amplitude but with a much shorter duration (counting for a minor part of the
overall energy) [26]. Fault detection is to extract the representative features related to machinery
defects from a collected signal. From signal property standpoint, if a bearing is damaged, the
magnitude distribution of the wavelet coefficients should have a longer tail, which indicates that fault
related features buried in the resonance signatures have been enhanced. This long tail is induced by
some coefficients with high magnitudes, whereas the magnitudes of most of coefficients are located
around the sample mean. Therefore, a higher degree of asymmetry in the probability density function
(pdf) of the wavelet coefficients is desirable for a faulty bearing condition since the resonance
features generated by the faulty bearing are enhanced and manifested by the presence of the peaks in
the coefficient functions. The asymmetric property of the probability distribution of the wavelet
coefficients can be characterized by the skewness measure of the pdf of the resulting wavelet
coefficients, i.e.,

_EWT s ) - )T

(2.14)

where E[-] denotes the expectation function, z; and o, represent the mean and the spread

of [\NTX(t,si], respectively. Figure 2.6 plots the values of the index y; computed from the

distributions as illustrated in Figure 2.5. It is clear that this proposed skewness measure takes higher
21



values at scaless,, S;, Sy, S;, and the corresponding wavelet coefficients over these scales are
partly shown in Figures 2.4(d), (e), (h), and (i), respectively.
The suggested index y, is employed to measure the capability of the WT in extracting fault-

related features, which can be implemented into the extended Shannon function (2.12),

H(t) =2 [7 WT, (t,.5,)log, WT, (,.5,)] (2.15)
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2.2.4 Averaged Autocorrelation Spectrum

Once the synthesized wavelet coefficients are obtained, the next step is to detect the characteristic
defect frequency by calculating the averaged autocorrelation spectrum. The autocorrelation spectrum
analysis takes two processes: do the autocorrelation on the synthesized wavelet

coefficients H (t) given by (2.15) to enhance the involved periodic features, and conduct the spectral

analysis (FT) for periodic feature extraction. Specifically,

r,()=E[H{EH E+1)], 1=1,2 ..,n1 (2.16)
R(f)=Flr, (1] (2.17)

®(f)=R(f)R"(f). (2.18)

In implementation, the spectrums obtained by (2.18) from J segments of measured signals will be

an averaged to reduce the effects of random noise,

B(f)==3@,(f), (2.19)

=
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where j = 1, ..., J. Bearing health conditions are estimated by analyzing the related characteristic

frequency components on the resulting spectra, to be discussed in Section 2.3.

2.3 Performance Evaluation

The proposed WSA technique is applied in this section for bearing fault detection. Its
performance will be compared with several related classical methods: the max-envelope approach
[35], the envelope analysis [26], and the one-scaled WT [34]. In the max-envelope approach, only the
maximum wavelet coefficient over the selected frequency bands given by (2.9) is selected as the
resultant value. The envelope analysis [26] is applied to the signal bandpass-filtered around the
system’s resonant frequency [1500 2500] Hz, as shown in Figure 2.7. The one-scaled WT is
performed with the centre frequency at 2000 Hz which is the middle of the system’s resonant
frequency band. Correspondingly, the vibration signatures within the resonance frequency band [1000
8000] Hz will be analyzed for bearing fault detection [26]; the lower bound frequency is chosen as

1000 Hz to eliminate the effects of shaft-related low-frequency components.
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Figure 2.7. System’s resonance frequency response.
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The bearing fault is diagnosed by examining the related characteristic frequencies and their
harmonics, whose theoretical values can be calculated based on the geometry of the bearing and the
shaft speed [27]. For example, for a bearing with a fixed outer ring, the characteristic frequency for an

inner race defect is
fig =Z—f‘(l+icowzj (2.20)
2 D

where Z is the number of rolling elements, d is the rolling element diameter, D is the bearing pitch

diameter, a is the contact angle (a = 0 in this case), and f, is the shaft speed.

The characteristic frequency for a rolling element defect is

Df d> .,
frd :Tt[l_FCOS (Zj. (221)

The characteristic frequency for an outer race defect is
Zf d
f,=—t{1l-—cosa |. 2.22
od 2 ( D j ( )

2.3.1 Experimental Data Preparation

To verify the effectiveness of the WSA technique in bearing fault detection, a large number of
tests have been conducted and the experimental setup that is employed for these tests is described in
Section 1.4 in Chapter 1. In the tests, four bearing health conditions are considered: healthy bearings,
bearings with outer race defects, bearings with inner race defects, and bearings with rolling element
faults. Three sets of faulty bearings with different fault sizes are prepared and tested, as listed in Table
1.1. Each bearing is tested under seven shaft speeds (600, 900, 1200, 1500, 1800, 2100, and 2400
r/min) and two load levels (1.2 and 2.3 N-m), respectively. Thus, totally 42 different test cases have
been conducted. In the following Section 2.3.2, the processing results from two cases (Case | and 1)
will be shown in figures to give the readers some institutive impressions, where Case | refers to
bearings in SET 1 in Table 1.1 operating at shaft speed 32 Hz with a load 1.2 N.m, and Case Il
represents bearings in SET 2 operating at shaft speed 40 Hz with a load 2.3 N-m. Then in Section
2.3.3, the processing results from all the 42 cases will be summarized into a series of tables and
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figures to show the effectiveness of the proposed WSA technique and the effects of the load, shaft

speed, and the fault size on feature extraction.

2.3.2 Demonstrative Examples of Processing Results

1) Synthesized Wavelet Coefficients: Figure 2.8 shows parts of measured vibration signals at
shaft speed 1920 r/min (32Hz) with the sampling frequency 20,480 Hz, from which the bearing
imperfections cannot be directly recognized. Figure 2.9 plots some examples of the synthesized

wavelet coefficients H(t) calculated from (2.15) corresponding to different bearing health

conditions. It can be seen that the bearing condition-related features are extracted from the weak
vibration signatures. As shown in Figure 2.9(a), for a healthy bearing, the features related to the shaft
rotation speed (power input) can be extracted clearly. The representative features are spaced by an
interval of 640 sample data, corresponding to a repetition rate of 32 Hz and a sampling frequency
20,480 Hz. It is also seen that the features from outer race defects are stationary which is relatively
easier to be extracted as shown in Figures 2.9(b) and (c). However, as seen in Figures 2.9(d) — (), it
is challenging to extract representative features from bearings with inner race defects or rolling

element defects because the related resonance signatures are non-stationary.
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2) Healthy Bearing: Bearing components generate vibratory signals that are related to the speed
of shaft rotation (the power input). In theory, the shaft speed related resonance features can be
recognized by the proposed technique. In industrial monitoring applications, the examination is
mainly based on directly visual inspection of the resulting spectra. The following analyses are in
terms of the recognition of the dominant frequency component in the spectra under an identical
resolution. Figure 2.10 shows the processing results for a healthy bearing by using the WSA

technique and three classical techniques. It is seen from Figure 2.10(a) that, based on the proposed

WSA technique, the dominant spectral component is the shaft speed ( f, = 32 Hz). This high-

resolution shaft speed information can be used not only as a healthy indicator of the bearing of
interest, but also as a digital encoder in system condition monitoring and control applications.

This shaft speed can also be recognized in the spectra from the max-envelope approach [Figure
2.10(b)], although its resolution is lower than in Figure 2.10(a) due to the presence of some other
spectral components. The results from the one-scaled WT [Figure 2.10(c)] and the envelope analysis
[Figure 2.10(d)], however, may lead to an incorrect fault detection (i.e., a false alarm) because the

third harmonic of shaft speed (96 Hz) is very close to the outer race defect characteristic frequency

(f,,=97.67Hz).
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3) Outer Race Fault Detection: If the bearing is damaged, in theory, the corresponding
characteristic defect frequency and/or its harmonics will appear in its spectra. As stated earlier, outer
race fault detection is relatively easier because the defect resonance modes do not change
dramatically. Figure 2.11 shows the processing results in test Case | by using the related techniques,
and Figure 2.12 shows the processing results corresponding to test Case Il, where the difference in
Case | and Case Il is given in Table 1.1 in Chapter 1. It is seen that each technique can recognize the
presence of this bearing fault. It is also seen that the spectral component related to shaft speed
disappears in this case because its spectral magnitude is much lower than these defect frequency

components.
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max-envelope approach [35]; (c) using the one-scaled WT [34]; (d) using the envelope analysis
[26].
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Figure 2.12. Outer race fault detection in Case I1: (a) using the WSA method (2.19); (b) using
the max-envelope approach [35]; (c) using the one-scaled WT [34]; (d) using the envelope
analysis [26].

34



4) Inner Race Fault Detection: As discussed in Section 2.2, the detection of a fault on a rotating
ring (bearing inner race in this work) and a rolling element is more challenging than on a fixed ring
because the modes of the generated resonance signatures vary over time. Figures 2.13 and 2.14 show

the processing results corresponding to the bearing signals with inner race defects. The characteristic

frequencies f;; = 158.33 Hz in Case | and f,; = 197.91 Hz in Case Il can be identified clearly in

Figures 2.13(a) and 2.14(a), respectively, by using the WSA technique. However, when the max-
envelope approach is applied, the defect frequency component becomes the third or fourth highest
spectral component, as shown in Figures 2.13(b) and 2.14(b). This makes it difficult to detect this
bearing defect based on the spectral analysis. Similar results can be seen in Figures 2.13(c), (d), and
Figures 2.14(c), (d) by using the one-scaled WT and the envelope analysis, respectively. Unclear

processing results may lead to false alarms or missed alarms in monitoring applications.
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Figure 2.13. Inner race fault detection in Case I: (a) using the WSA method (2.19); (b) using the
max-envelope approach [35]; (¢) using the one-scaled WT [34]; (d) using the envelope analysis
[26].
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Figure 2.14. Inner race fault detection in Case Il: (a) using the WSA method (2.19); (b) using
the max-envelope approach [35]; (c) using the one-scaled WT [34]; (d) using the envelope
analysis [26].
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5) Rolling Element Fault Detection: Figures 2.15 and 2.16 illustrate two examples of the
processing results corresponding to rolling element defects in test Case | and Case I, respectively. It
is clear that the WSA technique is the only method that can recognize the existence of the bearing

faults from weak resonance signatures ( f,, = 127.48 Hz in Case I; f,,=159.34 Hz in Case Il). Other

three methods have missed the bearing faults under these test conditions.
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Figure 2.15. Rolling element fault detection in Case I: (a) using the WSA method (2.19); (b)
using the max-envelope approach [35]; (c) using the one-scaled WT [34]; (d) using the envelope

analysis [26].
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Figure 2.16. Rolling element fault detection in Case Il: (a) using the WSA method (2.19); (b)
using the max-envelope approach [35]; (c) using the one-scaled WT [34]; (d) using the envelope

analysis [26].
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2.3.3 Summary of Processing Results

What are shown in Section 2.3.2 are only some examples for illustration purpose. In this work, a
total of 42 different test cases (three fault sizes, 7 shaft speeds, and 2 load levels, as given in Table
1.1) have been examined, to check the effectiveness of the proposed WSA technique in feature

extraction and the effects of the load, shaft speed, and the fault size on its performance. In the test, the

resulting spectrum magnitude S° (f) corresponding to each bearing characteristic frequency

m,d,l,s, j
has been recorded, where ¢ denotes the specific bearing health condition (h: healthy; o: outer-race

defect; i: inner-race defect; and r: rolling element defect); d denotes the fault size (d,: the smallest
fault size in the tests; d, : the medium fault size in the tests; d,: the largest fault size in the tests); m
denotes the mth method applied in this comparison study (m, : the WSA technique by (2.19); m,: the
max-envelope approach [35]; m,: the one-scaled WT [34]; and m,: the envelope analysis [26]); |
represents the load level (I,: 1.2 N.m; |,: 2.3 N.m); s represents the shaft speed (s, : 600 r/min; s, :
900 r/min; S,: 1200 r/min; s,:1500/min; s, : 1800 r/min; S, : 2100 r/min; S, : 2400 r/min); j denotes

the jth run under the same bearing operating condition (j = 1, 2, ..., 5). Next, these processing results

will be summarized into a series of tables and figures in the following way:

1) Finding the spectrum magnitude of the bearing characteristic frequencies. The spectrum

corresponding to the bearing healthy (normal) condition (S ), outer-race defect (Srn dis)

m,d,l,s,j

inner-race defect (S ) and rolling element defect (S ) can be found from the resulting

mal s s,
spectra,

St () =max(®(f))  fe[f,—fo, fi+ fo JURF - fo, 2f +fq ] (223
S% 1 (F)=max(®(F)) fe[foy = s fog + fiu JU[2Fog = frs 2Fog + i | (2:24)
Shans; (F)=max(®(f)) f e[fy—fu, fio + foy JURFG — s 2Fg + f0 ] (2:25)
St ais; (F)=max(®(f)) felf, - fo, fy+ fu ]u[zfrd —fy, 2f, +fy ] (2.26)

where f, is the shaft speed; f, f,, f,, are the theoretical characteristic frequencies of a

bearing calculated by (2.20), (2.21), and (2.22), respectively; f,, is the frequency tolerance
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2)

3)

which depends on the spectral resolution Af and shaft speed variation, f,, = f, x4% + Af is

tol

used in this work.

Obtaining the normalized spectrum magnitude SdesJ corresponding to each bearing

characteristic frequency,

Sr:dISJ(f) md|Sj(f) (227)
maX(Smd|Sj(f) SmdlSJ(f) Smdls;(f) Smd|S](f))
(f)
Srﬁ . f md|Sj (228)
orsi ()= max(Sp ¢y, (), smd.SJ(f> Smans; (F), Shgrs; ()
(f)
Sr:] . f md|Sj 2.29
ot ) ST ome (D S2ars 1 (F): Shore (1) Stare (1) (229
Sr;d|Sj(f) md|Sj(f) (230)

max(smd|Sj(f) SmdlSJ(f) Smdls;(f) Smd|S](f))

Analyzing these normalized spectrum magnitudes S¢ (f) by calculating the mean and

m,d,l,s,j
standard deviation of each data group of interest. For example, to investigate the effectiveness of
the proposed WSA technique with respect to other classical approaches, the following statistical

indices can be examined,
/um(f) meansmdls;(f) (231)

on (1) =stddev Sy, (1) (2.32)

To investigate the effect of the fault size on the performance of a specific method in feature

extraction, the following statistical indices can be examined,

:umd(f) meansmd|51(f) (2.33)

one (1) =stddevSy,,, (F) (2.34)
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To investigate the effect of the shaft speed on the performance of a specific method in feature

extraction, the following statistical indices can be examined,

tns(f)=meanS., ;(f) (2.35)
il

Ons(f)= Stgg.evsm,d,l,s,j (f) (2.36)
N

To investigate the effect of the load on the performance of a specific method in feature extraction,

the following statistical indices can be examined,

/Ur?w,l (f)= n;}esaln Snc\,d,l,s,j (f) (2.37)

Ur?u(f) :Stgjd.evsm,d,l,s,j(f) (2.38)
S0

The processing results from all the test cases are summarized in Tables 2.1 — 2.9 and Figures 2.17

—2.20. From Tables 2.1 — 2.3, it is observed that the proposed WSA technique (m, ) performs better
than other three classical approaches (m,: the max-envelope approach [35]; m,: the one-scaled WT

[34]; and m, : the envelope analysis [26]) in feature extraction. Especially for inner-race fault

diagnosis, the WSA technique can detect this bearing fault in all the tested cases. From Table 2.4, it
can be seen that each fault detection technique can recognize the outer-race faults in the tested

bearings. Correspondingly, Figure 2.17 plots the values of s (f)given by (2.31) with respect to

each bearing fault detection approach.

Table 2.1. Testing results of healthy bearings by (2.31) and (2.32) using four approaches

m, m, m, m,
uh () 0.9605 0.7879 0.6123 0.6490
ol (f) 0.1670 0.3194 0.3836 0.3701
uh(f)/al(f) 5.7500 2.4666 1.5963 1.7538
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Table 2.2. Testing results of rolling-element defect bearings by (2.31) and (2.32) using four

approaches
m, m, m, m,
ur () 0.8153 0.2321 0.7721 0.7126
o, (f) 0.1867 0.2206 0.3098 0.3490
uh (f)/orh () 4.3676 1.0522 2.4923 2.0415

Table 2.3. Testing results of inner-race defect bearings by (2.31) and (2.32) using four

approaches
m, m, m, m,
u () 1.0000 0.0597 0.6532 0.7052
ol (f) 0.0000 0.0700 0.2835 0.2682
w (f)/al () INF 0.8516 2.3037 2.6293

INF: infinite number

Table 2.4. Testing results of outer-race defect bearings by (2.31) and (2.32) using four

approaches
m, m, m, m,
18 (f) 1.0000 1.0000 1.0000 1.0000
ol (f) 0.0000 0.0000 0.0000 0.0000
ul(f)/al(f) INF INF INF INF

INF: infinite number
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Method

Figure 2.17. Effects of different fault detection approaches on the derived x . (f): square,

healthy bearing; circle, rolling-element defect bearing; triangle, inner-race defect bearing; star,

outer-race defect bearing.

The WSA technique can detect the inner-race bearing faults and outer-race bearing faults in all
the tested cases; but can not achieve this high reliability when the bearing is healthy or rolling-
element defective. To further investigate how the fault size, shaft speed, and the load affect the
performance of the WSA technique in feature extraction, the processing results from these 42 test

cases are summarized into several groups of interest, as given in Tables 2.5 — 2.9. Correspondingly,
Figures 2.18 — 2.20 show the values of g (f), o (f), ' (f) for each interested group.

From the processing results in Tables 2.5 and 2.6, it is observed that the fault size affects the
effectiveness of the WSA technique in the condition monitoring of healthy bearings and rolling-
element defect bearings. As the fault size increases, it becomes easier for the WSA technique to
recognize the current bearing health condition.
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Table 2.5. Testing results of healthy bearings by (2.33) and (2.34) corresponding to three
different fault sizes when the WSA technique is applied

d, d, d,
ul () 0.9122 0.9782 0.9911
ol (f) 0.2606 0.0978 0.0615
ul()/al () 3.5010 9.9982 16.1181

Table 2.6. Testing results of rolling-element defect bearings by (2.33) and (2.34) corresponding

to three different fault sizes when the WSA technique is applied

dl d2 d3

ut () 0.8089 0.8113 0.8257
ol (f) 0.1885 0.1828 0.1920
ub (£)/ol () 4.2914 4.4362 4.2996

l N

0.95+ .

o3 09] -

0.85+- .
4.///"

*—
0.8
di dz2 d3
Fault Size

Figure 2.18. Effects of different fault sizes on the derived g (f) when the proposed WSA

technique (2.19) is applied: square, healthy bearing; circle, rolling-element defect bearing.
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From the processing results in Table 2.7 and Figure 2.19, it can be seen that for a healthy bearing,

the bearing condition can be recognized when the shaft speed is over 15 Hz (s, ); however, for the

inner-race defect bearings, no uniform patterns can be observed from Table 2.8 and Figure 2.19. This

is mainly because that for ball bearings, the rolling-element fault interacts with its mating components

randomly.

Table 2.7. Testing results of healthy bearings by (2.35) and (2.36) corresponding to seven
different shaft speeds when the WSA technique is applied

S, S, S, S, S, Sg s,
! (f) 0.6840 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000
ol (f) 0.3771 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000
ul(f)/ol(f) | 1.8138 INF INF INF INF INF INF

INF: infinite number

Table 2.8. Testing results of rolling-element defect bearings by (2.35) and (2.36) corresponding
to seven different shaft speeds when the WSA technique is applied

s, S, S, S, Ss Se s,
ul (f) 0.8563 | 0.7826 | 0.8816 | 0.8149 | 0.7470 | 0.7977 | 0.8221
ol (f) 0.3786 | 0.0327 | 0.0878 | 0.1165 | 0.0664 | 0.1362 | 0.2614
ul (£)/or(f) | 2.2615 | 23.8994 | 10.0319 | 6.9934 | 11.2435 | 58540 | 3.1451
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Figure 2.19. Effects of different shaft speeds on the derived w; (f) when the proposed WSA

technique (2.19) is applied: square, healthy bearing; circle, rolling-element defect bearing.

In the tests, two levels of load are applied. Table 2.9 and Figure 2.20 show the processing results
of 4, () with respect to each load level. It can be seen that the load affects the performance of the

WSA technique. A heavier load generates a vibration signature of high amplitude and the related

spectral component will be more obvious.

Table 2.9. Testing results of healthy and rolling-element defect bearings by (2.37) and (2.38)
corresponding to two different loads when the WSA technique is applied

1, l, I, l,
' () 0.9514 0.9696 ) () 0.7869 0.8436
o/ (f) 0.1812 0.1524 o/ (f) 0.2065 0.1609
u(£)/al(f) | 5.2522 6.3629 | x4 (f)/o](f) 3.8105 5.2421
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Figure 2.20. Effects of different loads on the derived g (f) when the proposed WSA technique

(2.19) is applied: square, healthy bearing; circle, rolling-element defect bearing.

2.4 Summary

A new signal processing technique, the wavelet spectrum analysis, is proposed in this chapter for
bearing incipient fault-related feature extraction. This technique applies the WT to demodulate the
resonance signatures over selected frequency bands to extract the representative features. A strategy
is suggested for the deployment of the wavelet centre frequencies. A weighted Shannon function is
proposed to synthesize the wavelet coefficient functions to enhance feature characteristics, whereas
the applied weights are from a statistical index that quantifies the effect of different wavelet centre
frequencies on feature extraction. An averaged autocorrelation spectrum is adopted to highlight the
feature characteristics that are related to bearing health conditions. The performance of this proposed
technique is examined by a series of experimental tests corresponding to different bearing conditions.
The test results show that this new signal processing technique is an effective bearing fault detection
method, which is particularly useful for non-stationary feature extraction and analysis.

The presented wavelet spectrum analysis technique in this chapter is to achieve the first research
objective in Section 1.3: 1) to develop a more effective signal processing technique for feature

extraction in bearing fault detection.
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Chapter 3

A Novel Neural Fuzzy Classifier

In this chapter, a novel neural fuzzy (NF) classifier is developed to effectively integrate the strengths
of the selected signal processing techniques (or the resulting representative features) for a more

accurate assessment of the bearing health conditions.

3.1 Overview

Several signal processing techniques have been reported in the literature for bearing fault
detection [14, 17, 22-25]. Each technique, however, has its own advantages and limitations, and
cannot be used independently for bearing applications [2, 37]. Although the proposed wavelet
spectrum analysis (WSA) technique in Chapter 2 has demonstrated its superiority over other related
classical techniques in enhancing feature characteristics, it is still challenging to reliably recognize
some bearing health conditions such as healthy bearing condition and rolling-element defect bearing
condition, based on dominant characteristic frequency analysis. If many techniques (or features) are
applied for fault diagnosis, however, it is more possible to result in a conflicting result due to their
limitations in robustness. Furthermore, most currently available fault diagnosis systems lack the
adaptive capability to accommodate various bearing conditions in terms of load and speed variations.
To approach these challenges, a NF classifier is developed in this chapter to integrate the strengths of

the selected signal processing techniques for a more reliable bearing fault diagnosis.

3.2 Monitoring Indices

Two signal processing techniques are adopted in this bearing fault diagnosis: one is the WSA
technique that has been presented in Chapter 2, and the other is the kurtosis ratio method [114] that
will be discussed next.

3.2.1 Kurtosis Ratio Method

Statistical indicators have been widely investigated in machinery condition monitoring [15, 18,
103-106, 115, 116]. Recent studies have showed that the kurtosis ratio with a proper signal
preprocessing can provide a compelling diagnosis of incipient bearing faults; this method is defined

as the ratio of a standard kurtosis to a robust estimate of the kurtosis [114],
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Kur(x) - E{(X_—A:UX)4},
Kur(x)
Kur(x,) '

(3.1)

KR(X) = 3.2)

where X is the high-pass filtered signal; X, is the trimmed signal from x by removing the outlying

samples [114]; Kur and KR denote the kurtosis and kurtosis ratio, respectively. Fault related

signatures are usually modulated by the signals at high resonance frequencies of the bearing and

surrounding structures [26, 97], thus a 1000Hz ( Nf, =35f, ~1000 Hz) cut-off frequency is selected
in this work to eliminate the effects of low-frequency noisy components. The monitoring indices, K
and K, , are employed in this application for bearing fault diagnosis, where K is the mean of the
kurtosis ratios over five segments of the measured signals, and K, is the corresponding standard

derivation. Figure 3.1 shows an example of the processing results for both K, and K,
corresponding to different bearing conditions. It is seen that the damaged bearings usually lead to a
higher K, than the healthy ones, and this phenomenon is even more obvious for the inner-race
damaged bearings. It is also seen that the values of K, from the healthy bearings and the bearings

with inner-race or outer-race defects are usually small, whereas the bearings with rolling-element

defects tend to have a higher K .

3.2.2 Monitoring Indices
The monitoring indices derived from the WSA technique are the normalized spectrum

magnitudes S_rﬁ,d,l,s,j given by (2.27) — (2.30) in Section 2.33, whereas the monitoring indices derived

from the kurtosis ratio method are K and K, . These monitoring indices will be regarded as the

inputs to the NF classifier to be developed,

X, =Smas;(F), X =K, X, = K. (3.3)



In bearing fault diagnoses, each of the first four indices, X, to X,, will cooperate with the last two
indices, X; to X, to examine a bearing health condition. The implementation procedure of this

classifier is discussed in the following section.

Testing Cases

Figure 3.1. Reference functions K, and Kg: square, healthy bearing; circle, bearing with
rolling-element defects; triangle, bearing with inner-race defects; star, bearing with outer-race

defects.

3.3 The Developed NF Classifier

3.3.1 Structure of NF Classifier

The proposed NF classier is to combine the features from the two selected techniques (with six
monitoring indices as discussed in Section 3.2) to yield a more accurate assessment of the bearing
health conditions. The diagnostic classification reasoning is conducted by fuzzy logic whereas the

fuzzy system parameters are optimized by using the suggested training algorithm.
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The conditions of a bearing are classified into two categories: healthy (C,) or damaged (C,).

The damage may occur on a rolling element (C,, ), inner race (C,, ), or outer race (C,;). Taking the

monitoring indices X, to X, as the input vector, the diagnostic classification, in terms of the

diagnostic indicator y, can be formulated in the form of

R, IF (X is A)) AND (X, is A)) AND ... AND (Xg is AJ) THEN (y = C; with w; ) (3.4)

where A,-j is the membership function (MF); i= 1,2, ..., 6,and j =1, 2, ..., J; J denotes the

number of the rules; w; is the weight factor to represent the contribution of the feature association in

R, to the diagnostic operation; C; is one of states C, andC, = {C, C,, C,},dependingona

specific pattern association. The number of the rules depends on classification operations and expert

diagnostic knowledge, for example:

1)

2)

3)

Based on the analysis in Chapter 2, it is found that outer-race fault detection is relatively easier

than other types of bearing fault detection because the related resonance modes are stationary

(e.g., Figures 2.11 and 2.12, Table 2.4). Accordingly, one MF is assigned to the input variable X, .

The fault detection on a rotating ring or a rolling-element is more challenging because the
generated resonance signatures are time-varying. However, the test results in Chapter 2 show that
the proposed WSA technique performs better than other related techniques, and can also
recognize the existence of an inner-ring defect due to its feature enhancement effect (e.g., Figures

2.13 — 2.16, Tables 2.2 and 2.3). Thus, two MFs are designated to the input variable X, whereas

one MF is for X,.

Whenever a defect occurs on a rolling element (e.g., a ball), the pitted position may or may not
strike or be struck by a ring, depending on the ball orientation. The resulting impact resonance

modes become random in nature [13]. Advanced studies [114] have revealed that a defect on a

rolling element usually leads to a higher K , as illustrated in Figure 3.1. Accordingly, three MFs
are assigned to the input variable X, .
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4) The most important task is to detect if the bearing of interest is healthy or faulty, no matter which
component is damaged. The investigation results in Chapter 2 have showed that when the bearing

is healthy, the WSA technique usually detects the shaft speed as the dominant spectral component

whereas other spectral components are significantly suppressed; and also the kurtosis ratio K. is

at a low level (close to 1). However, when an incipient inner-race or outer-race fault occurs in

bearings, the characteristic defect frequency will become dominant in the spectra (e.g., Figures

2.13 — 2.16, Tables 2.2 and 2.3), and K will correspondingly increase. To this end, two MFs

are designated to the input variables X, whereas three MFs are for X .

Based on the above observations, the fuzzy IF-THEN rules are formulated and listed in Table 3.1,
in which S;, M; and L; represent, respectively, the Small, Medium and Large MFs for the ith input,
i=12 ..,6.
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Table 3.1. Fuzzy IF-THEN rules in the developed NF classifier

~ (=2}

o=}

IF (X, is S1) AND (X is S5) AND (X, is Sg)

IF (X, is S) AND (X, is Ss) AND (X4 is Me)

IF (X, is S) AND (X,

IF (X, is S) AND (X,

IF (X, is Ly) AND (X

IF (X, is Ly) AND (X

IF (X, is Ly) AND (X

IF (X, is Ly) AND (X

is Ms) AND ( X; is Sg)
is Ms) AND ( X; is Mg)
is S5) AND ( X; is Se)

is S5) AND (X is Me)
is Ms) AND ( X; is Se)

is M5) AND (XG is Me)

THEN (y < C, with w,)

THEN (y < C, with W,)

THEN (y < C, with W)

THEN (y < C, with w,)

THEN (y < C, with W)

THEN (y < C, with W)

THEN (y < C, with W,)

THEN (y < C, with W)

= = ©
[ o L.

iy
N

[y =
o i

[y
(2]

IF (X, is S;) AND (X,

is Ms) AND ( X4 is Mg)

: IF (X, is ;) AND (X5 is Ms) AND (X, is Lg)
: IF (X, is ;) AND (X is Ls) AND (X, is Mg)

: IF (X, is ;) AND (X is Ls) AND (Xg is Lg)

IF (X, is L) AND (X5 is Ms) AND (X, is Me)

© IF (X, is Lo) AND (X is Ms) AND (X, is Le)
© IF (X, is Lo) AND (X is Ls) AND (X, is Me)

© IF (X, is Lo) AND (X, is Ls) AND (X, is Le)

THEN (y < C,,
THEN (y < C,,
THEN (y < C,,

THEN (y < C,,

with W)
with W, )
with W,,)

with W, )

THEN (y c C,, with W,;)

THEN (y < C,, with W,,)

THEN (y < C,, with W)

THEN (y < C,; with W)

= )
© ~

iRy
©

IF (X
IF (X
IF (X

IF (X

is L) AND (X
is L) AND (X
is L) AND (X

is L) AND ( X

is Ms) AND ( X; is Se)
is Ms) AND ( X4 is Mg)
is L5) AND ( X6 is 86)

is L5) AND (XG is MG)

THEN (y < C,,
THEN (y < C,,
THEN (y < C,,

THEN (y < C,,

with W, )
with W)
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is M5) AND (X6 is M@)
is L5) AND ( X6 is 86)
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The network architecture of this proposed NF classifier is schematically shown in Figure 3.2.

Unless specified, all the network links have unity weights. The input nodes in layer 1 transmit the

monitoring indices { X, ..., X} to the next layer directly. Each node in layer 2 acts as an MF. The

nodes in layer 3 perform the fuzzy T-norm operations. If a product operator is used, the firing strength

of the rule R ; is
M= ILlAij (Xi)ﬂpsj (XS)‘UAﬁj (%) (3.5)

where ,u (x;),i=1, ..., 6, denotes the MF grade.

All the nodes in layer 3 form the rule base as listed in Table 3.1. The nodes in layer 4 and 5

perform the defuzzification operations: the belongingness grades to C,, C,,, C,,, C,, are,

respectively, given as

DLW, _
j:lWJ
16
D W,
Y R 6
Ya :JT:ijgﬂjo , (3.7)

Zj:gwj
A

20 —
Yoo = - Zj:l? MWy, (3.8)

ZJ:I?Wj
Z] 21’“]

24 —
Yo3 = - Zj:zllujwj ' (3.9)

Z]:lej

The total belongingness grade to the damaged bearing condition C, is Y, =Y, + Y, + Y, -

Accordingly, the normalized classification indicator will be y =y, /(y; + Y,) -
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Figure 3.2. The network architecture of the developed NF classifier.

3.3.2 Training of NF Classifier

1) MF Parameter Training: The MF parameters of the NF classifier are optimized by using a

recursive Levenberg Marquardt (LM) method. For a training data set, {x(m’ y{™ }T, the input is

T . .. .
xM = {Xl(m) xém)} ;m=1,2, ..., M; Mis the total number of the training data sets; y{™ is

the desired output in the form of
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m) _ [,(m) (m) (m) m ' _
Yd —{ W Yaud Yaod std} =

. 3.10
{ o), ifx™eC, (3.10)

{0 17, if x™ eCy

The objective function for all the M training data sets is defined as
1Y 2 2 2 2]
— ) (m) (m) (m) (m) (m) (m)
E= 25 Y P o s v+ v P+ vl ey
m=

where yl(m), yéT’, yé?), yé?) are the class belongingness indicators computed by (3.6) to (3.9),
respectively. The sigmoid MFs, u (x™)=1/(1+exp[-as(x™ b)) (i=1,2, ... 65s=1,2),
are utilized in this work, where ail <0 and ai2 > 0 represent a Small and a Large MF, respectively.
The Medium MFs for the inputs x{™ and x{™ are described by the Gaussian functions,
u, (™) =exp[(x™ —c;)?/(257)], where i = 5, 6. In training, the following constraints are

applied to guarantee that the optimized NF classifier is linguistically interpretable, i.e., bi1 <¢, < biz,

where i =5, 6.

In this work, the classical LM method is implemented recursively to improve the convergence
properties of the NF classifier and to enhance its adaptive capability to accommodate the time-
varying bearing conditions. The computation of the inverse Hessian matrix in the classical LM is
time-consuming and impractical for real-time applications [90]. In this case, a remedy is to apply the
matrix inversion lemma [117] to avoid the direct inversion of Hessian matrix. Instead of adding the
gxq matrix z#(m)I at each step, only one diagonal element is added at a time. As a result, the

nonlinear MF parameters of the NF classifier are recursively updated by

O(m) = O(Mm-1) - R(M -1)p(m,O(M-1))" &(m,O(M-1)), (3.12)
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R(m) = l{R(m ~1)-R(M-1)¢ (M OM-1)T [/1A*_1(m)
A (3.13)

+¢" (m,O(Mm-1)R(M-1)¢" (M O(M-1))"1"¢" (M 6(M-1))R(M-1)}

where 0 < 4 <1 is the forgetting factor; (:) denote the set of the nonlinear parameters, (:) eR™: ¢
is the classification error vector, ¢ € RM; Q= dg/d@ is the Jacobian matrix; R is the inverse of an

approximated Hessian matrix, and R(0) is chosen as an identity matrix o | with a constant

a, €[10° 10°]; ¢ and A" are, respectively, given by

] 9_
@ (M OM-1)" =|p(m OMm-1)" 1|« positionm (mod q)+1, (3.14)
0
|
A(m) = E qﬂ(()m)}. (3.15)

The LM parameter £2(m) conversely affects the trust region radius [90], which should be adaptively
modified based on the performance of the updated parameters. The following strategy is applied in
this work: the initial value g(1)is set to 50; if the objective function in (3.11) decreases as the
parameters are updated, enlarge the x(m) by xu(m); otherwise, if the objective function increases
as the parameters are updated, reduce x(m) by x(m)/x, where «is a design parameter (& = 1.005

in this case). The detailed development of this recursive LM is found in Section 4.3.

2) Determination of Rule Weights: When multiple monitoring indices are employed for
diagnostic classification, the contribution of each index association to the final decision varies, to a
large degree, according to the situation under which the diagnostic decision is made. Such a
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contribution can be represented by a weight factor for each rule [7]. Rule weights can be determined
by several approaches such as choosing empirically [9], using information measures [62], or applying
some training algorithms [119]. When the rule weights are updated by generally-used training
methods, sometimes the results are unreasonable and difficult to interpret. For example, if a negative
rule weight is obtained, this rule will never contribute to the classification output when a maximum
inference operator is employed. In this work, the rule weight factor is determined by a statistical

process, and then normalized within each classification category.

For a Small or a Large sigmoid MF, the critical point is selected as biS i=1,2..,6,ands=1,
2) by which the membership grade is 0.5; whereas for a Medium Gaussian MF, the critical points are

chosen as ¢, £+2In20; . In order to determine if the current input vector satisfy a specific rule, each

input is checked to see if it drops within the specified critical region, i.e., [0 bil] for a Small MF,

[b} + o0 ] for a Large MF, and [¢, —v2In 20, ¢, ++/2In 20, ] for a Medium MF. The rule weight is

determined from the conditional probability of the correct classification

_ Prob(correct classifications under this rule)
Prob (all training cases that satisfy a specific rule)

(3.16)

i
For example, for the rule R,, in Table 3.1, the diagnosis is based on the active monitoring
indices, X,, X and X ; thus, the rule weight, w,,, is calculated by

_ Prob[(x, <b;) N (cs —v2In20, < X5 <C5 ++/2IN205) N (Xq >bZ)|xeC,]
Prob[(x, <b3) N (c; —v2In20, <X, <C; ++2In20,) N (X, >bZ)|xeC, UC,]

(3.17)

10

The rule weights are then normalized within each classification category as in (3.6) to (3.9).
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3.4 Performance Evaluation

The performance of the developed NF classifier is evaluated in a comparison with two related

diagnostic schemes based on experimental tests.

3.4.1 Data Preparation

The experimental setup employed in this work is shown in Section 1.4. The tests are taken with
the ball bearings of type MB ER-10K. Four bearing conditions are considered: healthy bearings (C,),
bearings with rolling element faults (C,, ), bearings with inner race defects (C,,), and bearings with
outer race defects (C,,). Three sets of faulty bearings with different fault sizes are prepared as in

Table 1.1. Each bearing is tested under seven shaft speeds (600, 900, 1200, 1500, 1800, 2100, and
2400 r/min) and two load levels (1.2 and 2.3 N-m). A total of 720 sets of data are collected under
different operating conditions, which are listed in Table 3.2.

Table 3.2. Test conditions and collected data sets

o Total Data Training Checking Testing Data
Test Conditions
Sets Data Sets Data Sets Sets
Healthy bearings 288 100 44 144
Bearings with rolling element defects 144 50 22 72
Bearings with inner-race defects 144 50 22 72
Bearing with outer-race defects 144 50 22 72

To properly train an NF scheme, sufficient representative training data sets, usually more than
five times the number of the parameters to be updated, must be prepared for training [90]. The
developed NF classifier has 48 parameters to be updated (24 fuzzy MF parameters and 24 rule
weights). 250 data pairs are randomly chosen for training, whereas 110 pairs are randomly selected to
check the validity of the updated models to prevent overfitting. The remaining data sets (360 pairs)

are employed to test the resulting diagnostic scheme.
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3.4.2 Performance Evaluation

The developed NF scheme (called Scheme-1 in this case) is compared with two other related
diagnostic classifiers to verify its effectiveness, as described below.

Scheme-2: A Pure Fuzzy Scheme with Unity Weights. The IF-THEN rules of this fuzzy scheme is
the same as those in Scheme-1, which are listed in Table 3.1; the MF parameters in this scheme are
valued based on the expertise; all the rule weights are set to be unity.

Scheme-3: An NF Scheme with Unity Weights. This scheme is the same as Scheme-2 except that
the MF parameters are initially valued based on the expertise and then trained by using the developed
recursive LM method.

Scheme-1 and Scheme-3 are properly trained using the data sets as listed in Table 3.2. The
diagnostic results are summarized in Table 3.3. It is seen that Scheme-1 provides the best diagnostic
results (with 93.2% reliability under these specific test conditions); this is because Scheme-1 can
optimize the fuzzy parameters and rule weights effectively, and possess the adaptive capability to
accommodate different operating conditions. The worst performance is given by Scheme-2: with
eleven false alarms and seven missed alarms, and the overall reliability is only 83.4%. This poor
performance is mainly due to: 1) the lack of learning capability, such that the fuzzy MF parameters
can not be optimized; and 2) a coarse fuzzy partition. Each input variable utilizes a few MFs
compatible with Scheme-1. A further investigation shows that if a finer fuzzy partition is employed,
the diagnostic performance of Scheme-2 does improve to some extent; however, it still can not
outperform other two schemes. The classification performance is improved from Scheme-2 to

Scheme-3 when the MF parameters are optimized using the developed recursive LM method.

Table 3.3. Diagnostic testing results using different classification schemes

. . . Overall
Diagnostic Scheme False Alarms Missed Alarms
Accuracy
Scheme-1 4 3 93.2%
Scheme-2 11 7 83.4%
Scheme-3 5 6 88.5%

Considering the effects of different fuzzy partitions (rules) on classification, tuned rule weights,
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instead of unity weights, can highlight the contribution from some specific rules. Table 3.4 illustrates

the tuned rule weights in Scheme-1 based on a statistical process in (3.20). It is seen that the rules R,

R, R, Ry, Ry, Ry, Ry;, Ry contribute to the final decision less than the other rules in the rule

base . Each signal processing technique (or the representative feature) has a limited capability in fault
diagnostics. Even if the firing strengths of two fuzzy rules are identical, their diagnostic reliabilities
may be different under different bearing test conditions. Therefore, rule weights play an important
role in the diagnostic classification operations.

The diagnostic reliability of this proposed NF classifier can be further enhanced by incorporating

the forecasting results from a multi-step predictor, which is discussed in Chapter 4 and 5.

Table 3.4. Rule weights before and after training

Rule

. Wl W2 W3 W4 W5 W6 W5 W8 W9 WlO Wll W12
Weights

Before

o 1.0 1.0 10 10 10 10 10 10 10 10 10 10
Training

N —

o 099 098 024 022 10 099 08 0.71 049 1.00 0.58 1.00
Training

Rule

. Wi Wiy Wis  Wig Wi, Wig Wi Wy Wy Wy Wys Wy
Weights

Before

o 1.0 1.0 10 10 10 10 10 10 10 10 10 10
Training

After

o 0.64 100 081 1.00 094 092 100 098 096 095 100 0.99
Training
3.5 Summary

A neural fuzzy classifier is developed in this chapter to integrate the merits of two selected signal
processing techniques (six resulting representative features) for a more reliable bearing condition
monitoring. Expertise knowledge can be conveniently incorporated. To signify the effects of different
fuzzy rules on classification, statistically-tuned rule weights are proposed. A training algorithm is

suggested to fine-tune fuzzy system parameters and to improve the adaptive capability of this
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classifier to accommodate different bearing conditions. The effectiveness of this classifier is verified
by experimental tests corresponding to different bearing conditions. Test results show that the
developed classifier is superior to other related diagnostic schemes in terms of prediction accuracy.

The work presented in this chapter is to achieve the research objective described in Section 1.3: a
NF classifier is proposed to effectively integrate the strengths of several signal processing techniques
for a more accurate assessment of the health condition of bearings.
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Chapter 4

A Novel Multi-Step Predictor for Dynamic System Forecasting

A multi-step predictor with a variable input pattern is developed, based on a weighted recurrent NF
paradigm, to forecast the future states of bearing health condition with the purpose to further enhance
the diagnostic reliability. This chapter will first describe the structure and training of this predictor,
and then evaluate its performance based on the benchmark data sets [132] and the gear fault state data
sets [6, 7].

4.1 Overview

System state forecasting utilizes available observations to predict the future states of a dynamic

system. For example, given a function
ft+1)=F(f(t), ft-1), -, f(t-n+2), ft-n+1)), 4.1)

where f (t +1) is the system output at a future time instant t+1, and F(-) means that the future state
f (t+1) is an unknown function of the current and previous observations, i.e., f(t), f(t-1), ...,
f (t —n-+1). The system state forecasting is to use the information of the current observation f (t)
and the previous observations f (t—1), ..., f(t—n+1) to predict the future system state f (t +1).

Several approaches have been reported in the literature for time series prediction [70]. The
classical approaches are based on stochastic or related dynamic models [121-123]. However, an
accurate analytical model is usually difficult to derive for a complex dynamic system, especially
when the system operates under noisy and/or uncertain environment such as in real-world industrial
applications. Since the last decade, more interests in time series forecasting have been focused on the
use of data-driven flexible models such as various neural networks (NNs) [124, 125] and neural fuzzy
paradigms [126, 127]. Jang [90, 128] proposed an ANFIS for time series forecasting; by simulation, it
was found that the ANFIS performs better than both the stochastic models and the feedforward NNs.
Wang et al. developed several flexible model-based predictors for machinery applications [6, 8]; their
investigation results showed that if a NF predictor is properly trained, it performs better than both the

feedforward and the recurrent network forecasting schemes.
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Although an NF predictor has demonstrated some superior properties to other classical
forecasting tools, advanced research still needs to be done in the following aspects before it can be
applied to real-world industrial applications [91]: 1) improving the convergence properties,
particularly for multi-step-ahead predictions; and 2) enhancing the adaptive capability to
accommaodate time-varying system conditions. In this chapter, an adaptive NF predictor is developed
for multi-step forecasting applications, which is new in the following aspects: 1) a weighted recurrent
NF paradigm is proposed for multi-step-ahead prediction; 2) a variable-step input pattern is suggested
for multi-step forecasting operations; 3) a hybrid learning technique is adopted for the network

training, which is based on a recursive LM algorithm and a recursive least squares estimate (RLSE).

4.2 The NF Multi-Step Predictor
Let n input states f (t), f(t—1), ..., f(t—n+1)besimply represented by {x, X, - X, },

which are normalized into [0, 1]. Also, let the future state f(t+1) be simply represented by x

+r

where r denotes the prediction step. r = 1 is for a single-step prediction whereas r > 1 corresponds to
a multi-step prediction. The subscript r, (i=0, 1, ---, n—1) means that the input index is a function

of the prediction step. In the literature, uniform input patterns are usually applied; that is, the input

state vector is given as{X, X, X, X_(n.1yr}» Which represents the current ( X,) and the

r cee

previous states of a dynamic system [6, 8, 126-128]. Such a uniform input pattern is easy to
implement; however, its disadvantage is that the information weights are paid equally to the previous
states. To highlight the importance of recent state information, a variable-step input pattern is
introduced in this work for the developed NF predictor. In implementation, 1) if r is an even number,

the input variables are given as {X, X_, X, X, -} 2)ifrisan odd number, the input

variables take { X, X g X @z X.g@n t'c )} where F(-) is a floor function to round the

decimal towards an upper infinity.

To simplify illustration, two MFs, small and large, are assigned to each input state variable. The

r-step-ahead state of the dynamic system X, can be formulated by

R, IF (%, is A)) and (X, is Al)and ... and (X, is Al,) then x,, = f, (4.2)

j?
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where ERJ. denotes the jth fuzzy rule, j=1, 2, ...,2"; Aij is the activated fuzzy set of X, in the jth

rule. The predictor (4.2) represents a forecasting scheme to estimate the future state of a single

variable using the inputs in the form of a 1-D state vector. The consequent structure f ; can take

different reasoning forms. To make it comparable with those reported in [6, 8, 70], a first-order TSK

model is employed in this work, which has been proven to be more flexible in modeling,
_ i i i i
f, =coXx, +CIX, +--+Ch X +Cf, (4.3)

where ¢/ are constants.

The network architecture of the proposed NF predictor is schematically shown in Figure 4.1. It is
a six-layer network in which each node performs a particular activation function on the incoming
signals. The links have unity weights unless specified. The nodes in layer 1 transmit the input signals
to the next layer. Each node in layer 2 acts as an MF. Different from the general predictors as reported
in [6, 8, 128], this predictor has a weighted feedback link to each node in layer 2. These feedback
links can deal with time explicitly as opposed to representing temporal information spatially. The
context units copy the activations of the nodes from the previous time step, and allow the network to

memorize the clues from the past, which forms a context for the current processing.

66



Figure 4.1. The network architecture of the proposed multi-step NF predictor.

The sigmoid MFs with parameters {a’ b’} are utilized in this case, in which a’ >0 and

a’ <0, respectively, correspond to a large and a small MF. At time instant t, the node output is

U, (X?) =1/ +exp[-a; (X" =b)]), (4.4)

M — O s (t-1)
X=X +WiU,¥s(Xri ), (4.5)

wherei=0,1, ...,n-1;s=1, 2; Xét) is the input X, at time t.
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Each node in layer 3 performs a fuzzy T-norm operation. If a max-product operator is applied in

this case, the rule firing strength is

n—

1
uj:HuAis(Xri), ji=1,2,.., 2", (4.6)
i=0

A weighted feedback link is applied to each node in this layer. The firing strength from the previous
step is partially employed to provide more information to the network so as to improve the
forecasting accuracy. The output of each node becomes

t t-1
Uj=u’ +g,uf™. 4.7)

All the rule firing strengths are normalized in layer 4. After a linear combination of the input

variables in layer 5, the predicted output X,, is computed by using the centroid defuzzification:
2" -
X, =>Uf, (4.8)
j=1

— 2”
where U, =U, ZUJ. is the normalized firing strength of the jth rule. The fuzzy system
j=1
parameters are optimized by a hybrid adaptive training algorithm as discussed below.

4.3 Hybrid Adaptive Training Algorithm

The multi-step NF predictor as developed in Section 4.2 should be properly trained to generate an
optimal input/output mapping. For offline training, the representative training data should cover all
the possible application conditions [129-131]. Such a requirement is difficult to achieve in real-world
applications because most machinery operates in noisy and/or uncertain environments. Usually, the
classical forecasting schemes are employed for time-invariant systems or systems with slowly-
varying model parameters. However, machinery dynamic characteristics may change suddenly, for
example, just after repair or regular maintenance. In this section, a hybrid adaptive training technique
is adopted to train this multi-step predictor to accommodate time-varying system conditions.

The data sets in the training database are represented as
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(t-1) (t-1) (t-1) (t-1)
Xro Xrl o Xrn—l d
— (t) (t) (t) (t)
To=| %~ %~ - X’ d , (4.9)
(t+1) (t+1) (t+1) (t+1)
X"o X"l o Xrnfl d

where d© denotes the actually observed output value at time step t. For an input data set

O x® . xU 3, the r-step-ahead forecasted state X is computed by (4.8),
2" o ) ) _ )
X =20, (Cgx +e)xV +-+clxP +c)). (4.10)
=1

The optimization target is to minimize the following error function with respect to the adjustable

parameters © ={a; b’ w g, c/},

t t
V,(©) = %ZJJ" (x® —d )2 = %zx-fgz (r,0), (4.11)
=1 r=1

where A € [0, 1] is the forgetting factor, 0.9 < 4 <1 is used in this work to avoid possible

convergence instability. The point forecasting error £(t,®) is a linear function of the consequent
parameter Cij and a nonlinear function with respect to other parameters. Correspondingly, the
recursive LM method is applied to optimize the nonlinear parameters ® , € R™*, and the RLSE

method is employed to fine-tune the linear parameters ®, e RO,

4.3.1 Optimization of Nonlinear Parameters
Let (:)N (t —1) be the optimal estimate at time step t-1, which minimizes V, ,(®)and leads to
Vt’_l(C:)N(t—l)) =0. It is desired to derive C:)N(t) to minimizeV,(®,) . This can be done by

differentiating the Taylor-series expansion of V, (® ) around (:)N (t-1), that is,
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I I A Ly A

6, (1) =, (t-1)- V16, t-1)] W6, t-1)". @12)
where Vt’(@)N (t —1)) € R™™ . The first derivative of (4.10) with respectto ® , gives

Vt'(®N)T :/1Vt’—1(®N)T +¢)(t’®N)T et,Oy), (4.13)

where o(t,®,) =de(t,®,)/d®, is the Jacobian matrix and ¢(t,®,)e R"™ . The second

derivative of (4.10) with respect to ®, yields
V(O (1) = AV (O (1) + (1, ©) ¢, 0 ) +£"(1,0,)" £(t,0). (4.14)
Substituting @N (t—-1) for ®,(t) gives

V(O (t-1)) = AV, (O, (t-D) + o(t,®, (t - 1)) o(t, O, (t 1))

- R (4.15)
+&"(t,0,(t-1) &(t,0,(t-1)

where V"(-) e R™* js the Hessian matrix. The term g”(t,@)N(t—l))T g(t,(:)N(t—l)) is
approximated to zero as t increases. This is because when ©®, approaches its true value,
&(t,®, ) will be white noise [117]; therefore, £(t,®,) may be considered to be of zero mean and

independent of the states at time step t-1. In particular, it would be independent of £"(t,®,) .

Therefore, (4.15) becomes
V(O (t-1) = AV, (O, (t—1)) + p(t, 0, (t-1) (t, 0 (t-1)) . (4.16)
SinceV,',(®,, (t—1)) = 0, (4.13) becomes
V(O (t-1)" =¢(t, 0, (t-1)" &(t,0, (t-1)). (4.17)

Combining (4.12), (4.16) with (4.17) yields
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0,1 =0, (t-)-H® p(t,0, (t-1) &t O, (t-1)), (4.18)

H(t) = AH(t-1) + o(t, 0, (t-1) ot,0, (t-1)), (4.19)

where H (t) is the approximation of the Hessian matrix V,"(©,, (t—1)) and H (t) € R™*™  The LM

method can properly process some ill-conditioned matrices, such as ¢(t, (:)N (t-1)" o, C:)N (t-1)),
by altering (4.19) to

H(t) = AH (t -1 +[p(t, O, (t-1)" p(t, O, (t - 1) + ()11, (4.20)

where | € R™ ™ js the identity matrix. Equations (4.18) and (4.20) together constitute the recursive

LM algorithm, whereas z(t) is the LM parameter to be discussed later. The computation of the

inverse Hessian matrix, however, is time-consuming and makes (4.17) impractical for real-time
applications. A remedy is to apply the matrix inversion lemma [117] to avoid the direct inversion of

Hessian matrix, which is given as
+ T=A"-A “+VATU) VAT, (4.21)
(A+UBV)'=A"-AUB " +VAU) VA

provided that A and B™ +VA™'U are both invertible.

Instead of adding the q, % q, matrix x(t)l at each step, only one diagonal element is added at
atime. Let J, (t) be a matrix whose t(mod q, )+1 diagonal element is 1 and the other elements are

all zero. Over a period of ¢, time samples, (4.20) can be rewritten as

H(t) = H(t -1 +[p(t O, (t-D) o(t, 0, (t-1) + gy ()3, )], (4.22)
which can be further expressed as

H(t) = AH(E-D +[p"(t, O, (t-1)" A" (Ve (t, O, (t-1)], (4.23)

where ¢ (t,0, (t—1))" € R™2 and A" (t) € R>? are, respectively, given as

71



9 (t,0,(t-1))" =|p(t,®,(t-1)" 1|« positiont(mod q,)+1, (4.24)
0
L O_
A*(t)—{l 0 } (4.25)
|0 qy () . .

LetA=AH(t-1), U =¢ (0, (t-1)", B=A'(t),V = ¢ (t,0,(t—1), (4.18) and (4.23) can

be expressed as

Oy (1) =0, (t-1)-R({t-De(t,0, (t-1) &(t, 0, (t-1)), (4.26)
R(t) = %{R(t ~1)-R(t-D¢’ (1,0, (t-1) [AA" (1)

+9 (1,0, t-DRE-De (1,0, (t-1)"1"¢ (¢, 0, (t ~D)R(t-1)}

, (4.27)

where R(t) = H 7*(t) . (4.26) and (4.27) are employed to update the nonlinear parameters in this NF

predictor. Some related implementation issues are listed as follows:

1) Initialization of @)N(O) and R(0): A reasonable estimate can be applied to (:)N(O). In this
Work,{af bf} take {-5 0.5} and {5 —0.5} for initial Small and Large MFs, respectively.
The initial feedback link weights are all set to zero. R(0) are chosen as an identity matrix « |

with the large positive constantcr,, € [10° 10°].

2) Determination of x(t) : The LM parameter (t) conversely affects the radius of the trust region
[90]. u(t) can be adaptively modified based on the performance of the updated parameters. The
following strategy is applied in this work: the initial value £(0)is set to 100; if the objective

function in (4.11) decreases as the parameters are updated, enlarge the u(t) by xu(t) .
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Otherwise, if the objective function increases as the parameters are updated, reduce (t) by

u(t)/x , where « is a design parameter and & = 1.005 in this case.

3) The Jacobian matrix ¢(t,® ) € R for the developed recursive LM in (4.26) and (4.27) is
defined as o(t,®,) = de(t,©,)/d®, =dx" /d®, . The nonlinear parameters @, include

S

the premise parameters a’, b/,

and the link weights w; , g;. Thus, this Jacobian matrix

contains the partial derivative of the network output xfr) with respect to each of these nonlinear
parameters. Suppose at time t the sampled training data set is{x" ~x{ ... x® d®©};if,

for example, the sigmoid MFs with parameters {aiS bf} are applied, then

U (X9)=1/@+exp[-a’ (X" b)), i=0,1,...,nLs=12 (4.28)

X =% +wiu (X)), (4.29)

The following equations can be derived:

ou . eXp[_ais (X r(it) - biS )](X r(it) - bis)

A _ ) s
=(X."-b’)1-u )u,., 4.30
oa; (+exp[-a; (Xr(it) ~b"))’? 6 2 A ) A (439
Mo —expl-al (X -b)la;
s sy () s 2:aiw S_Dusv (4.31)
ob’ (L+exp[-ai (X" -b7)]) A A

ou

S

exp[-a; (X ét) —b; )]aisuAis (Xét_l))

- =a’u ((X)(L-u u .. 4.32
o @repla(xOopy e A (4:32)
From (4.6):
n-1 n-1
= = = : 4.
ou ou u u (4.33)
: A A A



Equations (4.7) and (4.8) yield

on on on
® ® B ®
oa®  oa’ -

2" = " ? ou. oa’
i i U j=1 2 j i

2" 2"
® ®)
21 C ZUk _ZUkat au, éuAS

— Z k=1 k=1
=i ( i y JZ ou,; oa; , (4.34)
k

2n

2n
2 CP YU, - Y U,Cf
_ Z k=1 k=1 u® (Xr(it)_bis)(l_up;)

< " 2 j
)
k=1

where C{ = cJx +¢/x +---+ ¢l x! +¢!, j denotes a specific rule in which the current

parameter a° is involved. A particulara; should be involved in 2" rules; correspondingly, the

derivation should be undertaken on each of them before summation. Similarly,

2" 2"
ax(t) on-1 Cgt)zuk _ZUKCIEI)
Par k=1 k=t u la(u,, -1) (4.35)
ob’ . ( 2" JZ I ' '
k

i ]=

2" 2"
IR DY) TR SRt
i k=1 k=1 ) a8 (t-1)
awi =12 Ui’ fau, (X )A-u,.), (4.36)

— n 2
e
k=1
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_1)

g . - 2" 2
k=L

Then the Jacobian matrix should be in the form of

2" 2"
) (t)
ox® CJ ZUK _ZUKCK
— k=1 k=1

uf (4.37)

(t) (t) O] (t)
aX+r ax+r aX+r aX+r c Rlx(6n+2")
oay db;  ow; 0g;

4.3.2 Optimization of Linear Parameters
The linear parameters ®, in the predictor are optimized by applying RLSE method [6, 8, 90,
128]:

O, (t)=0, (t-1)+P@)C,[dY -ClO, (t-1)], (4.38)

_Pt-)C,C/P(-1)
A+CIP(t-1C,

1
P(t) = Z[P(t -1) ], (4.39)
where P(t) € R%“*% is the covariance matrix, P(0) = ¢, | , ander, €[10° 10°]is a constant; the
vector C, € R** is given by

[T OxO  JOy0 J OO  JO J OO  JOO GO
C,=MU"x Ul x7 - U Px” U - Uex: Urx U] (4.40)

-1

In training, the predictor consequent linear parameters are optimized in the forward pass of each
training epoch based on (4.38) and (4.39); whereas the premise nonlinear parameters are fine tuned in

the backward pass based on (4.26) and (4.27). The training process is terminated as long as the

training error is sufficiently small (e.g., less than10™°) or the number of training epochs reaches a

predefined level.
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4.4 Performance Evaluation

The performance of the proposed multi-step NF predictor is evaluated, in terms of the input
pattern, structure and the training algorithm, by simulations with two benchmark data sets and gear
fault-state data sets. The performance of this NF predictor is compared with those based on
feedforward NNs [53], recurrent NNs [54] and the ANFIS scheme [128]. The ANFIS predictor has a
similar architecture as shown in Figure 4.1 but without the weighted feedback links; the ANFIS is
trained by a commonly-used gradient-LSE hybrid algorithm. To make the number of parameters
compatible among different predictors, the feedforward NN predictor has two hidden layers with
eight nodes for each layer, while the recurrent NN predictor has a similar structure to the feedforward
NN except those weighted feedback links from the output layer to the second hidden layer. All the
predictors have four input state variables.

4.4.1 Sunspot Activity Forecasting

A commonly used benchmark data set in forecasting research is the sunspot activity series, which
has the natures of non-Gaussian and non-stationary. The available annual sunspot activity record is
from years 1700 to 2007, which has a mean of 49.904 and a standard deviation of 40.430 (SIDC,
http://sidc.oma.be/index.php3). The first 250 data sets are used for training, whereas the remaining
data sets are for testing. Table 4.1 summarizes the processing results corresponding to several
forecasting steps. It is seen that the predictors with a variable input pattern perform much better than
those based on the uniform input pattern. This is because the predictors can pay more attention to
recent system information for the establishment of input/output mapping. This property is more
important for prediction over multiple steps. On the other hand, it is also observed that the proposed
NF predictor outperforms other classical predictors due to its flexible reasoning structure and adaptive

training capability.

Table 4.1. Prediction RMSE based on a sunspot activity record

Feedforward NN Recurrent NN ANFIS Proposed Predictor
+r | uniform | variable | uniform | variable | uniform | variable | uniform | variable
+2 | 4550 36.74 73.83 69.78 66.63 47.67 19.83 17.65
+3 95.21 67.59 89.78 36.24 35.76 25.95 23.30 18.85
+4 | 112.36 73.42 54.55 38.43 53.12 58.73 20.01 12.66
+5 84.34 61.71 62.35 55.83 59.68 57.64 25.95 15.80
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4.4.2 Mackey-Glass Data Forecasting

Another commonly used benchmark data set in forecasting research is Mackey-Glass data series
given by (4.41) [132],

dx(t) = 02x(t-7z)
R D) 0.1x(t) . (4.41)

Corresponding to the initial conditions 7 =30, dt =1, x(0) =1.2, and x(t) =0 for t < 0, 1200
data sets are selected, in which the first 600 data sets are used for training whereas the remaining data
sets for testing the identified model. After 100 training epochs, the processing results from the related
predictors are listed in Table 4.2. It is clear that all the predictors based on variable-step input patterns
provide a better forecasting performance than those based on uniform-step input patterns.
Furthermore, it is seen that the proposed NF predictor performs much better than other classical
forecasting schemes, due to its adaptive training and specific reasoning architecture. The recurrent
nodes in the NF predictor can store previous system information, which is important for an accurate
forecasting operation, particularly for multi-step predictions based on only limited input state

variables.
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Table 4.2. Prediction RMSE based on Mackey-Glass differential equation

Feedforward NN Recurrent NN ANFIS Proposed Predictor

+r | uniform | variable | uniform | variable | uniform | variable | uniform | variable
+2 | 0.008 0.006 0.015 0.007 0.008 0.005 0.007 0.005
+3 | 0.026 0.014 0.044 0.021 0.024 0.013 0.020 0.014
+4 | 0.051 0.035 0.051 0.033 0.049 0.037 0.043 0.029
+5 | 0.097 0.056 0.069 0.048 0.076 0.061 0.066 0.045
+6 | 0.130 0.069 0.096 0.069 0.120 0.088 0.081 0.057
+7 | 0.082 0.068 0.097 0.067 0.11 0.076 0.070 0.054
+8 | 0.035 0.026 0.029 0.024 0.053 0.030 0.035 0.021

4.4.3 Gear Fault State Forecasting

A few examples related to gear condition monitoring from the previous works [6] are used as an
instance to further examine the performance of the developed NF predictor for multi-step machinery
forecasting applications. The experimental setup is described in [6] and the fault prognosis of the gear
system is conducted gear by gear. The signal generated by each gear is first differentiated by applying
a time synchronous filtering process [4, 10]. In machinery condition monitoring, a monitoring index
should be sensitive to pattern modulation due to machinery faults but insensitive to noise. In this case,
a wavelet amplitude-based index is applied and its derivation can be found in [6, 7]. Three types of
gear faults are tested in that study, as represented in Figure 4.2: worn gears, chipped gears, and
cracked gears. The analysis is for the gear with 16 teeth. The time step is chosen as 10 min. Table 4.3
summarizes the processing results based on the ANFIS and the proposed NF predictors.

Figure 4.2. Gear conditions tested: (a) worn gear, (b) chipped gear, (c) cracked gear.
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Table 4.3. Prediction RMSE in gear fault state forecasting

Worn Gear Chipped Gear Cracked Gear
+r ANFIS | Pro. Predictor | ANFIS ro. ANFIS Pro. Predictor
Predictor
+2 0.08 0.06 0.41 0.28 2.39 0.44
+3 0.08 0.06 0.60 0.43 4.86 3.21
+4 0.15 0.08 0.68 0.65 1.26 0.73
+5 0.27 0.12 0.87 0.74 231 0.78
+6 0.28 0.21 0.69 0.53 4.12 0.88
+7 0.55 0.43 1.78 0.74 4.15 1.12
+8 0.72 0.64 1.33 0.92 6.06 1.87

1) Gear Wear Monitoring: Wear is a common fault type particularly in exposed gear systems.
The proposed NF predictor is initially trained using data sets from the Mackey-Glass equation. Table
4.3 summarizes the processing results over several steps, and Figure 4.3 demonstrates an example of
the performance comparison between the ANFIS and the proposed NF predictors in a five-step-ahead
forecasting, where each time step is 10 min apart between two consecutive measurements. It is clear

that the NF predictor can capture and track the system behavior more effectively than the ANFIS.
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Figure 4.3. The five-step-ahead forecasting results in the worn gear test (solid curve): (a) by

using the ANFIS predictor (dotted curve); (b) by using the proposed NF predictor (dotted

curve).

2) Chipped Gear Monitoring: The predictors are trained using the previous worn-gear data sets,
and then they are tested using the chipped-gear data sets. The processing results are listed in Table 4.3
whereas an example in two-step-ahead predictions is shown in Figure 4.4. It is seen that the output of
each predictor match the actual state accurately in the period corresponding to the healthy gear
condition (early section). After the chipped fault is introduced, the proposed NF predictor can catch
up the new dynamic characteristics of the system quickly. However, the ANFIS predictor can not
adapt itself effectively to the new system dynamics, and generates more errors in tracking the

dynamic behavior of the system after the fault is introduced.
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Figure 4.4. The two-step-ahead forecasting results in the chipped gear test (solid curve): (a) by
using the ANFIS predictor (dotted curve), (b) by using the proposed NF predictor (dotted

curve).

3) Cracked Gear Monitoring: After the predictors are trained by using the new data sets from
the above chipped gear testing, they are applied to forecast the data sets corresponding to cracked
gear testing. From the processing results as summarized in Table 4.3, apparently the NF predictor can
outperform the ANFIS predictor in forecasting the future states of the tested gear system. Figure 4.5
demonstrates another example of six-step-ahead prediction performances from both predictors. It is
clear that the NF predictor works accurately in this case; it can capture the system’s dynamic behavior
effectively. Unfortunately, the ANFIS predictor fails in tracking the system properties in this test due

to its lack of the adaptive capability to accommodate time-varying system conditions.
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Figure 4.5. The six-step-ahead forecasting results in the cracked gear test (solid curve): (a) by
using the ANFIS predictor (dotted curve), (b) by using the proposed NF predictor (dotted

curve).

4.5 Summary

A neural fuzzy predictor has been developed in this chapter for multi-step-ahead forecasting of
dynamic system properties. The forecasting reasoning is performed based on a novel weighted
recurrent neural fuzzy paradigm, while the system parameters are adaptively updated by a hybrid
training technique. This training technique combines the recursive Levenberg-Marquart Method and
the recursive least square estimate algorithm. A variable-step input pattern is applied to highlight the
importance of recent state information in multi-step input/output data mapping. Comparison studies
using two benchmark data sets have shown that the proposed multi-step predictor has a better
convergence and a higher forecasting accuracy than the classical predictors. This predictor is also
implemented for gear system monitoring. Test results have demonstrated that this predictor is a
reliable forecasting tool. It can capture the system’s dynamic behavior quickly and track the system’s
characteristics accurately.
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The work presented in this chapter is to achieve the research objective described in Section 1.3: a
multi-step predictor is developed and integrated into the ED scheme to forecast the future states of

the bearing health condition, and to further enhance the diagnostic reliability.

83



Chapter 5

An Enhanced Diagnostic Scheme for Decision-Making

The proposed NF classifier in Chapter 3 can effectively integrate six representative features from two
selected signal processing techniques for a more accurate assessment of bearing health condition. The
proposed NF predictor in Chapter 4 has been proven to be a reliable forecasting tool and can provide
multi-step-ahead forecasting of dynamic system properties. In this chapter, these two intelligent tools
are integrated to construct an enhanced diagnostic (ED) scheme so as to further improve the bearing

fault diagnostic reliability.

5.1 Final Decision-Making Procedures

The developed intelligent system is reproduced in Figure 5.1, in which the proposed ED scheme
is employed for the final decision making. This ED scheme consists of both the classification and
prediction modules: the NF classifier is applied to estimate the current bearing health indicator y
based on the derived monitoring indexes; the multi-step predictor is then employed to forecast the
future states of the bearing health condition y’ based on the preceding diagnostic indicator states
obtained in previous processing steps. The final decision regarding the health condition of the bearing

is made by using the following inference:

R,:IF (y = C,) AND (y' c C,) THEN (Bearing is healthy) (5.1)
R, IF(y < C,)AND (y’ < C,) THEN (Bearing is damaged) (5.2)
9{3 : OTHERWISE, (Bearing is possibly damaged) (5.3)

If the bearing is damaged (‘R'z), an alarm signal is triggered. If the bearing is possibly damaged

(SR'3), care should be taken to this bearing during the following monitoring operations, and the final

decision should be made according to the next-step diagnostic results.
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Figure 5.1. Schematic diagram of the developed intelligent system for bearing condition

monitoring.

5.2 Performance Evaluation

A series of tests, corresponding to various bearing health and operating conditions, have been
conducted; the details of the data preparation process can be seen in Section 3.4.1. The developed ED
scheme is compared with other three related diagnostic schemes in terms of diagnostic reliability.
System-1 refers to the developed NF classifier in Chapter 3; System-2 is a pure fuzzy scheme with
unity weights; and System-3 is an NF scheme with unity weights. The detailed descriptions of these

related diagnostic schemes can be found in Section 3.4.2.
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The processing results are summarized in Table 5.1. It is seen that although the developed
System-1 in Chapter 3 can provide a more reliable bearing health condition monitoring than System-2
and System-3, four false alarms and three missed alarms are still resulted in these tests with the
overall reliability 93.2%. It also shows that the ED scheme can accurately diagnose all the related
bearing health conditions (with 100% reliability under these specific test conditions). The proposed
ED scheme outperforms all the other related schemes. This is because, on one hand, the ED scheme
can optimize the fuzzy parameters and rule weights, and possess the adaptive capability to
accommodate different operating conditions; on the other hand, the integrated multi-step NF predictor
can effectively enhance the diagnostic reliability by employing more information related to the future

states of the bearing health conditions.

Table 5.1. Diagnostic testing results using different classification schemes

. ] ) Overall
Diagnostic Scheme False Alarms Missed Alarms
Accuracy

Scheme-1 4 3 93.2%

Scheme-2 11 7 83.4%

Scheme-3 5 6 88.5%

The Proposed ED Scheme 0 0 100%

5.3 Summary

An enhanced diagnostic system is developed in this chapter for bearing fault diagnostics. This
system comprises of two modules: 1) A novel neural fuzzy classifier, as described in Chapter 3, is to
effectively integrate the merits of several signal processing techniques for a more positive assessment
of bearing health condition; 2) A multi-step predictor, as described in Chapter 4, is integrated into the
enhanced diagnostic system to forecast the future state of the bearing health condition, and this result
is employed to further enhance the diagnostic reliability. Experimental tests corresponding to
different bearing health conditions have demonstrated the superior fault diagnostic capability of the
proposed technique over other related diagnostic schemes.

The work presented in Chapters 3, 4, and 5 is to achieve the research objective described in

Section 1.3: to develop an enhanced diagnostic scheme for automatic diagnostic decision-making.
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Chapter 6

Conclusions and Future Works

6.1 Conclusions

Although several techniques have been reported in the literature for bearing fault detection and
diagnosis, it is still challenging to implement a reliable condition monitoring system for real-world
industrial applications because of complex bearing structures and noisy operating conditions. The
theme of this thesis is to develop a novel intelligent system to tackle these related challenges. The
strategy is to develop more robust techniques at each processing stage to improve the condition
monitoring reliability.

First, a new signal processing technique, the wavelet spectrum analysis, is proposed to extract the
representative features that are related to the incipient bearing faults. A strategy is suggested for the
deployment of wavelet centre frequencies. To enhance the feature characteristics, a weighted
Shannon function is proposed to synthesize the wavelet coefficient functions; the applied weights are
determined by a statistical index to quantify the effect of the wavelet bandwidth on feature extraction.
An averaged autocorrelation power spectrum is adopted to highlight the bearing characteristic
features in the spectra. A series of experimental tests, corresponding to various bearing health
conditions, demonstrate the superior capability of the proposed wavelet spectrum technique to the
related classical bearing fault detection methods in non-stationary feature extraction and analysis.

Secondly, an enhanced diagnostic (ED) scheme is proposed for the final decision making on the
bearing health conditions. This scheme consists of two modules: a classifier and a multi-step
predictor. The novel neuro-fuzzy classifier is developed to integrate the merits of the two selected
signal processing techniques (the developed wavelet spectrum analysis technique and the kurtosis
ratio method) for a more positive assessment of the bearing health condition. The diagnostic
reliability of this classifier is further enhanced by integrating the information from the developed
multi-step predictor. In addition, a hybrid training technique is proposed to fine-tune the fuzzy system
parameters and to improve the adaptive capability of the ED scheme to accommodate different
bearing conditions. Simulations, based on both the benchmark data sets and gear fault-state data sets,
demonstrate that the developed multi-step predictor is an accurate and robust forecasting tool. The

effectiveness of the proposed ED scheme is verified by experimental tests corresponding to different
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bearing conditions. The test results show that the developed ED scheme is a reliable diagnostic tool,

and it outperforms other related diagnostic schemes.

6.2 Future Works

The future research works should be conducted in the following subjects:

1)

2)

3)

4)

5)

6)

The proposed bearing fault detection techniques and decision-making schemes will be
applied to other mechanical systems such as gearboxes and engines.

More investigation related to the diagnoses of advanced bearing faults and distributed bearing
defects will be conducted.

A structure-evolving neural fuzzy system will be explored for machinery condition
monitoring. The rule base will be established using a fuzzy clustering algorithm, by which the
noise-affected rules (clusters) can be properly removed whereas the structure of the rules can
be adaptively updated according to different machinery conditions.

Implement the developed monitoring tools for real-world industrial monitoring applications,
S0 as to improve production quality and to reduce costs.

A novel nonlinear mapping technique will be developed to map any separable nonlinear
function into a fuzzy logic framework. Some primary investigation has been undertaken and
summarized in Appendix A. Such a mapping frame will provide an alternative approach to
designing a fuzzy system. It can guarantee that the synthesized fuzzy system has an identical
performance to its crisp-domain counterpart. It will provide insight into relationship between
the input vector and the output functions. Once the primary fuzzy frame is established, its
performance can be optimized by offline expert knowledge and online system training.

A genetic programming based technique has been developed in Appendix B for feature
reconstruction, which would be useful to specific fault diagnostic applications. However,
advanced research needs to be conducted to investigate the analytical relationships between
the classical features and the formulated features such that these constructed features can be

physically interpretable.
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Appendix A

Mapping Separable Nonlinear Functions into a Fuzzy Framework

A.1 Overview

Designing a fuzzy logic system (FLS) is usually time-consuming and there is no guarantee that the
resulting system can provide a desired performance [59]. Therefore, to facilitate the FLS design
process, a lot of research has been conducted to investigate the transformation relations between
conventional system and FLS. Early works in [134, 135] demonstrated that an FLS can be
constructed roughly from a conventional linear function. Subsequent development showed that the
output from an FLS can be simply represented by a linear parametric function of the inputs [136,
137], from which the synthesis of the FLS could be more straightforward. This method was further
improved in [138], and the fuzzy partition of the universe of discourse of the inputs was taken
arbitrarily depending on the design requirements. A more general strategy was proposed by Kubica et
al. [139], whereby virtually any linear system with finite dimension can be transformed to an
equivalent FLS.

In contrast to the synthesis strategies for linear systems, the research in constructing FLS from
nonlinear functions remains a challenge. Although a few methods were reported in the literature [140-
142], the FLS designed using these methods is only an approximated version of the existing nonlinear
system, thus the performance of the initially-synthesized FLS cannot be accurately predicted. In this
work, a novel method is proposed to effectively design FLS which can generate the prescribed
performance of the system so as to provide a well-defined prototype for the FLS [143, 144]. The

developed technique extends the related previous work in [139] to include the nonlinear systems.

A.2 A Novel Fuzzy Framework for FLS Design

The FLS design process requires establishing the rule-base, determining appropriate shapes and
spans of the input and output fuzzy sets, and selecting appropriate inference and defuzzification
methods. The technique proposed in this section prescribes an automated and efficient procedure for
the FLS design, which in turn ensures that the performance of the FLS is exactly identical to that of
the given nonlinear system. The class of nonlinear systems considered in this study is mathematically

described in the form of
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U(X, Xy, oy X, ) = F( (%), T,(%), -, f.(X,)) (A1)

where u is the system output, f,(X;)is a sub-function of the state variable x; (input) within the

universe of discourse, and F(-)is a parametric function of f,(x;)that is formed by conventional

arithmetic operators. It is seen that (A.1) represents a class of nonlinear systems. The procedure for

constructing an FLS using the proposed methodology is described in the following subsections.

A.2.1. Fuzzy Input Sets and Fuzzification
The proposed FLS design technique applies singleton fuzzification, whereas the input MFs are

constructed such that the sum of the membership grades for a particular input is unity, i.e.,

Aﬁs(xi):l, 1<i<n, (A2)
s=0 i

where u . (X;) are the MFs, i designates the ith input, s denotes the sth fuzzy set, z; is the number of
A

fuzzy sets spanning the universe of discourse of input X;, and n represents the number of the inputs.

To take the nonlinear aspects of the given nonlinear system into the FLS and to realize the exact

mapping, semi-prescribed MFs are employed. The MFs for an arbitrary input X; are specified based

on the property of sub-function f, (X,) , i.e.,

:uAls,l(Xi)_ f.(AISH)—_f.(K.S)’ (A.3)
_ fl(xi)_ fi(ﬂis>
,UAis+1,o (Xi) fI(KIM)_ fi(Kis), (A.4)

where ﬂAis’l(Xi) represents the right-side of the MF of input fuzzy set A’ and Hysito (x;) is the

left-side of the MF of fuzzy set A*". In addition, f (A®)and f,(A°") are the sub-functions

s+1

evaluated at the input points Kf and K (i.e., modal points) that correspond to the input values by

which the membership grade is unity, as depicted in Figure A.1.
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Figure A.1. Input membership functions.

A few issues need to be addressed: 1) particular attention is given to the modal points in the input
space whose membership grades are unity; 2) the fuzzy sets defined here are usually asymmetric, thus
two independent sides of the MFs are utilized to describe the shape of a fuzzy set; c) for each real-

valued crisp input, at most two fuzzy sets have nonzero membership grades; d) if the sub-function

f,(X;) is not monotonic, the resulting MF may exhibit unusual characteristics, i.e., the membership

grades at those points farther away from the modal point are greater than the grades at closer points;
however, it can be realized that if the modal points are selected at the positions where the slope
changes polarity, the resulting MFs will be monotonic.

In [139], it was shown that a linear system can be cast into a fuzzy framework which can achieve

an identical functionality as the original system. The proposed technique in this work extends the

approach in [139] to include nonlinear systems. For example, if f,(X;) in (A.1) is in the form of

f(x)=kxt, (A5)
the MFs of input X; can be simplified as
(A ) = ()
Moo (%)= 20— (A6)
T R ()
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X. ( ) A7
Hosao (%)= ( H) “wT (A7)

Specially, if a = 1, (A.1) and (A.5) represent a linear system and the resulting MFs are triangular in

shape, which were systematically analyzed in [139].
The following analysis is valid with any number of fuzzy sets (z;, > 2). However, at a given time

instant, only two fuzzy sets for each input will have nonzero membership grades under the
aforementioned conditions. Therefore, without loss of generality, the following analysis will only
consider two fuzzy sets with nonzero membership grades spanning over each input space such that

the subsequent explanation can be represented in a more tractable manner.

A.2.2 Rule Base and Fuzzy Inference
The rule base contains the regionalized linguistic mapping from the input fuzzy space to the

output fuzzy space. Using a T-norm, for example, a fuzzy rule can be represented as:

(X’u):ﬂ !

/J Alx-~><A|!-|—)BI

(x)* a2, (). (A8)

A_.II_><-~><A;] —)BI

Consider an arbitrary set of inputs defined on X, represented by the fuzzy set P, . Each entry in the

rule base generates an output fuzzy set P, o R' based on the composition inference, i.e.,

max

/IPXOR|( ) xeX [,UPX( ) ILIA:{X'_'XA;]‘)B|

(x,u)l. (A.9)

A product operator is applied in (A.9). This is because that the designed FLS is desired to be
functionally identical to the original nonlinear system. To accomplish this, the input sets are modeled
with respect to the original nonlinear system and are “scaled” by the output sets. This “scaling”
requires a “multiplication” between the input and output sets.

The rule base should be fully populated, which contains all possible fuzzy associations. Hence,

the total number of rules M is equal to the product of the number of fuzzy sets spanning each of the n

inputs, i.e., M = H . Since only two fuzzy sets have nonzero membership grades for a given

|1I

input (let these sets be A’and A", ie., A’ =A°, and A' = A" as x, drops between A° and
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Kf”), the total number of contributing fuzzy rules for a system with n inputs would be M, = 2" at

a particular time instant. For simplicity, a technique proposed in [139] is employed here to ensure that

only the contributing fuzzy rules are considered in the analysis. Let a contributing fuzzy rule be
represented by an (n+1)-tuple of the form (A, A2, ---, A™; B'), where b, €{0,1}and A" is a
fuzzy set in the antecedent of the Ith rule, 0 < < M —1. Consider the b; terms as digits in an n-bit

binary number, then the contributing rule number | in a base-10 number system can be constructed as
| =b,x2"" +b, x2" 2 +---+Db, x2° = (bb, b, ), ,- (A.10)

where b, is the Most Significant Bit and b, is the Least Significant Bit. Thus, a convenient way to
ensure that only those rules with nonzero output membership grades are considered in the analysis is
to list the binary equivalence of the rule numbers (0 <1< 2" —1). For example, consider a 3-input 1-
output system, there should be M, = 23 =8 rules in the rule base as illustrated in Table A.1, where

“x” denotes T-norm.

Table A.1. Bitwise rule base construction

Rule No. | (Rule NO.)pase-2 Fuzzy Rule
0 000 A A% Al > B°(B™)
1 001 AD* A0 * AL, BL(BOOY)
2 010 Alo*Al*Af—>Bz(BOlO)
3 011 ACA*A B (B™)
4 100 Alx A0 A0, B4(BI0)
> todl A*A %A - B (B™)
° 110 A*AFA - BY(BY)
7 111 Alx Al* Al 5 B7(B1)
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A.2.3 Fuzzy Output Sets and Defuzzification
The output fuzzy sets are chosen to be symmetrical and unimodal with their centers located at B,

where B' is defined as
B'=F(f,(A), L(A), - f,(A)), 0<I<M, -1 (A1)

The net result of these output sets is that the output sets are effectively singletons at B' when a
centroidal defuzzification method is applied. From (A.11), it is seen that special attention is given to
those points in the input space that satisfy the rules exactly, i.e.,

liﬂ;\; (A)=1. (A.12)

In the cases in which the rules are fully satisfied, the consequent of each fuzzy rule is assigned to a
unique output set. The centroid of each output set is positioned so as to provide the same output as by
the given nonlinear system with the same set of inputs. On the other hand, the input MFs are specified
such that the membership grades vary nonlinearly between input sets; this nonlinearity remains the
same characteristics as in the given nonlinear system, which in turn can guarantee that the FLS output
is a nonlinear interpolation of the original nonlinear system when a rule in the rule base is not

satisfied exactly. The output of the constructed FLS is determined by a weighted average of the

output singletons B' of the participating fuzzy rules:

M

)

()5

1=1

1=1

0 @) 51y )

1=1\ i=1 A I

(A.13)

o'l ) E8(1y00) g

where u" (x) andu® (x), respectively, denote the numerator and denominator of the FLS output and

will be employed in the following section for theoretical verification.
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A.3 Theoretical Verification
Based on the technique discussed in Section A.2, an FLS can be constructed from the given
nonlinear system in (A.1). The objective of this section is to prove that the proposed methodology can

guarantee the resulting FLS performs identically to the original nonlinear system.

A.3.1 Demonstrative Example

Consider a 3-input 1-output system described as
u(x)=F(f(x), %), ;%))  X=[X, Xy, X;1" (A.14)

where f.(x;) is a sub-function of the state variable x. i =1, 2, 3. Assume that two fuzzy sets cover

the possible input space [Kio Kil] for each input X; . Based on the proposed technique, the input MFs

are constructed as per (A.3) and (A.4),

(%)= f(AY)- fi(x,)

e W) ()
u (%)= fu(f.) f.(go)' (A.15)
A A)- 1 (AY)

The centroids of output fuzzy sets are computed as per (A.11),

B°(or B™) = F(f,(A%) f,(A%) f,(A))
_ (A.16)
B (or B) =F(f,(A}) ,(A}) ,(A})

The FLS output u(x) is calculated as per (A.13) where u®(x) = 1 for any input x (the proof can be

found in [139]). Thus, u(x) = u" (x) and u(x) can be subsequently derived as
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= B? Blg.e.... B 6 7
U(X)—/IAfﬂAg#AgB +/1A10#AgﬂA%B + +ﬂAiﬂA%ﬂAgB +#A%ﬂA%ﬂA%B
- _0 —_ _1 ------
=Moo Hg Bt ot g (1= 11,0)B  +
e _
+(1_IUA10)(1_IUA(2))IUA§B +(l_ﬂAlo)(l_/1Ag)(l—/lAg)B
:ﬂAlO/uAg#Ag (B0 _ B _g00 | gOu _ g0 gl gl _ g : (A.17)

+/”Af 'uAg (§001 _go_pguot §m)+/uAf /uAg (§01o _gou_pguo §111)
p 100 p 101 p 110 p 111 p 011 p 111
+,uAg,uA30(B -B™-B""+B )+,uAlO(B -B™)

+/UA0 (5101 _ Elll) +/UA3(? (§110 _ §111)+ glll
2
Then, the following two cases will be considered:

1) Sub-functions f,(x;) in (A.14) are manipulated by the operator “addition”: In this case,

the consequent of each rule in (A.16) is represented by

B°(or B™) = f,(A%)+ f,(A2)+ f,(A)
_ (A.18)
B7(or B™) = f,(Al)+ f,(A})+ f,(A})

The output of the designed FLS in (A.17) becomes
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. {[fg(ﬁ;’)— fo(AD1+[f5(AD) - f,(AD)] }
AR |4, (AN - f(AD]+[F,(AY) — f,(AD)]
b {[f,(A0) - f, (AN +L1,(A}) - f,(A))]}
b g {[£5(A%) - f,(ADI+[ (AN — f,(A))]}
kg {[£5(A%) - f,(ADI+[ (A} — f,(A))]}

+ 1,0 L (AY) = LA+ a1 g [F,(A)) ~ £, (A)]

+ 1,0l (R) = LA+ (A + (A + fy(A)]
:ﬂAfﬂAgluAg{0}+ﬂAlo/1Ag{0}+ﬂAlo/1Ag{0}+luAgﬂAg{0}
FLF00) = B (AT, 06) — £, (AD]+[f, (%) — f,(AD)]
LAY + (AN + f,(AD)]

B le fi(x) . (A.19)

It is seen from (A.19) that the constructed FLS is functionally identical to the given nonlinear system,

e, u(x) = f(x)+ f,(x,)+ f3(x5).

2) Sub-functions f,(X;)in (A.14) are manipulated by the operator “multiplication”: In this

case, the consequent of each rule in (A.16) is represented by

B°(or B®) = f,(A%)x f,(A2)x f,(A)
(A.20)

B7(or B™) = f,(Al)x f, (A )x f,(A2)

Consequently, the output of the designed FLS in (A.17) becomes
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f (AT (AD) - £i.06)]

i=1,2

u() == TTT6(AY)= )1+ LD TTIGA) - f(x)]
fl(zﬁl)_g} f, ('K\l) - fi(x)]

H fi (Rl)[ fl(ﬂll) - fl(Xl)]

AT - Lowl+ TR
1:[2 fi (Kil)[ f3 (&l) - 1:3 (Xs)]

= £,06)TIF.(A) - fi(xiﬂ‘{ HEAGIIACYRRACH)

i=1,2 f3(%3) fl(Kil)[ f, (Kzl) - f,(x,)]
- 1,00 T 1.(R)
= £, 0L (AN = FL0)TF,06)3+ £, 06)LF (A ()]
= ﬁ f.(x;) (A.21)

Again, it is seen from (A.21) that the constructed FLS is functionally identical to the given nonlinear

system, i.e., U(x) = f,(x)x f,(x,)x f5(x;).
A.3.2 Generalized Nonlinear Systems Described in (A.1)

For the general case, u® (x) = 1 still holds and thus u(x) = u"™ (x). The output of the constructed

FLS with n inputs is derived as
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U(X)=ﬂAPﬂAgﬂ o U

o
2
iR
z

+(1_/‘Ai))(1_ﬂAg)(1_ﬂAg)"'(l_

+(1—ﬂAf)(1—yAg)a—uAg)---(l—ﬂAg_z)(1—uﬁ9_l)<1—ﬂAg)B‘2"fl

Y7,

Equation (A.22) can be represented in a concise form as:

H H o
) (2] {ie[l,n]lig[;m]} A
U(X)ZAZ:;J )3

{t‘q_-“bn €[0-+-0,1:- 1] :lvie(;m]}

(_ 1)—/I+é.bi Ebl"'bn

(A.22)

(A.23)

where A is the number of the input indices that do not appear in the term Hﬂﬁo ,1=1,2,...,n.

n
The combination without repetition [/J in (A.23) represents the number of un-ordered selections of

n n
A bits from a group of n bits, where (0) is set to be 1; m denotes the mth combination, and ( ]
,m

n
is a set of indices whose bits are chosen in the mth combination of( j Consequently,

ie[Ln]|ie (/1 J represents only those indices irrelevant to mth combination.
,m

n
b,--b, €[0-+-0,1---1] | b, :1Vie(/1

99

m] means that b, ---b, cover all the possible n-bit binary



n
assembly whose b (Vi € (/1

B bit is 1. In addition, the sign of B™ ™ is determined by the

n
number of 1’s in the assembly {b, ---b, } except those in b{Vi € (/1 D .
,m

The validation for the generalized nonlinear systems described in (A.1) is addressed via the
following two steps:

1) Sub-functions f.(x.) in (A.1) are manipulated by the operator “addition”: In this case, the

consequent of each rule in (A.11) can be represented by

EO(OI’ go,.,o) _ fl(KlO)_F,.._}_ f”('KnO)
(A.24)
B¥(or B*) = f,(A!)+--+ f,(AY)

The output of the constructed FLS in (A.23) becomes

H H o
(2] {ie[l,n]“g(/lr,]m]} A]

u(x) = ; 5 . (A.25)
- X

{bl-~-bn €[0---0,1--A]lb :1vie(;m]} !

n
When the mth combination of (/J is chosen, the left (n—/1) bits can be combined in terms of any

possible (n—A4)-th binary assemblyc,---c, , €[0---0,1---1], where c; corresponds to a bit in

b,---b, €[0---0, 1---1] and points to a particular fi(ﬂibi ) (as per (A.24), now denoted as f; (chj) in

each designated rule consequent. It can be seen that when 0<A<n-2 , the summation
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n-4 (/n_i e e
(—1) Efj(z fj(A-J)J is zero because all the associated terms fj(Aj ‘) have been cancelled out.

This leads the FLS output u(x) in (A.25) to be

)
u=3151 T w |0

A=0 | m=1 i i n
{Ie[ ,n]|le[l’m]}

" L. H N
i
3 ( ) A+Zb, Z”: f.( )
] {bl bne[o---o1---1]|b,_1we[;m]} (' j _
SRR

2) Sub-functions f,(x;) in (A.1) are manipulated by the operator “multiplication” In this

case, the consequent of each rule in (A.11) can be represented by

B(or B ®) = f,(A)x-x 1,(A?)
e (A27)
B (or B") = f,(A)x--x f,(A})

The output of the constructed FLS in (A.23) becomes

101



[« *\"J
{ie[lvn]lie[ﬂ,r,]m}}

u(x) = Zn: 3 . (A.28)

N\
P |
N———

~

{bl' -bnel0---0,1:- 1]|bj :lvie( ,;m]}

f, (_Kil)_ fi(ii)
fL(A)- (A"

By substituting 'uAio with

as per (A.3), and by some mathematical manipulations,

(A.28) becomes

u(x)i|g 0 TI6(AY) H(f(*\l)f(X))m
320 | m1 {ie[l,n]\ieumj} {ig[l'n]"g(ﬂ?mj}

e mm)
= {ie[l,n—l]“e[;’_mj

{6100 ))m
{ie[l‘nfllliﬁ[z,_rij}

Vi TR KT
SR CLE) 3 L)
= f, (X, )fos XHZ& mz=:l (A.29)
IT(R (A1)~ i ))]
{ie[l,n—z]lie[l‘m]} |
:ﬁfi(xi)

From the results of (A.26) and (A.29), it is seen that the constructed FLS is functionally equivalent to

the given nonlinear system as described in (A.1).
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Appendix B
A GP-Based Feature Reconstructed Approach

A genetic programming based technique has been developed in this work to further enhance the
feature’s characteristics. This technique would be useful to specific fault diagnostic applications.
However, more advanced research needs to be conducted to make these reconstructed features

physically interpretable.

B.1 Overview

In recent years, some research efforts have been devoted to the feature reconstruction by using the
evolutionary computing tools, such as genetic algorithms [99], particle swarm optimization [100], and
genetic programming (GP) [101]. Although the formulated features are constructed by some data-
driven “blackbox” procedures, the investigation results show that they can provide more
discrimination information than the classical features [102] to the problems of fault detection. In this
work, a new GP-based feature reconstruction technique is proposed for bearing fault detection. To
facilitate demonstration, the feature reconstruction is based on two classical monitoring indexes: the
kurtosis and the RMS [13, 37]. The investigation results show that although these two monitoring
indexes have been used for some special bearing applications [15, 18, 103-106], they are not robust
yet and cannot provide consistent bearing fault detection information, particularly when the machine
operates in noisy environments. By the proposed GP-based technique, the formulated features can be
robust in certain applications, that is, they are more sensitive to faulty signatures but less sensitive to

variations in the speed, load, and the geometry of bearings.

B.2 Tested Bearing Conditions

The experimental setup used in this work is shown in Figure 1.4. Both the ball bearings (MB ER-
10K) and the cylindrical roller bearings (NJ 303 ECP) are tested. To simplify analysis, only the cases
as summarized in Table B.1 are considered in this work: healthy (HY), inner-race defect (ID), and
outer-race defect (OD) for the ball bearings; HY, ID, and rolling element damage (RD) for the roller

bearings.
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Table B.1. Fault type and size

Fault Type | Fault Size (mm) | No. Fault Type | Fault Size (mm) | No.
HY no fault 1 RD 0.89 7
ball ID 0.56 2 0.43 8
bearing 0.44 3 roller 0.56 9
oD
0.57 4 | bearing ID 0.84 10
roller
) HY no fault 5 1.12 11
bearing

B.3 Performance Evaluation of Classical Features

Bearings will generate vibrations due to the interactions between bearing components and
possible defects [13, 37]. If the bearing is damaged, whenever a local defect on a bearing element
strikes or is struck by the corresponding mating element, an impulse is generated. This impulse in
turn excites structural resonances. Indicators such as the kurtosis and RMS have been applied for
bearing fault detection in the literature [15, 18, 103-106]. The kurtosis essentially describes the shape

of the probability density function of a signal, and can be estimated using

(% —)°
kurtosis = =———, (B.1)

4
o

N
=1

where N is the total number of the samples, x is the sample mean, and o is the sample standard

deviation. The RMS is the square root of the sample variance representing the energy level of the

signal. RMS can be calculated using

(B.2)

Fault related signatures are usually modulated by the signals at resonance frequencies of the
bearing and its surrounding structures, and these resonance signals may cover a wide bandwidth [26].

To investigate the effects of signals of different frequency band to the performance of these two
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classical indicators, in this work, the signals will be processed by using the low-pass, band-pass, and
the high-pass filters, respectively. These filters are in eighth order Butterworth IIR type, and their
bandwidths are determined by examining the full spectra of the vibration signals and the
characteristic defect frequencies of the bearings [27]. The filter characteristics are summarized in
Table B.2.

Table B.2. Filters used for signal preprocessing

Filters Raw Signal LP HP LP HP
Cutoff Frequency (Hz) [0 8000] 300 300 1000 1000

Filters LP HP BP BP
Cutoff Frequency (Hz) 2500 2500 [1000 2500] [300 3000]

LP: low-pass; HP: high-pass; BP: band-pass.

Two accelerometers are employed to measure vibration along the horizontal direction (S;) and

the vertical direction (S, ), around the tested bearing. A new signature is constructed by 1/S> +S? .

Furthermore, because the signals are usually amplitude modulated by defects, the signal envelope is

extracted by using the Hilbert transform [107],

§(t)=1+w Mdr, (B.3)

where S(t) is a real-valued signal. The analytic signal of S(t) is determined by S(t) + jS(t). The

envelope of the signal S(t) is the magnitude of this analytic signal,

H(S()] = (52(t)+ S2()f"*. (B.4)

Table B.3 summarizes the signatures to be investigated in this work, where |S,| and |S,| are the

rectified vibration signals.
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Table B.3. Signatures used to calculate the classical features

Sy S

JSZ+82

84

S|

H(S,)

H(S. )

A comprehensive investigation has been conducted in this work corresponding to various bearing
health and operation conditions. The analysis results show that although the kurtosis and RMS can
provide some useful diagnostic information under certain situations, these classical indexes are not
robust and reliable for bearing fault detection and fault type classification, no matter which signal-

filtering combination is applied. As an example, the best classification result from the kurtosis is

illustrated in Figure B.1, and the following observations can be obtained:

e It is possible to distinguish a damaged bearing from the healthy one for ball bearings. There is a

clear separation between curve 1 and the curves 2, 3 and 4. This distinction is insensitive to load

and speed.

e For a roller bearing, however, it is possible to detect faults in the bearing only if the fault

dimension is sufficiently large, such as the curves 10 and 11.

e Itisimpossible to diagnose the fault type for both the ball bearings and roller bearings.

Correspondingly, the best classification result based on RMS is demonstrated in Figure B.2, and it

can be observed that:

e The RMS is highly dependent on the shaft speed.
e The RMS for the healthy ball bearings is quite different from that of the healthy roller bearings.
o For all the tested bearings, if the defect size is small, the RMS is close to that of the healthy

bearing.
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Kurtosis (dB)

15 20 25 30 35 40 15 20 25 30 35 40
load level 1 Shaft Speed (Hz) load level 2

Figure B.1. Kurtosis trends for the ball and roller bearings with high-pass filtered (1000 Hz)

signal |Sl|: 1-4, ball bearings; 5-11, roller bearings; each number represents one bearing

condition as listed in Table B.1.
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RMS (dB)

-60
15 20 25 30 35 40 15 20 25 30 35 40

load level 1 Shaft Speed (Hz) load level 2

Figure B.2. RMS trends for the ball and roller bearings with high-pass filtered (2500 Hz)

signaI|H(Sl)|: 1-4, ball bearings; 5-11, roller bearings; each number represents one bearing

condition as listed in Table B.1.

In the following section, a GP-based feature reconstruction technique is proposed so as to

enhance the discrimination properties of these classical indexes.

B.4 A GP-Based Feature Reconstruction Approach

The GP paradigm has been genetically applied to breed computer program populations thanks to
its domain-independent characteristics [108]. The GP employs three basic operations to produce a
new generation: tree reproduction, crossover, and mutation. In tree reproduction, one individual tree
(i.e., a computer program) is entirely selected, with a probability based on a fitness measure for the
direct inclusion in the next generation of the population. In tree crossover, two random nodes are
chosen from both parent trees, and the respective branches are then swapped to create the offspring;
there is no bias towards choosing internal or terminal nodes at the crossing sites. In tree mutation, a
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random node is chosen from the parent tree and substituted by a new random tree with the terminals
and functions available. The generated random tree also obeys the size/depth restrictions imposed on
the trees created for the initial generation. Some detailed description of the GP can be found in [108].
The GP has been applied to fault detection in some simplified mechanical systems [101, 109,
110]. For example, features were reconstructed in [101] by changing the GP parameters, such as
generations, population size, and maximum tree depth. This method, however, was subjective; no
algorithm was given for the optimization of these parameters. In this work, a novel GP-based
approach is suggested to integrate the features from two classical indicators for a more robust feature
formulation. An automatic adaptation procedure is applied to compute genetic operation probabilities
of occurrence [111]. Each suggested fitness function prompts GP to differentiate one bearing
condition from the others, which can lead to a more discriminatory feature. The data obtained from
the kurtosis and RMS will be regarded as the GP terminals. The functions to dynamically manipulate

the terminals are summarized in Table B.4.

Table B.4. GP operators

Operator Description Operator Description

plus (a,b) add aand b log (a) natural logarithm: 0 if a=0; In(a]) (otherwise)
minus (,b) | subtract a from b sqrt(a) square root: 0 (if a<=0); sqrt(a) (otherwise)
times(a,b) | multiply aand b sin(a) trigonometric function: sin (a)

abs (a) absolute value of a | cos (@) trigonometric function: cos (a)

negator (a) | negation: -a tan (a) trigonometric function: tan (a)

square (a) power 2: a’ divide (a,b) | division: a (if b=0); a/b (otherwise)

The critical procedure in implementing a GP algorithm is how to appropriately set up the fitness
measure, which acts as a primary mechanism to communicate between a high-level statement of the
requirements and a problem’s solution to the GP paradigm. In this work, the Fisher criterion [112] is

adopted to design the fitness functions. The index p is suggested as

_ ‘mci - mcj

p(Caij)——W

(B.5)
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where m and o ? represent the mean and variance of the samples, respectively, and the subscripts
denote the classes to be classified. Each class represents one of the four bearing health conditions:

HY, RD, ID or OD. Correspondingly, three new features will be reconstructed to separate these four
classes. The samples used to calculate the mean m_ and the variance Uczi are the data resulted from
the candidate GP program (nonlinear mathematical manipulation of candidate terminals and candidate
operators) on the vibration signatures corresponding to the c,th bearing condition. The index p is

applied to maximize the distance between the geometric centers of two classes while minimizing the

variances within each class. Therefore, p can represent the degree of class separability. The fitness

measures are proposed as

p, = Min((p(c,, ¢, ), plc,, c;), pley,c,))), (B.6)

P, = Min([p(C2 1 C3 )7 ,O(C2 1Cy )])v (B.7)

P; = p(C3,C4), (B.8)
where p;, i = 1, 2, 3, is the fitness measure when the ith new feature is formulated, and

Min(-) is the function to find the minimum scalar in a vector. A greater p, corresponds to a
more pronounced class separation. The first class c, is chosen as OD, which can be
differentiated from the other classes more possibly as discussed in Chapter 2. The classes c,,

c, are chosen to represent RD and ID in this case, because the diagnostics of these two types

of defects are more challenging due to the non-stationary resonance features generated [26,
98]. The purpose of designing such fitness functions is to facilitate the generation of new
features that can make each class of bearing conditions differentiable from the others. This
method has a potential to be an effective fault detection technique especially when the
bearing conditions cannot be easily classified by using the classical techniques.

Figure B.3 shows that the OD condition can be clearly recognized by using the first reconstructed
feature; its robustness against the speed and load variations is also demonstrated.

Figure B.4 shows the performance of the second formulated feature by which the healthy bearing

conditions can be separated from the RD and ID bearing conditions.
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The most challenging task in this case is how to properly separate the RD bearing condition from
the ID condition. This task is eventually accomplished by the third formulated feature, as illustrated
in Figure B.5. For the purpose of illustration, the second reconstructed feature is demonstrated in
Figure B.6.

To further validate these generated features, a new set of vibration signals are collected at the
shaft speed of 32 Hz and the loads of 1.5 and 2.0 N . m, respectively. These signals are subsequently
processed using the GP programs to reconstruct new features. The verification results are

demonstrated in Figure B.7. It can be seen that the four bearing conditions can be classified clearly.

Formulated Feature 1

15 20 25 30 35 40 15 20 25 30 35 40
load level 1 load level 2

Shaft Speed (Hz)
Figure B.3. Classification results using the first formulated feature by (B.6): solid lines, HY
bearings; dashed lines with stars, RD bearings; dotted lines, ID bearings; solid lines with

circles, OD bearings.
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Figure B.4. Classification results using the second formulated feature by (B.7): solid lines, HY

bearings; dashed lines with stars, RD bearings; dotted lines, ID bearings.

112



.
0.9-
. o

o
oo
T

©
\l
T

Formulated Feature 3
o o
(6)] (o))
T '.ko
t:

15 20 25 30 35 40 15 20 25 30 35 40
load level 1 Shaft Speed (Hz) load lewel 2

Figure B.5. Classification results using the third formulated feature by (B.8): dashed lines with

stars, RD bearings; dotted lines, ID bearings.
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New Feature 2

RMS{BP[300 3000]Hz; |S,} @

Kurtosis{LP2500Hz; [H(S,)[}

Figure B.6. Program tree that generates the second formulated feature by (B.7).
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Figure B.7. Classification results using the newly-formulated features by (B.6) - (B.8).

The proposed technique in Section B.4 provides a promising approach to reconstructing features
which would be useful to specific fault diagnostic applications. This technique can be used as a post
processing technique to further enhance the feature characteristics. However, advanced research
needs to be conducted to investigate the analytical relationships between the classical features and the
formulated features such that these constructed features can be physically interpretable.
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