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Abstract

Vibration signal and lubricant oil condition are two major sources o f information for 

machine health condition monitoring. Though vibration signal is an indirect indicator of 

machine conditions, it contains very rich information. On the other hand, the lubricating 

oil analysis provides a direct indicator of machine health conditions. The joint use of the 

two sources of information would compensate for their limitations and thus better 

maintenance actions can be expected. However, this alone is not sufficient since the two 

sources are often severely contaminated by background and machine interference noises. 

Using such contaminated data without careful de-noising will inevitably cause misleading 

maintenance decisions and hence premature machine failure as well as lost productivity. 

As such, this thesis addresses the de-noising issues for both vibration and oil condition 

signals. Due to different natures of the vibration signals and signals measured through oil 

debris monitoring sensors, different approaches will be developed in this study for the 

enhancement o f the two types o f signals. In de-noising vibration signals, this research 

focuses on bearings since they are one of the most vulnerable and frequently used 

components in rotating machinery. The results obtained based on bearings could be 

applied to other rotating machine components with some modifications.

Wavelet transform, in particular the Gabor wavelet transform, has been used for de- 

noising impulsive signals measured from faulty bearings. However, it has been a 

challenging task to select proper wavelet parameters. This work introduces a method to 

guide the selection process by a smoothness index (SI). The SI is defined as the ratio of 

the geometric mean to the arithmetic mean of the wavelet coefficient moduli of the 

vibration signal. For the signal contaminated by Gaussian white noise, we have shown 

that the modulus of the wavelet coefficients follows Rician distribution. Based on this 

observation, we then prove that the SI converges to a constant number (0.8455...) in the 

absence o f mechanical faults or for very low signal to noise ratio. This result provides a 

dimensionless SI upper bound corresponding to the most undesirable case. We have also 

shown that the SI value decreases in the presence of impulses with properly selected 

parameters.
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However, this approach is based on the assumption that the most impulsive components 

of the measured vibration are due to the faults. This assumption may not be valid in 

general. On the other hand, the proposed method requires a global search for the 

minimum SI for all combinations of wavelet parameters in the chosen discretized ranges 

which is a computationally demanding task. In addition, through bandpass filtering the 

signal, the in-band noise with frequency content in the range covered by the daughter 

wavelet is not eliminated. As a result, the performance of the wavelet filter based de- 

noising method deteriorates as the background noise intensity increases.

To mitigate the above difficulties, a novel scale selection method is proposed. In this 

approach we incorporated our knowledge of the resonance frequency excitation 

phenomenon in the scale selection algorithm. Furthermore, to improve the efficiency of 

the method, spectral subtraction is applied prior to wavelet transform. The proposed 

spectral subtraction method leads to improvements in both the final result of the process 

and the capability of the wavelet filter based de-noising method for lower SNR vibration 

signals. The proposed joint spectral subtraction and wavelet de-noising method has been 

successfully tested using experimental data.

For the oil condition signals, the main issue is that the oil debris sensor is not only 

sensitive to the metal debris or particles but the structural vibrations as well. The weak 

signals of small particles are often concealed in the vibration signals. This either causes 

false alarm (since the shape of a particle signal resembles that o f a vibration signal in 

certain ways) or leaves existent machine faults undetected. Adaptive Line Enhancement 

technique is proposed to remove such interferences. The method has been tested on both 

simulated and experimental data.
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1 Introduction 1

Chapter 1: Introduction

1.1 Background

As the failure o f the machinery elements may lead to catastrophic results or unwanted 

production delays, fault detection and diagnosis has been a hot research topic in the past 

few decades. With the advances in digital signal processing methods and due to hardware 

simplicities, there has been an increasingly strong interest in the application of vibration 

analysis techniques for fault detection and diagnosis of rotating machinery elements. Oil 

condition data analysis is another widely used fault detection approach in industry. Each 

of the two types of information sources has its own merits and drawbacks. The vibration 

signal is information-rich. If processed properly, it can indicate not only the existence of 

certain faults but also the location of the fault based on the frequency characteristics. 

However, after all the vibration signal is indirect and its effectiveness in fault detection 

largely relies on availability o f proper signal processing techniques. The oil condition 

data, on the other hand, contain information about the size and quantity o f metal debris in 

the oil and thus provide a direct perception of the machine condition. Nonetheless, it 

would be difficult to determine the location or source of the fault based on oil condition 

data analysis. The two types o f data complement each other and the joint use of them 

would lead to better fault detection results. However, both sources are often severely 

tainted by various noises and thus the benefits of joint application o f the two may never 

be materialized without proper de-noising.

The main approach in vibration based condition monitoring technique is based on the 

analysis o f the vibration data acquired through the accelerometers mounted on or near the 

critical mechanical components. Bearings are among widely used and probably the most 

critical elements. As such, bearing fault detection and diagnosis has been the subject of 

extensive research (McFadden and Smith 1984a, McFadden and Smith 1985, Antoni and 

Randal 2006, McFadden and Smith 1984b). Several designs are available for bearings but 

all follow the same principles (Harris 1984). Figure 1.1 shows the building blocks and the 

geometry of a bearing (Braun 1986).
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1 Introduction 2

O uter Race

Inner Race,

R oller

Figure 1.1 Bearing Geometry

Bearing faults usually appear as cracks or spalls on the surfaces o f the bearing especially 

on the roller, outer race or inner race. Figure 1.2 shows examples o f such faults (Kotzalas 

and Harris 2001, Qiu et al 2003).

Figure 1.2 (a), (b) Ball and roller bearing inner race defects (c),(d) roller and ball defects 
(e) outer race defect (Kotzalas and Harris 2001, Qiu et al 2003)

When these faults come in contact with mating surfaces during the operation o f the 

bearing, they generate impulses which are the main features to be detected through

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



1 Introduction 3

vibration analysis. The frequency of repetition of these impulses called “fault 

characteristic frequency” can be related to the rotational frequency o f the shaft and the 

geometry o f the bearing. These relations are provided below (Braun 1986. Ericsson et al 

2005).

/ c= y  O-O + yO + O

f h = ^ - Q - 0 Q  + 0 ( f„ r - f , r)2dr

= a h ( f n. - f L.)

where <^= — coscr, f or and /  are outer and inner race rotational frequencies
d r

respectively, a , dh,d p , f h and f t are defined in Fig. 1.1, f  to and f u are outer and inner 

race fault characteristic frequencies respectively.

A comprehensive analytical model for the vibration of a roller bearing with a single fault 

has been described by McFadden and Smith (1984a). Comparing the analytical model 

with the measured vibration may lead to an effective method for fault detection. For this 

purpose, the fault features should be made evident via proper signal processing means as 

the measured signals are often contaminated by intensive noise, especially when these 

faults are at their early stages of development. As a result, a major step in fault detection 

is de-noising. One such de-noising method is filter based. With this approach, high SNR 

frequency band of the vibration signal passes through the filter whereas other frequency 

components are eliminated. Consequently the filtered signal should display the features 

o f a faulty bearing more clearly. Bandpass filtering is also applied as a pre-processing 

step in the high frequency resonance technique (McFadden and Smith 1984b).

Besides the filter based de-noising, decomposition based de-noising such as the “soft- 

thresholding” method proposed by Donoho and Johnstone (Donoho and Jonestone 1994. 

Donoho 1995) has also been used for bearing vibration de-noising (Lin and Qu 2000). 

Though the comparison of the two methods seems in favour of the filter based approach
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(Qiu et al 2003, Qiu et al 2006), its performance largely relies on the proper selection of 

parameters, i.e., the center frequency and the bandwidth of the filter. Several studies have 

attempted to address related issues by choosing proper parameters o f a daughter Morlet 

wavelet and by applying the wavelet filter based de-noising method (Nikolaou and 

Antoniadis 2002, Qiu et al 2003, Lin and Zuo 2003, Qiu et al 2006).

Oil debris monitoring is another method to assess the health condition of machinery. In 

off-line oil analysis, oil samples are collected and analysed in laboratories. The analysis 

results can provide information about the health state of the mechanical components. 

Another approach uses a chip detector that utilizes magnetic capture to collect the 

metallic debris. An alarm system notifies the operator when the amount of collected 

debris passes some predefined threshold (Dempsey 2000, Miller and Kitaljevich 2000).

ODM (Oil Debris Monitor) is another on-line oil condition monitoring system. It is 

installed on the lubricating oil lines and provides a full flow passage way for the 

lubricating oil. It can detect metallic particles contained in the oil that pass through it 

(Industry Canada, 2007). This sensor generates a signature similar to a full period of a 

sine function with each metal particle passing. By processing the output signal it is 

possible to estimate the level of wear of the mechanical components.

This sensor has shown superior performance compared to the traditional magnetic chip 

collector. In contrast to the chip collectors this sensor is also sensitive to non­

ferromagnetic particles. In addition, it does not require periodic inspection or cleaning 

(Miller and Kitaljevich 2000). However, like any other measuring devices the 

performance of the sensor is also affected by the noise and interferences which mask the 

signatures o f interest. The interferences are due to vibrations of the structure where the 

sensor is mounted and manifest as addition of a combination of modulated sinusoidal 

signals to the sensor output. This masking effect leads to malfunction of the wear 

estimation system, either causing false alarms or leaving faults undetected. Research on 

this topic, except some studies carried out by a few researchers in our lab, has not been 

reported in the accessible literature.
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1.2 Proposed study

1. Design o f  an efficient de-noising algorithm to enhance the vibration signal measured 

from  faulty bearings

In this study, we propose a new criterion to specify the center frequency and bandwidth 

of a bandpass filter by adjusting the scale and shape factor of the Gabor wavelet. The 

Gabor wavelet is used because of optimal time and frequency resolution (Mallat 1998). 

The proposed criterion is reflected by the smoothness index, SI, which is the ratio of the 

geometric mean to the arithmetic mean of the wavelet coefficient moduli. It will be 

demonstrated that the envelope of the bandpass filtered signal or the modulus of the 

wavelet coefficients follows Rician distribution. This result is later used to prove that the 

SI converges to a constant number (0.8455...) in the absence of mechanical faults or 

when the SNR of the vibration signal is very low. It is also shown that the SI value 

decreases in the presence of fault signatures with properly selected parameters. As our 

purpose is to detect or reveal the fault signature, the selection of the Gabor wavelet 

parameters can be guided by the process of minimizing SI.

However, this approach is based on an assumption that the most impulsive components of 

the measured vibration are due to mechanical faults. This assumption may not be valid in 

general whereas a coloured noise, electrical interference or any other signal components 

not of our interest may show similar impulsive features. One example is the EMI (Electro 

Magnetic Interferences) from the PWM (Pulse Width Modulation) AC controllers which 

are usually used in CNC machines. On the other hand, the proposed method requires a 

global search for the minimum SI calculated for all combinations of wavelet parameters 

on the chosen discretized ranges which is a computationally demanding task. Though the 

computation time required by the method does not pose a major problem while a sudden 

breakdown o f the bearing without any earlier warning is not expected, reducing the 

computational complexity of the algorithm can increase its reliability and applicability. 

For these reasons a novel scale selection method is proposed. In this method we use our 

knowledge o f the fault signature and the consequent resonance frequency excitation
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phenomenon. The best shape factor is then found in a separate step by minimizing SI at a 

chosen scale.

Furthermore, through bandpass filtering the signal, the in-band noise with frequency 

content in the range covered by the bandpass filter is not eliminated. As a result, the 

performance of the wavelet filter based de-noising method deteriorates as the background 

noise intensity increases. This deterioration goes to the point where the wavelet filter 

based de-noising method does not provide considerable enhancement in the quality of the 

vibration signal. In order to improve the efficiency of the method, spectral subtraction is 

applied prior to bandpass filtering. Spectral subtraction has been used to enhance the 

speech signals degraded by additive noise (Lim and Oppenheim 1979). It has also been 

used in mechanical fault diagnosis to improve the sensitivity of scalar indicators (e.g., 

crest factor and kurotsis) (Dron, Bolaers and Rasolofondraibe 2004).

In this work the spectral subtraction technique is used to reduce the intensity of the 

background noise that is uncorrelated with bearing vibrations in order to find an 

approximation of the bearing vibration plus the vibration generated by other sources like 

shaft imbalance, gear meshing, etc. This partly purified signal is then bandpass filtered in 

order to eliminate the noise due to vibrations of the other machinery elements. The 

proposed method leads to improvements in both the final result of the process and the 

capability o f the wavelet filter based de-noising method for lower SNR vibration signals.

2. Development o f  an algorithm to eliminate some interfering vibration signal in oil 

debris sensors

In the final part of this work the problem of interferences affecting the output of oil 

debris sensors is addressed. To the best o f our knowledge, this problem is investigated in 

Manufacturing Systems and Machine Health (MSMH) Lab at the Department of 

Mechanical Engineering of University of Ottawa for the first time. Adaptive Line 

Enhancement is applied to remove such noises and clean the signature of the passing 

metallic particles. This approach uses the correlation between the measured signal and a 

delayed version o f the same data. This correlation is due to such interferences since the
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passages o f metallic particles follow a random pattern with no correlation between the 

corresponding output signatures. The proposed method removes the interferences due to 

the vibrations and leaves the signatures of the passing metallic particles intact. 

Accordingly, more reliable wear estimate can be expected.

1.3 Organization of the thesis

This thesis is organized as follows. Chapter 2 provides a review o f different de-noising 

algorithms used to enhance the vibration signals measured from faulty bearings and 

gears. This chapter also presents a brief comparison between two major de-noising 

algorithms namely filter based and decomposition based. This is followed by a review of 

existing approaches to the selection of the wavelet parameters for wavelet filter based de- 

noising and their limitations. Chapter 3 presents a new method for wavelet parameter 

selection. This chapter starts with an explanation of envelope detection. Ratio of the 

geometric mean to the arithmetic mean is presented and its implication on parameter 

selection is addressed. The drawbacks of the proposed method are explained in chapter 4. 

In this chapter a novel scale selection method is proposed to improve the robustness and 

applicability o f the proposed de-noising algorithm. Later the concept of spectral 

subtraction and its application in performance enhancement of the wavelet filter based 

de-noising is investigated. The proposed de-noising method is evaluated using 

experimental data. Chapter 5 deals with the problem of interfering signals that affect the 

performance of the oil debris sensors. The nature of such interferences is explained and a 

possible solution through adaptive noise cancellation is explored. Adaptive Line 

Enhancement (ALE) technique is proposed to mitigate the problem and results are 

provided for both simulated and experimental data. Chapter 6 concludes this work and 

presents suggestions for future research.
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2 Review of De-Noising Methods 8

Chapter 2: Review of De-noising Methods

The vibration generated by a single faulty mechanical element is expected to follow some 

known patterns and can be modeled. The knowledge of these patterns would help us 

construct a health condition monitoring system. However, when such components are 

installed as part of a complex system it would be difficult to use the same health 

assessment techniques without additional modifications. In other words the fault 

detection and diagnosis schemes should be tailored for every single application. To 

develop an effective machine health assessment method, availability of proper signal 

enhancement techniques is very important. These techniques remove noise and 

interferences which are defined as any signal component other than the vibration signal 

generated by the faulty mechanical element. As explained in the introduction, two major 

de-noising approaches, namely, decomposition based de-noising and filter-based de- 

noising methods, have been used to enhance the vibration signals measured from faulty 

bearings or gears. In the following sections, we provide a review of these de-noising 

schemes which is preceded by a brief introduction to wavelet transform.

2.1 Wavelet transform

The wavelet transform as a specialized field can be traced to the work of Grossman and 

Morlet (Grossmann and Morlet 1984). Their work was motivated by the possibility of 

expressing certain seismic signals as a combination of translations and dilations of an 

oscillatory function called wavelet (Rao and Bopardikar 1998).

2.1.1 Continuous Wavelet transform

The continuous wavelet transform (CWT) o f f t )  with respect to a wavelet y/{l) is defined 

as (Mallat 1998, Rao and Bopardikar 1998):

(2 - 1)

where 5 and u are real and asterisk denotes complex conjugate.
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Equation (2-1) can be written in a more compact form by using:

V',,„(0 = - t=V'(— ) (2-2)

If the mother wavelet i//(t) satisfies the admissibility condition, such that

C s f  dco,0< C  <oo
J-co |<y|

then

/  ( 0  =  7 7  J "  f  r V ^  ^ ^ ^* /= - < * >  J ) = - C C  L ,

In other words, the original time signal can be reconstructed using the wavelet 

coefficients calculated in the transform given by equation (2-1).

2.1.2 Orthogonal Wavelets

Orthogonal wavelet transform provides a non-redundant wavelet representation. The 

wavelet transform is given by:

( f  ,y / ( T 't  - n ) )  = - j =  £ / ( / ) j / ( 2 ~ ' /  -n )d t  (2-4)

where (y/(2~k t -  m ),y/{2~'t - n ^ - O  for m * n or j  k .

Then
CO CO

<2 - 5 >
j  = - c c  /; = —cc

V// n = -^ = i / / ( T Jt - n )

As can be seen, a discrete number of wavelet coefficients are required to reconstruct the 

original function^/).
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2.2 De-noising

2.2.1 Wavelet filter-based de-noising

The convolution o f two signals h(t) and x(l) is defined as:
cc

h(t)*x( t)  = jh (r)x(t - r ) d r (2-6)
-o c

According to this relation and considering equation (2-1), we have (Rao and Bopardikar 

1998):

Denoting Fourier transform of a function with respect to the variable x  by Fx, we obtain:

According to Eq. (2-8), for a fixed scale we can consider wavelet transform W f s . u )  as

the output of a filter with impulse response ^ * 0(-« )and  input /ft/). When proper filter

F J < 0( - “ )] *s used, this filtering process can result in a signal with higher signal to 

noise ratio.

2.2.2 Wavelet threshold de-noising (Decomposition based)

Equation (2-5) shows the reconstruction formulas for orthogonal wavelets. On the other 

hand, according to equation (2-4) the wavelet coefficients are the correlations of the 

function f t )  with the wavelet basis. With this interpretation we expect to see higher 

wavelet coefficient values on the intervals where f t )  has higher correlation with the 

daughter wavelet or in other words where the wavelet better describes the features of the 

function. Bearing this concept in mind, it is possible to construct an approximation of the 

original function using the larger wavelet coefficients. In this case the approximation 

function f m can be considered as a projection of the original function on the M  vectors

in l m (a collection of wavelets chosen from B = {#,,, }B)eiV for the reconstruction purpose 

Mallat (1998)):

Fu [Wf  (s, u)] = Fu [f(u)]Flt [ < 0 (-i/)] (2-8)
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(2-9)

where B = {gm }meA, is an orthonormal basis. f m can also be written as an inner product 

thresholding:

T  is the threshold value which defines lm. Considering the orthonormality of the wavelet 

basis, the approximation error will be the sum of the remaining coefficients:

To minimize this error, the indices in I m must correspond to the M  vectors having the

largest inner product amplitude |( / ,g „ ,) |. As mentioned before, these are the vectors that

best correlate / and thus can be interpreted as the main features o f f  (Mallat 1998). It is 

obvious that this error approaches zero as M  increases.

Following this concept, it is possible to discriminate between the available basis families 

according to their capability of condensing the major features o f f  in smaller number of 

large wavelet coefficients. In other words for properly selected basis family the error 

given in equation (2-12) goes quickly to zero as M  increases, providing that the

decreasingly sorted values | ( / , g m)|have a fast decay. More specifically, consider a 

dictionary D that is a union of orthonormal bases in a signal space o f dimension N:

(2 - 10)

where

(2 - 1 1 )

(2 - 12 )

Z)= U B'i

Each orthonormal basis is a family o f N  vectors:

As defined before the approximation error is:
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mel t
(2-13)

m e /,'

The basis family B" =  ̂ is a better basis than B y = [grm }ISmS(V for approxim ating/

if for all M  > 1: 

s a[M]<EA[M\

Using equation (2-13) the above condition can be written as:

v m > i, sK/.rt)^
m e/',', mel t .

Marshal and Olkin (1979) has proved that the above criterion is satisfied if and only if, 

for all concave functions O(w), the following is satisfied

2 > < ] > > f i g l

l l / l l 2

In practice, two bases are compared using a single concave function O (u) . In other words 

the cost o f approximating/in a basis B^ is defined by the sum:

C ( / ,B " )  = X<D

(  , , 2 \  
f ’g t

m —\

If the basis B" is a better basis than B " for approximating/then:

C ( / , B " ) < C ( / , B r)

This condition is necessary but not sufficient since we test a single concave function. 

Coifman and Wickerhauser (1992) found a best basis B" in D using Shannon entropy as 

the cost function. The entropy O(x) = - x  log(, x is a concave function for x > 0 and the 

corresponding cost is called the entropy of the energy distribution defined as:

(/> * :
w . b ) - S / t p  

« ,  | | / |
log. i / i r

(2-14)

It is important to note that these results do not hold for non-orthogonal bases in general.
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Now we can consider the problem of signal estimation in a noisy environment. The noisy 

signal Z[n\ is given as:

Z[n]=Y[n]+W  [«]

where lf\n] is the signal and W[n] is the noise. In the case of white Gaussian IT[n]. the 

energy of the noise is diffused across all frequencies and as a result over all the vectors of 

any orthogonal basis. With this fact in mind and following the previous discussions, 

estimation process can thus be optimized by finding a basis that concentrates the signal 

energy over a few coefficients. In other words it is possible to reconstruct the signal by 

using larger wavelet coefficients and discarding the remaining coefficients that are 

mostly related to the contaminating noise. This is the hard threshold de-noising approach 

where the thresholding function is given by equation (2-11). In the case o f coefficient 

selection approach given in equations (2-10) and (2-11), it is shown that minimum mean 

square error (MSE) is achieved when the following ideal selection threshold is applied 

(Mallat 1998):

The thresholding function can be considered in other forms as an attenuation rule where 

each wavelet coefficient is attenuated according to the noise variance. The following 

equation shows such a thresholding method:

It can be shown that the following thresholding function minimizes the MSE of the 

estimation (Mallat 1998).

In practice we cannot implement ideal attenuation and selection since we do not know the
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A hard thresholding is a coefficient selection procedure as given by equation (2-11) and 

produces a MSE that is larger than the ideal coefficient selection. Another approach for 

thresholding is soft thresholding rule where the threshold value is subtracted from the 

coefficients that are larger than the threshold T and as before the coefficients smaller than 

T  are set to zero.

Donoho and Johnston (1994) proved that in the case of Gaussian noise, it is possible to 

have an estimation error that is within a factor of l logjN  of an ideal selection error by 

applying the hard or soft thresholding rule and using an appropriate 

thresholdT,,, = a m yj21og(, N  . However, in this approach the noise variance crm should be

When the corrupting noise has white Gaussian nature it is possible to estimate the noise 

variance. For this purpose we assume that the original function has a relatively smooth 

behaviour. In this case the function to be estimated does not contain much high frequency

are mostly related to the additive white Gaussian noise. Then an estimation o f the wavelet 

coefficients variance can give an estimate o f the noise variance a. An estimator 

insensitive to large outliers is given below (Mallat 1998):

where Med stands for median.

2.3 Non-orthogonal wavelets for threshold de-noising

For the vibration signal measured from mechanical components like bearings and gears, 

the main fault features are the impulses generated due to the presence o f cracks or spalls. 

As a result, the main purpose o f de-noising is to make the hidden fault generated 

impulses visible and to eliminate the corrupting noise. Consequently, all the components 

in the measured signal other than the mentioned impulsive features are considered as 

noise. To perform the threshold de-noising explained in previous section, orthogonal

known.

information or in other words the wavelet coefficients corresponding to the finest scale
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wavelets should be used. As mentioned before to obtain better de-noising results, vectors 

o f the selected wavelet basis should be well correlated with the features o f the signal. In 

this case the chosen wavelet basis should contain vectors similar to the fault generated 

impulses. This characteristic is not well met among the orthogonal wavelets (Lin and Qu 

2000). However, disregarding the orthogonality constraint provides a wider range of 

selections o f wavelet basis. One such wavelet is Gabor wavelet that is also often referred 

to as Morlet wavelet. The real part o f this wavelet is shown in Figure 2.1a. An example 

o f a fault generated impulse due to the passage o f a roller over a crack on the outer race 

o f a roller bearing is displayed in Figure 2.1b.

Lin and his co-investigators (Lin and Qu 2000, Lin, Zuo and Fyfe 2004) used Morlet 

wavelet as the wavelet basis and applied wavelet threshold de-noising approach to de­

noise the vibration signal measured from both faulty bearings and gears. In their studies, 

a variation o f soft thresholding rule proposed by Donoho (1995), called “generalized soft- 

thresholding” and a thresholding rule based on Hyvarinen (1999) were applied. The 

results were reportedly better compared to the threshold de-noising results yielded by 

orthogonal wavelet basis.

(a) (b)

Figure 2.1 (a) Morlet wavelet, (b) Signature o f a faulty bearing
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2.4 Comparison of threshold de-noising and wavelet filter based de-noising

Qiu et al (2003, 2006) compared wavelet filter based approach with decomposition based 

de-noising method. They argued that though the threshold de-noising method performs 

very well on Gaussian noise and can almost achieve optimal noise reduction, there are 

still some issues which require further investigation. The first is how to select an 

optimum wavelet for a particular type o f signal. The second issue is how to select a 

threshold and develop a thresholding function for the reconstruction process. Despite the 

large variety o f threshold selection strategies (e.g., Donoho and Jonestone 1994, Donoho 

1995, Chang, Bin and Vetterli 2000, Hansen and Bin 2000), threshold selection in cases 

where prior knowledge about the data is limited is yet to be investigated. Finally the idea 

o f condensing the energy of the signal on a few wavelet coefficients works well only if 

signal is a smooth curve with little or no abrupt changes. However, for the measured 

vibration from faulty bearings or gears which usually consists of many impulses, a sparse 

wavelet representation is very difficult to achieve. In the studies of Qiu et al (2003. 

2006), they applied both de-noising algorithms to de-noise simulated signals and 

measured signals from faulty bearings. Their de-noising results have shown that the 

wavelet filter based method outperformed the threshold based method.

As explained before, the wavelet threshold de-noising method relies on the basic idea that 

the main energy of the signal can be concentrated in a few coefficients. The nonlinear 

thresholding techniques will then retain a few larger coefficients and discard the noise 

coefficients. It was also explained before that these large wavelet coefficients result from 

the high correlation between the signal and the daughter wavelet which is chosen so as to 

resemble the features of interest.

On the other hand, fault impacts usually excite natural frequencies of the bearing, sensor 

and structure. This excitation generates an interval of ringing or oscillations which damps 

out according to the damping characteristics o f the system. Considering this phenomenon 

and the fact that a short duration o f measured signal is often used for de-noising and fault 

detection, we do not expect very different excited resonance frequencies or damping
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characteristics for these fault signatures. As a result, it is not unrealistic to assume that 

almost all the fault generated impulses in one data set are very similar, affected by the 

same structural damping coefficient and composed of the same range of excited 

resonance frequencies.

In this case using a daughter wavelet at a specific scale we expect to see the large wavelet 

coefficients to repeat at the same time instants where the fault generated impulses are 

located in the original noisy vibration signal. The wavelet coefficients corresponding to 

one specific scale are the result of bandpass filtering the signal with the filter formed by 

the daughter wavelet. This explanation further justifies application of wavelet filter based 

de-noising method. However, the parameters o f the daughter wavelet such as scale should 

be chosen in a way that the filtering process results in a better realization o f existence of 

impulses and consequently better detection performance.

2.5 Review of parameter selection criteria in wavelet filter based de-noising

2.5.1 Previous studies on shape factor selection and their limitations

As explained earlier, a wavelet similar to the features of our interest is Gabor wavelet. 

This wavelet is defined as:

W{t) = ce-°1,1e'2̂

Using this wavelet, the parameter a  called shape factor may also be adjusted to improve 

de-noising performance. Nikolaou and Antoniadis (2002) applied wavelet filter based de- 

noising method with Gabor wavelet. In this work two parameters of this wavelet namely 

scale and shape factor were selected in order to achieve a better demodulation 

performance. Three criteria defined below were used to select the shape factor:

Shannon entropy
A/

E (a)  = - £ d t logd k (2-15)

where d k
< 'v > r
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Magnification factor

M N  max(CM ( / ', / ) )
cr(a )=-

where CM is the matrix formed by all wavelet coefficients and MN  is the number of the

elements in matrix Cw ,

and the ratio o f the two as a combined index

.SC ^  '  r - f  /  \E ( a )

These indices were calculated using all the wavelet coefficients. The shape factor that 

minimizes £(c) and maximizes cy(a) as well as /ic(o) was selected. According to 

(Nikolaou and Antoniadis 2002), all the indices provided almost the same result. This 

form of entropy given by equation (2-15) was first used by Lin and Qu (2000).

The magnification factor given above would be very sensitive to outliers in the data as its 

value is defined by a single maximum wavelet coefficient among all the coefficients. As 

a result, the presence o f a single large wavelet coefficient can lead to wrongful selection 

o f the shape factor. On the other hand, as explained before entropy as a concave function, 

given in equation (2-14), cannot be used for performance measurement o f non-orthogonal 

bases. However, another interpretation may justify application of the form given in 

equation (2-15) as a performance measurement criterion. Entropy En is defined for a 

discrete-value random variable X as (Hyvarinen and Karhunen 2001):

En (X  ) = P (X  = a ,)log  P (X  =a,)
/

where a, is a possible value o f X  and P (X  - a : ) is the probability o f the random variable 

X  taking value a, . Considering a function 

f  (P ) = —p  log p  for 0 < p  < 1 

One has

E n ( X )  =  - £ f { P ( X  =«, ) )
/

Figure 2.2 shows function f(p) plotted on interval [0, 1],
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Figure 2.2 The function f(p) plotted on interval [0,1]

As shown in Figure 2.2, the entropy is small if  the probabilities P ( X  = at ) are close to 1

or zero and larger for values in between. The entropy of a random variable can be 

interpreted as the level of information gained by the observation o f the variable. More 

random and unstructured random variables result in larger entropy values. If all 

probabilities are close to zero except one which will be closer to one there is little 

randomness in the variable. In other words the random variable is more structured. This is 

reflected in small entropy value. On the other hand if all the probabilities are equal, then 

they are relatively far from zero or one and entropy takes larger values. This means that 

the variable is random and unstructured.

A similar concept can be applied to a time series. In the case o f the wavelet coefficients, a 

few large wavelet coefficients are more suitable. Hence, the proposed criterion given in 

equation (2-15) may be used as a measure o f sparsity of the time series. Qiu et al. (2003, 

2006) also used this criterion for shape factor selection.

However, there is an important problem common to all these approaches. Selection o f a 

basis according to the above criteria matches the concept of decomposition based de- 

noising method as the final result is formed using the whole frequency content of the 

signal. This approach finds the best shape factor to match the whole frequency content of 

the signal covered by the selected scales while finally a specific frequency band will be 

chosen and other frequency components o f the signal are discarded. In simple words, 

through these selection criteria, the shape factor is chosen utilizing all the wavelet
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coefficients calculated at all pre-selected scales while finally one scale will be selected 

and the remaining scales will not be used in the de-noising process.

As we will explain later, the shape factor defines the bandwidth of the bandpass filter. 

Depending on the chosen center frequency or scale, this bandwidth should be adjusted. In 

other words, adjusting the bandwidth o f the bandpass filter disregarding the choice of 

center frequency may not be justified.

2.5.2 Previous studies on scale selection and their limitations

Nikolaou and Antoniadis (2002) selected the best scale in a separate step. They 

introduced two different variations for this purpose. In the first variation the demodulated 

signal was formed by the maximum value o f the absolute wavelet coefficients at each 

time translation index over all pre-selected scales. This approach was taken based on the 

assumption that different resonance frequencies might be excited each time a fault comes 

in contact with the mating surfaces. As a result, consecutive impulses might correspond 

to different frequency bands. In the second variation, a threshold is defined and at each 

scale the number of wavelet coefficients exceeding this threshold is calculated. The scale 

corresponding to the highest number o f wavelet coefficients that are larger than the 

threshold is chosen as the best scale. The experimental results on this work however 

reported similar outcomes through both approaches. This result indicates that the 

assumption that similar resonance frequencies are excited due to consecutive impulses is 

valid. The first approach accentuates the magnitude of wavelet coefficients. This 

approach may not work well in the presence of other vibration components or when the 

incipient fault signal is very weak. In the second variation a single threshold value is 

selected based on the mean and standard deviation of the modulus o f all the wavelet 

coefficients. This approach again leads to misleading results especially for the weak 

signatures o f incipient faults.

In the works by Qiu et al. (2003, 2006) scale selection was performed based on the 

periodicity criterion defined by the singular values of the matrices formed by the wavelet
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coefficients. In simple words, a scale resulting in the wavelet coefficients that display the 

highest periodicity was selected as the best scale. This selection criterion is based on the 

assumption that the most periodic component of the vibration signal is the vibration 

resulting from consecutive fault impulses. This approach however may raise questions 

while vibration signals measured from rotating machinery contains other periodic 

components like gear meshing or shaft imbalance. Furthermore, roller slippage may 

occur in practice which affects the level of periodicity of the generated impulses. In this 

case, building the whole de-noising process based on the periodicity assumption may 

cause misleading results.

Lin and Zuo (2003) proposed to find the best scale-shape factor combination by 

maximizing the kurtosis. In their work the vibration signal measured from faulty gears 

were de-noised. Kurtosis can be considered as a measure o f non-Gaussianity (Hyvarinen 

and Karhunen 2001) of the filtered signal. Hence the most non-Gaussian frequency band 

of the signal is passed through the filter and other frequency components are eliminated. 

This approach is based on the assumption that the most non-Gaussian portion of the 

measured signal corresponds to the vibrations generated by the faulty bearings or gears. 

This however may not be valid in general while some electrical noise, interference or 

signal component may also have similar non-Gaussian characteristics. On the other hand, 

it is reported that kurtosis is very sensitive to outliers in the signal (Hyvarinen and 

Karhunen 2001). Furthermore, this approach, like other previous methods, requires 

examination of all available scale-shape factor combinations to select the best pair, which 

is time-consuming and may not be suitable for on-line applications.

Though the above has revealed some limitations of the existing selection criteria, they do 

have their merits. It is very difficult to completely reject an existing method and to design 

a new one that outperforms all the other selection algorithms in all aspects. One approach 

may not be successful in certain circumstances but may outperform other selection 

algorithms in other cases. In the following two chapters, a new wavelet parameter 

selection algorithm is proposed. The main goal is an efficient and exact selection method 

which keeps its high performance regardless o f the working conditions.
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2.6 Summary of existing methods for wavelet parameter selection

2.6.1 Shape factor selection

1 - Entropy minimization.

This approach finds the best shape factor to match the whole frequency content 

o f the signal covered by the selected scales. Finally a specific frequency band 

will be chosen and other frequency components of the signal are discarded

2- Kurtosis maximization

This method requires a global search for proper parameters and is very sensitive 

to outliers in the data.

3- Magnification factor maximization.

4- Maximization o f a combined index formed by Shannon entropy and magnification 

factor.

Criteria (3) and (4) are both very sensitive to outliers in the data.

2.6.2 Scale selection

1- Scale with highest number o f wavelet coefficients exceeding some threshold.

This may not work very well for weak signatures o f incipient faults.

2- Scale with the highest periodicity o f corresponding coefficients.

This approach assumes that the most periodic component o f the signal 

corresponds to the faulty bearing vibration while there are other periodic 

components in the vibration signal measured from rotating machinery.

3- Kurtosis maximization.

It requires a global search for proper parameters assuming that the most non- 

Gaussian component of the measured signal corresponds to faulty bearing 

vibrations which may not be true in general.
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Chapter 3: Wavelet Parameter Selection in Signal De-

Noising and Fault Detection

As reviewed in Chapter 2, the filter-based de-noising method compares favourably with 

the threshold-based method (Qiu et al 2003, 2006). However, the performance o f this de- 

noising scheme is greatly affected by the wavelet parameters, i.e., the scale and shape 

factor. The scale defines the center frequency o f the corresponding filter and the shape 

factor defines the bandwidth. An efficient selection method can boost the performance of 

the health assessment unit considerably. Therefore, this chapter focuses on the wavelet 

parameter selection problem in the filter-based de-noising method.

3.1 Envelope Detection

In this work we choose Gabor wavelet as the mother wavelet. This wavelet is obtained 

through frequency modulation o f a Gaussian window. Gaussian windows are used 

because o f their optimal time and frequency energy concentration, proved by the 

Heisenberg Uncertainty theorem (Mallat 1998). Gabor wavelet is defined as:

(3-1)

In this study, constant c is chosen as:

(3-2a)

so that:

(3-2b)

To elaborate on this, J Re(^/(t))2 dt is written as:

j* Re(lT(0) dt = [ce ' cos2jrf0t^  dt = c2 J°
, „ 2 , 2  1  +  C O S 4  T t f J  ,  e-2ai ----------- JQ_dt

2 (3-3a)

From (Gradshteyn and Ryzhik 2000) the above statement can be expressed as:
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— - 2 (xf„Y r —
2 I  7 1+ e

2a 2a 2 (3-3b)

Similarly:

£ l m ( ^ ( 0 ) " ^  = [ ] f e ~ aV sin2 7rf0t ]  dt = c 2 J V 2ffV 1~ cos4^

-I 2

J° e~2° ' dt -  |°  e~2a'r c o s4 ^ 0/J/J  = -y-
n

2
>2

dt

2 a 2
- e

n
\ 2 a 2

(3-3c)

The last term inside the bracket in Eqs. (3-3b) and (3-3c) is very small for f 0 > 1

and a  < 1, which can be neglected. Hence, for c = 8a
the above leads to:

JR.e(y/(t))2dt * Jlm( (̂/))2̂  =  1

According to Eqs. (2-8) and (3-1), one obtains: 

Fu[W(s,u)\ = 4~sFuU { u ) W ( s f )  

where (//(/) is the Fourier transform o f (//(/) obtained by:

(3-3d)

(3-4)

^ ( / ) =  f c e - ^ e ' ^ e - ' ^ d t ^ c j ^  e ' ( «rj X y "/ o ) (3-5)

Equations (3-4) and (3-5) show that the wavelet transform at a constant scale acts like a 

bandpass filtering process with a Gaussian filter. As explained before, for the properly 

selected bandwidth and center frequency, this process results in a signal with higher 

signal to noise ratio. The bandwidth o f this filter is adjusted by the shape factor a and the 

center frequency is adjusted by the scale s as illustrated in Figure 3.1.
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S]< s2< s3< s4< s5

o=Constant

Q. s,

0.5 2.5
Frequency (rad/s)

id
'c
3

>%L-(C

0̂
<U
T33+j
a .
E<

a 2<  a 3<  <r4 

v=Constant

l / >

0 0.5 1 1.5 2 2.5
Frequency (rad/s)

(b)

Figure 3.1 Gabor wavelet in frequency domain for (a) fixed shape factor and different 
scales (b) fixed scale and different shape factor

On the other hand, according to Eq. (3-5) the filtered signal is analytic for W o ? » 1

(Mallat 1998). Therefore, the modulus of this analytic result provides the envelope of the 

band pass filtered signal (Mallat 1998, Nikolaou and Antoniadis 2002). Denoting the
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Gabor wavelet transform of a signal XO at scale s and shape factor a  by W } ” (u) , the 

envelope o f the bandpass filtered /(Y) is obtained by

K r  (»)| = y /Re( fV^(u ) f  +lm(fV;'er(u ) f  (3-6)

This envelope will later be used in the de-noising process.

3.2 The G/A ratio

The geometric mean o f a series is defined as:

G, =
V «=i

for a positive time series S(n) {n =1, 2 N). Similarly the arithmetic mean of the series

is:

w=l

The ratio o f the two, r(i/A, is therefore

r a , A  =■ (3-7)

As Ax > G y (Abramowitz and Stegun 1972) (Equality only holds when .S’fn] = S[m] for all 

m and n), rQtA is always between zero and one for a positive time series. The geometric 

mean can be rewritten as follows:

(  1 N

G' = ex P|

Then for a continuous function of time, one has:

(3-8)

exp ”  Jln( / ( t  ))dt

-  \ m d t

(3-9)

where/(t) is defined over [0,7],
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An important property of G/A ratio is that it approaches unity for flat functions and zero 

for peaky functions. In an extreme case, rG/A =1 if f t )  = constant and r(UA « 0 when f t )

is highly impulsive in nature. The G/A ratio has been used as a measure o f spectral 

flatness in speech signal processing (Markel and Gray 1976, Kay 1979).

3.3 The smoothness index and rationale of using it for parameter selection

As mentioned earlier, wavelet transform is to be used as a bandpass filter for noise 

reduction. The performance of such a filter depends on the selection of scale and shape 

factor o f the daughter wavelet. For properly selected scale and shape factor, wavelet 

transform will result in higher coefficient values in the time interval where the fault 

generated impulses are located and lower coefficients elsewhere. This way, we can 

magnify parts of the signal that are of our interest and suppress the other parts. In other 

words, it is expected that the modulus of the wavelet transform forms a more peaky 

function o f time when proper parameters are used. This is true when the vibration signal 

contains fault generated impulses. As such, the smoothness index defined below, can be 

used as a criterion to select the parameters, namely scale s and shape factor a. Replacing

More specifically, the best parameters s and a are achieved if rj(s,<r) is minimized. 

Figure 3.2 summarizes the steps of the proposed method.

f it)  in Eq. (3-9) by W sf 'a(u) given in Eq. (3-6) yields

T

(3-10)
T

T
§ W sf ’°(u)\du
0
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(^Measured Signal^)

Output the above result as 
the de-noised signal

Select discretized scale and 
shape factor ranges

Find the scale and the shape factor 
corresponding to the minimum SI

Wavelet transform the vibration 
data for every combination of 

scale and shape factor Find the real part of the wavelet 
coefficients calculated using the 

parameters found in previous step

Calculate the moduli of the wavelet 
coefficients and find SI for every 

combination of scale and shape factor

Figure 3.2 Flowchart of the proposed de-noising algorithm

3.4 Probability density function (pdf) of wavelet coefficient modulus

To assess the behavior o f the smoothness index, the statistical characteristics o f the 

wavelet coefficient modulus are required, which will be detailed in the following. The 

fault signature resulting from the fault generated impulse may be expressed as:

S(t) = A.e~p' cos(ffl00«(/) (3-H)

where [i is the structural damping coefficient, u(t) is a unit step function and coo is the 

excited resonance frequency. Due to the resemblance to a theoretical impulse, “fault 

generated impulse” or “impulse” is used interchangeably to refer to such signatures 

hereafter. Assuming such an impulse is generated each time when a fault comes in 

contact with the mating surface, we can model the measured vibration from a faulty 

bearing as a series o f impulses with period Tp which corresponds to the characteristic 

fault period:

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



3 Wavelet Parameter Selection in Signal De-noising and Fault Detection 29

M
V(t)= ^ A . e  P(' m7p) cosa)0( t - m T p) u ( t - m T p) + w(t) = v(t) + w(t) (3-12)

m =-M

where w(t) is continuous white Gaussian noise and v(t) is the impact vibration due to the 

fault and contains 2M+1 impulses. Wavelet transforming V(t) using Eqs. (2-1) and (3-1), 

one obtains:

1 . / - ' w , .
VS s

= £  Z  Ae~‘ P coso)0(t'-nTp)u(t'-nTp)-^=e ' ' dt' (3-13)
n= -M  "V $

f °  . C - ( - ) 2V - l ) 2- i — ( ' - o
+ w(t’) - = e  1 * dt

J-” Vs

Substituting
u  i t  i  ■> I k

£ ^ * 1  ntt' mT \ C —(—) ( / '—/) —/ (/ - 0
o Y j Ae r] c o s c o . i t ' - m T ^ u i t ' - m T ^ - ^ e  ' ' dt' (3-14)

m=~M v <S

into Eq. (3-13) yields:

C  P ° - ( —)2(/’- / ) 2
W ^ ( t )  = W ^ ( t )  + ~  \  w{t')e ' ' dt' (3-15)

Vs

where PFVV,<T (/) is the wavelet transform in the absence of noise. Decomposing the noise 

related component into real and imaginary parts leads to:

^  ^  S (3-16)
I* -(—)2o'-')2 c . 2n  

- i f  w(t')e v —j=sm —  (t'-t)dt'
J-<x> I .  CIs s

As both real and imaginary parts in the above equation are linear transforms o f Gaussian 

random variables, they are Gaussian random variables with zero mean and variance given 

by:
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V1 =var(Re(»';-"(/)))

-  var

= E

= E<

cos— ( t t ) d t '
sL ^ f s

r  / u c 2n . . . ,w(t')—f=e ' cos— ( t - t ) d t
y j s  S

c )2('-o2 2 n
f  w ( t ' ) - ^ e  ' c o s - ( t ' - t ) d t '

y j s

/ i.n c -<-)2('"-')2 2n . ,, . , „
w (/" )-= e  ' cos— ( t"-t)dt"

y j s  S

= E< £ £ « ( i w o ^ ' ;

y j s

c  - ( - ) 2(c-o2 2;r . . , c  -<-)2('"-o2 2;r
cos— { t ' - t ) —j=e ' cos— ( / " - f )cfr W/"

s y j s  s

c  -(- ) 2</’-/)2 2;r . . . c -(—)2('”-o2 2 n , „
cos— ( t - t ) —j=e ' cos— ( t - t ) d t d t

S y j s  S

where E  is the statistical expectation operator. In the above equation, if  t '  * t ”, 

■E[(w(/’)w(/”)] = 0 (w (f) and w(t”) are independent). For/’= t” , v 2 is given as follows:

„ 2 = varfR eflf;- </)))= f  E{Mt'Y}l-S=e
y/S

c H-fv-,)2 2 n  ,
cos— (t'-t)] dt'* 

s

var(w (/))£[-^=e '
c -<->2«’-o2 2 n

(3-17a)

cos— (t'-t)]2 dt' 
s

On the other hand, according to Eq. (3-2b),

f  cos— (t'-t)]2 d t '»  f  [ 4 - e ' ( ' ) (' " )2sin— (t'-t)]2dt'*]
J~oc y/S S ^  y j s  S

So one can write:

v 2 = var(Re(fEuVCT (/))) = var(w(/)) f  [~j=e
y/S

c -(-)V-<>2 2n l2 ,, 
cos —  (/ -/)] dt

s

var(lm(lF1('’<7(t)))= var(w(/)) J° [ ~  e < s *' ' sin —  (t'-t)]2 dt '« var(w(/))

(3-17b)

lyTs

According to Eqs. (3-15) and (3-17b), fVj,rT(t) is a complex Gaussian random variable, 

and the real and imaginary parts of this random variable have means Re(lEi:' fT(/‘)) and 

Im(J¥j a (t)) respectively and variance equal to the background noise variance.
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In order to form the envelope o f the wavelet transformed signal, we denote

Denoting the joint probability density function of X{t) and Y(t) by f XJ(x <y). the

cumulative probability distribution of Z(t), Fz(z), can be written as (Papoulis and Pillai 

2002):

The Leibnitz differentiation rule is used to find the pdf of the wavelet coefficient modulus 

as follows:

According to Eqs. (3-15) and (3-16), X(t) and Y(t) are affine transformations of 

independent Gaussian random variables. As a result, linear combinations o f the two or 

aX(t)+bY(t) are Gaussian random variables for all a and b. Consequently one can consider 

the joint normality for X{t) and Y(t) (Papoulis and Pillai 2002). For this purpose, Cxy is 

defined as the covariance of X{t) and Y(t), i.e.,

X(t)  = Re(iFI)’CT (/)) and Y(t) = ImQVya (t)) and obtain:

(3-18)

f x  y (*> y)dx  j one has:

and

so that

- y
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C xy  = —  f° f” E \w (t V  ' )( ' )( ' cos— (/ - O s in — (t”-t')dt ’dt" = 0
$  J-CO J-W 5 £

(3-20)

Therefore

f x A x >y)= ^ — r e2 nv
2v (3-21)

Now letting (Papoulis and Pillai 2002)

M{t) = >  c ( W r  (0 )2 + Im(lfvv’CT (0 )2 (3-22a)

y ( t ) = z(t) sin 0 (3-22b)

Re(PPj;v<T(/)) = /i(/)cos^ (3-22c)

Im(lf;-<T(/)) = /i(/)s in^ (3-22d)

and substituting Eqs. (3-21) and (3-22) into Eq. (3-19), one obtains

ji27rv~ J-yzco s#

- [ ( r c o s ( ? - / / ( / ) c o s ^ ) 2+ ( r s i n ^ - / / ( O s i n ^ ] 2 - [ ( - ; c o s < 9 - / / ( O c o s 0 ) 2+ U s in  <?-/;( Osin  ipf
' 2v22v2 + e rcos Odd

ze 2v

2nv
:v(t)cos(e-it> )lv2 o s(6 + ^)/y2

ze 2v

2 n v

n  7<K
( J * 2 e zv(<)cos(0-<ti)lv2 +  J T  ^ ( O c o s f t f - o l l / i ' 2^ ^

2V t2*
2 n v r r^(r)cos(0-^)/v ze 21'

7 I V

Z/i(f)COS(#)/V' dO

i.e.,

-(r2+//(02) /  ;

/ z<*) = - ------r ^ - / 0( ^ )  (3-23)
V V

where 7o is the modified Bessel function of the first kind and zeroth order (Abramowitz 

and Stegun 1972) defined as:

/„(*-) = -  [ e KC°m dO
71 *
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This is the expression for a Rician distributed random variable. Figure 3.3 shows this

distribution for different values of v 2 an d //(f). Letting H(t) =  ̂and a(t) -  and
v  v

denoting the pdf o f the random variable H(t) by/ hQi), Eq. (3-23) becomes (Rice 1945):

h 2+a(t)2

f H&) = he~ 2 l a(a{t)h) (3-24)
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Figure 3.3 Rician distribution for (a) v = 1 and different (b) /u(t) = 1

and different v

v=0.2
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3.5 Behavior of SI for different values of local SNR (a(f))

As shown in Eq. (3-14), Wv' a (t) is a periodic function o f time with period Tp. Hence, for 

a large M, the SI can be written as:

~(M+i)Tp

exp

r)(s,a) =

1
J , p (2M + 1)7;

exp }J-£{ln(Z(0))rfr
To1P

1
{M +1)7 _

(2M + l)Tr _Wr 

Replacing Z(t ) with H(t)v  in Eq. (3-25) leads to

P 0

exp

rj(s,a)

lnv+ \ ~ E  {ln(// (t ))}dt
o 1P

exp
r

P 0  * p  0

The above equation provides a general expression of SI. As mentioned earlier, the SI 

approaches zero for signals o f impulsive nature. However, the SI behavior should be 

analyzed when the signal is corrupted with background noise. More detailed analysis is 

given in the following.

(3-25)

(3-26)

3.5.1 SI behavior under low local SNR

For very low SNR, i.e., a ( f ) « l ,  the following holds (Abramowitz and Stegun 1972): 

m r o /o(a(^ ) = ?7TT = 1 ( 3 ' 2 7 a )a(t)h-> 0 1 ( 1 )

From the above result, when a(t) approaches zero, Eq. (3-24) can be written as

lim f H{h) = h e h/l (3-27b)
a(l )-»0 ‘

Equation (3-27b) is the expression of Rayleigh distribution. Considering Eq. (3-27b), Eq. 

(3-26) can be written as:

^ f f ) = e x p [ | | | p j  (3 28)
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where H  is a Rayleigh distributed random variable. As £{ln(//)}=  ^\n(h)he 2 dh,  the

following is obtained with a change of variable r = h2:

1 1 ~ r  1 r  

E{ln(H)}  = ln(Vr)Vr e 2 = — j£°In(r)e 2 dr = — jj°(In-  ̂+ In 2)e 2dr

1 r  r

f°In— e 2dr + In2 [°e 2dr _ 1
2 T in— e 2d — + 2ln2  f°e 2d —

4 J> 2  ■» ~ 4 * > 2  2 * 2
(3-29a)

= — [ - 2 / + 21n2] = - —y +—ln2 = - — y + ln—
4 2 2 2 \  2

where y  -  limj V-L-in(5) I = 0.5772156649...is the Euler’s constant.

In addition, the denominator of Eq. (3-28) can be written as (Gradshteyn and Ryzhik 

2000):

E { H } = [ h 2e~2dh = M (3-29b)

Substituting Eqs. (3-29a) and (3-29b) into Eq. (3-28) yields:

lim ri(s,a) =
a( O->0

1 f  ,  0exp r  + l n -
2 {  2 J = 0.845501287... (3-30)

According to Eq.(3-30), for very low SNR or in the absence of any faults where the 

vibrations behave randomly, the SI approaches a constant number.

3.5.2 SI behavior under higher local SNR

In this section we analyze the expected value and the expected logarithm of a Rician 

distributed random variable for a larger a{f). The mean o f such a random variable with 

distribution shown in Eq. (3-23) is (Rice 1945):

E{Z{t)} = v j 2 r ( h F }( ~ , (3-31)
'2  ' 2 2v2
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where 1F 1 is a confluent hypergeometric function (Abramowitz and Stegun 1972). 

According to (Abramowitz and Stegun 1972, Eq. 13. 1.5), iFi can be expressed as:

, ^ ( - - 1 - ^ )  = — ^  
2v2 r (3 //)

1 + 0 MO
vV 2v2 ,
v '  J

Substituting the above equation into Eq. (3-31), we obtain:

E(l) MO
v 2v J

MO
/

= M 0 1 + 0
v v

MO1+0
2v l ' ' ' 2 v l )

(3-32)

where 0(x ) is the order o f the argument x. In the above equation, the relation T(l) = 1 is 

used.

According to Eq. (3-32), as a(t) = increases the mean of Z(t) approaches /u(t) or the
v

modulus of the wavelet coefficients o f the noise free vibration signal.

Moreover, consideringa'(t) = ^j=)and H '{ t ) -  , Eq. (3-24) can be written as:
v2  V2

f H.(h') = 2h'ei ~(h'2 +a’U) )I0(2a'(t)h’) (3-33)

From the above expression we find the expected logarithm of H'{t) as follows: 

E{ln(H'(t))} = J ”2h'lnh’e~(h2 +a0)2)I0(2a'(t)h’)dh' = 2e~a(,)' | ° h'\nh'e~h'210(2a'(t)h')dh'

(3-34)

On the other hand I 0(2a'(t)h') can be expressed as (Abramowitz and Stegun 1972):

h m k + 1)

Substituting Eq. (3-35) into Eq. (3-34) leads to:

i {a \ t  )h ')2k

(3-35)

E{ln(H'(t))} = 2e~aV)2 £ h ' \n h ,e~h'1̂

= 2e~aVff ^

Letting r = h'2 yields:

dh'

* a \ t ) 2k 
f ^ k \ r ( k  + 1)

*Z?A:!r(* + l)

Inh'e~h'2h'2k+'dh'
(3-36)
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Inh'e h h'2k+]dh'= |° ~ ln re rr k4r -^=dr  = ^ ^ \ n r e  rr kdr 

The following can be obtained from Eq. (4.352.1) in (Gradshteyn and Ryzhik 2000):

-  |° In re~rrkdr = - F ( k  + 1)T(A: +1) (3-37)
4 * 4

w hereT («)is the Euler’s psi function defined as T («) = - y  + and / a s  mentioned
n-1

k = I

before is the Euler’s constant. Replacing the integral o f Eq. (3-36) with Eq. (3-37) leads 

to:

1 -aV? ^ a \ t ) 2k'¥(k + i)oo 1

+ w ♦1) h s (3-38)

It is proven in (Lapidoth and Moser 2003) that:

- a \ t Y ,a '(0  ¥ (*  + 1) = ln(a'(02)-£i(-fl'(02) (3-39)
*=o k\

where Ei(x) is the exponential integral, defined as:

Ei(x) = -  f°—  dtJ-x t

Substituting Eq. (3-39) in Eq. (3-38) results in:

E{\n(H\t) )} = U n { a \ t ) 2) ~ E i { - a \ t f )  (3-40)

As a \ t ) 2 increases, the exponential integral in Eq. (3-40) approaches zero. Considering 

the relations a'(t) = ^ / I  and/ / '( / )  = ^ ^ 2 ,  one obtains:

T O r lnO  \ Ei

/ 2 \

V
,v V 2 ,

E{ln(Z(t))} = \n ( ju ( t ) ) -^E i
f

V UV2,
J

(3-41)

According to the above equation, as the local SNR or a(t) becomes larger, the expected 

logarithm of Z(t) approaches ln(/47)). Substituting Eqs. (3-32) and (3-41) in Eq. (3-25) 

yields:
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exp

770,<x) =

1 '  1 
Y  Jin ( M O ) - -  Ei

f  , N2 A
MO

P 0 \ V y j z .  yv  v v /

dt

j r  J >*(>)
P 0

f  r
1 + 0

v v

'M O '" 2'
(3-42)

\ v 4 i j
dt

J )

Though not very accurately but Equation (3-42) would provide us with some sense of the 

degree o f sensitivity o f the smoothness index to the background noise intensity.

According to this equation, as a{t) = ^ ^ -  increases, SI approaches its noise free
v

environment (pure impulsive vibration) level which is closer to zero due to the impulsive 

nature o f the faulty bearing vibration. This is also clear intuitively.

3.6 Effect of wavelet parameters on smoothness index

Figure 3.4a shows the wavelet coefficient moduli associated with different scales for a 

constant shape factor. These moduli are calculated for a single noise free simulated 

impulse. The scale corresponding to resonance frequency is 16. As one can see, the 

magnitude o f the wavelet coefficient modulus at scale 16 is the highest o f all the scales 

for all samples. Since noise variance remains constant as shown in Eq. (3-17b). the

local SNR, a{t) = increases and according to Eq. (3-42) the SI approaches its noise- 
v

free environment level. This was also expected intuitively — it is well known that the 

resonance frequency band corresponds to the high SNR frequency region.
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o=Constant
s=16
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^  Envelope
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Figure 3.4 (a) Wavelet coefficient modulus at different scales with fixed shape factor a, 
(b) Wavelet coefficient modulus for different shape factors at the scale associated with

the resonance frequency
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0.9

0.75

Scale

Figure 3.5 SI o f the wavelet coefficient modulus versus scale for different shape factors 
calculated based on the simulated signal (Figure 3.8a) with noise added (scale 

corresponding to the resonance frequency is shown by the vertical dashed line) (—  a1 
=0.07, V o2 =0.19, □ a2 = 0.31, * ^  = 0.61)

As shown in Figure 3.5, the lowest SI appears at a scale very close to the scale associated 

with resonance frequency which is in agreement with the above explanations. The effect 

o f shape factor o can also be explained in a similar manner. Figure 3.4b shows the 

modulus o f the wavelet coefficients at the scale associated with resonance frequency for 

different shape factor values. As one can see, by decreasing the shape factor, the 

magnitude o f the wavelet coefficient modulus increases in most o f sampling points 

whereas again according to Eq. (3-17b) the noise variance remains constant. As explained 

earlier, this in fact results in a higher local SNR. To illustrate, we consider Figure 3.6. 

Figure 3.6a and Figure 3.6b show the power spectral density (PSD) o f the simulated 

signal o f Figure 3.8a with different noise intensity levels. Figure 3.6 shows that 

increasing noise leads to a narrower high SNR band in the frequency domain. This means 

that a smaller shape factor should be chosen to make the bandwidth o f the filter narrower. 

However, wavelet transform is the weighted averaging and lowering the shape factor a 

increases this averaging effect which results in a flatter signal with a higher SNR. This 

phenomenon can also be seen in Figure 3.4b. Besides, this smoothing effect causes the 

neighboring impulses to alias. It should also be noted that the decrease in a has
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decreasing or advert influence on the wavelet coefficients through the constant c given in 

Eq. (3-2a). This effect is stronger for smaller shape factors.

Considering an extreme case where the bandwidth of the filter is extremely narrow (very 

small shape factor) and only the center frequency could pass, the corresponding envelope 

signal would be a flat function. On the other hand, for very large bandwidth (large shape 

factor) all the frequency components can pass through the filter and no noise reduction 

could take place. Hence the proper parameter is obtained when a desirable balance 

between the increase o f SNR and flatter time signal is achieved so that the fault generated 

impulses can be better identified from the result.

w
c
3

01

d)
T3
3

"q.
E<

0 0.5 1 1.5
Frequency

(a)
x 10
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1 1.5
Frequency

(b)

x 10

Figure 3.6 PSD of the simulated signal from Figure 3.8a: (a) SNR of -7 dB, (b) SNR of - 
13 dB. The frequencies between the vertical dashed lines indicate the approximate high

SNR band

3.7 Comparison of proposed SI minimization method with Kurtosis maximization 

criterion

The proposed Smoothness Index quantifies the impulsiveness of the bandpass filtered 

signal. A similar criterion is the Kurtosis value defined below:

* !" , ( S ) = 7 T T !-------------- V “ 3

V'/V «=i y

where S(n) is a time series and ju is the mean value. This index is a measure of non- 

Gaussianity o f a time series and has higher values for signals with higher level of non- 

Gaussian characteristics. As the time signals containing impulsive features are believed to 

form a non-Gaussian data set, this index has been widely used in fault diagnosis research 

also for wavelet parameter selection. However, as explained before this criterion is very 

sensitive to the outliers in the data. This sensitivity may lead the parameter selection 

algorithm to wrong frequency bands o f the measured vibration and consequently results
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in poor de-noising performance. Such a drawback o f the Kurtosis maximization criterion 

is more clearly shown in an example. Figure 3.7 shows an interval o f simulated white 

Gaussian noise. This data set also contains two large outliers, deliberately added to the 

data. As proved above, the ratio o f the geometric mean to the arithmetic mean calculated 

for the envelope of this simulated white noise should be very close to the constant 

0.8455. On the other hand the kurtosis value calculated for the same envelope should be 

close to zero. According to the results, as expected the rG/A calculated for the envelope

signal was found as 0.8453 while the kurtosis value was 9.194. The same indices were 

recalculated for the envelope o f the original simulated noise with no outliers in the data, 

ra/A was found as 0.8455 and Kurtosis value reduced to 0.252. This result shows the

considerable sensitivity o f Kurtosis to the outliers in the data which may be the result of 

noise or measuring flaws often encountered in practice. From this observation, it is 

reasonable to believe that the proposed Smoothness Index (SI) is a more robust criterion 

for fault detection and parameter selection.

15 

10 

<u 5*D D
"q_ 0
E
<  -5

-10

-150 2 4 6 8 10
Sample x104

Figure 3.7 Simulated white Gaussian noise with two large outliers included in the signal
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3.8 Performance assessment of the proposed index using the simulated data

3.8.1 Simulated signal and noise

A considerable amount of noise is added to the simulated signal shown in Figure 3.8a. 

The resulting signal is shown in Figure 3.8b. This signal is then wavelet transformed 

using Gabor wavelet at the scales corresponding to the range 0.04Fvv̂  < / <  0.25F\yq F\:yq 

is one half o f the sampling frequency (48000 Hz). This range is discretized with the step 

o f 50 Hz. The squared shape factor is also considered over the range 0.01 < a1 < 1 with 

the step o f 0.01. The real part o f the wavelet coefficients corresponding to the minimum 

SI achieved for scale s =15.9468 and o2= 0.1 is presented as the de-noised version of the 

simulated signal in Figure 3.8c. As expected, the best scale corresponds to the frequency 

o f 3010 Hz which is very close to the resonance frequency o f the simulated signal (3000 

Hz). Figure 3.8d illustrates the SI found for different s-<? combinations.

Q.

30002000
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40001000

(a)
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(d)

Figure 3.8 (a) Simulated faulty bearing signal at 48000 Hz sampling rate, 1739.4 rpm 
rotational speed, fault characteristic frequency = 3.5xrotational speed (Hz) and resonance 
frequency of 3000 Hz corresponding to scale 16, (b) Simulated signal with noise added, 
the resulting noisy signal has an SNR of -7, (c) De-noised signal using the scale and the 

shape factor corresponding to the minimum SI, (d) SI for different .v-rr2 combinations

3.8.2 Real bearing signal with additional simulated noise

To assess the performance o f the proposed method, we took real bearing signals sampled 

at 12000Hz (with faults on the outer and inner races) from (Case Western Reserve 

University bearing data center, 2006) and increased the noise levels. The signal-noise 

mixtures are shown in Figure 3.9a and Figure 3.10a. Their de-noised results are plotted in 

Figure 3.9b and Figure 3.10b, respectively. The fault generated impulses can be clearly 

identified in the de-noised signal and the time interval between two consecutive impulses 

matches with the characteristic fault frequencies of 107.30 Hz and 162.18 Hz for the 

outer and inner race faults respectively. Figure 3.1 la  and Figure 3.1 lb  show the SI values 

obtained for all combinations o f scale-shape factor.
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r„=0.0095
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(b)

0.075

Figure 3.9 (a) Measured vibration from a bearing with outer race fault (Case Western 
Reserve University bearing data center, 2006) with added noise, (b) De-noised version of 

the same signal using the parameters corresponding to minimum SI (Sampling rate:
12000 samples/s)
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Figure 3.10 (a) Measured vibration from a bearing with inner race fault (Case Western 
Reserve University bearing data center, 2006) with added noise, (b) De-noised version of 

the same signal using the parameters corresponding to minimum SI (Sampling rate:
12000 samples/s)
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Figure 3.11 SI of the vibration signals shown in (a) Figure 3.9a and (b) Figure 3.10a for

different s-(? combinations
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3.9 Experimental Evaluation

The proposed method was further evaluated using the vibration data measured in our lab. 

The experiment was carried out using a SpectraQuest Machinery Fault Simulator (MFK- 

PK5M) as shown in Figure 3.12. Two bearings (type ER10K) were used to support a 

two-mass rotor test kit. The two mass rotors were well balanced and are 2” thick, 4” in 

diameter and 11.1 lbs each. The rotors were fitted into a 5/8” steel shaft to provide the 

radial load. The simulator was driven by a 3-hp AC motor with a Hitachi controller 

(SJ200-022NFU). The shaft speed was set at 1326 RPM (22.1Hz). The left bearing has a 

pre-seeded single fault on the outer race (generated by SpectraQuest) with a characteristic 

frequency of 67 Hz (= 3.052/). A Montronix model VS 100-100 accelerometer with 100 

mV/g sensitivity and 1-12 kHz sensitivity range was used to measure the vibration signal. 

The signal was fed to an NI AT-MIO-16DE-10 DAQ card and then collected through 

LabVIEW. The signal processing was done using MATLAB on a Pentium® 4/2.52GHz 

PC.

Considering the fact that it may not be realistic to install an accelerometer in the near 

vicinity o f a bearing in an industrial setting, we mounted the accelerometer at a spot on 

the simulator base that is away from the faulty bearing (Figure 3.12). In addition to the 

rotor load, we also connected a gearbox to the driving shaft using a belt shown on the 

figure to generate more interference. The vibration data were acquired at 20000 

samples/sec. A portion o f the measured data is plotted in Figure 3.13a and is de-noised 

using the proposed method. To find the best (s-a2) combination that yields the minimum 

SI, we searched the scale range corresponding to the frequency interval [200, 6000] Hz 

and the o2 range from 0.01 to 1. The search step lengths were 50 Hz for frequency and 

0.01 for G2. The best (s-G2) combination was (23.53, 0.24) corresponding to the minimum 

SI o f 0.7467. The de-noising result associated with this (s-G2) combination is displayed in 

Figure 3.13b. As shown in the figure, the time interval between two consecutive impulses 

is about 0.015 seconds which precisely reflects the fault characteristic frequency 67 Hz as 

mentioned above.
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For comparison, the scale and shape factor values were also selected by maximizing the 

Kurtosis value. The (s-a2) combination associated with the maximum Kurtosis (8.8151) 

was (6.55, 0.5). The de-noising result is shown in Figure 3.13c. While some impulsive 

features can be seen from the result, no periodic component corresponding to the fault 

characteristic frequency o f the bearing can be detected.

AC Motor
Faulty Bearing Normal Bearing]

Couplinj

*///•////*
' / / / / / / / / / / •

^ ■"4 .

Figure 3.12 Experimental Setup
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Figure 3.13 (a) Measured vibration signal, (b) de-noising result using SI minimization, 
(c) de-noising result based on Kurtosis maximization (Sampling rate: 20000 samples/s)

3.9 Conclusion

A Si-guided search approach has been proposed to find the best combination o f wavelet 

scale and shape factor and hence the best Gabor daughter wavelet for de-noising 

impulsive signals. In this study, it is proven that the SI value approaches 0.8455 for data 

without impulse components or with extremely low SNR. It is also shown that the SI 

value decreases if  a proper combination of wavelet scale and shape factor is selected. The 

proposed method has been tested using both simulated and experimental data and 

performed very well. However, the proposed de-noising method has certain drawbacks. 

These drawbacks are associated with the proposed wavelet parameter selection criteria in 

particular and the wavelet filter based de-noising approach in general. Related issues are 

addressed in the next chapter.
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Chapter 4: Scale Selection and Spectral Subtraction

In the previous chapter a novel wavelet parameter selection method was proposed. This 

method performed very well as shown by the tests using both simulated and experimental 

data. However, there are some limitations that may adversely affect the de-noising 

results. These limitations are either due to the wavelet parameter selection criteria or 

inherited from the wavelet filter based scheme as a de-noising approach. These are 

discussed in the following sections and proper solutions are proposed. The final de- 

noising algorithm is presented thereafter in this chapter.

4.1 Drawbacks of the proposed de-noising algorithm

In chapter 3, a smoothness index (SI) was used to quantify the smoothness level for the 

envelope of the bandpass filtered signal. The SI value was treated as a measure of 

performance of the de-noising algorithm. Through the SI minimization process, proper 

center frequency and bandwidth o f a bandpass filter were found.

In this approach the term ‘proper’ refers to the parameters leading to a time signal with 

the highest impulsive nature which presumably corresponds to the fault generated 

impulses. This viewpoint may not be valid while there might exist other signal 

components with the same featuring characteristic but not related to the fault generated 

impulses. On the other hand, this process requires SI calculation for all combinations of 

scale and shape factor on the chosen discretized ranges which is obviously not 

computationally efficient.

Furthermore, wavelet filter based de-noising cannot eliminate the in-band noise or the 

noise with the frequency content that is the same as the frequency range covered by the 

daughter Gabor wavelet. This limitation affects the performance o f wavelet filter based 

method. In addition, as proven in chapter 3 when the noise intensity increases, the SI 

approaches a constant, 0.8455. As a result, in the presence of coloured additive noise, SI

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



4 Scale Selection and Spectral Subtraction 55

minimization process may direct the scale or the center frequency of the bandpass filter 

towards a wrong frequency band.

To tackle the above drawbacks, a new scale selection method is proposed to make the de- 

noising method less susceptible to other signal or noise components of impulsive nature. 

Furthermore, to improve the performance o f the filter based de-noising method, the 

problem of in-band noise is investigated and a spectral subtraction technique is proposed.

4.2 Scale Selection

This section presents a novel scale selection method. In this method, prior knowledge of 

the fault generated impacts and the corresponding resonance phenomenon is exploited. 

The proper shape factor value is then found in a separate step by minimizing SI at the 

selected scale. This method involves much less computational effort.

4.2.1 Scale selection based on instantaneous frequency

As shown in chapter 3, the best scale corresponds to the resonance frequency excited by 

the fault impacts. Accordingly, a resonance frequency estimation method would provide 

us with the proper scale value. The vibration signal from a faulty bearing is periodic. 

Each period contains two ranges: a resonance active range (RAR) and a resonance 

inactive range (RIR) as shown in Figure 4.1a and b. When the shaft speed goes up, the 

RAR length remains unchanged or increases due to the increased impact intensity. This 

observation suggests that the RAR will comprise an increased portion o f a period when 

the shaft speed increases (Figure 4.1a and b).
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Figure 4.1 Simulated faulty bearing signal at 12000Hz sampling rate and rotational
frequency of (a) 20 Hz and (b) 29 Hz

On the other hand, considering: 

f (J )  = a{t) cos <p(t),

the instantaneous frequency of j[f) is given by (p'(t) . The fault generated impulse can be 

modeled as:

S(t) = A.e~p‘ cos(tfy)«(r)
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where u(t) is the units step function. The instantaneous frequency found for the RAR 

would be the excited resonance frequency a>o- Hence, when the shaft speed increases, an 

instantaneous frequency that corresponds to the largest proportion increase can be 

identified as the resonance frequency. To implement the above idea, we form the 

empirical probability density of the instantaneous frequency for two vibration data sets 

measured from the same bearing at two different rotational frequencies. It is reasonable to 

expect the probability of the resonance frequency to increase more, compared to the other 

frequencies with an increase in the rotational speed. To show this idea more clearly, 

define (p"m (n) as the instantaneous frequency at sampling time nTs o f the vibration signal

measured at sampling frequency^- and rotational speed ojm and denote the empirical 

probability distribution of cp"m (n) (n = 1 ...Na) by Prsm( f )  given as:

Vx*(f) = —L
m J jV

N f =  number of samples with instantaneous frequency of <p'sm (n) = /

Na = total number of samples

Following a rise in the shaft rotational speed, the probability density change for each 

frequency will be:

A P r , ( / )  = Pr* ( / )  -  Pr,v ( / )  for ©,>©,. (4-1)

Then the resonance frequency can be identified as:

/„,■ = arg max [a Pr,^ ( / ) ]
/

where f rex is the estimated resonance frequency. The same concept can be applied for a 

decrease in the rotational speed.

Though the Hilbert transform is a simple approach for calculating instantaneous 

frequency (Cohen 1995), it results in a considerable error in discrete time domain and 

with the presence of noise. For this reason, the instantaneous frequencies are calculated 

as follows. In doing so, the mother wavelet is written as:
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(4-2)

It has been shown (Mallat 1998) that the wavelet transform of a signal defined as 

/ ( / )  = a(t).cos (p{t) can be expressed as:

where g {J )  is the Fourier transform of g(t), £ = —, and <p\t) is the derivative o f <p(t).
s

The corrective term s (u ,^ )  is negligible if a(t) and (p'(t) have small variations over the

support o f y/SM(t) defined in Eq. (2-2) and if <p'(t) > (A co is the bandwidth of the

mother wavelet). The latter is the condition for the wavelet transformed signal to be 

analytic. With the Gabor wavelet defined in Eq. (3-1) and assuming a proper shape 

factor, both o f the above conditions would satisfy. Neglecting the corrective term in Eq. 

(4-3) leads to:

According to Eq.(4-5), Eq. (4-4) reaches the maximum when £ = (p \u ) . In other words, 

it is possible to find the scale associated with the instantaneous frequency at time u by 

finding the scale corresponding to the maximum value of Eq. (4-4). Figure 4.2 shows a 

flowchart o f the proposed de-noising algorithm.

(4-3)

(4-4)
s

From Eq. (3-5), one has

(4-5)
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Figure 4.2 Flowchart of the proposed de-noising method
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4.3 Spectral Subtraction

As explained in previous sections, bandpass filtering the signal around the resonance 

frequency band results in a signal which better reflects the impulsive nature of the 

vibrations of a faulty bearing. However, a drawback of the above approach is that the in- 

band noise, i.e. the noise with frequency components in the range covered by the 

daughter Gabor wavelet is not eliminated through the de-noising process. Due to this 

flaw, the bandpass filtering will not result in considerable enhancement for signals with 

very low SNR. In other words, the fault impulses may not be clearly identified because of 

the strong in-band noise. To ameliorate the wavelet filter based de-noising method, 

spectral subtraction can be used prior to bandpass filtering. Spectral subtraction is a very 

effective approach for noise elimination. It has been widely used in speech signal 

processing (Lim and Oppenheim 1979) but is often overlooked in machinery fault 

diagnosis research. As a result, there are very few studies (Dron, Bolaers and 

Rasolofondraibe 2004) applying this method in the above mentioned area.

In this method the PSD (Power Spectral Density) of the noise is estimated and subtracted 

from the PSD of the raw data in order to find an estimate o f the PSD of the useful part of 

the signal. This estimate will later be used to reconstruct the purified signal.

Consider:

V(t) = v(t) + N(t) (4-6)

where V{t) is the measured vibration, v(/) is the faulty bearing vibration and N(t)  is the 

corrupting noise. Then:

| V(co) |2 =| v ( c d )  |2 + 1 N(eo) |2 +v(ry) JV*(a) + v*{o)).N{(o) (4-7)

In order to estimate| v(<y) |2, one needs to find an approximation o f the last three 

components in Eq. (4-7). Subtraction o f this estimate from the PSD of the measured 

signal yields an approximation of the PSD of the faulty bearing vibration. In speech 

signal processing, noise is uncorrelated with the speech. This fact makes it possible to

ignore the last two terms in Eq. (4-7). On the other hand, a good estimate o f | N(co) |2 can 

be found by analyzing the intervals where speech is not present (Lim and Oppenheim
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1979). However, none of these is applicable to the vibration signal measured from faulty 

bearings.

In this case the corrupting noise also contains the vibration from other sources (e.g. shaft 

imbalance, gear meshing, etc) which is not necessarily uncorrelated with bearing 

vibrations due to mechanical engagements. However, the fault generated impact usually 

excites a resonance in the system at much higher frequency than the vibration generated 

by other machine elements (McFadden and Smith 1984b). As a result, it can be assumed 

that the major part of the in-band noise consists o f the Gaussian background noise present 

in any measurement device. To elaborate, consider:

V(t) = G(t) + N 2 (0  = v(/) + A, (0  + N 2 (t) (4-8)

where V(t) is the measured vibration, v(t) is faulty bearing vibration, A, (t ) is the noise 

correlated with v(t) and caused by other vibration (e.g., shaft imbalance, gear meshing, 

etc.) and N 2 (t) is the Gaussian background noise uncorrelated with v(t) and A, (/). From 

Eq. (4-8), one has:

| V(co) |2 =| v(co) + A, (<y) |2 + 1 A 2 ( co) \2 (4-9)

According to this equation, with an estimate of| N 2(co)\2, \ G(co) \2 =| v(co) + A, (co) |2 can 

be approximated by:

\6(co)\2=\V(co)\2 -  \ f i 2(co)\2 (4-10)

where A 2 (co) and G(co) are estimates of A 2 (co) and G(co) respectively.

Given) G(co) \, an estimate of| v(<y) + A ,(co) | , to estimate v(r) + A ,(/) the phase

information is also required. Here it is assumed that the phase information is relatively

unimportant so that z(v(<y) + A, (co)) can be approximated by z {f (co)).

Bearing in mind that the main purpose o f the spectral subtraction in this context is to 

reduce the in-band noise which would usually correspond to a narrow frequency band, it 

is reasonable to assume that the Gaussian background noise N 2(t) is white. This

assumption will simplify the analysis since the PSD of such noise is flat over the

frequency domain and can be represented with a single value for all frequencies. As
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proven in chapter 3, the presence of white noise in the measured vibration signal leads to 

the larger values o f the SI closer to the constant 0.8455. It was also shown that the 

presence of noise causes larger SI and the elimination of this noise will lead to smaller SI. 

As a result it is expected to see this value decrease by reducing the intensity of the 

corrupting white Gaussian background noise. This can be done by subtracting a constant 

value from the PSD of the vibration signal for all the frequencies. Although this approach 

may also reduce frequency components other than that of the white Gaussian noise, it 

helps the hidden impulses to manifest in the final de-noised signal, which is the main goal

o f this spectral subtraction algorithm. A discretized range of values are

considered for| N 2((o) \2. The value on this range which minimizes the G/A ratio 

calculated for the envelope of the spectral subtracted signal is chosen as the best estimate 

for| N 2(0}) I2 • As Eq. (4-10) also yields negative values, it is modified as follows to 

ensure a non-negative result:

12 — | *Y / „ \  |2

G(o))\ = \V{(o)\ - 1 N 2(g>) | for\V(co)\2>\ N 2((d) \2 (4_n )

0 Otherwise

Finally v(t) + N ] (/) is estimated using: 

G(a)) =| G(cd) | . exp[/'.Z V(<y)] and

G{t) = F -i G{co) (4-12)

To examine the effect of approximating {co) + N x{(o)^ by z ( v  (fti)j, simulated faulty

bearing vibration signal corrupted by additive white Gaussian noise shown in the Figure 

3.8b was spectral subtracted. The signal is then reconstructed by applying the above 

phase approximation approach and using the phase information o f the original simulated 

signal without noise. The reconstruction results are shown in Figure 4.3c and d 

respectively. It should be noted that the results presented in Figure 4.3c and d are 

obtained by the spectral subtraction without using wavelet filtering. As one can see the 

difference is unnoticeable. This indicates that the spectral subtraction result is reasonably 

insensitive to the error in estimating the phase information. As the phase information 

would not be available in reality, the approximated phase information can be applied
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without causing noticeable problem in de-noising. The noisy signal and the original 

simulated signal are also shown for the same intervals on Figure 4.3a and b respectively. 

The comparison of Figure 3.8c and Figure 4.3c shows the superior performance o f the 

spectral subtraction in compare to the wavelet filter based de-noising. However, it should 

be noted that in this case the corrupting noise only contains the additive white Gaussian 

noise. In the presence o f interferences from other machinery components, wavelet filter 

based de-noising is also required as spectral subtraction alone would not be able to de­

noise the signal. As a result, the combination of wavelet filtering and spectral subtraction 

provides a robust de-noising technique. Following the spectral subtraction step, the 

reconstructed time signal given by Eq. (4-12) is bandpass filtered using the wavelet filter 

based de-noising method explained in previous sections to eliminate A , (/) .

0 1000 2000 3000 4000
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Figure 4.3 (a) Simulated signal plus noise, (b) simulated signal, (c) spectral subtracted 
signal using approximation of the phase information, (d) spectral subtracted signal using 

the phase information of the original simulated signal shown in part (b)

4.4 Experimental Evaluation

The proposed method is further evaluated using the vibration data measured in our lab. 

Experimental setup is the same as described in Chapter 3. The experiment is carried out 

using a SpectraQuest Machinery Fault Simulator (MFK-PK5M) as shown in Figure 4.4. 

The shaft speed was set at 630 RPM (10.5Hz). The left bearing has a pre-seeded single 

fault on the outer race with a characteristic frequency of 32 Hz (= 3.052f r). The signal 

was fed to an NI AT-MIO-16DE-10 DAQ card and then collected through LabVIEW. 

The signal was processed using MATLAB on a Pentium® 4/2.52GHz PC.

The accelerometer was mounted on the simulator base at a spot that is away from the 

faulty bearing and closer to the belt and the driven gearbox (Figure 4.4). The vibration 

data were acquired at 20000 samples/sec. A portion of the measured data is plotted in 

Figure 4.5a and de-noised using the proposed joint wavelet filtering and spectral 

subtraction method. To select the scale using the resonance frequency estimation
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algorithm, an additional vibration signal was acquired at 780 RPM (13Hz) rotational 

speed. Following the spectral subtraction, SI is minimized using the estimated scale and 

for a range o f values chosen for c?.

The proper (s-rr2) combination is found as (50, 0.32) and the minimum SI is 0.7398. The 

de-noising result associated with this (s-rr2) combination is displayed in Figure 4.5b. As 

shown in the figure, the time interval between two consecutive impulses is about 0.0313 

seconds which precisely reflects the fault characteristic frequency 32Hz. Figure 4.5c 

shows the de-noising result with spectral subtraction step eliminated from the algorithm. 

Though some impulsive features can still be detected from the result, comparison of 

Figure 4.5b and Figure 4.5c indicates that a better de-noising performance can be 

achieved by adding the spectral subtraction component to the bandpass filtering 

algorithm.

Gearbox

*Loads

M v e -  •st r f ” “3jl V-i  i l

Faulty Bearing Normal Bearing m Sensor

f e  J  Belt .

Figure 4.4 Test setup #1
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Figure 4.5 (a) Original measured vibration signal, (b) De-noised through the spectral 
subtraction followed by wavelet filter de-noising, (c) De-noising result obtained using 

wavelet filtering alone (Sampling rate: 20000 samples/s)

In another experiment, the two rotors are removed from the setup and faulty bearing is 

installed on the belt-end of the shaft. The sensor (accelerometer) is installed on the 

structure at a spot away from the faulty bearing as shown in Figure 4.6. Vibration signal 

was acquired at two rotational frequencies: 12Hz and 13.2Hz. The two data sets were fed 

to the resonance frequency estimation algorithm to find the proper scale value. A portion 

of the measured raw data from both cases are shown in Figures 4.7a and 4.8a and de­

noised using the proposed joint wavelet filtering and spectral subtraction. The de-noising 

results are shown in figures 4.7b and 4.8b. As one can see the proposed scale and shape- 

factor selection algorithms perform very well. In the de-noised results, the fault generated 

impulses can be clearly identified in both cases. The time intervals between two 

consecutive impulses are 0.0248 (sec) for Figure 4.7b and 0.0273 for Figure 4.8b which 

precisely match the fault characteristic frequencies of 40.3Hz and 36.6Hz respectively. 

Figures 4.7c and 4.8c show the de-noising result with spectral subtraction step eliminated 

from the algorithm. Obviously, the elimination o f this pre-processing step has once again 

led to a weaker de-noising performance.
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Figure 4.7. (a) Vibration signal measured at 13.2Hz rotational frequency, (b) De-noising 

result using spectral subtraction followed by wavelet filter de-noising, (c) De-noising 

result obtained using wavelet filtering alone (Sampling rate: 20000 samples/s)
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Figure 4.8. (a) Vibration signal measured at 12Hz rotational frequency, (b) De-noising 
result using spectral subtraction followed by wavelet filter de-noising, (c) De-noising 

result obtained using wavelet filtering alone (Sampling rate: 20000 samples/s)

4.5 Conclusion

Though the wavelet filtering method presented in Chapter 3 performed well, its 

performance deteriorates substantially when the signal contains in-band noise with 

frequency content identical to the frequency band covered by the daughter Gabor 

wavelet. In this chapter, a spectral subtraction approach is proposed to remove the in- 

band noise prior to wavelet filtering. The spectral subtraction is based on the assumption 

of white uncorrelated in-band noise. The power spectral density of such corrupting noise 

is estimated by minimization of the ratio o f the geometric mean to the arithmetic mean 

calculated for the envelope o f the spectral subtracted signal. The resulting time signal is 

then wavelet transformed to eliminate the interfering vibration signal resulting from other 

sources like shaft imbalance, gear meshing, etc. To find the proper scale value, the 

resonance phenomenon due to the fault generated impacts is utilized. Proper shape factor 

is then found in a separate step using the selected scale and by minimizing the 

smoothness index. The experimental result showed good performance of the proposed 

scale and shape factor selection algorithms. It also illustrated that the performance of the
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wavelet filter based de-noising method can be improved by pre-processing the signal 

using spectral subtraction. The proposed de-noising algorithm aims to enhance the 

vibration signals measured from faulty bearings. However, it should be noted that the 

same principles might be applied to vibrations of other machinery components as well. In 

the next chapter, enhancement of the signals measured from an oil debris sensor is 

investigated.
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Chapter 5: Interference Removal from Signals Collected 

by an Oil Debris Sensor

Besides the vibration analysis approach, oil debris monitoring is another widely used 

method for machine health monitoring. In this method wear severity o f machinery 

components can be assessed by analysing the lubricating oil and measuring the level of 

presence o f metallic particles. Such data can be collected through special sensors 

designed to detect passage of metallic particles as well as their size and nature. This 

information provides us with a direct perception of the degree of wear in the mechanical 

system. Maintenance decisions can be made by the comparison between such data and 

tabulated data measured from the same kind o f machinery at different health states. 

However, similar to the case of vibrations measured from faulty bearings, these signals 

are also contaminated by noise and interferences. This inevitably affects the performance 

of the wear estimation system. In the following sections the problem of such interferences 

is addressed.

5.1 Oil Debris Monitor

ODM (Oil Debris Monitor) is an on-line oil condition monitoring system. This system is 

installed on the oil return lines and before the oil filter to provide a full flow passage way 

for the lubricating oil. It can detect the metallic particles that pass through it (Industry 

Canada, 2007). The ODM was first developed for the monitoring o f the F22 Advanced 

Tactical Fighter engine. The operation of the ODM is based on sensing the 

electromagnetic disturbances caused by passing metallic particles. Figure 5.1a and b 

show the oil debris sensor. The output signature resulting from the passage o f a metallic 

particle is shown in Figure 5.2.

This signature is affected by the nature and size o f the passing metallic particle. The 

phase of the signature depends on the nature (ferromagnetic or non-ferromagnetic) of the 

passing particle and the amplitude depends on the mass of the particle for ferromagnetic
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metals and to the surface area o f the particle for the non-ferromagnetic metals (Miller and 

Kitaljevich 2000). Following the measurements using the sensor, the built-in software 

counts the number o f such signatures contained in the signal and estimates the size and 

nature o f each particle through the phase and amplitude of each one. As a result, an 

estimate o f the wear level could be achieved. If necessary an alarm regarding the health 

state o f the machinery would provide time for scheduled maintenance and consequently 

reduce the occurrences of unplanned production delays or in-flight shut-downs in the 

aircrafts (Industry Canada 2007, Miller and Kitaljevich 2000). The smallest particle that 

can be detected by the sensor depends on the sensor bore size. For VT’ sensors used in 

FI 19 engines this minimum size is 125 microns (Miller and Kitaljevich 2000).

FIELD
COILS

Figure 5.1 (a) Oil debris sensor, (b) Sensor cross section (Miller and Kitaljevich 2000)
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Figure 5.2 Sensor output in response to the passage of a metallic particle (Sampling rate:
8000 samples/s)

5.2 Interferences

Like any other measuring device, the performance of such system is affected by the noise 

or interfering signals. One such interference results from the vibrations o f the oil debris 

sensor. The effect of these vibrations on the output signal can be simulated as the addition 

of a combination of modulated sinusoids to the signal composed of the signatures of 

passing particles. Figure 5.3a shows the output of an oil debris sensor with consecutive 

passage of two particles and in the absence o f vibration interferences, sampled at 8000 

Hz. Figure 5.3b displays the expected output of the system in the presence o f structural 

vibrations. This was obtained by the addition of the simulated vibration interferences to 

the original signal o f Figure 5.3a. As one can see it is not possible to detect the passage of 

metallic particles using the noisy signal. An Adaptive Noise Cancellation (ANC) 

technique is proposed in this work to mitigate the problem.
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Figure 5.3 (a) The output o f the sensor due to two consecutive metallic particle passages 
(b) Output + 2sin (1400^/ )(l + cos(900;rt)) + 2sin (2000^/ )(l + cos(700;rt)) (Sampling rate:

8000 samples/s)
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5.3 Adaptive Noise Cancellation (ANC)

A filtering process designed to eliminate the noise and pass the signal components could 

provide a good approximation of the original signal. A similar approach was taken in 

previous chapters to increase the SNR o f the vibration signals measured from faulty 

bearings. These filters can be fixed or adaptive. A fixed filter can be designed when 

adequate prior knowledge about both signal and noise is available. However an adaptive 

system which adjusts certain parameters adaptively can compensate for the lack of such 

information.

The frequency content o f the particle signals are mainly dependent on the speed in which 

the metallic particles pass through the sensor. This is defined by the lubricating oil flow 

speed. The vibration interferences on the other hand depend on the vibrations of the 

structure where the sensor is mounted. Accordingly, it is obvious that both signal and 

interference attributes are totally dependent on the working conditions o f the machinery 

and can not be previously known for a proper filter design. Consequently, an adaptive 

system capable o f adjusting filter parameters according to the working conditions of the 

machinery is required.

Adaptive noise cancellation makes use of a reference input correlated with the corrupting 

noise. This input is filtered to find an estimate of the corrupting noise that minimizes the 

MSE. Subtraction of this filtered signal from the primary input results in a signal with 

higher SNR. Figure 5.4 shows the block diagram of the adaptive noise cancellation 

approach.
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Figure 5.4 Adaptive Noise Cancellation technique

Assume that s , n Q,n^ and y  in Figure 5.4 are statistically stationary and have zero means. 

Assume also that s is uncorrelated with n0 and n ] but n0 is correlated w ith n ,. The output 

z is

z =s +nQ - y

Squaring both sides of the equation and taking the expectation yields (Widrow et al 

1975):

£ { z 2} = £  {*’} + £  j(n0 - y  )2J + 2£ {■s(«0- } ’)}

= E  { i2} + £ { (« 0- y ) 2}

As the above equation shows, by minimizing E  j z 2 j the signal power E |.v2 j remains

unaffected and E  j(/70 - y  )2j approaches zero by proper adjustment o f the filter

coefficients. As a result, filter output y  represents an estimate of noise n0 in the minimum 

MSE sense. Let us consider the linear filtering process shown in the Figure 5.5.
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Figure 5.5 Adaptive linear filter

In Figure 5.5, x and w are input and filter weight respectively, y  is the output of the filter 

and d  is the desired output o f the filter. The purpose of this filtering process is to find an 

estimate o f a desired signal d  in the minimum MSE sense through linear filtering the 

signal x. Comparing this filtering process with the adaptive noise cancellation explained 

above, it can be seen that in the ANC (Adaptive Noise Cancellation) the primary input 

plays the role of the desired signal. Assuming linear filtering with weight vector W of

length Z, one has (Widrow and Steams 1985)
/.

y k = J jv ix k-i.+i
/ = i

The above equation can be expressed in matrix form as follows

y k =wxk‘

where X kT = [xk_L+i x k_l+2 ... x k ] and W r =[w, w 2 ... w A]

Accordingly

£k = d k - y k = d k - W TX k

ek2 = d k2+W TX kX kTW - 2 d kX k‘W (5-1)

Taking the expectation, one obtains

E { ^ }  = E { d l 1} +H' r E { x i X / } W - 2 E { d t X / } w  (5-2)

or
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E [ £ k2] = E \ d k2} + W r R W  - 2 P rW 

where

R = E [ X kX kr ] is the input correlation matrix and P =E  \ dkX k j is the cross

correlation between the desired response and the input components. The performance 

surface given in Eq. (5-2) is a quadratic function of the weight vector W (Haykins 2002). 

Taking the partial derivative of the MSE with respect to the weight vector W yields

Qp
A = ------- = 2R W  - I P

dW

When the weight matrix W is set at its optimum value, the above gradient is equal to zero 

and hence

W 0 -  R ~]P

The above equation is an expression of the well-known Wiener-Hopf equation. However, 

in practice matrices R and P are not available. For this reason, a stochastic gradient 

approach known as Least Mean Square method is applied here. In this approach the noisy 

gradient is calculated from a single realization of matrix X  and s  by taking the derivative 

of equation (5-1) with respect to W. In other words at each iteration in the adaptive 

process, there is a gradient estimation o f the form 

V* = - 2 s t X k

The corresponding steepest descent algorithm for filter weight matrix W update is defined 

as

Wt+, =Wk - p N k

w here//is a gain constant or learning rate that regulates the speed and stability of 

adaptation.

To apply ANC for interference removal from the output signal of the oil debris sensors, 

we need a reference signal correlated with the structural vibrations. Such reference signal 

can be collected from a vibration sensor installed on the structure where the oil debris 

sensor is mounted. Consequently, the signal measured from the vibration sensor would be 

well correlated with the corrupting interferences and can lead to successful enhancement 

of the oil condition data. However, this method requires the addition of a vibration sensor
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and related hardware to the system which should be avoided as it would considerably 

complicate the system.

5.4 Adaptive line enhancement (ALE)

Adaptive line enhancement was first applied to the classical detection problem of finding 

a sine wave in noise (Widrow and Steams 1985). The block diagram o f the method is 

illustrated in Figure 5.6. In this method it is assumed that there is no correlation between 

the noise samples. This approach is appealing because it uses a delayed version of the 

primary input as the reference signal. It is therefore particularly suitable for the oil debris 

sensor interference problem because no extra sensors and associated hardware are 

needed.

in p u t ►,-
0 -

Delay

L

A daptive
Filter

z Error

-►Output

Figure 5.6 Adaptive Line Enhancement technique

In the case o f oil debris sensor, it is expected that the passage of metallic particles follow 

a random nature and there should be no correlation between the corresponding signatures. 

On the other hand, it is reasonable to assume that the rate of change of the vibration 

nature o f any mechanical system is slow compared to the adaptation rate of the filter. In 

other words a delayed version o f the measured signal will be correlated with the original 

signal due to such vibration interferences. Following the same idea o f using the ALE
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technique for sine wave detection, it would be possible to detect and eliminate such 

interferences.

On major difference between the two approaches is that in oil debris monitoring we are 

not interested in the interferences while sinusoidal signal was the feature to be extracted 

in ALE. Furthermore, in contrast to other adaptive systems, in this case very high 

adaptation rate is unfavourable as it may also cause the useful signatures to be eliminated 

or distorted. As the characteristics of these signatures are later used to assess the wear 

level o f the system, it is very important that the adaptive system leaves the particle 

signals intact. To prevent such a phenomenon, filter weight vector is updated following a 

number o f iterations. The update value is then calculated by averaging the weight vector 

changes found in these iterations. It should be noted that this method is unable to remove 

the white Gaussian noise included in the signal while noise samples are also expected to 

be uncorrelated.

5.5 Performance assessment of the ALE technique using experimental signal plus 

simulated interference

Figure 5.7a shows the oil debris sensor signal output due to the consecutive passage of 

two metallic particles in the absence o f any vibration interferences with a sampling 

frequency o f 8000 Hz. Figure 5.8a shows the signal of Figure 5.7a with additional 

simulated white Gaussian noise. Figure 5.7b and Figure 5.8b show the mixture of the oil 

particle signal (shown in Figure 5.7a and Figure 5.8a respectively) and different 

simulated interferences. Figure 5.7c and Figure 5.8c show the de-noised version of the 

same signals using the ALE approach. The de-noising results may be better appreciated 

by close-up views o f the particle passing portions. In Figure 5.7c the true particle signal 

is plotted (dotted line) and is superimposed on top of the de-noised result (solid line). As 

one can see the difference between the original and the recovered particle signal is barely 

noticeable.

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



5 Interference Removal from Signals Collected by an Oil Debris Sensor 84

Time (s)

Time (s)
(b)

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



5 Interference Removal from Signals Collected by an Oil Debris Sensor 85

>  0.5

> - 0.5

D e n o i s e d  

O r i g i n a l  S i g n a t u r e

Time (s)

Figure 5.7 (a) Oil debris sensor output signal,
(b) Output + 2 sin (I400;rt) (l + cos(900x t )) + 2 sin (2000;rt )(l + cos (lOOxt)) , (c)

restored signal using ALE, original output is superimposed on the magnified portion 
(dotted line), the difference is unnoticeable (Sampling rate: 8000 samples/s)
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Figure 5.8 (a) Oil debris sensor output shown in Figure 5.7a + additional simulated noise
(b) Signal shown in part (a)+ 2 sin(l OOO^t) c o s ( 8 0 0 tt/  ) + 2 sin(3000;zt) cos(4500^t) ,  (c) 

restored signal using ALE (Sampling rate: 8000 samples/s)
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5.6 Wavelet threshold de-noising

Though not as harmful as the vibration related interferences, the background noise due to 

the wiring and measurement system flaws also affects the performance o f wear 

assessment system. This is true specifically for the very small particles where the 

corresponding signatures can be easily masked by the corrupting noise. As explained in 

previous section and also according to the simulation results, ALE technique is unable to 

remove the white Gaussian background noise. The reason is that, just like between 

particle signatures, there is no correlation between such noise samples. To further 

enhance the signal processed by the Adaptive Line Enhancement step, a wavelet 

threshold de-noising scheme is proposed.

As explained in Chapter 2, for the Gaussian corrupting noise, by applying hard 

thresholding rule and using the following threshold (Mallat 1998):

where N  is the number o f data points, it is possible to have an estimation error that is

different scale levels should be known. One possible approach for noise variance

or structural vibrations. However, it should be noted that the system background noise 

characteristics may vary in accordance with the working conditions.

On the other hand, a variance estimator insensitive to large outliers in the data set was 

introduced as (Mallat 1998):

Following the same concept, for the signal containing particle signatures and white 

Gaussian noise, it is possible to consider the particle signatures as the outliers in the data 

set and use the above variance estimation method to calculate the threshold value. In this 

case no prior knowledge about the background noise is required.

within a factor of llog jN  o f an ideal selection error. In this method noise variance at

estimation would be to measure the system noise in the absence of any passing particles
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This approach was tested on the simulated signals that were previously enhanced in the 

ALE step. Symlet 4 orthogonal wavelet was chosen as the mother wavelet. Figure 5.9 

shows the de-noising results. The original particle signatures (dotted line) are also 

superimposed on the de-noised signal (solid line) in the close up view. As one can see the 

signatures o f the passing particles are practically free from any remaining noise or 

interferences. The improvement achieved by the addition o f the threshold de-noising step 

to the ALE algorithm can be more clearly seen by comparing Figure 5.8c and Figure 

5.9b.
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Figure 5.9 (a) Wavelet de-noised ALE result shown in Figure 5.7c, (b) wavelet de-noised 
ALE result shown in Figure 5.8c, original measured output is superimposed on the 

magnified portion (dotted line) (Sampling rate: 8000 samples/s).

5.7 Experimental evaluation

In this section, the ALE method is further evaluated using the signal acquired from oil 

debris sensor mounted on a shaker. Metal particles passed through the sensor while the 

vibration was introduced by the shaker. Sampling frequency was set at 8000 Hz. The 

measured signals are shown in Figure 5.10a and Figure 5.1 la. ALE was applied to better 

reveal the signals. The restored signals are shown in Figure 5.10b and Figure 5.11b. 

These results were further enhanced using the proposed threshold de-noising scheme. 

Final results are illustrated in Figure 5.10c and Figure 5.1 lc. As one can see the original 

signature of the passing metallic particles can be clearly identified from the result.
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Figure 5.10 (a) Measured signal, (b) Result o f the interference removal using ALE, (c) 
threshold de-noised version of ALE result shown in part (b) (Sampling rate: 8000

samples/s)
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Figure 5.11 (a) Measured signal, (b) Result of the interference removal using ALE, (c) 
threshold de-noised version of ALE result shown in part (b) (Sampling rate: 8000

samples/s)

R eproduced with perm ission of the copyright owner. Further reproduction prohibited without perm ission.

2935197301^2



5 Interference Removal from Signals Collected by an Oil Debris Sensor 92

5.8 Conclusion

In this chapter, the ALE technique was proposed to tackle the problem o f interferences 

that affects the performance o f the oil debris sensors. The application of this technique is 

based on the fact that the passage of metallic particles holds a random nature and there 

should be no correlation between the signatures corresponding to the passing particles. 

On the other hand, it is assumed that the rate o f change of the vibration nature o f the 

mechanical system is slow compared to the adaptation rate o f the filter. However, ALE is 

unable to remove the white Gaussian background noise. The signal processed by the ALE 

algorithm was further enhanced through a threshold de-noising scheme. The proposed 

two step de-noising approach has been evaluated using both simulated and experimental 

data and performed very well.
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Chapter 6: Conclusion and Future Research

6.1 Conclusions

The main goal of this thesis is to enhance two major sources o f information for 

machinery condition monitoring, namely vibration signal measured from faulty bearings 

and the signal measured from an oil debris sensor. This goal has been achieved by the 

development o f the following.

(1) A wavelet filter based de-noising algorithm

This algorithm is mainly used for purification of the vibration signals. For bearings, the 

Gaussian background noise and the interferences from other machinery components like 

shaft imbalance and gear meshing form the fundamental sources that corrupt the 

signature o f a faulty bearing. A wavelet filter based de-noising method has been proposed 

to remove such interferences from the measured vibration. To do so, parameters of 

daughter wavelet namely scale and shape factor have to be selected.

A Si-guided search approach has been proposed to find the best combination o f wavelet 

scale and shape factor and hence the best Gabor daughter wavelet for de-noising 

impulsive signals measured from faulty bearings. In this study, it is proven that the SI 

value approaches 0.8455 for data without impulse components or with extremely low 

SNR. It has also been shown that the SI value decreases if a proper combination of 

wavelet scale and shape factor is selected. The proposed method has been tested using 

both simulated and experimental data and has performed very well.

Nevertheless, this approach requires a global search for minimum SI using all 

combinations o f scale and shape-factor which is not computationally efficient. In 

addition, the de-noising algorithm is based on the assumption that the impulsive features 

o f the measured vibration are formed by the vibrations of the faulty bearing while other 

signal components like electrical interferences from AC drives may have very similar
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characteristics. Furthermore, as the de-noising is performed by bandpass filtering the 

vibration signal, the in-band noise cannot be eliminated.

(2) A resonance frequency estimation algorithm to select the scale and a spectral 

subtraction method fo r  removing the in-band noise

To mitigate the above drawbacks in the proposed wavelet filter based de-noising process, 

the algorithm is modified by incorporating a novel scale selection scheme and a spectral 

subtraction method. In the scale selection algorithm, prior knowledge of an important 

characteristic of the fault generated impulses, i.e., excitation of the resonance frequency 

of the bearing, structure or sensor is exploited. Shape factor is later found using the 

selected scale and through SI minimization.

In the modified algorithm, the spectral subtraction is applied prior to wavelet transform. 

The main purpose of the spectral subtraction is to eliminate the in-band noise with 

frequency content identical to the frequency band covered by the daughter Gabor 

wavelet. The power spectral density o f such corrupting noise is estimated by minimizing 

the ratio o f the geometric mean to the arithmetic mean calculated for the envelope o f the 

reconstructed time signal. The resulting time signal is then wavelet transformed to 

eliminate the interfering vibration signal from other sources like shaft imbalance, gear 

meshing, etc.

The proposed combined spectral subtraction and wavelet de-noising algorithm was 

successfully tested using experimental data. The results showed good performance of the 

scale and shape factor selection algorithms and also illustrated that the wavelet filter 

based de-noising method can be improved considerably by pre-processing the signal 

using spectral subtraction.

(3) An ALE algorithm fo r  oil debris data de-noising

For the signal measured from an oil debris sensor, vibrations o f the structure where the 

sensor is mounted constitute the main source of interference. To remove such 

interferences, ALE method has been proposed. This approach is suitable because the
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passage of the metallic particles through the sensor holds a random nature and generally 

there is no correlation between the corresponding signatures. This approach has been 

applied to both simulated and experimental data and performed reasonably very well.

6.2 Future Research

6.2.1 De-noising faulty bearing vibrations

A close inspection of Figure 3.5, Figure 3.8d and Figure 3.11 shows a local minimum 

near the scale corresponding to the resonance frequency. This means that while the 

selected scale may not be the exact local minimum, an optimization algorithm with an 

arbitrary shape factor and the chosen scale as the starting point may lead us to this 

minimum. Preliminary results using SQP (Sequential Quadratic Programming) showed 

the feasibility o f the method. However, problems were encountered in the convergence 

process. Further analyses are required in order to find a more suitable optimization 

algorithm and adjust the different parameters involved in the process.

Furthermore, analysis o f the vibrations measured from faulty bearings with faults of 

different sizes showed dependence o f the minimum SI on fault severity. Figure 6.1 shows 

minimum SI for measured vibration from faulty bearings o f different fault severities 

versus fault size. Zero fault size represents a normal bearing. As one can see, the start of 

the fault is manifested by a sudden decrease in minimum SI. However, this decreasing 

phenomenon ends at a certain point. Further deterioration o f the fault is accompanied by 

a reverse trend o f the SI value. This may be explained by the fact that the progression of 

the fault is followed by flattening of the fault geometry. The flatter fault geometry leads 

to less severe impact and hence higher SI. A thorough research on the matter may lead to 

a severity estimation index composed o f different indices including minimum SI.

In addition, as explained, several different criteria have been used so far to select the 

proper combination of scale and shape factor in wavelet filter based de-noising. A 

detailed comparison between these methods in different working conditions may be 

considered as a topic for further research.
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Figure 6.1 Minimum SI versus fault size

6.2.2 Enhancement o f  the oil debris signal

Performance of the proposed method is dependent on different parameters such as filter 

length, delay length and the number o f averages. Further research on the matter may 

provide additional insight about the effect of such parameters on the performance o f the 

algorithm and leads to adjustment guidelines. Automatic or adaptive adjustment 

techniques may also be the outcome of such research, which should improve the 

performance o f the proposed method and make it more convenient for practical use.
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