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Abstract

Fault Detection of Rolling Element Bearings
Chao-Shih Liu

Chairperson of the Supervisory Committee:
Professor Per G. Reinhall

Department of Mechanical Engineering

The early detection of bearing failure requires methods that are sensitive to impulsive
signals and their changes. The difficulty of early bearing defect detection is that the
signal component generated by early defect is very small compared to other vibration
sources. It was found that techniques focus at signal changes in the higher frequency is
more sensitive to early bearing defect because the periodic impact generated by early
bearing defect will resonant at high frequency regions with less noise interference. The
most popular technique is the high frequency resonant technique (HFRT) by demodu-
lating the envelope of the bandpass signal using Hilbert transform. There are two major
limitations of using the HFRT. First of all, the HFRT demands on knowledge of the res-
onance frequency range where the defect generated impulses is more pronounced with
respect to normal system vibrations. The second limitation is when there are multiple
defects developed at the same time, a traditional HFRT may not be able to identify each

defects due to the overlap of each transient component.

A resonant frequency band selection method based on the wavelet packet transformation
is developed to search the optimal resonant packet automatically using kurtosis and

changes of signal energy.



Two new HFRT algorithms based on wavelet packet transformation and quadratic
energy detector are developed. The results from the synthetic bearing defect signal
shown that the performance of newly proposed HFRT algorithms are sensitive to early
bearing defect and are able to detect multiple defects which cannot be detected by the
traditional HFRT method based on Hilbert transform. A series of experiments using
recorded signals from both the artificially defected bearings and bearings running from
normal till failure are performed. It was found that both methods work well for field

applications.

When the signal to noise ration is low, we can pre-process the signal with harmonic anal-
ysis to extract the fault related impulse component to improve the performance of HFRT

algorithms for bearing defect detection.
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Chapter 1 Introduction

1.1 Machinery Maintenance Programs

The major dictionaries define maintain as cause to continue (Oxford) or keep it an exist-
ing state (Webster). From the engineering point of view, the role of maintenance is to
reduce risks due to machine failure in a cost effective manner. In industry, maintenance
accounts for 15% to 40% of manufacturing costs [1,48,92]. A minor improvement in a
maintenance program can save as much as 50-60% of maintenance costs [49]. Cur-
rently, three common methods for performing maintenance on machinery exist. These
methods are reactive, time-based preventive and condition-based predictive mainte-

nance [1,2].

1.1.1 Reactive maintenance

Reactive maintenance, also known as known breakdown maintenance or run-to-fail
maintenance, is typically the most expensive maintenance method. Using this method,
machinery is repaired or replaced after failure occurs. As crude as this method, it is still
the most common form of maintenance practiced today because the expenditures for
instrumentation and personnel training are minimal. The reactive maintenance method
results in obvious inefficiencies with significant costs due to unplanned downtime,

overtime cost, and damaged machinery.

1.1.2 Time-based preventive maintenance

Because of the necessity of avoiding unexpected breakdowns, maintenance has logi-
cally changed from being reactive to preventive maintenance (PM). When performing
preventive maintenance one does not wait until the machine breaks down but schedules

regular inspections of the critical components. This often means that the machine is par-
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tially or totally disassembled to allow for visual inspection. Even though this method
assists in accurate diagnosis of some faults, unnecessary disassembling often induces
secondary damage and high down time cost [2]. Additionally, PM might miss the faults
that are just beginning to occur, which might lead to a serious situation in the near

future.

1.1.3 Condition-based predictive maintenance

In order to avoid unnecessary maintenance work and expense, a condition-based pre-
dictive maintenance (PdM) program has been developed. The PdM program has been

recognized as the most cost-effective maintenance program because it can {2,6]:

« Minimize the cost of unnecessary and ineffective maintenance;
» Improve personnel and environmental safety;

» Reduce the quantity of unexpected and unplanned breakdowns to maximize pro-
duction availability.

In order to have the above benefits, an effective PAM program must be able to accu-

rately characterize machinery condition and provide early warning of imminent failure.

A typical process of a PAM system includes three steps: data acquisition; extraction of

features for monitoring; and classification of these features to diagnose the type and

cause of a fault (see Figure 1-1).

There are many kind of measurements can be used for monitoring, and which method
is optimal for a given situation depends on the type of machinery, accessibility and pur-
pose of monitoring. Commonly used monitoring measurements are vibration, wear
debris, acoustic, current, temperature and pressure [92]. Among them, vibration is con-
sidered the most obvious representative of machine operation and the best operating

parameter to determine the health condition of machinery [4,50-53].

Feature extraction is a vital step to PdM performance. By analyzing collected measure-

ments, the PAM system must be able must be able to reduce the amount of data, identify
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and select the best fault-indicating features for classification and diagnosis. If the fea-
tures are not well chosen, the PAM may give frequent false alarms and be insensitive to

a legitimate failure condition [5].

The ultimate goal of a PAM system is to determine the machinery condition and diag-
nose the actual problem. Trending is a popular method to determine changing of
machinery condition by plotting measurements as a function of time. The change of
magnitude as well as the rate of change from the trending plot can provide information
about the degradation of machinery condition. At last, to recognize what needs to be
repaired is a classification problem. A simple way to implement this is to examine indi-
vidual spectral components in the spectrum. More advanced techniques that depend on
artificial intelligence, such as neural nets [41-45], genetic algorithm and fuzzy logic

[46,47], are becoming a standard part of the maintenance world [92].

Data Feature Diagnostics
Acquisition —®  Extraction —® (Classification)
Vibration Time domain Trending

Wear debris Frequency domain Spectral analysis
Acoutsic Time-Frequency Neural net
Current Time-Scale Genetic algorithm
Temperature Fuzzy logic
Pressure

Figure 1-1. Typical process of a predictive maintenance system

1.2 Why Is Bearing Defect Detection Important?

In this dissertation, we will focus on condition monitoring of rolling element bearings

because they are the most widely used component in rotating machinery and have long
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presented a difficult task for PAM programs [54]. The consequences of bearing failure

may cause substantial economic loss and catastrophic failure.

Nearly all pumps and motors of different sizes operate with rolling element bearings
and bearing failure accounts for 51% of electric motor failure (see Figure 1-2) [88]. In
addition, bearing defects can also be a warning signal for other fault symptoms because
imbalance and misalignment are very often the cause of bearing defects. Therefore,
condition monitoring and diagnostics of rolling element bearings are an important issue

in the maintenance industry.

Shaft/coupling
2%

Figure 1-2. Causes of the electric motor failure.

1.3 Vibration Analysis Techniques

For bearing monitoring and diagnosis, vibration is considered the best operating param-
eter of physical properties such as temperature, pressure, oil analysis to determine bear-
ing health [50-53]. Vibration is the result of internal dynamic forces generated by the

rotating and sliding elements in the machinery. Once the machine is placed into service,
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the degradation of the machine condition will change these forces and hence produce a

unique pattern in its vibration signature.

How the vibration characteristics change as rolling element bearings approach failure
has been the subject of many studies [6,74,87]. These studies have shown that short
periodic impulsive components are produced by impacts between bearing components
and small cracks at the pre-failure stage. The energy of these low-level, impulsive sig-
nals spreads across all frequencies on the spectrum and will excite the resonance fre-
quencies of mechanical components and sensors. Harmonics of these defect related
frequency and sidebands may appear when a defect is developing. As the damage
spreads, the short periodic impulses become larger, making the fault more easily visible
at lower frequencies. By the end of the bearing life, the overall vibration amplitude
increases very rapidly because the deterioration of the bearing failure will cause other
type of damage such as misalignment. It is therefore important to detect rolling element

bearing defects at an early stage to prevent unexpected breakdowns.

Many attempts have been made to predict upcoming failure of rolling element bearings
using vibration measurements and signal processing. Based on the representation and
processing of a signal, a method can be classified as time-domain, frequency domain,

or time-frequency domain.

Time domain methods generate a single value to represent machinery condition based
on either the amplitude or the shape of the signal. During the early stage of a bearing
defect, the bearing generated impulse is usually masked by the background noise and
other dominating vibration components which can not be detected using an amplitude
indicator. Shape indicators, such as crest factor [9] and kurtosis [8], have found to be
more sensitive to impulsive signal. However, these indicators can not provide diagnos-

tic information when machine vibration and failure mechanisms are complex.

Frequency domain methods are the most common method and provide effective tools
for a broad range of machine fault monitoring and diagnostics [6-12]. Frequency

domain methods assume that the components of vibration signal are periodic and sta-
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tionary. When a defective bearing is rotating at a constant speed, the defect will gener-
ate a periodic pattern at a specific frequency which will stand out from the spectrum.
However, machine diagnostic systems based solely on frequency spectra are often only
be useful for detecting of bearing defects in their latter stages because the change in the
vibration output due to the initiation of a small crack in a bearing component is often
masked by the surrounding noise, making the extraction of salient features problematic
[55,63]. These shortcomings led to the development of more advanced techniques for
early bearing defect detection such as cepstrum analysis and high frequency resonance

techniques (HFRT) [6,15].

Recently, impressive progress has been made in exploring the decomposition of vibra-
tion signal using time-frequency [13-22] and time-scale (also known as wavelet trans-
form) [27-31,36,37] analysis. These analysis techniques allow us to investigate non-
stationary signals in a two-dimension function. Time-frequency analysis, such as
Wigner-Ville distribution and short time Fourier transform (STFT) are popular meth-
ods to map a one-dimensional signal to a two-dimensional function of time and fre-
quency. However, each of time-frequency analysis methods have some disadvantages
[122]. For example, STFT using fixed window size to perform Fourier transform suf-

fers a trade-off of time-frequency resolution.

Wavelet transform (WT) is an extension of time-frequency analysis to transform sig-
nals into a sum of small waves instead of cosine waves in the STFT. Unlike STFT, WT
analysis provides a high time resolution at high frequencies and low time resolution at
low frequencies using various window sizes at different scales [23,24]. Figure 1-3
shows the time-frequency resolution differences of the time based, the frequency based,
the STFT and the WT [26]. A recent review from Peng and Chu summarizes that WT
is a useful tool for machine condition monitoring and diagnostics especially for non-
stationary signal analysis, fault feature extraction, singularity detection, denoising,
localized weak transient components and system identification [122]. For example, Xia

uses normalized RMS for all wavelet packets at the last level of decomposition to form
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a feature vector for pattern recognition of bearing faults [118]. Eren and Devaney inves-
tigate motor bearing damage detection by comparing the RMS of DWT at different
scales and DWPT coefficients at different packets [119,120]. Zhang et al. use DWPT
to de-noise vibration signals and pick up the fault frequency to enhance bearing defect
detection under strong noise [121]. Shao and Nezu calculate the kurtosis of the de-
noised wavelet coefficients as an indicator of bearing condition and use an envelope
spectrum to diagnosis bearing defect [123]. A fast algorithm is also available for real

time application [25].

A A
Q >
g g
£ £
. >
Time Amplitude
Time Domain Frequency Domain
A A
g ! i
5 ) A
g Y\ 3
&= VAV -
Time > Time >
STFT Wavelet Analysis

Figure 1-3. Time-frequency resolution of the time based, the frequency based, the
short time Fourier transform, and the wavelet analysis.

1.4 Motivations and Objectives

The main purpose of this research is to investigate the fault detection of rolling element
bearings using wavelet transforms and to compare the effectiveness of a wavelet based

method with traditional techniques in various situations.
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It is crucial to detect bearing defect as soon as possible. Early detection of bearing faults
provides more time to take corrective action to prevent further damage and extend bear-
ing life. Without an early fault detection technique, maintenance personnel must wait
until later stages of failure. By this time, the damage is more extensive than if the fault
had been detected earlier. The early detection of bearing failure requires methods that
are sensitive to impulsive signals and their changes. The difficulty of early bearing
defect detection is that the signal component generated by early defects is very small
compared to other vibration sources in the overall system. To improve the early defect
detection of rolling element bearings, various signal processing techniques have been
developed [6-9,56,57,70,79,99,105,109]. It was found that techniques focusing at
signal changes at higher frequencies are more sensitive to early bearing defects because
the periodic impact generated by an early bearing defect will resonate at high frequency
regions with less noise interference. The most popular technique is the HFRT which
works by demodulating the envelope of the bandpass signal. There are two major lim-
itations of using the HFRT [100]. First of all, the HFRT demands knowledge of the res-
onance frequency range where the impulses generated by the defects are more
pronounced with respect to the normal system vibrations. For a complicated system,
characterizing these resonant frequencies is a time consuming job and it is impractical
to find the resonant frequencies using impact tests. The second limitation is when mul-
tiple defects develop at the same time, traditional HFRT may not be able to identify
each defect due to the overlap of each transient component [57,100,104]. The first
objective of this work is to resolve the limitations and improve the performance of
HFRT for early bearing defect detection using wavelet transform. An automatic reso-
nant frequency band selection method based on the wavelet packet transformation that
searches the optimal resonant packet automatically will be described. A new HFRT
algorithm based on wavelet packet transformation will be presented. Finally, The the
performance of the wavelet based methods will be compared to the performance of the

existing methods for simulated bearing defect data, experimentally measured data from
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bearings with artificially created defects, and experimentally measured data from a

series of run-to-fail bearing tests.

Most of the current studies of bearing vibration analysis use bearings that have artifi-
cially produced defects in order to demonstrate their effectiveness. However, artifi-
cially produced defects cannot simulate the gradual changes that would occur in the
bearing vibrations as components goes from normal to failure [67]. In this work, we
study the performance of the newly proposed and traditional methods using synthetic
signals and experimentally measured signals from both bearings with artificial defects
and bearings running from normal till failure. The importance of the synthetic data sets
studied in Chapter 6 lies in the fact that everything about the data is known, and thus it
is easier to interpret the results. The importance of the recorded data sets studied in

Chapter 7 is to show how the algorithm works for real problems in field applications.

1.5 Organization

This thesis begins with an introduction to rolling element bearing that describes their
geometry, dynamics and failure mechanisms (see Chapter 2). The chapter then contin-
ues with a discussion of bearing vibration models and characteristics. An extensive
background on traditional signal processing methods used to analyze and diagnose roll-
ing element bearing defects is given in Chapter 3. The development of the wavelet
transform analysis is presented in Chapter 4, which includes the continuous wavelet
transform (CWT), discrete wavelet transform (DWT), and discrete wavelet packet anal-
ysis (DWPT). This chapter also presents a time invariant DWT (and DWPT) called
maximal overlap DWT (and DWPT). Two useful techniques are introduced which
include the best basis algorithm for feature extraction and the denoising method for

signal enhancement.

Chapter 5 discusses the high frequency resonance technique (HFRT) which is the main
tool of early bearing defect detection currently used in industry. An automation reso-

nant frequency band selection based on DWPT is proposed to resolve the difficulty of
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the HFRT process. Three alternatives based on the wavelet transform and energy detec-
tors are proposed and derived. This chapter represents the main contribution of original

material in this dissertation.

Chapter 6 and 7 use synthetic data and recorded data respectively to assess the proposed
HFRT alternatives as a tool for resonant frequency band selection and early bearing
defect detection. The simulated signals of single defect and multiple defects are gener-
ated and analyzed in Chapter 6. Comparisons are made with other popular methods of
bearing defect detection such as the Hilbert transform, direct spectrum and time domain
indicators. Chapter 7 extends the analysis to real bearing data in order to evaluate the
effectiveness of the proposed techniques in real situations. In Chapter 8, we introduce
the idea of harmonic modeling to extract impulses from noisy signals. This pre-process-
ing technique can improve the sensitivity of the proposed HFRT alternatives for detect-
ing bearing defects. Chapter 9 summarizes the findings and proposes future work based

on this research.
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Chapter 2 Rolling Element Bearings

Rolling element bearings are the most common component in rotating machinery that
utilizes the rolling action of rollers to minimizes friction between stationary and
moving parts. They are widely used in applications from house appliances, such as elec-
trical tooth brush, to gyroscopes in aerospace. It is estimated that only 10 to 20% of
bearings achieve their design life due to adversary operation conditions [87] and that
bearing failure accounts for more than 50% of motor failure [88]. The economic loss
due to bearing failure is huge compared to the cost of the bearing itself [58-60]. There-
fore, bearing condition monitoring and diagnosis has drawn many attention in the last
four decades [42-47,50,54-58,77-84,87,94-105,116-124].

Before discussing bearing condition monitoring and diagnosis, it is important to have a
general understanding of rolling element bearings. This chapter introduces rolling ele-
ment bearings, beginning with basic bearing types, their major components and a sum-
mary of bearing mechanics. Finally, bearing failure mechanisms important to bearing

diagnosis are presented.

2.1 Types of Rolling Element Bearings

There are many forms of rolling element bearings. Depending on the application, roll-
ing element bearing can have various dimensions and design. For example, deep groove
ball bearings perform well at high speed under moderate radial loads as well as axial
loads. They have low friction and can be produced with high precision and in quiet run-
ning variants. Therefore they are preferred for small and medium-sized electric motors.
One way to classify rolling element bearings is based on the shape of rolling elements

as shown in Figure 2-1 [90]. In our study, we will focus on ball bearings because it is
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the most popular rolling element bearing in all machines. Most of the studies based on

ball bearings can be extended to other type of rolling element bearings.

Rolling Element Bearing

Balls Rollers Needles

(b)

Figure 2-1. Classification of rolling element bearings [90].

2.2 Rolling Element Bearing Components and Geometry

Bearing geometry is a critical factor for diagnosing bearing defects because the geom-
etry of ball bearings determines the dynamics of the bearing components and their
vibration characteristics. This section will describe the components and geometry of

bearings.

2.2.1 Bearing components

All type of rolling element bearings consist of rolling elements, an inner ring, an outer
ring and cage(s). Figure 2-2 is a simple schematic diagram of a ball bearing. The rolling

motion of balls decreases friction between components with small contact area. The
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raceway in a ball bearing is the circular groove formed in the outside surface of the
inner race and in the inside surface of the outer race. These grooves form a circular track
to contain the ball set. The cage is used for separating and positioning the balls at equal
intervals around bearing’s raceway. The most widely used bearing material is ANSI-
440C stainless steel with heat treatment to offer good corrosion resistance and hardness.
Some of the ball bearings will include shields and/or seals to retain lubricants and pre-
vent contaminants from reaching central work surfaces. A lubricant prevents metal-to-
metal contact, carries away local heat generated in the bearing and protects the highly

finished working surfaces from corrosion [61].

P )
G 4Pd215i::::_" *
3. / nner ring M o

Rolling Element
(Ball)

X

Cage (Retainer)

Outer ring

Figure 2-2. Main components and geometry of a ball bearing.

2.2.2 Ball bearing dimensions

The internal geometries of bearing are quite complex and will determine the bearing
mechanics under operation. Most bearing manufacturers endorse the standards created
by the Antifriction Bearing Manufacturers Association (AFBMA). Following these

standards, manufacturers provide dimensions and load ratings for bearing selection.
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Table 2-1 is an example of bearing specifications for radial shielded ball bearings.
These basic bearing dimensions include the inside diameter (D)), outside diameter (D,),
ring width (B) and ball diameter (D) as shown in Figure 2-2. Once the required load

rating is determined, it is easy to select the best suited bearing size from the table.

Table 2-1. Dimensions and basic load ratings for double shielded ball bearings?

Inside Outside Width Ball Number | Ball Diameter | Dynamic
Diameter (D;) | Diameter (D,) B) (n) (D) Load Rating
in in in in lbs
0.4690 0.1562 0.0937 6 1/32 35
0.0781 0.2500 0.1406 6 3/64 75
0.0937 0.1875 0.0937 7 1/32 42
0.1250 0.2500 0.1094 7 Ilmm 64
0.1562 0.3125 0.1250 7 3/64 88
0.1875 0.3750 0.1250 8 1/16 161
0.2500 0.5000 0.1875 10 1/16 187
0.3125 0.5000 0.1562 11 1/16 198
0.3750 0.8750 0.2812 7 5/32 747
0.5000 0.7500 0.1562 16 1/16 238

a. 400 series miniature bearing from National Precision Bearing, Inc.

In addition to the above dimensions, diametral clearance (P), pitch diameter (d,,) and
contact angle (a®) are also important geometrical quantities used to derive bearing

mechanics [61]. Their definitions are as following:

* Diametral clearance (P,)

Most radial ball bearings are designed to have a slight amount of looseness between
balls and raceways. This looseness is referred to as diametral clearance P; and is

defined as follows:

P,=d,—d,-2D. @-1)
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* Pitch diameter (d,,)

Pitch diameter is approximately equal to the mean of the bore and outside diameter, i.e.,

d =~

m

(D,+D,). 2-2)

N

+ Contact angle (o.°)

When the bearing is under load, removing the diametral clearance in the axial direction
causes the ball and raceway to contact at an oblique angle as shown in Figure 2-3. This
angle is called contact angle (0.°), which is the angle between a plane perpendicular to
the ball bearing axis and the line passing through the points of contact of the ball and
both raceways. The magnitude of the free contact angle can be described as follows:

Pq

24’ 2-3)

o
cosa =

where A is the distance between the centers of curvature of the inner and outer race ring

grooves.

1 s
Py -

2 .
i

Figure 2-3. Radial ball bearing showing ball-raceway contact due to axial shift of
inner and outer rings.
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2.3 Mechanics of Rolling Element Bearings

Rolling element bearings are designed to support both radial and thrust loads simulta-
neously. These loads may be either “static” or “dynamic”. The loads carried by bearings
are transmitted through rolling elements from one ring to the other and the magnitude
of the loading carried by each rolling element depends on the internal geometry of the
bearing and the direction of the applied loads. Manufacturers normally provide the
static and dynamic load ratings information which are important parameters to estimate
the bearing life defined by AFBMA. Additionally, bearing loading condition and their
mechanics are closely related to the bearing vibration that is the main focus of this

research.

2.3.1 Ball bearing rotation

Consider a ball bearing mounted on a shaft which rotates at »; RPM as shown in
Figure 2-4. The rotational speed of the outer race moves at the speed of n, RPM. The

rolling elements (balls) rotate about their own axes at speeds of n, RPM [62].

Figure 2-4. Rolling speed and velocity
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Let o be defined as the angular velocity in units of radians per second. The relationship

between ® and rotating speed » is

27n
= &=, 2-4
© =% (2-4)

We know that the linear velocity (v) can be represented as a product of angular velocity

(o) and its rotating radius (r), i.e.,

vV =0r= %r. (2-5)

Therefore, the velocity of the inner race (v;) and outer race (v,)) will be

_1 _ Widn( D
v = 50(d,—Dcosa) = —- <1—dmcosoc) (2-6)
v = ig (d,+Dcosa) = M(l +Qcosoc) (2-7)
0 N oNTm 60 dm )

Assuming there is no slip at the raceway contact, then the velocity of the cage (v,,) is

the mean of the inner and outer raceway velocities. Hence,

v, = %(vi+vo = %"[ni(l —dgmcosoz) +n0(1 +d2mcosoc)] (2-8)

2.3.2 Static loading

Both the weight of the machine parts and the shaft to support them are the sources of
static loading to the bearing. Consider a ball bearing subjected to a radial load along the
line of contact between ball and the raceway as shown in Figure 2-5. The resultant
normal load (Q) can be decomposed to radial (Q,) and thrust (Q,) components. Their

relationships are:
Q, = Qcosa 2-9)

Q, = Q@sina. (2-10)
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Figure 2-5. Radially loaded ball.

2.3.3 Dynamic loading

The main sources of dynamic loadings for bearings are the centrifugal force and gyro-
scopic moment. The centrifugal force comes from the rotation of rolling element or
external forces acting on the bearing. For rolling element rotation, both rotation about
the bearing axis () and the rotation about an eccentric axis () can create centrifugal

forces, which may be expressed as,

2

F,6 = lmalmcom

c =5 @-11)

F,, = mro?. 2-12)

ce

where m is the mass of the ball, o, is the angular velocity of ball, » is the radius of rota-
tion about an eccentric axis and o, is the angular velocity of ball about an eccentric axis.
Unbalance is a common cause of external dynamic loading. For example, a rotor run-
ning at 6000 rpm with 1 oz. of unbalance on a 9 in. radius can create 575 Ibs centrifugal

force using Equation 2-12.
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Gyroscopic moment is due to the rolling element rotating about nonparallel axes simul-
taneously. For simplicity, assume the condition of steady-state precession and ignore
the pivotal motion due to gyroscopic moment, and the gyroscopic moment for ball bear-

ings becomes
M, = Jogo,sinf, (2-13)

where J is the mass moment of inertia of the ball, w is the angular velocity of ball about

its own axis and P is the angle of rotation of the ball about its own center.

2.3.4 Bearing load distribution

Bearing load is not distributed uniformly to each rolling elements. The load distribution
of a bearing under radial load is a function of angular location (0) defined approxi-

mately by Stribeck as [109]

0®) = Qs 1-5-(1 - c058)| (2-14)

where Q,,,. is the maximum load, € is the load distribution factor and # is the load-
deflection exponent; n=1.5 for ball bearings and »=1.11 for roller bearings. Figure 2-6
is an example in which the load distribution for clearance is less than /2. Note that for
a part of circumference, the load applied is zero with a maximum angular extend of the

load zone 0,), ;.

Q(e

Omax

Figure 2-6. The load distribution in a bearing under a radial load.
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This load distribution equation implies that the stresses acting on the contact surface of
the bearing is also sinusoidally distributed and that stress level is the main reason caus-

ing the bearing to fail.

2.4 Rolling Element Bearing Monitoring Method

A bearing will fail over time even under normal operating conditions. Success in detect-
ing imminent bearing failure is important and can be achieved by condition monitoring
maintenance. The idea of condition monitoring is to select a measurable parameter on
the machines which will change as the health condition deteriorates. Three common
methods for monitoring rolling element bearing failures are wear debris analysis, tem-

perature analysis and vibration signal analysis [91].

2.4.1 Wear debris analysis

Wear debris analysis is useful for oil based lubricant bearings by analyzing the size and
amount of wear debris in the oil lubricant [84]. Debris can be collected either by mag-
netic precipitation or filtration. Bearings near failure usually generate larger size parti-
cles. However, wear debris analysis usually requires more effort and expensive

equipment than temperature analysis or vibration signal analysis [67].

2.4.2 Temperature analysis

Temperature is the easiest measurable parameter for bearing condition using thermo-
couples or temperature dependent transducers. A rise in bearing cap temperature sig-
nals a drastic change in bearing condition. This method is better for the later stages of
bearing failure because temperature is not sensitive to early stage bearing failure. It is

also easily effected by environmental temperature, loads and running speed.
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2.4.3 Vibration signal analysis

Vibration is considered the best operating parameter to determine the health condition
of machinery [50-53]. Vibration is the result of internal dynamic forces generated by
the rotating and sliding elements in the machinery. Vibration transducers can be easily
mounted on the machinery to convert mechanical motion into a dynamic signal. Once
the machine is placed into service, the degrading of the machine condition will change
these forces and hence produce a unique pattern in its vibration signature. Various tech-
niques have been implemented in current maintenance industry. These methods can be
generally classified as time domain and frequency domain methods which will be cov-

ered in Chapter 3.

2.5 Bearing Failure

Bearing failure occurs when the bearing no longer fulfills its function of supporting the
rotating shaft, or when the degree of damage to the bearing component becomes unac-
ceptable [67]. Bently Nevada Co. found that a rolling element bearing progresses
through three failure stages: pre-failure stage, failure stage and near catastrophic stage
[74]. As the failure develops, the rate of bearing deterioration tends to grow exponen-
tially as shown in Figure 2-7. Therefore, it is important to detect the onset of bearing

flaws as soon as possible.

The major causes of bearing failure include excessive loading, improper lubrication,
contamination, and improper installation [74]. Bearing damage can be classified in
numerous ways including source, appearances and failure mechanism [83]. Since we
are more interested in the damage process, we will briefly introduce four common bear-

ing failure modes during service. They are wear, plastic flow, fracture and fatigue.
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Figure 2-7. Model of bearing failure stage and failure rate

2.5.1 Wear

Mechanical wear occurs when components contact with each other under loads. Mate-
rial is being removed from the surfaces in small particles due to direct solid-to-solid
interaction. A typical evidence of mechanical wear is skid marking. As wear
progresses, larger particles often cause more severe mechanical wear named smearing
(It is also known as galling, scuffing or scoring). It may cause localized welding and
material transfer between the two surfaces in contact. A severe smearing can lead to
high vibration levels, seizure or bearing component fracture which is often the cause of

catastrophic bearing failure [65].

2.5.2 Plastic flow

Plastic flow arises when due to loss of cooling, increase in load or speed or loss of lubri-

cation, more heat is generated within the bearing than removed. This causes an unstable
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temperature rise in the bearing. This sequence of events can cause hot plastic deforma-

tion and seizure of the material of the bearing.

2.5.3 Fracture

When bearing has extensive spalling, impact loads rolling over the spall can cause the
bulk cracking. In cases of extensive cracking, an entire cross section of a bearing ring

or rolling element will separate as a result of fracture.

2.5.4 Fatigue

In practice, 90 percent of bearing failures result from fatigue [1]. A fatigue process is
characterized by the sudden removal of material due to alternating stresses. The failure
mechanism of fatigue has two stages [75]. The first stage of fatigue is the crack initial-
ization. Fatigue failure always begins at a small dent, or crack on the surface of the race-
way. The crack may have been present in the material since its manufacturing, or the
crack may have developed over time due to cyclic straining around stress concentra-
tions. Once the cracks form, the second stage of fatigue failure, or crack propagation
stage, begins to occur. When the balls roll over these cracks, the loads from these balls
will create a stress concentration at the tip of the crack. As a result, the crack grows
along planes normal to the maximum tensile stress and spalls follow soon after the

propagation [66]. This will make the bearing fail due to fatigue.
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Chapter 3 Rolling Flement Bearings Vibration and Analysis

The preceding chapter shown the macrogeometry of rolling element bearings and load-
ing under varied conditions of bearing operation. Vibration is one of the most obvious
consequences of bearing operation and the best operating parameter to determine the
health condition of machinery among various physical properties (such as temperature,
pressure, oil analysis) [50-53]. Once the machine is placed into service, the degradation
of the machine condition will change these forces and hence produce a unique pattern
in its vibration signature. A bearing defect usually starts from a localized dent on one
of the bearing components. When a metal surface rolls over this dent, a periodical
impact will be generated at a specific frequency determined by the location of the dent,
the speed of the shaft and the geometry of bearing. Many vibration analysis techniques
have been implemented in current industrial applications. Traditional methods can be
classified into time based and frequency based methods [6-12]. Recently, many
advanced signal processing techniques have been proposed for bearing defect detection

by representing signals in the time-frequency [93,94]or time-scale domains [118-124].

This chapter starts with an introduction of machinery vibration which is related to the
basics of condition monitoring and diagnostics. Then, we will focus on bearing vibra-
tion characteristics including the bearing defect model, bearing defect frequencies and
bearing vibration patterns at each failure stage. As last, we will review the traditional
and advanced techniques for bearing vibration analysis methods. Advantages and lim-

itations of these methods are shown with examples.

3.1 Machinery Vibration

Machine operation involves the generation of forces and motions that produce vibra-

tions. Vibration is defined as an oscillation about an equilibrium position. For example,
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an unbalanced machine rotor produces a rotating force that appears sinusoidal with
respect to a reference position (see Figure 3-1). Since the response amplitude is propor-
tional to the magnitude of the force, the response of the rotor to the force is also a sinu-

soidal waveform. We can model this harmonic motion by the equation:
x(t) = Xysin(2nfD) 3-1)

where x() is the instaneous position of the vibration, X, is the maximum amplitude and

fis the vibration frequency.

Each component in the machinery exhibits its own characteristic vibration signature.
Some characteristic vibration signatures are fixed by the design and construction of the
machine, but others may develop during service. A perfect machine usually generates
none or light vibration during operation. When machines deteriorate, the vibration level
and pattern changes due to wear. This makes vibration the best indicator of overall

machine condition and the best diagnostic tool detecting the development of an internal

COO00

Amplitude

Reference Direction Time

Figure 3-1. An unbalanced rotor generates a sinusoidal force and response waveform.
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The most common method for characterizing and representing vibration is the fre-
quency spectrum. A typical frequency spectrum for rotating machinery can be divided
into five bands as shown in Figure 3-2[67]. This helps us to identify the sources of
vibration. Most rotor related components contribute vibration in a low frequency range.
Bearing defect related frequencies are also located in this frequency range. However,
the main sources for high frequency vibration are resonances. Table 3-1 is a summary
of the vibration characteristics of some common machinery faults [85]. In this table,
frequencies at running speed, their harmonics, non synchronous harmonics and high

frequency resonances are the most important features for diagnosis.

Acoustic emission due to propagating fatigue cracks f

Impact transients and resonances A

Metal structure resonance

Bearing defect frequencies

Rotating component (Rotor, Motor,...)

30

0 100 500 1k 2k 5k

10k 100k Hz
Low Medium High Very High

Figure 3-2. Typical vibration sources of rotating machinery in a frequency spectrum.



Table 3-1. Vibration characteristics of common machine faults [85]
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Frequency Possible Cause Explanation
1xrpm’ Imbalance Can be caused by load variation,
material buildup, or pump cavita-
tion.

Misalignment or Bent Shaft | A phase shift of 180 degrees in the
axial direction. will exist across the
coupling.

Looseness Directional-changes with transducer
location. Usually high harmonic
content and random phase.

Resonance Drops off sharply with changes in
speed. From attached structures or
changes in attitude angle or eccen-
tricity ratio.

2 x rpm Misalignment or Bent Shaft | High level of axial vibration.
Harmonics | Looseness Impulsive or truncated time wave-
form; large number of harmonics.

Rubs Shaft contacting machine housing.

Sub-rpm Bearing cage See section 3.3.
N x rpm Rolling element bearings Non-synchronous. See section 3.3.

Gears Gearmesh (teeth x rpm); usually
modulated by running speed of bad
gear.

Belts Belt x running speed and 2 x running
speed.

Blades/Vanes Blades/vanes x rpm; usually present
in normal machine. Harmonics usu-
ally indicate that a problem exists.

Resonance | Several sources, including shaft, casing, foundation and attached
structures.

*. rpm is the running speed of shaft.
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3.2 Vibration Model of Bearing Defect

Rolling element bearings consist of an inner ring, an outer ring and rollers held by a
cage. The bearing failure often starts with a sizable local defect on any of these compo-
nents. Figure 3-3 is an example of a ball bearing with a localized defect on an outer
race. When balls roll over a point defect, it will generate repetitive impacts with a peri-
odicity (7'=1/f) that depends on the fault location. Many researchers model this periodic
impulse train x(¢) as a series of impulse functions [60,78,92-93,101-102]

©
x(t) = dy(t) z 8(¢t-nT-1), (3-2)

n=1
where 7 is the initial delay. The amplitude of the impulse train d,(¢) is determined by
the location of the defect, the rotational speed and the severity of the defect. When the
defect is on the outer race, d,(¢) tends to be constant because the fault location does not
change with respect to the radial load. However, for an inner race defect, d,(¢) will

change with respect to its angular position as described in section 2.3.4 [6].

x(?) T S@) 7

time time

Figure 3-3. Ball bearing with a localized inner race defect.
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The response can be measured by mounting an accelerometer on a supporting structure
near the bearing. Each impulse excites a short transient vibration in the bearing and
machine at their natural frequencies causing it to ring. If we model the system as a vis-
cously damped-mass-spring system, the response to such impulse is an exponentially

decreasing oscillation at the natural resonance frequency of f

A(?) = 4,¢ ' cos (2nft +0), (3-3)

where 4, is the maximum amplitude, o is the damping (or decay) factor and ¢ is the
initial phase [59]. If we assume that all the pulses are linearly independent, then, the
response of bearing with a single defect can be modeled as an impulse train with a

repeating period of T:

o o]

S = 3 A(t—kDu(t - kT), (3-4)

k=0

where u(?) is a unit step function.

We can extend this single defect model to the multiple defects case by assuming the
response from each defect is linearly independent. Then, the response of multiple
defects S,,(¢) is a sum of S(¥) with different amplitudes which are dependent on the mag-

nitude of the defects. Hence,

m [o2]

Su) = Y| T A, (t -, ~kT)u(t-7,~T,) |, (3-5)
p=1YM%=0

where m is number of defects and 7 is the delay between defects.

This vibration model of bearing defects suggested that an optimal vibration analysis
technique should be capable to detect transient oscillations of frequency f and check

that these transients occur periodically with a period of 7.
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3.3 Fundamental Defect Frequencies

The repetition frequency (1/7) of this impulse train is determined by the location of the
fault. These bearing related frequencies are known as fundamental defect frequencies.
Knowing the velocity of each component, we can calculate the fundamental defect fre-
quencies. The calculation of the fundamental defect frequencies of rolling element
bearings is useful in machinery condition monitoring, because it tells what has failed in

the bearing.

All rolling element bearings have four defect frequencies corresponding to each bearing
component. They are called the ball-pass outer race frequency (fy,,), the ball-pass
inner race frequency (f;,,;), the cage or fundamental train frequency (f37), and the ball
spin frequency (f30) [59].

For most applications, the outer race is fixed in a housing and the inner race rotates at
the same speed as the shaft. Define Z as the number of balls or rollers and »; as the rota-
tional speed of the inner ring unit in revolutions per minute. Assuming no skidding of
rolling elements with the stationary outer ring and rotating inner ring, the following

bearing frequencies may be calculated:

The cage or fundamental train frequency f4is

n. D
/?tf= ﬁ(l —chosa) Hz. (3-6)

The ball pass outer race frequency (f,,0 and inner race frequency (fy,;,) are related to
the rotational frequency of the inner ring relative to the cage (f,;) which can be easily
derived as:

- Zif1, L ]
Jei = 120(1 +7 cosoc) Hz. 3-7)

m

The ball pass outer race frequency (fy,,,) and inner race frequency (fy,;) are
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Jopor = U = 120 —dmcosoc z, (3-8)
=2, =2 - 214 Logsa)  m 39
Jopip = Lfei = Z(n;—fpp) = 20 +d coso Z. (3-9)

The ball spin frequency (f0) is

Josp = '1%’6%"(1 - (fn)zcosza) Hz. (3-10)

Note that each of the bearing defect frequencies are non-integer multiples of running
speed and the cage train frequency is always lower than shaft rotating frequency. When
a ball passes over a bearing defect in the races or cages, pulse-like excitation forces are
generated that result in one or a combination of these defect frequencies. In practice,
these derived defect frequencies are approximate. As a matter of fact, the rolling
motions are accompanied by a degree of sliding which occurs in the contact areas. In a
ball bearing, substantial amounts of spinning motion occur simultaneously with rolling
at high shaft speeds if the contact angles are large. At higher speeds, gyroscopic pivotal

motions can occur [78].

3.4 Bearing Vibration Characteristics

Before discussing methods for vibration analysis, it is important to have an understand-
ing of how the vibration signal changes as bearing failures develop [74]. As presented
in Chapter 2, rolling element bearing failure progresses through pre-failure, failure and
near catastrophic stages. The vibration characteristics of each stage are quite different
and complicated. Figure 3-4 presents typical vibration spectra for each failure stage
[87]. The frequency axis is divided into three regions: the rotor vibration region; the
bearing defect frequency region; and the high frequency region. The rotor vibration
region includes periodic signals at low frequencies such as multiples of the shaft speed.
The bearing defect frequency region contains the repetition rate of bearing defect fre-

quencies and their harmonics (typically up to 7 times of outer race defect frequency).
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The high frequency region ranges approximately from 2k Hz to 120k Hz. Bearing com-
ponents resonate at these natural frequencies when they are excited by the impacts of

rolling elements and flaws on the raceways.
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Figure 3-4. Spectra of rolling element bearing at each failure stage
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3.4.1 Pre-failure stage

In the pre-failure stage, bearing defects are subsurface or microscopic. The bearing
vibration spectrum from the accelerometer looks normal and is dominated by the run-
ning speed and its first few harmonics. It is possible to detect flaws at this stage using
special sensors to extract impulse trains at very high frequency ranges. For example,
acoustic emission (AE) monitoring uses a point contact AE transducer to monitor
changes in the stress wave above 100 kHz [80]. Another technique, the shock pulse
method, uses an accelerometer with a resonance around 38 kHz to detect shock pulses
induced by a small crack [79]. These methods are not considered here because the bear-
ing flaws that occur at this stage are typically not critical. Bearings with pre-failure

defects are still capable of functioning at their designed capability.

3.4.2 Failure stage

The failure stage can be sub-divided into two stages: the early failure stage and the near
failure stage. At the early failure stage, impulse like excitations cause the installed bear-
ing components, the bearing housing, the machine structure and the transducer to ring
periodically at their natural frequencies. Repetition rates of the pulses can be calculated
from the bearing geometry (see section 3.3), but are undetectable using the direct spec-
trum method. This is because the repetition component generated from a small crack is
easily masked by other signals in the low frequency range. However, these defect fre-

quencies are usually amplitude modulated with resonances at a higher frequency range.

When the bearing defects progress to the near failure stage, the rate of bearing degrad-
ing starts to increase exponentially as shown in Figure 2-7. The size of the cracks
become larger and the number of cracks increase during the near failure stage. There-
fore, the change in vibration amplitude becomes detectable. Up to 7 harmonics of fun-
damental bearing frequencies start to appear in the response spectrum. As the degrading
continues to the end of the near failure stage, strong components at the fundamental

defect frequencies will be visible and the impulsive components in the high frequency
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region may begin to move down to the lower frequency region because the area of
damage is enlarged. Amplitude modulation of the four frequencies by the speed of the
rotating unit causes sidebands. The ball pass frequencies can be modulated by the fun-
damental train or ball spin frequencies, which can in turn modulate natural frequencies.
The frequencies generated by defective bearings are thus combinations of bearing fre-
quencies, natural frequencies, and frequencies of the rotating unit. Bearing failure
detection is important at this point and it is necessary to watch the trend of these
changes closely. Most of the work in bearing vibration analysis focuses on detecting

bearing flaws during this stage as early as possible.

3.4.3 Near catastrophic stage

If the bearing is not replaced at the failure stage, catastrophic bearing failure becomes
imminent. At this moment, the bearing material is rapidly worn out which allows the
shaft to move significantly. This degradation and the corresponding vibration ampli-
tude begin to grow exponentially. The larger clearance can cause rub impact between
rotating and stationary components which leads to accelerated machine failure. Defect
frequencies may shift in frequency or disappear due to the sliding motion caused by the
increase in clearance. Therefore, the overall vibration energy grows faster than the

energy from the impulse signal during the end of bearing life.

Based on the above observations, the choice of bearing failure detection method should
depend on how the bearing flaws develop. In the early stage of bearing failure, methods
that concentrate on detecting impulses in the high frequency range tend to be more
effective for detecting early bearing flaws. Diagnosis of a bearing defect or bearing con-
dition therefore depends on the combination of frequencies present. Raw data is usually
pre-processed with a high pass filter to remove low frequency vibration sources. As the
flaws progress into the near failure stage, most of the techniques focus on tracking the
fundamental defect frequencies. These methods often resulting in false alarms because

the vibration signal becomes more random as damage spreads around the bearing. At
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the end of bearing life, the overall vibration energy increases rapidly and may be
detected very easily. A review of these bearing failure detecting methods and their

advantages and disadvantages is given at the following sections.

3.5 Vibration Analysis Techniques

Many attempts have been made to predict upcoming failure of rolling element bearings
using vibration measurements and signal processing. Traditional techniques can be
broadly divided into two categories: time based and frequency based methods [6-12].
Recently, many techniques had been proposed to process signals into two dimensions
(time and frequency/scale) instead of one (time or frequency) [13,86]. This new repre-
sentation is most suitable for non-stationary signals such as impacts generated by bear-

ing defects.

3.5.1 Time based method

Time based techniques usually produce a single parameter derived from the time his-
tory of the vibration signal. This derived parameter represents the current condition and
may be compared with the parameter measured when the bearing is in a new and
undamaged condition. Using a single number to estimate the bearing condition is desir-
able for practical applications since most facilities have a large number of rolling ele-
ment bearings. All of the time based methods are computationally efficient and easy for
monitoring. These methods of detecting bearing damage have been somewhat success-
ful [7,8]. However, it is impossible to diagnose all possible faults using only one param-
eter. It was also found that some of these parameters are sensitive to the presence of
noise and to changes in operating condition [77]. These parameters are also unable to
identify the cause of the fault when the signal from the machine is complicated with
many possible sources other than bearing defect generating impulse-like responses [9].

In this section, we review some of the popular time-based monitoring techniques.
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3.5.1.1 Amplitude descriptors

The simplest way of monitoring bearing conditions is to measure the vibration ampli-
tude within a certain frequency band. The range of frequency band should cover the
expected vibration from sources of interest. Commonly used amplitude descriptors
include the peak value and root mean square (RMS) value. The peak value represents
the extreme value of vibration amplitude away from the neutral position. The RMS
value measures the overall energy content of the signal. This value is also known as

vibration severity in PdM. For a signal X, the definition of RMS of X is

(3-11)

A comparison of peak-to-peak and RMS values made by Mitchell is shown in Figure 3-
5 [6]. This figure illustrates the advantages and disadvantages of these two descriptors
for a sinusoidal and nonsinusoidal signal. In Figure 3-5 (A), the peak value of the pure
sine wave and the pulse train are the same, however, the RMS value of the pulse train
is smaller than the pure sine wave which implies that the vibration energy of the
impulse is very small. On the other hand, Figure 3-5 (B), shows that two signals with
about the same RMS value may differ significantly in their peak values. This peak value

could be misleading if the sudden change was due to some disturbances.

Generally, the RMS value tends to be better for detecting problems such as unbalance
and misalignment where damage is mainly a function of energy, or in simple machines
where bearings are the main signal source. International standards, such as ISO stan-
dards 2372 and 3945 (Table 3-2), provide severity charts for using RMS level to deter-
mine machine condition. However, they provide an inadequate assessment of bearing
condition at the early stage of failure because the changes in these low frequency bands
resulting from bearing damage are small. The peak value is sensitive to impulsive vibra-
tions that are the early symptom of rolling element bearing defects. Using the peak

value without examining the signal can be misleading because of signal contamination
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from noise. It is important to recognize that the amplitude descriptors depend on not
only the condition of the machine but also their load and speed. A trend plot is needed

to track the condition of bearings using these values.

kurtosis=1.50 kurtosis=13.4

......... %
(A)
kurtosis=1.55
kurtosis=1.50
LTI T I T T 1Y T 1\,--1
(B) PEAK

Figure 3-5. Comparison of amplitude descriptors for a sinusoidal and nonsinusoidal
signal. (A) Same peak value with different RMS value. (B) Same RMS value with
different peak value.



Table 3-2. International Standards ISO 2372 and 3945
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Ranges of radial vibration severity | Quality judgement for separate classes of
machine
RMS velocity
Range| Intherange 10-1000Hz |ClassI |ClassIl |ClassIIl |ClassIV
MM/SEC IN/SEC
0.28 0.28 0.011
0.45 0.45 0.018 A A
0.71 0.71 0.018 A A
1.12 1.12 0.028 B
1.8 1.8 0.044 B
2.8 2.8 0.071 C B
4.5 4.5 0.11 C B
7.1 7.1 0.18 C
11.2 11.2 0.28 C
18 18 0.44 D
28 28 0.71 D D
45 45 1.1 D
71 71 1.8
Machine Classes
CLASSI  Small Machines to 20 HP
CLASSII Medium Size Machines 20 to 100 HP
CLASSIIT Large Machines 10-200 rev/sec., 400 HP and Larger Mounted on Rigid Support
CLASS IV Large Machines 10-200 rev/sec., 400 HP and Larger Mounted on Flexible Supports
Acceptance Classes
A: Good B: Satisfactory C: Unsatisfactory D: Unacceptable
3.5.1.2 Shape descriptors

Shape descriptors detect the impulsive features of the time domain waveform induced

by bearing flaws. They are more sensitive and reliable detectors of early stage bearing

failure than amplitude descriptors [6]. The most popular shape descriptors, crest factor

and kurtosis, will be presented in this section.

The crest factor is a non-dimensional factor derived from normalizing the peak ampli-

tude of vibration by the RMS value [76].The formulations of crest factor (C) is:
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_ MAX(X(t)-Hx) -
¢ = it (3-12)

This ratio is suitable for early stage bearing failure detection because the amplitude of
impulsive components increases more rapidly than the RMS level at the beginning of
flaw development. For a machine running at a quiet and normal operating condition, the
crest factor C, may have values as low as 1.4 to 1.5. Higher values of C often imply that
the machine might have complex impact-type components. In a study by Howard, a
typical crest factor value and rate of occurrence for a small ball bearing running at 1800
RPM is given in Table 3-3 [79]. In the table, the crest factor and rate of occurrence is
related to the bearing condition. The rate of occurrence at a high crest factor value
within one revolution of shaft rotation prevents false alarms due to disturbances. Track-
ing both values provides a more reliable prediction of bearing condition. Note that the
crest factor may drop during the later stage bearing failures since the RMS level

increases faster than the peak value when defects start to spread.

Table 3-3. Typical crest factor and rate of occurrence for small ball bearing with
different bearing condition.

Bearing Condition Crest Factor Rate of Occurrence
Single damage 7 or higher Greater than 4 per second
Multiple damage 7 or higher Greater than 10 per second
Acceptable 6 or lower NA

*. Bearing operating speed is 1800 RPM.

A more sophisticated way to represent the bearing condition is to perform a statistical
analysis of the vibration signal. The kurtosis function is a statistical function which

emphasizes high amplitude deviations from the normal level. The definition of kurtosis

(K) is:

T 4
J O - Tar

Tcs4

K

(3-13)
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where p, is the signal mean, o is signal standard deviation, and T is the duration of the

signal.

A perfect random vibration has a kurtosis value of 3, whereas a vibration signal with
kurtosis value of greater than 3 implies more impulsiveness. Figure 3-6 illustrates the
time waveforms and the change in the probability density function before and after
bearing damage occurs in one of our tests. The kurtosis for the normal bearing is very
close to 3. As the bearing defect progressed after running for 10 hours, the kurtosis is 4
times larger than the normal condition. This is due to the impulse train as can be seen

from the waveform of Figure 3-6 (b).
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Figure 3-6. The time waveform and probability density function of the normalized
acceleration of a ball bearing in normal and damaged condition.
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Using the kurtosis value is therefore potentially useful in detecting early stages of fail-
ure when impacts are only intermittent. However, when a bearing is in a very damaged
condition the signal is dominated by very frequent impulsive peaks, and K falls as
impulses become more common. In addition, its high sensitivity to impulsive signals

can be deceptive since it may produce false alarms due to noise.

Figure 3-7 shows an example of using time based descriptors for defective and normal
bearings. A small dent was introduced on the inner race of the defective bearing. All the
time waveforms are pre-processed with a high pass filter to remove low frequency com-
ponents. The transient part of the signal was discarded because of the filtering.
Figure 3-7(a) and (c) show the measurements from defective bearings, and Figure 3-
7(b) and (d) show the measurements from normal bearings. For the cases without back-
ground noise, all of the time based descriptors for the defective bearing are much higher
than those of the normal bearing because of the impulse trains generated by the small
dent. However, because the signal is contaminated with background noise in Figure 3-
7(c) & (d), RMS is not a suitable indicator for identifying the bearing defect. The other

descriptors are more sensitive to the impulse components.

In conclusion, time domain indicators are easy to calculate and implement for automa-
tion monitoring. Amplitude based indicators are sensitive to operation conditions.
Shape descriptors are independent of loading and speed, which makes them a better
diagnosis method for bearings that have no baseline measurements from normal oper-
ation [88]. However, shape indicators can cause errors of interpretation in the presence
of noise. The raw measurements are usually pre-processed with a high pass filter to
remove the effect from low frequency components. Therefore, they are suitable for
early stage of bearing failure detection and are easy to calculate. For later stages of fail-

ure, their value will drop and should not be used for bearing fault detection.
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Figure 3-7. Time domain indicators for normal and defective bearing with and
without background noise.(a) Defective bearing without background noise, (b) Normal
bearing without background noise, (¢) Defective bearing with background noise and
(d) Normal bearing with background noise. Signal are prepossessed with a high pass
filter with a normalized cut of frequency at 0.25.

3.5.2 Frequency based method

Frequency based methods are the most popular techniques for analyzing the vibration
signal. Using methods in the frequency domain is computationally efficient and more

effective than time based methods. Taking the fast Fourier transform (FFT) of the signal
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gives us the spectrum in the frequency domain. The spectrum presents information indi-
cating the level of vibration at a particular frequency. Analyzing the signature of this
spectrum can help us to detect and identify most types of faults. The frequency identi-
fies the source of the fault and the amplitude identifies the severity. Commonly used
frequency based methods are classified into two categories: direct spectrum analysis

and the processes spectrum method [66].

3.5.2.1 Direct spectrum analysis

Direct spectrum analysis uses the result of power spectrums directly to identify bearing
failures. Depending on the resolution of the spectrum used, it can be sub-divided into

the broadband method and the narrowband method.

* Broadband method

The broadband method sums up all the spectrum amplitudes within the linear range of
the accelerometer (typically up to 5 kHz sampling frequency). This method is analo-
gous to the RMS value in a time based method and generates only one number that rep-
resents the overall condition of the machinery. This number represents the overall
energy of vibration. Similar to the time based method, the broadband method is not a
good indicator for bearing condition because it is not sensitive to bearing faults when
the background noise is high [15]. This can be shown by comparing the spectrum of a
ball bearing with and without the background noise as in Figure 3-8. A small crack is
induced at inner race. The broadband level was calculated up to 8 kHz. The difference

in broadband level was around 60dB without adding background noise. As we added
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background noise to the same artificially defected bearing, the difference in broadband

level reduced to 6dB.
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Figure 3-8. Spectrum of normal bearing and defected bearing in inner race (a) without
and (b) with background noise.

* Narrowband method

As we know, vibration represents the behavior of the machine’s mechanical compo-
nents as they react to internal or external forces. Each machine defect produces a unique
set of vibration components. We can calculate the specific frequencies associated with
the components in the machinery for fault identification. The abnormal conditions in
machines can be diagnosed by monitoring the trend of these frequency components in
the spectrum. This method has been used successfully for most cases of machinery
diagnostics. This is also known as the narrowband method. A baseline spectrum is cre-
ated to represent the normal condition. New and current spectra will be compared with

the baseline and the difference spectrum will show the changes in spectrum.
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This method requires a prior knowledge of the signal and it is often a time consuming
job to track many frequency components. In most of the cases, this method fails to

detect the incipient faults since some of the features mask the most important feature.

Figure 3-8 is the spectrum and its broadband level calculated from the bearing data in
Figure 3-7. The change of broadband level between a normal bearing and a defective
bearing is much smaller in the presence of background noise. In this case, the narrow-
band method is better than broadband method because there is an average of 25 dB dif-

ference between 4k to 6k Hz even with the background noise.

3.5.2.2 Processed spectrum methods

When a machine is complicated, it will have many sources of vibration. In such a case,
the direct spectrum method is not an efficient way to detect a fault. Additional process-
ing is needed in order to identify the source of the defect. Envelope power spectrum and

cepstrum are two popular processing methods.

* Envelope power spectrum analysis

Envelope power spectrum analysis, also known as high frequency resonance technique
(HFRT) was developed in 1970s for bearing defect analysis [104]. It can magnify the
low amplitude, high frequency signals by filtering out low frequency components
[89,90]. The vibration signal is first band filtered to remove the major influences from
other vibration sources and background noise. The filtered signal is then passed through
an amplitude demodulator. The fault indicating frequencies can be determined in the
envelope spectrum through a spectrum analyzer. For digital signal processing, the same
envelope spectrum can be obtained by using a Hilbert transform [83]. This method can

be enhanced by calculating the auto-correlation of the envelope.

The process of enveloping can mask important components resulting from the ampli-
tude modulation. Another limitation of envelope analysis is due to the fact that the dam-

aged surface spreads randomly, causing the response of the vibration to become random
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as well [84]. Therefore, the success of using this method for bearing failure detection is
mixed [82].

Figure 3-9 shows an example of envelope analysis for a bearing with an inner race
defect with and without the presence of background noise. The first column is the case
without background noise. The impulse is nicely shown in the envelope and its auto-
correlation. When the signal is contaminated with noise as in the second column, we
can use a high pass filter to extract low-level impulse train from the large noise as in the

third column.
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Figure 3-9. Envelope and its auto-correlation for inner race defective bearing with and
without background noise.

* Cepstrum analysis

Cepstrum is defined as the power spectrum of the logarithm of the power spectrum. It
is simply a spectrum of a spectrum and is in dB scale. It reduces a multiple component

harmonic series into a single component. Therefore, cepstrum is ideally suited to the
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analysis of complex signals with multiple harmonics. Cepstrum analysis had many
applications and is widely used for echo detection, speech processing, bearing fault
detection [17], and internal combustion engine diagnosis [18]. A bearing defect gener-
ates low energy level impacts making them hard to detect. However, an impact tends to
produce a harmonic series in the frequency spectrum with a spacing equal to the fre-
quency of the impact. When there are more than one periodic harmonics, it is more dif-

ficult to identify the individual components [92].

3.5.3 Time-Frequency methods

The traditional methods based on the results of Fourier transform are a powerful tool
for deterministic and stationary signals. However, for non-stationary signals, Fourier
transforms are not sufficient since the time-varying information is missing. For exam-
ple, the flaws in a bearing produce impulses which are non-stationary transients. The
time localization information is important for finding the onset of the bearing faults and
the type of bearing failure which cannot be observed with power spectrum. In order to
see the temporal information in the spectrum, we can map the signal into a function of
time and frequency. The result of this two-dimensional map is called time-frequency

representation (TFR).

There are many ways to map a one dimensional signal of time into a two-dimensional
function of time and frequency [13,86]. The simplest method to implement TFR is to
process the signal frame by frame using a fixed window to give a distribution of signals
simultaneously in time and frequency [13]. This is known as short time Fourier trans-
form (STFT). For example, Yazici and Kliman use the spectrogram from a SHFT to
form a feature vector for bearing fault detection with very high accuracy [94]. However,
STFT suffered a resolution trade-off problem between time and frequency. An alterna-
tive method is called Wigner-Ville distribution (WVD), which provides a good resolu-

tion both in time and frequency at the expense of interference terms appearing in the TF
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plane. Meng and Qu use WVD to observe bearing defect impulses as an energy distri-

bution in both time and frequency domains [93].

Recently, another TFR method is rapidly evolving called wavelet transform. Wavelet
transform is also known as time-scale transformation. Wavelet techniques decompose
the signal as a sum of orthogonal signals corresponding to different time scales using a
multi-scale analysis [23]. It allows us to use a different window size for different scales.
Peng and Chu provide a good review and bibliography by applying wavelet transform

to machine condition monitoring and fault diagnostics [95].

3.6 Summary

The objective of this study is to detect bearing defect as soon as possible. Therefore, we
are more interested in the techniques which can extract the small impulsive components
under the presence of noise in the early stage. After reviewing the bearing failure stages
and the techniques to detect bearing defects, we will focus on the high frequency reso-
nance techniques (HFRT). In the next chapters, new signal processing tools, such as
wavelet transformation and signal energy operator are proposed to improve traditional
envelope methods. The results of these new approaches will be compared against the

traditional envelope analysis method.
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Chapter 4 Wavelet Transform Analysis

In the early stage, a bearing defect usually produces a low-level, non-stationary vibra-
tion which can be masked by background noise and other vibration components. Tra-
ditional spectral analysis is unable to accurately detect such defect-induced signals
because Fourier analysis is based on the assumption of stationarity. To overcome the
shortcomings of traditional spectral analysis, non-stationary analysis techniques such
as time-frequency analysis and wavelet transform analysis have been developed. We

choose wavelet transform analysis because it has the following properties [37]:

* Multi-resolution; Wavelet transform decomposes a signal using different window
size at different scale. A large window size for lower scale and a small window size
for higher scale. This allows us to capture both the short-time high-frequency infor-
mation and the long-time low-frequency information of the signal.

+ Localization: A wavelet is a function that decreases quickly towards zero at both
ends. We can control the shape of the function using dilation and shifting it using
translation to capture a localization event. This is especially useful for detecting
impulse-like transients in the signal.

« Reconstruction: A signal can be perfectly reconstructed from its WT at any resolu-
tion without information loss. It is also possible to reconstruct a filtered version of
the raw signal by selecting a subset of WT coefficients. This provides us an oppor-
tunity to obtain an optimal resonance frequency region for HFRT where the impulse
to noise is highest.

There are many ways to perform WT analysis. Section 4.1 will give the definition of

WT in the continuous and discrete from, namely the continuous wavelet transform

(CWT) and the discrete wavelet transform (DWT), respectively. In Section 4.2, we

introduce a very flexible and useful extension of the conventional DWT known as dis-

crete wavelet packet transform (DWPT). The result of DWPT is a redundant version of

DWT in a tree structure. Section 4.3 introduces a best basis algorithm for defining an
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optimal collection of packets to represent the original signal. One of the problem for
both DWT and DWPT is that the transformations are shift variant. Section 4.4 defines
the shift invariant version of DWT and DWPT by the concept of maximal overlap [34].
Section 4.5 presents the denoising techniques which allow us to estimate a signal
hidden by background noise using DWPT. Most of the computation algorithms can be

found in the references [26,34] and will not be presented in detail here.

4.1 Introduction to Wavelet Transform

It is well known that the Fourier transform (FT) decomposes a square integrable signal
(i.e. an energy limited signal) into the frequency domain with the kernel ¢'® . The
assumption of the FT is that the signal x(¢) is stationary in time. The transformation pair
of the FT is:

x(8) = 2% j_wX(m)e"‘”dco, (4-1)

X(©) = ij(t)e"""’dz. (4-2)

Because FT assumes the observed system is stationary, time localized information
cannot be seen. In order to compensate for the missing temporal information, we can
divide the signal into several short windows and perform time localized FT in order to
incorporate the temporal dynamic feature. This technique is called short time Fourier

transform.

Instead of using the et , the wavelet transform (WT) uses wavelet bases y; ,(u) to
decompose signal into the time-scale domain [33]. A wavelet basis is a set of linearly
independent functions constructed from a single mother wavelet with dilation and

translation, i.e.,

v, i) = (), (4-3)
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where A is the scale parameter (also known as dilation parameter) and u is the time shift
parameter (also called translation parameter) and y(u) is the mother wavelet function.

A wavelet is any function that integrates to zero and is square integrable, i.e.,

Iww(u)du =0, (4-4)

o]

I \uz(u)du <0, (4-5)

There are many different types of wavelet functions and their families such as
Daubechies and Morlet [23]. Figure 4-1 shows an example of Daubechies wavelet fam-

ily.
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Figure 4-1. Daubechies wavelet family

Form Equation 4-3, a continuous wavelet transform (CWT) is defined as

W, 0 = | wx(u)wx, (uw)du (4-6)
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and the inverse CWT is

x(f) = cl jw ] “wo u)-l—\u(t_—u) au® (4-7)

2

0

where the constant c,, is equal to '[ —Wiuzldu.
0

In a discrete form, the DWT is a subsampling of W(A,?) in a dyadic scale (i.e., =2 '1,
j=1,2,..). For a signal x[»] with length N=2', the DWT can be obtained by

W = wX, (4-8)
where W is an N-by-1 column vector composed by the DWT coefficients W7, w is an

N-by-N transformation matrix and X is an N-by-1 column vector of x[n]. Note that the

length of x[n] is restricted to a power of 2.
The signal can be recovered by the synthesis DWT using

J
X=wwW= Y D, +4,, (4-9)
J=1
where j is the decomposition level, D; is the jth level wavelet detail and 4 is defined as

the approximation (or smooth) of the signal.

To implement DWT for digital computation, there is an efficient DWT algorithm that
uses the method of multi-resolution analysis (MRA). The idea of MRA is to decompose
signal with a two-channel filter bank and a downsampling process recursively [24].
Figure 4-2 is a schematic diagram of a two-channel filter bank where G represents a
highpass (or wavelet) filter and H is a lowpass (or scaling) filter. The first stage of MRA
uses G to compute the first detail (D;) of the signal and uses H to obtain the first approx-
imation (4;). The downsampling process (¥) keeps the total number of coefficients
equal to the total length of the original signal. Then, we continue the same decomposi-
tion on the approximation part iteratively as shown in Figure 4-3 to a level j. The result

is a collection of components with 1 approximation and j details. This algorithm is
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called a “pyramid algorithm” and the cost of computation is only O() multiplications

which is more efficient than FFT using O(Nog,N) multiplications.
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Figure 4-2. Schematic diagram of a two-channel filter bank for discrete wavelet
transform.
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Figure 4-3. A three level discrete wavelet transform.
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4.2 Wavelet Packet Transformation

Scale and frequency are related. A low scale using a compressed wavelet is equivalent
to a high frequency component in the frequency spectrum [25]. In the original DWT, a
signal is decomposed in a dyadic way that is equivalent to dividing the frequencies into
octave bands. For J level decomposition, each detail contains information in the nor-
malized frequency interval of [1/2*1, 1/2/] and the approximation coefficients are asso-
ciated with the frequency interval of [0, 1/27*11. Therefore, the first detail coefficients
contain the information in the frequency range of [1/4 1/2] of the sampling frequency.
For a machinery monitoring and diagnostics problem, this representation is not effec-
tive for feature extraction because many fault-indicating components present in a spe-
cific high frequency range [39]. This leads to an instinctive thought to apply the same
iterative decomposition on both the detail and the approximation subbands at each
level. This method of decomposition is defined as the discrete wavelet packet transform
(DWPT). The result of the DWPT gives us subbands with even bandwidth at the same
scale which allows us to have more flexibility to select the most informative packets
with better resolution in the higher-frequency region [32]. Each subband is a square
integrable modulated waveform, well localized in both position and frequency [33] that

is called the wavelet packet.

The result of the DWPT can be called a time-frequency decomposition since each
DWPT coefficients can be localized to a particular band of frequencies and a particular
interval of time. Figure 4-4 is the structure of a DWPT and Figure 4-5 depicts the

DWPT on a signal use Haar filters in sequence order [33].
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4.3 Best Basis Algorithm

The result of DWPT is a redundant version of DWT in a dyadic tree structure which
offers the freedom and possibilities to select different combinations of packets for rep-
resenting the signal. For a PAM system, it is desirable to select the most important but
the least redundant features for machinery fault diagnostics [39]. This requires a proper
measurement to evaluate the information content in each wavelet packet and a criteria

to select an optimal collection of packets to represent the machinery condition.

The original way of selecting a collection of packets is an entropy-based best basis algo-
rithm proposed by Coifman and Wickerhauser [32]. The idea is to build a collection

with the lowest information cost.

For a given signal x, the amount of information (/), is defined as

I(x;) = ~logS?. (4-10)

We can define a function to measure the cost of describing such signal. The most
common used cost function is entropy, E(S;), that measures the amount of information

required in specifying the signal S; defined as follows:
2 2 2
E(S) = Y SISy = > S;log(S;). (4-11)
i i

This means that the cost function should be large when the coefficients are roughly the
same size and small when all but a few coefficients are negligible [33]. For example,
the cost for describing an impulse train signal is smaller that the cost for describing a

periodic sine signal.

The entropy cost function is an additive cost function, which satisfies the additivity con-

dition below:

E(S) = Y E(S); E0) =0 (4-12)
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Therefore, the total cost £(S) is the summation of the costs from each individual packet
for the DWPT. The most compact representation is the combination of packets with the
minimum cost function and the search for the minimum cost of the for DWPT is called

the best basis algorithm.

Figure 4-6 illustrates an example of the best basis algorithm given by Wickerhauser
[33]. The first step is to decompose a signal into a 3-level wavelet packet tree. Each
rectangular is a subspace of the original signal defined as a node. In the top-down direc-
tion, each parent node is the sum of its two children nodes. The information cost is cal-
culated as a number in each node. We start from the lowest level by marking each node
with an asterisk as shown in Figure 4-6(a). The total information cost of this level is an
initial value which we will try to minimize. In order to find the minimum, we compare
the total cost of children nodes with their parent node. Whenever a parent node is of
lower information cost than the children, we mark the parent. If the children have lower
information cost, we do not mark the parent, but we assign the lower total information
cost of the children to the parent. The former information costs of the adjusted nodes
are also displayed in parentheses. After the search, we mark all nodes of lower cost as
in Figure 4-6(b). The topmost marked nodes, as the shaded boxes in Figure 4-6(c), con-
stitute the best basis.

The entropy-based best basis works well for voice signal and image compression by
searching the lowest cost to transmit the information. However, it is not the only way
to form a basis. For applications such as condition monitoring and diagnostic systems,
we are more interested in the rate of energy change rather than the concentration of
energy in the signal. One of the objectives of this research is to select a cost function
that is suitable for the early detection of bearing defects. This cost function will be pre-

sented in the next chapter.

Figure 4-7 shows three kinds of wavelet packet representations using a signal from a
bearing with an artificially seeded inner race defect. The topmost block in each of the

tree structure is the original signal. Figure 4-7(a) uses all the 16 packets at the lowest
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level to represent the signal which is roughly analogous to a STFT. A wavelet tree is
also known as a DWT. Figure 4-7(b) is a wavelet tree which is the same as the DWT
by splitting only over the lower frequency bands. The 5 features given by this split are
indicated in Figure 4-7(b) with thick box lines. Any other combination corresponding
to a disjoint dyadic will also work. An example of best basis tree using entropy criteria

is shown in Figure 4-7(c). This gives us 7 features with different bandwidths.

(a) Calculate the cost for each node and mark all bottom nodes
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Figure 4-6. Algorithm of searching the best basis in a three level wavelet packet
decomposition.
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4.4 The Maximal Overlap DWT and DWPT

Due to the fact that DWT uses downsampling on the outputs of the wavelet and scaling

filters at each stage of the pyramid algorithm, the result of DWT is dependent on where
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the transformation is performed on the signal. This implies that DWT is a shift invariant

transformation which, is misleading.

In order to solve the shift variant problem, many studies proposed a modified version
of DWT under different names, such as “undecimated DWT”, “shift invariant DWT”,
“stationary DWT”, “time invariant DWT” and “maximal overlap DWT (MODWT)”
[34]. In this work, we use MODWT as the acronym for this variation.

The essential concept to get a shift invariant DWT is to apply the DWT pyramid algo-
rithm twice, once to the original signal and once on the one-point delayed signal. Then,
the combined coefficients from the two sets of DWT coefficients is MODWT.
MODWT is superior than DWT in several ways in additional to the shift invariant per-
perities. Table 4-1 lists the main differences between DWT and MODWT. The main
cost of MODWT is the computation cost which is the same as FFT.

The same idea can be extended to define a maximal overlap DWPT (MODWPT) from
DWPT.

Table 4-1. Property comparison between MODWT and DWT.

Property MODWT DWT
Computation cost O(N log, N)! O(N)
Restriction on sample size None 2/
Usable for multi-resolution analysis X X
Details and approximations are zero phases X
Wavelet coefficients usable for analysis of variance X X
Scaling coefficients usable for analysis of variance X X
De‘Eails and approximations usable for analysis of X
variance
Shift invariant transformation X

* Computation cost is the same as FFT [35].
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4.5 Denoising

The wavelet denoising method is a very useful technique to extract (or estimate) a sig-

nificant signal masked by noise. Assume the following corrupted signal model

x[n] = u[n]+oz[n], n=1,2,3,..,.N (4-13)

where u[n] is the deterministic signal that interests us, z[n] is a independent and identi-

cally distributed (IID) noise with zero mean, and o is the standard deviation of z[n].

If we apply the DWT to x[#n], Equation 4-13 becomes
W, = Wy+0W,, (4-14)

where W represents the wavelet coefficient vector of length N. Assuming that some of
the wavelet coefficients are small and attributable to noise, we can use M (M < N)

number of coefficients to estimate the signal as x[n].

To determine M, Dohono and Johnstone have developed a wavelet shrinkage method
using a threshold function [40]. Hard thresholding and soft thresholding are the most

commonly used threshold functions, and they are defined as

Whard - 0 |Wl| <3 (4_15)
/ w, otherwise’
w7 = sign{W}(|W)| - 5), (4-16)

where & is a threshold level.

There are a number of ways to set the level of 8. When z is a IID white noise with zero

: 2 . ..
mean and covariance o, , a universal threshold 8" is given by

8“ = /202 1og N. (4-17)

If 03 is unknown, the standard deviation estimator can be used to estimate 022, by

median{ |/,

AWls o [Wnyp 1|3
0.6745 ’

o= (4-18)
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where {|W,|, Wy}, ..., |Wy,y_1|} are wavelet coefficients in W at level 1 decompo-
sition [34]. The reason for using only W to estimate the standard deviation is that the
high frequency region is usually dominated by noise. The constant 0.6745 rescales the

estimator to be a suitable estimator for the white noise case.

Figure 4-8 shows an example of denoising performance on a noised bearing signal with
a seeded inner race defect where (b) is the original signal and (c) is the noised signal at
SNR level of 2. Figure 4-8 (c) to (e) are the denoised signals at different levels with the
universal threshold 8 = 3.7233. As we can see from the denoised signal, the signal

tends to be more smooth as we perform the denoising at higher level.

20
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Figure 4-8. Denoising bearing signal with seeded inner race defect. (a) Original
signal, (b) Original signal with white noise at SNR=2, (¢) Denoised signal at DWT
level 1, (d) Denoised signal at DWT level 2, (e) Denoised signal at DWT level 3.
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4.6 Summary

In this chapter, we have introduced most of the wavelet transform techniques including:
CWT, DWT, DWPT, MODWT, and MODWPT. For bearing defect detection, DWPT
and MODWPT might be the best techniques to provide higher resolution in the high fre-
quency region. We also presented the best basis algorithm using the concept of cost
function. A cost function that can best describe the bearing defect is desirable, and this
is which will be investigated in the following chapter. Finally, the denoising technique
is another useful tool which can reduce the noise effect while using wavelet transform
techniques. Denoising will be incorporated with our wavelet based high frequency res-

onance technique in the next chapter.
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Chapter 5 High Frequency Resonance Technique

The high frequency resonance technique (HFRT), also known as envelope power spec-
trum analysis, envelope detection, or demodulated resonance analysis [81], is a tradi-
tional method for extracting repetitive low level fault related vibrations in the presence
of high background noise levels. The development of HFRT can be traced back to
1970s and was developed for early warning of impending bearing failures [100].
Darlow and Badgley point out the HFRT can also be used for other mechanical compo-
nents problems, such as gear interaction and clutch slippage, where the low-frequency
information of interest is modulated at the higher resonance frequency region [99]. At
present, the maintenance industry has adapted HFRT as one of the main tools in the
condition monitoring program for early gear and bearing defect detection
[57,92,103,108].

The purpose of the HFRT is to extract the bearing defect impulses using a demodulation
process. Traditional methods to demodulate the signal use either rectifier circuits or
Hilbert transforms. In this study, we introduce alternatives based on energy detectors

and wavelet packet transformation.

This chapter starts by an introducing the concept of amplitude modulation in the bear-
ing vibration signal. The basic principles and the conventional implementation of
HFRT based on Hilbert transform is presented in Section 5.2. Three alternatives based
on energy detectors and wavelet packet transformation are introduced in Section 5.3
and 5.4, respectively. Section 5.5 summarizes the traditional and proposed new HFRT

algorithms.
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5.1 Amplitude Modulation of Bearing Vibration

The spectrum of an impulse, which is similar to a white noise signal, spreads to all fre-
quencies at low amplitudes. In a defective rolling element bearing, when a dent is struck
by a rolling element, a number of high frequency resonances may be excited. These
high frequency resonances could be any combination of the ringing of bearing compo-
nents, bearing housing, machine structure, or transducer. These resonances are excited
periodically at the particular bearing defect frequency. As a result, a bearing defect gen-
erates an amplitude modulation wave at the structural resonance frequency modulated

by the bearing defect frequency.

5.1.1 Amplitude modulation

Amplitude modulation (AM) is defined as the mulitiplication of two signals at different
frequencies [103]. The high frequency component is called the carrier signal and the

low frequency component is the modulating signal. The general form of an AM signal

(x4 1s given by

m(t)cos (o, 1) + Ccos (@ 1)
[C+m()]cos(w,1),

X 40(8)

(-1

where m(f) is the modulating signal, ®,, is the carrier angular frequency, and C is the

amplitude of the carrier signal. The Fourier transform of x 4, is

X (0) = -12-[M(co +0,)+Mo-0,)] 52

+mA[d(o+0,)+d(0+0,)] .

The instantaneous envelope of the signal is defined as A(¢) = |C + m(¢)|.

If m(?) is a single tone signal with a modulating angular frequency of o, then the AM

signal is
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m(t)cos(w,t) + Ccos(w f)

Mcos(0,,1)cos(o,t) + Ccos (@ ,f) (5-3)

‘%J[cos (o, +w,)t+ cos(w,-0,)t]+ Ccos(w,t) .

Figure 5-1 shows an example of an amplitude modulation waveform and its spectrum.

The modulating signal causes the amplitude of the high frequency signal (1000Hz) to

fluctuate at the rate of the modulating frequency (100Hz). The spectrum shows 3 peaks

at the carrier frequency (f,) and two sidebands (f.-f,, and f.+f,,) alongside it.

Power spectrum
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Figure 5-1. Amplitude modulation waveform and its spectrum

5.1.2 Amplitude demodulation

The process to recover the modulating signal from the AM signal is called demodula-

tion. There are 3 common methods of AM demodulation: 1) rectifier detector, 2) enve-

lope detector, and 3) square-law detector [107]. The rectifier detector uses a diode and
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resistor circuit to suppress the negative part of the AM wave followed by a lowpass
filter to remove the higher frequency harmonics. The envelope detector is a peak-hold
circuit using a capacitor and a resistor to control the time constant. The capacitor
charges up to the peak voltage of the input signal and then discharges through the resis-
tor at a slow rate. The output voltage thus follows the envelope of the modulating sig-
nal. An AM signal can also be demodulated by squaring it and then passing the squared

signal through a lowpass filter.

5.1.3 The effect of interference in AM signal

In real situation, the signal is always corrupted by interference or noise. Consider an

AM signal is with a sinusoidal interference signal /cos[(@, + )], i.e.,

r(t) = [C+m(t)]cos(w ) +Icos[(w,+my)t] 54
= {[C+m(t)] +Icos(w )} cos(@, ) —Isin(o,f)sin(w,t) ' (5-4)

Hence, the envelope of #(¢) is
A(D) = JIC+m(®) + Icos (001 + sin(o,n]°, (5-5)

If the interference amplitude is small (/ « C), then A(¢#) = C+ m(t) + Icos(w4¢) . The
spectrum of the envelope will have a line at o, in addition to the modulating compo-
nent. However, if the interference amplitude is greater than carrier amplitude (I » C),
envelope can be approximated as ([C + m(¢)]cos (w,¢) +I) and the spectrum of the

envelope will have sidebands around the interference frequency ®,.

The noise can be represented by a sum of sinusoids of frequencies Aw apart (Ao — 0).
If the noise is much smaller than the AM signal, the interference of noise can be
neglected. When the interference is large, sidebands and lines of noise make it is impos-
sible to extract the desired modulating signal. Therefore, it is desirable to reduce the

interference signal before the demodulation process.
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5.2 Conventional Implementation of The HFRT

The essential concept behind using the HFRT is an amplitude demodulation process
that extracts the signal of interest from the vibration signal. Of interest in the HFRT
analysis is not which system or transducer resonance frequency is excited (the carrier),
but the impulse repetition frequency (the modulating component) in the modulated
signal that is related to the bearing defect. In this section, we will present the process of

the conventional HFRT based on Hilbert transform as well as its limitations.

5.2.1 Process of the HFRT

There are several steps to perform HFRT to extract low-level, impulse train signal gen-
erated by bearing local defects. The process of HFRT includes pre-filtering, enveloping
and post signal analysis as illustrated in Figure 5-2 [101].

5.2.1.1 Pre-filtering

The first step of applying HFRT is a filtering process. The purpose of pre-filtering is to
extract the most representative resonance signal with the best signal to noise ratio by a
bandpass or highpass filter. Within industrial environments, a signal recorded by an
accelerometer is usually complicated and includes multiple excitations from sources
such as low frequency components, background noise and many resonances from other
system components. A defect in a rolling element bearing generates an impact for each
cycle of rotation. The spectrum of such an impact is a set of lines, separated by the rota-
tion rate, that extend to very high frequencies. The low frequency lines may be masked
by other sources, such as imbalance or misalignment, but the high frequency lines, are
not so masked. Therefore, proper filter specifications are critical to eliminate undesired

interferences in the signal for better demodulation results.
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Figure 5-2. The HFRT process and the waveform of the signal produced.

5.2.1.2 Enveloping

The envelope of the filtered signal can be obtained with an analog circuit as described

in Section 5.1.2. Alternatively, the signal envelope can also be calculated digitally

using a Hilbert transform (HT) [100].

The HT for a real valued signal x(¢) extending from —o to oo is defined by

Hix(0] = 5 = L[ Xy,

T

ol—1

(5-6)
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where x(¢) is the HT of the x(¢). The energy of a signal and its HT are equal.

A major use of HT is to obtain the instantaneous magnitude (or envelope), phase and
frequency of a real signal by generating an analytic signal [106]. The analytic signal

x,(f) of a real signal x(#) is a complex signal in the form of
x,(£) = x(8) +ix(). (5-7)

The instantaneous envelope 4,(), phase ¢(¢) and frequency w(#) of the signal are
calculated by

4,(1) = [x, (0] = NxP(0) +iFH), (5-8)

o(?) = atan(;fi(%),and (5-9)
_d
w(t) = E}P(t)- (5-10)

5.2.1.3 Signal analysis

The envelope signal can be processed by time domain indicators or the frequency
domain method described in Section 3.5 for fault detection and diagnosis. No modula-
tion or a light sinusoidal modulation of the resonance produces a small value for the
time domain shape indicator, but the modulation produced by impacts will have a
higher shape indicator value. Pachaud, Salvetat and Fray have shown that the time
domain shape indictor (i.e., the crest factor or kurtosis) from the envelope signal is more
sensitive to early bearing defects because the filtering process reduces the background

noise and low frequency harmonics [9].

The most common approach to analyzing the envelope signal is to calculate its fre-
quency spectrum. The repetition impulse frequency generated by a defect will show up
clearly in this enveloped spectrum. As the defect becomes more severe, the spectrum
of defect frequency will have a number of modulation sidebands spaced at multiples of

the shaft running frequency as well as harmonics of the shaft running frequency.
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McFadden and Smith deduce that these sideband and harmonics are due to the defect

moving into and out of the loaded zone at the shaft running frequency [100].

5.2.2 Limitations of the HFRT

There are several limitations of using Hilbert transform based HFRT for bearing defect
diagnosis [57,100,104]. Several studies show that HFRT might not be an effective tool
when multiple defects are presented because a considerable overlap will exist between
the decay of one impulse to the next. The leading edge of some impulses may become
buried in the decay of the previous impact. As the bearing becomes more damaged, a
large number of defect peaks will be generated and these peaks will appear to be ran-
dom. It is not then possible to identify the defect frequency. Therefore, extracting an
instantaneous envelope with better time and frequency resolution is needed. In this
study, we examine 3 envelope detection alternatives using energy detectors (see Sec-

tion 5.3) and wavelet packet transformation (see Section 5.4).

Another difficulty of HFRT is to determine which resonance frequency region will give
the best results from envelope detection. Until now, the determination of the best reso-
nance frequency is mainly based on an ad hoc approach that consists of identifying a
region of resonance within the standard spectrum or a series of experiments using filters
with different frequency ranges [6,116,117]. A rule of thumb proposed by Weller is to
set the lower corner frequency to be higher than 10 times the running speed of the
machine and to set the upper corner frequency at approximately 60 times the ball pass
outer race frequency [109]. A more elaborate method is to use impact testing to catch
the resonant frequencies within the system. An impact test uses an instrumental
hammer to excite the structure by external impacts at a succession of various points near
the accelerometers and then taking the FFT of the resultant vibrations to obtain the
response spectrum [108]. However, this technique is not only time consuming, but also
unrealistic in practice for most industry applications because it requires finding the res-

onant frequencies for each component of machinery and all alternations of these reso-



72

nant frequencies resulting from different operational conditions. In addition, the
bearing resonant frequencies obtained through this techniques are only estimations
because the location of the hammer strikes is on the external casing of the bearing hous-

ing rather than on the bearing component itself.

In this study, we proposed a resonant frequency selection algorithm based on wavelet
packet transformation. This technique is an automation selection process that compares
historical data at each wavelet packet and looks for the packet where the maximum (rel-

ative) change of a pre-defined feature function occurs due to the bearing fault.

5.3 Energy Detector Based HFRT

In traditional signal processing, the square of the magnitude of the signal is an estima-
tion of its instantaneous energy. Square-law is one of the standard demodulation meth-
ods based on this concept and is also called the linear (or standard) energy detector
[110]. In 1980s, Teager derived an energy operator to estimate the energy required to
generate a simple harmonic oscillation. Later, Kaiser extended this energy operator to
a discrete form and its applications for AM-FM energy separation and detection of tran-
sient signals [111,112,113]. Fang and Atlas developed a quadratic energy detector to
solve the time and frequency trade-off using linear energy detectors [114]. In this sec-
tion, we will briefly review the background of these energy operators and detectors.
Then, we will apply these energy detectors to the HFRT process as alternative methods

for detecting bearing defects.

5.3.1 Energy operator

Consider a simple mass-spring system oscillating about the equilibrium position with

mass m and spring constant k. The equation of motion of this system is
mi+kx = 0. (5-11)

The solution of this second-order differential equation is given by



73
x(t) = Acos(ot+9), (5-12)

where A is the amplitude of the oscillation, ® (=./k/m) is the frequency of the oscilla-

tion and ¢ is a phase angle resulting from the initial conditions.

Based on the law of conservation of energy, the total energy E of the system is the sum

of the potential energy and kinetic energy and maybe expressed as

E-= %mx2+%kx2 - %mmzAz. (5-13)

Equation 5-13 infers that the total energy of a simple oscillation is proportional to the

square of its amplitude and frequency.

Using Equation 5-11, we can replace the kx term in Equation 5-13 and rearrange the

energy as

- %m()'c2—5éx). (5-14)

Neglecting the constant factor, Teager’s energy operator is defined as

EL(t) = () - 2(Dx(1). (5-15)

The discrete form of Teager’s energy operator was introduced by Kaiser [111]

En] = x*[n]-x[n+ 11x[n-1]. (5-16)

Note that Equation 5-16 is an invariant algorithm with only 2 multiplications and 1 sub-
traction. It is a computational efficient way to estimate the signal energy. However, this

algorithm is sensitive to noise with an error equal to the variance of the noise.

In addition, Teager’s energy operator is best for stationary signals with a single compo-
nent because it is derived from a simple harmonic model. In order to estimate the energy
of a non-stationary signal using an energy operator, Fang developed a generalized
energy operator based on a mass-damper-spring system [110]. This generalized energy

operator is derived as
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Ex) (= 0)uU (x = 0)

Eg(t) = (5-17)

E(f)+ %Eg(t);fi(% £=0)A (x20)’

where the Eg term comes from the energy loss due to damping.

Similar to Equation 5-16, the discrete form of the generalized energy operator can be

obtained by approximating the continuous time derivatives
E/n] = x2[n] —-x[n+1]x[n-1]
Efn] = %(ET[n+1]—ET[n—1]) (5-18)
iln] = SGiln+ 1] -x(n-1D) .

To demodulate an AM signal using Teager’s energy detector, we use Equation 5-15 to

estimate the signal energy of x4, i.e.,

2 2 2
Epx(x /() = [C+m()] (w,)" + cos(w,) E(C+m(t)) (5.19)
2, \2 ’ )
= [C+m(D)] (0,)" +(2)
where €(¢) is an approximation error. Maragos, Kaiser and Quatieri have shown that the
approximation error can be neglected for a band-limited modulating signal with band-

width Aw,, « @, [112]. Hence, the approximated envelope is |C + m(#)| o, . In general,

the instantaneous frequency and amplitude of a narrowbanded signal can be approxi-

_ /Er[x(t)]
OJC(I) = m and (5-20)

Er[x(9)]

JELFOT

Lin, Zhu, Wu and Zheng have shown that using energy operator demodulation in HFRT

mated by

4@ = (5-21)

is an effective method for detecting rolling element bearing faults [115]. The amount of
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calculations using an energy operator approach is about 1/1og(N) compared with the

amount of calculation in Hilbert transform demodulation.

5.3.2 Linear and quadratic energy detectors

The square law detector shown in Figure 5-3, which is also known as a standard linear
detector, consists of a linear time invariant (LTI) filter, a magnitude squared operation,
and a linear smoothing filter [107]. The estimated energy of a signal from the standard

linear detector, before the application of a smoothing filter in continuous time is given
by

o 2
[ x(t-o)h(z)ds

-0

E(t) = , (5-22)

where //(¢) is the impulse response of a linear bandpass filter. The discrete form of E(f)

can be expressed as

E|[n] =

Zx[n - k]h,[k]‘z. (5-23)
k

This energy detector using an LTI filter is easy to implement, however, it suffers from
the resolution trade off between time and frequency [114]. Also, the performance of this
linear detector is degraded when the system is signal dependent or where non-Gaussian

noise is present.

— y[n]

Linear bandpass filter =~ Square operator Linear lowpass filter

Figure 5-3. A typical linear energy detector.
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Jing and Atlas developed a quadratic detector using kernel design methodology to con-
struct a 2-D set of coefficients which integrates frequency filtering with energy detec-
tion [114]. Similar to the standard linear detector, a quadratic energy detector consists
of a quadratic bandpass filter followed by a cascaded lowpass quadratic filter as shown

in Figure 5-4. In general, the quadratic detector in continuous time can be described by

Eq(t) = Iw I:q(‘tl, T)x(t=1))x(t - 1,)dr dt,, (5-24)

where ¢(ty, T,) is the kernel of the quadratic detector.

In this model, it is desirable for a quadratic detector to possess the following properties:
1) real output; 2) time-shift invariance; 3) no nonlinear frequency interference; 4) finite
time support; 5) nonnegative output; 6) independent time and frequency resolution; and
7) output proportional to the Teager’s energy property. It is impossible to possess all
these desired properties due to the inconsistency of the constraints for providing these
desired properties. For specific applications, a compromised quadratic detector can be
implemented. The general discrete form for a finite-duration, compromised quadratic

detector is given as

M M

Eq[n] = z Z hq[ml,m:z]x[n—ml]x[n—mz], (5-25)
my==-M my=-M

where £, are quadratic filter coefficients.

Quadratic bandpass filter Quadratic lowpass filter

Figure 5-4. A quadratic energy detector.
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For a compromised quadratic detector with the properties of frequency interference
elimination, finite time support, and independent time-frequency resolution, the

designed kernel is a (2M+1) by (2M+1) matrix and maybe expressed as

M M

E [n] = Z Z hq[|m1—m2|]x[n—m1]x[n—m2]

m==-M my=-M s (5'26)

where 2M>L, L is the number of nonzero bands in the cross-diagonal direction, and
h,[m] is a (4M+1) point symmetric set of quadratic detector coefficients. This compro-
mised quadratic detector has been shown to suppress noise and extract AM from a mul-

tiple component signal without smoothing in time and frequency.

5.4 Discrete Wavelet Packet Transform Based HFRT

Recently, many studies have used the wavelet transform (WT) and the wavelet packet
transform (WPT) for condition monitoring and fault diagnostics [122]. For example,
Xia uses normalized RMS for all wavelet packets at the last level of decomposition to
form a feature vector for pattern recognition of bearing faults [118]. Eren and Devaney
investigate motor bearing damage detection by comparing the RMS of DWT at differ-
ent scales and DWPT coefficients at different packets [119,120]. Zhang etc. use DWPT
to de-noise vibration signals and pick up the fault frequency to enhance bearing defect
detection under strong noise [121]. Shao and Nezu calculate the kurtosis of the de-
noised wavelet coefficients as an indicator of bearing condition and use an envelope

spectrum to diagnosis bearing defect [123].

In this work, we propose a novel algorithm to integrate an automation resonance fre-
quency band selection criteria with the discrete wavelet packet transform (DWPT). The
frequency selection criteria is based on the measurement of signal energy using RMS

and spikeness using kurtosis.
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5.4.1 Automation resonant frequency band selection

The extraction of high-frequency transients due to the bearing impact resonance is vital
to HFRT for defect detection. It is desired to select the resonance frequency range
which results in the best signal to noise ratio for demodulating bearing defect frequen-
cies. Therefore, the objective of this section is to identify a resonance frequency band
with the best signal to noise ratio in order to isolate the bearing transients from other

signal components. The selected packet can then be used for subsequent processing.

Our motivation for the development of the proposed technique using DWPT is because
a DWPT algorithm is based on the concept of MRA which is equivalent to a multiple
bandpass filter bank. Each packet from the decomposition is related to a particular fre-
quency band and a filtered signal can be reconstructed. Therefore, selecting an optimal
resonance frequency range for HFRT is the same design problem as choosing which

packet(s) from the entire DWPT collection should be used for HFRT.

The most common way to select the best representative packets is to use the best basis
algorithm with an information cost function (i.e., least Shannon entropy) [32]. How-
ever, a measure of information entropy might not be the best feature to represent a bear-
ing defect signature. For representing and classifying a vibration waveform, both the
strength and the shape of the signal is important. A strength of the signal can be defined
in terms of the amplitude or the energy of the signal. A shape indicator can be described
using its statistical property such as kurtosis and skewness. Most of the studies using
DWPT or DWT for bearing defect detection choose RMS as the sole defect-represent-
ing feature at different packets or scale. For early stage bearing defect detection, the
change of RMS might not be sensitive to the low-level impact component. The packet
with the dominant energy change is very likely the result of other vibration sources.
Therefore, a measure of signal energy using RMS should be combine with a shape

property for more robust representation.
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Our automatic resonance frequency band selection algorithm integrates a resonance
frequency band selection criteria with the DWPT. The frequency selection criteria is a
two step criteria based on the signal energy using RMS and spikeness using kurtosis.
The following steps describe the procedure using the above techniques to implement an

automatic impulsive resonance packet selection as illustrated in Figure 5-5.

(1) Wavelet packet transformation of signals: The vibration signal measured from an
accelerometer is decomposed by DWPT. This step results in a complete wavelet packet

tree and the wavelet coefficients for each packet are denoted as w; ;.

(2) Screening with kurtosis: For each of the packets, use Equation 3-13 to calculate the
kurtosis k; ; of w; ;. All the packets with k; ; greater than a threshold value 4 are passed
to step (3). We use kurtosis as a screening tool because it is more sensitive to impulsive
signals. We might have several packets with high kurtosis values because the impulsive
signal will excite all the resonance frequencies. It was found =4 is a suitable value for

the early bearing case [123].

(3) Packet selection from RMS change: For each of the packets from step (2), we cal-
culate the RMS changes with respect to the previous measurement or the measurement
of a normal condition. We then claim the packet with maximum RMS change as the

best approximate packet for HFRT analysis.
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Figure 5-5. The procedure of automatic impulsive resonance packet selection.

5.4.2 DWPT based HFRT

Figure 5-6 is the process of a DWPT based HFRT. Once we can find the packet(s) with

the optimal impulse to noise ratio, the wavelet coefficients in the packets can be treated
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as a filtered narrow-band signal. We can further reduce the noise level by using denois-
ing process as presented in Section 4.5. Since the denoising process removes of all the
small wavelet coefficients, the reconstructed result is a smoothed version of the filtered
signal [34]. Since the wavelet coefficients w;; and the denoised wavelet coefficients
W, ; are real numbers, we can calculate the envelope of the estimated wavelet wave-

form y, [n] using a Hilbert transform, which may be expressed as

ylnl = 32432, (5-27)

Denoising Reconstruction Hilbert Transform

Figure 5-6. DWPT based HFRT.

Note that this DWPT based HFRT can be extended to MODWPT when a shift invariant

result is desired.

5.5 Summary

In this chapter, we described 3 HFRT alternatives other than the traditional Hilbert
transform based method. Figure 5-7 summarized the process of these alternatives. We
define these alternatives as 1) Hilbert transform based HFRT, 2) linear detector based
HFRT, 3) Quadratic detector based HFRT and 4) DWPT based HFRT. We also pro-

posed an automation resonance frequency selection process using DWPT. The perfor-
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mance of each techniques will be demonstrated in the next chapters using analytic and

real bearing defect data.

(a) Hilbert transform based HFRT

. E—»yh[n]
Linear bandpass filter Hilbert Transform Linear lowpass filter
(b) Linear detector based HFRT
x[n] yiln]

Linear bandpass filter = Square operator ~ Linear lowpass filter

(¢) Quadratic detector based HFRT

f | E4ln]
x[n] — ———»E—» Yqln]

Quadratic bandpass filter Quadratic lowpass filter

(d) Wavelet packet transform based HFRT

W,'J[”l]

x[n] —»I

Wavelet packet Denoising Hilbert Transform
transform and reconstruction
with packet selection

Figure 5-7. The process of (a) Hilbert transform, (b) linear detector, (c) quadratic
detector, and (d) wavelet packet transform based HFRT.
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Chapter 6 Analysis Results for Synthetic Data

An universally superior algorithm for all bearing defect diagnosis tasks does not cur-
rently exist. Some algorithms do very well under some conditions and very poorly
under others. This is why it is so important to study a broad range of parameter values
as is done in this chapter. Using synthetic data gives complete understanding of the

problem domain.

The analysis in this chapter uses the signal model described in Section 6.1 to create syn-
thetic data sets to show the relative strengths and weaknesses of both the traditional
methods and each of the HFRT algorithms for detecting the bearing defects described
in Chapter 5. This signal model was chosen due to its widespread use and acceptance
as a general model for rotating machinery. It allows us to simulate different types of
bearing defect vibration. In Section 6.2, both synthetic single defect and multiple defect
signals are investigated using various HFRT algorithms. The results of these analytic

simulations are summarized in Section 6.3.

6.1 Synthetic Signal Model

In general, the form of signals in real machinery is complicated because real machinery
has many vibration sources. In this section, we define a general vibration signal model
for simple rotating machinery as the superposition of the vibration responses due to all
excitation sources. Typical vibration sources can be classified into 3 categories: har-
monic excitations, non-synchronous excitations and noise. Each type of excitation will

generate a distinct vibration response of its own.

6.1.1 Generalized signal model

A generalized signal model for simple rotating machinery can be expressed as [105]
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y(®) = h(®) +n(t) + w(t) (6-1)
where y(f) is the response signal measured from the sensor, A(¢) represents harmonic
signal components which are integer multiples of the fundamental shaft rotating speed,

n(?) is the non-synchronous signals from the bearings, and w(#) is noise.

6.1.1.1 Harmonics of rotating frequency

A signal at the shaft rotating frequency will always exist whenever the machine is run-
ning. In additional, most of the machinery components generate vibration signal com-
ponents at frequencies that are synchronous to the fundamental shaft rotating
frequency. When they have defects, the response amplitude of these harmonics
increases as an indication of abnormal condition (see Table 3-1). These harmonics of
rotating frequency are called machine-induced harmonics and their response equation

can be expressed as

Nr
h(t) = z A,cos2nf t+9,), (6-2)

n=1
where 4, f,,, and @, are the amplitude, frequency and initial phase of the harmonic
components respectively. NV, is the number of harmonic components. Since these com-
ponents are commensurate with the shaft rotating frequency f;, frequency f, can be

expressed as,
fu = kf ; k is an integer number . (6-3)
6.1.1.2 Bearing-induced harmonics

There are also non-synchronous vibrations, such as gear and bearing defect frequencies.
In order to simplify our analysis, we only consider the non-synchronous vibration from
the bearings. Defective bearings produce impulsive signals that are at non-integer mul-

tiples of the shaft rotating frequency as described in Section 3.2. These impulses excite



85

resonances in the bearing and the machine structure that can be approximated as an

amplitude modulated response,

N

n(t) = x(0) Y Be " cos(2nfit+q)), (6-4)

Jj=1
where B}, o, f;, and ¢; are the amplitude, damping factor, resonance frequency and ini-
tial phase of resonant components respectively. N; is the number of resonance compo-

nents. The modulating component x(¢) for a single defect is given as Equation 3-2, i.e.,

¢ o]

OERNODY S(t— j% - r) , (6-5)
n=1

where d,(¢) is the amplitude of the impulse train, and 7 is the initial delay. The repetition
frequency, f,, can be any one of the fundamental defect frequencies depending on
where the defect occurs. Note that d,(¢) is a time dependent variable due to the non-uni-
form loading between the roller and raceway. When a defect is located at the inner race
or on one of the rolling elements, d,(¢) is also a function of the shaft rotating frequency

because the distance between the defect and the sensor changes with the rotating angle.

If more than one defect exists and they are linearly independent, the modulating com-
ponent is a summation of several impulse trains with different delays and repetition fre-

quencies, i.e.,

m

0= Y x@O=Y4d0Y a(t- f—”--tp), (6-6)

b,
p=1 p=1 n=1 P

where m is the number of defects and f;, , is the bearing defect frequency for pth defect.

6.1.1.3 Noise

Causes of noise include environmental disturbances and measurement distortions. Gen-

erally, noise is modelled as a Gaussian white noise with zero mean.
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6.1.2 Signal to noise ratio

In this Chapter, the signal to noise ratio (SNR) for a given signal is defined as,

2
SNR = _ME)L_E, (6-7)
() - w(®)|
This is the ratio of the expected bearing-induced harmonics energy to the total noise

energy.

6.2 Simulation Results

Based on the generalized signal model (Equation 6-1), we construct synthetic data sets
to simulate vibration signals generated by a simple rotating machinery. Depending on
the bearing condition, synthetic data of a normal bearing as well as bearings with single

and multiple defect are constructed with specific desired properties.

Consider a misaligned rotating machinery running at 1800 rpm (f;=30Hz) in the pres-
ence of a zero mean white noise. With misalignment, an increase of peak amplitudes
(4, and 4,) at 1X and 2X of the rotating frequency is a common symptom which in turn
causes the bearing to fail due to fatigue. For a detective bearing, we consider only one
resonance in this simulation because the HFRT will often perform on a single resonance
region where the bearing fault signal has increased most above the noise using a pre-
filtering process (see Section 5.2). We assume an outer race defect will excite a reso-
nance frequency ar 4.5kHz (f,..;) with a constant impulse amplitude (=d,) and an inner
race defect will excite a resonance frequency at 3.4kHz (f,_,) with a time variant
impulse amplitude (= d 0[cos(2nf1 t)| ). The viscous damping factors for an outer race
defect and inner race defect are equal to 3000 (ot;) and 3500 (a,) respectively. The ball
pass outer race frequency (fy,,s) is 105Hz and the ball pass inner race frequency inner
race (fpp;) is 165Hz. The sampling frequency for all the simulations is 20kHz. Based

on the above assumptions, our synthetic signal model can be simplified as
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() = A cos (2nf|t) + A, cos (2nfyt)

+ dl(t)e_a‘tcos(anr XN 8(1‘— L 1:1>
o , (69
+ dz(t)e-aztcos Qnf, t+0,) z S(t —fl - 12) +wg(?)
b2
n=1

where w; is a Gaussian white noise signal with zero mean.

6.2.1 Simulation of bearing without fault

For a bearing in good condition, no impulse series are present in the signal. The only
vibration sources are the shaft rotating frequency and noise. In this case, the white noise
is large in comparison to the vibrational signal. Figure 6-1 is the simulated signal and
spectrum generated with peak amplitude of shaft fundamental frequency equals 0.1
(4,) and SNR=0.1. The resulting power spectrum has only one peak at the rotating fre-

quency as shown in Figure 6-1.

(a) Synthetic signal of a normal bearing
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(b) Spectrum of a normal bearing
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Frequency (Hz)

Figure 6-1. Simulated signal of a normal bearing and its spectrum.
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6.2.2 Single defect

Assume a shaft is slightly misaligned with a defective ball bearing operating in the pres-
ence of a background white noise. The defective ball bearing has a single spall on the
outer race. The vibration characteristics of misalignment include an increase of vibra-
tion amplitude at 1X rotating frequency and a higher than normal 2X harmonic ampli-
tude. We assume the amplitude of 1X and 2X harmonics are 0.2(4;) and 0.1(4,)
respectively. The individual signal components are shown in Figure 6-2 along with
their sum as the composite signal at SNR=1. The composite signal is a noised impulse
train undulating on a low frequency wave. The impulsive component is the conse-
quence of a single-point defect on the outer race with a constant unit impulse amplitude
(dp=1). The goal of our analysis is to detect the impulsive component from the compos-

ite signal and to diagnose the type of bearing defect.

(a) Harmonic component

o—_ T~

(b) Impulsive component

(c) Noise component

(d) Composlte sngnal

‘me M”NMWM Pty MW%MWW”MMWMW
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0 0.01 0.02 0.03 0.04 005 0.06 007 008 009 0.1
Time (second)

O

Figure 6-2. Constructing of the synthetic signal with single defect at outer race.
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6.2.2.1 Result of MODWPT analysis

A level 4 MODWPT using 16th order Daubechies wavelet is performed to extract
impulsive components from the synthetic signal. The synthetic signal and the recon-
structed MODWPT signals at level 4 are shown in Figure 6-3. Top row is the synthetic
signal and the lower block is the reconstructed MODWPT at level 4 with 16 wavelet
packets. The numbers at the left of the reconstructed signals are the corresponding fre-
quency range of each wavelet packet. Their kurtosis values are also listed at the right of

the reconstructed signals.

Single defect at outer race with SNR=1
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Freq. Reconstructed MODWPT Kurtosis
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Figure 6-3. The synthetic signal of a single defect bearing on the outer race and its
reconstructed MODWPT at level 4 using 16th order Daubechies wavelet.
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The first packet at the bottom contains the lowest frequency components reconstructed
from the approximation coefficients. The oscillating waveform at the lowest packet
contains the energy of rotating frequency and its harmonics. An amplitude increase at

this packet implies a possible of misalignment or unbalance fault.

Several packets have a noticeable pulse train that represents the impulsive component
generated by bearing defect. To determine which packet is the optimal packet for HFRT
analysis, we calculate the kurtosis for each packet. The highest kurtosis is 6.5 at packet
8. The 8th packet contains the signal content of the frequency interval of [4375
5000]Hz. Since the dominant resonant frequency is 4.5kHz, kurtosis of a band filtered
signal is a sensitive feature for selecting the optimal frequency interval for extracting

the desired impulsive signal from MODWPT.

6.2.2.2 Results of HFRT algorithms

In this section, we compare the performance of MODWPT based HFRT with the tradi-
tional Hilbert transform based (HT), the linear detector based (LD) and the quadratic
detector based (QD) algorithms as described in Section 5.5.

We use two features to investigate the performance of these HFRT algorithms. The first
feature is the time localization of pulses by tracking the rise time and the width of pulses
from the smoothed or denoised envelope. The second feature is the effectiveness of
demodulating the bearing defect frequency. Comparing the amplitudes of the spectrum
at the bearing defect frequency and its harmonics helps us to diagnose the bearing

defect type.

The previous analysis demonstrated that kurtosis is a useful indicator to select the best
frequency band for extracting fault related impact trains from MODWPT. All of the
HFRT algorithms, except the MODWPT based algorithm, are designed with same sets
of coefficients. The coefficients are obtained from a 16th order bandpass FIR filter with
a 4687.5Hz center frequency and 625Hz bandwidth. The number of nonzero bands (L)

in the quadratic detector is 11.
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Figure 6-4 compares the instantaneous amplitude results of the different HFRT algo-
rithms before the smooth process. Instantaneous amplitudes were normalized by their
maximum amplitudes in order to compare the effectiveness of extracting the impulse
train and the noise suppression. Figure 6-4 shows that all of the HFRT algorithms were
able to extract fault related impulse peaks for a SNR=1. The background noise level of
the HT, LD and QD based algorithms are larger than the MODWPT based algorithms
which can cause these results to be misleading. However, The leading edges of the
pulses obtained from MODWPT are smeared compared with the other methods. The
degree of localization of the MODWPT can be improved by using a smaller width for
the wavelet filter [34].

To demodulate the bearing defect frequency from the instantaneous signals, a smooth
process is applied to the results of Figure 6-4. For the smooth process, the FIR lowpass
filter had a length of 17 coefficients with a cut-off frequency of 1000Hz. The
MODWPT used a denoising process to reduce the noise level with a soft threshold level
0f 0.08262 (see Section 4.5). The smoothed results are shown in Figure 6-5. The signal
envelopes of HT and LD based algorithm are similar with a high background noise
ranging between 20% to 50% of the peak amplitudes. The QD based algorithm provides
a much better time resolution after the smooth processing using a cascaded quadratic
detector. The denoising process in the MODWPT algorithm is also an effective tech-
nique to suppress the background noise level by eliminating small wavelet coefficients.

The QD based algorithm gives a shorter rise time at each pulse.
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Single defect at outer race with SNR=1
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Figure 6-4. Single defect at outer race with SNR=1 and its normalized amplitude from

(a) Hilbert transform, (b) linear detector, (c) quadratic detector and (d) MODWPT
based algorithm.

Single defect at outer race with SNR=1
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Figure 6-5. Smoothed results of Figure 6-4.
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Figure 6-6 shows the normalized cascade spectra of the smoothed envelope and origi-
nal synthetic signal. The power spectrum was normalized by its total power in order to
compatre its relative strength. The normalized spectrum of the original signal has peaks
at 1X and 2X rotating frequency which results from the misalignment fault. The outer
race defect frequency (BPOF) component does not exist in the original spectrum
because the strength of BPOF is much smaller than the 1X and 2X component. In order
to enhance the BPOF, we apply HFRT to demodulate the BPOF from the high fre-
quency region. Figure 6-6 shows that the demodulation process using the HFRT algo-
rithms successfully demodulated the BPOF and its harmonics. Comparing the
normalized spectra, the MODWPT based HFRT gives the highest amplitude at 1X and
2X BPOF. This result implies that the wavelet transform, in which small waves grow
and decay in a limited time period, is a better tool to capture localized events than meth-

ods based on sinusoidal functions.
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0.06 ~
0.04 -

0.02

Normalized spectrum

Figure 6-6. Cascade envelope spectra of the synthetic signal for a single defect at the
outer race with SNR=1.
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6.2.2.3 Results of various SNR level

To simulate the early stage of bearing defect, we use the same model as above with a
lower SNR level. Figure 6-7 shows the HFRT analysis results at SNR level of 0.5. As
shown in Figure 6-7, the periodic pulses are indistinguishable from both the HT based
and LD based algorithms. The quadratic detector was able to extract the underlying
pulses with a very sharp rise time and few undesirable spikes. The denoised MODWPT
using a 16th order Daubechies wavelet outperforms all the other methods in terms of
background noise suppression. The drawback of the MODWPT method is the smearing

at each pulse.

Single defect at outer race with SNR=0.5
(a) Smoothed envelope from Hilbert transform
0.5 MW\M WMMWJ\MJMMWWW o7
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(c) Smoothed envelope from quadratic detector
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Figure 6-7. Single defect at outer race with SNR=0.5 and its normalized amplitude
from (a) Hilbert transform, (b) linear detector, (c) quadratic detector and (d)
MODWPT based algorithm.

If we further reduce the SNR to 0.1 for simulating a very early bearing defect, the
impulsive component cannot be identified from the smoothed or denoised amplitude

envelopes from HFRT algorithms as illustrated in Figure 6-8. However, the envelope
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spectra from the QD and MODWPT based methods are still able to capture the spec-
trum component at the outer race defect frequency and its harmonics as shown in the
cascade spectra of Figure 6-9. Therefore, the MODWPT is the best algorithm to detect
the bearing defect frequency under high noise level compared with other HFRT algo-
rithms. In the filter-based methods, the frequency components outside the cut-off fre-
quency are set to zero which may smooth some impulses. On the other hand, the
wavelet-based method using denoising to set some small wavelet transform coefficients
to zero can retain small impulses in signals because they are represented as large wave-
let transform coefficients rather than noise. This is why a wavelet-based method is

better for extracting impulses under noise than the filter-based methods.

Single defect at outer race with SNR=0.1
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(c) Smoothed envelope from quadratic detector
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(d) Denoised envelope from MODWPT (5 =0.13063)
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Figure 6-8. Single defect at outer race with SNR=0.1 and its normalized amplitude
from (a) Hilbert transform, (b) linear detector, (¢) quadratic detector and (d)
MODWPT based algorithm.
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Figure 6-9. Cascade spectra of Figure 6-8 with SNR=0.1.
6.2.3 Multiple defects

Once a defect is generated in a rolling element bearing, flakes falling from the surface
will cause additional defects easily. In this section, we investigate a bearing with two

defects at both the same bearing component and different bearing components.

6.2.3.1 Two defects at same component

Figure 6-10 shows a schematic diagram of a ball rolling over two point defects at the
outer race and the resulting waveform that simulates these two defects. The amplitudes
of the impulse trains will depend on the severity of the defects and the phase angles will
depend on the position of the defects. In this example, the defect at point A is larger
than the defect at point B; the larger defect at point A generates a higher peak than a

smaller defect at point B.
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The number of defects and their size are closely related to the bearing condition. In
order to determine the number of defects and their severities, it is important to find an
optimal HFRT algorithm which can extract both impulse trains and track their peak
amplitudes.

A simulated signal from a misaligned ball bearing with two outer race defects is gener-
ated using Equation 6-8 (see Figure 6-11) with SNR=1. Due to the separation of these
two defects, there is a 0.0012(t,) second delay between two impulse trains with the
same repetition frequency of 105Hz. The peak amplitudes of these two spalls are set to
be 1(d;) and 0.75(d,) respectively. Assume that both defects are excited at the same res-
onant frequency (=4500Hz) with the same viscous damping factor (=3000). The
MODWPT uses a 4th order Daubechies wavelet in order to increase the degree of time

localization. The rest of the parameters are the same as for the single defect case.
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Figure 6-10. Simulated signal of a ball bearing with two defects on the outer race.
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(a) Harmonic component

(b) Impulsive component of 2 defects
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Figure 6-11. Constructing the synthetic signal with two defects at the outer race.

Figure 6-12 shows the results of HFRT algorithms for 2 point defects on the outer race
with SNR=1. Vertical dashed lines denote time instances when impacts are generated.
In general, all the HFRT algorithms can detect the peaks and the time instances of the
impulse trains. However, it is difficult to identify whether the peak is generated by a
pulse train or noise from the HT and LD based results because their background noise
level is high. The MODWPT method using soft denoising can suppress almost all back-
ground noise with a threshold value of 0.1022. However, the leading edge of each pulse
is smeared using the MODWPT method. The QD based method with 11 nonzero bands
(L) provides a good noise suppression with less smearing in time. Figure 6-13 compares
the envelope spectra of the various HFRT algorithms. Referring to the spectrum peaks
at bearing defect frequency (BPOF) and their harmonics, the MODWPT is the best
algorithm for the two defects at BPOF.
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Figure 6-12. Two defects at outer race with SNR=1 and its normalized amplitude from

(a) Hilbert transform, (b) linear detector, (c) quadratic detector and (d) MODWPT

algorithm.
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Figure 6-13. Cascade envelope spectra of synthetic signal of two defects at bearing

outer race with SNR=1.
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6.2.3.2 Two defects at different components

It is also possible to have multiple defects at different components. Figure 6-14 is an
example of two point defects in different bearing components. The first impulse train
is caused by the spall at the outer race with constant amplitude. The second impulse
train is caused by the spall at the inner race for a pulse amplitude varied with the shaft
rotating frequency. The time delay between the two impulse trains is 0.0012 second.
Since the transmission loss from an inner race defect to the sensor is higher than from
an outer race defect to the sensor, the viscous damping factor for the inner race defect
(0.;=3500) is higher than that of the outer race (o,=3000). The resonant frequencies
generated by the inner race and outer race are assumed to be 4.5kHz and 3.4kHz respec-
tively. The synthetic signal is a combination of two impulse trains with background
noise level of SNR=1. Note that the time instance between the two pulse peaks varies

because their repetition frequencies are different.

(a) Impulse train caused by an outer race defect
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(c) Two defects with background noise (SNR..1)
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Figure 6-14. Synthetic signal of two defects at different components.
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Since there are two resonant frequencies, we need to determine the best resonant fre-
quency band before the HFRT analysis. Figure 6-15 is the reconstructed MODWPT at
level 2 using a 16th order Dauberchies wavelet. The highest kurtosis is at the packet
with frequency interval of [2500 5000] Hz. This frequency range covers the resonant

frequencies of both the inner race defect and the outer race defect.

Synthetic signal of two defects on different components
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Figure 6-15. The synthetic signal of a bearing with two defects and its reconstructed
MODWRPT at level 2 using a 16th order Daubechies wavelet.

The HFRT analysis results are shown in Figure 6-16 and Figure 6-17. Figure 6-16
shows the results of the smoothed envelope. The vertical dashed lines denote time
instances when impacts are generated. Both the bandpass filter and smooth filter use 17
coefficients. The nonzero bands for cascaded QD are 7 and 1. The MODWPT uses a
16th order Dauberchies wavelet. Again, both the results from HT and LD methods
based on conventional FIR filters fail to extract pulses and suffered from the noise inter-
ference. The QD based method gives a better result compared with HT based and LD

based methods. However, some of the pulse peaks are reduced or masked by back-
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ground noise. The MODWPT gives better results for detecting pulses in terms of track-
ing pulse localization and amplitude. When the adjacent pulses are very close to each
other, the MODWPT fails to identify both peaks. In addition, the rise time of the
MODWPT result is comparable to the result from the QD method.

Two impulse trains generated by different components with SNR=1
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Figure 6-16. HFRT analysis results of a bearing with two defects for a resonant
frequency band from 2500Hz to S000Hz.
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The cascade envelope spectra are shown in Figure 6-17. The MODWPT method out-
performs all of the filter based methods with distinct peaks at BPIF, BPOF and their
sidebands (BPIF+RPM and BPIF-RPM).
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Figure 6-17. Cascade envelope spectra of a synthetic signal with two defects (one at
outer race and one at inner race) with SNR=1.

6.3 Summary

Table 6.1 summarized the performance of each HFRT algorithms for bearing defect
detection from synthetic data sets. In general, all the HFRT algorithms can extract a
single impulse train at high SNR level. Using same number of filter coefficients, the
quadratic detector exhibits better noise suppression and pulse detection with less smear-

ing in time. When the SNR level decreases to 0.5, MODWPT using Dauberchies wave-
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let outperforms Hilbert transform, linear detector and quadratic methods. This result

implies that MODWPT is more sensitive to early bearing defect signatures.

Examples of multiple defects at same or different components show that both the
methods of MODWPT and quadratic detector are more effective than Hilbert and linear
detector methods. When the adjacent pulses are close to each other, the quadratic

detector gives better time resolution than the MODWPT method.

Table 6.1 Performance summary of HFRT algorithms

Peormnce e | A | L | Qi | yiopuypy
Pulse localization tracking Good Good Excellent | Excellent
Pulse amplitude tracking Good Good Fair Excellent
Peak rise time Good Good Excellent Fair
Background noise suppression Fair Fair Good Excellent
Against noise interference Fair Fair Excellent | Excellent
Separation of adjacent pulses Fair Fair Good Good
Demodulate fault frequency Fair Fair Good Excellent

We also show that the harmonic analysis can extract the impulse train at low SNR level
which can improve the sensitivity of linear and quadratic detector based HFRT

alogrithms.

In a real situation, a complex machine will have many components that will generate
vibration in addition to noise. We will investigate the effectiveness of these methods

using experimentally measured data in the next chapter.
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Chapter 7 Analysis Results for Recorded Data

In the previous chapter, we investigated the performance of 4 HFRT algorithms using
synthetic data sets generated by a simple bearing defect model. In the real machinery,
the form of the signal is more complicated. For example, noise might be colored rather
than a Gaussian distributed white noise. In addition, a simple impulse response model
will never be able to adequately model all possible signal patterns since the shape of
spalls is irregular. To examine how these methods work in real applications, two sets of
recorded bearing vibration data are studied in this chapter. The performance of the

MODWPT and QD based methods is compared with traditional methods.

Section 7.1 is the analysis results of bearing data experimentally measured with artifi-
cially manufactured defects recorded by the Case Western Reserve University bearing
data center using a horizontal testing rig. Artificial faults were introduced at the inner
and outer races with three different defect sizes. The performance of each of the HFRT
techniques are compared with the traditional methods. The application of the proposed
automatic impulsive resonance packet selection (see Section 5.4.1) is also illustrated to

select the best band for analysis.

Since studies using artificially defected bearings cannot offer insight into the early
detection of a naturally propagating crack, we built a bearing test rig to measure the
vibration data for bearings operating from an undamaged state through to failure. Sec-
tion 7.2 describes the design of the experiment and analysis results using both the tra-
ditional methods and the proposed HFRT algorithms. The results of these analyses on

real bearing data are summarized in Section 7.3.
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7.1 Analysis results of artificially defected bearing data

The bearing data center at Case Western Reserve University performed a series of
seeded fault bearing testing using a Reliance Electric motor. The test stand consisted of
a 2 hp motor (left), a torque transducer/encoder (center), a dynamometer (right), and
control electronics (not shown) as shown in Figure 7-1. The SKF (6205-2RS JEM deep
groove ball bearing) bearings were used as the test bearings to support the motor shaft
at drive end. The specifications of the test bearings, including the bearing geometry and

the defect frequencies are tabulated in Table 7-1.

Single point faults were introduced to the SKF test bearings at the inner raceway and
outer raceway using electro-discharge machining with fault diameters of 0.007”,
0.014”, and 0.021”. The bearings with these artificially induced faults were reinstalled
into the test motor and vibration data was recorded for a motor speed of 1797 rpm. Data
was also collected from a normal bearing at the same operating condition. All of the

data sets were sampled for 10 seconds at a sampling frequency of 12kHz.

' Drive end bearing

i

Torque transducer
Dynamometer

Figure 7-1. Experiment setup of the Case Western Reserve University bearing testing
rig.
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Table 7-1. Specifications of drive end SKF ball bearing.

Bearing Model Number 6205-2RS JEM SKF
deep groove ball bearing
Bore (D)) 0.9843 inches
Outside diameter (D,) 2.0472 inches
Width (B) 0.5906 inches
Ball diameter (D) 0.3126 inches
Cage train frequency (fz) 11.9285 (Hz)
Ball pass outer race frequency (fp,q0) 107.3648 (Hz)
Ball pass inner race frequency (fp,;9) 162.1852 (Hz)
Ball spin frequency (fp) 141.1693 (Hz)

7.1.1 Analysis results of traditional methods

Figure 7-2 and Figure 7-3 illustrate the time history and frequency spectrum of the
normal bearing and the defective bearings at the inner race and outer race respectively.
Time and frequency domain fault indicators are summarized in Table 7-2 for the differ-
ent defect sizes. For defective bearings, the impulsive components are easy to discern
from the time history and their kurtosis except for the 0.014” outer race defect bearing.
The envelope and amplitude of impulsive components are very different for different
defect locations and defect sizes. Both the time domain and frequency domain indica-
tors do not increase proportionally with the defect size as can be seen from Table 7-2.
In general, the peak amplitude of the outer race defective bearing is larger than the
amplitude of the inner race defective bearing for equal size flaws. This is because the
resonance due to inner race defect passes through more transitions than an outer race
defect; therefore, for some defect sizes, the peak of the enveloped spectrum for the inner
race is much smaller than that of the outer race defect. Additionally, the variation of
peak amplitudes due to the modulation into and out of the load zone is more obvious

for the inner race defects as shown in Figure 7-2.
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Figure 7-2. Time history and spectrum of the (a) normal, (b) 0.007” inner race defect,
(c) 0.014” inner race defect, and (d) 0.021” inner race defect bearing.
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Figure 7-3. Time history and spectrum of the (a) normal, (b) 0.007”outer race defect,
(c) 0.014” outer race defect, and (d) 0.021” outer race defect bearing.
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Table 7-2. Time and frequency domain indicators for bearing at drive end.

Bearing Inner race defect Outer race defect

" Normal
condition

0.007” | 0.014” | 0.021” | 0.007” | 0.014” { 0.021”

Peak amplitude 0.31 1.74 2.01 3.79 3.63 0.55 6.65
Kurtosis 2.78 536 | 22.14 7.56 7.62 3.05| 21.00

Broadband
level (dB)

9.70 | 34.86 | 29.19 | 45.08 | 49.97 | 17.10 | 46.97

Comparing the spectra of the normal and defective bearings, the defective bearings gen-
erate broader spectra than the normal bearing. The main vibration components of a
normal bearing are concentrated at the lower frequency (below 1kHz) region and its
overall power spectrum energy (broadband level) is much smaller than that of the
defective bearings as shown in Table 7-2. The spectra of the defective bearings spread
from the low to high frequency ranges with several resonant frequency regions. Upon
a closer examination, the spectra of the defective bearings, the number and the fre-
quency range of the resonant frequency regions (denoted by *) change with the type of
bearing defect and defect size. For example, the spectrum of a 0.007” outer race defect
has 3 aggregations at the frequency range of [ 1k 2k] Hz, [2.5k 4k] Hz and [Sk 5.5k] Hz
(see Figure 7-3(b)). When the defect size increased to 0.021”, the resonant frequency
region of [2.5k 4k] Hz splits into 2 humps, the resonant frequency region of [Sk 5.5k]
Hz disappeared and the change of low frequency (below 1kHz) components becomes
stronger. These observations imply that the resonant frequency is a function of defect
size and the change of frequency components in the higher frequency region is more
sensitive to bearing defects than the frequency components in the lower frequency

region.
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7.1.2 Resonant frequency band selection

We use the procedure of automatic impulsive resonance packet selection described in
Section 5.4.1 to select the dominant resonant frequency band for the HFRT algorithms.
The MODWPT decomposes the signal at level 4 using a 16th order Dauberchies wave-
let. As an example, the kurtosis and normalized RMS changes for the bearing with a
0.007” inner race defect in a tree structure are tabulated in Table 7-3 and Table 7-4
respectively. The shaded packets in Table 7-3 are the packets with kurtosis greater than
4, We then select the packets with the maximum RMS changes from the normal bearing
for each level. For example, the fifth packet at level 3 is selected as the best packet. The
equivalent frequency range of this packet is [3000 3750] Hz. A series of calculations
were performed and these calculations confirmed that the selected packet gives the best

results for detecting the inner race defect.

Table 7-3. Kurtosis of bearing with 0.007” inner race defect in a tree structure.

5.54 (kurtosis of original signal)

538 537
3.9 4,63 5.38 4.61
2.67 3.82 527 5.08 5.02 523 3.85 4.59

249 | 262 | 345 | 3.23 | 478 | 271 | 2.8 | 415 | 3.82 | 3.97 | 455 | 3.76 | 3.62 | 3.24 | 445 | 494

Table 7-4. Normalized RMS changes of bearing with 0.007” inner race defect in a
tree structure.

2.90 (Normalized RMS changes with respect to a normal bearing)

1.58 57.58
0.52 8.11 81.29 10.47
0.40 0.53 2.87 50.32 87.70 43.81 9.66 21.17

042 | 2.87 | 041 | 658 | 970 | 1.56 | 33.7 | 81.4 | 57.9 | 129 | 579 | 257 | 143 | 648 | 214 | 9.06
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Except for the case of the 0.014” outer race defect, the best resonant packet selected by
our algorithm with a kurtosis threshold value of 4 are the same for the frequency range
of [3000 3750] Hz. We found that the kurtosis for all the packets for the 0.014” outer
race defect are smaller than 4. By lowering the threshold value to 3, the optimal reso-

nant packet is the same as the other cases.

7.1.3 Results of HFRT algorithms

Knowing the optimal resonant packet and its equivalent frequency range, we can com-
pare the performance of the MODWPT based and the energy detector based HFRTs
with the traditional HFRT based on Hilbert transform. Figure 7-4 to Figure 7-15 are the
results of the smoothed envelope and their envelope spectra. For traditional filter based
methods, a bandpass filter uses 17 FIR filter coefficients for pre-filtering with the center
frequency of 3375Hz and a bandwidth of 750Hz. For smoothing, a lowpass filter with
9 filter coefficients and a cut-off frequency of 400Hz is used. The non-zero bands for
cascade quadratic detectors are set to 7 and 1 respectively. The MODWPT uses a 16th
order Dauberchies wavelet in order to have an equivalent comparison with filter based
methods. A hard denoising function with an estimated universal threshold from

Equation 4-17 and Equation 4-18 are used to suppress the background noise.

The following observations can be concluded from the results (except for the 0.014”

outer race defect case):

« The cascade spectra demonstrate that all of the HFRT algorithms can enhance the
energy changes at the bearing defect frequencies than the direct FFT spectrum.

» The HT based and LD based algorithms give similar results. This can be seen from
the traces of the smoothed envelope and their envelope spectra.

« The QD based and MODWPT based algorithms give the best background noise
suppression for the given smooth and denoising parameters than the HT and LD
based methods.



Comparing the cascade spectra, the QD based and MODWPT based algorithms

pel
qu

form the HT based and LD based algorithms for extracting the fault related
Pncy components, their harmonics and sidebands.
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Figure 7-4. Smoothed or denoised envelope of bearing with 0.007” inner race defect
using different HFRT algorithms.
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Figure 7-5. Cascade envelope spectra of bearing with 0.007” inner race defect using
different HFRT algorithms.
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Figure 7-6. Smoothed or denoised envelope of bearing with 0.007” outer race defect
using different HFRT algorithms.

°©
o
@

Normalized spectrum

Figure 7-7. Cascade envelope spectra of bearing with 0.007” outer race defect using

different HFRT

algorithms.



0.014" inner race defect
0 oo e
1 (a) Smoothed envelope of Hilbert transform (17 coeff.)
0'2 ?Iﬂ«wh““jwu%f\f A, Jlﬂ S W WUW”Wf Yo g ) NWM

(b) Smoothed envelope of linear detector (17 coeff.)

1
0.5 Mg et MU Al

0

0.5

0

o A

0.03 0.04 0.05 0.06 007 008 009 O
Time (second)

OZMJ‘\

0.01 0.02

(c) Smoothed envelope of quadratic detector (17 coeff. and L=7)

(d) Denoised envelope of MODWPT (16 Dauberchles,5 =0.00061)

1

115

Figure 7-8. Smoothed or denoised envelope of bearing with 0.014” inner race defect

using different HFRT algorithms.
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different HFRT algorithms.
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Figure 7-11. Cascade envelope spectra of bearing with 0.014” outer race defect using
different HFRT algorithms.
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Figure 7-12. Smoothed or denoised envelope of bearing with 0.021” inner race defect
using different HFRT algorithms.
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Figure 7-13. Cascade envelope spectra of bearing with 0.021” inner race defect using
different HFRT algorithms.
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Figure 7-14. Smoothed or denoised envelope of bearing with 0.021” outer race defect
using different HFRT algorithms.

N \

. '\ y, Quadratic
A \
. A \\
" ‘. Linear
M \
N \
\

R \ '\ Hilbert

Normalized spectrum

o
p e, Yo
“p, A?pdipofpoﬁ On, .
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119

7.2 Analysis Results of Run-to-Fail Bearing Data

Until now, most of the research on bearing defect detection has used artificially induced
flaws either by scratching the surface, introducing debris into the lubricant or machin-
ing a defect with a drill or EMD [50,97]. Since studies using artificially defective bear-
ings cannot offer insight into the early detection of a naturally propagating crack, it is
necessary to study the effectiveness of the newly developed techniques with real bear-
ing data. We perform both the traditional techniques and the proposed HFRT algo-
rithms on bearing lifetime data which was experimentally measured from normal

bearings running through to failure.

Section 7.2.1 introduces the design of the experiment and data collection. The forensic
analysis of the defective bearing is presented in Section 7.2.2. Based on the observation
from the failure analysis, we perform trending plots to compare the performance of tra-
ditional time based and frequency based techniques with proposed HFRT algorithms in

Section 7.2.3. Analysis results are summarized in Section 7.3.

7.2.1 Description of experimental setup

Figure 7-16 shows a schematic diagram of the experimental setup used in this study.
There are three sub-systems in this setup: a test rig system, a data acquisition system

and a real time monitoring system.

7.2.1.1 Test rig system

The test rig consists of a 1/4” shaft supported by two ball bearings, an unbalanced fly-
wheel, a stepper motor to drive the system, a flexible bellows coupling to connect shaft

and motor, and a supporting structure to hold the entire system.

Both the testing and supporting bearings are single row, double metallic shielded min-
iature bearings manufactured from NMB Corporation. The supporting bearing is a
larger bearing with higher load rating (about 3 times larger) than the testing bearing.

The dimensions of both bearings and the bearing defect frequencies are tabulated in
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Table 7-5. Miniature ball bearings were chosen for this study because they are widely
used in computer equipment (such as spindle motors for HDD's and fan motors), house-
hold electrical appliances and medical instruments (such as dental drills and heart pump
machines) [59]. The construction of miniature bearings enables them to carry moderate
radial and thrust loads at low operating torque while providing high performance within
a small envelope design. However, small size and thin raceways make miniature bear-

ings vulnerable to damage from contamination and high handling forces.

Stepper Motor Data Acquisition System
N ’ | HP3562A
Flexible e —————
coupling ™| samspo bt
Testing ;
bearing T~ —
%;3%:210 ed Accelerometer

T~

Supporting ~—
bearing

Test Rig System Monitoring System

Figure 7-16. Schematic drawing of bearing testing setup.
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Table 7-5. Bearing specifications and defect frequencies of run-to-fail experiment.

Bearing Testing Bearing Support Bearing
Model Number DDRI-418 DDRI-814
Bore (D) 0.1250” 0.2500”
0.D. (D,) 0.2500” 0.5000”
Width (B) 0.1094” 0.1875”
Number of Balls (2) 7 10
Ball Size (D) 1 MM (0.0394”) 1/16”
Contact angle (o) 14.5° 12°
Cage type Crown type Ribbon type
Static load rating 22 lbs 84 1bs
Dynamic load rating 64 lbs 187 lbs

Enclosures

Double metallic shield-removable

Bearing material

AISI440C Martensitic stainless steel (heat treated)

Bearing defect frequency
(running speed=17Hz)

fﬁf =6.77THz
Jopot = 47.40Hz
fbpif =71.60Hz
fosg=77.55Hz

fﬁf =7.11Hz
Jopot=71.14Hz
ﬁ)pif = 98.86Hz
fost = 99.29Hz

Figure 7-17 shows the top view of the test rig system. The testing bearing was mounted

midway between the supporting bearing and the stepper motor. In order to accelerate

the bearing failure process, testing commenced by subjecting the bearings to a radial

load using an unbalanced flywheel. Unbalance is a common cause of bearing failure

due to non-symmetrical reduction of the bearing clearance from wear. In this test rig, a

centrifugal force acts radially outward from the center of rotation which creates a server

environment when the bearing is in operation. Using Equation 2-12, the centrifugal

force is 22.541bs for flywheel running at 17Hz (1020RPM).
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The stepper motor is a synchronous motor manufactured by Superior Electrics Com-
pany (model number: M061-FD-301) which can drive the system in steps in response
to electrical pulses from a signal generator. Using conventional 60Hz current, it rotates

at exactly 200 steps per revolution.

+ « Mounting plate

Flywheel
Shaft

5 1} ©<_ Test bearing

Accelerometer

Y

Figure 7-17. Top view of the bearing test rig.

7.2.1.2 Data acquisition system

Data were collected using a HP 3562A spectrum analyzer from a PCB piezotronics
accelerometer mounted near the test bearing. The accelerometer was mounted to the
bearing in a radial direction using petro wax. The linear frequency range of the accel-
erometer is 1-10 kHz. The stepper motor ran continuously at 17 Hz. The vibration time
history was continuously sampled every 10 minutes. The number of data points col-

lected were 20480 at the sampling rate of 25.6 kHz.
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7.2.1.3 Real time monitoring system

A graphical user interface MATLAB program was coded to perform signal analysis.
Figure 7-18 is a screen shot of the graphical user interface system. The trending of time
domain indicators, the short time Fourier transform and the wavelet packet transform
were processed in real time. A base level was set based on an average of spectrum
energy within 50Hz to 400Hz from the first 10 records. When the band energy was
found to be 3 times greater than the base level or decreased to 20% of the base level
(bearing seizure), the program sent a signal to stop the stepping motor, thus ending the

test run.

Figure 7-18. A graphical user interface of real time monitoring system.



124

7.2.2 Failure Analysis

A total number of six tests were performed at a constant running speed of 17Hz. The
life of the bearings varied from 3 hours to 25 hours. After removing the test bearing and
inspecting the races, cage and balls, the damaged areas in the bearing were inspected
using a scanning electron microscope (SEM). Table 7-6 summarizes the resulting
damage generated on each of the bearing components at the end of the run-to-fail test-
ing. All of the tests have multiple defects in two or more components by the end of the
bearing life. Only test R24 shows damage on the cage. Most of the damage was located

in the inner race, outer race and balls. The SEM pictures are shown in Appendix A. The

bearings in tests number R24, R25, R26 and R27 were the most severely damaged.

Table 7-6. Summary of run-to-fail tests.

Test | No. of Tesﬁ Failure mode
ds duration
no. | recor (hour) Cage Innerrace | Outer race Ball
R24 84 14.00 | tear out at | subsurface small spalls | NA
crownedge | spalls (<10pm) (missing)
and spalls | (<10pm)
at root
R25 122 20.33 | normal normal spalls spall
(100pm) (35um)
R26 45 7.50 | normal spall wearmarks | scratch
(90pm) and spalls | (50pm)
(<10pm)
R29 20 3.33 | normal spalls normal small pits
(50pm) (<3um)
R30 149 24.83 | normal wearing wearing normal
marks with | marks and
flakes rough sur-
face
R31 47 7.83 | normal wearing wearing scratch
marks with | marks (100pm)
flakes
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7.2.3 Bearing signal processing

In order to compare the performance of the bearing defect detection techniques, the
time domain indicators, spectrum of frequency domain and features from HFRT algo-

rithms were evaluated by trending.

Trending is a popular method in the condition monitoring industry to determine
whether the condition of the measured machinery or component indicates that it has
become damaged. The idea of trending detection is to select a fault-representing indi-
cator and plot this indicator as a function of time. A warning signal is triggered when
the current amplitude of the trend curve exceeds a preset alarm level or the percent
change from the normal condition exceeds a preset limit. Experience in industrial set-
tings shows that setting the alarm level at 2 times the mean amplitude of the normal con-
dition provides optimum sensitivity to small changes combined with maximum
immunity to false alarms [6]. We will use this warning criteria for the following analy-

sis.
7.2.4 Time domain indicators

Figure 7-19 shows the vibration waveforms of all bearings at the beginning and the end
of their lifetime testing. All of the waveforms recorded in the first sample were similar
to a random noise by visual inspection and the peak amplitudes are around 2. At the end
of the run, the shape of waveforms were different. Test R26, R29 and R31 remained
random with approximately the same peak amplitude as they had at the beginning of
the test run. However, R24 and R25 vibrated at much higher amplitudes. In addition,
R25 had a distinct impulse with a maximum amplitude of 15. On the other hand, near

the time of failure, the vibration of R30 became very small because of bearing seizure.
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Figure 7-19. The vibration waveforms of bearings at the beginning and the end of life

testing.
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Figure 7-20 shows the trending plot of the normalized RMS and kurtosis for all of the
bearings tested in the run-to-fail tests. In general, an increase of the normalized RMS
to 2 or kurtosis of greater than 4 was considered a possible indicator of bearing defects.
Based on this assumption, kurtosis is a more sensitive indicator than RMS as can be
seen from the trending plots of R24, R25, R26 and R30. However, both indicators
cannot detect the bearing defect for the run-to-fail tests of R29 and R31. Table 7-7 sum-

marizes the sensitivity of the time domain indicators based on the above assumptions.

Table 7-7. First triggered record number using time domain indicators.

First triggered record number
Test Number
Normalized RMS>2 Kurtosis>4
R24 55 54
R25 NA 27
R26 NA 16
R29 NA NA
R30 NA 144
R31 NA NA

We can improve the sensitivity of time domain indicators by using a filtered signal. For
example, Figure 7-21 is the trending plot of R25 for a filtered signal at a different fre-
quency band. Except for the lowest frequency band (0-1600Hz), all the filtered signals
triggered the warning at earlier records compared with the original signal as listed in
Table 7-8. This is because the time domain indicators are dominated by the lower fre-

quency components.
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Table 7-8. First triggered record number of the test R25 at different frequency
band using time domain indicators.

First triggered record number

Frequency

band (Hz) Normalized RMS>2 Kurtosis>4
1600-3200 81 i
3200-4800 81 9
4800-6400 81 n
6400-8000 NA 1
8000-9600 NA 11
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Figure 7-20. The normalized RMS (dotted line) and kurtosis (solid line) trending of
lifetime testing bearings.
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Figure 7-21. The normalized RMS (dotted line) and kurtosis (solid line) trending of
testing bearing R25 at different frequency band.
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7.2.5 Frequency domain trending

In the frequency domain, the spectrum represents information indicating the level of
vibration at a particular frequency. Tracking the changes of the spectrum can help us to
detect and identify bearing defects. Figure 7-22 to Figure 7-27 show the trending maps
of the bearing spectra in dB scale in which x axis is the time (or record number) and the
y axis is the frequency. In general, the highest energy was concentrated in the lower fre-
quency range (below 1000Hz) which is due to the unbalanced load applied by the fly-
wheel. The lowest energy is in the range of 4000Hz to 6000Hz. During the bearing
testing, a bearing defect may cause hot spots to be generated at a higher frequency. For
example, after running for 540 minutes, a hot spot shows up at 9500Hz for testing R24.
Some trending maps do not have obvious changes in the spectrum map such as the test
data for R26 and R31.

Traditionally, spectrum analysis uses a narrowband method to monitor the energy
changes at bearing defect frequencies and their harmonics. When the energy level at the
defect frequency and its harmonics becomes greater than a preset alarm level, the bear-
ing is diagnosed as a defective bearing. Figure 7-28 illustrates the zoomed trending
maps of bearing spectra from 10Hz to 100Hz. The running speed and bearing defect fre-
quencies are denoted as horizontal dotted lines. All the trending maps are dominated by
the running speed which is due to the unbalanced load. Except for the R24 test, none of
the obvious spectrum changes at the bearing defect frequencies can be detected from
the zoomed maps. The change of bearing defect frequency is very likely to be masked
by the dominant spectrum which is a common deficiency of traditional spectrum anal-

ysis.
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Figure 7-23. Trending map of R25 spectrum
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Figure 7-24. Trending map of R26 spectrum.
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Figure 7-25. Trending map of R29 spectrum.
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Figure 7-26. Trending map of R30 spectrum.
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Figure 7-27. Trending map of R31 spectrum.
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Figure 7-28. The zoomed trending maps of bearing spectra in dB scale from 10Hz to
100Hz.
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7.2.6 Results of automatic resonant packet selection

The same procedure of resonant packet selection is applied to the data sets of lifetime
bearings. The first step is to decompose the signal at level 4 using 16th order Dauber-
chies wavelet. A threshold value of kurtosis is set to 4 to extract packets with high peak-
ness. The optimal resonant packet is the packet with maximum RMS change with

respect to the RMS average of the first 5 records.

The trending of the optimal resonant packet for all of the testing is shown in Figure 7-
29. The corresponding resonant frequency range is denoted as the y axis. Most of the
resonant frequency range is located within 6.8kHz to 9.6kHz. For testing R24 and R25,
at the end of the run, the resonant frequency shifted to below 4kHz, which implies that
the bearing is severely damaged with multiple defects. The SEM pictures of R24 and

R25 confirmed this observation.
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Figure 7-29. Trending of resonant frequency region of lifetime bearing testing.
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7.2.7 Results of HFRTs

Using the optimal resonant packet from the previous section, we apply the HFRT algo-
rithms to the selected packet or the filtered signal with an equivalent frequency band.
By examining the envelope spectrum, we can diagnose the type of bearing defect
through the existence of bearing defect frequencies in the spectrum. The zoomed trend-
ing maps of the envelope spectra in linear scale for all the bearing testing are shown in
Figure 7-30 to Figure 7-35. The strong tones are denoted by darker spots in the map.
Comparing with the zoomed trending maps using direct FFT (see Figure 7-28), the
dominant component at the running frequency is suppressed and the components

related to the bearing defect are enhanced using HFRT algorithms.

The results demonstrate that all the HFRT algorithms are better techniques for early
defect detection as compared with the traditional direct FFT method. For example, the
trending maps of testing R24 illustrated that all the HFRT algorithms were able to

detect the inner race defect (1XBPIF) at various records.

Comparing the performance between different HFRT algorithms, we found that the QD
based and the MODWPT based algorithms outperforms the Hilbert based and the LD
based algorithms for noise suppression as can be seen from Figure 7-30 and Figure 7-
32. The maps of Hilbert based and LD based have more dark strips, which are undesir-
able interference than the maps of the QD based and MODWPT based algorithms. The
QD based algorithm using a compromised kernel can reduce interferences both in time
and frequency. For the MODWPT based algorithm, interference is reduced in two
ways. First, the basis function of the wavelet decreases quickly to zero at both ends,
which is the same characteristics of the impulse signal. Secondly, the denoising func-
tion removes small wavelet coefficients, which can further reduce the background noise

level.

For the case of bearings with uniform wear out or very small spalls, such as R30 and

R31, none of the methods were able to detect the defect frequency components because



139

the HFRT depends on a higher impulse to noise ratio as presented in the synthetic signal

simulations.

It is also found that the components of bearing defect frequency disappeared toward the
end of running (see Figure 7-30, Figure 7-31 and Figure 7-35). It was found the bear-
ings became severely damaged by the end of the run. The spectra generated by different
flaws might be canceled out or amplified [102]. The signal resulting from the addition
of all the impulse trains appears more like a random noise signal rather than a impulse
train. Therefore, the HFRT algorithms are no longer able to extract the defect frequency

when the bearing has many flaws.
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Figure 7-30. Trending maps of envelope spectra in linear scale for bearing R24 from

10Hz to 100Hz.
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Figure 7-31. Trending maps of envelope spectra in linear scale for bearing R25 from

10Hz to 100Hz.
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Figure 7-32. Trending maps of envelope spectra in linear scale for bearing R26 from

10Hz to 100Hz.
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Figure 7-33. Trending maps of envelope spectra in linear scale for bearing R29 from

10Hz to 100Hz.
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Figure 7-34. Trending maps of envelope spectra in linear scale for bearing R30 from
10Hz to 100Hz.
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Figure 7-35. Trending maps of envelope spectra in linear scale for bearing R31 from
10Hz to 100Hz.
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7.3 Summary

In this chapter, we investigated the bearing defect detection from experimentally mea-

sured vibration data using the traditional time domain and frequency domain methods

as well as the proposed wavelet based and energy detector based methods. We started

by using data from bearings with artificially manufactured. We also used bearings data

from run-to-fail bearing tests using a simple testing rig. The following conclusions can

be drawn from the results:

1.

In general, the HFRT algorithm is a better technique for early bearing detection
than the traditional methods. When the bearing is severely damaged with multiple
defects, the HFRT algorithm is no longer able to identify the component by defect

frequency.

. The automatic resonant packet selection algorithm based on the MODWPT using

kurtosis and changes of RMS can successfully identify the optimal frequency range
with an optimal signal to noise ratio for HFRT algorithms on artificially defected

bearing data.

. The QD based and MODWPT based algorithms outperform the Hilbert based and

LD based algorithms in terms of background noise suppression. The QD based
algorithm uses a compromised kernel to reduce interferences both in time and fre-
quency. The MODWPT based algorithm reduces interferences in two ways. First is
the basis function of wavelet decreases quickly toward to zero at both ends which is
the same characteristic of the impulse signal. Secondly, the denoising function
removes small wavelet coefficients and can further reduce the background noise

level.

. In detecting damage to rolling bearings, there are appreciable differences between

artificially defecting test data and run-to-fail test data. An artificially defective

bearing generates distinctive signals of various kinds which can be conveniently
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sampled and examined to detect failure. On the other hand, there are usually other
sources of conflicting signals and obstacles to bearings in a run-to-fail testing. It is

more difficult to separate the signal from background noise for a run-to-fail testing.

. The progression of bearing degradation can be different for a run-to-fail testing.
The HFRT algorithm is best for single defect with fewer noise and other vibration
sources. For complicated machinery, the HFRT algorithm may fail to detect bearing

failure.
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Chapter 8 Harmonic Analysis

In Section 6.2, we have shown that the performance of all HFRT algorithms deteriorate
at low SNR level. When the SNR level decreased to 0.1, the individual pulses can not
be identified from the envelope of the signal (see Figure 6-8). In this Chapter, we intro-
duce a method called harmonic analysis which extend the applications of the HFRT

methods to lower SNR levels.

In Section 8.1, we will present the background of harmonic modeling as introduced by
McAulay and Quatieri [125] and a Least Squares Harmonic (LSH) algorithm developed
by Abu-Shikhah and Deriche [126]. The LSH algorithm can be a pre-processing tool to
extract impulses buried in the high level of background noise. In Section 8.2 and 8.3,
we compare the results of HFRT algorithms with and without the LSH pre-processing
for synthetic data and experimentally measured data respectively. Section 8.4 summa-
rizes the advantages and disadvantages of harmonic analysis for bearing defect detec-

tion.

8.1 Harmonic Modeling

Harmonic modeling is also know as a sinusoidal representation, was first introduced by
McAulay and Quatieri to model a signal by a finite combination of sinusoidal compo-
nents [125]. Harmonic analysis has been widely applied in speech coding, compression,

enhancement, synthesis, epoch detection, and pitch estimation {126].

The idea of the harmonic modeling is to represent a signal by two parts: a quasi-periodic
(harmonic component) and a non-periodic part (noise component). The discrete form

can be expressed as
s[k] = hlk]+n[k], (8-1)

where A[k] is the harmonic component and #[k] is the noise component.
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For most application, the key of harmonic modeling is to find the parameters of har-
monic components, €.g., their amplitude, frequency and phase. Abu-Shikhah and Der-
iche develop a Least Squares Harmonic (LSH) algorithm for harmonic analysis of
speech [127]. Their technique shows a very accurate harmonic representation at very
low SNR. The algorithm starts by assuming a length N signal with M harmonic compo-

nents, i.e.,

M
hlk] = z Cicos(lopk +¢,) k=0,1,....N-1, (8-2)

I=1
where C}, ; and ¢; are the amplitude, frequency and phase angle of each sinusoid. The
above equation can be expanded and rearranged as a combination of sine and cosine

functions as

M

hlk] = Z Ci{cos(loy[k])cos(9,) — sin(lwy[£])sin(9)) }
I=1
M b

Z A;cos(loy[k])-B;sin(loy[k])
I=1

(8-3)

where, 4; = C;cos(¢,) and B; = C;sin(¢,) . The mean square error (MSE) between
the signal and its harmonics can be obtained by
AN
—p=1 2
MSE = E = &3 [(SIKD-([AD]", (8-4)
k=0

Therefore, for a known frequency, @, the minimum MSE can be found by setting

.a£=0’ and.aﬁ.

4, 0B,

=0, forj=12,...,P. (8-5)

QD

The above equations can be expressed in a matrix form



Y, _ |2 R||4
v, |ST||B|’
where A and B are Px1 unknown vectors to be estimated and where

03G,)) = Z cos(io k)cos(jw k) ;
k

R(i,j) = =) sin(iok)cos(jo,k);
k

S@i,j) = Z cos(io k)sin(jo k) ;
k

TG, ) = —z sin(io k) sin(jo k) ;
k

Y,(j) = ZS(k)cos(jmok);
k

Y,(j) = Zs(k) sin(jo k).
k

Therefore, A and B can be obtained by solving the following equations,

A= (S-TR'Q) (¥,- TR'Y));

B =R(¥,-04).
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(8-6)

(8-7)

(8-8)

(8-9)

(8-10)

(8-11)

(8-12)

(8-13)

(8-14)

The LSH algorithm can solve for 4 and B over a frequency range of interest as shown

in Figure 8-1 [127].
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Figure 8-1. The LSH algorithm

8.2 Harmonic Analysis of Synthetic Bearing Data

Since an impulse train can be approximated as a finite number of harmonics with a fun-
damental frequency at the bearing defect frequency, we can use harmonic analysis as a
pre-processing tool to extract the impulse component generated by bearing defects from
a noisy signal. In this section, we present the harmonic analysis results using the syn-
thetic bearing data as described in Section 6.1. The sampling frequency for all the anal-

ysis in this section is 20k Hz.

8.2.1 Extraction of periodic signal

We start with a simple case to show the performance of LSH technique by extracting a
periodic component from a noisy signal. Assume the signal of interest is a periodic

signal with 3 harmonics at a fundamental frequency of 500 Hz generated by

hlk] = cos(f:2mk) + 0.75cos(2f - 2nk) + 0.5cos(3f - 2nk). (8-15)
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When this periodic signal is contaminated with a white noise at a SNR level of 0.1, the
harmonic component can not be recognized from the time history as shown in Figure 8-
2(a). Suppose we only know the approximate range of this fundamental frequency is
between 490 to 510 Hz and we use LSH algorithm to search the fundamental frequency
for an increment of 0.5Hz. The true fundamental frequency was successfully estimated
by LSH algorithm using 3 harmonics. Figure 8-2 shows the synthetic signal extracted
by LSH techniques and its spectrum.
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Figure 8-2. Results of LSH analysis for a periodic single with SNR level at 0.1.

An accurate estimation of fundamental frequency is important for bearing defect detec-
tion because the bearing defect frequencies obtained from equation 3-8, 3-9 and 3-10
are approximations. The true defect frequency can be deviated from the derived fre-

quency due to sliding or spinning motion of the ball [78].
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8.2.2 Extraction of impulse train generated by single defect

Using the same model that we tested in Section 6.2.2.3, the response of a defective roll-
ing element bearing is an impulse train with a repeat ion frequency at bearing defect
frequency. Since an impulse signal can be approximated by a finite number of harmon-
ics, we can use the harmonic analysis to extract bearing defect information from a noisy
signal. Let the resonant frequency and the damping factor of the system be 6000 Hz and
3000 respectively. When the SNR level is as low as 0.1, none of the HFRT algorithms
can extract the envelope of the fault related impulse train (see Figure 6-8) and their
envelope spectra interfere with random peaks (see Figure 6-9). The outer race defect
frequency at 105 Hz is not obvious using the Hilbert transform and energy detector
based HFRT algorithms. However, the impulse train can be extracted after pre-process-
ing the original defect signal (top row of Figure 8-3) with LSH analysis. Searching from
104.5Hz to 105.5Hz, the true defect frequency was obtained at 105Hz with 0.1Hz incre-
ment. Figure 8-3 also shows the HFRT results using the synthetic signal from the LSH
analysis using 60 harmonics. Since the impulse component of interest was extracted
from the noisy signal, the performance of the HFRT methods are greatly improved. All
the HFRT algorithms are able to detect the fault related frequency as shown in Figure 8-
4. If we further reduce the SNR level to 0.01, the smoothed envelope results and their
spectra look like random as shown in Figure 8-5 and Figure 8-6. However, all the
HFRT algorithms are able to detect bearing defect frequency after pre-processing with
LSH analysis as illustrated in Figure 8-7 and Figure 8-8.
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Figure 8-3. HFRT results of synthetic data with single defect at SNR=0.1 after pre-
processing with LSH analysis.
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Figure 8-4. Cascade spectra of Figure 8-3 with SNR=0.1.



152

Single defect with SNR=0.01 before LSH analysis
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Figure 8-5. HFRT results of synthetic data with single defect at SNR=0.01 before pre-
processing with LSH analysis.
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Figure 8-6. Cascade spectra of Figure 8-5 with SNR=0.01.
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Figure 8-7. HFRT results of synthetic data with single defect at SNR=0.01 after pre-
processing with LSH analysis.
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Figure 8-8. Cascade spectra of Figure 8-7 with SNR=0.01.
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8.3 Harmonic Analysis of Recorded Bearing Data

In this section, we demonstrate the performance of LSH analysis on the real bearing
data using both the seeded defect and the run-to-failure time series as described in

Chapter 7.

8.3.1 Analysis results of artificially defected bearing data

This section uses bearing data with artificially created defects at the inner race to inves-
tigate how harmonic analysis can improve the sensitivity of HFRT algorithms for

detecting impulse components.

As before, the sizes of defects are 0.007”, 0.014” and 0.021”. From the geometry and
the running speed of the shaft, the approximate inner race defect frequency is 162 Hz
(see Table 7-1). If we let the search frequency range from 161.5Hz to 162.5Hz and the
searching increment to be equal to 0.1Hz, the estimated defect frequencies for 0.007”,
0.014” and 0.021” defect size become 161.7Hz, 162.2Hz and 162.3Hz respectively.
These frequencies correspond to a minimum value of the MSE as indicated on Figure 8-
1. The variation of inner race defect frequencies with respect to defect size implies that

the effective bearing defect frequencies are a function of bearing size.

For each defect size, we pre-process the bearing data with the LSH algorithm using 35
harmonics at the estimated bearing defect frequency. Figure 8-9 to Figure 8-14 are the
results of the smoothed envelope and their spectra for each defect size. Figure 8-10,
Figure 8-12 and Figure 8-14 show that the peaks at inner race defect frequency
(1XBPIF) and its harmonics (2XBPIF and 3XBPIF) with the LSH analysis are
enhanced as compared with results using no LSH analysis( see Section 7.1). In addition,
periodic pulses are visible from envelope signal for each defect size case. However, the
changes of each pulse amplitude due to the modulation of shaft rotating frequency is
lost because the model of harmonic analysis use only one fundamental frequency and
their harmonics to synthesis the impulse signal. Therefore, all the pulses have the same

shape in the envelope signal as can be seen from Figure 8-9, Figure 8-11 and Figure 8-
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13. This observation suggests that for a bearing with multiple defects it is necessary to

perform the harmonic analysis at each fault related defect frequency.
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Figure 8-9. Smoothed or denoised envelope of bearing data with 0.007” inner race
defect after LSH pre-processing.
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Figure 8-10. Cascade envelope spectra of bearing data with 0.007” inner race defect
after LSH pre-processing.
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Figure 8-11. Smoothed or denoised envelope of bearing data with 0.014” inner race

defect after LSH pre-processing.
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Figure 8-12. Cascade envelope spectra of bearing data with 0.014” inner race defect

after LSH pre-processing.
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Figure 8-13. Smoothed or denoised envelope of bearing data with 0.021” inner race

defect after LSH pre-processing.
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Figure 8-14. Cascade envelope spectra of bearing data with 0.021” inner race defect

after LSH pre-processing.
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8.3.2 Analysis results of run-to-fail bearing data

Since the real bearing running from normal to fail can have defects initiated from any
of the bearing components, it is necessary to track the estimated signal from the LSH
analysis at each of the bearing defect frequency. In this section, we use testing R25 to

show how a harmonic analysis can be implemented on a run-to-failure bearing data.

The first step of using LSH analysis for run-to-failure bearing data is to search the fun-
damental defect frequencies for the ball, the inner race and the outer race as shown in
Figure 8-1. These estimated bearing defect frequencies and the parameters to obtain
these frequencies are listed in Table 8.1. Figure 8-15 is the trending maps of the bearing
defect frequencies. In general, the estimated frequencies are very close to stationary

with a standard deviation from 0.22 Hz to 0.31 Hz.

Table 8.1 Bearing defect frequencies and parameters for using LSH

Component Ball Inner Race | Outer Race
Derived defect frequency from 77.6167 Hz | 71.5955 Hz | 47.4045 Hz
equation 3-8, 3-9 and 3-10
Lower bond searching frequency 77.1167 Hz | 71.0955 Hz | 46.9045 Hz
(fmin)
Upper bond searching frequency 78.1167 Hz | 72.0955 Hz | 47.9045 Hz
(Fmax)
Frequency increment (3) 0.1 Hz 0.1 Hz 0.1 Hz
Number of harmonics 100 100 100
Mean of the trend of the defect fre- | 77.39 Hz 71.48 Hz 47.11 Hz
quency using LSH (u)
Standard deviation of the trend of 0.22 Hz 0.28 Hz 0.31 Hz
the defect frequency using LSH (o)
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Figure 8-15. The trend of bearing defect frequency for R2S.

After we determine the defect frequency for each bearing component, we can extract
their synthetic signals for further analysis. Figure 8-15 shows the trend of the sum of
the 1X~3X harmonics spectra energy at each bearing component. The energy changes
at the outer race is much more noticeable than the inner race and ball. The SEM pictures
(see Figure A-2) show that the bearing R25 has defects at both the outer race and the
ball. As presented in Chapter 7, none of these defects were able to be detected by using
the HFRT methods except the ball defect was detected using the MODWPT based
HFRT as shown in Figure 7-31. After pre-processing with the LSH analysis, the energy
changes of the sum of the first 3 harmonics at outer race defect is discern after running
for 230 minutes. Figure 8-17 shows the trend of the sum of the 1X~3X harmonics spec-
tra energy for the test R30. After pre-processing, the inner race defect is the first

detected flaw after running for 990 minutes.
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Figure 8-16. Trending of the sum of the 1X~3X harmonics spectra at defect

frequencies for R25.
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Figure 8-17. Trending of the sum of the 1X~3X harmonics spectra at defect
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8.4 Summary

In this chapter, we investigated LSH analysis as a pre-processing tool for bearing defect
detection. Comparing the results with and without the LSH analysis, we make the fol-

lowing observations:

1. For the synthetic one defect bearing signal, the impulse component can be extracted

form a very low SNR signal using LSH analysis.

2. For the seeded defect and run-to-failure bearing data, the sensitivity of the HFRT
algorithms to the bearing defect are improved after pre-processing with LSH analy-

sis.

3. For the run-to-fail bearing data, the change of the spectra energy at the bearing
defect frequencies can detect bearing defects earlier than the HFRT algorithms after
pre-processing with the LSH analysis.

4. For the real bearing data, harmonic analysis must be applied at different defect fre-
quencies in order to track the condition of each bearing component. The application
of harmonic analysis for a bearing condition monitoring system is possible in real
time when the period of sampling is long enough to allow the search for the defect

frequency.
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Chapter 9 Conclusions and Future Work

9.1 Conclusions

We have developed two new HFRT algorithms which are more sensitive to impulse sig-
nals than traditional HFRT algorithm based on the Hilbert transform. The first one is
based on the shift invariant wavelet packet transform (MODWPT) and the second one

is based on a quadratic energy detector (QD).

The MODWPT based HFRT takes advantage of wavelet packet signal processing with
denoising process to efficiently demodulate fault related frequency components from
sampled bearing spectra for the purpose of early bearing defect detection. The quadratic
energy detector based HFRT possesses the properties of frequency interference elimi-
nation, finite time support, and independent time-frequency resolution which gives the

best rise time and pulse localization tracking for impulse detection.

In a series of extensive analysis on real and synthetic data, it was shown that the HFRT
algorithms perform as well or better than traditional time domain techniques (such as
the peak value and kurtosis) and frequency domain methods using FFT for early defect

detection. The following observations can be drawn from the experiments:

1. For the testing results using synthetic failure data, the MODWPT based HFRT out-
performed other HFRT algorithms when SNR was below 0.1. The MODWPT based
HFRT was the only method of these method that was able to detect two defects at

different bearing components using the envelope spectrum.

2. For the recorded data from seeded defect bearings, all HFRT algorithms were able
to detect bearings with one small inner race defect. However, only the QD and

MODWPT based algorithms were able to detect large inner race defects.
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3. For the run-to-fail bearing data, defects caused by spalls (R24, R25, R26, and R31)
were partially detected using HFRT. The MODWPT based algorithm indicates fail-
ure earlier than other HFRT algorithms. When the bearing failure was due to uni-
form wear out (R29 and R30), none of the HFRT algorithms were able to detect
bearing failure.

Until now, almost all the studies used either synthetic data from an impulse train model

or bearings with artificially created defects for early bearing defect detection. Our study

shows that there are appreciable differences between artificially defect bearing test data
and run-to-fail bearing test data. Run-to-fail bearing test data is complicated because
many vibrating sources can developed during the development of bearing failure. In the
run-to-fail testing, there are various bearing failure mechanisms. Therefore, it is not
possible to use only one technique to detect for all possible failure modes. In our study,
the HFRT algorithms proved to be a useful tool for detecting early bearing defect when
single or few defects developed during operation. Unfortunately, we can not use HFRT
alone because we do not have enough evidence to claim that the absolute level of a
demodulated signal provides an indication of bearing fault severity. The reason is that
demodulation looks for the rate at which the continuous ringing of the bearing housing
gets louder. If this frequency is essentially random due to numerous faults, then the
demodulated signal also appears to be noise. In fact, as the bearing fault gets worse,
modulation of defect frequency can actually disappear. In addition, for different type of
bearing failure, such as the case of uniform wear out, a simple RMS measurement can
be a reliable indicator. Hence, it is important to choose a monitoring technique to suit
the failure modes of greatest interest and importance. With complex machines, it is
better to use a combination of techniques, and extensive analysis and interpretation of

the results.

The automatic resonant packet selection algorithm performs well in the recorded bear-
ing data, which indicates that this method can be implemented for a real time monitor-

ing applications. From the result of using seeded defect data, it is found our resonant
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packet selection algorithm gives a fair good estimation when the measurement of reso-

nant frequency due to bearing defects is not easy or possible.

Pre-processing with LSH analysis can extract the impulse component form a very low
SNR signal. The results from recorded bearing data show that the sensitivity of the
HFRT algorithms to the bearing defect is improved after pre-processing with LSH anal-
ysis. However, the modulating information of impulse peaks is lost because the har-
monic modeling uses only one fundamental frequency to extract the synthetic signal. In

addition, LSH analysis is computational expensive for real application.

In summary, the HFRT algorithms developed in this thesis, and in particular the wave-
let packet transformation based and quadratic energy detector based methods perform
very well for early detection of bearing defects with few spalls. Using wavelet packet
signal processing techniques allowed this algorithm to be implemented very efficiently.
Manufactured defect data should be used carefully because it may not model real failure

mode properly.

9.2 Future Work

The following are a number of possible improvements that are yet to be investigated

after this study:

 Spalling has been detected somewhat earlier in test rigs. There are clearly uncer-
tainties which preclude accurate prediction. One of the purposes of a run-to-fail
bearing testing is to find out the progression of bearing failure. However, our test-
ing rig can only provide the end results of the bearing failure. A revision of the test-
ing rig with the capability to examine the bearing defect during the testing can give
a better understanding of the failure mechanism and their relation to the vibration
signal. Most bearing can be considered to have reached the end of their useful life

when spalling can be detected.
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* Analysis of bearings with multiple defects is complicated. A simple impact model
no longer suited for large number of spalls. Demodulation looks for the rate at
which bearing defects hit by rolling elements. When there are multiple defects, this
frequency is essentially random, then, the demodulated signal from HFRT also
appears to be noise. A model based on statistical observation may be more appro-
priate for multiple defects case. More testing is needed to establish a statistical

model.

« Although the resonant packet from our automation resonance frequency band selec-
tion algorithm agrees with our analytic simulation, it might not be the optimal fre-
quency band for a complex machine. The actual resonant frequencies can be
estimated with impact testing. Even though the measured resonance frequency
using impact testing deviates from the actual resonance frequency, estimation from

impact testing can be very close to the actual number.

+ Currently, there is no a standard to select the wavelet family for defect detection
and to determine the level of decomposition used in the wavelet packet transforma-
tion [122]. We select Dauberchies wavelet family because the similarity of the
wavelet function and the impact response function. It is needed to establish general

rules for wavelet based method using real bearing data.
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Appendix A. SEM Pictures of Run-to-Fail Bearings

Visible examination of the dismantled bearing by a naked eye cannot reveal details of
bearing condition. When magnified with scanning electron microscope (SEM), small
metal chips, finishing marks, rough surface and spalls became clearly visible. The fol-
lowing atlas (Figure A-1 to Figure A-6) present some evidences of the bearing failure

and their severity.
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Figure A-1. SEM pictures of bearing R24.
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Figure A-2. SEM pictures of bearing R25.
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Figure A-3. SEM pictures of bearing R26.
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Figure A-4. SEM pictures of bearing R29.
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Figure A-5. SEM pictures of bearing R30.
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Figure A-6. SEM pictures of bearing R31.
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