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ABSTRACT

Fault Diagnosis of a helical gearbox based on empirical wavelet transform

Peng Wang
Department of Mechanical and Automotive Engineering
The Graduate School

University of Ulsan

A gearbox is an essential power transmission component for the rotating machine
systems, in which working conditions will directly affect the performance of the whole
mechanical equipment. The development of condition monitoring and fault diagnosis
systems for Gearboxes has received considerable attention in recent years. Extracting
fault feature information from a gearbox’s vibration signal by using the signal
processing methods has been the key to the fault diagnosis for the gearbox. Therefore,

reliable fault detection is necessary to ensure productive and safe operations.

Generally, when a gearbox is damaged, accurate identification of the side-band
features can be used to detect the condition of machinery equipment to reduce financial
losses. However, the side-band features of damaged gears that are constantly disturbed
by strong jamming are embedded in the background noise. In this paper, a hybrid signal-
processing method is proposed based on a spectral subtraction (SS) denoising algorithm
combined with an empirical wavelet transform (EWT) to extract the side-band feature
of gear faults. Firstly, SS is used to estimate the real-time noise information, which is
used to enhance the fault signal of a helical gearbox from a vibration signal with strong
noise disturbance. The empirical wavelet transform can extract amplitude-
modulated/frequency-modulated (AM-FM) components of a signal using different

filter bands that are designed in accordance with the signal properties.



Secondly, the fault signal is obtained by building a multi-body dynamics model of
the gearbox system with ADAMS software. The influence of flexible body deformation
is considered in the process of dynamic simulation, so a flexible gear is used to simulate
the gear fault dynamic characteristics. The experiment shows the feasibility and

availability of the multi-body dynamics model with different algorithms.

Then, the signal processing techniques viz empirical decomposition (EMD), local
mean decomposition (LMD) and discrete wavelet transform (DWT) for diagnostics of
a gearbox, are majorly employed. The spectral subtraction-based adaptive empirical
wavelet transform (SS-AEWT) method was applied to estimate the gear side-band
feature for different tooth breakages and the strong background noise. The verification
results show that the proposed method gives a clearer indication of gear fault
characteristics with different tooth breakages and the different signal-noise ratio (SNR)
than the conventional EMD and LMD methods. Finally, the fault characteristic
frequency of a damaged gear suggests that the proposed SS-AEWT method can
accurately and reliably diagnose faults of a gearbox. Furthermore, the simulated model
is an efficient approach to test the performance of a new algorithm working in the
different conditions, in which the variables would be limited and the model is easy to
be modified. Therefore, this simulation model would be useful in the development of

new algorithms.
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Chapter 1 Introduction

1.1 Research background

Gearboxes are common mechanical equipment that is used to change the rotation speed
and transmit power. Due to the advantages of the high driving torque, high transmission
accuracy and compact structure, it is widely used in automobile, aircraft, gas turbine,
and heavy machinery. Accounting with the increase in high operating speed, large
carried load, and light weight, the premature failures due to excessive wear and material
fatigue occur in components of transmission systems. Because the working conditions
of gearboxes are very terrible, they are vulnerable to damage and failure, so the fault
diagnosis of a gearbox is one of the most important issues since people are concerned
with maintaining equipment [1]. It is a benefit that the gearbox fault is detected at its
early stage, so corrective action can be taken promptly. The preventive maintenance can

also be made in advance for replacement in a damaged part.

The importance of gears in the gearbox system cannot be overstated. They provide
essential power transfer in configurable directions at remarkably high efficiency (70-
99% depending upon gear type and relative angles of the axels) [2]. These high
efficiencies are likely why so little progress has been made in the development of new
advanced manufacturing and novel processing methods. Even so, as we strive to make
more durable machinery at lower costs, with greater specific power outputs, there is a
growing need to provide insight on the mechanistic underpinnings of wear and failure
of gears. Gears are so essential and prevalent in our machine systems that the failure of
a single tooth could cause catastrophic failures. In this thesis, it was carried out by
combining the experiment and the multi-body dynamics simulation to identify the

changes in vibration spectrum that occur with the breakage tooth on a single tooth on



an individual gear embedded in a multi-stage gearbox.

Rotational reduction systems, including gears, have played a major role in energy
conversion since the dawn of the industrial age. The need to impart rotation from one
axis to another, to change the orientation of the axes, and to reduce/upgrade the
rotational velocity of shafts led to the development of a host of gear systems. These
include spur, helical, bevel, and worm gears, shown in figure 1-1. Spur gears, simplest
of the gear types, have teeth parallel to the axis of rotation and are used to transmit
motion from one shaft to a parallel shaft. Helical gears have teeth inclined to the axis
of motion and can be used in the same types of applications as spur gears but were
designed to run more quietly at higher RPMs. Even though helical gears are often less
noisy than spur gears, the inclined teeth develop thrust and bending couples that spur
gears do not experience. Bevel gears have teeth formed on conical surfaces and are
generally used for applications that involve transmitting rotary motion between
intersecting shafts. Lastly, worm gears are used to transmit rotary motion between

nonparallel and nonintersecting shafts. [3]

Figure 1-1. Gear types: spur gear, helical gear, bevel gear, worm gear [4].

A helical gearbox system such as reduction gearbox is widely used in industrial
machinery, and its faults directly cause large mechanical equipment to stop service and
increase production costs. Early identification of faults in a helical gearbox is helpful
for preventing equipment failure to avoid catastrophic losses. The types of gear fault
include tooth surface pitting and wear [5-10], fatigue and crack [11-14], which can be

described by measuring the vibration acceleration response of the gearbox.
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Presently, the prevention and management of premature failures in equipment have
become a vital part of the maintenance program. Many kinds of research have done for
finding a reliable monitoring strategy in gear transmission systems. A variety of fault
detection procedures have been developed. The mostly impractical procedure could be
visual inspection because it is not easy to visualize faults in micro-scale unless costly,
specialized equipment is used. However, it is quite impossible to examine gear
transmissions during operation. Practically, visual inspection is used mainly after
machine failure has been experienced. One of the most promising procedures for
detecting incipient faults in gear-rotor and bearing system is the vibration analysis. The
advantage of vibration signature analysis is no requirement of machinery shutdown and

it can be carried out online by a computer-based on machine health monitoring.

The vibration signals of a gearbox caused by gear impact, resonation, or mutual
interference are very complex in actual working conditions. It is difficult to apply the
conventional test and diagnosis methods effectively. The faulty characteristics for the
diagnosis of a gearbox are different for different sizes of the cracking tooth, rotation
speed, misalignment of gears, and so on [15-17]. Many researchers have established
dynamical simulation models to analyze gear faults [18]. Brethee et al. [19] established
an 18-degree-of-freedom vibration system to study the different degrees of tooth-
surface wear. However, their analytical equations are very complex and inconvenient

to use.

When a certain degree of shaft deflection or gear wear occurs, the impacted
component may be visible in the gear’s vibration signal. The spectrum of the response
is characterized by the different levels of amplitude modulation and frequency
modulation. The meshing frequency, modulation signal, and side-band information are
very important features for the gear vibration signal [20]. Therefore, during the fault
diagnosis, the impacted component and the frequency interval of the side-band can be

used as the main basis for judging whether a fault happens in the gear system. When a
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gear failure that has the frequency bandwidth characteristics is measured by an
acceleration sensor, high noise is distributed throughout the frequency spectrum. As a
result, the frequency bands overlap with each other. Vibration signals also contain high-

energy background signals related to the rotational speed.

When a gearbox fails, the actual measured signals are generally non-stationary and
non-Gaussian signals, that usually contain strong noise. Therefore, it is difficult to
eliminate the background signals and noise signals retaining fault information when
using only conventional filtering methods. Wang et al. [21] presented an optimal
demodulation subband selection method that can detect a gear fault by using envelope
analysis, but the subband frequency features are not obvious in the environment with

different noise levels.

1.2 The common methods of gearbox fault diagnosis

Presently, there are many methods of gearbox fault diagnosis, mainly include vibration
analysis, oil analysis, acoustic emission analysis, torsional vibration analysis,
temperature and energy consumption monitoring, et al. Thereinto, vibration analysis
[22-23], oil analysis [24-25] and acoustic emission analysis [26-27] are commonly used

for the gearbox fault diagnosis.

1.2.1 Vibration analysis

Vibration analysis method started earlier in the 1960s, and its information carrier is the
vibration signal of the gearbox. Because the unbalance of each radial section of the
gearbox components (such as shaft, gear) caused by asymmetric shapes, heterogeneous
material density, machining or assembly errors lead to change the center position of

rotating parts, the rotating equipment produces vibration. The vibration signal of the



gearbox system contains abundant working information. The energy distribution and
frequency component of the vibration signal will change if the gearbox breaks down,
the extraction of fault sensitive features in vibration signals can provide an important
basis for a gearbox fault diagnosis. Because the vibration analysis method has many
advantages, such as fast diagnosis speed, high accuracy, accurate fault location and on-
line detection, it has become the most widely used and effective method in the research

of gearbox fault diagnosis.

1.2.2 Oil analysis

Oil analysis is also a common fault diagnosis method for a gearbox. The method is
based on lubricating oil in the gearbox as an information carrier. During the operation
of gearbox, each friction pair of gear and rolling bearing will produce friction in the
process of contact, which causes the abrasive particles of friction pair to fall off and
enter the lubricating oil. The severity of wear is different, and the number, size and
shape of the abrasive grains entering the oil are different. Therefore, the fault of the
gearbox can be monitored and diagnosed by analyzing the concentration, shape and
composition of the abrasive particles in the lubricating oil. According to the working
principle, the common oil analysis method mainly includes the physical and chemical
analysis, the spectrum analysis and the ferrography analysis. The application range of
the oil analysis method is still limited due to the high monitoring cost and difficulty in

locating the fault.

1.2.3 Acoustic emission analysis

Acoustic emission (AE) is a dynamic non-destructive testing technique developed in
the 1960s, which utilizes particles (including atoms, molecules, and particle swarm)

inside matter to identify the internal state of a substance or structure by releasing strain

5



energy in the form of elastic waves. When a metal component is subjected to internal
or external forces resulting in deformation or crack propagation, the phenomenon that
the strain energy of the metal component is released in the form of an elastic wave is
called acoustic emission [28]. Acoustic emission technology is a detecting and testing
technique that takes elastic wave as an information carrier, detects and analyzes acoustic
emission signal by instrument to infer acoustic emission source, so as to locate fault
location. Presently, acoustic emission technology can only diagnose some obvious

faults, but its diagnostic accuracy is low for complex or inconspicuous faults.

Above the three analytical methods, vibration analysis is the most important
analytical method in the field of mechanical fault diagnosis because it is easy to measure
and sensitive to faults. Therefore, this paper mainly studies the fault diagnosis method

of gearbox based on vibration signal processing.

1.3 Summary of vibration signal processing methods in Gearbox

fault diagnosis

The purpose of mechanical equipment fault diagnosis is to identify and classify the
working state or working mode of mechanical equipment in order to distinguish it as a
normal state or abnormal state. In general, mechanical equipment fault diagnosis can
be divided into three steps: 1), the acquisition of fault signals; 2) the extraction of fault
features; 3) the pattern recognition and the fault diagnosis. Thereinto, the extraction of
fault features is the most important and difficult. In a sense, the extraction of fault
features is the bottleneck problem in the current research of mechanical fault diagnosis.
The signal processing is the most commonly used method of fault feature extraction.
The signal processing method can be divided into a time-domain analysis method,
frequency-domain analysis method and time-frequency analysis method according to

the different signal analysis field.



1.3.1 Time-domain analysis method

The time-domain analysis method is a simple diagnosis method in gearbox fault
diagnosis. It is mainly used in fault diagnosis with an obvious harmonic component,
periodic component or transient impact component. The time-domain analysis method
is also called waveform analysis or time-domain statistical analysis. It calculates its
statistical parameter index through the time-domain waveform of the signal. The
commonly used statistical parameter indexes can be divided into two parts: the non-

dimensional parameter index and dimensional parameter index.

The non-dimensional parameters include kurtosis index, impulse index, peak value
index, waveform index, margin index and so on. Thereinto, kurtosis index, impulse
index and peak value index are sensitive to the impact fault type and can be used for
early diagnosis of faults. According to the difference kurtosis index of periodic
component, transient impact component and noise component in the signal, Hong H et
al. adopt the wavelet denoising method based on hybrid thresholding to separate the

fault impact component from the bearing fault vibration signal [29].

The dimensional parameters include maximum, minimum, peak and peak value,
mean square value, variance and skewness, etc. The variance directly reflects the
intensity of the vibration signal. The skewness reflects the asymmetry degree of the
density of signal amplitude distribution. The dimensional parameters are related not
only to the operating state of the gearbox but also to the operating parameters of the
gearbox (such as speed, load, etc.). Therefore, the dimensional parameter index is not

comparable for different types, sizes and operating conditions of the gearbox.

In addition to the statistical parameters, the time-domain synchronous average
(TSA), correlation analysis and adaptive noise cancelling (ANC) are also commonly

used in the time-domain analysis. TSA, also known as coherent detection, is used to



sum and average data segments with the same phase. It can effectively suppress
asynchronous components and random noise and is widely applicated in denoising
processing of vibration signals. Braun S uses the TSA method to extract periodic
components from noisy vibration signals [30]. McFadden P D adopts TSA method to
eliminate noise components in gear vibration signals to highlight gear fault
characteristics [31]. Correlation analysis reflects the linear or dependence relationship
of signals, which can be divided into cross-correlation analysis and autocorrelation
analysis. The cross-correlation analysis describes the degree of similarity between the
two signals, and the auto-correlation analysis reflects the self-similar degree of the
signal itself at different times. The noise is mainly composed of a large number of
random components, which has the wide spectrum, the uniform distribution and the
smaller auto-correlation, but the frequency spectrum of the periodic signal is narrow
and the auto-correlation is strong. Therefore, the auto-correlation function is often used
to analyze the periodic components and noise cancellation of the detection signal, which
is interfered by noise. It is also more effective to enhance the periodic fault
characteristics of rotating machinery equipment during the early failure. ANC is also a
commonly used noise cancellation method, which can effectively extract the feature

information of masking in noise.

The time-domain analysis method is direct and simple, and can be used in some
simple diagnosis. However, the time-domain analysis method is difficult to locate the
fault for the vibration signal with early fault or low signal noise ratio (SNR), so it is

only used for the preliminary analysis at present.

1.3.2 Frequency-domain analysis method

The frequency-domain analysis is one of the most commonly used and basic methods

in signal processing. It is an important method in the fault diagnosis of the gearbox. The



main frequency components, such as rotation frequency, meshing frequency and the
high harmonic can be obtained by analyzing the vibration signal of gearbox in the
frequency-domain analysis. Therefore, it provides an important basis for analyzing and
judging the location of gearbox fault, the type of obstacle and the cause of failure. The
most commonly used frequency-domain analysis methods are the spectrum analysis,
the demodulation spectrum analysis and the high-order spectrum analysis in gearbox
fault diagnosis. In this section, the progress of these three analysis methods will be

briefly described.

1.3.2.1 The spectrum analysis

In order to describe the distribution of the signal in the frequency domain, spectrum
analysis can provide more direct characteristic information compared with time-domain
analysis. Spectrum analysis originated from Fourier series proposed by Fourier in 1807,
that is any periodic signal can be decomposed into a superposition of complex sine
signals. In 1822, Fourier transform is proposed by Fourier for the non-periodic signal
decomposition. The Fourier transform and its inverse transformation are shown in

formula (1.1) and formula (1.2), respectively.

X(F)=[" x(me *"dt 1.1)

x)=[ X(f)e"df (1.2)

where x(t) is the original signal, X (f) is the Fourier transform of x(t) - The

frequency spectrum is obtained by Fourier transform. The amplitude spectrum and

phase spectrum of the signal are (1.3) and (1.4), respectively.

X (f)|=yRe*[ X (F)]+Im*[X ()] (1.3)



Im[X (f)]

@(f)=arctan m

(1.4)
where Im[O] is imaginary part, Re[O] is real part.

The relationship between time-domain and frequency-domain is established by
Fourier transform. Through the Fourier transform of the signal, the time-domain
function can be converted into the frequency-domain function to observe the frequency
distribution of the signal, and the frequency-domain function can be transformed into
the time-domain function through its inverse transformation to observe the waveform
of the signal. For the fault diagnosis of a gearbox, the operating state of the gearbox can
be judged by monitoring the amplitude change of each frequency component and the

generation of new frequency components.

1.3.2.2 The demodulation spectrum analysis

The demodulation spectrum analysis is also called envelope demodulation analysis. It
can extract the low-frequency information modulated on the high-frequency signal,
which is an envelope signal. When the components in the gearbox (such as gears, rolling
bearings) have local faults, there will be modulation phenomena in the vibration signals.
When the gear has broken teeth or cracks, its meshing frequency will be modulated by
the rotating frequency. There are side frequency bands spaced by the rotation frequency
on both sides of meshing frequency. The fault location and the damage degree in the
gearbox can be judged by demodulating the modulation information from the signal
and analyzing its intensity and frequency features. At present, the commonly used
demodulation methods are the generalized detection filter demodulation (square
demodulation, the detection filter demodulation and the high-pass absolute value
demodulation), Hilbert demodulation, cyclostationary demodulation, energy operator

demodulation, and so on. As an important tool for gearbox fault diagnosis, the
10



demodulation analysis is often used to extract modulation information from gearbox

vibration signals.

1.3.2.3 The high-order spectrum analysis

A higher-order spectrum is a powerful tool for analyzing nonlinear, non-Gaussian
signals. It can effectively compensate for the defect of second-order statistics (power
spectrum) which does not contain phase information. It can quantificationally describe
the nonlinear phase coupling which is closely related to the fault in the signal, and it
can completely suppress the influence of Gaussian noise in theory. The mechanical
vibration signal contains a large number of non-linear and non-Gaussian signals.
Especially, when the mechanical equipment fails, the nonlinearity increases with the
severity of the fault. Therefore, many researchers have studied the use of high-order
spectrum to diagnose mechanical faults in recent years. McCormick A C et al. used
bispectrum and trispectrum to detect bearing fault [32]. Fonollosa J R et al. used Wigner
bispectrum and Wigner-Ville distribution to monitor transient signals. The results show
that Winger bispectrum is superior to Wigner-Ville distribution [33]. Barker R W et al.

used a high-order spectrum to monitor the wear condition of machining tools [34].

In addition, spectrum analysis methods such as detailed spectrum analysis,
cepstrum analysis and holographic spectrum analysis are also used in the fault diagnosis

of a gearbox, and some achievements have been obtained.

1.3.3 The time-frequency analysis

Fourier transform has become an important tool in signal analysis and processing. A
frequency-domain analysis is based on Fourier transform and is widely used in radar,

medicine, mining and other fields. However, it has some shortcomings in the practical
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application.

(1) The frequency-domain analysis method lacks the time localization function.
The frequency-domain analysis method cannot determine the frequency components at
some point. Conversely, this method cannot determine when the particular frequency

component appear in the signal.

(2) The frequency-domain analysis method is not suitable for non-stationary signal
analysis. As shown in formula (1.1) and formula (1.2), the response functions are
univariate (time or frequency), so it cannot describe the frequency variation on the time
axis. Therefore, the frequency-domain analysis method can only be used to analyze
stationary signals. Actually, most of the signals are non-stationary signals varying with
time, such as the bat’s echolocation, earthquake waves, and so on. Therefore, in order
to overcome the shortcomings of time-domain and frequency-domain analysis methods,
the time-frequency analysis method is studied by some researchers. The time-frequency
analysis method can not only describe the frequency components and the variation of
the frequency components with time, but also reflect the distribution of the energy in
the time-frequency plane of the signal. Therefore, the time-frequency analysis method

has become a powerful analytical tool for nonlinear and non-stationary signals.

The vibration signals of mechanical equipment are commonly nonlinear and non-
stationary. When the mechanical equipment fails or the working condition changes, the
nonlinearity and non-stationarity are especially prominent. Therefore, the time-
frequency analysis method has been applicated in the field of mechanical fault diagnosis
for the analysis of mechanical fault signals in recent years. At present, the time-
frequency analysis methods in the field of mechanical faults mainly include short-time
Fourier transform, Wigner-Ville distribution, wavelet analysis and Hilbert-Huang

transform.
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1.3.3.1 The short-time Fourier transform

Short-time Fourier transform (STFT) is a linear time-frequency analysis method, which
is an extension of Fourier transform. Therefore, it is also called window Fourier

transform. The expression of short-time Fourier transform is as follows:
STRT(t, f)=[ [X()g"(z-t)e *"dr (1.5)

where * represents a conjugate. 9(t) is a window function. When the
rectangular window function takes the infinite length ( 9(t)= 1), the STFT transform is
the traditional Fourier transform. The STFT principle: Assume that the signal is
stationary in the given analysis window moved along the time axis. The signal is
divided into a series of short signal segments, then the spectrum of each signal segment
is calculated, so the time-frequency localization of the signal can be achieved. Because
STFT can highlight the local characteristics of the signal, it has been applied in the field
of mechanical fault diagnosis. Wang W J et al. used time-frequency distribution diagram
to diagnose gear fault based on STFT [35]. Stazewski W J et al. used moving window

to diagnose gear fault in gearbox [36].

However, there are many shortcomings for STFT method, which affect its further
application in mechanical fault diagnosis. Firstly, due to the limitation of the Heisenberg
uncertainty principle, STFT method cannot obtain high temporal resolution and
frequency resolution at the same time, so the time-frequency resolution is lower.
Secondly, STFT method is based on the stationary signal in the analysis window. STFT
method is not applicable for the non-stationary signal with fast frequency change, so
STFT method can only be used for the analysis of stationary signal or quasi-stationary

signal.
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1.3.3.2 The Wigner-Ville distribution

Wigner distribution was proposed by Wigner in 1932 with studying quantum mechanics,
then it was introduced into the signal analysis by Ville, so it is called Wigner-Ville
distribution (WVD). WVD is the instantaneous correlation function of the Fourier

transform of the signal X(t). The expression is:
+ T * T i
W(t,w) = t+— t——)e'"d .
(Lo)=[ x(t+)x'(t-2)e""dz (1.6)

WVD does not use any window function, which avoids the restriction of time-
frequency resolution, so it has high time-frequency aggregation. Because WVD has
many advantages such as time-shift invariance, translation invariance, high time-
frequency aggregation and so on, especially it can directly and accurately define the
instantaneous frequency for the linear frequency modulation signal, so it has been
applied in mechanical fault diagnosis. Meng Q F et al. used Wigner distribution to
analyze the rotor vibration signal [37]. The results indicate that the vibration signal of
cracked rotor has different time-frequency distribution compared with normal rotor
vibration signal. Chillaz M et al. used WVD to analyze the engine noise [38]. Baydar
N et al. had compared and analyzed the pseudo WVD of the acoustic and vibration
signals in the different conditions such as gear broken teeth, cracks and local wear faults
[39]. The results show that it is more sensitive for the time-frequency distribution of the

acoustic signal in early faults.

1.3.3.3 The wavelet analysis

Wavelet analysis (WA), which provides a good filtering characteristic, is used widely
in various subfields of mathematics, science and engineering. Through the

decomposition and reconstruction of a signal, WA can be used to determine the transient
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trait of a signal in the time-frequency domain, therefore, is regarded as an effective
approach for non-stationary data processing. WA is the process of decomposing or

reconstructing a signal using wavelets, a family of orthogonal functions of type
WT(ab)=— [ X0y St =(xtLp,,0)  a>0 (1.7)

where @ is the scaling factor,

b is the time shift factor,
Wap(t) is the mother wavelet.

WA is different from the STFT method, which uses the time-frequency window
function to analyze the signal. In other words, the time-frequency window with higher
time resolution and lower frequency resolution are used in the high-frequency region
of the signal, and the time-frequency window with higher frequency resolution and
lower time resolution is used in the low-frequency region of the signal. Therefore,

wavelet analysis is also known as a mathematical microscope.

WA cannot only provide localized time-frequency information of the signals, but
also has the advantages of the multi-resolution analysis. Therefore, it is widely used in
mechanical fault diagnosis. In general, the application of wavelet in mechanical fault
diagnosis can be divided into two aspects: 1) Fault feature extraction based on wavelet
analysis; 2) Pattern recognition based on wavelet analysis and artificial intelligence.
Lin J et al. proposed a morlet wavelet analysis method based on soft threshold denoising
for the low SNR signal, and applied it to extract the fault features of rolling bearing
[40]. Due to the shortage of the time-frequency clustering of wavelet scale spectrum,
Peng Z K et al. proposed the redistribution of the wavelet scale spectrum [41]. Cheng J
S et al. constructed impulse response wavelet and used the continuous wavelet

transform to extract the fault characteristics of the rolling bearing fault vibration signal.
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Therefore, the scale-wavelet energy spectrum comparison method and the wavelet
energy spectrum autocorrelation method are proposed [42]. Fan X F et al. combine
wavelet packet with Hilbert demodulation method to detect the fault diagnosis of

gearbox [43].

In recent years, many new wavelets have been used in the mechanical fault
diagnosis field with the development of wavelet analysis, such as lifting wavelet frame,
chirp wavelet, quality factor adjustable wavelet and so on. Presently, WA is still a hot

topic in the mechanical fault diagnosis field.

1.3.3.4 The Hilbert-Huang transform

Hilbert-Huang transform (HHT) is a nonlinear and non-stationary adaptive time-
frequency analysis method proposed by Norden E Huang. Firstly, the signal is
decomposed by empirical mode decomposition (EMD), then a series of the intrinsic
mode function (IMF) is obtained. secondly, each IMF is transformed by Hilbert, and
the instantaneous spectrum of each IMF is obtained. Finally, the time-frequency
distribution of the whole signal can be obtained by combining the instantaneous
spectrum of each IMF. EMD is a very important step in the HHT method. It makes the

instantaneous frequency of the Hilbert transform have a clear physical meaning.

Due to the advantages of the EMD method, such as orthogonality, completeness
and self-adaptability, it is very suitable for analyzing non-linear and non-stationary
signals. Therefore, it has been widely used in the field of mechanical fault diagnosis.
Loutridis S J determines the crack severity of gear tooth root based on the instantaneous
energy density of each IMF component [44]. On the basis of introducing Hilbert-Huang
transform, Yu D J et al. proposed the local Hilbert spectrum and the local Hilbert
marginal spectrum, and applied them to detect the fault diagnosis of the roller bearing

[45]. Yang Y et al. combined HHT with Support vector machines (SVM) to classify and
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identify the rolling bearing fault [46].

HHT method has been widely used in many fields such as geophysics, biomedicine,
electric power communication and so on. However, HHT also has some deficiencies as
a new time-frequency analysis method, such as mode confusion [47], negative
frequency [48-49] and so on. For this reason, many scholars have studied it and derived
many improved methods, such as local mean decomposition (LMD) method [50-51],
ensemble empirical mode decomposition (EEMD) method [52], intrinsic time-scale
decomposition (ITD) method and local characteristic-scale decomposition (LCD)
method, et al. The research of HHT method and its improved method is an important

research direction in the field of mechanical fault.

1.4 ADAMS software

Multibody dynamics (MBD) is a very powerful tool used in many engineering and
science fields with the objective of analyzing the kinematic and dynamic behavior of a
system composed of different interconnected bodies. It has many applications in various
fields such as mechanical engineering, aerospace, biomechanics, robotics, particle
simulation, vehicle dynamics and so on. MBD models are computational models of
interconnected rigid bodies, used to simulate and predict the dynamics of physical and
bio-mechanical systems. The interconnected rigid bodies are allowed to undergo large
translational and rotational displacements. Recent MBD models of gearbox consider
shaft and gear mesh flexibility [53—56]. Current commercial MBD programs also
support component and joint flexibility in the presence of large overall motion as well
as complex interaction with other modeling elements. Dynamic studies conducted on
virtual MBD models of mechanical systems are time efficient and much cheaper than
the more complicated, time consuming and expensive experimental analysis. For

example, MBD gearbox models are used for research and design purposes [53-55,57].
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MBD models have also been effectively used by implant designers and researchers in
the area of bio-mechanics, for example MBD model has been used to predict wear for
knee replacements and to study the reliability of implanted total knee replacement

systems [58-60].

When designing a mechanical system, designers need to understand how various
components such as motors, rigid and flexible bodies interact as well as what forces
those components generate during operation. ADAMS is a dynamic motion simulation
solution for analyzing the complex behavior of mechanical assemblies. ADAMS allows
one to test virtual prototypes and optimize designs for performance, speed, and

durability without having to build and test numerous physical prototypes.

ADAMS is a family of interactive motion simulation software modules, which
allows one to import geometry from CAD systems. There is also an opportunity to build
a solid model from scratch. After defining the joints, constraints, motions etc. the
dynamic model is completed. Then ADAMS offers wide variety of simulations and
graphical representation of the results. The most important part is one can export these
data in a desired type. There is also an option to save the animation and visually inspect
the simulation. Another property of this software is the ability of communicating with

finite element analysis programs.

Several modules that are part of ADAMS can be used to accomplish specialized
tasks. For example, ADAMS/Flex can be used to examine the effect of flexible links on
a mechanism and ADAMS/Controls can be used to model control systems such as
hydraulics, pneumatics, electronics and more. ADAMS also offers a range of modules
tailored to industry specific applications. Several CAD interface modules allow you to
explore the motion of CAD designs without having to leave a familiar CAD interface

or transfer data into ADAMS.

The benefits of the ADAMS software could be listed as below:
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(1) Work in a secure virtual environment, without the fear of losing critical data
due to instrument failure or of falling behind schedule due to poor weather

conditions, common elements that accompany real-world testing.

(2) Reduce risk by getting better design information at every stage of the

development process.

(3) Analyze design changes much faster and at a lower cost than physical prototype

testing requires.

(4) Improve product quality by exploring numerous design variations in order to

optimize full-system performance.

(5) Explore system variations without having to modify physical instrumentation,

test fixtures, and test procedures.

1.5 Main contents and organization of this dissertation

This dissertation is aimed to develop a new signal processing method for gear fault
diagnosis system. The dynamical model is established to verify the validity and limits
of the algorithms in the different conditions. The remainder of this dissertation is

organized as follows.

Chapter 2 studies the basic theory of the spectral subtraction method combining
EWT technique, then the side-band frequency features are obtained by the envelop
spectrum analysis. Meanwhile, for explaining the advantages of the SS-AEWT method,
the theory of EMD, LMD and DWT method is introduced, respectively.

Chapter 3 focuses on the main failure types of the gear fault based on the analysis
of the failure proportion of the components in the gearbox system. The theory and
vibration characteristics of the gear are introduced in detail. Finally, the experimental

results for the gear fault signal are validated by using the different algorithms.
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Chapter 4 mainly establishes the multi-body dynamical model of the gearbox
system by using the ADAMS software in detail. Meanwhile, in order to make the
simulation more authentic, the flexible gear is used for the simulated model. The fault

type of the gear is a breakage tooth included small, middle and big size.

Chapter 5 carries out the simulation experiment of multi-body dynamic model. The
simulated results are analyzed and summarized in the different conditions. Comparing
the advantages of the different algorithms, the result indicates that the performance of

the SS-AEWT method is more effective and valuable.

Chapter 6 concludes this dissertation and future work.
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Chapter 2 Theoretical algorithm research based on

gearbox fault diagnosis

2.1 Introduction

Signal processing and data analysis is the main stage in the gearbox fault diagnosis.
This step is to refine and get rid of impurity from the raw signals in order to clarify
signal specifications and details. The raw signals captured by sensors commonly
contain a high level of noise and some random signals carrying a characteristic of fault
components in the gearbox system. Feature extraction of the vibration signal plays
important roles in the health monitoring and fault diagnosis of rotating machinery.
When a gear has a local fault, the vibration signal of the gearbox may contain amplitude
and phase modulations that are periodic with the rotation frequency of the gear. The
modulation of the meshing frequency, as a result of faulty teeth, generates side-bands,
which are frequency components equally spaced around a center frequency. The center
frequency called the carrier frequency may be the gear meshing frequency, multiples of
bearing ball pass frequency, the resonant frequency of a machine component/structure,
or the resonant frequency of an accelerometer. Side-bands are either the shaft rotational
speed or one of its multiples. It is well known that the most important components in
gear vibration spectra are the tooth meshing frequency and their harmonics, together
with side-bands. Amplitude modulations are present when a gear meshes an eccentric
gear or a gear riding on a bent or misaligned shaft. If there is a local gear fault, the gear
angular velocity could change as a function of the rotation. As a result of the speed
variation, frequency modulations occur. In many cases, both amplitude and frequency
modulations are present. The increasing in the number and the amplitude of such side-

bands often indicates faulty conditions [61]. Since modulating frequencies are caused
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by certain faults of machine components including gear, bearing, and shaft, the

detection of the modulating signal is very useful to detect gearbox fault.

A new signal-processing scheme is proposed to detect gearbox faults at a constant
speed. A flow chart of the fault diagnosis method is shown in figure 2-1. To improve
the side-band frequency features of fault information, the spectral subtraction technique
is first used to remove the partial noise of the signal. The impacted component of the
gear fault signal is obtained with the EWT method, and then the side-band frequency

of the fault features is obtained with the square envelope spectrum method.

t Obtain Fouri -
[ Fault signal ]—-[ ERrentinnine ] ERIEMCE e Segment Fourier
spectrum spectrum

h 4

[ Obtain filter bank ]

v

[ IFFT and obtain wavelet ]

Noise estimate

Subtraction
processing

Spectral subtraction denoising

coefficients

Obtain the component

mode of faulty signal

-

[ Square envelope

4

[ Obtain the side band frequency ]

feature for the gear faults

Figure 2-1. Flow chart of the fault diagnosis method.
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2.2 The theory of SS-AEWT algorithm for extracting gear fault

features

2.2.1 Spectral subtraction methods

The spectral subtraction method is widely employed in signal processing for speech
enhancement in order to remove acoustic noise [62-64]. The figure 2-2 illustrates a

block diagram configuration of the spectral subtraction method.

y(m) Y(H Post X X(m)
O——p» DFT | subtraction > IDFT >
processing
o

MNoise estimate

Figure 2-2. Ablock diagram illustration of spectral subtraction.

Spectral subtraction is usually used as a denoising method for fault detection. The
proposed technique is appropriate for the fault diagnosis of rotating machinery in
steady-state at a constant speed. It is only applied to stationary signals, which means
the frequency content is independent of time. In this context, a new denoising scheme
is employed to enhance the useful information of the vibration signals measured from
a faulty gearbox. It is assumed that the vibration signal is disturbed by random noise,
which can be removed by subtracting of an estimation of the mean of the noise spectrum

from the noisy signal spectrum. The measured signal model in the time domain is given

by:
Z(m) =s(m)-+n(m) 2.1
where z(m) isthe measured mixed-signal (include the vibration signal and noise
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signal), s(m) is the vibration signal of the gear, n(M) is the additive noise and M

is the discrete-time index. The frequency domain representation of the relation is given

by
Z(k)=F{y(m)}=S(k)+N(k) (2.2)
where Z(k), S(k), N(k) are the discrete Fourier transform of z(m), s(m),

n(m), respectively. K is the discrete-frequency index. Therefore, the expression of the

power spectrum is
[ZR) P SK) [+ N(K) [ +S" (KN(K)+SKON"(K) (2.3)
where * denote the complex conjugate.

In the fault detection of gearbox, most corrupting noise signals, which are
uncorrelated with the gear vibration signal, are generated from the vibration of other
components impact (e.g. bearing fault, shaft imbalance, motor and braking system

vibration) on the constant speed condition. Therefore, the cross products
X*(K)S(k)+X(k)S"(k) in Equation (2.3) could be ignored, and the simplified power

spectrum is
[ZK)HSK)F+ N (2.4)

The interfering noise is assumed to be short-term stationary, so that the time-

averaged noise spectrum can be obtained from the periods
4 | < 2
IN(K)| :IZ‘ N; (K| (2.5)
i=0

In the spectral subtraction method, the estimate of the original signal power
spectrum can be obtained with the variation of parameters. It includes an over-

subtracting estimate of the noise power spectrum and a lower limiting value for the
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resulting spectrum. The form of the enhanced signal power spectrum is as follow

|S() P=mmax{| Z(k) F | NP 8 N() P} (2.6)

where & isthe over-subtracting multiplication factor and the value is greater than
or equal to 1, and it determined the degree of distortion for the fault signal, A8 is the
spectral flooring parameter and the value is between 0 and 1,and it control the effect of
residual noise. The multiplication factor of & in proposed method is defined by the

function of segmental SNR (signal-noise ratio) and SNR is estimated in the frame and

defined by
5 SNR < -5
1
a= 4—§SNR —5<SNR <20 2.7
1 SNR > 20
L-1 5
1 Z(K)|
SNR =10log10| =—— (2.8)
INGK) P
k=0
6
551
5
4.5
4
35
sl
2.5
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15}
1—’IO —‘5 (‘) é 16 1‘5 26 2‘5 I;O
SNR(dB)

Figure 2-3. Multiplication factor with SNR.
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Figure 2-4. The results for (a) a=5or 26; (b) a=2 or 5.

Form figure 2-3 (a), o=5, the noise reduction effect is very good (red line), a=26,

the valid signal is distorted (yellow line); from figure 2-3 (b), a=2, the noise is
equivalent to the body noise, so the result trend has not changed, and the fault signal
cannot be obtained. In order to clearly obtain the sidelobe characteristic of the meshing

frequency, the value (0=5) is selected based on the a lot of experimental results.

Finally, the enhanced signal is obtained by inverse discrete Fourier transform

(IDFT).
§(k) = §(k) | 1 2.9

s(m)=F {S(k)} (2.10)
where @K is the phase function of the DFT of the input signal.

According to the basic theory of spectral subtraction, the vibration noise is
estimated over the whole spectrum by adjusting the multiplication factor & [65]. By
using the spectral subtract technique, the faulty signal is enhanced. However, it cannot
extract the mono-component information. To identify the side-band frequency feature,
EWT is used to analyze the faulty signal.
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2.2.2 Empirical wavelet decomposition

EWT is a new signal processing algorithm to detect the different vibration modes based
on the EMD method and wavelet analysis theory. It can effectively extract the different
modes from the mixed vibration signal, through adaptively establishing the appropriate
filter bank based on the Fourier spectrum. EMD can adaptively decompose a signal into
intrinsic mode functions (IMFs) and obtain a time-frequency resolution to extract the
fault features, but it is lacking mathematic theory support. In contrast, EWT has not
only the frequency resolution but also the clear mathematical theoretical basis and high

computation speed of discrete WT. EWT procedure as the follow

TN R R R
2 21, \ 21, \ ....... 2 \ 20, g —
4] Q '§ ........ O,
NN
M N N b
(th {2 s W, O ¥

Figure 2-5. Segmenting Fourier spectrum into N contiguous segments.

Firstly, accordingly to Shannon criteria, the frequency limit is defined as [O, 7[] in

a normalized Fourier axis of a periodicity 27 . The initial Fourier support [O,E ] is

segmented into N contiguous segments containing the spectra of definite modes. The

boundary of each segment is denoted @, , hence, the bandpass filter is obtained
A, = [Cl)n,l,a)n]. In order to realize EWT on the segmental support A, the transition
phase T, of width 27, is defined with centered around each @,. Empirical filter

bank is provided in figure 2-5. The simplest of 7, is proportional to @, : 7, =y®,,
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On — Wy

a)n+1

where the range of 7 is 0<y <min, .
+o,

Next, the empirical wavelets are defined as bandpass filters on each Fourier support
A, . The empirical scaling function and empirical wavelets are established by using the

idea of the construction of both Littlewood-Paley and Meyer’s wavelets, respectively.

The simplifying form is as follows

1 (o= (=7)a,
b 1
ACE COS[j—zrﬂ(z— (ol1=-a)] (-p)a, Jol=l+7)e, (2. 11)
7%,
| 0 otherwise
1 (+7)a, Jod-7)a,,

e s —(ol-1-pa)) (=P, doEda,
W, (0) = ﬂ 1”” 2. 12)
sin2 (ol -A-De)] (1=, <00+,

ya)n

0 otherwise

where S(X) is an arbitrary function with an independent variable X | and the

value is determined by

0 X<0
LX) =1 x*(35-84x+70x* —20x’) 0<x<1 (2.13)
| x=1

According to the theoretical framework of wavelet transform, the empirical
wavelet transform is built by the constructed bandpass wavelet filter bank. The detail
coefficient of empirical wavelet transform is the inner product between the analyzed
signal and the empirical wavelet in the time domain, and is the inverse Fourier

transform of the frequency function production, as following
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W () =(s(t).y, (1) = [ sy (r—tidr =F [&w)fun (w)j @14

and the approximation coefficient of empirical wavelet transform is the inner
product between the analyzed signal and the scaling function in the time domain, and
is the inverse Fourier transform of the of the frequency function production, as

following

WE(0.0)=(s00. (1) = [ s (c Dz =F (&w)&ﬁn (w)j @15

Finally, the mono-component modes are obtained through the detail and
approximation coefficient of empirical wavelet transform. The construction of the

original signal is obtained by

SO =W O (1) + S Wy t) = F (Wf(o, Oh(@+ W, a))fun(w)j

(2. 16)

The mono-component modes are as follow

5,(t) =W (0.t)*h(t) 2.17)

s () =W (k,t)*y (t) (2. 18)

2.2.3 The proposed SS-AEWT for extracting gear fault features

If the fault information can be enhanced by using the spectral subtraction method, the

mono-component mode of the faulty signal is clearly obtained by EWT. The mono-
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component mode is described by:
L(m)=8§(m)*I" (2.19)

where $(M) denotes the estimated value of the faulty signal obtained by the

spectral subtraction method, and I represents the decomposition band width of EWT.

Envelop analysis is an effective technique for rolling element bearing diagnostics
in recent decades, and it has the advantage of the application simplicity and low
computational effort required. This algorithm can demodulate the multi-component
signal to obtain the representation of the mono-component signal for a cyclostationay
impulse signal. The squared envelope spectrum (SES) analysis is the simpler efficient

algorithm, and its process as follow.

Step 1: The useful information is much clearer than others, the square for the

vibration signal is operated.

Step 2: The filtered signal is obtained by the bandpass filtering, and its purpose is
to preserve only the frequency band feature of the impulse signal for gear faulty
information. In this context, the simple Butterworth filter is used for designing the

process easily.
Step 3: The filtered signal is taking the square root.
Step 4: The SES is obtained as the absolute amplitude of FFT.

In this process, it is used for taking square and square root to eliminate some hidden

information more efficiently.

2.3 The based theory of EMD

As previously, Hilbert-Huang transformation (HHT) is an analyzing method with

combining EMD and Hilbert Spectral (HS) analysis [66], and is designed to work
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well for time-series data that are non- stationary and nonlinear. HHT uses EMD to
decompose a multi-component signal into several mono-component signals called

Intrinsic Mode Function (IMF), and then IF can be extracted from each IMF.

IMF is a mono-component signal, which contains only one oscillatory mode at any
time instance. The concept of IF is applicable only to mono-component signals,
therefore, to obtain IF of a signal any complex (multi-component) signal needs to be

decomposed to some IMFs. Any IMF should satisfy the following two criteria:

(1) The numbers of local extrema and the numbers of zero crossings must be equal

or differ by at most 1.

(2) At any time point, the mean value of the “upper envelope” (defined by local

Maxima) and the “lower envelope” (defined by the local minima) must be zero.

EMD is an algorithm that can decompose a complex signal into several IMFs. The
first step is Hilbert-Huang Transform for EMD method. EMD empirically reduces a
time series to several sub-signals (IMFs), each of which is input to the same time-
frequency environment via the Hilbert transform. EMD uses the characteristics of the

signal itself to adaptively decompose it into several Intrinsic Mode Functions (IMFs).

x(t)

|EMD c
x(t) = Z IMF;(t) + rc(t)
| IMF = =1

Figure 2-6. Schematic of signal decomposition into set of IMFs and residue using EMD [67].

EMD algorithm for a complex signal x(t) can be summarized as follows [68]:

(1) Identifying all the extrema (including maxima and minima) of the signal X(t).

(2) The upper and lower envelope is generated by a cubic spline interpolation of
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the extrema points.

(3) Calculating the mean function of the upper and lower envelope, M(t).

(4) Calculating the difference signal d(t) = X(t)-m(t).

(5) If d(t) is a zero mean process (i.e an IMF), then the criteria stops and d(t)
is the first IMF, named C,(t).

(6) Calculating the residue signal r(t) = Xx(t)—-c,(t).

(7) Repeating the procedure from steps (1) to (6) to obtain IMF 2. Continuing the
iterations for N times leads to obtaining C,(t). This procedure stops when the final

residue signal r(t) is a monotonic function.

At the end of this procedure we have a collection of N IMFs from ¢, (t) to C,(t)

and the residue r(t). Thus, the signal X(t) can be written as

X(t) = ici (t)+r(t) 2. 20)

The number of decomposition levels (IMFs and residue) is also determined by the

length of the input signal X(t), according to the formula [68]
N =log, (length(x)) (2.21)

An  illustration of EMD decomposition of a normal rhythm
electrocardiogram (ECG) signal X(t) is shown in figure 2-7. This decomposition
resulted in 8 IMFs and a residue. It is clear that lower order IMFs carry high frequency
components of the original signal X(t) and as the order of the IMFs increases, the

corresponding frequency decreases.
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Figure 2-7. A 5- sec normal rhythm ECG signal x(t) in black; IMF distribution from scale 1 to

scale 8 in blue; and the residue signal in red. ECG recording is from PhysioNet [69].

2.4 The based theory of LMD

A series of product functions (PFs) can be obtained by the LMD processing method,
each of PFs represents a mono-component of the original signal which contains multi-
components. The LMD method has been widely used to extract fault features for
diagnosing rolling element bearing faults [70-72]. It can also be used to extract the fault

component by selecting an appropriate PF which contains the fault component signal.

The LMD decomposition procedure are shown as following steps for an original
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signal U(t) [73]:
(1) Extracting the extrema é(i =] -,|V|) of the original signal U(t).

(2) Calculating the local mean value M; and the amplitude envelope estimate &

via the two successive extrema.

Z+Z

m=—:7-—" 2'“,i=1,2,---,|\/|—1 2.22)
|Zi+zi+1 -
g="—"""i=12 M-l (2.23)

These local means are connected by straight lines with extending between adjacent

extrema. The continuous local mean function My (t) are formed through moving

averaging. The local magnitude envelope function &, (t) can be obtained by the same

smoothing procedure as the local means.

(3) The continuous local mean function is subtracted from the original signal U(t) :
h, (t) =u(t)-m, (t) (2.24)
The demodulated amplitude §;, (t) is obtained with the envelope function & (t) :

#0326

(2.25)

Ideally, if Sll(t) was a pure frequency modulated signal, its envelope function

a, (t) should satisfy the condition: a,, (t) =1.1f a, (t) =1, S, (t) is taken as the
new signal, and the procedures are repeated steps (1)-(3). The process will stop until

Siy (t) is the pure frequency modulated signal. The iteration can be shown as follows:
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hy, (t) = X(t)_m“ (t)
hy, (t) = S‘11-(t)_ 12 (t)

3

. (2.26)
hln (t) Sl(nfl) (t) mln (t)
where the S, (t) is:
s, (t)=h,(t)/a,(t)
s, (t)= hlzz(t)/alz (1) @.27)
s, (t)=h, (t)/a,(t)
(4) The envelop signal can be obtained as:
a (t)=a,(t)a,(t) l_Ialp ).lima,, (t)=1 (2. 28)

Thus, the envelope function @ ('[) is expressed as the instantaneous amplitude.

The instantaneous phase is:
6,(t)=arc cos(s,, (t)) (2. 29)

The instantaneous frequency can be defined as:

| d6(0

f(t)=—

27 dt

(2. 30)

(5) The first PH (t) can be obtained from the product envelope function & (t)

and frequency modulated signal S, (t) :

PF (t)=a(t)s, (t) (2.31)

(6) New data U(t) can be obtained by subtracting PR, (t) from the original data.
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Then, steps (1)-(5) are repeated K times until U, (t) is a constant or doesn’t contain

oscillations. Finally, the original signal can be reconstructed:

x(t):ilPFp (t)+u, (1) .3

As previously introduced, LMD has the end effect problem. Researchers have

proposed some improvement methods and have been applied to eliminate it.

Huang et al. [74] proposed a mirror periodic method to extend the two ends data to
deal with the end effect. In this method, the data was only extended by using the extreme
values which close to the ends, the characteristics of data were not considered.
Considering the tendency of the data, Gai et al. [75] proposed a wave matched
processing method. However, a choppy signal was generated near the ends. By using
the neural network, Yong-jun et al. [76] extended the data by the adaptive prediction
method. But parameter selection and long computation time should be considered on
the applications. An adaptive extending method based on the spectral coherence was
proposed for handing the end effect on the LMD [77]. However, it just separated the
signal into a number of segments, some information of the signal missed when the
segment was very large. Wang et al. [78] used the mean local extrema on the ends to
process the boundary effect of LMD. However, the matched signal may be not revealing

the similarity of original signal.

2.5 The based theory of DWT

Wavelet transform is classified as the continuous and discrete wavelet transforms
(DWT). The continuous wavelet transform is calculated by the convolution of the signal
and a wavelet function. A wavelet function is a small oscillatory wave, which contains

both the analysis and the window function. However, the discrete wavelet transform
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uses filter banks for the analysis and synthesis of a signal. This technique, in fact,
provides powerful multi-resolution analysis in the time and frequency domain, which
becomes a very useful tool to extract the transitory features of non-stationary vibration
signals generated by the gear fault. In order to extract the fault features of signals more
effectively, it is necessary to select the appropriate wavelet base function. The discrete
wavelet transform is based on the discretization of continuous wavelet transform, and
the dyadic scale and translation are used to reduce the computational time and can be

expressed after [79] by the following equation:

: 1 e Jft=27k
DW(],k)zﬁj_wS(t)V [Tjdt (2.33)

where J, k are integers, 2! and 2'k are the scale and translation parameter,

¥ is the mother wavelet, v~ is the complex conjugate of mother wavelet.

Four kinds of wavelets from the wavelet family are show in the figure 2-6. The
wavelet analysis has a good adaptability, which provides a high time resolution for high
frequency, meanwhile, a high frequency resolution for low frequency. To show the
adaptability of wavelet, the ‘Symmlet 8’ wavelet at various scales and locations is show

in figure 2-6.
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Figure 2-8. Mother wavelets of wavelet family.
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Figure 2-9. ‘Symmlet 8’ wavelet at various scales and locations.

In particular, it decomposes the signal in its high-scale, low-frequency components,
named approximations (A) and its low-scale, high-frequency components, which is

called details (D). The filtering process, with the approximation and detail components,
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is represented in figure 2-8. This decomposition process can be iterated, and the
successive approximations are decomposed in turn: a signal is decomposed into several
lower-resolution components, and the so-called wavelet decomposition tree is obtained.
As it could be imagined, the analysis process is iterative, so it can be continued
indefinitely in theory. Because of its good ability to deal with non-stationary signals, it
has been applied widely in fault diagnosis of rotating machinery [80-84]. However, in
reality, the decomposition can proceed only until a certain suitable number of levels

based on the nature of the signal, or on a suitable criterion such as entropy.

Decompaosition Wavelet coefficients Reconsiruction

-—'EF@DJ : "
Af
@”' Af

Figure 2-10. A multi-level analysis and synthesis process of DWT [85].

2.6 Conclusions

In this chapter, the approach using the spectral subtraction method combined with
empirical wavelet transform has been proposed for gear fault diagnostic. The side-band
frequency features for the gear fault signal are a very important indicator, so it can be
calculated by using the envelope spectrum analysis. In order to compare the advantages
of the SS-AEWT method, the signal processing method for EMD, LMD and DWT

technique is also introduced respectively in this chapter.
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Chapter 3 Modelling Gearbox vibration responses

3.1 Introduction

As an indispensable connection and power transmission device in mechanical
equipment, the normal operation of gearbox directly determines whether the whole
mechanical equipment can run normally or not. The gearbox system is a complex
system composed of gear pairs, shafts, bearings and other parts. The failure of the
components in the system can directly lead to the abnormal operation of the gearbox.
Therefore, it is very important to study the common failure types, vibration mechanism
and the fault signal model for the gearbox. It is a great significance to clarify the
dynamic characteristics of the gearbox fault by using a computer to simulate the typical

fault vibration signal.

This chapter focuses on the main failure types of the gear fault based on the analysis
of the failure proportion of the components in the gearbox. The vibration mechanism
and vibration signal model of local fault is described in detail in order to lay a

foundation for the next fault diagnosis of the gearbox.

3.2 The types of the gearbox

Gearboxes usually contain components such as gears, rolling bearings, and rotary shafts.
Gears and bearings are the two main components in the gearbox. The gears play the
role of transmitting speed and power, and the rolling bearings support the rotating parts
of the gearbox. Because the structure of the gearbox is complex and the working
strength is high, the components inside the gearbox are easy to break down due to
fatigue wear. The common faults in gearbox include gear fault, bearing fault, rotating

shaft fault and so on. Failure ratio of each part in the gearbox.
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Table 3-1. Failure ratio of each part in gearbox.

Component Gear Bearing Shaft Box Fastener  Qil seal

Ratio 60% 19% 10% 7% 3% 1%

The failure of the gear and the rolling bearing is 60% and 19%, respectively. The
failure of the gear is the main failure mode of the gearbox. Therefore, it is great
significance to study the fault features, the vibration mechanism and the failure form of

the gear.

3.3 The vibration characteristic analysis of the gear

3.3.1 The types of the faulty gear

In the process of gear operation, the phenomenon that the gear loses its working
capacity or its working parameter value exceeds the maximum allowable range due to
some reasons, is called gear fault. There are many causes of gear failure, such as
manufacturing error, assembly error, bad lubrication, overload, fatigue wear and so on.

According to the cause of gear failure, gear fault can be divided into two types

(1) Static gear failure due to a manufacturing process or installation errors, etc.
Such as gear tooth error, gears and holes are not concentric, the axis of each part is
misalignment or unbalanced, and so on. The poor assembly of gear will cause serious
mechanical loss. Especially, when the assembly error is large, the gear transmission will
turn quickly and slowly inconsistently, which will lead to the impact in meshing, and

cause greater vibration and noise.

(2) Dynamic gear failure caused by the operation. Generally, the tooth surface of
the gear is subjected to a large load. In the meshing process of the gear, there are both

relative rolling and sliding between the teeth of the gear pair. During the rolling process,
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the positive pressure in the contact region of the gear tooth surface causes shear stress.
The relative sliding of the tooth surface will produce tensile stress (or compressive
stress), which will lead to pitting, breakage teeth, wear and other dynamic gear failures

during the continuous running of the gear. The occurrence proportion of gear failure.

Table 3-2. Proportion of common gear failure.

Types Breakage Pitting Wear Scratch others

Proportion 41% 31% 10% 10% 8%

Breakage teeth, pitting and wear account for a large proportion of gear faults. The

reasons and vibration performance of these three faults will be explained below.

(1) Gear breakage tooth. Breakage tooth is a kind of serious fault, which is mainly
included the fatigue breakage tooth and overloaded breakage tooth. Fatigue breakage
tooth is the propagation form of gear crack fault. The main reason is that when the gear
tooth is subjected to alternating load, the root of the gear tooth will be subjected to
periodic bending stress. When the bending stress exceeds the bending fatigue limit of
gear material, fatigue breakage tooth will occur. Gear breakage teeth usually produce
more energy, and there will be a regular impact for the vibration signal in the time
domain. Therefore, the impact frequency equals to the rotating frequency of the shaft
in which the breakage gear is located for a single breakage tooth fault. On the other
hand, there is a side-band frequency, which is spaced by the rotational frequency and
its multiple frequencies of the shaft where the gear is broken, around the meshing

frequency of the gear and its multiple frequency in the frequency domain.
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Figure 3-1. the type of gear: breakage tooth [86].

(2) Gear pitting. Gear pitting is a common fault in engineering practice. Pitting is
a surface fatigue failure of the gear tooth. It occurs due to repeated loading of tooth
surface and the contact stress exceeding the surface fatigue strength of the material. The
material in the fatigue region gets removed and a pit is formed. When a pitting appears
on the surface of the gear tooth, the periodic impact component will be produced for
the vibration signal in the time domain, and the kurtosis value will increase with the
development of the fault. The spectrum amplitude will gradually increase in the
frequency domain with the development of gear fault, the increment for the medium or
high frequency will be more obvious, and the side-band of rotational frequency

modulation will be generated around the meshing frequency.

Figure 3-2. Gear tooth pitting and spalling.

(3) Gear wear. Gear wear refers to the phenomenon of material friction damage on
the surface of gear teeth. Gear wear that does not affect the normal operation of the gear
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is called normal wear. The normal wear gear tooth surface is shiny and smooth, no
obvious abrasion, and all tolerances are within the allowable range. However, severe
wear will thin the tooth thickness, increase vibration noise, so it leads to gear failure.
The main forms of gear wear failure include abrasive wear, corrosion wear and section
impact wear. The abrasive wear is caused by the abrasive entering the tooth surface
meshing region. The corrosion wear is caused by the chemical reaction between the
lubricant and gear material. The section impact wear is caused by the impact load. If
each gear tooth is worn out, it is called uniform wear. When the gear appears the
uniform wear, the amplitude value of the meshing frequency and the higher harmonic
increases, but the amplitude value of the higher harmonic increases much faster.

Therefore, the vibration signal waveform gradually approaches the square wave.

In the static and dynamic gear faults, the static gear faults can be corrected before
or during installation, however, the dynamic gear faults are inevitable, which occur in

the running gears. Therefore, dynamic gear failure is studied in this paper.

3.3.2 The gear vibration mechanism

Gear vibration system is a very complex nonlinear system. It is difficult to establish a
complete nonlinear dynamic model. Therefore, gear drive pairs are usually simplified

and Simplified gear meshing vibration model

Figure 3-3. The vibration model of gear meshing.
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The dynamical equation is
MX+Cx+k(t)x = F(t) (3.1

m,m,
m, +m,

where, the equivalent mass of gear pair is defined by M = .M, m, s

the mass of two gears. X is the relative displacement along the gear meshing line.
X=X,—X . C is the gear meshing damping. K(t) is the gear meshing stiffness.
F(t) isthe dynamic load, and it contains the excitation generated by the failure defect.
F(t) is not only affected by the tooth stiffness and transmission error, but also by the
direction of the friction force on the tooth surface. However, the friction force on the
tooth surface has a little effect on F(t) under the well lubrication condition and low

tooth surface roughness. Therefore, the friction force can be ignored.

MK + Cx + k(t)x = k(1) E, + k(t)E, (t) (3.2)

where, E, is the average static elastic deformation of the gear after being loaded.
E,(t) is the relative displacement of two gear teeth caused by gear error and gear fault.
K(t)E, is the vibration in normal gear operation. K(t)E,(t) depends on the gear

stiffness K(t) and the fault function E,(t). This part can explain the existence of the

side-band frequency in gear fault signal and the relationship between them and fault.

3.4 The mathematical model of the gear vibration

Conventionally, vibration is expressed as a stationary function of time, having fixed
frequency components with the phase of a particular component increasing linearly
with time at a slope proportional to its frequency. In order to clearly express the inherent
periodicities and angular dependencies in the gearbox vibration, the vibration is

expressed in the following derivation as a non-stationary function of time with phase
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expressed in terms of the angular position of the underlying rotating element. The
instantaneous frequency of a particular component is given by the time derivative of its

phase 6(t) [87]

f (b= L9090

= 3.3
27 dt (3.3)

The angular position of a rotating element at time t is given by the integral of its

instantaneous frequency since time t=0 [8§]
o) =0,+2x[ f(r)dz 3. 4)

where 6, is the angular position at time t=0.

In the following, where a function is said to be periodic with an angular variable,

it repeats with the modulo 27 value of the variable.

3.4.1 Gear Vibrations

The gear vibration is periodic with the angular position of the gear, which is represented

in the following by the angular position of the shaft on which the gear is mounted,
0,(t) . The vibration due to gear 9 on shaft S, can be described as the sum of the

load dependant tooth-meshing vibration and additive vibrations caused by geometric

CITors:

Vg (1) = Vg () +Vg (1) (3.5)

3.4.1.1 Tooth meshing vibration

The gear vibration signal has components at the tooth-meshing frequency and its

harmonics with the amplitudes dependent on the mean load and load fluctuations
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periodic with the shaft rotation (load and amplitude modulation effects) plus a
nominally constant amplitude due to mean geometric errors on the tooth profiles
(machining errors and wear). The frequency modulation effects due to periodic torque
fluctuations and tooth spacing errors are more appropriately described as phase
modulation as they only affect the instantaneous frequency of the vibration, not the

mean frequency over the period of rotation

For the first M harmonics, the vibration at harmonics of tooth-meshing for gear

9 onshaft S, can be expressed as:
M r— [—
Vg (1) = D [Agn (L. 60,) + Eqgy 1c0s(MN; (6, + By (6)) + figp) (3.6)
m=1

Where 6, =0,(t) is the shaft angular position;

Aggm(E, 0,) is the amplitude due to tooth deflection;

Eyn is the mean amplitude at harmonic M due to machining errors and

wear;

ng is the number of teeth on the gear;
B, (6,) is the phase modulation due to torque fluctuations;

$m is the phase of harmonic M at angular position &,(t)=0.

The amplitude due to tooth deflection is a function of both the mean load, L ,and

fluctuating load periodic with the angular position &, (t)
Aun(L,0) = Ay (L)(1+ 2 (6,)) (3.7
Where (95 = (9S(t) is the shaft angular position;

L is the mean load;
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Rgm (L) is the amplitude due to the mean load;
o (6) is the amplitude modulation due to fluctuating load.

The load dependant phase modulation, ﬂsg in equation (3.6), and amplitude

modulation effects, @, in equation (3.7), are periodic with the shaft rotation 6’5('[)

and therefore they can be expressed as Fourier series

B (0) :stgk cos(kO+ yeg) (3. 8)
k=1

a,(0)= Zasgk cos(kf+ Ay) (3.9
k=1

Where Yo and ﬂsgk are the phases at 6 =0. Note that these modulation

effects both have a mean value of zero.

3.4.1.2 Additive vibration

In addition to the vibration at harmonics of tooth-meshing and modulations due to load
fluctuations, other vibrations related to gear meshing are those caused by geometric
profile errors (including ‘ghost components’) which are not identical for each tooth and
those due to additive impulses. The amplitude of these additive errors are not
significantly affected by load or rotational speed and are expressed as K harmonics

of the shaft rotation:
K
Vg =D By cos(ké, () +&y) (3. 10)
k=0

Where fsgk is the phase of harmonic Kk at shaft angular position 95 =0.

Note that a DC component (k =0) is included in the above, indicating that the
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additive vibration does not necessarily have a mean value of zero.

3.4.1.3 Additive vibration

Although the tooth-meshing vibration has been expressed above as if it were due solely
to, and periodic with, a single gear, it is obvious that tooth-meshing vibrations can only
be produced by the interaction between meshing gears. This results in a combined
periodicity of the meshing vibration, which is only repeated when the angular position
of both gears return to the starting point (i.e., when the same tooth pair returns to mesh).
In general, for meshing gears, the vibration will repeat over a period equal to the
rotational period of one of the gears times the number of teeth on its mating gear. An
exception to this is when there is a common factor in the number of teeth on the gears,
in which case the normally expected period will be reduced by the value of the common

factor.

The tooth-meshing vibration defined in equation (3.6) represents the mean
vibration for one gear over the tooth-to-tooth meshing period. The unmodulated portion
of this vibration (i.e., the mean tooth-meshing component) will be identical for both
gears, with the modulated portion being contributed by the variations between teeth on
the individual gears. For simplicity, the gears have been treated as separate entities here
(with the mean tooth-meshing vibration being divided between the two gears). The
combination of the vibrations by addition is acceptable where small phase modulations
are involved. Where large phase modulations are involved, the tooth-meshing vibration
can be treated as the mean vibration with both the amplitude and phase modulations

being the mean of those for the two gears.
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3.4.1.4 Additive vibration

The meshing vibrations defined above relate to the meshing action of the gear teeth
with those of a mating gear. In the situation where a gear meshes with more than one
other gear (i.e., a multi-mesh gear), a set of meshing vibrations will be produced for
each of the gear meshes. However, it cannot be assumed that the vibration
characteristics are identical for each of the gear meshes; loading conditions, depth of
mesh and even the tooth surface which is in contact can be different for each of the

mating gears.

Even though the basic periodicities will be the same for each of the gear meshes,
the vibration waveforms may be quite different and the simplest, and most effective,
means of modelling multi-mesh gears is to treat each gear mesh as if it were a separate
gear. For instance, a gear having 22 teeth and meshing with two other gears would be

modelled as if it were two separate 22 tooth gears.

3.5 The experimental results and discussion

This subsection presents the design of a gearbox test rig, and the corresponding
experiments conducted for the gear wear monitoring. The data acquisition system that

used in the vibration measurement is shown in figure 3-4.
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Figure 3-4. Test bench diagram.

3.5.1 The specification of gearbox experiment

In this subsection, the experimental data of CETIM (Centre des Etudes Techniques des
Industries Mécaniques de Senlis) [89] is used to extract the side-band frequency
features with the SS-AEWT method. The experimental device includes a motor, brake,

gearbox, and bearing. The figure 3-5 shows the gearbox experimental setup.

Figure 3-5. The gearbox experimental setup.
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An accelerometer is mounted on top of the gearbox casing. The single-stage
reducer for the gearbox includes a pinion with 20 teeth and a gear with 21 teeth. During
the experiment, the motor runs at a stable speed of 1000 rpm (i.e. approximately 16.667
Hz), the driven gear speed is 15.873 Hz, and the meshing frequency is 333.333 Hz.
During the experiment, the accelerometer signals are acquired at a sampling frequency
of 20 kHz and each record lasts for 1 s. While under the faulty status, one of the pinion
teeth is spalled. The spectral subtraction denoising method is applied to obtain the
processed signal and compare it to the original signal. The figure 3-6 shows that the

impulse response of the fault information is much clearer.

1.5 .

Original signal
Spectral subtraction denoise

o
o

Amplitude
o

_1 .5 1 1 1 1
0 0.2 0.4 0.6 0.8 1

Time

Figure 3-6. The compared results with spectral subtraction denoising.
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Figure 3-7. Frequency spectrum results with spectral subtraction denoising.

The frequency spectrum results are compared in figure 3-7. The gear meshing
frequency is clearer than the side-band frequency in the frequency spectrum of the
original signal, as shown in figure 3-7 (a). However, the side-band frequency features

are enhanced by the spectral subtraction method, as shown in figure 3-7 (b). The results
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indicate that the noise can be effectively removed by the spectral subtraction method to
obtain the processed signal, which is beneficial for extracting the fault features by the

EWT method.
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Figure 3-8. IMF distribution and envelope spectrum results with EMD.

For comparison, EMD, LMD and DWT methods are used to decompose the
simulated signal, respectively. Firstly, EMD is employed to decompose the observation
signal into eight IMFs, and the result of each IMF is showed in figure 3-8 (a). The
frequency characteristics of first and second IMF are significantly extracted with the

envelope spectrum, which shows in figure 3-8 (b).
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Figure 3-9. LMD decomposition results and envelope spectrum.

The LMD is applied to adaptively decompose the fault signal into several PFs from
high frequency band to the low one. Several PFs can be obtained with the LMD process.
The LMD decomposition results and the envelope spectrums are shown in figure 3-9.
The first PF is selected for further analysis, because it has the biggest correlation

coefficient value and keeps the most of information from the fault signal.
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Figure 3-10. DWT decomposition results and envelope spectrum.

In this section, The DWT decomposes the fault signal to extract the main
information of the fault features, and the results of DWT decomposition and the

envelope analysis of each level wavelet coefficients are shown in figure 3-10. The
wavelet correlation of the d3 level is much bigger than others, so it can be used as the

features of the fault information.
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Figure 3-11. The fault features with square envelope analysis

Table 3-3. The side-band amplitudes for different analysis methods.

Analysis type Amplitude Amplitude Amplitude Amplitude Amplitude
of fr of 2fr of 3fr of 4fr of Sfr
EMD algorithm 0.2264 0.1252 0.1572 0.1639 0.1435
LMD algorithm 0.212 0.1154 0.1341 0.1468 0.1245
DWT algorithm 0.2144 0.1147 0.1429 0.1515 0.1287
Proposed algorithm  0.3085 0.255 0.1789 0.1248 0.1203

The SS-AEWT method can extract a greater amplitude of the side-band frequency
for the gear fault feature. The figure 3-11 and table 3-3 show the detailed information.
The amplitude values of the first and second-order frequency are better for the SS-
AEWT method than the others. The amplitude values of the first-order frequency are
improved by 36.26%, 45.52% and 43.89% with EMD, LMD and DWT, respectively.
The amplitude value is not improved by more than 50%, because the external noise is
very low. Furthermore, the calculated frequency is 16.17Hz, which approximately

equals the theoretical value (15.87Hz). Hence, we can conclude that the first-order
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frequency in the side-band frequency features equals the rotation frequency of the input
shaft. This demonstrates that the SS-AEWT method is effective for gearbox fault

diagnosis.

3.6 Conclusions

This chapter has carried on the detailed analysis to the gear fault type. The mathematical
model of the gear vibration is built, and the components of its vibration signal are
introduced in detail. Finally, the side-band frequency of the gear fault signal is obtained
with the experimental data by using the different methods. The results indicate that the
SS-AEWT method can more clearly extract the fault frequency features than the EMD,

LMD and DWT method.
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Chapter 4 Description of the rigid model

4.1 Introduction

In this chapter, the gear dynamical model will be investigated for gear pairs operating
at fixed center distance. The utilization of multi-body dynamics programs such as
ADAMS make complex dynamical simulations possible. ADAMS [90] is a multi-body
dynamics simulation application. Many dynamical systems can be modelled in Adams
from simple cranes and conveyor belts to full systems like cars, aircraft and wind
turbines with most detailed complexity from a dynamical viewpoint. Even other from
FEM analysis and CFD calculations can be coupled to the software. This thesis
concerns the gearbox vibration with the flexible body of the gear. The most important
property of this work is using of a finite element and dynamic simulation program

together.

HyperwWorks is a software product for solving physical problems through the
Finite Element Method (FEM). ADAMS is also a software product, applied among
others for static, kinematic and dynamic analysis of mechanisms, usually with rigid
members, but it also enables to calculate generally with non-rigid links between the
members or between a mechanism and its surroundings. The flexibility of such bodies
in the data files communicating with the ADAMS environment was presented in a
previously prepared form, and Modal neutral file (MNF) has been chosen as such a
form, which results from the realized analyses in FEM and contains information about
geometry, weight characteristics and modal shapes of a flexible body. MNF is generated

by using HyperwWorks software.
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4.2 Establishment of gearbox simulation model

The gearbox is used in this study, and it is a double stage reduction gearbox developed
for a crane. This gearbox has two gear pairs composed by helical gears, and the number
of teeth is 17, 81, 23 and 109, respectively. The reduction gearbox also includes input
shaft, middle shaft and output shaft. We can see a model of the gearbox in the figure

below.

Input shaft Z1=17
73=23
Middle shaft |
72-81
| Output shaft
| Z4-109

Figure 4-1. The model of gearbox.

4.2.1 The gearbox model

ADAMS provides the measured data for the strategy of the faulty gear in various test
environments, which are important for the modes and intensities of the monitored gears.
All gears modeled in this thesis are done in SolidWorks and then transferred to ADAMS.
SolidWorks was used greatly due to its ability to model the involute profile of gear teeth
very accurately as well as create complex gear damage such as pitting and root damage.

The models could be used for ADAMS by modeling everything in SolidWorks. Several
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steps are necessary before obtaining the simulation signal. Firstly, ADAMS applies
gravity to all the parts and leads all the solid models (including the gearbox body, the

gear shafts and gears).

Figure 4-2. The configuration and dynamical model of the gearbox system

We can select the material type of the gear, which will be steel, and the program
will calculate its mass and inertia matrix according to the geometry defined, or we can
also input the matrix number by number if we knew its values. In this step, the system
automatically generates information such as the mass of the components, the mass
center, and the moment inertia of the components, etc. according to the parameter set

of the steel material properties.

In ADAMS software, the dynamic mesh force of gear pairs is essentially a contact
force simulated by the impact function. The formulation of a contact kinetics in
ADAMS is summarized from [91] as follows. During a dynamic simulation, the first

step is to find out whether the contact occurs between the geometry pairs identified in
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the contact statements. If there is no contact, there is no force. If there is a contact, the
geometry modeling system calculates the location of the individual contact points and
the outward normal to the two geometries at the contact point. In theory, the contact
between rigid bodies requires that the two bodies do not permeate each other, which
can be expressed as a unilateral constraint. The contact force is the force associated with
the enforcement of this constraint. There are usually two ways to deal with this auxiliary
constraint, one is to introduce Lagrange multiplier, the other is penalty regularization.
For contact problems in ADAMS, the latter technique is adopted. The impenetrability
of two approaching bodies is measured with a gap function, P where zero indicates

no contact and positive value of P indicates penetration. The normal contact force
magnitude is denoted by F , where a positive value indicates there is contact and
quantifies a separation force between the contacting bodies. Combining some auxiliary

contact constraints (P=0;F =0 and F p=0), it is possible to get

F, =kp° (4. 1)

where Kk (stiffness) is a scalar penalty parameter and € is the contact coefficient.

The selection of k and € is up to the user and needs experience an tuning until
you get good results with minimized noised levels. This is the disadvantage of penalty
regularization technique. You can also approximate the compliance of a body by
correlating K to its material and geometric parameters. For example, Hertzian Contact
Theory can be used to estimate contact stiffness from material and geometric properties
[92-93]. As can be seen from the figure 4-3, a very high degree of non-linearity will be
experienced during a transition from non-contact (P =0) to a contact (P >0) if the
contact coefficient €<1. As it is the case with other numerical method, this will
adversely affect the calculation time of impact force. Hence, Adams/Solver

performance will be enhanced if € is selected to be greater than one. The transition
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into contact using the exponential function shown on the figure 4-3 with a green dashed

line will always be the best option.

In an effort to incorporate general material constitutive relationships for the
contacting bodies, as well as facilitate time integration, Adams/Solver extends the
previous expression by using nonlinear displacement-dependent, cubic viscous
damping terms. The general form of the impact function model used in ADAMS is

given by
F, =kp® +step(p,0,0,d,,,.,C...) P (4.2)

where P is the penetration depth of one geometry into another. P is the

penetration velocity at the contact point. € is a positive real value denoting the force

exponent and is termed as contact coefficient. Cmax is the maximum damping

coefficient and dmax is a positive real value specifying the maximum penetration to

apply Cm. Step, the damping coefficient is a cubic polynomial step function.
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Figure 4-3. The contact force variation curve.
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4.2.2 The flexibility of gear

In order to improve the accuracy of the dynamic model, the gear is modeled as a flexible
body by using a finite element analysis tool. In the past, the finite element analysis
(FEA) and multi-body system simulation (MBS) were used to the field of mechanical
system simulation. Thereinto, FEA solvers is applied to research the elastic/plastic
behavior of single deformable components, and multi-body analysis mainly focused on
the non-linear dynamics of entire systems of interconnected rigid bodies. In recent years,
many different software products have utilized sub-structuring techniques to combine
the benefits of both MBS and FEA. In the field of multibody system simulation, the
intention is the realistic representation of component level flexibility. Based on the
purpose of FEA, this method can be used to derive complex dynamic loading conditions
of these flexible components, but in general, it cannot be completed manually.
Especially in the field of structural optimization based on finite element method, the
formulation of actual boundary and loading conditions has an important impact on the
final design of the structure. In this study, the flexible gear is processed by the
HyperWorks software, and is exported to MNF file in the gearbox. The details of this

study and implementation of these programs are discussed in this section.

An assembly of the gearbox is developed by using SolidWorks. These parts are
linked together using the coincident, concentric and gear mates. The geometry of the
required gear on the middle shaft is exported to make the flexible body by using
HyperWorks software. The figure shows the gear solid model in the HyperWorks

software.
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Figure 4-4. The gear solid model.

Assembly modeling in FE analysis is complex and time taking. Accuracy of the FE
solution mainly depends on the Pre-processing. However, the gear of middle shaft is
only processed in this study. In HyperWorks, there are extensive element libraries that
provide useful tools for solving problems. Users could choose different element
families to closely match their problems. One of the major distinctions between
different element families is the geometry of the elements. It is because each element
family was designed for different purposes and applications. For example, shell
elements should be applied on structures that contain thin walls, beam elements should
be considered when the structures are constructed from beams, rigid elements should
only be applied to the structures that are unable to deform, etc. The following figure 4-

5 contains the most commonly used element families.
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Figure 4-5. The commonly used element families.

Once the element families have been picked, it is necessary to decide what type of
elements should be utilized and its dimensionality. For finite element analysis, the
displacements or other degrees of freedom are calculated at the nodes of the element.
The displacements are obtained by interpolating from the nodal displacements, and
most often the interpolation order is determined by the number of nodes used in the
element. Hence, depending on the number of nodes on the element, different
interpolation methods will be applied. Trilateral (2D) and tetrahedron (3D) elements
are better suited for gear solid modeling as they are the most used elements for non-
linear analysis. For the gear model, tetrahedron element has been applied. The figure 4-

6 shows 3D FEM model of the gear.
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Figure 4-6. 3D FEM model of the gear.

The selected material for the gear of middle shaft is carbon steel since it is one of
the most commercially use steel in the industries. The material properties of carbon

steel are shown in Table 4-1.

Table 4-1. The material properties of carbon steel.

Modulus of Elasticity (Mpsi) 30

Modulus of Rigidity (Mpsi) 11.5
Poisson's Ratio 0.292
Unit Weight (Ibf/in3) 0.282
Mass Density (Ibf s2 /in4) 0.00073

MNEF file is created by HyperWorks/MotionView, that can be used in ADAMS to
use as a flexible body.
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4.3 The definition of the fault gear

When gears break down, the faulty component often causes an impact, which generates
impact energy. Types of gear fault include missing tooth, broken tooth, chipping tip,
root crack and spalling conditions [94-96]. However, in the case of a broken tooth, the
gearbox needs to change to a new gear. Therefore, in order to investigate the fault
features of the helical gear, a different degree fault of breakage gear is implemented in
this paper [97]. The tooth width and broken width are defined as L and B, so the degree

of breakage is B/L. The breakage size is shown in figure 4-7.

v
(©

Figure 4-7. The degree of tooth breakage, (a) breakage 1/3, (b) breakage 2/3, (c) all

breakage.



4.4 Conclusions

This chapter establish the multi-body dynamic model of the gearbox system with the
ADAMS software. The flexibility treatment of the middle fault gear can improve the
precision of the fault characteristic. At the same time, the three different breakage teeth

are designed to validate the performance of the different algorithms.
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Chapter 5 Results and discussions for the simulated

model

5.1 Introduction

Just like chapter 4 was dedicated to describing the multi-body dynamic model of the
gearbox system. The fault signal is obtained from the simulated model in the different
conditions. This chapter will be dedicated to analyze the vibration characteristic of
faulty gear by using the different algorithms. For the dynamical model, the input
rotation speed of the gearbox is set to 2880 RPM (48Hz), and the sampling frequency

is 20 kHz.

5.2 The fault analysis of different breakages

In this subsection, different gear faults are analyzed using the dynamical model of the
gearbox system. A simulation experiment is first designed and performed to verify the
effectiveness of the SS-AEWT method on signal feature extraction. Generally, when a
defect emerges on one of the main parts of rotating machinery, such as bearing or gear,
the corresponding vibration signal with periodic impulses features can be measured by
the transducer [98]. Moreover, harmonic components always can be detected in the filed

test vibration signal.
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Figure 5-1. The compared results of different algorithm in 1/3 breakage tooth: (a) the

proposed algorithm (b) EMD algorithm (¢) LMD algorithm (d) DWT algorithm.
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Figure 5-2. The compared results of different algorithm in 2/3 breakage tooth: (a) the

proposed algorithm (b) EMD algorithm (¢) LMD algorithm (d) DWT algorithm.
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Figure 5-3. The compared results of different algorithm in all breakage tooth: (a) the

proposed algorithm (b) EMD algorithm (¢) LMD algorithm (d) DWT algorithm.

The periodic impulse features of the gear fault signal are displayed in figure 5-1,
5-2 and 5-3. The SS-AEWT method is applied to process this simulated signal. The
figure 5-1 shows that the fault signal is extracted by using different algorithms in 1/3
breakage tooth condition. The SS-AEWT method can obviously extract the periodic
impulse in the time domain. However, other methods have no detect the fault
information. According to the result, harmonic component is identified successfully in
the time domain. In order to identify and extract the side-band frequency features, the

envelope analysis is applied to process the signal.
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Figure 5-4. The comparison results (a) 1/3 breakage, (b) 2/3 breakage (c) All breakage

(d) the SS-AEWT method with different breakage

According to the parameters of the gearbox, the rotational frequency of the faulty

gear shaft is f =T (Z,/Z,)=48Hz*(17/81)=10.07Hz . The first-order frequency
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value of the analytical result is 10.1Hz, which is close to the theoretical value. The
variation of each order frequency amplitude is consistent with the experimental data,
the comparative results are shown in figure 5-4. Hence, the dynamical model can reflect
the fault characteristics of the tooth breakages. The SS-AEWT method can still clearly
extract the side-band frequency feature with the 1/3 tooth breakage, but other methods

have lost the ability to detect the gear fault. The result is shown in figure 5-4 (a).

Table 5-1. Comparison of the first-order frequency amplitude value of different analysis
methods

Fault type EMD LMD DWT Proposed algorithm Percentage

1/3 breakage 0.037 0.011 0.013 0.079 53%, 86%, 84%
2/3 breakage 0.22 0.24 0.21 0.32 45%, 33%, 52%
All breakage 0.25 0.29 0.22 0.37 32%, 22%, 41%

The results from Table 2, the amplitude value of frequency feature for EMD method
is much bigger than LMD and DWT method with the different tooth breakage. However,
the amplitude value obtained by the SS-AEWT method is 53%, 45% and 32% higher
than that of EMD with the different tooth breakage, respectively. Especially 1/3 tooth
breakage, other methods are very difficult to detect the side-band frequency features.
The results indicate that the SS-AEWT method can clearly extract the side-band
frequency features without the external noise, and the amplitude value is enlarged with

increasing tooth breakage.

5.3 The fault analysis of the SNR effect

The detection of the side-band frequency was applied to the simulated signal for 2/3
tooth breakage with different levels of noise added. Because there is no external noise,
the simulated signal for the faulty gear is very a clear impulse signal, as shown in figure

5-5 (a). However, the vibration signal is weak for an early fault diagnosis of a gearbox
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and often buried under background noise. Next, the simulated signal with different
white noise (10 dB, 5 dB, 0 dB, -5 dB and -10 dB) was processed by the SS-AEWT
method. The waveforms are shown in figure 5-5 (b-f) in the time domain. The impulse
signals become increasingly misty as the SNR decreases, especially with noise under

the 0 dB.
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Figure 5-5. The simulated signal with added noise,
(a) no noise, (b) 10 dB, (c) 5 dB, (d) 0 dB, (e) -5 dB, and (f) -10 dB.

The corresponding waveforms and envelope spectra of the faulty component
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information are extracted by using EWT and a square envelope, respectively. The
results are shown in figure 5-6 and figure 5-7. The fault feature information is basically
reserved above -5 dB of noise, and the side-band components are obtained by envelope
analysis. This indicates that the frequency feature of the faulty component of a gear is
effectively extracted by the SS-AEWT method. The fundamental frequency equals the
result of the theoretical calculation, and the amplitude value of the order frequency

remains stable.
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Figure 5-6. The impulse component with EWT method,

(a) no noise, (b) 10 dB, (c) 5 dB, (d) 0 dB, (e) -5 dB, and (f) -10 dB.
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Figure 5-7. The faulty features with square envelope analysis,
(a) no noise, (b) 10 dB, (c¢) 5 dB, (d) 0 dB, (e) -5 dB, and (f) -10 dB.

In the figure 5-8, the proposed signal processing method can effectively extract the

side-band frequency component, and stably obtain the fixed amplitude value where the
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SNR level is low. As a result, the SS-AEWT method indicates that it can largely enhance
the representation of the faulty gear component and make the amplitude of the side-

band frequency more stable under the strong noise.
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Figure 5-8. The comparison results for different noise level

5.4 Comparison of different methods

To verify the effectiveness of the SS-AEWT method, the simulated signal with 5 dB of
noise was considered on the 2/3 tooth breakage situation. The frequency spectrum is
obtained with the spectral subtraction method. The figure 5-9 shows that the side-band
frequency under the strong noise is hardly extracted from the frequency spectrum.
However, the spectral subtraction method can enhance the amplitude value of the side-
band frequency region more than the gear meshing frequency region. The results are
shown in the figure 5-10. The side-band frequency features are extracted by the EWT

method.
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Figure 5-10. The frequency spectrum with spectral subtraction

For comparison, this subsection uses the EMD, LMD and DWT methods to

decompose the simulated signal with the SNR 5 dB noise, respectively. Firstly, EMD is

employed to decompose the observation signal into eight IMFs, and the result of each

IMF is showed in figure 5-11. The adding noise signals are complex, so it can’t directly

evaluate the fault frequency with the power spectrum. The frequency characteristics of

each IMF are significantly extracted with the envelope spectrum, which shows in figure
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5-11 (b). The envelope spectrum of the first IMF contains the primary information of

fault signal, therefore, the side band feature frequency can be identified clearly.
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Figure 5-11. The results of EMD method

The LMD is applied to adaptively decompose the adding noise signal into several
PFs from high frequency band to the low one. Several PFs can be obtained with the
LMD process. The LMD decomposition results and the envelope spectrums are shown
in figure 5-12. The first PF is selected for further analysis, because it has the biggest

correlation coefficient value and keeps the most of information from original signal.
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Figure 5-12. The results of LMD method

In this section, the DWT decomposes the adding noise signal to extract the main
information of the fault features, and the results of DWT decomposition and the

envelope analysis of each level wavelet coefficients are shown in figure 5-13. The
wavelet correlation of the d2 level is much bigger than others, so it can be used as the

features of the fault information.
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Figure 5-13. The results of DWT method
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Figure 5-14. The fault features with square envelope analysis

Table 5-2. The side-band amplitudes for different analysis method

Analysis type Amplitude Amplitude Amplitude Amplitude Amplitude
of fr of 2fr of 3fr of 4fr of Sfr
EMD algorithm 0.051 0.0595 0.0619 0.0392 0.0393
LMD algorithm 0.0402 0.0533 0.0465 0.0425 0.0279
DWT algorithm 0.0546 0.0639 0.0651 0.0288 0.0365
Proposed algorithm 0.3251 0.2965 0.2548 0.2078 0.1642

The figure 5-14 and table 5-2 shows the side-band features calculated from the
square envelope analysis. The proposed algorithm has significantly better performance
for the feature extraction of the side-band information of the faulty gear. The noise
energy has been obviously reduced by the SS-AEWT method, which is efficient for

fault feature extraction.
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Table 5-3. The amplitude value of first-order frequency for different analysis methods and SNR

SNR EMD LMD DWT Proposed algorithm Percentage

10 dB 0.0965 0.0518 0.0675 0.3247 236%, 527%, 381%
5dB 0.0510 0.0401 0.0351 0.3251 537%, 711%, 826%
0dB 0.0266 0.0343 0.0156 0.3225 1112%, 840%, 1967%
-5dB 0.0109 0.0138 0.0067 0.3136 2777%, 2172%, 4581%
-10dB  0.0036 0.0016 0.0063 0.2716 7444%, 16875%, 4211%

Table 5-3 shows that EMD, LMD and DWT method can extract the side-band
frequency features except noise -5dB and -10dB. Their performance for extracting the
side-band feature reached a limit when the noise exceeded -5dB. However, the SS-
AEWT method can more clearly extract the side-band feature under different
background noise, and its amplitude value remains stable. Therefore, the SS-AEWT
method is feasible for reducing strong noise and effectively extracting the faulty

features.

5.5 Signal vibration for the low rotational speed

In this section, the low rotational speed of the gearbox system is considered in 2/3
breakage tooth condition, and input shaft speed is 1000 rpm. The vibration signal is
obtained from the simulated model, the original signal is shown in the figure 5-15. The
original signal of faulty tooth has three impacts in a second. The impulse information
is submerged in the vibration signal. Therefore, the extraction of impulse signal from

the complex vibration signal is very necessary.
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Figure 5-16. The frequency spectrum results.
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The figure 5-16 shows the frequency spectrum of the fault signal. The peaks of the
spectrum are primarily the meshing frequency of the gear train, but the amplitude value
of fault signal features is very small. The different methods are used to extract the fault

information as below.
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Figure 5-17. The analysis results with EMD algorithm.

The figure 5-17 shows the results of EMD method. The frequency spectrum of each
IMF is extracted with the envelope analysis, which shows in figure 5-17 (b). The EMD
method is very difficult to extract the side-band frequency features from the envelope

spectrum of each IMF. Therefore, this algorithm is limited to extract the fault features

87



in low rotational speed.
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Figure 5-18. The analysis result with LMD algorithm.

The LMD is applied to adaptively decompose the signal into several PFs from high
frequency band to the low one. Several PFs can be obtained with the LMD method. The
LMD decomposition results and the envelope spectrums are shown in figure 5-18. Each
PF doesn’t contain the fault information, so LMD technique cannot the extract the side-

band frequency features.
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Figure 5-19. The result with DWT algorithm.

The DWT decomposes the signal to extract the main information of the fault
features, and the results of DWT decomposition and the envelope analysis of each level
wavelet coefficients are shown in figure 5-19. The wavelet correlation of each level is
very small and the fault information is not obvious, so the DWT technique cannot also

be used to extract the fault characteristics.
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Figure 5-21. The side-band frequency with envelope spectrum.
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The figure 5-20 shows the decomposition results of EWT technique. The first and
second level wavelet coefficient can obviously display the fault impulse information of
gear. Therefore, the side-band frequency features of the second level wavelet coefficient
is obtained with the envelope spectrum analysis, which is shown in figure 5-21. The
first order frequency is 3.53 Hz. According the theoretical calculation, the rotational
frequency of the middle shaft is 3.5 Hz. Hence, the performance of the SS-AEWT

method is better than other methods on low rotation speed.

5.6 Conclusions

A novel signal processing method was proposed to detect the diagnosis of gearbox
system in the different conditions. According the results of multi-body dynamics model
with the different breakage tooth, the different signal processing methods are
effectively verified. The performance of the SS-AEWT method is better than EMD,
LMD and DWT method in the different conditions, such as breakage tooth, external
noise and rotational speed. The simulated results indicate that the SS-AEWT method
cannot only maintain the stability of algorithm performance, but also can detect the

side-band frequency features of the gear fault information.
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Chapter 6 Conclusions

6.1 Conclusions

The research work of this dissertation mainly focuses on the fault diagnosis of gearbox
system under the different conditions. The gearbox system model can be established
using the Euler-Lagrange method in ADAMS software. The spectral subtraction
method can be applied to gearbox fault diagnosis to remove partial additive noise. The
EWT technique is adopted in this present work to determine the segment boundaries
accurately and improve the fault-detection performance. Therefore, this paper has
proposed the adaptive EWT technique combined with the spectral subtraction method
for fault diagnosis of a gearbox system. Firstly, the side-band frequency features are
extracted to verify the effectiveness of the algorithms with the experimental data when
the gear breaks down. The results indicate that the performance of the SS-AEWT
method is better than other methods. Then the multi-body dynamics model of the
gearbox system is established after gear flexibility treatment. The different tooth
breakages are designed by the dynamical model. The experimental results indicate that
the dynamical model can satisfy the gear fault characteristics, and it can be used to
validate the algorithm performance. For smaller tooth breakage, the SS-AEWT method
can more clearly detect the fault features than EMD, LMD, and DWT techniques. When
the fault features are not extracted by EMD, LMD, and DWT techniques at a noise

above —5dB, the SS-AEWT method can still discern the side-band frequency features.

The spectral subtraction technique can eliminate the strong noise to enhance the
faulty component. Then, the EWT method can effectively extract the transient impulse
component, and the side-band frequency features are significantly obvious. The multi-
body dynamics model of the gearbox system after gear flexibility treatment is helpful

for establishing the gearbox fault. Furthermore, it can be used to design multiple faults
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of the gearbox and provide much data for predicting gearbox faults.
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