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ABSTRACT

The chipped gear tooth appearance is hormally a result of
the initia fatigue damage in a tooth. It is a specia gear
failure mode and differs from local fatigue damage of gear
teeth. Therefore, diagnosis of chipped gear tooth requires a
specid investigation. Recently, the novel gear damage
diagnosis technology, based on the wavelet transform was
proposed and successfully applied for diagnosis of the early
stage fatigue damage. The proposed technology is applied in
this study for diagnostics of a partly-missing (chipped) tooth
in a gear of the Machine Fault Simulator (MFS). The
advanced automatic technology for the time synchronous
averaging of the raw gear vibrations has been employed in
this study; this technology does not require speed data. An
advanced decision making technique based on use of the
likelihood ratio allowed for the continuous correct diagnosis
of chipped teeth throughout the recorded data without false
alarms and missed detections. The likelihood ratio was
obtained using the Gaussian models of the data for classes
“undamaged” and “damaged”.

1. INTRODUCTION

The vibration-based gear diagnostics has been the most
popular monitoring technique because of its high
effectiveness. Multiple methods for vibration diagnostics of
local fatigue damage in gears (i.e. pitting, etc.) are proposed
and investigated including statistica anaysis of raw
vibration signal anaysis techniques (Maynard, 1999,
Lebold, McClintic, Campbell, Byington, & Maynard, 2000,
Lei, Zuo, He, & Zi, 2010), spectral anaysis (Yesilyurt,
2003), demodulation methods (McFadden, 1986, Gelman et
a., 2005, Combet, Gelman, Anuzis, & Slater, 2009),
residual analysis (Combet at al., 2009, Wang, Ismail, &
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Golnaraghi, 2001), adaptive filtering (Brie, Tomczak,
Oehlmann, & Richard, 1997, Lee & White, 1998, Combet &
Gelman, 2009), use of AR model (Wang & Wong, 2002),
inverse filtering (Lee & Nandi, 2000, Endo & Randall,
2007), time frequency (TF) analysis (Wang & McFadden,
1993, Forrester, 1996, Choy, Polyshchuk, Zakrajsek,
Handschuh, & Townsend, 1996, Wang & McFadden, 1996,
Loutridis, 2006) and time-scale andysis (Wang et a., 2001,
Halima, Shoukat Choudhuryb, Shaha, & Zuoc, 2008,
Dalpiaz, Rivola, & Rubini, 2000, Lin & Zuo, 2003, Combet,
Gelman, & LaPayne, 2012).

The majority of the these methods are based on the residua
signal as classically obtained after the removal of the mesh
harmonic components from the gear vibration signa
processed using the time synchronous average (TSA)
(Stewart, 1977, McFadden, 1987).

Although the chipped gear tooth (i.e. partly missing tooth)
normally appears as a result of the initial fatigue damage in
a tooth, it is a specia gear failure mode and differs from
local fatigue damage of gear teeth. Therefore, normally,
diagnosis of chipped gear tooth requires a specid
investigation.

The literature search revedled a limited number of
publications in which the detection of the chipped tooth was
investigated using advanced signal processing techniques,
such as joint amplitude and frequency demodulation
analysis (Feng, Liang, Zhang, & Hou, 2012), bispectra
binary images (Jiang, Liu, Li & Tang, 2011), and empirical
mode decomposition (Zamanian & Ohadi, 2011).It is
believed that this topic should be further investigated by
evaluation of suitability of novel damage diagnosis
techniques for diagnosis of the chipped gear teeth.

Recently, the novel gear damage diagnosis technology,
based on the wavelet transform, was proposed and
successfully applied for diagnosis of the fatigue damage,
micro-pitting (i.e. 0.3-0.7% relative pitting size) in gear
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teeth (Gryllias, Gelman, Shaw & Vaidhianathasamy, 2010).
However, the full capabilities of this technology are not yet
investigated. While being effective for early diagnosis of
fatigue damage in teeth, the technology was not investigated
for diagnosis of the chipped gear teeth.

Therefore, the main am of the present paper is to
investigate diagnostics of partly missing (chipped) teeth
using the novel wavelet technology. The novelty of the
paper is investigation for the first time of diagnosis of the
chipped tooth using the novel wavel et technology.

2. NOVEL DIAGNOSTIC FEATURE BASED ON THE
WAVELET TRANSFORM

The wavelet transform (WT) can be presented in the form
(Yan, Miyamoto & Brihwiler, 2006):

W(a,b) :ﬁ [t (%jdt, 0

where X(t) is atime domain signal. v is the mother wavel et
function, a isthe scale variable, b is the time shift, * denotes
the complex conjugation.

In this study, the complex Morlet wavel et function is used:

1 (ej 27t _ fo(nfe ) )e—tz/fb ’

W(t)=ﬁ

where f, is the bandwidth parameter, f. is the central
frequency, j isthe imaginary unit.

It is known that local gear faults produce impacts;
frequencies of these impacts are localized in a specific band.
The normalized wavelet transform integrated in this band is
proposed (Gryllias et a., 2010) as the instantaneous

diagnostic feature.
[W(ab) o
— B

YT,

where I\N(a, b)| denotes the magnitude of the wavelet

transform; B = [fuin, frad iS the frequency band for the
integration; fn, is the minimum frequency of the band B;
frax 1S the maximum frequency of the band B.

The choice of the integration bandwidth B needs to be
adapted according to the frequencies of impact produced by
a fault. The average feature, the mean of the instantaneous
feature in the mesh period, is used in this study.

The bandwidth parameter f, can be presented as follows:

2

f — tB fc

b 2 !
The dimensionless product t; f. corresponds to the number
of oscillations of the Morlet wavelet within its half power
time-width estimated at the -3 dB level. This product
defines the shape of the wavelet, and thus the balance
between the time and frequency resolutions of the wavelet
transform.

In order to maximize the effectiveness of diagnostics of
local tooth fault, the time resolution of the wavelet anaysis
should match with the duration of the fault-induced impact.
Normally, the impact duration is of the order of the mesh
period. Therefore, the dimensionless window length

parameter t; f. was set soin order that thetime-width atg
of the anadyzing wavelet a scale a matches with the
meshing period T, of the gear for al scales. This implies
that aty =t f./f =T, for al frequencies within the
bandwidth B = [fyn, fmad. By considering the middle
frequency only, this condition may be approximated as:

1
tB fc szE( fmin + fmax)

3. THE NOVEL WAVELET TECHNOLOGY FOR THE
DIAGNOSTICS OF THE GEAR LOCAL DAMAGE

A schematic of the damage diagnosis technology, based on
the novel residua signal useisshownin Fig. 1.
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Figure 1. Schematic of the damage diagnosis technol ogy.

The first stage of the technology used in this paper is the
angular re-sampling of the raw vibration signal using the
estimate of the shaft speed. The speed estimate can be
obtained using the one per rev signa from the tachometer;
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however, in some cases the speed can be extracted from the
vibration data without need of the tachometer signa. In the
present paper, the advanced automatic technology for the
time synchronous averaging of the raw gear vibrations
(Combet & Gelman, 2007) has been employed; this
technology does not require speed data. The angular re-
sampling is performed automatically using the mesh
components of the vibration data (Combet & Gelman,
2007).

The TSA is then applied to the re-sampled signal. In order
to estimate the signal duration required for the TSA, the
dependency of the ratio between the averaged variance of
the TSA signal and the variance of the re-sampled vibration
signal versus the number of averages (Combet & Gelman,
2007) was estimated. The length of the raw signal required
for the TSA was estimated as the number of averages at
which the ratio of variances begins to demonstrate relatively
low attenuation (Fig. 2).

The novel residual signal is obtained from the TSA signal
by removing not only mesh harmonics but aso low order
shaft harmonics. This approach first introduced in (Combet
et al., 2009) improves diagnostics effectiveness as low order
shaft harmonics normally have relatively high amplitudes
and, therefore, could mask impacts created by local gear
faults.

The decision making procedure is based on the likelihood
ratio estimated from training data with a priori known
classification. During the testing, values of the likelihood
ratio are accumulated and compared to the threshold in
order to make the final decision.

0

Relative variance change, dB
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Figure 2. Estimation of the relative variance change of the
TSA signa vsredization size.

4. THE EXPERIMENT DESCRIPTION

The experimental set up is based on the MFS test rig (Fig.
3) equipped with a one-stage gearbox. Two pinions were
used for the test: a pinion with no damage on teeth and
pinion with a chipped tooth (Fig. 4). The test was performed
a a constant motor shaft speed of 3000 rpm-which

corresponds to 1200 rpm on the tested gear shaft. The load
on the gear was applied by a magnetic brake system with the
torque value of 0.68 N*m.

Vibrations from three channels for axial, horizonta and
vertica directions were recorded using 3 Endevco 7251A-
100 accelerometers installed on the gearbox case. Signa
conditioning was performed using an Endevco 133 signa
conditioner and analogue active anti-aliasing filters Kemo
PocketMaster 1600. The cut-off frequency of filters was set
at 10 kHz. The speed estimation was obtained using a laser
speed sensor and reflective tape, attached to the driven
wheel of the belt transmission (Fig. 3). All signas were
recorded using Nationa Instruments data acquisition card
NI DAQ-6062E at 25 kHz sampling frequency.

The whole data set is represented by 7 records of
approximately 3 minutes duration each with 10 minute
intervals between them for damaged and undamaged gears.

L

Figure 4. The gear with partly missing tooth.

The length of redizations for the residual signal estimation
using the TSA was selected as 20s according to Fig. 2.
Therefore, the whole data set of 7 records contains 64
realizations. For 20s realization, 1200 rpm shaft speed, 18
teeth and 25 kHz sampling frequency each tooth is
represented by approximately 70 samples of the vibration
data. While this number looks reasonably large for the

3
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considered diagnostics task it might be important to
consider the influence of this number on diagnostics
efficiency in the future.

5. DATA PROCESSING AND DIAGNOSTICS

The wavelet transform of the novel residual signa was
computed for a number of realizations in order to evaluate
the frequency bandwidth of impacts produced by the fault.

The window length parameter t f, that matches the mesh
period at the middle frequency of the bandwidth was
sel ected.

Wavelet transform Eq. (1) of the novel residua signa for
bandwidth 500 Hz-3 kHz averaged over nine realizations for
data from vertica channel are shownin Fig. 5.
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Figure 5. The averaged wavel et transforms of the novel
residua signal for undamaged (a) and damaged (b) gears.

It can be seen from Fig. 5 the increased wavel et coefficients
for damaged gear a frequency around 700 Hz and time
0.011-0.023s, which generated by the chipped tooth. A
channel selection for diagnostics was performed based on
the separation of diagnostic features between data from
undamaged and damaged gears. The separation was
estimated as the maximum value of the Fisher criterion
(Webb, 1999) over the rotation period using all available
data (i.e. 64 redizaions for undamaged gear and 64
realizations for damaged gear). The Fisher criterion values
were estimated from the expression as follows:

2 2 2
F=(m-m,) /(01 +02),
where m,m, and (712,622 are mean values and variances
of diagnostic features from each realization for damaged
and undamaged gears, respectively.

The same methodology was used for the wavel et bandwidth
selection. Results of the analysis are shownin Table 1.

Bandwidth 1: | Bandwidth 2: | Bandwidth  3:

10Hz-10kHz | 500 Hz-3kHz | 600 Hz-850 Hz
Axial 2.7 7.8 20.3
Horizontal 2.2 5.8 144
Vertical 3.3 7.3 37.2

Table 1. Vaues of the Fisher criterion.

As the result of the andysis, the vertical direction of
accelerometer and the narrowest bandwidth (600 Hz — 850
Hz) were selected for diagnostics.

In addition to removing the gear mesh harmonics, the first
eight shaft orders were removed from the TSA for
estimation of the residua signals.

Plots of the diagnostic features for each tooth of the pinion
using the data from the vertical channed for undamaged and
damaged gears are shown in Fig 6 (a) and (b) respectively.
One can see that for the damaged gear tooth 7 (i.e. the
chipped tooth) has higher feature values.
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Figure 6. The diagnostic features vs. tooth number and
realization number.
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The training data for the damage diagnosis were selected as
follows:

e Class “damaged” was presented by 32 diagnostic
features of damaged tooth 7 in 32 gear vibration
signals, i.e. every other redization of the total amount
of 64 realizations.

e Class “undamaged” was presented by diagnostic
features of all 18 teeth of 32 redizations for the
undamaged gear and diagnostic features of remaining
17 teeth (i.e. except the tooth number 7) of 32
realizations for the damaged gear; in tota, 1120
diagnostic features were used for the “undamaged
class’.

Observing the uni-modal shape of diagnostic features
distributions, the likelihood ratio was obtained using the

Gaussian models of the data for classes “undamaged”’ and
“damaged”. To build the models, the corresponding values
of mean and variance were estimated for each class. Models
of the probability density functions of the diagnostic
features and the logarithm of the likelihood ratio are shown
inFig. 7.

The likelihood ratio is estimated using the selected damaged
and undamaged training data. The testing data are processed
using the accumul ated likelihood ratio given by:
e Xy | O
Ay =log P(x, | @) =
p(xl""' XN | a)undam)

Hi p()ﬂ |wdam) _Nam o p(& lwdam)
T, P(% | &) = 2,00 P(X | Dygem)’

where p(>§ |a)dam) and p(>§ |@undam) are the conditional
probability density functions of the diagnostic features for
damaged wyam and undamaged wyngam Classes; i=1,..., Na,
N IS the number of accumulations.

=log

The decision making rule for damage diagnosis using the
sequence of redizationsis as follows:

Ay 2thr,

where thry, is the threshold for the accumulated likelihood
ratio.

The test was performed using the test data represented by
another half (32 redlizations) of the whole data set (64
realizations). The values of thr, = 23 and Ny, = 5 were
obtained by optimization of the damage diagnosis procedure
using the minimum of the total error probability as the
optimization criterion.

Feature value, V

Figure 7. The Gaussian models of the probability density
functions for classes “undamaged” (top), “damaged”
(middle) and logarithm likelihood ratio (bottom).
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Figure 8. Diagnosis results for undamaged (@) and damaged
(b) gears. The green colour isfor decision “undamaged”, the
red colour isfor decision “damaged”.

The performed diagnosis has shown no fase alarms for the
undamaged pinion and stable damage diagnosis of tooth 7
for the damaged pinion (Fig. 8).

6. CONCLUSIONS

The wavelet technology for gear fatigue damage diagnosis
was successfully applied for the first time for diagnostics of
the partly missing tooth. Experimental investigation was
performed using the Machine Fault Simulator.

The angular re-sampling of raw vibration data is performed
automatically using the mesh components of the vibration
data. The residua signal is obtained from the TSA signal by
removing not only mesh harmonics but aso low order shaft
harmonics.

The main parameters of the technology were optimized
using the total error probability as the optimization criterion.
The missing tooth has been detected and continuously
diagnosed throughout the whole experimental test without
false alams and missed detections using the advanced
decision making technique based on the likelihood ratio.
The likelihood ratio was obtained using the Gaussian
models of the data for classes “undamaged” and “damaged”.
The time required for a single damage diagnosis was equal
to 1 min 40s which is equivalent to 5 realizations of the
residual signal.

Investigation of the technology effectiveness at different
shaft speeds, loads, sampling frequencies and for gears with
multiple teeth damages is planned in the near future. The
possibility to use historical data from the gear with damage
for technology calibration is also considered for a future
work.
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