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Abstract: As one of the most vital energy conversation systems, the safe operation of wind turbines
is very important; however, weak fault and time-varying speed may challenge the conventional
monitoring strategies. Thus, an entropy-aided meshing-order modulation method is proposed for
detecting the optimal frequency band, which contains the weak fault-related information. Specifically,
the variable rotational frequency trend is first identified and extracted based on the time—frequency
representation of the raw signal by constructing a novel scaling-basis local reassigning chirplet
transform (SLRCT). A new entropy-aided meshing-order modulation (EMOM) indicator is then
constructed to locate the most sensitive modulation frequency area according to the extracted fine
speed trend with the help of order tracking technique. Finally, the raw vibration signal is bandpass
filtered via the corresponding optimal frequency band with the highest EMOM indicator. The order
components resulting from the weak fault can be highlighted to accomplish weak fault detection. The
effectiveness of the proposed EMOM analysis-based method has been tested using the experimental
data of three different gear fault types of different fault levels from a planetary test rig.

Keywords: fault diagnosis; meshing modulation; entropy; wind turbine planetary gear; entropy-aided
meshing-order modulation

1. Introduction

Facing a severe energy crisis and environmental pollution, the energy conversation
systems, such as the wind turbine, play a more and more important role in the modern
industrial world. Hence, the stable and safe operation of the corresponding key subsystems,
such as the planetary gearbox of the main drive train, is of great importance due to the
harsh operational conditions, such as time-varying rotational speed and wind load. In
fact, nonstationary operational conditions, especially the time-varying rotational speed, are
common for the wind turbine, and will challenge the corresponding condition monitoring
at the same time. As the key component in the wind turbine, the planetary gearbox is
one of the fault sources which will affect the corresponding safety operation. Hence, it is
quite vital to perform the corresponding condition monitoring and fault diagnosis under
time-variant rotational speed according the wind stimulation. Therefore, accurate fault
detection is necessary.

Several theoretical studies have been performed on this important topic, such as
deriving the spectral complexity of measured vibration [1], exploring vibration transmission
laws considering the transfer path effect [2], and revealing the spectral features resulting
from a localized fault [3]. According to the conclusions derived from the aforementioned
studies, two relatively difficult problems have been identified in this aspect; these problems
include weak fault detection [4] and time-varying rotational speed [5].
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Considering their complex structure and strong noise, it is difficult to identify promi-
nent defect-related spectra from complex spectral clusters. The primary solution to the
weak fault-related information enhancement problem can be summarized by exploiting
the following three fault-related characteristics: periodicity [6], impulsiveness [7], and
modulation [8]. Periodicity is common. Leveraging the periodicity and locating prominent
defect-induced frequency components are the initial objectives. Considering the com-
plex amplitude and frequency modulation phenomena, a conventional algorithm called
time-synchronous averaging can be used to enhance the fault-related periodic information
by eliminating unrelated components [6]. Several improved versions have recently been
proposed to promote their extraction ability. In [9], the development of new window
types and lengths was attempted. In [10], an expansion of time-synchronous averaging to
multiple sensors was studied. In [11], the conventional version was improved to adapt to
variable rotational speeds. Impulsiveness was the most straightforward feature. For this
feature, several advanced impulsive component extraction methods, such as the spectral
kurtosis [12], minimum entropy deconvolution [13], and stochastic resonance [14], have
been used to highlight the fault features. However, early defects may not sufficiently
stimulate strong impulsive components. Hence, it is difficult to identify the weak fault
characteristics of the corresponding early stages. Amplitude and frequency modulation
phenomena are the most fundamental characteristics of gear vibration signals. It is crucial
to locate a modulated zone with as much fault information as possible. To address this
issue, adaptive decomposition methods such as empirical mode decomposition [15], local
mean decomposition [16], and variational mode decomposition [17] have been used to
decompose raw signals, and the most relevant intrinsic mode function can be selected to
highlight the fault feature. For weak fault detection, such as a defect on a planetary bearing,
a meshing modulation indicator can be designed to identify the weak feature without using
a healthy baseline [18]. Mesh modulation-induced methods have been proposed to detect
ring gear fault features [19] from the demodulated spectra.

Time-varying rotational speed is a common operating mode for planetary gearboxes.
Considering the complex spectral structure, capturing the time-varying fault-related time—
frequency components is difficult, especially for weak faults with weak time—frequency
features. To address this problem, two classical strategies exist: order tracking [20] and
time—frequency analysis [21]. For the former, it is essential to acquire the accurate speed as
prior information, and the fault features can be identified from the order domain. Another
problem is that locating the modulated area under time-varying operating conditions chal-
lenges conventional methods. Regarding the latter method, the fault-related features can be
located directly from the corresponding time—frequency representation (TFR) [22]; however,
the weak fault features acting as multiple time-varying ridges with lower magnitude are
difficult to identify using conventional time—frequency analysis methods because of the
complex spectral distribution and weak faults.

Facing the difficulty mentioned above, the machine learning [23] or Bayesian ap-
proaches [24] may solve the problem to some extent. As for planetary gearbox fault detec-
tion, several deep learning methods have been employed, such as stacked autoencoder [25],
deep brief network [26], convolutional neural network, transformer [27], generative ad-
versarial network [28] and graph neural network [29]. These studies have enriched the
planetary gearbox fault detection. However, the time-varying rotational speed also chal-
lenges the current deep learning-based method at some level. Hence, the study focuses on
the conventional signal processing algorithm-based methods.

In summary, although many studies have made significant progress in the detection
of weak or time-varying fault features, the following difficulties have not been sufficiently
addressed for cases where these two issues are combined. First, most modulation area
detection methods are constructed to deal with the stationary operating mode. Although
the demodulation analysis of particular modulation areas can highlight fault-related spectra,
the corresponding performance is unsatisfactory under time-varying rotational speeds.
Conventional strategies for the optimal modulation frequency band determination only
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consider the characteristic of impulsiveness, which is introduced by the localized fault.
However, this kind of strategy is not suitable for detecting the weak fault, because it is
not severe enough to simulate a high resonance response. Lastly, the target fault features
under the time-varying rotational speed are generally one or two time-varying time-
frequency ridges. First, these time-varying ridges may have low amplitude and the distance
between different ridges is always low. Moreover, the slopes of all these components are
proportional to each other. Even the most advanced time—frequency analysis algorithms,
such as the scaling-basis chirplet transform (SBCT) [30] and velocity synchronous linear
chirplet transform [31], have difficulty in capturing all of the time-varying components
with relatively lower amplitudes that are close to those with higher magnitudes from the
TER of the raw signal. Therefore, the potential method should be able to detect the optimal
weak fault-related frequency band under the time-varying rotational speed, and identify
the target feature with less interruptions.

To address these difficulties, an entropy-aided meshing-order modulation (EMOM)
analysis-based method is proposed to realize the weak defect of a wind turbine planetary
gear under time-varying operating conditions. For the proposed algorithm, an accurate
time-varying rotational speed is first identified and extracted from a fine TFR with consid-
erable resolution by employing a newly proposed scaling-basis local reassigning chirplet
transform (SLRCT). In particular, a scaling basis is constructed to match the corresponding
instantaneous frequency (IF) and obtain a precise TFR with high resolution. On this basis, a
frequency reassignment operator is constructed using the principle of local maximum syn-
chrosqueezing to extract time-varying speed information. Subsequently, an entropy-aided
meshing modulation area detection method is constructed to detect the most sensitive area
that modulates fault-related features. Specifically, the decomposition step of the conven-
tional meshing modulation area identification method is first employed to separate the
raw vibration, and then all the decomposed results are resampled in the order domain
using the extracted rotational speed. Considering all the resampled separated results,
the entropy-aided meshing-order indicator modulation (EMOM indicator) is designed to
evaluate whether the meshing order is sufficiently prominent in the corresponding order
spectrum. The area with the highest entropy-aided meshing-order indicator is selected as
the most sensitive zone, and fault-related components are identified in the order spectrum
of the filtered envelope of the raw signal with the meshing indicator lead frequency band. It
is worth to mention that the final fault detection is realized based on the envelope spectrum
in the order domain, rather than the TFR. It is much easier to locate the fault features from
the spectrum than from the TFR, which makes the proposed algorithm suitable for the
complex structure. To verify the effectiveness of this method, three different gear fault
types are considered: “missing tooth”, representing the severe fault level, “tooth break”,
representing the middle level, and “tooth root crack”, representing the weak level. It is
worth mentioning that the fault types mentioned above cannot represent the severe, middle
and weak levels in all the cases. However, compared with the missing tooth fault, the tooth
break fault is weaker, and the tooth root crack fault is weaker than the tooth break fault.
Hence, we set the missing tooth fault, the tooth break fault and the tooth root crack fault as
the severe, middle and weak fault levels. Specifically, three experiments are conducted on
a planetary gear test rig with a faulty sun gear. The main contributions of this study are
as follows:

(1) The strategy of the EMOM-based analysis is first expanded to the time-varying
operational condition via the proposed novel EMOM analysis method.

(2) The TFR, using the scaling basis, is refined using the local reassignment strategy, and
a new SLRCT is constructed to realize accurate instantaneous rotational frequency
extraction.

(3) To identify the meshing modulation area under a time-varying rotational frequency,
an EMOM indicator is designed, and an entropy-aided meshing-order gram (EMOM-
gram) is then constructed. Based on the EMOMgram, the frequency band with the
highest indicator can be considered as the most sensitive, and the features of the weak
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gear fault can be located in the envelope order spectrum of the corresponding filtered
result. With the help of information entropy, the selected optimal frequency band is
relatively stable under different fault levels and operational modes.

(4) We compare the proposed entropy-aided meshing modulation-based algorithm with
the traditional Kurtogram-based algorithm for a planetary gearbox with three different
fault levels on the sun gear. With the proposed method, fault-related features can be
located not only in the lower orders, but also in the order representing the meshing
frequency. This indicates that more features can be detected using the proposed
algorithm. Furthermore, the proposed algorithm can locate the fault features of three
different fault levels; however, the conventional method could only recognize severe
gear faults of a missing tooth.

The remainder of this paper contains the following sections. Section 2 specifies
the detailed steps of the proposed EMOM method. Section 3 demonstrates both the
effectiveness and superiority of the proposed meshing-order modulation-based algorithm
using vibration signals measured from a planetary gearbox test rig with three sun gear
fault types at different fault levels. Finally, Section 4 concludes this study.

2. Entropy-Aided Meshing-Order Modulation Method

As described in Section 1, it is difficult to realize weak gear fault detection considering
the background noise, time-variable rotational frequency, and complex structure. Hence,
the new EMOM analysis method is proposed, in which the SLRCT-based IF extraction
method is developed. Based on the extracted preview speed information, the conventional
meshing modulation algorithm can be expanded to the condition of time-varying speed, in
which a new EMOM indicator is designed to select the most sensitive frequency. Finally,
the raw spectrum is filtered with the selected frequency band, and the corresponding
weak gear fault-related features can be identified from the envelope spectrum in the order
domain. The extracted fault feature appears not only in the lower order zone, but also
around the peaks around the order representing the meshing frequency. The three parts of
the proposed algorithm are described in the following subsections.

2.1. Instantaneous Rotational Frequency Extraction via Scaling-Basis Local Reassigning
Chirplet Transform

For time-varying rotational speeds, the corresponding IF ridge is extracted from the
TFR with a considerably high resolution. Specifically, the fine TFR is calculated using
the SBCT. Subsequently, a frequency estimation operator is constructed according to the
one-dimensional frequency reassignment principle. Finally, we combine the frequency
estimation operator with the IF ridge detection tool to estimate the IF ridges of the rotational
frequency completely and accurately.

First, for the vibration signal, x(t)€L?(R), the corresponding TFR computed by the
SBCT [30] can be expressed as follows:

—+o0

SBCTy(f., te) = /

—00

. R Yy N
s(t)g(t — tC)eXP<_]27ffc X < tan(91)'nt1an(f§z)(t )t ? dt, (1)
— -k

where f.€R represents the frequency center, t.€R represents the time center, s(f) represents
the analytic signal, 61, 6,€(—71/2, 71/2) represent the discrete rotation angles generated by
orthogonal bases for the alternative TFR, m and » are constants, and g(t)eLz(R) represents
the normalized Gaussian window, which is expressed as follows:

1 1/t)\2
gt) = 2naexp<2<0) >, (2)

where ¢ represents the standard deviation that determines the window width.
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Second, according to the one-dimensional frequency reassignment principle in local
maximum synchrosqueezing transform [32], the frequency reassignment operator for the
TER of the SBCT can be described as follows:

{argmax|5BCTx(fC, te)| if|SBCTx(fe,tc)| #0
fe

, )
0, if|SBCTy(fe, te)| =0

fr(tCrfC) =

where f.€[f. — A, fc + A], and A represents the short frequency interval. The frequency
reassignment operator is expressed as:

Filte, fo) = {fi(tc)/ if foelfite)—A, fi(te) +A]/ "

0, otherwise

Therefore, the TFR calculated using the SBCT and, subsequently, the frequency estima-
tion operator can be referred to as the local maximum scaling and reassignment operator
(LMSRO), defined as:

LMSRO(fc, tc) = 6(fc — frte, fo)) = {1, \fe = frlte, fo)l < 8[ 5)

0, otherwise

where J(e) denotes the Dirac delta function, and ¢ is a constant used to control the extraction
of IF ridges.

Finally, to accurately extract the IF ridge and align it with the LMSRO, a tool for IF
ridge [33] detection is introduced:

oo

E(IFl-(t)):/;OO|TFR(t,IFi(t))2dt—/+ (A 102 + IR (102)d, (©)

where the parameters A and p adjust the regularization. The working process of this IF
ridge detection tool can be understood as follows: (1) divide the TFR into G segments and
determine the starting points for each time—frequency segment; (2) estimate the IF ridge
considering the maximum amplitude in the corresponding TFR by employing the forward
and backward methods based on time—frequency energy; (3) after obtaining the IF ridge
of one modal component, set the corresponding amplitude to zero; and (4) substitute the
remaining TFR into (7), and determine the next IF ridge trajectory through the above steps.
Through the iterative process described above, all IF ridge trajectories can be detected.

To effectively determine the termination of the iteration process, the iteration criterion
can be defined by substituting the LMSRO into (7) as follows:

Nf—l
Y LMSRO(ty, IF(ty)) = Ny, )
n=0

where Ny represents the number of sampling points. However, in practice, errors inevitably
occur in the estimation results. Therefore, it is possible to optimize the iteration criterion in
(8), which is expressed as follows:

fol
Y SMRO(ty, IF(ty)) < pNy, 8)
n=0

where p is a constant [33], typically set to 0.8. By following the above procedure, we can
accurately extract the IF ridges of the rotational frequency.

Considering that the issue of balancing the bias and variance trade-off for the time—
frequency analysis [34] is vital, a discussion is given as follows: in time—-frequency analysis
(TFA), there are three sources of bias in the process. First, when using the SBCT to compute
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TFRs, it is important to accurately estimate the chirp rate. By considering the relation-
ship between a(f)-f. = tan(f)€(—oo, +00) and choosing to calculate two rotation angles 6,
02(—7t/2, 1/2) using the tangent function with chirp rate, adjusting the number of rotation
angles can improve the computational accuracy of the TFR as follows:

{9l(i)——’§+M”+1i i=1,2,3,...,M o
0(j)=—-3+~qi i=123.. N’

where M and N are the numbers of rotation angles.

Next, when using the local maximum scaling and reassignment operator (LMSRO) for
fine-tuning the instantaneous frequency (IF) ridge, a ridge extraction threshold parameter
¢ is used to measure the deviation between the ideal IF and the computed IF, which can be
described as follows:

LMSRO(fe, te) = 8(fe — fr(te, fo)) = {(1) [fe = frlte, fo)l < £ (10)

otherwise

Due to the calculation deviation between the frequency center and the frequency reassign-
ment operator, the extraction of IF can be more accurate by setting a threshold.

Finally, for IF ridge detection, we utilize the principles of forward and backward
estimation to establish a new iteration termination criterion using Equation (8), ensuring
that the detected IF ridge is accurate enough within the allowable deviation range.

In conclusion, three biases occurred during the above TFA process, and they were all
balanced using relevant thresholds and parameters.

2.2. Meshing Modulation Area Determination Using Entropy-Aided Meshing-Order
Modulation Analysis

In this subsection, the most sensitive frequency band containing sufficient gear-fault
information is determined using the proposed meshing-order modulation analysis method
containing three steps, which are signal decomposition with filtering banks with a tree struc-
ture, EMOM indicator construction, and optimal frequency band determination according
to a novel constructed EMOMgram.

2.2.1. Signal Decomposition

The raw signal is decomposed into several preset frequency bands to determine the
most sensitive frequency band satisfying the meshing modulation area. In this study, the de-
composition method used in [35] is employed, which includes the following two main steps:

e STEP 1: Filter banks in a binary tree structure containing multiple levels are first
constructed by setting a low-pass prototype filter, and then designing quasi-analytic
low-pass and high-pass filters using (11) based on the prototype in the following
pyramidal manner:

ho(n) = h(n)ej””/4, hy(n) = h(n)ej3"”/4, (11)

where h(n) is the prototype filter, and hy(n) and h; (n) are the corresponding low-pass and
high-pass filters, respectively. Taking the k-level as an example, the number of sub-filtered
bands is 2.

e STEP 2: The current filtered result is further expanded for higher resolution in a

1/3-binary manner.

2.2.2. Entropy-Aided Meshing-Order Modulation Indicator

Taking advantage of the instantaneous rotational frequency extracted from Section 2.1,
a novel indicator is constructed with the help of order tracking. First, all aforementioned
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filtered results are resampled into the order domain. Then, a novel indicator, namely the
EMOM indicator, is constructed, as expressed by (12):

Indicatorgpom = Indicatorpyopn/ En(Xoen)

3 12
= ,21 SeqPositiony, eln max  Xoen / = lec\[:l Xo,en (k) X log(xmen (k)) ( )
i— .,

[o—iom|<e

where EMOM indicates the entropy-aided meshing-order modulation, which can be clas-
sified into following two parts: Indicatoryon and En(x, ). Indicatoryops, which can be
used to measure whether the orders representing the meshing frequency and its harmonics
are prominent. In detail, X, ., is the envelope spectrum of any filtered result in the order
domain; o, is the order which represents the gear meshing frequency; i is the harmonic
order, varying from 1 to 3; € denotes the order tolerance, which is set as 0.5 in this study;

| max X, en is the maxima value of X, ., among the ith order range of |0-io, | < ¢; and
0—ioy|<e

SeqPositiony, ,, ma>‘< Xo,en 1s the sequence position of | ma>‘< Xo,en in X ¢n. If prominent
" o—ion|<e o—ioy|<e

peaks exist in the order range of ‘ max X, en, then the corresponding sequence position is
0—ioy|<e

low, which leads to a higher value of Indicatory;on. Hence, this indicator aids in locating
a sensitive meshing modulation range in the order domain. En(x, ;) is the information
entropy of the envelope signal of the filtered result in the order domain. If a frequency
band contains fault information, the entropy value will be relatively low. Hence, the
Indicatorpopr/ En(x, en) can not only reflect the modulation characteristic of the meshing
order but also indicate the fault-induced impulsiveness.

2.2.3. Entropy-Aided Meshing Modulation Area Determination via EMOMgram

By calculating the Indicatorgpopm of all the filtered results after performing the afore-
mentioned signal decomposition step, an EMOMgram can be designed, and the one with
the highest Indicatorgpjop is considered to be the best candidate for the meshing modula-
tion area.

2.3. Gear Weak Fault Detection Based on Filtered Order Spectrum

With the frequency band determined according to the EMOMgram, the raw signal
is first bandpass filtered, and then resampled according to the instantaneous rotational
frequency extracted from the TFR. Finally, the gear fault-related orders can be identified
from the corresponding envelope spectrum.

3. Experimental Tests
3.1. Experimental Test Setup

The proposed EMOM method was verified using vibration signals with three different
gear fault types—missing tooth, tooth break, and tooth crack—on the sun gear of the
test rig in the Beijing Jiaotong University lab [23]. The experimental setup can be seen in
Figure 1. In specific, two gearboxes, a planetary gearbox and a fixed shaft gearbox, are
driven by the motor, which is controlled by an AC inventor. The corresponding parameters
are listed in Table 1. In particular, the three types of gear-localized faults separately mimic
severe, middle, and weak faults to verify the effectiveness of the proposed algorithm. After
replacing the sun gear with faulty gears, as shown in Figure 2, an accelerometer was used to
measure the corresponding vibration signals at different levels. In particular, the planetary
meshing frequency f,, was 21.875f;”, where £," is the sun gear rotational frequency, and
the corresponding fault characteristic frequency (FCF) of the sun gear (fcfs) was 3.125f".
The sampling frequency was 48,000 Hz.
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Fixed-shaft gearbox

~

e ;

4 r"" T e o ‘€3 -
-u Planetary gearbox £

Figure 1. Lenze ESV222N02YXB Fault diagnosis test rig.

Table 1. Parameters of planetary gearbox of Lenze ESV222N02YXB Fault diagnosis test rig.

Title 1 First Level Second Level Third Level
. Low High Low High
Gear Sun gear Zs  Planetary gear Z, Ring gear Z, speed Zy speed Zy, speed Z3 speed Z3,
Tooth number 28 36 (4) 100 100 29 90 36
Ratio 5.647 3.44 2.5

Figure 2. Sun gear failure modes (left: missing tooth; middle: tooth break; right: tooth crack).

3.2. Fault Detection Results
3.2.1. Missing Tooth Fault

In this subsection, the sun gear with missing tooth fault is mounted in the planetary
gearbox to mimic the severe fault condition. In particular, a speed-up process was simulated
by controlling the motor. The corresponding rotational frequency varied from 60 Hz to
25 Hz in a nonlinear way. The total duration of the measure vibration signal was 7 s.
Figure 3 shows the corresponding vibration waveforms. It can be seen that the vibration
severity becomes lower under the low rotational speed. Figure 4a shows the TFR result
obtained using the proposed algorithm, and Figure 4b shows the extracted instantaneous
rotational frequency. As shown Figure 4a, the time—frequency ridge, which represents the
rotational, is prominent with amplitude superiority and less interruption. In addition, the
resolution of the TFR was sufficiently high, such that the corresponding ridge representing
the time-varying rotational speed could be correctly captured as shown in Figure 4b.
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1000
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_1000 1 I 1 1 1 1

Time(s)

Figure 3. Raw signal waveform with gear missing tooth fault.
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50 |

Frequency(Hz)

.
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Time(s) Time(s)

(@) (b)
Figure 4. (a) TFR, and (b) instantaneous rotational frequency with sun gear missing tooth fault.

Figure 5a shows the conventional Kurtogram, and Figure 5b shows the EMOMgram
obtained using the newly constructed algorithm. The most evident difference between
these two figures is that the selected sensitive frequency bands differ. Considering that the
sun gear has a missing tooth fault, the fault gear can stimulate the resonant frequency in
a much higher frequency band at approximately 21,000 Hz with a much higher kurtosis
value. According to the Indicatorgyop constructed in Section 2, the selected frequency
center was 4000 Hz. According to these two different frequency bands, the raw signal was
separately bandpass filtered. Figures 6 and 7 show the envelope spectra of the filtered
results in the order domain using the instantaneous rotational speed shown in Figure 4b.

For the analysis results using the conventional Kurtogram shown in Figure 6, there
exist several significant fault spectral lines in the corresponding envelope spectrum in the
order domain. In specific terms, the spectral peaks marked by fcf; and 2fcf; represent the
FCF of the sun gear and its second harmonics. This can indicate the fault condition of the
planetary sun gear. Besides these two peaks, the spectral lines representing the rotational
frequency (f;) and the rotational frequency sidebands around the fcf; (marked by fcfs £ f;)
can be detected easily at the same time. In summary, the Kurtogram can locate the missing
tooth gear fault-related higher resonance frequency. As for the results of employing the
proposed EMOM algorithm in Figure 7, the prominent peaks representing the FCF and the
second harmonics of the sun gear fault can also be located in the low-order range. More
importantly, the additional order peaks representing f,, & fcfs, and f,, = 2fcfs, which are
also prominent, can be considered as evidence of the sun gear fault. By comparing these
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two envelope spectra in the order domain, the effectiveness of the proposed algorithm can
be verified, and the corresponding superiority to the conventional Kurtogram is that more
fault-related features exist in the EMOMgram-induced envelope spectrum.

Level 3.5, Bw=2000Hz, fc=21000Hz Level 1.5, Bw=8000Hz, fc=4000Hz  x10°
6
5
16
! 4
i -
g E
226 S ’
8
3
° 2
35
4 1
A 2
0 5000 10000 15000 20000 0 5000 10000 15000 20000
F H
requency(Hz) Frequency(Hz)
@) ®)

Figure 5. Kurtogram (a), and EMOMgram (b) of the raw signal with sun gear missing tooth fault.

2.5 7 1o T

2 b | feff .
feff fef

-
&)

Amplitude(V)

05 |

o 5 10 15 20 25 30
Order(n)

Figure 6. Envelope spectrum of filtered result with frequency band determined by Kurtogram with

sun gear missing tooth fault.

10 F r fefs .
S s | ff |
S 6 |y [FF 1
T4 FA |

m—2 S
< 5 for2fef Sfm=fcfs I3 fortfcfs Sfurt2fcfs
0 0 5 10 15 20 25 30
Order(n)

Figure 7. Envelope spectrum of filtered result with frequency band determined by EMOMgram with
sun gear missing tooth fault.
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Frequency(Hz)

3.2.2. Tooth Break Fault

In this subsection, a weaker gear fault, “tooth break”, is considered, and the corre-
sponding rotational frequency is varied from 37 to 56 Hz in 9.2 s. Figure 8 shows the
raw signal waveform. Figure 9a,b show the TFR and extracted IF, respectively, which
further indicate the effectiveness of the proposed speed information. Figure 10a,b show
the Kurtogram and EMOMgram, respectively. For the Kurtogram, although the resonant
frequency band with a center frequency of 21,750 Hz can be also located, the corresponding
kurtosis value is much lower than that of the condition with a missing tooth fault. For the
EMOMgram, a sensitive frequency band (center frequency: 3000 Hz, bandwidth: 6000 Hz)
was located.

400 T T T T T T T T
2 200
4
B 0
=}
E 200
<
-400

Time(s)

Figure 8. Raw signal waveform with gear break tooth fault.

60 60
50 | 50
40 N 40
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30 ¢ 2 30
[«B)
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20 | L 20
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oL . ‘ 0-— R — ——
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Figure 9. (a) TFR, and (b) instantaneous rotational frequency with sun gear tooth break fault.

Figure 11 shows the envelope spectrum of the filtered result of the measured signal
with the sun gear tooth break fault and the frequency band determined by the Kurtogram.
Different from the spectrum shown in Figure 6, only the prominent spectral peaks repre-
senting the rotational frequency and its second harmonic can be detected. No spectral lines
representing the sun gear fault can be detected in the whole envelope spectrum in the order
domain. The underlying reason is that the tooth break type of gear fault cannot lead to
resonance in the higher frequency band as the missing tooth fault can.
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Figure 10. Kurtogram (a), and EMOMgram (b) of the raw signal with sun gear tooth break fault.
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Figure 11. Envelope spectrum of filtered result with frequency band determined by Kurtogram with
sun gear tooth break fault.

In comparison, Figure 12 displays the results obtained using the EMOMgram. At
first, there exist prominent peaks at the spectral line representing the sun gear fault char-
acteristic frequency (marked by fcf;). In addition, we can also locate the spectral peaks
at the orders representing the rotational frequency sidebands around the fcf; (marked by
fcfs £ fr). More importantly, the sideband beside the meshing frequency f, £ fcfs can also
be identified as a localized peak. This result shows that the proposed EMOM algorithm is
superior to conventional algorithms for identifying weak gear faults under the time-varying
rotational frequency.

Comparing with the analyzed results of the gear missing tooth fault, although the
frequency band (missing tooth fault: center frequency 21,000 Hz; gear tooth break fault:
center frequency 21,750 Hz) selected by the Kurtogram are similar, there exists no evident
fault-related feature for the tooth break fault. Similarly, the EMOMgram-based algorithm
can also lead to similar optimal frequency bands under two different fault types (missing
tooth fault: center frequency 4000 Hz; gear tooth break fault: center frequency 3000 Hz),
however, evident fault-related features can be located from both two fault types as shown
in Figures 7 and 12. This shows the robustness of the proposed EMOM-based method.
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Figure 12. Envelope spectrum of filtered result with frequency band determined by EMOMgram
with sun gear tooth break fault.

3.2.3. Tooth Root Crack Fault

The weakest sun gear fault of the tooth root crack was used to verify the upper limit
of the proposed algorithm. The corresponding rotational frequency was varied from 53
to 31 Hz in 4.1 s. Figure 13 shows the corresponding waveform of the raw vibration.
Figure 14a shows the TFR using the SLRCT, and the corresponding IF is displayed in
Figure 14b. It can be seen that the instantaneous rotational frequency can be easily extracted
from the TFR with less interruption. Figure 15a,b show the Kurtogram and EMOMgram,
respectively. As shown in Figure 15a, the crack fault cannot stimulate a higher resonance, as
the obvious fault does, and the corresponding kurtosis value is lower. The center frequency
and the bandwidth of the frequency band determined by the Kurtogram is 217,500 Hz and
1500 Hz. In addition, the center frequency and bandwidth of the target frequency band,
determined according to the EMOMgram shown in Figure 15b, were 3000 and 6000 Hz.

Figures 16 and 17 show the corresponding envelopes of the filtered signals with the
filter band determined using the Kurtogram and EMOMgram, respectively. In Figure 16,
no evident spectral peak induced by the sun gear fault can be located. The only prominent
order peak is the rotational frequency. For the envelope spectrum shown in Figure 17, the
spectral peak at the order representing the sun gear FCF can be identified (fcfs), as well as
the peaks beside the meshing frequency representing f, & fcfs. This further demonstrates
the effectiveness of the proposed algorithm in capturing subtle fault characteristics.
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Figure 13. Raw signal waveform with gear tooth crack fault.
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Figure 14. (a) TFR, and (b) instantaneous rotational frequency with sun gear tooth root crack fault.
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Figure 15. Kurtogram (a), and EMOMgram (b) of the raw signal with gear tooth crack fault.
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Figure 16. Envelope spectrum of filtered result with frequency band determined by Kurtogram with

gear tooth crack fault.
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Figure 17. Envelope spectrum of filtered result with frequency band determined by EMOMgram
with gear tooth crack fault.

4. Conclusions

A new EMOM-based algorithm was constructed to realize weak gear fault detec-
tion under the operational condition of time-varying rotational speed with the following
three main contributions: (1) extracting an accurate instantaneous rotational frequency with
the newly proposed SLRCT; (2) identifying the meshing modulation area according to the
newly constructed EMOM indicator under the time-varying rotational speed with the help
of information entropy; and (3) highlighting the gear fault-related weak signature from
the envelope spectrum in the order domain of the filtered result determined by the newly
constructed EMOMgram. Three different gear fault types—missing tooth (severe fault),
tooth break (middle fault), and tooth root crack (weak fault)—were added to the sun gear
of a planetary gearbox test box to verify the effectiveness of the EMOM-based algorithm.
The diagnostic performance of the proposed method indicates that the EMOM analysis
can not only identify the fault-related features of severe gear faults, such as the missing
tooth and the tooth break fault, but also detect the weak tooth root crack fault feature. In
contrast, the conventional Kurtogram-based method can only detect a strong fault of a
missing tooth, which clearly demonstrates the effectiveness of the new method in detecting
weak gear faults under time-varying rotational speeds. In addition, the other superiority of
the proposed algorithm is that the corresponding fault features can be detected not only in
the lower frequency area but also beside the order representing the meshing frequency. We
believe that this advantage will make the proposed approach more robust.
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Nomenclature

SLRCT Scaling-basis local reassigning chirplet transform
EMOM Entropy-aided meshing-order modulation

TFR Time—frequency representation

IF Instantaneous frequency

EMOMgram Entropy-aided meshing-order gram

FCF Fault characteristic frequency

References

1.  Feng, Z.; Zuo, M.]. Vibration Signal Models for Fault Diagnosis of Planetary Gearboxes. J. Sound Vib. 2012, 331, 4919-4939.
[CrossRef]

2. He, G,; Ding, K,; Li, W,; Li, Y. Frequency Response Model and Mechanism for Wind Turbine Planetary Gear Train Vibration
Analysis. IET Renew. Power Gener. 2017, 11, 425-432. [CrossRef]

3. Liang, X.; Zuo, M.J.; Hoseini, M.R. Understanding Vibration Properties of a Planetary Gear Set for Fault Detection. In Proceedings
of the 2014 International Conference on Prognostics and Health Management, PHM 2014, Cheney, WA, USA, 22-25 June 2014;
pp. 1-6. [CrossRef]

4. Zuo, J.; Miao, Y.,; Zhang, B.; Lin, J. Cyclostationary Feature Mode Decomposition and Its Application in Fault Diagnosis of
Planetary Gearboxes via Built-in Information. IEEE Sens. J. 2023, 24, 1129-1139. [CrossRef]

5. Sun, B;Li, H,; Wang, C.; Zhang, K.; Chen, S. Current-Aided Dynamic Time Warping for Planetary Gearbox Fault Detection at
Time-Varying Speeds. IEEE Sens. |. 2023, 24, 390-402. [CrossRef]

6.  McFadden, PD.; Howard, LM. The Detection of Seeded Faults in an Epicyclic Gearbox by Signal Averaging of the Vibration; Aeronautical
Research Laboratories: Melbourne, Australia, 1990.

7. Chen, B.; Song, D.; Cheng, Y.; Zhang, W.; Huang, B.; Muhamedsalih, Y. IGIgram: An Improved Gini Index-Based Envelope
Analysis for Rolling Bearing Fault Diagnosis. . Dyn. Monit. Diagn. 2022, 1, 111-124. [CrossRef]

8.  Inalpolat, M.; Kahraman, A. A Theoretical and Experimental Investigation of Modulation Sidebands of Planetary Gear Sets. J.
Sound Vib. 2009, 323, 677-696. [CrossRef]

9. McFadden, P.D. Window Functions for the Calculation of the Time Domain Averages of the Vibration of the Individual Planet
Gears and Sun Gear in an Epicyclic Gearbox. . Vib. Acoust. Trans. ASME 1994, 116, 179-187. [CrossRef]

10. Samuel, P.D.; Pines, D.J. Vibration Separation Methodology for Planetary Gear Health Monitoring. In Smart Structures and
Materials 2000: Smart Structures and Integrated Systems; SPIE: Bellingham, WA, USA, 2000; Volume 3985, pp. 250-260. [CrossRef]

11. Wang, Z.; Guo, Y.; Wu, X.; Na, J. Localized Fault Detection of Sun Gears Based on Windowed Synchronous Averaging in the
Angular Domain. Adv. Mech. Eng. 2017, 9, 1687814017696412. [CrossRef]

12.  Barszcz, T.; Randall, R.B. Application of Spectral Kurtosis for Detection of a Tooth Crack in the Planetary Gear of a Wind Turbine.
Mech. Syst. Signal Process. 2009, 23, 1352-1365. [CrossRef]

13. Fan, Z,; Li, H. A Hybrid Approach for Fault Diagnosis of Planetary Bearings Using an Internal Vibration Sensor. Meas. |. Int.
Meas. Confed. 2015, 64, 71-80. [CrossRef]

14. Lei, Y;; Han, D,; Lin, J.; He, Z. Planetary Gearbox Fault Diagnosis Using an Adaptive Stochastic Resonance Method. Mech. Syst.
Signal Process. 2013, 38, 113-124. [CrossRef]

15. Feng, Z.; Zuo, M.].; Hao, R.; Chu, E; Lee, J. Ensemble Empirical Mode Decomposition-Based Teager Energy Spectrum for Bearing
Fault Diagnosis. J. Vib. Acoust. 2013, 135, 1-21. [CrossRef]

16. Feng, Z.; Zuo, M.J.; Qu, J.; Tian, T.; Liu, Z. Joint Amplitude and Frequency Demodulation Analysis Based on Local Mean
Decomposition for Fault Diagnosis of Planetary Gearboxes. Mech. Syst. Signal Process. 2013, 40, 56-75. [CrossRef]

17. Feng, Z.; Zhang, D.; Zuo, M. Planetary Gearbox Fault Diagnosis via Joint Amplitude and Frequency Demodulation Analysis
Based on Variational Mode Decomposition. Appl. Sci. 2017, 7, 775. [CrossRef]

18. Wang, T.; Chu, E; Feng, Z. Meshing Frequency Modulation (MFM) Index-Based Kurtogram for Planet Bearing Fault Detection. J.
Sound Vib. 2018, 432, 437-453. [CrossRef]

19. Wang, T.; Chu, F; Han, Q. Fault Diagnosis for Wind Turbine Planetary Ring Gear via a Meshing Resonance Based Fi Ltering

Algorithm. ISA Trans. 2017, 67, 173-182. [CrossRef] [PubMed]


https://doi.org/10.1016/j.jsv.2012.05.039
https://doi.org/10.1049/iet-rpg.2016.0236
https://doi.org/10.1109/ICPHM.2014.7036374
https://doi.org/10.1109/JSEN.2023.3327229
https://doi.org/10.1109/JSEN.2023.3328116
https://doi.org/10.37965/jdmd.2022.65
https://doi.org/10.1016/j.jsv.2009.01.004
https://doi.org/10.1115/1.2930410
https://doi.org/10.1117/12.388828
https://doi.org/10.1177/1687814017696412
https://doi.org/10.1016/j.ymssp.2008.07.019
https://doi.org/10.1016/j.measurement.2014.12.030
https://doi.org/10.1016/j.ymssp.2012.06.021
https://doi.org/10.1115/1.4023814
https://doi.org/10.1016/j.ymssp.2013.05.016
https://doi.org/10.3390/app7080775
https://doi.org/10.1016/j.jsv.2018.06.051
https://doi.org/10.1016/j.isatra.2016.11.008
https://www.ncbi.nlm.nih.gov/pubmed/27894699

Entropy 2024, 26, 409 17 of 17

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Lu, S; Yan, R; Liu, Y.; Wang, Q. Tacholess Speed Estimation in Order Tracking: A Review with Application to Rotating Machine
Fault Diagnosis. IEEE Trans. Instrum. Meas. 2019, 68, 2315-2332. [CrossRef]

Zhao, D.; Wang, H.; Cui, L. Frequency-Chirprate Synchrosqueezing-Based Scaling Chirplet Transform for Wind Turbine Nonsta-
tionary Fault Feature Time-Frequency Representation. Mech. Syst. Signal Process. 2024, 209, 111112. [CrossRef]

Shi, J.; Liang, M.; Necsulescu, D.-S.; Guan, Y. Generalized Stepwise Demodulation Transform and Synchrosqueezing for
Time-Frequency Analysis and Bearing Fault Diagnosis. |. Sound Vib. 2016, 368, 202-222. [CrossRef]

Liu, D.; Cui, L.; Cheng, W. A Review on Deep Learning in Planetary Gearbox Health State Recognition: Methods, Applications,
and Dataset Publication. Meas. Sci. Technol. 2024, 35, 012002. [CrossRef]

Zhang, YM.; Wang, H.; Bai, Y.; Mao, ].X.; Chang, X.Y.; Wang, L. Bin Switching Bayesian Dynamic Linear Model for Condition
Assessment of Bridge Expansion Joints Using Structural Health Monitoring Data. Mech. Syst. Signal Process. 2021, 160, 107879.
[CrossRef]

Jia, F; Lei, Y;; Lin, J.; Zhou, X.; Lu, N. Deep Neural Networks: A Promising Tool for Fault Characteristic Mining and Intelligent
Diagnosis of Rotating Machinery with Massive Data. Mech. Syst. Signal Process. 2016, 72—73, 303-315. [CrossRef]

Han, D.; Guo, X; Shi, P. An Intelligent Fault Diagnosis Method of Variable Condition Gearbox Based on Improved DBN Combined
with WPEE and MPE. IEEE Access 2020, 8, 131299-131309. [CrossRef]

Han, Y,; Tang, B.; Deng, L. An Enhanced Convolutional Neural Network with Enlarged Receptive Fields for Fault Diagnosis of
Planetary Gearboxes. Comput. Ind. 2019, 107, 50-58. [CrossRef]

Wang, Z.; Wang, J.; Wang, Y. An Intelligent Diagnosis Scheme Based on Generative Adversarial Learning Deep Neural Networks
and Its Application to Planetary Gearbox Fault Pattern Recognition. Neurocomputing 2018, 310, 213-222. [CrossRef]

Yu, X.; Tang, B.; Zhang, K. Fault Diagnosis of Wind Turbine Gearbox Using a Novel Method of Fast Deep Graph Convolutional
Networks. IEEE Trans. Instrum. Meas. 2021, 70, 6502714. [CrossRef]

Li, M.; Wang, T.; Chu, F; Han, Q.; Qin, Z.; Zuo, M.]. Scaling-Basis Chirplet Transform. IEEE Trans. Ind. Electron. 2021, 68,
8777-8788. [CrossRef]

Guan, Y.; Liang, M.; Necsulescu, D.S. Velocity Synchronous Linear Chirplet Transform. IEEE Trans. Ind. Electron. 2019, 66,
6270-6280. [CrossRef]

Yu, G.; Wang, Z.; Zhao, P; Li, Z. Local Maximum Synchrosqueezing Transform: An Energy-Concentrated Time-Frequency
Analysis Tool. Mech. Syst. Signal Process. 2019, 117, 537-552. [CrossRef]

Oberlin, T.; Meignen, S.; Perrier, V. Second-Order Synchrosqueezing Transform or Invertible Reassignment? Towards Ideal
Time-Frequency Representations. IEEE Trans. Signal Process. 2015, 63, 1335-1344. [CrossRef]

Zhang, YM.; Huang, Z.; Xia, Y. An Improved Multi-Taper S-Transform Method to Estimate Evolutionary Spectrum and Time-
Varying Coherence of Nonstationary Processes. Mech. Syst. Signal Process. 2023, 198, 110386. [CrossRef]

Antoni, ]. Fast Computation of the Kurtogram for the Detection of Transient Faults. Mech. Syst. Signal Process. 2007, 21, 108-124.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1109/TIM.2019.2902806
https://doi.org/10.1016/j.ymssp.2024.111112
https://doi.org/10.1016/j.jsv.2016.01.015
https://doi.org/10.1088/1361-6501/acf390
https://doi.org/10.1016/j.ymssp.2021.107879
https://doi.org/10.1016/j.ymssp.2015.10.025
https://doi.org/10.1109/ACCESS.2020.3008208
https://doi.org/10.1016/j.compind.2019.01.012
https://doi.org/10.1016/j.neucom.2018.05.024
https://doi.org/10.1109/TIM.2020.3048799
https://doi.org/10.1109/TIE.2020.3013537
https://doi.org/10.1109/TIE.2018.2873520
https://doi.org/10.1016/j.ymssp.2018.08.006
https://doi.org/10.1109/TSP.2015.2391077
https://doi.org/10.1016/j.ymssp.2023.110386
https://doi.org/10.1016/j.ymssp.2005.12.002

	Introduction 
	Entropy-Aided Meshing-Order Modulation Method 
	Instantaneous Rotational Frequency Extraction via Scaling-Basis Local Reassigning Chirplet Transform 
	Meshing Modulation Area Determination Using Entropy-Aided Meshing-Order Modulation Analysis 
	Signal Decomposition 
	Entropy-Aided Meshing-Order Modulation Indicator 
	Entropy-Aided Meshing Modulation Area Determination via EMOMgram 

	Gear Weak Fault Detection Based on Filtered Order Spectrum 

	Experimental Tests 
	Experimental Test Setup 
	Fault Detection Results 
	Missing Tooth Fault 
	Tooth Break Fault 
	Tooth Root Crack Fault 


	Conclusions 
	References

