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Abstract: Gears are the most important parts of a rotary system, and they are used for mechanical
power transmission. The health monitoring of such a system is needed to observe its effective and
reliable working. An approach that is based on vibration is typically utilized while carrying out
fault diagnostics on a gearbox. Using the Fourier–Bessel series expansion (FBSE) as the basis for
an empirical wavelet transform (EWT), a novel automated technique has been proposed in this
paper, with a combination of these two approaches, i.e., FBSE-EWT. To improve the frequency
resolution, the current empirical wavelet transform will be reformed utilizing the FBSE technique.
The proposed novel method includes the decomposition of different levels of gear crack vibration
signals into narrow-band components (NBCs) or sub-bands. The Kruskal–Wallis test is utilized to
choose the features that are statistically significant in order to separate them from the sub-bands.
Three classifiers are used for fault classification, i.e., random forest, J48 decision tree classifiers,
and multilayer perceptron function classifier. A comparative study has been performed between
the existing EWT and the proposed novel methodology. It has been observed that the FBSE-EWT
with a random forest classifier shows a better gear fault detection performance compared to the
existing EWT.

Keywords: fault diagnosis; gearbox; crack tooth; advance signal processing; feature extraction;
classification

1. Introduction

Gearbox fault diagnosis is the process of analyzing the health and performance of
gears in machinery to detect potential faults or issues before they become major problems.
It involves using techniques like vibration analysis, oil analysis, acoustic emission testing,
and thermography to identify and diagnose gear conditions. S. Sheng [1] proposed some
first-hand oil and wear debris analysis based on the testing of full-scale wind turbine gear-
boxes. T. Nowakowski et al. [2] proposed a system for monitoring the condition of tram
gearboxes that is based on trackside acoustic data. Infrared thermography for a condition
monitoring tool was described in S. Bagavathiappan et al. [3] as a method that does not
involve physical touch and can be used to monitor the temperatures of things or processes
in real time. Gearbox fault diagnosis is essential for minimizing downtime, reducing the
risk of catastrophic failures, and extending the lifespan of gears, ensuring the safety, the
reduction in maintenance costs, and the reliable operation of machines and systems which
rely on gears [4]. Several different factors might cause a gear to fail, including fatigue, im-
pact, wear, or plastic deformation. The most common cause of failure in gearing is fatigue.
When a fault is going to propagate, the system generates noise and vibration. Further down
the line, gear failure occurs due to the excessive vibration. When it comes to monitoring
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the status of machines during startups, breakdowns, and regular operations [5], vibration
measuring is a technology that is successful, discrete, adaptable, and cost-effective. Further-
more, article [6] provides a detailed evaluation or selection of signal processing techniques
that have been applied to try to minimize the amount of noise that exists in the vibration
signals, as well as to isolate and emphasize the elements of the signals that are connected to
faults in order to accomplish the goal of reliable fault identification. Considering the basics
of various signal processing approaches, these methods are capable of being divided into
three distinct groups. Analysis in the time domain, analysis in the frequency domain, and
analysis in the time–frequency domain are the three basic types of methodologies that are
employed in vibration analysis. The fact that nonstationary or variable-in-time signals are
amplitude- and frequency-modulated means that the time domain and frequency domain
methods cannot be used to analyze these types of signals. In real-world circumstances, the
operation of a gearbox leads to the generation of nonstationary signals due to vibration [7].
Vibration analysis is an effective tool for diagnosing such signals. For local gear faults such
as the levels of a gear tooth crack [8], identification is needed to prevent any unanticipated
gear failure because of the tooth breakage of gear initiates due to an incipient crack in the
gear [9,10]. Severe vibration is one of the key contributing variables that might lead to an
investigation into a local defect in a gearbox [11]. This investigation might be necessary
because of the severity of the vibration. The evaluation of nonstationary signals frequently
makes use of time–frequency domain analysis techniques such as the short-time Fourier
transform (STFT), the continuous wavelet transform (CWT), the discrete wavelet transform
(DWT), the Tunable-Q wavelet transform (TQWT), the Hilbert–Huang transform (HHT), the
Wigner–Ville distribution (WVD), the empirical mode decomposition (EMD), the wavelet
packet transform (WPT), and the variational mode decomposition (VMD) [12–20]. Because
STFT uses a fixed-moving window, a time–frequency (TF) multiresolution analysis was not
feasible with this technique. In order to work around this limitation, WT offers a useful
representation of nonstationary signals that may be used with the TF domain. Morlet et al.
introduced the wavelet transform (WT) in the 1980s [21]. Wavelet analysis is a TF analysis
technique that can provide high-resolution time–frequency representations of nonstation-
ary signals such as sound and vibration signals [21]. Saravanan et al. [15] employed an
ANN and proximal support vector machines (PSVM) to diagnose a malfunction in a bevel
gearbox using features derived from the CWT wavelet. Syed et al. [22] applied the DWT
with the mean square energy to demonstrate outstanding defect diagnostic qualities using
different classifiers and, as a result, it is strongly encouraged. Upadhyay et al. [14] presented
a new technique based on tunable Q-wavelet transform and fractal-based features for the
diagnosis of bearing defects. WT struggles with the dilemma of which mother wavelet to
use and how many decomposition levels to use [23]. The WVD, on the other hand, offers
a better time–frequency resolution; however, it does contain a few cross-terms [23]. For
the investigation of nonstationary signals, Gilles [24] developed an innovative construct-
ing approach called the empirical wavelet transform (EWT). The authors [25] conducted
more research on the EWT method to determine its applicability with multivariate signals;
also, they presented a multivariate TF formulation that was based on the EWT method.
The EWT performs substantially better than the ensemble empirical mode decomposition
(EEMD) and EMD techniques when it comes to the estimating mode, and it also greatly
cuts down the amount of time needed for computation [26]. EWT is a method of adaptive
decomposition that eliminates narrow-band frequency bands within the examined signal
depending on the frequency details of the spectrum. After locating the boundary frequen-
cies in the FT-based spectrum, it next applies adaptive wavelet-based filters to the signals
in order to deconstruct them [25]. However, EWT is unable to accurately depict frequency
components that are tightly spaced. Challenges similar to those experienced with the EWT
approach have been found in the suggested method. A limited amount of work has been
reported for the fault detection of gear considering EWT. Anupam et al. [27] applied the
EWT technique over polymer gear to detect faults, but they have not worked on enhancing
the EWT performance with a combination of other filter methods such as FBSE. In this
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study, the established EWT procedure is revised using the FBSE. It has been noted that
the nonstationary class of the Bessel function is based on the FBSE in nature [25]. Further,
it is what makes the FBSE coefficients effective for the spectrum analysis of such signals.
Although, FBSE-EWT was mostly employed in biological signals like vectorcardiogram
signals, electroencephalography (EEG) signals, etc. [25]. Researchers used the multifre-
quency scale-based two-dimensional FBSE-EWT method for glaucoma detection, which
requires the segmentation of fundus photographs into sub-images. This method proposes
a rhythm separation technique and enhanced local polynomial (LP) approximation-based
total variation (TV) for the filtering of ocular artefacts from the EEG signals. The FBSE-
EWT technique is not used to investigate gear faults like chipped teeth, missing teeth,
cracks in the root, and worn gear faces with classifiers. As a result, FBSE-EWT has been
applied in this research to identify the gear crack faults at various levels and compare their
performance with EWT.

Correct feature selection is necessitated by pattern recognition and the gathering of
knowledge-based data. Statistically based characteristics have been shown to successfully
detect bevel gear vibration signals in signal analysis in refs. [15,28]. Therefore, this work
employed the use of statistical characteristics such as kurtosis, variance, root mean square,
and Shannon entropy to draw out relevant information. The Kruskal–Wallis test is applied
to determine whether or not the statistical result is significant; hence, features extracted
from a group of samples may be utilized as a classification input parameter. Nonstationary
properties of a signal, such as a change in frequency throughout an operation, provide
an unacceptable circumstance for gear vibration signals [29]. Therefore, it is extremely
difficult to analyze such signals when they are flawed. Machine-learning-based defect
detection is advantageous in this situation [29–31]. Researchers have made extensive
use of classifiers over the past decade to increase the effectiveness of applicable signal-
processing algorithms for fault identification. Artificial neural networks (ANN), linear
discriminant analysis (LDA), support vector machines (SVM), genetic algorithms (GA),
K-nearest neighbor (KNN), fuzzy logic, Bayesian networks, and decision trees are some
of the machine learning approaches that can be used as classification tools for low fault
identification and gearbox condition monitoring [15,27–29,32,33]. The ANN technique is
based on learning to recognize patterns. But it may lead to overfitting the dataset, which
is undesirable. When it comes to minimizing risk, SVM misses the mark [32]. Using a
classification approach based on a decision tree algorithm, Muralidharan et al. [29] reported
that the accuracy of gearbox fault identification was improved. As a result, the classifier’s
reliability in detecting gear issues still remains uncertain. In this research, we compared
three well-known classifiers to see which one is the most effective in this condition: the
random forest, the J48, and the multilayer perceptron.

In this study, a machinery fault simulator (MFS) outfitted with a single-stage bevel
gearbox was used for trials. Vibration signals were evaluated for both a conventional bevel
gear and a gear with varying levels of crack defects. EWT and EWT-FBSE were used to
diagnose the gear fault issue. To classify multi-class gear signals, we employ classifiers,
each of which uses significant features based on the Kruskal–Wallis test that were derived
from the NBCs. An automated gear problem diagnosis utilizing statistical characteristics
in the EWT-FBSE domain is a major contribution to this study. With this novel technique,
gear faults can be diagnosed with high accuracy.

As a result of the above discussion, the key findings of this paper are summarized
as follows:

1. Using the FBSE technique, the current empirical wavelet transform will be revised.
2. It has also been proposed to automate the process by employing the Fourier–Bessel

series expansion-based empirical wavelet transform (FBSE-EWT).
3. Crack fault with different levels in gear is the missing area of research.
4. From each NBC, different statistical features were obtained.
5. Multiple classifiers are used to categorize signals from the significant features; it is

determined by the Kruskal–Wallis test.
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6. A comparative study has been carried out between existing EWT and proposed a
novel methodology.

2. Proposed Methodology

Figure 1 here describes the steps in the proposed approach. The bevel gear test rig was
used to collect gear signals under various crack fault conditions for the suggested approach.
It employed two separate methods, EWT and the suggested approach, FBSE-EWT, to break
down the different levels of gear crack vibration signals into sub-bands. Features were
extracted from each sub-band. Further identification of significant features is obtained
using the Kruskal–Wallis test. Therefore, multi-class classifiers were used to carry out the
fault diagnosis. Find out how the suggested novel methodology, FBSE-EWT, compares to
the existing EWT.
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2.1. Brief Introduction to Fourier–Bessel Series Expansion—Empirical Wavelet Transform
(FBSE-EWT)

The FBSE-EWT signal processing technology combines two approaches for studying
nonstationary signals, FBSE [34] and EWT [24]. A technique known as FBSE-EWT takes a
nonstationary finite energy signal and splits it up into many NBCs, each of which indicate
the nature of the signal’s underlying frequency components. The boundary detection
approach in EWT uses the Fourier spectrum [24], whereas the Fourier–Bessel frequency
spectrum is used in FBSE-EWT [25], which results in an improvement over the conventional
EWT’s subsequent wavelet filter bank [24].

EWT sub-band signals have unique center frequencies as well as compactly defined
frequency bands. The authors [25] developed EWT in conjunction with FBSE for the
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analysis of nonstationary signals. It was observed that the time–frequency representation
(TFR) with FBSE gives better results as compared to the existing EWT, which is based on
the Fourier-transform-based spectrum. Bessel functions with nonstationary properties are
utilized as the basis function in FBSE, it is better suited to studying nonstationary data than
the Fourier transform [25]. The EWT, on the other hand, uses a segmentation technique to
separate narrow-band signals using empirical wavelets created from the spectrum. The
EWT is an adaptive signal decomposition approach for nonstationary signals that was
proposed in [24]. The generation of adaptive wavelet-based filters is an inherent process of
EWT. The spectral information of the signal can potentially be identified with the use of
these wavelet-based filters. After EWT decomposition, the resultant sub-band signals have
particular center frequencies and compact frequency supports.

The FBSE-EWT is based on the building of an empirical wavelet filter bank for the EEG
signal in the FBSE domain [24]. Bessel functions must be used as the base set of functions
for the FBSE-based depiction of signals. These Bessel functions have the characteristic of
decaying with time, making them well-suited for the efficient encoding and analysis of
nonstationary signals [25]. In addition to this, the Bessel functions are convergent and
nonperiodic [34]. The FBSE-based representation does not have any negative frequency
components, so the FBSE approach gives double-frequency resolution when compared to
the Fourier-based representation [25]. A description of the FBSE-EWT approach for the
signals is presented in the following steps [24,25,34]:

Step1: The FBSE system is utilized as an analytical tool for the purpose of acquiring
the frequency spectrum of a signal x(n) that exists within the frequency band [0, π]. The
following is an analytical formulation for the FBSE approach, which is founded on the
zero-order Bessel function [34]:

x(n) =
M

∑
m=1

Gm B0

(
ψmn
M

)
, n = 0, 1, 2, 3, . . . . . . . . . M− 1 (1)

where Gm indicates the FBSE coefficients for the input signal x(n) and these coefficients,
which may be represented as follows [25]:

Gm =
2

M2(B1(ψm))
2

M−1

∑
n=0

ny(n) B0

(
ψmn
M

)
(2)

B0(·) and B1(·) are the notations that refer to the zero-order and first-order Bessel
functions, respectively. A zero-order Bessel function’s B0(ψ) = 0 and the positive roots
are denoted by ψm, where m = 1, 2, 3 . . . M. The appropriate continuous time frequency
Cm(HZ) [34], the mth order of FBSE coefficients, is defined as follows [34]:

ψm ≈
2πCm M

Cs
, where ψk≈ ψm−1 + π ≈ m π (3)

where CS represents the sample rate. The previously mentioned expression may also be
presented as [25]:

m ≈ 2Cm M
Cs

(4)

The range of m should be extended from 1 to M, where M is the signal length, and it
encompasses all frequency bands of the sampled signal. The FBSE spectral is displayed
between the absolute values of the FBSE coefficients (Gm) versus frequencies (Cm).

Step 2: In order to extract the relevant N + 1 boundary frequencies αi and segment
the FBSE spectrum into N sub-band signals, a scale–space boundary recognition technique
is formed. This algorithm’s purpose is to extract those frequencies. The EWT boundary
recognition technique is utilized in order to determine the N − 1 intermediate boundary
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frequencies that lie between 0 and π. After the FBSE spectral is segmented, the boundary
frequency ranges can be mathematically expressed as follows:

[0, α1], [α1, α2], [α2, α3] . . . . . . . . . [αN−1, π]

Step 3: The bandpass filters developed by Littlewood-Paley and Meyer were devel-
oped with a combination of scaling and empirical wavelet functions. These are arranged
by the various adaptive segregations of the FBSE spectrum. The following mathematical
equations can be used to describe scaling and empirical wavelet functions [24,25]:

µi(α) =


1, if |α| ≤ (1− ε)αi

cos
[

π∅(ε, αi)

2

]
, if (1− ε)αi ≤ |α| ≤ (1 + ε)αi

0, otherwise

(5)

γi(α) =



1, if (1 + ε)αi ≤ |α| ≤ (1− ε)αi+1

cos
[

π∅(ε, αi+1)

2

]
, if (1− ε)αi+1 ≤ |α| ≤ (1 + ε)αi+1

sin
[

π∅(ε, αi)

2

]
, if (1− ε)αi ≤ |α| ≤ (1 + ε)αi

0, otherwise

(6)

where the variable ε signifies the tight frame and the function ∅(ε, αi+1) is defined in
Equation (7). After that, the generation of the tight frame of scaling as well as empirical
wavelet functions will be possible if the condition that is given in Equation (8) is achieved.
δ(z) is an arbitrary function, and the following is the definition of the parameter δ [24]:

∅(ε, αi+1) = δ

[
(|α|)− (1− ε)αi

2εαi

]
(7)

ε < mini

(
αi+1 − αi
αi+1 + αi

)
(8)

δ(z) =


0, if z ≤ 0

δ(z) + δ(1− z), if ∀z ∈ [0 1]
1, if z ≥ 0

(9)

The inner product is being utilized for the scaling and the wavelet function towards
acquiring detail as well as approximate coefficients from arbitrary signals x(n). The
following are a description of the detailed T(i)(k) (i = 1, 2, 3, . . . . . . . . . . . . J), as well as the
approximate coefficients A1(s). Here, J gives the total number of coefficients [24].

Ti(k) =
N

∑
Ω=1

x(Ω)ωi(Ω− k) (10)

E1(k) =
N

∑
Ω=1

x(Ω)Ki(Ω− k) (11)

The reconstruction of the ith detail and the approximation coefficient signals are
expressed as [24]:

xT(i)(n) =
Ni

∑
k=1

T(i)(k)ωi(n− k) (12)

xE(1)
(n) =

N1

∑
k=1

E(1)(k)K1(n− k) (13)
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where xT(i)(n) and xE(1)
(n) define detailed and approximation sub-band signals of ith level,

respectively. Ni represents the wavelet length coefficients of ith detailed coefficients and
N1 denotes the wavelet length vector corresponding to the approximate coefficients.

The following are some advantages of spectrum representation utilizing FBSE over
traditional FT-based spectral representation:

1. To begin with, when compared to traditional Fourier representation, the FBSE spec-
trum has a compact representation [25].

2. Second, the FBSE spectrum avoids the spectral representation effect of windowing [25].
To limit the influence of spectral leakage, a window function is incorporated into the
spectral representation that is based on FT. On the other hand, without the influence
of windowing, the FBSE spectral can obtain signal characteristics even for signals
with a short time.

Furthermore, spectral representation using FBSE necessitates several coefficients equal
to the discrete signal’s length. This contrasts with the traditional FT spectrum, which has
a spectrum length half that of the discrete signal being examined [25]. As a result, the
FBSE-based spectrum has a higher spectral resolution than the FT spectrum. Only an
interpolated spectrum with a smoother appearance will result from zero-padding with the
signal to acquire the same length of FT spectral. The aforementioned characteristics of the
FBSE spectrum, in comparison to the FT spectrum, help to locate the optimal boundary
frequencies in a more exact manner, which is especially helpful when the signal is compact
and consists of components with closed frequency ranges.

2.2. Features Extraction

The statistical and entropy features are extracted from EWT, and a novel approach,
FBSE-EWT, is based on sub-bands with different frequency scales of sub-band signals.

2.2.1. Kurtosis

The degree of distribution tailless about a normal distribution is measured. The
following is the mathematical representation of kurtosis [35]:

Ku =
1
N ∑N

n=1(x(n)− x)4[
1
N ∑N

n=1(x(n)− x)2
]2 (14)

where x refers to the average value of the signals x(n).

2.2.2. Root Mean Square (RMS)

The root mean square (RMS) value of a signal’s vibration amplitude offers information
about its energy content. It is possible to formulate it in mathematical terms as follows [35]:

RMS =

√√√√ 1
N

N

∑
n=1

[x(n)]2 (15)

2.2.3. Variance

It gives the range that the signal has travelled away from its mean value. It provides
you with the distribution of the data set for your signal [35].

σ2 =
∑[x(n)− x ]2

N
(16)

where N and x show the sample’s number and mean taken within the signals, and x(n) is
the amplitude of the signal for nth sample.
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2.2.4. Shannon Entropy

The Shannon entropy is used to quantify the degree of uncertainty around the occur-
rence. It analyzes the data and produces a probability distribution that is uniform while
maintaining a high entropy value. On the other hand, the entropy values of the data are
low when the distribution is peaky and narrow. It is possible to represent the Shannon
entropy using the formula [35]:

Esh = −∑
i

x2
i log

(
x2

i

)
(17)

where xi is the coefficient of signal x.

2.3. The Kruskal–Wallis Statistical Test

The Kruskal–Wallis test, which was developed in 1952 [36], is a method for the one-
way analysis of variance that does not rely on any parameters (ANOVA). The computation
of probability (p) was used to determine whether or not there was a statistically significant
difference. If the value of p is less than 0.05, then the difference can be considered statisti-
cally significant. The lowest p-value is used to determine the level of distinction between
the classes that are optimal. In this research, the statistical test known as the Kruskal–Wallis
was performed by utilizing the MATLAB program.

2.4. Classifiers
2.4.1. Random Forest

This classification is a representation of the collective conclusion that was reached
by several different classification trees. Each final classification choice is reached by in-
dependently weighing the contributions of each decision tree. For the construction of a
tree, the random tree approach is used [29]. Breiman [37] first proposed this classification
approach, which was further refined by Liaw and Wiener [37]. This approach combines
a random vector vm with a tree number mth. In order to generate a result, a decision tree
has been implemented using t as the training input data and vm as the random vector. The
tree classifier G(t, vm) is displayed as a result of this. This is shown in the tree classifier
G(t, vm). The margin function (MN) is used to determine the class. Two randomly chosen
vector distributions, CandD, are employed for training.

MN(C, D) = kvm I(Gm(C) = D)−max
j 6=D

kvm I(Gm(C) = j) (18)

In the above equation Gm(C) = G(t, vm), kvm represents the average value, and the
indicator function is denoted by I(·) [37].

The mathematical expression of generalization error (GR) can be written as follows:

GR = Pc,d[MN(C, D) < 0] (19)

where Pc,d denotes the probability in the C, D space.

2.4.2. C4.5 (J48) Decision Tree

The behavior of the attribute vector is determined by the decision tree algorithm [28].
A training set of tuples are used to build a decision treetop-down. A tuple contains attribute
and class values [28]. The algorithm follows contractive rules:

1. A tree’s leaf is labeled with the same class for instances of the same class.
2. A test on each attribute’s prospective information is calculated. An attribute test

determines the information obtained.
3. The optimal branching property was chosen using the present criterion.
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2.4.3. Multilayer Perceptron Classifier

In the multilayer perceptron classifier, neural networks have been utilized [28]. The
network is structured as a feed-forward with many layers. Figure 2 shows the sort of
network that contains one or more hidden layers of nodes in between both input and output
layers. These nodes are linked together by a network that uses weights. Before controlling
the layers that are being input and output, intermediary calculations are performed on the
hidden layer.
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3. Experimental Study

In this experimental investigation, the Machinery Fault Simulator, abbreviated as
MFS, was utilized for acquiring the gear vibration signals. Figure 3 illustrates a schematic
representation of the MFS. The experimental apparatus included a three-phase alternating
current motor that served as the prime mover (3/4 horsepower, 2850 revolutions per
minute). This motor was linked to the shaft using a flexible connection. On the other
side of the shaft was a coupled belt and pulley agreement, which was then coupled with
a straight-tooth bevel gearbox. Table 1 provides the bevel gearbox’s detailed technical
specifications for this work. For this study, the level of crack faults made by the CNC Wire
Electrical Discharge Machine (Wire EDM, Company name: Electronica India Limited, Pune
(India), Model: ELPlus 15) is shown in Figure 4. In addition, the length of the crack was
evaluated using an optical microscope. Figure 5 depicts the health of gears, whereas Table 2
shows the types of gear tooth cracks and their relative length in straight bevel gears.
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Table 1. Technical specifications of the single-stage bevel gearbox.

Description Value

Module 2 mm

The angle of a pitch for gear 56◦19′

The angle of a pitch for pinion 33◦41′

No. of teeth (pinion) 18

Gear ratio 1.5:1

No. of teeth (gear) 27

Pressure angle 20◦

Material (gear) Forged steel

Material (pinion) Forged steel
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Table 2. Cont.

S. No. Types of Gear Tooth Crack Crack Image Crack Length (mm)

2. Slight crack tooth
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The studies were carried out with the motor operating at a speed range of 15–30 Hz.
The motor’s speed was manually controlled using the controller. Additionally, a load of
0–4 Nm was applied to the gearbox’s output shaft using the mechanically controllable
magnetic brake. A direct adhesive mounting method was employed for fastening a triaxial
accelerometer to the upper surface of the housing of the bearing. This agreement was used
to collect gear vibration data. The acceleration readings were recorded with a sample rate
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Table 3. Cont.

The State of the Bevel Gear Signal in the z-Direction (Vibration Signal)

Slight crack tooth
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4. Results and Discussion

In this work, automated gear defect diagnostics using two different techniques, EWT
and the proposed method, FBSE-EWT, also found the comparison performance. For the
decomposition of signal input parameters such as global trend removal “none”, regulariza-
tion “gaussian”, detection method “locmax”, and maximum number of bands “10” were
used, respectively. Figure 6a,b shows the EWT-based decomposed sub-bands for all gear
signals (healthy signal, incipient crack signal, slight crack signal, moderate crack signal, and
severe crack signal) with the magnitude spectrum of their respective sub-bands. Figure 7
represents one example of scale–space-based determined boundaries in the FBSE-based
magnitude spectrum. Further, it has been used to develop the FBSE-EWT-based filter bank
shown in Figure 8. The spectrum analysis is improved by using the FBSE-EWT approach, as
illustrated in Figure 9a,b for the same identical signals. Kurtosis, root mean square (RMS),
variance, and Shannon entropy were some of the main characteristics that were extracted
using the sub-bands. The Kruskal–Wallis test is conducted to see if there are substantive
distinctions between the categories. A calculation of probability, denoted by p, was used to
measure it. Table 4 shows the EWT and FBSE-EWT p-values for 120 different pairs of gear
crack signals. Also from Table 4, the statistical analysis indicated that it is necessary to omit
the sub-band signal for those with p-values that are more than 0.05. The classifier obtains
the significant statistical features that are extracted from the retentates. There are three
different classifiers utilized in the method that has been presented, i.e., random forest, J48
decision tree classifiers, and multilayer perceptron function classifier. To train the classifiers,
the 10-fold cross-validation method was applied to both the training data sets and the
testing data sets. This was performed so that the classifiers could be properly evaluated.
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Table 4. Obtained p-value for various features from EWT and FBSE-EWT approach.

Methods EWT FBSE-EWT (Proposed Method)

Bands Kurtosis RMS Variance Shannon
Entropy Kurtosis RMS Variance Shannon

Entropy

Sub-band 1 1.0591 × 10−9 7.6275 × 10−5 7.7517 × 10−5 4.7474 × 10−7 1.2526 × 10−6 0 0 0

Sub-band 2 0 0 0 0 1.3039 × 10−6 0 0 0

Sub-band 3 0.0001 0 0 0 0 1.0831 × 10−7 1.0839 × 10−7 3.4883 × 10−8

Sub-band 4 0.0021 0 0 0 1.3918 × 10−8 0 0 0

Sub-band 5 0.0001 0 0 0 0.008 0 0 0

Sub-band 6 0.0010 0 0 0 0.0111 0 0 0

Sub-band 7 0.0075 0 0 0 0.0020 0 0 0

Sub-band 8 0.7022 0 0 0 0.0029 9.0985 × 10−9 0 8.0157 × 10−9

Sub-band 9 0.4692 0 0 0 0.0034 1.8916 × 10−7 1.8847 × 10−7 1.4926 × 10−7

Sub-band 10 0 0 0 0 0 0 0 0

The complete data set is randomly divided into two groups throughout the cross-
validation process. The first group is called the training set and it contains 90 percent of the
total data. The second group is called the testing set (10 percent). The procedures were car-
ried out 10 times to conduct 10-fold cross-validation, which removes any potential sources
of bias from the process of separating data into training and testing data sets. Table 5
shows the optimized classification results, with the objective of maximizing classification
accuracy. According to Table 5, for EWT-based individual features and their combination
features, including kurtosis, RMS, variance, and Shannon entropy, the random forest classi-
fier showed the highest possible performance accuracy with 57%, 62.5%, 59%, 59.5%, 66.5%,
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66%, 68.5%, 59%, 59%, 61%, 65.5%, 66%, 60%, and 66.5% accuracy, respectively. Addition-
ally, the random forest classifier has demonstrated a high level of accuracy with 77.5%,
67%, 68.5%,67.5%, 83.5%, 73%, 84%, 66.5%, 69.5%, 69.5%, 72.5%, 73%, 64.5%, and 82.5%
from Table 5 in FBES-EWT based on the same feature combination. According to Table 5,
FBES-EWT achieved the highest classification accuracy, which was 84%, by employing a
random forest classifier that incorporated the kurtosis and Shannon entropy characteristics.

Table 5. Performance comparison of classifiers between EWT and FBSE-EWT methods.

S. No. Features

Performance of the Classifiers
(%) Using EWT

Performance of the Classifiers (%)
Using FBSE-EWT (Proposed Method)

Random
Forest

Multilayer
Perceptron J48 Random

Forest
Multilayer
Perceptron J48

1 Kurtosis 57 43.5 40 77.5 55 42

2 RMS 62.5 51.5 52 67 61.5 51

3 Variance 59 46 43.5 68.5 48.5 43.5

4 Shannon entropy 59.5 59.5 44 67.5 46.5 44

5 Kurtosis and RMS 66.5 55 50 83.5 66 53

6 Kurtosis and variance 66 51.5 53 73 62.5 53.5

7 Kurtosis and Shannon entropy 68.5 50.5 49 84 73 55

8 RMS and variance 59 54 46 66.5 63 46

9 RMS and Shannon entropy 59 53 43 69.5 60 50

10 Variance and Shannon entropy 61 48 41 69.5 48 41

11 Kurtosis, RMS, and variance 65.5 54 44 72.5 68 46.5

12 Kurtosis, variance, and Shannon entropy 66 54.5 42 73 61.5 43

13 RMS, variance, and Shannon entropy 60 51.5 49 64.5 55 49

15 RMS, Shannon entropy, and kurtosis 66.5 53.5 39 82.5 72.5 39

The comparison of accuracy between our proposed method with gear signals and
other existing methods in the literature is detailed in Table 6. Here, the authors are the first
to apply the FBSE-EWT method to the mechanical system in gear fault deduction, which
is the key novelty of this work. The maximum classification accuracy, i.e., 84%, has been
achieved. On comparing the obtained accuracy of the proposed method with other existing
methods, there is a marginal difference of 11%, which can be further improved by small
training results. The results show that the proposed method has promising future uses
in machine learning algorithms for building a knowledge base system that can aid in the
early detection of defects, the implementation of condition-based maintenance to avoid
catastrophic failure, and the reduction in operating costs.

Table 6. Comparison of proposed method with exiting methods.

Authors Vibration Signal Method Feature Classifier Accuracy (%)

Saravanan et al. [15] Bevel gearbox signals CWT Statistical features ANN 97.5

Saravanan et al. [16] Bevel gearbox signals DWT Statistical features ANN 95

Proposed method Bevel gearbox signals FBSE-EWT Kurtosis and Shannon entropy Random forest 84

5. Conclusions

Any malfunction in gear systems increases maintenance costs and downtime. Au-
tomated fault diagnosis of such systems could be a promising way to deal with such
conditions. The EWT and FBSE-EWT methods have been used to decompose different
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levels of bevel gear crack fault signals. The obtained sub-bands are used to evaluate fea-
tures. To improve the realization, statistically significant features with p < 0.05 are decided
using the Kruskal–Wallis statistical test. These statistically significant features are fed to the
classifiers. The maximum classification accuracy of 84% is obtained using the FBSE-EWT
method with a random forest classifier for kurtosis and Shannon entropy features.

It is observed that FBSE-EWT is better than EWT for gear fault deduction. It is
also observed that the classification accuracy for the random forest is better than that
of multilayer perceptron and J48 classifiers. Comparative studies provide confirmatory
evidence that the proposed approach, FBSE-EWT, is superior to EWT. Moreover, the present
investigation and findings of the proposed methodology are quite helpful for the automatic
identification of crack gear faults to diagnose the system with good accuracy.
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