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Abstract: Vibration condition monitoring is a non-devastating technique that can be performed to
detect tooth cracks propagating in gear systems. This paper proposes to apply a new methodology
using time-domain analysis, frequency-domain analysis, and statistical process control charts (SPCC)
for gear crack detection of a 10 DOF dynamic model of spiral bevel gear system (SBGS). The gear
mesh stiffness effect used in the model has been studied analytically for different levels of crack
faults. Adding Gaussian white noise is discussed as the first step to simulating the initial modeling
signals of real-world conditions. Second, time-domain signal analysis was performed to identify
periodic vibration pulses as failure components and calculate the statistical standard deviation (STD)
feature as a fault-sensitive feature. Third, a fast Fourier transform (FFT) to time signals of the variable
gear mesh stiffness was applied to determine the gear mesh frequency and sidebands to detect
tooth cracks. Fourth, the SPCC was designed using the Shewhart X-bar chart and an exponentially
weighted moving average (EWMA) chart based on the STD feature of the healthy gears. Finally, in
the testing stage, the control charts are carried out with simulation signals under faulty conditions
to detect the different levels of cracks. The results showed that the EWMA chart outperformed the
time domain analysis, frequency domain analysis, and Shewhart X-bar chart in detecting all levels of
cracks at an early stage.

Keywords: spiral bevel gear system (SBGS); dynamic modeling; gear crack; vibration analysis
techniques; statistical process control charts (SPCC); Shewhart X-bar chart; exponentially weighted
moving average (EWMA) chart

1. Introduction

The condition monitoring (CM) of rotating machines, including spiral bevel gear
systems (SBGS), used in power transmission, industrial production, and modern manu-
facturing machinery, has attracted the increasing interest of industrialists and researchers
in this field [1]. Gear cracks are one of the most common failures in bevel gear systems;
they can occur due to excessive torque, poor lubrication, manufacturing or installation
defects, or simply end-of-life fatigue [2]. Early detection of cracks can prevent unexpected
machine breakdowns, improve product quality, increase the production and reliability of
modern rotating machines, and provide safety for people [3]. Therefore, it is necessary
to investigate crack fault detection in the bevel gear transmission system for mechanical
status assessment and health maintenance.

In this field, dynamic modeling of gear systems has proven to be an effective method
for analyzing and understanding the dynamics behavior of gear systems during a fault.
The time-varying meshing stiffness (TVMS) plays an essential role in the vibration response
excitation of the dynamic models and can be used to represent local gear defects [4].
Consequently, the search for methods for crack fault detection caused by changes in the
gear mesh stiffness has become the emphasis and attention of foreign and local scholars [5,6].

Machines 2023, 11, 312. https://doi.org/10.3390/machines11020312 https://www.mdpi.com/journal/machines

https://doi.org/10.3390/machines11020312
https://doi.org/10.3390/machines11020312
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/machines
https://www.mdpi.com
https://orcid.org/0000-0002-3711-5237
https://orcid.org/0000-0002-7739-7718
https://doi.org/10.3390/machines11020312
https://www.mdpi.com/journal/machines
https://www.mdpi.com/article/10.3390/machines11020312?type=check_update&version=2


Machines 2023, 11, 312 2 of 26

Most studies carried out in the last two decades have focused on crack defect detection
using vibration analysis techniques in spur gear systems [7–11]. In contrast, some works
in the literature have been found related to fault detection in bevel gear models caused
by TVMS fluctuations, such as cracks, wear, and breakage. For instance, Yassin et al. [12]
developed a numerical method of the 3D-dynamic model of a two-stage straight bevel gear
to study the change effect in mesh stiffness to detect manufacturing and tooth crack defects
using time and frequency domain analysis methods and compare the dynamic behavior
of the system under healthy and faulty conditions. Figlus and Wilk [13] used an envelope
spectrum analysis to diagnose tooth chipping and wear faults. Hu et al. [14] developed
a vibration indicator extracted from gear signals using time synchronous averaging (TSA).
This gear status indicator consists of the sideband ratios of a number of mesh frequency
harmonics to monitor different wear faults. Yang et al. [15] presented a dynamic model
of a spiral bevel gear transmission with torsional vibration response, friction excitation,
and time-varying mesh stiffness. Then, model vibration response was analyzed to detect
various broken tooth failures at minor fault severity (10–30%) and severe fault severity
(30–60%) using statistical features of time domain and frequency domain components.
Figlus [16] introduced a new method for processing the gearbox vibration signal in means
of transport. The method combined multi-stage filtering and entropy. The results showed
the effectiveness of the presented technique in extracting symptoms of gear damage from
the complex gearbox vibration signal. Dewangan et al. [17] proposed a mesh stiffness
model for a single-stage bevel gearbox to calculate the dynamic response with a missing
tooth fault. The defect feature characteristics were determined using signal processing
methods in the time and frequency domain, and the simulation results were compared with
the experimental results. Han et al. [18] used different statistical indices for both time and
frequency domains to determine the tooth root cracking faults with different crack degrees
obtained from the repeated reduction in time-varying mesh stiffness (TVMS) under the
influence of assembly errors in a spiral bevel gear (SBG) transmission system established
by a finite element (FE). Mauricio et al. [19] used a diagnostic indicator called squared
envelope spectrum(SES) for early and accurate detection of gear failures

Furthermore, the detection of bevel gear tooth failures caused by the impact of mesh
stiffness variation under non-stationary dynamic conditions was performed. Karray et al. [20]
studied the TVMS influence on the dynamic response of a spiral bevel gear with a local defect
under load and speed variable states. The results showed that time-frequency analysis is more
suitable for detecting tooth cracks than spectral analysis. Ziani et al. [21] developed a signal
processing technique using an Empirical Mode Decomposition(EMD), Teager–Kaiser Energy
Operator (TKEO), and shock detector (SD) to investigate the behavior of time-varying mesh
stiffness (TVMS) for detecting crack defects at different levels using simulated vibration data
obtained from a dynamic model of a spiral bevel gearbox operating under non-stationary
conditions. Chaari et al. [22] presented a dynamical model of a spiral bevel gear under
stationary and non-stationary operating conditions and time-varying mesh stiffness (TVMS).
Using the jerk, the acceleration derivative, different levels of local tooth defects in the gearbox
were diagnosed.

Meanwhile, some researchers have identified failures of bevel gear models resulting
from TVMS effects and transmission (TE) errors. Zhu et al. [23] studied the effects of time-
varying mesh stiffness (TVMS), transmission error (TE), gearbox flexibility, unbalanced
excitation, flexible shaft, and bearing support of the full coupling system vibration of spiral
bevel gears. In the same way, Peng et al. [24] performed a transmission error change (TE)
investigation using a lumped parameter model (LPM) to diagnose localized defects, namely
cracks and spalling, using a finite element model.

Besides that, Cao et al. [25] propose a Tribo-dynamic model for spiral bevel gears
through an iterative numerical scheme to correlate a non-linear dynamic model of 8-DOF
with a lubrication model. To simulate fatigue life analysis using the rolling contact stress
life (RCSF) model. Further, Molaie et al. [26] analyzed the non-linear dynamic behavior and
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time-variation of a spiral bevel gear pair with different cases of axial and radial misalign-
ments using time responses, phase portraits, Poincare maps, and bifurcation diagrams.

Recently, the statistical process control charts (SPCC) technique has attracted great
interest in the fault detection of gear systems [27,28]. SPCC has several advantages, includ-
ing shorter computational capacity with fewer data, fault detection in less time, and ease of
application [28]. Nevertheless, studies in [27,28] focused on applying the SPCC technique
to detect fracture and wear faults in spur gear systems, even though they have yet to be
widely used in real life. Besides, SPCC has not been applied to detect crack defects that
are difficult to produce in experimental tests, especially in producing small cracks with
precise dimensions.

To sum up, according to the literature mentioned above, scholars have conducted
many research studies on the dynamic behavior of gear transmissions with failures. Only
a few studies included detecting crack faults at small levels by time-varying mesh stiffness
excitation in the SBGS. In order to fill this research gap, this paper aims to investigate the
behavior of linear dynamics of an SBGS, which relies on the described method in [20,21,29]
for time-varying mesh stiffness (TVMS) calculation as the starting point. The novelty of
this study is in investigating the variation effect of the gear mesh stiffness with different
percentages to represent small levels of tooth crack defects using vibration analysis tech-
niques and statistical process control charts (SPCC). Time domain and frequency domain
analysis methods are used to detect the periodic fluctuations and sidebands caused by the
TVMS changes. Then, the SPCC approach was applied using the Shewhart X-bar and the
exponentially weighted moving average (EWMA) charts. The results demonstrated that
the EWMA control chart is superior to the vibration analysis methods and Shewhart X-bar
chart in detecting all levels of cracks. The sections of the paper are organized as follows.
Section 2 describes the dynamic model of SBGS. Section 3 presented the proposed methods
and procedures for crack fault detection. Section 4 offered the results and discussion.
Finally, Section 5 explains the conclusions and future work.

2. Theoretical Modeling of the Transmission System
2.1. Dynamic Modeling of a Spiral Bevel Gear System (SBGS)

A single-stage spiral bevel gear system model is considered [21] with 10 degree of
freedom (DOF), as shown in Figure 1. This transmission is presented by two rigid blocks
consisting of a pinion and a wheel. The pinion is joined to the motor for the input shaft,
and the wheel is coupled to the receiver shaft (load). The 5 DOF are assigned to each
block. xi, yi, zi (i = 1, 2) are three translational displacements, θ1 and θ2 are rotations of the
pinion and wheel, respectively, and θm and θr are rotations of the motor and receiver (load)
shafts, respectively. The two gear bodies are treated as rigid cone disks and the shafts are
presented by torsional stiffness. The following assumptions were made of the model:

a. The transmission system operates under stationary conditions;
b. Linear springs are used to represent the stiffness generated by the gears meshing;
c. The frictional force effect that occurs while meshing is disregarded;
d. Any effects of errors in assembly and manufacturing are neglected;
e. There is no consideration for any transmission errors;
f. Due to the low rotational speed, the Coriolis force was neglected;
g. Damping is considered Rayleigh damping.

2.2. Equation of Motion of the System

After defining the model specifications, the equation of motion of the system is com-
puted through Newmark’s method [21,30] and obtained by applying Lagrange formulation
and is given by:

M
..
q + C

.
q + K(t)q = F (1)

where M is a diagonal mass matrix, C is the proportional Rayleigh damping matrix, K(t) is
the stiffness matrix.
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Figure 1. Dynamic model of a single-stage bevel gear system (10 DOF).

The degree of freedom (DOF) vector of the system is defined as:

q = {x1, y1, z1, θm, θ1, x2, y2, z2, θ2, θr}T (2)

The diagonal mass matrix (M) of the system is defined as:

M=



m1
m1

0

m1 0
Im

I1
m2

m2
m2

I2
Ir



(3)

where m1 and m2 are the mass of the first block and the mass of the second block, respec-
tively. Im, Ir, I1, I2 are the moments of inertia that are associated with the motor, the receiver,
the pinion, and the wheel gear, respectively.

F is the applied external torque vector and defined as:

F = {0, 0, 0, Cm, 0, 0, 0, 0, 0, Cr}T

where Cm and Cr are the driving and the loading torque, respectively.
Based on the premise that the transmission operates under a constant and permanent

system, so the driving torque is related to the loading torque, as follow:

Cr = −
Z2

Z1
Cm (4)
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where Z1 and Z2 the numbers of teeth on the pinion and the wheel, respectively.

2.3. Modeling of Gear Mesh Stiffness

This part describes the procedure for modeling the temporal fluctuation of the two-
meshing stiffness of spiral bevel gears.

In a gear system, gear mesh stiffness is a time-varying metric because the number
of connected teeth changes by the contact ratio. Moreover, the mesh stiffness changes
continuously with changing location and direction of the forces applied to the tooth through
the meshing duration [9]. The mesh stiffness shows a reduction during the gear tooth fault.
The ratio of this reduction is different according to the magnitude of the fault during the
defective tooth meshing period.

In this model, the mesh stiffness is modeled through a linear stiffness ke(t). It is
modeled as a trapezoidal function a minimum value of this function corresponds to 1 pair
in mesh, and the maximum one corresponds to 2 pairs in contact, as shown in Figure 2.
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The stiffness matrix K(t), can be defined as follows:

K(t) =



s2ke + kx1 −s6ke −s4ke 0 −s9ke −s2ke s6ke s4ke s10ke 0
−s6ke s3ke + ky1 s5ke 0 s11ke s6ke −s3ke −s5ke −s12ke 0
−s4ke s5ke s1ke + kz1 0 s7ke s4ke −s5ke −s1ke −s8ke 0

0 0 0 kθ1 −kθ1 0 0 0 0 0
−s9ke s11ke s7ke −kθ1 s13ke + kθ1 s9ke −s11ke −s7ke −s15ke 0
−s2ke s6ke s4ke 0 s9ke s2ke + kx2 −s6ke −s4ke −s10ke 0
s6ke −s3ke −s5ke 0 −s11ke −s6ke s3ke + ky2 −s5ke s12ke 0
s4ke −s5ke −s1ke 0 −s7ke −s4ke −s5ke s1ke + kz2 s8ke 0

0 0 0 0 0 0 0 0 −kθ2 kθ2
s10ke −s12ke −s8ke 0 −s15ke −s10ke s12ke s8ke s14ke + kθ2 −kθ2


(5)

where ke is the function that defines the time-varying gearmesh stiffness; kxi, kyi and
kzi (i = 1, 2) are the bearing stiffness of each block. kθi (i = 1, 2) are the torsional stiffness of
the shafts. The coefficients Sj(j = 1 . . . 15) are given in Table 1.

The mesh stiffness matrix K(t) can be decomposed into called a mean stiffness matrix
Km and a variable matrix k(t) expressed by:

K(t) = Km + k(t) (6)

C is the proportional Rayleigh damping can be defined as:

C = 0·05 M + 10−4 Km (7)
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Table 1. Coefficients Sj of the meshing stiffness matrix K(t).

S1 = (a3)
2 S6 = a1a2 S11 = rm1a2a3

S2 = (a1)
2 S7 = rm1(a3)

2 S12 = rm2a2a3

S3 = (a1)
2 S8 = rm2(a3)

2 S13 = (rm1)
2(a3)

2

S4 = a1a3 S9 = rm1a1a3 S14 = (rm2)
2(a3)

2

S5 = a2a3 S10 = rm2a1a3 S15 = rm1rm2(a3)
2

where a1 = sin α sin δ1 + cos α sin β cos δ1, a2 = sin α cos δ1 − cos α sin β sin δ1, a3 = cos α cos β. β is the spiral
angle, δ1 is the gear pitch angle and α is the pressure angle. rm1 and rm2 are the average radius of the pinion and
the wheel, respectively.

3. The Proposed Methodology for the Gear Fault Detection

Figure 3 shows a flow chart depicting the proposed gear fault detection methodology
based on the vibration analysis methods and statistical process control charts (SPCC)
approach. This methodology is divided into the subsequent steps:

1. Data acquisition: the initial simulated vibration signals are obtained from the dynamic
model described in Section 2. Next, as a first step, a noise-add simulation of the initial
signals is performed using noise contrast and signal-to-noise ratio (SNR) to simulate
work conditions for raw signals as in real practice;

2. Data processing: Vibration analysis methods, including both time domain analysis
and frequency domain analysis, are used for vibration signals after they are divided
into segments as short-time signals. Firstly, the time-domain signal is analyzed to
detect periodic pulse and calculate the standard deviation (STD) feature as a fault-
sensitive statistical feature and then used to design and test the SPCC. Secondly, the
vibration signal is analyzed in the frequency domain using fast Fourier transform (FFT)
analysis to identify meshing frequency ( fm) and sidebands ( fsb) that are associated
with different crack levels.

3. The design stage of statistical process control charts (SPCC): Univariate statistical
control charts are designed, each of the Shewhart X-bar chart and the exponentially
weighted moving average (EWMA) chart, depending on the standard deviation (STD)
feature under healthy gear system conditions and the establishment of upper control
limits (UCL) and lower control limits (LCL) for the SPCC;

4. The test stage for statistical process control charts (SPCC): In this step, Shewhart X-bar
and EWMA control charts are tested using the same UCL and LCL as in the healthy
status charts to detect different levels of the crack defect in the root tooth of the pinion.

Next, we will briefly describe the methods that have been applied, i.e., the procedure
for noise simulation, the vibration analysis methods, and the statistical process control
charts (SPCC).

3.1. Noise Simulation of Raw Signals

Gearbox vibration signals are often contaminated by a combination of noise from other
gearbox components (shafts and bearings) and environmental conditions of gear working.
Therefore, the conditions for the initial simulated signals obtained from the dynamic
modeling should be similar to those in real life. When there is no gearbox fault, i.e., when
the gearbox operates normally, the vibration signal consists only of white background noise,
which is usually interpreted as a Gaussian distribution. Whenever the gearbox is faulty,
the vibration signal will have both the fault signal and background noise. As a result, the
vibration signal produced can be expressed as in Equation (8)

s = x + ε if x = 0 there is no fault (8)

where s is the vibration signal, x is the fault signal, and ε is the Gaussian background noise.
The noise variance

(
σ2) can be determined from the vibration signal under normal

conditions [31] by simulations using the randn function in MatLab software. The signal-
to-noise ratio (SNR) shown in Equation (9) and given by [32] is used to determine the
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appropriate noise ratio. A higher SNR indicates that the power of the fault signal is more
elevated than the power of the background noise, making its detection more accessible [32].

SNR = 10× log10(
Px

Pε
) (9)

where Px =
N
∑

n−1
{x(n)}/N is the average power of the signal and Pε =

N
∑

n−1
{ε(n)}/N is the

average power of the noise.
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3.2. The Vibration Analysis Methods
3.2.1. Time Domain Analysis Method

The time-domain analysis method is one of the vibration analysis methods and is
characterized by its simplicity and ease of implementation to analyze the signal in the
time domain. This method is commonly used to monitor the gear’s health condition. The
main goal of it is to determine the abnormal changes causing the gearbox signal vibration.
A change in the gearbox’s condition can cause a variation in the vibration signals. Therefore,
any change or variation in vibration excitation must be analyzed to detect potential faults.
The source of vibration excitation is mainly represented in dynamic models of gear systems
through gear mesh stiffness [5]. Each time domain feature can, to some extent, reflect the
different characteristics of the signal that will be extracted and serve as a substantial basis
for early detection. The standard deviation (STD), root mean square (RMS), crest factor,
and kurtosis are widely statistical parameters applied in time domain analysis to assess the
health of gear systems. The standard deviation (STD) is often used to measure the observed
data’s variance because it has the same units as the data [33]. In addition, it demonstrates
the dispersion of data concerning the mean of its sum, and its size is equal to the average
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value of the variance [33]. Moreover, it has been successfully used as a more sensitive
feature in designing control charts for fault detection of rotating machinery [34]. For that,
in this study, we chose the STD as a fault-sensitive feature and used it to design and test
SCC. It can be computed by the following Equation (10).

STD =

√
∑n

i=1 (xi − x)2

n− 1
(10)

where n is the number of data points, xi each the values of the data, and x equal the mean
of xi.

3.2.2. Frequency Domain Analysis Method

Frequency analysis is an important tool in determining the frequencies of abnormal
vibrations caused by damaged teeth from the time-domain signal analysis. The most widely
used frequency field method is spectrum analysis by using fast Fourier transform (FFT).
Under healthy operation conditions, components in a gear system, such as gears, etc.,
generate signals that contain specific frequencies related to the frequency of their rotation.
In the case of a defective component, the signals generated by that defective component
will be different from the signals generated by an undamaged component. This will be
reflected in the component’s rotation frequency and gear mesh frequency harmonics. As
a result, the fault indicator is found by observing these changes in vibration signals. The
appearance of sidebands of gear mesh frequency ( fm) harmonics are an important indicator
that reflects gear related defects through a characteristic peak in the spectrum. The gear
mesh frequency ( fm) is computed by multiplying the number of gear teeth (Z) by the
rotation frequency ( f ) as in Equation (11) [35].

fm = Z× f (11)

When a gear tooth fault occurs, the fm will be modulated in both amplitude and phase.
This modulation appears as sidebands on either side of the fm in the spectrum and is
separated by integer multiples of the gear rotation frequency. The sideband by integer
multiples of the gear rotation frequency. The sideband frequency can be expressed as in
Equation (12) [35]:

fsb = m· fm ± k· f (12)

where m is the number of the meshing harmonic, and k is an integer.

3.3. Statistical Process Control Charts (SPCC)

Statistical control charts are graphs applied to investigate whether a process varies over
time. Therefore, the data are plotted in a sequence of time. Control charts consist of three
lines representing the control area: the central line, upper line, and lower line. The central
line of the control chart represents the central limit (CL) or mean, an upper line represents
the upper control limits (UCL), and a lower line represents the lower control limits (LCL).
These limits are computed from historical data based on the normal conditions of the
process or machine. Performance is tested by comparing current data and its occurrence
within these limits, which reveals whether the process variance is controlled, i.e., in-control
or out-of-control, affected by special causes of variance [36]. Figure 4 displays a typical
control chart. This chart description of a quality characteristic computed or measured
from the number of samples or a time sequence. The x-axis represents the number of
samples or time, and the y-axis represents the boundaries of the control region known
as the 3-sigma control region. The chart shows the condition of the samples subject to
control and their monitoring. The chart issues an alarm signal when any monitored
sample exits the upper and lower control limits. Statistical control charts are classified into
univariate and multivariate charts. Univariate charts monitor a single variable, such as
the vibrations caused by the machines, the variation in temperature, relative humidity in
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the manufacturing plant, and fluctuations in electricity supply [37]. Many of these charts
have been developed, such as Shewhart X-bar, Exponentially Weighted Moving Average
(EWMA), and Cumulative Sum (CUSUM) schemes [36] (Chapter 9).
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In this study, Shewhart X-bar and EWMA charts were chosen to monitor the varia-
tions of simulated vibration signals acquired from a dynamic model of a bevel gearbox.
The basic principle and mathematical formulas for the above charts are explained in the
following sections:

3.3.1. The Shewhart X-Bar Control Chart Principle

The Shewhart X-bar chart is one of the oldest statistical quality control charts and the
first suggested scheme for testing the hypothesis. The American scientist Walter A. Shewhart
first discovered it during the first half of the twentieth century [36]. The X-bar chart is widely
used in statistical process control and is a helpful tool for detecting large shifts in the process
mean [37]. An X-bar chart is used to monitor the mean of a process by collecting samples
acquired from the process at certain times and subgroups (n) ranging between two and ten
observations. The mean (µx) of subgroups is calculated and shown as a “snap-shot” process
in a given sample or time. The X-bar chart monitors the most recent data sample concerning
the investigated process and overlooks any relevant information included in earlier samples.
The control chart consists of three limits, namely the central limit (CL), the upper control limit
(UCL), and the lower control limit (LCL), as explained in Equations (13)–(15) [36] (p. 185).

CL = µx (13)

UCL = µx + Kσx (14)

LCL = µx − Kσx (15)

where, x represents the statistical parameter for measuring quality characteristics. µm and
σx are the mean and standard deviation, respectively, whereas K represents the distance
between the UCL and LCL from the CL of the controlled data. The value of K was first
suggested as equal to 3 by Walter S. Shewhart, and hence, such control charts are known as
Shewhart control charts [36].

3.3.2. Exponentially Weighted Moving Average Control Chart Principle

EWMA control chart is one of the statistical quality control chart types; it was first
introduced by Roberts [38]. The EWMA chart effectively detects small shifts in the process
mean because the EWMA chart considers all the previous and current data in the entire
process history [39]. On the other hand, the CUSUM chart accumulates all relevant infor-
mation from the historical data, giving equal weight to all process history observations. For
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this reason, the EWMA chart is much less sensitive to exceeding the normal assumption
because it utilizes a weighted average of all previous and present observations compared
to the CUSUM chart [36] (Chapter 9). According to the literature, EWMA is one of the most
widely utilized charts for process monitoring because of its adaptability and sensitivity
to small shifts. The chart is widely used in time series analysis and in many different
disciplines by scientists and engineers to detect abnormalities [40]. The EWMA chart’s
moving average is computed by multiplying the historical data by a weight that decays
exponentially with time [41]. The following mathematical expression describes the EWMA
decision statistic in Equation (16). The EWMA control chart mainly consists of three control
limits: the upper control limit, the central limit, and the lower control limit, also known as
the control area (3 sigma region). The UCL, CL, and LCL are set as in Equations (17)–(19).

EWMAt = λxt + (1− λ)EWMAt−1 if t > 0 (16)

EWMA0 = µ0 if t = 0

where the EWMAt represents the output for the observation statistics values, and xt is the
value corresponding to the observation in the monitoring process in real-time. The EWMAt
statistic value is initially dependent on the average of the normal data (healthy condition)
to be equal to µ0. λ is the smoothing constant, which ranges between 0 and 1 [36].

UCL = µ0 + Lσ

√
λ

(2− λ)
[1− (1− λ)2i] (17)

CL = µ0 (18)

LCL = µ0 − Lσ

√
λ

(2− λ)
[1− (1− λ)2i] (19)

where L is a multiplier of the EWMA standard deviation (σ).

4. Results and Discussion
4.1. Numerical Simulation of Dynamic Behaviour

Considering an SBGS model shown in Section 2, vibration signals are simulated in
healthy and faulty conditions. Its parameters are given in Table 2. The dynamic response
of the SBGS is calculated using the Newmark problem-solving method, then gear mesh
stiffness is introduced in the Equation (1) of system motion.

Table 2. Model parameters of the one-stage spiral bevel gear system [21].

Pinion Gear

Number of teeth Z 14 45
Module (m) 0.0095
Teeth width(m) 0.064
Pitch angle (rad) 0.302 1.269
Pressure angle (α) 20◦

Spiral teeth angle (rad) 0.480
Pitch radius(m) 0.067 0.215
Mass (kg) 24.7 122.6
Shaft rotation speed (Hz) 22 6.84
Inertia moment of a torsional (Kg.m2) 0.0585 1.91
Inertia moment of a bending (kg·m2) 0.501 2.07
Axial stiffness kx1, ky2 (N/m) 1 × 109 2.3 × 109

Lateral stiffness ky1, kz1, kx2, kz2 (N/m) 8.8 × 109 1.3 × 1010

Torsional stiffness kθ1, kθ2 (Nm/rad) 1.2 × 104 7.4 × 104

Bending shaft & bearing stiffness (Nm/rad) 3.1 × 107 9.8 × 107
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Table 2. Cont.

Pinion Gear

Maximum mesh stiffness value (Nm/rad) 2.641 × 107

Minimum mesh stiffness value (Nm/rad) 1.671 × 107

Mean mesh stiffness (N/m) 2.156 × 107

The damping coefficient of mesh 0.06
The damping coefficient 0.02

In this model, a local defect is created on the root of one tooth pinion of the 14 teeth.
This defect exhibits as a crack caused by a repetitive reduction in the profile of mesh stiffness
whenever the cracked tooth comes into contact with another tooth during the meshing
process. Each level of tooth crack severity corresponds to a different level of mesh stiffness
severity as shown in Figure 5, which can be described as follows: 1% decrease in mesh
stiffness (crack level 1), 5% decrease in mesh stiffness (crack level 2), and 10% decrease in
mesh stiffness (crack level 3). The crack defect has a period of 0.0454 s, corresponding to
a frequency of 22 Hz.

Assuming we take into account a sampling frequency of fs = 30,800 Hz, a sampling
time of Ts = 3.24675 × 10−5 s, and a number of samples (N = 84,000 samples), we obtain
a total time of 2.7 s for each initial signal. Figure 6 represents the mesh stiffness function
that was included in the vibration acceleration signals under the health conditions as well
as the three different levels of crack defects.
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Figure 5. Mesh stiffness, Ke(t) at different reduction cases: (a) case 1: no reduction, healthy, (b) case
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reduction in mesh stiffness.

To simulate the initial vibration signals of the working environment in real life, Gaus-
sian noise was added using different ratios of noise variance (σ2), where the appropriate
noise variance ratio equal to 0.001 was chosen because it gave the highest value of SNR
as shown in Table 3. The noisy simulated acceleration signals under healthy and faulty
conditions are shown in Figure 7.

Table 3. SNR ratio of gear signals based on the noise variance (σ2) ratios.

SNR Ratios for Signals σ2 = 0.001 σ2 = 0.002 σ2 = 0.003

SNR for signal healthy 11.8163 8.7586 6.9950
SNR for signal with crack level 1 11.8142 8.7812 7.0354
SNR for signal with crack level 2 11.8769 8.8540 7.1109
SNR for signal with crack level 3 12.0840 9.0398 7.3239

4.2. Vibration Analysis Methods Results
4.2.1. Time-Domain Analysis Method

The time domain signal is analyzed to determine the diagnostic information to extract
components of gear tooth failure. The crack fault components often appear in a time domain
signal as periodic impulses that can be seen more clearly as the crack level increases [42]. As we
explained earlier, the faults are simulated with small crack defect levels of 1, 2, and 3 produced
by the repeated reduction in the gear mesh stiffness by levels 1%, 5%, and 10%, respectively,
once per shaft revolution. Thus, the period between every two pulses equals the period of one
shaft T1 = 1

f1
= 0.0454 s. Generally, short-period signals provide a clearer and more accurate
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visual insight into the fault signature than long-period signals. Therefore, vibration signals with
a length of 2.7 s for the healthy and faulty states were divided into 30 windows as short-time
signals. Each short-time signal represents the period between two fault-related pulses, a length
of 0.09 s using a sampling time (Ts) equal to 3.24675× 10−5 and the number of samples N = 2800.
Figure 8 shows short-time acceleration signals representing two rotations of the pinion in the
y-direction of the healthy and cracked gears. The time-short signals in Figure 8b–d, with crack
levels caused by decreasing TVMS by 1%, 5%, and 10%, appear very similar to the healthy
signal (without crack) in Figure 8a. These findings are consistent with the literature [42] on
crack detection generated by reducing the mesh stiffness in spur gears by 2%, 6%, 18%, and
28%. As a result, the time-domain signal analysis did not provide any information about the
appearance of a periodic vibration pulse or an increase in vibration amplitude that may indicate
the appearance of a crack caused by the mesh stiffness influence.
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(c) crack level 2, and (d) crack level 3.

For further analysis, the effect of mesh stiffness variation on the dynamic response of the
gear system. One statistical indicator, the standard deviation (STD), was used. The STD, as
a fault-sensitive feature, was extracted from the short-time signals and used to design and
test the SPCC technique. Therefore, STD features values are calculated from each short-time
signal by 30 values for each healthy and faulty signal using Equation (10). Figure 9 shows
the resulting standard deviation (STD) values of the SBGS signals under the healthy case
and three different crack levels. There is a clear overlap between the four cases, as appears
in Figure 9. Thus, the increased crack levels on the vibration response of the meshing gears
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cannot be effectively determined by the dynamic statistical results of the STD. Therefore, we
introduced a statistical process control charts (SPCC) approach using a Shewhart X-bar chart
and EWMA chart based on STD features to diagnose the crack defect level.
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4.2.2. Frequency-Domain Analysis Method

The FFT spectra were recorded of the SBGS vibration signal under healthy and faulty
conditions. From Figure 10a, we can see that the gear mesh frequencies (fm = 308) and the
harmonic frequencies (3fm, 4fm) are the largest in the spectra, as is evident by the dominance of
their prominent peaks. After a crack tooth defect due to a 1% loss in mesh stiffness (Figure 10b),
we can see no increase in the amplitude of the meshing frequency and the sidebands of the
third harmonic frequency. The interval of the sideband frequency is the pinion rotation
frequency (fr = 22 Hz). At the same time, we can see a slight increase in the amplitude of the
sidebands around the third harmonic in Figure 10c,d with an increase in the level of a crack
defect caused by a loss increase in the mesh stiffness at a ratio of 5% and 10%.

4.3. Designing Control Charts Results

As mentioned earlier, X-bar and EWMA charts are univariate; they adopt one variable
to monitor the variation in the gear vibration signal. Therefore, the standard deviation was
used as a statistical monitoring variable for the vibration signal changes.

As a first step for designing control charts based on STD features, the essential condi-
tion for selecting features must be met, requiring their distribution to be normal, a prereq-
uisite of design SPCC threshold bounds (control limits) [36].

The condition of the normal distribution of the STD features based on the healthy
pinion signal was verified by visual verification of the graphs of the Minitab 2019 statistical
package, shown in Figure 11. The histogram was used to evaluate whether the distribution
of the STD values of healthy pinion condition corresponded to the normal distribution,
as shown in Figure 11a. The histogram is a bar graph tool that displays data in the same
format as a probability density function. The graph’s horizontal axis represents the variable
samples, and the vertical axis represents the frequency of the data. The histogram showed
that the data distribution is bell-shaped, meaning the resulting STD feature for a healthy
pinion state is normally distributed [36] (Chapter 3). Similarly, normal probability plots
are very useful and often the first tool to appropriately determine the data distribution.
In Figure 11b, a normal probability plot was used by drawing a probability line passing
through the mean of the variable and the cumulative probability of 50%. The cumulative
probability scale is displayed on the vertical axis of the plot, and the STD values are
displayed on the horizontal axis. According to the probability plot, most data points
are centered along the line of normal probability and normally distributed along this
line. However, data points are generally not distributed if they have a curve shape. The
histogram results and normal probability plot show that the STD feature satisfies the
essential requirements for normal distribution data.
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Figure 10. FFT spectrum analysis for pinion signals cases (a) health state, (b) crack level 1, (c) crack
level 2, and (d) crack level 3.
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Figure 11. Normal distribution displays for the STD feature using (a) histogram and (b) normal
probability plot.

After the condition of normal distribution of the STD features is satisfied, the STD
samples are extracted based on the health status of the gears, of which there are 30 values,
and are transferred to the Minitab 2019 software. Then, the central limit (CL) of the control
chart, representing the mean (µ) sum of the total for STD samples divided by the total
number, is calculated to equal 0.07839 and a multiplier of the EWMA standard deviation
(σ) to equal 0.002845. Next, the design parameters of the control limits of each of the two
schemes are determined as follows: for the design of the X-bar chart, the K = 3 parameter is
specified. This choice of the K value makes about 99% of the observed data fall within the
control area (3 sigma region) [33,36].

Along the same lines, in the EWMA design, the parameters are determined by λ = 0.2
and L = 3. It has been demonstrated that λ-values lie between the range 0 < λ <1; generally,
choosing smaller λ values increases the sensitivity of the EWMA to detect small shifts [23,38].
Moreover, selecting small values of λ and L can provide a suitable balance between data for
historical and current observations in the EWMA. Finally, the upper control limits (UCL) and
lower control limits (LCL) are calculated for the X-bar chart by Equations (13)–(15) and the
EWMA chart using by Equations (16) and (19).

Following providing the necessary information, the design phase of the two control
schemes is completed using the statistical Minitab19 software. Figure 12 shows the X-bar
and EWMA control charts for monitoring the time acceleration signals of a pinion under
normal conditions. It is seen that the average amplitude of all controlled statistical features
lies within the control region. As a result, these control charts show how the normal gear
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system works. Moreover, the charts provide a graphical display of the STD samples within
the control limits, which reflects the stability status of the system under healthy operating
conditions and any sudden shifts that can occur concurrently.
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4.4. Testing Control Charts Results

The testing phase begins after the design phase of the control system has been exam-
ined using quality schemes based on the health conditions of the gears. As a first step to
implementing this, the standard deviation (STD) samples for each faulty signal are moved
to the Minitab 19 software. Next, the same upper control limits (UCL) and lower control
limits (LCL) are used for the charts in the healthy state. The same procedure is repeated to
test three defect levels. It is widely known that when control charts are used, two types of
errors occur: Type-I and Type-II.

To compare the test performances of the control system by X-bar and EWMA charts
in detecting crack faults, we measured the following two benchmarks: (1) whether a fault
level can be detected more quickly and (2) the types of errors that can occur when control
charts are used. In this study, we classified Type-I errors as those in which the gearbox
is healthy (without fault), but its monitored data fall outside the control area. In Type-II
errors, the gearbox is faulty, but controlled data do not fall outside the control area. Indeed,
Type-II errors were easier to detect in this study, as the fault signal was known. In contrast,
Type-I errors did not occur, as no event outside the control limits was recorded for a gearbox
under healthy conditions (as explained in Figure 12). For this reason, we focused on Type-II
errors. The SPCC test results are discussed based on the three crack cases shown below.
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4.4.1. The Crack of Level 1 (1% Loss in Mesh Stiffness)

In this case study, shown in Figure 13, the testing data shows a defect at the root of
one of the teeth in the pinion. Figure 13a illustrates the fault monitoring process using
the X-bar chart, which was utterly unable to detect the fault; thus, it resulted in Type II
errors. The reason is that X-bar fault detection metrics only take information about new
data samples into the decision-making process and ignore other information, making these
metrics ineffective at detecting minimal shifts.

Machines 2023, 11, x FOR PEER REVIEW 21 of 27 
 

 

 

 

Figure 13. Univariate statistical control charts with the crack defect level 1 in the pinion state (a) X-

bar chart and (b) EWMA chart. 

4.4.2. The Crack of Level 2 (5% Loss in Mesh Stiffness) 

In this case study, a tooth crack failure was simulated with an increasing reduction 

of 5% in mesh stiffness to test the ability of the schemes to detect the fault. Figure 14 illus-

trates the results obtained by comparing the two monitoring charts. Figure 14a shows that 

as the level of crack defect increases, the performance of the X-bar chart shows a slight 

improvement in crack detection. This development is represented by the red dot in Figure 

14a, which denotes that the STD feature (sample no. 22) beyond is out-of-control, which 

indicates that the beginning of a crack has occurred. This STD feature is visible in the 

associated period of two defect pulses (2Td = 0.091 s × 22), which represents the time at 

2 s of the total signal time of 2.7 s.  

In contrast, EWMA showed substantial superiority in detecting defect level 2. It is 

illustrated by the rapidity with which the fault was identified, beginning with the depar-

ture of the STD feature (sample no. 6) from the control region, as shown in Figure 14b. In 

addition, the EWMA chart proved that the decrease in gear mesh stiffness led to increases 

in the crack level confirmed by the increase in out-of-control samples, estimated at 11 

samples. Furthermore, the speed of EWMA in defect detection is represented by the STD 

feature period associated with two defect pulses (2Td = 0.091s × 6), which represents the 

time in 0.54 s out of a total signal time of 2.7 s. 
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chart and (b) EWMA chart.

On the contrary, the performance of the EWMA shows successful results in the control
process in Figure 13b, which is exhibited by exceeding one sample for the upper control
limits (out of control) at sample 30. As a result, the EWMA chart could effectively detect the
level 1 fault without triggering any false alarms because it uses both historical and current
data in its monitoring process.

4.4.2. The Crack of Level 2 (5% Loss in Mesh Stiffness)

In this case study, a tooth crack failure was simulated with an increasing reduction of 5%
in mesh stiffness to test the ability of the schemes to detect the fault. Figure 14 illustrates the
results obtained by comparing the two monitoring charts. Figure 14a shows that as the level of
crack defect increases, the performance of the X-bar chart shows a slight improvement in crack
detection. This development is represented by the red dot in Figure 14a, which denotes that
the STD feature (sample no. 22) beyond is out-of-control, which indicates that the beginning
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of a crack has occurred. This STD feature is visible in the associated period of two defect
pulses (2Td = 0.091 s × 22), which represents the time at 2 s of the total signal time of 2.7 s.
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Figure 14. Univariate statistical control charts with the crack defect level 2 in the pinion state (a) X-bar
chart and (b) EWMA chart.

In contrast, EWMA showed substantial superiority in detecting defect level 2. It is
illustrated by the rapidity with which the fault was identified, beginning with the departure
of the STD feature (sample no. 6) from the control region, as shown in Figure 14b. In
addition, the EWMA chart proved that the decrease in gear mesh stiffness led to increases in
the crack level confirmed by the increase in out-of-control samples, estimated at 11 samples.
Furthermore, the speed of EWMA in defect detection is represented by the STD feature
period associated with two defect pulses (2Td = 0.091s × 6), which represents the time in
0.54 s out of a total signal time of 2.7 s.

4.4.3. The Crack of Level 3 (10% Loss in Mesh Stiffness)

In this case study, a defect level 3 was introduced into the tooth root of the pinion.
The statistics for the control charts for this case are displayed in Figure 15. The X-bar chart
demonstrates in Figure 15a the possibility of detecting defects through the samples outside
the upper control limits. However, it could recognize this defect for specific periods of the
process control, as evidenced by the number of samples within the control region.
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Figure 15. Univariate statistical control charts with the crack defect level 3 in the pinion state (a) X-bar
chart and (b) EWMA chart.

On the contrary, the EWMA chart has been demonstrated to be outstanding in early
detection and defect recognition throughout the monitoring period. The monitoring process
appeared completely out of control after sample14 became uncontrolled samples, i.e., the
occurrence of a gear crack, as shown in Figure 15b.

This result makes perfect sense because the EWMA chart effectively detects small
shifts. Consequently, the X-bar chart’s usual control area limits were higher than the EWMA
limits. Therefore, medium-level defects can easily exceed the EWMA threshold but not
the X-bar threshold, which makes the EWMA chart more sensitive than the X-bar for this
type of fault with small levels. As a result, these graphs indicate the strong association
between increasing levels of defect and changes in the pattern of the linear acceleration of
the defective tooth through the number of out-of-control samples.

Table 4 shows the performance results of the control charts for detecting crack faults,
where the control process by the EWMA chart has been even more accurate and clear than
the X-bar chart.
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Table 4. Control charts performance for gear system signals.

Number of Out-of-Control Samples X-Bar Chart EWMA Chart

The number of STD samples that are out of control
for a crack level 1. Type-II error 1 sample

The number of STD samples that are out of control
for a crack level 2. 1 sample 11 samples

The number of STD samples that are out of control
for a crack level 3. 4 samples 15 samples

By comparing the results of the proposed SPCC technique with previous studies [15,42,43],
it can be concluded that crack fault detection resulting from repeated reductions in TVMS of
1%, 5%, and 10% was not reported in [15,42,43]. For instance, the results in [15] indicated the
detection of levels of tooth fracture in the bevel gears at levels ranging from 10% to 60% through
the development of statistical indicators of the time-domain signals. According to the results
in [42], tooth cracks were not detected at levels (2%, 6%, 18%, and 28%), whereas detected crack
levels ranged from 42% to 78% using the statistical features of the time domain analysis. In
contrast, the outcomes reported in [43] identify tooth crack levels at 48.38%.

5. Conclusions

In this paper, we investigate a new approach to gear crack detection by applying vibra-
tion analysis techniques and statistical process control charts (SPCC) based on simulated
vibration signals from a dynamic model of a spiral bevel gear system (SBGS) running under
stationary conditions. The proposed approach was evaluated using the methods of time
domain analysis, frequency domain analysis, univariate statistical control charts, such as
the Shewhart X-bar chart, and an exponentially weighted moving average (EWMA) chart.
This approach includes the procedures of time-vibration signal analysis, analysis of FFT
spectra, implementation of design and testing stages of control charts, and comparison of
their performance to detect the crack fault in one of the teeth of the pinion with different
defect levels: 1, 2, and 3, caused by a repeated decrease in gear mesh stiffness at percentages
of 1%, 5%, and 10%, respectively. The conclusions can be stated as follows:

1. Gaussian noise was added for initial acceleration vibration signals using different
ratios of noise variance of 0.001, 0.002, and 0.003, respectively, to simulate them in real
life. Then, the suitable noise level was chosen based on the highest signal-to-noise
ratio (SNR);

2. Vibration analysis methods, both time-domain and frequency-domain techniques,
were applied to process signals and identify failing components. Time domain analysis
of short-time signals revealed no failure components, such as a periodic pulse, as an
indicator of the onset of crack occurrence and deterioration of its propagation levels.
In contrast, one of the time domain features, the standard deviation (STD) feature, was
extracted and calculated as a fault-sensitive statistical feature to be used in designing
and testing an SPCC approach;

Besides, FFT spectra did not reveal the presence of any sideband frequency at crack
defect level 1, resulting from a 1% decrease in mesh stiffness. Meanwhile, FFT spectra
revealed a slight increase in the amplitude of the sideband frequency of the third harmonic
with defect levels 2 and 3 due to the increased rate of repeated reduction in mesh stiffness
by 5% and 10% as an alarm sign of the crack propagation. Thus, vibration analysis methods
do not provide precise results for diagnosing micro-crack levels.

3. Shewhart X-bar and EWMA univariate statistical control charts were designed using
a time domain feature known as standard deviation (STD). Listed below are the
outcomes that the SPCC was able to achieve;

i. The control chart results of the simulated vibration acceleration signals showed
a strong relationship between the increase in the control chart limits (UCL,
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LCL) and the repeated reduction increase in time-varying meshing stiffness
(TVMS)at 1%,5%, and 10% for crack detection;

ii. The EWMA chart’s performance proved superior to vibration analysis tech-
niques in quickly detecting all levels of crack through a clear visual vision by
increasing the number of STD feature samples outside the control chart limits;

iii. The EWMA chart showed better results than the X-bar chart. In two ways: firstly,
the EWMA chart detected all small crack levels early stage, as evidenced by
sequencing the number of STD feature samples outside the upper control limits
(UCL), and secondly, the EWMA chart did not record any Type I or Type II errors;

iv. Furthermore, the advantage of the SPCC approach is that it is implemented
using only system health status data, which are appropriate and applicable,
especially in cases where there is a lack of defective status data. On the
contrary, the main disadvantage of SPCC is that they can detect damage
without locating it;

According to this research’s findings, the study’s main objective was to investigate
alternative methods of diagnosing small crack levels. When compared to the studies [15,42,43],
which detects a large crack level of 48.38%, detecting a large crack level could not be more
beneficial from a practical point of view because it can be seen visually. In addition, the tooth
will break with such a large crack because gearboxes usually operate under heavy loads.

It is worth mentioning that in some published papers [21,22], new methods have
been used to diagnose crack defects due to the effect of mesh stiffness variation in SBGS
under non-stationary operating conditions (variable speed and load). The research focus
of this paper was to discuss the presentation of the results of the proposed method for
simulated tooth crack detection at small levels instead of large levels [15,42,43]. The above
factors were not taken into consideration in this paper. Therefore, in our future work, these
factors will be taken into account, as well as experimental data, for more evaluation and
investigation by the proposed SPCC approach.
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