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Abstract: Locating the fault-induced cyclic impulses from corrupted vibration signals
is a key step in detecting bearing fault characteristics. Recently, a novel deconvolution
technique named the optimized minimum generalized Lp/Lq deconvolution (OMGD) was
proposed and has been validated as a useful technique to highlight the periodic impulses
related to bearing faults. However, the performance of the OMGD is associated with
the appropriate selection of prior parameters, such as the filter length. In addition, the
OMGD faces edge effect issues, leading to a shorter duration of the enhanced signal when
compared to the measured signal. To overcome the shortcomings of the OMGD, this study
proposes an improved version, termed the IOMGD. The enhanced technique employs an
advanced sparrow search algorithm to automatically ascertain the filter length, doing away
with the need for a predetermined fixed value. To solve the problem of the edge effect,
a data extension technique based on the autoregressive model (AR-DET) is proposed to
adaptively recover the length of the filtered signal to match that of the raw signal based on
the properties observed at the filtered signal. The IOMGD’s superiority over the original
OMGD has been substantiated by its performance on various real-world bearing fault
datasets. Furthermore, a comparative analysis is performed between the IOMGD and other
commonly used bearing fault diagnosis methods, revealing the superiority of the IOMGD.

Keywords: rolling bearing; fault detection; data extension technique; enhanced sparrow
search algorithm; improved optimized minimum generalized Lp/Lq deconvolution

1. Introduction
Rotating machinery plays a crucial role in various modern industries, including wind

energy, automotive, aerospace, and transportation. These machines serve as the backbone
of modern industry by providing a reliable source of power [1,2]. Among the numerous
components that constitute rotating machinery, rolling bearings hold immense significance.
They facilitate smooth rotation by reducing friction between moving parts and supporting
heavy loads. However, due to continuous usage under demanding conditions such as high
speeds and heavy loads, rolling bearings are prone to damage [3,4]. This leads not only to
costly repairs but also results in production downtimes and schedule delays. Ensuring the
proper functioning of rolling bearings is crucial for maintaining operational efficiency and
averting potential hazards associated with rotating machinery, as they are integral to the
smooth operation of mechanical systems.

When localized faults emerge on the outer ring, inner ring, roller, and cage of a bearing,
a sequence of repetitive impulse trains exhibiting modulation phenomena are produced [5].
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These fault-induced repetitive impulse trains represent cyclo-stationarity, which is directly
associated with specific types of bearing faults. The existence of cyclo-stationarity acts as a
vital indicator and assessment standard for identifying bearing defects [6]. Unfortunately,
the energy of the repetitive impulsive components is extremely weak, making it difficult
to identify them from corrupted signals. To overcome this issue, researchers have been
exploring various techniques and methodologies to enhance the detection and analysis
of fault impulses. One of the most commonly used approaches is the deconvolution-
based method, which can effectively filter out background noise and other vibration
interference while enhancing the cyclo-stationarity of fault signals [7]. In essence, the
objective of deconvolution-based approaches is to optimize a specific criterion that captures
the characteristic of impulsiveness in order to design a finite impulse response (FIR) [8].
One key advantage of using an FIR filter in deconvolution-based methods is its adjustable
nature. The FIR coefficients can be freely adjusted using different criteria to satisfy the
filtering performance for various types of bearing faults. This flexibility allows researchers
to tailor the filter characteristics according to specific diagnostic requirements [9,10].

The minimum entropy deconvolution (MED), as the earliest deconvolution method
used in fault diagnosis, takes kurtosis as the health criterion to iteratively obtain the FIR
coefficients for signal enhancement [11]. Nevertheless, kurtosis is vulnerable to random
impulses and lacks the ability to differentiate between random impulses and fault-induced
periodic impulses [12,13]. To address the issue of the MED, McDonald et al. [14] designed
an improved kurtosis indicator called correlated kurtosis (CK) to propose a novel decon-
volution technique, namely, the maximum correlated kurtosis deconvolution (MCKD).
The MCKD has been extensively demonstrated in various fault extraction applications
for rotating machines. For instance, in the wind turbine [13,15], planetary gearbox [16],
motor bearing [17], and locomotive bearing [18] fields, the MCKD has proven to be highly
effective. However, the MCKD has certain limitations in practical applications, particularly
the necessity for prior knowledge of fault characteristics and the need for an additional
resampling process [18]. To cope with the limitations of the MCKD, McDonald et al. [19]
proposed a non-iterative deconvolution technique known as multipoint optimal minimum
entropy deconvolution adjusted (MOMEDA). This method employs matrix operations to
directly determine the optimal coefficients of the FIR filter by maximizing the multi-D-
norm of the filtered signal, eliminating the need for any prior assumptions [20]. Due to its
exceptional ability in deconvolution, MOMEDA has been effectively utilized for extracting
fault features from rotating machines [21–24]. In addition to the family of the MED, various
deconvolution methods based on different health indices, such as the harmonics-to-noise-
ratio index [25], cyclo-stationarity index [26], Gini index [27], and periodic noise amplitude
ratio index [28], have also been developed in recent years.

Based on the aforementioned discussion, this paper will focus on an alternative
deconvolution tool named the optimized minimum generalized Lp/Lq deconvolution
(OMGD) [29]. The generalized Lp/Lq serves as an exceptionally potent indicator for
assessing impacts caused by bearing faults. Its flexibility surpasses kurtosis and the L1/L2

norm, as it can be tailored through two variables: p and q. In fact, both kurtosis and
the L1/L2 norm can be considered as specific instances within the broader framework of
the generalized Lp/Lq [30,31]. Moreover, with the application of an initialization method
for the initial value, there is a high probability that the OMGD will achieve convergence
toward the globally optimal solution [29]. However, some flaws still remain in the OMGD.
On the one hand, the performance of the OMGD heavily depends on the filter length
to highlight the fault-related impulse train. Prior knowledge of the characteristics of
bearing fault signals is necessary for determining the filter length; however, obtaining
such knowledge, including center frequency and resonance frequency, can be challenging.
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Therefore, the OMGD cannot automatically calculate the filter length. To mitigate the
constraints of the filter design, an enhanced sparrow search algorithm (ESSA) is employed
to optimize the OMGD method, thereby determining the optimal filter length. This ESSA
involves combining the sine–cosine algorithm with the Cauchy mutation. The ESSA
successfully tackles the drawbacks of the original SSA, including its slow convergence rate
and insufficient exploration capabilities [32]. By incorporating the ESSA into the OMGD
algorithm, the optimal filter length can be automatically determined for a given signal,
thus tackling the drawback of subjectively determining the filter length using empirical
and trial-and-error approaches.

On the other hand, the edge effect, which results in data loss at the end of the filtered
signal, is present in the OMGD. This consequence can result in the loss of crucial information
pertinent to bearing faults, especially when data loss spans a considerable period. To
overcome this limitation, a data prediction technique based on the autoregressive model
(AR model) [33] is introduced to recover the filtered signal in this work. The AR-based
data prediction technique utilizes an identical set of AR coefficients for extension, which
can preserve the spectral characteristics of the original signal without introducing any
additional frequency components. Consequently, the extended signal preserves the trend
of the original signal while exhibiting a smoother waveform. The efficacy of the IOMGD is
confirmed using some real-world signals obtained from different bearing experiments. The
findings highlight the superior performance of the IOMGD in automatically extracting fault
characteristics associated with rolling bearings, when compared to the original OMGD and
other similar deconvolution techniques.

Based on the previous discussion, the proposed IOMGD technique incorporates the
ESSA algorithm and the AR-based data prediction technique to address specific challenges
faced by the original OMGD. Some highlights are displayed as follows:

(1) By utilizing the AR-based data prediction technique, the IOMGD can automatically
extend the filtered signal according to the features of the filtered signal, thereby
avoiding the loss of useful information.

(2) One of the key advantages of the IOMGD is its adaptability in selecting optimal
parameters based on changing working conditions. This eliminates blind parameter
selection and ensures that the technique remains effective across different scenarios.

The following sections are included in this paper. Section 2 provides an overview of
the OMGD and discusses its shortcomings. In Section 3, the IMGD is introduced in detail,
including a detailed explanation of the filter length selection and AR-based prediction
technique. Moving on to Section 4, we validate the effectiveness of our proposed method
by comparing it with the original OMGD using real datasets from different bearing test
benches. Finally, the conclusions in Section 5 provide a summary of the findings.

2. Theoretical Basis
2.1. OMGD Technique

The concept of the generalized Lp/Lq measure is a significant development in the
field of mathematical analysis. It provides a versatile framework for measuring sparsity
in signal processing. By considering different values of p and q, it allows us to tailor the
measure according to specific requirements. The generalized Lp/Lq norm can be expressed
as follows [30]:

Jp,q(x) = log
(

q
p

)
∑M

m=1|xm|p(
∑M

m=1|xm|q
)p/q = log

(
q
p

)(∥x∥lp

∥x∥lq

)p

, p > 0, q > 0 (1)
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where x is the filtered signal. The formulation of the optimization problem related to blind
deconvolution can be expressed as follows:

argminJp,q(x), subject to :y = x ∗ g, ∥g∥2 = 1 (2)

in which y represents the collected signal, g denotes the filter coefficient, and * is the
convolution operator. The ultimate objective of the deconvolution process is to obtain the
filtered signal x, so Equation (2) can be rewritten as follows:

ginv = argminJp,g(y ∗ ginv), subject to : ∥ginv∥2 = 1 (3)

Equation (3) can also be expressed as a Hankel matrix form as follows:

x = Hginv, H =


y1 y2 y3 · · · yk

y2 y3 y4 · · · yk+1

y3 y4 y5 · · · yk+2
...

...
... · · ·

...
yN−k+1 yN−k+2 yN−k+3 · · · yN

 (4)

where H denotes a Hankel matrix.
Similarly, Equation (4) can also be defined as follows:

argmin
x,ginv

Jp,g(x), subject to :x = Hginv, ∥ginv∥2 = 1, p < q (5)

The gradient descent method can be utilized to solve the optimization problem pre-
sented in Equation (5). Based on the backpropagation algorithm, the first derivative can be
mathematically represented as follows:

∂Ji
p,q

∂ginv
=

∂Ji
p,q

∂ui · ∂ui

∂ci ·
∂ci

∂xi ·
∂xi

∂ginv
(6)

where
∂Ji

p,q

∂ui = p ·
(

ui
)(p−1)

(7)

∂ui

∂ci =

[(∥∥∥ci
∥∥∥

p

)(1−p)
·
(

ci
)(p−1)

·
∥∥∥ci
∥∥∥

q
−
(∥∥∥ci

∥∥∥
q

)(1−q)
·
(

ci
)(q−1)

·
∥∥∥ci
∥∥∥

p

]/
(∥∥∥ci

∥∥∥
q

)
(8)

∂ci

∂xi = xi/ci (9)

∂xi

∂ginv
= H(i, :) (10)

The derivative of the entire sample set can be expressed as follows:

∂Jp,q

∂ginv
= ∑N−k+1

i=1

∂Jp,q

∂ui · ∂ui

∂ci ·
∂ci

∂xi ·
∂xi

∂ginv
i (11)

Initializing an initial value is pivotal for executing gradient descent, as it has a direct
bearing on achieving the optimal solution. In the sparse filtering approach, the initial value
is randomly assigned. Therefore, it still remains susceptible to being trapped in a local
optimal solution. To address this issue, a special initialization procedure [29] is used. The
detailed procedures are outlined as follows:
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(1) Determine the number of decomposition levels m and the length of the filter L. Define
k and L parameters and a generalized Lp/Lq norm;

(2) Similar to spectral kurtosis (SK), based on the frequency plane paving technique for
the 1/3-binary tree, the upper and lower frequencies of the filters are determined, and
corresponding FIR filters are designed;

(3) The initial values of the deconvolution algorithm are set to be the coefficients of the
filters designed in step 2, aiming to optimize the optimal inverse filters.

2.2. Flaws of the OMGD

Undoubtedly, the OMGD exhibits an excellent performance advantage in effectively
identifying weak fault characteristics from heavily corrupted signals when compared to
some existing deconvolution methods. These findings highlight the superior capability of
the OMGD. However, the necessity arises for manual selection of the filter length, a pivotal
piece of prior knowledge that must be predetermined. In other words, the determination
of the filter length heavily depends on the artificial experience instead of an automatic
identification process, thereby hindering its potential for widespread applications.

Another flaw in the OMGD technique is that the enhanced signal suffers from data
loss, meaning that the enhanced signal is shorter than the raw signal. The phenomenon
of data loss can lead to the loss of critical information related to bearing faults, especially
when the duration of missing data is prolonged.

3. Improved OMGD
To address the limitations of the OMGD, an improved OMGD (IOMGD) is proposed.

Firstly, this study explores a commonly employed optimization framework for parameter
selection for the filter length. The framework utilizes ESSA to optimize the parameter values
of the filer length for the OMGD. Additionally, an AR-based data prediction technique is
designed to recover the filtered signal.

3.1. Proposed Methodology
3.1.1. ESSA

In the pursuit of sparrows, variations may arise in both food sources and their locations.
Upon discovering a highly advantageous food source, explorers draw a substantial crowd
to that specific location. Consequently, this diminishes diversity among explorers and the
group as a whole, ultimately becoming ensnared in local optima. Therefore, this study
integrates the sine–cosine strategy into the SSA and utilizes the fluctuating patterns of sine–
cosine models to determine the positions of explorers. This approach effectively maintains
individual diversity among explorers, thereby improving the ability of the original SSA for
global search and preventing it from becoming stuck in local optima.

The definition of the step search factor in the sine–cosine strategy is as follows:

r1 = c − cl
Iterationmax

(12)

In Equation (8), c is a fixed value, l indicates the count of iterations, and Iterationmax

denotes the upper limit for iteration counts.
The discoverers have formulated a novel mathematical equation, which can be ex-

pressed as follows:

Xt+1
i,j =

 β · Xt
l,j + b1 · sin b2 ·

∣∣∣b3 · Xbest − Xt
l,j

∣∣∣, R2 < ST

β · Xt
l,j + b1 · cos b2 ·

∣∣∣b3 · Xbest − Xt
l,j

∣∣∣, R2 ≥ ST
(13)
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where

β =
e

t
Iterationmax − 1

e − 1
b2 ∈ [0, 2π] and b3 ∈ [0, 2π] (14)

To mitigate the problem of encountering local optima, the Cauchy mutation strategy is
introduced into the follower equation of the original SSA, resulting in a modified follower
equation as an alternative approach.

Xt+1
l,j = Xbest(t) + Cauchy(0, 1) · Xbest(t) (15)

where the standard Cauchy distribution is denoted by Cauchy (0, 1).
The Cauchy distribution shares similarities with the normal distribution, yet it features

a more flattened curve and demonstrates a gradual decline toward zero convergence. As
a result, introducing variations in the position updates of sparrows within a population,
adhering to the Cauchy distribution, can significantly broaden the algorithm’s exploration
scope. This, in turn, minimizes the risk of the algorithm becoming trapped in local optima.
It is important to mention that we provide only a brief overview of these enhancements.
Interested readers may refer to [32] for further details.

For a comprehensive evaluation of the ESSA optimization capabilities, a standard
test function is implemented to test its efficiency. Alongside the original SSA, two other
prevalent optimization algorithms, the Particle Swarm Optimization (PSO) and the Grey
Wolf Optimizer (GWO), are utilized to contrast with the ESSA. The standard test function,
which acts as the benchmark for this assessment, is outlined as follows:

F(x) = ∑d
i=1 x2

i +
(
∑d

i=1 0.5ixi

)2
+
(
∑d

i=1 0.5ixi

)4
interval [−5, 10] min 0 (16)

The function F(x) and the convergence behavior of each optimization algorithm are
depicted in Figure 1a,b. The results shown in Figure 1b indicate that ESSA possesses
an extraordinarily swift convergence rate and achieves a high degree of precision in the
evaluation of the function compared to the PSO, SSA, and GWO.
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3.1.2. Objective Function

The selection of the objective function is a crucial step in parameter selection. To
account for the impact characteristics of bearing fault signals, we utilize a dimensionless
index called the crest factor of the envelope spectrum (CFES) [30] as our chosen objective
function. The CFES, being based on frequency domain analysis, demonstrates resistance to



Machines 2025, 13, 270 7 of 18

random impulses. A higher CFES value indicates a stronger signal-to-noise ratio (SNR) and
more repetitive fault impacts in the filtered signals. Thus, we define the CFES as follows:

CFES =
max(A[ f (x)])√

∑
x

A[ f (x)]2/x
(17)

where A[f (x)] denotes the amplitude of the effective frequency in the envelope spectrum.
The objective function, which utilizes the CFES index, can be formulated as follows: Objective function = arg max(CFES)

Filter length L

s.t. L ∈ [10 500]
(18)

3.2. AR-Based Data Prediction Technique

AR models, as integral components of ARIMA, are fundamental and widely used
methodologies in time series analysis. The AR models evolved from linear regression
techniques. The structure of AR models is characterized by a stochastic differential equation,
enabling them to elucidate the underlying patterns and regularities within dynamic datasets.
They facilitate a quantitative analysis of linear correlations among observed data while also
providing predictive insights into future values [33].

A general AR model expression for a signal s(n) can be modeled as follows:

s(n) =
b

∑
l

als(n − l) + u(n) (19)

where b denotes the order of the model, al denotes the prediction coefficient, and u(n) is the
noise. The predicted signal can be expressed as follows:

ŝ(n) =
b

∑
i=1

ais(n − i) (20)

The most common approach for estimating the coefficients of the AR model al in-
volves utilizing autocorrelation, which is a statistical characteristic related to second-order
properties of the signal. The Yule–Walker equations are fulfilled by the AR process.

In matrix form,
r(0) r(1) r(2) · · · r(b − 1)
r(1) r(0) r(−1) · · · r(b − 2)
r(2) r(1) r(0) · · · r(b − 3)

...
...

...
. . .

...
r(b − 1) r(b − 2) r(b − 3) · · · r(0)




a1

a2

a3
...
ab

 =


r(1)
r(2)
r(3)
...
r(b)

 (21)

The values of r can be obtained using the biased autocorrelation estimate expressed
as follows:

r(l) =
1
M

M−1

∑
m=0

s(n)s(n − l) (22)

where M denotes the number of sampling points. The coefficients of the AR model al in
Equation (11) can be obtained by solving the Yule–Walker equations in Equation (13). The
Yule–Walker equations can be solved using various computational methods. In this work,
a commonly accepted method named the Levinson–Durbin recursion (LDR) algorithm is
used. For a more comprehensive understanding of LDR, please refer to reference [34].
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To examine the AR-based prediction technique, a group of simulated bearing fault
impulses is employed. The impulse train is shown in Figure 2.
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Figure 3 plots the comparative result between a predicted impulse and an original
impulse. Furthermore, the root mean square error (RMSE) index is employed for the
assessing quantification of prediction results. It can be observed that the predicted signal
and the original signal exhibit a high degree of similarity in their trends, although they did
not align perfectly. Meanwhile, the RMSE between the predicted impulse and the original
impulse is relatively small (RMSE = 0.20043). Consequently, the AR-based data extension
technique can effectively restore the signal by leveraging the inherent characteristics of the
original signal.
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3.3. Improved OMGD Algorithm

According to the aforementioned discussion, the proposed IOMGD technique utilizes
an ESSA approach to automatically determine the filter length without prior knowledge.
Furthermore, an AR-based data extension technique is developed to adaptively restore
the filtered signal to its original length. The detailed procedure of the IOMGD is listed
as follows:

Step 1: Collect the original signal emitted by the defective bearing;
Step 2: Determine the optimization ranges of the IOMGD and initialize the param-

eters of the ESSA, such as m for the maximum iteration count and n for the number of
search agents;

Step 3: Initialize the coefficient g0 using a special initialization procedure;
Step 4: Calculate the Hankel matrix H and the inverse filter ginv using Equation (6);
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Step 5: Obtain the deconvolved signal x = Hginv;
Step 6: Use the AR-based prediction technique to extend the deconvolved signal;
Step 7: Consider the extended signal as a new input for deconvolution, calculate

the fitness value of the extended signal, and update the optimal parameters during each
iteration of ESSA;

Step 8: Check if the termination condition is satisfied. If yes, conclude the iteration.
Otherwise, repeat Steps 2 to 6;

Step 9: Obtain the optimal extended signal x;
Step 9: Detect the fault characteristics using envelope analysis for final fault diagnosis.
The flowchart of the proposed IOMGD is illustrated in Figure 4.
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4. Case Verification
In this section, we validate the performance of our proposed method by utilizing real

bearing fault signals extracted from two different test rigs. To provide a thorough evalua-
tion that shows the strengths of our proposed method, we also conduct a comprehensive
comparative analysis with the original OMGD and other competing deconvolution methods.

4.1. Case A: Bearing with an Outer Ring Defect

The real outer ring fault signal was recorded from a YK1022-type circle vibrating
screen. The experimental setup, as depicted in Figure 5, is composed of four main sections:
the screen box, exciter, support device, and motor. Each corner of the screen features
four springs, ensuring its stability and smooth operation. The belt transmissions and two
motors drive the entire system. To capture fault signals accurately, accelerometers are
strategically placed on the housing of the bearing seat. These accelerometers serve to record
any abnormal vibrations or deviations from normal operation. In addition to this setup,
two large eccentric blocks are installed on the shaft to generate deterministic components
with high energy levels.
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Figure 5. Vibrating screen test rig.

To ensure accurate data acquisition during experimentation, vibration signals were
measured at a sampling frequency of 20 kHz while maintaining a constant rotating speed
of 1000 rpm (f = 16.67 Hz). The number of sampling points is 10,000. The fault bearing’s
specifications can be found in Table 1. Therefore, the frequency of the characteristic fault in
the outer ring is determined to be BPFO = 104.24 Hz from the parameters in Table 1.

Table 1. Bearing parameters.

Number of balls 15
Ball Diameter (mm) 12.5

Pitch Diameter (mm) 65
Contact angle (◦) 30

The waveform of the outer ring fault signal, as shown in Figure 6a, exhibits a distinct
influence from the periodic component caused by the rotational movement of the shaft.
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This periodicity leads to fluctuations and variations in the waveform, thereby posing
significant challenges in accurately identifying and analyzing the underlying fault infor-
mation. The presence of strong ambient noise further complicates the analysis process.
Furthermore, as shown in Figure 6b, the envelope spectrum is mainly influenced by the
rotating frequency f and its harmonics, making the presence of BPFO undetectable.

The fault signal is processed using the proposed IOMGD method. This improved
algorithm allows for accurate parameter selection. The convergence curve is depicted in
Figure 7. The maximum fitness value achieved during this process is recorded at 7.6157.
The corresponding solution that yielded this result is found to be L = 30.
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Figure 7. Iteration process.

Figure 8 plots the enhanced signal achieved through the utilization of the IOMGD
method with an optimal parameter value of L = 30 and its corresponding envelope spectrum.
The results are quite remarkable, as they clearly demonstrate the successful elimination
of periodic vibration components and a significant reduction in background noise. This
enhancement effectively amplifies the fault impulses present in the filtered signal. Moving
on to the envelope spectrum, we can obviously observe that the envelope spectrum provides
the BPFO at 104.25 Hz, along with its subsequent harmonics at 2BPFO and 3BPFO.
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Figure 8. Fault detection results.

To demonstrate the influence of filter length on fault signature detection, we also
employed the original OMGD with filter lengths of 80, 120, and 200 to analyze the outer
ring fault signal, as illustrated in Figure 9. Examining the waveform of the filtered signals
reveals a significant data loss issue, indicating that vital information may be omitted or
distorted, potentially compromising the accuracy and reliability of subsequent analyses.
Furthermore, examination of the envelope spectra reveals that various filter lengths have
a direct influence on the performance of the OMGD. The OMGD techniques with three
different filter lengths are able to, respectively, identify the BPFO and its first two harmonics.
Nevertheless, it becomes apparent that these results are less satisfactory when compared to
those achieved using the IOMGD with an optimized filter length. Therefore, optimizing this
parameter within the OMGD algorithm has the potential to improve detection capabilities.

It should be noted that we do not discuss the influence of data loss on fault feature
detection in this section, because the optimal filter length of L = 30 is relatively small
compared to the length of the original signal. The limited extent of data loss has a small
impact on fault identification.
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Figure 9. Filtered signals using OMGD with different L. (a) Waveform in the case of L = 80; (b) enve-
lope spectrum in the case of L = 80; (c) waveform in case of L = 120; (d) envelope spectrum in the case
of L = 120; (e) waveform in case of L = 200; (f) envelope spectrum in the case of L = 200.

4.2. Case B: Bearing with an Inner Ring Defect

In the second experiment, a gearbox test bench provided by the LASPI laboratory
in France [35] was utilized, as depicted in Figure 10. The main component of interest is
the asynchronous cage motor, which drives a three-axis gearbox. This gearbox consists of
three rotating shafts that play crucial roles in transmitting power and controlling motion.
Starting with the input shaft, it is directly driven by the rotor shaft of the motor. Moving
along to the output shaft, we find an electromagnetic brake positioned strategically to apply
a load level on the motor.

The pulse generator controls the motor’s speed by altering the rotational frequencies
(25 Hz, 35 Hz, and 45 Hz). The conducted experiments involve four different load levels
(0%, 25%, 50%, and 75%) at varying speeds. For this experiment, we focused on the
working conditions with a rotating frequency of 45 Hz and a load level of 0%. Table 2
lists the characteristic parameters of the defective bearing. Consequently, the frequency
associated with faults in the inner race is calculated to be BPFI = 270.77 Hz.
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Figure 10. Test bench.

Table 2. Characteristic parameters of the faulty bearing.

Ball diameter (mm) 7.02
Pitch diameter (mm) 18.65
Number of rolling elements 9
Contact angle 0◦

The fault signal extracted from the inner ring is given in Figure 11a,b, which show
the corresponding envelope spectrum. The fault signal is affected by strong interference.
Furthermore, the envelope spectrum does not provide a clear indication of this BPFI, only
showing the rotating frequency and its first harmonics.
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The IOMGD technique is now used to enhance the fault signal. As before, in order
to achieve optimal performance, the predefined parameters of this technique need to be
optimized using the ESSA. The resulting optimization curve is depicted in Figure 12. After
thorough optimization using ESSA, we obtain the optimal values for the crucial parameters
L = 320 when the fitness value is 6.8917.

Figure 13 depicts the filtered signal using the IOMGD with optimal filter length and its
corresponding envelope spectrum. We can observe that the IOMGD effectively eliminates
the vibration interference and noise, allowing us to focus solely on the fault cyclic impulses.
In addition, the predicted signal can better match the filtered signal. As anticipated, the
corresponding envelope spectrum provides a clear visualization of the BPFI and its first
three harmonics.
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Figure 13. IOMGD-enhanced signal. (a) Time-domain waveform and (b) its envelope spectrum.

To further demonstrate the impact of data loss on fault detection, we also utilize the
original OMGD method with an optimal L = 320 to process the fault signal. In Figure 14,
we present the filtered signal and its corresponding envelope spectrum. It is evident that,
in the presence of data loss, the OMGD algorithm is still capable of identifying the BPFI.
However, it becomes challenging to observe the second harmonic of the BPFI due to this
reduction in available data. Consequently, this decrease in information may have a certain
influence on accurately extracting fault features from the filtered signal.
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Figure 14. OMGD-enhanced signal. (a) Time-domain waveform and (b) its envelope spectrum.

Finally, to further validate the superiority of the proposed IOMGD, some existing
deconvolution methods, such as MED, MCKD [14], and MNAD [28], are used for com-
parison with the IOMGD. For a comprehensive comparative analysis, the ESSA algorithm
is also integrated with these deconvolution methods to optimize the filter length. The re-
sults obtained using these optimized deconvolution techniques are presented in Figure 15.
According to Figure 15a,c,e, the deconvolution tools have been evaluated for their ability
to reduce periodic vibration interference and background noise while enhancing fault-
induced cyclic impulses. Although all of the techniques show some level of success, there
are still noticeable differences in the final fault extraction results.
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The MED technique shows its effectiveness in accurately extracting both the BPFI and
the 2BPFI. However, despite its capabilities, the MED technique falls short in detecting the
presence of the 3BPFI. On the other hand, the MCKD and the MNAD are only capable of
detecting the BPFI and do not perform as well when it comes to identifying other harmonics
such as the 2BPFI or the 3BPFI. As a result of a thorough comparative analysis, the proposed
IOMGD method clearly demonstrates superior performance. It outperforms the commonly
used deconvolution methods by providing more accurate and comprehensive detection of
the BPFI and its harmonics, thus proving to be a more effective tool in the field of signal
processing and fault diagnosis.

Machines 2025, 13, 270 15 of 18 
 

 

is also integrated with these deconvolution methods to optimize the filter length. The re-
sults obtained using these optimized deconvolution techniques are presented in Figure 15. 
According to Figure 15a,c,e, the deconvolution tools have been evaluated for their ability 
to reduce periodic vibration interference and background noise while enhancing fault-
induced cyclic impulses. Although all of the techniques show some level of success, there 
are still noticeable differences in the final fault extraction results. 

The MED technique shows its effectiveness in accurately extracting both the BPFI 
and the 2BPFI. However, despite its capabilities, the MED technique falls short in detect-
ing the presence of the 3BPFI. On the other hand, the MCKD and the MNAD are only 
capable of detecting the BPFI and do not perform as well when it comes to identifying 
other harmonics such as the 2BPFI or the 3BPFI. As a result of a thorough comparative 
analysis, the proposed IOMGD method clearly demonstrates superior performance. It 
outperforms the commonly used deconvolution methods by providing more accurate and 
comprehensive detection of the BPFI and its harmonics, thus proving to be a more effec-
tive tool in the field of signal processing and fault diagnosis. 

 

 

 
Figure 15. Final enhanced signal. (a) MED-filtered signal, (b) its envelope spectrum, (c) MCKD-
filtered signal, (d) its envelope spectrum, (e) MNAD-filtered signal, and (f) its envelope spectrum. 

In order to quantitatively evaluate these outcomes, a metric referred to as the Fault 
Feature Coefficient (FFC) [36] is introduced. This metric functions as a powerful instru-
ment for the assessment and quantification of fault characteristics. The employment of the 
FFC facilitates an objective measurement of fault detection performance. The FFC is de-
fined as follows: 

0 0.1 0.2 0.3 0.4 0.5
Time [s]

-3

-2

-1

0

1

2

3 (a)

0 100 200 300 400 500 600 700 800 900
Frequency [Hz]

0

0.5

1

1.5

2 (b)

BPFI
2BPFI

0 0.1 0.2 0.3 0.4 0.5
Time [s]

-1

-0.5

0

0.5

1 (c)

0 100 200 300 400 500 600 700 800 900
Frequency [Hz]

0

0.5

1

1.5

2 (d)

BPFI

Figure 15. Final enhanced signal. (a) MED-filtered signal, (b) its envelope spectrum, (c) MCKD-
filtered signal, (d) its envelope spectrum, (e) MNAD-filtered signal, and (f) its envelope spectrum.

In order to quantitatively evaluate these outcomes, a metric referred to as the Fault
Feature Coefficient (FFC) [36] is introduced. This metric functions as a powerful instrument
for the assessment and quantification of fault characteristics. The employment of the FFC
facilitates an objective measurement of fault detection performance. The FFC is defined
as follows:

PFFC =
∑[Am( f )]2

∑[Am(F)]2
× 100% (23)

where PFFC represents the ratio of fault-related energy to total spectral energy. Am(f )
denotes the magnitude of fault-related components, while Am(F) indicates the overall
amplitude of frequency components in the envelope spectrum. Table 3 displays the FFC
values of the four deconvolution methods. We observe that the FFC values generated by
the three deconvolution tools are all below 22.6%, as determined by the IOMGD method.
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Table 3. FFC values.

Method FFC Value

IOMGD method 22.6%
MED method 11.7%
MCKD method 8.3%
MNAD method 9.1%

5. Conclusions
This paper proposes an improved OMGD technique to enhance the corrupted signal.

The proposed IOMGD technique incorporates the ESSA algorithm and the AR-based
data prediction technique to address specific challenges faced by the original OMGD.
Leveraging AR-based data prediction, the IOMGD can dynamically extend the filtered
signal by analyzing its characteristics, thus preserving valuable information. Furthermore,
one of the key advantages of the IOMGD is its adaptability in selecting optimal parameters
based on changing working conditions. This eliminates blind parameter selection and
ensures that the technique remains effective across different scenarios. To validate its
effectiveness in bearing fault detection, two sets of actual bearing fault data are analyzed
using the IOMGD. Moreover, to provide a comprehensive evaluation of the IOMGD’s
superiority, a comparative study is conducted involving not only the original OMGD but
also various deconvolution approaches available in the literature. The results confirmed
that this proposed approach outperforms other existing deconvolution methods.

However, it should be noted that, due to its reliance on ESSA for estimating optimal
values, particularly when dealing with large volumes of fault data, there may be a time
requirement associated with implementing this technique effectively. Further exploration
is needed to address this issue and potentially optimize computational efficiency without
compromising accuracy. Furthermore, we will emphasize this limitation and commit to
expanded evaluations in future studies, such as compound faults, varying time conditions,
and other mechanical elements.
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