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1 | INTRODUCTION

Abstract

To address the difficulty in extracting early fault feature signals of rolling bearings, this
paper proposes a novel weak fault diagnosis method for rolling bearings. This method
combines the Improved Complementary Ensemble Empirical Mode Decomposition
with Adaptive Noise (ICEEMDAN) and the Improved Maximum Correlated Kurtosis
Deconvolution (IMCKD). Utilizing the kurtosis criterion, the intrinsic mode functions
obtained through ICEEMDAN are reconstructed and denoised using IMCKD, which
significantly reduces noise in the measured signal. This approach maximizes the
energy amplitude at the fault characteristic frequency, facilitating fault feature iden-
tification. Experimental studies on two test benches demonstrate that this method
effectively reduces noise interference and highlights the fault frequency components.
Compared with traditional methods, it significantly improves the signal-to-noise ratio
and more accurately identifies fault features, meeting the requirements for discrimi-
nating rolling bearing faults. The method proposed in this study was applied to the
measured vibration signals of the gearbox bearings in the new high-speed wire
department of a Long Products Mill. It successfully extracted weak characteristic
information of early bearing faults, achieving the expected diagnostic results. This
further validates the effectiveness of the ICEEMDAN-IMCKD method in practical
engineering applications, demonstrating significant engineering value for detecting
and extracting weak impact characteristics in rolling bearings.

KEYWORDS

rolling bearings, early fault, intrinsic mode functions, Improved Complementary Ensemble
Empirical Mode Decomposition, Improved Maximum Correlated Kurtosis Deconvolution

those in pitch, yaw, and ventilation motors. Bearings, which are

precision components crucial to the turbine's support and power

Wind power has experienced rapid global growth in recent years,
driven by the decreasing availability of fossil fuels and escalating
environmental concerns.! Wind turbines, as large rotating
machines, include various bearing components, such as main

spindle bearings, generator end bearings, gearbox bearings, and

transmission system, are highly susceptible to damage.? Bearings
inevitably suffer wear, deformation, spalling, cracking, indenta-
tions, adhesion, scorching, and fractures during operation, due
to friction, force, heat, and impact vibrations. Such damage can

cause abnormal operating conditions.® Undetected or unrectified
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anomalies may progress to faults or accidents, impairing equip-
ment precision and, in severe cases, causing extensive damage to
the unit or personnel casualties with significant economic costs.*
Bearings in wind turbine generators are essential load-bearing
elements. Maintenance requires disassembling and transporting
them from the turbine casing for ground repairs, incurring
significant labor and material costs. In practical engineering,
maintenance of large mechanical components usually adheres to
traditional scheduled practices based on statistical data and ex-
perience and is primarily guided by the equipment's designed
lifespan. Consequently, fault detection and diagnosis in rolling
bearings have become increasingly important.

Defects or damage in rolling bearings generate periodic radial
load pulses.” The frequency of these pulses can match the natural
frequency of the bearing and its mounting structure, causing sys-
tem resonance.® This resonance can amplify the error amplitude,
potentially accelerating damage to the bearing and triggering
modulation phenomena rapidly. Therefore, the characteristics of
these periodic pulses are crucial for identifying faults in rolling
bearings.” However, the noise inevitably present in diagnostic
signals impedes the extraction of fault characteristic information.®
Consequently, extracting subtle fault characteristics from raw
vibration signals continues to be a significant challenge in bearing
fault diagnosis.

Recently, there has been significant progress in extracting weak
fault signals from spindle bearings. McDonald et al.” emphasized the
Minimum Entropy Deconvolution (MED) algorithm's ability to decon-
volute individual or groups of pulses, which contrasts with the repeti-
tive cyclic pulses typically seen in fault cycles. They introduced the
Maximum Correlated Kurtosis Deconvolution (MCKD) method, which
deconvolutes cyclic pulse faults in machinery by accounting for fault
periodicity. Wan et al.1° and Jia et al.1* used a combined approach of
improved spectral kurtosis and MCKD to extract targeted features. Dai
et al.'? introduced the cloud model-based Backward Cloud Generator,
which extracts cloud features from vibration signals effectively,
capturing fault information without requiring hyperparameter
adjustments and accounting for inherent uncertainties. This advance-
ment led to the Bidirectional Cloud Oversampling method that expands
the feature space of limited samples, thus improving diagnostic
accuracy by generating sufficient samples. Zheng et al.'® developed an
unsupervised transfer learning method, UTL-SOCN-FBNM, which
optimizes convolutional neural networks (CNNs) with Fast Batch Kernel
Norm Maximization for bearing fault diagnosis. Deng et al.2* introduced
the Sample Weighted Joint Adversarial Network, a new approach
to achieving cross-domain fault diagnosis in gearboxes and rolling

bearings. Guan et al.*®

performed bearing fault detection using Motor
Current Signals and implemented a time-shifted noise cancellation
strategy. Li et al.'® proposed a Domain-Adaptive CNN, based on
Central Moment Discrepancy, which addresses the scarcity of labeled
data and the challenge of model generalization across different con-

ditions. Niu et al.'”

employed Principal Component Analysis (PCA) and
a Parametric Rectified Linear Unit in an adaptive deep belief network,

enhanced with Particle Swarm Optimization, to improve accuracy and

fopon rccesy

learning efficiency in traditional deep learning applications for bearing
faults. Zhong et al.'® introduced a lightweight model with integrated
self-attention and supervised transfer learning that achieves higher
fault classification accuracy with fewer training samples than traditional
CNNs. Chao and Han'? substituted the traditional linear rectifier
function with the Exponential Linear Unit, enhancing the model's
noise resistance, robustness, and generalizability. This method
achieved higher fault recognition rates compared with previous
multiscale cascade midpoint residual block approaches. Ghorvei
et al.?° introduced the Deep Subdomain Adaptive Graph CNN, an
unsupervised domain adaptive technique that demonstrated significant
fault diagnosis results under variable working conditions. Wang

et al2?

introduced a fault diagnosis method using Singular Spectrum
Decomposition and Optimized Random Configuration Network that
preprocesses and reconstructs original vibration signals to reduce noise.
Song et al.??> developed an optimized CNN scheme based on
Bidirectional Long Short-Term Memory to diagnose bearing faults
under conditions with limited training samples and varied working en-
vironments. Wen et al.2® established a multisource feature fusion
network that utilizes data from multiple sensors to optimize the ex-
traction and utilization of fault features in bearing fault diagnosis. Wang

|'24

et a introduced the Multiscale Transfusion model for diagnosing

faults in rolling bearings under multiple conditions, effectively distin-

1.2% introduced an intel-

guishing between different fault types. Li et a
ligent multisensor diagnostic framework for wind turbine bearings,
which integrates multisource information at multiple levels using
acoustic and vibration signals and graph neural networks. Wang et al.2¢
utilized an enhanced Sparse Constrained Generative Adversarial Net-
work to establish relationships between health and fault categories,

generating fault data under new conditions. Zheng et al.”

proposed a
method that combines multiwavelet transformation with dimension
reduction via PCA, known as the MWCDR-IResNet, enhancing
robustness, universality, and accuracy. Shi et al.?® proposed a spectral
sparse deep deconvolution method using deep neural network struc-
tures that enhances fault diagnostic performance and robustness
against random pulses and strong background noise, surpassing tradi-
tional deconvolution methods. Cui et al.2’ designed a Kernel Sparse
Classification method to intelligently diagnose faults in bearings.

Kulevome et al.*°

introduced an innovative Data Augmentation Anal-
ysis Wavelet method tailored for time series data classification in
bearing fault diagnosis. Cui et al.3! introduced the Triple Attention
Enhanced Residual Tree Heuristic Decision Network specifically for
diagnosing unbalanced bearing faults. Bin et al.>*? employed Empirical
Mode Decomposition (EMD) to decompose reconstructed signals,
calculating the components of each intrinsic mode function (IMF) as
feature vectors using Back Propagation. Qiao and Shu®® proposed an
adaptive coupled neurons-based multiobjective optimization
method to enhance early fault feature identification in machinery.
This method utilizes genetic algorithms to optimize the adjusting
parameters and rescaling factors of the coupled neurons, with
signal-to-noise ratio (SNR) and residence-time distribution ratio
serving as the multiobjective functions. Experimental results indi-

cate that the proposed method not only enhances the identification
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of weak fault features in mechanical equipment but also outper-
forms filter-based methods. Furthermore, Qiao et al.>* employed
overdamped and underdamped harmonic-Gaussian double-well
potential stochastic resonance (SR) to enhance the weak useful
features for early fault diagnosis in rotating machinery. By adjusting
or optimizing the corresponding parameters rather than activating
all parameters for optimal SR, they successfully enhanced the weak
fault characteristics of bearings. However, SR-based methods rely
on prior knowledge of the signal to be detected or on the structural
parameters and rotational speed of the bearings, making it chal-
lenging to detect unknown multifrequency and multicomponent
coupled signals in the absence of such prior knowledge. Mei et al.>®
proposed an SR-based bearing fault diagnosis method incorporat-
ing fractional-order derivatives and time-delay feedback, which
demonstrated certain advantages in enhancing weak fault features
and provided richer diagnostic information in the enhanced results
compared with adaptive filtering methods without fractional-order
derivatives and time-delay feedback.

Although the aforementioned method successfully extracts early
fault features, it requires a large number of samples and is not suit-
able for single-sample analysis. Additionally, the algorithm necessi-
tates a substantial training set and a long iteration time, making it
unsuitable for rapid fault localization.

To address these issues, this paper proposes a combined
fault diagnosis method using improved complementary ensemble
empirical mode decomposition with adaptive noise (ICEEMDAN)
and improved maximum correlated kurtosis deconvolution
(IMCKD). This method employs ICEEMDAN to decompose the
signal into multiple IMFs, which are then reorganized based on the
kurtosis criterion. Subsequently, IMCKD is utilized to separate and

demix the signals, thereby identifying the fault feature signals.

2 | ICEEMDAN-IMCKD METHODS

2.1 | ICEEMDAN principle

ICEEMDAN is an advanced signal-processing technique.®® This
method enhances the capabilities of classic EMD in processing
complex nonlinear and nonstationary signals. The model construction

and solving process consists of the following steps:

(1) In the EMD iterative process for a given signal x(t), each step

generates an IMF:

hi(t) = x(t) - mi(t), (1)

where hi(t) represents the IMF generated during the ith iteration,
and it corresponds to the associated envelope.
(2) With the introduction of adaptive noise assistance, consider an

IMF hj(t) and its corresponding noise component nt):

hilt) = hi(t) + mi(t). )

The noise term ny(t) is introduced through adaptive criteria
to process the local characteristics of the signal, specifically
focusing on the amplitude A;(t) and the standard devia-
tion SDj(t).

ni(t) = aA;(t) - mi(t). (3
In this model, a is the parameter that adjusts the noise amplitude,

and nj(t) represents white noise with a mean of zero.
(3

Perform the EMD multiple times, each iteration yielding a set of
IMFs, denoted as hﬁ'{t)).
The final aggregated IMF is denoted as follows:

K
Hi(t) = - h), (4)
i=1

x|~

where Hjt) represents the modal component derived from the
ICEEMDAN decomposition, and K denotes the total number of

times the EMD process is executed.

(4) Sum the integrated IMFs Hj(t) to obtain the final reconstructed
signal:
N
Xreconstructed(t) = z Hi(t)- (5)
i=1
2.2 | MCKD principle

The MCKD is a deconvolution algorithm specifically designed to
enhance the detection of periodic impulsive components in signals
obscured by noise.%” In this algorithm, correlated kurtosis (CK) is used
as an evaluative metric for signals processed by MCKD. Once the
CK peaks, the resulting signal is output. The CK of the signal y,, can be
defined by the following formula:

S (Moo - mT)
CKm(T) = W, (6)
Zn:1 Yn

where T represents the period of the impulsive signal, M denotes
the order of shifting, y, is the signal, and n is the length of the
signal.

The maximum CK for MCKD is defined as follows:

Zﬁ=1(ﬂm=o)’n - MT)2

max¢ CKp (T) = max¢ » ] . (7)
(Zn=1 Y%)

Assuming that the first derivative of Equation (7) is zero, as

demonstrated by the equation below, the maximum CK value is

dCKn(T) _

k=1,2,3,..L), 8
i ( ) ®
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where L represents the length of the filter, and f denotes the matrix

of coefficient combinations of the filter vector, as shown by

llyal? 18
f= %(XOXE) 2 Xnram, 9)
2|[e]
where
Xi-r Xo-r X3-p -°* Xn-r
0 Xi-r Xo-r ** Xp-1-r
X =(0 0 X1 Xn-2-r , (10)
0 0 0 0 Xn-t-ret),y
r=0,T,2T, .., mT,
Y(11-mr)( yiV-n - Y(21—MT))
-1 2.2 2
Q= Y(z—mT)(Y2Y(2—T)"'Y(2—MT)) , (11)
Y(_A}—mr)( YaVim Y(2,1—MT))
YiY1-T " Y1-MT
Y2Y2-1 " Yo-MT
B . . (12)

Yo ¥n-T " Yn-MT

Bearing fault signals

l

ICEEMDAN

J

Kurtosis value is greater than 3?

|

Construct vibration shock signals

|

IMCKD noise reduction and unmixing

l

Envelope spectrum analysis

|

Fault diagnosis analysis

By substituting the filter coefficients f into Equation (13), the

deconvolved signal y for the signal x is obtained as

L
Xy =f *y,= z fi Yn-k+1 (13)
k=1

In summary, the MCKD algorithm significantly outperforms tradi-
tional methods in extracting weak features from noisy signals. These
advantages are due to the practical and reliable metric, CK, which
evaluates the signal's periodicity and impulsiveness.>® However, the
literature discussing the limitations and potential improvements of
MCKD is scarce. In practice, various challenges can severely hinder
MCKD's efficacy in extracting fault signals from rolling bearing vibration
data. On the one hand, high noise levels in experimental settings often
mask the weak impulsive features indicative of early failure stages. On
the other hand, discrete harmonic interferences from blades, couplings,
and gears can disrupt the periodicity of impulses within the signal.®’

To address the limitations of MCKD and enhance its perform-
ance, this paper introduces the IMCKD. The improved method
significantly reduces the need for prior input parameters, such as
the fault period and shifting order, by estimating the periods of the
original and filtered signals after each iteration. Additionally, each
update of the period brings the estimated period closer to the actual
fault period, thus eliminating the need for the resampling process

typically required in MCKD.

v
Construct virtual channel
signal

FIGURE 1 Fault diagnosis flowchart. ICEEMDAN, improved complementary ensemble empirical mode decomposition with adaptive noise;

IMCKD, improved maximum correlated kurtosis deconvolution.
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2.3 | Kurtosis indicator

Kurtosis reflects the impact characteristics in vibration signals:

E(x - p)*

s (14)

K =
where x represents the signal to be measured, (x) is the expected
value of x, u is the mean, and ¢ is the standard deviation.

The kurtosis indicator is highly sensitive to impact characteristics
within the signal. Under normal conditions, its value should be around
3. If this value approaches or exceeds 4, it indicates the presence of
impulsive vibrations in the mechanical operation.

3 | ICEEMDAN-IMCKD DIAGNOSTIC
METHOD

The ICEEMDAN-IMCKD fault diagnosis method reconstructs the
IMFs obtained through ICEEMDAN into virtual noise signals and
vibration impact signals based on the kurtosis criterion. Then,
the IMCKD algorithm is used to demix and denoise these signals.
This algorithm effectively eliminates high-energy noise from the
IMFs, thereby accurately identifying fault feature information and
enabling effective diagnosis of the faults under inspection. Figure 1
illustrates the flowchart of the combined ICEEMDAN-IMCKD fault

diagnosis method.

4 | EXPERIMENTAL VALIDATION

41 |
bench

Case 1: Mechanical fault simulation test

The early fault test of the rolling bearing was conducted on a
mechanical fault simulation test bench, as shown in Figure 2. The test
bench consists of several key components: a three-phase asynchro-

nous motor, a coupling, a double-support bearing housing unit, the test

bearing, a temperature monitoring module, a speed regulation and
display module, a radial and axial hydraulic oil station loading system, a
load display module, and a speed pulse output module.

For the experiment, an MBEB-10K-type bearing with early-stage
inner ring pitting faults and a normal bearing were used. The physical
image of the rolling bearing with inner ring pitting faults is shown
in Figure 3, and its parameters are listed in Table 1. During the
experiment, the sampling frequency was set at 10240 Hz, and
the sampling duration was 10s. The actual working speed of the
motor was 1797 rpm, resulting in a rotational frequency of 29.95 Hz.
The fault frequency of the bearing inner ring was determined to be
162.19 Hz.

Figure 4 shows the time-domain plot and frequency spectrum of

the vibration signal from a normal bearing, while Figure 5 presents

FIGURE 3 Pitting fault in the inner ring of a rolling bearing.

TABLE 1 Bearing parameters.
Ball Pitch Number of Contact
diameter (mm) diameter (mm) rolling balls angle 0 (°)
7.94 33.5 8 0

FIGURE 2 Mechanical fault simulation test bench.
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FIGURE 5 (A) The time-domain diagram of the inner circle fault signal and (B) the Inner circle fault signal spectrum.

the time-domain plot and frequency spectrum of the vibration signal
from a bearing with an inner ring fault. Analysis of the two figures
reveals that the time-domain signal for the inner ring fault exhibits
distinct impact components with higher amplitude compared with the
normal bearing, indicating the presence of a fault. However, it is not
possible to pinpoint the fault location, and the frequency domain
does not reveal the fault frequency, necessitating noise reduction
processing to extract more effective information.

The ICEEMDAN-IMCKD combined fault diagnosis method was
applied to process the fault signal. The bearing fault signal was
decomposed using ICEEMDAN into nine IMFs, as shown in Figure 6.
The kurtosis criterion was used to calculate the kurtosis values for
each of the nine IMFs, which are listed in Table 2. According to
Table 2, the K values for IMF4, IMF,, IMF,4, and IMF5 are all greater
than 4, indicating that these components retain most of the impact
features and should be reconstructed as vibration impact signals,
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IMF,

1(s)

FIGURE 6 Time-domain waveform of intrinsic mode function
(IMF) components.

TABLE 2 Intrinsic mode functions (IMFs) component kurtosis
index.
Components Kurtosis value
IMF,-IMF3 6.05 5.89 2.83
IMF4-IMF¢4 4.69 4.22 2.56
IMF,-IMF, 2.11 1.38 1.70

while the remaining IMFs are constructed as virtual noise signals.
These two signals were then used as input matrices for the IMCKD
algorithm to perform denoising and demixing, effectively separating
the impact signal from the noise signal. Finally, the envelope analysis
of the impact signal was conducted, and the resulting envelope
spectrum is shown in Figure 7.

As shown in Figure 7, the proposed method can clearly display the
inner ring fault characteristic frequency (f;) at 146.1 Hz, and its various
harmonics, as well as the shaft rotational frequency modulated

sidebands at 99.61Hz (fi-f,), 222.7Hz (fi+f,), 263.7 Hz (2f; - 2f,),
380.9 Hz (2f; + 2f,), 427.7 Hz (3f; - 2f,), 544.9 Hz (3f; + 2f,), 585.9 Hz
(4f; - 2f,), 709 Hz (4f,+ 2f,), 750 Hz (5f; - 2f,), 867.2 Hz (5f; + 2f,), and
908.2 Hz (6f; - 2f;). The obtained fault frequencies are consistent with
the theoretically calculated frequencies, and the high-frequency noise
is significantly suppressed, demonstrating effective noise reduction.
The results indicate that the proposed ICEEMDAN-IMCKD algorithm
can accurately extract bearing fault features and identify the type of
rolling bearing fault.

To further illustrate the effectiveness of the proposed method, a
comparison was made using three other methods: ICEEMDAN-Hilbert,
ICEEMDAN-Teager, and ICEEMDAN-1.5-dimensional demodulation.
The same procedures were applied, and the envelope spectra for the
three feature extraction methods were obtained, as shown in Figure 8.

In Figure 8A, the fault characteristic frequency of 164.1 Hz
was found, along with its second to fourth harmonics. The meth-
ods in Figure 8B,C additionally identified the fifth harmonic
(808.6 Hz) and sixth harmonic (972.7 Hz). However, due to the
modulation phenomena between the characteristic frequencies
and their harmonics with the rotational frequency and its harmo-
nics, as well as the strong noise interference in the signal, the
prominent frequency components identified in Figure 8A,B have
amplitudes similar to the sideband spectrum lines. This results in
many interfering frequency spectrum lines, making it difficult to
distinguish the rotational frequency of the shaft and diagnose the
fault type. On the other hand, the method in Figure 8C further
suppresses unrelated noise interference in the signal components,
but the fault characteristic spectrum lines and the shaft rotational
frequency band are not prominent, hindering the accurate deter-
mination of the fault type.

Consequently, it is concluded that the proposed ICEEMDAN-
IMCKD fault diagnosis method can make the bearing fault char-
acteristics more prominent, significantly improve noise reduction, and
be used for the feature extraction of early faults in the inner ring of
rolling bearings.

42 |
bench

Case 2: Wind turbine fault diagnosis test

To verify the generalization performance of the proposed method,
experimental analysis was conducted using a wind turbine fault
diagnosis test bench. The test bench comprises a generator, a plan-
etary gearbox, a parallel shaft gearbox, bearing housings, a control
panel, and fan blades, as shown in Figure 9. The faulty bearing is
located within the bearing housing shown in the figure. The bearing
model is MB ER16K, a deep groove ball bearing with a contact angle
of 0° an inner diameter of 25.4 mm, a pitch diameter of 38 mm, an
outer diameter of 51 mm, and nine rolling elements. The fault type is
an inner ring pitting fault. The vibration acceleration sensor used for
signal acquisition is a 608A11 model. The motor rotational frequency
is 55Hz, and the brake load is 1 570N, resulting in a calculated
theoretical inner ring fault characteristic frequency (f;) of 18.8 Hz. It is
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FIGURE 8

(A) The ICEEMDAN-Hilbert, (B) the ICEEMDAN-Teager, and (C) the ICEEMDAN-1.5-dimensional demodulation. ICEEMDAN,

improved complementary ensemble empirical mode decomposition with adaptive noise.

evident that the fault characteristic frequency of the bearing is
quite low compared with the characteristic frequencies of other
components on the test bench. Additionally, the strong vibrations
from other components further obscure the weak impact energy
caused by the bearing fault, making feature extraction challenging.
The sampling frequency was set at 2 560 Hz, and the data
length for analysis was 10 kB. The time-domain waveform of the

vibration signal is shown in Figure 10. Although impact features
are faintly present in the figure, the impact periodicity is not
evident. The impact components caused by the inner ring fault are
drowned out by the vibrations from the planetary gearbox, the
parallel shaft gearbox, and other interference signals, making it
impossible to identify the fault characteristics based solely on the

time-domain signal.
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FIGURE 9 Wind turbine fault diagnosis test bench.
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FIGURE 10 The time-domain waveform of the vibration signal.
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FIGURE 11 The envelope spectrum of the measured signal.

The envelope spectrum of the measured signal is shown in
Figure 11. The modulation frequencies mainly correspond to the
rotational frequency of the planetary gearbox (f.) at 12 Hz, its second
harmonic at 24 Hz, and its third harmonic at 36 Hz. Additionally,
the generator rotational frequency (f,) at 55Hz is also extracted.
However, the fault characteristic frequency of the bearing inner ring
(f) at 18.8Hz and its harmonics are not extracted due to the
weak fault information, making it impossible to determine if there is
an inner ring fault in the bearing.

To accurately and effectively extract the fault information of the
bearing inner ring, the proposed method was applied to process the
signal. First, the ICEEMDAN method was used to perform a two-level
decomposition of the measured signal, resulting in four components.

planetary carbox

fan blades

\

)

0 05 10 15 20 25 30 35 40
«s)

FIGURE 12 The time-domain plots of these components.

TABLE 3 The kurtosis values.
Components C, Cy Cs Cs
Kurtosis value 3.10 3.67 5.22 6.82

The time-domain plots of these components are shown in Figure 12,
and the kurtosis values are listed in Table 3.

Observing the time-domain waveforms of the components, it can
be seen that none of the components exhibit obvious periodic impact
characteristics. According to the kurtosis criterion, components with
higher kurtosis values should be selected for IMCKD analysis. As seen in
the table, component C,4 has a higher kurtosis value. However, since the
frequency band of C,; corresponds to the normal planetary gearbox
frequency and its modulated sidebands, it is not analyzed further. The
kurtosis value of component Cs is significantly higher than those of
components C; and C,, indicating that it contains effective fault impact
components. Therefore, component Cj is selected for the next step of
analysis. Component Cs is processed using IMCKD filtering, with the
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deconvolution period set to T = f/fs=136 samples, the deconvolution
filter order set to L = 100, and the delay step set to M = 7. The envelope
analysis of the filtered signal is then performed, resulting in the envelope
spectrum shown in Figure 13. For comparison, the envelope spectra of
the vibration signal directly processed by IMCKD and the vibration
signal processed by EMD-MED are also provided, as shown in
Figures 14 and 15, respectively.

In Figure 13, the main frequency components are the rotational
frequency of the shaft where the faulty bearing is located (f,, 3.5 Hz)
and its second harmonic (7 Hz). The inner ring fault characteristic
frequency (fi, 18.8 Hz) and its second harmonic (37.6 Hz) and third
harmonic (56.4 Hz) are also clearly expressed, consistent with the
characteristics of an inner ring fault, allowing the diagnosis of a bearing
inner ring fault. In the envelope spectrum of the vibration signal
directly processed by IMCKD (Figure 14), the main frequency com-
ponents are the rotational frequency of the shaft where the faulty
bearing is located (f,,, 3.5 Hz) and its second harmonic (7 Hz), and the
rotational frequency of the planetary gearbox (f., 12 Hz). In the en-
velope spectrum of the vibration signal processed by EMD-MED
(Figure 15), the main frequency components are the rotational fre-
quency of the planetary gearbox (f., 12 Hz) and its second harmonic
(24 Hz) and third harmonic (36 Hz). Neither of the two methods ex-
tracts effective bearing fault characteristic information, making it

impossible to determine the presence of a bearing fault.

4.3 | Noise reduction comparison

The noise reduction performance of ICEEMDAN-Hilbert, ICEEMDAN-
Teager, ICEEMDAN-1.5D demodulation, and the proposed method is
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FIGURE 13 The envelope spectrum after filtering with C3
through Improved Maximum Correlated Kurtosis Deconvolution.
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FIGURE 14 The envelope spectrum of the vibration signal
directly processed by Improved Maximum Correlated Kurtosis
Deconvolution.
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FIGURE 15 The envelope spectrum of the vibration signal
processed by EMD-MED. EMD, empirical mode decomposition;
MED, minimum entropy deconvolution.

TABLE 4 Noise reduction evaluation results.

Methods K SNR

ICEEMDAN-Hilbert 6.05 46.34
ICEEMDAN-Teager 7.02 52.13
ICEEMDAN-1.5D Demodulation 8.06 61.59
The proposed method 9.01 73.82

Abbreviations: ICEEMDAN, Improved Complementary Ensemble
Empirical Mode Decomposition with Adaptive Noise; SNR, signal-to-noise
ratio.

quantitatively evaluated using kurtosis (K) and SNR. The results are
presented in Table 4.

As can be seen from the table, the kurtosis and SNR values of the
denoised signals obtained using the ICEEMDAN-IMCKD algorithm
are greater than those of the comparative algorithms. This indicates
that the proposed algorithm can make the impact components in the
measured signal more prominent while effectively suppressing the

noise components.

5 | ENGINEERING APPLICATION
EXAMPLES OF WEAK FAULT DIAGNOSIS
IN BEARINGS

The theoretical derivation and laboratory experimental validation of
the weak signal detection method have laid a solid foundation for its
engineering application. Applying this method to large-scale reduc-
tion equipment in a steel company serves a dual purpose: on the one
hand, it tests the reliability and effectiveness of the method in an
engineering context; on the other hand, it facilitates the refinement
and improvement of the system's specific operations and technical
processes based on engineering requirements, thereby advancing
the development and application of weak fault diagnosis in the
engineering field. Given the unique production environment and
requirements of metallurgical enterprises, it is crucial to closely
monitor and focus on the rolling mill, a key piece of manufacturing
equipment. This monitoring ensures the timely detection of weak
fault signals hidden within strong background noise, preventing

incidents such as prolonged shutdowns caused by failures or
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FIGURE 17 (A) The sensor and (B) the gateway.
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FIGURE 18 Bearing inner ring fault vibration signal.
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FIGURE 19 The envelope spectrum of the ICEEMDAN-IMCKD processed signal. ICEEMDAN, Improved Complementary Ensemble
Empirical Mode Decomposition with Adaptive Noise; IMCKD, Improved Maximum Correlated Kurtosis Deconvolution.

FIGURE 20
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(A) The envelope spectrum of the ACMD-MCKD processed signal, (B) the envelope spectrum of the DBO-MCKD processed

signal, and (C) the envelope spectrum of the ARO-MNRKPD processed signal. ACMD, adaptive chirp mode decomposition; ARO; artificial
rabbits optimization; DBO, dung beetle optimizer; MCKD, maximum correlated kurtosis deconvolution; MNRKPD, maximum noise ratio kurtosis

product deconvolution.
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FIGURE 21 On-site disassembly of the inner raceway fault in the
second shaft bearing.

damages to critical components, like, gears and bearings. The
roughing mill unit is classified as Category A controlled equipment,
with the engineering site layout of the third rolling mill shown in
Figure 16.

On March 24, 2024, the online monitoring system detected an
abnormal vibration signal from the gearbox of the third rolling mill.
However, the specific faulty component could not be identified. To
address this, the vibration data collected on March 24 will be ana-
lyzed with the aim of detecting and extracting weak fault features
from the early-stage vibration signals, thereby pinpointing the exact
fault location. The vibration signals from the gearbox were collected
using an online monitoring system composed of wireless smart
monitors and an SC-100T wireless smart gateway, developed and
produced by Shanghai Siying Testing Technology Co., Ltd., as shown
in Figure 17. The sampling frequency was set at 12 800 Hz, with a
total of 16 384 sampling points. Since bearings are the components
most frequently prone to damage and where faults typically develop
first, the measurement points should be placed as close to the
bearings as possible to avoid capturing distorted signals.

On the basis of the data provided by a steel company for various
components, the calculated characteristic fault frequencies are as
follows: 123.3 Hz for the outer ring of the rolling bearing, 102.8 Hz
for the inner ring of the rolling bearing, 202.77 Hz for the helical gear,
and 156.82 Hz for the gear shaft.

The detailed analysis is as follows:

The envelope spectrum of the measured engineering signal is
shown in Figure 18.

The envelope spectrum of the fault vibration signal in the
figure shows weak fault characteristic frequencies and their har-
monics, with strong background noise interference, making direct
fault detection challenging. Therefore, it is necessary to apply a
denoising method before extracting fault features and performing
fault detection. The envelope spectrum of the fault vibration signal
after ICEEMDAN-IMCKD processing is shown in Figure 19.

Upon analyzing the envelope spectrum, the fault characteristic

frequency and its harmonics, such as the second and third harmonics,

are more prominent in the ICEEMDAN-IMCKD processed fault signal.
These frequencies are close to the theoretical fault characteristic
frequency of 102.8 Hz, leading to a reasonable inference that the inner
raceway of the bearing might be faulty. A comparative analysis of this
method with three existing methods—ACMD-MCKD,*® DBO-MCKD,**
and ARO-MNRKPD*?—was conducted. The envelope spectra of the
signals processed by ACMD-MCKD, DBO-MCKD, and ARO-MNRKPD
are shown in the respective Figure 20.

In the figures, the envelope spectra of the signals after denoising
with ACMD-MCKD and DBO-MCKD show that noise has not been
effectively suppressed. The relative amplitudes of the fault charac-
teristic frequencies are low, and the harmonics are relatively weak.
On the other hand, in the envelope spectrum of the signal after
denoising with ARO-MNRKPD, the fault characteristic frequency
and the third harmonic are more prominent, but the relative ampli-
tude is still low. The fault feature extraction effectiveness is not as
good as with the ICEEMDAN-IMCKD method.

From March 24, 2024, to July 22, 2024, the Long Products Mill's
new high-speed wire department conducted 4 months of continuous
monitoring of the vibration signals of the bearings in the third
gearbox. During this period, a substantial amount of valuable data on
the full-cycle degradation of the bearings was collected. During
the maintenance at the end of July 2024, spalling was discovered on
the inner raceway of the second shaft's spherical roller bearing. The

fault condition and location are shown in Figure 21.

6 | CONCLUSION

By combining the respective advantages of ICEEMDAN and IMCKD,
this paper proposes an early fault diagnosis method for rolling bearings
based on ICEEMDAN and IMCKD. The feasibility, effectiveness, and
practicality of this method were verified through experimental studies

on two data sets. The conclusions are as follows:

(1) This method can suppress strong vibration and noise interference
to a certain extent, highlight the weak fault impact components
hidden in the signal, enhance and effectively extract the low-
frequency weak fault features of bearings, and provide a new
theoretical basis for low-frequency fault diagnosis of transmis-
sion systems.

(2) Comparative analysis indicates that this method has advantages
over traditional methods in extracting fault features of the inner
ring of rolling bearings.

(3) Experimental analysis of the inner ring signals of bearings has
yielded good results. This method is also effective for extracting
fault features of the outer ring and rolling elements of rolling
bearings.

(4) The method proposed in this study was applied to the measured
vibration signals of the gearbox bearings in the new high-speed
wire department of a Long Products Mill. It successfully ex-
tracted weak characteristic information of early bearing faults,

achieving the expected diagnostic results. This further validates
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the effectiveness of the ICEEMDAN-IMCKD method in practical
engineering applications, demonstrating significant engineering
value for detecting and extracting weak impact characteristics in

rolling bearings.
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