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Abstract: Early fault signals of the rolling bearing in the rotor are weak and present the
characteristics of non-periodic and non-stationary; it is more difficult to carry out fault
diagnosis on it. In this regard, this paper proposes a weak rolling bearing fault diagnosis
algorithm based on whale optimization algorithm, simplistic geometry mode decomposition,
and maximum correlated kurtosis deconvolution (WOA-SGMD-MCKD). Firstly, the vibration
signal of the rotor platform is obtained, and the Symmetric Geometric Mode Decomposition
(SGMD) is used to reconstruct the vibration signal. To obtain the best decomposition effect of
the SGMD and overcome modal aliasing, the Whale Optimization Algorithm (WOA) is used
to optimize the embedding dimension. Secondly, for the reconstructed vibration signal, the
Maximum Correlated Kurtosis Deconvolution (MCKD) is used to extract its impulse
component, and the WOA is used to optimize the filter length and deconvolution period of the
MCKD so that the frequency envelope spectrum of the vibration signal can be obtained, which
can provide the basis for the fault diagnosis of rolling bearings. Finally, the effectiveness and
feasibility of the algorithm proposed are verified by a non-periodic and non-stationary
simulation platform and rotor maneuvering platform in this paper.
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1. Introduction

Rotor blades are an important part of an unmanned aerial vehicle (UAV),
providing power for the UAV to fly. As the key part of rotor components, rolling
bearings work in an environment with high rotational speeds and complex loads and
are susceptible to the influence of dust and acid mist in the environment, resulting in
wear, fatigue spalling, corrosion, abrasion, fracture, and other problems of rolling
bearings [1]. However, extracting the early fault characteristics from rolling bearings
can be extremely challenging, primarily due to the subtle and weak impacts generated
by these initial faults, which are affected by the strong noise of the UAV, and its fault
signal is characterized by non-linearity and non-smoothness. Therefore, identifying
and enhancing the weak fault signals of rolling bearings amidst strong noise
environments is crucial for enabling early fault diagnosis of rotary wing systems. The
key lies in devising effective methods to extract and amplify these fault characteristics.

The fault diagnosis method of rolling bearings is mainly for the original vibration
signal to make signal reconstruction, fault feature extraction, fault pattern recognition
and other processes [2]. Currently, the prevalent approaches for rolling bearing fault
diagnosis encompass a diverse range of methodologies, including time domain
analysis, frequency domain analysis, time-frequency domain analysis, as well as the
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utilization of neural networks and other advanced techniques [3]. The time domain
analysis method is mainly used to extract the statistical features such as mean,
variance, and crag of the fault time series signal for the characterization of the fault
signal. The frequency domain method is mainly based on Fast Fourier Transform
(FFT) analysis to extract the spectrum of the fault signal. The time-frequency domain
analysis methods are mainly wavelet decomposition, sparse decomposition, and
empirical modal decomposition method [4]. Literature [5] proposed a rolling bearing
fault diagnosis algorithm based on FFT and multi-feature parallel fusion encoder,
which is suitable for periodic fault signals. Literature [6] presents a rolling bearing
fault diagnosis algorithm that innovatively combines wavelet transform with
convolutional neural network, offering a unique approach to the task, the accuracy of
the fault diagnosis algorithm is effectively improved, but the fixed basis function of
wavelet decomposition still exists the problem of poor self-adaptation. In Literature
[7], a novel algorithm for rolling bearing fault diagnosis is introduced, which is
fundamentally based on the concept of clustered weighted envelope spectrum.
Literature [8] proposed a rolling bearing fault diagnosis algorithm based on restricted
sparse network. However, the methods proposed in the literature [5-8] have the
problem of inaccurate fault feature extraction in the process of solving the non-
periodic and non-stationary rolling bearing fault signals. Therefore, for the non-
periodic and non-stationary characteristics in bearing fault signals, literature [9]
proposed an algorithm for extracting fault features in rolling bearings based on
empirical modal decomposition (EMD). It acknowledges that this method faces
challenges such as modal aliasing and the endpoint effect, which can compromise its
accuracy and reliability. Literature [10] proposed a rolling bearing feature extraction
algorithm for variational modal decomposition (VMD), but the VMD decomposition
has the problem that the number of decompositions is difficult to determine. In recent
years, the fault diagnosis algorithm based on Symplicit Geometric Modal
Decomposition (SGMD) has been proposed for fault diagnosis of rotating machinery,
which has the advantages of clear physical meaning, noise robustness, and good
adaptability because it effectively preserves the intrinsic characteristics of time series
data [11].

However, the complex operating environment, severe noise interference,
multiple vibrations, and motor rotations coupled with each other in a rotorcraft make
early failure extraction of rotorcraft rolling bearings more difficult. In this regard,
literature [12] proposed an enhanced envelope analysis and blind deconvolution
technique for weak fault diagnosis of rolling bearings. Literature [13] introduced an
innovative approach for fault diagnosis of rolling bearings, which integrates an
adaptive time-varying filtering technigue with an order tracking algorithm to enhance
diagnostic accuracy and effectiveness. However, the algorithms proposed in the
literature [12,13] do not adequately consider the time-varying, strongly noisy
operating environments in which rotor blades operate. At present, as one of the current
mainstream algorithms for fault signal enhancement, the maximum correlated kurtosis
deconvolution (MCKD) algorithm has the advantages of strong noise immunity, good
self-adaptation, and effective elimination of the influence of the signal transmission
path, and it is widely used in the enhancement of weak fault signals [14-16].
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In summary, for the non-periodic, non-smooth, and strong noise effects of the
early fault signals of rotor rolling bearings, the paper adopts SGMD to extract the fault
characteristics of all of its components and MCKD to enhance the impact pulse of the
fault signals and then completes the early fault diagnosis of rotor rolling bearings.
However, the number of decompositions of SGMD and the filter length parameter and
deconvolution period parameter of MCKD have an important impact on the
effectiveness of the rotor bearing fault diagnosis algorithm. In order to select the
appropriate algorithm, in this paper, the whale optimization algorithm (WOA) is
selected as the optimization tool to fine-tune the parameters of SGMD and MCKD
models, aiming to achieve optimal performance. Finally, the algorithm proposed in
the paper is validated on a rotor platform.

2. Basic methodological principle

2.1. Symplectic geometry mode decomposition (SGMD)

SGMD (symmetric geometric mode decomposition) represents a pioneering
approach to signal decomposition that commences by meticulously reconstructing the
phase space of the original signal. And determines the embedding dimensions and the
trajectory matrix using the power spectral density (PSD) method; then constructs the
Hamiltonian matrix and solves its eigenvalues using the symplectic geometry
similarity transform; finally, diagonal averaging and adaptive reconstruction
techniques are employed to extract the symplectic geometry component (SGC). The
method is characterized by invariant intrinsic characteristics of the time series,
suppression of modal confusion, removal of noise in the process of efficiently
reconstructing a single component, and does not require the definition of any
subjective parameters. Specific realization process:

(1) Phase space reconstruction. Assuming that the original signal series is x = (X1,
X2, ..., Xn) (n is the sample number), phase space reconstruction via the Takens
Embedding Theorem involves constructing a higher-dimensional space from a single
time series by embedding delayed versions of the series; the trajectory matrix X can
be obtained.

X1 Xi4r 7 X14(d-Drt
X2 Xogr vt Xog(@d-1)r

x=|7 7. ; (1)
Xm  Xm+r 7 Xm+(d-Drt

where zis delay time, d is embedding dimension,andm=n—(d — 1)z

For Equation (1), the result of the trajectory matrix X is determined by the values
of the parameters zand d. The delay time 7 can be determined by the C-C algorithm,
and the embedding dimension d can be determined by the PSD method. Calculate the
PSD value of the original signal x and obtain the frequency fmax corresponding to the
highest peak value of the PSD. Assuming that the sampling frequency is fs and the
threshold is & (generally taking the value of 0.001), after the frequency normalization
process, if fma/fs > & the embedding dimension d = 1.2fw/fs; conversely, the
embedding dimension d = n/3.
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(2) Hamiltonian matrix construction. Autocorrelation analysis is performed on
the trajectory matrix X to obtain the corresponding covariance symmetry matrix P:

P = XTX )

The Hamiltonian matrix M can be constructed based on the covariance symmetric
matrix P:

AT 0
0 -4

(3) Symplectic geometry similarity transform. Let N = M? and the matrix N is
also a Hamiltonian matrix; an orthonormal matrix Q can be constructed to make

M:[ (3)

T _[BT R
o'ne =% 7] @
where B is the upper triangular matrix and R is the transformed submatrix.
(4) Eigenvalue solving. B is an upper triangular matrix, i.e., bjj=0 (i >j + 1). The

eigenvalues of matrix B are obtained from Schmidt orthogonalization as A1, A, ..., Aq,
and the eigenvalues of matrix A are obtained from Hamiltonian matrix properties:

o =A (i=1,2,....... ,d) (5)
The corresponding ground eigenvectors Q; can be obtained from the eigenvalues
of the matrix A.
(5) Reconstruct the trajectory matrix Z. Let C = Q"X, Z = QC; the reconstructed
trajectory matrix Z can be obtained. The conversion factor matrix C is given by
C;=0Qlx (6)
The single-group trajectory matrix Z; can be obtained after transforming the
coefficient matrix C;:
Zi = QiCi (7)
The reconstructed trajectory matrix Z consists of a single trajectory matrix Z;, and
then there:
Z=7Z1+Z,+-+Z, (8)

(6) Diagonal averaging. Since the single-group trajectory matrix Z; is an mxd
matrix, the trajectory matrix Z; needs to be reconverted into a signal with a sample size
of n. Defined as z; (1 <i<d, 1<j<m)istheelement of matrix Z;, let

Zij,m <d 9
%=y = d ©
The diagonally averaged transfer matrix is used to transform Z; into a signal Yi =
(Y1, Y2, -5 Yo ..., Yn) With a sample size of n:
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p=1
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n—k+1
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Il
N

Yk

n-m*+1

Zpk—pt1 M <k<n

where d* = min (m, d); m*=max (m,d);n=m+ (d- 1)z

By diagonal averaging, the d-group signals Yi = (y1, Y2, ..., Yk, ..., Yn) Can be
finally obtained.

(7) Signal extraction and reconstruction. The d-group signals are not completely
independent of each other and still exhibit similarity. The signal is analyzed using the
similarity criterion to calculate the similarity between a signal and the rest of the
signals, and a linear superposition is applied to the signals that are more similar to it
to obtain the I-th symplectic geometric component Sgci, which is removed from the
original signal, and the residual signal is noted as Gn+1 (h is the number of iterations),
and then there is:

h
Gh1 =X — Z Sect (11)
=1

During each iteration, the Geg is removed from the original signal series x once,
and the NMAE between the residual signal and the original signal decreases with the
number of iterations; thus, the NMAE can be used as a sign of the similarity between
the time series signals Yi. To prevent the over-decomposition problem caused by too
many iterations, NMAE is used as a new decomposition constraint, and different
thresholds m are set according to the decomposition objects.

10 (G (D)
Nyagn = ?; | 0 (12)

If the NMAE is greater than the given threshold m, the residual signal Gp.1 is first
reconstructed to obtain the new trajectory matrix Xmsq; then the Geg) is calculated again
according to the above process, and it is eliminated from the residual signal Gn.1;
finally, the NMAE is calculated and compared with the given threshold m until the
NMAE is less than the given threshold m, the iterative process is ended, and the final
result x(t) is output.

N
X(0) = ) Seen(®) + Guia(© 13
h=1

where, N is the number of the SGC.
The flowchart is shown in Figure 1.
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Figure 1. Flowchart of the SGMD method.

For complex and weak bearing signals, the SGMD method decomposes signals
into multiple mode components. However, the decomposition is not good due to the
strong noise effect, and in order to reduce the adverse effect of noise, the maximum
correlated kurtosis deconvolution (MCKD) method can be used to complete feature
extraction.

2.2. Maximum correlated kurtosis deconvolution (MCKD)

MCKD fully considers the periodicity of the shock component in the vibration
signal and takes the correlation kurtosis as the optimization object, which can enhance
the periodic shock component of the fault signal on the basis of effective noise
reduction. The MCKD algorithm essentially maximizes the correlation kurtosis of the
original periodic shock sequence by finding a series of FIR filters (). The correlation
cliff of the periodic shock signal yi (i =1, 2, ..., N) can be defined as

§V=1(H%=o Yi-mr)?
(Z{V=1 yiz)M-I-l
where T is the sample period of fault signals and M is the number of signal translation

cycles.
With the correlation kurtosis as the optimization objective, an objective function

can be established:

CKy(T) = (14)

?:1(“%:0 yi—mT)2
(Z{Vﬂ Yiz M+1

Elements of the deconvolution signal y can be solved:

(15)

maxCK,,(T) = max
axCKy(T) = me
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L
yi = z feXizk+1 (16)
k=1

where, f is the filters; L is the step size of the filter.
The filter matrix can be expressed as

f=(f,f ..., 00 17)

An optimal filter can be identified to maximize the value of the correlation
kurtosis CKm(T), then using the principle that the derivative is zero when a continuous
function takes an extreme value, there is

d(CKu(T)) _
d(fx)

By calculating and organizing Equation (18), the expression for the filter matrix
can be obtained:

(18)

f

2 M
S ECC O RS (19)
m=0

where,

[ Y1Y1-1Y1-21 =" Y1-MT
Y2Yo-1Y2-21 "' Y2—-MT

| YNYN-TYN-2T *** YN-MT
—xl x2 e xN

O xl e xN—l
Xo=1: : . : ;

_0 0 t XN-L+1 LXN

[X1—-mT  X2—mrT XN-mT
0 X1—-mr *°  XN-mT-1

0 0 t XN—-L-mT+1lpxn

[ Vitmr VT Yi-rYi-ar = Yi-mr)
Ay = YZ_—lmT(yZZyZZ—TYZZ—ZT **Y3-mr)

—YﬁlmT(yl%yl%—Tyl%—ZT yI%I—MT)Jle

Based on the preceding analysis, the specific implementation flowchart of
MCKD method is shown in Figure 2.

In practical applications, the filter length L and sample period T of the MCKD
method need to be manually set in advance, and unreasonable parameter settings can
affect the results of signal processing. In order to achieve adaptive signal processing,
intelligent algorithms can be used for parameter adaptive optimization to obtain a set
of optimal parameter values and improve the accuracy and robustness of the algorithm.
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Figure 2. Flowchart of the MCKD method.

2.3. Whale optimization algorithm (WOA)

The whale optimization algorithm (WOA), a meta-heuristic optimization
technique, is inspired by the hunting behavior of whales. In this algorithm, each
whale’s position signifies a potential solution. During the hunt, whales exhibit two
primary behaviors: firstly, they converge towards each other to surround the prey, with
all whales moving towards their peers; secondly, they engage in a bubble-net feeding
method, where they swim in circular patterns and emit bubbles to herd their target. In
each iteration, whales randomly select between these two strategies to optimize their
hunt, using random or optimal search agents to simulate hunting behavior, effectively
avoiding premature convergence and improving the algorithm’s global search ability.
At the same time, it has the advantages of not requiring gradient information and
having fewer parameters. Therefore, the whale optimization algorithm (WOA) is
employed to optimize the relevant parameters of the maximum correlated kurtosis
deconvolution (MCKD) technique. The WOA'’s ability to explore and exploit the
search space efficiently, by mimicking the hunting behaviors of whales, makes it a
suitable choice for tuning the parameters of the MCKD method in order to enhance its
performance.

The WOA involves three processes: surrounding prey, hunting behavior, and
searching for prey, as shown below:
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(1) Surrounding prey. Using a mathematical model to describe the process of
whales surrounding their prey, the expression can be described as

D = [CWpes (t) — W ()] (20)

W(t+1) = Wyese(t) — FD (21)

where C and F are coefficient vectors; W(t) is the current whale position vector; and t
is the current iteration count.
The coefficient vectors C and F can be calculated by the following formulas:

F =2ac; —a
{C = 2C2 (22)
a=2-—2t/Thax

where ¢1 and c; are random vectors distributed in the [0,1] interval;, Tmax is the
maximum number of iterations; a linearly decreases from 2 to 0.

(2) Hunting behavior. The behavior of humpback whales swimming towards
their prey is a spiral motion, which can be described mathematically as

{W(t +1) = Whest (t) + Dpe® cos(2ml) (23)

Dp = |Whest (t) — W (1)|

where Dy, is the distance between the humpback whale and its prey; b is the constant
associated with the spiral motion trajectory; | is a random number in the [-1,1]
interval.

In addition, while spiraling towards prey, humpback whales also contract their
encirclement. Assuming that the probability of contracting the enclosure is P; and the
probability of choosing a spiral to update the position of the humpback whale is 1 —
Pi, then there is

Wbest(t) _FD'p < PL’

Wi = {Wbest(t) + Dye? cos(2l),p = P, -

If the value of a decreases when approaching prey, the fluctuation range of vector
F also decreases accordingly. During the iteration process, the value of a decreases
from 210 0, and F is a random value of [—a, a]. The next position of a humpback whale
lies somewhere between its current location and that of its prey, and the smaller the F,
the smaller the walking step.

(3) Searching for prey. Using a mathematical model to describe the process of
a humpback whale searching for prey, the expression can be described as

D = [CWygna(t) — W(t)| (25)

W((t+1) =W,qnq(t) —FD (26)

where Wrand(t) is the randomly selected location of the humpback whale.

If F > 1, asearch agent is randomly selected, and the position of other humpback
whales will be updated according to the position of the randomly selected, enhancing
the overall search capability of the WOA. The specific implementation process of the
WOA is shown in Figure 3.
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Figure 3. Flowchart of the WOA algorithm.

The WOA algorithm comprises six fundamental steps:

Step 1: Initialize settings. The initial position of the humpback whale is Wy, the
population of humpback whales is N, and the maximum number of iterations is Tmax.

Step 2: Evaluate the fitness of each humpback whale, determine whether the
parameters are within the constraint interval, find the humpback whale currently in the
optimal position within the constraint interval, and save it.

Step 3: Calculate the parameters and coefficient vectors, and determine if the
probability P is less than 0.5. If so, proceed to step 4; otherwise, update the position
of the humpback whale according to Equations (20)—(21).

Step 4: If the absolute value of the coefficient vector F is less than 1, the
humpback whales will surround the prey and update their positions accordingly
according to Equations (20)—(21). Otherwise, search for prey globally randomly and
adjust the position of the humpback whale according to Equations (25)—(26).

Step 5: When the position update is complete, reevaluate the fitness of each
humpback whale and compare it to the best-performing whale from the previous
iteration. If it is optimal, replace it with the latest optimal solution.

Step 6: Finally, check if the maximum number of iterations has been reached; if
it has been reached, the optimal solution is obtained; otherwise, continue to iterate.

10
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By optimizing MCKD through the WOA, the optimal parameter values for filter
step size and period can be quickly obtained, improving the accuracy of the algorithm.

3. Bearing fault diagnosis based on SGMD and WOA-MCKD

Firstly, SGMD decomposes raw signals into noise-reduced SGCs, mitigating
mode mixing and preserving non-periodic features. Then, MCKD enhances fault-
related impulses within SGMD’s SGCs, leveraging its cyclization amplification.
Lastly, WOA optimizes MCKD parameters dynamically, adapting to varying noise
levels and fault characteristics. The SGMD and WOA-MCKD methods are used for
feature extraction and diagnosis of weak bearing faults under strong noise background.
The specific diagnosis process is as follows.

(1) Data acquisition. The original vibration signals x(t) of the normal and outer
elements of the rolling bearing can be obtained through sensors.

(2) Signal decomposition based on SGMD. The SGMD method is used to
perform multimodal decomposition on the collected original vibration signals x(t);
multiple symplectic geometric components (SGC) are obtained, and the correlation
criterion is used to select the SGC with high correlation and reconstruct the signal.

(3) MCKD optimization based on WOA. The WOA is used to optimize the
parameters of MCKD and obtain the optimal filter step size and period, and the study
factor c; =c, = 2.

(4) Feature extraction. The obtained optimal filtering step size and period are
substituted into MCKD to achieve feature extraction of the reconstructed signal.

(5) Fault diagnosis. The envelope spectrum analysis method is used to
demodulate the signal envelope and compare the theoretical fault characteristic
frequency values of the bearing against the distinct peak spectral lines in the envelope
spectrum to diagnose the specific fault type.

According to the above diagnosis process, the bearing fault diagnosis flowchart
based on SGMD and WOA-MCKOD is shown in Figure 4.

Vibration Signal

v

SGMD Signal Decomposition

v

Optimal Component Signal » Borno Spectral Analysis

v

v Whale Optimization Algorithm to
MCKD Feature Extraction |« Determine Optimal Correlation
Parameters

A

Theoretical Failure Frequency
Comparison

Borno Spectral Analysis <

v

Diagnostic Result

Figure 4. Flowchart of fault diagnosis based on SGMD and WOA-MCKD.
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4. Experimental verification and result analysis

4.1. Simulation verification

Firstly, to verify the effectiveness and feasibility of the algorithm proposed in the
article, early outer ring faults of rolling bearings are simulated [17]. To simulate the
strong noise environment of the rotor, Gaussian functions are used for simulation, and
the expression of the simulation signal is as follows:

(x(t) = s(®) + n() = Z Ah(t —iT — 1;) + n(t)

h(t) = exp(— Ct) sin(lZant)
L A; = Ay sin( 2if,t)

(27)

where x(t) is the collected vibration signal; s(t) is the fault signal component; n(t) is
the white noise signal; Ao is the initial vibration amplitude; C is the attenuation
coefficient; f, is the resonance frequency; f; is the bearing rotation frequency; and z; is
the small fluctuation of the i-th impulse, which can be set as a random value. Taking
the values Aq = 0.8, f, = 5000 Hz, f, = 300 Hz, and C = 1000, the waveform of the
impulse signal is shown in Figure 5. As shown in the figure, the signal exhibits non-
periodic and non-stationary characteristics. By adding Gaussian white noise n(t) with
a signal-to-noise ratio of —12 dB, the waveform of the collected vibration signal is
shown in Figure 6. The FFT transformation is performed on it, and the frequency
spectrum of the vibration signal is shown in Figure 7. From Figures 6 and 7, it can be
seen that the original vibration signal is not significantly different from white noise,
and the frequency spectrum of the original signal cannot accurately obtain obvious
prominent components.

0.8

A(m/ sz)

00 “l1 i 'u } il {\ k.} \t LH il Ll L.,L‘\

| {} ' }

L | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
time(s)
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Figure 5. Waveform of the impulse signal.
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Figure 6. Waveform of the vibration signal with strong noise.
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Figure 7. Spectrum diagram of the original signal.

For the non-periodic, non-stationary, and strong noise vibration signals of the
rolling bearing in Figure 7, VMD and SGMD are selected for decomposition, and
their signal envelope spectra are shown in Figures 8 and 9, respectively. The
comparison results show that VMD and SGMD algorithms can extract frequency
components around 110 Hz, but the decomposition effect of SGMD for non-periodic
and non-stationary is better than that of VMD.

The filter length parameter L and deconvolution period T of MCKD significantly
influence its performance. The energy characteristics of the decomposed signal under
these parameters are illustrated in Figure 10. The results indicate that further
determination of the optimal filter length parameter and deconvolution period is
required.

13
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To achieve the optimal decomposition effect of MCKD, the WOA is used for
optimization. The objective function is to maximize the frequency envelope variance.
The optimization results of parameters based on WOA-MCKD, PSO-MCKD, and GE-
MCKD are shown in Figure 11, and their optimal decomposition effect is shown in
Figure 11. From Figure 10, the WOA-MCKD is better than PSO-MCKD and GE-
MCKD. Compared with Figure 9, it can be seen that the frequency prominent part of

the signal is more obvious.
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1.76 / J
k PSO-SGMD
GE-SGMD

11.755

Bestscore

11.75 |

11.745 I/
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Figure 11. Parameter optimization based on WOA-MCKD, PSO-MCKD, and GE-

MCKD.

As shown in Figure 12, except for the prominent frequency component around
110 Hz, other frequencies are not effective. To further highlight the regular impulse
components, the MCKD is used for feature extraction. To achieve the optimal
decomposition effect of the MCKD, the WOA is also used to optimize the parameters
of the MCKD. The optimization results are shown in Figure 12. From Figure 12,
except for the prominent frequency component around 110 Hz, other frequency
components are also prominent and can be utilized for diagnosing faults in rolling

bearings.
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Figure 12. Envelope spectrum of signals based on WOA-MCKD.
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Accuracy is defined as the ratio of correctly classified samples (both fault and
healthy classes) to the total number of samples in the test dataset, as shown in Equation
(28).

2 _ TP +TN
CUraY = TP TN + FP + FN

where TP: True positives (correctly identified faulty samples).

TN: True negatives (correctly identified healthy samples).

FP: False positives (healthy samples misclassified as faulty).

FN: False negatives (faulty samples misclassified as healthy).

To demonstrate the superiority of the proposed WOA-SGMD-MCKD algorithm,
EMD-GA-BP [18], OEGOA-VMD, SSA-MCKD, VMD-MCKD, LSTM, and the
proposed algorithm in the paper are selected for comparison, as shown in Table 1. The
experimental results show that EMD has the lowest accuracy and the proposed
algorithm has the highest accuracy, which can satisfy the practical requirements.

X 100% (28)

Table 1. Accuracy of different weak fault diagnosis algorithms in roll bearings.

The fault diagnosis algorithm Accuracy
EMD-GA-BP [19] 65.33%
OEGOA-VMD [20] 78.21%
SSA-MCKD [21] 79.78%
VMD-MCKD [22] 81.79%
LSTM [23] 82.14%
WOA-SGMD-MCKD 85.64%

4.2. Experimental verification

The algorithm proposed in this paper is validated using a motor propeller tension
experimental platform, as shown in Figure 13. The platform can offer unparalleled
flexibility, safety, and efficiency for engineers and developers in the UAV industry
and comprehensive tools for real-time data interpretation and one-click test report
generation. The system is capable of high-speed sampling at 10 kHz, and manual wear
marks are added to the outer ring of the rolling bearing. The origin signals are collected
through vibration sensors, and the parameters of the rolling bearing are shown in
Table 2.

Figure 13. Motor propeller tension experimental platform.
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Table 2. Parameters of the rolling bearing.

Bearing type Outer diameter /mm Inner diameter /mm Width/mm
5 25

MR85zz 8

The vibration signal waveforms of bearings without faults and bearings with
faults are shown in Figures 14 and 15. It can be seen that fault signals of bearings are

difficult to distinguish directly.
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Figure 14. Vibration signals of bearings without faults.
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Figure 15. Vibration signals of bearings with weak faults.
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The WOA-SGMD-MCKD method proposed in the paper is used to extract the
envelope spectrum of vibration signals, and the results are shown in Figure 16. From
Figure 15, the deconvolution signal of the normal state has a significant spectral peak
near 110 Hz and insignificant spectral peaks in other frequency domains, whereas the
deconvolution signal of the faulty state has a significant spectral peak at the high
harmonics. This shows the effectiveness and feasibility of the algorithm proposed in
this paper.
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Figure 16. Envelope spectrum of vibration signals based on WOA-SGMD-MCKD.

5. Conclusions

The rolling bearings of rotor blades are prone to structural damage in harsh
environments such as strong vibration and salt spray. Aiming at the characteristics of
non-periodic, non-stationary, and strong noise of bearing fault signals in rotor blades,
this paper introduces a novel early fault diagnosis algorithm leveraging the integration
of WOA, SGMD, and MCKOD. Firstly, the original fault signal is processed by SGMD
to get its impulse component; in order to get the optimal decomposition effect of the
SGMD, the WOA is adopted to optimize the SGMD in this paper, and at the same
time, in order to enhance the extraction effect of the impulse signal of the MCKD, the
WOA is also used for parameter optimization. Both simulation and experimental
outcomes demonstrate the efficacy of the proposed algorithm in accurately diagnosing
non-periodic and non-stationary early fault signals emanating from rotor bearings.
However, it is necessary to preset the fault frequency range in advance. If the actual
fault frequency exceeds the preset range (e.g., high-frequency resonance), it may lead
to failure in extracting fault features.
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