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Abstract: Rolling bearing vibration signals contain rich fault feature information. However,
their periodic pulse feature is often interfered with by strong background noise, which
reduces the feature recognition ability of fault diagnosis strategies. Therefore, accurately
extracting periodic pulse information under strong background noise is a key challenge in
rolling bearing fault diagnosis. To address this, a fault feature extraction strategy combin-
ing wavelet overlapping group shrinkage (WOGS) and extended enveloped hierarchical
multiscale-weighted permutation entropy (EEHMWPE) is proposed. First, wavelet decom-
position is applied to decompose original vibration signals into wavelet coefficients, with
WOGS adaptively adjusting the shrinkage level based on energy relationships to effectively
suppress noise. Next, for the denoised signal, EEHMWPE extracts periodic pulse features
by integrating envelope analysis, weighting, and extended statistical features. Envelope
processing enhances fault-induced impulses, the weighting scheme highlights dominant
fault patterns, and extended statistical features further improve the class separability be-
tween normal and fault signals. Finally, the strategy was validated on the bearing test
bench, CWRU, and HUST datasets, all of which achieved over 99% accuracy with superior
feature recognition.

Keywords: fault diagnosis; WOGS; permutation entropy (PE); EEHMWPE

1. Introduction

Rolling bearings are essential components in rotating machinery often exposed to
high-speed operations and localized stresses that may result in operational failures. Conse-
quently, the regular monitoring of bearing health to prevent severe damage has garnered
significant attention among researchers [1]. However, practical operating environments
are often compromised by intense background noise, attributable to equipment instability,
environmental fluctuations, and electromagnetic disturbances [2,3]. These disturbances
cause the collected data to deviate from actual values, masking meaningful fault character-
istics and thereby increasing the complexity of bearing fault diagnosis (BFD) [4]. Therefore,
a key challenge in BFD is developing denoising and feature extraction techniques that can
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effectively extract transient fault pulses from noise-contaminated signals, ensuring accurate
and reliable fault identification.

Over the years, significant efforts have been devoted to reducing noise interference
and extracting meaningful fault features [5-7]. Various signal denoising techniques have
been explored, including empirical mode decomposition (EMD) [8,9], variational mode
decomposition (VMD) [10,11], and wavelet transform (WT) [12,13]. While EMD decom-
poses signals into intrinsic mode functions (IMFs) for denoising but may suffer from mode
mixing, where IMFs contain mixed frequencies, especially when noise overlaps with useful
signals. VMD decomposes signals into sparsity-based modes but requires predefined
mode numbers and is noise-sensitive. WT performs multiscale decomposition, removing
high-frequency noise while preserving low- or mid-frequency signals, enabling effective
denoising. Donoho et al. [14] combined the soft thresholding technique with wavelet
transform, effectively removing noise components with wavelet coefficients smaller than
the threshold while preserving the main features of the signal. However, wavelet thresh-
olding methods overlook signal sparsity. To enhance sparsity, Selesnick et al. [15] proposed
the overlapping group shrinkage (OGS) method, which achieves promising results for
group-sparse signals. Wang et al. [16] applied OGS in fractional spline wavelet domains
for bearing fault signal extraction. Zhao et al. [17] used OGS with shift-invariant wavelet
transforms for electrocardiogram denoising. OGS has been successfully applied to bearing
fault diagnosis due to the group-sparse nature of wavelet coefficients [18,19]. The OGS
relies on prior statistical models, such as Gaussian or Laplace distributions, and it requires
detailed statistical analysis and parameter estimation for each wavelet coefficient. This
dependence on statistical modeling introduces prior assumptions and computational com-
plexity. To address these issues, this paper proposes a WOGS method, which is crucial for
overcoming the challenge of strong background noise in fault diagnosis. WOGS directly
adjusts the shrinkage parameters based on the L2 norms energy relationships at the group
level without prior modeling assumptions, thus reducing computational complexity. It
effectively preserves key high-frequency information related to periodic event extraction,
improving denoising performance.

After denoising, feature extraction from bearing vibration signals is a key step in
fault diagnosis [20]. Periodic pulse information often serves as a crucial indicator of fault
characteristics, and the ability to accurately extract these features directly determines the
effectiveness of the final diagnosis. However, bearing vibration signals are complex, which
makes it difficult to directly extract fault information. As a key parameter in mechanical
dynamics, entropy features can characterize the modal periodicity and the orderliness, or
disorderliness, of pulse sequences in faulty bearing vibration signals. Civera et al. [21] pro-
posed instantaneous spectral entropy (ISE) and continuous wavelet transform for anomaly
detection and fault diagnosis, in which ISE is highlighted as being particularly sensitive
to fault signals and potentially suitable for real-time monitoring. Zhuang et al. [22] pro-
posed a feature extraction method based on VMD and sample entropy (SE), where SE
quantifies the probability of changes in the time series due to variations in data positions,
effectively capturing the characteristics of fault signals. Compared to ISE, which struggles
to characterize system nonlinearity, and SE, which is unstable for short sequences, PE is
widely used in BFD due to its simplicity and sensitivity to regular impulses, effectively
measuring randomness and capturing signal fluctuations [23]. However, PE only analyzes
single-scale time series and cannot assess fault information in complex signals. To address
this, Bie et al. [24] proposed multiscale permutation entropy (MPE) to extract periodic pulse
features from bearing fault signals. However, MPE overlooks fault information in high-
frequency components. Li et al. [25] introduced hierarchical permutation entropy (HPE)
to separate low- and high-frequency components, enhancing fault information extraction.
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However, HPE may lead to information loss. Yang et al. [26] proposed hierarchical multi-
scale permutation entropy (HMPE), combining hierarchical and multiscale coarse-graining
strategies. Wan et al. [27] used multiscale-weighted permutation entropy (MWPE) to repre-
sent periodic pulses in wind turbine bearings and local linear embedding for degradation
analysis. However, HMPE and MWPE do not fully consider class separability, which may
impact feature discrimination and diagnostic accuracy. Additionally, envelope signals,
rich in pulse information, enhance fault feature changes and improve fault recognition
reliability [28]. This paper proposes an EEHMWPE feature vector, combining enveloped
hierarchical multiscale-weighted permutation entropy (EHMWPE) with extended statistical
features. The EEHMWPE based on envelope signals considers the probability of the same
pattern with different state vector amplitudes in coarse-grained time series, which improves
upon HMPE's limitations. Extended statistical features enhance EHMWPE’s robustness
and class separability. Finally, a BFD strategy based on WOGS and EEHMWPE was applied
to rolling bearing experimental datasets.

The innovative contributions of this article are as follows:

(1) A novel and efficient denoising method, WOGS, is proposed that adaptively adjusts
the shrinkage level based on the energy relationships within wavelet coefficient groups. It
retains normal signal information while enhancing the periodic pulse information from
fault signals.

(2) A feature vector EEHMWPE was constructed to quantify the complexity of time
series, effectively enhancing the inter-class distance between normal and faulty signals by
integrating envelope information, weighting, and extended statistical features. It provides
more discriminative features for classification models.

(3) The WOGS-EEHMWPE strategy’s advantages in feature extraction were vali-
dated using datasets from a bearing test rig and the CWRU dataset. Classification results
with a standard classifier showed that the WOGS-denoised signals significantly enhance
EEHMWPE's feature extraction performance, with WOGS-EEHMWPE achieving the high-
est fault feature extraction capability.

The remainder of this article is organized as follows: Section 2 introduces the theoreti-
cal background of wavelet overlap shrinkage denoising and extended envelope layered
multi-scale weighted permutation entropy. Section 3 provides a detailed introduction
to the proposed WOGS denoising method and the EEHMWPE feature vector. Section 4
demonstrates the effectiveness of the proposed strategy through experiments. Section 5
further verified the performance of this strategy on the CWRU dataset and the HSUT
dataset. Finally, Section 6 concludes the paper and discusses future directions.

2. Theoretical Background
2.1. Wavelet Overlap Group Shrinkage

In practical applications, bearing vibration signals often contain significant noise.
The goal of denoising using wavelet thresholding is to separate the useful signal from the
noise as effectively as possible. The specific process involves the following: (1) Selecting an
appropriate wavelet basis to decompose the noisy signal and obtain wavelet coefficients;
(2) processing the coefficients of each layer to obtain the reconstructed wavelet coefficients;
and (3) applying the inverse transform to the reconstructed coefficients to obtain the
denoised signal.

The denoising problem is addressed within the framework of a signal model:

X=y+w. (1)
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Here, x represents the noisy signal, y is the denoised signal, and w denotes white
Gaussian noise. The primary objective of the denoising method is to minimize the w
component in x. The hard and soft thresholding functions proposed by Donoho et al. [14]
represent the noise component w in the wavelet transform domain using a threshold
thr. This is achieved by subtracting the threshold thr from the wavelet coefficients to
achieve denoising.

Wz,c = W(x), (2)
A W |Wz c| > thr
W = 4 7 3
{0 W..0| < thr, ()
W, = [sgn(Wyo)] (|[Wae — thr|)  |[Wee| > thr "
0 |Wz,c| < thr.

Here, WW(e) denotes the wavelet decomposition, and W, represents the wavelet
coefficients (where z is the decomposition level and c is the order of the wavelet coefficients).
Given a signal of length N, wavelet decomposition is performed to obtain the reconstructed
wavelet coefficients W, .. An appropriate threshold t/r can be set as follows:

thr = ov2InN. (5)

Here, 0 represents the standard deviation of the signal. Since the noise in the actual
signal is unknown, it is necessary to estimate ¢ using the following formula [29]:

o = Median(|W .|)/0.6745. (6)

Here, |o| denotes the absolute value of W ., and Median(e) represents the median of
the sequence within the parentheses. Unlike the fixed threshold method, which estimates
noise to determine a threshold, the core idea of the WOGS algorithm is to treat adjacent
wavelet coefficients as a group. The number of sampling points x, g in the u-th group is
defined by the clustering point number K. The L2 norms || x , k||, of the wavelet coefficients
in the z-th layer group is set as a dynamic weighting factor ;. A larger L2 norms of the
wavelet group corresponds to significant fault features. The overlap property and 7,
normalization factor facilitate a smooth transition of the ||x;,, k||, energy between wavelet
coefficient groups, ensuring continuity in energy variation.

xyk = [x(u),..., x(u+K—-1)] € RK, (7)
- sz,u.KHz - min(sz,u.KH2)
’)/Z - . 7 (8)
max (||xz,u.xl,) — min(||xzukll,)
Woz,c = Wy 72 )

Here, WBZ,C denotes the reconstructed wavelet coefficients, which reveal the energy
relationship of the group and effectively enhance the distinguishability of impulse informa-
tion in the signal. Additionally, the objective function for optimizing the clustering point
number K is defined as follows [30]:

1 1
F(x) = Sly—xl2+ 52 (bxuxla)- (10)

u

Here, 1|y — x||§ represents the data fitting term, which measures the preservation of
the original signal; and 3Y(||x,.k|,) denotes the regularization term, which constrains
u
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the signal groups and promotes sparsity. The range of the number of clustering points K
should theoretically be less than the fault impulse period T:

fs
T =2, 11
5 (11)
Here, f; is the sampling frequency, and f, represents the fault characteristic frequencies.
Therefore, the range of K should be set as follows:

fs
1<K< — . (12)
min(fgpro, fepr1, fBSF)

Here, fgpro, fapr1, and fpsr represent the fault characteristic frequencies of the outer
faults, inner faults, and ball faults, respectively. Finally, the optimal K value is determined
based on the objective function F(x), after which the wavelet coefficient reconstruction is
performed and the denoised signal y is obtained by applying the inverse wavelet transform

W1(e):

y= W (WO.,). (13)

2.2. Extended Envelope Hierarchical Multiscale-Weighted Permutation Entropy

The principle of EHMWPE is to perform hierarchical decomposition on the enve-
lope time series of the denoised signal y, obtaining different components for analysis.
The entropy value is then calculated based on the weighted information derived from
the coarse-grained components. The specific process is as follows: For a given denoised
signal time series {y(n), n =1,2..., N}, the envelope signal ¥ is first obtained through
Hilbert transform. Then, hierarchical processing is performed with j layers, yielding 2l —1
different component subsequences. The hierarchical operator is as follows:

Log = ¥, (14)
~ Lio1p(i+1)+ L 1(2i+2) N
) P it V¢ j—1k . N
L],Zk(z) = 5 ,i=0,1,..., > 1, (15)
~ Lix(2i41) =L 1,2i+2) N
Ligks1(i) = 14 ) 5 i1l ),l =0,1,..., 5 1. (16)

Here, fj/zk(i ) and Z]‘I2k+1 (i) represent the moving average and moving difference of ,
respectively; zj,zk(i ) captures the long-term trend or global structure of the signal; while

L;ox+1(i) highlights local variations and emphasizes abrupt changes. The basic matrix
form is as follows:

1 1
2z 2 90 00
0 0o 1 1 0 0
A= | : : (17)
j—j(l)o1 0 0
0o 0o 1 -1 0 0
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Further, we have the following:

A

N
oj—1

A — : : . (18)

2j=1d 9j=14pj-1

Therefore, the following applies:

Lio
= A] *Aj—l--' *AlLQ,Q. (19)

L]‘,Z];]

The coarse-grained component after decomposition can be expressed as follows:

1 5o~ .
M;i(S) = 3 Y. Lix(),p=12..., (N=j)/S. (20)
i=(p—1)S+1

Here, S denotes the scale factor, and the length of M]-,k is N)s. For each window
M, Miyq, ... Mty in the time series Mk, where the window length is the embedding
scale m, the variance (Tt2 of the window is calculated as follows:

) 1 m—1 _ 2
(Tt = % Z (Mt+l - Mt) 7 (21)
i=0
_ 1 m—1
M; = p” Y My (22)
i=0

Here, M; is the mean of all the data points in the window. The variance (th of each
window is then matched with the window’s arrangement pattern 7, yielding the weighted

frequency C(7p):
C(m) = Y om (23)
Next, the probability of each permutation pattern is obtained through normalization:
C(m
P(m,) = m‘(ib) (24)
L C(m)
b=1

Here, m! represents the total number of permutation patterns. EHMWPE calculates
P(my,) and substitutes it into the following:

- bi P(7ty)log(P(7ty)). (25)
=1

EEHMWPE extends EHMWPE by introducing an extended statistical feature, namely
the variance exceedance count (VEC):

EHMWPE(y, j,m, S) =

N, M~ (t+m - 1)
VEC= Y I (at% > P95(V)) . (26)
i=1
Here, V represents the set of variances of all normal signal subsequences; Pos(V) is
calculated based on the 95th percentile of the variance of all normal signal subsequences;

I(e) is the indicator function, returning 1 when the condition is true and 0 otherwise; aﬁli
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is the variance of the i-th window; and, finally, the EEHMWPE is obtained by combining
VEC and EHMWPE.

EEHMWPE = [EHMWPE, VEC]. (27)

VEC quantifies the number of times the variance exceeds a preset threshold, empha-
sizing the distinction between normal and fault signals. The integrated feature EEHMWPE
combines entropy features from multiple fault modes and VEC, which offers new insights
for fault diagnosis feature extraction.

3. The Proposed WOGS-EEHMWPE Method

To address the difficulties in separating various faults and extracting complex features
in traditional intelligent compound fault diagnosis methods, WOGS-EEHMWPE is pro-
posed as a BFD strategy. The specific fault diagnosis process flowchart is shown in Figure 1.
First, obtain the original signal from the rolling bearing. Secondly, a WOGS adaptive
scaling threshold method was designed for noisy signals to achieve efficient denoising by
reconstructing wavelet coefficients. Subsequently, EEHMWPE performs hierarchical coarse-
grained processing on the envelope information of the denoised signal, and it extracts
fault characteristics by weighting and the extended statistical extraction of arrangement
patterns. Finally, the extracted features are input into a machine learning model for classifi-
cation, effectively achieving the recognition and diagnosis of rolling bearing fault modes.
The WOGS-EEHMWPE strategy can fully extract and utilize fault characteristics, providing
an efficient solution for rolling bearing fault detection.

o Signal o Model
measurement

classification

]
¢ |09
*

A

A A

N
PN

o WOGS o EEHMWPE
denoising features

o
f@‘ 3?{9

Figure 1. Fault diagnosis flowchart of the proposed method.

3.1. WOGS

The db4 wavelet basis function has good time-frequency localization properties, effec-
tively handling impact signals with abrupt changes and high-frequency components, and it
has been proven effective in BFD [31]. In this paper, the db4 wavelet is used to decompose
the input signal. Wavelet decomposition can effectively localize fault information in the
signal, but fixed-threshold denoising methods may lose details, especially when dealing
with high-frequency noise. WOGS achieves accurate noise reduction by dynamically ad-
justing thresholds based on the local characteristics of the signal, while also preserving
more details. The specific process is shown in Figure 2.

Step 1: Input the signal and perform hierarchical wavelet decomposition to obtain
wavelet coefficients. Wavelet coefficients effectively localize fault information in the signal.
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By shrinking the coefficients at different levels (approximation and detail coefficients),
signal reconstruction is optimized to extract key features.

Step 2: Utilize a high-frequency coefficient reconstruction strategy by extracting
high-frequency coefficients from the second-order wavelet decomposition and adaptively
adjusting the denoising strength based on the local L2 norms to obtain reconstructed
wavelet coefficients. Then, reduce the noise level in high-energy areas and effectively
weaken low-energy areas to avoid excessive smoothing of details.

Step 3: Perform inverse wavelet transform on the denoised coefficients to obtain the
reconstructed denoised signal y.

This method accurately identifies and denoises the signal containing rich fault infor-
mation, while minimizing the remaining noise w to reconstruct y.

20]

10|

0

=10

=20
§ O 3T T 140 T 1A% m0 *
w0 H s :
HEY : Tw H
HEY | : Y :
i ;\ o .
I H Tl H
H | : H H
L WWMMWW: rmw it
10 H R H
H : i :
Had ET oo T Toono Teom : . . :
H o } " : Em Tooo T Tooo EETTa
: Original signal and corresponding wavelet : :

Removal of low frequency coefficients

...... 10000 15000 20000 w000 . : NK+

) h““hm“h‘“ ! o e o e ;
| L 6 A A e 1M M i O I

200 400 600 800 1000 1200 1400 1600 1800 2000

i Reconstructed wavelet coefficients and signal

Figure 2. The WOGS denoising process.
3.2. EEHMWPE

To overcome the shortcomings of HMPE, focusing only on arranging information
in the time domain of the original signal and ignoring periodic pulse characteristics in
bearing envelope signals, the EEHMWPE feature vector is proposed. It fully exploits
the rich periodic pulse information in the envelope signal to calculate entropy value
characteristics, and it introduces an extended statistics feature VEC for the resolution of
the distance problems between normal and fault classes. Figure 3 depicts the calculation
process of EEHMWPE.

2inae |
| L a LSy
bt e Mg
| it 71114
174 =
L

AR LLLll =
i i i i S ’ EHMWPE visualization =
Extract envelope time series : : ° Z
) Degree of fluctuation in s
H : ~
ﬂ : : alignment patterns =

Calculate the Pos(V) of Variance exceedance count

i i normal signal - = .
L e S S T . N b [VEC= g > P""’“’))J i

Figure 3. The calculation process of EEHMWPE.
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EEHMWPE utilizes Hilbert transform to extract the envelope of the denoised signal,
enhancing the representation of fault periodic pulse information. Envelope extraction
effectively highlights the signal’s periodic characteristics. Following this, hierarchical
decomposition is employed for multi-band analysis, which achieves fine separation of
the signal’s frequency components. Based on this, the weighted statistical results of m!
permutation patterns are visualized using a 3D bar chart. For further quantification,
the entropy value distribution of each sample is calculated using Equations (24) and (25).
To establish a benchmark, all normal sample signals are systematically listed, and their
extended statistics Po5(V) are calculated using Equation (26). The statistical results of
all samples are presented, where the red-marked region clearly represents the statistical
distribution features of the normal signals, forming a significant distinction from the
fault signals. Based on this, EHMWPE and VEC are fused to construct a discriminative
EEHMWEPE feature vector.

4. Experiment
4.1. Dataset Description

The experimental data came from the research group’s bearing test bench. As shown
in Figure 4, the test stand consists of a base, a test motor, a torque measurement system,
a load motor, host control software, senor, and a data acquisition drive. The test bearings
were mounted in the bearing blocks. During the experiments, the motor was loaded with
2 kN, the rotational speed was 900 r/min, the sampling frequency was 12 kHz, and the
test bearing was a 6204-RSJEM SKF (SKF Group, Gothenburg, Sweden). In addition to the
normal operating conditions and the three single-point failures, the bearing also contained
a compound failure formed by the inner and outer rings. A total of 100 random samples
were selected for each condition, each containing 2048 data points. The experiment was set
up with a 7:3 ratio of training to test data. The experiments were conducted on a computer
running Windows 11, which was equipped with a multi-core 3.2 GHz Intel Corei9-12,900K
CPU, 64 GB of system memory (RAM), and two NVIDIA GeForce RTX 3090 graphics cards
(NVIDIA Corporation, Santa Clara, CA, USA). Table 1 lists the labeling information for the
five signal types.

sensor - ;
A0 /.

h

Figure 4. Bearing test bench.
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Table 1. Data type and tag number.

Data Type Bearing Code Tag Number
Normal data Normal 1
Inner ring fault Inner 2
Outer ring fault Outer 3
Ball ring fault Ball 4
Inner ring fault and outer ring fault Compound 5

4.2. Performance Validation
4.2.1. Denoising Performance Validation

To validate the denoising effect, this paper decomposed the input vibration signal
using wavelet decomposition with a level of z = 3, where the three-level decomposition
effectively captures signal features while avoiding excessive information loss and compu-
tational complexity. According to the bearing type, fppro is 45.75 Hz, fppr is 74.25 Hz,
and fpsr is 59.70 Hz. Based on Equation (12), the range of K is [1, 262]. Figure 5 shows the
optimal K values for different fault types. The optimal K value for the normal signals (195)
was the largest, with an overall decreasing trend, indicating more clustering points and no
obvious transient pulses. Based on the optimal K values, denoised signals corresponding
to different signal types were obtained using the WOGS denoising method. The denoising
performance uses three indices: time-domain amplitude, independent autocorrelation
function [32], and the adaptive reweighted kurtosis (ARK) index [33].

® Normal ® Inner ® Outer Ball ® Compound

200

Figure 5. The optimal K values for different fault types.

(1) The experiment compared the time-domain amplitude of signals with no noise,
10 dB noise, and 0 dB noise, with Figure 6b showing the denoised signal processed using the
WOGS method. Compared to Figure 6a, the noise frequency interference was significantly
reduced, while the local features of the signal were preserved, particularly the pulse and
transient characteristics, which remained intact without noticeable smoothing or distortion.
The WOGS method demonstrated strong adaptability across different fault types, main-
taining the smoothness of normal signals without introducing pseudo-signals, significantly
suppressing the high-frequency oscillations in single-point fault signals while preserving
fault features, such as abrupt changes, and enhancing transient features in compound fault
signals, showcasing its advantage in processing local high-frequency signals.
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® Normal ® Inner ® Outer Ball ® Compound

original
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4 ok «L”‘“*M

10db i Wb%t*% WW@},

A

0db

Wi
MWN, thmﬂwm M’M‘

(@) (b)

Figure 6. The WOGS denoising results (time-domain amplitude). (a) Original signal (b) De-
noised signal.

(2) Figure 7 shows the independent autocorrelation function after processing with the
WOGS method. By observing the changes in the independent autocorrelation function
before and after denoising, the X-axis represents different fault types (normal, inner, outer,
ball, and compound faults) in increasing order. The Y-axis tracks 300 lag points, while
the Z-axis shows the sample autocorrelation function values. As shown in Figure 7b,
the denoised autocorrelation function significantly improves the following: the overall
surface of normal signals becomes smoother; and the fault peak features are clearer and
more distinct, indicating that WOGS effectively enhances signal distinguishability and the
prominence of fault features.

..... ; ..i... .

600 300

(a) b)

Figure 7. The WOGS denoising results (independent autocorrelation function). (a) Original signal.
(b) Denoised signal.

(3) The ARK index was introduced to evaluate the performance of different optimiza-
tion methods, where a higher ARK value indicates more prominent impact features in the
signal and better optimization performance. Figure 8 shows the ARK indicator variations
that occurred after soft and hard threshold denoising, as well as the WOGS processing
when using 204,800 sampling points for different label types.

The ARK values indicates that denoising significantly enhances the fault signal’s fea-
ture recognition capability. For normal signals, the ARK values remain almost unchanged
after denoising with all three methods, with the WOGS method yielding the lowest ARK
value (3.46) compared to the other denoising methods, thus validating its protective effect
on normal signals. For fault signals, the outer signal performs slightly worse than the
hard-threshold denoising (44.83-50.51). This may be due to the noise components of the
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outer fault being more concentrated in the low-frequency range, and the proposed method
not preserving low-frequency components as effectively as the hard-threshold method, thus
resulting in slightly weaker performance for outer ring signals. However, in all other cases,
the proposed method produced the highest ARK values, indicating that the denoising
method effectively enhances the periodic pulse features.

70 T T T T T

Before denoising ARK

After denoising ARK (soft)
60 [ After denoising ARK (hard)
@@= A fter denoising ARK (WOGS)

Figure 8. The ARK index after denoising by different methods.

Moreover, the details of the experiments on five different types of signals with a length
of 204,800 are shown in Table 2. The runtime cost of WOGS was primarily attributed to K
parameter optimization, with a denoising runtime of 5.979 s, whereas OGS required more
than ten times this duration due to the additional computational overhead incurred by
calculating the fitness function based on intra-group iterations.

Table 2. The denoising runtime of OGS and WOGS.

Method Runtime (s)
OGS [30] 60.153 + 0.561
WOGS 5.979 + 0.212

4.2.2. Feature Extraction Performance Validation

This paper extracted features based on the EEHMWPE feature vector, with the key
parameters set as follows: To balance high-frequency detail capture and signal integrity,
the decomposition level was set to j = 3. Meanwhile, to ensure computational efficiency
while effectively extracting features, the scale factor was chosen as S = 8 [34]. The embed-
ding scale m was critical: when m = 3, the feature space was too simplified, and, when
m =5, it became too complex. Therefore, m = 4 (with 24 permutation modes) provides a
balanced extraction of features, preserving signal information while ensuring efficiency.

After extracting 500 feature samples using EEHMWPE, we visualized the effects of
the EHMWPE and VEC, as shown in Figure 9. Figure 9a shows the EHMWPE values
of the samples, where the X-axis represents different fault types (normal, inner, outer,
ball, and compound faults) across intervals (from small to large); the Y-axis captures
different frequency components in seven layers; and the Z-axis represents sample entropy
values. As shown in Figure 5b, the filtered signals indicated that the impulse periodicity
of the inner and outer ring faults was relatively weak, resulting in higher permutation
entropy values. In contrast, the compound faults exhibited better impulse periodicity
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than inner and outer ring faults, leading to lower permutation entropy values, while the
rolling element faults demonstrated the strongest impulse periodicity, yielding the lowest
permutation entropy values. Furthermore, the similarity of the entropy values within the
same fault type and the differences across the fault types clearly validated the robustness
of the method, aiding in accurate fault classification and identification. To address the
class separation issue between the normal and fault signals, the VEC was determined, as
shown in Figure 9b. The significant difference between the fault signals and the red region
(normal signal values), based on the benchmark reference Pys(V), effectively increased
the inter-class distance, enabling the classifier to better define the decision boundary, thus
reducing classification errors and enhancing the system’s robustness and reliability.
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Figure 9. Visualization of EHMWPE and VEC. (a) EHMWPE. (b) VEC.

Furthermore, the experiment plotted the entropy values of ISE and SE, as shown in
Figure 10. ISE (Figure 10a) and SE (Figure 10b) exhibit substantial overlap in the red regions,
diminishing the differentiation between fault types. EHMWPE, by employing finer-grained
hierarchical entropy computation on the envelope signal, establishes clearer separation
boundaries and provides more distinctive entropy values for each fault type, enhancing
fault classification effectiveness.
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Figure 10. Visualization of entropy features. (a) ISE, (b) SE, and (c) EHMWPE.

Additionally, to highlight the effect of variance weighting, Figure 11 shows the vari-
ance permutation statistics for each sample processed using the EHMWPE method. In
Figure 11b, EHMWPE, by introducing a weighting factor, quantifies the signal complexity
more precisely. Compared to the envelope hierarchical multiscale permutation entropy
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(EHMPE) in Figure 11a, it better captures detailed information at different scales. The differ-
ences between signals are significantly amplified across 24 permutation modes, especially
in the frontal view. Although EHMWPE showed similarity between inner race faults and
normal signals at the edge permutations, the similarity clearly decreased in the central
permutations. Furthermore, fault signals exhibit distinct variance permutation changes for
different fault types, providing a solid foundation for subsequent entropy calculations.

® Normal ® Inner ® Outer Ball ® Compound

(@)
Figure 11. The variance ranking statistics for each sample. (a) EHMPE. (b) EHMWPE.

4.3. Experimental Results and Analysis

To validate the effectiveness of WOGS-EHMWPE, a comparison was made with
classical classifiers, including Support Vector Machine (SVM) [35], Bi-directional Long Short-
Term Memory (BILSTM) [36], Gated Recurrent Unit (GRU) [37], and Extreme Learning
Machine (ELM) [38], with BILSTM and GRU representing deep learning methods.

Figure 12 shows the accuracy of four classifiers on Tags 1-5, with Tag 6 indicating
overall accuracy. When trained with a small sample size of 350 samples, deep learning
methods performed less effectively, with BILSTM and GRU achieving accuracies of 88.40%
and 85.77%, respectively. The error bars represent the standard deviation of classification
accuracy across multiple experiments, reflecting the stability of each model’s performance.
In cases with limited feature samples, deep learning models may struggle to learn suffi-
cient feature representations effectively, leading to lower-than-expected performance and
relatively larger error bars, indicating weaker stability. Among non-deep learning methods,
SVM performs well with an accuracy of 99.73%, while ELM achieves only 85.00% accuracy.
Moreover, both SVM and ELM are typically fast in training, especially ELM, which is
designed for quick training. However, the random generation of input weights and biases
in ELM can lead to model instability, making its performance sensitive to initialization and
data distribution. SVM, with its stronger classification capability for small samples, slightly
outperforms in overall classification performance, likely due to its robustness with small
samples and its ability to support high-dimensional features.

Given the strong performance of the SVM, the experiment further compares the
proposed EEHMWPE with HMPE, EHMPE, EHMWPE, ISE, and SE. To more intuitively
demonstrate the superiority of the proposed method in fault identification, t-sne was used
to visualize the dimensionality reduction in the feature vectors obtained by the different
methods, as shown in Figure 13.
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Figure 12. The accuracy of test samples with different tag numbers on different classifiers.
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Figure 13. The t-sne clustering plots for different feature vectors: (a) HMPE, (b) EHMPE,
(c) EHMWPE, (d) ISE, (e) SE, and (f) EEHMWPE.

Through envelope layer decomposition and multiscale analysis, EEHMWPE can more
comprehensively capture dynamic patterns in the data, extracting features with higher
discriminability, thereby resulting in clearer inter-class separation and higher intra-class
cohesion. As shown in Figure 13a, the dimensionality reduction visualization of HMPE
shows that, except for compound faults, the scatter of different fault types overlaps, leading
to many misclassifications. As shown in Figure 13b, EHMPE, which introduces envelope
information, separated the clustered samples in HMPE, but there was still significant
overlap, resulting in weak feature differentiation. As shown in Figure 13c, EHMWPE,
which incorporates weighted information, significantly improved the overlap of ball faults,
but the boundaries between normal and fault types remained unclear, causing some
misidentifications. Moreover, the unclear boundaries of ISE and SE entropy features for
different fault types, as shown in Figure 10a,b, lead to severe clustering overlap, as shown
in Figure 13d e, resulting in the worst classification performance. Finally, as represented
in Figure 13f, EEHMWPE exhibitd the best clustering performance for all the fault types,
successfully separating the normal signals from the fault signals, with strong discriminative
power, thus making it more favorable for BFD.
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The recognition results of the four methods are shown in the confusion matrix in
Figure 14. Each model’s evaluation metrics were derived from the matrix, with the proposed
feature vector achieving the best performance. When compared to the HMWPE, EHWPE,
EHWPE, ISE, and SE features, the proposed method excelled at effectively preventing
the misclassification between normal and faulty signals, which is crucial for accurate
fault diagnosis.

® Normal ® Inner ® Outer Ball ® Compound

Figure 14. Confusion matrix for different feature vectors: (a) HMPE, (b) EHMPE, (c) EHMWPE,
(d) ISE, (e) SE, and (f) EEHMWPE.

Additionally, to validate the improvement brought by the VEC, this paper conducted a
paired t-test for statistical significance analysis. Specifically, 10 independent tests were per-
formed, where the F1 scores were recorded with and without the VEC feature. The formula
for the paired t-test is as follows:

d
B sy/\/runtimes

Here, d is the mean of the performance difference before and after the inclusion of the

t (28)

new feature, s; is the standard deviation of the performance difference, and the runtimes
are the number of tests. The F1 score validation results of EEHMWDPE and EHMWPE
features over ten tests are summarized in Table 3.

Table 3. The F1 score validation results of the EEHMWPE and EHMWPE features in ten tests.

Feature Vector F1 Score
1 2 3 4 5 6 7 8 9 10
EHMWPE 99.33% 98.18% 98.67% 96.67% 99.33%  98.67% 98.67%  96.67% 98.67%  98.67%
EEHMWPE 99.63% 100% 99.63% 99.63%  98.67%  99.63% 99.33%  99.63% 100% 99.33%

The test setup utilized the null hypothesis Hy, i.e., that there is no significant change in
the F1 score before and after adding VEC, while the alternative hypothesis H; was that the
F1 score changes significantly after adding VEC. The p-value is the probability of observing
the current result under the assumption that the null hypothesis is true. The t-test resulted
in a p-value of 0.00919, which indicates that, with over 99% confidence, the inclusion of the
VEC feature provides a statistically significant improvement in classification performance.
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4.4. Noise Robustness and Ablation Experiments
4.4.1. Noise Robustness Experiment

The experiment was conducted under four different signal-to-noise ratios to evaluate
the performance of WOGS in various noise environments: 10 dB, 5 dB, 0 dB, and —2 dB.
The F1 and FPR scores are shown in Table 4. First, WOGS outperformed its competitors in
both F1 and FPR scores across all noise conditions. WOGS achieved an F1 score exceeding
92%, with an average F1 score of 96.61%, while the second-best method, Soft, had an average
F1 score of 95.14%. Notably, even under severe noise conditions (—2 dB), WOGS maintained
an F1 score of 92.89%. In contrast, the performance of all the other methods significantly
declined under severe noise conditions, highlighting WOGS'’s strong noise resilience.

Table 4. The F1 and FPR scores in different noise environments. (1 indicates that the score increases,
while | indicates that the score decreases).

Method SNR = —2dB SNR =0dB SNR =5dB SNR =10 dB Average
F11 F11 FPR | F1 FPR F11 FPR F11 FPR

Hard 88.27% 2.13% 93.20% 1.70% 98.13% 0.47% 99.20% 0.20% 94.70% 1.13%

Soft 90.40% 2.40% 93.47% 1.63% 98.00% 0.50% 98.67% 0.33% 95.14% 1.21%

WOGS 92.89%

1.50% 95.33% 1.09% 98.57% 0.26% 99.63% 0.09% 96.61% 0.74%

4.4.2. Ablation Experiment

Figure 15 presents the ablation study results that were obtained when comparing
the proposed modules. In Component 2, WOGS improved the accuracy from 94.87% to
95.80% (a 0.93% increase), indicating its positive impact on model performance. EEHMWPE
showed more significant improvements in Component 3, where the accuracy increased from
94.87% to 98.45% (a 3.58% increase), highlighting its importance. Error analysis showed that
the error ranges for Component 1 and Component 3 were +1.03% and +0.81%, respectively,
indicating lower stability; Component 2 had an error range of +1.29%; while Component 4
showed the smallest error range (+0.25%), exhibiting the best stability. In summary, the
EEHMWPE features provided the most significant performance improvement, and the
WOGS features played a complementary role in feature extraction. Their combination in
Component 4 achieved the highest accuracy and optimal stability, demonstrating their
synergistic effect in the model.

100% |

99.33+0.26%
98% |

98.45+0.81%
96%

Component 1: SVM + HMPE
94% |- 95.801.20% P

94.87£1.03% Component 2: SVM + CWOGS+ HMPE

929% L Component 3: SVM + EEHMWPE

Component 4: SVM + CWOGS & EEHMWPE

90% L 1 1 1
Component 1 Component 2 Component 3 Component 4

Figure 15. Performance of the four components.
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5. Further Experiments
5.1. CWRU Dataset

The experiment used the publicly available Case Western Reserve University (CWRU)
dataset. Bearing data with a motor load of 1 hp, a speed of 1772 r/min, and a fault diameter
of 0.178 mm were selected, with a sampling frequency of 12 kHz. The data were collected
from the drive end, and the label information was consistent with that shown in Table 1. The
compound fault data were generated by directly summing the corresponding single fault
data. For the experiment, 100 samples were randomly selected for each label, with each
sample containing 1024 data points. Given the superiority of SVM classification, SVM was
used to verify the performance of WOGS-EEHMWPE under different signal-to-noise ratios,
providing the average accuracy and error, as shown in Table 5.

Table 5. Performance of WOGS-EEHMWPE in different noise environments (CWRU dataset).

Noise —2dB 0dB 5dB 10 dB
Accuracy (%) 98.53 + 0.36% 99.47 + 0.14% 99.73 + 0.07% 1+0%

Given the performance degradation of the model under a —2 dB noise, this paper
evaluated the performance of different method combinations at —2 dB. The results are
presented in Table 6. The results show that the WOGS-EEHMWPE combination achieved
the best accuracy (98.53%) with the smallest error (£0.36%). Compared with other combina-
tions, WOGS-EEHMWPE excelled in noise immunity and robustness, and it was able to
extract features effectively under noise interference, significantly improving the accuracy
of fault diagnosis.

Table 6. The BFD accuracy for different combination strategies under —2 dB conditions (CWRU
dataset).

HMPE EHMPE EHMWPE EEHMWPE

Hard 87.34 + 1.83% 89.58 = 1.66% 93.83 + 0.88% 97.20 + 0.70%
Soft 90.59 + 1.36% 90.22 + 1.22% 95.64 + 0.42% 98.12 + 0.40%
WOGS 91.07 + 1.44% 91.37 + 0.92% 96.22 + 0.47% 98.53 + 0.36%

To visually demonstrate the advantage of EEHMWPE over EHMWPE, Figure 16 was
created to show the spatial positioning of the different features. Under —2 dB conditions,
the first three entropy feature values of EHMWPE were used as the Cartesian coordinates.
In EEHMWPE, the Z-axis feature was replaced with VEC, clearly showing that normal
signals cluster near VEC = 0, effectively increasing the class separation between normal
and fault signals, addressing the limitations of EHMWPE.

® Normal ® Inner ®  Outer Ball ® Compound

x10°°
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(b)

Figure 16. EHMWPE and EEHMWPE feature space visualization: (a) EHMWPE and (b) EEHMWPE.
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5.2. HUST Dataset

To further verify the generalization performance of the WOGS-EEHMWPE strategy,
this paper employed the publicly HUST dataset [39], which presents a higher diagnostic
challenge due to the presence of significant noise in the fault signals, making it closer to real-
world faults. This dataset includes vibration signals of bearings under nine different health
conditions across four distinct operating conditions. The test bearings are of type ER-16 K.
A triaxial accelerometer (type TREA331) was used for data acquisition, and the vibration
acceleration signals collected by the Z-axis sensor were utilized in this paper. The sampling
frequency was set to 25.6 kHz, with each class containing 500 samples, and each sample
consisted of 2048 data points. The specific data type and tag number are shown in Table 7.

Table 7. The data type and tag number (HUST dataset).

Data Type Bearing Code Tag Number
H_65HZ Normal 1
.65 HZ Inner 2
O_65HZ Outer 3
B_65HZ Ball 4
C_65HZ Compound 5

Figure 17 presents the denoising results of the five different types of samples using
WOGS. Figure 17a shows the original time-domain signals, where significant noise was
present in various fault types, particularly in the inner ring and compound fault signals.
Figure 17D illustrates the results after WOGS denoising, where the inner, outer, and ball fault
signals retained their periodic impact characteristics, while the compound signal exhibited a
more distinct primary pattern. This demonstrates that WOGS maintains effective denoising
performance under complex operating conditions.

® Normal ® Inner ® Outer Ball ® Compound

\ L AN
*\\\ \\\\\W\

(@) (b)

Figure 17. The WOGS denoising results (HUST dataset): (a) original signal and (b) denoised signal.

Figure 18 visualizes the impact of EHMWPE and VEC. As shown in Figure 18a,
EHMWPE exhibited similarity within the same fault type and demonstrated distinct differ-
ences between fault types, further confirming its effectiveness. As shown in Figure 18b,
the VEC of the compound faults showed significant fluctuations, which correlated with
the variability of the time-domain signal. As expected, the fault signals maintained a
significant difference from the red reference region (normal signal values). Additionally,
in the HUST dataset, the VEC value for compound faults was able to reach approximately
1800, as the variance of around 1800 windows in the compound fault signals exceeded
Po5(V), highlighting the unique characteristic of the significant time-domain fluctuations
in compound faults within the HUST dataset.
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Figure 18. Visualization of EHMWPE and VEC (HUST dataset): (a) EHMWPE and (b) VEC.

Similar to the CWRU dataset, Table 8 shows an evaluation of the performance of
different strategy combinations for direct time-domain signal denoising and feature ex-
traction classification when using SVM. The WOGS-EEHMWPE combination achieved the
highest accuracy (99.37%) with the smallest error (+0.21%). This demonstrates its strong
generalization ability in effectively performing denoising and feature extraction while
adapting to data characteristics, even in complex scenarios.

Table 8. The BFD accuracy for different combination strategies (HUST dataset).

HMPE EHMPE EHMWPE EEHMWPE

Hard 89.67 £ 1.69% 93.17 £ 1.08% 94.86 £ 0.72% 98.11 + 0.42%
Soft 89.14 + 1.42% 93.94 + 0.79% 96.22 + 0.51% 98.43 + 0.26%
WOGS 92.36 + 1.02% 95.44 + 0.82% 97.65 = 0.45% 99.37 + 0.21%

6. Discussion and Conclusions

A feature optimization-based BFD strategy combining WOGS and EEHMWPE is
proposed. The WOGS denoising method is a simple and effective coefficient selection tech-
nique that adaptively adjusts shrinkage parameters to accurately remove noise coefficients
while preserving important high-frequency features and highlighting fault information,
thereby improving the sparsity of the denoised signal and the accuracy of fault feature
extraction. EEHMWPE fully utilizes envelope information and calculates the weighted
relative probability for each pattern by considering cases with the same symbol pattern
but different amplitudes. More importantly, the introduction of VEC effectively increases
the inter-class distance between normal and fault signals. The WOGS-EEHMWPE strategy
constructs a rolling bearing fault diagnosis framework by combining the WOGS denoising
method with the EEHMWPE feature vector. The strategy was analyzed and validated using
both a bearing test bench dataset and the publicly available CWRU and HUST datasets,
with the experimental results confirming the effectiveness of the proposed approach.
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