
Citation: Li, X.; Jia, B.; Liao, Z.; Wang,

X. Bearing-Fault-Feature

Enhancement and Diagnosis Based on

Coarse-Grained Lattice Features.

Sensors 2024, 24, 3540. https://

doi.org/10.3390/s24113540

Academic Editor: Olutunde Oyadiji

Received: 26 April 2024

Revised: 24 May 2024

Accepted: 28 May 2024

Published: 30 May 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sensors

Article

Bearing-Fault-Feature Enhancement and Diagnosis Based on
Coarse-Grained Lattice Features
Xiaoyu Li 1, Baozhu Jia 1,2,3 , Zhiqiang Liao 1,2,3,* and Xin Wang 1

1 Naval Architecture and Shipping College, Guangdong Ocean University, Zhanjiang 524088, China;
yuxiaoenn@163.com (X.L.); jiabzh@gdou.edu.cn (B.J.); wx2112005027@126.com (X.W.)

2 Technical Research Center for Ship Intelligence and Safety Engineering of Guangdong Province,
Zhanjiang 524088, China

3 Guangdong Provincial Key Laboratory of Intelligent Equipment for South China Sea Marine Ranching,
Guangdong Ocean University, Zhanjiang 524088, China

* Correspondence: zhiqiangliao@gdou.edu.cn

Abstract: In view of the frequent failures occurring in rolling bearings, the strong background noise
present in signals, weak features, and difficulties associated with extracting fault characteristics, a
method of enhancing and diagnosing rolling bearing faults based on coarse-grained lattice features
(CGLFs) is proposed. First, the vibrational signals of bearings are subjected to adaptive filtering to
eliminate background noise. Second, frequency-domain transformation is performed, and a coarse-
grained approach is used to continuously segment the spectrum. Within each segment, amplitude-
enhancement operations are executed, transforming the data into a CGLF graph that enhances fault
characteristics. This graph is then fed into a Swin Transformer-based pattern-recognition network.
Third and finally, a high-precision fault diagnosis model is constructed using fully connected layers
and Softmax, enabling the diagnosis of bearing faults. The fault recognition accuracy reaches 98.30%
and 98.50% with public datasets and laboratory data, respectively, thereby validating the feasibility
and effectiveness of the proposed method. This research offers an efficient and feasible fault diagnosis
approach for rolling bearings.

Keywords: rolling bearings; fault diagnosis; coarse-grained lattice features; Swin Transformer;
feature enhancement

1. Introduction

Rolling bearings serve as crucial supporting components for rotary equipment, playing
a pivotal role in ensuring its normal operation. Bearing failures, accounting for approx-
imately 41% of failure rates, are among the most frequent issues encountered in rotary
equipment. Such failures can incapacitate the equipment, resulting in significant economic
losses and potentially even casualties. Consequently, monitoring equipment status and
diagnosing faults are paramount [1,2]. The working environment of bearings is typically
complex and variable, and they are influenced by factors such as background noise and al-
ternating load impacts. Accordingly, the vibration signals collected often exhibit subtle fault
characteristics amidst numerous forms of interference. This necessitates the enhancement
of weak fault characteristics to effectively improve fault recognition accuracy [3].

The issue of enhancing weak fault features in rotating equipment’s rolling bearings has
been studied by numerous scholars. Techniques such as time-domain, frequency-domain,
and time–frequency analysis, as well as signal–modal decomposition and filtering methods,
are extensively utilized for fault feature enhancement [4]. Early bearing-fault analyses
are relatively straightforward, relying on time-domain statistical analysis, including root-
mean-square values, moments, spectral envelope analysis, and cepstral analysis [5–9].
However, these methods often prove ineffective owing to noise and interference from
various sources [10]. Some classical time–frequency signal enhancement methods possess
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unresolved inherent flaws, such as the limited adaptability of the short-time Fourier trans-
form (STFT), which is unable to fully satisfy the Heisenberg uncertainty principle [11].
Other challenges include selecting wavelet transform basis functions [12] and modal con-
fusion issues with empirical mode decomposition (EMD) [13]. Accordingly, researchers
have developed variants of EMD, including local mean decomposition [14,15], intrinsic
time-scale decomposition [16], and local feature-scale decomposition [17]. However, the ap-
plication of these variants and the original EMD method may give rise to similar drawbacks,
such as boundary effects, modal mixing, a lack of a mathematical theory, and computa-
tional inefficiency [18]. Filtering is an effective method for noise reduction and fault feature
enhancement. For instance, Yu et al. [19] propose using the harmonic significance index
to quantify fault information in frequency bands, thereby determining bandpass filter
parameters. Ma et al. [20] also describe the use of frequency-slice wavelet transform to
select frequency bands for early fault transient signals. Given that fault signal resonance fre-
quencies and bandwidths can be arbitrary, these methods require the manual adjustment of
bandwidths, making the selection of appropriate fault-filtering frequency bands crucial [21].
Spectral kurtosis (SK) can represent the smoothness of a signal waveform and reflect impact
fault features. Wang et al. [22] further discuss the use of kurtosis and gear-meshing index
to extract resonant frequency bands related to bearing and gear faults. Wang et al. [23]
introduce a maximum-kurtosis spectral-entropy deconvolution-fault feature-enhancement
algorithm, which has been successfully applied for gearbox fault diagnosis. Therefore, this
paper adopts an adaptive SK for extracting fault-related central frequency bands.

Pattern recognition is a critical step in equipment diagnostics. Deep learning theory,
with its ability to stack multiple layers and multi-structured information representation
layers, demonstrates hierarchical information representation capabilities in data modeling
processes. This has become a research hotspot in the field of fault diagnosis [24]. Jiachi
et al. implement a Deep Transfer Convolutional Neural Network (DTCNN) to achieve an
accurate estimation of lithium-ion battery capacity [25]. Hoang et al. [26] apply convolu-
tional neural networks (CNNs) for pattern recognition, but the limited receptive field of
CNNs’ convolutional kernels leads to suboptimal diagnostic results. A vision transformer
(ViT)-based local perception transformer fault diagnosis model is also proposed in the litera-
ture [27]. It overcomes the aforementioned CNN issues but neglects the correlation between
local features. To address these issues, this paper uses a pattern-recognition method based
on Swin Transformer. Swin Transformer integrates the hierarchical architecture of CNNs
with the global self-attention mechanism of ViT, dividing the image into multiple windows
to compute the self-attention within each window, thereby reducing computational load. It
also uses a shifting window operation to enable information exchange between windows,
thereby capturing global image information and effectively achieving multi-scale feature
extraction and recognition [28].

To address the aforementioned situation, this paper proposes a feature enhancement
and diagnosis method based on coarse-grained lattice features (CGLFs) which leverages
the advantages of Swin Transformer in feature extraction and recognition. Vibration signals
from bearings under various states are collected and labeled with state tags and then
divided into training, validation, and test sets. The original signals undergo adaptive
bandpass filtering to eliminate background noise, followed by fast Fourier transformation
(FFT) for frequency-domain transformation to obtain spectra. The spectra are then continu-
ously segmented using a coarse-grained method, with amplitude enhancement operations
performed within each segment, transforming them into CGLF graphs with enhanced fault
characteristics. These graphs are inputted into the Swin Transformer pattern-recognition
network. Finally, a high-precision fault diagnosis model is established through fully con-
nected layers and Softmax, facilitating bearing-fault diagnosis. The proposed method is
validated on public datasets and laboratory data, confirming its feasibility and effectiveness.
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2. Theoretical Background
2.1. Adaptive Bandpass Filtering

When local damage occurs in a bearing, high-frequency vibrations are excited owing
to the impacts between components during loaded operation [29]. Filtering methods are
effective for studying impact frequencies. Traditional bandpass filters require engineers to
repeatedly adjust filter parameters, affecting diagnostic efficiency [30]. Accordingly, this
paper adopts an adaptive filtering method based on SK.

Wang et al. [31] define SK based on Wold–Crammer decomposition, which describes
any random non-stationary process as the output of a causal, linear, and time-varying
system, i.e.,

x(n) =
∫ 1

2

−
1
2

H(n, f )ej2π/ndZx( f ) (1)

In the equation, dZx(f ) is the standard orthogonal spectral increment, and H(n,f ) is the
complex envelope of x(n) at frequency f [32].

In SK, Kx(f ) is defined as the fourth-order normalized cumulant:

Kx( f ) =

〈
|H(n, f )|4

〉
〈
|H(n, f )|2

〉2 − 2 (2)

The equation shows that the kurtosis value of a stationary process is a constant
function of frequency, and the kurtosis value of a Gaussian process is zero. The frequency
band dominated by transient impact signals has a larger SK, whereas the frequency band
dominated by stationary Gaussian noise has a smaller one. Therefore, the frequency band
of transient impact signals can be identified by the magnitude of the kurtosis value [33].
Consequently, the frequency band of the bandpass filter is determined by the size of the
kurtosis value and changes with it, thereby achieving adaptive determination of the central
frequency band.

2.2. CGLF Principle

CGLF is a feature-enhancement fusion method based on spectral analysis. It can
effectively extract fault features under strong background noise. It is simple in structure
and has high computational efficiency. First, FFT is used to transform the signal from the
time domain to the frequency domain to obtain the spectrum.

Step 1: A coarse-grained sampling coefficient is set, and the spectrum is segmented
into continuous j segments, with amplitude and enhancement operations performed within
each segment. The specific calculation process is as follows:

j = f ix(r/d) (3)

Fcn(j) = sum(Fc((j − 1)× d + 1 : j × d)) (4)

Here, d is the coarse-grained sampling coefficient, r is the spectral width, fix() repre-
sents a function that performs downward rounding, and Fcn represents the corresponding
amplitude value.

Step 2: Based on the number of new features, we set the feature value range (S = j) and
adjust the magnitude of each feature accordingly within the range (S).

Fcm(j) = f ix(
(Fcn(j)− Fcnmin)× S

Fcnmax − Fcnmin
) (5)

Here, Fcm() denotes the final feature values, Fcnmin is the minimum feature value, and
Fcnmax is the maximum feature value.
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2.3. Evaluation Metrics for Diagnostic Models

The model performance is evaluated using four parameters: Accuracy (Acc), Precision
(P), Recall (R), and F1 Score. Accuracy represents the ratio of correctly predicted sam-
ples to the total number of samples. Precision indicates the proportion of true positive
samples among those predicted as positive by the model, reflecting the accuracy of the
predictions. Recall represents the proportion of true positive samples correctly identified
by the model, indicating the model’s ability to recognize positive samples. The F1 Score is
the harmonic mean of Precision and Recall, used for a comprehensive evaluation of the
model’s performance, especially in cases of imbalanced data.

Acc =
TP + TN

TP + TN + FP + FN
× 100% (6)

P =
TP

TP + FP
× 100% (7)

R =
TP

TP + FN
× 100% (8)

F1 = 2
P ∗ R
P + R

× 100% (9)

In Equations (6)–(9), TP represents the number of true positive samples, TN denotes
the number of true negative samples, FP indicates the number of false positive samples,
and FN signifies the number of false negative samples.

2.4. Swin Transformer

Swin Transformer (Figure 1), improved by incorporating the ViT and CNN models, shows
potential beyond classic CNNs in image processing and pattern-recognition tasks [34,35].
Swin Transformer blocks comprise a Window Multi-head Self-Attention (W-MSA) module
and a Shifted Windows Multi-Head Self-Attention (SW-MSA) module, followed by two
Multilayer Perceptrons (MLPs). They are connected through a GELU activation function
to enhance the nonlinear capabilities of the entire network. Before W-MSA, SW-MSA, and
MLP, a normalization layer (LN) exists, and each module is followed by a residual connection
to improve the fitting ability of the entire network structure. The flow of the entire Swin
Transformer algorithm is as follows: A three-channel RGB image signal is used as input, and
the original image is cut into non-overlapping patches through a patch partition operation,
resulting in 4 × 4 patches. After flattening the patches, features with the shape (H/4, W/4, 48)
are obtained. These features are then inputted into a linear embedding layer for dimensionality
reduction, yielding a feature block with the shape (H/4, W/4, C). This feature block serves
as input to the Swin Transformer module for feature extraction. After completing a Stage
operation, the image size is halved, and the channel number is doubled through a patch-
merging operation. The output features after each Stage are (H/8, W/8, 2C), (H/16, W/16,
4C), and (H/32, W/32, 8C), respectively. Finally, image feature recognition classification is
achieved through a fully connected layer and Softmax.

Sensors 2024, 24, x FOR PEER REVIEW 5 of 18 
 

 

 
Figure 1. The architecture of Swin Transformer. 

3. Fault Diagnosis Process 
The fault diagnosis process proposed in this paper based on CGLF is described as 

follows: Vibration signals of bearings under different states are collected, labeled with 
status tags, and divided into training, validation, and test sets. The vibration signals are 
subjected to adaptive bandpass filtering, followed by frequency-domain transformation 
to obtain the spectrum. The spectrum is then segmented continuously using the 
coarse-graining method to transform it into a CGLF graph with enhanced fault charac-
teristics. This graph is inputted into the Swin Transformer pattern-recognition network. 
Finally, a high-precision fault diagnosis model is established through fully connected 
layers and Softmax, achieving fault diagnosis of the bearings. The flowchart of the pro-
cess is shown in Figure 2. The pseudocode for calculating the CGLFs is shown in Algo-
rithm 1. 

Patch 
Partition

Linear 
Embeding

Swin 
Transformer 

Block

x6

×2

H×W×3

Images MLP

LN

W-MSA

LN

MLP

LN

SW-MSA

LN

Pa
tc

h 
M

er
gi

ng

Pa
tc

h 
M

er
gi

ng

Pa
tc

h 
M

er
gi

ng

Swin 
Transformer 

Block

Swin 
Transformer 

Block

Swin 
Transformer 

Block

48
4 4
H W× ×

Stage1

Stage2 Stage3 Stage4×6×2

×2

4 4
H W C× × 2

8 8
H W C× × 4

16 16
H W C× ×

Figure 1. The architecture of Swin Transformer.



Sensors 2024, 24, 3540 5 of 17

3. Fault Diagnosis Process

The fault diagnosis process proposed in this paper based on CGLF is described as
follows: Vibration signals of bearings under different states are collected, labeled with
status tags, and divided into training, validation, and test sets. The vibration signals are
subjected to adaptive bandpass filtering, followed by frequency-domain transformation
to obtain the spectrum. The spectrum is then segmented continuously using the coarse-
graining method to transform it into a CGLF graph with enhanced fault characteristics.
This graph is inputted into the Swin Transformer pattern-recognition network. Finally, a
high-precision fault diagnosis model is established through fully connected layers and
Softmax, achieving fault diagnosis of the bearings. The flowchart of the process is shown
in Figure 2. The pseudocode for calculating the CGLFs is shown in Algorithm 1.

Algorithm 1. Pseudocode for CGLF

Input: The collected vibration signal data
Output: Plots of CGLF
1: Load the data
2: Extract data from the struct
3: Set sampling_rate
4: Compute the FFT of the extracted data
5: Get the length of the data
6: Compute frequency bins
7: Select frequency indices within the specified range
8: Extract corresponding FFT values
9: Extract corresponding frequencies
10: Compute absolute values of the selected FFT values
11: Set coarse sampling factor: d
12: Compute spectrum length: r
13: j = floor(r/d)
14: For e from 1 to j:
15: av = (e − 1) × d + 1
16: bv = e × d
17: xa = abs_fft(a:b)
18: k = sum(xa)
19: kv (e) = k
20: y = min(kv)
21: z = max(kv)
22: cg = floor((k − y)/(z − y) × j)
23: cg_v (e) = cg
24: end for
25: For e from 1 to j:
26: Scatter plot cg_v for the current segment
27: hold on
28: end for

The major steps are as follows:
Step 1: Vibration signals of the rolling bearings are collected, and fixed-length time

series under different states are extracted. Then, they are numbered and divided into
training, validation, and test sets according to proportion.

Step 2: The fault feature frequency band is determined through an adaptive bandpass
filter, and then FFT transformation is performed. We set a coarse-graining coefficient and
use the coarse-graining method to continuously segment the spectrum, converting it into a
CGLF graph with enhanced fault characteristics.

Step 3: A Swin Transformer network is constructed, and the relevant parameters are
set. After inputting the training set into the network in batches for hyperparameter training,
the trained network model is saved.

Step 4: The test set is inputted to validate the trained model and identify the bearing status.
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4. Experimental Verification and Analysis
4.1. Public Dataset Validation

The feasibility of the method proposed in this paper is verified using experimental data
from the bearing-fault experiment platform of the Electrical Laboratory at Case Western
Reserve University (CWRU). The experimental platform comprises a motor, torque sensor,
dynamometer, and electronic controller (Figure 3). The drive-end bearing model is a 6205-2RS
deep-groove ball bearing, and the bearing vibration signals are collected using an accelerome-
ter. The bearing faults are induced by electro-spark single-point damage. The experiment is
conducted with a rotation speed of 1750 rpm, a load of 2 HP, a sampling frequency of 12 kHz,
a sampling time of 0.682 s, and 8192 sampling points. A total of 10 types of data are selected
for four states: rolling element faults, outer ring faults, inner ring faults, and normal bearings.
The specific experimental data are presented in Table 1, including data for fault sizes of 7 mils,
14 mils, and 21 mils.
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Table 1. CWRU bearing-fault experiment platform data.

Sample Type Fault Diameter/Mils Label Training Set Validation Set Test Set

Normal bearing 0 0 60 20 20
Inner ring fault 7/14/21 1/2/3 60/60/60 20/20/20 20/20/20

Ball fault 7/14/21 4/5/6 60/60/60 20/20/20 20/20/20
Outer ring fault 7/14/21 7/8/9 60/60/60 20/20/20 20/20/20

The adaptive SK method is used to process the CWRU laboratory’s fault-bearing data,
and the results are shown in Figure 4, which shows the SK graphs of the vibration signals
for the rolling element faults, outer ring and inner ring faults, and normal bearings, as well
as the corresponding original signals and filtered spectra.

Figure 4 further shows that the highest kurtosis values of the vibration signals for the
rolling element faults, outer ring faults, inner ring faults, and normal bearings are located
at the center frequencies of 2.81, 3.0, 3.5, and 0.84 kHz, respectively. The bandwidths
where the potential fault information is located are 0.37, 2.0, 1.0, and 0.19 kHz, respectively.
Considering the above, a signal segment with a bandwidth of 2 kHz centered at the center
frequency is selected for analysis and processing. A coarse-graining sampling coefficient of
12 is set, and the coarse-grained lattice feature values within the bandwidth are calculated,
resulting in 113 feature values. They are then transformed into a CGLF graph (Figure 5).

Figure 5 shows that CGLF can reduce the impact of noise and enhance the fault impact
components, demonstrating a significant data feature enhancement and fusion effect. The
Swin Transformer network is constructed, and the input network parameters are set as
follows: the input image is adjusted to 224 × 224, the batch processing size is 16, the
learning rate is 1 × 10−3, the weight decay is 1 × 10−5, the number of iterations is 50, the
number of classification categories is 10, the optimizer is stochastic gradient descent, and
the loss function is the cross-entropy loss function. The experimental results are extracted
from the training logs and analyzed visually, as shown in Figures 6–8.
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Figures 6 and 7 indicate that the method proposed in this paper has good fault-state-
identification performance. The training curve accuracy gradually increases, reaching
100% around the 45th iteration, and the validation set accuracy reaches 97.99%. The
optimal model is loaded, and the test set accuracy reaches 98.30%. In terms of stability,
the accuracy and loss curves are generally stable, indicating superior stability and small
training fluctuations. An analysis of Figure 8 reveals that the model proposed in this
paper also demonstrates satisfactory performance in distinguishing between similar, easily
confused types and faults of varying degrees. In general, the method proposed in this paper
exhibits excellent performance in terms of identification accuracy, convergence, stability,
and classification of faults with different severities, thereby validating the feasibility and
effectiveness of the proposed approach.

4.2. Experimental Test Validation

The practical performance of the model built in this paper is further validated on a
bearing-fault test bench (Figure 9). The fault bearing used in this test bench is a 6304 deep-
groove ball bearing (parameters shown in Table 2), with a rotation speed of 1200 rpm, a
sampling frequency of 16,384 Hz, and a 0 HP load condition. Vibration signals are obtained
through a ZD-518 radial acceleration sensor (100 mv/g), and the test data include 100 samples
each for outer ring faults, inner ring faults, rolling element faults, composite faults, and normal
conditions. Each sample has 8192 sampling points, divided into training, validation, and test
sets in a 3:1:1 ratio (Table 3).
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Table 3. Bearing-fault test bench data.

Sample Type Training/Validation/Test Set Label

Normal bearing 60/20/20 0
Inner ring fault 60/20/20 1

Ball fault 60/20/20 2
Outer ring fault 60/20/20 3

Combination fault 60/20/20 4

The adaptive SK method is used to process the laboratory fault-bearing data, and the
results are shown in Figure 10. Figure 10 shows the SK graphs of the vibration signals for
the rolling element, outer ring, inner ring, and composite faults and normal bearings, as
well as the corresponding original signals and filtered spectra.
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(a) SK graph (Ball fault). (b) Frequency domain (Before and after ball fault filtering). (c) SK graph
(Outer ring fault). (d) Frequency domain (Before and after outer fault filtering). (e) SK graph (Inner
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Analyzing the SK graphs of rolling element faults, outer ring faults, inner ring faults,
composite faults, and normal bearing vibration signals in Figure 10, the center frequencies
are found to be 4.43, 1.024, 1.02, 4.60, and 3.92 kHz, respectively. The fault impact signals are
concentrated in bandwidths of 0.68, 0.68, 0.68, 1.02, and 0.34 kHz, respectively. Considering
the above, a signal segment with a bandwidth of 2 kHz centered at the center frequency
is selected for analysis and processing. A coarse-graining sampling coefficient of 12 is set,
and the coarse-grained lattice feature values within the bandwidth are calculated. This
results in 83 feature values, which are transformed into a CGLF graph (Figure 11).
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Figure 11 shows that CGLF can reduce the impact of noise and enhance the fault 
impact components, demonstrating a significant data feature enhancement and fusion 
effect. The Swin Transformer network is initialized, and the input network parameters 
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16, the learning rate is 1 × 10−3, the weight decay is 1 × 10−5, the number of iterations is 50, 
the number of classification categories is 5, the optimizer is stochastic gradient descent, 
and the loss function is the cross-entropy loss function. The experimental results are ex-
tracted from the training logs and analyzed visually, as shown in Figures 12–14. 

 
Figure 12. Accuracy curves for the training and validation set. 

 
Figure 13. Loss curves of the training and validation sets for Bearing-fault test bench data. 

Figure 11. CGLF graph for five bearing states. (a) Ball fault. (b) Outer race fault. (c) Inner race fault.
(d) Composite fault. (e) Normal bearing.

Figure 11 shows that CGLF can reduce the impact of noise and enhance the fault
impact components, demonstrating a significant data feature enhancement and fusion
effect. The Swin Transformer network is initialized, and the input network parameters are
set as follows: the input image is adjusted to 224 × 224, the batch processing size is 16, the
learning rate is 1 × 10−3, the weight decay is 1 × 10−5, the number of iterations is 50, the
number of classification categories is 5, the optimizer is stochastic gradient descent, and
the loss function is the cross-entropy loss function. The experimental results are extracted
from the training logs and analyzed visually, as shown in Figures 12–14.
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Figure 12 indicates that the method proposed in this paper has good fault-state-
identification performance. The training set accuracy steadily increases, reaching 100% at
around the 42nd iteration. The validation set accuracy reaches 97.91%. The optimal model
is loaded, and the test set accuracy reaches 98.50%, further proving the good stability and
scalability of the proposed method. Figure 13 shows that the loss values of the training and
validation set steadily decrease and converge, indicating the good generalization ability
of the proposed method. An analysis of Figure 14 shows that the proposed method also
performs well in distinguishing between similar faults and faults with different degrees
of severity. In summary, the method exhibits good stability and scalability, excellent
generalization performance, and superior performance in classifying similar and different
degrees of faults, confirming its feasibility and effectiveness.

4.3. Comparative Experiment

To further validate the diagnostic effectiveness of the proposed method, it is compared
and analyzed with some existing research results. (1) The S-CNN method first obtains
the time–frequency diagram of the original data of the bearings through S-transform and
then extracts the features through CNN for fault classification [36]. (2) The STFT-sparse
autoencoder (SAE) method obtains the time–frequency diagram of the original vibration
signal through STFT, uses a stacked SAE network to extract fault features, and realizes
fault classification through softmax regression [37]. (3) The original voltage signals are
proposed to be converted into grayscale images using empirical wavelet transform (EWT),
and the proposed deep CNN model is applied to classify the EWT grayscale images for
fault diagnosis [38]. (4) Wavelet transform is used to decompose and reconstruct the
signals, which are then used as inputs for the back propagation neural network (BPNN)
for decision making and classification [39]. To ensure the comparability of the results, the
above algorithms use the public bearing dataset from CWRU and the laboratory-collected
dataset, with specific results shown in Table 4.
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Table 4. Comparison of different diagnostic methods.

Model Dataset Types Accuracy Precision F1 Score Recall

S-CNN CWRU dataset 92.10 89.83 86.4 83.2
CGLF-Swin Transformer CWRU dataset 98.30 99.0 98.7 98.4

CGLF-CNN CWRU dataset 94.13 95.3 92.1 89.0
S-Swin Transformer CWRU dataset 96.20 92.4 91.2 90.0

STFT-SAE CWRU dataset 93.45 89.5 87.5 85.5
EWT-CNN CWRU dataset 91.31 92.42 91.31 91.86

WT-BP CWRU dataset 87.25 85.45 87.25 86.34
S-CNN Laboratory dataset 86.67 77.6 76.4 75.2

CGLF-Swin Transformer Laboratory dataset 98.50 99.2 98.9 98.6
CGLF-CNN Laboratory dataset 93.50 94.2 88.4 83.2

S-Swin Transformer Laboratory dataset 92.82 93.3 89.1 85.2
STFT-SAE Laboratory dataset 87.00 78.6 77.3 76.0
EWT-CNN Laboratory dataset 88.32 85.12 88.32 86.69

WT-BP Laboratory dataset 84.42 81.45 84.42 82.91

4.4. Analysis of Test Results

The experimental results on the CWRU public dataset and laboratory data indicate
that the proposed method performs well in terms of Accuracy, Precision, Recall, and
F1 Score, surpassing other methods, as shown in Table 4. Specifically, on the public
dataset, the proposed method achieved an Accuracy of 98.30%, a Precision of 99.0%,
an F1 Score of 98.7%, and a Recall of 98.4%. On the laboratory dataset, it achieved an
Accuracy of 98.50%, a Precision of 99.2%, an F1 Score of 98.9%, and a Recall of 98.6%.
These comparative experiments further demonstrate that the proposed method effectively
enhances the integration of fault features, improves the distinction between fault types,
and provides better generalization performance and stability, thereby achieving efficient
intelligent fault diagnosis for rolling bearings.

5. Conclusions

This paper proposes a feature enhancement and diagnosis method based on CGLF
and validates it using the CWRU public dataset and laboratory data. The results indicate
that the proposed method can effectively achieve intelligent fault diagnosis for rolling
bearings. The method is computationally simple, simplifying the feature extraction process
and reducing computational complexity through spectrum segmentation and amplitude
enhancement. Adaptive bandpass filtering automatically determines the frequency band
range, reducing human intervention and randomness, thereby improving the reliability of
the results. The method demonstrates superior generalization and stability across different
datasets, excelling at classifying similar faults and faults with varying degrees of severity,
confirming its feasibility and effectiveness in practical applications. In summary, the
proposed method is computationally simple, is low in randomness, and exhibits good
generalization and stability, providing significant theoretical and practical value for the
safe and stable operation of rolling bearings.
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